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END-TO-END ACTION RECOGNITION IN INTELLIGENT VIDEO
ANALYSIS AND EDGE COMPUTING SYSTEMS

CROSS REFERENCE TO RELATED APPLICATION

{RKHT  This apphication claims priority to U.S. Patent Application No. 17/225,924, filed
Apnil 8, 2021, entitled “END TO END ACTION RECOGNITION IN INTELLIGENT
VIDEOG ANALYSIS AND EDGE COMPUTING SYSTEMS,” the entire contents of which is

mcorporated herein by reference in its entirety and for all purposes.
TECHNICAL FIELD

[00021 At least one embodiment pertains to processing resources used io perform and
facilitate action recognition in images and video frames. For example, at least one
embodiment, pertains {0 processors or computing systems used to perform action recognition

in tmnages using newral networks.

BACKGROUND
[3T Action recognifion is an 1mportant task ju various eovirorroents, such as video
moniforing and auionomous driving. In many cases, action recoguition requires large
amounis of computing resources io perform. This can resulf in situations where certain
computing devices in particular computing envivonments may not have the processing power
io perform action recognition. Amounts of meroory, time, or computing resources used o

parform action recognition may therefore be improved.

BRIEF DESCRIPTION OF DRAWINGS
RN FIG 1 Hustrates an example of a system for action recognition, according to at least

ons smbodiment;

[OO08T FIG 2 dlustrates an example of pruning a neural network, according to at least one

embodiment;
J00G81  FIG. 3 illustrales an example of quantizing weights of a neural network, according

o at 1sast one embodiment;

[0G07)  FIG. 4 iHlostrates an example of processing images in connection with a system for

3

action recogmition, according to at least one embodiment;
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{KHIS]  FIG. 5 ilustrates an example of an edge device and a system for action recognition,

according to at least one embodiment,

[ FIG 6 illustrates an example of a process for a system for action recognition,

according to at least one embodiment;

J001067  FIG. 7A illusirates inference and/or training logic, according to at feast one

embodiment;

f0GH1Y FIG 7B illustrates inference and/or training logic, according (o at least one

ernbodiment;

{E2] FIG 8 illustrates training and deplovment of a neural network, according to at least

ons embodiment;

{3 FIG 9 iHustrates an example data center system, according 1o at least one

[00E4] FIG 10A dlustrates an example of an autonornous vehicle, according to at least one

embodiment;

{00131 FIG. 10B illustrates an example of camera locations and fields of view for the

autonomous vehicle of FIG. 104, according 1o at least one embodiment,

[0G16]  FIG. 100 15 a block diagram llustrating an example system architecture for the

autonomous vehicle of FIG. 104, according 1o af least one embodiment;

FIG. 10D is a diagram illustrating a system for communication between cloud-based

server(s) and the autonomous vehicle of FIG. 10A, according to af least one embodiment;

{NHRD FIG 11 15 a block diagram illustrating a computer system, according to at least one

smbodiment;

[OGER] FIG. 12 15 a block diagram illustrating a coraputer system, according to at least one

J00261  FIG. 153 ilustrates a compuier system, according {0 at feast one embodiment;
I00211  FIG. 14 ilustrates a compuier system, according {0 at feast one embodiment;
60221 FIG. 154 illustrates a computer system, according to at least one embodiment;

f00231  FIG. 15B illustrates a computer systers, according to at least one embodiment;
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HRIZ4]  FIG 15C illustrates a computer system, according to at least one embodiment;
BRIES] FIG 15D dlustrates a compuier sysiem, according to at least one embodiment;

{261 FIG. 15E and 15F tllustrate a shared programming model, according to at least one

smbodiment;

G027 FIG 16 illustrates exemplary integrated circuits and associated graphics processors,
B o fg

according to at least ong embodiment;

JO02RY  FIGS. 17A and 178 illustrate exemplary integrated circuits and associated graphics

processors, according to at least one embodiment;

{281 FIGS. 18A and 8B llustrate additional exernplary graphics processor logic

according fo at least one embodiment;

3 FIG. 19 ithustrates a computer system, according to at least one embodiment,
{31} FIG 20A illustrates a paraliel processor, according to at least one embodiment;
RIXZ] FIG 20B illustrates a partition unit, according to at least one embodiment;
{1331 FIG 20C illustrates a processing chuster, according to at least one embodiment;

{034] FIG 20D ilustrates a graphics multiprocessor, according 1o at least one
embodiment;

{00331 FIG 21 dlustrates a multi-graphics processing wnit {GPU) system, according to at

least one embodimeant;
§00367  FIG. 22 illustrates a graphics processor, according to at least one embodiment;

JO371 FIG 23 18 a block diagram illustrating a processor micro-architecture for a

processor, according to at feast one ermbodiment;

{M¥3R]  FIG. 24 illustrates a deep learning application processor, according to at least one

(RIS FIG 25 15 a block diagram illustrating an example nearomorphic processor,
according to at least one embodiment;

J00447  FIG. 26 dlustrates at least portions of a graphics processor, according to one or

more embodiments;

(4l
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{1} FIG 27 iliustrates at least portions of a graphics processor, according {0 one of

more embodiments;

[0427 FIG 28 dlustrates at least portions of a graphics processor, according o one or

more embodiments;

§00431  FIG. 29 15 a block diagram of a graphics processing engine of a graphics procassor

K

in accordance with at teast one embodiment;
[00441  FIG. 3018 a block diagram of at least portions of a graphics processor core,
according to at least one embodiment;

{HMSY FIGS. 31 A and 31B illustrate thread execution logic mmcluding an array of

processing elements of a graphics processor core according to at least one embodiment;

{iKMe]  FIG. 32 iliustrates a parallel processing wnit {"PPU™), according to at least one

[O047] FIG 33 dlustrates a general processing cluster ("GPC”), according to at least one

embodiment;

J00451  FIG. 34 idlustrates a memory partition unit of a parallel processing unit {("PPU”),

according to at least ong embodiment;

(00497 FIG. 35 illustrates a streaming multi-processor, according to at least one

ernbodiment,

3] FIG. 36 1s an example data flow diagram for an advanced computing pipeline, in

accordance with at least one embodimeant;

{ISE] FIG 37 is a system diagram for an example system for training, adapting,
mstantiating and deploving machine learning models 1 an advanced computing pipeline, 1o
accordance with at least one embodiment;

J00821  FIG 38 includes an example illustration of an advanced computing pipeline 3710A
for processing imaging data, in accordance with at least one embodiment;

[00331  FIG 39A inclades an example data flow diagram of a virtual imstrument supporting

an ultrasound device, 1 accordance with at least one smbodumnent;

{HHIS4] FIG 39B includes an example data flow diagram of a virtual 1nstrument supporting

an CT scanner, in accordance with at least one embodiment;



i

1

3

(99

{

5

n

0

LN

WO 2022/216528 PCT/US2022/022924

{IKISS]  FIG 40A illustrates a data flow diagram for a process {0 train a machine learning
model, in accordance with at least one embodiment; and

{00381 FIG. 408 s an example illustration of a chient-server architecture to enhance
annotation tools with pre-trained annotation models, 1 accordance with at least one

embodiment.

DETAILED DESCRIPTION
(00377 In vanous embodiments, action recognition is a resource intensive task that requires
farge amounts of computing resources {o perform. Technigues described herein relate to a
system for action recognition that may efficiently classify actions of objects based on video
data such that the svstern 1s usable 1n various devices with limited computing resousces, such
as edge devices. Specifically, the system, based on input video data, may classify actions of
one or more objeacts represented in the video data. An object may refer to any suitable entity
or object represented in video data. The actions may include {without limiiation ) motor
actions such as sitting, walking, running, chimbing, and other various actions. The system
may be efficient such that 1t is deplovable on computing devices with limited processing

capabilities.

[HISR

Pt

The system may utilize various neural network models for object detection and
action recognition that, after training, undergo vasious pruning processes. In various
embodiments, the models are pruned by calculating L 1-norro values of kernels of the models,
and removing kemels with L 1-norm values below a defined threshold. Weights of the neural
network models may also be quantized (o further improve performance. The praned and
guantized vetworks may efficiently perform object detection and action recogrution

fimctions.

{3591 Additionally, the system may utilize a hardware accelerator fo compute optical flow
vectors for objects of the video data. The hardware accelerator may be specifically configured
for optical How computations, which {urther increases the efficiency of the system. The
system mayv wilize the pruned and quantized networks in connection with the hardware
accelerator to efficiently classify actions of objects from video data. The system, due (o iis
utilization of prumed and quantized networks and a hardware accelerator, can perform action
recognition in real-time and in vanous envirorwonents where computing resources may be

himited, such as in various edge devices.
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5 [} In the preceding and following description, various techniques are described. For
purposes of explanation, specific configurations and details are set forth in order {o provide a
thorough understanding of possible ways of implementing the techniques. However, it will
also be apparent that the techniques described below may be practiced in different
configurations without the specific details. Furthermore, well-known features may be omitted

10 or simplified to avoid obscuring the techniques bemg described.

{611 Techniques described and suggested m the present disclosure may 1improve the
field of action recognition, especially within the context of performing action recognition
with limited computing resources, by providing a system that performs action recognition
using various techniques, such as pruning, quantization, and hardware acceleration, to

15  increase the efficiency of the systermn. Additionally, techniques described and suggestad in the
present disclosure may improve the speed of the performance of action recognition on
various computing systems. Moreover, lechnigues described and suggested in the present
disclosure are necessarily rooted in compuier techuology in order to overcome problems
specifically arising with perfornming action recognition in real-time with limited computing

20 TESOUICES.

{1631 FIG 1 dlustrates an example 100 of a svstem for action recognition, according {o at
teast one embodiment. In an embodument, a systern for action recognition 102 processes
video data 104 to determine action classification{s) 128. A system for action recognition 102
may be a collection of one or more hardware and/or software computing resources with

25  instructions that, when executed, determines one or more action classifications based on
video data. In some examples, a svstem for action recognition 102 15 a software program
execuling on computer hardware, application executing on computer hardware, and/or
vartations thereof In an embodiment, one or more processes of a systemn for aclion

ecognition 102 are performed by any suitable processing svstem or unii {e.g., graphics

[

30 processing unit (GPU), paraliel processing umit (PPU}. central processing unit {CPU)}, and in

any switable manner, including sequential, paraliel, and/or variations thereof.

f00837 A system for action recognition 102 may obtain or otherwise receive video

data 104, In an embodiment, video data 104 is digital data encoding a representation of

moving visual images {e.g., video). Video data 104 may comprise one or more images, also
35  referred to as frames, which collectively form a video. Video daia 104 may be implemented

using any suitable digital video format, such as advanced video coding (AVC), motion
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picture experts group (MPEQG) formats, and/or variations thereof. Video data 104 may be
implemenied as a sequence of images of any suitable raster image file format {e.g., bitmap
image file, JPEG (Joint Photographic Experts Group} file) and/or vector image file format
{e.g.. SVG (Bcalable Vector Graphics} file). Video data 104 mav be compressed or
uncompressed. Video data 104 may be generated from one or more video and/or imagse
capturing devices, such as one or more sysierns of an autonomous vehicle, robot, monitoring
system, medical imaging system, satellite imaging system, and the like. Video data 104 may
represent video of any suitable color scheme, such as red-green-blue (RGB), black-and-white

(BW), grayscale, and/or variations thereof

f64] A system for action recognition 102 may obtain or otherwise be provided with video
data 104 from one or more systerms in connection with various video and/or image capturing
devices. In some examples, a system for action recognition 102 is part of a system
comprising video capturing hardware and/or software, in which the system for action
recognition 102 obtains video data 104 from the video capturing hardware and/or software.
Video data 104 mav be obtained by or otherwise provided to a system for action

recognition 102 m any suitable manner, such as physically (e.g., via wired connections (o a
device associated with a systern for action recognition 102}, remotely (e.g., via wireless
communication networks 1o a device associated with a system for action recognition 102),

and/or variations thereof.

{00831 A decoder 106 of a system for action recognition 102 may process video data 104,
In an embodiment, a decoder 106 15 a collection of one or more hardware and/or software
coraputing resources with instructions that, when executed, performs one or more video
processing operations. A decoder 106 may determine frames from video data 104, In some
examples, video data 104 1s compressed, in which a decoder 106 decompresses the video
data 104 to determune frames. A decoder 106 may determine image state 108 from video
data 104, Image state 108 may be a data structure or data chject that stores or otherwige
encodes video frames. Image state 108 may comprise one or more frames of video data 104,
Frames of video data 104 may be images represented or otherwise stored in anyv suitable
image file format, such as in various raster formats and/or vector formats. Frames of video

data 104 may be in compressed or uncompressed form in image state 108.

{NI68] A decoder 106 may output frames {e.g., frames of tmage state 108) to an

=

accelerator 110 and a detector 114, In some examples, a decoder 106 ouiputs frames to an
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object cropping 1138, as described in further detail below. A detector 114 may process frames
output by a decoder 106. In an embodiment, a detector 114 15 a collection of one or more
hardware and/or software computing resources with instructions that, when executed,
performs one or more object detection operations. A detector 114 mayv utilize various neural
network models for object detection, such as a percepiron model, a radial basis network
{(RBN), an auto encoder (AE), Boltzmann Machine (BM), Restricted Boltzmann Machine
{RBM}, deep belief network (DBN), deep convolutional network (DUN), extreme learning
machine {ELM), deep residual network (DRN), and/or variations thereof. A detector 114 may
determine features of frames of image state 108, A detector 114 may determine bounding
boxes for objects of frames of image state 108. An object may refer to any suitable entity or
object of a scene represented in one or more frames, such as a person, environmental object,
vehicle, robot, and/or variations thergofl In an embodimeni, a bounding box refers to an
mdication of a location and/or a posttion of an object represented in an image. A bounding
hox mav be defined by a set of coordinates corresponding to comners of the bounding box. A
bounding box may indicate an area or region of an image (&.g., a frame} that comprises an
object. A delecior 114 may determine bounding boxes for any number of objects representad
in one or more frames of image state 108, and output determined bounding boxes to an object

cropping 118 and an optical flow cropping 122

7

J00871  In some examples, a detector 114 does not determine bounding boxes for each
frame of image state 108, and only determines bounding boxes for one or more frames of the
irnage state 108, 10 which the deternuned bounding boxes are output to a tracker 116, In an
embodiment, a tracker 116 1s a collection of one or more hardware and/or software
computing resources with 1nstructions that, when executed, performs one or more computer
vision processes. A tracker 116 may perform one or more computer vision algorithms that
deteromine bounding boxes of one or more frames based on bounding boxes of one or more
preceding frames to the one or more frames and/or one or more subsequent frames to the one
or frames. A detector 114 and/or a tracker 116 may be configured with a parameter, which
can be referred to as tracking distance, which deterroines which {rames of image state 108 are
o be processed by the detector 114 and/or the tracker 116, Tracking distance can indicate a
number of frames between frames that are to be processed by a detector 114, and can be any
suitable mteger value. For example, a tracking distance of a value of O indicates that a
detector 114 1s to process every frame of image state 108, a tracking distance with a value

of 1 indicates that the detector 114 is to process every other frame of the image state 108, and
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so on. A tracker 116 may determine bounding boxes for each frame of image state 108 not
processed by a detecior 114, For example, a detector 114 determines bounding boxes for
every other frame of frames of image state 108 {e.g., a first frame, a third frame, a fifth frame,
and so on), in which a tracker 116 defermines bounding boxes for the remaining frames of the
frames of the image state 108 {e.g., a second {rame, a fourth frame, a sixth frame, and so on).
A tracker 116 may perform various object tracking processes, such as one or more
kernel-based tracking processes and/or contour fracking processes, 1o determine a bounding
box for an object in a frame based on a bounding box for the object in a preceding frame

and/or a bounding box {or the object in a subsequent frame.

{681 A tracker 116 mav determine bounding boxes for any number of objects of any
suitable number of frames based on bounding boxes determined by a detector 114, An object
cropping 118 may process frames output by a decoder 106 {e.g., frames of image state 108)
based on bounding boxes output by a detector 114 and/or a tracker 116, which may indicate
objects represented 1n the frames. In an embodiment, an object cropping 118 15 a collection of
one or more hardware and/or software computing resources with mstructions that, when
executed, performs one or more irmage cropping operations. An object cropping 118 may
crop frames to deterroine a set of images, in which each irnage of the set of images
corresponds to a bounding box of the frames. An object cropping 118 may crop a frame in
connaction with one or more bounding boxes for the frame {e.g., determined by a

detector 114 and/or a tracker 116} to determune one or more images corresponding to the one
or more bounding boxes, in which each image of the one or more mages Comprises an area
or region of the frame indicated by a corresponding bounding box of the one or more

bounding boxes.

{1681 For example, for a given frame {(e.g., frame of image state 108} and a first bounding
box mdicating a first object of the frame (e.g., deternmuned by a detector 114 and/or a

tracker 116}, an object cropping 118 crops the frame to determine a first image from the
frame that comprises an area or region indicated by the first bounding box indicating the first
object, and so on for any number of other bounding boxes indicating other objects of the
frame. An object cropping 118 may crop a particular frame to determine a set of images, also
referred to as cropped frames, corresponding o any number of bounding boxes for the
particular frame. A cropped frame may refer to an image determined from a frame based on a

bounding box for an object represented in the frame. An object cropping 118 may oulput one
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or more cropped frames determined from frames (e g., frames of image stale 108} to an object

box buffer 120,

[U707 An object box buffer 120 mav store one or more cropped frares output from an
object cropping 118, In an embodiment, an object box buffer 120 1s a data buffer that stores
one or more tmages. An object box buffer 120 may be implemented using software and/or
hardware resources. An object box buffer 120 may be implemented using one or more data
structures, such as an array or list. An object box buffer 120 may store one or more 1mages
corresponding o one or more bounding boxes of one or more objects of frames of image
state 108, An object box buffer 120 may output one or more timages {g.g., cropped frames) to

action recognition models 126,

{00717 1o an embodiment, an accelerator 110, also referred to as an optical fow
accelerator, 15 a hardware accelerator computing device for computing optical flow. An
accelerator 110 may comprise various hardware processing components, such as one or more
PPUs, GPUs, and the like. An accelerator 110 may be any suttable hardware accelerator. In
an embodiment, a hardware accelerator refers 1o computer hardware that 1s specifically
utilized to perform one or more processes. A hardware accelerator may perform various
functions (e.g., optical flow computation processes) using less computing resources than
computing resources used to perform the varous functions on other software and/or

hardware, such as sofiware using a general-purpose CPU.

{00721 Optical flow may refer to the patiern of apparent motion of objects, surfaces, and
edges in a visual scene. Optical flow may be represented using an optical flow field, which
may be a vector field that indicates motions of objects between image frames. Inan
embodiment, an optical flow field for two or more image frames comprises a collection of
vectors, in which each vector represents motion of an object between frames of the two or
more image frames. For example, a first image depicts a first object at a first position, and a
second image depicts the first object at a second position, in which an optical flow field for
the first image and the second image comprises a vector indicating movement of the first

object from the first postiion to the second posttion,

[O073]  An accelerator 110 may process frames output by a decoder 106 (e g., frames of
image state 108} (o determine one or more How fields, also referred to as vector elds, optical
flow fields, and/or variations thereof. An accelerator 110 may uiilize various information

determined by a detector 114 to determine flow fields, such as feature information, bounding

16



10

35

WO 2022/216528 PCT/US2022/022924

box information, and/or variations thereof. In some examples, an accelerator 110 divides
frames mto one or more regions or blocks, also referred (o as patches, and determines flow
fields basad on corresponding regions or blocks of the frames. For example, for a first frame
and a second frame, an accelerator 110 divides the {rames into a set of blocks, and determines
that a block of the first frame comprises an object that correlates or otherwise corresponds to
an object of a block of the second frame, and computes a flow field that coraprises one or

more vectors indicating movement of the object from a first position indicated by the block of

the first frame {0 a second position indicated by the block of the second frame.

{174]  Optical flow stale 112 may be a data structure or data object that siores or otherwise
encodes flow fields. An accelerator 110 may determine an optical flow state 112 comprising
one or more flow fields. In an embodiment, each flow field of optical flow state 112
corresponds to a pair of frames of image staie 108, Flow fields of optical flow state 112 may
mdicate motion of objects of frames of image state 108, A flow field may indicate
movements of respective pixels among frames of image state 108, in which the pixels may
correspond 10 one or more objects represenied in the frames. For example, a first flow field of
optical flow state 112 corresponds to a fivst frame depicting a first obiect at a first position
and a second frame depicting the first object at g second position, in which the first flow field
comprises one or more vectors indicating motion of the first object from the first position to
the second position. Flow fields of optical flow state 112 may indicate motion of any number
of objects of frames of image state 108. Flow fields may be oulput by an accelerator 110 1o

an optical flow cropping 122.

{HMITS] An optical flow cropping 122 may process flow fields of an optical flow state 112
and bounding boxes ouiput from a detecior 114 and/or a tracker 116. In an embodiment, an
optical flow cropping 122 is a collection of one or more hardware and/or software computing
gsources with instructions that, when executed, performs one or more flow field cropping
operations. An optical flow cropping 122 may crop flow fields corresponding to frames {e.g..
frames of image staie 108} to determune a set of cropped flow fields, in which each cropped
fow field of the set of cropped flow fields corresponds 1o a bounding box of the frames. An
optical flow cropping 122 may crop a flow field based on a corresponding pair of frames and
one or more bounding boxes for a frame of the pair of frames (e g., delermined by a

detector 114 and/or a tracker 116) to determine one or more cropped flow fields

corresponding to the one or rore bounding boxes, in which each cropped flow field

1
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corresponds to an area or region of the flow field corresponding {0 an area or region of the

frame indicated by a corresponding bounding box of the one or more bounding boxes.

{00781 For example, for a given flow field corresponding to a first frame and a second
frame (e g.. frames of image state 10%) and a first bounding box indicating a first object of the
first frame {e.g., determined by a detector 114 and/or a tracker 116}, an optical flow

cropping 122 crops the flow field (o determine g {irst cropped flow field that comprises an
area or region of the fow field corresponding to an area or region of the first frame indicated
by the first bounding box indicating the first object, and so on for any number of other
bounding boxes indicating other objects of the first frame. An optical flow cropping 122 may
crop a flow field based on one or more bounding boses for a first frame and/or a second
frame of a corresponding pair of frames 1o determine a set of cropped flow fields
corresponding 1o the one or more bounding boxes. A cropped flow field, also referred io as a
cropped movement, may refer (o a flow field that indicates movement of a particular object
{e.g., mdicated by a bounding box) represented mn one or more frames. In an embodiment, a
cropped flow field corresponding to a bounding box of an object comprises vectors indicating
motion of the object. An optical Bow cropping 122 may cutput one or more cropped flow
fields determuned from flow fields (e.g., flow fields of optical flow state 112} to an optical

flow box buffer 124

J00771 An optical flow box buffer 124 may store one or more flow fields output from an
optical flow cropping 122, In an embodiment, an optical flow box buffer 124 s a data buffer
that stores one or more How fields. An optical flow box buffer 124 may be iroplemented
using software and/or hardware resources. An optical flow box buffer 124 may be
implemented using one or more data structures, such as an array or list. An optical flow box
butfer 124 may store one or more cropped flow fields {e.g., determined from How fields of
optical flow state 112} corresponding to one or more bounding boxes of one or more objects
of frames of image state 108. An optical flow box buffer 124 may output one or more flow

fields to action recogmition models 126

[007RY  Action recogmition models 126 may process cropped frames output from an object
box buffer 120 and cropped flow fields output from an optical flow box buffer 124, Tn an
embodiment, each flow field of an optical flow box buffer 124 corresponds 1o a cropped
frame of an object box buffer 120. A cropped flow field of an optical flow box buffer 124

may ndicate motion of an object of a bounding box that a cropped frame of an object box
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buffer 120 corresponds to. For example, a first cropped frame of an object box buffer 120
corresponds to a bounding box of an object, in which a comresponding cropped flow field
comprises vectors that indicate motion of the object. Action recognition models 126 may
determine actions of objects depicted in frames of image state 108 based on cropped frames
output from an object box buffer 120 and cropped flow fields output from an optical flow box

buffer 124.

{RITSY  In an embodument, action recogmition models 126 15 a collection of one or more
hardware and/or software computing resources with instructions that, when executed,
performs one or more action recognition classification processes. Action recogrition

models 126 may utihize various neural network roodels for action recoguition, such as a
perceptron model, a radial basis network (RBN), an auto encoder {AE}, Boltzmann Machine
{BM), Restricted Boltzmann Machine (RBM)}, deep belief network (DBN), deep
convolutional network (DCN), extreme learning machine (ELM), deep residual network
(DRN), and/or vanations thereof. Action recoguition roodels 126 may utilize one or more
classifier neural network algorithms and/or models, such as a logistic regression model,
Naive Baves model, stochastic gradient descent model, K-Nearest Neighbors model, decision
tree model, randorm forest roodel, support vector roachine model, and/or vanations thereof. In
an embodiment, action recogmution models 126 comprises one or more gated recurrent it
{GRU) models. Action recognition models 126 may utilize a first model to process flow
fields (e.g., cropped flow fields of an optical flow box buffer 124} and a second model to

process irnages (e.g., cropped frames of an object box buffer 120).

{HHI8G]  Action recognition models 126 may determine action classification{(s} 128, which
may comprise one or more labels of one or more actions being performed by one or more
objects of video data 104, An action may be indicaled by alabel comprising an action
classification corresponding to the action. In soroe embodiments, an action classification s a
classification or other identifier that indicates an action. In an embodiment, action
clagsification{s} 128 is a collection of one or more data structures and/or data objects that
encode results of one or more neural network processes of action recognition models 126.

Action classification{s) 128 may store labels determined by action recognition models 126,

{{MI81]  Action recognition models 126 may classify actions of objects represented in frames
of image state 108, which may be {frames of video data 104. Action recognition models 126

may determune a single label for each object represented n frames of image state 108 {e.g.,

13
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mndicated by one or more bounding boxes determined by a detector 114 and/or a tracker 116,
and depicted in one or more images determined by an object cropping 118) that indicates a
particular classification or class, also referred to as an action classification, corresponding to
an action of the objact {e.g , an action performed by the object in one or more frames}. A
abel for an object represented in one or more frames {e.g., frames of images state 108) may
comprise an action classification corresponding to an action of the object, and/or an
mdication of a location or position {e.g., via a hounding box or other suitable indication} of
the object represented in the one or more frames. An action classification may indicate an
action such as sitting, walking, running, clirabing {(e.g., an obstacle such as a wall, stairs,
and/or variations thereof}, jumping, and/or any suitable action. An action classification may
mdicate any action that may be performed by a human or other object in a real-world
environment. For example, action recognition models 126 determines a label for an object
represented 1 video data 104 that coraprises an action classification corresponding to
walking, which indicates that the action recognition models 126 have determined that the
object represented in the video data 104 is performing an action of walking. Action
recogniiion models 126 may classify an action {e.g., via a label} of an object as belonging to
an action classification of any number of action classifications corresponding to any mumber

of suitable actions.

J00R2T  In some examples, a label for an object comprises probabilities for different action
classifications. A label for an object may comprise a first value indicating a probability of a
first class of action, a second value mndicating a probability of a second class of action, and 50
on for any number of actions. For example, a label for an object indicates a probability

of 90% of an action classification corresponding to walking, and a probability of 10% of an
action classitication corresponding to standing, which mndicates that action recognition
maodels 126 have determined that an action being performed by the object is an action of
walking with a probability of 90% or is an action of standing with a probability of 10%. In
vartous embodiments, for an object with multiple action clagsifications and probabilities, an
action classification with a highest or maximum probability 1s utilized for a label for the

object.

{NIR3]  In an embodiment, one or more neural networks of a system for action
recognition 102 undergo one or more pruming processes. A system for action recognition 102,
and/or a systern associated with a system for action recognition 102, such as a training

framework system, may perform one or more prufing processes ot ong or more neural
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network models of a detector 114 and/or action recognition models 126, In various
embodiments, a svstem {e.g., a sysiem for action recogmtion 102, and/or a system associated
with a system for action recognition 102, such as a training framework system) trains one or
more neural network models of a system for action recognition 102, applies one or more
proning processes 1o the one or more neural network models, and performs additional traiming
processes on the pruned one or more neural network models. One or more pruning processes
may include any suitable pruning process, such as those involving pruning weights, kernels,
and/or variations thereof, and based on any suitable logic, hewristic, rules, functions, and/or
vartations thereof. In some examples, pruning is performed by a sysiem by calculating
L1-norm values of kernels of one or more neural networks of a system for action

recognition 102, and removing kemels with L1-norm values below a defined threshold;
further information regarding pruning can be found in the description of FIG. 2. A pruned
neural network may utilize less computing resources {0 process data than computing
resources that an unpruned neural network utilizes to process data, as the pruned neural
network may comprise less kernels than kernels that the unpruned neural network comprises,
and therefore may require lgss compuling resources to process data than computing resources

that the unpruned neural network requires to process data.

{00841 1o an embodiment, one or more neural networks of a system for action

recognition 102 undergo one or more quantization processes. One or more neural networks of
a system for action recognition 102 may comprise quantized weights. A system for action
recognition 102, and/or a system associated with a systern for action recognition 102, such as
a tramning framework systeny, may perform one or more quantization processes of one or
more neural network models of a detector 114 and/or action recognition models 126, Tn
various embodiments, a svstem {e.g., a system for action recognition 102, and/or a system
associated with a system for action recognition 102, such as a fraining framework system),
applies one or more guaniization processes to one or more neural network models of a system
for action recognition 102, such as one or more quantization processes during training {e.g.,
guantization-aware training (QAT)} and/or one or more quantizalion processes after training
{e.g., post-training quantization {(PTQ)). In some examples, quantization is performed by a
system by converting one or more weights of one or more neural networks of a system for
action recoguition 102 from a first data type representation {(e.g., floating point 32-bit
precision {FP32}) to a second data type representation {e.g.. 8-bit integer (INT8}} using any

suitable logic, heuristic, rules, functions, and/or variations thereof, further information
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regarding quantization can be found in the description of FIG. 3. A quantized neural network
may ulilize less computing resources 1o process data than computing resources that an
un-quantized neural network utilizes to process data, as the quantized neural network may
comprise weights of a data tvpe represeniation of less bils than bits of a data type
representation of weights that the un-quantized neural network comprises, and therefore may
reguire less computing resources to process data than computing resources that the

un-quantized neural network requires to process data.

{IKIRS] A svstem for action recognition 102 may perform action recognition in real-time. In
an embodiment, real-time mway refer to processing in which inputs are processed within a time
mierval from which the inputs are generated. A tiroe tnterval for real-ime processing mayv be
in the order of milliseconds, microseconds, or any suitable time interval. A system for action
recognition 102 may determine action classification{s) 128 from video data 104 within a time
interval from which the video data 104 18 generated {(e.g., from one or more image and/or
video capturing systems). For exarople, a system for action recoguition 102 is part of a
computing system {e.g., an edge device) associated with video capturing hardware and/or
software, 1 which video data 104 1s generated from the video capturing hardware and/or
software, 10 which the system for action recognition 102 determines action

classification{s} 128 from the video data 104 within a time mterval from which the video

data 104 was generated from the video capturing hardware and/or software.

[00ReY  In various embodiments, a system for action recognition 102 is a software module
executed using one of more computing systems of one or more devices or systerns, such as a
vehicle {e. ¢, manual vehicle, semi-autonomous vehicle, autonomous vehicle, or drone),
robot, edge device, or other sysiem with neural network capabilities. An edge device may
refer 1o a compuling device such as a mobile phone, tablet, laptop, intemet-of-things (IoT)
device {e.g., sensors, embedded devices), and/or vanations thereof. In an embodiment, an
edge device is a computing device with limited memory and/or processing capabilities. One
or more computing systems, such as a server or data center system, may deploy or otherwise
implement a svstem for action recogrition 102 on edge devices, i which the edge devices
may perform various action recognition processes using the system for action

recognition 102, An edge device may utilize a system for action recognition 102 to perform
action recognifion in various envirgnments. Further information regarding utilizing edge
devices 1 connection with a svstern for action recognition can be found in the description of

FiG 5.
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X7 FIG 2 illustrates an example 200 of pruning a neural network, according to at least
one embodiment. In this example 200, kernels 202, which may be kernels of one or more
eural network models, undergo pruning 204 to result in kemnels 206, which may be the
kernels 202 after one or more pruning processes. In an embodiment, kerpels 202 and/or
kernels 206 are one or more kernels of one or more newral network models such as those

described i connection with a system for action recognition of FIG. 1

JRISR]  Kernels 202 may be one or more kemels of one or more newral network models of g
detector and/or action recognition models as described in connection with FIG. 1. A kemel
may comprise an array of one or more weights of any suitable dimension. In an embodiment,
aweight of a kernel refers to a nurserical value of the kernel that 15 used 1o one or more
muktiplication processes as part of processing input data of a neural network. A kemel may be
applied to data being processed by a neural network to determine features and/or other
characteristice of the data. A filter may comprise a set of kernels. A single kernel that forms a
filter mav also be referred to as a filter. Referning to FIG. 2, kernels 202 may coroprise a first
kernel 202 A, a second kemel 202B, a third kemel 202C, a fourth kemnel 202D, a fifth

kernel 202E, and/or various other kermels not depicted in FIG. 2.

fBS Weights of kernels 202 may be updated as part of one or morve training processes of
oune ot more neural network models such as those of a detector and/or action recoguition
maodels by one or more systems, such as a sysiem for action recognition {e.g.. a system for
action recognition 102 of FIG. 1), and/or a sysiem associated with a system for action
recognifion, such as a tratning framework system as described 0 connection with FIG. 8. For
exampie, kernels 202 are kernels of one or more neural network models of a detector {e.g., a
detector 114 of FIG. 1), in which, as part of one or more training processes of the detector,
weights of the kernels 202 are updated. As another example, kemels 202 are kemels of one or
more neural network models of action recognition models (e.g., action recognition

maodels 126 of FIG. 1), in which, as part of one or more training processes of the action

recognition models, weights of the kernels 202 are updated.

{00987 One or more systems, such as a system for action recognition and/or a svstem
associated with a system for action recoguition, may deterrine one or more values for each
kernel of kernels 202; the one or more values may include values such as L1-norm values,
L.2-norm values, max norm values, and/or variations thereof. In an embodiment, an L1-norm

value refers to a nurmerical valoe that 15 calculated as the sum of the absohute values of

[
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weights of a kernel. In an embodiment, an L2-norm value refers to a numerical value that is
calculated as the square root of the sum of squared values of weighis of a kemel Tn an
embodiment, a max norm value refers to a numenical value that is calculated as the maximum
value of weights of a kernel. One or more systems may calculate an Ll-norm value for each
kernel of kernels 202, It should be noted that, while FIG. 2 depicts Li-nonm values, any
suitable value may be utilized, such as L.2-norm values, max norm values, and/or vanations

thereof.

{iKI91]  In an embodiment, pruning 204 refers to one or more neural network pruning
processes performed by one or more systems, such as a system for action recognition and/or a
system assoctated with a systern for action recogrution. Prurung 204 may be implemented as
a set of instructions that are 10 be performed by one or more systems. Une or more systems
may perform pruning 204 on kernels 202, Pruning 204 may comprise one Of mMore processes
in which L1-norm values are calculaied for kerneals, as described in further detail above.
Pruning 204 may corprise one or more processes in which kernels with Ll-norm values
above a threshold, also referred to as a pruning threshold are removed. A prunung threshold
utilized as part of proning 204 may be any suitable numerical value. In some examples, a
pruning threshold 1s determaned by one or more systems in connection with oue or more
eural network training processes. A pruning threshold may be determinad by one or more
systems through any suitable process, such as through defined logical rules/functions, newral

network tramng/inferencing processes, and/or vanations thereof.

{00927 For example, a first L1-norm value calculated for a fivst kervel of kernels 202 15
above a pruning threshold, in which the first kemel is removed from the kernels 202 as part
of pruning 204. In some examples, a set of kernels form a filter, in which an average L1-norm
value is calculated based on one or more L1-norm values of one or more kernels of the set of
kernels {e.g., by summing the one or more L1-norm values and dividing the sum by a nurober
of kernels, or any suitable method); the average L 1-norm value may be wtilized to deternmune
whether to remove the set of kernels that form the filter. For example, a first kernel and a
second kemel of kermels 202 form a filter, in which an average L 1-norm value calculated
based on L1-norm values of the first and second kernel is above a pruning threshold, in which
the first kemnel and the second kernel are removed from the kernels 202 as part of

pruning 204,
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{XI93] Proning 204 may result in kemels 206, which may be kernels 202 after one or more
pruning processes of the pruning 204. One or more kernels and/or filters of kernels 202 may
be removed if calculated L1-norm values for the one or more kemnels and/or filters are above
a pruning threshold 1n pruning 204 to result in kemels 206. For example, referring to FIG. 2,
kernel 202A corresponds to kernel 2064, kernel 2028 corresponds 1o kernel 206B,

kernel 202C corresponds to kernel 206C, and kernel 202E corresponds to kernel 206E, and an
L1-norm value calculated for kernel 202D is above a prurung threshold in which, as part of

pruning 204, kernel 202D 1s removed from kernels 202 o result in kernels 206,

{4 Weights of kernels 206 may be updated as part of one or more training processes of
one or more neural network models such as those of a detecior and/or action recognition
maodels by one or more sysiems, such as a system for action recoguition {e.g., a system for
action recognition 102 of FIG. 1), and/or a sysiem associated with a system for action
recognition, such as a training framework system as described 1o connection with FIG. & For
example, Kernels 206 are kemels of one or more neural network models of a detector{e.g.. a
detector 114 of FIG. 1) determined through one or more pruning processes {e.g.,
pruning 204}, in which as part of one or more training processes of the detector, weights of
the kemels 206 are updated. As another example, kernels 206 are kemnels of one or more
eural network models of action recognition models {e.g.. action recognition models 126 of
FIG. 1) deternuned through one or more pruning processes {e.g., pruning 204}, in which as
part of one or more training processes of the action recogmtion models, weights of the

kernels 206 are updated.

IG5 FIG 3 illustrates an example 300 of quantizing weights of a neural natwork,
according to at least one embodiment. An example 300 may include weights 302A-302F,
which may be weights of one or more neural network models, which umdergo

guantization 304 to result 1o weights 306A-306F, also reterred to as quantized weights, which
may be the weights 302A-302F after one or more quantization processes. In an embodiment,
weights 302A-302F and/or weights 306 A-306F are weights of one or more newral network

models such as those described in connection with a system for action recognition of FIG. 1.

[0G96]  Weighis 302A-302F may be weighis of one or more neural network models of a
detector and/or action recognition models as described in connection with FIG. 1. Inan

embodiment, a weight refers to a numerical value that is used in one or more processes of

processing input data of a neural network. Referring to FIG. 3, weights 302A-302F may
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comprise a first weight 302A, a second weight 3028, a third weight 302C, a fourth
weight 302D, a fifth weight 302E, a sixth weight 302F, and/or various other weighis not
depictad in F1G. 3. In an embodiment, weights 302A-302F are represented through 32-bit
floating point mumbers {FP32), or any suitable munber representation. In an embodiment,
weights 306A-306F are represented through 8-bit integers (INTB), or any suitable number

representaiion.

HHIGT] Weights 302A-302F may be quantized as part of one or more processes of
gquantization 304. In an embodiment, quantization 304 refers {0 one or more newral network
guantization processes performed by one or more systems, such as a system for action
ecognition {e.g., a svstem for action recognition 102 of FIG. 1), and/or a systern associated
with a system for action recognition, such as a training framework system as described
connection with FIG. 8. Quantization 304 may be implemented as a set of insiructions that
are to be performed by one or more systems. One or more sysiems may perform
guantization 304 on weights 302A-302F. In an embodiment, quantization 304 comprises one
or more processes in which weights represented in a first representation (2.2,
weights 302A-302F represented in FP32) are scaled, converted, or otherwise mapped to
weaghts represented 1o a second representation {e.g., weights 306 A-306F representied 1o

INTS}

JOORKT  Quantization 304 may comprise one or more processes in which a threshold is
defined for a first range of values {e.g , indicated in FIG 3 by a range | Threshold| to
+HThreshold)) for weights {e.g., weights 302A-302F). in which weights of the first range of
values {e.g., weights 302B-302E, which fall within the range ~{Threshold] to +{Threshold))
are scaled or otherwise mapped 0 a second range of values (e.g., indicated in FIG 3 bv a
range ~127 to +127). For example, weight 3028 s scaled to weight 306B, weight 302C is
scaled to weight 306C, weight 302D 15 scaled to weight 306D, and weight 302E 15 scaled to
weight 306E. Scaling may comprise one or more linear scaling processes, which may scale
input data based on a scaling factor (e.g., a scaling factor for scaling a first range of values {0
a second range of values), or any suitable scaling process. In an embodiment, weights that are
above or at a highest value {e.g, +|Threshold| in FIG. 3} of a first range of values are mapped
1o a highest value (e.g., +127 of FIG. 3) of a second range of values, and weights that are
below or at a lowest value (e g., - Threshold]) of the first range of values are mapped to a
towest value (e.g., -127 of FIG. 3} of the second range of values. For exarople, a weight 302F

has a value that is above a highest value (e.g., indicated +|Threshold| in Fi(3. 3) of a first
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range of values, in which the weight 302F is mapped to a weight 306F with a value of a
highest value of a second range of values (e.g., +127 in FIG. 3} As another example,
referring to FIG. 3, weight 302A has a value that is below a lowest value (e.g., indicated

by - Threshold] in FIG. 3) of a first range of values, in which the weight 302A is mapped o a

weight 306A with a value of a lowest value of a second range of values {e.g., 127 m FIG 3).

{00997 A threshold {e.g., Threshold in FIG. 3) may be determined by one or more system

192

io determne a range of values for a first set of weights {e.g., weights 302A-302F} to utilize to
map the first set of weights of a first represeniation {o a second set of weights {e.g.,
weights 306A-306F) of a second representation. A threshold utilized i quantization 304 may
be any suitable numerical value. In some examples, a threshold 1s determuned by one or more
systems in connection with one or more neural network training processes. A threshold may
be determined by one or more systems through any suitable process, such as through defined
logical rules/functions, neural network traming/inferencing processes, and/or variations
thereof. Tn some examples, a threshold s determined that nmunimzes values of
Kullback-Leibler divergence, also referred to as relative entropy or KL divergence KL
divergence may refer to a measure of difference between a first probability distnbution and a

second probability distribution.

[I00] One or more systerns may determine a threshold based on caleulated K1 divergence
values. A KL divergence value may be calculated based on a first distribution{eg.. a
distribution of weights 302A-302F} and a second distribution based on a threshold value
{e.g.. a distribution of weights 306A-306F, which are determined based ov a range

of -{Threshold] to +Threshold| indicated by the threshold value}. One or more svstems mav
calculate a set of KL divergence values based on a set of threshold values. For example, one
or more sysiems calculate a fivst KL divergence value based on a first distnibution (eg., a
distribution of weights 302A-302F) and a second distribution based on a first threshold value
{e.¢.. a distribution of weights 302 A-302F mapped 0 a second range of values based on a
first range of values indicated by the first threshold value), and so on for any mumber of
threshold values. Oue or more systems may determane a threshold value based on a threshold

value for a miminmum KL divergence value of a set of KL, divergence values.

{313} One or more processes of a guantization 304 may be performed during training
(e.g., QAT), after training {e.g., PTQ), and/or variations thereof. Quantization 304 may

comprise ong or more steps. In a first step, QAT may be applied by quantizing all weights
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and activations of a newral network model except for layers that requure finer granularity in
representation than an 8-bit quantization can provide {e.g., regression layvers), This may result
in a mixed-precision neural network model. In a second step, guantization of activations
determined by QAT may not be utilized, in which PTQ may then be performed on a QAT
model. The QAT model’s weights may be quantized again, and range/scale factors for
activations may be calibrated using the PTQ process. While the activations were guantized
using the running-statistics of their distribution during the QAT process, activations may be
re-quantized by calculating their statistics again against one or more datasets uiilized in the
QAT process, such as 3 calibration data set. By applying PTQ on a QAT quantized model, all

fayers of a neural network model can then be quantized.

J0162]  Quantization 304 may comprise one or more processes in which
weights 302A-302F, which may be weights of one or more neural network models of a
detector and/or action recognition models as described in conpection with FIG. 1, are
guantized by one or more systems to result in weights 306A-306F . For exanple,

weights 302ZA-302F are weights of one or more neural network models of a detector (2.3, a
detector 114 of FIG. 1}, in which, through one or more quantization processes {(e.g.,
guantization 304} by one or more systems, weights 306 A-306F are determned from the
weights 302A-302F for the one or more neural network models of the detector. As another
exampie, weights 302A-302F are weights of one or more neural network models of action
recognition models {e.2., action recognition models 126 of FIG. 1}, in which, through one or
more quantization processes (e.g., quantization 304) by one or more systems,

weights 306A-306F are determined from the weights 302A-302F for the one or more neural

network models of the action recogmition models.

{31 FIG 4 dlustrates an example 400 of processing umages i connection with a system
for action recognition, according to at least one ernbodiment. An example 400 roay include a
system for action recognition 406 that processes an image 402 and an image 404 to determine
an action classification visualization 408. In an embodiment, a system for action

recognition 406 and 1mages 402-404 are in accordance with those described in conmechion

with FIG. 1.

{3HM] Images 402-404 may be frames of video data. In some exaroples, images 402-404
are images captured from one or more video and/or image capturing devices, such as one or

more systems of an autonomous vehicle, robot, montioring system, medical imaging system,

iolo]
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satellite imaging system, and the like. Image 402 and/or image 404 may be images of any
suitable color scheme, such as red-green-blue (RGRB), black-and-white (BW), grayscale,
and/or vartations thereof. Image 402 and/or image 404 may be of any suitable image file
format, such as various raster formats and/or vector formats. Image 402 and/or image 404
may be tn compressed or uncompressed form. In an ermnbodiment, image 402 1s a first frame
of video data and wage 404 15 a second frame of the video data. Referring to FIG. 4,
image 402 may depict a first object at a first postiion, and image 404 may depict the first

object at a second position.

fHHO3] A svstem for action recognition 406 may be a coliection of one or more hardware
and/or soltware computing resources with instructions that, when executed, deternines one
or more action classifications based on video data. In some examples, a system for action
recognition 406 is a software program executing on computer hardware, application
executing on computer hardware, and/or variations thereof. A system for action

recognition 406 may obtain or otherwise receive images 402-404 from one or more systems
mn connection with various video and/or image capturing devices. In various embodiments, a
system for action recogniion 406 obtaims or otherwise receives images 402-404 encoded in
video data, 10 which the svstem {or action recoguoition 406 extracts or otherwise decodes the
images 402-404 from the video data. In some examples, a system for action recognition 406
is part of a system comprising video capturing hardware and/or software, in which the system
for action recognition 406 obtains images 402-404 from the video capturing hardware and/or
software. Images 402-404 roay be obtamned or otherwise received by a system for action
recognition 406 in any suitable manner, such as physically (e g, via wired connections io a
device associated with a svstern for action recognition 406}, remotely {e.g., via wireless
comraunication networks to a device associated with a system for action recognition 406),

and/or variations thereof.

JO0108] A system for action recognition 406 may perform various processes to determine an
action classification visualization 408 from images 402-404. A system for action

recognifion 406 may determune bounding boxes of objects of images 402-404. For example,
referring to FIG. 4, a system for action recognition 406 determines a first bounding box for an
object depicted in image 402, and a second bounding box for the object depicted in

image 404, A systern for action recognition 406 may determine a flow field for

images 402-404. In some embodiments, a system for action recognition 406 utilizes one or

more PPUs to determine a flow field for images 402-404. A flow field may indicate
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movement of objects. For example, a flow field for images 402-404 comprises vectors that
mdicate movement of an object at a first position of the image 402 to the object at a second

position of the image 404,

JOI0T] A system for action recognition 406 may perform various cropping processes on a
determined flow field and images 402-404 based on bounding boxes. A system for action
recognition 406 may utilize one or mwore neural network models to process a cropped flow
field and cropped 1mages {e.g., an image 402 and/or an image 404 cropped based on one or
more bounding boxes) to determine one or more labels. A system for action recognition 406
may overlay one or more labels indicating action classifications onto one or more images
{e.g., an image 402 and/or an image 404) to determine an action classification

visualization 408, An action classification visualization 408 may be a visual depictionof a
fabel indicating an action classification, which may indicate one or more actions being
performed by one or more objects of images 402-404. An action may be indicated by a label
comprising an action classification corresponding to the action. A label may comprnise an
mdication of a location and/or a position of an object performing an action. In some
embodiments, an action classification s a classification or other identifier that indicaies an
action. Referring to FIG. 4, an action classification visuahization 408 may comprise a label
mdicating an action classification {e.g., depicied in FIG 4 as “WALKING”} corresponding fo
walking, which indicates that an action being performed by an object of images 402-404 is a
walking action, and a location {e.g., depicted in FIG. 4 as 3 box surrounding the object) of the

object.

3

{OHIR] FIG 5 illustrates an example 300 of an edge device and a system for action
recognition, according 1o at least one embodiment. An example 500 may include an edge
device 502 that implements a system for action recognition 504 to deiermine an action
clagsification visualization 508 based on g scene 506, In an embodiment, an edge device 502,
a system for action recognition 504, and an action classification visualization 508 are in

accordance with those described in connection with FIG. 1 and FIG. 4.

3197 In some examples, an edge device 502 is a computing device such as a mobile

on

{

phone, tablet, laptop, intemnet-of-things (IoT) device (e.g., sensors, embedded devices), and/or

vartations thereof In an embodiment, an edge device 502 is a computing device with hmited
memory and/or processing capabilities. An edge device 502 may comprise one or more

processors, such as one or more CPUs, GPUs, PPUs, Data Processing Units (DPUs), and/or
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5 other processing units. An edge device 502 may comprise various hardware accelerators,
which can comprise various GPUs, PPUs, Vision Processing Units {VPUs), Deep Leaming
Accelerators (DL As), and the like. An edge device 502 may implement a system for action
recognition 504. In various embodiments, a system for action recognition 504 is implemented
as a software program on an edge device 502, A system for action recognition 504 may

10 mclude a set of nstructions for various processes of the system for action recognition 504

that are executed by one or more processing untis of an edge device 502,

{1 An edge device 502 may be operated by one or more users. An edge device 502
may include various image and/or video capturing hardware and/or software. An edge
device 502 yoay capture video of a scene 306, In an embodiment, a scene 506 is a real-world
15  environment A scene 506 may comprise various objects performing various actions.
Referring to FIG. 5, a scene 506 may comprise a first object {e.g., a person} perfornung an

action of standing.

f0111]  An edge device 502 may capture video of a scene 506, and provide the video to a
system for action recognition 504. In some examples, an edge device 502 is associated with
20 one or more video capturing systems that capture video of a scene 506 and provide the video
1o a system for action recogmition 504 of the edge device 502, A system for action
ecognition 504 may perform various processes 1o determine an action classification
visualization 308 from video of a scene 506. A system for action recognition 504 may extract
frames from video of a scene 506. A system for action recognition 504 may determine
25 bounding boxes of objecis of frames. A system for action recoguition 504 may deternine
fHlow fields for frames. In some embodiments, a system for action recognition 504 utilizes one
or more PPUs of an edge device 502 to determine flow fields for frames. A system for action
recognition 504 may interact with a hardware accelerator of an edge device 302 to cause one

or more PPUs of the hardware accelerator to compute flow fields.

30 [0HI2] A system for action recognition 504 may perform various cropping processes on

[

determined flow fields and frames from video of a scene 506 based on bounding boxes. A

system for action recognition 304 may utilize one or more neural network models to process

cropped flow fields and cropped frames to determine one or more labels. A svstem for action

recognition 504 may overlay one or more labels mdicating action classifications onto one or
35  more frames {e.g., one or more frames of a video of a scene 306) to determine an action

classification visualization S08. An action classification visualization 508 may be a visual

b2
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depiction of a label indicating an action classification, which may indicate one or more
actions being performed by one or more objects of frames of a video of a scene 506. An
action may be indicated by a label comprising an action classification comresponding 1o the
action. A label may comprise an indication of a location and/or a position of an object
performing an action. In some embodiments, an action classification 1s a classification or
other wdentifier that indicates an action. Referning to FIG. 3, action classification
visualization 508 may comprise a label indicating an action classification {e.g.. depicted in
FIG. 5 as “STANDING”) corresponding to standing, which indicates that an action being
performed by an object of frames of a video of a scene 506 15 a standing action, and a

focation {2.g., depicted in FIG. 5 as a box surrounding the object} of the object.

J0HE3] FIG 6 dlustrates an example 600 of a process for a system for action recognition,
according to at least one embodiment. In at least one embodiment, some or all of process 600
{or any other processes described herein, or variations and/or combinations thereof} is
performed under control of one or roore computer systerns configured with
computer-executable instructions and 1s implemented as code (e.g, computer-executable
mstructions, one or more computer programs, or one or more applications) executing
coliectively on one or more processors, by hardware, software, or combimations thereof, Inat
feast one embodiment, code is stored on a computer-readable storage medium in form of a
computer program comprising a plurality of computer-readable instructions executable by
one or more processors. In at least one embodiment, a computer-readable storage medium is a
non-transitory computer-readable medium. In gt least one embodiment, at least some
computer-readable instructions usable to perform process 600 are not stored solely using
transitory signals (e.g., a propagating transient electric or electromagnetic transmission). In at
teast one embodiment, a non-transitory computer-readable medium does not necessarily
mclude non-transitory data storage circuttry {e.g., buffers, caches, and queues) within
transceivers of transitory signals. In at least one embodiment, process 600 is performed at

least in part on a computer system such as those described elsewhere in this disclosure,

[0114]  In at least one embodiment, a system performing at least a part of process 600
mcludes executable code to receive 602 a plurality of frames of a vides. The system may
receive or otherwise obtain the plurality of frames from the video, which may be any suitable
video data. Video daia may be generaled from ong or more video and/or image capturing
devices, such as one or more systems of an autonomous vehucle, robot, monitoring system,

medical imaging system, satellite imaging system, and the like. Video data may reprasent
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video of any suitable color scheme, such as red-green-blue {RGB), black-and-white (BW),
grayscale, and/or vanations thereof, and may be in any suitable format. The systern may
obtaim the video data and determine the plurality of frames from the video data. The system
may utilize one or more decoders {e.g., a decoder 106 of FIG. 1} to determine the plurality of
frames.

f01153]  In at least one embodiument, a system performing at least a part of process 600
includes executable code to determine 604 one or more objects represented in the plurality of
frames. The system may determine one or more bounding boxes that indicate the one or more
objects represented in the plurality of frames. In some examples, each bounding box indicates
a particular object depicted in a frame of the plurality of frames. A bounding box may be
defined by a set of coordinates corresponding 1o a location of corners of the bounding box
refative to a frame. The system may calculate one or more bounding boxes for each frame of
the plurahity of frames. The system may utilize one or more delectors and/or trackers (eg., a
detector 114 and/or a tracker 116 of FIG. 1) to deternine bounding boxes. A detector and/or a

tracker may be referred to as a first neural network.

{i11E8]  In at least one embodiment, a svstem performing at least a part of process 600
mcludes executable code to cause 606 a parallel processing unit to calculate movements of
the one or more objects represented 1o one or more pixels among frames of the plurality of
frames. The parallel processing wnit may be part of a hardware accelerator, or other hardware
device/system. The system may cause the parailel processing unit {e.g , by interacting with a
hardware accelerator through hardware and/or software) to calculate one or roore fow fields
that indicate movements of the one or more objects represented in one or more pixels among
frames of the plurality of frames. In some examples, the pixels correspond {0 one or more
obiects represented or otherwise depicted in the frames, in which the one or more flow fields
mdicate roovernents of the one or more objects between the frames. The sysiem may cause
the parallel processing unit to calculate a flow field for each pair of frames of the plurality of
frames {e.g., a flow field for a first frame and a second frame, a flow field for the second

frame and a third frame, and so on).

[0117] In at least one embodiment, a system performing at least a part of process 600
mcludes execitable code to cause 608 a neural network to classify one or more actions
performed by the one or more objects and represented in the plurality of frames based at least

i1 part on the calculated movements and the determined one or more objects. The sysiem may

b2
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perform one or more cropping operations on flow fields corresponding to the calculated
movements and the plurality of frames based on bounding boxes corresponding to the
determined objects. In some examples, a flow field indicates movements of respective pixels
between a pair of frames, and can be referred {0 as a movement or movements between
frames, in which a cropped flow field 1s referred 1o as a cropped movement or cropped
movements between frames. The system may perform a {ivst set of cropping operations on
flow fields 1o crop the flow fields to result in cropped flow fields that correspond to areas or
regions of corresponding frames indicated by bounding boxes. The system may perform a
second set of cropping operations on the plurality of frames {0 crop frames to result in

cropped frames that correspond to areas or regions indicated by bounding boxes.

J0LE}  The system may utilize various action recognition models {e.g., action recognition
models 126 of FIG. 1) to process cropped movements and cropped frames. Action
recognition models may also be referred to as a second neural network, Action recognition
models may utilize varous neural network models for action recogunition, such as a
percepiron model, a radial basis network (RBN}, an auio encoder { AE), Bolizmann Machine
{(BM}, Restricied Boltzmann Machine (RBM), deep belief network (DBEN), deep
convolutional network (DCN), extreme leaming machine (ELM), deep residual network
{DRN}, and/or variations thereof. Action recognition models may utilize one or more
classifier neural network algorithms and/or models, such as a logistic regression model,
Naive Bayes model, stochastic gradient descent model, K-Nearest Neighbors model, decision

iree model, random forest model, support vector machine model, and/or variations thereof,

{3118]  The system may utilize various action recognition models to classify the one or
more actions through one or more action classifications. An action classification may be a
classification or other identifier that indicates an action. The system mayv determine an action
classification for cach action represented in the plurality of frames. Aun action represented in
the plurality of frames that can be indicated by an action classification may be an action such
as a sitting action, walking action, nnming action, climbing action {e.g., climbing an obstacle
such as a wall, stairs, and/or variations thereof}, a jumping action, and/or any suitable action.
For example, a walking action represented in the plurality of frames {(e.g , as being performed
by an object represented in the plurality of frames} 1s indicated by a label comprising an

action classificalion denoted by “WALKING” and/or vaniations thereof,
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{124 In an embodiment, one or more neural networks ulilized by and/or associated with a
system performing at least part of process 600 undergo one or wore pruning and quantization
procasses. One or more pruning processes may include any suitable pruning process, such as
those involving proning weighis, kernels, and/or variations thereof, and based on any suitable
fogic, heurisiic, roles, funciions, and/or vartations thereof. In some examples, pruning is
performed by a system by calculating L 1-norm values of kernels of one or more neural
networks, and removing kemels with L1-norm values below a defined threshold; further
mformation regarding pruning can be found in the description of FIG. 2. One or more
quantization processes may inchude any suitable quantization processes, such as various QAT
and/or PTQ processes. In some examples, quantization is performed by a system by
converting one or more weights of one or more neural networks from a first data tvpe (e 2.,
floating point 32-bit precision representation (FP32)) to a second data type {e.g., 8-bil integer
representation (INTR)) using any suitable logic, heuristic, rules, functions, and/or variations

thereof] further information regarding quantization can be found in the description of FIG. 3.

{31211 A system performing at least a part of process 600 may perform one or more
processes of the process 600 in real-time. In an embodiment, real-time or real-time
processing may refer to processing in which 1oputs are processed within a time wterval from
which the inputs are generated. A system may process a phurality of frames of a video to
classify one or more actions represented i the plurality of frames within a time interval from
which the sysiem obtains the plurality of frames of the video, 1o which the time interval may

be in the order of milliseconds, microseconds, or any sutiable ime interval.

{31221 A system performung at least a part of process 600 may be a computing system such
as one or more computing syvstems of one or more devices or systems, such as & vehicle {e.g.,
manual vehicle, semi-antonomous vehicle, autonomous vehicle, or drone), robot, edge
device, or other systern with neural network capabiiities. An edge device may refer (o a
computing device such as a mobile phone, tablet, laptop, IoT device {e.g., sensors, embedded
devices}, and/or vanations thereof In an embodiment, an edge device 1S a computing device
with himited memory and/or processing capabilities. An edge device may perform one or
more processes of process 600, and may perform the one or more processes in real-time. For
example, an edge device at least obtains a plurality of frames of a video, causes a processing
unit associated with the edge device {e.g., a parallel processing unit) to calculale movements
of respective pixels among frares of the pluraliy of frames, deternunes objects represented

in the plurality of frames, and causes a neural network to classify one or more actions
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represented in the plurality of frames based at least in part on the caleulated movements and

the determuned objects.

{11331 Tt should be noted that, although processes 602-608 of process 600 are depicted as a
sequence, embodiments may omit some of the processes 602-608, perform some of the
processes 602-608 in an order other than what is depicied, such as in paraliel, or include
stages in addition to those depicted i the process 600. Accordingly, the order depicied 1n
FIG. 6 should not be construed in a manner which would hint potential ernbodiments to only

those that conform o the depicted order.

INFERENCE AND TRAINING LOGIC

f1124] FIG 7A dhustrates inference and/or traiming logic 718 used to perform inferencing
and/or training operations associated with one or roore emboduments. Details regarding
nference and/or training logic 715 are provided below in conjunction with FIGS. 7A

and/or 7B.

{01237 In at least one embodiment, inference and/or tramming logic 715 may include,
without limitation, code and/or data storage 701 (o store forward and/or output weight and/or
mput/output data, and/or other parameters to configure neurons or lavers of a neural network
trained and/or used for inferencing in aspects of one or more embodiments. In at least one
embodiment, training fogic 715 may include, or be coupled to code and/or data storage 701 o
store graph code or other software to control tinung and/or order, n which weight and/or
other parameter information is to be loaded to configure, logic, inchuding integer and/or
floating point units {collectively, arithmetic logic units {ALUSs)). In at least one embodiment,
code, such as graph code, loads weight or other parameter information info processor ALUs
based on an architecture of a neural network to which such code corresponds. In at least one
embodiment, code and/or data storage 701 siores weight parameters and/or input/output data
of each laver of a neural network trained or used in conjunction with one or more
embodiments durimg forward propagation of input/output data and/or weight parameters
during training and/or inferencing using aspects of one or more embodiments. In at least one
ermnbodiment, any portion of code and/or data storage 701 may be included with other on-chip

or oft-chip data storage, including a processor’s L1, L2, or L3 cache or system memaory.,

{31261 In at least one embodiment, any portion of code and/or data storage 701 may be

miternal or external {oc one or more processors or other hardware logic devices or circuits. in

at least one embodiment, code and/or code and/or data storage 701 may be cache memory,
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dyvnamic randomly addressable memory {("DRAM”), static randomly addressable memory
(“SRAM?™), non-volatile memory (e.g., flash merory), or other storage. In at least one
embodiment, a choice of whether code and/or code and/or data storage 701 1s infernal or
external o a processor, for example, or comprising DRAM, SRAM, flash or some other
storage type may depend on available storage on-chip versus off-chip, latency requirements
of training and/or nferencing functions being performed, batch size of data used 1o

mferencing and/or trairung of a neural network, or some combination of these factors.

{327]  In at least one embodiment, inference and/or training logic 715 may include,
without limitation, a code and/or data storage 705 1o store backward and/or cutput weight
and/or input/output data corresponding to neurons or lavers of a neural network traimed
and/or used for inferencing in aspects of one or more embodiments. In at least one
embodiment, code and/or data storage 705 stores weight parameters and/or input/cutput data
of each layer of a neural network trained or used m conjunction with one or more
erobodiments during backward propagation of input/output data and/or weight parameters
during tratming and/or inferencing using aspecis of one or more embodiments. In at [east one
embodiment, training fogic 715 may include, or be coupled to code and/or data storage 705 to
store graph code or other software to control timang and/or order, in whach weight and/or
other parameter information is to be loaded to configwre, logic, including integer and/or

floating point units {collectively, arithmetic logic units {ALUs)).

JO01281  In at least one embodiment, code, such as graph code, causes the loading of weight
or other parameter information into processor ALUs based ou an architecture of a neural
network 1o which such code corresponds. In at least one embodiment, any portion of code
and/or data storage 70S may be included with other on-chip or off-chip data storage,
mchuding a processor’s L1, L2, or L3 cache or system memory. In at least one embodiment,
any portion of code and/or data storage 705 may be internal or external to one or more
processors or other hardware logic devices or circuits. In at least one embodiment, code
and/or data storage 705 may be cache memory, DRAM, SRAM, non-volatile memory (e g.,
flash memory), or other storage. In at least one embodiment, a choice of whether code and/or
data storage 705 is internal or external to a processor, for exarmnple, or comprising DRAM,
SRAM, flash memory or some other storage type may depend on available storage on-chip
versus off-chip, latency requirements of training and/or inferencing functions being
performed, batch size of data used 10 inferencing and/or training of a neural network, or some

comination of these factors.
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{H38]  In at least one embodiment, code and/or data storage 701 and code and/or data
storage 705 may be separate storage structures. In at least one embodiment, code and/or data
storage 701 and code and/or data storage 705 may be a combined storage structure. In at least
one embodiment, code and/or data storage 701 and code and/or data storage 705 may be
partially combined and partially separate. In at least one embodiment, any portion of code
and/or data storage 701 and code and/or data storage 705 may be included with other on-chip

or off-chip data storage, including a processor’s L1, L2, or L3 cache or system memaory.

{33 In at least one embodiment, inference and/or training logic 715 may include,
without hmitation, one or more arithmetic logic uwnit(s) (FALU)Y) 710, inchuding integer
and/or floating point units, to perform logical and/or mathematical operations based, at least
in part on, or indicated by, training and/or inference code {(e.g., graph code), a result of which
may produce activaiions {e.g.. output values from layers or neurons within a neural network)
stored in an aclivation storage 720 that are functions of mput/output and/or weight parameter
data stored i code and/or data storage 701 and/or code and/or data storage 705, In at least
one embodiment, activations stored in activation storage 720 are generated according to
tinear algebraie and or matrix-based mathematics performed by ALU(s) 710 i response to
performung instructions or other code, wheremn weight values stored m code and/or data
storage 705 and/or data storage 701 are used as operands along with other values, such as
bias values, gradient information, momentum values, or other parametars or hyperparameters,
any or all of which may be stored in code and/or data storage 703 or code and/or data

storage 701 or another storage on or off~chip.

{3131}  In at least one embodiment, ALU{s} 710 are included within one or more processors
or other hardware logic devices or circuits, whergas in another embodiment, ALU(S) 710 may
be exiernal to a processor or other hardware logic device or cirouit that uses them (e.g., a
co~-processor). To at least one embodiment, ALUs 710 may be jocluded within a processor’s
execution units or otherwise within a bank of ALUs accessible by a processor’s execution
iypes {e.g., central processing units, graphics processimg units, fixed function urniis, ete). In at
feast one embodiment, code and/or data storage 701, code and/or data storage 705, and
activation storage 720 may share a processor or other hardware logic device or circuit,
whereas in another embodiment, they may be in different processors or other hardware logic
devices or circuits, or some combination of sarve and different processors or other hardware

togic devices or circuits. In at least one embodiment, any portion of activation storage 720
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may be included with other on-chip or off-chip data storage, including a processor’s L1, L2,
or L3 cache or systermn memory. Furthermore, inferencing and/or training code may be stored
with other code accessible 1o a processor or other hardware logic or circuit and fetched and/or
processed using a processor’s fetch, decode, scheduling, execution, retirement and/or other

logical circuits.

f0132]  In at least one embodunent, activation storage 720 may be cache mersory, DRAM,
SEAM, non-volatile merory {e.g., flash memory), or other storage. In at least one
embodiment, activation storage 720 may be completely or partially within or external to one
or more processors or other logical circuits. In at teast one embodiment, a choice of whether
activation storage 720 is internal or external to a processor, for exarnple, or comprising
DRAM, SRAM, flash memory or some other siorage tvpe mav depend on available storage
on-chip versus off-chip, latency requirements of training and/or inferencing functions being
performed, baich size of data used in inferencing and/or training of a neural network, or some

combination of these factors.

{133}  In at least one embodiment, inference and/or training logic 715 illustrated in

FIG. 7A may be used in conjunciion with an application-specific infegrated circut {"ASIC™),

such as 3 TensorFlow® Processing Unit from Google, an inference processing unit (IPL)

from Graphcore™, or a Nervana® {e.g., “Lake Crest”™) processor from Intel Corp. In at least

one embodiment, inference and/or training logic 715 illustrated in FIG. 7A may be used in
b 5 N SR » . M oy 2y i N - . . 3 b

conjunction with central processing unit ("CPU™} hardware, graphics processing unit

{“GPU”} hardware or other hardware, such as Seld programomable gate arrays ("FPGAs™).

{0134 FIG 7B iBustrates inference and/or trairang logic 715, according to at least one
embodiment. In at least one embodiment, inference and/or traimung logic 715 may include,
without Himitation, hardware logic in which computational resources are dedicated or
otherwise exclusively used in conjunction with weight values or other information
corresponding to one or more layers of neurons within a neural network. In at least one
embodiment, inference and/or fraining logic 715 illustrated in FIG. 7B may be used in
conjunction with an application-specific integrated circuit {ASIC), such as TensorFlow®
Processing Unit from Google, an inference processing unit (IPU) from Graphcore™, or a
Nervana® (e.g., “Lake Crest”} processor from Intel Corp. In at least one embodiment,
inference and/or training logic 715 illustrated in FIG. 7B may be used in conjunction with

central processing unit (CPUY hardware, graphics processing unit {GPU) hardware or other

33



10

WO 2022/216528 PCT/US2022/022924

hardware, such as field programmable gate arravs {FPGAS). In al least one embodiment,

~
Ji
i

mference and/or tramning logic 715 mncludes, without imttation, code and/or data storage 701
and code and/or data storage 705, which may be used to store code (e.g., graph code), weight
values and/or other information, including bias values, gradient information, momentum
values, and/or other parameter or hyperparameter information. In at least one embodiment
iustrated in FIG. 7B, each of code and/or data storage 701 and code and/or data storage 708
is associated with a dedicated computational resource, such as computational hardware 702
and computational hardware 706, respectively. In af least one embodiment, each of
computational hardware 702 and computational hardware 706 comprises one or more ALUs
that perform mathematical functions, such as linear algebraic functions, only on information
stored in code and/or data storage 701 and code and/or data storage 705, respectively, result

of which 1s stored n activation storage 720,

F61351  In at least one embodiment, each of code and/or data storage 701 and 705 and
corresponding coroputational hardware 702 and 706, respectively, correspond to different
fayers of a neural network, such that resulting activation from one storage/computational
pair 701/702 of code and/or data storage 701 and computational hardware 702 is provided as
an mput 1o a next storage/computational pair 703/706 of code and/or data storage 705 and
computational hardware 706, in order to mirror a conceptual organization of a neural
network. In af least one embodiment, each of storage/computational pairs 701/702

and 705/706 may correspond to more than one neural network laver. In at least one
ernbodiment, additional storage/computation pairs (not shown} subsequent to or in paraliel
with storage/computation pairs 701/702 and 705/706 may be included in inference and/or

training logic 715,

{1381 Tu at least one embodiment, one or more systerms depicted in FIGS. 7A-7B are
utilized to implement a system for action recognition as described in connection with FIGS. 1
— 6. In at least one embodiment, one or more systenss depicted 1n FIGS. 7A-7B are utilized to
perform one or more quantization and pruning processes on one or more newral networks. In
at feast one embodiment, one or more systems depicted i FIGS. 7A-7B are utilized to
perform action recognition using a hardware accelerator and/or one or more neural networks

processed through one or more quantization and pruning processes.
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NEURAL METWORK TRAINING AND DEPLOYMENT

{1371 FIG 8 illustrates traiming and deployment of a deep neural network, according to at
least one embodiment. In at least one embodiment, untraimed neural network 806 is trained
using a tfraining dataset 802. In at least one embodiment, training framework 804 s a
PyTorch framework, whereas in other embodiments, training framework 804 15 a
TensorFlow, Boost, Caffe, Microsoft Cognitive ToolkitVONTK, MXNet, Chainer, Keras,
Deeplearning4;. or other training framework. fn at least one embodiment, training
framework 804 trains an untrained neural network 806 and enables it to be trained using
processing resources described herein (o generate a trained neural network 808, In at least
one embodiment, weights may be chosen randomly or by pre-training using a deep belief
network. In af least one embodiment, training may be performed in either a supervised,

partially supervised, or unsupervised manner.

[

s

381 In at least one embodiment, untrained neural network 806 1s trained using
supervised learning, wherein training dataset 802 includes an input paired with a desired
output for an input, or where training dataset 802 includes input having a known output and
an output of neural network 806 1s manually graded. In at least one embodiment, ontrained
eural network 806 15 trained in a supervised manner and processes mputs from traning
dataset 802 and compares resulting outputs against a set of expected or desired ouiputs. In at
feast one embodiment, errors are then propagated back through untrained neural network 806,
In at least one embodiment, traming framework 804 adiusts weights that control untrained
neural network 806, n at least one embodiment, training frarmmework 804 mcludes tools to
monitor how well untrained neural network %06 is converging towards a model, such as
trained neural network 808, suitable to generating correct answers, such as in result 814,
based on 1oput data such as a new dataset 812, In at least one embodument, fraiming
framework %04 trains untrained neural network 806 repeatedly while adjust weights to refine
an output of untrained neural network 806 using a loss function and adjustment algorithim,
such as stochastic gradient descent. Tn at feast one embodiment, training framework 804
trains untrained neural vetwork 806 until untrained neural network 806 achueves a desired
accuracy. In at least one embodiment, trained neural network 808 can then be deploved 1o

implement any number of machine learning operations.

{3 Tn at least one embodiment, untrained neural network 806 i3 trained using
unsupervised learning, wherein untrained neural network 806 attempts to train itself using

unlabeled data. In at least one embodiment, unsupervised learning training dataset 802 will
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include input data withowt any associated ouiput data or “ground truth” data. In at least one
embodiment, untrained neural network 806 can leam groupings within fraining dataset 302
and can deternune how individual inputs are related to untrained dataset 802, In at ieast one
embodiment, unsupervised training can be used to generate a self-organizing map in trained
neural network 808 capable of performing operations useful in reducing dimensionality of
new dataset 812, In atf least one embodiment, unsupervised fraining can also be used to
perform anomaly detection, which allows identification of data pomnts in new dataset 812 that

deviate from normal patierns of new dataset 312.

{4 Tn at least one embodiment, semu-supervised learming may be used, which is a
technique 1o which 1o traiming dataset 802 mcludes a mix of labeled and unlabeled data. In at
least one embodiment, traimung framework 804 may be used to perform incremental leaming,
such ag through transferred leaming techniques. In at least one embodiment, incremental
leaming enables traimed neural network 808 to adapt to new dataset 812 without forgetiing

knowledge instiied within trained neural network 808 during imtial training.

{3141} In at least one embodiment, one or more systems depicted in FIG. 8 are utilized to
implement a svstem for action recognition as described in connection with FIGS. 16, In at
feast one embodiment, one or more systems depicted in FIG. 8 are utihized o perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FI(G. & are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

DATA CENTER

{3142]  FIG 9 illustrates an example data center 900, in which at least one embodiment
may be used. In at least one embodiment, data center 900 inchudes a data center infrastructure

fayer 910, a framework layer 920, a software layer 930 and an application fayer 940.

{1431 1o at least one embodiment, as shown in FIG. 9, data center infrastructure laver 910
may include a resource orchesirator 912, grouped computing resources 914, and node
compuiing resources {“node C.R.87) 916(1 1-916(N}, where “IN” represents a positive integer
{which may be a different integer "N than used in other figures). In at least one embodiment,
node C.R.s 916(1)-916(N) may include, but are not himited to, any number of central
processing units (“CPUs™) or other processors {(including accelerators, field programmable

gate arrays (FPGAs), graphics processors, etc. ), memory storage devices 918(1)-918&(N) {e.g.,
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dyvnamic read-only memory, solid state siorage or disk drives), network mput/output (NW
1707} deviges, network swiiches, virtual machines ("VMg™), power modules, and cooling
maodules, ete. In at least one embodiment, one or more node € R s from among node

C.Ris 916(1)-916(N) may be a server having one or more of above-mentioned computing

Fesources.

{0144} In at least one embodument, grouped computing resources 914 may include separate
groupings of node C R s housed within one ot more racks {not shown), or many racks housed
1y data centers at various geographical locations {also not showny. In at least one
embodiment, separate groupings of node C.R.s within grouped computing resources 914 may
mclude grouped compute, network, memory or storage resources that may he configured or
allocated to support one or more workloads. In at least one embodiment, several node CR.s
including CPUs or processors may grouped within one or more racks {o provide compute
resources 1o support one or more workloads. In at least one embodiment, one or more racks

may also include any number of power modules, cooling modules, and network swiiches, in

any combination.

{1143]  In at least one embodiment, resource orchestrator 912 may configure or otherwise
control one or more node C.R.s 916(13-916(N} and/or grouped computing resources 914, In
at least one embodument, resource orchestrator 912 may nclude a software design
mirastructure ("SI} management entity for data center 900, In at least one embodiment,

resource orchestrator 712 may include hardware, software or some combination thersof.

{01467 In at least one embodiment, as shown in FIG 9, framework layer 920 includes ajob
scheduler 922, a configuration manager 924, a resource manager 926 and a distnibuted file
system 928. In at least one embodiment, framework layer 920 mayv nclude a framework fo
support software 932 of software layer 930 and/or one or more application{s) 942 of
apphication laver 940. In at least one embodiment, software 932 or application(s} 942 may
respectively mnclude web-based service software or applications, such as those provided by
Amazon Web Services, Google Cloud and Microsoft Azure. In at east ong embodiment,
framework layer 920 may be, but is not limited to, a type of free and open-source software
web application framework such as Apache Spark™ thereinatter “Spark™) that may utilize
distributed file system 928 for large-scale data processing {e. g, “big data”). In at least one
embodiment, job scheduler 922 may include a Spark driver to facilitate scheduling of

workloads supported by various layers of data center 900, In at leasi one embodiment,

(8]
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fayer 930 and framework laver 920 inchuding Spark and distributed {ile system 928 for
supporting large-scale data processing. In at least one embodiment, resource manager 926
may be capable of managing ciustered or grouped computing resources mapped {o or
allocated for support of distributed file system 928 and job scheduler 922 In at least one
10 erobodioent, clustered or grouped coraputing resources may include grouped computing
resources 914 at data center infrastructure layer 910, In at least one embodiment, resource
manager 926 may coordinate with resource orchestrator 912 to manage these mapped or

allocated computing resources.

{01471 1o at least one embodiment, software 932 included o sofiware fayer 930 may

15 include software used by at least portions of node €. R.s 916(1)-916(N}, grouped computing
resources 914, and/or distributed file system 928 of framework layer 920. In at least one
ermnbodiment, one or more types of sofiware may include, but are not hmiled to, Internet web
page search software, e~mail virus scan software, database software, and streamung video

content softwars.

20 {148} In at least one embodiment, application{s} 9242 included in application layer 940
may include one or more types of applications used by at least portions of node
C.Rus 91601 3-916(N), grouped computing resources 914, and/or distributed file system 928 of
framework laver 920. In at least one embodiment, one or more types of apphications mav
include, bt are not limited to, any number of a genomics application, a cognitive compute,
25  application and a moachine learning application, ncluding trajning or inferencing software,
machine leaming framework software (e.g., PyTorch, TensorFlow, Caffe, eic.) or other

machine leaming applications used in conjunction with one or more embodiments.

{1481 In atf least one embodiment, any of configuration manager 924, resource
manager 926, and resource orchestrator 912 may implement any number and type of

30 self-modifving actions based on any amount and type of data acquired in any technically

[

feasible fashion. In at least one embodiment, seif-modifying actions may relieve a data center
operator of data center 900 from making possibly bad configuration decisions and possibly

avording underutilized and/or poor perforring poriions of a data center.

J31501 In at least one embodiment, data center 900 may include tools, services, software or
35  other resources to train one or more machine learning models or predict or infer information

using one or more machine learming models according to one or more embodiments described
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herein. For example, in at least one embodiment, a machine learning model may be trained by
calculating weight parameters according to a neural network architecture using soffware and
computing resources described above with respeact to data center 900, In atf least one
embodiment, {rained machine learning models corresponding 1o one or more neural networks
may be used to intfer or predict information using resources described above with respect to
data center 900 by using weight parameters calculated through one or more fraining

techniques described herein.

{i3181] In at least one embodiment, data center may use CPUs, application-specific
miegrated circuits { ASICs), GPUs, FPGAs, or other hardware to perform traiming and/or
mferencing using above-described resources. Moreover, one or more software and/or
hardware resources described above may be configured as a service to allow users to train or
performing inferencing of information, such as image recognition, speech recognition, or

other arfificial mtelligence services.

{01521 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or training logic 715 may be used 1o systern FIG. 9 for
mferencing or predicting operations based, at least 1 pari, on weight parameters calculated
using neural network iraining operations, neural network functions and/or architectures, or

neural network use cases described herein.

{01337 In at least one embodiment, one or more systems depicted in FIG. 9 are wtilized to
iroplement a svstem for action recognition as described in commection with FIGS. 1 - 6. Inat
feast one embodiment, one or more systems depicted in FIG. 9 are utilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FIG. 9 are utilized (o perform action
ecognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

AUTONOMOUS VEHICLE

{61347 FIG. 10A illusirates an example of an astonomous vehicle 1000, according {o at
least one embodiment. To at least one embodiment, autonomous vehicle 1000 {alternatively
referred to herein as “vehicle 1000°") may be, without homtation, a passenger vehicle, such as

a car, a truck, a bus, and/or another type of vehicle that accommodates one or more
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passengers. In at least one embodiment, vehicle 1000 mayv be a semi-tractor-trailer truck used
for hauling carge. In at least one embodiment, vehicle 1000 may be an airplane, robotic

vehicle, or other kind of vehicle.

J0183]  Autonomous vehicles may be described m terms of automation levels, defined by
National Highway Traffic Safety Admimstration ("NHTSA™), a division of US Department
of Transportation, and Society of Automotive Engineers ("SAE”) “Taxonomy and
Defimtions for Terms Related to Drving Autorsation Systems for On~Road Motor Vehicles™
{e.g., Standard No. J3016-201806, published on June 15, 2018, Standard No. 13016-201609,
published on September 30, 2016, and previous and future versions of this standard}. Tn at
teast one embodiment, vehicle 1000 roay be capable of functionality i accordance with one
or more of Level 1 through Level 5 of autonomous driving levels. For example, in at least
one embodiment, vehicle 1000 may be capable of conditional automation {Level 3}, high

automation {Level 4}, and/or full automation (Level 5), depending on embodiment.

{01361 In at least one embodiment, vehicle 1600 may include, without lintation,
components such as a chassis, a vehicle body, wheels {e.g, 2,4, 6. 8, 18, aic ), tires, axles,
and other components of a vehicle. In at least one embodiment, vehicie 1000 may include,
without limitation, a propulsion system 1050, such as an internal combustion engine, bybrid
elecinc power plant, an all-electric engine, and/or another propulsion system type. In at least
one embodiment, propulsion system 10530 may be connected o a drive train of vehicle 1000,
which may include, without limitation, a transmission, to enable propulsion of vehicle 1000,
In at least one embodument, propulsion system 1050 may be controlled in response to

receiving signals from a throttle/accelerator{s) 1052

{31871 In at least one embodiment, a steering svstem 1054, which may include, without
fimitation, a steering wheel, is used io steer vehicle 1000 {e.g., along a desired path o1 route}
when propulsion system 1050 1s operating (e.g., when vehicle 1000 1s in motion}. In at least
one embodiment, steering system 1054 may receive signals from steering actuator(s) 1056, In
at least one embodiment, a stecring wheel may be optional for full avtomation (Level 5)
functionality. In at least one embodiment, a brake sensor sysiem 1046 may be used to operate
vehicle brakes in response to receiving signals from brake actuator(s) 1048 and/or brake

SCIISOLS.

{HIS88]  In at least one embodiment, controller(s) 1036, which mayv inclade, without

Bmatation, one or more system on chips (“So{s”) (not shown in FIG. 10A) and/or graphics

40



10

3¢

35

WO 2022/216528 PCT/US2022/022924

processing unit{s) {"GPU(s)"), provide signals (e g . representative of commands} o one or
more components and/or systems of vehicle 1000, For instance, in at feast one embodiment,
controlier(s) 1036 may send signals to operate vehicle brakes via brake actuator(s} 1048, to
operate steering system 1054 via steering actuator(s} 1036, to operate propulsion system 10350
via throttle/accelerator{s} 1052, In at least one embodiment, controlier{s) 1036 may include
one or more onboard {e. g., integrated) cornputing devices that process sensor signals, and
output operation commands (e g, signals representing commands) to enable autonomous
driving and/or to assist a human driver in driving vehicle 1000, In at least one embodiment,
conifroller(sy 1036 may mclude a first controller {for avtonomous driving functions, a second
controller for functional safety functions, a third controller for artificial intelligence
functionality {e.g., computer vision}, a fourth coniroller for infotainment fonctionality, a fifth
controlier for redundancy in emergency conditions, and/or other controllers. In at least one
ernbodiment, a single controller may handle two or more of above {unctionalities, two or

more controliers may handle a single functionality, and/or any combination thereof.

{31591 In at least one embodiment, controller{s) 1036 provide signals for controliing one or
more components and/or systems of vehicle 1000 1 response to sensor data received from
one o more sensors {e.g., sensor inputs). In at least one embodiment, sensor data may be
eceived from, for example and without limitation, global navigation satellite systems
{“GNSS”) sensor(s) 1038 (&.g., Global Positioning Sysiem sensor{s}), RADAR
sensor{s) 1060, ultrasonic sensor{s) 1067, LIDAR sensor{s} 1064, inertial measurement unyt
IMU”) sensor(s) 1066 {e.g., accelerometer(s), gyroscope(s), a magnetic compass or
magnelic compasses, magnetometer(s), etc. ). nucrophone(s) 1096, stereo camera(s} 1068,
wide~view camera(s) 1070 (g.g., fisheye cameras), mirared camera(s) 1072, surround
camera(s) 1074 (e g, 360 degree cameras), long-range cameras (not shown m FIG. 10A),
mid-range camerafs) (not shown in FIG. 10A), speed sensor{s} 1044 (e.g., for measuring

speed of vehicle 1000}, vibration sensor{s) 1042, steering sensor(s} 1040, brake sensor(s}

{e.g., as part of brake sensor system 1046}, and/or other sensor types.

[0188]  In at least one embodiment, one or more of controller(s} 1036 may receive mnpuls
{e.g., represented by input data) from an instrument cluster 1032 of vehicle 1000 and provide
outputs {e.g, represented by output date, display data, etc.) via a human-machine interface
(“HMI™) display 1034, an audible annunciator, 3 loudspeaker, and/or via other components of
vehicle 1000, In at least one embodiment, outputs may include information such as vehicle

velocity, speed, time, map data {e.g., a High Definition map (not shown m FIG 10A})},
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5 location data (e g., vehicle’s 1000 location, such as on a map), direction, location of other
vehicles {e.g., an occupancy grid}, information about objects and status of objects as
percetved by controller(s) 1036, etc. For example, in at least one embodiment, HMI
display 1034 may display information about presence of one or more objects {e.g., a street
sign, caution sign, traffic light changing, etc.), and/or nformation about driving maneuvers

10 vehacle has made, s making, or will make (e.g., changing lanes vow, taking exit 34B n two

miles, etc.).

fi3161]  In at least one embodiment, vehicle 1000 further includes a network interface 1024
which may use wireless anterma(s) 1026 and/or modemis) o communicate over one Or more
etworks. For example, n atf least one embodiment, network mnterface 1024 may be capable
15 of communication over Long-Term Evolution ("LTE”), Wideband Code Division Multiple
Access (C"WCDMA™), Unmiversal Mobile Telecommunications System ("UMTS™), Global
System for Mobile commumnication ("GSM™), IMT-CDMA Multi-Carrier ("CDMAZ0007)
networks, etc. In at least one embodiment, wireless antenna(s) 1026 may also enable
communication between objects in environment {e.g., vehicles, mobile devices, efc }, using
28 local area network{s}, such as Bluetooth, Bluetooth Low Energy (“LE”), Z-Wave, ZigBee,
elc., and/or low power wide-area network{s) ("LPWANs"), such as LoRaW AN, SigFox, elc.

protocols.

31627 Inference and/or training logic 713 are used to perform inferencing and/or training
A &

operations associated with one or more embodimenis. Details regarding inference and/or

[
A

raining logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or tramning logic 715 may be used i system FIG. 10A for
mnferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network training operations, neural network functions and/or architectures, or

cural network use cases described herein.

30 [0I83] FIG 10B ilustrates an example of camera locations and fields of view for

[

autonomous vehicle 1000 of FIG. 10A, according to atf least one embodiment. In af least one
ernbodiment, cameras and respective fields of view are one example embodiment and are not
intended to be linuting. For instance, in af least one embodiment, additional and/or alternative
cameras may be included and/or cameras may be located at different locations on

35  wvehicle 1000,
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{1164]  In at least one embodiment, camera types for cameras may include, but are not
himited to, digital cameras that may be adapted for use with componenis and/or systems of
vehicle 1000, In at least one embodiment, camera(s) may operate at automotive safety
integrity level (“ASIL™) B and/or at another ASIL. In at least one embodiment, camera types
may be capable of any image capture rate, such as 60 frames per second (fps), 1220 {ps, 240
fps, etc., depending on embodiment. In at least one embodurent, cameras may be capable of
using rolling shutters, global shutters, another type of shutter, or a combination thereof. In at
feast one embodiment, color filter array may include a red clear clear clear {("RCCC7) color
filter array, a red clear clear blue ("RCCB™) color filter array, a red blue green clear
{"RBGC”) color filter array, a Foveon X3 color filter array, a Baver sensors ("RGGB™) color
fiiter array, a monochrome sensor color filter array, and/or another type of color filter array.
In at least one embodiment, clear pixel cameras, such as cameras with an RCCC, an RCCRE,

and/or an RBGC color filter array, may be used in an effort to increase light sensitivity.

{0163]  In at least one embodunent, one or more of camera(s) may be used to perform
advanced driver assistance systems {"ADAS”) functions {e.g., as part of a redundant or
fail-sate design}. For example, in at least one embodiment, a Multi-Function Mono Camera
may be installed to provide functions including lane departure warming, traffic sign assist and
ntelligent headlamp control. In at least one embodiment, one or more of camera(s) {e.g , all

cameras) may record and provide image data (e.g., video) simuliansously.

j01867  In at least one embodiment, one or more camera may be mounted in a mounting
asserubly, such as a custom desigoed (three-dimensional (“3D7) printed) asserubly, 1o order
to cuf out stray light and reflections from within vehicle 1000 (e g, reflections from
dashboard reflected in windshield mirrors) which may interfere with camera tmage data
capture abilities. With reference to wing-mirror moounting assemblies, in at least one
embodiment, wing-toirror assemblies may be custom 3D printed 50 that a camera mounting
plate matches a shape of a wing-mirror. In at least one embodiment, camera{s) may be
integrated into wing-mirrors. In at least one embodiment, for side-view cameras, camera{s)
may also be integrated within four pillars at each comer of a cabin,

[0167]  In at least one embodiment, cameras with a field of view that include portions of an
enwvironment in front of vehicle 1000 (e g, front-facing cameras) may be used for surround
view, to help identify forward facing paths and obstacles, as well as aid in, with help of one

or more of controller(s) 1036 and/or control SoCs, providing information critical to
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generating an occupancy grid and/or determining preferred vehicle paths. In at least one
embodiment, front-facing cameras may be used to perform many similar ADAS functions as
LIDAR, mcluding, withowt hmitation, emergency braking, pedestrian detection, and collision
avoidance. In at least one embodiment, front-facing cameras may also be used for ADAS
functions and systems including, without imitation, Lane Departure Warnings (“LDW™),

Autonoroous Cruise Countrol ("ACC™), and/or other functions such as traffic sign recognition.

[OIAR]  In at least one embodiment, a variety of cameras mayv be used in a front-facing
configuration, including, for example, a monocular camera platform that includes a CMOS
(“complementary metal oxide semiconductor™) color imager. In at least one ermnbodiment, a
wide-view camera 1070 may be used to perceive objects coming into view from a periphery
{e.¢.. padestrians, crossing traffic or bicycles). Although only one wide-view camera 1070 is
iHustrated in FIG. 10B, in other embodiments, there may be any number (ncluding zero)
wide-view cameras on vehicle 1000. In at least one embodiment, any namber of long-range
camera(s) 1098 {e. g., a long-view stereo camera pair) may be used for depth-based object
detection, especially for objects for which a neural network has not vet been trained. In at
teast one embodiment, long-range camera{s} 1098 may also be used for object detection and

classification, as well as basic object tracking.

{01657 To at least one embodiment, any number of stereo carvera(s) 1068 may also be
mcluded in a front-facing configuration. In at least one embodiment, one or more of stereo
camera{s) 1068 may include an integrated control unit comprising a Scalable processing unit,
which may provide a programmable logic ("FPGA™) and a roulti~core micro-processor with
an mtegrated Condroller Area Network ("CAN"} or Ethernet interface on a singte chip. In at
feast one embodiment, such a unit may be used to generate a 3D map of an environment of
vehicle 1000, including a distance estimate for all poinis in an image. In at least one
embodiment, one or more of stereo camerals) 1068 may include, without initation, compact
stereo vision sensor{s) that may include, without limitation, two camera lenses {one each on
left and right) and an image processing chip that may measure distance from vehicle 1000 o
target object and use generated mformation (e g., metadata) to activate autonomous
emergency braking and lane departure warning functions. In at least one embodiment, other
types of stereo camera(s) 1068 may be used in addition to, or altematively from, those

described herein.
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{17 In at least one embodiment, cameras with a figld of view that include portions of
environment to sides of vehicle 1000 {e.g., side-view cameras} may be used for surround
view, providing information used fo create and update an occupancy grid, as well as to
generate side impact collision warnings. For example, iy at least oneg embodiment, surround
camera(s) 1074 {e. g., four surround cameras as illusirated in FIG. 10B) could be positioned
on vehicle 1000, In at least one embodiment, surround camera(s) 1074 may include, without
himitation, any number and combination of wide-view cameras, fisheye camera(s), 360
degree camera(s), and/or similar cameras. For instance, in at least one embodiment, fowr
fisheye cameras may be positioned on a front, arear, and sides of vehicle 1000, In at least
one embodiment, vehicle 1000 may use three swround camera(s} 1074 (e.g., left, right, and
rear}, and may ieverage one or more other camera(s} {e.g., a forward-facing camera} as a

fourth surround-view camera.

[0171] In at least one embodumnent, cameras with a field of view that include portions of an
environment behind vehicle 1000 (e.g., rear-view cameras) may be used {or parking
assistance, surround view, rear collision warnings, and creating and updating an occupancy
grid. In at least one embodiment, a wide variety of cameras may be used including, but not
himited fo, cameras that are also suitable as a front-facing camera(s) (e.g., long-range
cameras 1098 and/or nud-range camera{s) 1076, stereo camera(s) 1068, infrared

camerafs) 1072, eic..} as described herain.

f01721  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or tramming logic 715 may be used in system FIG. 10B for
mferencing or predicting operations based, at least in part, on weight parameters calcidated
using neural network training operations, neural network functions and/or architectures, or

eural network use cases described herein.

JO1731 FIG. 10C is a block diagram illustrating an example system architecture for
autonomous vehicle 1000 of FIG. 10A, according to at least one embodiment. In at least one
erobodirnent, each of components, teatures, and systerns of velucle 1000 10 FIG 10C s
tlustrated as being connected via a bus 1002, In at least one embodiment, bus 1002 may
include, without limitation, a CAN data interface (altemnatively referred o herein ag a “CAN

bus™). In at least one embodiment, a CAN may be a network inside vehicle 1000 used to aid



10

i

30

{ad

5

h

WO 2022/216528 PCT/US2022/022924

iy conitrol of vanous features and functionality of vehicle 1000, such as actuation of brakes,
acceleration, braking, steering, windshield wipers, ete. In at least one embodiment, bus 1002
may be configured to have dozens or even hundreds of nodes, each with 1ts own unique
identifier {e.g., a CAN ID). In at feast one embodiment, bus 1002 may be read to find steering
wheel angle, ground speed, engine revolutions per minute ("RPMs™), button positions, and/or
other vehicle status indicators. In at least one embodiment, bus 1002 may be a CAN bus that

1s ASIL B compliant.

{i3174]  In at least one embodiment, in addition to, or alternatively from CAN, FlexRay
and/or Ethernet protocols may be used. In at least one embodiment, there may be any number
of busses forming bus 1002, which may include, without imitation, zero or more CAN
busses, 7ero or more FlexRay busses, zero or more Ethemnet busses, and/or rero or more other
tvpes of busses using different protocols. In at least one embodiment, two or more busses
may be used to perform different functions, and/or may be used for redundancy. For example,
a {irst bus may be used for collision avoidance functionality and a second bus may be used
for actuation control. In at least one embodument, each bus of bus 1002 may commumicate
with any of components of vehicle 1000, and two or more busses of bus 1002 may
conmumicate with corresponding components. In at least one embodiment, each of any
number of system{s} on chip(s} {"SoC(s)y"} 1004 (such as SoC 1004{A) and SoC 1004{B)},
each of coniroller(s} 1036, and/or each computer within vehicle may have access 1o same
mput data (e.g., inputs from sensors of vehicle 1000}, and may be connected to a common

bus, such CAN bus.

{1FS]  In at least one embodiment, vehicle 1000 may include one or more

conirolier(sy 1036, such as those described herein with respect to FIG. 10A. In at least one
embodiment, controtler(s) 1036 may be used for a variety of functions. In at least one
embodiment, coutroller(s) 1036 may be coupled to any of various other components and
systems of vehicle 1000, and may be used for conirol of vehicle 1000, artificial ttelligence

of vehicle 1000, infotainment for vehicle 1000, and/or other funchions.

f01767  In at least one embodiment, vehicle 1000 may mclude any number of S0Cs 1004, In
at least one embodiment, each of SoCs 1004 may nclude, without imitation, central
processing units (“CPU{(s)") 1006, graphics processing units ("GPU(s}) 1008,

praocessor{s) 1010, cache(s) 1012, accelerator{s} 1014, data store{s) 1016, and/or other

components and features not llustrated. In at least one embodiment, SoC(s} 1004 may be
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used to control vehicle 1000 iy a variety of platforms and systems. For example, in at least
one embodiment, SoC{s) 1004 may be combined in a svstem {e.g., system of vehicle 1000}
with a High Definttion ("HD"y map 1022 which may obtain map refreshes and/or updates via

network interface 1024 from one or more servers {not shown in FIG. 100).

J01F71 In at least one embodiment, CPU{s) 1006 may include a CPU cluster or CPU
complex (altematively referred to herein as 3 “CCPLEX}). In at least one embodiment,
CPU(s) 1006 may include moultiple cores and/or level two ("L27) caches. For instance, 1o at
feast one embodiment, CPU{(s} 1006 may mclude eight cores in a coherent nmdti-processor
configuration. In at least one embodiment, CPU{(s) 1006 may include four dual-core clusters
where each clusier has a dedicated L2 cache {e.g., a 2 megabvte (MB) L2 cache). In at least
one embodiment, CPU(s) 1006 {e.g, CCPLEX) may be configured to support simultaneous
cluster operations enabling any combinaiion of clusters of CPU({s) 1006 {0 be active at any

given time.

[0V78]  In at least one embodiment, one or more of CPU{s) 1006 may implement power
management capabilities that include, without linutation, one or more of following features:
mndividual hardware blocks may be clock-gated automatically when idie to save dynamic
power; each core clock may be gated when such core is not actively executing mstructions
due to execution of Wait for Interrupt ("WFPYWait for Event ("WFE”) mstructions; each
core may be independently power-gated; each core cluster may be independently clock-gated
when all cores are clock-gated or power-gated; and/or each core cluster may be
imdependently power-gated when all cores are power-gated. In at least one embodiment,
CPU(s) 1006 may further implement an enhanced algorithm for managing power states,
where aliowed power states and expected wakeup times are specified, and
hardware/microcode determines which best power stale to enter {or core, cluster, and
CCPLEX In at least one embodiment, processing cores may support siraplified power state

entry sequences in software with work offloaded to microcode.

J01791  In at least one embodiment, GPU(s} 1008 may include an integrated GPU
{alternatively referred {0 herein as an “tGPU”). In at least one embodiment, GPU(s) 1008
may be programumable and mayv be efficient for paraliel workloads. In at least one
embodiment, GPU(s} 1008 may use an enhanced tensor instruction set. In af least one
embodiment, GPU(s} 1008 may include one or more sireaming microprocessors, where each

streaming microprocessor may nclude a level one ("L17) cache {e.g., an L1 cache with at

e
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feast 96 KB siorage capacity}, and two or more sireaming microprocessors may share an L2
cache (e.g., an L2 cache with a $12 KB storage capacitv). In at least one embodiment,
GPU(s) 1008 may include at 1east etght streaming microprocessors. In at least one
embodiment, GPU{s) 1008 may use compute application programuming interface{s} {API{s}).
In at least one embodiment, GPU(s) 1008 may use one or more parallel computing platforms

and/or programming models {e.g., NVIDIA s CUDA model).

{31801 In at least one embodiment, oue or more of GPU(s) 1008 may be power-optinuzed
for best performance in automotive and embedded use cases. For example, in at least one
embodiment, GPU(s) 1008 could be fabricated on Fin field-effect transistor (FinFET™)
circuitry. In at least one embodiment, each streaming miCroprocessor may incorporaie a
number of mixed-precision processing cores partitioned into mwultiple blocks. For example,
and withowt limitation, 64 PF32 cores and 32 PF64 cores could be partitioned into four
processing blocks. In at leasi one embodiment, sach processing block could be allocated 16
FP32 cores, 8 FP64 cores, 16 INT32 cores, two nuxed-precision NVIDIA Tensor cores for
deep learning mairix arithmetic, a level zero ("L0O7) instruction cache, a warp scheduler, a
dispatch unit, and/or a 64 KB register file. In at least one embodiment, streaming
microprocessors may include independent parallel integer and floating-point data paths to
provide for efficient execution of workloads with a nux of computation and addressing
calculations. In at least one embodiment, streaming microprocessors may inchude
imdependent thread scheduling capability {o enable finer-grain svnchronization and
cooperation between parallel threads. In at least one embodiment, sireaning microprocessors
may include a combined L1 data cache and shared memory unit 1n order to improve

performance while simplifying programming.

{1181} In at least one embodiment, one or more of GPU(s) 1008 may mnclude a high
bandwidth memory ("HBM™) and/or a 16 GB HBMZ memory subsystem {o provide, in some
exampies, about 900 GB/second peak memory bandwidth. In at least one embodiment, in
addifion 1o, or alternatively from, HBM memory, a svnchronous graphics random-access
memory ("SGRAM”) may be used, such as a graphics double data rate type five synchronous

random-access memory {“GDDRS™)

{82 In at least one embodiment, GPU(s) 1008 may include unified memory technology.
in at feast one embodiment, address {ranslation services {"ATS™) support may be used to

allow GPU(s) 1008 to access CPUs) 1006 page iables directly. Ty at least one embodiment,
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embodiment, when a GPU of GPU(s} 1008 memory management unit {"MMU™} experiences
a miss, an address translation request may be transmitied to CPU(s) 1006, In response, 2 CPU
of CPU{s) 1006 may look in its page tables for a virtual-to-physical mapping for an address
and transmit translation back to GPU(s} 1008, in at east one embodiment. In at least one
ermnbodiment, unified memory technology may allow a single unified virtual address space for
memory of both CPU(s) 1006 and GPU(s) 1008, thereby simplifving GPU(s) 1008

programming and porting of applications to GPU(s) 1008,

{HB3]  In atf least one embodiment, GPU(R) 1008 may include any number of access
counters that may keep track of frequency of access of GPU(s) 1008 to memory of other
processors. In at least one embodiment, access counter{s} may help ensure that memaory pages
are moved Yo physical memory of a processor that is accessing pages most frequently, thereby

improving efficiency for memory ranges shared between processors.

I0i84]  In at least one embodiment, one or more of 8ol{s) 1004 may include any number of
cache(s) 1012, mcluding those described heremn. For example, n at least one embodiment,
cache(s) 1012 could include a level three ("L37) cache that is available to both CPU(s) 1006
and GPU(s) 1008 {e.g., that is connected to CPU{s) 1006 and GPU(s) 1008). In af least one
embodiment, cache(s} 1012 may include a wnite-back cache that may keep track of states of
tines, such as by using a cache coherence protocol {e.g., MEL MESL MSI, etc ). In at least
one embodiment, a L3 cache mayv include 4 MB of memory or more, depending on

embodiment, although smaller cache sizes may be used.

[GIRAT  In at least one embodiment, one or more of SoC{s) 1004 may mclude one or more
accelerator(s) 1014 {e g, hardware accelerators, software accelerators, or a combination
thereof). In at least one embodiment, SoC(s) 1004 may include a hardware acceleration
cluster that may include oplimized hardware accelerators and/or farge on-chip memory. In at
teast one embodiment, large on~chip memory (e.g., 4 MB of SRAM), may enable a hardware
acceleration cluster to accelerate newural networks and other calculations. In at least one
embodiment, a hardware acceleration cluster may be used to complement GPU(s) 1008 and
io off-load some of tasks of GPU(S) 1008 {e.g., to free up more cveles of GPU(s) 1008 {or
performing other tasks). In at least one embodiment, accelerator(s) 1014 could be used for
targeted workloads {e.g., perception, convolutional neural networks ("CNNs™), recurrent
neural networks ("RNNs™), atc.} that are stable enough to be amenable to acceleration. In at

teast one embodiment, a CNN may mclude a region-based or regional convolutional neural
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networks ("RUNNs™) and Fast RCNNs {e.g., as used for object detection} or other type of

CINN.

{1188]  In at least one embodiment, accelerator(s) 1014 {e.g., hardware acceleration cluster)
may include one or more deep leaming accelerator ("DLA”). In at least one embodiment,
DLA{s) may inciude, without limitation, one or more Tensor processing units {“TPUs™} that
may be configured to provide an additional ten trillion operations per second for deep
learring applications and nferencing. In at least one embodiment, TPUs may be accelerators
configured to, and optimized for, performing image processing functions (e.g., for UNNs,
RCNNs, ete.). I at least one embodiment, DLA{(S) may further be optimized for a specific set
of neural network types and floating point operations, as well as joferencing. To at least one
embodiment, design of DLA(s) may provide more performance per millimeter than a typical
general-purpose GPU, and typically vastly exceads performance of a {PU. In at least one
ermnbodiment, TPU{(s) may perform several fimetions, including a single-instance convolution
function, supporting, for example, INTS, INT16, and FP16 data types for both features and
weights, as well as post-processor functions. In at least one embodiment, DLA{s) may
guickly and efficiently execute neural networks, especially UNNs, on processed or
unprocessed data for any of a vanety of functions, including, for example and without
hmitation: a NN for olyect identification and detection using data from camera sensors; a
NN for distance estimation using data from camera sensors; a {NN for emergency vehicle
detection and identificaiion and deteclion using data from microphones; a CNN for facial
recognition and vehucle owner identification using data from camera sensors; and/or a CNN

for security and/or safety related events.

{iHIRT]  In at least one embodiment, DLA(s) may perform any function of GPU(s) 1008, and
by using an inference accelerator, for example, a designer may target either DLA(s) or
GPU{s) 1008 for any function. For example, in at least one embodiment, a designer may
focus processing of UNNs and floating point operations on DL A({s) and leave other functions

to GPU{s) 1008 and/or accelerator(s) 1014,

[OIRRY  In at least one embodiment, accelerator(s) 1014 may mchude programmable vision
accelerator ("PV A”), which may alternatively be referred to herein as a computer vision
accelerator. In at least one embodiment, PV A may be designed and configured to accelerate
computer vision algorithms for advanced driver assistance system {("ADAS”) 1038,

autongmous driving, augmented reality (“AR”} applications, and/or virtual reality (“VR™)
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applications. In at least one embodiment, PV A may provide a balance between performance
and flexibility. For example, in at least one ernbodiment, each PV A may include, for example
and without limitation, any number of reduced mstruction set computer ("RISC™) cores,

direct memory access {(“DMA™), and/or any number of vector processors.

[OIRQY  In at least one embodiment, RISC cores may interact with image sensors {e.g.,
image sensors of any cameras described herein), image signal processor{s), etc. In at least one
erobodiruent, each RISC core may include any arsount of merpory. In at least one
embodiment, RISC cores mav use any of a mumber of protocols, depending on embodiment.
In at least one embodiment, RISC cores may execute a real-time operating system (“RTOS™).
1o at feast one embodiment, RISC cores may be truplemented using oue or more integrated
circutt devices, application specific integrated circuits {"ASICs™), and/or memory devices.
For example, in at least one embodiment, RISC cores could inchude an instruction cache

and/or a tightly coupled RAM.

{01961 In at least one embodiment, DMA may enable coroponerts of PV A to access svstem
memaory independently of CPU{(s) 1006, In at least one embodiment, DMA may support any
number of features used to provide optimization to a PV A including, but not limited to,
supporting multi-dimensional addressing and/or circular addressing. In at least one
embodiment, DMA may support up o six or more dimensions of addressing, which may
mclude, without limitation, block width, block height, block depth, horizontal block stepping,

vertical block stepping, and/or depth stepping.

{01811 In at least one embodiment, vector processors may be programmable processors that
may be designed to efficiently and flexibly execute progranmuming for computer vision
algorithms and provide signal processing capabilities. In at least one embodiment, a PVA
may include a PV A core and two vector processing subsystem partitions. In af least one
embodiment, a PV A core may include a processor subsystem, BDMA engine(s) {e.g., two
DMA engines), and/or other peripherals. In at least one embodiment, a vector processing
subsystem may operate as a primary processing engine of a PVA, and may include a vecior
processing umt ("VPU™), an instruction cache, and/or vector memory {e.g., "VMEM™). In at
least one ernbodiment, VPU core may include a digital signal processor such as, for example,
a single mstruction, multiple data (“"SIMD™), very long instruction word ("VLIW”} digital
signal processor. In at least one embodiment, a combination of SIMD and VLIW may

enhance throughput and speed.
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{931 In at least one embodiment, each of vector processors may inchide an instruction
cache and may be coupled (o dedicated memory. As a resull, in at least ong embodiment,
each of vector processors may be configured (o execuie independently of other vector
processors. In at least one embodiment, vector processors that are inchided in a particular

PV A may be configured to emplov data parallelism. For instance, in at least one embodiment,
plurality of vector processors included in a single PV A may execuie a common computer
vision algorithm, but on different regions of an image. In at least one embodiment, vector
praocessors inchuded in a particular PV A may simultaneocusly execute different computer
viston algorithms, on one image, or even execute different algorithms on sequential images or
portions of an image. In at least one embodiment, among other things, any number of PV As
may be included in hardware acceleration cluster and any number of vector processors may
be included in each PV A. In at least one embodiment, PV A may include additional error

correcting code ("ECC”) memory, to enhance overall system safety.

{193]  In at least one embodument, accelerator(s) 1014 may include a computer vision
network on-chip and static random-access memory {("SRAM™), for providing a
high-bandwidih, Tow latency SRAM for accelerator(s) 1014, In at least one embodiment,
on~-chip memory may include at least 4 MB SRAM, comprising, for exaruple and without
himitation, eight field-configurable memory blocks, that may be accessible by both a PV/
and a DLA. In at least one embodiment, each pair of memory blocks may include an
advanced peripheral bus ("APB”) interface, configuration circuitry, a controller, and a
muliiplexer. In at least one embodiment, any tvpe of mermory may be used. In at least one
embodiment, 2 PV A and a DL A may access memory via a backbone that provides a PV A and
a DLA with high-speed access to memory. In at least ong embodiment, a backbone may
melude a computer vision network on-chip that interconuects a PVA and a DLA 1o memory

{e.g.. using APB).

{01841 In at least one embodiment, a computer vision network on-chip may include an
interface thai determines, before transmussion of any control signal/address/data, that both a
PY A and a DLA provide ready and valid signals. In at least one embodiment, an interface
may provide for separate phases and separate channels for transmitting control
signals/addresses/data, as well as burst-type communications for continuous data transfer. In
at least one embodiment, an interface may comply with International Organization for
Standardization (“ISO™) 26262 or International Electrotechnical Commussion (“IEC™) 61508

standards, although other standards and protocols may be used.
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S {HSS]  In at least one embodiment, one or more of SoC(s} 1004 may inciude a real-time
ray~tracing hardware accelerator. In at least one embodiment, real-timne ray-tracing hardware
accelerator may be used 1o quickly and efficiently deternune positions and extents of objects
{e.¢.. within a world model), to generate real-time visualization simulations, for RADAR
signal inierpretation, for sound propagation synthesis and/or analysis, for stmulation of

10 SONAR systems, for general wave propagation simulation, for comparison to LIDAR data

for purposes of localization and/or other functions, and/or for other uses.

{194 In at least one embodiment, accelerator{s) 1014 can have a wide array of uses for
autonomous driving. In at least one embodiment, a PV A may be used for key processing
stages it ADAS and autonomous vehicles. In at least one embodiment, a PV A’s capabilities
15 are a good maich for algorithmic domains needing predictable processing, at low power and
low latency. In other words, a PV A performs well on semi-dense or dense regular
computation, even on small data sets, which might require predictable run-times with low
latency and low power. In at least one embodiment, such as in vehicle 1000, PV As might be

designed to run classic computer vision algorithms, as thev can be efficient at object

28 detection and operating on inieger math,

fISTT Forexample, according to at least one embodiment of technology, a PVA 1s used (o
perform computer stereo vision. In at least one embodiment. a senu-global matching-based
algorithm mav be used 1n some examples, although this is not intended to be hmuting. In at
least one embodiment, applications for Level 3-5 awtonomous driving use motion

25 estimation/stereo matching on-the~flv {e.g., structure from motion, pedestrian recognition,
fane detection, etc.}). In at least one embodiment, a PY A may perform computer stergo vision

functions on inputs from two monocular cameras.

(IS In at least one embodiment, a PV A may be used to perform dense optical flow. For
example, i at least one embodiment, a PVA could process raw RADAR data (e g, using

30 a4D Fast Fourier Transformj to provide processed RADAR data. In at least one embodiment,

[

a PV A is used for time of flight depth processing, by processing raw time of flight data to

provide processed time of flight data, for example.

[01989]  In at least one embodiment, a DLA may be used to run anv type of network 1o

it

enhance control and driving safety, including for exarople and without hmitation, a neural
35 network that outputs a measure of confidence for each object detection. In at least one

embodiment, confidence may be represented or inferpreted as a probability, or as providing a
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relative “weight” of each detection compared to other detections. In at least one embodiment,
a confidence measure enables a system to make {urther decisions regarding which detections
should be considered as true positive detections rather than false positive detections. In at
least one embodiment, a sysiem may set a threshold value for confidence and consider only
detections exceeding threshold value as true positive detections. In an embodiment in which
an automatic emergency braking ("AER”)} system s used, false positive detections would
cause vehicle to automatically perform emergency braking, which is obviously undesirable.
in at feast one embodiment, highly confident detections may be considered as triggers for
AEB. In at least one embodiment, a DLA may ron a neural network for regressing confidence
value. In at least one embodiment, neural network may take as its input at least some subset
of parameters, such as bounding box dimensions, ground plane estimate obtained {e.g., from
another subsvstem), output from IMU sensor(s) 1066 that correlates with vehicle 1000
orientation, distance, 313 location estimates of object obtained from neural network and/or

other sensors {e.g, LIDAR sensor(s) 1064 or RADAR sensor{s} 1060}, among others.

{32{8  In at least one embodiment, one or more of SoC{(s} 1004 may include data

store{s} 1016 {e.g., memory}. In at least one embodiment, data store{s) 1016 may be on-chip
mernory of SoC({s) 1004, which may store neural networks to be executed on GPU(s) 1008
and/or a DLA. In at least one embodiment, data store{s) 1016 may be large enough in
capacity 1o store multiple instances of neural networks for redundancy and safety. In at least

one embodiment, data storefs) 1016 may comprise L2 or L3 cache(s).

02017 In at least one embodiment, one or more of SoC{s} 1004 may include any number of
processor(s) 1010 {e.g., embedded processors}. In at least one embodiment, processor(s) 1010
may include a boot and power management processor that may be a dedicated processor and
subsysiem to handle boot power and management functions and related security enforcement.
In at least one embodiment, a boot and power management processor may be a part of a boot
sequence of SoC(s} 1004 and may provide runiime power management services. In at least
one embodiment, a boot power and management processor may provide clock and voltage
programmning, assistance in systern low power state transitions, management of SoC{s) 1004
thermals and temperature sensors, and/or management of 8oC(s} 1004 power states. In at
feast one embodiment, each temperature sensor may be implemented as a ring-oscillator
whose output frequency s proportional to temperature, and SoC(s}) 1004 may use
ring-oscillators o detect temperatures of CPU(s) 1006, GPU(s) 1008, and/or

accelerator(s) 1014, In at least one embodiment, if temperatures are determined fo exceed a
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threshold, then a beot and power management processor may enter a temperature fault
routing and put SoC(s} 1004 mio a lower power state and/or put vehicle 1000 into a chauffeur

to safe stop mode (e.g., bring vehicle 1000 10 a safe stop).

J02021 o at least one embodiment, processor{s) 1010 may tfurther include a set of
embedded processors that may serve as an audio processing engine which may be an audio
subsystem that enables full hardware support for mudti-channel audio over multiple
interfaces, and a broad and flexible range of audio VO mterfaces. In at least one embodiment,
an audio processing engine is a dedicated processor core with a digital signal processor with

dedicated RAM.

fUZ03Y  In at least one embodiment, processor(s) 1010 may further include an always-on
processor engine that may provide necessary hardware features to support low power sensot
management and wake use cases. In at least one embodiment, an always-on processor engine
may include, without limitation, a processor core, a tightly coupled RAM, supporting
peripherals {e.g.. imers and interrupt controllers), various 1/0 controlier peripherals, and

routing logic.

{32{]  In at least one embodiment, processor(s} 1010 may further include a safety cluster
enging that mchades, without limitation, a dedicated processor subsystem to handle safety
management for autormotive applications. In at least one embodiment, a safety cluster engine
may include, without linutation, two or more processor cores, a tightly coupled RAM,
support peripherals (e.g , timers, an interrupt controller, etc ), and/or routing logic. In a safety
mode, two Or more cores may operate, in at feast one embodiment, in a lockstep mode and
function as a single core with comparison logic fo detect any differences between their
operanions. In af least one embodiment, processor(s) 1010 may further include a real-time
camera engine that may include, withowt limitation, a dedicated processor subsystem for
handling real-time camera management. In at least one embodiment, processor(s) 1010 may
further include a lugh-dynamic range signal processor that may include, without imitation,
an image signal processor that is a hardware engine that is part of a camera processing

pipeline.

[0203]  In at least one embodiment, processor{s} 1010 may mclude a video image
compositor that may be a processing block {e.g., implemented on a nicroprocessor) that
tmpiements video posi-processing functions negeded by a video playback application to

produce a final image for a plaver window. In at least one embodiment, a video image
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compositor may perform lens distortion correction on wide-view camera{s) 1070, surround
camera(s} 1074, and/or on in-cabin monttoring camera sensor(s). In at least one embodiment,
m-cabin monitoring camera sensor(s) are preferably monitored by a neural network running
on another instance of 80C 1004, configured 1o identify in cabin events and respond
accordingly. In at least one embodiment, an in-cabin system may perform, without limitation,
lip reading o activate cellular service and place a phone call, dictate emails, change a
vehicle’s destination, activate or change a vehicle’s infotainment system and settings, or
provide voice-activated web surfing. In at least one embodiment, certain functions are
available {o a driver when a vehicle is operaiing in an autonomous mode and are disabled

otherwise.

J0208]  In at least one embodiment, a video image compositor may include enhanced
temporal noise reduction for both spaiial and temporal noise reduction. For example, in at
least one embodiment, where motion occurs in a video, noise reduction weights spatial
information appropriately, decreasing weights of information provided by adjacent frames. In
at least one embodiment, where an image or portion of an image does not include motion,
terporal noise reduction performed by video image compostior may use information from a

previous image 1o reduce noise in a current image.

{02071 To at least one embodiment, a video image compositor may also be configured to
perform stereo rectification on 1nput stereo lens frames. In at least one embodiment, a video
image compositor may further be used for user interface composition when an operating
systern desktop 1s in use, and GPU(g) 1008 are not required o continuous!y render new
surfaces. In at least one embodiment, when GPU(s) 1008 are powered on and active doing 3D
rendering, a video image compositor mav be used to offload GPU{s) 1008 1o improve

performance and responsiveness.

f208]  In at least one embodiment, one or more SoC of SoC{s} 1004 may further include a
maobile industry processor mmterface (“MIP”) camera serial mterface for receiving video and

mput from cameras, a high-speed mterface, and/or a video input bock that may be used fora
camera and related pixel input functions. Tn at feast one embodiment, one or more of

SoC(s) 1004 may further include an input/output controlier(s} that may be conirolied by

software and may be used for receiving /0 signals that are uncommitied to a specific role,

{20871 In at least one embodiment, one or more Soc of 50C{s) 1004 may further include a

broad range of peripheral interfaces 1o enable comymunication with peripherals, audio
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encoders/decoders {“codecs™), power management, and/or other devices. In at least one
embodiment, SoC{s} 1004 may be used {o process data from cameras {e.g., connected over
Gigabit Multimedia Serial Link and Ethemet channels), sensors {e.g., LIDAR sensor{s) 1064,
ADAR sensor{s) 1060, gic. that may be connected over Fthernet channels), data from
bus 1002 {e.g., speed of vehicle 1000, steening wheel position, etc.), data from GNSS
sensor{s} 1058 {e.g., connected over a Ethernet bus or a CAN bus), ete. n at least one
embodiment, one or more SoC of SoC(s) 1004 may further include dedicated
high-performance mass storage controllers that may include their own DMA engines, and

that may be used to free CPU(s) 1006 from routine data management tasks.

{IRALE

1 In at least one embodiment, SoC{s) 1004 may be an end~to-end platform with a
flexible architecture that spans automation Levels 3-5, thereby providing a comprehensive
functional safetv architecture that leverages and makes efficient use of compuier vision and
ADAS technigues for diversity and redundancy, and provides a platform for a flexible,
reliable driving software stack, along with deep learning tools. Tn at least one embodiment,
SoC{s) 1004 may be faster, more reliable, and even more energy-efficient and space-efficient
than conventional systems. For example, in at least one embodiment, accelerator{s) 1014,
when combined with CPL{s) 1006, GPU(s) 1008, and data store(s) 1016, may provide for a

fast, efficient platform for Level 3-5 autonomous vehicles.

J028E] 1o at least one embodiment, computer vision algonthms may be executed on CPUs,
which may be configured using a high-level programming language, such as C, 1o execute a
wide vanety of processing algorithms across a wide variety of visual data. However, in at
feast one embodiment, CPUs are oftentimes unable to meet performance requirements of
many computer vision applications, such as those related to execution {ime and power
consumption, for example. In at least one embodiment, many CPUs are unable {0 execute
complex object detection algorithms o real-time, which 1s used in in~vehicle ADAS

applications and in practical Level 3-5 autonomous vehicleas,

Embodiments described herein allow for muitiple neural networks fo be parformed

simultaneously and/or sequentially, and for results (o be combined together to enable

Level 3-5 autonomous driving functionality. For exarople, in at least one embodument, a CNN
executing on a DLA or a discrete GPU {e g, GPU(s} 1020} may include text and word
recognition, allowing reading and wnderstanding of traffic signs, including signs for which a

neusal network has not been specifically trained. In at least one embodiment, a DLA may

i
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further include a neural network that is able to identify, interpret, and provide semantic
understanding of a sign, and to pass that semantic understanding to path planning modules

running on a CPU Complex.

J02831  In at least one embodiment, multiple neural networks may be nun simultaneously, as
for Level 3, 4, or 5 driving. For example, in at least one embodiment, a warning sign stafing
“Caution: Hashing hights indicate icy conditions,” along with an elecinc light, may be
imdependently or collectively interpreted by several neural networks. In at least one
embodiment, such warning sign itself may be identified as a traffic sign by a first deployed
neural network {e.g., a neural network that has been trained), text “flashing bights indicate icy
conditions” may be mterpreted by a second deploved neural network, which informs a
vehicle's path planning sofiware (preferably executing on a CPU Complex) that when
flashing lights are detected, 1cv conditions exist. In af least one embodiment, a flashing light
may be identified by operating a third deployed neural network over multiple frames,
imforming a vehucle’s path-planning software of a presence (or an absence) of flashing lights.
In at least one embodiment, all three neural networks may run simultaneously, such as within

a DBLA and/or on GPU(s) 1008,

{2141 In at least one embodiment, 3 CNN for facial recognition and vehicle owner
wdentification mav use data from camera sensors to 1denttly presence of an authornized driver
and/or owner of vehicle 1000, in at least one embodiment, an always-on sensor processing
engine may be used to unlock a vehicle when an owner approaches a driver door and tums on
hights, and, in a security mode, to disable such vehicle when an owner leaves such vehicle In

this way, 80C (s} 1004 provide for security against theft and/or canjacking.

In at least one embodiment, a UNN for emergency vehicle detection and

identification may use data from microphones 1096 to detect and identify emergency vehicle
sivens. In at least one embodiment, SoC{s} 1004 use a UNN for classifying environmental and
urban sounds, as well as classifying visual data. In at least one embodiment, a NN running
on a LA is trained to identify a relative closing spead of an emergency vehicle (e.g., by
using a Boppler effect). In at least one embodiment, a NN may also be trained {o identify
eroergency vehicles specific to alocal area in which a vehicle is operating, as wdentified by
GNSS sensor{s) 1058, In at least one embodiment, when operating in Europe, a CNN will
seek to detect European sirens, and when in North America, 3 UNN wil seek to identify only

North American sirens. In at least one embodiment, once an emergency vehicle 1s detected, a
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control program may be used (o execute an emergency vehicle safety routine, slowing a
vehicle, pulling over to a side of a road, parking a vehicle, and/or idhing a vehicle, with

assistance of ultrasonic sensor(s) 1062, until emergency vehicles pass.

J02181 1o at least one embodiment, vehicle 1000 mayv include CPU{s) 1018 {e.¢., discrete
CPU(sy, or dCPU(s)). that may be coupled to SoC{s} 1004 via a high-spead interconnect {e.g..
PCle}. In at least one embodiment, CPU(s} 1018 may include an X86 processor, for example.
CPU(s) 1018 may be used to perforr any of a vanety of functions, including arbitrating
potentially inconsistent results between ADAS sensors and 50C({(s) 1004, and/or monitoring
status and health of controlier(s) 1036 and/or an infotamment svstem on a chip

Cinfotainment SoC™) 1030, for example.

{02877 To at least one embodiment, vehucle 1000 may include GPU(s) 1020 {e.g., discrete
GPU(s), or dGPU{s)), that may be coupled to So{{s) 1004 via a high-speed interconnect
{e.g.. NVIBIA s NVLINK channel}. In at least one embodiment, GPU{s} 1020 may provide
additional artficial mielligence functionality, such as by executing redundant and/or different
neural networks, and may be used to train and/or update neural networks based at least in part

on inpit {2.g., sensor data) from sensors of a vehicle 1000.

fUZi8]  In at least one embodiment, vehicle 1000 may further include network

miertace 1024 which may include, without hinutation, wireless antenna(s) 1026 (e.g., one or
maore wirgless antennas for different communication protocols, such as a cellular antenna, a
Bluetooth antenna, etc.). In at feast one embodiment, network interface 1024 may be used to
enable wireless conneclivity to Intemet cloud services {e.g., with server(s} and/or other
network devices), with other vehicles, and/or with computing devices {e.g., chient devices of
passengers). In at least one embodiment, to communicate with other vehicles, a direct link
may be established between vehicle 100 and another vehicle and/or an indirect link may be
established {e.g., across networks and over the Internet). In at least one embodiment, direct
inks may be provided using a vehicle-to-vehicle communication link. In at least one
embodiment, a vehicle-to-vehicle communication link may provide vehicle 1000 information
about vehicles in proximity to vehiele 1000 (e.g., vehicles in front of, on a side of, and/or
behind vehicle 1000}, In at least one embodiment, such aforementioned functionality may be

part of a cooperative adaptive cruise control fimctionality of vehicle 1000

{12191 In at least one embodiment, network interface 1024 may inchude an SoC that

provides modulation and demodidation functionality and enables controller(s) 1036 to
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communicate over wireless networks. In at least one embodiment, network interface 1024
may include a radio frequency front-end for up~-conversion from baseband to radio frequency,
and down conversion from radio frequency o baseband. In at least one embodiment,
frequency conversions may be performed in any technically feasible fashion. For example,
frequency conversions could be performed through well-known processes, and/or using
super-heterodyne processes. In at least one ermnbodiment, radio frequency front end
functionality may be provided by a separate chip. In at least one embodiment, network
inierfaces may include wireless functionality for communicating over LTE, WCDBMA,
UMTS, GSM, CDMA2000, Bluetooth, Blustooth LE, Wi-Fi, Z-Wave, ZigBee, LoRaWAN,

and/or other wireless protocols.

J02261 1o at least one embodiment, vehicle 1000 mav further include data store(s) 1028
which may include, without limitation, off-chip (e.g.. off So{l{s} 1004} storage. In at least one
ermnbodiment, data storefs) 1028 may inchude, without limitation, one or more siorage
elements including RAM, SRAM, dynamic randon-access memory ("DRAM™), video
random-access memory {"VRAM?”), flash memory, hard disks, and/or other components

and/or devices that may store at feast one bit of data.

f2211  In at least one embodiment, vehicle 1000 may further include GNSS sensor{s} 1058
e.g., GPS and/or assisted GPS sensors), to assist in mapping, perception, occupancy grid
generation, and/or path planning functions. In at least one embodiment, any number of GNSS
sensor{s} 1058 may be used, including, for example and without iinitation, a GPS using a

USB connector with an Ethemet-to-Serial {e.g., RS-232) bridge.

{02221 In at least one embodiment, vehicle 1000 may further include RADAR

sensor{s) 1060, In at least one embodiment, RADAR sensor(s} 1060 may be used by

vehicle 1000 for long-range vehicle detection, even in darkness and/or severe weather
conditions. In at least one embodiment, RADAR fumctional safety levels may be ASIL B. In
at least one embodiment, RADAR sensor(s} 1060 may use a CAN bus and/or bus 1002 (e g,
o transmit data generated by RADAR sensor{s) 1060} for control and io access object
tracking data, with access to Ethernet channels to access raw data in some examples. Tn at
leasi one embodiment, a wide varisty of RADAR sensor types may be used. For example,
and without limitation, RADAR sensor{s) 1060 may be switable for front, rear, and side
RADAR use In at least one embodiment, one or more sensor of RADAR sensors{s) 1060 is a

Puise Doppler RADAR sensor.
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{2331 In at least one embodiment, RADAR sensor{s) 1060 may include different
configurations, such as long-range with narrow {ield of view, short-range with wide field of
view, short-range side coverage, etc. In at least one embodiment, long-range RADAR may be
used for adaptive cruise control fimctionality. In at least one embodiment, long-range
RADAR systems may provide a broad field of view realized by two or more independent
scans, such as within a 250 m (meter) range. In at least one embodiment, RADAR

sensor{s} 1060 may help in distinguishing between static and moving objects, and may be
used by ADAS system 1038 for emergency brake assist and forward collision warning. In at
feast one embodiment, sensors 1060(s) included in a long-range RADAR system may
mnclude, without limitation, monostatic multimodal RADAR with multiple (e.g., six or more)
fixed RADAR antennae and a high-speed CAN and FlexRay interface. In at least one
ermnbodiment, with six aniennae, a central four antennae may create a focused beam pattem,
designed to record vehicle’s 1000 surroundings at hugher speeds with nunumal interference
from traffic in adjacent lanes. In at least one embodiment, another two antennae may expand
field of view, making it possible to quickly detect vehicles entering or leaving a lane of

vehicle 1000,

{02241 To at least one embodiment, nud-range RADAR systerns may include, as an
exampie, a range of up to 160 m (front) or 80 m (rear), and a field of view of up 1o 42 degrees
{front} or 150 degrees {rear). In at least one embodiment, short-range RADAR sysiems may
include, without limiiation, any number of RADAR sensor{s) 1060 designed to be installed at
both ends of a rear bumper. When nstalled at both ends of a rear bumper, 1u at least one
embodiment, 2 RADAR sensor system may create two beams that constantly monttor blind
spots in g rear direction and next {0 a vehicle. In at least one embodiment, short-range
RADAR sysiems may be used in ADAS systern 1038 for blind spot detection and/or lane

change assist,

j02257  In at least one embodiment, velucle 1000 may further include ultrasomnic

sensor{s}) 1062. In at least one embodiment, ultrasonic sensor(s) 1062, which may be
positioned at a front, a back, and/or side location of vehicle 1000, may be used for parking
assist and/or to create and update an occupancy grid. In at least one embodiment, a wide
variety of uitrasonic sensor(s} 1062 may be used, and different ultrasonic sensor{s) 1062 may
be used for different ranges of detection {e.g., 2.5 m, 4 m}. In at least one embodiment,

ultrasonic sensot{s) 1062 may operate at functional safety levels of ASIL B.
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{234]  In at least one embodiment, vehicle 1000 may include LIDAR sensor{s) 1064, In at
teast one embodiment, LIDAR sensor(s} 1064 mav be used for object and pedestrian
detection, emergency braking, collision avoidance, and/or other functions. In at least one
embodiment, LIDAR sensor(s) 1064 may operate at functional safety level ASIL B. In at
least one embodiment, vehicle 1000 may include multiple LIDAR sensors 1064 {e.g., two,
four, six, efc.} that may use an Fthemet channel {e. g., 1o provide data to a Gigabit Fthemet

switch}.

{2271 In at least one embodiment, LIDAR sensor(s} 1064 may be capable of providing a
tist of objects and their distances for a 360-degree field of view. In at least one embodiment,
conmruercially avatlable LIDAR sensor(s) 1064 may have an advertised range of
approximately 100 m, with an accuracy of 2 ¢m to 3 cm, and with support for a 100 Mbps
Ethernet connection, for example. In at least one embodiment, one or more non-protruding
LI AR sensors may be used. In such an embodiment, LIDAR sensor{s) 1064 may include a
small device that mav be embedded mio a front, a rear, a side, and/or a comer location of
vehicle 1000 In at least one embodiment, LIDAR sensor{(s} 1064, in such an embodiment,
may provide up to a 120-degree horizontal and 35-degree vertical field-of-view, with a 200 m
range even for low-retlectivity objects. To at least one embodiment, front-mounted LIDAR
sensor{s} 1064 may be configured for a honizontal field of view between 45 degrees and 135

degrees.

JO2281  In at least one embodiment, LIDAR technologies, such as 3D flash LIDAR, may
also be used. In at least one embodiment, 3D flash LYDAR uses aflash of a laser as a
transmission source, to tlluminate surroundings of vehicle 1000 up to approximately 200 m.
in at feast one embodiment, a flash LIDAR unit includes, without imitation, a receptor,
which records laser pulse transit ime and reflected light on each pixel, which in tum
corresponds to a range from vehicle 1000 to objects. In at least one embodiment, flash
LIDAR may allow for highly accurate and distortion-free images of surroundings to be
cenerated with every laser flash. In at least one embodiment, four flash LIDAR sensors may
be deploved, one at each side of vehicle 1000. In at least one embodiment, 3D flash LIDAR
systems include, without linutation, a solid-state 3D staring array LIDAR camera with no
moving parts other than a fan {e.g., a non-scanning LIDAR device). In at least one
embodiment, flash LIDAR device may use a 5 nanosecond ¢lass T {eve-safe) laser pulse per
frame and may capture reflected laser light as a 3D range point cloud and co-registered

intensity data.
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{23%]  In at least one embodiment, vehicle 1000 may further include IMU sensor(s} 1066,
In at feast one embodiment, IMU sensor(s) 1066 may be located at a center of a rear axle of
vehicle 1000, In at least one embodiment, IMU sensor(s) 1066 may include, for example and
without limitation, accelerometer(s), magnetometer{s), gyroscope(s), a magnetic compass,
magnetic compasses, and/or other sensor types. In at least one embodiment, such as in
six~axis applications, IMU sensor{s) 1066 may nclude, without limitation, accelerometers
and gvroscopes. In at least one embodiment, such as in nine-axis applications, IMU
sensor(s} 1066 may include, without imitation, accelerometers, gvroscopes, and

magnetometers.

{2347 1o at least one embodiment, IMU sensor(s) 1066 may be implemented as a
miriature, high performance GPS-Aided Inertial Navigation System ("GPS/INS™) that
combines micro-electro-mechanical systems {(“MEMS™) inertial sensors, a high-sensitivity
GPS receiver, and advanced Kalman filtering algorithios to provide estimates of position,
velocity, and attitude. To at least one embodiment, IMU sensor(s) 1066 may enable

vehicle 1000 to estimate its heading without requiring input from a magnetic sensor by
directly observing and correlating changes in velocity from a GPS to TMU sensor(s} 1066. In
at least one embodiment, IMU sensor(s) 1066 and GNSS sensor(s} 1058 may be combimed in

a single infegrated umt.

J02311 1o at least one embodiment, vehicle 1000 may include nucrophone(s) 1096 placed in
and/or around vehicle 1000, In at least one embodiment, microphone{s) 1096 may be used for

eruergency vehicle detection and identification, arnong other thangs.

{02321 In at least one embodiment, vehicle 1000 may further include any number of camera
types, including stereo camera{s) 1068, wide-view camera(s} 1070, infrared camera(s) 1072,
surround camera{s) 1074, long-range camera(s} 1098, mid-range camerafs) 1076, and/or
other camera types. In at least one embodiment, cameras may be used (o capture image data
around an entire periphery of vehicle 1000, In at least one embodiment, which types of
cameras used depends on vehicle 1000 In at least one embodiment, any combination of
camera types may be used {0 provide necessary coverage around vehicle 1000, In at least one
erobodiment, a number of cameras deploved may differ depending on embodiment. For
exampie, in at least one embodiment, vehicle 1006 could include six cameras, seven cameras,
ten cameras, twelve cameras, or another number of cameras. In at least one embodiment,

cameras may support, as an example and without Emitation, Gigabit Multimedia Serial Link
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(“GMSBL”) and/or Gigabit Ethemet communications. In at least one embodiment, each
camera might be as described with more detail previously herein with respect (o FIG. 104

and FIG. 10B.

{02331 In at least one embodiment, velucle 1000 may further include vibration

sensor{s) 1042, In at feast one embodiment, vibration sensor(s) 1442 may measure vibrations
of components of vehicle 1000, such as axle(s). For example, in at least one embodiment,
changes m vibrations may indicate a change in road surfaces. o at least one embodiment,
when two or more vibration sensors 1042 are used, differences between vibrations may be
used to determine friction or slippage of road surface (e.g., when a difference in vibration s

etween a power-driven axle and a {reely rotating axle).

{02347 1o at least one embodiment, vehucle 1000 may include ADAS system 1038 Inat
feast one embodiment, ADAS system 1038 may include, without limitation, an SoC, in some
exampies. In at least one embodiment, ADAS system 1038 may include, withowt limitation,
any number and combination of an aulonomous/adaptive/automatic cruse control (CFACC™)
system, a cooperative adaptive cruise conirol ("CACC”) system, a forward crash warning
(“FCW™) system, an automatic emergency braking ("AEB”) sysiem, a lane departure warning
CLDWY system, alane keep assist ("LKA”) system, a blind spot waming ("BSW™) system,
a rear cross~-traffic waming (RCTW™) system, a collision waming ("CW”) system, a lane

centering (“LC7) system, and/or other svstems, features, and/or functionality.

J02331  In at least one embodiment, ACC system may use RADAR sensor{s) 1060, LIDAR
sensor{s} 1064, and/or any number of camera(s). In at least one embodiment, ACC systermn
may nclude a longitudinal ACC systern and/or a lateral ACC system In at least one
embodiment, a longitudinal ACC system monitors and controls distance to another vehicle
nmmediaiely ahead of vehicle 1000 and automatically adjusts speed of vehicle 1600 to
maintamn a safe distance from vehicles ahead. In at least one embodiment, a lateral ACC
system performs distance keeping. and advises vehicle 1000 to change lanes when necessary.
In at least one embodiment, a lateral ACC is related to other ADAS applications, such as LC

and CW.

[0236]  In at least one embodiment, a CACC system uses information from other vehicles
that may be recetved via network interface 1024 and/or wireless antenna(s) 1026 from other
vehicles via a wireless link, or indirectly, over a network connection {e.g., over the Intermet).

In at least one embodiment, direct hinks may be provided by a vehicle-lo-vehicle ("V2V™}
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S communication link, while indirect links may be provided by an infrastructure-to-vehicle
(12V7y communication link. In general, V2V conmmumication provides information about
ininediately preceding vehicles (e g.. vehicles immediately ahead of and in same lane as
vehicle 1000), while 12V communication provides information about traffic further ahead. In
at least one embodiment, a CACC system may include etther or both 12V and V2V

10 mformation sources. In at least one ernbodiment, given information of vehicles ahead of
vehicle 1000, a CACC system may be more reliable and it has potential to improve traffic

flow smoothness and reduce congestion on road.

{12371 In at least one embodiment, an FCW system is designed to alert a driver to a hazard,
s that such driver may take corrective action. In at least one embodiment, an FCW svstem
15 wuses a front-facing camera and/or RADAR sensor(s) 1060, coupled to a dedicated processor,
DSP, FPGA, and/or ASIC, that is electrically coupled to provide driver feedback, suchas a
display, speaker, and/or vibrating component. In at least one embodiment, an FCW system
may provide a warning, such as o form of a sound, visual warmng, vibration and/or a quick

brake pulse.

20 {{¥33]  In at least one embodiment, an AEB system detects an impending forward collision
with another vehicle or other object, and may automatically apply brakes if a drniver does not
take corrective action within a specified time or distance parameter. In at least one
embodiment, AEB system mav use front-facing camera{s) and/or RADAR sensor{s) 1060,
coupled 1o a dedicated processor, DSP, FPGA, and/or ASIC. In at least one embodiment,

25 when an AEB system detects a harard, 1t will tvprcally Girst alert a driver to take corrective
action to avoid collision and, if that driver does not take corrective action, that AEB svstem
may automatically apply brakes in an effort to prevent, or at least mitigate, an impact of a
predicted collision. In at least one embodiment, an AEB system may include technigues such

as dynamic brake support and/or crash imminent braking.

30 162397 In at least one embodiment, an LDW system provides visual, andible, and/or tactile

[

wamnings, such as steering wheei or seat vibrations, to alert driver when vehicle 1000 crosses
fane markings. In at least one embodiment, an LDW sysiem does not activate when a driver
indicates an mitentional lane departure, such as by activating a turm signal. In at least one
embodiment, an LDW system may use front-side facing cameras, coupled to a dedicated

35  processor, DSP, FPGA, and/or ASIC, that is electrically coupled to provide driver feadback,

such as 3 display, speaker, and/or vibrating component. In at least one embodiment, an LKA
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system is a variation of an LDW system. In at ieast one embodiment, an LKA system
provides steering input or braking to correct vehicle 1000 if vehicle 1000 starts to exit its

fane.

j02467  In at least one embodiment, a BSW system detects and warns a driver of vehicles in
an automobile’s blind spot. In at least one embodiment, a BSW system may provide a visual,
audible, and/or tactile alert to indicate that merging or changing lanes 13 unsafle. Tn at least
one emboditoent, a BSW system may provide an additional warning when a driver uses a turn
signal. In at least one embodiment, a BSW system may use rear-side facing camera(s) and/or
RADAR sensor(s) 1060, coupled io a dedicated processor, D8P, FPGA, and/or ASIC, that is
elecincally coupled to driver feedback, such as a display, speaker, and/or vibrating

component.

j02411 o at least one embodiment, an RCTW system may provide visual, audible, and/or
tactile notification when an object is detected outside a rear-camera range when vehicle 1000
is backing up. In at least one embodiment, an RCTW system includes an AEB sysiem to
ensure that vehicle brakes are applied to avoid a crash. In at least one embodiment, an RCTW
system mav use one or more rear-facing RADAR sensor(s} 1060, coupled to a dedicated
processor, DSP, FPGA, and/or ASIC, that is electrically coupled to provide driver feedback,

such ag a display, speaker, and/or vibrating component.

{02421 1o at least one embodiment, conventional ADAS systems may be prone to faise
positive results which may be annoying and distracting o a driver, but typically are not
catastrophic, because conventional ADAS systems alert a driver and allow that driver to
decide whether a safety condition truly exists and act accordingly. In at least one
embodiment, vehicle 1000 itself decides, in case of conflicting resulis, whether to heed result
from a primary computer or a secondary computer (2.g., a first controller or a second
controller of controllers 1036). For example, in at least one embodiment, ADAS system 1038
may be a backup and/or secondary computer for providing perception information to a
backup computer rationatity module. In at feast one embodiment, a backup computer
rationality monitor may run redundant diverse software on hardware components to detect
faults 1 perception and dynanue driving tasks. In at least one embodiment, outputs from
ADAS system 1038 may be provided to a supervisory MCU. In at least one embodiment, 1if
outputs from a primary compuier and outputs from a secondary computer conflict, a

sapervisory MCU determines how to reconcile conflict to ensure safe operation.
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{2431 In atf least one embodiment, a primary compniter may be configured to provide a
sapervisory MCU with a confidence score, indicating that privnary computer’s confidence in
a chosen result. In at least one embodiment, 1f that confidence score exceeds a threshold, that
supervisory MCU may follow that primary computer’s direction, regardiess of whether that
secondary computer provides a conflicting or inconsistent result. In at least one embodiment,
where a confidence score does not meet a threshold, and where primary and secondary
computers indicate different results (e g.. a conflict), a supervisorv MCU may arbitrate

between computers to defermineg an appropriate outcome,

{1244]  In at least one embodiment, a supervisory MCU may be configured to run a neural

etwork(s) that 1s trained and configured to determine, based at least in part on outputs from a
primary computer and outputs from a secondary computer, conditions under which that
secondary computer provides false alarms. In at least one embodiment, neural network{s} in a
supervisory MCU may learn when a secondary computer’s output may be {rusted, and when
it cannol. For example, 1o at least one embodiment, when that secondary computeris a
RADAR-based FOUW system, a neural network(s) in that supervisory MCU may learn when
an FCW systern 1s identifyving metallic objects that are not, in fact, hazards, such as a
drainage grate or roanhole cover that triggers an alarm. In at least one embodiment, when a
secondary compiter is a camera-based LDW system, a neural network in a supervisory MCU
may learn 1o override LDW when bicyclisis or pedestrians are present and a lane departure is,
in {act, a safest maneuver. In at least one embodiment, a supervisory MCU may include al
leasi one of a DL A or a GPU suitable for running neural network{s) with associated memory.
In at least one embodiment, a supervisory MCU may compnse and/or be included as a

component of SoC(s} 1004,

{12481 Tn at least one embodiment, ADAS system 1038 may include a secondary computer
that performs ADAS functionality using traditional rules of computer vision. fu at least one
embodiment, that secondary computer may use classic compirter vision rules {if~then), and
presence of a neural network(s) in a supervisory MCU may improve reliability, safety and
performance. For example, in at least one embodiment, diverse irmoplementation and
mitentional non-identity makes an overall systen more fault-tolerant, especially to faults
caused by software {or software-hardware interface) functionality. For example, in af least
one embodiment, it there i3 a software bug or error 1o software nmning on a primary
computer, and non-identical sofiware code running on a secondary cornputer provides a

consistent overall result, then a supervisory MCU may have greater confidence that an overall

)
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reswlt is correct, and a bug in sofiware or hardware on that primary compuler is not causing a

material error.

{02467 In at least one embodiment, an ouiput of ADAS system 1038 may be fedinto a
primary computer’s perception block and/or a primary computer’s dyvnamic driving task
block. For example, in at least one embodiment, if ADAS system 1038 indicates a forward
crash waming due to an object immediately ahead, a perception block may use this
mformation when wdentifying objects. To at least one embodiment, a secondary computer may
have its own neural network that is trained and thus reduces a risk of false positives, as

described herein.

{2477 In at least one embodiment, vehicle 1000 may further include infotainment

Sol 10306 {e.g., an 1n~vehicle infolainment system (IVI)). Although illustrated and described
as an SoC, infotamment system SoC 1030, n at least one embodiment, may not be an So(’,
and may include, without linutation, two or more discrete components. In at least one
ernbodiment, infotainment SoC 1030 may include, without hmitation, a combination of
hardware and software that mav be used {0 provide audio {e.g , music, a personal digital
assistant, navigational instructions, news, radio, etc.}, video {e.g., TV, movies, sireaming,
gic.}), phone (¢.g., hands-free calling), network connectivity (e.g., LTE, WiFi, gic}, and/or
mformation services {e.g., navigation systems, rear-parking assistance, aradio data system,
vehicle related information such as fuel level, total distance covered, brake fuel level, oil
tevel, door open/close, air filter information, etc ) to vehicle 1000. For example, infotainment
SoC 1036 could nclude radios, disk players, navigation systerns, video plavers, USB and
Bluetooth connectivity, carputers, in-car enteriainment, WiFi, steering wheel audio controls,
hands free voice control, a heads-up display ("HUD™), HMI display 1034, a telematics
device, a control panel {(e.g., for controlling and/or interacting with various components,
features, and/or systems), and/or other components. To at least one embodiment, imfotainment
Soll 1030 mav further be used 1o provide information {e.g, visual and/or audible) to user{(s)
of vehicle 1000, such as information from ADAS system 1038, auvtonomous driving
imformation such as planned vehicle maneuvers, trajectories, surrounding environyoent
mformation {e. g , intersection information, vehicle information, road information, etc.},

and/or other information.

{1248]  In at least one embodiment, infotainment SoC 1030 may include any amount and

*i

tvpe of GPU functionahty. In at least one embodiment, infotaimment SoC 1030 may
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5 communicate over bus 1002 with other devices, systems, and/or components of vehicle 1000.
In at teast one embodiment, infotainment SoC 1030 mav be coupled to a supervisory MCU
such that a GPU of an infotainment system may perform some self-driving functions in event
that primary controller{s) 1036 {e.g., primary and/or backup computers of vehicle 1000) fal.
In at least one embodiment, ifotainment SoC 1030 may put vehicle 1000 into a chauffeur to

10 safe stop mode, as described herein,

{49 In at least one embodument, vehicle 1000 may further include instrument
cluster 1032 {(e.g., a digital dash, an elecironic instrument cluster, a digital instrument panel,
gic.). In at least one embodiment, instrament cluster 1032 may include, without hmilation, a
controlier and/or supercompuier {e.g., a discrete controller or supercomputer). o at least one
15  embodiment, instrument cluster 1032 may include, without imitation, any number and
combination of a set of instrumentation such as a speedometer, fuel level, o1l pressure,
iachometer, odometer, tum indicators, gearshift posttion indicator, seat belt warning light(s),
parking-brake warming light{s), engine-maltfunction ighi(s), supplemenial restrami system
{e.g., airbag) information, lighting controls, safety system controls, navigation information,
20 elc. In some examples, information may be displaved and/or shared among infotainment
SoC 1030 and mstrument cluster 1032, In at least one ersbodiment, instrument cluster 1032

may be included as part of infotainment SoC 1030, or vice versa.

{02307 Inference and/or fraining logic 715 are used to perform mnferencing and/or training

operations associated with one or more embodimenis. Details regarding inference and/or

[
A

raining logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or tratming logic 715 may be used i system FIG. 10C for
mnferencing or predicting operations based, at least in part, on weight parameters calculated
using neuwral network training operations, neural network functions and/or architectures, or

cural network use cases described herein.

(8]
P
e

{0251 FIG 10D 1s a diagram of a system for commumication between cloud-based
server(s} and autonomous vehicle 1000 of FIG. 104, according to at least one embodiment.
In at least one embodiment, sysiem may include, without limitation, server{(s) 1078,
network(s) 1090, and any number and tvpe of vehicles, including vehicle 1000, In at least one
embodiment, server(s) 1078 may include, withowt limitation, a plurality of

35  GPUs 1084{A)-1084(H) {collectively referred io herein as GPls 1084}, PUle

awitches 10R2{A}-1082{D) (collectively referred to heretn as PCle switches 1082}, and/or

o8
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CPUs 1080{A3-1080(B) (collectively referred to herein as CPUs 1080). In at least one
embodiment, GPUs 1084, CPUs 1080, and PCle switches 1082 may be interconnected with
high-~speed interconnects such as, for example and without linutation, NVLink

mterfaces 1088 developed by NVIDIA and/or PCle connections 1086. In at least one
embodiment, GPUs 1084 are connected via an NV Link and/or NV Swiich SoC and

GPUs 1084 and PCle switches 1082 are connected via PCle interconnecis. Although eight
GPUs 1084, two CPUs 1080, and four PCle switches 1082 are illustrated, this is not intended
to be mifing. In at least one embodiment, each of server(s} 1078 may include, without
hmatation, any number of GPUs 1084, CPUs 1080, and/or PCle switches 1082, in any
combination. For example, in at least one embodiment, server(s} 1078 could each include

eight, sixteen, thirty-two, and/or more GPUs 1084,

JO2321  In at least one embodiment, server(s) 1078 may receive, over network(s} 1090 and
from vehicles, image data represeniative of images showing unexpected or changed road
conditions, such as recently comunenced road-work. In at least one embodiment,

server(s) 1078 mav transmit, over network(s) 1090 and to vehicles, neural networks 1092,
updated or otherwise, and/or map information 1094, including, without limitation,
mformation regarding traffic and road conditions. In at least one embodiment, updates to map
mformation 1094 may mnclude, without Himitation, updates for HD map 1022, such as
imformation regarding consiruction sites, potholes, detours, flooding, and/or other
obsiructions. In at least one embodiment, neural networks 1092, and/or map

information 1094 may have resulied from new traiming and/or experiences represented in data
received from any number of vehicles in an environment, and/or based at least in part on

training performed at a data center {e.g., using server(s) 1078 and/or other servers).

{12831 Tu at least one embodiment, server(s) 1078 may be used to tramn machine leaming
models {e.g., neural networks) based at least in part on traming data. In at least one
embodiment, training data mav be generated by vehicles, and/or may be generated in a
sinmilation {e.g., using a game engine). In at least one embodiment, any amownt of training
data is tagged {e.g., where associaled neural network benefits from supervised leaming)
and/or undergoes other pre-processing. In at least one embodiment, any amount of training
data is not tagged and/or pre-processed {e.g., where associaled neural network does not
require supervised leaming). In at least one embodiment, once machine leaming models are

tratned, machine learning models mav be used by vehicles {e.g , transnutied to vehicles over
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network(s) 1090), and/or machine learning models may be used by server(s} 107€ to remotely

monitor vehicles.

{02841 1o at least one embodiment, server(s) 1078 may receive data from vehicles and
apply data to up-to-date real-time neural networks for real-time intelligent inferencing. Inat
least one embodiment, server{s) 1078 may include desp-learning supercomputers and/or
dedicated Al computers powered by GPU(s} 1084, such as a BDGX and DGX Station
machines developed by NVIDIA. However, in at least one embodiment, server(s) 1078 may

mnclude deep leaming infrastructure that uses CPU-powered data centers.

{IZ33]  In at least one embodiment, deep-learning infrastructure of server(s) 1478 may be
capable of fasi, real-time inferencing, and may use that capability {0 evaluate and venify
health of processors, software, and/or associated hardware in vehicle 1000, For example, 1 at
teast one embodiment, deep-learning infrastructure may receive periodic updates from
vehicle 1000, such as a sequence of images and/or objects that vehicle 1004 has located in
that sequence of 1mages {e.g., via computer vision and/or other machine learning object
classification techniques). In at least one embodiment, deep-leaming infrastructure may run
its own neural network to identify objects and compare them with objects identified by
vehicle 1000 and, if results do not maich and deep-learning infrastruchure concludes that Al
i vehicle 1000 15 roalfunctioning, then server(s) 1078 may transmit a signal to vehucle 1000
mstructing a fail-safe computer of vehicle 1000 fo assume control, notify passengers, and

complete a safe parking manguver.

{02361 In at least one embodiment, server(s) 1078 may include GPU{s) 1084 and one or
more programmable inference accelerators (e.g, NVIMA’s TensorRT 3 devices). To at least
one embodiment, a combination of GPU-powered servers and inference acceleration may
make real-time responsiveness possible. In at least one embodiment, such as where
performance 1s less critical, servers powered by CPUs, FPGAs, and other processors may be
used for inferencing. In at least one embodiment, hardware structure(s) 715 are used to
perform one or more embodiments. Details regarding hardware structure{x} 713 are provided

herein in conjunchion with FIGS, 7A and/or 7B,

[O2577  In at least one embodiment, one or more sysiems depicted in FIGS. 10A-10D are
utitlized to implerment a systern for action recognition as described in connection with FIGS. 1
- 6. In at least one embodiment, one or more svstems depicted in FIGS. 10A-10D are utilized

to perform one or more quantization and pruning processes on one or more neural networks,
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in at least one embodiment, one or more systems depicted in FIGS. 10A-10D are utihized to
perform action recognition using a hardware accelerator and/or one or more neural networks

procassed through one or more quantization and pruning processes.

COMPUTER SYSTEMS

JO23&1  FIG. 11 is a block diagram illustrating an exemplary computer system, which may
be a system with interconnected devices and components, a svstem-on-a~chip (8OC) or some
combination thereof formed with a processor that may include execution units (o execuie an
mstruction, according to at least one embodiment. In at least one embodiment, a computer
system 1100 may include, without limitation, a component, such as a processor 1102 to
employ execution units inchuding logic to perform algorithms for process data, in accordance
with present disclosure, such as in embodiment described herein. In at least one embodiment,
computer system 1100 may include processors, such as PENTIUM® Processor family,
Xeon™ Htamum®, XScale™ and/or StrongARM™, Intel® Core™, or Intel® Nervana™
microprocessors available from Tntel Corporation of Santa Clara, Califomia, although other
systems (including PCs having other microprocessors, engineering workstations, set-top
boxes and like} may also be used. In at least one embodiment, computer system 1100 may

execute a version of WINDOWS operating svstem avadable from Microsoft Corporation of

J

Redmond, Wash., although other operating systems {UNIX and Linux, for example},

embedded software, and/or graphical user interfaces, may also be used.

J023%7  Embodiments may be used in other devices such as handheld devices and embedded
applications. Some examples of handheld devices include cellular phones, Internet Protocol
davices, digital cameras, personal digital assistants ("PDAS™), and handheld PCs. In at least
one embodiment, embedded applications may include a microconirolier, a digital signal
processor ("DSPY, sysiem on a chip, network computers ("NetPCs™), set-top boxes, network
hubs, wide area network ("WAN") switches, or anv other systern that may perform one or

more instructions in accordance with at least one embodiment.

J02601  In at least one embodiment, computer system 1160 may include, without himmtation,
processor 1102 that way imclude, without limitation, one or more execution units 1108 (o
perform machine learmang model fraiming and/or inferencing according to techniques
described herein. in at least one embodiment, computer system 1100 is a single processor
deskiop or server system, but in ancther embodiment, computer system 1100 may be a

multiprocessor systern. In at least one embodiment, processor 1102 may inchude, without
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fimitation, a complex insiruciion set computer (“CISC™} microprocessor, a reduced
mstruction sel compuding (RISC”)Y microprocessor, a very long nstruction word ("VLIW™)
IICTOPTOCEsSOT, a processor implementing a combination of instruction sets, or any other
processor device, such as a digiial signal processor, for example. In at least one embodiment,
processor 1102 may be coupled to a processor bus 1110 that may transmit data signals

between processor 1102 and other components 1 computer system 1100,

{32611 In at least one embodiment, processor 1102 may melude, without limitation, a
Level 1 ("L17) internal cache memory (“cache™} 1104, In at least one embodiment,
processor 1102 may have a single internal cache or multiple levels of internal cache. Tn at
teast one embodiment, cache memory may reside external to processor 1102, Other
embodiments may also include a combination of both intemal and external caches depending
on particular implementation and needs. In at least one embodiment, a register file 1106 may
store different types of data in various registers including, without limitation, integer

registers, floating point registers, status registers, and ap jostruchion poinier register.

{32621 In at least one embodiment, execution unit 1108, including, without limitation, logic
to perform integer and floating point operations, also resides in processor 1102, In at least
one embodiment, processor 1102 may also inchude a microcode (Cucode”™) read only memory
{("ROM”) that stores mucrocode for cerfain macro instructions. In at feast one embodiment,
execution wut 1108 may include logic to handle a packed mstruction set 1109, In at least one
embodiment, by including packed instruction set 1109 in an instruction set of a
general-purpose processor, along with associated circuiry o execute mstructions, operations
used by many multimedia applications may be performed using packed data in

processor 1102, In atf least one embodiment, many multimedia applications may be
accelerated and executed more efficiently by using a full width of a processor’s data bus for
performing operations on packed data, which may elinunate a need (o transfer smalier units
of data across that processor’s data bus {o perform one or more opearations one data element at

atime.

¥

(02837 In at least one embodiment, execution unit 1108 may also be used in
microcontrollers, embedded processors, graphics devices, DSPs, and other types of logie
circuits. In at least one embodiment, computer system 1100 may include, without hnutation,
amemory 1120, In at least one embodiment, memory 1120 may be a Dynamic Random

Access Memory (“DRAM”} device, a Static Random Access Memory {(“SRAM”} device, a
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flash memory device, or another memory device. In at least one embodiment, memory 1120
may store instruction{s) 1119 and/or data 1121 represented by data signals that may be

executed by processor 1102

j02041  In at least one embodiment, a system logic chip may be coupled to processor

bus 1110 and memory 1120, In at least one embodiment, a svstem logic chip may include,
without limitation, a memory controller hub ("MCH™) 1116, and processor 1102 may
commurcate with MCH 1116 via processor bus 1110 In at least one embodument,

MCH 1116 may provide a high bandwidth memory path 1118 to memory 1120 for instruction
and data storage and for storage of graphics commands, data and textures. In at least one
embodiment, MCH 1116 may direct data signals between processor 1102, memory 1120, and
other components in computer sysiem 1100 and to bridge data signals between processor

bus 1110, memory 1120, and a system /O interface 1122, In at least one embodiment, a
system logic chip may provide a graphics port for coupling to a graphics controlier. In at least
one embodiroert, MCH 1116 may be coupled to memory 1120 through high bandwidth
memory path 1118 and a graphics/video card 1112 may be coupled to MCH 1116 through an

Accelerated Graphics Port (“AGP”) interconnect 1114,

fU2631  In at least one embodiment, compulder system 1100 may use system 1/O

miertace 1122 as a proprietary hub interface bus to couple MCH 1116 to an /O controller
hub (“ICH™) 1130, In at least one embodiment, HCH 1130 may provide direct connections to
some /O devices via alocal /O bus. In at least one embodiment, a local /O bus may
imclude, without limatation, a high~speed /O bus for conmecting peripherals to memory 1120,
a chipset, and processor 1102, Examples may include, without limitation, an audio

controfler 1129, a firmware hub (“flash BEO8™) 1128, a wireless transceiver 1126, adata
storage 1124, alegacy VO controller 1123 containing user mput and keyboard

miertaces 1125, a senal expansion port 1127, such as a Uraversal Senal Bus ("USB”) port,
and a network controller 1134, In at least one embodiment, data storage 1124 may comprise a
hard disk drive, a floppy disk drive, a CB-ROM device, a flash memaory device, or other mass
storage device.

[0266]  In at least one embodiment, FIG. 11 illustrates a system, which includes
miterconnected hardware devices or “chips”, whereas in other embodiments, FIG. 11 may
tHustrate an exemplary SoC. In at least one embodiment, devices illustrated in FIG. 11 may

be mnterconnected with proprietary interconnects, standardized interconnects (e.g., PCle or
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some combination thereof. In at least one embodiment, one or more components of computer

system 1100 are interconnected using compute express link (CXL) interconnects.

{02677 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or training logic 715 may be used in system FIG. 1 for
imferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network training operations, neural network functions and/or architectures, or
neural network use cases described herein.

{12681 Tn at least one embodiment, one or more systems depicted tn FIG. 11 are utilized to
mplement a svstem for action recognition as described 1 connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 11 are utihized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 11 are utilized to perforro action

recognition using a hardware accelerator and/or one or more newral networks processed

through one or more quantization and pruning processes.

fiid

WY FIG. 1215 a block diagram ilusirating an electronic device 1200 for utilizing a
processor 1210, according fo at least one embodiment. In at least one embodiment, electromic
evice 1200 may be, for example and without linutation, a notebook, a tower server, a rack

server, a blade server, a lapiop, a deskiop, a tablet, a mobile device, a phone, an embedded

compuier, or any other suitable electronic device.

[0270]  In at least one embodiment, electronic device 1200 may include, without limitation,
processor 1210 communicatively coupled to any suitable number or kind of components,
peripherals, modules, or devices. In at least one embodiment, processor 1210 is coupled using
a bus or interface, such as a I°C bus, a Svstem Management Bus ("SMBus™), a Low Pin
Count {LPC) bus, a Senal Peripheral Tnterface (“SPI™), a High Definition Audio ("HDA™)
bus, a Senal Advance Technology Attachment ("SATA™} bus, a Umiversal Seral Bus
{“USB7y{versions 1, 2, 3, etc.), or a Umversal Asynchronous Receiver/Transmitter
CUART”) bus. Inn at least one embodiment, FIG. 17 illusirates a system, which mcludes
iterconnected hardware devices or “chips”, whereas in other embodiments, FIG. 12 may
tHustrate an exemplary SoC. In at least one embodiment, devices illustrated in FIG. 12 may

be mnterconnected with proprietary interconnects, standardized interconnects (e.g., PCle or
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5 some combination thereof In at least one embodiment, one or more components of FIG. 12

are inferconnected using compute express link (CXL) mterconnects.

{02711 1o atleast one embodiment, FIG. 12 mayv nclude a display 1224, atouch
screen 1225, a touch pad 1230, g Near Field Communications unit {'NF{C”) 1245, a sensor
hub 1240, a thermal sensor 1246, an Express Chipset ("B{C7) 1233, a Trusted Platform

10 Module ("TPM7) 1238, BIOS/firmware/flash memory (“BIOS, FW Flash™ 1222, a
DSP 1260, a drive 1220 such as a Solid State Disk ("SSD7) or a Hard Disk Drive ("HDD™), a
wireless local area network unit ("WLAN} 1250, a Bluetooth unit 1252, a Wireless Wide
Area Network unit ( "WWANTY 1256, a Global Positioning System (GPS) unit 1255, a
camera {USB 3.0 camera”) 1254 such as a USB 3.0 camera, and/or a Low Power Double

15 Data Rate ("LPDDR™) memory unit (C'LPDDR37) 1215 implemented 1n, for example, an

LPDDR3 standard. These components may each be implemented in any suitable manner.

J02721  In at least one embodiment, other components may be commmumicatively coupled {o
processor 1210 through components described herein. Tuo at least one embodiment, an
accelerometer 1241, an ambient light sensor ("ALS”) 1242, a compass 1243, and a
20 gyroscope 1244 mav be communicatively coupled to sensor hub 1240, In at least one
embodiment, a thermal sensor 1239, afan 1237, a keyboard 1236, and touch pad 1230 may
e commmumicatively coupled to BEC 1235, In at least one embodiment, speakers 1263,
eadphones 1264, and a microphone (“mic™) 1265 may be communicatively coupled o an
audio wt (“audio codec and class B amp ™} 1262, which may in turn be communicatively
25 coupled to DSP 1260, In at least one embodiment, audio unit 1262 may nclude, for example
and without limitation, an audio coder/decoder {“"codec”™) and a class [ amplifier In at least
one embodiment, a SIM card ("SIM™) 1257 may be communicatively coupled to WWAN
unit 1256, In at least one embodiment, components such as WLAN unit 1250 and Bluetooth
untt 1232, as well as WWAN unit 1256 may be implemented 1o a Next Generation Form

30 Factor (“"NGFF™.

J02731  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
raining logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one

embodiment, inference and/or trainimg logic 715 may be used in system FIG. 12 for

{ad
h

mnferencing or predicting operations based, at least in part, on weight parameters calculated
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using neural network training operations, neural network functions and/or architectures, or

neural network uge cases described herein.

{02741 1o at least one embodiment, one or more systeros depicted in FIG. 12 are uttlized to
implement a system for action recognition as described in connection with FIGS. 1~ 6. In at
feast one embodiment, one or more systems depicied in FIG. 12 are wiilized to perform one or
more guantization and pruning processes on one or more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 12 are uiilized to perforro action
recognition using a hardware accelerator and/or one or more newral networks processed

through one or more quantization and pruming processes.

fUZ7SY FIG. 13 dlustrates a computer system 1300, according to at least ong embodiment,
1o at feast one embodiment, coroputer systern 1300 15 configured to troplement various

processes and methods described throughout thus disclosure.

JOR761  In at least one embodiment, computer svstem 1300 comprises, without limitation, at
least one central processing unit (“CPU™Y 1302 that is connected {0 a communication

bus 1310 implemented using any suttable protocol, such as PCY ("Peripheral Component
Interconnect”}, peripheral component interconnect express {"PCl-Express™), AGP
(“Accelerated Graphics Port™y, HyperTransport, or any other bus or point-to-point
commumnication protocol(s). In at least one embodiment, computer system 300 ncludes,
without linitation, a main memory 1304 and control logic {e g, imnplemented as hardware,
sofiware, or a combination thereof) and data are stored in main memory 1304, which may
iake form of random access memory ("RAM”). In at least one embodiment, a network
imterface subsystem (“oetwork interface™ 1322 provides an juterface to other computing
devices and networks for receiving data from and transmitting data to other systems with

computer system 1300

{2771 Tn at least one embodiment, compuder systern 1300, in at least one embodiment,
mcludes, without limitation, input devices 1308, a parallel processing system 1312, and
display devices 1306 that can be implemented using a conventional cathode ray tube
{“CRT"y, a liquid crystal display (“"LCD¥), a light emitiing diode ("LED”)} display, a plasma
display, or other suitable display technologies. In at least one embodiment, user input is
received from input devices 1308 such as kevboard, mouse, touchpad, microphone, ¢ic. In at
feast one embodiment, each module described herein can be situated on a single

semiconductor platform o form a processing system.

~d
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{I278]  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or fraining logic 715 may be used in system FIG. 13 for
imferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network {raining operations, neural network functions and/or architectures, or

neural network use cases described herein.

{33791 In at least one embodiment, one or more systems depicted in FIG. 13 are utilized to
implement a svstem {or action recognition as described in connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systerns depicted in FIG. 13 are utilized to perform one or
more quantization and pruning processes on one or more newral networks. In at least one
embodiment, one or more systems depicied in FIG. 13 are utilized {0 perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{UERG] FIG. 14 illustrates a computer system 1400, according to at least one embodiment.
in at feast one embodiment, computer system 1400 includes, withowt limitation, a
computer 1410 and a USB stick 1420, In at least one embodiment, compuler 1410 may
mclude, without imitation, any number and type of processor{s) (not shown} and a memory
{not shown}. In at least one embodiment, computer 1410 includes, without hmitation, a

server, a cloud instance, a laptop, and a desktop computer.

f02R1T  In at least one embodiment, USE stick 1420 includes, without imitation, a
processing umt 1430, a USB interface 1440, and USH interface logic 1450, o at least one
embodiment, processing unit 1430 may be any instruction execulion svsiem, apparatus, or
device capable of executing instructions. In at least one embodiment, processing unit 1430
may include, without limitation, any number and type of processing cores {not shown}. nat
teast one embodiment, processing unit 1430 comprises an application specific integrated
circuit (“ASIC”) that is optimized o perform any amount and type of operations associated
with machine learning. For instance, in at least one embodiment, processing unit 143015 a
iensor processing unit (TPC™) that 1s opiimized to performa roachine learming inference
operations. In af least one embodiment, processing unit 1430 is a vision processing unit
(“VPU™) that is optimired to perform machine vision and machine learning inference

operations. In at least one embodiment, processing unit 1430 may include a data processing
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unit {(“DPU7) that is oplimized 1o process streams of data (e.g., data received over a network}
and to direct the data directly to one or more other processors {e.g., a memory of a GPU, for
exampie and without limitation). In one or more embodiments, a DPU may be integrated with

anetwork interface device.

JO2821  In at least one embodiment, USB interface 1440 may be any type of USB connector
or USH socket. For instance, in at least one embodiment, USEB interface 144015 a USB 3.0
Tyvpe-C socket for data and power. In at least ove embodiment, USB miterface 144015 a

USB 3.0 Type-A connector. In at least one embodiment, USB interface logic 1450 may
mclude any amount and type of logic that enables processing unit 1430 to interface with

devices {e.g., computer 1414} via USB connector 1440,

[O283]  Toference and/or traiming logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
erobodirnent, inference and/or traning logic 7135 may be used in system FIG. 14 for
mferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network training operations, neural network functions and/or architectures, or

neural network uge cases described herein.

[02841  To at least one embodiment, one or more systerns depicted in FIG. 14 are utiized 1o
implement a system for action recognition as described in connection with FIGS. 1~ 6. In at
feast one embodiment, one or more systems depicied in FIG. 14 are wtilized to perform one or
more guantization and pruning processes on one or more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 14 are uiilized to perforro action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{2881 FIG 15A lustrates an exemplary architechure in which a plurality of

GPUg 1510{13-1510(N) 15 communicatively coupled to a plurality of multi-core

procassors 1505(1)-1505(M} over high-spead links 1540(1)-1540(N} {e g.. buses,
point-io-point interconnects, eic.}. In at least one embodiment, high-spead

hinks 1540(1)-1540(N) support a commurication throughput of 4 GB/s, 30 GB/s, 80 GB/s or
higher. In at least one embodiment, vanous interconnect protocols may be used including, but
not imited to, PCle 4.0 or 5.0 and NVLink 2.0. In various figures, "N and "M represent

positive integers, values of which may be different from figure to figure.
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{284]  In addition, and in at least one embodiment, two or more of GPUs 1510 are
mierconnected over high-speed links 1529(1)-1529(2}, which may be implemented using
similar or different protocols/links than those used for high-speed links 1540(1)-1340(N).
Similarly, two or more of multi-core processors 1505 may be connected over a high-speed
hink 1528 which may be symmetric multi-processor {(SMP) buses operating at 20 GB/s, 30
GB/s, 120 GB/s or higher. Alternatively, all conununication between various svstem
coraponents shown 1n FIG. 15A may be accomplished using similar protocols/links {e.g.,

over a common interconnection fabric).

{2871 In at least one embodiment, each multi-core processor 1503 1s communicatively
coupled to a processor roemory 1501{(1)-1501(M), via memory

mnterconnects 1526(13-1526{(M), respectively, and each GPU 1510(1)-1510(N} is
conmunicatively coupled to GPU memory 1520(1)-1320(N} over GPU memory
interconnects 1550(1)-1550(N}, respectively. In at least one embodiment, memory
imterconnects 1526 and 1550 may utihize stmalar or different memory access technologies. By
way of example, and not limitation, processor memories 1501{1)-1501(M} and GPU
memories 1520 mav be volatite memories such as dynamic random access memories

(DR AMSs) (including stacked DRAMS), Graphics DDR SDRAM (GDDR) (e.g., GDDRS,
GDDRG), or High Bandwidth Memory (HBM) and/or may be non-volatile memories such
as 30 XPoint or Nano-Ram. In at least one embodiment, some portion of processor
memories 1501 may be volatile memory and another portion may be non-volatile memory

{e.g., using a two-tevel memory (2LM) hierarchy ).

{2881 As described herein, although various multi-core processors 1505 and GPUs 1510
may be physically coupled to a particudar memory 1501, 1520, respectively, and/or a unified
memory architecture may be implemented in which a virtual svstem address space (also
referred to as “effective address” space) 18 disinibuted among various physical memories. For
exampie, processor memories 1501{1}-1301(M} may each comprise 64 GB of system
memory address space and GPU memories 1528(13-1520(N) may each comprise 32 GB of
systern memory address space resulting in a total of 256 GB addressable roemory when M=2

and N=4. Other values for N and M are possible.

{IER8] FIG. 15B illustrates additional details for an interconnection between a multi-core

processor 1507 and a graphics acceleration module 1546 in accordance with one exemplary

embodiment. In at least one embodiment, graphics acceleration module 1546 may include
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one or more GPU chips integrated on a line card which is coupled 1o processor 1507 via
high-speed link 1540 (e.g., a PCle bus, NVLink, ete.}. In at least one embodiment, graphics
acceleration module 1546 may alternatively be indegrated on a package or chip with

processor 1507,

F02901  In at least one embodiment, processor 1507 includes a phurality of

cores 1560A-1560D, each with a transiation lookaside buffer (“TLB™) 1561 A-1561D and one
or more caches 1362A-~1562D. In at least one embodiment, cores 1560A-1360D may include
vartous other components for executing instructions and processing data that are not
Hhustrated. In at least one embodiment, caches 1562A-15620 may comprise Level 1 {L.1) and
Level 2 (1.2} caches. In addition, one or more shared caches 1556 may be ncluded in

caches 1562A-1562D and shared by sets of cores 1560A-1560D. For example, one
embodiment of processor 15307 includes 24 cores, each with its own L1 cache, twelve shared
L2 caches, and twelve shared L3 caches. In this embodiment, one or more L2 and L3 caches
are shared by two adjacent cores. Tn at feast one embodiment, processor 1307 and graphics
acceleration module 1546 connect with systermn memory 1514, which may include processor

memories 15011 -1501(M} of FIG. 15A.

(2811 In at least one embodiment, coherency is maintained for data and insiructions stored
i various caches 1562A-1562D, 1556 and system memory 1514 via inter-core
communication over a coherence bus 1564 In at least one embodiment, for example, each
cache may have cache coherency logic/cireniiry associated therewith to communicate 1o over
coherence bus 1564 in response to detected reads or writes to particular cache bines. In at
feast one embodiment, a cache snooping protocol is implemented over coherence bus 1564 o

sNoOP cache accesses.

§$33921  In at least one embodiment, a proxy circwit 1525 communicatively couples graphics
acceleration module 1546 to coherence bus 1564, allowing graphics acceleration

module 1546 1o participate in a cache coherence protocol as a peer of cores 1560A-1360D. In
particular, in at least one embodiment, an interface 1535 provides connectivity o proxy
circait 1525 over high-speed hink 1540 and an interface 1537 connects graphics acceleration

module 1346 to high-speed link 1540,

{32931 In at least one embodiment, an accelerator integration circuit 1336 provides cache
management, memory access, context management, and interrupt management services on

behalt of a plurality of graphics processing engines 1331(1}-1531{(N} of graphics acceleration
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module 1546, In at least one embodiment, graphics processing engines 1531{1)-1531(N} may
each comprise a separate graphics processing wnit {GPU). In at least one embodiment,
graphics processing engines 1531{1)-1531(N) alternatively mav comprise different types of
graphics processing engines within a GPU, such as graphics execution units, media
processing engines {e.g., video encoders/decoders), samplers, and blit engines. In at least one
ernbodiment, graphics acceleration module 1546 may be a GPU with a plurality of graphics
processing engines 1331(1)-1531{N) or graphics processing engines 153 1{1}-1531(N} may be

mndividual GPUs integrated on a common package, line card, or chip.

{12941 In at least one embodiment, accelerator integration circuit 1536 includes a memory
managerment unit (MMU)} 1539 for perforroing various memory management functions such
as virtual-to-physical memory translations {also referred to as effective-to-real memory
transiations) and memory access protocols for accessing system memory 1514, In at least one
ermnbodiment, MMU 1539 may also include a transiation lookaside buffer (TLB) (not shown)
for caching virtual/effective to physical/real address translations. In at least one ernbodiment,
a cache 1538 can store commands and data for efficient access by graphics processing
engings 1531(1 153 1{(N}. In at feast one embodiment, data stored in cache 1538 and graphics
memories 1533(1)-1533(M) is kept coherent with core caches 1562A-1562D, 1556 and
system memory 1514, possibly using a fetch unit 1544, As mentioned, this may be
accomplished via proxy circunt 1525 on behalf of cache 1538 and

memories 1533(1)-1333(M) (s.g., sending updaies {0 cache 1538 relaied to
modifications/accesses of cache lines on processor caches 1562A-1562D, 1556 and recaiving

updates from cache 1538},

{2981 In atf least one embodiment, a set of regisiers 15485 store context data for threads
executed by graphics processing engines 1S31(1)-1531(N) and a context management
circutt 1548 manages thread contexts. For example, context management cireutt 1548 may
perform save and restore operations {0 save and restore contexts of various threads during
contexts switches {(e.g., where a first thread 1s saved and a second thread is stored so thata
second thread can be execule by a graphics processing engine). For example, on g context
switch, context management circuit 1548 may store current register values to a designated
region in memory (e.g., identified by a context pointer). It may then restore register values
when retuming {0 a context. In at least one embodiment, an interrupt management

circuit 1547 receives and processes interrupts received from system devices.
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{2941 In at least one embodiment, virtual/effective addresses from a graphics processing
engine 1531 are translated to real/physical addresses in system memory 1514 by MMU 1539,
in at least one embodiment, accelerator integration circuit 1536 supports multiple

.. 4, 8, 16) graphics accelerator modules 1546 and/or other accelerator devices. In at least
one embodiment, graphics accelevator module 1546 may be dedicated to a single application
executed on processor 1507 or may be shared between muliiple applications. In at least one
embodiment, a virtualized graphics execution environment is presented in which resources of
graphics processing engines 1531(13-1531(N} are shared with multple applications or virtual
machines (VMs). In at least one embodiment, resources may be subdivided mto “shices”
which are allocated to different VMs and/or applications based on processing requirements

and priorities associated with ¥V Ms and/or applications.

fO2971  In at least one embodiment, accelerator integration circuit 1536 performs as a bridge
io a system for graphics acceleration module 1546 and provides address translation and
systern memory cache services. fu addition, in at least one embodiment, accelerator
mitegration circwit 1536 may provide virtualization facilities for a host processor to manage
virtualization of graphics processing engines 15311153 1{IN}, interrupis, and memory

management,

[02%8]  To at least one embodiment, because hardware resources of graphics processing
engines 1531{1)-1531(N) are mapped explicitly to a real address space seen by host
processor 1507, any host processor can address these resources directly using an effective
address value. In at least one ermnbodiment, one fimetion of accelerator integration

circwit 1536 1s physical separation of graphics processing engines 153 1{(1}-15331(N} so that

they appear {0 a system as independent umis.

{12941 In at least one embodiment, one or more graphics memories 1533(1}-1533(M} are
coupled to each of graphics processing engines 1S31(1)-1531(N), respectively and N=M. In
at least one embodiment, graphics memaories 1533{1)-1533(M) store mstructions and data
being processed by each of graphics processing engines 1531(1)}1531{N). In at least one
ernbodiment, graphics memories 1533¢1)-1533(M} mav be volatite memories such as
DRAMs (including stacked DRAMs), GDDR memory {e.g., GDDRS, GDDR6), or HBM,

and/or may be non-volanle memories such as 3D XPoint or Nano-Ram.

{334} In at least one embodiment, to reduce data traffic over high-speed link 1540, biasing

technigues can be used to ensure that data stored in graphics memories 1533¢1)-1533(M) 15
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data that will be used most frequently by graphics processing engines 1531{1)-1531(N} and
preferably not used by cores 1560A-1560D {at feast not frequently). Sumilarly, in at least one
embodiment, a biasing mechanism attempis to keep data needed by cores (and preferably not
eraphics processing engines 1531(1)-1531(N}) within caches 1562A-1562D, 1556 and

system memory 1514

[03011  FIG. 15C iHlustrates another exemplary embodiment in which accelerator integration
circwit 1536 1s integrated withan processor 1307, In this embodiment, graphics processing
engines 15311~ 153N} commmumicate directly over high-speed hink 1540 to accelerator
mitegration circuit 1536 via interface 1537 and interface 1535 (which, again, may be any form
of bus or interface protocol). o at teast one embodiment, accelerator integration cireuit 1536
may perform similar operations as those described with respect to FIG. 15B, but potentially at
a higher throughput given i3 close proximity to coherence bus 1564 and

caches 1562A-~1562D, 1536, In at least one embodirent, an accelerator infegration circuit
supporis different programnung roodels including a dedicated-process programming model
{no graphics acceleration module virtualization) and shared programming models (with
virtualization}, which may include programming models which are controlled by accelerator
miegration circuit 1536 and prograranung roodels which are controlled by graphics

acceleration module 1546,

J03021 1o at least one embodiment, graphics processing engines 133 1{1}-1531(IN} are
dedicated to a single application or process under a single operating system. In at least one
ernbodiment, a single application can {unnel other application requests to graphics processing

engines 153311 -1331(N}, providing virtuahization within a VM/partition,

{13331 In at least one embodiment, graphics processing engines 15331{(1 153 1{N}, may be
shared by nudtiple VM/application partitions. In at least one embodiment, shared models may
use a system hvpervisor to virtualize graphics processing engines 15331(1)-1331(N) to allow
access by each operating svstem. In at least one embodiment, for single-pariition systems
withowt a hvpervisor, graphics processing engines 1531(13-1531(N) are owned by an
operating system. In at leasi one embodiment, an operating system can virtualize graphics

processing engines 1531{(1)-1531(N) to provide access 1o each process or application.

J3041  In at least one embodiment, graphics acceleration module 1346 or an individual
graphics processing engine 1531(1)-1531{N) selects a process element using a process

handle. In at least one embodiment, process elements are siored 1n system memory 1514 and
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5 are addressable using an effective address to real address translation technique described
herein. In at least one embodiment, a process handle may be an implementation-specific
value provided to a host process when registering its context with graphics processing
engine 1531{1}-1531(N} {ihat is, calling system software to add a process element to a
process element linked list). In at least one embodiment, a lower 16-bits of a process handle

10 may be an offset of a process element within a process element linked hist.

{33051 FIG 15D illustrates an exernplary accelerator integration slice 1590, In at least one
embodiment, a “slice” comprises a specified portion of processing resources of accelerator
miegration circuit 1536, In at feast one embodiment, an apphication is effective address
space 1582 within system memory 1514 stores process elements 1583 In at least one
15  embodiment, process elements 1583 are stored in response to GPU invocations 1581 from
applications 1580 executed on processor 1507, In at least one embodiment, a process
element 1583 contains process state for corresponding application 1580, In at least one
erobodirnent, a work descriptor (WD) 1384 contained 10 process eleroent 1583 can be asingle
10b requested by an application or mav contaim a pointer to a queue of jobs. In at feast one
28 embodiment, WD 1584 15 a pointer 10 a job request gueue in an application’s effective
address space 1582,
{03087 To at least one embodiment, graphics acceleration module 1546 and/or individual

graphics processing engines 1531{1)-1531(N) can be shared by all or a subset of processes in

a system. In at least one embodiment, an infrastructure for setting up process states and

J
()

sending a W 1584 (o a graphics acceleration roodule 1546 1o start a job in a virtualized

environment may be included.

{371 In at least one embodiment, a dedicated-process programnung model is
implementation-specific. In at least one embodiment, 1n this model, a single process owns
graphics acceleration modide 1546 or an mdividual graphics processing engine 1531, In at

30 least one embodiment, when graphics acceleration module 1546 is owned by a single process,

[

a hypervisor initializes accelerator integration circuit 1536 for an owning partition and an
operating system initializes accelerator integration cirewt 1536 for an owning process when

graphics acceleration module 1546 15 assigned.

{U3GR]  In at least one embodunent, in operation, a W fetch unit 1591 in accelerator

35 integration slice 1590 fetches next WD 1584, which includes an indication of work to be

done by one or more graphics processing engines of graphics acceleration module 1546, Tn at



10

15

WO 2022/216528 PCT/US2022/022924

feast one embodiment, data from WD 1584 may be stored in registers 1545 and used by
MMU 1539, interrupt management circuit 1547 and/or context management circuit 1548 as
tiustrated. For example, one embodiment of MMU 1539 includes segment/page walk
circuitry for accessing segment/page tables 1586 within an O8 virtual address space 1585, In
at least one embodiment, interrupt management circuit 1547 may process interrupt

evenis 1592 recerved from graphics acceleration module 1546, In at least one embodiment,
when performing graphics operations, an effective address 1593 generated by a graphics

processing engine 1531(1}-1531(N} 1s translated to a real address by MMU 1539

{E9)

In at least one embodiment, registers 1545 are duplicated for each graphics
processing engine F331(13-153 1{(N) and/or graphics acceleration module 1546 and may be
mitialized by a hypervisor or an operating system. In at least one embodiment, each of these
duplicated registers may be included in an accelerator integration slice 1590, Exemplary

registers that may be initialized by a hypervisor are shown in Table 1.

Table 1 — Hypervisor lutialized Registers

Reoister # Descrintion

1 Slice Conirol Register

2 Real Address (RA) Scheduled Processes Area Pointer

3 Authority Mask Override Register

4 Interrupt Vector Table Entry Offset

5 Interrupt Vector Table Entry Limut

6 State Register

7 {.ogical Partition 1D

3 Real address (RA} Hyvpervisor Accelerator Utilization Record Pointer

9 Storage Description Register

{033 Exernplary registers that may be imtialized by an operating system are shown in

Table 2.

Table 2 — Operating Svstem Intialized Registers

Reoister # Description

i Process and Thread Tdentification
2 Effective Address (EA) Context Save/Restore Pointer
3 Virtual Address (V A} Accelerator Utilization Record Pointer
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4 Virtual Address {VA) Storage Segment Table Pointer
5 Authority Mask
6 Work descriptor

{03111 o at least one embodiment, each W 1584 is specific to a particular graphics
acceleration module 1546 and/or graphics processing engines 1531{131-1531(N}. In at least
one embodiment, it contains all information required by a graphics processing

engine 1331(13-1531{(N) to do wark, or it can be a pointer to a memory location where an

application has set up a command gueue of work to be completed.

FIG. 15E illusirates additional details for one exemplary embodiment of a shared
model. This embodiment includes a hypervisor real address space 1598 in which 4 process
element list 1399 1s stored. In at least one embodument, hypervisor real address space 1398 15
accessible via a hypervisor 1596 which virtualizes graphics acceleration module engines for

operating system 1595,

In at least one embodiment, shared programming models aliow for all or a subset of
processes from all or a subset of partitions in a system to use a graphucs acceleration

module 1346, In at least one embodiment, there are two programming models where graphics
acceleration module 1546 is shared by multiple processes and partiions, namely lime-sliced

shared and graphics directed shared.

{03841 To at least one embodiment, in this model, system hypervisor 1596 owns graphics
acceleration module 1546 and makes its function available to all operating systems 1595, In
at least one embodiment, for a graphics acceleration module 1546 to support virtualization by
system hypervisor 1596, graphics acceleration module 1546 may adhere to certain
reguirernents, such as (1) an application’s job request must be autonomous {that is, state does
not need fo be maintained between jobs), or graphics acceleration module 1546 must provide
a context save and restore mechanism, (2) an application’s job request is guaranteed by
graphics acceleration module 1546 to cornplete in a specified amount of tirne, ncluding any
translation faults, or graphics acceleration modile 1546 provides an ability to preempt
processing of a job, and (3) graphics acceleration module 1346 must be guaranteed fairmess

between processes when operating in a directed shared programming model.

H
i

FG3¥51  In at least one embodiment, application 1380 1s required to make an operating

system 1595 system call with a graphics acceleration module type, a work descriptor (WD),

xR
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an authority mask register {AMR} value, and a context save/restore area pointer {CSRPY. Inat
feast one embodiment, graphics acceleration module type describes a targeted acceleration
function for a system call. In at least one embodiment, graphics acceleration module type
may be a system-specific value. In at least one embodiment, WD is formatted specifically for
graphics acceleration module 1546 and can be in a form of a graphics aceeleration

module 1346 command, an effective address poinier to a user-defined siructure, an effective
address pointer to a queue of commands, or anv other data structure 1o describe work to be

done by graphics acceleration module 1546,

{I3E6]  In at least one embodiment, an AMR value is an AMR staie to use for a current
process. In at least one embodiment, a value passed to an operating systern is sinular to an
application setting an AMR. In at least one embodiment, if accelerator integration

circuit 1536 (not shown) and graphics acceleration module 1546 implementations do not
support a User Authorily Mask Override Register (UAMOR), an operating system may apply
a current UAMOR value to an AMR value hefore passing an AMR in a hypervisor call. o at
feast one embodiment, hypervisor 1396 may optionally apply a current Authority Mask
Override Register (AMOR) value before placing an AMR info process element 1583, In at
teast one embodiment, CSRP is one of registers 1545 containing an effective address of an
area in an application’s effective address space 1582 for graphics acceleration module 1546
to save and restore context state. In at least one embodiment, this pointer is optional if no
state is required to be saved beiween jobs or when a job is preempted. In at least one

erobodiruent, context save/resiore area may be pinned systern memory.

{33171 Upon recetving a system call, operating system 1593 may verify that
application 1580 has regisiered and been given authority to use graphics acceleration
module 1546, In at least one embodiment, operating system 1595 then calls hypervisor 1596

with information shown mn Table 3.

Table 3 — 0N to Hypervisor Call Parameters

Parameter #  Descriplion

1 A work descriptor (WD)

2 An Authority Mask Register (AMR) value (potentially masked)

3 An effective address {EA) Context Save/Restore Area Pointer (CSRP)
4 A process 1D (PID) and optional thread 1D {TID)

5

A virtual address {(VA) accelerator uiilization record pointer {AURP)
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¢ Virtual address of storage segment table pointer (S5TP)

Alogical mterrupt service number (LISN}

~

{3E8] 1o at least one embodiment, upon receiving a hypervisor call, hypervisor 1596
verifies that operating system 1593 has registered and been given authority 1o use graphics
acceleration module 1546, In at least one embodiment, hypervisor 1596 then puts process
element 1583 into a process element linked list {for a corresponding graphics aceeleration
module 1346 type. To at least one embodiment, a process element may include nformation

shown in Table 4.

Table 4 ~Process Element Information
Element # Description

1 A work descriptor (WD)

2 An Awhority Mask Register (AMR value {potertially masked).

3 An effective address (EA) Context Save/Restore Area Pointer (CSRP)
4 A process [D¥ {PID) and optional thread ID (TID)

5 A virtual address {VA) accelerator utilization record pointer (AURP}
6 Virtual address of siorage segiment {able pointer (S8TP}

7 A logical interrupt service number (LISN)

8 Interrupt vector table, derived frovo hypervisor call parameters

9 A state register (SR} value

10 A logical partition ID (LPID)

11 A real address (RA} hypervisor aceeleraior uiilization record pointer
12 Storage Descriptor Register (SDR)

{33181 In at least one embodiment, hypervisor initializes a plurality of accelerator

mntegration slice 1590 registers 1543,

{32 Asillustrated in FIG. 15F, in at least one embodiment, & unified memory is used,
addressable via a common virtual memory address space used to access physical processor
memories 1501(1)-150 1N and GPU memories 1520(1)-1520(N). In this implementation,
operations executed on GPUs 1510(1)-1 510N} utilize a same virtual/effective memory
address space to access processor memories 1501(1)-1501{M) and vice versa, thereby

simplifying programmability. In at least one embodument, a first portion of a virtual/eflective

address space is allocated to processor memory 1501(1), a second portion to second processor

memory 1501(N}, a third portion to GPU memory 15201}, and so on. In at least one
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embodiment, an entire virtual/effective memory space {sometimes referred 1o as an effective
address space} is thereby distributed across each of processor memories 1501 and GPU
memories 1520, allowing any processor or GPU to access any physical memory with a virtual

address mapped o that memory.

{03211 In at least one embodiment, bias/coherence management circuitry 1594A-1594E
within one or more of MMUs 1539A-13539E ensures cache coberence between caches of one
or more host processors {e.g., 15035) and GPUs 1510 and implements biasing techruques
mndicating phyvsical memories in which certain types of data should be stored. In at least one
embodiment, while multiple instances of bias/coberence management circuttry 1394A-1594E
are Ulustrated in FIG. 15F, bias/coherence circuitry may be truplemented within an MMU of

one or more host processors 1505 and/or within accelerator integration circuit 1536,

JO32.

memory, and accessed using shared virtual memory {SVM) technology. but without suffering

1 One embodiment allows GPU memories 1520 to be mapped as part of system

performance drawbacks associated with full systern cache coherence. In at least one
embodiment, an ability for GPU memories 1520 to be accessed as system memory withowt
onerous cache coherence overhead provides a beneficial operating environment for GPU
oftfload. In at least one embodiment, this arrangersent allows software of host processor 1505
1o setup operands and access computation results, without overhead of tradition /O DMA
data copies. In at least one embodiment, such traditional copes 1nvoive driver calls, inferrupis
and memory mapped /O (MMIQ) accesses that are all inefficient relative to simple memory
accesses. In at least one embodiment, an ability to access GPU memories 1520 without cache
coherence overheads can be critical to execution time of an offloaded computation. In at least
one embodiment, in cases with substantial streaming write memory traffic, for example,
cache coherence overhead can significantly reduce an effective wrile bandwidth seen by a
GPU 1510, Tn at least one embodiment, efficiency of operand setup, efficiency of results
access, and efficiency of GPU computation may play a role in determining effectiveness of a

GPU offload.

FO3231  In at least one embodiment, selection of GPU bias and host processor bias is driven
by a bias tracker data structure. In at least one embodiment, a bias table may be used, for
example, which may be a page-granular structure {e.g., controlied at a granularnity of a
memory page} that includes 1 or 2 bits per GPU-attached memory page. In at least one

embodiment, a bias table may be implemented n a stolen memory range of one or more GPU
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memories 1520, with or without a bias cache in a GPU 1510 {e.g., to cache
frequently/recently used entries of a bias table}. Alternatively, in at least ong embodiment, an

entire bias table may be maintained within a GPU.

{03241 In atleast one embodiment, a bias table entry associated with each access to a GPU
atiached memory 1320 is accessed prior to actual access to a GPU memory, causing
following operations. In at least one embodiment, local requests {rom a GPU 1310 that find
their page 1o GPU bias are forwarded duectly to a corresponding GPU memory 1320, Inat
ieast one embodiment, local requests from a GPU that find their page in host bias are
forwarded {0 processor 1505 {e.g., over a high-speed hink as described hergin. In at least one
embodiment, requesis from processor 1505 that {ind a requested page in host processor bias
complete a request like a normal memory read. Alternatively, requests directed to a
(GPU-biased page may be forwarded to a GPU 1510, In at least one embodiment, a GPU may
then transition a page (0 a hosi processor bias if it 15 not currently using a page. In at least one
ernbodiment, a bias state of & page can be changed either by a software-based mechanism, a
hardware-assisted software-based mechanism, or, for a limited set of cases, a purely

hardware-based mechanism,

{3337 In at least one embodiment, one mechanism for changing bias stale emplovs an AP
call {e.g., OpenCL), which, in tumn, calls a GPU’s device driver which, in tum, sends a
message {or engueunes a command descrniptor) to a GPU directing 1t to change a hias state and,
for some transitions, perform a cache flushing operation in a host. In at least one
erobodirnent, a cache flushing operation is used for a transition from host processor 1505 bias

to GPU bias, but 1s not for an opposite transition.

{13261 In at least one embodiment, cache coherency is maintained by temporarily rendering
(GPU-biased pages uncacheable by host processor 1505, In at least one embodiment, 1o access
these pages, processor 1505 may request access from GPU 1510, which may or may not grant
access right away. In at least one embodiment, thus, to reduce communication between
processor 1505 and GPU 1510 11 is beneficial to ensure that GPU-biased pages are those

which are required by a GPU bui not host processor 1505 and vice versa.

f03271  Hardware structure{s) 715 are used to perform one or more embodiments. Details

regarding a hardware structure(s) 715 may be provided herein in comgunction with FIGS, 7A

and/or 7B.



10

[
A

30

WO 2022/216528 PCT/US2022/022924

{3328} In at least one embodiment, one or more systems depicted in FIGS. 15A-15F are
utilized to implement a svstem for action recognition as described in connection with FIGS. |
— 6. In at least one embodiment, one or more systenss depicted in FIGS. 15A-15F are utihized
to perform one or more quantization and praning processes on one or more neural networks.
In at least one embodiment, one or more systems depicted in FIGS. 1SA-1SF are utilized to
perform action recognition using a hardware accelerator and/or one or more neural networks

processed through one or more quantization and pruning procasses.

{33%]  FIG 16 illustrates exemplary integrated circuits and associated graphics processors
that may be fabricated using one or more IP cores, according o varnous embodiments
described herein. In addition to what 1s llustrated, other logic and circurts may be included
at least one embodiment, including additional graphics processors/cores, peripheral interface

COYEU’QH@YS, or generai-pumose ProCessor Cores.

J03307  FIG. 1615 a block diagram illustrating an exemplary system on a chip inlegrated
cireuit 1600 that may be fabricated using one or more [P cores, according to at least one
embodiment. In at least one embodiment, integrated circuit 1600 mcludes one or more
application processor{s} 1603 (g.g., CPUs}, at least one graphics processor 1610, and may
additionally include an image processor 1615 and/or a video processor 1620, any of which
may be a modular TP core. In at least one embodiment, mtegrated circutt 1600 includes
peripheral or bus logic including a USB controller 1625, a UART condroller 1630, an
SPI/SDIO controller 1635, and an 1°28/1°2C controller 1640, In at least one embodiment,
mtegrated circwt 1600 can include a display device 1645 coupled to one or more of &
high-definttion multimedia interface (HDMI) controlier 1650 and a mobile industry processor
inierface (MIPT} display interface 1655, In at least one embodiment, storage may be provided
by a flash memory subsystem 1660 inclading flash memory and a flash memory coniroller. In
at least one embodument, a memory interface may be provided via a roemory controller 16635
for access to SDRAM or SRAM memory devices. In at least one embodiment, some

integrated circuits additionally include an embedded security engine 1670

f03311  Inference and/or tramning logic 715 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or training logic 715 may be used in integrated circuit 1600 for

mferencing or predicting operations based, at least in part, on weight parameters calcidated



15

3

n

4

&

WO 2022/216528 PCT/US2022/022924

using neural network training operations, neural network functions and/or architectures, or

neural network uge cases described herein.

{03321 1o at least one embodiment, one or more systeros depicted in FIG. 16 are uttlized to
implement a system for action recognition as described in connection with FIGS. 1~ 6. In at
feast one embodiment, one or more systems depicied in FIG. 16 are wtilized to perform one or
more guantization and pruning processes on one or more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 16 are utilized to perforro action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruming processes.

fUR33T FIGS. 17A-17B lustrate exemplary integrated circuits and associated graphics
processors that may be fabricated using one or more [P cores, according to various
embodiments described herein. In addition to what 1s ilustrated, other logic and circuts may
be included in at least one embodiment, imcluding additional graphics processors/cores,

peripheral inferface controllers, or general-purpose processor cores.

{334]  FIGS. 17A-178 are block diagrams dlustrating exemplary graphics processors {or
use within an 8oC, according to embodiments described herein. FIG 17A illustrates an
exermnplary graphics processor 1710 of a system on a chip integrated circuit that may be
fabricated using one or more 1P cores, according 1o at least one embodiment. FIG. 17B
tiustrates an additional exemplary graphics processor 1740 of a system on a chip integrated
circuit that may be fabricated using one or more IP cores, according fo af least one
embodiment. In at least one embodiment, graphics processor 1710 of FIG. 17A 15 alow
power graphics processor core. In at least one embodiment, graphics processor 1740 of
FIG. 17B 1s a higher performance graphics processor core. In at least one embodiment, each

of graphics processors 171¢, 1740 can be vanants of graphics processor 1610 of FIG. 16.

{13381 Tn at least one embodiment, graphics processor 1710 inchides a vertex

processor 1705 and one or more fragment processor(s) 1715A-1713N

{e.g.. 1715A, Y7158, 1715C, 17150, through 1715N-1, and 1715N). In at least one
embodiment, graphics processor 1710 can execute different shader programs via separate
logic, such that vertex processor 1705 1s optimized to execute operations for vertex shader
programs, while one or more fragment processor(s) 1715A-1713N execute fragment {e.g.,
pixel} shading operations for fragment or pixel shader programs. In at least one embodiment,

vertex processor 1708 performs a verlex processing stage of a 3D graphics pipeline and
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generates primitives and vertex daia. In at least one embodiment, fragment

processor(s) 1715A-1715N use primitive and vertex data generated by veriex processor 1708
to produce a framebuffer that is displayed on a display device. In at least one embodiment,
fragment processor{s} 1715A-1715N are optimized 1o execute fragment shader programs as
provided for in an OpenGL API, which may be used to perform similar operations as a pixel

shader program as provided for in a Direct 313 APL

{33361 In at least one embodiment, graphics processor 1710 additionally 1ocludes one or
more memory management units (MMUs) 1720A-17208, cache(s) 1725A-1725B, and circuit
mierconnect{(s} 1730A~1730B. In at least one embodiment, one or more

MMU{s) 1720A-17208 provide for virtual to physical address mapping for graphics
processor 1710, including for vertex processor 1705 and/or fragment

processor(s) 1715A-1715N, which may reference vertex or image/texture data stored in
memory, in addition to vertex or image/texiure data stored in one or more

cache(s) 1725A~17258. In at least one embodiment, one or more MMU(s) 1720A-17208
may be synchronized with other MMUs within a system, including one or more MMUs
associated with one or more application processor{s} 1605, tmage processors 1615, and/or
video processors 1620 of FIG. 16, such that each processor 1605-1620 can participaie in a
shared or unified virtual memory system. In at least one embodiment, one or more circuit
mterconnect{s) 1 730A-1730B enable graphics processor 1710 to interface with other IP cores

within SoC, either via an internal bus of SoC or via a direct connection.

f03377  In at least one embodiment, graphics processor 1740 includes one or more shader
core(s) 1755A-1755N (e.g., 1755A, 17558, 1755C, 1755D, 1755E, 1755F, through 1755N-1,
and 1755N} as shown in FIG. 178, which provides for a unified shader core architecture in
which a single core or type or core can execute all types of programmable shader code,
mcluding shader program code to iroplement veriex shaders, fragment shaders, and/or
compute shaders. I at least one embodiment, a number of shader cores can vary. In at least
one embodiment, graphics processor 1740 includes an mter-core task manager 1745, which
acts as a thread dispatcher to dispatch execution threads to one or more shader

cores 1755A-1755N and a tiling unit 1758 to accelerate tiling operations for tile-based
rendering, in which rendering operations for a scene are subdivided in image space, for
example {0 exploit local spatial coherence within a scene or to optimize use of intemnal

caches.
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{I338]  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or fraining logic 715 mayv be used in integrated circut 17A

and/or 17B for inferencing or predicting operations based, at least in part, on weight
parameters calculated using neural network training operations, neural network functions

and/or architectures, or neural network use cases described herein.

{33381 In at least one embodiment, one or more systems depicted in FIGS. 17A-17B are
utilized to implement a svstem for action recognition as described in connection with FIGS. |
— 6. In at least one embodirment, oue ot more svstems depicied 1 FIGS, 17A-17B are utilized
to perform one or more quantization and pruning processes on one or more neural networks,
in at least one embodiment, one or more systems depicted in FIGS. 17A-178 are utilized to
perform action recognition using a hardware accelerator and/or one or more neural networks

processed through one or more quantization and pruming processes.

{I540] FIGS. 18A-18B illustrate additional exemplary graphics processor logic according
to embodiments described herein. FIG. 18A illustrates a graphics core 1800 that mayv be
mcluded within graphics processor 1610 of FIG. 16, in at feast one embodiment, and may be
a unified shader core 1755A~1755N as in FIG. 178 o at least one embodiment. FIG. 18B
tHustrates a highly-parallel general-purpose graphics processing unit (“GPGPU™} 1430

suitable for deplovment on a multi-chip module in at feast one embodiment.

{03417 In at least one embodiment, graphics core 1300 includes a shared instruction
cache 18072, a texture unit 1818, and a cache/shared moemory 1820 that are common fo
execution resources within graphics core 1800, In at least one embodiment, graphics

core 1800 can include muldtiple slices 1801 A-1801N or a partition for each core, and a
graphics processor can inclhude multiple instances of graphics core 1800, In at least one
embodiment, slices 1801 A-1801N can include support logic including a local instruction
cache 1804A-1804N, a thread scheduler 1806A-1806N, a thread dispatcher 1808A-1808IN,
and a set of registers 1810A-I810ON. In at least one embodiment, stices 1801 A-1801IN can
include a set of additional function units (AFUs 1812A-1812N), floating-pomnt units
(FPUs 1814 A-1814N), integer anthmetic logic units {ALUs 1816A~1816N}, address
computational units (ACUs 1813 A-1813N}, double-precision floating-point units

(DPFPUs 1815A-1815N), and matrix processing untis (MPUs 1817A-1817N).

Ne)
()]
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{13421 In at least one embodiment, FPUs 1814A-1814N can perform single-precision
(32-bit) and half-precision {16-bit) Hloating point operations, while DPFPUs 1815A-1815N
perform double precision {64-bit) floating point operations. In at least one embodiment,
ALUs 1816A-1816N can perform variable precision infeger operations at 8-bit, 16-bit,

and 32-bit precision, and can be configured for mixed precision operations. In at least one
erobodirnent, MPUs 1817A-~1817N can also be configured for nuxed precision matrix
operanions, including half-precision floating point and 8-bit indeger operations. In at least one
embodiment, MPUs 1817-1817N can perform a variety of mairix operations to accelerate
machine learming application frameworks, including enabling sapport for accelerated general
matrix to matnx multiphication (GEMM}. In at least one embodiment, AFUs 1812A-1812N
can perform additional logic operations not supporied by floating-point or integer units,

including ingonometric operations {e.g., sing, cosine, etc.}.

F03431  Inference and/or fraining logic 7135 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or traiming logic 715 may be used in graphics core 1800 for
mferencing or predicting operations based, at least 1n part, on weight parameters calculated
using neural network iraining operations, neural network functions and/or architectures, or

neural network use cases described herein.

{03441 FIG. 18B illustrates a general-purpose processing unit (GPGPU) 1830 that can be
configured 1o enable highly-paralle] compute operations to be performed by an arvay of
graphics processing units, in at least one embodiment. In at least one embodiment,

GPGPU 1430 can be linked directly to other insiances of GPGPU 1830 to create a mulii-GPU
clusier to improve fraiming speed for deep neural networks. In at least one embodiment,
GPGPU 1830 mciudes a host nterface 1832 1o enable a cormection with a host processor. In
at least one embodiment, host interface 1832 is a PCI Express interface. In at least one
embodiment, host interface 1832 can be a vendor-specific communications interface or
commurucations fabric. In at least one embodiment, GPGPU 1830 recetves commands from a
host processor and uses a global scheduler 1834 to distribute execution threads associated
with those commands 1o a set of compute clusters 1836A-1836H. In at least one embodiment,
compute clusters 1836A-1836H share a cache memory 1838, In at least one embodiment,
cache memory 1838 can serve as a ugher-level cache for cache mernories withan compute

clusters 1836 A-1836H.
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{13458]  In at least one embodiment, GPGPU 1830 includes memory 1844A-1844B coupled
with compute clusters 1836A-1836H via a set of memory controllers 1842A-1842B. In at
teast one embodiment, memory 1844A-18448 can include various types of memory devices
including dynamic random access memory {PRAM) or graphics random access memory,
such as synchronous graphics random access memory (SGRAM), including graphics double

data rate {GDDR) memory.

(1346

3

In at least one embodument, compute clusters 1836A-1836H each include a set of
graphics cores, such as graphics core 1800 of FIG. 18A, which can include multiple types of
mieger and Hoating point logic units that can perform computational operations at a range of
precisions including suited for machine learning computations. For example, 1o at least one
embodiment, at least a subset of flogting point units in each of compute

clusters 1830A-1836H can be configured to perform 16-bit or 32-bit floating point
operations, while a different subset of floating point units can be configured to perform 64-bit

floating point operations.

AT
{347}

3

in at least one embodiment, multiple instances of GPGPU 1830 can be configured
to operate as a compute cluster. In at least one embodiment, commumnication used by compute
clusters 1836A-1836H for synchronization and data exchange varies across embodiments. In
at least one embodument, multiple jostances of GPGPU 1830 communicate over host
interface 1832, In at least one embodiment, GPGPU 1830 includes an 1/0 hub 1839 that
couples GPGPU 1430 with & GPU link 1840 that enables a direct connection o other
instances of GPGPU 1830, In at least one ernbodiment, GPU link 184015 coupled to a
dedicated GPU-10-GPU bridge that enables communication and synchronization between
multiple instances of GPGPYU 1830, In at least one embodiment, GPU link 1840 couples with
a high-speed interconnect to transmit and receive data to other GPGPUs or parallel
processors. In at least one embodiment, multiple instances of GPGPU 1830 are located in
separate data processing systems and communicate via a network device that is accessible via
host interface 1832, In af least one embodiment GPU link 1840 can be configured to enable a

connection to a host processor i addition to or as an alternative to host interface 1832,

{03481 In at least one embodiment, GPGPU 1830 can be configured to train veural
networks. In at least one embodiment, GPGPU 1830 can be usaed within an inferencing
platform. In at least one embodiment, in which GPGPU 1830 15 used for mferencing,

GPGPU 1830 may include fewer compute clusters 1836A-1836H relative to when

e
~3
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5 GPGPU 1830 1s used for traiming a neural network. In at least one embodiment, memory
technology associated with memory 1844A-1844B may differ between inferencing and
training configurations, with higher bandwidth memory technologies devoted to training
configurations. In at least one embodiment, an inferencing configuration of GPGPU 1830 can
support inferencing specific instnuctions. For example, in at feast one embodiment, an

10 mferencing configuration can provide support for one or more 8-bit integer dot product

mstructions, which may be used during inferencing operations for deploved neural networks.

{3481 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
tratoing logic 715 are provided herein 1o conjunchion with FIGS. 7A and/or 7B. In at least one
15  embodiment, inference and/or training logic 715 may be used im GPGPU 1830 for
mferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network {raining operations, neural network functions and/or architectures, or

neural network use cases described herein.

{I350]  In at least one embodiment, one or more systems depicted in FIGS. 18A-18B are
20 utilized to implement a system for action recognition as described in connection with FIGS. 1
— 6. In at least one embodiment, one or more systems depicted in FIGS. 18A-18B are utilized
to perform one or more quantization and pruning processes on one or more neural networks,
In at least one embodiment, one or more systems depicted in FIGS. 18A-18B are unilized to
perform action recognition using a hardware accelerator and/or one or more newral networks

25 processed through one or more quantization and pruning processes.

{03511 FIG. 1913 a block diagram llustrating a computing system 1900 according to at
feast one embodiment. In at least one embodiment, computing system 1900 includes a
processing subsystem 19201 having one or more processor(s) 1902 and a system

memory 1904 commumicating via an inferconnection path that may inclade a memory

30 hub 1905, In at least one embodiment, memory hub 1905 may be a separate component

[

within a chipset component or may be integrated within one or more processor{s) 1902, In at
least one embodiment, mermory hub 1908 couples with an V0 subsystern 191 viaa
commumication hink 1906, In at least one embodiment, VO subsystem 1911 mcludes an /O
hub 1907 that can enable computing system 1900 to receive input from one or more input

35 device(s) 1908. In at least one embodiment, /0 hub 1907 can enable a display coniroler,

which may be included 1n one or more processor(s) 1902, to provide outputs 1o one or more
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display device(s) 1910A. In at least one embodiment, one or more display device(s) 1910A
coupled with 1/0 hab 1907 can mclude a local, intemal, or embedded display device.

{35827 In at least one embodiment, processing subsystern 1901 includes one or more
paralial processor(s) 1912 coupled to memory hub 1905 via a bus or other communication
Hink 1913, In at least one embodiment, conumunication link 1913 may use one of any number
of standards based communication Hnk technologies or protocols, such as, but not himited to
PCI Express, or may be a vendor-spectfic communications mterface or coromurications
fabric. In at least one embodiment, one or more parailel processor{s) 1912 forma
computationally focused parallel or vector processing svstem that can include a large number
of processing cores and/or processing clusters, such as a manv-~integrated core (MIC)
procassor. In at least one embodiment, some or all of parallel processor(s) 1912 form a
graphics processing subsystem that can output pixels 1o one of one or more display

device(sy 1910A coupled via VO Hub 1907, In at least one embodiment, paraliel
processor(s) 1912 can also include a display controller and display interface {not shown) to

enable a direct connection to one or more display device(s) 19108,

{13331 In at least one embodiment, a svstem storage unit 1914 can connect to V0O hub 1907
to provide a storage mechanism for compuling sysiem 1900 In ai least one embodiment, an
170 switch 1916 can be used to provide an interface mechanisio to enable connections
between /O hub 1907 and other components, such as a network adapter 1218 and/or a
wireless network adapter 1919 that may be integrated into platform, and various other devices
that can be added via one or more add-in device(s) 1920, In af least one embodiment, network
adapter 1918 can be an Fthernet adapter or ancther wired network adapter. In at igast one
embodiment, wireless network adapter 1919 can include one or more of a Wi-Fi, Bluetooth,
near {ield communication (NFC}, or other network device that includes one or more wireless

radios.

{03341 o at least one embodiment, computing svsterm 1900 can include other components
not explicitly shown, including USB or other port connections, optical storage drives, video
capture devices, and like, may also be connected to /0O hub 1907 In at least one
erobodirnent, conmmunication paths interconunecting various coraponents in F1G. 19 roay be
implemented using any suitable protocols, such as PCI (Peripheral Component Interconnect)
based protocols (e.g., PCI-Express), or other bus or point-to-point commumication interfaces

and/or protocol(s), such as NV-Link high-speed interconnect, or interconnect protocols.
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{i1358] In at least one embodiment, parallel processor(s) 1912 incorporate circuiiry
optimized for graphics and video processing, inchiding, for example, video output circuitiy,
and constitutes a graphics processing unit (GPL). In at least one embodiment, paraliel
processor{s} 1912 incorporate circutiry optimized for general purpose processing. In at least
embodiment, components of computing svstem 1900 mayv be integrated with one or more
other sysiem elements on a single integrated circuit. For example, in at least one emsbodiment,
parallel processor{(s) 1912, memaory hub 1905, processor(s) 1902, and /O hub 1907 can be
mntegrated into a system on chip {SoC) integrated circuit. In at least one embodiment,
components of computing svstem 1900 can be integrated into a single package to form a
system in package (SIP) configuration. In at least one embodiment, at least a portion of
components of computing system 1900 can be integrated into a multi-chip module (MCM),
which can be interconnected with other multi-chip modules into a modular computing

syster

[03534)  Inference and/or training logic 7135 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/ot traimng logic 718 may be used 1o systemn FIG. 1900 for
mferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network {raining operations, neural network functions and/or architectures, or

neural network use cases described herein.

i1 In at least one embodiment, one or more systems depicted in FIG. 19 are utilized to
implement a system for action recogrution as described in connection with FIGS. 1~ 6. Inat
feast one embodiment, one or more systems depicted in FIG. 19 are utilized (o perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FIG. 19 are utihzed to perform action
ecognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning procasses.

PROCESSORS

[O3S8]  FIG 20A illustrates a parallel processor 2000 according to at least one embodiment.
In at least one embodiment, varicus components of parallel processor 2000 may be
implemented using one or more integrated circut devices, such as programmable processors,

application specific mtegraied circuits (ASICs), or field programmable gate arrays (FPGA).

106
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in at least one embodiment, llustrated parallel processor 2000 is a variant of one or more

paratiel processor(s) 1912 shown in FIG. 19 according to an exemplary embodiment.

{03585 In at least one embodiment, parallel processor 2000 includes a parailel processing

[t

unit 2002, In at least one embodiment, parallel processing unit 2002 mcludes an VO

unit 2004 that enables communication with other devices, including other instances of
paraliel processing unit 2002, In ai least one embodiment, /0 unit 2004 may be divecily
connected to other devices. 1o at feast one embodiment, VO untt 2004 connects with other
devices via use of a hub or switch interface, such as a memory hub 2005, In at least one
embodiment, connections between memory hub 2005 and /O wnit 2004 forma
contnunication link 2013, In at least one embodiment, 170 urut 2004 connects with a host
mterface 2006 and a memory crosshar 2016, where host interface 2006 receives commands
directed to performing processing operations and memory crossbar 2016 receives commands

directed to performing memory operations.

{03601 In at least one embodiment, when host interface 2006 recetves a cormmand buffer
via I/O unit 2004, host interface 2006 can direct work operations to perform those commands
to a front end 2008, In af least one embodiment, front end 2008 couples with a

scheduler 2010, which is configured to distribute commands or other work tlems to a
processing cluster array 2012, To at feast one embodiment, scheduler 2010 ensures that
processing cluster array 2012 is properly configured and 1n a valid state before tasks are
distribuied to a cluster of processing cluster array 2012, In at least one embodiment,
scheduler 2010 s implemented via firmware logic executing on a microcontroller. In at least
one embodiment, microcontrofier implemented scheduler 2010 1s configurable to perform
complex scheduling and work distribution operations at coarse and fine gramulanty, enabling
rapid preemption and context switching of threads executing on processing array 2012, In at
teast one embodiment, host software can prove workloads for scheduling on processmg
cluster array 2012 via one of multiple graphics processing paths. In at least one embodiment,
workloads can then be automaticaliy distributed across processing array cluster 2012 by

scheduler 2010 logic within a nucrocontroller including scheduler 2010,

[0361]  In at least one embodiment, processing cluster array 2012 can include up 1o “N”
processing clusters {e.g., cluster 2014 A, cluster 20148, through cluster 2014N), whera “N”

oy

represents a posifive integer (which may be a different integer “N™ than used in other

figures}. In at least one embodiment, each cluster 2014A-2014N of processing cluster

101
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array 2012 can execute a large number of concurrent threads. In at least one embodiment,
scheduler 2010 can alfocate work to clusters 2014A-2014N of processing clusier array 2012
using various scheduling and/or work distribution algorithms, which may vary depending on
workload arising for each tvpe of program or computation. In at least one embodiment,
schediling can be handled dynamically by schedoler 2010, or can be assisted in part by
compiler togic during compilation of program logic configured for execution by processing
cluster array 2012, In at least one embodiment, different clusters 2014A-2014N of processing
cluster array 2012 can be allocated for processing different types of programs or for

performing different types of computations.

{43627 In at least one embodiment, processing cluster array 2012 can be configured to
perform various types of parallel processing operations. In at least one embodiment,
processing cluster array 2012 is configured to perform general-purpose parallel compute
operations. For example, in at least one embodiment, processing cluster array 2012 can
imclude logic to execute processing tasks including fHering of video and/or audio data,
performing modeling operations, including physics operations, and performing data
transformations.

iy

{13631 Tn at least one embodiment, processing cluster array 2012 is configuwred to perform
parallel graphics processing operations. In at least one embodiment, processing cluster

array 2012 can include additional logic to support execution of such graphics processing
operations, including but not limited {o, texture sampling logic to perform texture operaiions,
as well as tessellation logic and other vertex processing logic. Tu at least one embodiment,
processing cluster array 2012 can be configured to execute graphics processing related shader
programs such as, but not limited fo, vertex shaders, tesseliation shaders, geometry shaders,
and pixel shaders. In af least one embodiment, parallel processing unit 2002 can transfer data
from system memory via IO unit 2004 for processing. To at feast one embodiment, during
processing, transferred data can be stored to on-chup memory {e.g.. parallel processor

memory 2022} during processing, then written back to system memory.

0

f03841  In at least one embodiment, when parallel processing umit 2002 1s used o perform
graphics processing, scheduler 2010 can be configured to divide a processing workload mto
approximately equal sized tasks, to better enable distribution of graphics processing
operations to multiple clusters 2014A-2014N of processing cluster array 2012, In atf least one

embodiment, portions of processing cluster array 2012 can be configured to perform different
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types of processing. For example, in at least one embodiment, a first portion may be
configured to perform vertex shading and topology generation, a second portion may be
configured to perform tessellation and geometry shading, and a third portion may be
configured to perform pixel shading or other screen space operations, {o produce a rendered
image for display. In at least one embodiment, intermediate data produced by one or more of
clusters 2014A-2014N mayv be stored in butfers to allow intermediate data to be transroitted

between clusters 2014 A-2014N for further processing.

{I365]  In at least one embodiment, processing cluster array 2012 can receive processing
tasks to be executed via scheduler 2010, which receives commands defining processing tasks
from front end 2008, In at least one embodiment, processing tasks can include mdices of data
o be processed, e g., surface (paich) data, primutive data, vertex data, and/or pixel data, as
well as state parameters and commands defining how data is to be processed {e.g., what
program is to be executed). In at least one embodiment, scheduler 2010 mayv be configured to
fetch indices corresponding to tasks or may receive indices from front end 2008, {n at feast
one embodiment, front end 2008 can be configurad to ensure processing cluster array 2012 1s
configured to a valid siate before a workload specified by incoming command buffers (e g.,

batch~buifers, push butfers, etc.} 1s iutiated.

{03681 To at least one embodiment, each of one or more instances of parallel processing
unit 2002 can couple with a parallel processor memory 2022, In at least one embodiment,
parallel processor memory 2022 can be accessed via memory crossbar 2016, which can
recelve memory requests from processing cluster array 2012 as well as VO unt 2004, o at
feast one embodiment, memory crossbar 2016 can access parallel processor memory 2022 via
a memory interface 2018, In at least one embodiment, memory mterface 2018 can inciude
multiple partition units {e.g., partition unit 2020A, partition unit 20208, through partition
unit 2020MN) that can each couple 1o a portion {e.g., memory unit) of paralle] processor
mernory 2022 In at least one embodiment, a number of partition units 2020A-2020N 1s
configured to be equal to a munber of memory units, such that a first partition unit 2020A has
a corresponding first memory unit 2024 A, a second partition unit 20208 has a corresponding
memaory umit 20248, and an N-th partition unit 2020N has a corresponding N-th memory

unit 2024N. In at least one embodiment, a number of partition units 2020A-2020N may not

be equal to a number of memory uniis,
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{13671 In at least one embodiment, memory units 2024A-2024N ¢an include various types
of memory devices, including dynamic random access memory {BRAM) or graphies random
access memory, such as synchronous graphics random access memory (SGRAM), including
eraphics double data rate (GDDR) memory. In af least one embodiment, memaory

units 2024 A-2024N may also include 3D stacked memory, including but not luvited to high
bandwidth memory (HBM). In at least one embodiment, render targets, such as frame buffers
or texture maps may be stored across memory units 2024 A-2024N, allowing partition

units 2020A-2020N 1o write portions of each render target in parallel to efficiently use
available bandwidth of paraliel processor memory 2022, In at least one embodiment, a local
mstance of parallel processor memory 2022 may be excluded in favor of a unified memory

esign that utilizes system memory in conpunction with local cache memory.

J030&1  In at least one embodiment, any one of clusters 2014A-2014N of processing cluster
array 2012 can process data that will be written to any of memory units 2024A-2024N within
parallel processor memory 2022, In at least one embodiment, meroory crossbar 2016 can be
configured to transfer an output of each cluster 2014A-2014N to any partition

unit 2020A-2020N or to another cluster 2014A-2014N, which can perform additional
processing operalions on an output. In at least one embodiment, each cluster 2014 A-2014N
can commmuucate with memory interface 2018 through memory crossbar 2016 to read from
or write to various external memory devices. In af least one embodiment, memory

crossbar 2016 has a connection to memory interface 2018 to communicate with V0

unit 2004, as well as a connection to a local instance of parallel processor memory 2022,
enabling processing units within different processing clusters 2014 A-2014N to commurnicate
with system memory or other memory that is not local to parallel processing unit 2002, In at
teast one embodiment, memory crossbar 2016 can use virtual chaonels to separate waffic

streams between clusters 2014A-2014N and partition units 2020A-2020N

j03687  In at least one embodiment, multiple instances of parallel processing unit 2002 can
be provided on a single add-in card, or multiple add-in cards can be interconnected. In at least
one embodiroent, different instances of parallel processing unit 2002 can be configured to
miteroperate even if different instances have different numbers of processing cores, different
amounts of local parallel processor memory, and/or other configuration differences. For
example, i at least one embodiment, some instances of parallel processing unit 2002 can
melude higher precision floating point units relative {o other ostances. In at least one

embodiment, systers incorporating one or more instances of parallel processing unit 2002 or
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parallel processor 2000 can be implemented in a variety of configurations and form factors,
mcluding bui not lmited {o desktop, laptop, or handheld personal computers, servers,

workstations, game consoles, and/or embedded systems.,

J0370]  FIG 20B 15 a block diagram of a partition umit 2020 according to at least one
embodiment. In at least one embodiment, partition unit 2020 18 an instance of one of partition
units 2020A-2020N of FIG. 20A. In at least one embodiment, partition unit 2020 inclades an
L2 cache 2021, a frame buffer interface 2023, and a ROP 2026 (vaster operations umt). In at
feast one embodiment, L2 cache 2021 is a read/wrile cache that is configured to perform load
and store operations received from memory crossbar 2016 and ROP 2026, Tn at least one
embodiment, read misses and urgent write-back requests are output by L2 cache 2021 to
frame buffer interface 2025 for processing. In at least one embodiment, updates can also be
sent to a frame buffer via frame butfer interface 2025 for processing. In at least one
embodiment, frame butter interface 2025 interfaces with one of memory units in parallel
processor memory, such as memory units 2024A-2024N of FIG. 20 (e g., within parailel

processor memaory 2022).

{1371]  In at least one embodiment, ROP 2026 is a processing wnit that performs raster
operations such as stencil, 7 test, blending, etc. In at least one embodiment, ROP 2026 then
outputs processed graphics data that is stored in graphics memory. In ai least one
embodiment, ROP 2026 includes compression logic to compress depth or color data that is
written o memory and decompress depth or color data that is read from memory. In at least
one embodiroent, compression logic can be lossless compression logic that makes use of one
or more of nmltiple compression algorithms. In at least one embodiment, a tvpe of
compression that is performed by ROP 2026 can vary based on statistical characteristics of
data to be compressed. For example, in at least one embodiment, delta color compression is

performed on depth and color data on a per-tile basis.

{03721 In at least one embodiment, ROP 2026 15 included within each processing cluster
{e.g.. chuster 2014A-2014N of FIG. 20A) instead of within partition unit 2020. In at least one
ermmbodiment, read and write requests for pixel data are transmitied over memory

crossbar 2016 instead of pixel fragment data. o at least one embodiment, processed graphics
data may be displaved on a display device, such as one of one or more display device(s} 1910
of FI(z. 19, routed for further processing by processor(s) 1902, or routed for further

processing by one of processing entities within parallel processor 2000 of FIG. 20A.
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{13731 FIG 20C 15 a block diagram of a processing cluster 2014 within a parallel
processing unit according to at least one embodiment. In at least one embodiment, a
processing cluster 15 an nstance of one of processing clusters 2014A-2014N of FIG. 20A In
at least one embodiment, processing cluster 2014 can be configured to execute many threads
in paraliel, where “thread™ refers to an instance of a particular program execuiing on a
particular set of input data. n at least one embodiment, single-insiruction, multiple-data
{SIMDD) instruction issue techniques are used to support parallel execution of a large number
of threads without providing multiple independent instruction units. In at least one
embodiment, single-instruction, mudiiple-thread (SIMT} technigues are used to support
parallel execution of a large number of generally synchronized threads, using a common
mstruction unit configured to issue insiructions 1o & set of processing engines within each ong

of processing clusters.

103741 In at least one embodiment, operation of processing cluster 2014 can be controlled
via a pipehne manager 20372 that distributes processing tasks to SIMT parallel processors. In
at least one embodiment, pipeline manager 2032 receives instructions from scheduler 2010 of
FIG. 20A and manages execution of those instnictions via a graphics multiprocessor 2034
and/or atexture unit 2036, In at least one embodiment, graphics multiprocessor 2034 1s an
exermplary instance of a SIM'T parallel processor. However, in at least one embodiment,
various tvpes of SIMT parailel processors of differing architectures may be inciuded within
processing cluster 2014, In at teast one embodiment, one or more instances of graphics
multiprocessor 2034 can be included within a processing cluster 2014, In at least one
embodiment, graphics multiprocessor 2034 can process data and a data crossbar 2040 can be
used to distribute processed data to one of multiple possible destinations, including other
shader units. In at least one erabodiment, pipeline roanager 2032 can facilitate distribution of
processed data by specifying destinations for processed data to be distributed via data

croasbar 2040,

J03731  In at least one embodiment, each graphics multiprocessor 2034 within processing
cluster 2014 can include an identical set of functional execution logic {e.g., arithmetic logic
units, load-store units, etc. ). In at least one embodiment, functional execution logic can be
configured in a pipelined manner in which new instructions can be issued before previous
mstructions are complete. In at least one embodiment, functional execulion logic supports a
variety of operations including nteger and Joating pont anthmetic, coraparison operations,

Boolean operations, bit-shifting, and computation of various algebraic functions. In at least
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one embodiment, same functional-unit hardware can be leveraged to perform different

operations and any combination of functional anits may be present.

{03761 In at least one embodiment, instructions transmitted to processing cluster 2014
constiturte a thread. In at ieast one embodiment, a set of threads executing across a set of
parallel processing engines is a thread group. In at least one embodiment, a thread group
executes a common program on different input data. Tn at least one embodiment, each thread
within a thread group can be assigned to a different processing engine within a graphics
multtiprocessor 2034, In at least one embodiment, a thread group may include fewer threads
than a number of processing engines within graphics multiprocessor 2034, In at least one
embodiment, when a thread group includes fewer threads than a number of processing
engines, one or more of processing engines may be idle during cveles in which that thread
eroup is being processed. In at least one embodiment, a thread group may also include more
threads than a number of processing engines within graphics mudtiprocessor 2034, In at least
one emboditoent, when a thread group includes more threads than number of processing
engines within graphics mmultiprocessor 2034, processing can be performed over consecutive
clock cyeles. T at least one embodiment, multiple thread groups can be execuled

concurrently on a graphics multiprocessor 2034,

{03771 To at least one embodiment, graphics multiprocessor 2034 includes an internal cache
memory to perform load and store operations. In at least one embodiment, graphics
mukiiprocessor 2034 can forego an internal cache and use a cache memory (g.g., L1

cache 2048) within processing cluster 2014, In at least one embodiment, each graphics
multiproceassor 2034 also has access to L2 caches within partition units {e.g., partition

units 2020A-2020N of FIG. 20A} that are shared among all processing clusters 2014 and may
be used to transter data between threads. Tn at least one embodiment, graphics

multiprocessor 2034 may also access off-chip global roemory, which can mclude one or more
of local parallel processor memorv and/or system memaory. In at least one embodiment, any
memory external to parallel processing unit 2002 may be used as global memory. In at least
one embodiment, processing cluster 2014 includes multiple instances of graphics
multiprocessor 2034 and can share commeon instructions and data, which may be stored in L1

cache 2048,

{13781 In at least one embodiment, each processing cluster 2014 may include an

MMU 2045 {memory management unit} that 1s configured to map virtual addresses mto
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phyvsical addresses. In af least one embodiment, one or more instances of MMU 2045 may
reside within memory interface 2018 of FIG. 20A. Tn at least one embodiment, MMU 2045
ncludes a set of page table entries (PTEs) used to map a virtual address to a physical address
of a tile and optionally a cache line index. In at least one embodiment, MMU 2045 may
include address translation lookaside buffers (TLB) or caches that may reside within graphics
multiprocessor 2034 or L1 2048 cache or processing cluster 2014, In at least one
embodiment, a physical addrass is processed to distribute surface data access locally to allow

line index mav be used {o determune whether a request for a cache line 1s a hit or miss,

{03797 In at least one embodiment, a processing cluster 2014 may be configured such that
each graphics multiprocessor 2034 is coupled to a texture unit 2036 for performing texture
mapping operations, ¢.g., deternuning texture sample positions, reading texture data, and
filtering texture data. In at least one embodiment, texture data is read from an infernal texture
L1 cache (not shown) or from an L1 cache within graphics roultiprocessor 2034 and 15
fetched from an 1.2 cache, local parallel processor memory, or system memory, as needed. In
al least one embodimeni, each graphics multiprocessor 2034 outputs processed tasks 1o data
crossbar 2040 to provide processed task to another processing cluster 2014 for further
processing or 1o store processed task in an L2 cache, local paraliel processor memory, or
system memory via memory crossbar 2016, In at least one embodiment, a preROP 2042
{pre-raster operations unit) s configured (o receive data from graphics multiprocessor 2034,
and direct data to ROP units, which may be focated with partition uniis as described hersin
{e.g., partition unuts 2020A-2020N of FIG. 20A). In at least one embodiment, preROP 2042
unit can perform optimzations for color blending, organizing pixel color data, and

performung address translations.

JO38G]  Toference and/or fraining logic 718 are used to perform inferencing and/or tratning
operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
erobodirnent, inference and/or traning logic 7135 may be used in graphics processing

cluster 2014 for inferencing or predicting operaiions based, at least in part, on weight
parameters calculated using neural network training operations, neural network functions

and/or architectures, or neural network use cases described herein.
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{i1381] FIG. 20D shows a graphics multiprocessor 2034 according to at least one
embodiment. In at least one embodiment, graphics mudtiprocessor 2034 couples with pipehine
manager 2032 of processing cluster 2014 In at least one embodiment, graphics
muldtiprocessor 2034 has an execution pipeline including but not linmuted to an instruction
cache 2052, an wstruction unit 2054, an address mapping unit 2056, a register {ile 2058, one
or more general purpose graphics processing unt {GPGPU) cores 2062, and one or more
load/store units 2066. In at least one embodiment, GPGPU cores 2062 and load/store

units 2066 are coupled with cache memory 2072 and shared memory 2070 via a memory and

cache interconnect 2068.

{38737 In at least one embodiment, instruction cache 2032 receives a stream of insiructions
to execute from pipeline manager 2032, In at least one embodiment, instructions are cached
in mstruction cache 2052 and dispatched for execution by an instruction unit 2054, In at least
one embodiment, instraction unit 2054 can dispatch instructions as thread groups (e.g
warps), with each thread of thread group assigned 1o a different execution umit within
GPGPU cores 2062, In at least one embodiment, an instruction can access any of a local,
shared, or global address space by specifying an address within a unified address space. In al
teast one embodiment, address mapping unit 2056 can be used to translate addresses na
unified address space into a distinct memory address that can be accessed by load/store

units 2066.

JO3R31  In at least one embodiment, register file 2058 provides a set of registers for
functional units of graphics multiprocessor 2034, In at least one embodument, register

file 2058 provides temporary storage for operands connected to data paths of functional uniis
{e.g., GPGPU cores 2062, load/store units 2066} of graphics multiprocessor 2034, In at least
one embodiment, register file 2058 is divided between each of fRmctional units such that each
funchional umit is allocated a dedicated portion of register file 2058, In at least one
embodiment, register file 2058 is divided between different warps being executed by graphics

multiprocessor 2034,

f03R47  In at least one embodiment, GPGPU cores 2062 can each include Hoating point
units (FPUs) and/or integer arithmetic Jogic units (ALUs) that are used o execuie instructions
of graphics multiprocessor 2034, In at least one embodiment, GPGPU cores 2062 can be
simiiar in archifecture or can differ in architecture. In at least one embodiment, a first portion

of GPGPU cores 2062 inchude a single precision FPU and an integer ALU while a second
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portion of GPGPU cores include a double precision FPU. In at least one embodiment, FPUs
can implement IEEE 734-2008 standard floating point arithmetic or enable vanable precision
floating pownt artthmetic. In af least one embodiment, graphics multiprocessor 2034 can
additionatly include one or more fixed function or special function units to perform specific
functions such as copy rectangle or pixel blending operations. In at least one embodiment,

one or more of GPGPU cores 2062 can also mclude fixed or special funchion logic.

{383 In at least one embodumnent, GPGPU cores 2062 include SIMD logic capable of
performing a single instruction on muliple sets of data. In at least one embodiment, GPGPU
cores 2062 can physically execute SIMD4, SIMDB, and SIMD16 wnstractions and logically
execute SIMD, SIMD2, and SIMID32 instructions. In at least one embodiment, SIMD
mstructions for GPGPU cores can be generated at compile fime by a shader compiler or
automatically generated when executing programs written and compiled for single program
mutiiple data (SPMD) or SIMT architectures. In at least one embodiment, multiple threads of
a program configured for an SIMT execution roodel can executed via a siugle SIMD
mstruction. For example, in at least one embodiment, eight SIMT threads that perform same

ot similar operations can be executed in parallel via a single SIMDS logic unit.

fa3asl  In at least one embodiment, memory and cache imterconnect 2068 is an interconnect
network that connects each functional unit of graphics multiprocessor 2034 {o register

file 2054 and to shared memory 2070. In at least one embodiment, memory and cache
interconnect 2068 is a crosshar interconnect that allows load/store umit 2066 to implement
load and store operations between shared memory 2070 and register file 2058, fn at least one
embodiment, register file 2058 can operate at a same frequency as GPGPU cores 2062, thus
data transfer between GPGPU corgs 2062 and register file 2058 can have very low latency. In
al least one embodiment, shared memory 2070 can be used 1o enable communicalion between
threads that execute on functional units within graphics multiprocessor 2034, In at least one
embodiment, cache memory 2072 can be used as a data cache for example, to cache texture
data communicated between functional units and texture unit 2036. In at least one
ernbodiment, shared memaory 2070 can also be used as a program managed cache. In at least
one embodiment, threads executing on GPGPU cores 2062 can programmatically store data
within shared memory in addition to automatically cached data that is stored within cache

memory 2072,
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{3871 In at least one embodiment, a parallel processor or GPGPU as described herein is
communicatively coupled (o host/processor cores {0 accelerate graphics operations,
machine-leaming operations, patiern analysis operations, and various general purpose GPU
{GPGPU) functions. In at least one embodiment, a GPU may be communicatively coupled to
hosi processor/cores over a bus or other interconnect {e.g., a high-speed interconnect such as
PCle or NVLink) In at least ove embodiment, a GPU may be ntegrated on a package or chip
as cores and communicatively coupled to cores over an internal processor bus/interconmect
mnternal to a package or chip. In at least one embodiment, regardless a manner in which a
GPU is conmected, processor cores may allocate work to such GPU in a form of seguences of
commands/instructions contained in a work descriptor. In at least one embodiment, that GPU

then uses dedicated circuitry/logic for efficiently processing these commands/insiractions.

JO3R&Y  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
raining logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or tramming logic 715 may be used in graphics

multiprocessor 2034 {or inferencing or predicting operations based, at least in part, on weight
pararoeters calculated using neural network training operations, neural network functions

and/or architectures. or neural network use cases described herein.

J03887  In at least one embodiment, one or more systems depicted in FIGS. 20A-20D are
utilized to implement a system for action recognition as described in connection with FIGS. 1
- 6. In at least one embodiment, one or more systems depicted in FIGS. 20A-20D are utilized
to perform one or more quantization and pruning processes on one or more neural networks,
in at least one embodiment, one or more systems depicted in FIGS. 20A-20D are utihized to
perform action recognition using a hardware accelerator and/or one or more nearal networks

processed through one or more quantization and pruning processes.

{03 FIG. 21 dlustrates a multi-GPU computing system 2100, according to at least one
embodiment. In at least one embodiment, mult-GPU computing system 2100 can include a
processor 2102 coupled to multiple general purpose graphics processing units

{GPGPUSs) 2106A-D via a host interface switch 2104, In at least one embodiment, host
miterface switch 2104 is a PCH express switch device that couples processor 2102 to a PCH
express bus over which processor 2102 can commumicate with GPGPUs 2106A-D. In at least

one embodiment, GPGPUs 2106 A-D can inferconnect via a set of high-speed point-io-point
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5 GPU-io-GPU links 2116. In at jeast one embodiment, GPU-to-GPU links 2116 connect to
gach of GPGPUs 2106A-D via a dedicated GPU link. In at least one embodimeant, P2P GPU
links 2116 enable direct communication between each of GPGPUs 2106 A-D without
requiring comumnunication over host interface bus 2104 to which processor 2102 13 connected.
In at least one embodument, with GPU-to-GPU traflic directed {0 P2ZP GPU links 2116, host

10 materface bus 2104 remains available for systern memory access ot fo communicate with other
mstances of multi-GPY computing system 2100, for example, via one or more network
devices. While in at least one embodiment GPGPUs 2106A-D connect to processor 2102 via
host interface switch 2104, in ai least one embodiment processor 2102 includes direct support

for P2P GPU hinks 2116 and can connect directly 1o GPGPUs 2106A-D

15 {03} Inference and/or training logic 713 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conpunction with FIGS. 7A and/or 7B. In at least one
erobodirnent, inference and/or traning logic 715 may be used in multi-GPU computing
system 2100 for inferencing or pradicting operations based, at least in part, on weight

20 parameters calculated using newral network frawning operations, neural network functions

and/or architectures, or neural nstwork use cases describsd heremn,

{03921 To at least one embodiment, one or more systeros depicted in FIG. 21 are utthzed to
implement a system for action recognition as described i connection with FIGS. 1~ 6. In at
feast one embodiment, one or more systems depicied in FIG 21 are wtilized to perform one or
25 mwore guantization and proning processes on one of more neural networks. o at least one
embodiment, one or more systems depicted in FIG. 21 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruming processes.

fO337 FIG. 22 15 a bloek diagram of a graphics processor 2200, according to at least one

30 embodiment. In at least one embodiment, graphics processor 2200 includes a ring

[

mterconnect 2202, a pipeline front-end 2204, a media engine 2237, and graphics

cores 2280A-2280N. In at least one emnbodiment, ring interconmect 2202 couples graphics
processor 2200 to other processing units, inchuding other graphics processors or one or more
general-purpose processor cores. In at least one embodiment, graphics processor 2200 is one

35 of many processors infegrated within a multi-core processing system.
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S {384} In at least one embodiment, graphics processor 2200 receives batches of commands
vig ring interconnect 2202, In at least one embodiment, incoming commands are mterpreted
by a command streamer 2203 in pipeline front-end 2204, In at least one embodiment,
graphics processor 2200 includes scalable execution logic to perform 3D geometry
processing and media processing via graphics core(s} 2280A-2280N. In at least one

10 erobodiruent, for 3D geometry processing conwnands, command streamer 2203 supplies
commands 1o geomelry pipeline 2234, In at least one embodiment, for at least some media
processing comumands, command streamer 2203 supplies commands to a video front
end 2234, which couples with media engine 2237, In at least one embodiment, media
engine 2237 includes a Video Quality Engine (VQE} 2230 for video and imag

15  posi-processing and a multi-format encode/decode (MFX) 2233 engine to provide
hardware-accelerated media daia encoding and decoding. In at least ong embodiment,
geometry pipeline 2236 and media engine 2237 each generate execution threads {or thread

execution resources provided by at least one graphics core 2280,

{13851 In at least one embodiment, graphics processor 2200 includes scalable thread
20 execution resources featuring graphics cores 2280A-2280N (which can be modular and are
sometimes referred (o as core slices), each having multiple
sub-cores 2250A-50N, 2260A-2260N (sometimes referred to as core sub-shicas). in at least
one embodiment, graphics processor 2200 can have any number of graphics cores 2280A. In
at least one embodiment, graphics processor 2200 includes a graphics core 2280A having at
25  leasta first sub-core 2250A and a second sub-core 2260A. In at least one embodiment,
graphics processor 2200 1s a low power processor with a single sub-core {e.g., 2250A) In at
teast one embodiment, graphics processor 2200 inchudes mudtiple graphics
cores 2280A-2280N, each mcluding a set of first sub-cores 2250 A-2250N and a set of second
sub-cores 2260A-2260N. In at least one embodiment, each sub-core in first
30 sub-cores 2250A-2250N mcludes at least a first set of execution units 2252A-2252N and
media/texture samplers 2254A-2254N. In at least one embodiument, each sub-core in second
sub~cores 2260A-2260N meludes at least a second set of execution units 2262A-2262N and
samplers 2264 A-2264N. In at least one embodiment, each
sub-core 2250A-2250N, 2260A-2260N shares a set of shared resources 2270A-2270N. In at
35 least one embodiment, shared resources include shared cache memory and pixel operation
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{I396]  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, inference and/or fraining logic 715 may be used in graphics processor 2200 for
imferencing or predicting operations based, at least in part, on weight parameters calculated
using neural network {raining operations, neural network functions and/or architectures, or

neural network use cases described herein.

{33971 In at least one embodiment, one or more systems depicted in FIG. 22 are utilized to
implement a svstem {or action recognition as described in connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systerns depicted in FIG. 22 are utihzed to perform one ot
more quantization and pruning processes on one or more newral networks. In at least one
embodiment, one or more systems depicied in FIG. 22 are utilized {0 perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{3881 FIG 23 1s a block diagram illusirating micro-architecture for a processor 2300 that
may include logic circuits to perform instructions, according to at least one embodiment. In at
teast one embodiment, processor 2300 may perform instructions, including x&6 nstructions,
ARM mstructions, specialized instructions for application-specific integrated circuils
{ASICs}, etc. In at least one embodiment, processor 2300 may include registers to store
packed data, such as 64-bit wide MMX™ registers in microprocessors enabled with MMX
technology from Intel Corporation of Santa Clara, Calif. In at least one embodiment, MMX
registers, available in both integer and floating point forms, may operate with packed data
glements that accompany single instruction, muiiple data (“SIMDY") and streaming SIMD
extenstons ("SSE”Y mstructions. In at least one embodiment, 128-bit wide XMM registers
relating to SSE2, SSE3, SSE4, AVX, or beyound (referred to generically as “SSEX”)
technology may hold such packed data operands. In at least one embodiment, processor 2300
may perform mstructions 1o accelerate machine learning or deep learning algorithms,

iraining, or inferencing.

{03981 In at least one embodiment, processor 2300 includes an in-order front end (“front
end”} 2301 to fetch instructions to be executed and prepare instructions to be used laterin a

processor pipeline. In at least ong embodiment, front end 2301 may include several units. In

at least one embodiment, an instruction prefetcher 2326 fetches instructions from memory
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and feeds instructions o an nsiruction decoder 2328 which in tum decodes or interprais
mstructions. For example, in at least one embodiment, instruction decoder 2328 decodes a
eceived instruction nto one or more operanons called “nucro-instructions™ or
“micro-operations” {also calied “micro ops™ or “uops”) that a machine may execute. In at
least one embodiment, instruction decoder 2328 parses an instruction into an opcode and
corresponding data and control fields that may be used by micro~-architecture to perform
operations in accordance with at least one embodiment. In at feast one embodiment, a trace
cache 2330 may assemble decoded uops into program ordered sequences or iraces in a uop
gquene 2334 for execution. In at feast one embodiment, when irace cache 2330 encounters a

complex instruction, a microcode ROM 2332 provides uops needed to complete an operation.

{04061 1o at least one embodiment, some mstructions may be converted into a single
micro-op, whereas others need several micro-ops to complete full operation. In af least one
ermnbodiment, if more than four micro-ops are needed to complete an mstruction, instruciion
decoder 2328 may access microcode ROM 2332 to perform that instruction. fn at least one
embodiment, an instruction may be decoded nto a small number of micro-ops for processing
at instruction decoder 2328, Tn at least one embodiment, an instruction may be stored within
microcode ROM 2332 should a number of nucro-ops be needed to accomplish such
operation. In at least one embodiment, trace cache 2330 refers to an entry point
programmable logic array (“PLA”} to determine a correct micro-instruction pointer for
reading microcode sequences to complete one or more instructions from microcode

ROM 2332 in accordance with at feast one embodiment. In at least one embodimeni, after
microcode ROM 2332 finishes sequencing mucro-ops for an mstruction, front end 2301 of a

machine may resume fetching micro-ops from trace cache 2330,

{4l o at least one embodiment, out-of-order execution engine (“out of order

engine”’} 2303 may prepare instructions for execution. In at least one embodiment,
out-of-order execution logic has a number of buffers 1o smooth out and re-order flow of
imstructions (o optimize performance as they go down a pipeline and get scheduled for
execution. In at least one embodiment, out-of-order execution engine 2303 mncludes, without
himitation, an allocator/register renamer 2340, a memory uop queue 2342, an integer/floating
point uop queue 2344, a memory scheduler 2346, a fast scheduler 2302, a slow/general
floating point scheduler (“slow/general FP scheduder™) 2304, and a simple floating point
scheduler ("simple FP scheduler™) 2306, Tn at least one embodiment, {ast schedule 2302,

siow/general floating point scheduler 2304, and simple floating point scheduler 2306 are also
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coliectively referred to herein as “uop schedulers 2302, 2304, 2306.” In at least one
embodiment, allocator/register renamer 2340 allocates machine butters and resources that
each uop needs in order to execute. In at least one embodiment, aliocator/register

renamer 2340 renames logic registers onto entries in a register file. In at least one
ermnbodiment, allocator/register renamer 2340 also allocates an entry for each uop in one of
bwo uop gueues, memory uop queue 2342 for memory operations and integer/floating point
uop queue 2344 for non-memory operations, in front of memory scheduler 2346 and wop
schedulers 2302, 2304, 2306, In at least one embodiment, uop schedulers 2302, 2304, 2306,
determine when a vop is readv {0 execute based on readiness of their dependent input register
operand sources and availability of execution resources uops need to complete their
operation. In at least one embodiment, fast scheduler 2302 may schedule on each half of a
main clock cycle while slow/general floating point scheduler 2304 and simple {loaling point
scheduler 2306 may schedule once per main processor clock cycle. In at least one
ermbodiment, uop schedulers 2302, 2304, 2306 arbiirate for dispatch ports to schedule uops

for execution.

In at least one embodiment, execution block 2311 includes, without limitation, an

fis

mieger register fle/bypass network 2308, a Hoating pomnt register file/bypass network (“FP

i
3

register file/bvpass network™) 2310, address generation wnits ("AGUS™) 2312 and 2314, fast
Arithmetic Logic Units (ALUs) {"fast ALUs™) 2316 and 2318, a slow Arithmetic Logic Unit
(“siow ALLY 2320, a {floating point ALU {("FP7}3 2322, and a floating point move umi (FP
move”) 2324, In at least one erobodirnent, integer register file/bypass network 2308 and
floating point register file/bypass network 2310 are also referred to herein as “register

files 2308, 2310.7 In at least one embodiment, AGUSs 2312 and 2314, fast ALUs 2316

and 2318, slow ALU 2320, floating pomt ALY 2322, and floating point move unit 2324 are
also referred to herein as “execution units 2312, 2314, 2316, 2318, 2320, 2322, and 23247 In
at least one embodiment, execution block 2311 may include, without limitation, any mumber
{including zero} and type of register files, bvpass networks, address generation units, and

execution unils, in any combination.

{403 In at least one embodiment, register networks 2308, 2310 may be arranged between

w0p schedulers 2302, 2304, 2306, and execution wnits 2312, 2314, 2316, 2318, 2320, 2322,
and 2324 In at least one embodiment, integer register file/bypass network 2308 performs
mieger operations. fn at least one erobodirnent, floating point register file/bvpass

network 2310 performs floating point operations. In at least one embodiment, each of register
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networks 2308, 2310 may include, without limitation, a bypass network that may bvpass or
forward just completed results that have not vet been written inio a register file to new
dependent uops. In at least one embodiment, register networks 2308, 2310 may communicate
data with each other. In at least one embodiment, integer register file/bypass network 2308
may nclude, without limitation, two separate register {iles, one register file for a low-order
tharly -two bits of data and a second register file for a high order thurty-two bits of data. In at
feast one embodiment, floating point register file/bypass network 2310 may include, without
fimitation, 128-bit wide entries because floating point instructions typically have operands

from 64 to 128 bits in width.

{0441 1o at least one embodiment, execution

units 2312, 2314, 2316, 2318, 2320, 2322, 2324 mayv execute instructions. In at least one
embodiment, register networks 2308, 2310 store integer and floating point data operand
values that micro-instructions need (o execute. In at least one embodiment, processor 2300
may nclude, without lirnitation, any number and combination of execution

units 2312, 2314, 2316, 2318, 2320, 2322, 2324, In at least one embodiment, floating pont
ALY 2322 and Hoating point move unit 2324, may execute floating point, MMX, SIMD,
AVX and SSE, or other operations, including specialized machine learming mstructions. In at
teast one embodiment, floating point ALU 2322 may include, without limitation, a 64-bit

by 64-bit floating point divider o execute divide, square root, and remainder micro ops. In at
least one embodiment, instructions nvolving a fleating point value may be handled with
floating pomnt hardware. In at least one embodiment, ALU operations may be passed to fast
ALUs 2316, 2318 In at least one embodiment, fast ALUS 2316, 2318 may execute fast
operations with an effective latency of half a clock cvele. Tn at least one embodiment, most
complex integer operations go to slow ALU 2320 as slow ALU 2320 may include, without
himitation, integer execution hardware for long-latency tvpe of operations, such as a
muttiplier, shifts, flag logic, and branch processing. In at least one embodiment, memory
load/store operations may be executed by AGUs 2312, 2314, In at least one embodiment, fast
ALU 2316, fast ALU 2318, and slow ALU 2320 may perform integer operations on 64-hit
data operands. In at least one embodiment, fast ALU 2316, fast ALU 2318, and slow

ALU 2320 may be implemented to support a variety of data bit sizes including sixteen,
thirty-two, 128, 256, eic. In at least one embodiment, floating pownt ALU 2322 and floating

point move unit 2324 may be implemented {o support a range of operands having bits of
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various widths, such as 128-bit wide packed data operands in conjunction with SIMD and
multimedia instructions.

[OA08] 1o at least one embodiment, vop schedulers 2302, 2304, 2306 dispatch dependent
operations before a parent load has finished executing. In at least one embodiment, as uops
may be speculatively scheduled and executed in processor 2300, processor 2300 may also
imclude logic to handle memory misses. In at least one embodiment, if a data load misses in a
data cache, there may be dependent operations in flight in a pipeline that have left a scheduler
with temporarily incorrect data. In at least one embodiment, a replay mechanism tracks and
re~execuies instructions that use incorvect data. In at least ong embodiment, dependent
operations might need to be replaved and independent ones may be allowed to coroplete. fn at
teast one embodiment, schedulers and a replay mechanism of at least one embodiment of a
processor may also be designed {o caich instruction sequences for fext string comparison

operations.

{04067 In at least one embodiment, “registers” may refer to on-board processor storage
focations that may be used as part of instructions to identifv operands. In at least one
embodiment, registers mayv be those that may be usable from outside of a processor {from a
programmumer’ s perspective). In at least one embodiment, registers might not be imited to a
particular tvpe of circuit. Rather, in at least one erobodirnent, a register may store data,
provide data, and perform functions described herein. In at least one embodiment, registers
described herein may be implemented by circuitry within a processor using any munber of
different techniques, such as dedicated physical registers, dyvnamically aliocated physical
registers using register renaming, combinations of dedicated and dynamically allocated
physical registers, etc. In at least one embodiment, integer registers store 32-bit integer data.
A register file of at least one embodiment also contains eight multimedia SIMD registers for

packed data.

{08071 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conpunction with FIGS. 7A and/or 7B. In at least one
erobodirnent portions or all of mference and/or training logic 715 mayv be incorporated o
execution block 2311 and other memory or registers shown or not shown. For example, in at
feast one embodiment, training and/or inferencing techniques described herein may use one

or more of ALUs illustrated in execution block 2311, Moreover, weight parameters may be
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stored in on-chip or off-chip memory and/or registers (shown or not shown) that configure
ALUs of execution block 2311 to perform one or more machine learning algornithms, neural

network architectures, use cases, or {ratning techniques described herem.

J08081  Tn at least one embodiment, one or more systems depicted in FIG. 23 are utihized to
implement a system for action recognition as described in connection with FIGS. 1~ 6. Inat
least one embodiment, one or more systems depicted 1o FIG. 23 are utilized to perform one or
more Gguantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FIG. 23 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

(a8 FIG. 24 dlustrates a deep leaming application processor 2400, according to at least
one embodiment. In at least one embodiment, deep learning application processor 2400 uses
imstructions that, if executed by deep leaming application processor 2400, cause deep
learming application processor 2400 to perform some or all of processes and techniques
described throughout this disclosure. In at least one embodiment, deep learning application
processor 2400 is an application-specific integrated circuit (ASIC). In at least one
embodiment, application processor 2400 performs matrix multiply operations either
“hard-wired” into hardware as a result of perforraing one or more instructions or both. fnoat
teast one embodiment, deep leaming application processor 2400 includes, without hmitation,
processing clusters 2410(1 1-2410(12), Inter-Chip Links ("ICLs™) 2420{1)-2420(12).
Inter-Chip Controllers (ICCs™) 2430(1 3-2430(2), ugh-bandwidth memwory second generation
(“HBMZ™) 2440(1)-2440(4}, memory controllers ("Mem Ctrlrs™) 2442(11-2442(4), high
bandwidth memory physical laver ("HBM PHY ) 2444(1)-2444(4), a management-controller
central processing umit (“management-controlter CPU™) 2450, a Senal Peripheral Interface,
Tnter-Integrated Circuit, and General Purpose Input/Output block (“SPL, IPC, GPIO™) 2460, a
peripheral component interconmect express controller and direct memory access block ("PCle
Controller and DMA™) 2470, and a sixteen-lane peripheral component interconnect express

port (P Express x 167 2480,

{04187 In at least one embodiment, processing clusters 2410 may perform deep learning
operations, including inference or prediction operations based on weight parameters
calculated one or more training techniques, including those described herein. In at least one

embodiment, each processing clasier 2410 may include, without limitation, any number and
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type of processors. In at least one embodiment, deep learning application processor 2400 may
mclude any number and type of processing clusters 2400, Tn at least one embodiment,
Inter-Chip Links 2420 are bi~directional. In at least one embodiment, Inter-Chip Links 2420
and Inter-Chip Controllers 2430 enable muliiple deep leaming application processors 24006 {o
exchange information, including activation information resuliing from performing one or
more machine leamming algorithms ersbodied 1 one or more neural networks. To at feast one
embodiment, deep learning application processor 2400 may mclude any number (including

zero} and type of ICLs 2420 and 1CTs 2430.

{41} In at least one embodiment, HBM2s 2440 provide a total of 32 Gigabytes {GB) of
memory. In ai least one embodiment, HBM2 2440(} 15 associated with both memory
controlier 2442(1) and HBM PHY 2444(1) where “1” is an arbitrary integer. In at least one
embodiment, any number of HBMZs 2440 may provide any type and total amount of high
bandwidth memory and may be associated with any number (including zero) and type of
memory controllers 2442 and HBM PHYs 2444, In at least one embodiment, SPI, I°C,
GPIO 2460, PCle Controller and DMA 2470, and/or PCle 2480 may be replaced with any
number and type of blocks that enable any number and type of cormmunication standards in

any technically feasible fashion.

{04121 Toference and/or traiming logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
erobodirnent, deep learmung application processor 15 used to train a machine learoing model,
such as a neural network, to predict or infer information provided to deep learning application
praocessor 2400, In at least one embodiment, deep learning applicaiion processor 2400 is used
to mfer or predict information based on a trained machine learmning model {e.g., neural
etwork) that has been tramed by another processor or systern or by deep learning application
processor 2400, In at least one embodiment, processor 2400 may be used to perform one or

more neural network use cases described herein.

{04131 In at least one embodiment, one or more systems depicted in FIG. 24 are utilized to
iroplement a svstem for action recognition as described in commection with FIGS. 1 - 6. Inat
feast one embodiment, one or more systems depicted in FIG. 24 are utilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one

embodiment, one or more sysiems depicted in FIG. 24 are utilized to perform action
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recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruming processes.

e

fdtd] FIG 25 1s a block diagram of a newromorphic processor 2500, according to at least
one embodiment. In at least one embodiment, neuromorphic processor 2500 may receive one
ot more inpuis from sources external to neuromorphic processor 2500, In at least one
ermnbodiment, these inputls may be transmitted to one or more neurons 2502 within
neuromorphic processor 2500 In at least one embodiment, neurons 2502 and components
thereof may be implemented using circuitry or logic, including one or more anthmetic logic
uniis (ALUs). In at feast one embodiment, neuromorphic processor 2500 may inchude,
without linutation, thousands or nullions of instances of neurons 2502, but any suniable
number of neurons 2502 may be used. In at least one embodiment, each instance of

newron 2502 may inchide a neuron input 2504 and a neuron output 2506, In at least one
embodiment, neurons 2502 may generate outpuis that may be transmitted to inputs of other
mstances of neurons 2502 For example, 10 at least one embodiment, neuron wpuis 2504 and

neuron outputs 2506 may be intercomnected via synapses 2508.

in at least one embodiment, neurons 2502 and synapses 2508 may be inferconnected
such that neuromorphic processor 2500 operates to process or analyze information received
by neuromorphic processor 2500, In at least one embodiment, neurons 2502 may transnui an
output pulse (or “fire” or “spike” when inputs received through neuron input 2504 exceed a
threshold. In at least one embodiment, neurons 2502 may sum or integrate signals received at
neuron foputs 2504, For example, in at feast one embodiment, neurons 2502 may be
implemented as leaky integrate-and-fire newrons, wherein if a sum {referred to as a
“membrane potential "} exceeds a threshold value, neuron 2502 may generate an output {or
“fire”} using a transfer function such as a sigmoid or threshold function. In at least one
embodiment, a leaky imtegrate-and-fire neuron may sum signals received at neuron

mputs 2504 mto a membrane potential and may also apply a decay factor {or leak) to reduce a
membrane polential. In at least one embodiment, a feaky integrate-and-fire neuron may fire if
multiple input signals are received at neuron inputs 2504 rapidly enough to exceed a
threshold value (i e, before a membrane potential decays too low to fire). In at least one
embodiment, newrons 2502 may be implemented using circuits or fogic that receive inputs,
miegrate inputs nto a membrane potential, and decav a membrane potential. In at least one
embodiment, inputs roay be averaged. ot any other suttable transfer function may be used.

Furthermore, in at teast one embodiment, neurons 2502 may include, without limatation,
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comparator circuits or logic that generate an output spike at newron output 2506 when result
of applying a transter Runction to neuron input 2504 exceeds a threshold. In at least one
embodiment, once neuron 2502 fires, it may disregard previously received input information
by, for example, resetling a membrane potential o O or another suitable default value In at
least one embodiment, once membrane potential is reset to (0, npeuron 2502 may resume

normal operation after a suttable period of time {or refractory period).

{416]  In at least one embodunent, neurons 2502 may be mterconnected through
synapses 2508, In at least one embodiment, svnapses 2508 may operate to fransmit signals
from an output of a first neuron 2502 {o an input of a second neuron 2502, In at least one
embodiment, neurons 2502 may transmit information over roore than one instance of
synapse 2508, In at least one embodiment, one or more instances of neuron output 2506 may
be connected, via an instance of synapse 2508, to an instance of neuron input 2504 in same
neuron 2502, Tn at least one embodiment, an instance of neuron 2502 generating an output (o
be transmitted over an instance of synapse 2508 may be referred o as a “pre-synaptic
neuron” with respect to that imstance of synapse 2508, In at least one embodiment, an
mstance of neuron 2502 recetving an input transmuited over an instance of synapse 2508 may
e referred to as a “post-synaptic neuron” with respect to that instance of synapse 2508,
Because an mstance of neuron 2502 may receive inputs from one or more instances of
synapse 2508, and may also transmit outpuds over one or more instances of synapse 2508, a
single mstance of neuron 2502 may therefore be both a “pre-synaptic neuron” and
“post-synaptic neuron,” with respect to various instances of synapses 2508, in at least one

embodiment.

oy

{171 In at least one embodiment, neurons 2302 may be organized info one or more
fayers. In at least one embodiment, each instance of nearon 2502 mav have one neuron
output 2566 that may fan out through one or more synapses 2308 {o one ot more neuron
mputs 2504, In at least one embodiment, newron outputs 2506 of neurons 2502 iy a first
laver 2310 may be connected to neuron inputs 2504 of neurons 2502 in a second layer 2512
In at least one embodiment, layer 2510 may be referred {o as a “feed-forward laver.” In at
feast one embodiment, each instance of neuron 2502 in an instance of first layer 2510 may
fan out to each instance of neuron 2502 in second layer 2512, In at least one embodiment,
first taver 2510 may be referred to as a “fully connected feed-forward layer.” In at least one
embodiment, each mstance of neuron 2502 in an instance of second layer 2512 may fan out

to fewer than ali mstances of neuron 2502 n a third layer 2314, In at least one embodiment,
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5 second laver 2512 may be referred to as a “sparsely connected feed-forward layer.” In af least
one embodiment, newrons 2502 in second laver 2512 may fan oot (o newrons 2502 in multiple
other layers, mcluding to neurons 2502 also in second laver 2512. In at least one
embodiment, second laver 2512 may be referred 1o as a “recurrent layer.” In at least one
embodiment, nearomorphic processor 2500 may include, without limitation, any suttable

10 combination of recurrent layvers and feed-forward layers, mcluding, without himitation, both

sparsely connected feed-forward lavers and fully cormnected feed-forward layers.

{IMER]  In at least one embodiment, neuromorphic processor 2500 may include, without
Limitation, a reconfigurable interconnect architecture or dedicated hard-wired interconnects to
connect synapse 2508 to neurons 2502 Tu at least one embodiment, neuromorphic

15 processor 2500 may include, withowt himitation, circuitry or logic that allows synapses to be
allocated to different neurons 2502 as needed based on neural network topology and newron
fan-in/out. For example, in at teast one embodiment, synapses 2508 may be connected to
neurons 2502 using an nterconnect fabng, such as network-ou-chip, or with dedicated
connections. In at least one embodiment, synapse interconnections and components thereof

20 mav be implemented using circutiry or logic,
" i< o Pet)

{191 Tn at least one embodiment, one or more systems depicted tn FIG. 25 are utilized to
implement a svstem for action recognition as described 1n comnection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 25 are utilized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one

25  erobodiroent, one or more systems depicted 1o FIG. 25 are unilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{24 FIG 2615 a block diagram of a processing svstem, according to at least one
embodiment. In at least one embodiment, system 2600 includes one or more processors 2602

30 and one or more graphics processors 2608, and may be a single processor deskiop system, a

[

mukiiprocessor workstation system, or a server system having a large number of
processors 2602 or processor cores 2607, In at teast one embodiment, system 2600 13 a
processing platform incorporated within a systern-on-a-chip (SoC) integrated circut for use

i mobile, handheld. or embedded devices.

35 BM21]  In at least one embodiment, svstem 2600 can inchude, or be incorporated within a

server-based gaming platform, a game console, including a game and media console, a
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mobile gaming console, a handheld game console, or an online game console. In at least one
embodiment, systern 260( is a mobile phone, a smart phone, a tablet computing device or a
maobile Internet device. In at least one embodiment, processing system 2600 can also include,
couple with, or be integrated within a wearable device, such as a smart watch wearable
device, a smart evewear device, an augmented reality device, or a virtual reality device. In at
least one embodiment, processing system 2600 is a television or set top box device having
one or more processors 2602 and a graphical interface generated by one or more graphics

processors 2608.

{14221 In at least one embodiment, one or more processors 2602 each include one or more
processor cores 2607 to process mstructions which, when executed, perform operations for
system and user software. In at least one embodiment, each of one or more processor

cores 2607 18 configured to process a specific instruction sequence 2609, In atf least one
embodiment, instruction sequence 2609 may faciiitate Complex Instruction Set Computing
(CISC), Reduced Instruction Set Computing (RISC), or coroputing via a Very Long
Instruction Word (VLIW}. In at least one embodiment, proceassor cores 2607 may each
process a different instruction sequence 2609, which may include mstructions to facilitate
emulation of other nstruction sequences. In at least one ernbodirment, processor core 2607

may also include other processing devices, such a Digital Signal Processor {DSP)

(]

j04231 o at least one embodiment, processor 2602 includes a cache memory 2604, In at
least one embodiment, processor 2602 can have a single internal cache or multipie levels of
imternal cache. i at least one ernboditoent, cache memory is shared amoung various
components of processor 2602, In at least one embodiment, processor 2602 also uses an
external cache {e g, a Level-3 {L3) cache or Last Level Cache (LLC)) (not shown), which
may be shared among processor cores 2607 using known cache coherency technigues. In at
teast one embodiment, a register file 2606 1s additionally ncluded in processor 2602, which
may include different tvpes of registers for storing different types of data {(e.g., integer
registers, floating point registers, status registers, and an instruction pointer register). In at
least one erbodiment, register file 2606 may joclude general-purpose registers or other
registers.

{424} In at least one embodiment, one or more processor(s} 2602 are coupled with one or

more interface bus{es) 2610 to transmit commmmnication signals such as address, data, or

control signals between processor 2602 and other components in svsterm 2600, Tn at least one
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embodiment, interface bus 2610 can be a processor bus, such as a version of a Birect Media
Interface {BMTI) bus. In at least one embodiment, interface bus 2610 15 not limiled to a DMI
bus, and may include one or more Peripheral Component Interconnact buses (e g., PCI, PCH
Express), memory busses, or other tvpes of interface busses. In at least one embodiment
processor(s} 2602 include an integrated memory controller 2616 and a platform controller
hub 2630, In at least one embodiment, raemory controller 2616 faciitates conununication
between a memory device and other components of systern 2600, while platform controller

hub (PCH) 2630 provides connections {o /0 devices via a local /0O bus.

{4231 In at least one embodiment, a memory device 2620 can be a dynamic random access
memory {DRAM) device, a static random access memory {(SRAM) device, flash memory
device, phase-change memory device, or some other memory device having suiiable
performance {o serve as process memory. In at least one embodiment, memory device 2620
can operate as system memory for system 2600, to store data 2622 and instructions 2621 for
use when one or more processors 2602 executes an application or process. In at least one
embodiment, memory controlier 2616 also couples with an optional external graphics
processor 2612, which may commumicate with one or more graphics processors 2608 in
processors 2602 to perform graphics and media operations. In at least one embodiment, a
display device 2611 can connect to processor(s} 2602, In at least one embodiment, display
device 2611 can include one or more of an internal display device, as in a mobile electronic
device or a laptop device, or an external display device attached via a display mterface {e.g.,
DisplayPort, etc.). In at least one embodiment, display device 2611 can include a head
mounted displav (HME) such as a stereoscopic display device for use m virtual reality (VR)

applications or augmented reality (AR} applications.

{14261 In at least one embodiment, platform controlier hub 2630 enables peripherals to
connect to memory device 2620 and processor 2602 via a high-speed /O bus. In at least one
embodiment, I/0 peripherals include, but are not imited to, an audio controller 2646, a
network coniroller 2634, a firmware interface 2628, a wireless {ranscaiver 2626, touch
sensors 2628, a data storage device 2624 (e.g., hard disk drive, flash memory, eic.). In at least
one embodiment, data storage device 2624 can connect via a storage interface {e.g.. SATA)
or via a peripheral bus, such as a Peripheral Component Interconnect bus {e.g., PCHL PCI

Express). In at least one embodiment, touch sensors 2625 can include touch screen sensor

[47]

pressure sensors, or fingerprint sensors. In at least one embodiment, wireless transceiver 2626

can be a Wi-Fi transceiver, a Bluetooth transceiver, or a mohile network transcetver such as
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a 3G, 4G, or Long Term Evolution {LTE} transceiver. In at least one embodiment, firmware
mierface 2628 enables commumication with systemn firmware, and can be, for example, a
unified exiensible firmware interface (UEF1). In at least one embodiment, network
controlier 2634 can enable a network connection to a wired network. In at least one
embodiment, a high-performance network controller {not shown} couples with interface
bus 2610, In at least one embodiment, audio controlier 2646 15 a multi-channel hagh
definition audio countroller. In at least one embodiment, system 2600 includes an optional
fegacy 1O controller 2640 for coupling legacy (e.g., Personal System 2 (PS/2}) devices to
system 2600, In at least one embodument, platform controller hub 2630 can also connect to
one or more Universal Serial Bus (USB) controlliers 2642 comnect input devices, such as

kevboard and mouse 2643 combinations, a camera 2644, or sther USB input devices.

J04271  In at least one embodiment, an instance of memory controlier 2616 and platform
controlier hub 2630 may be integrated into a discreet external graphics processor, such as
external graphics processor 2612, To at least one embodiment, platform controller hub 2630
and/or memory controller 2616 may be external to one or more processor{s) 2602, For
example, i at least one embodiment, systern 2600 can include an external memory
controller 2616 and platform controller hub 2630, which mav be configured as a memory
controller hub and peripheral controller hub within a system chipset that is in commumication

with processor{s} 2602.

J04281  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment portions or all of inference and/or training logic 715 may be incorporated into
graphics processor 2608, For example, in at least one embodiment, training and/or
mferencing techngues described herein may use one ot more of ALUs embodied ina 3D
pipeline. Moreover, in at least one embodiment, inferencing and/or fraining operations
escribed herein may be done using logic other than logic tHhustrated in FIGS. 7TA or 7B. In at
least one ernbodiment, weight parameters may be stored 1 on-chip or off-chip memory
and/or registers {(shown or not shown) that configure ALUs of graphics processor 2608 to
perform one or more machine learning afgorithms, neural network architectures, use cases, or

training techniques described herein,

126



WO 2022/216528 PCT/US2022/022924

5 {8391 In at least one embodiment, one or more systems depicted in FIG. 26 are utilized 1o
implement a svstem {or action recognition as described in connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 26 are utilized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one
embodiment, one or more svstems depicted in FIG. 26 are utilized to perform action

10 recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{3 FIG 27 is a block diagram of a processor 2700 having one or more processor
cores 2702A-2702N, an integrated memory controller 2714, and an integrated graphics
processor 2708, according to at least one embodiment. In at least one embodiment,

15  processor 2700 can include additional cores up to and including additional core 2702N
represented by dashed lined boxes. In at least one embodiment, each of processor
cores 2702A-2702N includes one or more internal cache umits 2704A-2704N. In at least one

ernbodiment, each processor core also has access 1o one or more shared cached units 2706,

{34311 In at least one embodiment, internal cache wnits 2704A-2704N and shared cache

20 units 2706 represent a cache memory hierarchy within processor 2700. In at least one
embodiment, cache memory units 2704A-2704N may include at least one level of instruction
and data cache within each processor core and one or more levels of shared nmid-level cache,
such ag a Level 2 (1.2}, Level 3 (13), Level 4 (L4}, or other levels of cache, where a highest

level of cache before external memory is classified as an LLC. In at least one embodiment,

[
A

cache coherency logic maintains coherency between various cache unils 2706

and 2704 A-2704N.,

{34321 In at least one embodiment, processor 2700 may also include a set of one or more
bus controller units 2716 and a system agent core 2710. In at least one embodiment, bus
controller unuts 2716 manage a set of peripheral buses, such as one or more PCT or PC

30 express busses. In at least one embodiment, system agent core 2710 provides management

[

functionality for various processor componenis. In af least one embodiment, system agent
corg 2710 inchudes one or more integrated memory controllers 2714 to manage access 1o

vartous external memory devices (nof shown).

{433} In at least one embodunent, one or more of processor cores 2702A-2702N mnelude
35  support for simulianecus multi-threading. In af least one embodiment, system agent

core 2710 includes components for coordinating and operating cores 2702A-2702N during
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multi-threaded processing. In at least one embodiment, system agent core 2710 may
additionally inclade a power control unit (PCU), which mcludes logic and components (o
regulate one or more power states of processor cores 2702A-2702N and graphics

processor 2708.

{04341 In at least one embodiment, processor 2700 additionally includes graphics
processor 2708 {0 execute graphics processing operations. In at least one embodiment,
graphics processor 2708 couples with shared cache units 2706, and system agent core 2710,
mnchuding one or more integrated memory controllers 2714, In at least one embodiment,
sysiem agent core 2710 also includes a display controller 2711 to drive graphics processor
output to one or more coupled displays. In at least one embodiment, display controller 2711
may also be a separate module coupled with graphics processor 2708 via at least one

interconnect, or may be integrated within graphics processor 2708,

{04337 In at least one embodiment, a ring-based interconnect unit 2712 is used o couple
internal components of processor 2700, In at least one embodiment, an alternative
miterconnect unit may be used, such as a point-to-poimnt interconnect, a switched interconnect,
or other techniques. In at least one embodiment, graphics processor 2708 couples with ring

mnterconnect 2712 via an VO link 2713,

TN

{04361 Tn at least one embodiment, VO link 2713 represents at least one of mudtiple
varieties of /0 mterconnects, including an on package I/Q interconnect which facilitates
commumication between various processor components and a high-performance embedded
memory modide 2718, such as an ¢eDRAM module. In at least one embodiment, each of
processor cores 2702A-2702N and graphucs processor 2708 use embedded memory

module 2718 as a shared Last Level Cache.

{371 In at least one embodiment, processor cores 2702A-2702N are homogeneous cores
executing a common instruction set architecture. In at least one embodiment, processor

cores 2702A-2702N are heterogeneous 1o terms of instruchion set architecture (ISA), where
one or more of processor cores 2702A-2702N execute a conumon instruction set, while one or
more other cores of processor cores 2702A-2702N executes a subset of a comumon instruction
set or a different instruction set. In at least one embodiment, processor cores 2702A-2702N
are heterogeneous in terms of nucroarchitecture, where one or more cores having a relatively

higher power consumption couple with one or more power cores having a lower power
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consumption. In at least one embodiment, processor 2700 can be implemented on one or

more chips or as an 8o integrated circuit,

{0438 Inference and/or fraining logic 7185 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
ermnbodiment portions or all of inference and/or traiming logic 715 may be incorporated inio
graphics processor 2708, For example, 10 at least one embodiment, trairung and/or
inferencing techniques described herein may use one or more of ALUs embodied ina 3D
pipeline, graphics core(s) 2702, shared function logic, or other logic in FIG. 27. Moreover, in
at least one embodument, roferencing and/or traming operations described herein may be done
using logic other than logic illustrated in FIGS. 7A or 7B. In at least one embodiment, weight
parameters may be stored in on-chip or off-chip memory and/or registers {shown or not
shown) that configure ALUs of processor 2700 to perform one or more machine leaming

algorithms, neural network architectures, use cases, or training techmques described herein,

{4397 In at least one embodiment, one or more systems depicted in FIG. 27 are utilized to
implement a svstem for action recognition as described in connection with FIGS. 16, In at
feast one embodiment, one or more systems depicted in FIG. 27 are utilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one of more systems depicted in FIG. 27 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{O440]  FIG 28 18 a block diagram of a graphics processor 2800, which may be a discrete
graphics processing unit, or may be a graphics processor integrated with a plurality of
processing cores. In at least one embodiment, graphics processor 2800 communicates via a
memory mapped VO mterface o registers on graphics processor 2800 and with commands
placed into memory. In at least one embodiment, graphics processor 2800 includes a memory
mterface 2814 to access memory. In at least one embodiment, memory interface 2814 is an
interface (o local memory, one or more internal caches, one or more shared external caches,

and/or to system memory.

{34411 In at least one embodiment, graphics processor 2800 also includes a display
conirolier 2802 to drive display output daia o a display device 2820. In at least one

embodiment, display controller 2802 1nchudes hardware for one or more overlay planes for
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display device 2820 and composition of multiple layers of video or user interface elements.
In at teast one embodiment, display device 2820 can be an internal or external display device.
In at least one embodiment, display device 2820 is a head mounted display device, such as a
virtual reality (VR) display device or an augmented reality (AR} display device In at least
one embodiment, graphics processor 2800 imcludes a video codec engine 2806 {0 encode,
decode, or transcode media to, from, or between one or more media encoding formats,
mcluding, but not iimited to Moving Picture Experis Group (MPEG) formats such as
MPEG-2, Advanced Video Coding (AVC) formats such as H. 264/MPEG-4 AVC, as well as
the Society of Motion Pichure & Television Engineers (SMPTE} 421M/VC-1, and Joint
Photographic Experts Group (JPEG) formats such as JPEG, and Motion JPEG (MIPEG)

formats.

{04421 In at least one embodiment, graphics processor 2800 includes a block image transfer
{(BLIT) engine 2804 to perform two~-dimensional (2D} rasterizer operations including, for
example, bit-hboundary block transfers. However, in at least one embodiment, 2D graphics
operations are performed using one or more components of a graphics processing engine
(GPE) 2810, In at least one embodiment, GPE 2810 is a compute engine for performing
graphics operations, including three-dimensional (3D3) graphics operations and media

operations.

{04431 In at least one embodiment, GPE 2810 includes a 3D pipeline 2812 for

performing 3D operations, such as rendering three-dimensional images and scenes using
processing functions that act upon 3D prinutive shapes {e.g., rectangle, triangle, eic ). fn at
feast one embodiment, 3D pipeline 2812 includes programmable and fixed function elements
that perform various tasks and/or spawn execution threads to a 3D/Media sub-system 2815,
While 3D pipeline 2812 can be used to perform media operations, in at least one
embodiment, GPE 2810 also includes a media pipeline 2816 that is used to perform media

operations, such as video post-processing and image enhancement.

{04441 In at least one embodiment, media pipeline 2816 includes fixed function or
programmable logic units to perform one or more specialized media operations, such as video
decode acceleration, video de-interlacing, and video encode acceleration in place of, or on
behalf of, video codec engine 2806, fn at least one embodiment, media pipeline 2816
additionally includes a thread spawning wut to spawn threads for execution on 3D/Media

sub-sysiem 2815 In at least one embodiment, spawned threads perform computations for
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media operations on one or more graphics execution units included in 3D/Media

sub-system 2815,

{04487 In at least one embodiment, 3D/Media subsystem 2815 mceludes logic for executing
threads spawned by 3D pipeline 2812 and media pipeline 2816. In at least one

embodiment, 3D pipeline 2812 and media pipeline 2816 send thread execution requests

io 3D/Media subsystem 28135, which includes thread dispatch logic for arbitrating and
dispatching vanous requests to available thread execution resources. In at least one
embodiment, execution resources include an array of graphics execution units to process 3D
and media threads. In at least one embodiment, 3D/Media subsystem 28135 includes one or
more internal caches for thread instructions and data. In at least one embodiroent,

subsystem 2815 also includes shared memory, including registers and addressable memory,

o share data between threads and to store outpui data.

j0446]  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodimenis. Details regarding inference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment portions or all of inference and/or training logic 715 may be incorporated into
graphics processor 2800, For example, in at least one embodiment, training and/or
mferencing technigues described herein may use one ot more of ALUs embodied in 3D
pipeline 2812, Moreover, in at least one embodiment, mnferencing and/or {raining operations
described herein may be done using logic other than logic illustrated in FIGS. TA or 7B. In at
least one ernbodiment, weight parameters may be stored 1 on-chip or off-chip memory
and/or registers {(shown or not shown} that configure ALUs of graphics processor 2800 to
perform one or more machine learning afgorithms, newral network architectures, use cases, or

training techniques described herein,

{04471 1o at least one embodiment, one or more systerns depicted i FIG. 28 are uvitlized (o
implement a system for action recognition as described in connection with FIGS. 1~ 6. In at
feast one embodiment, one or more systems depicied in FIG. 28 are wtilized to perform one or
more guantization and pruning processes on one or more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 28 are utilized to perforro action

recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.
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{481 FIG 2915 a block diagram of a graphics processing enging 2910 of a graphics
processor i accordance with at least one embodiment. Tn at least one embodiment, graphics
processing engine (GPE} 2910 1s a version of GPE 2810 shown in FIG. 28. In at least one
embodiment, a media pipeline 2916 is optional and may not be explicitly included within
GPE 2910, In at least one embodiment, a separate media and/or image processor 13 coupled {o

GPE 2910,

{4497 In at least one embodument, GPE 2910 s coupled to or includes a conwnand
streamer 2903, which provides a command stream {o a 3D pipeling 2912 and/or media
pipeline 2916, In at least one embodiment, cornmand streamer 2903 is coupled to memory,
which can be systern memory, ot one or more of internal cache memory and shared cache
memory. In at least one embodiment, conmand streamer 2903 receives commands from
memory and sends commands to 3D pipeline 2912 and/or media pipeline 2916, In at least one
ernbodiment, commands are fnstructions, primiives, or micro-operations fetched from a ring
buffer, which stores conmumands for 313 pipeline 2912 and media pipehine 2916, In at least one
embodiment, a ring butfer can additionally include batch command buffers storing batches of
multiple commands. In at least one embodiment, commands for 3D pipeline 2912 can also
melude references to data stored i memory, such as, but not lumted to, vertex and geometry
data for 3D mipeline 2912 and/or image data and memory objects for media pipeline 2916, In
at least one embodiment, 3D pipeline 2912 and media pipeline 2916 process commands and
data by performing operations or by dispatching one or more execution threads to a graphics
core array 2914, In at least one ernbodiroent, graphics core array 2914 includes one or more
blocks of graphics cores {e.g., graphics core(s) 2915A, graphics core{s) 29158B), each block
mcluding one or more graphics cores. In at least one embodiment, each graphics core
mcludes a set of graphics execution resources that wcludes general-purpose and graphics
specific execution logic to perform graphics and compute operations, as well as fixed
function texture processing and/or machine learning and artificial intelligence acceleration

logic, including inference and/or trawning logic 715 in FIG. 7A and FIG. 7B.

[0458]  In at least one embodiment, 313 pipeline 2912 includes fixed function and
programmable logic fo process one or more shader programs, such as vertex shaders,
geometry shaders, pixel shaders, fragment shaders, compute shaders, or other shader
programs, by processing instructions and dispatching execution threads to graphics core
array 2914, In at least one embodiroent, graphics core array 2914 provides a unified block of

execution resources for use in processing shader programs. In at least one embodiment, a
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multi-purpose execution logic (2.g., execution units) within graphics core{s) 2915A-29158 of
graphic core array 2914 inclodes support for various 3D API shader languages and can

execute multiple simultaneous execution threads associated with multipie shaders.

j0451] 1o at least one embodiment, graphics core array 2914 also includes execution logic
to perform media functions, such as video and/or image processing. In at least one
ermnbodiment, execution uniis additionally include general-purpose logic that is programmable
io perform parallel general-purpose computational operations, in addifion to graphics

processing operations

{321 In atf least one embodiment, ouiput data generated by threads executing on graphics
core array 2914 can cutput data to memory in 2 unified return buffer (URB) 2918, In at least
one embodiment, URB 2918 can store data for roultiple threads. o at least one erobodirvent,
URB 2918 may be used to send data between different threads executing on graphics core
array 2914, In at least one embodiment, URB 2918 may additionally be used for
synchromzation between threads on graphics core array 2914 and fixed function logic within

shared function logic 2920.

{3531 In at least one embodiment, graphics core array 2914 15 scalable, such that graphics
core array 2914 mcludes a variable number of graphics cores, each having a varable number
of execution units based on a target power and performance level of GPE 2910 In at least
one embodiment, execution resources are dynamically scalable, such that execution resources

may be enabled or disabled as needed.

{04541  In at least one embodiment, graphics core array 2914 is coupled to shared function
fogic 2920 that includes multiple resources that are shared between graphics cores in graphics
core array 2914, In at least one embodiment, shared functions performed by shared function
fogic 2920 are embodied in hardware logic units that provide specialized supplemental
functionality to graphics core array 2914. In at least one embodiment, shared function

togic 2920 includes but 13 not limited to a sampler unit 2921, a math unt 2922, and
mter-thread comumnunication {ITC) logic 2923, In at least one embodiment, one or more

cache(s}) 2925 are included in, or coupled to, shared function logic 2920.

,a.

0

function is msutficient for inclusion within graphics core array 2914, In at least one

4331 In at least one embodiment, a shared function is used if demand for a specialized

embodiment, a single instantiation of a specialized function 1s used in shared function

fogic 2920 and shared among other execution resources within graphics core array 2914, In at

J—
(4l
43



10

15

[
]

WO 2022/216528 PCT/US2022/022924

feast one embodiment, specific shared fimctions within shared function logic 2920 that are
used extensively by graphics core array 2914 may be included within shared function

fogic 2926 within graphics core array 2914, In at least one embodiment, shared function
logic 2926 within graphics core array 2914 can include some or all iogic within shared
function logic 2920, In at least one embodiment, all logic elements within shared function
fogic 2920 may be duphicated within shared function logic 2926 of graphics core array 2914,
In at least one embodiment, shared funciion logic 2920 is excluded i favor of shared

function logic 2926 within graphics core array 2914,

{436]  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding mference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment portions or all of inference and/or training logic 715 may be incorporated inio
graphics processor 2910, For example, in at least one embodiment, training and/or
imferencing technigues described herein may use one or more of ALUs embodied 10 3D
pipeline 2912, graphics core{s) 29135, shared function logic 2926, shared function logic 2920,
ot other logic in FIG. 29, Moreover, in at least one embodiment, inferencing and/or training
operations described herein roay be done using logic other than logic illustrated 1o FIGS. 7A
or 7B. I at least one embodiment, weight parameters may be stored in on-chip or off-chip
memory and/or registers {shown or not shown) that configure ALUs of graphics

processor 2910 to perform one or more machine leaming algonithms, neural network

archifectures, use cases, or iraining techniques described herem.

{4571 In at least one embodiment, one or more systems depicted in FIG. 29 are utilized to
implement a svstem for action recognition as described in connection with FIGS. 1 6. Inat
feast one embodiment, one or more systems depicted in FIG. 29 are utilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FI(G. 29 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

[0458]  FIG 3018 a block diagram of hardware logic of a graphics processor core 3000,
according fo at least one embodiment described herein. In at least one embodiment, graphics
processor core 3000 1s inchided within a graphics core array. In at least one embodiment,

graphics processor core 3000, sometimes referred to as a core slice, can be one or multiple
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graphics cores within a modular graphics processor. In at least one embodiment, graphics
processor core 3000 is exemplary of one graphies core slice, and a graphics processor as
described herem may include multiple graphics core slices based on target power and
performance envelopes. In at least one embodiment, each graphics core 3000 can include a
fixed fumction block 3030 coupled with multiple sub-cores 3001 A-3001F, also referred to as

sub-~slices, that include modular blocks of general-purpose and fixed function logic.

{4587 In at least one embodument, fixed function block 3030 includes a geornetry and
fixed function pipeline 3036 that can be shared by all sub-cores in graphics processor 3000,
for example, in lower performance and/or lower power graphics processor implemeniations.
1o at feast one embodiment, georoetry and fixed funchion pipeline 3036 includes a 3D fixed
function pipeline, a video front-end untt, a thread spawner and thread dispatcher, and a

unified return buffer manager, which manages wnified return buffers.

j04a0]  In at least one embodiment, fixed function block 3030 also includes a graphics SoC
imterface 3037, a graphics mucrocountrolier 3038, and a media pipehme 3039, In at least one
embodiment, graphics SoC interface 3037 provides an umerface between graphics core 3000
and other processor cores within a system on a chip integrated circuit. In at least one
embodiment, graphics microcontrolier 3038 is a programmable sub-processor that is
configurable to manage various functions of graphics processor 3000, including thread
dispatch, scheduling, and pre-emption. In at least one embodiment, media pipeline 3039
includes logic 1o facilitate decoding, encoding, pre-processing, and/or post-processing of
multiimedia data, including 1mage and video data. In at least one embodiment, media
pipeline 3039 implements media operations via requests to compute or sampling logic within

sub-cores 3001 A-3001F.

{611 In at least one embodiment, So{ interface 3037 enables graphics core 3000 to
communicate with general-purpose application processor cores {e.g., CPUs) and/or other
components within an SoC, including memory hierarchy elements such as a shared last level
cache memory, system RAM, and/or embedded on-chip or on-package DRAM. In at least
one embodiment, SoC interface 3037 can also enable communication with fixed {unction
devices within an SoC, such as camera imaging pipelines, and enables use of and/or
implements global memory atonics that may be shared between graphics core 3000 and
CPUs within an So{. In at least one embodiment, graphics SoC interface 3637 can also

implement power management controls for graphics processor core 3000 and enable an

J—
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mnterface between a clock domain of graphics processor core 3000 and other clock domains
within an SoC. In at least one embodiment, SoC interface 3037 gnables receipt of command
buffers from a command streamer and global thread dispatcher that are configured to provide
commands and instructions 1o each of one or more graphics cores within a graphics
processor. In at feast one embodiment, commands and mstructions can be dispatched io
media pipehne 3039, when media operations are to be performed, or a geometry and fived
function pipeline {e.g., geometry and fixed function pipeline 3036, and/or a geometry and

fixed function pipeline 3014) when graphics processing operations are to be performed.

{4621 In at least one embodiment, graphics microcontroller 3038 can be configured to
perform various scheduling and management {asks for graphics core 3000, In at least one
embodiment, graphics nucrocontrolier 3038 can perform graphics and/or compute workload
scheduling on various graphics parallel engines within execution unit (EU)

arrays 3002A-3002F, 3004 A-3004F within sub-cores 3001 A-3001F. In at least one
erobodirnent, host software executing on a CPU core of an SoC wcluding graphucs core 3000
can submit workloads to one of multiple graphic processor paths, which mvokes a scheduling
operation on an appropriate graphics engine. In at least one embodiment, scheduling
operations include deternuning which workload to run next, subnutiing a workload to a
conmand streamer, pre-empting existing workloads running on an engine, momtoring
progress of a workload, and notifying host software when a workload ts complete. In at least
one embodiment, graphics microcontroller 3038 can also facilitate low-power or idle states
for graphics core 3000, providing graphics core 3000 with an ability to save and restore
registers within graphics core 3000 across low-power state transitions independently from an

operating svstem and/or graphics driver software on a system.
&5y g

{14631 Tn at least one embodiment, graphics core 3000 mayv have greater than or fewer than
tustrated sub-cores 3001 A-3001F, up to N modular sub-cores. For each set of N sub-cores,
in at least one embodiment, graphics core 3000 can also include shared function logic 3010,
shared and/or cache memory 3012, geometrv/fixed function pipeline 3014, as well as
additional fixed function logic 3016 1o accelerate various graphics and compule processing
operations. In at least one embodiment, sharad function logic 3010 can include logic units
{e.g., sampler, math, and/or inter-thread communication fogic) that can be shared by each N
sub-cores within graphics core 3000. In at least one embodiment, shared and/or cache
mernory 3012 can be a lasi-level cache for N sub-cores 3001 A-3001F within graphics

core 3000 and can also serve as shared memory that 1s accessible by multipie sub-cores. In at
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feast one embodiment, geometry/fixed function pipeline 3014 can be inchuded instead of
geometry/fixed function pipeline 3036 within fixed fumction block 3030 and can inclade
similar logic units,

j04647  In at least one embodiment, graphics core 3000 inchudes additional fixed fimction
fogic 3016 that can include various fixed fimetion acceleration logic for use by graphics

core 3000, In at least one embodiment, additional fixed function logic 3016 includes an
additional geowetry pipeline for use 1 position-ouly shading. In posttion-only shading, at
feast two geometry pipelines exist, whereas in a full geometry pipeline within geometry and
fixed function pipelines 3014, 3036, and a cull pipeline, which is an additional geometry
pipeline that may be included within additional fixed function logic 3016, fu at least one
embodiment, a cull pipeline is a timmed down version of a full geometry pipeline. In af least
one embodiment, a full pipeline and a culi pipeline can execute different instances of an
application, each instance having a separate context. In at least one embodiment, postlion
only shading can hide long cull runs of discarded triangles, enabling shading to be completed
eariier in some mnstances. For example, in at least one embodiment, cull pipehine logic within
additional fixed function logic 3016 can execute position shaders in parallel with a main
apphication and generally generates critical results faster thao a full pipeline, as a cull pipeline
fetches and shades position attributes of vertices, without performing rasterization and
rendering of pixels to a frame buffer. In at least one embodiment, a cull pipeline can use
generated critical results to compute vistbility information for all tnangles without regard to
whether those triangles are culled. In at least one embodiment, a full pipeline (which m this
mstance may be referred to as a replay pipeline} can consume visibility information to skip

culied triangles to shade only visible triangies that are finally passed to a rasterization phase.

{4681 Tn at least one embodiment, additional fixed function logic 3016 can also include
machine-learning acceleration logic, such as fixed function matrix muultiplication logic, for

implementations including optinizations for machine learning training or inferencing.

{04861  In at least one embodiment, within each graphics sub-core 3001 A-3001F includes a
set of execution resources that may be used to perform graphics, media, and compuie
operations in response Lo requests by graphucs pipeline, media pipeline, or shader prograros.
in at feast one embodiment, graphics sub-cores 3001 A-3001F include multiple EU

arrays 3002A-3002F, 3004A-3004F, thread dispatch and inter-thread communication (TD/IC)

togic 3003A-3003F, a 3D (e.g., texture) sampler 3005A-3005F, a media
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sampler 3006A-3006F, a shader processor 3007 A-3007F, and shared local memory

(SLM) 3008A-3008F. In at least one embodiment, EU arrays 3002A-3002F, 3004 A-3004F
each include multiple execution umits, which are general-purpose graphics processing uniis
capable of performing floating-point and integer/fixed-point ogic operations in service of a
graphics, media, or compute operation, including graphics, media, or compute shader
programs. In at least ove embodiment, TD/IC logic 3003 A-3003F perforros local thread
dispatch and thread control operations for execution units within a sub-core and facilitates
communication between threads executing on execution units of a sub-core. In at least one
embodiment, 3D samplers 300SA-3005F can read texture or other 3D graphics related data
mio memory. In at least one embodiment, 3D samplers can read texture data differently baged
on a configured sample state and texture format associated with a given texture. In at least
one embodiment, media samplers 3006 A-3006F can perform similar read operations based on
atype and format associated with media data. In at least one embodiment, each graphics
sub-core 3001 A-3001F can alternately include a unified 313 and media sampler. in at least
one embodiment, threads executing on execution units within each of

sub-cores 3001 A-3001F can make use of shared local memory 3008 A-3008F within each
sub-core, to enable threads executing within a thread group to execute using a coromon pool

of on-chip memory.

[04071  Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or
raining logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, portions or all of inference and/or training logic 715 may be incorporated inio
graphics processor 3000. For example, in at least one embodiment, training and/or
mferencing techngues described herein may use one ot more of ALUs embodied ina 3D
pipeling, graphics microcontrolier 3034, geometry and fixed function pipeline 3014 and 3036,
or gther logic m FIG. 30, Moreover, in at least one embodiment, inferencing and/or training
operations described herein may be done using logic other than logic tustrated in FIGS. 7A
or 7B. In at least one embodiment, weight parameters may be stored in on-chip or off-chip
memaory and/or registers (shown or not shown) that configure ALUs of graphics

processor 3000 to perform one or more machine leaming algonthms, neural network

architectures, use cases, or training techniques described herem.

{0468 1o at least one embodiment, one or more systerus depicted n FIG. 30 are utthized to

implement a system for action recognition as described in connection with FIGS. 1~ 6. In at
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ieast one embodiment, one or more systems depicted in FIG. 30 are utilized (o perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FI(G. 30 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more guaniization and pruning processes.

[04697  FIGS. 31A-318 illostrate thread execution logic 3100 including an array of
processing elements of a graphics processor core according to at least one ernbodiroent,
FIG. 31A illustrates at feast one embodiment, in which thread execution logic 3100 1s used.
FIG. 31B illustrates exemplary internal details of a graphics execution unit 3108, according

to at least one embodument.

(04701 Asllustrated in FIG. 31A, in at least one ernbodiment, thread execution Jogic 3100
ncludes a shader processor 3102, a thread dispatcher 3104, an instruction cache 3106, a
scalable execution unit arrav including a plurality of execution units 3107A-3107N

and 3108A-3108N, a sampler 3110, a data cache 3112, and a data port 3114, In at least one
embodiment, a scalable execution unit array can dynamically scale by enabling or disabling
one or more execution units {(e.g., anv of execution unit 3108A-N or 3107A-N) based on
computational requirements of a workload, for example. In at least one embodiment, scalable
execution units are mtercormected via an inderconnect fabric that hinks to each execution umt,
In at least one embodiment, thread execution logic 3100 includes one or more connections to
memory, such as system memory or cache memory, through one or more of instruction
cache 3106, data port 3114, sampler 3110, and execution umis 3107 or 3108, In at least one
embodiment, each execution wnit {e.g., 3107A} is a stand-alone programmable
general-purpose computational unit that ts capable of executing multiple simultaneous
hardware threads while processing multiple daia elements in parallel for each thread. In at
teast one embodiment, array of execution units 3107 and/or 3108 15 scalable to include any

number individual execution untts.

f0471]  In at least one embodiment, execution units 3107 and/or 3108 are primartly used to
execute shader programs. In at least one embodiment, shader processor 3102 can process
vartous shader programs and dispatch execution threads associated with shader programs via
a thread dispaicher 3104, In at least one embodiment, thread dispatcher 3104 includes logic to
arbitrate thread initiation requests from graphics and media pipelines and instantiate

requested threads on one or more execution umis n execution units 3107 and/or 3108, For



10

3¢

35

WO 2022/216528 PCT/US2022/022924

example, in at least one embodiment, a geometry pipeline can dispatch vertex, tessellation, or
geomelry shaders to thread execution logic for processing. Tn at least one embodiment, thread

dispatcher 3104 can also process nmtime thread spawning requests from executing shader

programs.
f04721  In at least one embodiment, execution units 3107 and/or 3108 support an instruction

set that includes native support for many standard 30 graphics shader instructions, such that
shader programs from graphics ibranies {e.g., Direct 3D and Open(GL) are executed with a
minimal transtation. In at least one embodiment, execution units support vertex and geomeiry
processing {e.g., veriex programs, geometry programs, and/or vertex shaders), pixel
processing {e.g., pixel shaders, fragment shaders) and general-purpose processing {e.g.,
compute and media shaders). In at least one embodiment, each of execution units 3107
and/or 3108, which include one or more arithmetic logic units (ALUs}), is capable of
mudii-issue single instruction mudtiple data (SIMD) execution and multi-threaded operation
enables an efficient execution environment despile higher latency memory accesses. Inat
least one embodiment, each hardware thread within each execution unit has a dedicated
high-bandwidih register file and associated independent thread-state. In at least one
embodiment, execution 1s mulfi-issue per clock to pipelines capable of mteger, single and
double precision floating point operations, SIMD branch capability, togical operations,
transcendental operations, and other miscellaneous operations. In at least one embodiment,
while watting for data from memory or one of shared funcilions, dependency logic within
execution units 3107 and/or 3108 causes a waiting thread to sleep until requested data has
been returnied. In at least one embodiment, while an awaiting thread is sleeping, hardware
respurces may be devoted to processing other threads. For example, in at least one
embodiment, during a delay associated with a veriex shader operation, an execution unit can
perform operations for a pixel shader, fragment shader, or another tvpe of shader program,

mcluding a different vertex shader.

JO47T3  In at least one embodiment, each execution unit in execution units 3107 and/or 3108
operates on arrays of data elements. In at least one embodiment, a number of data elements s
an “execution size,” or number of channels for an instruction. In at least one embodiment, an
executton channel is a logical unit of execution for data element access, masking, and flow
control within instructions. Tn at feast one embodiment, a number of channels may be

mdependent of a number of physical anthmetic logic unus (ALUs) or floating pout uruts
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5 (FPUs) for a particular graphics processor. In at least one embodiment, execution units 3107

and/or 3108 support integer and floating-point data fypes.

{04741 1o at least one embodiment, an execution unit instruction set includes SIMD
mstructions. In at least one embodiment, various data elements can be stored as a packed data
tvpe in a regisier and execution unit will process various elements based on data size of

10 elements. For example, in al least one embodiment, when operating on a 256-bit wide
vector, 256 hits of a vector are stored in a register and an execution umt operates on a vector
as four separate 64-bit packed data elements {(Quad-Word (QW) size data elements), eight
separate 32-bit packed data elements (Double Word {DW) size data elements), sixteen
separate 16-bit packed data elements (Word (W} size data elemenis), or thirty-two

15  separate 8-bit data elements (bvte (B} size data elements). However, in at least one

embodiment, different vector widths and register sizes are possible.

{04737 In at least one embodiment, one or more execution units can be combined into a
fused execution unit 3109A-3109N having thread control logic (31H1A-311IN) that 15
common to fused EUs such as execution unit 3107 A fused with execution unit 3108A nto

20 fused execution unit 3109A. In at least one embodiment, multiple EUs can be fused into an
EU group. In at least one embodiment, each EU 10 a fused EU group can be configured o
execule g separate SIMD hardware thread, with a number of EUs in a fused EU group
possibly varving according to various embodiments. In at feast one embodiment, various
SIMEr widths can be performed per-EU, mcluding but not limited to SIMDS, SIMD16, and

25 SIMD3Z. o at least one embodiment, each fused graphics execution unit 3109A-3109N
mcludes at least two execution units. For example, in at least one embodiment, fused
execution unit 3109A includes a first EU 3107 A, second EU 3108A, and thread control
togic 3111 A that is common to {irst EU 3107 A and second EU 3108A. In at least one
embodiment, thread control logic 3111 A controls threads executed on fused graphics

30 execution wnit 3109A, allowing each EU within fused execution units 3109A-3109N to

execute using a commeon instruction pointer register.

(04767 In at least one embodiment, one or more inlernal mstruction caches (e.g., 31066} are

included in thread execution logic 3100 to cache thread instructions for execution units. fn at

least one embodiment, one or more data caches {e g.. 3112} are included to cache thread data
35  durning thread execution. In at least one embodiment, sampler 3110 is included to provide

texture sampling for 3D operations and media sampling for media operations. In at least one
= gt}
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embodiment, sampler 3110 includes specialized texture or media sampling functionality to
process texture or media daia doring sampling process before providing sampled datato an

execution ut.

J04771  Durning execution, in at least one embodiment, graphics and media pipelines send
thread mitiation requests to thread execution logic 3100 via thread spawning and dispatch
fogic. In at least one embodiment, once a group of geometric objects has been processed and
rasterized into pivel data, pivel processor logic {e.g., pixel shader logic, fragment shader
fogic, ete. ) within shader processor 3102 1s invoked to further compute output information
and cause results to be written (o oufput surfaces (e.g., color buffers, depth buffers, stencil
buffers, efc.). In at least one embodiment, a pixel shader or a fragment shader calculates
values of various vertex attributes that are to be interpolated across a rasterized object. In at
least one embodiment, pixel processor logic within shader processor 3102 then executes an
application programming interface {APT)-supplied pixel or fragment shader program. In at
least one embodiment, to execute a shader program, shader processor 3102 dispatches threads
to an execution unit {e.g., 3108A) via thread dispatcher 3104, In at least one embodiment,
shader processor 3102 uses texture sampling logic in sampler 3110 to access texture data in
texture maps stored in memory. fn at least one embodiment, arthmetic operations on texture
data and input geometrv data compute pixel color data for each geometric fragment, or

discards one or more pixels from further processing.

[04781  In at least one embodiment, data port 3114 provides a memory aceess mechanism
for thread execution logic 3100 to oulput processed data to roemory for further processing on
a graphics processor output pipeline. In at least one embodiment, data port 3114 includes or
couples 1o one or more cache memories {e.g., data cache 3112} to cache data for memory

access via a data port.

479

[t

As Hlustrated in FIG. 31B, in at least one embodiment, a graphics execution

unit 3108 can include an instruction fetch unit 3137, a general register file array (GRF) 3124,
an architectural register file array {ARF) 3126, athread arbiter 3122, a send unit 3130, a
branch unit 3132, a set of SIMD Hloating point umits (FPUs) 3134, and a set of dedicated
imteger SIMD ALUs 3135, 1o at least one embodiment, GRF 3124 and ARF 3126 includes a
set of general register files and architecture register files assoctated with each simultaneous
hardware thread that may be active in graphics execution unit 3108, In at ieast one

embodiment, per thread architectural state is maintained in ARF 3126, while data used during
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thread execution is stored in GRF 3124, In at least one embodiment, execution state of each
thread, including instruction pownters for each thread, can be held in thread-specific registers

i ARF 3126,

J048G]  To at least one embodiment, graphics execution urut 3108 has an architecture that is
a combination of Simultaneous Multi-Threading (SMT) and fine-grained Inerleaved
Mudti-Threading (IMT). In at least one embodiment, architecture has a modular configuration
that can be fine-tuned at design time based on a target number of simulianeous threads and
number of registers per execution unit, where execution unit resources are divided across

togic used to execute multiple simultaneous threads.

fR1]  In at least one embodiment, graphics execution unit 3108 can co-issue muliiple
mstructions, which may each be different instructions. fun at least one embodiment, thread
arbiter 3122 of graphics execution unit thread 3108 can dispatch instructions to one of send
unit 3130, branch unit 3132, or SIMD FPU{s) 3134 for execution. In at least one
ernbodiment, each execution thread can access 128 general-purpose registers withun

GRY 3124, where each register can store 32 bytes, accessible as a SIMD R-element vector
of 32-bit data elements. In at least one embodiment, each execution unit thread has access

to 4 kilobytes within GRF 3124, although embodiments are not so limited, and greater or
fewer register resources may be provided in other embodiments. In at least one embodiment,
up to seven threads can execute simultaneously, although a number of threads per execution
unit can also vary according to embodiments. In at least one embodiment, in which seven
threads may access 4 kilobytes, GRF 3124 can store a total of 28 kilobytes. In at least one
embodiment, flexible addressing modes can permit registers to be addressed fogether to build

effectively wider registers or to represent strided rectangular Mock data structures.

{MR2Y  In at least one embodiment, memory operations, sampler operations, and other
tonger-latency svstermn commumications are dispaiched via “send” mstructions that are
executed by message passing to send unit 3130, In at least one embodiment, branch
mstructions are dispatched to branch unit 3132 to facilitate SIMD divergence and eventual

CONVergence.

[04R3]  In at least one embodiment, graphics execution unit 3108 includes one or more
SIMID floating poiont unus (FPU(s)) 3134 to perform floating-pownt operations. In at least one
embodiment, FPU(s) 3134 also support integer computation. In at least one embodiment,

FPU(s) 3134 can SIMD execute up to M number of 32-bit floating-point {or integer)
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operations, or SIMD execute up to ZM 16-bit integer or 16-bit floating-point operations. In at
feast one embodiment, at least one FPU provides extended math capability to support
high-throughput transcendental math functions and double precision 64-bit floating-point. In
at least one embodiment, a set of 8-bit integer SIMD ALUs 3135 are also present, and may be

spectfically optimized to perform operations associaled with machine learming computations.

[0484]  In at least one embodument, arrays of multiple instances of graphics execution
unit 3108 can be instantiated in a graphics sub-core grouping {e.g., a sub-slice}. In at least one
embodiment, execution unit 3108 can execute instructions across a plurality of execution
channels. In at least one embodiment, each thread executed on graphics execution unit 3108

1s executed on a ditfferent channel.

fnference and/or traiming logic 713 are used to perform inferencing and/or training

operations associated with one or more embodiments. Details regarding inference and/or
traning logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
erobodirnent, portions or all of inference and/or trairung logic 715 may be incorporated mto
thread execution logic 3100, Moreover, n at least one embodiment, inferencing and/or
training operations described herein mav be done using logic other than logic illustrated in
FIGS. 74 or 7B, In at least one embodiment, weight parameters may be stored in on-chip or
off-chip memory and/or registers {shown or not shown) that configure ALUs thread of
execution logic 3100 to perform one or more machine learming algonthms, neural network

architectures, use cases, or training techniques described herein,

[04R&87  In at least one embodiment, one or move systems depicted in FIGS. 31A-318B are
utized 1o implement a systern for action recognition as described in connection with FIGS. |
~ 6. In at least one embodiment, one or more systers depicted in FIGS. 31A-31B are utilized
to perform one or more quantization and pruning processes on one of more neural networks.
In at teast one embodiment, one or more systems depicted in FIGS. 31A-318 are utilized to
perform action recognition using a hardware accelerator and/or one or more neural networks
processed through one or more quantization and pruning processes.

JO4RTY  FIG. 32 illustrates a parallel processing unit ("PPU™) 3200, according to at least one
erobodirnent. In at least one embodiment, PPU 3200 s configured with roachine-readable
code that, if executed by PPU 3200, causes PPU 3200 to perform some or all of processes
and techmques described throughout this disclosure. In af least one embodiment, PP 3200 15

a multi~-threaded processor that is implemented on one or more integrated circwt devices and
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that utilizes multithreading as a latency-hiding technigue designed to process
computer-readable insiructions {(also referred to as machineg-readable instructions or simply
mstructions) on multiple threads in parallel. In at least one embodiment, a thread refers to a
thread of execution and is an instantiation of a setf of instructions configured to be executed
by PPU 3200, In at least one embodiment, PPU 3200 is a graphics processing unit ("GPU™)
configured 1o iroplement a graphics rendering pipeline for processing three~dirnensional
{3037} graphics data in order to generate two-dimensional (2D} image data for displav on a
display device such as a liquid crystal display ("LCD™) device. In at least one embodiment,
PPU 3200 s utilized to perform computations such as linear algebra operations and
machine-leaming operations. FIG 32 illusirates an example parallel processor for illustrative
purposes only and should be construed as a non-limiting example of processor architectures
contermplated within scope of this disclosure and that any suitable processor may be

eropioved fo supplement and/or substitute for same.

{34881 In at least one embodument, one or more PPUs 3200 are configured to accelerate
High Performance Computing ("HPC™), data center, and machine leaming applications. In at
teast one embodiment, PPU 3200 is configured to accelerate degp learning systems and
apphications ncluding following non-limiting examples: avtonomous vehicle platforms, deep
tearning, lugh-accuracy speech, image, text recognition systems, intelligent video analytics,
molecilar sirmilations, drug discovery, disease diagnosis, weather forecasting, big data
analytics, astronomy, molecular dynamies simudation, financial modeling, robotics, factory
automation, real~time language transiation, online search optimizations, and personalized user

reconumnendations, and more.

3

{34881 In at least one embodiment, PPU 3200 includes, without himitation, an Input/Cutput
YOy umit 3206, a front-end unii 3210, a scheduder unit 3212, a work distribution unit 3214,
ahub 3216, a crossbar ("XBar™) 3220, one or more general processing clusters

{("GPCs™)y 3214, and one or more partition units {"memory partition units™} 3222 In at least
one embodiment, PPU 3200 is connected to a host processor or other PPUs 3200 via one or
more high-speed GPU interconnects ("GPU mterconnects™) 3208, In at least one
embodiment, PPU 3200 is connected to a host processor or other peripheral devices viaa
system bus 3202, In at least one embodiment, PPU 3200 1s connected to a local memory
comprising one or more memory devices (“memory”) 3204, In at least one embodiment,
memory devices 3204 include, without limitation, one or more dynamic random access

mernory {"DRAM™} devices. In at least one embodiment, one or more DRAM devices are
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configured and/or configurable as high-bandwidth memory (“"HBM™} subsystems, with

multiple DRAM dies stacked within each device.

{04307 o at least one embodiment, high-speed GPU mierconnect 3208 may referto a
wire-based multi-lane conmmmunications link that is used by systems to scale and mclude one
or more PPUs 3200 combined with one or more central processing units {("CPUS™), supports
cache coherence between PPUs 3200 and CPUs, and CPU mastering. In at least one
ernbodiment, data and/or coromands are transnutied by high-speed GPU mterconmect 3208
through hub 3216 to/from other units of PPU 3200 such as one or more copy engings, video
encoders, video decoders, power management units, and other components which may not be

exphieitly tlustrated in FIG. 32

{04311 1o at least one embodiment, VO unit 3206 15 configured to transmut and receive
communications (g g., commands, data) from g host processor (not illustrated in FIG. 32)
over system bus 3202. In at least one embodiment, /0 unit 3206 communicates with host
processor directly via systern bus 3202 or through one or more 1otermediate devices such as a
memory bridge. In at least one embodiment, /O wnit 3206 may conununicate with one or
more other processors, such as one or more of PPUs 3200 via system bus 3202, In at least one
embodiment, I/0 unit 3206 implements a Peripheral Component Tnterconnect Express
(“PCle”) interface for communications over a PCle bus. In at least one embodiment, /0

unit 3206 implements interfaces for commumicating with external devices.

{04821 In at least one embodiment, /O unit 3206 decodes packets received via system
bus 3202, In at least one embodiment, at least some packets represent commands configured
to cause PPU 3200 to perform various operations. In at least one emabodiment, VO untt 3206
transmits decoded cormmands to various other units of PPU 3200 as specified by commands.
in at least one embodiment, commands are transmitted to front-end unit 3210 and/or
transmiited to hub 3216 or other units of PPU 3200 sach as one or more copy engines, a
video encoder, a video decoder, a power management unit, etc, {(not explicithy illustrated in
FiGG 32} In at least one embodiment, /O unit 3206 is configured 1o route communications

between and among various logical umits of PPU 3200

04031 In at least one embodiment, a program executed by host processor encodes a
3 3 > & J
command stream 1o a buffer that provides workloads to PPU 3200 for processing. In at least
one embodiment, a workload comprises instructions and data to be processed by those

mstructions. In at least one embodiment, a butfer is 4 region in a memory that is accessible
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(e.g., read/write} by both a host processor and PPU 3200 — a host interface unit may be
configured to access that buffer in a svstem memory connected to system bus 3202 via
mernory requests transimitted over system bus 3202 by /0O unit 3206. In at least one
embodiment, a host processor writes a command stream to a buffer and then transmits a
pointer to a start of a command siream to PPU 3200 such that front-end unit 3210 receives
pointers to oue ot ruore conmmand streams and manages one of mote command streams,
reading cornmands from cormmand streams and forwarding comimands to vartous units of

PPLI 3200,

{14841 In at least one embodiment, front-end unit 3210 i3 coupled 1o scheduder umt 3212
that configures varous GPCs 3218 to process tasks defined by one or more cornmand
streams. In at least one embodiment, schaduler unit 3212 is configured to track state
information relaied {0 various tasks managed by scheduler unit 3212 where state information
may indicate which of GPCs 3218 a task is assigned to, whether task is active or inactive, a
priority level associated with task, and so forth. In at least one embodiment, scheduler

unit 3212 manages execution of a plurality of tasks on one or more of GPCs 3218,

{4931 In at least one embodiment, scheduler unit 3212 is coupled to work distribution
unit 3214 that 1s configured to dispatch tasks for execution on GPCs 3218, In at least one
smbodiment, work distribution unit 3214 tracks a number of scheduled tasks received from
scheduler unit 3212 and work distribution unit 3214 manages a pending fask pool and an
active task pool for each of GPCs 3218, In at least one embodiment, pending task pool
comprises a number of slots (e.g., 32 slots) that contain tasks assigoned to be processed by a
particular GPC 3218 an active task pool may comprise a number of slots {e.g., 4 slots) for
tasks that are actively being processed by GPCs 3218 such that as one of GP{Cs 3218
completes execution of a task, that task 15 evicted from that active task pool for GPC 3218
and another task from a pending task pool is selected and scheduled for execution on

GPC 3218 In at least one embodiment, if an active task 15 1dle on GPC 3218, such as whale
waiting for a data dependency 1o be resolved, then that active task is evicted from GPC 3238
and retumed to that pending task pool while another task in that pending task pool 1s selected

and scheduled for execution on GPC 3218,

{4947 In at least one embodiment, work distribution uut 3214 communicates with one or

more GPCs 3218 via XBar 3220. In at least one embodiment, XBar 3220 15 an interconnect

network that couples many of units of PPU 3200 to other units of PPU 3200 and can be
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configurad to couple work disinbution unit 3214 to a particular GP{ 3218, In at least ong
embodiment, one or more other units of PPU 3200 may also be connected to XBar 3220 via

hub 3216,

j04%71  In at least one embodiment, tasks are managed by scheduler unit 3212 and
dispatched to one of GPCs 3218 by work distribution unit 3214, In at least one embodiment,
GPC 3218 15 configured to process task and generate results. In at least one embodiment,
results may be consumed by other tasks within GPC 3218, routed to a different GPC 3218 via
XBar 3220, or stored in memory 3204, In at least one embodiment, results can be written to
memory 3204 via partition units 3222, which implement a memory interface for reading and
writing data to/from memory 3204, In at least one embodiment, resulis can be transroitted (o
another PPU or CPU via high-speed GPU interconnect 3208, In at least one embodiment,
PPU 3200 includes, without himitation, a number U of partition units 3222 thatis equal to a
number of separate and distinet memory devices 3204 coupled to PPU 3200, as described in

more detatl herein in corgunction with FIG. 34,

{4881 In at least one embodiment, a host processor executes a driver kernel that
implements an application programming interface (“APL”) that enables one or more
applications executing on a host processor to schedule operations for execution on PPU 3200,
In at least one embodiment, multiple compute applications are simultaneously executed by
PPU 3200 and PPU 3200 provides isolation, quality of service ("Qo8"), and independent
address spaces for multiple compuie applications. In at least ong embodiment, an application
generates instructions {e.g., in form of AP calls) that cause a driver keroel 1o generate ove or
more tasks for execution by PPU 3200 and that driver kernel outputs tasks to one or more
streams being processed by PPU 3200, In at least one embodiment, each task comprises one
ot more groups of related threads, which may be referred to as a warp. In at least one
embodiment, a warp coroprises a plurality of related threads {e.g., 32 threads) that can be
executed in paraliel In at least one embodiment, cooperating threads can refer to a plurality
of threads inchuding instructions to perform task and that exchange data through shared
memaory. In at feast one embodiment, threads and cooperating threads are described in more

detail in conjunction with FIG. 34,

{34881 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or

training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
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embodiment, deep learning application processor is used to train a machine learning model,
such as a newral network, to predict or infer information provided to PPU 3200, In at least
one embodiment, deep leaming application processor is used to infer or predict information
based on a trained machine learning model (e.g., newal network) that has been trained by
another processor or system or by PPU 3200. In at least one embodiment, PPU 3200 may be

used to perform one or more neural network use cases described herein,

{35001 In at least one embodiment, one or more systems depicted in FIG. 32 are utilized to
implement a svstem for action recognition as described in connection with FIGS. 16, In at
feast one embodiment, one or more systems depicted in FIG. 32 are utilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FI(G. 32 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more guaniization and pruning processes.

[0301]  FIG 33 illustrates a general processing cluster ("GPC™) 3300, according io ai least
one embodiment. In at least one embodiment, GPC 3300 1s GPC 3218 of FIG. 32, In at least
one embodiment, each GPC 3300 includes, without limitation, a number of hardware units
for processing tasks and each GPC 3300 mclodes, without himitation, a pipeline

manager 3302, a pre-raster operations unit (CpreROP”) 3304, a raster engine 3308, a work
distribution crossbar ("WDX7} 3316, a memory management unit { MMU”) 3318, one or

more Data Processing Clusters ("DPCS™) 3306, and any suitable combination of parts.

{03027 In at least one embodiment, operation of GPC 3300 1s controlled by pipeline
manager 3302 To at least one embodiment, pipeline manager 3302 manages configuration of
one or more DBPCs 3306 for processing tasks allocated to GPC 3300, In at least one
embodiment, pipeline manager 3302 configures at least one of one or more DP{Us 3306 {0
implement at least a portion of a graphics rendering pipeline. In at least one embodiment,
DPC 3306 15 configured to execute a vertex shader program on a prograromable streaming
mukbti-processor {(“SM7) 3314, In at least one embodiment, pipeline manager 3302 i3
configured 1o route packets recetved {rom a work distribution unit to appropriate logical umiis
within GPC 3300, i at least one ernbodiment, and some packets may be routed to fixed
function hardware uniis in preROP 3304 and/or raster engine 3308 while other packets may

be routed to DPCs 3306 for processing by a prinmutive engine 3312 or SM 3314, In at least
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one embodiment, pipeline manager 3302 configures at least one of DPCs 3306 to implement
anewal network model and/or a compuling pipeline.

{8031 In at least one embodiment, preROP umit 3304 1s configured, in at least one
embodiment, 1o route data generated by raster enging 3308 and DP{s 3306 {0 a Raster
Operations ("ROP”) unit in partition unit 3222, described in more detail above in conjunction
with FIG. 32, In at least one embodiment, preROP unit 3304 i3 configured to perform
optimizations for color blending, organize pixel data, perform address translations, and more.
in at feast one embodiment, raster engine 3308 inciudes, without limitation, a number of
fixed {unction hardware units configured to perform various raster operations, in at least ong
embodiment, and raster engine 3308 ncludes, without lumitation, a setup engine, a coarse
raster engine, a culling engine, a clipping engine, a fine raster engineg, a tile coalescing
engine, and any suitable combination thereof. In at least one embodiment, setup engine
receives transformed vertices and generates plane equations associaled with geometric
primifive defined by verlices; plane equations are fransmitied {0 a coarse rasier engine {o
generate coverage information (e.g., an X, v coverage mask for a tile) for priminive; owtput of
a coarse raster engine is transmitted 1o a culling engine where fragments associated with a
primutive that faid a z-test are culled, and transmutted to a chipping engime where fragroents
lving outside a viewing frustum are chipped. In at least one embodiment, fragments that
survive clipping and culling are passed o a fine raster engine to generate attributes for pixel
fragments based on plane equations generated by a setup engine. In at least one embodiment,
an output of raster engine 3308 comprises {ragments to be processed by any suttable entity,

such as by a fragment shader implemented within DPC 3306

{IS{K]  In at least one embodiment, each BPC 3306 included m GPC 3300 comprises,
without hmitation, an M-Pipe Controller ("MPC™) 3310; primitive engine 3312; one or more
SMs 3314, and any suitable combination thereof. In at least one embodiment, MPC 3310
controls operation of DPC 3306, routing packets received from pipeline manager 3302 o
appropriate units in DPC 3306. In at least one embodiment, packets associated with a vertex
are routed to privothive engine 3312, which is configured to {etch vertex attnibutes associated
with a vertex from memory; in contrast, packets associated with a shader program may be

transmitted to SM 3314,

{S5]  In at least one embodiment, SM 3314 comprises, without limitation, a

programmable streaming processor that is configured to process tasks represented by a
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number of threads. In at least one embodiment, SM 3314 is multi-threaded and configured to
execute a plurality of threads {e.g., 32 threads) from a particular group of threads
concurrently and implements a Single-Instruction, Multiple-Data (“SIMED™) architecture
where each thread in a group of threads {e.g., a warp) is configured to process a different set
of data based on same set of instructions. In at least one embodiment, all threads s group of
threads sxecute a common set of mstructions. fn at 1sast one embodiment, SM 3314
implements a Single-Instruction, Multiple Thread ("SIMT™) architecture wherein each thread
in a group of threads is configured to process a different set of data based on that common set
of instructions, but where individual threads i a group of threads are allowed to diverge
during execution. In at least one embodiment, a program cownder, cal stack, and execution
state 1s maintained for each warp, enabling concurrency between warps and sernial execution
within warps when threads within a warp diverge. In another embodiment, a program
counter, call stack, and execution state is maintained for each mdividual thread, enabling
equal concurrency hetween all threads. within and between warps. In at least one
embodiment, execution state is maintained for each individual thread and threads executing
comrmon mstructions mayv be converged and executed in parallel for better efficiency. At least

one embodiment of SM 3314 is deseribed 1t more detail heren.

{03667 In at least one embodiment, MMU 3318 provides an interface between GPC 3300
and a memory partition wnit {e.g., partition unit 3222 of FIG. 32) and MMU 3318 provides
translation of virtual addresses into physical addresses, memory protection, and arbitration of
memory requests. In at least one embodiment, MMU 3318 provides one or more translation
lookaside buffers (“"TLBs”™) for performing transiation of virtual addresses into physical

addresses m memory.

{OSG71 Tnference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding mference and/or
training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
embodiment, deep learning application processor 1s used to train a machine learning model,
such as a neural network, to predict or infer information provided to GPC 3300, In at least

!

one embodiment, GPC 3300 is used to infer or predict information based on a trained
machine leaming model {(e.g., neural network} that has been trained by another processor or
system or by GPC 3300. Tn at least one embodiment, GPC 3300 may be used to perform one

or more neural network use cases described heren
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{USE]  In at feast one embodiment, one or more Systems depicted in FIG. 33 are utilized {o
implement a svstem {or action recognition as described in connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 33 are utilized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one
ermmbodiment, one or more systems depicied in FIG. 33 are utilized {o perform action
recognifion using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

(IS FIG. 34 illustrates a memory partition unit 3400 of a parallel processing unit
(“PPU™Y, 1n accordance with at least one embodiment. In at least one embodiment, memory
partition unit 3400 mcludes, without Timtation, a Raster Operations ("ROP7) unut 3402, a
tevel two (“L27}) cache 3404, a memory interface 3406, and any suitable combination thereof.
In at least one embodiment, memory interface 3406 is couplad to memory. In at least one
ermnbodiment, memory interface 3406 may implement 32, 64, 128, 1024-bit data buses, or
hike, for high-speed data transfer. To at least one embodiment, PPU incorporates U memory
miterfaces 3406 where U 15 a positive integer, with one memory interface 3406 per pair of
partition units 3400, where each pair of partition onits 3400 is connected to a corresponding
mernory device. For example, in at least one ernbodiment, PPU may be connecied toup to Y
memory devices, such as high bandwidth memorv stacks or graphics double-data-rate,
version 5, synchronous dynamic random access memory ("GDDRS SDRAM™).

f051087  In at least one embodiment, memory interface 3406 implements a high bandwidth
memory second generation {THBM2”) memory interface and Y equals half of UL Tn at least
one embodiment, HBM2 memory stacks are located on a physical package with a PPU,
providing substantial power and area savings compared with conventional GDDRS SDRAM
systems. In at least one embodiment, each HBM2 stack includes, without himitation, four
mernory dies with Y=4, with each HBM2 stack mcluding two 128-bit channels per die fora
total of 8 channels and a data bus width of 1024 bits. In at least one embodiment, that
memory supports Single-Error Correcting Double-Error Detecting ("SECDED™) Error
Correction Code ("ECC™) to protect data. In at least one embodiment, ECC can provide

higher reliability for compute applications that are sensitive to data corruption.

{3381]  In at least one embodiment, PPU implements a multi-level memory hierarchy. In at
ieast one embodiment, memory partition unit 3400 supports a vnified memory 1o provide a

single unified virtual address space for central processing unit ("CPU”) and PPU memory,
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enabling data sharing between virtual memory svstems. In at least one embodiment frequency
of accesses by a PPU to a memory located on other processors is traced o ensure that
memory pages are moved to physical memory of PPU that is accessing pages more
frequently. In at least one embodiment, high-speed GPU nterconnect 3208 supports address
iranstation services allowing PPU to directly access a CPUs page tables and providing full

access to CPU memory by a PPUL

{35121 In at least one embodiment, copy engines transter data between roultiple PPUs or
between PPUs and CPUs. In at least one embodiment, copy engines can generate page faults
for addresses that are not mapped into page tables and memory partition unit 3400 then
services page faults, mapping addresses mio page table, after which copy engine performs a
transfer. In at least one embodiment, memory is pinned (i.e., non-pageable) for multiple copy
engine operations between multiple processors, substantially reducing available memory. In
at least one embodiment, with hardware page faolting, addresses can be passed to copy
engines without regard as to whether memory pages are restdent, and a copy process is

transparent.

Diata from memory 3204 of FIG. 32 or other system memory 1s fetched by memory
partition unit 3400 and stored 1w L2 cache 3404, which is located on-chip and is shared
etween various GPCs, in accordance with at least one embodiment. Each memory partition
unit 3400, in at least one embodiment, includes, without limitation, at least a portion of L2
cache associated with a corresponding memory device. In at least one embodiment, lower
level caches are implemented 1o vanous units within GPCs. In at least one embodiment, each
of §Ms 3314 1n FIG. 33 may implement a Level 1 ("L17") cache wherein that L1 cache is
private memory that 1s dedicated to a particular SM 3314 and data from L2 cache 3404 1s
fetched and stored in each L1 cache for processing in functional umits of 8Ms 3314, In at least
one embodiment, L2 cache 3404 is coupled to memory mnierface 3406 and XBar 3220 shown

in FIG. 32

{05141 ROP unit 3402 performs graphics raster operations related to pixel color, such as
color compression, pixel blending, and more, in at least one embodiment. ROP unit 3402, in
at least one embodiment, implervents depth testing 1o conjunction with raster engine 3308,
receiving a depth for a sample location associated with a pixel fragment from a culling engine
of raster engine 3308, In at least one embodiment, depth is tested against a corresponding

depth in a depth buffer for a sample location associated with a fragment. In at least one

o
A
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embodiment, if that fragment passes that depth fest for that sample location, then ROP

uniit 3402 updates depth buffer and transmits a result of that depth test to raster engine 3308,
it will be appreciated that a number of partition units 3400 may be different than a number of
GPCs and, therefore, each ROP unit 3402 can, in at least one embodiment, be coupled to each
GPC. I at least one embodiment, ROP unit 3402 tracks packets received from different
GPCs and determunes whether a result generaled by ROP unit 3402 18 to be routed to through

XBar 3220

{IISES]  In at least one embodiment, one or more systems depicted in FIG. 34 are utilized to
implement a svstem {or action recognition as described in connection with FIGS. 1 - 6. In at
teast one embodiment, one or more systerns depicted in FIG. 34 are utilized to perform one or
more quantization and pruning processes on one or more newral networks. In at least one
embodiment, one or more systems depicied in FIG. 34 are utilized {0 perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{i516] FIG 35 illustrates a streaming mwulti-processor ("SM7) 3500, according to at least

t3

-

one embodiment. In at least one embodiment, SM 3500 is SM of FIG. 33. In at feast one
embodiment, SM 3500 includes, without Lmitation, an instruction ¢cache 3502, one or more
scheduler units 3504, a register tile 3508, one or more processing cores {Tcores”) 3510, one
or more special function units ("SFUs™) 3512, one or more load/store units (“LSUs™) 3514,
an interconnect network 3516, a shared memorv/level one {"L17} cache 3518, and/or any

suitable combination thereof

-y

{05E7) In at least one embodument, a work distribution urut dispatches tasks for execution
on general processing clusters ("GPCs™)y of parallel processing units ("PPUs™) and each task
is aliocated to a particular Data Processing Cluster ("DPC™) within a GPC and, if a task is
associated with a shader program, that task is allocated (o one of SMs 3500, In at least one
embodiment, scheduler unit 3504 recetves tasks from a work distribution unit and manages
mstruction scheduling for one or more thread blocks assigned to SM 3500, In at least one
embodiment, scheduler unit 3504 schedules thread blocks for execution as warps of parallel
threads, wherein each thread block is allocated at least one warp. In at least one embodiment,
each warp executes threads. In at least one embodiment, scheduler unit 3504 manages a

plurahity of different thread blocks, allocating warps to different thread blocks and then



WO 2022/216528 PCT/US2022/022924

dispatching instructions from plurality of different cooperative groups to various functional

units {e.g., processing cores 3510, SFUs 3512, and LSUs 3514} during each clock cycle.

{5 E8]  In at least one embodiment, Cooperative Groups may refer to a programming model
for organizing groups of communicating threads that allows developers to express granularity

at which threads are communicating, enabling expression of richer, more efficient parallel

decompositions. In at least one embodiment, cooperative launch APIs support
synchromzation aroongst thread blocks for execution of paraliel algonthims. fo at least one
embodiment, applications of conventional programming models provide a single, simple
construct for synchronizing cooperating threads: a barrier across all threads of a thread block
e.g., syncthreads( ) function). However, m af least one embodiment, progranumers may
define groups of threads at smaller than thread block granularities and synchronize within
defined groups to enable greater performance, design flexubility, and software reuse in form
of collective group-wide fumction interfaces. In ai least one embodiment, Cooperative Groups
enables programmers to define groups of threads exphicithy at sub-block (i.e., as small as a
single thread} and multi-block gramularities, and to perform collective operations such as
synchronization on threads in a cooperative group. In at least one embodiment, that
programming model supporis clean composition across software boundaries, so that ibraries
and uttity fimctions can synchronize safely within their local context without having 1o make
assumptions about convergence. In at least one embodiment, {Cooperative Groups primifives
enable new patterns of cooperative paralielism, including, without limitation,
producer-consumer parallelism, opportumistic parallelism, and global synchronization across

an entire grid of thread blocks.

{ISE8]  In at least one embodiment, a dispatch unit 3506 1s configured to transmit
mstructions to ons or more functional umits and scheduler unitt 3504 and includes, withoud
bimitation, two dispaich units 3506 that enable two different instructions from a conymon
warp to be dispatched during each clock evcle. In at least one embodiment, each scheduler

unit 3504 includes a single dispatch wnit 3506 or additional dispatch units 3506,

f03207  In at least one embodiment, each SM 3500, 10 at {east one embodiment, moludes,
without limitation, register file 3508 that provides a set of registers for functional uuits of
SM 3500. In at least one embodiment, register file 3508 is divided between each functional
unit such that each functional unit is allocated a dedicated portion of register file 3508 In at

feast one embodiment, register {ile 3508 1g divided between different warps being executed

o
A
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bv SM 3500 and register file 3508 provides temporary storage for operands connecied to data
paths of functional units. In at least one embodiment, each SM 3500 comprises, without
limitation, a plurality of L processing cores 3510, where L is a positive integer. In at least one
embodiment, SM 3500 includes, without limitation, a large number {e.g., 128 or more) of
distinct processing cores 3510, In at least one embodiment, each processing

core 35 loincludes, without limitation, a fullv-pipelined, single-precision, double-precision,
and/or mixed precision processing unit that includes, without imitation, a floating pont
arithmetic logic unit and an integer arithmetic iogic unit. In at least one embodiment, floating
point anthmetic logic units implement IEEE 754-2008 standard for floating point asithmetic.
In at least one embodiment, processing cores 3510 include, without mitation, 64
single-precision {32-bit) floating point cores, 64 integer cores, 32 double-precision {64-bit)

floating point cores, and B {ensor cores.

[65211  Tensor cores are configured to perform matnx operations i accordance with at least
one embodiment, In at least one embodiment, one or more fensor cores are included in
processing cores 3510, In at least one embodiment, tensor cores are configured to perform
deep learming matrix arthmetic, such as convolution operations for neural network fraining
and inferencing. In at least one embodiment, each tensor core operates on a 4x4 matrix and
performs a matrix multiply and accumlate operation, D=AX B +C, where A, B, C,and D

are 4x4 mairices.

f05221  In at least one embodiment, matrix multiply inputs A and B are 16-bat floating point
matrices and accumulation matrices € and D are16-bit floating pownt or 32-bit floating pount
matrices. In at least one embodiment, tensor cores operate on §6-bit floating point input data
with 32-bit floating point accumulation. In at least one embodiment, 16-bit floating point
multiply uses 64 operations and resulis in a full precision product that is then accumuated
using 32-bit floating point addition with other intermediate products for a 4xdx4 mairix
multiply. Tensor cores are used to perform much larger two-dimensional or higher
dimensional matrix operations, built up from these smaller elements, m at least one
ernbodiment. In at least one embodiment, an APL, such as a CUDA 9 C++ APY, exposes
specialized matrix load, matrix multiply and accumulate, and matrix store operations to
efficiently use tensor cores from a CUDA-C++ program. In at least one embodiment, at a
CUDA level, a warp-level inlerface assumes 16x16 size matrices spanming all 32 threads of

warp.
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{3331 In at least one embodiment, each SM 3500 comprises, without limitation, M

SFUs 3512 that perform special functions (e.g., attribute evaluation, reciprocal square root,
and like). In at least one embodiment, SFUs 3512 include, without limitation, a tree traversal
unit configured to traverse a hierarchical tree data structure. In at least one embodiment,
SFUs 3512 include, without limitation, a texture unit configured to perform texture map
filtering operations. In at least one erbodiment, texture units are configured to load texture
maps {e.g.. a 2D array of texels) from memorv and sample texture maps o produce sampled
texture values for use in shader programs executed by 5M 3500, In at least one embodiment,
texture maps are stored in shared memory/L1 cache 3518, In at least one embodiment, texture
units tmplement texture operations such as filtering operations using nup-maps {e.2., texture
maps of varying levels of detail), in accordance with at least one embodiment. In at least one

embodiment, each SM 3500 includes, without limitation, two texiure units.

[05241  Each SM 3300 comprises, without limitation, N L8Us 3514 that implement load
and store operations between shared memory/L 1 cache 3518 and register file 3508, in at least
one embodiment. Interconnect network 3516 connects each functional unit to register

file 3508 and LSU 3514 to register file 3508 and shared memory/ L1 cache 3518 in at least
ons smbodiment. In at lsast one embodiment, interconmect network 3516 1s a crossbar that
can be configured to connect any functional units to any registers in register file 3508 and
connect LSUs 3514 1o register file 3508 and memory locations in shared memory/L1

cache 3518,

[05231  In at least one embodiment, shared memory/L1 cache 3518 15 an array of on~chip
memory that allows for data storage and commurucation between SM 3500 and primitive
engine and between threads in SM 3300, in at feast one embodiment. In af east one
embodiment, shared memory/L1 cache 3518 comprises, without limitation, 128 KB of
storage capacity and is i a path from SM 3500 to a partition unit. In at least one
embodiment, shared memory/L1 cache 3518, in at least one embodiment, 15 used to cache
reads and writes. In at least one embodiment, one or more of shared memorv/L1 cache 3518,

1.2 cache, and memory are backing stores.

[0526]  Combining data cache and shared memory functionality nio a single moemory block
provides improved performance for both types of memory accesses, in at least one
embodiment. In at least one embodiment, capacity is used or is usable as a cache by programs

that do not use shared memory, such as if shared memory 15 configured to use half of a
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capacity, and texture and load/store operations can use remaining capacity. Integration within
shared memory/L1 cache 3518 enables shared wmemory/L1 cache 3518 to function as a
high-throughput conduit for streaming data while simultanecusly providing high-bandwidth
and low-latency access to frequently reused data, in accordance with at least one
embodiment. In at least one embodiment, when configured for general purpose paraliel
computation, a simpler configuration can be used compared with graphics processing. In at
feast one embodiment, fixed function graphics processing units are bypassed, creating a much
simpler programming model. In a general purpose parallel computation configuration, a work
distribution unit assigns and disinbutes blocks of threads directly to DPCs, in at least one
embodiment. In at least one embodiment, threads in a block execute a common program,
using a unique thread ID in calculation to ensure each thread generates unique results, using
SM 3500 to execute program and perform calculations, shared memory/L1 cache 3518 to
communicate between threads, and LSU 3514 1o read and write global memory through
shared memorv/L1 cache 3518 and memory pariition unit. In at least one embodiment, when
configurad for general purpose parallel computation, SM 33500 writes commands that

scheduler unii 3504 can use to launch new work on DPCs.

[08271  To at least one embodiment, a PPU 15 included o or coupled 1o a deskiop computer,
a laptop computer, atablet computer, servers, supercompiiers, a smart-phone{e.g, a
wireless, hand-held device), personal digital assistant ("PDA™}, a digital camera, a vehicle, a
head mounted display, a hand-held electronic device, and more. In at feast one embodiment, a
PPU 15 embaodied on a single senuconductor substrate. In at least one embodiment, a PPU is
mcluded in a system-~on-a-chip ("SoC”) along with one or more other devices such as
additional PPUs, memory, a reduced instruction set computer ("RISC™) CPU, a memory

management unit CMMU™), a digital-to-analog converter ("DAC™), and like.

JG328]  In at least one embodiment, a PPU may be included on a graphics card that includes
one or more memory devices. In at least one embodiment, that graphics card may be
configured to mterface with a PCle slot on a motherboard of a desktop computer. In atf feast

T

one embodiroent, that PPU may be an integrated graphics processing unit {1GPU) included

s

i chupset of a motherboard.

{35281 Inference and/or training logic 715 are used to perform inferencing and/or training
operations associated with one or more embodiments. Details regarding inference and/or

training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B. In at least one
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embodiment, deep learning application processor is used to train a machine learning model,
such as a neural network, to predict or infer information provided to SM 3500, Tn at least one
embodiment, SM 3500 is used to infer or predict information based on a frained machine
learning model {e.g., neural network} that has been trained by another processor or system or
by SM 3500, In at least one embodiment, SM 3500 may be used to perform one or more

neural network use cases described herein.

{35301 In at least one embodiment, one or more systems depicted in FIG. 35 are utilized to
implement a svstem for action recognition as described in connection with FIGS. 16, In at
feast one embodiment, one or more systems depicted in FIG. 35 are uilized to perform one or
more quantization and pruning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FI(G. 35 are utilized to perform action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more guaniization and pruning processes.

{0331} Embodiments are disclosed related a virtualized computing platform for advanced
computing, such as image inferencing and image processing in medical applications. Without
fimitation, embodiments may include radiography, magnetic resonance imaging {MRI},
nuclear medicine, ultrasound, sonography, elastography, photoacoustic imaging, tomography,
echocardiography, functional near-infrared spectroscopy, and magnetic pariicle imaging, or a
combination thereof. In at least one embodiment, a virtualized computing platform and
associated processes described herein may additionally or alternatively be used, without
hmitation, in forensic science analysis, sub-surface detection and imaging {e.g., oil
exploration, archaeology, paleontology, eic.), topography, cceanography, geology, osteology,
meteorology, inteliigent area or object tracking and monitoring, sensor data processing {e.g.,

RADAR, SONAR, LIBAR, etc.), and/or genomics and gene sequencing,

{03321 With reference o FIG. 36, FIG. 36 15 an example data low diagram for a

process 3600 of generating and deploving an image processing and inferencing pipeline, in
accordance with at least one embodiment. In at least one embodiment, process 3600 may be
deploved for use with imaging devices, processing devices, genomics devices, gene
sequencing devices, radiology devices, and/or other device types at one or more

facilities 3602, such as medical facilities, hospitals, healthcare ingtitutes, clinics, research or
diagnostic labs, etc. In at least one embodiment, process 3600 mayv be deployed to perform

genomics analysis and inferencing on sequencing data. Examples of genomic analyses that
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may be performed using svstems and processes described herein include, without limitation,

variant calling, mutation detection, and gene expression quantification.

{08331 In at least one embodiment, process 3600 mayv be executed within a training

system 3604 and/or a deployment system 3606, In at least one embodiment, training

system 3604 may be used to perform training, deplovment, and implementation of machine
leaming models {e.g., neural networks, object detection algorithms, compuler vision
algorithms, etc.} for use m deplovment svsterm 3606, In at least one embodiment, deployment
system 3606 may be configured to offload processing and compute resources among a
distributed computing environment to reduce infrastructure requirements at facility 3602, In
ai least one embodiment, deployment svstem 3606 may provide a streamiined platform for
selecting, customizing, and tmplementing virtual instruments for use with imaging devices
{e.g.. MRI, CT Scan, X-Ray, Ultrasound, etc.} or sequencing devices at facility 3602, In ai
least one embodiment, virtual instroments may include software-defined applications for
performing one or more processing operations with respect to imaging data generated by
imaging devices, sequencing devices, radiology devices, and/or other device types. In at east
one embodiment, one or more applications 1 a pipeline may use or call upon services {e.g.,
mference, visualization, compute, Al, ete.} of deployment systern 3606 during execution of

applications.

{05341 o at least one embodiment, some of applications used in advanced processing and
mferencing pipelines may use machine leaming models or other Al to perform one or more
processing steps. In at least one embodiment, machine learning models may be trained at
facility 3602 using data 3608 (such as imaging data) generated at facility 3602 {and stored on
one or more picture archiving and communication system (PACS) servers at facility 3602},
may be trained using imaging or sequencing data 3608 from another facility or facilities {e.g.,
a different hospital, 1ab, clinic, etc.). or a combination thereofl. In at least one embodiment,
training system 3604 may be used to provide applications, services, and/or other resources for

generating working, deployable machine learning models for depioyment system 3606.

{03331 In at least one embodiment, a model registry 3624 may be backed by object storage
that may support versioning and object metadata In at least one embodiment, object siorage
may be accessibie through, for exampie, a cloud storage (e 2., a cloud 3726 of FIG. 37}

compatible application programming interface (APY) from within a cloud platform. In at least

one embodiment, machine learning models within model registry 3624 may uploaded, listed,

160
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modified, or deleted by developers or partners of a system interacting with an APL In at least
one embodiment, an AP may provide access to methods that allow users with appropniate
credentials to associate models with applications, such that models may be executed as part

of execution of containerized instantiations of applications.

{05361 In at least one embodiment, a training pipeline 3704 {(FIG. 37) may include a
scenario where facility 3602 is training their own machine learning model, or has an existing
machine leaming model that needs to be optimized or updated. In at least one embodiment,
imaging data 3608 generated by imaging device(s), sequencing devices, and/or other device
tvpes mav be received. In at least one embodiment, once irnaging data 3608 15 recetved,
Al-assisted annotation 3610 may be used fo aid in generaling annotations corresponding to
imaging data 3608 to be used as ground truth data for a machine learning model. In at least
one embodiment, Al-assisted annotation 3610 may include one or more machine learning
models (e.g., convolutional neural networks (CNNs)) thal may be traimed to generate
armotations corresponding o certain types of imaging data 3608 (e g., from certain devices)
and/or certain types of anomalies in imaging data 3608, In at least one embodiment,
Al-agsisted annotations 3610 may then be used directly, or may be adjusted or fine~-tunad
using an aonotation tool {e.g., by a researcher, a climcian, a doctor, a scientist, eic.), to
generate ground truth data. In at least one embodiment, in some examples, labeled chinic

data 3612 (e g., annotations provided by a clinician, doctor, scientist, technician, eic.) may be
used as ground truth data for traiming a machine learming model. In at least one embodiment,
Al-assisted anmotations 3610, labeled clinic data 3612, or a combination thereof may be used
as ground truth data for fraining a machine learning model. In at least one embodiment, a
trained machine learning model may be referred to as an output model 3616, and may be used

by deployment system 3606, as described herein.

J05377 1o at least one embodiment, traving pipeline 3704 (FIG. 37) may 1oclude a scenario
where facility 3602 needs a machine learning model! for use in performing one or more
processing tasks for one or more applications in deployment system 3606, but factlity 3602
may not currently have such a machine leaming model {or may vot have a model that s
optimized, efficient, or effactive for such purposes). In at least one embodiment, an existing
machine leaming model may be selected from model registry 3624. In at least one
embodiment, model registry 3624 may include machine leaming models trained to perform a
variety of different inference tasks on imaging data. fn at least one erobodirnent, machine

learning models in model registry 3624 may have been trained on tmaging data from different
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facilities than facility 3602 {e g, facilities remotely located). In at least one embodiment,
machine leaming models may have been fraimed on imaging data from one location, two
focations, or any number of {ocations. In at feast one embodiment, when being trained on
imaging data from a specific location, fraining may take place at that location, or atleastin a
manner that protects confidentiality of imaging data or restricts imaging data from being
iransterred off-previises (e.g., to comply with HIPA A regulations, privacy regulations, etc.).
In at least one embodiment, once a model is tramed - or partially trained — at one location, a
machine leaming model may be added to model registry 3624, In at least one embodiment, a
machine learming model may then be retrained, or updated, at any number of other facilities,
and a retrainad or updated model may be made available in model registry 3624 In at least
one embodiment, a machine learning model may then be selected from model registry 3624 -
and referred (o as output model 3616 — and may be used tn deployment system 3606 {o

perform one or mote processing tasks for one or ruore applications of a deplovment svstern,

{U538]  In at least one embodument, fraining pipeline 3704 (F1G. 37} mway beusedn a
scenario that includes facility 3602 requiring a machine learning model for use in perfornming
one ot more processing tasks for one or more applications in deployment system 3606, but
facility 3602 may not currently have such a machine learning model (or may not have a
model that is optimized, efficient, or effective for such purposes). In at least one embodiment,
a machine learning model selected from model registry 3624 might not be fine-timed or
optimized for imaging data 3608 generated at facility 3602 becaunse of differences in
populations, genetic varnations, robusiness of training data used {o train a machine learning
model, diversily in anomalies of training data, and/or other issues with training data. In at
teast one embodiment, Al-assisted annotation 3610 may be used to aid in generating
annotations corresponding {0 imaging data 3608 to be used as ground truth data for retraining
or updating a machine leaming model. In at least one embodiment, labeled clinic data 3612
{e.¢., annotations provided by a clinician, doctor, scieniist, etc.) may be used as ground truth
data for training a machine learming mwodel. In at least one embodiment, retraining or updating
a machine learning model may be referred (o as model fraiming 3614 In at least one
embodiment, model training 3614 — e.g., Al-assisted annotations 3610, labeled clinic

data 3612, or a combination thereof — may be used as ground truth data for retraining or

updating a machine learming model.

[083%] 1o at least one embodiment, deplovment svstem 3606 may include software 3618,

serviges 3620, hardware 3622, and/or other components, features, and functionality. In at
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feast one embodiment, deployment system 3606 may include a software “stack,” such that
software 3618 may be built on top of services 3620 and may use services 3620 {o perform
some or all of processing tasks, and services 3620 and software 3618 may be bult on top of
hardware 3622 and use hardware 3622 fo execuie processing, storage, and/or other compute

tasks of deployment systemn 3606,

(05407 In at least one embodument, software 3618 may include anyv namber of different
countainers, where each container may execute an instantiation of an apphication. Tn at least
one embodiment, each application may perform one or more processing tasks in an advanced
processing and inferencing pipeline {e.g., inferencing, object detection, feature detection,
segmentation, image enhancement, calibration, etc.}. In at least one embodiment, for each
tvpe of imaging device {e.g., CT, MR, X-Ray, ultrasound, sonography, echocardiography,
etc.}, sequencing device, radiology device, genomics device, eic., there may be any number
of containers that mav perform a data processing task with respect (o imaging data 3608 {(or
other data types, such as those described herein) generated by a device. In at least one
embodiment, an advanced processing and inferencing pipeline may be defined based on
selections of different containers that are desired or required for processing imaging

data 3608, n addition to containers that receive and configure imaging data for use by each
container and/or for use by facility 3602 after processing through a pipeline {e.g.. to convert
outputs back to a usable data type, such as digital imaging and communications i medicing
{DICOM) data, radiology information system (RIS} data, clinical information system (CIS5)
data, remote procedure call (RPC) data, data substantially corapliant with a representation
state transfer (REST) interface, data substantially compliant with a file-based interface,
and/or raw data, for storage and display at facility 3602} In at least one embodiment, a
combination of containers within sofiware 3618 {e.g., that make up a pipeline) may be
referred to as a virtual instrument {as described in more detail herein), and a virtual
mstrioment may leverage services 3620 and hardware 3622 to execute some or all processing

iasks of apphications instantiated in containers.

[65411  In at least one embodiment, a data processing pipeline may recetve input data {e.g.,
mmaging data 3608) in a DICOM, RIS, CIS, REST compliant, RPC, raw, and/or other format
i response to an inference request {e.g., a request from a user of deployment system 3606,
such as a clinician, a doctor, a radiologisi, etc.). In at least one embodiment, input data may
¢ representative of one ot rore images, video, and/or other data representations generated

by one or more imaging devices, sequencing devices, radiology devices, genomics devices,
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and/or other device types. In at least one embodiment, data may undergo pre-processing as
part of data processing pipeline to prepare data for processing by one or more applications. In
at least one embodiment, post-processing may be performed on an output of one or more
inferencing tasks or other processing tasks of a pipeline {o prepare an output data for a next
application and/or io prepare output data for transmission and/or use by auser {e.g., as a
response 1o an inference request). In at least one embodiment, inferencing tasks may be
performed by one or more machine learning models, such as trained or deplovead neural

networks, which may include output models 3616 of training system 3604,

{8421 Tn at least one embodiment, tasks of data processing pipeline may be encapsulated
i a container{s} that each represent a discrete, fully fumctional instantiation of an application
and virtualized computing environment that 1s able to reference machine learning models. In
at least one embodiment, containers or applications may be published into a private (e g.,
himited access) area of a container registry {described in more detail herein), and trained or
deploved models may be stored in model registry 3624 and associated with one or more
applications. In at least one embodiment, images of applications {e.g , container images) may
be available in a container regisiry, and once selected by a user from a contaimer regisiry {or
deplovment 1o a pipehine, an image roay be used to generate a container for an instantiation of

an apphication for use by a user’s system.

J03431 1o at least one embodiment, developers {(e.g., software developers, clinicians,
doctors, efc.) may develop, publish, and store applications {e.g., as containers) for performing
irnage processing and/or inferencing on supplied data. fn at least one embodiment,
development, publishing, and/or storing mav be performed using a software development kit
(SBK) associated with a system {e.g., to ensure that an application and/or container
developed 15 compliant with or compatible with a system}. Tn at feast one embodiment, an
application that is developed may be tested locally {e.g., at a fivst facility, on data from a fivst
facility} with an SDK which may support at least some of services 3620 as asystem {(e.g,
system 3700 of FIG. 37}, In at least one embodiment, because BPICOM objects may contain
anywhere from one {0 hundreds of images or other data types, and due 1o a variation in data, a
daveloper may be responsible for managing {e.g., setting constructs for, butlding
pre-processing into an application, etc.} extraction and preparation of incoming BICOM data.
In at feast one embodiment, once validated by svstern 3700 {e.g., for accuracy, safety, patient
privacy, etc.), an application may be available in a container registry for selection and/or

implementation by a user {e.g., a hospital, clinic, lab, healthcare provider. etc.) fo perform

164



10

15

35

WO 2022/216528 PCT/US2022/022924

one or more processing tasks with respect to data at a facility {e.z., asecond facilitvyofa

USET.

{08441 In at least one embodiment, developers may then share applications or containers
through a network for access and use by users of a system (e.g., svstem 3700 of FIG. 37). In
at least one embodiment, completed and validated applications or containers may be stored in
a container registry and assoctated machine learming models may be stored in model

registry 3624, In ai least one embodiment, a requesiing entity {e.g., a user at a medical
facility) — who provides an inference or image processing request — may browse a container
registry and/or model registry 3624 for an application, container, dataset, machine learning
model, efc., select a desired combination of elements for inclusion m data processing
pipeling, and subimit an imaging processing request. In at least one embodiment, a request
may include input data {and associated patient data, in some examples) that is necessary o
perform a request, and/or may inchude a selection of application{s) and/or machine learning
models to be executed in processing a request. In at least one embodiment, a request roay
then be passed to one or more components of deplovment system 3606 {e.g , a cloud} to
perform processing of data processing pipeline. In at least one embodiment, processing by
deplovment svstern 3606 may include referencing selected elemends {e.g., apphcations,
containers, models, etc.) from a container registry and/or model registry 3624, In at least one
embodiment, once resulis are generaied by a pipeling, resuits may be retumed to a user for
reference (e.g., for viewing in a viewing application suite executing on a local, on-premises
workstation or termnal). In at least one embodument, a radiclogist may receive results from
an data processing pipeline including any number of application and/or containers, where

results may include anomaly detection in X-rays, CT scans, MRIs, stc.

{8481 Tn at least one embodiment, o aid in processing or execution of applications or
containers in pipelines, services 3620 may be leveraged. In at least one embodiment,
services 3620 may include compute services, artificial intelligence (Al) services,
visualization services, and/or other service types. In at least one embodiment, services 3620
may provide functionality that is commeon to one or roore applications in software 3618, so
functionality may be abstracted to a service that may be called upon or leveraged by
applications. In at least one embodiment, fimctionality provided by services 3620 may run
dyvnamically and more efficiently, while also scaling well by allowing applications {o process
data in parallel {e.g., using a parallel computing platform 3730 (FIG. 37). In at least one

embodiment, rather than each application that shares a same functionality offered by a
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service 3620 being required to have a respective instance of service 3620, service 3620 may
be shared between and among various applications. In at least one embodiment, services may
mnclude an inference server or engine that may be used for executing detection or
segmentation tasks, as non-limiting examples. In at least one embodiment, a model training
service may be inchided that may provide machine learning model training and/or retraining
capabilities. In at least one embodirvent, a data augmentation service may further be included
that may provide GPU accelerated data (e g.. DICOM, RIS, CIS, REST compliant, RPC, raw,
eic.} extraction, resizing, scaling, and/or other augmentation. In at least one embodiment, a
visualization service may be used that mav add image rendering effects — such as ray-tracing,
rasterization, denoising, sharpening, eic. — to add realism to two-dimensional (2D} and/or
three-dimensional (3D) models. In at feast one emboediment, virtual instrument services may
be included that provide tor beam-forming, segmentation, inferencing, tmaging, and/or

support for other applications within pipelines of virtual instruments.

{45441 In at least one embodiment, where a service 3620 includes an Al service {e.g.. an
mference service), one or more machine learning models associated with an application for
anomaly detection {e.g., tumors, growth abnormalities, scarring, etc.) may be executed by
calling upon {e.g., as an API call} av joference service {e.g, an inference server) {o execute
machine learning model(s), or processing thereof, as part of application execution. In at [east
one embodiment, where another application includes one or more machine learning models
for segmentation tasks, an application may call upon an inference service to execute machine
learming models for performing oue ot more of processing operations associated with
segmentation tasks. In at least one embodiment, software 3614 implementing advanced
processing and inferencing pipeline that includes segmentation application and anomaly
etection application may be streamlined because sach application may call upon a same

mference service to perform one or more inferencing tasks.

j03477  In at least one embodiment, hardware 3622 may include GPUs, CPUs, graphics
cards, an Al/deep leaming system (e.g., an Al supercompuier, such as NVIDIA s DGX
supercomputer svstemy, a cloud platform, or a combination thereof, In at least oune
embodiment, different types of hardware 3622 mav be used 1o provide efficient, purpose-built
support for software 3618 and services 3620 in deplovment system 3606, In at least one
embodiment, use of GPU processing may be implemented for processing locally (e.g., at
facility 3602), within an Al/deep learning systern, in a cloud system, and/or in other

processing components of deployment system 3606 to improve efficiency, accuracy, and
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efficacy of image processing, image reconstruction, segmentation, MRI exams, stroke or
heart attack detection {e.g., in real-time), image quality in rendering, ete. In at least one
embodiment, a facility may include imaging devices, genonucs deviges, sequencing devices,
and/or other device types on-premises that may leverage GPUs 1o generate imaging data

representative of a subject’s anatomy.

[0548]  In at least one embodumnent, software 3618 and/or services 3620 may be optimized
for GPU processing with respect to deep leaming, machine leaming, and/or
high-performance computing, as non-limuting examples. In at least one embodiment, at least
some of computing environment of deployment system 3606 and/or training svstem 3604
may be executed in a datacenter one or more supercomputers or high performance coraputing
systems, with GPU optimized software (2.g., hardware and software combination of
NVIDMA's DGX systemy). In at least one embodiment, datacenters may be compliant with
provisions of HIPAA, such that receipt, processing, and transmission of imaging data and/or
other patient data is securely handled with respect to privacy of patient data. Tn at least one
embodiment, hardware 3622 may mnclude any number of GPUs that may be called upon to
perform processing of data in parallel, as described herein. In at least one embodiment, cloud
platform may further include GPU processing for GPU-optimazed execution of deep leaming
tasks, machine learning tasks, or other compurting tasks. In at least one embodiment, cloud
platform {e.g., NVIDIA s NGC) may be executed using an Al/deep learning
supercomputer(s) and/or GPU-optimized software {e.g., as provided on NVIDIA s BDGX
systerns) as a hardware abstraction and scaling platform. In at least one embodiment, cloud
platform may integrate an application container clustering system or orchestration svstem

{e.g., KUBERNETES) on multiple GPUs to enable seamless scaling and load balancing.

{18497 In at least one embodiment, one or more systems depicted in FIG. 36 are utilized (o
implement a svstem for action recognition as described 1n comnection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 36 are utilized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 36 are utilized to perforro action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{83 FIG. 37 is a system diagram for an example system 3700 for generating and

deploving an imaging deployment pipeline, in accordance with at least one embodiment. Tn at
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feast one embodiment, system 3700 may be used to implement process 3600 of FIG. 3¢
and/or other processes inchuding advanced processing and inferencing pipelines. In at least
one embodiment, system 3700 may include training system 3604 and deplovment

system 3606. In at feast one embodiment, training system 3604 and deployment system 3606
may be implemenied using software 3618, services 3620, and/or hardware 3622, as described

herein.

{35811 In at least one embodiment, system 3700 (e g., tratnung svstem 3604 and/or
deplovment system 3606) may implemented in a cloud computing environment {e.g., using
cloud 3726} In at least one embodiment, system 3700 mayv be implemented locally with
espect to a healthcare services facility, or as a combination of both cloud and local
computing resources. In at least one embodiment, in embodiments where cloud computing is
implemented, patient data mav be separated from, or unprocessed by, by one or more
components of svstem 3700 that would render processing non-compliant with HIPAA and/or
other data handling and privacy regulations or laws. Tn at least one embodiment, access o
APIs m cloud 3726 may be restricted to authorized users through enacted security measures
or protocols. In at least one embodiment, a security protocol may nclude web (okens that
may be signed by an authentication {e.g., AuthN, Auth?, Gluecon, eic.) service and may
carry appropriate authorization. In at least one embodiment, APIs of virtual instruments
{described herein}, or other instantiations of sysiem 3700, may be restricted to a set of public

1P¢ that have been vetted or authorized for interaction.

[0SS21  In at least one embodiment, various components of system 3700 may communicate
between and among one another using any of a vanety of different network types, including
but not fimited to local area networks {LANSs) and/or wide area networks (WANg) via wired
and/or wireless communication protocols. In at least one embodiment, communication
etween facilities and components of system 3700 {e.g., for transmoiiting inference requesis,
for receiving results of inference requests, efc.) may be commumnicated over a data bus or data

busses, wirelass data protocols (Wi-Fi}, wired data protocols {e.g.. Ethernet), etc.

f05331  In at least one embodiment, training svstem 3604 may execute training

pipehines 3704, similar (o those described hersin with respect to FIG. 36. In at least one
embodiment, where one or more machine learning models are to be used in deployvment
pipelines 3710 by deployment system 3606, training pipelings 3704 may be used to train or

retrain one or more {e.g., pre~-trained) models, and/or implement one or more of pre-trained
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models 3706 {e.g., without a need for retraining or updaiing). In af least one embodiment, as
aresult of training pipelines 3704, output model(s) 3616 may be generated. In at least one
embodiment, trairung pipelines 3704 may include any number of processing steps, such as
but not himited to imaging data {or other mput daia) conversion or adaption {e.g., using
DICOM adapier 3702 A to convert DICOM images to another format suitable for processing
by respective roachine learnung models, such as Neuroirnaging lnformatics Technology
Initiative (NIfTT} format), Al-assisted annotation 3610, labeling or anmotating of imaging
data 3608 to generate labeled clinic data 3612, model selection from a model registry, model
training 3614, training, refraiming, or updating models, and/or other processing steps. In at
teast one embodiment, for different machine learning models used by deployment

system 3606, different training pipelines 3704 may be used. In at least one embodiment,
training pipehine 3704 similar {o a first example described with respect to FIG. 36 may be
used for a first machine learming rmodel, training pipeline 3704 sirnilar to a second exaruple
describad with respect to FIG. 36 may be used for a second machine leaming model, and
training pipeline 3704 simular to a third example described with respect to FI{G. 36 may be
used for a third machine learmning model. In at least one embodiment, any combination of
tasks within fraining systerm 3604 may be used depending on what 15 required for each
especiive machine learning model. In at least one embodiment, one or more of machine
learming models may already be trained and ready for deplovment so machine learning
models may not undergo any processing by fraining system 3604, and may be implementied

by deployment system 3606,

{13541 In at least one embodiment, output modei{s) 3616 and/or pre-trained model(s) 3706
may include any types of machine learning models depending on implementation or
embodiment. In at least one embodiment, and without hnutation, machine leaming models
used by system 3700 may include maching learning model(s) using linear regression, logistic
regrassion, decision iress, support vector machines {SY M}, Naive Bayes, k-nearest neighbor
{Knn}, K means clustering, random forest, dimensionality reduction algonithms, gradient
boosting algorithms, neural networks {e.g., auto-encoders, convolutional, recurrent,
percepirons, Long/Short Term Memory {(LSTM), Hopfield, Boltzmamn, deep beliaf,
deconvolutional, generative adversarial, liquid state machine, etc.}, and/or other types of

machine learming roodels.

{03337 To at least one embodiment, tratning pipelines 3704 may include Al-assisted

annotation, as described in more detail herein with respect to at least F1G. 408 In at least one
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embodiment, labeled clinic data 3612 (e.g., traditional annotation) may be generated by anv
number of techniques. Tn at least one embodiment, labels or other annotations may be
generated within a drawing program {e.g., an annotation program}, a computer aided design
{CAD) program, a labeling program, anocther type of program suitable for generating
anmotations or labels for ground truth, and/or may be hand drawn, in some examples. In at
leasi one embodiment, ground truth data may be synthetically produced {e.g., generated from
computer models or renderings), real produced {e.g., designed and producead from real-world
data), machine-automated {e.g., using feature analysis and leaming to exiract features from
data and then generate labels), human annotated {e.g., Iabeler, or annolation expert, defines
location of labels), and/or a combination thereof In at least one embodiment, for each
mstance of imaging data 3608 (or other data type used by machine learning models), there
may be corresponding ground tnuth data generated by tramning system 3604, Tn at least one
erobodiment, Al-assisted annotation may be performed as part of deployment pipelines 3710;
either in addition to. or in hieu of Al-assisted annotation included in training pipelines 3704,
in at feast one embodiment, system 3700 may inchide a multi-layer platform that may include
asoftware layer (e.g., software 3618) of diagnostic applications (or other application types)
that may perform one or more roedical imaging and diagnostic functions. In at least one
embodiment, system 3700 may be communicatively couplied to {e.g.. via encrvpted links)
PACS server networks of one or more facilities. In at least one embodiment, systerm 3700
may be configured to access and referenced data (e g., DICOM data, RIS data, raw data, CIS
data, REST compliant data, RPC data, raw data, etc.} from PACS servers (e.g., viaa DICOM
adapter 3702, or another data type adapter such as RIS, CiI5, REST compliant, RPC, raw,
eic.} to perform operations, such as fraiming machine learning wodels, deploving machine

tearning models, image processing, inferencing, and/or other operations,

J03581 1o at least one embodiment, a software layer may be implemented as a secure,
encrypied, and/or authenticated API through which applications or containers may be
imvoked (e.g., called} from an external environment(s) {e.g., facility 3602}). In at least one
erobodirnent, apphications may then call or execute one or more services 3620 for performing
compute, Al, or visualization tasks associated with respactive applications, and software 3618
and/or services 3620 may leverage hardware 3622 1o perform processing tasks in an effective

and efficient manmer.

[O837] To at least one embodiment, deplovment system 3606 may execute deplovment

pipelings 3710, In at least one embodiment, deploviment pipelines 3710 may include any
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number of applications that may be sequentially, non-sequentially, or otherwise applied {o
imaging data (and/or other data types) generated by imaging devices, sequencing devices,
genonics devices, efe. — including Al-assisted annotation, as described above. In at least one
embodiment, as described herein, a deplovment pipeline 3710 for an individual device may
be referred to as a virtual instrument for a device (e.g., a virteal ultrasound instrument, a
virtual CT scan instrument, a virtual sequencing mstrument, etc.). In at least one embodiment,
for a single device, there may be more than one deployment pipeline 3710 depending on
mnformation desired from data generated by a device. In at least one embodiment, where
detections of anomalies are desired from an MRI machine, there may be a fivst deployment
pipeline 3710, and where image enhancement 1s desired from output of an MRI machine,

there mayv be a second deployment pipeline 3710,

JO33K1  In at least one embodiment, applications available for deployment pipelines 371¢
may nclude any application that may be used for performing processing tasks on imaging
data or other data from devices. In at leasi one embodiment, different applications may be
responsible for image enhancement, segmentation, reconstruction, anomaly detection, object
detection, feature detection, treatment planning, dosimetry, beam planning (or other radiation
treatment procedures), and/or other analysis, image processing, or inferencing tasks. In at
feast one embodiment, deplovment system 3606 may define constructs for each of
applications, such that users of deployment system 3606 {e.g., medical facilities, labs, clinics,
etc.} may understand constructs and adapt applications {or implementation within their
respective facithity. In at least one ernbodiment, an apphication {for image recounstruchion may
be selected for inclusion in deplovment pipeline 3710, but data tvpe generated by an imaging
device may be different from a daia type used within an application. In at least one
embodiment, DICOM adapter 37028 (and/or a DICOM reader) or another data type adapter
or reader {e.g., RIS, CIS, REST compliant, RPC, raw, etc.) may be used within deployment
pipeline 3710 to convert data to a form useable by an application within deployment

systerm 3606, In at least one embodiment, access to BICOM, RIS, CIS, REST compliant,
RPC, raw, and/or other data type libranes may be accumulated and pre-processed, including
decoding, exiracting, and/or performing any convolutions, color corrections, sharpness,
gamma, and/or other augmentations to data. In af least one embodiment, DICOM, RIS, (IS,
REST compliant, RPC, and/or raw data may be unordered and a pre-pass may be execuied o
organize or sort collected data. In at least one embodiment, because various applications may

share common image operations, in some embodiments, a data augmentation library (e g., as
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one of services 3620) may be used 1o accelerate these operations. In at least one embodiment,
to avoid bottdenecks of conventional processing approaches that rely on CPU processing,
parallel computing platform 3730 may be used for GPU acceleration of these processing

tasks.

[05591  In at least one embodiment, an image reconstruction application may include a
processing task that includes use of a machine leaming model. Tn at least one embodiment, a
user may desire to use their own machine learming roodel, or to select a roachine leaming
model from model registry 3624, In at least one embodiment, a user may umplement their
own machine learning model or select a machine leaming model for inclusion in an
apphication for performing a processing task. o at least one embodiment, applications may be
selectable and customizable, and by defining constructs of applications, deployvment and
implementation of applications for a particular user are presented as a more seamiess user
experience. In at least one embodiment, by leveraging other features of sysiem 3700 — such
as services 3620 and hardware 3622 —deplovment pipehnes 3710 roay be even more user
friendly, provide for easier integration, and produce more accurate, efficient, and timely

resuldis.

.

fOSsil Tn at least one embodiment, deploviment system 3606 mayv include a user
miterface 3714 {e.g., a graphical user interface, a web interface, elc.) that may be used to
select applications for inclusion in deplovment pipeline(s} 3710, arrange applications, modify
or change applications or parameters or constructs thereof, use and interact with deployment
pipeline(s) 3710 during set-up and/or deploviment, and/or {0 otherwise interact with
deplovment system 3606, In at least one embodiment, although not ilustrated with respect to
training system 3604, user interface 3714 (or a diffevent user interface} may be used for
selecting models for use in deployvment svstem 3606, for selecting models for training, or
eiraiiing, in traning systern 3604, and/or for otherwise interacting with training

system 3604.

{05611 In at least one embodiment, pipeline manager 3712 may be used, in addition to an
application orchestration systern 3728, to manage interaction between applications or
countainers of deplovment pipeline(s) 3710 and services 3620 and/or hardware 3622 In at
feast one embodiment, pipeline manager 3712 mav be configured to facilitate interactions
from application to application, from apphication to service 3620, and/or from application or

service to hardware 3622, In at least one embodiment, although ustrated as included in
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software 3618, this is not intended to be himiting, and i some examples (e.g., as tliustrated in
FIG. 38) pipeline manager 3712 may be included in services 3620, In at least one
embodiment, application orchestration system 3728 (e ¢., Kubemetes, DOCKER etc) may
include a container orchestration system that may group applications into containers as
Togical units for coordination, management, scaling, and deployment. In at least one
ernbodiment, by associating applications {rom deplovment pipeline(s) 3710 (e.g., a
reconstruction application, a segmentation application, etc.) with individual containers, each
application may execute in a self-contained environment {e. g, at a kernel level) to increase

speed and efficiency.

{08621 In at least one embodiment, each application and/or container {or image thereof)
may be individually developed, modified, and deploved (e g, a first user or developer may
develop, modify, and deplov a first application and a second user or developer may develop,
modify, and deploy a second application separate from a first user or developer), which may
allow for focus on, and attention fo, a task of a single application and/or container(s) without
being hindered by tasks of another application{s) or container(s}. In at least one embodiment,
communication, and cooperation between different containers or applications may be aided
by pipeline manager 3712 and application orchestration systern 3728, Tn at least one
embodiment, 5o long as an expected input and/or output of each container or application is
known by a system {e.g., based on constructs of applications or containers), application
orchestration system 3728 and/or pipeline manager 3712 may facilitate commumication
arnong and between, and sharing of resources among and between, each of applications or
containers. In at least one embodiment, because one or more of applications or containers in
deplovment pipeline(s} 3710 may share same services and resources, application
orchestration system 3728 roay orchestrate, load balance, and deternune sharing of services
or resources between and among vartous applications or containers. In at least one
embodiment, a scheduler may be used to track resource requirements of applications or
containers, current usage or planned usage of these resources, and resource avatlability. In at
leasi one embodiment, a scheduler may thus allocate resources to different applications and
distribute resources between and among applications in view of requirements and avalability
of a system. In some examples, a scheduler (and/or other component of application
orchestration system 3728) may determine resource availability and distribution based on

constrainis imposed on a sysiem {e.g., user constrainis), such as guality of service {Qo8),
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urgency of need for data cutputs {e g, to determine whether {0 execute real-time processing

or delayved processing}, elc.

{08637 In at least one embodiment, services 3620 leveraged by and shared by applications
or containers in deployment system 3606 may include compute services 3716, Al

serviges 3718, visualization services 3720, and/or other service tvpes. In at least one
ernbodiment, applications may call {e.g., execute) one or more of services 3620 to perform
processing operations for an application. In at least one embodument, compute services 3716
may be leveraged by applications to perform super-computing or other high-performance
computing (HPC) tasks. In at feast one embodiment, compute service(s} 3716 may be
teveraged to perform parallel processing (e.g., using a parallel computing platform 3730 for
processing data through one or more of applications and/or one or more fasks of a single
application, substantiaily simultangously. In at least one embodiment, parallel computing
platform 3730 {e.g., NVIBIA s CUDA) may enable general purpose computing on GPUs
(GPGPU) {e.g., GPUs 3722). In at least one embodiment, a sofiware layer of parallel
computing platform 3730 may provide access to virtual instruction sets and parallel
computational elements of GPUs, for execution of compute kernels. In at least one
embodiment, paraliel computing platform 3730 may include memory and, i sore
embodiments, a memory may be shared between and among multiple containers, and/or
between and among different processing tasks within a single container. In at least one
embodiment, inter-process communication {(IPC) calls may be generated for multiple
containers and/or for multiple processes within a container to use same data from a shared
segment of memory of parallel computing platform 3730 {e.¢., where multiple different
stages of an application or multiple applications are processing same information). In ai least
one embodiment, rather than making a copy of data and moving data to different locations in
memory {e.g., a read/write operation), same data in same location of a memory may be used
for any mumber of processing tasks {e.g., at a same time, at different times, etc.). In at least
one embodiment, as data is used to generate new data as a result of processing, this
information of a new location of data may be stored and shared between various applications.
in at feast one embodiment, location of data and a location of updated or modified data may

be part of a definition of how a pavioad is undersiood within containers.

{18641 Tn at least one embodiment, Al services 3718 may be leveraged to perform
mferencing services {or executing machine leaming model{s) associated with applications

{e.¢.. tasked with performing one or more processing tasks of an application). In at least one
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embodiment, Al services 3718 may leverage Al system 3724 to execute machine learning
model(s) {e.g., neural networks, such as CNNs) for segmentation, reconsiruction, object
detection, feature detection, classification, and/or other inferencing tasks. In at least one
embodiment, applications of deployment pipeline(s) 3710 may use one or more of ouipul
models 3616 from training svstem 3604 and/or other models of applications to perform
imference on imaging data (e.g., DICOM data, RIS data, CIS data, REST compliant data,
RPC data, raw data, etc.). In at least one embodiment, two or more examples of inferencing
using application orchestration system 3728 (e.g., a scheduler) may be available. In at least
one embodiment, a first category may include a high priotitv/low latency path that may
achieve higher service level agreements, such as for performing inference on urgent requests
during an emergency, or for a radiologist during diagnosis. In at least one embodiment, a
second category may include a standard priority path that may be used for requests that may
be non-~urgent ot where analysis may be performed at a later timoe. fo at feast one
embodiment, application orchestration system 3728 may distribuie resources (e.g.,

services 3620 and/or hardware 3622 based on priority paths for different inferencing tasks of

Al services 3718

{08681 To at least one embodiment, shared storage may be mounted to Al services 3718
within system 3700. In at least one embodiment, shared storage may operate as a cache {or
other storage device tvpe} and may be used 1o process inference requests from applications.
In at least one embodiment, when an inference request is submitied, a request may be
received by a set of APl instances of deplovroent syster 3606, and one or more instances
may be selected (e.g., for best fit, for load balancing, etc.} to process a request. In at least one
embodiment, 1o process a request, a request may be entered into a database, a machine
tearning model may be located from model registrv 3624 if not already i a cache, a
validation step may ensure appropriate machine leaming model is loadad into a cache (e g.,
shared storage}, and/or a copy of a model may be saved to a cache. In at least one
ermnbodiment, a scheduler (e.g., of pipeling manager 3712} may be used to taunch an
application that is referenced m a request if an application 1s not already runming or if there
are not enough instances of an application. In at least one embodiment, if an inference server
is not already launched to execuie a model, an inference server may be launched. In at least
one embodiment, any nurnber ol inference servers may be launched per model. In at least one

embodiment, in a pull model, in which inference servers are clustered, models may be cached
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whenever load balancing is advantageous. In at least one embodiment, inference servers may

be statically loaded in corresponding, distributed servers,

{05661 In at least one embodiment, inferencing may be performed using an inference server

brveek

that runs in a containgr. In af least one embodiment, an instance of an mnference server may be
associated with a model (and optionally a plurality of versions of a model). In ai least one
embodiment, if an nstance of an inference server does not exist when a request to perform
inference on a model is received, a new mstance may he loaded. To at least one embodiment,
when starting an inference server, a model may be passed to an inference server such that a
same container mav be used to serve different models so long as inference server is runming

as a different instance.

(053671 To at least one embodiment, during application execution, an inference request for a
given application may be received, and a container {e.g., hosting an 1nstance of an inference
server} may be loaded (if not already), and a start procedure may be called. In ai least one
ernbodiment, pre-processing logic in a container may load, decode, and/or perform any
additional pre-processing on incoming data {e.g, using a CPU{s}) and/or GPU(s)). In at least
one embodiment, once data is prepared for inference, a container may perform inference as
necessary on data. In at least one embodiment, this may include a single inference call on one
image {e.g., a hand X-ray), or may require nference on hundreds of images {(e.g.. a chest CT).
In at least one embodiment, an application may summarize results before completing, which
may include, without limitation, a single confidence score, pixel level-segmentation,
voxel-level segmentation, generating a visualization, or generating text to summarize
findings. In at least one embodiment, different models or applications may be agsigned
different prioritigs. For example, some models may have a real-time (TAT less than one
minute) prionty while others may have lower priority {e.g., TAT less than 10 mimites}. In at
teast one embodiment, model execution tirues may be measured from requesting institution or
entity and may include partner network traversal time, as well as execution on an inference

service.

[03aRT  In at least one embodiment, transfer of requests between services 3620 and
imference applications may be hudden behind a software development kit (SDK), and robust
transport may be provide through a queue. In at least one embodiment, a request will be
placed in a gueue via an AP for an individual application/tenant D combination and an SDK

will pull 4 request from a queus and give a request to an application. In at least one
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embodiment, a name of a queue may be provided in an environment from where an SDK will
pick it up. In at least one embodiment, asynchronous communication through a queue may be
useful as 1t may allow any mstance of an apphication to pick up work as it becomes avatlable.
In at least one embodiment, resulis may be transferred back through a gueue, to ensure no
data 1s lost. In at least one embodiment, gueues may also provide an ability (o segment work,
as highest priority work may go to a gueue with most fustances of an apphcation convected to
it while lowest priorily work may go to a queue with a single instance connected to 1t that
processes tasks in an order received. In at least one embodiment, an application may run on a
GPU-accelerated instance generated in cloud 3726, and an inference service may perform

mferencing on a GPU.

{03687 In at least one embodiment, visualization services 3720 may be leveraged to
generate visualizations for viewing outputs of applications and/or deplovment
pipeline(s) 3710, In at least one embodiment, GPUs 3722 may be leveraged by visualization

=
I
i

services 3720 to generate visualizations. In at least one embodiment, rendering effects, such
as ray-iracing, may be implemented by visualization services 3720 to generate higher quality
visualizations. In at least one embodiment, visualizations may include, without imitation, 2D
image renderings, 3D volume renderings, 3D volurne recoustruction, 2D tomographic shices,
virtual reality displays, augmented reality displays, etc. In at least one embodiment,

virtualized environments may be used {0 generate a virtual interactive display or environment

{e.g., a virtual environment) for interaction by users of a system (e.g., doctors, nurses,
radiologists, etc. ). To at least one embodiment, visualization services 3720 may include an
miternal visualizer, cinematics, and/or other rendering or image processing capabilities or

functionality {e.g., ray tracing, rasterization, internal optics, ete.).

{08701 o at least one embodiment, hardware 3622 may include GPUs 3722, Al

system 3724, cloud 3726, and/or any other hardware used for executing training system 3604
and/or deplovment system 3606, In at least one embodiment, GPUs 3722 (e.g, NVIDIA'S
TESLA and/or QUADRO GPUs) may include any number of GPUs that may be used for
executing processing tasks of compute services 3716, Al services 3718, visualization
services 3720, other services, and/or any of features or functionality of software 3618, For
example, with respect to Al services 3718, GPUs 3722 may be used to perform
pre-processing on imaging data {or other data types used by machine learming models),
post-processing on ouiputs of machine leaming models, and/or to perform inferencing (e.g.,

to execute machine leaming models). In at least one embodiment, cloud 3726, Al
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system 3724, and/or other components of system 3700 may use GPUs 3722, In at least one
embodiment, cloud 3726 may include a GPU-optimized platform for deep learning tasks. In
at least one embodiment, Al system 3724 may use GPUs, and cloud 3726 - or at least a
portion tasked with deep learning or inferencing — may be executed using one or more Al
systems 3724, As such, although hardware 3622 is lustrated as discrete components, this is
not intended to be himuting, and any components of hardware 3622 may be combined with, or

feveraged by, any other components of hardware 3622.

{iI871]  In at least one embodiment, Al system 3724 may include a purpose-built computing
sysiem {e.g., a super-computer or an HPC) configured for inferencing, deep leaming,
machine learming, and/or other artificial intelligence tasks. In at least one embodurment, Al
system 3724 {e.g., NVIDIA’s DGX) may include GPU-optimized software {e.g., a software
stack) that may be execuied using a phurality of GPUs 3722, in addition to CPUs, RAM,
storage, and/or other components, features, or functionality. In at least one embodiment, one
or more Al systems 3724 may be implemented 1 cloud 3726 (e.g., in a data center) for

performing some or all of Al-based processing tasks of system 3700

{18721 In at least one embodiment, cloud 3726 may include a GPU-accelerated
mirastructure (g.g., NVIDIA S NGC) that may provide a GPU-optimized platform for
executing processing tasks of system 3700, In at least one embodiment, cloud 3726 may
mclude an Al system(s) 3724 for performing one or more of Al-based tasks of system 3700
{e.g.. as a hardware absiraction and scaling platform}. In at least one embodiment, cloud 3726
may mtegrate with apphication orchestration system 3728 leveraging roultiple GPUs 1o enable
seamless scaling and load balancing between and among applications and services 3620, In at
feast one embodiment, cloud 3726 may tasked with executing at least some of services 3620
of system 3700, including compute services 3716, Al services 3718, and/or visualization
services 3720, as described herein. 1o at least one embodiment, cloud 3726 may perform
small and large batch inference {e.g., executing NVIDIA’s TENSOR RT), provide an
accelerated parallel computing API and platform 3730 (e.g., NVIDHA s CUDA), executs
application orchestration svsterm 3728 {e.g., KUBERNETES), provide a graphics rendering
API and platform {e g., for ray-tracing, 213 graphics, 3D graphics, and/or other rendenng
techniques to produce higher quality cinematics}, and/or may provide other functionality for

system 3700,
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{3731 In at least one embodiment, in an effort to preserve patient confidentiality {e.g.,
where patient data or records are {0 be used off-premises), cloud 3726 may include a registry
—such as a deep leamning contamer registty. In at least one embodiment, a registry may store
containers for instantiations of applications that may perform pre-processing,
post-processing, or other processing tasks on patient data. In at least one embodiment,

cloud 3726 may receive data that includes patient data as well as sensor data in containers,
perform requested processing for just sensor data in those contaimers, and then forward a
reswltant output and/or visualizations to appropriate parties and/or devices {e.g., on-premises
medical devices used for visualization or diagnoses), all without having to extract, store, or
otherwise access patient data. In at least one embodiment, confidentiality of patient data is
preserved in compliance with HIPAA and/or other data regulations.

A i

J03741  In at least one embodiment, one or more systems depicted in FIG. 37 are utilized to
implement a system for action recognition as described in connection with FIGS. 1 - 6. Inat
least one embodiment, oue or more systems depicted 1o FIG 37 are utilized to perform one or
more quantization and priuning processes on one or more neural networks. In at least one
embodiment, one or more systems depicted in FIG. 37 are utilized to perform action
ecognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

J03737  FIG. 38 meludes an example illustration of a deployment pipeline 3710A for
processing imaging data, m accordance with at least one embodiment. In at least one
erobodirnent, svstem 3700 — and specifically deployment system 3606 — may be used to
customize, update, and/or integrate deployment pipeline(s) 3710A into one or mote
production environments. In at least one embodiment, deployment pipeline 3710A of FIG. 38
mchudes a non-limiting example of a deployment pipeline 3710A that may be custom defined
by a particular user {or team of users} at a facihity {e.g., at a hosputal, clinic, lab, research
environment, etc.). In at least one embodiment, to define deplovment pipelines 3710A for a
CT scanner 3802, a user may select — from a container registry, for example — ong or more
applications that perform specific functions or tasks with respect to imaging data generated
by CT scanner 3802, In at least one embodiment, applications may be applied to deployment
pipeline 3710A as containers that may leverage services 3620 and/or hardware 3622 of
system 3700, In addition, deplovment pipeline 3710A may include additional processing
tasks or applications that may be implemented {0 prepare data for use by apphications {e.g.,

DICOM adapter 37028 and DICOM reader 3806 may be used i deployment pipeline 3710A
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to prepare data for use by CT reconsiruction 3808, organ segmentation 3810, etc.). In at least
one embodiment, deployment pipeling 3710A may be customized or selected for consistent
deplovment, one time use, o1 for another frequency or interval. In at least one embodiment, a
user may desire to have CT reconstruction 3808 and organ segmentation 3810 for several
subjects over a specific interval, and thus may deploy pipeling 3710A for that period of time.
In at least one embodument, a user may select, for each request froro system 3700,
applications that a user wants to perform processing on that data for that request. In at least
one embodiment, deployment pipeling 3710A may be adjusted at any interval and, because of
adaptability and scalakility of a coniainer structure within system 3700, this may be a

seamiess Process.

&1 In at least one embodiment, deplovment pipeline 3710A of FIG. 38 may include CT
scanner 3802 generating imaging data of a patient or subject. In at least one embodiment,
imaging data from CT scanner 3802 may be stored on a PACS server(s) 3804 associated with
a facihity housing CT scanner 3802, In at least one embodiment, PACS server(s) 3804 may
mclude software and/or hardware components that may directly interface with imaging
modalities (e.g., CT scanner 3802) at a facility. In at least one embodiment, BICOM

adapter 37028 may enable sending and receipt of DICOM objects using DICOM protocols.
In at least one embodiment, DICOM adapter 3702B may aid in preparation or configuration
of BICOM daia from PACS server{s) 3804 for use by deploymenti pipeling 3710A. In at least
one embodiment, once DICOM data 15 processed through DICOM adapter 3702B, pipeline
manager 3712 may route data through to deplovment pipeline 3710A. In at least one
embodiment, DICOM reader 3806 may extract image files and any associated metadata from
DICOM data (e.g., raw sinogram data, as illusirated in visualization 3316A). In at least one
embodiment, working files that are extracted may be stored in a cache for faster processing
by other applications in deployment pipeline 3710A. In at least one embodiment, once
DICOM reader 3806 has finished extracting and/or storing data, a signal of completion may
be communicated (o pipeline manager 3712, In at least one embodiment, pipeline

manager 3712 may then tratiate or call upon one or more other applications or containers 1o

deplovment pipeline 3710A.

oy

{8771 In at least one embodiment, CT reconstruction 3808 application and/or container
may be executed once data (e.g., raw sinogram data) 1s available for processmg by CT
cconstruction 3808 application. In at least one embodiment, CT reconstruction 3808 may

read raw sinogram data from a cache, reconsiruct an image file owt of raw sinogram data
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(e.g., as illustrated in visualization 38168}, and store resulting image file in a cache. In at
teast one embodiment, at completion of reconstruction, pipeline manager 3712 may be
signaled that reconstruction task is complete. In at least one embodiment, once reconstruction
is complete, and a reconstructed image file mav be stored in a cache {or other storage device),
organ segruentation 3810 application and/or container may be triggered by pipeline

manager 3712, Tn at least one embodiment, organ segmentation 3810 application and/or
container may read an image file from a cache, normalize or convert an image file o format
suitable for inference {e.g., convert an image file to an input resolution of a machine leaming
model), and run inference against a normalized image. In at least one embodiment, to num
mference on a normalized image, organ segmentation 3810 application and/or container may
rely on serviges 3620, and pipeline manager 3712 and/or application orchestration

system 3728 may facilitate use of services 3620 by organ segmentation 3810 application
and/or container. In at least one embodiment, for example, organ segmentation 3810
application and/or container may leverage Al services 3718 to perform inference on a
normalized image, and Al services 3718 may leverage hardware 3622 {e.g., Al system 3724)
to execute Al services 3718, In at least one embodiment, a result of an inference may be a
mask file {e.g., as ustrated in visualization 3816C) that mayv be stored in a cache {or other

storage device).

J03TED  In at least one embodiment, once applications that process BICOM data and/or data
extracted from DICOM data have compleied processing, a signal may be generated for
pipelive manager 3712. In at least one erobodiruent, pipeline manager 3712 may then execute
DICOM writer 3812 to read results from a cache {or other storage device), package resuits
mio a PICOM format (e.g., as DICOM ouiput 3814) for use by users at a facility who
generated a request. In at least one embodiment, DICOM output 3814 may then be
transmitied to DICOM adapter 3702B to prepare DHCOM output 3814 for storage on PACS
server{s} 3804 (e.g., for viewing by a BICOM viewer at a facility}. In at least one
ermnbodiment, in response to a request for reconstruction and segmentation,

visualizations 38168 and 3816C may be generated and available to a user {for diagnoses,

research, and/or for other purposes.

{879 Although illustrated as consecutive application in deplovment pipeline 3710A, CT
reconstruction 3308 and organ segmentation 3310 applications may be processed in paraliel
i at least one embodiment. In at least one embodiment, where applications do not bave

dependencies on one another, and data is available for each application (e.g., afier DICOM
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reader 3806 exiracts daia), applications may be executed at a same time, Substantially at a
same time, or with some overlap. In atl least one embodiment, wherg two or more applications
equire sitnilar services 3620, a scheduler of systermn 3700 may be used to load balance and
distribute compute or processing resources between and among various applications. In at
least one embodiment, in some embodimenis, parallel computing platform 3730 may be used
io perform parallel processing for applications to decrease run-time of deplovment

pipeline 3710A to provide real-time results.

{ISRE  In at least one embodiment, and with reference to FIGS. 39A-39B, deployment
system 3606 may be implemented as one or more virtual instraments to perform different
functionalities — such as image processing, segmentation, enbancement, Al, visualization, and
inferencing — with imaging devices (g.g., CT scanners, X-ray machines, MR machines, etc .},
sequencing devices, genomics devices, and/or other device tvpes. In at least one embodiment,
system 3700 may allow for creation and provision of virtual instruments that may mclude a
software-defined deployment pipeline 3710 that may receive raw/unprocessed mput data
generated by a device(s) and ouiput processed/reconstructed data. In at least one embodiment,
deplovment pipelines 3710 {e.g., 3710A and 3710B) that represent virtual instruments may
implement intelligence into a pipehine, such as by leveraging machine leaming models, to
provide containerized inference support 0 a system. In at least one embodiment, virtual
mstrments may execute any number of containers each including instantiations of
applications. In at least one embodiment, such as where real-time processing is desired,
deployment pipelines 3710 representing vittual instruments may be static {e.g.. containers
and/or applications may be set), while in other examples, container and/or applications for
virtual instruments may be selected (e.g., on a per-request basis} from a pool of applications

ot resources {e.g., within a container registry ).

[03¥1] o atleast one embodiment, system 3700 may be instantiated or executed as oue ot
maore virtual instruments on-prenuse at a facility in, for example, a computing system
deployed next to or otherwise in communication with a radiology machine, an imaging
device, and/or another device type at a facility. In at least one ernbodiment, however, an
on-premise installation may be instantiated or executed within a computing system of a
device itself {g.g., a computing system integral {0 an imaging device), in a local datacenter
{e.g., a datacenter on-premise), and/or in a cloud-environment {e.g., in cloud 3726). In at least
one embodiment, deployment system 3606, operating as a virtual mstrument, may be

mstantiated by a supercomputer or other HPC system in some exaruples. In at least one
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embodiment, on-premise installation mav allow for high-bandwidth uses (via, for example,
higher throughput local communication interfaces, such as RF over Ethernet) for real-time
processing. In at least one embodiment, real-time o1 near real-iime processing may be
particularly usefud where a virtual instrument supports an uitrasound device or other imaging
modality where immediate visualizations are expected or required for accurate diagnoses and
analyses. In at least one embodiment, a cloud-computing architecture may be capable of
dynamic bursting to a cloud computing service provider, or other compute cluster, when local
demand exceads on-premise capacity or capability. In at least one embodiment, a cloud
architecture, when implemented, may be tuned for training neural networks or other machine
teamning models, as described herein with respect to training system 3604 In at least one
embodiment, with {raining pipelines in place, machine learning models may be continuously
leam and tmprove as they process additional data from devices they support. In at least one
ernbodiment, virtual instrurnents may be continually improved using additional data, new

data, existing machine learning models, and/or new or updated machine learning models.

{13821 In at least one embodiment, a computing system may include some or all of
hardware 3622 described herein, and hardware 3622 may be distributed i any of a number of
ways including within a device, as part of 4 computing device coupled to and located
proximate a device, in a local datacenter at a facility, and/or in cloud 3726, In at least one
embodiment, because deplovment system 3606 and associated applications or containers are
created in software {e.g., as discrele containenzed mstantiations of applications), behavior,
operation, and configuration of virtual mstruments, as well as outputs generated by virtual
mstruments, may be modified or customirzed as desired, withowt having to change or alter raw

output of a device that a viriual instrument supports.

{18831 In at least one embodiment, one or more systems depicted in FIG. 38 are utilized to
implement a svstem for action recognition as described 1n comnection with FIGS. 1 - 6. In at
teast one embodiment, one or more systems depicted in FIG. 3% are utilized to perform one or
more quantization and pruning processes on one of more newral networks. In at least one
erobodirnent, one or roore svstems depicted m FIG. 38 are utilized to perforro action
recognition using a hardware accelerator and/or one or more neural networks processed

through one or more quantization and pruning processes.

{884} FIG 3%2A inchudes an example data flow diagram of a virtual instrument supporting

an ulirasound device, in accordance with at least one embodiment. In at least one
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embodiment, deployment pipeline 3710B may leverage one or more of services 3620 of
system 3700, In at least one embodument, deplovment pipeline 3710B and services 3620 may
teverage hardware 3622 of a system either locally or in cloud 3726. in at least one
embodiment, although not lustrated, process 3900 may be facilitated by pipeline

manager 3712, apphication orchestration system 3728, and/or parallel computing

platform 3730,

{35851 In at least one embodiment, process 3900 may nclude receipt of tmaging data from
an ulirasound device 3902. In at least one embodiment, imaging data may be stored on PACS
server(s) m a DICOM format {or other format, such as RIS, CIS, REST comphiant, RPC, raw,
eic.}, and may be received by system 3700 for processing through deployment pipeline 3710
selected or customized as a virtual instrument {e.g., a virtual ultrasound) for ultrasound
device 3902, In at least one embodiment, imaging data may be recetved directly from an
imaging device (e.g., alirasound device 3902} and processed by a virtual instrument. In at
least one erbodiment, a transducer or other signal converter commmunicatively coupled
between an imaging device and a virtual instrument may convert signal data generated by an
imaging device (o image data that may be processed by a virtual instrument. In af least one
embodiment, raw data and/or image data may be applied to DICOM reader 3806 to extract
data for use by applications or containers of deplovment pipeline 3710B. In at least one
embodiment, DICOM reader 3806 may leverage data angmentation hibrary 3914 (e g,
NVIDIA's DALL as a service 3620 {e.g., as one of compute service{(s) 3716} for exiracting,

resizing, rescaling, and/or otherwise preparing data for use by applications or containers.

{5861 In at least one embodiment, once data is prepared. a reconstruction 3906 application
and/or container may be executed {o reconstruct data from ultrasound device 3902 into an
tmage file. In at least one embodiment, after reconstruction 3906, or af a same time as
econstruction 3906, a detection 3908 application and/or container may he executed for
anomaly detection, object detection, feature detection. and/or other detection tasks related to
data. In at least one embodiment, an image file generated dunng reconstruction 3906 may be
used during detection 3908 to wlentify anomalies, objects, features, ete. In at least one
embodiment, detection 3908 apphication may leverage an inference engine 3916 {e.g.. as one
of Al service(s) 3718} to perform inference on data to generate detections. In at least one
embodiment, one or more machine leaming models (e g, from traiming system 3604} may be

executed or called by detection 3908 apphcation.
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{3871 In at least one embodiment, once reconstruction 3906 and/or detection 3908 is/are
complete, data ouiput from these apphication and/or containers may be used 1o generate
visualizations 3910, such as visualization 3912 {e.g, a grayscale output) displaved ona
workstation or display terminal. In at least one embodiment, visualization may allow a
technician or other user to visualize results of deplovment pipeline 3710B with respect to
ultrasound device 3902, In af least one ernbodiment, visualization 3910 may be executed by
feveraging a render component 3218 of system 3700 {e.g., one of visualization

servicefs) 3720). In at least one embodiment, render component 3918 may execute a 20,

Open(GL, or ray-tracing sevvice to generate visualizaiion 3912,

[0SEE]  FIG 39B includes an example data flow diagram of a virtual instrument supporiing
a C7T scanner, in accordance with at least one embodiment. In af least one embodiment,
deployment pipeline 3710C may leverage one or more of services 3620 of system 3700. In at
least one embodiment, deplovment pipeline 3710C and services 3620 may leverage
hardware 3622 of a systern enther locally or in cloud 3726, In at least one erobodirent,
although not ilustrated, process 3920 may be facilitated by pipeline manager 3712,

application orchestration svstem 3728, and/or parallel computing platform 3730,

{5891 Tn at least one embodiment, process 3920 may include CT scanner 3922 generating
raw data that may be received by DICOM reader 3806 {e.g., directly, via a PACS

server 3804, after processing, etc ). In at least one embodiment, a Virtual CT (instantiated by
deployment pipeline 3710C) may inciude a first, real-time pipeline for monttoring a patient
{e.g., patient movement detection AT 3926) and/or for adjusting or optimizing exposure of CT
scanner 3922 {e g, using exposurea control Al 3924). In at least one embodiment, one or more
of applications {e.g., 3924 and 3926) may leverage a service 3620, such as Al

service(s) 3718, In at least one embodiment, ouiputs of exposure control Al 3924 application
{or container) and/or patient movement detection Al 3926 apphcation {or container) may be
used as feedback to CT scanner 3922 and/or a technician for adjusting exposure {or other

settings of CT scanner 3922) and/or informing a patient to move less.

F05901  In at least one embodiment, deplovment pipeline 37100 may include a
non-real-time pipeline for analyzing data generated by CT scanner 3922, In at feast one
embodiment, a second pipeline may include CT reconstruction 3808 application and/or
container, a coarse detection Al 3928 application and/or container, a fine detection Al 3932

application and/or container {e.g., where certain results are detected by coarse detection

o
(v 4
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5 AI3928), avisualization 3930 application and/or container, and a DICOM writer 3812
{and/or other data type wriler, such as RIS, CIS, REST comphiant, RPC, raw, etc.} application
and/or container. in at {east one embodiment, raw data generated by UT scanner 3922 may he
passed through pipelines of deployment pipeline 3710 (instantiated as a virtual CT
mstrument) to generate results. In at least one embodiment, results from BICOM writer 3812

10 may be trarsmutted for display and/or moay be stored on PACS server{s) 3804 for later

retrieval, analysis, or display by a techunician, practitioner, or other user.

{i1891]  In at least one embodiment, one or more systems depicted in FIGS. 39A-39B are
utilized to implement a svstem for action recognition as described in connection with FIGS. |
— 6. In at least one embodirment, oue ot more svstems depicied 1 FIGS, 39A-39B are utilized
15  to perforn one or more quantization and pruning processes on one or more neural networks.
in at least one embodiment, one or more systems depicied in FIGS. 39A-398 are utilized to
perform action recognition using a hardware accelerator and/or one or more neural networks

processed through one or more quantization and pruming processes.

{I392]  FIG. 404 illustrates a data flow diagram for a process 4000 to tram, retfrain, or

20 update a machine learning model, in accordance with at least one embodiment. In at least one
embodiment, process 4000 may be executed using, as a non-limiting example, systerm 3700
of F1G 37 In at least one embodiment, process 4000 may leverage services 3620 and/or
hardware 3622 of system 3700, as described herein. In at least one embodiment, refined
models 4012 generated by process 4000 may be executed by deployment system 3606 for one

25 or more containerized applications in deplovment pipelines 3710.

{35931 In at least one embodiment, model trairang 3614 may include retraining or updating
an mitial model 4004 {(e.g., a pre-irained model} using new training data {(e.g., new input daia,
such as customer dataset 4006, and/or new ground truth data associated with input data). In at
teast one embodiment, 1o retrain, or updaie, nitial model 4004, output or loss laver(s) of

30 tial model 4004 may be reset, or deleted, and/or replaced with an updated or new output or

[

toss layer(s}. In at feast one emboediment, initial model 4004 may have previously fine-tuned
parameters {e.g., weighis and/or biases) that remain from prior training, so training or

retraioing 3614 may not take as long or require as much processing as training a model from
scratch. In at least one embodiment. during model training 3614, by having reset or replaced

35 output or loss layer(s) of initial model 4004, parameters may be updaied and re-tuned for a
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new daia set based on loss calculations associated with accuracy of output or foss laver{s) at

generating predictions on new, customer dataset 4006 (e.g., image data 3608 of FIG. 36).

{08341 1o at least one embodiment, pre-trained models 3706 may be stored in a data store,
or registry {e.g., model registry 3624 of FIG. 36}. In at least one embodiment, pre-trainad
models 3706 may have been trained, at least in part, at one or more facilities other than a
facility executing process 4000, In al least one embodiment, {0 protect privacy and rights of
patients, subjects, or chents of different facilities, pre-trained models 3706 may have heen
trained, on-premise, using cusiomer or patient data generated on-premise. In at least one
embodiment, pre-traned models 3706 may be trained using cloud 3726 and/or other
hardware 3622, but confidential, privacy protected patient data roay not be transferred to,
used by, or accessible to any componerts of cloud 3726 (or other off premise hardware) In at
feast one embodiment, where a pre-trained model 3706 is trained at using patient data from
more than one {facility, pre~-trained model 3706 mayv have been individually trained for each
facility prior to being trained on patient or customer data from another facthiy. o at least one
embodiment, such as where a customer or patient data has been released of privacy concerns
{e.g., by waiver, for experimental use, eic.}, or where a customer or patient data is included in
a public data set, a customer or patient data from any number of tacilities may be used to
train pre-trained model 3706 on-prenuse and/or off premise, such as in a datacenter or other

cloud computing infrastructure.

F05931  In at least one embodiment, when selecting applications for use in deployment
pipehines 3710, a user may also select machine teaming models to be used for specific
applications. In at least one embodiment, a user may not have a model for use, 50 a user may
select a pre-trained model 3706 to use with an application. In at least one embodiment,
pre-trained model 3706 may not be optimized for generating accurate results on customer
dataset 4006 of g facility of a user {e.g., based on patient diversily, demographics, types of
medical imaging devices used, etc ). In at least one embodiment, prior to deploving
pre-trained model 3706 into deployment pipeline 3710 for use with an application(s),
pre-trained model 3706 roay be updated, retrained, and/or fine-tuned for use at a respective

facility,

{13847 In at least one embodiment, a user may select pre-trained model 3706 that is to be
updated, retrained, and/or fine-tuned, and pre-trained model 3706 may be referred 1o as initial

model 4004 for training systemn 3604 within process 4000, In at least one embodiment,
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5 customer dataset 4006 (e g., imaging data, genomics data, sequencing data, or other data
types generaied by devices at a facility) may be used to perform model training 3614 (which
may include, without linutation, transfer learning) on instial model 4004 to generate refined
model 4012, In at least one embodiment, ground truth data corresponding to customer
dataset 4006 may be generated by training svstem 3604, Tn at least one embodiment, ground

10 truth data may be generated, at least in part, by clinicians, scientists, doctors, practitioners, at

a facility {e.g., as labeled chinic data 3612 of FI1G. 36

{597 In at least one embodiment, Al-assisted annotation 3610 may be used in some
examples {o generate ground muth data. In at least one embodiment, Al-assisted
annotation 3610 {e.g., tmplemented using an Al-assisted annotation SDK) may leverage

15  machine leaming models {e.g., neural networks) to generate suggested or predicted ground
truth data for a customer dataset. In at least one embodiment, user 4010 may use annotation

iools within a user interface (a graphical user interface (GUI}} on computing device 4008,

{03981 In at least one embodiment, user 4010 may interact with a GUY via computing
device 4008 1o edit or fine-tune annotations or auto-annotations. In at least one embodiment,
20 apolygon editing feature may be used to move vertices of a polygon to more accurate or

fine-tuned locations.
[0S0 To at least one embodiment, once customer dataset 4006 has associated ground truth

data, ground truth data (e.g , from Al-assisted annotation, manual labeling, etc.} may be used

by dwring model training 3614 to generate refined model 4012, In at least one embodiment,

[\
n

customer dataset 4006 may be applied to nitial model 4004 any number of times, and ground
iruth data may be used to update parameters of nitial model 4004 until an acceptable level of
accuracy is attained for refined model 4012, In at least one embodiment, once refined

model 4012 is generated, refined model 4012 may be deployed within ong or more
deplovment pipelines 3710 at a facility for performing one or more processing tasks with

30 respect to medical imaging data.

[

J06061 1o at least one embodiment, refined model 4012 may be uploaded to pre-tramed
models 3706 in model registry 3624 to be selected by another facility. In at least one
erobodirnent, his process roay be completed at any number of facilities such that refined
model 4012 may be further refined on new datasets any number of imes to generate a more

35  wumversal model.
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{ail]  FIG 40B is an example illustration of a client-server architecture 4032 1o enhance
annotation tools with pre~frained annotation models, in accordance with at least one
embodiment. In at least one embodiment, Al-assisted annotation fools 4036 may be
instantiated based on a client-server architecture 4032, In at least one embodiment, annotation
tools 4036 n imaging applications may aid radiologists, for example, identify organs and
abunormalities. In at least one embodiment, imaging applications may 1oclude software tools
that help user 4010 to identify, as a non-limiting example, a few extreme points on a
particular organ of interest in raw images 4034 {e.g., in a 3D MRI or {T scan} and recetve
auto-annotated results for all 2D slices of a particular organ. In at least ong embodiment,
results may be stored in a data store as training data 4038 and used ag (for example and
without fimitation) ground truth data for training. In af least one embodiment, when
computing device 4008 sends extreme poinis for Al-assisted annotation 3610, a deep learning
model, for example, may receive this data as input and returm inference results of a
segmented organ or abnormality. In at least one embodiment, pre-instantiated annotation
tools, such as Al-Assisted Annotation Tool 40368 in FIG. 40B, may be enhanced by making
API calls (e, AP Call 4044) to a server, such as an Annotation Assistant Server 4040 that
may include a set of pre-trained mwodels 4042 stored in an annotation model regisiry, for
exampie. In at least one embodiment, an annotation model registry may siore pre-irained
models 4042 (e.g., machine learning models, such as deep learmning models) that are
pre-trained to performo Al-assisied annotation on a particular organ or abnormality. In at least
one embodiment, these models may be further updated by using training pipelines 3704 In at
feast one embodiment, pre-instalied annotation tools may be improved over time as new
tabeled clinic data 3612 15 added.

[O6U2]  Toference and/or traiming logic 715 are used to perform inferencing and/or training

operations associated with one or more embodiments. Details regarding inference and/or

training logic 715 are provided herein in conjunction with FIGS. 7A and/or 7B.

J0a031  In at least one embodiment, one or more systems depicted in FIGS. 40A-408 are
utized 1o implement a systern for action recognition as described in connection with FIGS. |
~ 6. In at least one embodiment, one or more systems depicted in FIGS. 40A-40B are utilized
to perform one or more quantization and pruning processes on one or more neural networks.
In at least one embodiment, one or more systems depicted in FIGS. 40A-40B are utilized {o
perform action recognition using a hardware accelerator and/or one or more neural netwaorks

processed through one or more quantization and pruning processes.

189
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{6} At least one embodiment of the disclosure can be described in view of the following

clavees:

Clause | A maethod, comprising:

recetving a plurality of frames of a video;

determining one or more objects represented in the plurality of frames;

causing a parallel processing umit to calculate movements of the one or more
objects represented 1n one or more pixels armong frames of the plurality of frames; and

causing a neural network fo classify one or more actions performed by the one
or more abjects and represented in the plurality of frames based at least in part on the

calculated movements and the determined one or more ohjects.

Clause 2. The method of clause 1, further comprising generating a set of
bounding boxes corresponding to the one or more objects represented i the plurality of

frames.

{Clause 3. The method of clause 1 or 2, further comprising:

performing a first set of cropping operations on the calculated movements
based on the set of bounding boxes {o determine a first set of cropped movemenis; and

performing a second set of cropping operations on the plurality of frames

based on the set of bounding boxes to determine a first set of cropped frames.

Clause 4. The method of any of clauses 1-3, further comprising:

determirung one or more values based at least 1o part on one or more kernels
of the neural network; and

removing a set of kernels from the neural network based at least in part on the

one or more values.

Clause S. The method of any of clauses -4, wherein the one or more

actions include at least a sit action, a walk action, a run action, or a clirnb stairs action.

Clause 6. The method of any of clauses 1-5, wherein the neural network

comprises one or more guantized weights.

Clause 7. A Processor, coOmprising:

ONE OF MOTE CIFCUts 10;

196
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identify one or more objects depicted in one or more frames from
video data;

calculate, using the one or more frames of the video data, one or more
flow fields and one or more bounding boxes corresponding to the one or more objecis;
and

determine one or more classifications for one or more actions
performed by the one or more objacts based on the one or more flow fields and the

one or more bounding boxas.

Clause &. The processor of clause 7, wherein the one or more circuits are
further to:
use a first neural network to calculate the one or more bounding boxes; and

use a second neural network to determine the one or more classifications.

(lause 9. The processor of clause 7 or 8, wherein the one or more circuits
are further {o:

calculate one or more Li-norm values of one or more kernels of the first
neural network and the second neural network; and

remove a set of kemels from the first neural network and the second neural

etwork based at feast in part on the one or more Li-norm values.

Clause 10 The processor of any of clauses 7-9, wherein the set of keruels

correspond to kemels of the one or more kernels with L 1-norm values above a threshold.

Clause 11, The processor of any of clauses 7-10, wherein the one or more
circuits are further o calculate the one or more flow fields using one or more hardware

accelerators.

Clause 12, The processor of any of clauses 7-11, wherein the first neural

network and the second neural network comprise a set of quantized weights,

Clause 13. The processor of any of clauses 7-12, wherein the video data is

captured from one or more autonomous vehicle systems.

Clause 14. A computing device, comprising:

a hardware accelerator; and
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memory comprising instructions executable by one or more processors of the
computing device to at least:
ecetve g plurahlity of frames;

cause the hardware accelerator to deternine one or more vector fields
corresponding to the plurality of frames;

determine one or more objects represented n the plurality of frames
based at least in part on a first neural network; and

classify, using a second neural network, one or more actions
representied 1n the plorality of frames basad at least in part on the one or more veclor

fields and the one or more determined obhjects.

Clause 15 The compuiing device of clause 14, wherein the first neural
network and the second neural network comprise one or more weighis processad through one

or more guantization processes.

Clause 16. The computing device of clanse 14 or 15, wherein the one or
more quantization processes include a conversion of the one or more weights froro a first

representation o a second representation.

Clause 17. The computing device of any of clauses 14-16, wherein the one
or more quantization processes are based at least in part on one or more Kullback-Leibler

divergence values.

Clause |8 The computing device of any of clauses 14-17, wherein the {irst
representation is a 32-bit floating point representation and the second representation is

an 8-bit infeger representation.

(lause 19. The computing device of anv of clauses 14-13, wherein the
mstructions further include instructions executable by the one or more processors to at feast
obtain the plurality of frames from one or more image capturing hardware of the computing

device.

Clause 20. The computing device of any of clauses 14-19, wherein the

hardware acceleralor comprises one or more parallel processing units.
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{68]  In atf least one embodiment, a single semiconductor platform may refer {0 a sole
unitary semiconductor-based integrated civcuit or chip. In at least one embodiment,
mufti-chip modules may be used with increased connectivity which simulate on-chip
operation, and make substantial improvements over utilizing a conventional ceniral
processing umt ("CPUTY and bus implementation. Tn at feast one embodiment, various
modules may also be situated separately or in various cornbinations of semiconductor

platforms per desires of user.

{66G]  In at least one embodiment, referring back to FIG. 13, computer programs in form
of machine-readable executable code or computer control logic algorithims are stored in main
mernory 1304 and/or secondary storage. Computer programs, il executed by one ot more
processors, enable system 1300 to perform various functions i accordance with at least one
embodiment. In at least one embodiment, memory 1304, siorage, and/or any other storage are
possible examples of computer-readable media. In at least one embodiment, secondary
storage may refer to any suitable storage device or syvstem such as a hard disk dnve and/or a
removable storage drive, represending a floppy disk drive, a magnetic tape drive, a compact
disk drive, digital versatile disk (“DVD”) drive, recording device, universal serial bus
CUSB”) flash memory, ete. In at least one embodiment, architecture and/or functionality of
various previous figures are implemented in context of CPU 1302, parallel processing

system 1312, an infegrated circuit capable of at least a portion of capabilities of both

CPU 1302, parallel processing system 1312, achipset {e.g., a group of mtegrated circuits
designed to work and sold as a unit for performung related functions, etc.), and/or any suitable

combination of integrated circuti(s).

(06T In at least one embodiment, architecture and/or functionality of various previous
figures are implemented in context of a general computer systern, 3 circuit board sysiem, a
game console system dedicated for enfertainment purposes, an application-specific system,
and more. In at least one embodiment, computer system 1300 may take form of a deskiop
compuier, a laptop computer, a tablet computer, servers, supercomputers, a smart-phone {e.g |
a wireless, hand-held device), personal digital assistant ("PIDA™), a digital camera, a vehicle,
a head mownted display, a hand-held electronic device, a mobile phone device, a television,

workstation, game consoles, embedded svstem, and/or anv other type of logic.

{6]  In at least one embodiment, parallel processing system 1312 ineludes, without

himitation, a plurality of parallel processing units ("PPUS™) 1314 and associated
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memories 1316, In at least one embodiment, PPUs 1314 are connected 1o a host processor or
other peripheral devices via an interconnect 1318 and a switch 1320 or multiplexer. In at least
one embodiment, parallel processing system 1312 distributes computational tasks across
PPUs 1314 which can be paralielizable — for example, as part of distribation of
computational tasks across multiple graphics processing umit (“GPU”) thread blocks. In at
leasi one embodiment, memory 1s shared and accessible {e.g., for read and/or write access)
across some or all of PPUs 1314, although such shared memory may incur performance
penalties relative to use of iocal memory and registers resident o a PPU 1314, In at least one
embodiment, operation of PPUs 1314 1s synchromzed through use of a command such as
syncthreads(}, wherein all threads in a block {e.g., executed across multiple PPUs 1314} to

reach a certain poini of execution of code before procesding.

J060G81  Other vanations are within spirit of present disclosure. Thus, while disclosad
iechniques are susceptible to various medifications and alfernative constructions, certain
iustrated embodiments thereof are shown 1o drawimgs and have been described above in
detail. It should be understood, however, that there is no intention to limit disclosure to
specific form or forms disclosed, but on contrary, intention is o cover all modifications,
alternative constructions, and equivalents falling within spirtt and scope of disclosure, as

defined in appended claims.

j06107  Use of terms “a” and “an” and “the” and sinular referents in context of describing
disclosed embodiments (especially in context of following claims} are to be construed to
cover both singular and plural, unless otherwise indicated herein or clearly contradicted by
context, and not as a definition of a term. Terms “comprising,” “having,” “including,” and
“containing” are to be construed as open-ended terms {meaning “including, but not limited
10,7} unless otherwise noted. “Connected,” when unmodified and referring {o physical
connections, s to he counstrued as partly or wholly contained withun, attached to, or joined
together, even if there is something intervening. Recitation of ranges of values herein are
merely intended to serve as a shorthand method of referring individually to each separate
value talling within range, unless otherwise indicated herein and each separate value s
mcorporated into specification as if it were individually recited herein. In at least one
embodiment, use of term “set” {e.g., “a sat of ttems™} or “subset” unless otherwise noted or
coniradicted by contexi, is (o be construed as a nonempty collection comprising one or more

members. Further, unless otherwise noted or contradicted by contexi, term “subset” of a

194
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corresponding set does not necessarily denote a proper subset of corresponding sat, but subset

and corresponding set may be equal.

foetll  Conjunctive language, such as phrases of form “at least one of A, B, and C,” or “at
least one of A, B and C,” unless specifically stated otherwise or otherwise clearly
contradicted by context, is otherwise understood with context as used in general to present
that an ftem, ferm, etc., may be either A or B or C, or any nonemply subset of set of Aand B
and C. For mstance, 1 llustrative example of a set having three members, conjunchive
phrases “at least one of A, B, and {7 and “at least one of A, B and C” refer to any of
following sets: {A}, (B}, {C} (A, Bl {A CL (B, Cl, {A B, C}. Thus, such conjunctive
tanguage 15 not generally intended to 1mply that certam embodiments require at least one of
A, at least one of B and at least one of C each to be present. In addition, unless otherwise
noted or contradicted by context, term “plurality” indicates a state of being plural {(e.g., “a
plurality of items” mdicates multiple items). In at feast one embodiment, number of items in a
plurality 1s at least two, but can be more when so mdicated either exphoitly or by context.
Further. uniess stated otherwise or otherwise clear from context, phrase “based on” means

“based at least in part on” and not “based solely on.”

f6121  Operations of processes described herein can be performed in any suitable order
unless otherwise indicated herein or otherwise clearly contradicted by context. In at least one
embodiment, a process such as those processes described herein {or variations and/or
combinations thereof} is performed under control of one or more computer systems
configured with executable mstructions and is implemented as code {(e.g., executable
msSiructions, one or more computer programs of oneg or more applications) executing
coliectively on one or more processors, by hardware or combinations thereof. In at least one
embodiment, code is siored on a compuier-readable storage medivm, for example, in form of
a computer program comprising a plurality of instructions executable by one or more
procassors. In at least one embodiment, a computer-readable storage mediumis a
non-transitory computer-readable storage medium that exchudes transitory signals (e.g., a
propagating transient electric or electromaguetic transrission) but includes non-transitory
data storage circuitry {e.g., buffers, cache, and queues) within transcetvers of transitory
signals. In at least one embodiment, code {e.g., executable code or source code} is stored on a
set of one or more non-transitory computer-readable storage wedia having stored thereon
executable instructions {or other memory 1o store executable nstructions) that, when

executed (i.2., as a result of being executed) by one or more processors of a computer system,
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cause computer sysiem to perform operaiions described herein. In at least one embodiment,
set of non-transitory computer-readable storage media comprises muliiple non-transitory
computer-readable storage media and one or more of individual non-transttory storage media
of multiple non-transitory computer-readable storage media lack all of code while multiple
non-transitory computer-readable storage media collectively store all of code. In at least one
ernbodiment, executable instructions are sxeculed such that different instructions are
executed by different processors — for example, a non-iransitory compirter-readable storage
mediim store instrictions and a main central processing wnit {"CPU™} executes some of
mstructions while a graphics processing unit ("GPU™) executes other instructions. In at feast
one embodiment, different componenis of a computer system have separate processors and

different processors execute different subsets of instructions.

{06131 Accordingly, in at least one embodiment, computer systems are configured o
implement one or more services that singly or collectively perform operations of processes
described heremn and such computer svstems are conligured with applicable hardware and/or
software that enable performance of operations. Further, a computer system that implements
al least one embodiment of present disclosure 15 a single device and, in another embodiment,
1s g distributed computer svstem comprising muiiiple devices that operate differently such
that distributed computer system performs operations described herein and such that a single

device does not perform all operations.

{06141 Use of anv and all examples, or exemplary language (e.g., “such as™} provided
herein, 15 intended merely to better tuminate embodiments of disclosure and does not pose a
hiomtation on scope of disclosure unless otherwise claimed. Mo language in specification
should be construed as indicating any non-claimed element ag essential {o practice of

disciosure.

[0t8]  All references, including publications, patent applications, and patents, cited herein
are hereby mcorporated by reference to same extent as if each reference were individually
and specifically indicated to be incorporaied by reference and were set forth in its entirety

herein.

[06161  In description and claims, terms “coupled” and “connected,” along with their
dertvatives, roay be used. It should be undersiood that these ferms may be not intended as
synonvms for each other. Rather, in particular examples, “connected”™ or “coupled” may be

used to indicate that two or more elements are in direct or indirect physical or electrical
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contact with each other. “Coupled” may also mean that two or more elemenis are not in direct

contact with each other, but vet still co-operate or interact with each other.

{06177 Unless specifically stated otherwise, it mayv be appreciated that throughout
specification terms such as “processing,” “computing.” “calculating.” “deternuning,” or like,
refer to action and/or processes of a computer of computing svstem, or similar elecironic
computing device, that mampulate and/or transform daia represented as physical, such as
electronic, quantities within computing sysiem’s regisiers and/or mernories into other data
similarty represented as physical quantities within computing svstem’s memories, registers or

other such information storage, transmission or display deviges.

Py

{6EE] To asumilar manner, term “processor” may refer to any device or portion of a device
that processes electroruc data from registers and/or mernory and transform that electronic data
nto other electronic data that may be stored in registers and/or memory. As non-limiting
examples, “processor” may be a CPU or a GPU. A “computing platform™ mav comprise one
or more processors. As used herein, “software” processes may include, for example, software
and/or hardware enftities that perform work over time, such as tasks, threads, and intelligent
agents. Also, each process may refer to muliple processes, for carrying out instructions in
sequence or 1 parallel, continuously or intermittently. In at feast one embodiment, terms
“system” and “method” are used herein nterchangeably 1usofar as systern may embody one

or more methods and methods may be considered a system.

{06181 In present document, references may be made to obtaining, acquiring, receiving, or
mputiing analog or digital data into a subsystem, compuler system, or computer-implemented
machine. In at least one embodiment, process of ohlaiming, acquiring, receiving, or npuiting
analog and digital data can be accomplished in a variety of ways such as by receiving data as
a parameter of a function call or a ¢all to an application programming interface. In at least
one embodiment, processes of oblaining, acquiring, receiving, or inpuiting analog or digital
data can be accomplished by transferring data via a serial or parailel interface. In at least one
embodiment, processes of obtaining, acquiring, receiving, or inputting analog or digital data
can be accomplished by transferring data via a computer network from providing entily {o
acquiring entity. In at least one embodiment, references may also be made to providing,
outputting, fransmithing, sending, or presenting analog or digital data. In various examples,
processes of providing, outputting, transmitting, sending, or presenting analog or digital data

can be accomplished by transferring data as an input or output parameter of a fumetion call, a
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parameter of an application programming interface or inferprocess conmununication

mechanism.

{06247 Although descriptions herein set forth example implementations of described
techniques, other architectures may be used to implement described functionality, and are
intended to be within scope of this disclosure. Furthermore, although specific disiributions of
responsibilities may be defined above for purposes of description, various {unctions and
responsibilities mught be distributed and divided in different wavs, depending on

circumsiances.

{6217 Furthermore, although subject matter has been described in language specific to
structural features and/or methodological acts, it s 1o be understood that subject matter
clatmed 10 appended claims 1s not necessanly livoited to specific features or acts described.
Rather, specific features and acts are disclosed as exemplary forms of implementing the

claims.
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PATENT
Attorney Docket No.: 0112912-242W0G0
Client Reference No.: 20-SC-0329W0G01
CLAIMS
WHAT IS CLAIMED IS

1. A method, comprising:

receiving a plurality of frames of a video;

deternining one or more ohjects represented i the plurality of frames;

causing a parallel processing unit to calculate movements of the one or more
objects represented in one or wore pixels among frames of the plurality of frames; and

causing a neural network to classify one or more actions performed by the one
or more objects and represented in the plurality of frames based at least in part on the

calculated movements and the determined one or more objects.

2. The method of claim 1, {urther comprising generating a set of bounding

boxes corresponding to the one or more objects represented n the plurality of frames.

3. The method of claim 2, further comprising:

performing a first set of cropping operations on the calculated movements
based on the set of bounding boxes to determine a first set of cropped movements; and

pertormung a second set of cropping operations on the plurality of frames

based on the set of bounding boxes o determine a first set of cropped frames.

4. The method of claim 1, further comprising:

determining one or more values based at least in part on one or more kernels
of the neural network, and

removing a set of kernels from the neural network based at least in part on the

one of more values.

5. The method of claim 1, wherein the one or more actions include at least

a sit action, a walk action, a run action, or a chimb stairs action.

6. The method of claim 1, wherein the neural network comprises one or

more quantized weights.

7. A Processor, Comprising:

one or more circuits to;

199



WO 2022/216528 PCT/US2022/022924

identify one or more objects depicted in one or more frames from
video data;

calculate, using the one or more frames of the video data, one or more
flow fields and one or more bounding boxes corresponding to the one or more objecis;
and

determine one or more classifications for one or more actions
performed by the one or more objacts based on the one or more flow fields and the

one or more bounding boxas.

8. The processor of claim 7, wherein the one or more circuits are further to:
use a {irst neural network to calculate the one or more bounding boxes; and

use a second neural network o determine the one or more classifications.

9. The processor of claim &, wherein the one or more circuits are further to:
calculate one or more L1-norm values of one or more kernels of the first
neural network and the second neural network; and

remove a set of kernels from the first neural network and the second neural

network based at least in part on the one or more L1-norm values.

10, The processor of claim 9, wherein the set of kernels correspond to

kernels of the one or more kernels with L1-norm values above a threshold.

Il The processor of claim 7, wherein the one or more circuits are further to

calculate the one or more flow fields using one or more hardware accelerators.

12, The processor of claim 8, wherein the first neural network and the

second newral network comprise a set of quantized weights,

13.  The processor of claim 7, wherein the video data ts captured from one or

more autonomous vehicle systems.

14, A computing device, comprising:

a hardware accelerator; and

memory comprising instructions executable by one or more processors of the
computing device 1o at least:

receive a phurality of frames;
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cause the hardware acceleraior {o determine one or more vector fields
corresponding to the phurality of frames;

determune one or more objects represented in the plurality of frames
based at least in part on a first neural network; and

classify, using a second neural network, one or more actions
represented in the plurality of frames based at least in part on the one or more vector

fields and the one or more determined objects.

15 The computing device of claim 14, wherein the first neural network and
the second newral network comprise one or more weights processed through one or more

quantization processes.

16, The computing device of claim 15, wherein the one or more quantization
procasses include a conversion of the one or more weights from a first representation fo a

second representation.

17. The computing device of claim 15, wherein the one or more quantization

processes are based at least in part on one or more Kullback-Leibler divergence values.

18  The computing device of claim 16, wherein the first represeniation is
a 32-bit floating point representation and the second representation is an 8-bit integer

representation.

19.  The computing device of claim 14, wherein the instructions further
mchude instractions executable by the one or more processors (o at least obtain the plurahity

of frames from one or more iroage capturing hardware of the coraputing device.

20.  The computing device of claim 14, wherein the hardware accelerator

comprises one o1 more parallel processing units.
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