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(57) Abstract: Methods and systems for budgeted and simplified training of deep
neural networks (DNNs) are disclosed. In one example, a trainer is to train a DNN
using a plurality of training sub-images derived from a down-sampled training im-
age. A tester is to test the trained DNN using a plurality of testing sub-images de-
rived from a down-sampled testing image. In another example, in arecurrent deep
Q-network (RDQN) having a local attention mechanism located between a convo-
lutional neural network (CNN) and a long-short time memory (LSTM), a plurality
of feature maps are generated by the CNN from an input image. Hard-attention is
applied by the local attention mechanism to the generated plurality of feature maps
by selecting a subset of the generated feature maps. Soft attention is applied by the
local attention mechanism to the selected subset of generated feature maps by pro-
viding weights to the selected subset of generated feature maps in obtaining weight-
ed feature maps. The weighted feature maps are stored in the LSTM. A Q value
is calculated for different actions based on the weighted feature maps stored in the
LSTM.
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METHODS AND SYSTEMS FOR BUBGETED AND SIMPLIFIED TRAINING
OF DEEP NEURAL NETWOREKS

FIELD
10601} Embodiments of the invention are in the field of data processing including
image processing, graphics processing and machine learning. More particularly,
embodiments of the invention relate to methods and systems for budgeted and simplified

training of deep neural networks (DNNs).

BACKGROUND
[0602] Current parallel graphics data processing includes systems and methods

developed to perform specific operations on graphics data such as, for example, linear
wterpolation, tessellation, rasterization, texture mapping, depth testing, ele. Traditionally,
graphics processors used fixed function computational wmis to process graphics data;
however, more recently, portions of graphics processors have been made prograntmable,
enabling such processors to support a wider variety of operations for processing veriex
and fragment data.

18603} To further increase performance, graphics processors typically implement
processing tochniques such as pipelining that attempt (o process, in paralicl, as much
graphics data as possible throughout the difterent parts of the graphics pipeline. Paraliel
graphics processors with single instruction, multiple thread (SIMT) architectures are
designed to maximize the amount of parallel processing in the graphics pipelive. In an
SEMT architecture, groups of parallel threads attempt to execuic program instructions
synchronously together as often as possible {o increase processing ctficiency. A general
overview of software and hardware for SIMT architectores can be found in Shane Cocok,
CUDA Programming Chapler 3, pages 37-31 (2013

130041 Machine learning has been successful at solving many kinds of tasks. The
comptations that arise when training and using machine learmning algorithms (e.g., neural
networks) lend themselves naturally to efficient parallel implementations. Accordingly,
parallel processors such as general-purpose graphic processing units {GPGPUS) have
plaved a sigoificant role in the practical iroplementation of deep neural networks,

Parailel graphics processors with single instruction, multiple thread (S8IMT} architectures
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are designed to maximize the amount of paralle! processing in the graphics pipeline. In
an SIMT archuectore, gronps of parallel threads atterapt to execute program instroctions
synchronously together as oftcn as possible to increase processing cfficiency,  The
ethiciency provided by parallel machive learmning algorithm implementations allows the
use of high capacity networks and enables those networks to be trained on larger datasets.
100603} Dieep neural networks (DNNs) can perform deep machine learning usefnl
in compiter vision and image recogniration applications because of s feature
recoguition capabilities, DNNs include layers with nodes which are organized into a set
of “filters,” which can act as feature detectors. The output of each set of filters is
propagated to nodes in successive layers of the network. DNN processing can be
computational inteosive at each layer having a number of nodes with a oumber of
parameters to be computed for image detection and processing applications. Furthermore,
training and learning for DNNs can be extensive requiring large amounts of training data
and use of parameters if the number layers and nodes are deep. Thus, what is needed is

improved training and learning techniques for DNNs.
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BRIEF DESCRIPTION N OF THE DRAWINGS

[60606] The appended drawings tllusirate examples and are, therefore, exemplary
embodiments and not considered to be limiting in scope.

18607} FIG. 1 is a block diagram dlustrating a compuier sysiern configured to

W

implement one or more aspects of exemplary embodiments described herein.

16608} FIG. 2A-2D illustrate a parallel processor components according to an

exemplary embodiment.

[6609] FIGS. 3A-3B are block diagrams of graphics multiprocessors according to

exemplary embodiments.

10 [06016] FIG. 4A-4F illustrate an exemplary architecture in which a pharality of
Graphic Processing Units (GPUs) are coromunicatively coupled to a plurality of mulii-
COTE ProCessors.
10611} FIG. 5 illustrates a graphics processing pipeline according o an
exemplary embodiment.

15 [6012] FIG. 6 illustrates a machine learning software stack according fo an

exemplary embodiment.

(0013} FIG. 7 illustrates a highly-parallel general-purpose graphics processing

unit according to an exemplary embodiment.

10014} FIG. 8 illustrates a multi-GPU computing system according to an

20 exemplary embodiment.

[0015] FIGS. SA-9B illustrate layers of exemplary deep neural networks.
[0316] FIG. 16 illustrates an exemplary recurrent neural network.
10617] FIG. 11 illustrates exemplary embodiment of training and deployment of

a deep neural network.

25 [6018] FEG. 12 1s an exemplary block diagram illustrating distributed learning.
10619} FIG. 13 illustrates an exemplary inferencing system on a chip (SOC)

suitable for performing inferencing vsing a trained model.
16620} FIG. 14 is an exemplary block diagram of a basic training and learning
architecture having a Deep Neural Network (DNN) training and learning system o

30 receive training data for learning and training a DNN.
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[0021] FIG. 18 ilostrates an exeraplary process for selecting image data for a

learning machine.

10622} FIG. 16A 1s an exemplary block diagram of a learning system which can
5 implement budgeted training and learning techniques for a DNKN.

10623} FIGS. 16B-16C illustrate exemplary flow diagrams of operations to train
and test a DNN.
[0024] FIG. 17A is a block diagram of an improved Deep Recurrent Q-Network
(DRON) architecture according (o an exemplary embodiment.

10 [6025] FIG. 178 iHustrates a flow diagram of an exemplary operation for the
improved DRON of FIG. 17A.
(30261 FiG. 18A is a block diagram of an improved DRON architecture

according to another exemplary embodiment.

10627] FIG. 18B illustrates a flow diagram of an exemplary operation for the
15 improved DRON of FIG. 18A.

10628] FIG. 19 illostrates a block diagram of a processing system according to an

cxemplary embodiment.

13629] FEG. 20 illustrates an exemplary block diagram of an embodiment of a

processor having onc or more processor cores, an integrated memory controller, and an

20 integrated graphics processor.

[6630] FIG. 21 illustrates an exemplary block diagram of a graphics processor.
10631} FIG. 22 illostrates a block diagram of a graphics processing engine of a

graphics processor according to exemplary embodiments.

[0632] FIG. 23 illastrates a block diagram of another exemplary embodiment of a
25 graphics processor.

[0033] FIG. 24 illustrates thread execution logic including an array of processing

elements employed in exemplary embodiments of a graphics processing engine (GPE).

10034} FIG. 25 illustrates a block diagram of a graphics processor instruction

formats according to exemplary embodiments.
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10635] FIG. 26 illustrates a block diagram of an exemplary embodiment of a
graphics processor.

[0036] FIG. 27A illustrates a block diagram of a graphics processor command
format according fo an exemplary embodiment.

18637} FIG. 278 llustrates a block diagram of a graphics processor command
sequence according to an exemplary embodiment.

10638] FEG. 28 illustrates exemplary graphics software architecture for a data
processing system according exernplary embodiments.

[0039] FIG. 29 illustrates a block diagram of an IP core development system that
may be used to manufacture an integrated circuit (IC) to perform operations according to
an exemplary embodiment.

[6640] FIG. 38 illustrates a block diagram of an exemplary system on a chip IC
that may be fabricated using or one more IP cores according to an exemplary
embodiment.

10041} FIG. 31 illustrates a block diagram of an exemplary graphics processor on
a system on a chip IC that may be fabricated using one or more [P cores according to an
cxemplary embodiment.

10042} FEG. 32 illustrates a block diagram of an exemplary additional graphics
processor of a system on a chip IC that may be fabricated using one or more IP cores

according to an exemplary embodiment.
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DETALED DESCRIPTION

[0043] In some embodiments, a graphics processing uwnit (GPU) 1

€7

communicatively coupled to host/processor cores to accelerate graphics operations,
machine-learning operations, patiern analysis operations, and various general purpose
GPU (GPGPU) functions. The GPU may be communicatively coupled to the host
processor/cores over a bus or another interconnect (e.g., a high-speed interconnect such
as PCle or NVLink). In other embodiments, the GPU may be integrated on the same
package or chip as the cores and communicatively coupled to the cores over an internal
processor busf/interconnect (i.e., internal to the package or chip). Regardless of the
manner in which the GPU is connected, the processor cores may allocate work to the
GPU in the form of sequences of commands/mstructions contained in a work descriplor,
The GPU then uses dedicated circuitry/logic for efficiently processing these
commands/instructions.

10044] In some embodiments, an image capturing device is a standalone device to
capturc an input image. The image capturing device, however, can be part of or a
subcomponent of another computing device requiring image capturing capabilities such
as a portable or hand-held computing device with a digital camera to capture images.
10045] In the following description, numerous specific details are set forth to
provide a more thorough understanding. However, it will be apparent that embodiments
described herein may be practiced without one or more of these specific details. In other
instances, well-known features have not been described to avoid obscuring the details of
the exeraplary erobodiments.

Computine Svstem fverview

[0046] FIG. 115 a block diagram illustrating a computing system 100 configured
to implement one or more aspects of exemplary embodiments described herein. The
computing systern 100 includes a processing subsystem 101 having one or more
processor{s) 102 and a system memory 104 communicating via an interconnection path
that may include a memory hub 105, The memory hub 105 may be a separate component
within a chipset component or may be integrated within the one or more processor(s) 102.

The memory hub 105 couples with an VO subsystem 111 via a communication link 106.
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The VO subsystem 111 includes an /O hub 107 that can enable the computing system
100 to receive input from one or more input device(s) 108. Additionally, the ¥/O hub 107
can enable a display controller, which may be included in the one or more processor{(s)
102, to provide outputs to one or more display device(s) 110A. In one embodiment, the
one or more display device(s) 110A coupled with the VO hub 107 can include a local,
internal, or embedded display device.

10647} In one embodiment, the processing subsystem 101 includes one or more
parallel processor(s) 112 coupled to memory hub 105 via a bus or other communication
link 113. The communication link 113 may be one of any number of standards based
communication link technologies or protocols, such as, but not himited to PCI Express, or
may be a vendor specific communications interface or communications fabric. In one
embodiment, the onc or more parallel processor{s) 112 form a computationally focused
parallel or vector processing system that an include a large number of processing cores
and/or processing clusters, such as a many integrated core (MIC) processor. In one
embodiment, the one or more parallel processor(s) 112 form a graphics processing
subsystem that can output pixels to one of the one or more display device(s) 110A
coupled via the VO Hub 107. The one or more parallel processor{(sy 112 can also include
a display countroller and display inter{ace (not shown) to enable a direct connection to one
or more display device(s) 110B.

10648} Within the VO subsystem 111, a system storage unit 114 can connect to
the /O hub 107 to provide a storage mechanism for the computing system 100. An VO
switch 116 can be used to provide an interface mechanism to enable connections between
the I/O hub 107 and other components, such as a network adapter 118 and/or wireless
network adapter 119 that may be integrated into the platform, and various other devices
that can be added via one or more add-in device(s} 120. The network adapter 118 can be
an Hthernet adapter or another wired vetwork adapter. The wireless network adapter 119
can include one or more of a Wi-Fi, Bluetooth, near field communication (NFC), or other
network device that includes onc or more wireless radios.

10649} The computing system 100 can include other components not explicitly

shown, including USB or other port connections, optical storage drives, video capture
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devices, and the like, may also be connected to the /O hub 107. Communication paths
interconnecting the various components in FIG. 1 may be implemented using any suitable
protocols, such as PCI (Peripheral Component Interconnect) based protocols {e.g., PCI-
Express), or any other bus or point-to-point communication inter{aces and/or protocol(s),
such as the NV-Link high-speed imterconnect, or interconnect protocols known in the art.
16050} In one embodiment, the onc or more parallel processor(s) 112 incorporate
circuitry optimized for graphics and video processing, including, for example, video
output circuitry, and constitutes a graphics processing unit (GPU). In another
embodiment, the one or more parallel processor(s) 112 incorporate circuitry optimized
for general purpose processing, while preserving the underlying computational
architecture, described in greater detail herein. In vet another embodiment, components
of the computing system 100 may be integrated with one or more other system elements
on a single integrated circoit.  For example, the one or more parallel processor(s), 112
memory hub 105, processor(s) 102, and /O hub 107 can be integrated into a system on
chip (50C) integrated circuif. Alternatively, the components of the computing system
100 can be integrated into a single package to form a system in package (5IP)
configuration. In onc cmbodiment, at least a portion of the components of the
computing system 100 can be integrated into a multi-chip module (MCM), which can be
interconnected with other multi-chip modules into a modular computing system.

10651} It will be appreciated that the computing system: 100 shown herein is
illustrative and that variations and modifications are possible. The connection topology,
inclading the number and arrangement of bridges, the number of processor(s) 102, and
the number of parallel processor(s) 112, may be modified as desired. For instance, in
some eraboditnents, system memory 104 is convected to the processor(s) 102 directly
rather than through a bridge, while other devices communicate with system memory 104
via the memory hub 105 and the processor(s) 102. In other alternative topologies, the
parallel processor(s) 112 are connected to the /O hub 107 or directly to one of the one or
more processor{s) 102, rather than to the memory hub 105, In other emnbodiments, the

VO hob 107 and wmemory hub 105 may be integrated into a single chip. Some
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embodiments may include two or more sets of processor(s) 102 attached via multiple
sockets, which can couple with two or more instances of the parallel processor(s) 112,
[0652] Some of the particular components shown herein are optional and may not
be included in all implementations of the computing system 100, For example, any
number of add-in cards or peripherals may be supported, or some components may be
climinated. Furthermore, some architectures may usc different terminology for
components similar to those illustrated in FIG. 1. For example, the memory hub 105 may
be referred to as a Northbridge in some architectures, while the YO hub 107 may be
referred to as a Southbridge.

10053} FIG. 2A iHustrates a parallel processor 200 according to an exemplary
embodiment. The various components of the parallel processor 200 may be implemented
using one or more integrated circuit devices, such as programmmable processors,
apphcation specific integrated circnits (ASICs), or field programmable gate arrays
(FPGA). The illustrated parallel processor 200 is a variant of the one or more paraliel
processor(s) 112 shown in FIG, 1 according to an exemplary embodiment.

10634] In one embodiment, the parallel processor 200 includes a paralle}
processing unit 202, The parallel processing unit includes an ¥O unit 204 that enables
communication with other devices, including other instances of the parallel processing
unit 202, The VO unit 204 may be directly connected to other devices. In one
embodiment, the VO unit 204 connects with other devices via the use of a hub or swiich
interface, such as memory hub 105. The connections between the memory hub 105 and
the /O unit 204 form a communication hink 113, Within the parallel processing unit 202,
the /0 unit 204 connects with a host interface 206 and a memory crossbar 216, where the
host interface 206 receives commands divected to performing processing operations and
the memory crossbar 216 receives commands directed (o performing memory operations.
[Q055] When the host interface 206 receives a cormmmand buffer via the VO unit
204, the host interface 206 can direct work operations to perform those commands to a
front end 208. In one embodiment, the front end 208 couples with a scheduler 210,
which s configured to distribute commands or other work items to a processing cluster

array 212, In one cmbodiment, the scheduler 210 ensures that the processing cluster
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array 212 is properly configured and in a valid state before tasks are distributed to the
processing clusters of the processing cluster array 212. In one embodiment, the schedule

210 is implemented via firmware logic executing on a microcontroller.  The
microcontroller  implemented scheduler 210 is confligurable to perform complex
scheduoling and work distribution operations at coarse and fine granularity, enabling rapid
preemption and context switching of threads executing on the processing array 212, In
one embodiment, the host software can prove workloads {or scheduling on the processing
array 212 via one of multiple graphics processing doorbells. The workloads can then be
automatically distributed across the processing array 212 by the scheduler 210 logic
within the scheduler microcontroller.

[6636] The processing cluster array 212 can include up to “N” processing clusters
{c.g., cluster 214A, cluster 214B, through cluster 214N). Each cluster 214A-214N of the
processing cluster array 212 can execule a large number of concurrent threads. The
scheduler 210 can allocate work to the clusters 214A-214N of the processing cluster
array 212 using various scheduling and/or work distribution algorithms, which may vary
depending on the workload arising for each type of program or computation. The
scheduling can be handled dynamically by the scheduler 210, or can be assisted in part by
compiler logic during compilation of program logic configured for execution by the
processing cluster array 212, In once cmbodiment, different chusters 214A-214N of the
processing cluster array 212 can be allocated for processing different types of programs
or for performing different types of computations.

10657} The processing cluster array 212 can be configured to perform various
types of parallel processing operations. In one embodiment, the processing cluster array
212 1s configured to perform general-purpose parallel compuie operations. For example,
the processing cluster array 212 can inclade logic to execule processing tasks including
filiering of video and/or audio data, performing modeling operations, inclading physics
operations, and performing data transformations.

10038} in one embodiment, the processing cluster array 212 is configured to
perform parallel graphics processing operations. In embodiments in which the paralie}

processor 200 is configured to perform graphics processing operations, the processing

10
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cluster array 212 can include additional logic to support the execution of such graphics
processing operations, including, but not himited to texture sampling logic to perform
texture operations, as well as tessellation logic and other vertex processing logic.
Additionally, the processing cluster array 212 can be configured to execute graphics
processing related shader programs such as, but not limited to vertex shaders, tessellation
shaders, geometry shaders, and pixel shaders. The parallel processing unit 202 can
transfer data from system memory via the V0O unit 204 for processing. During processing
the transferred data can be stored to on-chip memory (e.g., parallel processor memory
222y during processing, then written back to system memory.

[0059] In onc cmbodiment, when the parallel processing unit 202 is used to
perform graphics processing, the scheduler 210 can be configured to divide the
processing workload into approximately equal sized tasks, to better enable distribution of
the graphics processing operations to multiple clusters 214A-214N of the processing
cluster array 212. In some embodiments, portions of the processing chuster array 212 can
be configured to perform different types of processing. For example, a first portion may
be configured o 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, to produce a
rendered image for display. Intermediate data produced by one or more of the clusters
214A-214N may be stored in buffers to allow the intermediate data to be transmitted
between clusters 214A-214N for further processing.

18660} Daring operation, the processing cluster array 212 can receive processing
tasks to be executed via the scheduler 210, which receives commands defining processing
tasks from front end 208. For graphics processing operations, processing tasks can
inchude indices of data to be processed, e.g., surface (patch) data, primitive data, vertex
data, and/or pixel data, as well as state paramelers and commands defining how the data
is to be processed {e.g., what program is to be executed). The scheduler 210 may be
configured to fetch the indices corresponding to the tasks or may receive the indices from

the front end 208. The front end 208 can be configured to ensure the processing cluster

11
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array 212 is configured to a valid state before the workload specified by incoming
command butfers (e.g.. batch-buffers, push buffers, etc.) is mitiated.

(0061 ] Each of the one or more instances of the parallel processing unit 202 can
couple with parallel processor memory 222, The parallel processor memory 222 can be
accessed via the memory crosshar 216, which can receive memory requests from the
processing cluster array 212 as well as the /O unit 204, The memory crossbar 216 can
access the parallel processor memory 222 via a memory inlerface 218, The memory
interface 218 can include multiple partition units (e.g., partition unit 220A, partition unit
2208, through partition unit 220N) that can each couple to a portion (e.g.. memory unit)
of parallel processor memory 222, In onc implementation, the number of partition units
220A-220N is configured to be equal to the number of memory anits, such that a first
partition unit 220A has a corresponding first memory unit 224A, a second partition unit
220B has a corresponding memory unit 224B. and an Nth partition woit 220N has a
corresponding Nth memory unit 224N, In other embodiments, the number of partition
units 220A-220N may not be equal to the number of memory devices.

[0662] In various embodiments, the memory units 224A-224N can include
various types of memory devices, including dynamic random access memory {DRAM) or
graphics random access memory, such as synchronous graphics random access memory
(SGRAM), including graphics double data rate (GDDR) memory. In one embodiment,
the memory units 224A-224N may also mclude 3D stacked memory, including but not
limited to high bandwidth memory (HBM). Persons skilled in the art will appreciate that
the specilic iroplementation of the memory units 224A-224N can vary, and can be
selected from one of various conventional designs. Render targets, such as frame buffers
or texture maps may be stored across the memory units 224A-224N, allowing partition
units 220A-220N to write portions of each render target in parallel to efficiently use the
available bandwidth of parallel processor memory 222. In some embodiments, a local
instance of the parallel processor memory 222 may be excluded in favor of a unified
memory design that utilizes system memory in conjunction with local cache memory.
10663} In one embodiment, any one of the clusters 214A-214N of the processing

cluster array 212 can process data that will be writien to any of the memory units 224A-

12



W

10

15

20

WO 2018/184204 PCT/CN2017/079719

224N within parallel processor memory 222. The memory crossbar 216 can be
configured to transfer the output of each claster 214A-214N 1o any partition voit 220A-
220N or to ancther cluster 214A-214N, which can perform additional processing
operations on the outpul. Each cluster 214A-214N can communicate with the memory
interface 218 through the memory crossbar 216 to read from or write to various external
memory devices. In one embodiment, the memory crosshbar 216 has a connection to the
memory interface 218 to communicate with the /O unit 204, as well as a connection to a
local instance of the parallel processor memory 222, enabling the processing units within
the different processing clusters 214A-214N to communicate with system memory or
other memory that is not local to the parallel processing unit 202, In one embodiment,
the memory crossbar 216 can use virtual channels to separate traffic streams between the
clusters 214A-214N and the partition units 220A-220N.

10064] While a single instance of the parallel processing unit 202 is illustrated
within the parallel processor 200, any number of instances of the parallel processing unit
202 can be inchuded. For example, multiple instances of the parallel processing unit 202
can be provided on a single add-in card, or multiple add-in cards can be interconnected.
The different instances of the parallel processing unit 202 can be configured to inter-
operate even il the different instances have different numbers of processing cores,
different amounts of local paraliel processor memory, and/or other configuration
differences. For example, and in one embodiment, some instances of the paralle}
processing unit 202 can include higher precision floating point units relative to other
instances. Systems incorporating one or more instances of the parallel processing unit
202 or the parallel processor 200 can be implemented in a variety of configurations and
formn factors, including but not hmited to desktop, laptop, or handheld personal
computers, servers, workstations, game consoles, and/or embedded systems.

[0065] FIG. 2B is a block diagram of a partition unit 220 according to an
exemplary embodiment.  In one embodiment, the partition unit 220 is an instance of one
of the partition units 220A-220N of FIG. 2A.  As illustrated, the partition unit 220
includes an 1.2 cache 221, a frame buffer interface 225, and a ROP 226 (raster operations

unit). The L2 cache 221 is a read/write cache that is configured to perform Ioad and store
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operations received {rom the memory crossbar 216 and ROP 226. Read misses and
urgent wrile-back requests are ouiput by L2 cache 221 to frame buffer interface 225 for
processing. Updates can also be sent to the frame buffer via the {rame buffer interface
225 for processing. In one embodiment, the frame buffer interface 2235 interfaces with
one of the memory units in parallel processor memory, such as the memory units 224A-
224N of FIG. 2 (e.g., within parallel processor memory 222).

10666} In graphics applications, the ROP 226 is a processing unit that performs
raster operations such as stencil, z test, blending, and the like. The ROP 226 then outputs
processed graphics data that is stored in graphics memory. In some embodiments, the
ROP 226 includes compression logic to compress depth or color data that is writien to
memory and decompress depth or color data that is read from memory. The compression
logic can be lossless compression logic that makes use of one or more of multiple
compression algorithms. The type of compression that is performed by the ROP 226 can
vary based on the statistical characteristics of the data to be compressed. For example, in
one ernbodiment, delta color compression is performed on depth and color data on a per-
tile basis.

(86671 In some embodiments, the ROP 226 is included within each processing
cluster (e.g., cluster 214A-214N of FIG. 2A) instead of within the partition unit 220. In
such embodiment, read and write requests for pixel data are transmitted over the memory
crossbar 216 instead of pixel fragment data. The processed graphics data may be
displayed on a display device, such as one of the one or more display device(s) 110 of
FIG. 1, routed for further processing by the processor(s) 102, or routed for further
processing by one of the processing entities within the parallel processor 200 of ¥FI1G. 2A.
[0068] FIG, 2C is a block diagram of a processing cluster 214 within a parallel
processing unit according to an exemplary embodiment.  In one embodiment, the
processing cluster is an instance of one of the processing clusters 214A-214N of FIG, 2A.
The processing cluster 214 can be configured to execute many threads in parallel, where
the term “thread” refers to an instance of a particular program executing on a particular
set of input data. In some embodiments, single-instruction, multiple-data (SIMD)

instruction issue techniques are used to support parallel execution of a large number of
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threads without providing multiple independent instruction units. In other embodiments,
single-instruction, multiple-thread (SIMT) techniques are used {o support parallel
execution of a large number of generally synchronized threads, using a common

instruction unit configured o issue jnstructions to a set of processing engines within each

W

one of the processing clusters. nlike a SIMD execution regime, where all processing

engines typically execute identical instructions, SIMT execution allows different threads

to more readily follow divergent execution paths through a given thread program.

Persons skilled in the art will understand that a SIMD processing regime represents a

functional subset of a SIMT processing regime.

10 [0069] Operation of the processing cluster 214 can be controlled via a pipeline
manager 232 that distribuies processing tasks to SIMT paraliel processors. The pipeline
manager 232 receives insiructions from the scheduler 210 of FIG. 2A and manages
execution of those instructions via a graphics multiprocessor 234 and/or a texture unit
236. 'The illustrated graphics multiprocessor 234 is an exemplary instance of a SIMT

15 parallel processor. However, various types of SIMT parallel processors of differing
architectures may be incinded within the processing cluster 214, One or more instances
of the graphics multiprocessor 234 can be included within a processing cluster 214. The
graphics multiprocessor 234 can process data and a data crossbar 240 can be used to
distribute the processed data to one of multiple possible destinations, including other

20 shader units. The pipeline manager 232 can facilitate the distribution of processed data
by specifying destinations for processed data to be distributed vis the data crossbar 240.
10670} Each graphics multiprocessor 234 within the processing closter 214 can
include an identical set of functional execution logic {e.g., arithmetic logic units, icad-
store units, etc.). The functional execution logic can be configured in a pipelived manner

25  in which pew instructions can be issued before previous instructions are complete. The

functional execution logic supports a variety of operations including integer and floating

point arithmetic, comparison operations, Boolean operations, bit-shifting, and
computation of various algebraic functions. In one embodiment, the same functional-unit
hardware can be leveraged to perform different operations and any combination of

30 functional units may be present.
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10671] The instructions transmitted to the processing cluster 214 constitutes a
thread. A set of threads executing across the set of parallel processing engines is a thread
group. A thread group executes the same program on different input data. Each thread
within a thread group can be assigned to a different processing engine within a graphics
multiprocessor 234, A thread group may inclode fewer threads than the number of
processing engines within the graphics multiprocessor 234, When a thread group
includes {ewer threads than the number of processing engines, one or more of the
processing engines may be idle during cycles in which that thread group is being
processed. A thread group may also include more threads than the nomber of processing
engines within the graphics multiprocessor 234, When the thread group includes more
threads than the number of processing engines within the graphics multiprocessor 234,
processing can be performed over consecutive clock cycles. In one embodiment,
multiple thread groups can be executed concurrently on a graphics multiprocessor 234,
10672] In one embodiment, the graphics multiprocessor 234 includes an internal
cache memory to perform load and store operations. In one cmbodiment, the graphics
mulfiprocessor 234 can forego an internal cache and use a cache memory (e.g., L1 cache
308) within the processing cluster 214, Each graphics multiprocessor 234 also has access
to L2 caches within the partition units {e.g., partition units 220A-220N of FIG. 2A) that
are shared among all processing clusters 214 and may be used to transfer data between
threads. The graphics wmultiprocessor 234 may also access off-chip global memory,
which can include one or more of local parallel processor memory and/or system memory.
Any memory external to the parallel processing unit 202 may be used as global memory.
Embodiments in which the processing cluster 214 includes multiple instances of the
graphics multiprocessor 234 can share common instructions and data, which may be
stored in the L1 cache 308.

10673} Each processing closter 214 may include an MMU 245 (memory
management unit) that is configured to map virtual addresses into physical addresses. In
other embodiments, onc or more instances of the MMU 245 may reside within the
memory interface 218 of FEG. 2A. The MMU 245 1ncludes a set of page table entries

(PTEs) used to map a virtual address to a physical address of a tile (talk more about tiling)
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and optionally a cache line index. The MMU 245 may include address translation
lookaside buffers {TLB) or caches that may reside within the graphics multiprocessor 234
or the L1 cache or processing cluster 214. The physical address is processed to distribute
surface data access locality to allow efficient request interleaving among partition unifs.
The cache line index may be used to determine whether a request for a cache line is a hit
OF 1SS,

10674} In graphics and computing applications, a processing cluster 214 may be
configured such that each graphics multiprocessor 234 is coupled to a texture unit 236 for
performing texiure mapping operations, ¢.g.. determining texture sample positions,
reading texture data, and filtering the texture data. Texture data is read from an internal
texture L1 cache (not shown) or in some embodiments from the L1 cache within graphics
multiprocessor 234 and is fetched from an L2 cache, local parallel processor memory, or
system memory, as needed. Each graphics multiprocessor 234 outputs processed tasks to
the data crossbar 240 to provide the processed task to another processing cluster 214 for
further processing or to store the processed task in an L2 cache, local parallel processor
memory, or system memory via the memory crossbar 216. A preROP 242 (pre-raster
operations unit) is configured to receive data from graphics multiprocessor 234, direct
data to ROP units, which may be located with partition units as described herein {(e.g.,
partition units 220A-220N of FIG. 2A). The preROP 242 unit can perform optimizations
for color blending, organize pixel color data, and perform address translations.

[0675] It will be appreciated that the core architecture described herein is
itlustrative and that variations and modifications are possible. Any nomber of processing
units, e.g., graphics multiprocessor 234, texture units 236, preROPs 242, etc., may be
included within a processing cluster 214, Further, while only one processing cluster 214
is shown, a parallel processing unit as described herein may include any number of
instances of the processing cluster 214, o one embodiment, each processing cluster 214
can be configured to operate independently of other processing clusters 214 using
separate and distinct processing units, L1 caches, etc.

10676} FEG. 2D shows a graphics multiprocessor 234 according to one exemplary

cmbodiment. In such embodiment, the graphics multiprocessor 234 couples with the

17



W

10

15

20

WO 2018/184204 PCT/CN2017/079719

pipeline manager 232 of the processing cluster 214. The graphics multiprocessor 234 has
an execution pipeline including but not limited to an instruction cache 252, an instruction
unit 254, an address mapping unit 256, a register file 258, one or more general purpose
graphics processing unit (GPGPU) cores 262, and one or more load/store units 266. The
GPGPU cores 262 and load/store units 266 are coupled with cache memory 272 and
shared memory 270 via a memory and cache interconnect 268,

166771 In one embodiment, the instruction cache 252 receives a stream of
instructions to execute from the pipeline manager 232. The instructions are cached in the
instruction cache 252 and dispaiched for execution by the instruction unit 254, The
instruction unit 234 can dispatch instructions as thread groups {(c.g., warps), with cach
thread of the thread group assigned (o a different execution unit within GPGPU core 262.
An instruction can access any of a local, shared, or global address space by specifying an
address within a onified address space. The address mapping unit 256 can be used to
translate addresses in the unified address space into a distinct memory address that can be
accessed by the load/store units 266.

10678} The register file 258 provides a set of registers for the functional units of
the graphics multiprocessor 324. The register file 258 provides temporary storage for
operands connected to the data paths of the fanctional units {(e.g., GPGPU cores 262,
load/store units 266) of the graphics multiprocessor 324, In one embodiment, the register
file 258 is divided between each of the functional units such that each functional unit is
allocated a dedicated portion of the register file 258. In one embodiment, the register {ile
258 1s divided between the different warps being executed by the graphics multiprocessor
324,

16079] The GPGPU cores 262 can each include floating point units (FPUs) and/or
integer arithmetic logic units (ALUs) that are used to execule nstructions of the graphics
multiprocessor 324. The GPGPU cores 262 can be similar in architecture or can differ in
architecture, according to embodiments. For example, and in one embodiment, a first
portion of the GPGPU cores 262 include a single precision FPU and an integer ALU
while a second portion of the GPGPU cores include a double precision FPU. In one

embodiment, the FPUs can implement the IEEE 754-2008 standard for floating point
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arithmetic or enable variable precision {loating point arithmetic. The graphics
mulfiprocessor 324 can additionally include one or more fixed function or special
function units to perform specific functions such as copy rectangle or pixel blending
operations. In one embodiment one or more of the GPGPU cores can also include fixed
or special function logic.

[34843 In one embodiment, the GPGPU cores 262 include SIMD logic capable of
performing a single instruction on multiple sets of data. In one embodiment GPGPU
cores 262 can physically execute SIMD4, SIMDS, and SIMD 6 instructions and logically
execule SIMD1, SIMD2, and SIMD32 iostructions. The SIMD instructions for the
GPGPU cores can be generated at compile time by a shader compiler or automatically
generated when executing programs written and compiled for single program multiple
data (SPMD) or SIMT architectures. Multiple threads of a program configured for the
SIMT execufion model can executed via a single SIMD instruction. For example, and in
one embodiment, eight SIMT threads that perform the same or similar operations can be
executed in parallel via a single SIMDS logic unit.

16081 The memory and cache interconnect 268 is an interconnect network that
connects cach of the functional units of the graphics multiprocessor 324 to the register
file 258 and to the shared memory 270. In one embodiment, the memory and cache
interconnect 268 is a crosshbar interconnect that allows the load/store unit 266 to
implement load and store operations between the shared memory 270 and the register file
258. The register file 258 can operate at the same frequency as the GPGPU cores 262,
thus data transfer between the GPGPU cores 262 and the register file 238 is very Jow
latency. The shared memory 270 can be used to enable communication between threads
that execule on the functional units within the graphics multiprocessor 234. The cache
memory 272 can be used as a data cache for example, to cache texture data
communicated between the functional units and the texture unit 236. The shared roemory
270 can also be used as a program managed cached. Threads executing on the GPGPU
cores 262 can programmatically store data within the shared memory in addition to the

automatically cached data that is stored within the cache memory 272.
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10082] FIGs. 3A-3B illustrate additional graphics multiprocessors according to
exemplary embodiments. The lustrated graphics multiprocessors 325, 350 are variants
of the graphics multiprocessor 234 of FIGS. 2C-2D. The illustrated graphics
multiprocessors 325, 350 can be configured as a sireaming multiprocessor (SM) capable
of simultaneous execution of a large number of execution threads.

10083} FIG. 3A shows a graphics multiprocessor 325 according to an additional
exemplary embodiment. The graphics multiprocessor 325 includes multiple additional
instances of execution resource units relative to the graphics multiprocessor 234 of FIGS.
2C-2D. For example, the graphics multiprocessor 325 can include multiple instances of
the instruction unit 332A-332B, register file 334A-334B, and texture unit(s) 344A-344B.
The graphics multiprocessor 325 also includes multiple sets of graphics or compute
execution units {e.g., GPGPU core 336A-336B, GPGPU core 337A-337B, GPGPU core
338A-338B) and multiple sets of load/store units 340A-340B. In ove embodiment, the
execution resource units have a common instruction cache 330, texture and/or data cache
memory 342, and shared memory 346.

10084 The various components can communicate via an interconnect fabric 327.
In one embodiment, the interconnect fabric 327 includes one or more crossbar switches to
enable communication between the various components of the graphics multiprocessor
325. In one ecmbodiment, the interconnect fabric 327 is a separate, high-speed network
fabric layer upon which each component of the graphics multiprocessor 325 is stacked.
The components of the graphics multiprocessor 325 communicate with remote
components via the interconnect {abric 327. For example, the GPGPU cores 336A-3368,
337A-337B, and 3375A-338B can each communicate with shared memory 346 via the

~
7
i

interconnect fabric 327. The interconnect fabric 327 can arbitrate communication within
the graphics multiprocessor 325 to ensure a f{air bandwidth allocation between
components.

RHIERY FEG. 3B shows a graphics multiprocessor 350 according to an additional
exemplary embodiment. The graphics processor includes multiple sets of cxecution
resources 356A-356D, where each set of execution resource includes multiple instruction

units, register files, GPGPU cores, and load store units, as illustrated in FiG, 2D and FIG,
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3A. The execution resources 350A-356D can work in concert with texture unit(s) 360A-
360D for texture operations, while sharing an wnstruction cache 354, and shared memory
362. In one embodiment, the execution resources 356A-356D can share an instruction
cache 354 and shared memory 362, as well as multiple instances of a {exture and/or data
cache memory 358A-358B. The various components can communicate via an
interconnect fabric 352 similar to the interconnect fabric 327 of FIG. 3A.

13086 Persons skilled in the art will understand that the architecture described in
FIGS. 1, 2A-2D, and 3A-3B are descriptive and not limiting as to the scope of the
present embodiments, which are exemplary. Thus, the techniques described herein roay
be implemented on any properly configured processing unit, including, without limitation,
one or more mobile application processors, one or more deskiop or server central
processing units (CPUs) including multi-core CPUs, one or more parallel processing
units, such as the parallel processing unit 202 of FIG. 24, as well as one or more
graphics processors or special purpose processing units, without departure from the scope
of the embodiments described herein.

(6087 In some embodiments, a parallel processor or GPGPU as described herein
is communicatively coupled to host/processor cores to accelerate graphics operations,
machine-learning operations, pattern analysis operations, and various general purpose
GPU (GPGPU) functions. The GPU may be conununicatively coupled to the host
processor/cores over a bus or other interconnect {e.g., a high speed interconnect such as
PCle or NVLink}. In other embodiments, the GPU may be integrated on the same
package or chip as the cores and communicatively coupled to the cores over an nternal
processor bus/interconnect (i.e., internal to the package or chip). Regardless of the
manner n which the GPU is connected, the processor cores may allocate work to the
GPU in the form of sequences of commands/instructions contained in a work descriptor.
The GPU then uwses dedicated circoitry/logic for efficiently processing these
commands/instructions.

Technigues for GPU to Host Processor Interconnection

10688} FEG. 4A illastrates an exemplary architecture in which a plurality of GPUs

410-413 are communicatively coupled to a plurality of multi-core processors 405-406

21



WO 2018/184204 PCT/CN2017/079719

over high-speed links 440-443 (e.g., buses, point-to-point interconnects, etc.). In one
embodiment, the high-speed links 440-443 support a communication throughput of
4GB/s, 30GB/s, 80GB/s or higher, depending on the implementation. Various

interconnect protocols may be used including, but vot himited to, PCle 4.0 or 5.0 and

W

NVLink 2.0. However, the underlying principles of the invention are not limited to any
particular communication protocol or throughput.
13689 In addition, and in one embodiment, two or more of the GPUs 410-413 are
interconnected over high-speed links 444-445, which may be implemented using the
same or different protocols/links than those used for high-speed links 440-443. Similarly,
10 two or more of the multi-core processors 405-406 may be connected over high speed link
433 which may be symmetric multi-processor (SMP) buses operating at 20GB/s, 30GB/s,
120GB/s or higher. Alternatively, all communication between the varicus system
components shown in FIG. 4A may be accomplished using the same protocols/links (e.g.,
over a common interconnection fabric).  As mentioned, however, the underlying
15 principles of the invention are not limited to any particular type of interconnect
techuology.
[3090] In one cmbodiment, ecach multi-core processor 405-406 is
communicatively coupled to a processor memory 401-402, via memory interconnects
430-431, respectively, and each GPU 410-413 is communicatively coupled to GPU
20 memory 420-423 over GPU memory interconnects 450-453, respectively. The memory
interconnects 430-431 and 450-453 may utilize the same or different memory access
technologies. By way of example, and not himitation, the processor memories 401-402
and GPU memories 420-423 may be volatile memories such as dynamic random access
memories {DRAMs) (including stacked DRAMSs), Graphics DDR SDRAM (GDDR) (e.g.,
25 GDDRS, GDDR6), or High Bandwidth Memory (HBM) and/or may be non-volatile
memories sach as 3D XPoint or Nano-Ram. In one embodiment, some portion of the
memories may be volatile memory and another portion may be non-volatile memory {(e.g.,
using a two-level memory (2LM) hierarchy).
16691 As described below, although the various processors 4035-406 and GPUs
30 410-413 may be physically coupled to a particular memory 401-402, 420-423,
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respectively, a unified memory architecture may be implemented in which the same
virtual system address space (also referred to as the “effective address” space) is
distributed among all of the various physical memories. For example, processor
memories 401-402 may each comprise 64GB of the system memory address space and
GPU memories 420-423 may each comprise 32GB of the system memory address space
(resulting in a total of 256GB addressable memory in this cxample).

[6692] FIG. 4B illustrates additional details for an interconnection between a
multi-core processor 407 and a graphics acceleration module 446 in accordance with one
exemplary embodiment. The graphics acceleration module 446 may include one or more
GPU chips integrated on a line card which is coupled to the processor 407 via the high-
speed hink 440. Alternatively, the graphics acceleration module 446 may be integrated on
the same package or chip as the processor 407.

(0093 The illustrated processor 407 inclodes a plurality of cores 460A-460D,
each with a translation lookaside buffer 461 A-461D and one or more caches 462A-462D.
The cores may include various other components for executing instructions and
processing data which are not illustrated o avoid obscuring the underlying principles of
the invention {c.g., instruction fetch units, branch prediction units, decoders, execution
units, reorder buffers, etc.). The caches 462A-462D may comprise level 1 (L1} and level
2 (L2) caches. In addition, one or more shared caches 426 may be included in the
caching hierarchy and shared by sets of the cores 460A-460D. For example, one
embodiment of the processor 407 includes 24 cores, each with its own L1 cache, twelve
shared L2 caches, and twelve shared L3 caches. In this embodiment, one of the L2 and
L3 caches are shared by two adjacent cores. The processor 407 and the graphics
accelerator integration module 446 connect with system mernory 441, which may include
processor memories 401-402

(00941 Coherency is maintained for data and instructions stored in the various
caches 462A-462D, 456 and system memory 441 via inter-core communication over a
coherence bus 464, For example, each cache may have cache coherency logic/circuitry
associated therewith to communicate to over the coherence bus 464 1n response {o

detected reads or writes to particular cache lines. In one implementation, a cache
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snooping protocol is implemented over the coherence bus 464 to snoop cache accesses.
Cache snooping/coherency technigues are well understood by those of skill in the art and
will not be described in detail here to avoid obscuring the underlying principles of the
invention.

13095 In one embodiment, a proxy circuit 425 communicatively couples the
graphics acceleration module 446 to the coherence bus 464, allowing the graphics
acceleration module 446 to participate in the cache coherence protocol as a peer of the
cores. In particular, an interface 435 provides connectivity to the proxy circuit 425 over
high-speed link 440 (e.g., a PCle bus, NVLink, eic.) and an juterface 437 connects the
graphics acceleration module 446 to the link 440.

[0096] In one implementation, an accelerator integration circuit 436 provides
cache management, memory access, context management, and interrupt management
services on behalt of a plurality of graphics processing engines 431, 432, N of the
graphics acceleration module 446. The graphics processing engines 431, 432, N may
each comprise a separatc graphics processing unit (GPU). Alternatively, the graphics
processing engines 431, 432, N may comprise different types of graphics processing
engines within a GPU such as graphics execution units, media processing engines {¢.2.,
video encoders/decoders), samplers, and blit engines. In other words, the graphics
acceleration module may be a GPU with a plurality of graphics processing engines 431-
432, N or the graphics processing engines 431-432, N may be individual GPUs integrated
on a common package, line card, or chip.

(00971 In one embodiment, the accelerator integration circuit 436 includes a
memory management unit (MMU) 439 for performing various memory management
functions such as virtual-to-physical roemory translations (also referred to as effective-to-
real memory translations) and memory access protocols for accessing system memory
441. The MMU 439 may also include a translation lookaside buffer (TLB) (not shown)
for caching the virtual/effective to physical/real address translations. In one
implementation, a cache 438 stores commands and data for efficient access by the
graphics processing engines 431-432, N. In one embodiment, the data stored in cache

438 and graphics memories 433-434, N is kept coherent with the core caches 462A-462D,

24



W

10

15

20

WO 2018/184204 PCT/CN2017/079719

456 and system memory 411. As mentioned, this may be accomplished via proxy circuit
425 which takes part in the cache coherency mechanism on behalf of cache 438 and
memories 433-434, N ({e.g., sending updates to the cache 438 related to
modifications/accesses of cache lines on processor caches 462A-462D, 456 and receiving
updates from the cache 438).

10098} A set of registers 445 store context data for threads executed by the
graphics processing engines 431-432, N and a context management circuit 448 manages
the thread contexts. For example, the context management circuit 448 may perform save
and restore operations to save and restore confexts of the various threads during contexis
switches (e.g., where a first thread is saved and a second thread is stored so that the
second thread can be execute by a graphics processing engine). For example, on a
context switch, the context management circuit 448 may store current register values to a
designated region in memory (e.g., identified by a context pointer). It roay then restore
the register values when returning to the context. In one embodiment, an interrupt
management circuit 447 receives and processes interrupts received from system devices.
10699] In one implementation, virtnal/effective addresses from a graphics
processing engine 431 are translated to real/physical addresses in system memory 411 by
the MMU 439. One embodiment of the accelerator integration circuit 436 supports
multiple {¢c.g., 4, 8, 16) graphics accelerator modules 446 and/or other accelerator devices.
The graphics accelerator module 446 may be dedicated to a single application executed
on the processor 407 or may be shared between multiple applications. In one
embodiment, a virtualized graphics execution environment is presenied in which the
resources of the graphics processing engines 431-432, N are shared with muitiple
applications or virtual machines (VMs). The resources may be subdivided into “slices”
which are allocated to different VMs and/or applications based on the processing
requirements and priorities associated with the VMs and/or applications.

130106] Thus, the accelerator integration circuit acts as a bridge to the system for
the graphics acceleration module 446 and provides address translation and system

memory cache services. In addition, the accelerator integration circuit 436 may provide
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virtualization facilities for the host processor to manage virtualization of the graphics
processing engines, interrupts, and memory management.
(06101 ] Because hardware resources of the graphics processing engines 431-432,

N are mapped explicitly to the real address space seen by the host processor 407, any host

W

processor can address these resources directly using an effective address value. One
function of the accelerator integration circuit 436, in onc embodiment, is the physical
separation of the graphics processing engines 431-432, N so that they appear to the
system as independent units.
(001021 As mentioned, in the ilustrated embodiment, one or more graphics
10 memorics 433-434, M are coupled to each of the graphics processing engines 431-432, N,
respectively. The graphics memories 433-434, M store imstructions and data being
processed by each of the graphics processing engines 431-432, N. The graphics
memories 433-434, M may be volatile memories such as DRAMSs (including stacked
DRAMSs). GDDR memory {(e.g., GDDRS, GDDR6), or HBM, and/or may be non-volatile
15 memories such as 3D XPoint or Nano-Ram.
166103 In one embodiment, to reduce data traffic over link 440, biasing technigues
are used to ensure that the data stored in graphics memories 433-434, M is data which
will be used most {requently by the graphics processing engines 431-432, N and
preferably not used by the cores 460A-460D (at least not frequently). Similarly, the
20 biasing mechanism attempts to keep data needed by the cores (and preferably not the
graphics processing engines 431-432, N) within the caches 462A-462D, 456 of the cores
and systern memory 411,
1001904] FIG. 4 illustrates another exemplary embodiment in which the
accelerator infegration circuit 436 is indegrated within the processor 407. In this
25  embodiment, the graphics processing engines 431-432, N communicate directly over the
high-speed link 440 to the accelerator integration circuit 436 via interface 437 and
interface 435 (which, again, may be utilize any form of bus or interface protocol). The
accelerator integration circuit 436 may perform the same operations as those described
with respect to FEG. 48, but potentially at a higher throughput given its close proximity

30 tothe coherency bus 462 and caches 462A-462D, 426.
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1001905] One embodiment supports different programming models including a
dedicated-process programming model (no graphics acceleration module virtualization)
and shared programming models (with virtualization). The latter may include
programming models which are controlled by the accelerator integration circuit 436 and
programming models which are controlled by the graphics acceleration module 446.
[00196] In one embodiment of the dedicated process model, graphics processing
engines 431-432, N are dedicated to a single application or process under a single
operating system. The single application can funnel other application requests to the
graphics engines 431-432, N, providing virtualization within a VM/partition,

160197] In the dedicated-process programuning models, the graphics processing
engines 431-432, N, may be shared by multiple VM/application partiions. The shared
models require a system hypervisor {0 virtualize the graphics processing engines 431-432,
N to allow access by each operating system. For single-partition systerns without a
hypervisor, the graphics processing engines 431-432, N are owned by the operating
systern.  In both cases, the operating system can virtualize the graphics processing
engines 431-432, N to provide access to each process or application.

[00108] For the shared programming model, the graphics acceleration module 446
or an individoal graphics processing engine 431-432, N selects a process element using a
process handle. In one embodiment, process elements are stored in system memory 411
and are addressable using the effective address to real address translation lechnigues
described herein. The process handle may be an implementation-specific value provided
to the host process when registering its context with the graphics processing engine 431-
432, N (that is, calling system software to add the process element to the process element
linked list). The lower 16-bits of the process handle may be the offset of the process
element within the process element linked list.

106109] FIG. 4D ilustrates an exemplary accelerator infegration slice 490, As
used herein, a “slice” comprises a specified portion of the processing resources of the
accelerator integration circuit 436,  Application cffective address space 482 within
systemn memory 411 stores process elements 483, In one embodiment, the process

clements 483 are stored in response to GPU invocations 481 from applications 480
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executed on the processor 407. A process element 483 contains the process state for the
corresponding application 480. A work descriptor (WD) 484 contained in the process
element 483 can be a single job requested by an application or may contain a pointer {o a
queue of jobs. In the latter case, the WD 484 1s a pointer to the job request gueue in the
application’s address space 482,

[00110] The graphics acccleration module 446 and/or the individual graphics
processing engines 431-432, N can be shared by all or a subset of the processes in the
system. Embodiments of the invention include an infrastructure for setting up the process
state and sending a WD 484 to a graphics acceleration module 446 to start a job in a
virtualized environment.

[00111] In one implementation, the dedicated-process programming model is
implementation-specific. In this model, a single process owns the graphics acceleration
module 446 or an wndividual graphics processing engine 431, Because the graphics
acceleration module 446 is owned by a single process, the hypervisor initializes the
accelerator integration circuit 436 for the owning partition and the operating system
initializes the accelerator integration circuit 436 for the owning process at the time when
the graphics acceleration module 446 is assigned.

1001321 In operation, a WD fetch unit 491 in the accelerator integration slice 490
fetches the next WD 484 which includes an indication of the work to be done by one of
the graphics processing engines of the graphics acceleration module 446. Data from the
WD 484 may be stored in registers 445 and used by the MMU 439, interrupt management
circuit 447 and/or context management circuit 446 as illustrated.  For example, one
embodiment of the MMU 439 includes segment/page walk circuitry for accessing
segment/page tables 486 within the OS virtual address space 485. The mnterrupt
management circait 447 may process interrupt events 492 received from the graphics
acceleration module 446. When performing graphics operations, an effective address 493
generated by a graphics processing engine 431-432, N is translated to a real address by
the MMU 439,

661133 In one embodiment, the same set of registers 445 are duplicated for each

graphics processing engine 431-432, N and/or graphics acceleration module 446 and may
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be initialized by the hypervisor or operating system. Each of these duplicated registers
may be included in an accelerator integration slice 490, Exemplary registers that may be
initialized by the hypervisor are shown in Table 1.

Table 1 — Hypervisor Initialized Registers

i Stice Coutrol 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 Limit

6 State Register

7 Logical Partition 1D

8 Real address (RA) Hypervisor Accelerator Utilization Record Pointer

9 Storage Description Register

[06114] Exemplary registers that may be initialized by the operating system are

shown in Table 2.

Table 2 — Operating System Initialized Registers

1 Process and Thread Identification

2 Effective Address (EA) Context Save/Restore Pointer

3 Virtual Address (VA) Accelerator Utilization Record Pointer

4 Virtual Address {VA) Storage Segiment Table Pointer

5 Authority Mask

6 Work descriptor

108135 In one embodiment, each WD 484 is specific to a particular graphics

acceleration module 446 and/or graphics processing engine 431-432, N. It contains all

the information a graphics processing engine 431-432, N requires to do its work or it can
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be a pointer to a memory iocation where the application has set up a command queue of
work to be completed.
[66116] FIG. 4E illustrates additional details for one exemplary embodiment of a

shared roodel. This embodiment includes a hypervisor real address space 498 in which a

W

process element list 499 is stored. The hypervisor real address space 498 is accessible via
a hypervisor 496 which virtualizes the graphics acceleration module engines for the
operating system 495.
[00117] The shared programming models allow for all or a subset of processes
from all or a subset of partitions in the system to use a graphics acceleration module 446.
10 There are two programming models where the graphics acceleration module 446 is
shared by multiple processes and partitions: time-shiced shared and graphics directed
shared.
106118} In this model, the system hypervisor 496 owns the graphics acceleration
module 446 and makes its function available to all operating systems 495. For a graphics
15 acceleration module 446 to support virtualization by the system hypervisor 496, the
graphics acceleration module 446 may adbere to the {ollowing requirements: 1) An
application’s job request must be autonomous (that is, the state does not need to be
maintained between jobs), or the graphics acceleration module 446 must provide a
context save and restore mechanism. 2) An application’s job request is guaranteed by the
20 graphics acceleration module 446 to complete in a specified amount of time, including
any translation faults, or the graphics acceleration module 446 provides the ability to
preempt the processing of the job. 3) The graphics acceleration module 446 must be
guaranteed fairness between processes when operating in the directed shared
programming model.
25 60119 In one embodiment, for the shared model, the application 480 is required
to make an operating system 495 systern call with a graphics acceleration module 446
type, a work descriptor (WD), an authority mask register (AMR) value, and a context
savefrestore arca pointer (CSRP). The graphics acceleration module 446 type describes
the targeted acceleration function for the system call. The graphics acceleration module

30 446 type may be a system-specific value. The WD is formatted specifically for the
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graphics acceleration module 446 and can be in the form of a graphics acceleration
module 446 command, an effective address pointer to a user-defined structure, an
effective address pointer to a queue of commands, or any other data structure to describe
the work to be done by the graphics acceleration module 446. In one embodiment, the
AMR value 1s the AMR state to use for the current process. The value passed to the
operating systemn is similar to an application setting the AMR. I the accelerator
integration circuit 436 and graphics acceleration module 446 implementations do not
support a User Authority Mask Override Register (UAMOR), the operating systern may
apply the current UAMOR valoe to the AMR value before passing the AMR in the
hypervisor call. The hypervisor 496 may optionally apply the current Authority Mask
Override Register (AMOR) value before placing the AMR into the process element 483,
In one embodiment, the CSRP is one of the registers 445 containing the effective address
of an area in the application’s address space 482 for the graphics acceleration module 446
to save and restore the context state. This pointer is optional if no state is required to be
saved between jobs or when a job is preempted. The context save/restore area may be
pinned system memaory.

[00120] Upon receiving the system call, the operating system 495 may verify that
the application 480 has registered and been given the authority to use the graphics
acceleration module 446. The operating system 495 then calls the hypervisor 496 with

the information shown in Table 3.

Table 3 — OS5 to Hypervisor Call Parameters

i A work descriptor (WD)

2 An Authority Mask Register (AMR) value {(potentially masked}.

3 An effective address (EA) Context Save/Restore Arca Pointer (CSRP)
4 A process ID (PID) and optional thread ID (TID)

5 A virtual address (VA) accelerator utilization record pointer (AURP)
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6 The virtual address of the storage segment table pointer (S5TP)
7 A logical interrupt service number (LISN)
[00121] Upon receiving the hypervisor call, the hypervisor 496 verifies that the

operating system 495 has registered and been given the authority to use the graphics
acceleration module 446. The hypervisor 496 then puts the process element 483 info the
process element hinked list for the corresponding graphics acceleration module 446 type.
The process element may include the information shown in Table 4.

Table 4 - Process Element Information

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 utilization record pointer (AURP)
6 The virtual address of the storage segment table pointer (S5TP)

7 A logical interrupt service number (LISN)

8 Interrupt vector table, derived from the hypervisor call parameters.

9 A state register (SR) value

16 A logical partition 1D (LPID)

11 A real address (RA) hypervisor accelerator utilization record pointer
12 The Storage Descriptor Register (SDR)

106122] In one embodiment, the hypervisor initializes a plurality of accelerator

integration slice 490 registers 445,
108123 As illustrated in FIG. 4F, one exemplary embodiment of the invention
employs a unified memory addressable via a common virtual memory address space used

to access the physical processor memories 401-402 and GPU memories 420-423. In this
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implementation, operations executed on the GPUs 410-413 utilize the same
virtual/effective memory address space to access the processors memories 401-402 and
vice versa, thereby simplifying programmability. In one embodiment, a {irst portion of
the virtual/etfective address space is allocated to the processor memory 401, a second
portion to the second processor memory 402, a third portion to the GPU memory 420,
and so on. The entire virtual/effective memory space (sometimes referred to as the
effective address space) is thereby distributed across each of the processor memories 401-
402 and GPU memories 420-423, allowing any processor or GPU (o access any physical
memory with a virtual address mapped to that memory.

[00124] In one embodiment, bias/cohercnce management circuitry 494A-494F
within one or more of the MMUs 439A-439E ensures cache coherence between the
caches of the host processors (e.g., 405) and the GPUs 410-413 and implements biasing
technigues indicating the physical memories in which certain types of data should be
stored. While multiple instances of bias/coherence management circuifry 494A-494F are
illustrated in ¥16. 4¥, the bias/coherence circuilry may be implemented within the MMU
of one or more host processors 405 and/or within the accelerator integration circuit 436.
[00125] One embodiment allows GPU-attached memory 420-423 to be mapped as
part of system memory, and accessed using shared virtaal memory (SVM) techuoology,
but without suffering the typical performance drawbacks associated with full system
cache coherence. The ability to GPU-attached memory 420-423 to be accessed as system
memory without onerous cache coherence overhead provides a beneficial operating
environruent for GPU offload. This arrangement allows the host processor 405 software
to setup operands and access computation results, without the overhead of tradition /O
DMA data copies. Such traditional copies invelve driver calls, interruptls and memory
mapped /O (MMIO) accesses that are all inefficient relative to simple memory accesses.
Al the same time, the ability to access GPU attached memory 420-423 without cache
coherence overheads can be critical to the execution time of an offloaded computation. In
cases with substantial streaming writc memory traffic, for example, cache coherence

overhead can significantly reduce the effective write bandwidth seen by a GPU 410-413.
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The efficiency of operand setup, the efficiency of results access, and the efficiency of
GPU compuiation all play a role in determning the effectiveness of GPU offload.
[0G126] In one implementation, the sclection of between GPU bias and host

processor bias is driven by a bias fracker data structure. A bias table may be used, for

W

example, which may be a page-granular structare (i.e., controlled at the granularity of a
memory page) that includes 1 or 2 bits per GPU-attached memory page. The bias table
may be implemented in a stolen memory range of one or more GPU-attached memories
420-423, with or without a bias cache in the GPU 410-413 {(e.g, to cache
frequently/recently used entries of the bias table). Alternatively, the entire bias table may
10 be maintained within the GPU.
106127] In one implementation, the bias table eniry associated with each access (o
the GPU-attached memory 420-423 is accessed prior the actual access to the GPU
memory, causing the following operations. First, local requests from the GPU 410-413
that find their page in GPU bias are forwarded directly to a corresponding GPU memory
15 420-423. Local requests from the GPU that find their page in host bias are forwarded to
the processor 405 {e.g., over a high-speed link as discussed above). In one embodiment,
requests from the processor 405 that find the requested page in host processor bias
complete the reqguest like a normal memory read. Alternatively, requests directed to a
GPU-biased page may be forwarded to the GPU 410-413. The GPU may then transition
20 the page to a host processor bias if it is not currently using the page.
[66128] The bias state of a 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.
100129] Oue mechanism for changing the bias state employs an APl call {e.g.
25  OpenCL), which, in turn, calls the GPU’s device driver which, in turn, sends a message
(or enqueues a command descriptor) to the GPU directing it to change the bias state and,
for some transitions, perform a cache flushing operation in the host. The cache flushing
operation is required for a transition from host processor 403 bias to GPU bias, but is not

required for the opposite transition.
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106136] In one embodiment, cache coherency is maintained by temporarily
rendering GPU-biased pages uncacheable by the host processor 405. To access these
pages, the processor 405 may request access {rom the GPU 410 which may or may not
grant access right away, depending on the implementation. Thus, fo reduce
communication between the processor 405 and GPU 410 it 1s beneficial to ensure that
GPU-biased pages are those which are required by the GPU but not the host processor
405 and vice versa.

Graphics Processing Pipeline

106131} FIG. 5 illostrates a graphics processing pipeline 300 according to an
exemplary embodiment. In one embodiment, a graphics processor can implement the
illustrated graphics processing pipeline 500. The graphics processor can be included
within the parallel processing subsystems as described herein, such as the parallel
processor 200 of FIG. 2A. which, in one embodiment, is a variant of the paraliel
processor(s) 112 of FI. §. The various parallel processing systems can implement the
graphics processing pipeline 500 via onc or more instances of the parallel processing unit
{e.g., parallel processing unit 202 of FIG. 2A) as described herein. For example, a
shader unit {e.g., graphics multiprocessor 234 of ¥FEGS. 2C-2D) may be configured to
perform the functions of one or more of a vertex processing unit 504, a tessellation
control processing unit 308, a tessellation evaluation processing unit 512, a geometry
processing unit 516, and a fragment/pixel processing unit 524. The functions of data
assembler 502, primitive assemblers 506, 514, 518, tesseliation unit 510, rasterizer 522,
and raster operations unit 526 may also be performed by other processing engines within
a processing cluster {(e.g., processing cluster 214 of FIG. 2A) and a corresponding
partition unit (e.g., partition unit 220A-220N of FIG. 2). The graphics processing
pipeline 500 may also be implemented using dedicated processing units for one or more
functions. In one embodiment, one or more portions of the graphics processing pipeline
500 can be performed by parallel processing logic within a general purpose processor
(e.g., CPU). In onc embodiment, onec or more portions of the graphics processing

pipeline 500 can access on-chip memory (e.g., parallel processor memory 222 as in FIG.
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2A) via a memory interface 528, which may be an instance of the memory interface 218
of FIG. 2A.

[66132] In one embodiment, the data assembler 502 is a processing unit that
collects vertex data for surfaces and primitives. The data assembler 502 then outputs the
vertex data, including the vertex attributes, to the vertex processing unit 504. The vertex
processing unit 304 is a programmable execution unit that executes vertex shader
programs, lighting and transforming vertex data as specified by the vertex shader
programs. The vertex processing unit 504 reads data that is stored in cache, local or
system merory {or use 1o processing the vertex data and may be programmed to
transform the vertex data from an object-basced coordinate representation to a world space
coordinate space or a normalized device coordinate space.

(66133 A first instance of a primitive assembler 506 receives vertex attributes
from the vertex processing unit 50. The primitive assembler 506 readings stored vertex
attributes as needed and constructs graphics primitives for processing by tessellation
control processing unit 508, The graphics primitives include triangles, line scgments,
points, patches, and so forth, as supported by various graphics processing application
programming interfaces (APIs).

133134 The tessellation control processing unit 508 treats the input vertices as
control points for a geometric patch. The control points are transformed from an input
representation from the paich (e.g, the patch’s bases) to a representation that is suitable
for use in surface evaluation by the tessellation evaluation processing unit 512. The
tessellation control processing voit 508 can also compute tessellation factors for edges of
geometric patches. A tessellation factor applies to a single edge and quantifies a view-
dependent level of detail associated with the edge. A tessellation unit 510 1s configured
to receive the tessellation factors for edges of a patch and to tessellate the patch into
multiple geometric primitives such as line, triangle, or guadrilateral primitives, which are
transmitted to a tessellation evaluation processing unit 512, The tessellation evaluation
processing unit 512 operates on parameterized coordinates of the subdivided patch to
generate a surface representation and vertex atiributes for each vertex associated with the

geomelric primitives.
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[06135] A second instance of a primitive assembler 514 receives vertex attributes
from the tessellation evaluation processing voit 512, reading stored vertex attributes as
needed, and constructs graphics primitives for processing by the geometry processing
unit 516. The geometry processing unit 516 is a programmable execution umit that
execules geomelry shader programs to transform graphics primitives received f{rom
primitive asscmbler 514 as specified by the geometry shader programs. In one
embodiment, the geometry processing unit 516 is programmed to subdivide the graphics
primitives into one or more new graphics primitives and calculate parameters used o
rasterize the new graphics prumitives.

100136] In some embodiments, the geometry processing unit 516 can add or delete
elements in the geometry siream.  The geomelry processing unit 516 outputs the
parameters and vertices specifying new graphics primitives to primitive assembler 518.
The primitive assembler 518 receives the parameters and vertices {rom the georetry
processing unit 516 and constructs graphics primitives {or processing by a viewport scale,
cull, and clip unit 520. The geometry processing unit 516 reads data that is stored in
paralle} processor memory or system memory for use in processing the geometry data.
The viewport scale, cull, and clip unit 520 performs clipping, culling, and viewport
scaling and outputs processed graphics primitives to a rasterizer 522,

160137} The rasterizer 522 can perform depth culling and other depth-based
optimizations. The raslerizer 522 also performs scan conversion on the new graphics
primitives to generate fragments and output those fragments and associated coverage data
to the fragment/pixel processing unit 524, The fragmeot/pixel processing unit 524 is a
programmable execution unit that is configured to execute fragment shader programs or
pixel shader programs. The fragment/pixel processing oni 524 transformung fragments
or pixels received from rvasterizer 522, as specified by the {ragment or pixel shader
programs. For example, the fragment/pixel processing unit 524 may be programmed to
perform operations included but not himited to texture mapping, shading, blending,
texture correction and perspective correction to produce shaded fragments or pixels that
are outpul {0 a raster operations unit 526. The fragment/pixel processing unit 524 can

read data that is stored in either the parallel processor memory or the system memory for
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use when processing the fragment data. Fragment or pixel shader programs may be
configured to shade at sample, pixel, tile, or other granularities depending on the
sampling rate configured for the processing units.

10G138] The raster operations unit 526 is a processing unit that per{orms raster
operations including, but not limited to stencil, 7 test, blending, and the like, and outputs
pixel data as processed graphics data to be stored in graphics memory (e.g., paralicl
processor memory 222 as in FIG. 24, and/or system memory 104 as m FIG 1, o be
displayed on the one or more display device(s} 110 or for further processing by one of the
one or roore processor(s) 102 or parallel processor(s) 112. In some embodiments, the
raster operations unit 526 is configured to compress z or color data that is written to
memory and decompress 2 or color data that is read from memory.

Machine Learning Overview

186139] A machine learning algorithim is an algorithm that can learn based on a set
of data. Embodiments of machine learning algorithims can be designed to model high-
level abstractions within a data set. For example, image recognition algorithms can be
used to determine which of several categories to which a given input belong; regression
algorithms can output a numerical value given an input; and pattern recognition
algorithms can be used to generate translated text or perform text to speech and/or speech
recognition.

1061406] An exemplary type of machine learning algorithm is a neural network.
There are many types of neural networks; a simple type of neural network is a
feedforward network. A feedforward network may be implemented as an acyclic graph
in which the nodes are arranged in layers. Typically, a feedforward network topology
includes an input layer and an output layer that are separated by at least one hidden layer.
The hidden layer transforms input received by the input layer into a representation that is
useful for generating output in the ouiput layver. The network nodes are fully connected
via edges to the nodes in adjacent layers, but there are no edges between nodes within
each layer. Data received at the nodes of an input layer of a feedforward network are
propagated (t.e., “fed forward”} to the nodes of the output ayer via an activation function

that calculates the states of the nodes of each successive layer in the network based on
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coefficients (“weights”) respectively associated with cach of the edges connecting the
layers. Depending on the specific model being represented by the algorithm being
executed, the output from the neural network algorithm can take various forms.

106141} Before a machine learning algorithm can be used to medel a particular
problem, the algorithm is trained using a training data set. Training a neural network
involves selecting a network topology. using a set of training data representing a problem
being modeled by the network, and adpusting the weights until the network model
performs with a minimal crror for all instances of the training data sct. For example,
during a supervised learning training process for a neuoral network, the output produced
by the network in response to the input representing an instance in a training data set is
compared to the “correct” labeled output for that instance, an error signal representing the
difference between the cutput and the labeled output is calculated, and the weights
associated with the connections are adjusted (o nunurnize that error as the error sigoal is
backward propagated through the layers of the network. The network is considered
“trained” when the errors for each of the outputs generated from the instances of the
training data set are minimized.

[00142] The accuracy of a machine learning algorithm can be affected significantly
by the quality of the data set used to train the algorithm. The training process can be
computationally intensive and may reguire a significant amount of time on a conventional
general-purpose processor.  Accordingly, parallel processing hardware is used o train
many types of machine learning algorithms. This is particularly useful for optimizing the
training of neural networks, as the coroputations perforroed in adjusting the coefficients
in neural networks lend themselves naturally to parallel implementations. Specifically,
many machine learning algorithms and software applications have been adapted to make
use of the parallel processing hardware within general-purpose graphics processing
devices.

1301431 FIG. 6 is a generalized diagram of a machine learning software stack 600.
A machine learning application 602 can be configured to train a necural network using a
training dataset or to use a wrained deep neural network to implement machine

intelligence. The machine learning application 602 can include training and inference
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functionality for a neural network and/or specialized software that can be used to train a
neural network before deployment. The machine learning application 602 can implement
any type of machine intelligence including but not limited to image recognition, mapping
and localization, autonomous navigation, speech synthesis, medical imaging, or language
translation.

[00144] Hardware acceleration for the machine learning application 602 can be
enabled via a machine learning framework 604. The machine learning framework 604
can provide a library of machine learning primitives. Machine learning primitives are
basic operations that are commonly performed by machine learning algorithms. Without
the machine learning framework 604, developers of machine learning algorithms would
be required to create and optimize the main computational logic associated with the
machine learning algorithm, then re-optimize the computational logic as new parallel
processors are developed. Instead, the machine learoing application can be configured (o
perform the necessary computations using the primitives provided by the machine
learning framework 604. Exemplary primitives include tensor convolutions, activation
functions, and pooling, which are computational operations that are performed while
training a convolutional neural network (CNN). The machine learning framework 604
can also provide primitives to implement basic linear algebra subprograms performed by
many machine-learning algorithms, such as matrix and vector operations.

106145] The machine learning framework 604 can process input data received
from the machine learning application 602 and generate the appropriate inpuf o a
compute framework 606. The compute {ramework 606 can abstract the underlying
instructions provided to the GPGPU driver 60% to enable the machine learning
framework 604 to take advantage of hardware acceleration via the GPGPU hardware 610
without requiring the machine learning framework 604 to have intimate knowledge of the
architecture of the GPGPU hardware 610, Additiovally, the compute framework 606 can
enable hardware acceleration for the machine learning framework 604 across a variety of
types and generations of the GPGPU hardware 610.

PGP Machine Learning Acceleration
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100146] FIG. 7 illustrates a highly-parallel general-purpose graphics processing
unit 700 according to an exemplary embodiment. In one embodiment, the general-
purpose processing unit (GPGPU) 700 can be configured to be particularly efficient in

processing the type of computational workloads associated with training deep neural
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networks. Additionally, the GPGPU 700 can be linked directly to other instances of the
GPGPU to create a multi-GPU cluster to improve training speed for particularly deep
newral networks.
[801477 The GPGPU 700 includes a host interface 702 to enable a connection with
a host processor. In one embodiment, the host interface 702 is a PCI Express interface.
10 However, the host interface can also be a vendor specific communications interface or
commmunications fabric. The GPGPU 700 receives commands from the host processor
and uses a global scheduler 704 to distribute execution threads associated with those
commands to a set of compute clusters 706A-H. The compute clusters 706A-H share a
cache memory 708. The cache memory 708 can serve as a higher-level cache for cache
15 memorics within the compute clusters 706A-H.
106148] The GPGPU 700 includes memory 714A-B coupled with the compute
clusters 706A-H via a set of memory controllers 712A-B. In various embodiments, the
memory 714A-B can mclude various types of memory devices including dynamic
random access memory (DRAM) or graphics random access memory, such as
20 synchronous graphics random access memory (SGRAM), including graphics double data
rate (GDDR) memory. In one embodiment, the memory units 224A-N may also include
3D stacked memory, including but not iroited to high bandwidth memory (HBM).
[0G149] In one embodiment, each compute cluster 706A-H includes a set of
graphics multiprocessors, such as the graphics multiprocessor 400 of FIG. 4A. The
25  graphics multiprocessors of the compute cluster multiple types of integer and {loating
point logic units that can perform computational operations at a range of precisions
inclading suited for machine learning computations. For example, and in one
embodiment, at least a subset of the floating-point units in each of the compute clusters

706A-H can be configured to perform 16-bit or 32-bit {loating point operations, while a
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different subset of floating point units can be configured to perform 64-bit floating point
operations.
[66150] Multiple instances of the GPGPU 700 can be configured to operate as a

compute claster. The communication mechanism used by the compute cluster for
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synchronization and data exchange varies across embodiments. In one embodiment, the
multiple instances of the GPGPU 700 communicate over the host interface 702. In one
embodiment, the GPGPU 700 includes an O hub 708 that couples the GPGPU 700 with
a GPU link 710 that enables a direct connection to other instances of the GPGPU. In one
embodiment, the GPU hok 710 is coupled to a dedicated GPU-to-GPU bridge that
10 enables communication and synchronization between multiple instances of the GPGPU
700. In one embodiment, the GPU link 710 couples with a high speed interconnect {o
fransmit and receive data to other GPGPUs or parallel processors. In one embodiment,
the multiple instances of the GPGPU 700 are located in separate data processing systems
and communicate via a network device that is accessible via the host interface 702. In
15 one embodiment, the GPU link 710 can be configured to cnable a connection to a host
processor in addition to or as an aliernative to the host interface 702,
(00151 ] While the illustrated configuration of the GPGPU 700 can be configured
to train neural networks, one embodiment provides alternate configuration of the GPGPU
700 that can be configured for deployment within a high performance or low power
20 inferencing platform. In an inferencing configuration, the GPGPU 700 includes fewer of
the compute clusters 706A-H relative to the training configuration. Additionally,
memory technology associated with the mernory 714A-B may differ between mferencing
and training configurations. In one embodiment, the inferencing configuration of the
GPGPU 700 can support inferencing specilic jostructions. For example, an inlerencing
25  configuration can provide support for one or more §-bit integer dot product instructions,
which are commonly used during inferencing operations for deployed neural networks.
1301521 FIG. 8 illustrates a multi-GPU computing system 800 according to an
exemplary embodiment. The multi-GPU computing system 800 can include a processor
802 coupled to multiple GPGPUs BO6A-D via a host interface switch 804, The host

30 interface switch 804, in one cmbodiment, is a PCI express switch device that couples the
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processor 802 to a PCI express bus over which the processor 802 can communicate with
the set of GPGPUs B06A-D. Each of the multiple GPGPUs 806A-D can be an instance
of the GPGPU 700 of FIG. 7. The GPGPUs 806A-D can iterconnect via a set of high-
speed point to point GPU to GPU links 816, The high-speed GPU to GPU links can
connect to each of the GPGPUs BO6A-D via a dedicated GPU link, such as the GPU link

710 as in FIG. 7. The P2P GPU links 816 enable direct communication between each of

W

the GPGPUs BOOA-D without requiring communication over the host interface bus to
which the processor 802 is conmnected. With GPU-to-GPU traffic directed to the P2P
GPU hoks, the host inferface bus remains available for system meroory access or {0

10 communicate with other instances of the multi-GPU computing system 800, for example,
via one or more network devices. While in the illustrated embodiment the GPGPUs
8U6A-D connect to the processor SU2 via the host interface switch 804, in one
embodiment the processor 802 includes direct support for the P2P GPU links 816 and can
connect directly to the GPGPUs 806A-D.

15 Machine Learnine Neural Network Implementations

106153] The computing architecture provided by embodiments described herein
can be configured to perform the types of parallel processing that is particularly suited for
training and deploying neural networks for machine learning. A neural network can be
generalized as a network of functions having a graph relationship. As is well-known in
20 the ant, there are a variety of types of neural network implementations used in machine
learning. One exemplary type of neural network is the feedforward network, as
previously described.
100154] A second exemplary type of neural network is the Convolutional Neural
Network (CNN). A CNN 1s a specialized feedforward neural network {or processing data
25  having a known, grid-like topology, such as image data. Accordingly, CNNs are
commonly used for computer vision and image recognition applications, bui they also
may be used for other types of pattern recogunition such as speech and language
processing.  The nodes in the CNN input layer are organized into a set of “filters”
{(feature detectors inspired by the receptive fields found in the retina), and the output of

30 cach set of filters is propagated to nodes in successive layers of the network. The
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computations for a CNN include applying the convolution mathematical operation io
each {ilter o produce the output of that ter. Convolotion 1s a specialized kind of
mathematical operation performed by two functions to produce a third function that is a
modified version of one of the two original fonctions.  In convolutional network
terminology, the first function to the convolution can be referred to as the input, while the
second function can be referred to as the convolution kernel. The output may be referred
to as the feature map. For example, the input to a counvolution layer can be a
multidimensional array of data that defines the various color components of an input
image. The conveolution kernel can be a multidiroensional array of parameters, where the
paramecters arc adapted by the training process for the neural network.

[G0155] Recurrent neural networks (RNNs) are a family of feedforward neural
networks that include feedback connections between layers. RNNs enable modeling of
sequential data by sharing parameler data across different parts of the neural network.
The architecture for a RNN includes cycles. The cycles represent the influence of a
present value of a variable on its own value at a future time, as at least a portion of the
output data {rom the RNN is used as feedback for processing subsequent input in a
sequence. This feature makes RNNs particularly useful for language processing due {o
the variable nature in which language data can be composed.

160156] The figures described below present exemplary feedforward, CNN, and
RNN unetworks, as well as describe a general process for respectively training and
deploying each of those types of networks. It will be understood that these descriptions
are exemplary and non-limiting as to any specific embodiment described herein and the
concepts illustrated can be applied generally to deep neural networks and machine
learning techniques in general,

1061571 The exemplary neural networks described above can be used to perform
deep learning. Deep learning is machine learning using deep neural networks. The deep
neural networks used in deep learning are artificial neural networks composed of multiple
hidden layers, as opposed to shallow neural networks that include only a single hidden

layer. Deeper neuaral networks are generally more computationally intensive to train.
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However, the additional hidden layers of the network enable multistep pattern recognition
that resulis in reduced output error relative {o shallow machine learning techniques.
[66158] Deep neural networks used in deep learning typically include a front-end
network to perform feature recognition coupled to a back-end network which represents a
mathematical model that can perform operations (e.g., object classification, speech
recognition, etc.) based on the feature represcntation provided to the model.  Deep
learning enables machine learning to be performed without requiring hand crafted feature
engincering to be performed for the model. Instead, deep neural networks can learn
features based oun statistical structure or correlation within the input data. The learned
features can be provided to a mathematical model that can map detected featurcs to an
output. The mathematical model ased by the network 1s generally specialized for the
specific task to be performed, and different models will be used to perform different task.
(00159 Once the neural network 1s stroctured, a learning model can be applied to
the network to train the network to perform specific tasks. The learning model describes
how to adjust the weights within the model to reduce the output error of the network.
Backpropagation of ervors is a common method used to train neural networks. An input
vector is presented to the network for processing. The output of the network is compared
to the desired output using a loss function and an error value is calculated for each of the
neurons in the output layer. The error values are then propagated backwards until cach
neuron has an associated error value which roughly represents its contribution to the
original output. The network can then learn from those errors using an algorithm, such as
the stochastic gradient descent algorithm, to update the weights of the of the neural
network.

[60166] FIGS. 9A-B illustrate an exemplary convolutional neural network. FIG.
8A illostrates various layers within a CNN. As shown in FIG. 9A, an exemplary CNN
used to model image processing can receive input 902 describing the red, green, and blue
(RGEB) components of an input image. The input 902 can be processed by multiple
convolutional layers (e.g., convolutional layer 904, convolutional layer 906). The output
from the multiple convolutional layers way optionally be processed by a set of fully

connected layers 908. Newrons in a fully connected layer have full connections to all
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activations in the previous layer, as previously described for a feedforward network. The
output from the fully connected layers 908 can be used to generate an output result from
the network. The activations within the fully connected lavers 908 can be computed
using maftrix multiphication instead of convolution. Not all CNN implementations make
use of fully connected layers 906. For example, in some implementations, the
convolutional layer 906 can generate output {or the CNN.

106161 ] The convolutional layers are sparsely connected, which differs from
traditional newral network configuration found in the fully connected layers 908.
Traditional neural network layers are fully connected, sach that every outpul unit
interacts with every input unit. However, the convolutional layers are sparsely connected
because the output of the convolution of a field is ioput (instcad of the respective state
value of each of the nodes in the field) to the nodes of the subsequent layer, as illustrated.
The kernels associated with the convolutional layers perform convolution operations, the
output of which is sent to the next layer. The dimensionality reduction performed within
the convolutional layers is one aspect that enables the CNN to scale to process large
images.

[00162] FIG. 98 illustrates exemplary computation stages within a convolutional
layer of a CNN. luput to a convolutional layer 912 of a CNN can be processed in three
stages of a convolutional layer 914. The three stages can include a convolution stage 916,
a detector stage 918, and a pooling stage 920. The convolution layer 914 can then output
data to a successive convolutional layer. The final convolutional layer of the network can
generate output feature map data or provide input to a fully connected layer, for example,
to generate a classification value for the input to the CNN.

[00163] Tn the convolution stage 916, the coovolutional layer 914 can perform
several convolations in parallel to produce a set of linear activations. The convolation
stage 916 can jnclode an aflline trans{ormation, which is any transformation that can be
specified as a linear transformation plus a translation. Affine transformations include
rotations, translations, scaling, and combinations of these transformations. The
convolution stage computes the output of functions {e.g., neurons) that are connected to

X

specific regions in the input, which can be determined as the local region associated with
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the neuron. The neurons compute a dot product between the weights of the neurons and
the region in the local ioput to which the neurons are connected. The output from the
convolution stage 916 defines a set of linear activations that are processed by successive

stages of the convolutional layer 914.

W

133164 The linear activations can be processed by a detector stage 918. In the
detector stage 918, each linear activation is processed by a non-linear activation function.
The nown-linear activation function increases the noulinear properties of the overall
network without affecting the receptive fields of the convolution layer. Several types of
non-linear activation functions may be used. One particular type 1s the rectified linear
10 unit (ReLU), which uses an activation function defined as f(x) = max(0, x), such that
the activation is threshold at zero.
[00165] The pooling stage 920 uses a pooling function that replaces the output of
the convolutional layer 906 with a summary statistic of the nearby outputs. The pooling
function can be used o introduce translation invariance into the neural network, such that
15  small translations to the input do not change the pooled outputs. Invariance to local
translation can be useful in scenarios where the presence of a feature in the input data is
more important than the precise location of the feature. Various types of pooling
functions can be used during the pooling stage 920, including max pooling, average
pooling, and 12-norm pooling. Additionally, some CNN implementations do not include
20 a pooling stage. Instead, such implementations substitute and additional convolution
stage having an increased stride relative to previous convolution stages.
[60166] The output from the convolutional layer 914 can then be processed by the
next layer 922, The next layer 922 can be an additional convolutional layer or one of the
fully connected layers 908. For example, the first convolutional layer 904 of FIG., %A
25 can ouiput to the second convolutional layer 906, while the second convolutional layer
can cutput o a first layer of the fully connected layers 908.
(001671 FIG, 19 illustrates an exemplary recorrent neural network 1000, In a
recurrent neural network (RINN), the previous state of the network influences the ocutput
of the current state of the network. RINNs can be built in a variety of ways using a variety

30 of functions. The use of RNNs generally revolves around using mathematical models to
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predict the future based on a prior sequence of inputs. For example, an RNN may be
used to perform statistical language wodeling to predict an upcoming word given a
previous sequence of words. The iHustrated RNN 1000 can be described has having an

ioput layer 1002 that receives an ioput vector, hidden layers 1004 to implerent a

W

recurrent function, a feedback mechanism 1005 to enable a ‘memory’ of previous states,
and an output layer 1006 to output a result. The RNN 1000 operates based on time-steps.
The state of the RNN at a given time step is influenced based on the previous time step
via the feedback mechanism 1005. For a given time step, the state of the hidden layers
1004 1s defined by the previous state and the ioput at the current time siep.  An initial
10 input (Xy) at a first time step can be processed by the hidden layer 1004. A second input
{x2) can be processed by the hidden layer 1004 using state information that is determined
during the processing of the initial input (x;). A given state can be computed as s, =
f(Ux, + Ws,_y), where U and W are parameter matrices. The function f is generally

a nonlinearity, such as the hyperbolic tangent function {Tanh) or a variant of the rectifier

[y
L |

function f{x) = max({(0,x). However, the specific mathematical function used in the
hidden layers 1004 can vary depending on the specific implementation details of the
RNN 1000.

[G0i6R] In addition to the basic CNN and RNN networks described, variations on
those networks may be enabled. One example RNN variant is the long short term
20 wemory (LSTM) RNN. LSTM RNNs are capable of learning long-termn dependencies
that may be necessary for processing longer sequences of langnage. A variant on the
CNN is a convolutional decp belief network, which has a structure similar to a CNN and
is trained in a manner similar to a deep belief network. A deep belief network (DBN)Yis a

gencrative neural network that is composed of multiple layers of stochastic (random)

[\
wh

variables. DBINs can be trained layer-by-laver using greedy unsupervised learning. The
lcarned weights of the DBN can then be used to provide pre-train neural networks by
determining an optimal initial set of weights for the neural network.

[60169] FIG. 11 illustrates an exemplary training and deployment of a deep neural
network.  Once a given network has been structured for a task the newral network is

30 wained using a training dataset 1102, Various training frameworks 1104 have been

48



WO 2018/184204 PCT/CN2017/079719

developed to enable hardware acceleration of the training process. For example, the
machine learning framework 604 of FIG. 6 may be configured as a training framework
604. The training framework 604 can hook into an untrained neural network 1106 and

enable the unirained neoral net to be frained using the parallel processing resources

W

described herein to generate a trained neural net 1108.
16017¢] To start the training process the initial weights may be chosen randomly or
by pre-training using a deep belief network. The training cycle then be performed in
cither a supervised or unsupervised manner.
106171} Supervised learnung is a learning muethod in which training 1s performed as
10 a mediated operation. such as when the fraining dataset 1102 includes input paired with
the desired output for the mput, or where the training dataset includes input having
known output and the output of the neural network is manually graded. The network
processes the inputs and compares the resulting ouiputs against a set of expected or
desired outputs. FErrors are then propagated back through the system. The training
15 framework 1104 can adjust to adjust the weights that control the untrained neural
network 1106, The training framework 1104 can provide tools to monitor how well the
unirained neural network 1106 is converging towards a model suitable (o generating
correct answers based on known input data. The training process occurs repeatedly as the
weights of the network are adjusted to refine the output generated by the neural network.
20 The training process can countinue until the neural network reaches a statistically desired
accuracy associated with a trained neural net 1108, The trained neural network 1108 can
then be deployed to implement any number of machine learning operations.
106172] Unsupervised learning is a learning method in which the network attempts
to traio iself wsing unlabeled data. Thus, {or unsupervised learning the training dataset
25 1102 will include input data without any associated output data. The untrained neural
network 1106 can learn groupings within the unlabeled input and can determine how
individual inputs are related to the overall dataset. Unsupervised training can be used to
generate a self-organizing map. which is a type of trained neural network 1107 capable of

performing operations useful in reducing the dimensionality of data. Unsupervised
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training can also be used to perform anomaly detection, which aliows the identification of
data points in an input dataset that deviate from the normal patlerns of the data.

[66173] Variations on supervised and unsupervised training may also be employed.
Semi-supervised learning is a technique in which in the training dataset 1102 includes a
mix of labeled and unlabeled data of the same distribution. Incremental learning 18 a
variant of supervised learning in which input data is continuously used to further train the
model. Incremental learning enables the trained neural network 1108 to adapt to the new
data 1112 without forgetting the knowledge instilled within the network during initial
fraining.

100174] Whether supervised or unsupervised, the {raining process for particularly
deep neworal networks may be too computationally intensive for a single compule node.
Instead of using a single compute node, a distributed network of computational nodes can
be used to accelerate the training process.

106175] FIG. 12 is an exemplary block diagram illustrating distributed learning.
Distributed learning is a training modecl that uses multiple distributed computing nodes to
perform supervised or unsupervised training of a newral network.  The distributed
computational nodes can cach inclode one or more host processors and one or more of
the general-purpose processing nodes, such as the highly-parallel general-purpose
graphics processing unit 700 as in FIG. 7. As illustrated, distributed learning can be
performed model parallelism 1202, data paralielisim 1204, or a combination of model and
data parallelism 1204.

(001761 In model parallelism 1202, different computational nodes in a distributed
system can perform training computations for different parts of a single network. For
example, each layer of a neural network can be trained by a different processing node of
the distributed system. The benefits of model paralielism include the ability to scale to
particularly large models. Splitting the computations associated with different layers of
the neural network enables the training of very large newral networks in which the
weights of all layers would not {it into the memory of a single computational node. In
some instances, model parallielism can be particularly useful in performing unsupervised

training of large ncural networks,
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06177 In data parallelism 1204, the different nodes of the distributed network
have a complete instance of the model and each node receives a different portion of the
data. The results from the different nodes are then combined. While different

approaches to data parallelism are possible, data parallel training approaches all require

W

technique of combining results and synchronizing the model parameters between each

node. Exemplary approaches to combining data include parameter averaging and update

based data parallelism. Parameter averaging trains each node on a subset of the training
data and sets the global parameters {(e.g., weights, biases) to the average of the parameters
from each node. Pararmeter averaging uses a central parameter server that maintains the

10 parameter data. Update based data parallelism is similar to parameter averaging except
that instead of transferring parameters from the nodes to the parameter server, the updates
to the model are transferred.  Additionally, update based data parallelism can be
performed 1o a decentralized roanner, where the updates are compressed and transferred
between nodes.

15 [B4178] Combined model and data parallelism 1206 can be implemenied, for
example, in a distributed system in which each computational node includes multiple
GPUs. Each node can have a complete instance of the model with separate GPUs within
cach node are used to train different portions of the model.

160179] Distributed training has increased overhead relative to training on a single

20 machine. However, the parallel processors and GPGPUs described herein can each

implement various techniques to reduce the overhead of distributed training, including

techniques to enable high bandwidth GPU-10-GPU data transfer and accelerated remote
data synchronization.

Exemplary Machine Learning Applications

25  [06180] Machine learning can be applied to solve a variety of technological
problems, inchuding but not hmited to computer vision, autonomous driving and
navigation, speech recognition, and language processing. Computer vision has
traditionally been one of the most active research areas for machine learoing applications.
Applications of computer vision range {rom reproducing human visual abilities, such as

30 recognizing faces, to creating new categories of visual abilities. For example, computer
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vision applications can be configured to recognize sound waves from the vibrations
induced in objects visible in a video. Parallel processor accelerated machine learning
enables computer vision applications to be trained using significantly larger training
dataset than previously feasible and enables inferencing systems to be deployed using
low power parallel processors.

100181} Parallel processor accelerated machine learning has autonomous driving
applications including lane and road sign recognition, obstacle avoidance, navigation, and
driving control. Accelerated machine learning technigues can be used to train driving
models based on datasets that define the appropriate responses to specific training nput.
The parallel processors described herein can cnable rapid training of the increasingly
complex neural networks used for autonomous driving solutions and enables the
deployment of low power inferencing processors in a mobile platform suitable for
integration into avtonomous vehicles.

100182] Parallel processor accelerated deep neural networks have enabled machine
learning approaches to automatic speech recognition (ASR). ASR includes the creation
of a function that computes the most probable linguistic sequence given an input acoustic
sequence.  Accelerated machine learning using deep neural networks have cnabled the
replacement of the hidden Markov models (HMMs) and Gaussian mixture models
(GMMs) previously used for ASR.

106183] Parallel processor accelerated machine learning can also be used o
accelerate natural language processing. Automatic learning procedures can make use
of statistical inference algorithms to produce models that are robust to erroneous or
unfamiliar input. Exemplary natural language processor applications include automatic
machine translation between human languages.

[60184] The parallel processing platforms used for machine learning can be
divided inlo traiming platforms and deployment platforms. Training platforms are
generally highly parallel and include optimizations to accelerate multi-GPU single node
training and multi-node, multi-GPU training. Exemplary parallel processors suited for
training include the highly-parallel general-purpose graphics processing unit 700 of FIG.

700 and the multi-GPU computing system 800 of FIG. 800. On the contrary, deployed
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machine learning platforms generally include lower power parallel processors suitable for
use in products such as cameras, autonomous robots, and autonomons vehicles.

[66185] FIG. 13 illustrates an exemplary inferencing system on a chip (SOC) 1300
suitable for performing inferencing using a trained model. The SOC 1300 can integrate
processing componenis including a media processor 1302, a vision processor 1304, a
GPGPU 1306 and a multi-core processor 1308, The SOC 1300 can additionally include
on-chip memory 1305 that can enable a shared on-chip data pool that is accessible by
cach of the processing components. The processing components can be optimized for
low power operation (o enable deployment fo a variety of machine learning platforms,
including autonomous vehicles and awmtonomous robots, For example, one
implementation of the SOC 1300 can be used as a portion of the main control system for
an autonomous vehicle. Where the SOC 1300 is configured for use in autonomous
vehicles the SOC is designed and configured for compliance with the relevant functional
safety standards of the deployment jurisdiction.

[60186] During operation, the media processor 1302 and vision processor 1304 can
work in concert to accelerate computer vision operations. The media processor 1302 can
cnable low latency decode of multiple high-resolution {(e.g., 4K, S§K) video streams. The
decoded video streams can be written to a buffer in the on-chip-memory 1305. The
vision processor 1304 can then parse the decoded video and perform preliminary
processing operations on the {rames of the decoded video in preparation of processing the
frames using a trained image recognition model. For example, the vision processor 1304
can accelerate convolution operations for a CNN that is wsed to perform image
recognition on the high-resolution video data, while back end mode!l computations are
performed by the GPGPU 1306,

1061871 The multi-core processor 1308 can include control logic to assist with
sequencing and synchronization of data transfers and shared memory operations
performed by the media processor 1302 and the vision processor 1304, The multi-core
processor 1308 can also function as an application processor to execute software
applications that can make use of the inferencing compute capability of the GPGPU 1306.

For example, at least a portion of the navigation and driving logic can be implemented in
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software executing on the multi-core processor 1308. Such software can directly issue
computational workloads to the GPGPU 1306 or the computational workloads can be
issued to the multi-core processor 1308, which can offload at least a portion of those

operations to the GPGPU 1306.

W

133188 The GPGPU 1306 can include compute clusters such as a low power
configuration of the compute clusters 706A-706H within the highly-parallel gencral-
purpose graphics processing unit 700. The compute clasters within the GPGPU 1306 can
support instruction that are specifically optimized to perform inferencing cornputations
on a trained neural network. VFor exarople, the GPGPU 1306 can support instructions to
10 perform low precision computations such as 8-bit and 4-bit integer vector operations.

Budgeeted and Simplified Training of Deep Meural Networls (DNNs)

[66189] FIG. 14 is an exemplary block diagram of a basic training and learning
architecture 1400 haviog a deep neural network (DNN) training and learning system 1404
to recetve training data 1402 {or learning and training a DNN. Training data 1402 can be

15 input images having any number of sarmples of images (testing samples) or related data
and information used. Such input 1mages can be used budgeted and simplified training
and lcarning by DNN training and learning system 1404, In some embodiments, DNN
training and learning system 1404 can inclade or be implemented by or with the systems
and processors disclosed and described in FIGS. 1-8 and 19-32. In other embodiments,

20 DNN training and learning system 1404 can be implemented using hardware acceleration
as described in FIGS. 6 and 7. Training data (input images) 1402 can include image
samples in any number of formats including Red Green Blue (RGB) format having R, G,
and B channel values. Other examples include image samples in Color Space Pixel
(YUV) having luminance, color, and chrominance channel values.

25 (60193 In exemplary embodiments, DNN training and leaming system 1404
implements budgeted training and learning techoiques for a DNN according to the
description regarding FIGS. 15 and 16A-16C. TFor these exemplary embodiments, a
small set of pixels are processed to train a DNN. In this way, input image size can be

reduced such that large BNINs can be trained having less memory requirements.
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100191 ] In other exemplary embodiments, DNN fraining and learning system 1404
implements simplified training and learning techoiques for a DNN such as a deep
recurrent J-network (DRQN) according to the description regarding FIGS. 17A-17B and

18A-18B. VFor these exemplary embodiments, advantages of soft and hard atiention

5 mechanisims to train a DQRN are combined, which are differentiable and computational
efficient.
(Budgeted Training of DNNs)
[00192] FIG. 15 illustrates an exemplary process 1500 for selecting image data for

a learning machine 1610. In this example, a large input image 1502 having a large array
10 dimension width (W) and height (H} is sub-sampled. Large input image 1502 can
include any type of image data and format, e.g., RGB format having red, green, and blue
channels and values or YUV f{format having brightness, luminance, and color
chrominance channels and valoes. The output of sub-sampling large input image 1502
includes N number of smaller sub-sampled images illustrated as sub-image 1 (1504-1)
15 through sub-image N (15304-N). In this exemplary embodiment, sub-tmage 1 (1504-1}
through sub-image N (1504-N) have a smaliler dimension than the large input image 1502,
Among the sub-images {(e.g., sub-image 1 (1504-1) through sub-image N (1504-N)}, one
of them is randomly selected as randomly selected sub-image 1506 and is identified as
sclected sub-image k (1508). The sclected sub-image k (1508) is input and processed by
20 learning machine 15301 according to exemplary embodiments of FIGS. 16A-16C. In
exemplary embodiments, learning machine 1501 can include a learning system 1600
described in FIG. 16A and N and K can be integers.
106193] FIG. 16A is an exemplary block diagram of a learning system 1600 which
can tmplement budgeted training and learning lechniques for a DNN. In exemplary
25  embodiments, learning system 1600 implements example training and learning
techniques disclosed regarding ¥FEGS. 16B-16C. Relerring to FIG. 164, image down
sampler 1604 can down sample a large input image from tmage data 1602 into a number
of smaller sub-images (e.g., sub-image 1 (1504-1) through sub-image N (1504-N) in FIG.
13). In one embodiment, the down sampled tmages have a lower resolution than the

30 ioput image (e.g., input image 1502} from image data 1602 and are grouped in baiches.
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For example, one batch can include sub-images 1 and 2 and anocther batch can inciude
sub-images 3 and 4 and 50 on 1o which sub-1tmage N is placed in a batch with one or more
other sub-images.

(00194 In an exemplary embodiment, batch selector 1606 selects one of the

W

batches of sub-images and feeds it to trainer 1608. Balch selector 1606 can feed other

batches to trainer 1608 including the last batch having sub-image N (1504-N). Trainer

1608 feeds selected batches of sub-images to a powerful neural network 1610, which can

be any type of deep neural network (DNN), e.g., a deep convolutional neural network

(CNN). In an exemplary emnbodiment, power{ul neural network 1610 processes batches

10 of sub-images {rom trainer 1608 and updates parameters (e.g., updating weights at nodes
of layers in the network) based on the processed sub-images and resulting classification
by the network. In this way, the powerful neural network 1610 is trained using the
training data 1602 to improve classification. The output of the powerful neural network
1610 can be a classification result, which can be input to tester 1616.

15 [60195] Tester 1616 can also process test images from test data 1612, In one
embodiment, a large test image from test data 612 is down-sampled by image
downsampler 1616 into smaller sub-images. Image downsampler 1616 can pass one of
the smalier sub-images to tester 1616 which can test the sub-image using the trained
powerful neural network 1610, which has been trained using the down-sampled images 1

20 (1304-1) through N (1504-N), to obtain a test result. Example of a test result can inclnde
a classification result for the tested sub-image. Tester 1616 forwards the test resulis to
combiner 1618, In exemplary embodiments, corabiner 1618 combines all the test results
from training data 1602 and determines a f{inal result 1619 using any number of methods,
e.g., a voting method, which can be the best result among the test results. The exemplary

25  embodiments use sub-sampled images which have a lower image resolution than a full,

large input image reducing computation and memory requirements while leveraging the

capabilities of a power{ul DNN.

[00196] FIGS. 16B-16C illustrate exemplary flow diagrams of operations 1620

and 1650 to train and test a DNN. Referring to operation 1620 of FIG. 168, at operation

30 1622, a training image is randomly down sampled o generate low resolution sub-images.
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For example, a training image can be divided into a number of sub-sections, and the sub-
sections can be randomly selected to generate a sub-image having a lower resolution than
the training image. In this way, a DNN can use a number of smaller images with lower

resolution for fraining.

W

1301971 At operation 1624, the generated low resolution suob-images are divided
into batches for training. In one example, the batches can include sub-images from
different input images and the batches can be randomly selected for training. At
operation 1626, the batches of sub-images are processed by a DNN (e.g., power neural
network 1610) for training. For example, a first batch of sub-images can be processed by
10 the DNN to determine classification results and weights can be adjusted based on the
classification results. The adjusted weights can thus be used for the next baich of sub-
images in training the DNN.
[30198] Referring to operation 1650 of FIG. 16C, at operation 1652, a training
image is randomly down sampled to generate low resolution sub-images for testing by
15 the DNN. The down-sampling of the testing image can be performed in the same way as
down-sampling of the training fmage. At operation 16534, one of the down-sampled low
resolution sub-images is input to the learning machine (or DNN} to process the sub-
images to obtain a test result. The test result can be a classification result of the
processed sub-images by the learning machine. Other down-sampled low resolution sub-
20 images can be input to the learning machine one at a time to obtain a number of test
results. At operation 1656, the test results for the are combined and a final result can be
selecied based on a voting roethod or any other type of method to select a final result
among a number of results.
(simplified Training of a DQRN)
25 (60199 FIGS, 17A-18B illustrate exemplary embodiments of simplified training
for a Deep Recuorrent Q-Network (DRQN). A DRON combines a Deep Q-Network
(DON) with Long-Short Term Memory (LSTM). A DON is type of deep neural network
(DNN) such as a decp convolutional neural network (CNN) with Q-learning. Q-Learning
is a reinforcement learning technique that can be used to find an optimal action-selection

30 policy for any given state. DOQN can provide human-level control policies on a variety of
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tasks, however, drawbacks require long training time and lacks long term memory.
DRON combines a DON with LSTM (o acquire long term roemory capabilities. DRQN
can retain information from previous states and use it to predict better (Q-values.

106200] Exemplary embodiments of FIGS. 17A-188 provide a simphified and

W

improved DRQN to focus on relatively small informative regions of an input image

thereby reducing the paramecters and computational operations needed for training and

testing a DNN. For example, DRQNs are disclosed with an improved local attention
mechanism which forms part of a DRQN that can make decisions on a next action based
on a chosen region of an input 1mage (i.c.. attended region) rather than the entire region

10 of an input image. Local attention includes two parts: “soft attention” and “hard
attention.” Soft attention assigos soft weights over all inputs and is differentiable and can
be trained using gradient based methods. Hard attention selects one patch of an image o
atiend to a time, which requires less parameters and is more computational efficient, but
it is not differentiable and thus harder to train in comparison to soft attention.

15 [86261] In the disclosed exaraples, an improved local attention for a DRQN 1s
provided that combines advantages of soft and hard attention and is differcntiable and
computation efficient. The improved local attention for a DRQN can be implemented in
at least two exemplary embodiments: (1) the local attention mechanism (or petwork) is
located between a convolutional neural network (CNN) and a LSTM (e.g., FIGS, 17A-

20 178) . and (2) a Hierarchical Memory Network (HMN} is located between a CNN and a
LSTM (e.g., FIGS, 18A-188B).

(002021 FIG. 17A is a block diagram of an improved DRON architecture 1700
according to an exemplary embodiment.  Improved DRON architecture 1700 includes
location attention network 1708 located between convolutional neural network (CNN)

25 1704 and long-short time memory 1712. CNN 1704 can be configured and initialized by

architecture configuration 1701, Training data 1702 can provide image data or an input

image {e.g., raining sample) to CNN 1704, CNN 1704 can process an input image and

extract a feature map of the input image, which are fed to hard attention selector 1705

located within local attention network 1708, In an exemplary embodiment, hard attention

30 selector 1706 selects a subset of the feature maps, and discards others. In this example,
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only subsets of feature maps of the input image are passed to soft attention assigner 1710,
which assigns weights ounly for the selected subsets of feature maps by bhard attention
selector 1706 for training a DNN such as DRQN 1700. In this way, a smaller set of

parameters {e.g., weights) are needed {or training.

W

186263] The outputs (e.g., weighted feature maps) of the soft attention assigner can
be stored in LSTM 1712 in which hard attention sclector 1706 can use stored information
to select the next feature maps of input images.  value estimation 1714 can also use the
information stored in LSTM 172 to output a @ value for different actions based on the
weighted feature maps fo iteration manager 1713, which controls the iteration condition.
10 The iteration manager 1713 also manages the number of iterations or convergence of
applying weights o sclected feature maps and deriving resulting Q values (e.g.,
estimation on how valuable an action is). Iteration manager 1713 can ocutput the final
deep Q-network 1716,
100204] FIG. 17B illustrates a flow diagram of an exemplary operation 1720 for
15 the improved DRQN of FIG. 17A. In cxemplary embodiments, at operation 1722, a
current visual frame (input image) is received and a set of feature maps is extracted {(e.g.,
extracted feature maps {from CNN 1704). At operation 1724, a subsct of feature maps is
selected (e.g., hard attention selector 1706 selects the subset of feature maps). At
operation 1726, weights are assigned over the sclected subset of feature maps and weight
20  parameters for non-selected feature maps can be set to zero 0. At operation 1728, the
(J-value is calculated for different actions based on the weighted feature maps {(e.g., Q
estimation 1714 calculates the Q-values). At operation 1730, a decision is made if a
convergence or iteration number has been satisfied, and, if yes, the final deep Q-network
1716 is output at operation 1732, If no, operation 1720 returns to operation 1724 and
25 repeats operations 1724 to 1728,
(02051 FIG. 18A is a block diagram of an improved DRON architecture 1800
according to another exemplary embodiment. Improved DRQN architecture 1800
includes hierarchical memory network 1810 located between convolutional neural
network (CNN) 1804 and long-short time memory (LSTM) 1816, In this example, CNN

30 1804 and LSTM 1816 are the input and output modules, respectively, for hicrarchical

59



W

10

15

20

25

WO 2018/184204 PCT/CN2017/079719

memory network 1810, which can also provide local atiention capabilities. CNN 1704
can be conligured and imitialized by archutecture configuration 1801, Traiving data 1802
can provide an input tmage (e.g., training sample) to CNN 1804. CNN 1704 can process
an input image and extract a feature roap of the iput image.

[00206] Hierarchical memory network 1810 includes writer 1808, hierarchical
memory 1806, and local-attention based rcader 1812. In exemplary cmbodiments,
hierarchical memory 1806 includes memory cells organized into groups and subgroups
providing a hierarchical structure for the memory groups. In some embodiments,
hierarchical memory 1806 is a fast memory non-volatile device. Writer 1808 wriles or
stores extracted feature maps from CNN 1804 into hierarchical memory 1806. In some
examples, writer 1808 stores feature maps sequentially or in any desired in hierarchical
memory 1806. Local attention-based reader 1812 can read the feature maps in
hierarchical memory 1806 and apply weights to the feature maps to provide weighted
feature maps. In some examples, local attention-based reader 1812 reads only a selected
subset of groups of memory related feature maps requiring different weights or with any
desired weights. In other examples, local attention-based reader 1812 can umplement a
search algorithm to exploit hicrarchical memory structure of hierarchical memory 1806 to
retrieve most relevant information and feature maps. Any type of search algorithm can
also be employed for local attention-based reader 1812,

16624071 The outputs {e.g., weighted feature maps) of local attention-based reader
1812 can be stored in LSTM 1816 in which (Q value estimation 1818 can use stored
informoation in LSTM 1816 and traiming data 18302 to output a Q value for different
actions based on the weighted feature maps to iteration manager 1714. Iteration manager
1814 mauvages the number of iterations or counvergence of applying weights to selecied
feature maps and deriving resulting Q values (e.g., estimation on how valuable an action
1s). Hteration manager 1814 can output the final deep Q-network 1820.

1862081 FIG. 188  ilustrates a flow diagram of an exemplary operation 1850 for
the improved DRQN of FIG. 18A. In excmplary embodiments, at operation 1852, a
current visual frame (input image) is received and a sel of fealure maps is extracted (e.g.,

extracted feature maps from CNN 1804). At operation 1854, feature maps are writien (or
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stored) in hierarchical memory (e.g., writer 1808 writes feature maps from CNN 1804
into hierarchical merpory 1806) within a lierarchical memory vetwork {e.g., hierarchical
memory network 1810). At operation 1856, selected subset of feature maps are read
from hierarchical memory and soft-atiention (e.g., by local-attention based reader 1812)
is applied to them to generate weighted feature maps. At operation 1858, the (3 value is
calculated {ec.g., by Q value estimation 1818} for different actions based on the weighted
{eature maps.. At operation 1860, a decision is made if a convergence or ieration number
has been satisfied, and. if yes, the final deep Q-network 1820 at operation 1862, If no,
operation 1850 returns to operation 1854 and repeats operations 1854 to 1838.

Graphics Svstem Overview

160209] FIG. 19 is a block diagram of a processing system 1900 according to an
exemplary embodiment. In varicus embodiments, the system 1900 includes one or more
processors 1902 and one or more graphics processors 1908, and may be a single
processor deskiop system, a multiprocessor workstation system, or a server system
having a large nuraber of processors 1902 or processor cores 107, In one embodiment,
the system 1900 is a processing platform incorporated within a system-on-a-chip {SoC)
integrated circuit for use in mobile, handheld, or embedded devices.

[00216] An embodiment of system 1900 can include, or be incorporated within a
server-based gaming platform, a game console, including a game and media console, a
mobile gaming console, a handheld game console, or an online game console. In some
embodiments system 1900 is a mobile phone, smart phone, tablet computing device or
mobile Internet device. Data processing system 1900 can also include, couple with, or be
integrated within a wearable device, such as a smart watch wearable device, smart
eyewear device, augmented reality device, or virtual reality device. In some
embodiments, data processing system 1900 is a television or set top box device having
one or more processors 1902 and a graphical interface generated by one or more graphics
processors 1908.

602111 In some embodiments, the one or more processors 1902 each include one
or more processor cores 1907 to process instructions which, when executed, perform

operations for system and user software. In some embodiments, each of the one or more
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processor cores 1907 is configured to process a specific instruction set 1909, In some
embodiments, instruction set 1909 may facilitate Coroplex Instruction Set Computing
{CISC), Reduced Instruction Set Computing (RISC), or computing via a Very Long
Instruction Word (VLIW). Multiple processor cores 1907 may each process a different
5 instruction set 1909, which may include instructions to facilitate the emulation of other
instruction sets. Processor core 1907 may also include other processing devices, such a
Digital Signal Processor (DSP).
602121 In some embodiments, the processor 1902 includes cache memory 1904,
Depending on the architecture, the processor 1902 can have a single internal cache or
10 multiple levels of internal cache. In some embodiments, the cache memory is shared
among various components of the processor 1902, In some embodiments, the processor
1902 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 1907 using known cache
coherency techniques. A register file 1906 is additionally included in processor 1902
15 which may mclude different types of registers for storing different types of data (e.g.,
integer registers, floating point registers, status registers, and an instruction pointer
register). Some registers may be general-purpose registers, while other registers may be
spectfic to the design of the processor 1902,
[66213] In some embodiments, processor 1902 15 coupled with a processor bus
20 1910 to transmit communication signals such as address, data, or control signals between
processotr 1902 and other components in system 1900, In one embodiment, the system
100 uses an exemplary ‘hub’ system architecture, including a memory controller hub
1916 and an Input Output (I/O) controller hub 1930, A memory controller hub 1916
factlitates communication between a memory device and other components of system
25 1900, while an VO Controller Hub (ICH) 1930 provides connections to /O devices via a
focal ¥/ bus.  In one embodiment, the logic of the memory controller hub 1916 is
integrated within the processor.
[66214] Memory device 1920 can be a dynamic random access memory (DRAM)
device, a static random access memory (SRAM) device, flash memory device, phase-

30 change memory device, or some other memory device having suitable performance to
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serve as process memory. In one embodiment, the memory device 1920 can operate as
system memory for the system 1900, to store data 1922 and mstructions 1921 for use
when the one or more processors 1902 executes an application or process. Memory
controller hub 1916 also couples with an optional external graphics processor 1912,
which may communicate with the one or more graphics processors 1908 in processors
1902 to perform graphics and media operations.

[66215] In some embodiments, ICH 1930 enables peripherals to connect to
memory device 1920 and processor 1902 via a high-speed /O bus. The /O peripherals
include, but are not limited to, an audic controiler 1946, a firmware interface 1928, a
wireless transceiver 1926 (e.g., Wi-Fi, Bluetooth), a data storage device 1924 (e.g., hard
disk drive, flash memory, etc.), and a legacy VO controller 1940 for coupling legacy (e.g.,
Personal System 2 (PS/2)) devices to the system. One or more Universal Serial Bus
(USB) controllers 1942 connect input devices, such as keyboard and mouse 1944
combinations. A network controlier 1934 may alsc couple with ICH 1930. In some
embodiments, a high-performance network controller (not shown) couples with processor
bus 1910. It will be appreciated that the system 1900 shown is exemplary and not
fimiting, as other types of data processing systems that are differently configured may
also be used. For example, the /O controller hub 1930 may be integrated within the one
or more processor 1902, or the memory controller hub 1916 and VO controller hub 1930
may be integrated into a discreet external graphics processor, such as the external
graphics processor 1912,

[06216] FIG. 26 15 a block diagram of an exemplary embodiment of a processor
2000 having one or more processor cores 2002A-2002N, an integrated memory controller
2014, and an integrated graphics processor 2008, Those elements of FIG. 20 baving the
same reference numbers {or names) as the elements of any other figure herein can operate
or function in any manner similar to that described elsewhere herein, but are not limited
to such. Processor 2000 can include additional cores up to and including additional core
2002ZN represented by the dashed lined boxes. Each of processor cores 2002A-2002N
includes one or more internal cache units 2004A-2004N. In some embodiments, each

processor core also has access to one or more shared cached units 2006,
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06217 The internal cache units 2004A-2004N and shared cache units 2006
represent a cache memory hierarchy within the processor 2000, The cache memory
hierarchy may include at least one level of instruction and data cache within each
processor core and one or more levels of shared mid-level cache, such as a Level 2 (1L2),
Level 3 (1.3}, Level 4 (1.4), or other levels of cache, where the highest level of cache
before external memory is classified as the LLC. In some embodiments, cache coherency
logic maintains coherency between the various cache units 2006 and 2004 A-2004N.
106218] In some embodiments, processor 2000 may also include a set of one or
more bus controller units 216 and a systemn agent core 2010. The one or more bus
controlier units 216 manage a set of peripheral buses, such as one or more Peripheral
Component Interconnect buses {(e.g, PCI, PCI Express). Systermn agent core 2010
provides management functionality for the varicus processor components. In some
embodiments, system agent core 2010 includes one or more integrated memory
controliers 2014 to manage access to various external memory devices (not shown}.
(60219 In some embodiments, one or more of the processor cores 2002A-2002N
include support for simultaneous multi-threading. In such embodiment, the sysiem agent
core 210 includes components for coordinating and operating cores 2002A-2002N during
multi-threaded processing. System agent core 210 may additionally include a power
control unit (PCU), which includes logic and components to regulate the power state of
processor cores 2002A~2002N and graphics processor 2008,

1062201 In some embodiments, processor 2000 additionally includes graphics
processor 2008 to execute graphics processing operations. In some embodiments, the
graphics processor 2008 couples with the set of shared cache units 2006, and the system
agent core 2010, including the one or more integrated memory controllers 2014, In some
embodiments, a display controller 2011 is coupled with the graphics processor 2008 to
drive graphics processor output 10 one or more coupled displays. In some embodiments,
display controller 2011 may be a separate module coupled with the graphics processor
via at least one interconnect, or may be integrated within the graphics processor 2008 or

system agent core 2010,
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(00221} In some embodiments, a ring based interconnect unit 2012 1s used to
couple the internal compouents of the processor 2000. However, an alternative
interconnect unit may be used, such as a point-to-point interconnect, a switched
interconnect, or other technigues, including techniques well known in the art. In some
5  embodiments, graphics processor 208 couples with the ring interconnect 2012 via an /O
hink 2013,
(662221 The exemplary /O link 2013 represents at least one of multiple varieties
of VO interconnects, including an on-package VO interconnect which facilitates
communication between various processor componenis and a high-performance
10 embedded memory module 218, such as an ¢eDRAM module. In some embodiments,
each of the processor cores 202A-202N and graphics processor 208 use embedded
memory modules 218 as a shared Last Level Cache.
[30223] In some embodiments, processor cores 2002A-2002ZN are homogenous
cores executing the same instruction set architecture. In another embodiment, processor
15 cores 2002A-2002N are heterogeneous in terms of instruction set architecture (ISA),
where one or more of processor cores 2002A-2002N execute a first instruction set, while
at least one of the other cores executes a subset of the first instruction set or a different
instruction set. In one embodiment processor cores 2002A-2002N are heterogeneous in
terms of microarchitecture, where one or more cores having a relatively higher power
20 consumption couple with one or more power cores having a lower power consumption.
Additionally, processor 200 can be implemented on one or more chips or as an SoC
integrated circuit having the illustrated components, in addition to other components.
166224] FIG. 21 15 a block diagram of a graphics processor 2100, which may be a
discrete graphics processing unit, or may be a graphics processor integrated with a
25 vplurality of processing cores. In some embodiments, the graphics processor
commntunicates via a memory mapped 1/O interface to registers on the graphics processor
and with commands placed into the processor memory. In some embodiments, graphics
processor 300 includes a memory interface 2114 to access memory. Memory interface
314 can be an interface to local memory, one or more internal caches, one or more shared

30 external caches, and/or to system memory.
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[80225] In some embodiments, graphics processor 2100 also includes a display
controller 2102 to drive display output data to a display device 2120, Display controller

2102 includes hardware for one or more overlay planes for the display and composition

of multiple layers of video or user interface elements. In some embodiments, graphics

5 processor 2100 includes a video codec engine 300 to encode, decode, or transcode media
to, from, or between one or more media encoding formats, including, but not limited to
Moving Picture Experts Group (MPEG) formats such as MPEG-2, Advanced Video
Coding (AVC) formats such as H2064/MPEG-4 AVC, as well as the Society of Motion
Picture & Television Engineers (SMPTE) 421M/VC-1,

10 Group (JPEG) formats such as JPEG, and Motion JPEG (MIPEG) formats.

and Joint Photographic Experts

[60226] In some embodiments, graphics processor 2100 includes a block image
transfer (BLIT) engine 2104 to perform two-dimensional (2D} rasterizer operations
including, for example, bit-boundary block transfers. However, in one embodiment, 2D
graphics operations are performed using one or more components of graphics processing
15 engine (GPE) 310, In some embodiments, GPE 2110 is a compute engine for performing
graphics operations, including three-dimensional (3D) graphics operations and media
operations.
802271 In some embodiments, GPE 2110 includes a 3D pipeline 2112 for
performing 3D operations, such as rendering three-dimensional images and scenes using
20 processing functions that act upon 3D primitive shapes (e.g., rectangle, triangle, etc.).
The 3D pipeline 2112 includes programmable and fixed function elements that perform
vartous tasks within the element and/or spawn execution threads to a 3D/Media sub-
system 315, While 3D pipeline 2112 can be used to perform media operations, an
embodiment of GPE 310 also includes a media pipeline 2116 that is specifically used to
25 perform media operations, such as video post-processing and image enhancement,
1302281 In some embodiments, media pipeline 2116 inchudes 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 tn place of,
or on behalf of video codec engine 2106. In some embodiments, media pipeline 2116

30 additionally includes a thread spawning unit to spawn threads for execution on 3D/Media
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sub-system 2115, The spawned threads perform computations for the media operations
on one or more graphics execution untts included in 3D/Media sub-system 2115,
(062291 In some embodiments, 3D/Media subsystem 2115 includes logic for
executing threads spawned by 3D pipeline 2112 and wedia pipeline 2116, In one
5  embodiment, the pipelines send thread execution requests to 3D/Media subsystem 2115,
which includes thread dispatch logic for arbitrating and dispatching the various requests
to available thread execution resources. The execution resources include an array of
graphics execution units to process the 3D and media threads. In some embodiments,
3D/Media subsystem 2115 includes one or more internal caches for thread instructions
10 and data. In some embodiments, the subsystem also includes shared memory, including
registers and addressable memory, to share data between threads and to store output data.

Graphics Processing Engine

1982361 FEG. 22 1s a block diagram of a graphics processing engine 2210 of a
graphics processor in accordance with some embodiments. In one embodiment, the
15 graphics processing engine (GPE) 2210 is a version of the GPE 2210 shown in FIG, 21
Elements of FIG, 22 having the same reference numbers (or names) as the elements of
any other figure herein can operate or function in any manner stimilar to that described
elsewhere herein, but are not limited to such. For example, the 3D pipeline 2212 and
media pipeline 2216 of FIG. 3 are illustrated. The media pipeline 2216 13 optional in
20 some embodiments of the GPE 2210 and may not be explicitly included within the GPE
410, For example, and in at least one embodiment, a separate media and/or image
processor is coupled to the GPE 2210,
1602311 In some embodiments, GPE 2210 couples with or includes a command
streamer 2203, which provides a command stream to the 3D pipeline 2112 and/or media
25  pipelines 2116, In some embodiments, command streamer 2203 is coupled with memory,
which can be system memory, or one or more of internal cache memory and shared cache
memory. In some embodiments, command streamer 2203 receives commands from the
memory and sends the commands to 3D pipeline 2112 and/or media pipeline 2116. The
commands are directives fetched from a ring buffer, which stores commands for the 3D

30 pipeline 2112 and media pipeline 2116, In one embodiment, the ring buffer can
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additionally include batch command buffers storing batches of multiple commands. The
commands for the 3D pipeline 2112 can also include references to data stored in memory,
such as but not limited to vertex and geometry data for the 3D pipeline 2112 and/or
image data and memory objects for the media pipeline 2116, The 3D pipeline 2112 and
5  media pipeline 2116 process the commands and data by performing operations via logic
within the respective pipelines or by dispatching one or more execution threads to a
graphics core array 2214,
(662321 In various embodiments, the 3D pipeline 2112 can execute one or more
shader programs, such as vertex shaders, geometry shaders, pixel shaders, fragment
10 shaders, compute shaders, or other shader programs, by processing the instructions and
dispatching execution threads to the graphics core array 2214, The graphics core array
2214 provides a unitied block of execution resources. Multi-purpose execution logic
{(e.g., execution units) within the graphic core array 2214 includes support for various 3D
APl shader languages and can execute muitiple simultaneous execution threads
15 associated with multiple shaders,
[66233] In some embodiments, the graphics core array 2214 also includes
execution logic to perform media functions, such as video and/or image processing. In
one embodiment, the execution units additionally include general-purpose logic that is
programmable to perform parallel general purpose computational operations, in addition
20 to graphics processing operations. The general-purpose logic can perform processing
operations in parallel or in conjunction with general purpose logic within the processor
core{s) 1907 of F1G. 19 or core 2002A-2002N as in FIG. 20
166234] Output data generated by threads executing on the graphics core array
2214 can output data to memory in a unified return buffer (URB) 2218, The URB 22138
25  can store data for multiple threads. In some embodiments, the URB 2218 may be used to
send data between different threads executing on the graphics core array 2214, In some
embodiments, the URB 2218 may additionally be used for synchronization between
threads on the graphics core array and fixed function logic within the shared function

fogic 2220.
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[66235] In some embodiments, graphics core array 2214 is scalable, such that the
array includes a variable number of graphics cores, each having a variable number of
execution units based on the target power and performance level of GPE 2210, In one
embodiment, the execution resources are dynamically scalable, such that execution
resources may be enabled or disabled as needed.

[00236] The graphics core array 2214 couples with shared function logic 2220 that
includes multiple resources that are shared between the graphics cores in the graphics
core array. The shared functions within the shared function logic 2220 are hardware
logic units that provide spectalized supplemental functionality to the graphics core array
2214. In various embodiments, shared function logic 2220 includes but is not limited to
sampler 2221, math 2222, and inter-thread communication (ITC) 2223 logic.
Additionally, some embodiments implement one or more cache(s) 2225 within the shared
function fogic 2220, A shared function ts implemented where the demand for a given
specialized function is insufficient for inclusion within the graphics core array 2214
Instead a single instantiation of that specialized function is implemented as a stand-alone
entity in the shared function logic 2220 and shared among the execution resources within
the graphics core array 2214, The precise set of functions that are shared between the
graphics core array 2214 and included within the graphics core array 2214 varies between
embodiments.

1662371 FIG. 23 is a block diagram of another exemplary embodiment of a
graphics processor 500, Elements of FIG. 23 having the same reference numbers (or
names) as the elements of any other figure herein can operate or function in any manner
similar to that described elsewhere herein, but are not limited to such.

[60G238] In some embodiments, graphics processor 2300 1includes a ring
interconnect 2302, a pipeline front-end 2304, a media engine 2337, and graphics cores
2380A-2380N. In some embodiments, ring interconnect 2302 couples the graphics
processor to other processing units, including other graphics processors or one or more
general-purpose processor cores. In some embodiments, the graphics processor is one of

many processors integrated within a multi-core processing system.
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1662391 In some embodiments, graphics processor 2300 receives batches of

commands via ring interconnect 2302, The incoming commands are interpreted by a

command streamer 2303 in the pipeline front-end 2304, In some embodiments, graphics

processor 2300 includes scalable execution logic to perforrn 3D geometry processing and

5  media processing via the graphics core(s) 2380A-2380N. For 3D geometry processing

commands, command streamer 2303 supplies commands to geometry pipeline 2336, For

at least some media processing commands, command streamer 2303 supplies the

commands to a video front end 2334, which couples with a media engine 2337, In some

embodiments, media engine 2337 includes a Video (uality Engine (VQE) 2330 for video

10 and image post-processing and a multi-format encode/decode (MFX) 2333 engine to

provide hardware-accelerated media data encode and decode. In some embodiments,

geometry pipeline 2336 and media engine 2337 each generate execution threads for the
thread execution resources provided by at least one graphics core 2380A.

1662401 In some embodiments, graphics processor 2300 includes scalable thread

15 execution resources featuring modular cores 2380A-2380N (sometimes referred to as

core slices), each having multiple sub-cores 2350A-2350N, 2360A-2360N (sometimes

referred to as core sub-slices). In some embodiments, graphics processor 2300 can have

any number of graphics cores 2380A through 2380N. In some embodiments, graphics

processor 2300 includes a graphics core 2380A having at least a first sub-core 2350A and

20 a second sub-core 2360A. In other embodiments, the graphics processor is a low power

processot with a single sub-core (e.g, 2350A). In some embodiments, graphics

processor 2300 includes multiple graphics cores 2380A-2380N, each including a set of

first sub-cores 2350A-2350N and a set of second sub-cores 2360A-2360N. Each sub-

core in the set of first sub-cores 2350A-2350N includes at least a first set of execution

25 umits 2352A-2352N and media/texture samplers 2354A-2354N. Hach sub-core in the set

of second sub-cores 2360A-2360N includes at least a second set of execution units

2362A-562N and samplers 2364A-2364N. In some embodiments, each sub-core 2350A-

2350N, 2360A-2360N shares a set of shared resources 237CA-2370N.  In some

embodiments, the shared resources include shared cache memory and pixel operation
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fogic. Other shared resources may also be included in the various embodiments of the
graphics processor.
Execution Units

1002411 FIG. 24 illusirates thread execution logic 2400 including an amray of

W

processing elements employed in some exemplary embodiments of a GPE. Elements of
FEG. 24 having the same reference numbers (or names) as the elements of any other
figure herein can operate or function in any manner similar to that described elsewhere
herein, but are not limited to such.
1302421 In some embodiments, thread execution logic 2400 includes a shader
10 processor 2402, a thread dispatcher 2404, instruction cache 2406, a scalable execution
unit array including a plurality of execution units 2408A-2408N, a sampler 2410, a data
cache 2412, and a data port 2414, In one embodiment, the scalable execution unit array
can dynamically scale by enabling or disabling one or more execution units {(e.g., any of
execution unit 2408A, 24088, 2408C, 2408D, through 2408N-1 and 2408N) based on the
15 computational requirements of a workload. In one embodiment, the included
components are interconnected via an interconnect fabric that links to each of the
components. In some embodiments, thread execution logic 2400 includes one or more
connections to memory, such as system memory or cache memory, through one or more
of instruction cache 2406, data port 2414, sampler 2410, and execution units 2408A-
20 2408N.  In some embodiments, each execution unit {e.g. 2408A} is a stand-alone
programmable general purpose computational unit that is capable of executing multiple
simultaneous hardware threads while processing multiple data elements in parallel for
each thread. In various embodiments, the array of execution units 2408A-2408N is
scalable to include any number individual execution units.
25 [60243] In some embodiments, the execution units 2408A-2408N are primarily
used to execute shader programs. A shader processor 2402 can process the various
shader programs and dispatch execution threads associated with the shader programs via
a thread dispatcher 2404, In one embodiment, the thread dispatcher includes logic to
arbitrate thread mitiation requests from the graphics and media pipelines and instantiate

30 the requested threads on one or more execution unit in the execution units 2408A-2408N.
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For example, the geometry pipeline (e.g, 2336 of FIG. 23} can dispatch vertex,
tessellation, or geometry shaders to the thread execution logic 2400 (FIG. 24) for
processing. In some embodiments, thread dispatcher 604 can also process runtime thread
spawning requests from the executing shader programs.

1802441 In some embodiments, the execution units 2408A-2408N support an
instruction set that includes native support for many standard 3D graphics shader
istructions, such that shader programs from graphics libraries (g, Direct 3D and
OpenGL) are executed with a minimal translation. The execution units support vertex
and geometry processing {e.g., vertex programs, geometry programs, vertex shaders),
pixel processing {(e.g., pixel shaders, fragment shaders) and general-purpose processing
{e.g., compute and media shaders}. Each of the execution units 2408 A-2408N is capable
of multi-issue single instruction multiple data (SIMD) execution and multi-threaded
operation enables an efficient execution environment in the face of higher latency
memory accesses. Each hardware thread within each execution unit has a dedicated high-
bandwidth register file and associated independent thread-state. Execution is multi-issue
per clock to pipelines capable of integer, single and double precision floating point
operations, SIMD branch capability, logical operations, transcendental operations, and
other miscellaneous operations. While waiting for data from memory or one of the
shared functions, dependency logic within the execution units 2408A-2408N causes a
waiting thread to sleep until the requested data has been returned. While the waiting
thread is sleeping, hardware resources may be devoted to processing other threads. For
example, during a delay associated with a vertex shader operation, an execution unit can
perform operations for a pixel shader, fragment shader, or another type of shader program,
including a different vertex shader.

002451 Each execution unit in execution units 2408 A-2408N operates on arrays of
data elements. The number of data elements is the “execution size,” or the number of
channels for the instruction. An execution channel is a logical unit of execution for data
element access, masking, and flow control within instructions. The sumber of channels

may be independent of the number of physical Arnthmetic Logic Units (ALUs) or
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Floating Point Units (FPUs) for a particular graphics processor. In some embodiments,
execution units 608A-608N support integer and floating-point data types.
[G0246] The execution unit instruction set includes SIMD instructions. The
various data elements can be stored as a packed data type in a register and the execution
5 unit will process the various elements based on the data size of the elements. For
example, when operating on a 256-bit wide vector, the 256 bits of the vector are stored in
a register and the execution unit operates on the vector as four separate 64-bit packed
data elements (Quad-Word (QW) size data elements), eight separate 32-bit packed data
elements (Double Word (BW) size data elements), sixteen separate 16-bit packed data

10 elements (Word (W) size data elements), or thirty-two separate 8-bit data elements (byte
{B) size data elements). However, different vector widths and register sizes are possible.
1062471 One or more internal instruction caches (e.g., 2406) are included in the
thread execution logic 2400 to cache thread instructions for the execution units. In some
embodiments, one or more data caches (e.g, 2412} are included to cache thread data

15 during thread execution. In some embodiments, a sampler 2410 18 included to provide
texture sampling for 3D operations and media sampling for media operations. In some
embodiments, sampler 2410 includes specialized texture or media sampling functionality
to process texture or media data during the sampling process before providing the
sampled data to an execution unit,

20 [00248] During execution, the graphics and media pipelines send thread initiation
requests to thread execution logic 2400 via thread spawning and dispatch logic. Once a
group of geometric objects has been processed and rasterized into pixel data, pixel
processor logic {e.g., pixel shader logic, fragment shader logic, etc ) within the shader
processor 2402 is invoked to further compute output information and cause results to be

25 written to output surfaces (e.g., color bufters, depth buffers, stencil buffers, etc.). In
some embodiments, a pixel shader or fragment shader calculates the values of the various
vertex attributes that are to be interpolated across the rasterized object. In some
embodiments, pixel processor logic within the shader processor 2402 then executes an
application programming interface {APT)-supplied pixel or fragment shader program. To

30 execute the shader program, the shader processor 2402 dispatches threads to an execution
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unit {e.g., 2408A) via thread dispatcher 2404. In some embodiments, pixel shader 2402
uses texture sampling logic 1n the sampler 2410 to access texture data in texture maps
stored in memory. Arithmetic operations on the texture data and the input geometry data
compute pixel color data for each geometric fragment, or discards one or more pixels
5 from further processing.
166249] In some embodiments, the data port 2414 provides a memory access
mechanism for the thread execution logic 2400 ocutput processed data to memory for
processing on a graphics processor output pipeline. In some embodiments, the data port
614 includes or couples to one or more cache memories {(e.g., data cache 2412} to cache
10 data for memory access via the data port.
(662501 FEG. 25 is a block diagram illustrating a graphics processor instruction
formats 2500 according to some embodiments. In one or more embodiment, the graphics
processor execution units support an instruction set having instructions in multiple
formats. The solid lined boxes illustrate the components that are generally included in an

15 execution unit instruction, while the dashed lines include components that are optional or
that are only included in a sub-set of the instructions. In some embodiments, instruction
format 2500 described and iHustrated are macro-instructions, in that they are instructions
supplied to the execution unit, as opposed to micro-operations resulting from instruction
decode once the istruction is processed.

20 [002513 In some embodiments, the graphics processor execution units natively
support instructions in a 128-bit instruction format 2510, A 64-bit compacted instruction
format 2530 1s available for some Instructions based on the selected instruction,
instruction options, and number of operands. The native 128-bit instruction format 2510
provides access to all instruction options, while some options and operations are

25 restricted in the 64-bit instruction format 2530, The native instructions available in the
64-bit instruction format 2530 vary by embodiment. In some embodiments, the
instruction is compacted in part using a set of index values in an index field 2513, The
execution unit hardware references a set of compaction tables based on the index values
and uses the compaction table outputs to reconstruct a native instruction in the 128-bit

30 instruction format 2510,
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[80252] For each format, instruction opcode 2512 defines the operation that the
execution unit is to perform. The execution units execute each instruction in parallel
across the multiple data elements of each operand. For example, in response to an add
instruction the execution uoit performs a simultaneous add operation across each color
5  channel representing a texture element or picture element. By default, the execution unit
performs each instruction across all data channels of the operands. In some embodiments,
mstruction control field 2514 enables control over certain execution options, such as
channels selection (e.g, predication) and data channel order {e.g., swizzle). For
instructions in the 128-bit instruction format 2510 an exec-size field 2516 limits the
10 number of data channels that will be executed in paraliel. In some embodiments, exec-
size field 2516 1s not available for use in the 064-bit compact instruction format 2530,
106253 Some executton unit instructions have up to three operands inchuding two
source operands, src0 2520, srcl 2522, and one destination 2518, In some embodiments,
the execution units support dual destination instructions, where one of the destinations is
15 implied. Data manipulation instructions can have a third source operand (e.g, SRC2
25243, where the instruction opcode 2512 determines the number of source operands. An
mnstruction's last source operand can be an immediate {(e.g., hard-coded) value passed
with the instruction.
(60254 In some embodiments, the 128-bit instruction format 2510 includes an
20 access/address mode field 2526 specitying, for example, whether direct register
addressing mode or indirect register addressing mode is used. When direct register
addressing mode is used, the register address of one or more operands s directly
provided by bits in the instruction.
[GG255] In some embodiments, the 128-bit instruction format 2510 includes an
25 access/address mode field 2526, which specifies an address mode and/or an access mode
for the wnstruction.  In one embodiment, the access mode is used to define a data access
alignment for the instruction. Some embodiments support access modes including a 16-
byte aligned access mode and a 1-byte aligned access mode, where the byte alignment of
the access mode determines the access alignment of the instruction operands. For

30 example, when in a first mode, the instruction may use byte-aligned addressing for source
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and destination operands and when in a second mode, the instruction may use 16-byte-
aligned addressing for all source and destination operands.
[30256] In one embodiment, the address mode portion of the access/address mode
field 726 determines whether the 1nstruction s to use direct or indirect addressing. When
5 direct register addressing mode is used bits in the instruction directly provide the register
address of one or more operands. When indirect register addressing mode is used, the
register address of one or more operands may be computed based on an address register
value and an address immediate field in the instruction.
(0025871 In some embodiments tnstructions are grouped based on opcode 2512 bit-
10 fields to simplify Opcode decode 2540, For an 8-bit opcode, bits 4, 5, and 6 allow the
execution unit {o determine the type of opcode. The precise opcode grouping shown is
merely an example. In some embodiments, a move and logic opcode group 2542
includes data movement and logic instructions {e.g., move {(mov), compare {(cmp}}. In
some embodiments, move and logic group 2542 shares the five most significant bits
15 (MSB), where move {mov) wnstructions are in the form of 0000x00cb and logic
instructions are in the form of 0001xxxxb. A flow control instruction group 2544 {e g,
call, jump (mp)) includes instructions in the form of 0010xxxxb {(e.g, 020} A
miscellanecus instruction group 2546 includes a mix of instructions, including
synchronization instructions (e.g., wait, send) in the form of 001 Ixxxxb (e.g, 0x30). A
20 parallel math instruction group 2548 includes component-wise arithmetic instructions
{e.g., add, multiply (mul)} in the form of 0100:00xxb (e.g., 0x40) The parallel rvath
group 2548 performs the arithmetic operations in parallel across data channels. The

vector math group 750 includes arithmetic instructions (e.g, dp4) in the form of

0101xxxxb {e.g., 0x50). The vector math group performs arithmetic such as dot product
25 calculations on vector operands.

raphics Pipeline

166258] FIG. 26 1s a block diagram of another embodiment of a graphics processor
&00. Elements of FIG. 26 having the same reference numbers (or names) as the elements
of any other figure herein can operate or function in any manner similar to that described

30 elsewhere herein, but are not limited to such.
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1662591 In some embodiments, graphics processor 2600 includes a graphics
pipeline 2620, a media pipeline 2630, a display engine 2640, thread execution logic 2650,
and a render output pipeline 2670, In some embodiments, graphics processor 2600 is a
graphics processor within a multi-core processing system that includes oune or more
5  general purpose processing cores. The graphics processor is controlied by register writes
to one or more control registers (not shown) or via commands issued to graphics
processor 2600 via a ring interconnect 20602, In some embodiments, ring interconnect
802 couples graphics processor 2600 to other processing components, such as other
graphics processors or general-purpose processors. Commands from ring interconnect

10 802 are interpreted by a command streamer 2603, which supplies instructions to
individual components of graphics pipeline 2620 or media pipeline 2630,

(602601 In some embodiments, command streamer 2603 directs the operation of a
vertex fetcher 2605 that reads vertex data from memory and executes vertex-processing
commands provided by command streamer 2603, In some embodiments, vertex fetcher

15 805 provides vertex data to a vertex shader 2607, which performs coordinate space
transformation and lighting operations to each vertex. In some embodiments, vertex
fetcher 805 and vertex shader 2607 execute vertex-processing instructions by dispatching
execution threads to execution units 2052A-2652B via a thread dispatcher 2631,

(602611 In some embodiments, execution units 2652A-2652B are an array of

20 wvector processors having an instruction set for performing graphics and media operations.
In some embodiments, execution units 2652A-26528 have an attached L1 cache 2651
that is specific for each array or shared between the arrays. The cache can be configured
as a data cache, an instruction cache, or a single cache that is partitioned to contain data
and instructions in different partitions.

25 [00262] In some embodiments, graphics pipeline 2620 includes tessellation
components to perform hardware-accelerated tessellation of 3D objects. In some
embodiments, a programmable hull shader 2611 configures the tessellation operations. A
programmable domain shader 2617 provides back-end evaluation of tessellation output.
A tessellator 2613 operates at the direction of hull shader 2611 and contains special

30 purpose logic to generate a set of detatled geometric objects based on a coarse geometric

77



WO 2018/184204 PCT/CN2017/079719

model that is provided as input to graphics pipeline 2620, In some embodiments, if
tessellation is not used, tessellation components {e.g., hull shader 2611, tessellator 2613,
and domain shader 2617} can be bypassed.
1002631 In some embodiments, complete geometric objects can be processed by a
5  geometry shader 2619 via one or more threads dispatched to execution units 2652A-
26528, or can proceed directly to the clipper 2629, In some embodiments, the geometry
shader operates on entire geometric objects, rather than vertices or patches of vertices as
in previous stages of the graphics pipeline. If the tessellation is disabled the geometry
shader 2619 receives input from the vertex shader 2607 In some embodiments,

10 geometry shader 2619 is programmable by a geometry shader program to perform
geometry tessellation if the tessellation units are disabled.

(002641 Before rasterization, a clipper 2629 processes vertex data. The clipper
2629 may be a fixed function clipper or a programmable clipper having clipping and
geometry shader functions. In some embodiments, a rasterizer and depth test component

15 2673 in the render output pipeline 2670 dispatches pixel shaders to convert the geometric
objects into their per pixel representations. In some embodiments, pixel shader logic is
included in thread execution logic 2650, o some embodiments, an application can
bypass the rasterizer and depth test component 2673 and access un-rasterized vertex data
via a stream out unit 2623,

20 [00265] The graphics processor 2600 has an interconnect bus, interconnect fabric,
or some other interconnect mechanism that allows data and message passing amongst the
major components of the processor. In some embodiments, execution units 2652A-
2652B and associated cache(sy 2651, texture and media sampler 2654, and
texture/sampler cache 2658 interconnect via a data port 2656 to perform memory access

25  and communicate with render output pipeline components of the processor. In some
embodiments, sampler 2654, caches 2651, 2658 and execution units 2652A-2652B each
have separate memory access paths.

[60266] In some embodiments, render output pipeline 2070 contains a rasterizer
and depth test component 2673 that converts vertex-based objects into an associated

30 pixel-based representation. In some embodiments, the rasterizer logic includes a
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windower/masker unit to perform fixed function triangle and line rasterization. An
associated render cache 2678 and depth cache 2679 are also available in some
embodiments. A pixel operations component 2677 performs pixel-based operations on
the data, though in some instances, pixel operations associated with 2D operations {(e.g
5  bit block image transfers with blending) are performed by the 2D engine 2641, or
substituted at display time by the display controller 2643 using overlay display planes. In
some embodiments, a shared L3 cache 2675 is available to all graphics components,
allowing the sharing of data without the use of main system memory.
1302671 In some embodiments, graphics processor media pipeline 2630 includes a
10 media engine 2637 and a video front end 2634, In some embodiments, video front end
2634 receives pipeline commands from the command streamer 2603, In some
embodiments, media pipeline 2630 mncludes a separate command streamer. In some
embodiments, video front-end 2634 processes media commands before sending the
command to the media engine 2637, In some embodiments, media engine 2637 includes
15 thread spawning functionality to spawn threads for dispatch to thread execution logic
2650 via thread dispatcher 2631,
[00268] In some embodiments, graphics processor 2600 includes a display engine
840. In some embodiments, display engine 2640 is external to processor 2600 and
couples with the graphics processor via the ring interconnect 2602, or some other
20 interconnect bus or fabric. In some embodiments, display engine 2640 includes a 2D
engine 2641 and a display controller 2643, Tn some embodiments, display engine 2640
contains special purpose logic capable of operating independently of the 3D pipeline. In
some embodiments, display controller 2643 couples with a display device {(not shown),
which may be a system integrated display device, as in a laptop computer, or an extemnal
25  display device attached via a display device connector.
1862691 In some embodiments, graphics pipeline 2620 and media pipeline 2630
are configurable to perform operations based on multiple graphics and media
programuming interfaces and are not specific to any one application programming
interface (API). In some embodiments, driver software for the graphics processor

30 translates API calls that are specific to a particular graphics or media library into
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commands that can be processed by the graphics processor. In some embodiments,
support is provided for the Open Graphics Library (OpenGL), Open Computing
Language {OpenCL)}, and/or Vulkan graphics and compute APYL all from the Khronos
Group. In some embodiments, support may also be provided for the Direct3D library

5  from the Microsoft Corporation. In some embodiments, a combination of these libraries
may be supported. Support may also be provided for the Open Source Computer Vision
Library (OpenCV}. A future AP with a compatible 3D pipeline would also be supported
it a mapping can be made from the pipeline of the future API to the pipeline of the
graphics processor.

10 Graphics Pipeline Programming

(60278 FEG. 27A is a block diagram illustrating a graphics processor command
format 2700 according to some embodiments. FIG, 278 i1s a block diagram illustrating a
graphics processor command sequence 2710 according to an embodiment. The solid
lined boxes in FIG, 27A illustrate the components that are generally included in a
15 graphics command while the dashed lines include components that are optional or that
are only included in a sub-set of the graphics commands. The exemplary graphics
processor command format 2700 of FIG, 27A includes data fields to identify a target
client 2702 of the command, a command operation code (opcode) 2704, and the relevant
data 2706 for the command. A sub-opcode 2705 and a comyuvand size 2708 are also
20 included in some commands.
(002711 In some embodiments, client 2702 specifies the client unit of the graphics
device that processes the command data. In some embodiments, a graphics processor
command parser exanunes the client field of each command to condition the further
processing of the command and route the command data to the appropriate client unit. In
25 some embodiments, the graphics processor client units include a memory interface unit, a
render unit, a 2D unit, a 3D unit, and a media unit. Each client unit has a corresponding
processing pipeline that processes the commands. Once the command is received by the
client unit, the client unit reads the opcode 2704 and, if present, sub-opcode 2705 to
determine the operation to perform.  The client unit performs the command using

30 information i data field 2706. For some commands an explicit command size 908 is
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expected to specify the size of the command. In some embodiments, the command parser
automatically determines the size of at least some of the commands based on the
command opcode. In some embodiments commands are aligned via multiples of a
double word.

5 (00272} The flow diagram in FIG. 27B shows an exemplary graphics processor
command sequence 2710 In some embodiments, software or firmware of a data
processing system that features an embodiment of a graphics processor uses a version of
the command sequence shown to set up, execute, and terminate a set of graphics
operations. A sample command sequence is shown and described for purposes of

10 example only as embodiments are not limited to these specific commands or to this
command sequence. Moreover, the commands may be issued as batch of commands in a
command sequence, such that the graphics processor will process the sequence of
commands in at least partially concurrence.

[806273] In some embodiments, the graphics processor command sequence 910

15 may begin with a pipeline flush command 2712 to cause any active graphics pipeline to
complete the currently pending commands for the pipeline. In some embodiments, the
3D pipeline 2722 and the media pipeline 2724 do not operate concurrently. The pipeline
flush 1s performed to cause the active graphics pipeline to complete any pending
commands. To respouse to a pipeline flush, the command parser for the graphics

20 processor will pause command processing until the active drawing engines complete
pending operations and the relevant read caches are invalidated. Optionally, any data in
the render cache that is marked ‘dirty’ can be flushed to memory. In some embodiments,
pipeline flush command 2712 can be used for pipeline synchronization or before placing
the graphics processor into a low power state.

25 [00274] In some embodiments, a pipeline select command 2713 is used when a
command sequence requires the graphics processor to explicitly switch between pipelines.
In some embodiments, a pipeline select command 2713 1s required only once within an
execution context before issuing pipeline commands unless the context is to issue
commands for both pipelines. In some embodiments, a pipeline flush command 2712 is

30 required immediately before a pipeline switch via the pipeline select command 2713,
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[84275] In some embodiments, a pipeline control command 2714 configures a
graphics pipeline for operation and is used to program the 3D pipeline 2722 and the
media pipeline 2724, In some embodiments, pipeline control command 2714 configures
the pipeline state for the active pipeline. In one embodiment, the pipeline control
5 command 2714 is used for pipeline synchronization and to clear data from one or more
cache memories within the active pipeline before processing a batch of commands.
1602761 In some embodiments, commands for the return buffer state 2716 are used
to configure a set of return buffers for the respective pipelines to write data. Some
pipeline operations require the allocation, selection, or configuration of one or more

10 return buffers into which the operations write intermediate data during processing. In
some embodiments, the graphics processor also uses one or more return buffers to store
output data and to perform cross thread communication. In some embodiments,
configuring the return buffer state 2716 includes selecting the size and number of refum
bufters to use for a set of pipeline operations.

15 [66277] The remaining commands in the command sequence differ based on the
active pipeline for operations. Based on a pipeline determination 2720, the command
sequence is tatlored to the 3D pipeline 2722 beginning with the 3D pipeline state 2730 or
the media pipeline 2724 beginning at the media pipeline state 2740.

100278] The commands to configure the 3D pipeline state 930 include 3D state

20 setting commands for vertex buffer state, vertex element state, constant color state, depth
buffer state, and other state variables that are to be configured before 3D primitive
commands are processed. The values of these commands are determined at least in part
based on the particular 3D API in use. In some embodiments, 3D pipeline state 2730
commands are also able to selectively disable or bypass certain pipeline elements if those

25 elements will not be used.

(302791 In some embodiments, 3D primitive 2732 command is used to submit 3D
prinutives to be processed by the 3D pipeline. Commands and associated parameters that
are passed to the graphics processor via the 3D primitive 2732 command are forwarded to
the vertex fetch function in the graphics pipeline. The vertex fetch function uses the 3D

30 primitive 2732 command data to generate vertex data structures. The vertex data
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structures are stored in one or more return buffers. In some embodiments, 3D
primitive2732 command is used to perform vertex operations on 3D primitives via vertex
shaders. To process vertex shaders, 3D pipeline 2722 dispatches shader execution
threads to graphics processor execution units.

5 [B0286] In some embodiments, 3D pipeline 2722 is triggered via an execute 2734
command or event. In some embodiments, a register write triggers command execution.
In some embodiments execution is triggered via a ‘go’ or ‘kick’ command in the
command sequence. In one embodiment, command execution is triggered using a
pipeline synchronization command to tlush the command sequence through the graphics

10 pipeline. The 3D pipeline will perform geometry processing for the 3D primitives. Once
operations are complete, the resulting geometric objects are rasterized and the pixel
engine colors the resulting pixels. Additional commands to control pixel shading and
pixel back end operations may also be included for those operations.

1662811 In some embodiments, the graphics processor command sequence 2710

15 follows the media pipeline 2724 path when performing media operations. In geveral, the
specific use and manner of programming for the media pipeline 2724 depends on the
media or compute operations to be performed. Specific media decode operations may be
oftloaded to the media pipeline during media decode. In some embodiments, the media
pipeline can also be bypassed and media decode can be performed in whole or in part

20 using resources provided by one or more general purpose processing cores. In one
embodiment, the media pipeline also includes elemeunts for general-purpose graphics
processor unit (GPGPU) operations, where the graphics processor is used to perform
SIMD vector operations using computational shader programs that are not explicitly
related to the rendering of graphics primitives.

25 [00282] In some embodiments, media pipeline 2724 is configured in a simular
manner as the 3D pipeline 2722, A set of commands to configure the media pipeline
state 2740 are dispatched or placed into a command queue before the media object
commands 2742, In some embodiments, commands for the media pipeline state 2740
include data to configure the media pipeline elements that will be used to process the

30 media objects. This includes data to configure the video decode and video encode logic
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within the media pipeline, such as encode or decode format. In some embodiments,
commands for the media pipeline state 2740 also support the use of one or more pointers

to “indirect” state elements that contain a batch of state settings.
160283] In some embodiments, media object commands 2742 supply pointers to
5  media objects for processing by the media pipeline. The media objects include memory
buffers containing video data to be processed. In some embodiments, all media pipeline
states must be valid before 1ssuing a media object command 2742, Unce the pipeline
state s configured and media object commands 2742 are queued, the media pipeline 924
is triggered via an execute command 2744 or an eguivalent execute event {e.g., register
10 write). Output from media pipeline 2724 may then be post processed by operations

ng
I
i

provided by the 313 pipeline 2722 or the media pipeline 2724, In some embodiuments,

GPGPU operations are contigured and executed in a similar manner as media operations.

15 Graphics Software Architecture

[00284] FiG. 28 illustrates exemplary graphics software architecture for a data
processing system 2800 according to some embodiments. In some embodiments,
software architecture includes a 3D graphics application 2810, an operating system 2820,
and at least one processor 2830. In some embodiments, processor 2830 includes a
20 graphics processor 2832 and one or more general-purpose processor core{sy 2834, The
graphics application 2810 and operating system 2820 each execute in the system memory
1050 of the data processing system.
[00285] In some embodiments, 3D graphics application 2810 contains one or more
shader programs including shader instructions 2812, The shader language tnstructions
25  may bein a high-level shader language, such as the High Level Shader Language (HLSL)
or the UpenGL Shader Language (GLSL). The application also includes executable
instructions 2814 in a machine language suitable for execution by the general-purpose
processor core 2834, The application also includes graphics objects 1016 defined by

vertex data.
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1662861 In some embodiments, operating system 2820 is a Microsoft® Windows®
operating system from the Microsoft Corporation, a proprietary UNIX-like operating
system, or an open source UNIX-like operating system using a variant of the Linux
kernel. The operating systern 1020 can support a graphics APT 2822 such as the
5 Direct3D APL the OpenGL APL or the Vulkan APL When the Direc3D APl is in use,
the operating systern 2820 uses a front-end shader compiler 2824 to compile any shader
instructions 2812 in HLSL into a lower-level shader language. The compilation may bea
just-in-time (HT) compilation or the application can perform shader pre-compilation. In
some embodiments, high-level shaders are compiled into low-level shaders during the
10 compilation of the 3D graphics application 2810, In some embodiments, the shader
instructions 2812 are provided in an intermediate form, such as a version of the Standard
Portable Intermediate Representation (SPIR) used by the Vulkan APL
1302871 In some embodiments, user mode graphics driver 2826 contains a back-
end shader compiler 2827 to convert the shader instructions 2812 into a hardware specific
15 representation. When the OpenGL API 1s in use, shader instructions 2812 in the GLSL
high-level language are passed to a user mode graphics driver 2826 for compilation. In
some embodiments, user mode graphics driver 2826 uses operating system kernel mode
functions 2828 to communicate with a kernel mode graphics driver 2829, In some
embodiments, kernel mode graphics drver 1029 communicates with graphics processor
20 2832 to dispatch commands and instructions.

IP Core Imnlementations

1632881 One or more aspects of at least one embodiment may be implemented by
representative code stored on a machine-readable medium which represents and/or
defines logic within an integrated circuit such as a processor. For example, the machine-
25  readable medium may include instructions which represent various logic within the
processor. When read by a machine, the instructions may cause the machine to fabricate
the logic to perform the techniques described herein. Such representations, known as “IP

k

cores,” are reusable units of logic for an integrated circuit that may be stored on a
tangible, machine-readable medium as a hardware model that describes the structure of

30 the integrated circuit. The hardware model may be supplied to various customers or
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manufacturing facilities, which load the hardware model on fabrication machines that
manufacture the integrated circuit. The integrated circuit may be fabricated such that the
circuit performs operations described in association with any of the embodiments
described herein.

5 [B0289] FIG. 29 is a block diagram illustrating an IP core development system
1100 that may be used to manufacture an integrated circuit to perform operations
according to an embodiment. The IP core development systems 1100 may be used to
generate modular, re-usable designs that can be incorporated into a larger design or used
to construct an entire integrated circuit (e.g., an SOC integrated circuit). A design facility

10 2930 can generate a software simulation 2910 of an IP core design in a high level
programming language (e.g., C/C++). The software sumulation 2910 can be used to
design, test, and verity the behavior of the IP core using a simulation model 2912, The
simulation model 2912 may include functional, behavioral, and/or timing simulations. A
register transter level (RTL) design 2915 can then be created or synthesized from the

15 simulation rwodel 2912, The RTL design 2915 is an abstraction of the behavior of the
integrated circuit that models the flow of digital signals between hardware registers,
including the associated logic perforrued using the modeled digital signals. In addition to
an RTL design 2915, lower-level designs at the logic level or transistor level may also be
created, designed, or syunthesized. Thus, the particular details of the 1nitial design and

20 stmulation may vary.

1002901 The RTL design 2915 or equivalent may be further synthesized by the
design facility into a hardware model 2920, which may be in a hardware description
language (HDL), or some other representation of physical design data. The HDL may be
further simulated or tested to verify the IP core design. The IP core design can be stored

25 for delivery to a 3™ party fabrication facility 2965 using non-volatile memory 2940 (e.g.,
hard disk, flash memory, or any non-volatile storage medium}. Alternatively, the 1P core
design may be transmitted (e.g, via the Internet) over a wired connection 2950 or
wireless connection 2960. The fabrication facility 2965 may then fabricate an integrated

circuit that is based at least in part on the IP core design. The fabricated integrated circuit
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can be configured to perform operations in accordance with at least one embodiment
described herein

Exemplary Svstem on a Chip Intesrated Cirenit

130291 ] FEGS, 30-32 ilustrate exemplary integrated circuits and associated

W

graphics processors that may be fabricated using one or more IP cores, according to
various embodiments described herein. In addition to what is illustrated, other logic and
circuits may be included, including additional graphics processors/cores, peripheral
interface controllers, or general purpose processor cores,
1962921 FEG. 39 is a block diagram illustrating an exemplary system on a chip
10 integrated circuit 3000 that may be fabricated using one or more IP cores, according to an
embodiment.  Exemplary integrated circuit 1200 includes one or more application
processor{s) 3005 (e.g, CPUs), at least one graphics processor 3010, and may
additionally include an image processor 3015 and/or a video processor 3020, any of
which may be a modular [P core from the same or multiple different design facilities.
15 Integrated circuit 3000 includes peripheral or bus logic including a USB controller 1225,
UART controtler 3030, an SPUSDIO controiler 3035, and an I'S/I’C controlier 3040
Additionally, the integrated circuit can include a display device 3045 coupled to one or
more of a high-definition multimedia interface (HDMI) controller 1250 and a mobile
industry processor interface (MIPI) display interface 3055 Storage may be provided by a
20 flash memory subsystem 3060 including flash memory and a flash memory controlier.
Memory interface may be provided via a memory controller 1265 for access to SDRAM
or SRAM memory devices. Some integrated circuits additionally include an embedded
security engine 3070
[60293] FEG. 31 is a block diagram dlustrating an exemplary graphics processor
25 3110 of a system on a chip integrated circuit that may be fabricated using one or more P
cores, according to an embodiment. Graphics processor 3110 can be a variant of the
graphics processor 3010 of FIG, 36, Graphics processor 3110 includes a vertex
processor 3105 and one or more fragment processor(s) 3115A-3115N (e.g, 3115A,
3115B, 3115C, 318D, through 3115N-1, and 3115N). Graphics processor 3110 can

30 execute different shader programs via separate logic, such that the vertex processor 3105
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is optimized to execute operations for vertex shader programs, while the one or more
fragment processor{s) 31 1SA-3 115N execute fragment (e.g, pixel) shading operations for
fragment or pixel shader programs. The vertex processor 3105 performs the vertex
processing stage of the 3D graphics pipeline and generates primitives and vertex data.
5  The fragment processor(s) 3115A-3115N use the primitive and vertex data generated by
the vertex processor 3105 to produce a framebuffer that is displayed on a display device.
In one embodiment, the fragment processor{s) 3115A-3115N are optimized to execute
fragment shader programs as provided for in the OpenGL APIL which may be used to
perform similar operations as a pixel shader program as provided for tn the Direct 3D

10 APL
106294] Graphics processor 3110 additionally includes one or more memory
management units (MMUs) 3120A-3120B, cache(s) 3125A-3125B, and circuit
interconnect(s) 3130A-3130B. The one or more MMU(s) 3120A-3120B provide for
virtual to physical address mapping for graphics processor 3110, including for the vertex

15 processor 1305 and/or fragment processor{s) 3115A-3115N, which may reference vertex
or image/texture data stored in memory, in addition to vertex or image/texture data stored
in the one or more cache(s) 3125A-3125B. In one embodiment, the one or more MMU(s)
3120A-31208 may be synchronized with other MMU's within the system, including one
or more MMUs associated with the one or more application processor(s) 3005, image

20 processor 3015, and/or video processor 3020 of FIG. 36, such that each processor 3005-
3020 can participate in a shared or unified virtual roemory systemn. The one or more
circuit interconnect{s) 3130A-3130B enable graphics processor 3110 to interface with
other IP cores within the SoC, either via an internal bus of the SoC or via a direct
connection, according to embodiments.

25 [00295] FIG. 32 15 a block diagram illustrating an additional exemplary graphics
processor 3210 of a system on a chip integrated circuit that may be fabricated using one
or more IP cores, according to an embodiment. Graphics processor 3210 can be a variant
of the graphics processor 3010 of FIG. 3¢, Graphics processor 3210 includes the one or
more MMU(s) 3120A-3120B, cache(s) 3125A-31258, and circuit interconnect(s) 3130A-

30 1330B of the integrated circuit 3100 of FIG. 31
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[80296] Graphics processor 3210 includes one or more shader core(s) 32Z15A-
3215N (e.g, 3215A, 3215B, 3215C, 3215D, 3215E, 3215F, through 3215N-1, and
3115N), 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, including shader
5 program code to implement vertex shaders, fragment shaders, and/or compute shaders.
The exact number of shader cores present can vary among embodiments and
implementations. Additionally, graphics processor 3210 includes an inter-core task
manager 3205, which acts as a thread dispatcher to dispatch execution threads to one or
more shader core(s) 3215A-3215N aund a tiling unit 3218 to accelerate tiling operations

10 for tile-based rendering, in which rendering operations for a scene are subdivided in
image space, for example to exploit local spatial coherence within a scene or to optimize
use of internal caches.

1302971 Embodiments of the present invention include methods and systems for
budgeted and simplified training of deep neural networks (DNIN).

15 [606298] Tn one example, a method for a deep neunral network (DNN) includes sub-
sampling a training image into a plurality of training sub-images. A number of sub-
images are randomly selected. A DNN 15 trained with the randomly selected number of
training sub-images to obtain a training result.

160299] In one example, a method includes sub-sampling a testing image into a

20 plurality of testing sub-images. A first testing sub-image is randomly selected. The
trained DNN is tested with the randomly selected first testing image to obtain a first
testing result.

160300] In one example, a method includes randomly selecting a second testing
sub-image. The trained DNN is tested with the randomly selected second testing 1mage

25  to obtain a second testing resulf. The f{irst testing result and second testing result are
combined in selecting one of the first testing result and second testing result as a final
result.

100301 ] In one example, for a method, each training sub-image has a smaller

resolution than the training image.
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[06302] In one example, for a method, each testing sub-image has a smaller
resolution than the testing image.
[66303] In one example, a system for a server includes a processing core, an /O

countroller hub, and a graphics processor. The processing core has a deep neural network

W

(DNN). The VO controller hub is coupled to the processing core and provides network,
data storage, and DNN access for the processing core. The graphics processor s coupled
to the VO controller hub and trains the DNN using a pluralily of training sub-images
derived from a down-sampled training image. The graphics processor also tests the
trained DNN using a plurality of testing sub-images derived from a down-sampled testing
10 image.
160394] In one example, the graphics processor sub-samples a testing tmage into a
plurality of testing sub-images. The graphics processor also randomly selects a first
testing sub-image. The graphics processor also tests the trained DNN with the randormly
selected first testing image o obtain a first testing result.

15 [606395] In one example, the graphics processor randomly selects a second testing
sub-image. The graphics processor also tests the trained DNN with the randomly
selected second testing image to obtain a second testing result. The graphics processor
also combines the first testing result and second testing result in selecting one of the first
testing result and second testing result as a final result.

20 [60306] In one example, for the system, each training sub-image has a smaller
resolution than the training image.

186307] In one example, for the system, cach testing sub-image has a smaller
resolution than the testing image.
[60308] In one example, a method for a recurrent deep Q- vetwork (RDQN)

25  having a local attention mechanism located between a convolutional neural network

(CNIN) and a long-short time memory (LSTM) mncludes generating a pluralily of feature

maps by the CNN from an input image. Hard-attention is applied by the local attention

mechanism to the gencrated plurality of feature maps by sclecting a subset of the
generated feature maps. Soft-attention is applied by the local attention mechanism to the

30 selected subset of generated feature maps by providing weights to the selected subset of
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generated feature maps in obtaining weighted feature maps. The weighted feature maps
are stored in the LSTM. A Q value is calculated for different actions based on the
weighted feature maps stored in the LSTM.

[00309] In one example, a method includes determining if an iteration condition is
satisfied. A {inal deep Q-network is output if the iteration condition is satisfied.

[60310] In one example, a method includes writing generated feature maps into a
hierarchical memory.

100311 ] In one example, a method includes reading the seclected subset of
generated feature maps in the hierarchical memory.

106312} In one example, a system for a server includes a processing core, an /O
hub controller, and a graphics processor. The processing core has a recurrent deep Q-
network (RDQN) including a convolutional newral network (CNN), and long-short time
memory (LSTM), wherein a local atiention mechanism 1s located between the CNN and
LSTM, and wherein the CNN and LSTM are input and output modules for the local
attention mechanism having soft-attention and hard-attention. The /O hub controller is
coupled to the processing core and provides network, data storage, LSTM, RDQN, CNN,
and local attention mechanism access for the processing core. The graphics processor is
coupled to the I/O hub controller and processes an input image and a plurality of feature
maps based on the input image. The graphics processor also applies hard-attention to
generated plurality of feature maps by selecting a subset of the generated feature maps.
The graphics processor also applies soft-attention to the selected subset of generated
feature maps by providing weights to the selected subset of generated feature maps in
obtaining weighted feature maps. The graphics processor also stores the weighted feature
maps in the LSTM. The graphics processor also calculates a Q value for different actions
based on the weighted {eature maps stored in the LSTM.

186313} In one example, the graphics processor determines if an iteration condition
is satisfied, and outputs a {inal deep (J-network if the iteration condition is satisfied.
[06314] In one example, the graphics processor writes generated feature maps into

a hierarchical memory.
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106315] In one example, the graphics processor reads the selected subset of
generated feature maps 1o the hierarchical memory.

[66316] The foregoing description and drawings are o be regarded in an
illustrative rather than a restrictive sense. Persons skilled 1o the art will understand that
various modifications and changes may be made to the embodiments described herein
without departing from the broader spirit and scope of the invention as set forth in the

appended claims.
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CLAIMS
What is claimed s
1. A method for a deep neural network (DNN), comprising:

sub-sampling a training image 1nto a plorality of training sub-images;

randomly selecting a number of sub-images; and

W

training a DNN with the randomly selected number of training sub-images to

obtain a training result.

2. The method of claim 1, further comprising:
10 sub-sampling a testing image into a plurality of testing sub-images;
randomly selecting a first testing sub-image; and

testing the trained DNN with the randomly selected first testing image o obtain a

first testing result.

15 3. The method of claim 2, further comprising:

randomly selecting a second testing sub-image;

testing the trained DNN with the randomly selected second testing image (o

obtain a second testing result; and

combining the first testing result and second testing result in sclecting one of the
20 first testing result and second testing result as a final result.

4. The method of claim 1, wherein each fraining sub-image has a smaller
resolution than the training image.

25 5. The method of claim 2, wherein each testing sub-image has a smaller

resolution than the testing image.

6. A system for a server comprising:

a processing core having a deep neural network (DNN);
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an /O controller hub coupled to the processing core and to provide
network, data storage, and DNN access for the processing core; and
a graphics processor coupled to the /O controller hub and to

train the DNN using a plurality of training sub-images derived

5 from a down-sampled training image, and
test the trained DNN using a plurality of testing sub-images
derived from a down-sampled testing image.
7. The system of claim 6, wherein the graphics processor 15 to
10 sub-sample a testing image into a plurality of testing sub-images,
randomly select a first testing sub-image, and
test the trained DNN with the randomly selected first testing image to obtain a
first testing result.
15 3. The system of claim 7, wherein the graphics processor is to

randomly select a second testing sab-image,

test the trained DNN with the randomly sclected second testing image to obtain a
second testing result, and

combine the first testing result and second testing result in selecting one of the

20 first testing result and second testing result as a final result.

9. The system of claim 6, wherein each training sub-image has a smaller
resolution than the training image.

rny
7
7

25 10. The system of claim 7, wherein each testing sub-image has a smaller

resolution than the testing image.
11, In a recurrent decp Q- network (RDQN) having a local attention

mechanism located between a convolutional neural network (CNN) and a long-short time

30 memory (LSTM), a method comprising:
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generating a plurality of feature maps by the CNN from an input image;
applying hard-attention by the local attention wmechanism to the generated
plurality of feature maps by selecting a subset of the generated feature maps;

applying soft-atiention by the local attention mechanism to the selected sobset of

W

generated feature maps by providing weights to the selected subset of generated feature
maps in obtaining weighted feature maps;

storing the weighted feature maps in the LSTM; and

calculating a @ value for different actions based on the weighted feature maps
stored in the LSTM.
10
12. The method of claim 11, further comprising:
determining if an iteration condition is satisfied; and

outputting a final deep Q-network if the Heration condition is satisfied.

15 13 The method of claim 11, wherein applying hard-attention includes writing

generated feature maps into a hierarchical memory.

14. The method of claim 13, wherein applying soft-attention includes reading
the selected subsct of generated feature maps in the hierarchical memory.
20

15. A system for a server comprising:

a processing core having a recurrent deep (Q-network (RDOQN) including a
convolutional neural network (CNN), and long-short time memory {(LSTM), wherein a
local attention mechanism is located between the CNN and LSTM, and wherein the CNN

25  and LSTM are input and output modules for the local attention mechanism having soft-
attention and hard-attention;

an I/O hub controller coupled to the processing core and to provide network, data
storage, LSTM, RDQN, CNN, and local attention mechanism access for the processing
core; and

30 a graphics processor coupled to the /O hub controller and to
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process an input image and a plurality of feature maps based on the input
image,
apply hard-attention to generated plurality of feature maps by selecting a

subset of the generated feature maps,

5 apply soft-attention to the selected subset of generated feature maps by
providing weights to the selected subset of generated feature maps in
obtaining weighted feature maps.
store the weighted feature maps in the LSTM, and
calculate a (@ value for different actions based on the weighted feature

10 maps stored in the LSTM.

i6. The system of claim 15, wherein the graphics processor is {0

determune if an iteration condition 18 saiisfied, and

output a final deep Q-network if the iteration condition is satisfied.
15

17. The system of claim 15, wherein the graphics processor is to wrile

generated feature maps into a hierarchical memory.

18. The system of claim 17, wherein the graphics processor is to read the

20 selected subset of generated feature maps in the hierarchical memory.

96



WO 2018/184204 PCT/CN2017/079719
100 -
WIRELESS NETWORK
NETWORK ADAPTER
ADAPTER i1
110 SWITCH SRS,
118 A
DISPLAY 120
DEVICE(S)
1104
i y
SYSTEM |
110 HUB STORAGE |
E::] N
INPUT F Q <:
DEVICE(S) | NSRS 1O SUBSYSTEM
108 141
COMMUNICATION
LINK =~
106
;‘" “““““““““““““ 0
§
H
; PARALLEL MEMORY SYSTEM
i PROCESSOR(S) HUB MEMORY
| 112 Q 105 104
| )
LINK
COMMUNICATION
113
DISPLAY e
DEVICE(S) | !
1108 ! ‘
A PROCESSOR(S
2 Sy PROCESSING
; —= SUBSYSTEM
" 101

1/45




WO 2018/184204 PCT/CN2017/079719

PARALLEL PROCESSOR MEMORY 222

M EMORY MEMORY MEMORY
- UNIT UNIT Bee UNIT PARALLEL
- 2244 2245 224N PROCESSOR
- 200

i | | /
I i i

fr i i e i i i e [l ol o e 1

; -

; ;

i

i

: PARTITION PARTITION PARTITION

! UNIT UNIT Jese UNIT

g 2204 2208 220N

I

I

! MEMORY INTERFACE 218

? |

I

! MEMORY CROSSBAR 216 -

:

i

i

i CLUSTER cLusTer | **® | cLusTER

; 214A 2148 214N

I

; PROCESSING ARRAY 212

:

i

i

E SCHEDULER 210

:

i

i

I P

| FRONT END HOST INTERFACE UEE‘/\JCE)T

] 208 208 .y

= PARALLEL PROCESSING UNIT 202

MEMORY HUB
105




WO 2018/184204

TOFROM
MEMORY UNIT
224

]

PCT/CN2017/079719

l

FRAME BUFFER
INTERFACE ROP
225 azb
L2 CACHE
ezl
&

PARTITION UNIT
22

¥

TOFROM
MEMORY
CROSSBAR
216

3/45



WO 2018/184204

PCT/CN2017/079719

TO
MEMORY CROSSBAR
216 AND/OR
OTHER PROCESSING
CLUSTERS
¥y
PREROP
MMU 240 DATA CROSSBAR
240
245
TOFROM TEXTURE
MV GRAPHICS igg
CR%S?%BAR MULTIPROCESSOR
234
L1 CACHE
248 ;

PROCESSING

PIPELINE MANAGER

CLUSTER 232
214 .
4
TOFROM
SCHEDULER

210

4/45




WO 2018/184204 PCT/CN2017/079719

|

|

SHARED MEMORY CACHE MEMORY
270 272
[ MEMORY AND CACHE INTERCONNECT 268 }
o m a) :.,M...M...M_mm":;w: [Evpaliyeligediyedi ".:.,":.,"...M...M...".".E"é
LOADISTORE |1 cPGPU | 1!
ONT i CORES |1
266 y 262 H
L L

REGISTER FILE
258
ADDRESS
MAPPING INSTRUCTION UNIT
UNIT 254
296
GRAPHICS INSTRUCTION CACHE
MULTIPROCESSOR 259
£34
FROM
PIPELINE MANAGER
232

5/45




PCT/CN2017/079719

WO 2018/184204

FHIVO NOILONHLSNI

gete
LINM NOLLONHLSNI

1454
LINA NOILONHLSNI

gdret
ERIER-EIRN 2]

yret
ERIER-EIRNIE].

TOFE HITE AREE 1673 YOLT YIFE YEET YOVE
JHOD HOD 3HOD LINA 3HOD JHOD JHO0 LIND
Nd9dD | Nd9dD | NdDdD | FUOLYAYOT ! NdDdD | NdLdD | NdDHdD | ZHOLSOYOT
k47
AHOWS W FHOYD
TP (SILINM FHALEL TFFE (SILINAIHNLXEL
I3Y
AHOWEW (SHYHS
e
DIHEYH LDINNODHILINI
(744

HOSSIOOHJINNIN SOHAYHD

6/45



PCT/CN2017/079719

WO 2018/184204

F213
JHOVD NOLLONHLSNI

{194
SHA0HMNOSIH NOILNOIXT

WELS
SHOHMNOSIH NOILNOIXT

[s1sy
AHOWA N FHOVD
T09T (SILINM IHNLEL TOGE (SILINN FHNLAEL
a5ee oy
SIOHNOSEH NOILLNOIXE SHOHNOSEH NOILLNOIXE
S

AHOWIW ZHOYO

AO9T (SILINN 3HNLYXEL

VOOE (SILINMFHNLYEL

443
AHO WA JIHVHS

<Gt

S8 LOINNODHALNI

0%t

HOSSHOOH LN SOIHAYHD

7/45



PCT/CN2017/079719

WO 2018/184204

Ter
AHOWA I

(d9 HM M

0¥
AHO NI
HOS553004d

E

F447
AHOWI N NGO

lov

AHOWIW N

~

LG \../®

1444

¥
Nd9

[()%7
Nd9

mww A
(%7 Ty
Nds do
N
Chy A%
k1037
HOSSH30Hd A
SHOO- NN
L&Y

&y

iz
HOSSE00Hd
FHOD-LIINN

gey

X 42
AHOWE I

“ M Nd9

Iz
AHONEIIN
HO553004Hd

8/45



Y
AHO W WELSAS

PCT/CN2017/079719

WO 2018/184204

H
3 §
i m BT 0%
(%2 ; § . 947 -
W ! ! (S)3HOVD aYvHg | HOSSE00Hd
i H
BEF M i 4N rpmmomsmas ,M
JHOVD ! M ! o141 m
! | 1| (8)3HOWO | !
xmm ! | i ° @w a1y M
= ! i
M | . AT
4 ONISSIOOHd - _r i | 09 00 |
WAW e SI00Hd . M ! 340D
X0 SOiHdven | ¥ LSHILSIOdH | i T ST =
3 F% M ! i |
. LNOW LXBINOD | |1 i e - 11 (8)3HOVO |}
® — X " : ; i
Iv¥ M | gl @w AR
Vev ¢ty LIWOW Lddint |} ; T09F 340D w 1l M
WAW te—» DONISSI00Hd e — w ! o — m
X49 SOIHdYYD 9oy M M W CLEL S
NOILVHOBINI | | plptplylptplulplylol :
TE %7 %EMW — M M Auvw @mﬂ% w
LR % H i i 7
WAW je—»| DNISSIOOHd fe > ! N - ! i
X9 SOIHYHO m o= BRI Ll YR
v SN dEMY AXCHd e |
i
_ | YOT5IHOD
& by mmmmm AN LT X

NOILYHZTH00Y SOIHJYHD

9/45



PCT/CN2017/079719

WO 2018/184204

15%7
AHOWEIN WHLSAS

i

§

w (V47 0%

! 15372 9cy

! AN ($)3HOVD CIHyHS | HOSSI00H

1 &8 AN

M 157 M R ] ,w

! SHOYD R

: o Iy 20 AHIVD |

| o1 (813HOV o !
7 " w AHV ANVM gL |

i ~

R . mmz% . L] | sH3iSPaY gi RGIEL
] MEW s DNISSIOOHd Lo p— mmTmm -
a0 SOIHYHO L T SELEY [ mw |
! - Lo LD LXELNOD 1| (S)3HOWO ||
m m m e _ “
| . S TF% @M e |
i — | LWDW LAYIN - 8 ]!
i ey FA%7 i i I Alv @ R i
1 RS R B V] Nowwwomin | L || oo .
XD SOIHdYHD Y vty ety :
! i ! = ; \ %mmv ;
! L == (| ISBHOYO |
B TE S | |
|| MBI s ONISSIOOHd |3 m SEY LLOTEY |
bOXd9 SOIHAVHD | gy SN 41Nl ! a1l !
i Pt :. !
| 5 i | Fo9rH00
| NOILYHITE0DY SDIHdYHD L 797 SN 3ONIHIHOD

10/45



PCT/CN2017/079719

WO 2018/184204
PROCESSOR
407
R APPLICATION A APPLICATION §
: a2 ] :
; GPU INVOCATION ; ; GPU INVOCATION :
: i - a
i i i i

SYSTEM MEMORY

APPLICATION EFFECTIVE 441
ADDRESSSPACE | -
482 | 0S VIRTUAL ADDRESS SPACE !
e m e o o o o 7 i i o A i
! PROCESS ELEMENT 4 . 485 ;
; 483 Pl :
i i
i | WORKDESCRIPTOR | ! E SEGMENT/PAGE TABLES 3
* (WD) | ; 488 a
i ST
; 484 L] !
i ! !
a | k |
L mmmmmmmmmmmmmmmmmm ] I R H
ACCFLERATOR INTEGRATION
SLICE v
430 MMU
439 h
A
WD e
FETeH N REGQ%ERS _ iNTERRﬁ’;’ MGMT|
491 = B INT
492
CONTEXT MGMT
448
5
SAVERESTORE

446

GRAPHICS ACCELERATION

EFFECTIVE

11/45

ADDRESS
493



PCT/CN2017/079719

WO 2018/184204

£ey
853dady
ENIMECEE

S¥P NOILYHEHO0V SOIHAYHD

% F-Y
% THOLSTHANYS
1%
269 LWOW LXILNOD —
NI = TFY Immﬁ |
| LD LeNHHILN] SH3LS103Y M
A
> BTF MWW T
30171 NOLLYHDALNI HOLYHI =00V
!
e e e e e e e e T e e e e e
! | ! M S
- 1 i i !
w 667 I M o ] ] — ]
m LSt | M e i i (am) mogm‘mw%m MHOM w
i o i W
w INTFWITE §S3I00Hd m — mmquwmw@mw mm m j m
! i ! | u TEF NI TS SSI00Hd |
I PV I0VLS SSIWAAY ! TTF I0vd | T o T
w u M 58 J0VdS ; o8F 30YdS
| AU HOBINERAA 1} SS3HOQY WNLHIASO SSIHAQY IAILDZH NOILYOITddY
[5% AHOWIIN WELSAS o o o
96% q5y (6152
TO% HOSIAHIdAH S0 ¢ NOILYOITddY
HOSSIN0H

12/45



PCT/CN2017/079719

WO 2018/184204

aaaaaaaaa [ - -
A7 i 2oy ! J¥A7 i Y47 ! V{117 i 1137
AHOWIW | AHOWSW | AHOWSW ; AHOWIAW | AHOWEW | AHOWAW
Nd ! Nd9 ! Nd ! Nd | HOSSEOOHd ! HOSSIDOHd
[ § i Y § i
T : oo b —— a% ;;;;;; ) S W ggggg } S W ggggg :
i i i N— i i N i i N [ i S i
! 767 ; | %67 | | STET _ ! gv6% | ! 57237 _
pl FONAYEHOD | ] IONENIHOO | ] IONTHIHOD | ] HEONTHIHOD | b EONIHIHOD |
: 1Sy ! : /SYig ! M SY1G ! ! /5Y18 ! ; /3Vig !
i i i i ! ] i ] i !
; § ; i ! i i ! i i
A (5 20 TR P TR AN ! | DRSEnAm ! | EEEEnAm . VETF AN !
[*]152
(457 iy Tiv (157 HOSS3O0H
Nd9 Ndo NdS Nd5 FHOO- NI

13/45



WO 2018/184204

PCT/CN2017/079719

GRAPHICS
PROCESSING
PIPELINE
500

NN

HASTER OPERATIONS UNIT 228

4

N

FRAGMENT/PIXEL PROCESSING UNIT 524

g

4

RASTER|

ZER 522

4

VIEWPORT SCALE, CULL, AND CLIP UNIT 520

4

PRIMITIVE ASSEMBLER 518

4

GEOMETRY PROC

ESSING UNIT 518

F:

PRIMITIVE ASSEMBLER 514

F:

TESSELLATION EVALUATION PROCESSING UNIT 512

o

F:

TESSELLATION UNIT 510

4

TESSELLATION CONTROL PROCESSING UNIT 508

A ]

4

FRIMITIVE ASSEMBLER 508

4

VERTEX PROCESSING UNIT 504

4

DATA ASSEMBLER 582

4

MEMORY
& INTERFACE
528

INSTRUCTION STREAM
AND PARAMETERS

14/45



WO 2018/184204

MACHINE LEARNING APPLICATION
802

¥

MACHINE LEARNING FRAMEWORK
804

ki

COMPUTE FRAMEWORK
606

A4

3PGPU DRIVER
£08

'

GPGPU HARDWARE
810

15/45

PCT/CN2017/079719



PCT/CN2017/079719

WO 2018/184204

Holl TTI WNIT NeD voll
HITIOHLINGD | HITIOHLINGD
AHONAW — AHO WA
. -

907 ST TO07 907
H3LSNT0 H3LSNT0 H31SN10 HALSNTD
Y3 NdNOD Y31 NdNOD HALNd NOD HALNd NOD
b TOT AHOWI N ZHOY) PR
T 0T o7 Vo7
H3LSNT0 H3LSNT0 H31SN10 HALSNTO
Y3 NdNOD Y31 NdNOD HALNd NOD HALNd NOD
J FO7 43INCIHOS TYE0TD /\
avis — m -y
e 707 3OVHILNI LSOH G

<
<
e

16/45



WO 2018/184204 PCT/CN2017/079719
P2P GPU
LINKS
816
1’“\5
] §
. GPGPU A P GPGPU B
B06A Tl 808B
i
! i
P 3
PUTHTTETEEETNS T T ™
N A u _/i
P ,
: i
N GPGPU i : GPGPU B

gsC [T ] 808D
i §
i\“!i

kA4 ¥ %

HOST INTERFACE SWITCH

804

&

\Z

PROCESSCR
802

17/45



PCT/CN2017/079719

WO 2018/184204

SHAAYT QZLOINNCD AT

SLNINOdINOD DEY

18/45



WO 2018/184204 PCT/CN2017/079719

INPUT TO CONVOLUTIONAL
LAYER

912

CONVOLUTIONAL LAYER

CONVOLUTION STAGE
916

'

DETECTOR STAGE
918

POOLING STAGE
940

NEXT LAYER
922

19/45



PCT/CN2017/079719

WO 2018/184204

20/45



PCT/CN2017/079719

WO 2018/184204

vill
IRiEREL

801
MHOMIEN

aiil
Yivd MaN

901t
HHOMLEN

TYHMEAN GENIVHINA

vOLL
HHOMS NYHS
ONINIVHL

oLt
1ASYLY
ONINIVHL

21/45



PCT/CN2017/079719

WO 2018/184204

¢l 'Old

¥ 300N Z 3AON | JAON
3027
WSIT3TTv¥Yd YLVa ANV TBAOW
y ¥3AV1 | 300N
\ /
€300N | £¥aAVT ZY¥3AY1 | Z3AON
N\ e
N /
L ¥3AY1 | 1 300N
02T !
SRERR |
viva | c0zt

WSIT3TTvdvd T3AOW

22/45
RECTIFIED SHEET (RULE 91)



WO 2018/184204 PCT/CN2017/079719

1300
MEDIA PROCESSOR VISION PROCESSOR
1302 1304
ON-CHIP MEMORY
s
MULTI-CORE
GPGPY PROCESSOR

1306 1308

23/45




WO 2018/184204 PCT/CN2017/079719

/ 1400

DEEP NEURAL NETWORK
TRAINING DATA »| (DNN) TRAINING AND
1402 LEARNING SYSTEM

1404

24/45



WO 2018/184204 PCT/CN2017/079719

/1500

LARGE INPUT IMAGE

1502
SUB-IMAGET | . . . . | SUBIMAGEN
1504:1 1504:-N

¥

HANDOMLY SELECT SUB-IMAGE
1508

7

SELECTED SUB-IMAGEK
1508

4

LEARNING MACHINE
1510

25/45



PCT/CN2017/079719

WO 2018/184204

619}
N
/
1INS3Y TN
9 mw 9 ﬁ |
HANIGINOD H3LS3L d31d NYSNMOT
g 3OV Il
D
8191 2191
MHOMIIN TWHNIN
NHH3IMO
~
6191
m HOLOF S H31d WYSNMOQ
daNIveL HOLY8 FOVII
) ) )
3091 9091 p091

0091 ..\\\m

YivQ
ONINIVHL

26/45



WO 2018/184204 PCT/CN2017/079719

/1620

RANDOMLY DOWN SAMPLE A TRAINING IMAGE
TO GENERATE LOW RESOLUTION SUB-IMAGES
1622

A

SPLIT GENERATED LOW RESOLUTION
SUB-IMAGES INTO BATCHES FOR TRAINING
1624

l

FEED BATCHES OF LOW RESOLUTION
SUB-IMAGES TO TRAIN LEARNING MACHINE
1628

/165{}

RANDOMLY DOWN SAMPLE A TESTING IMAGE
TO GENERATE LOW RESOLUTION SUB-IMAGES
1652

l

INPUT ONE OF THE LOW RESOLUTION GENERATED
SUB-IMAGES TO LEARNING MACHINE
1654

A

COMBINE TEST RESULTS TC OBTAIN FINAL
RESULT
1656

27/45



WO 2018/184204

CONVOLUTIONAL

¥

PCT/CN2017/079719

o 1700

1701
J

P

TRAINING NEURAL 4
NETWORK (CNN)

CONFGURATION
.

-~
ARCH?TECTUF{E]

L -

Q VALUE d

f f
! HARD E 1706
: »  ATTENTION |1
o i
E LOCAL SELECTOR : 1
b ATTENTION g Y
| NETWORK ’ L1710 —
i 1708 SOFT SN ITERATION
; ATTENTION g MANAGER
! ASSIGNER | -
o I .
A
LONG-SHORT 1712
- TIME S
MEMORY (LSTM)
j’ 714

”'k ESTIMATION /}

1716

R

FINAL DEEP
Q-NETWORK

28/45



WO 2018/184204 PCT/CN2017/079719

MM,,,,,.n;7'zc>

RECEIVE CURRENT VISUAL FRAME (INPUT FRAME) AND
EXTRACT A SET OF FEATURE MAPS
1722

:

SELECT A SUBSET OF FEATURE MAPS
1724 A

:

ASSIGN WEIGHTS OVER SELECTED SUBSET OF FEATURE MAPS
AND SET WEIGHTS FOR NON-SELECTED FEATURE MAPS TO ZERO
1726

:

CALCULATE THE Q VALUE FOR DI
THE WEIGHTED F
1728

[§]

FERENT ACTIONS BASED ON
ATURE MAPS

m

" CONVERGENCE ™~ NO
<~ CONDITION OR ITERATION ™
"~ NUMBER SATISFIED?

QUTPUT THE FINAL DEEP Q-NETWORK
1732

29/45



WO 2018/184204

TRAINING

PCT/CN2017/079719

“//fw1800

A

e ne oo nan e e o oo non non o e e

1806 HIERARCHICAL

MEMORY

NETWORK
1810

1804 1801
- P
CONVOLUTIONAL {ARCHH?CTURE
5 NEURAL s Ay
NETHORK L?ONJuURAﬂOR
R S ——
v | 1808
WRITER gt
H
; i 1814
L1812 Y,
LOCAL N s
» ATTENTION-BASED | | TERATION
READER i MANAGER
£ i :
§
I
LONG-SHORT |- 816
TIME
MEMORY
¥ ~ 1818
. Q VALUE -~
(\ ESTIMATION
Y,
1820 FINAL DEEP

O-NETWORK

30/45




WO 2018/184204 PCT/CN2017/079719

B///ﬂ185@

RECEIVE CURRENT VIGUAL FRAME (INPUT FRAME) AND
EXTRACT A SET OF FEATURE MAPS
1852

k

WRITE FEATURE HIERARCHICAL MAPS INTO MEMORY
1854

¥
READ SELECTED SUBSET OF FEATURE MAPS AND APPLY
SOFT-ATTENTION IN GENERATING WEIGHTED FEATURE MAPS
1856

A4
CALCULATE THE Q VALUE FOR DIFFERENT ACTIONS BASED ON
THE WEIGHTED FEATURE MAPS
1838

" CONVERGENCE ™~_  NO
< CONDITION OR [TERATION ™
~~ NUMBER SATISFIED? "

OUTPUT THE FINAL DEEP G-NETWORK
1862

31/45



WO 2018/184204 PCT/CN2017/079719
PROCESSOR CORE(S) E;
PROCESSOR(S) | | ALE INSTRUCTION SET !
1903 A 1906 1909 ::
|
PROCESSOR(S)
1902
PROCESSOR BUS
191 g\/
mmmmmmmmmmmmm MEMORY
 EERNAL | MEMORY 320
| GRAPHICS 1 CONTROLLER INSTRUGTIONS
! PROCESSOR | HUB =
! 1812 E 1918 DATA
b ! 1922
DATA LEGACY /0
STORAGE @ CONTROLLER
1924 1940
USB CONTROLLER(S)
WIRELESS o 1942
TRANSCEIVER @ CONTROLLER @ e 7
1928 HUB E KEYBO;?R?QM OUSE |
1930 e i
FIRMWARE
INTERFACE ® ‘ AUDIO CONTROLLER
1828 1944
NETWORK
gy CONTROLLER
1934
1900

32/45




PCT/CN2017/079719

WO 2018/184204

w0
HOSSIO0H SOIHAYHD
102
HATIOHLNGD
AV 18I
i
T 7102 ONiY
HATIOHLINGD TO0C  (S)LINAIHOYD CIHVYHS
510¢ AHOWIW .
(S)LINA pmm .
HITIOHINDD ; zggmw w ViU
snd A M @Ez? D e s (SILINN
g0 |00 ) il
INSOY WALSAS ooz auoo ,m VZO0Z 3HOD

N
O

BT0¢
ERC )
AHO W3 W
A=a04d N

~

000¢
HOS5300Hd

33/45



PCT/CN2017/079719

42
30IATC
AVIdSIQ
AN
Z s
T2
0VHHILNI AHOWI W
P |
y i
X i
i t
i i
i i
i i
! m
WE | g | !
nong | 1] TR TTTZ ZITe |1l FOTE 20Tz
1 aNMEdId W31SAS-ENS ANIBdld| 1] 3NDNE HITIOHLNOO
33000 Z ;
oA |t viaEn vIGIN/aE ae |1 Lne AV1dSIQ
i t
| M
! M
i
m P01 12
L | 3NIONT
aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa ONISSIDOHd SOIHAYED

WO 2018/184204

001g
HOSS300Hd SOIHAYHD

34/45



PCT/CN2017/079719

WO 2018/184204

(S13HOVD

€¢Ce
NOILVIOINNWWOD
QVI¥H1-431NI

444
HIVWA

d431dWVS

0cee
319071
NOILONNA
J34VHS

¢¢ 9Old

3INION3 ONISS300Hd SOIHdYYO

7344

AVHHY 3400

SOIHdYYO

4
(1344
¥344n8

NaNL3Y
G3INN

AHOW3N
WOYH4
i
I
| 4
! ]
]
I
[ == - 1
] ! I
[ | “ "
v O11e
< anmadid <5
“ VIAINW “
' ! |
[ | 1
_ T022
“ HIWYIAHLS
1| GNYWINOD
K ” |
'
A%/ "
INIT3dId A%
ac |
"
]
]
< =
i

35/45
RECTIFIED SHEET (RULE 91)



PCT/CN2017/079719

WO 2018/184204

AR A I A AR AR MR T e A AR AR VA M W e A AR AR e e

NJgte
FHOO SOIHAYHD

iy
NFOES wm VAL
SHITGNYS |1 SN
aaaaaaa e
e 3HQOE0S
NUZES
SAOHNOSEY GHHYHS
;HHHHHHHHMMMHHHH iiii
A i
mMMJmEQW_M SN3
aaaaaaaa i
NU&ES
400808

00¢g2 \\\\m«

HOSS300Hd
SOHdYHD

*®

y08te

ZHOD SOHAYHD

SHATJWYS

¥yote

Y2ute
Snd

QR

JHO2-8NS

YOIt

S30HNOSIH J3HVYHS

¥PSEd
SHATdWYS

K49 54
SM3

85%¢
ANITHdld
AHLENOED

YOGE¢S

ZHOD-GNS

(N LNOHd
C3a1A

Yot

N4
KN

Ovte
0A

Lebe ANDND VICIW

&0ed
HIWYEHLS
ONYIWWOD

=CT

RING INTERCONN

402
sz#zOmmi\w

AN

36/45



PCT/CN2017/079719

i D D ! ]
i i
i i
[ i H
FT¥2 _ |
LHOd YLYT ! ! —_—
A0 | TT0%e | HR0Ve Sy
= N3 N3
! ! THOYD NOILONHLSNI
2ive w ;
THOVD YLYC L |
[Ty
! w
7 i
otve | TNEOFE ! TEOE | VEURE
HI T WY'S | e na TO%e A2
! ! HIHOLYdSI0 HOSSI00H
w ! QvauHl | Y30vHS
i

37/45

WO 2018/184204

00¥¢
QIS0 NCHLNDEYH



PCT/CN2017/079719

WO 2018/184204

-

DGGZ~— UIB I JOIIOA —p nxxxx«ow@ 3poodo

8ySe—— YR B|Rled —» nxxxxmo vo apoodo

GYGZ-~— STIOBUR|[OOS! [ — mxxxx?o@ apoodo

PG |0LUOT MOl —p mxxxx@é@ apooado

2952~ 01007 /OAC I —+ Qxxxxxoo@ apoodo

L et

Am”k_v olijele v]s]9|:L

0¥se
400030 300040

¢éte | 02%d | BT8C 91%e bibye | ¢lbe
LOHS | 0OHS | 1830 | TOHLINGO | X40Ni | 3d00d0

| d4d |
NOLINHLSNI LOVdWOD LIg-v9

i

; 975¢ | 25T | 7ene | Uee | BIee g1%¢ rlac ¢lhc
; J00W 8S3HAAY/S5300Y | COHS | 1OHS | 00HS | 1S30 {371$-03X3| TOHINOD | 300040
i

_ 01se :
NOLLONHLISNI LIg-8¢1

00%¢
SLY IO NOLLONHLSNI 300 SOHAYYD

38/45



WO 2018/184204 PCT/CN2017/079719
GRAPHICS PROCESSOR
2
k’\% MEDIA PIPELINE DISPLAY
2630 ENGINE
2640
o[BIy J
£ o B EA\J 13 Tty T T g T T ™
GRAPHICS 2 / \
e S T MEDIA ) ! “”i mmmmmmmmm B
2620~ FRONTEND | | ENGINE |1 T ;
S AN A a1 A\ 264 2637 )1 i oDENGINE DISPLAY
B T = e R Y CONTROLLER
| FECHER [ JE pay BECUTIONLOGIG L "Tm T L = -
; 2605 : £00U
i 3 i
§ fﬁ?@ﬁ b EXECUT;ON OpLA
|| FETCHER | OuTS (|ISMIRLERY
s 2807 i L1 26524 84 HTEXTURE
- | CACHE || s Em==i CACHE
: HULL i 1] 2651 EXECUTION SORT 2658
= ! | ! UNITS i
AL It L=
= ] 48 <3 =
= i B
I B R T - £
= | TESSELLATOR |} | 2
- 2613 i 0 P
= i - Y.y ¥ Y. Y. [RENDER
e § i
! /""";;'&'m“\ E RASTER/ | | 13 | 1 PixeL || YAGHE
L, DOMAN Y »|| DEFTH | | CACHE | | oPS | L2868
S T 73 || 2805 || 2627 |[ peey
P e .. ....... i C CHE
. SR 2879
+ (GEOMETRY) ! %
Y
§ S ]
i f
; STREAW | | 5670
D QuT i
7 A
! E
} §
} ]
; ]
! E

39/45



WO 2018/184204

PCT/CN2017/079719

CLIENT OPCODE
2142 2704

SAMPLE COMMAND FORMAT
2700
SUB-OPCODE D
2705 pd

b e
S
.
1
==
=
o
=
L
24
I~
I

2708

non e wew e ane non nan e e oo el

2718

2712

PIPELINE CONTROL
2714

A

RETURN BUFFER STATE
2116

2722
3D

2724
MEDIA —/

4

¥

3D PIPELINE STATE
2730

MEDIA PIPELINE STATE
2740

¥

¥

30 PRIMITIVE
2732

MEDIA OBJECT
2742

4

A

EXECUTE
2734

EXECUTE
2744

40/45




PCT/CN2017/079719

WO 2018/184204
DATA PROCESSING SYSTEM
2800
3D GRAPHICS APPLICATION
‘ 9810
SHADER INSTRUCTIONS EXECUTABLE INSTRUCTIONS
Q..................
GRAPHICS
ORJECTS
2816
k4 k4 A4
OPERATING SYSTEM (0S)
USER MODE GRAPHICS ebel
DRIVER
MEMORY |« 2826 ol orDER GRAPHICS AP
5850 2826 4»{COMPILER k- it
R SHADER COMPILER 2844
0827
&
. . 0S KERNEL MODE FUNCTIONS
KERNEL MODE GRAPHICS 5858
4 DRIVER «.“J B
2859
%
GRAPHICS GENERAL
PROCESSOR PROCESSOR PURPOSE CORE(S)
0832 2830 2834




PCT/CN2017/079719

WO 2018/184204

0962

Uree
NOUYTINWIS
RAVMLACS

NOILOINNOD
SSTEEM 5~ 0 SO OE6Z ALMIOVA NDISAT
0562
NOILOZNNOD ~
= 2o
R o NDISAA BAZ T
HIISNYHL HA1SIO3Y
(VLvQ NDISEC
+~ | WOISAHd %0 aH) AT
\ IO SHMAYH | 3a0m NowyInmis
G96¢ /
ALTIOVA 4
NOILYOE Y4 0762
AHO W3 I
FTLYTOA-NON
008e

ENFWAOTIAIC FHOO d

42/45



WO 2018/184204 PCT/CN2017/079719

SCC

INTEGRATED CIRCUIT
ﬁf”‘\fffg
= N
APPLICATION GRAPHICS
PROCESSOR(s) PROCESSOR
3005 3010
IMAGE VIDEQ
PROCESSOR PROCESSOR
3015 3020
SB UART | | spuspio | | 2si2c DISPLAY
3025 3030 3035 3040 3045
r'"mmmwf r.-u..............-..-!
Esgggﬁévi MEMORY | | FLASH |1 wmipt 1 ol
RS 3060 3055 || 3050
A\ )

43/45




WO 2018/184204

PCT/CN2017/079719

GRAPHICS PROCESSOR
3110

oY

/f’ "\\
VERTEX PROCESSOR
3105
FRAGMENT | | FRAGMENT | | FRAGMENT |
PROCESSOR | PROCESSOR : wm @m | PROCESSCR |
31154 | 3usc | 315Nl |
oo T P E o
, FRAGMENT | | FRAGMENT | FRAGMENT |
, PROCESSOR | | PROCESSOR | wmem | PROCESSOR |
S SET: D I R SEE | 3isN
MMMMMMMMMMMM .
MMU : MMU E
31204 e 31208 :
2 1
CACHE 5 CACHE i
31254 E 31258 :
S b T
2 1
INTERCONNECT | INTERCONNECT |
2130A E 3130B :
b e
\ /)

44/45



WO 2018/184204

PCT/CN2017/079719

GRAPHICS PROCESSOR
1210
7 N
INTER-CORE TASK-MANAGER
(6.9, THREAD DISPATCHER)
3105
SHADER | | SHADER | | SHADER | | SHADER |
CORE || CORE {{ CORE | emes | CORE |
3215A 1t 3215C b 3215E | 3215N-1 |
| SHADER | | SHADER | ; SHADER | | SHADER
| CORE 1| CORE i| CORE | ouus | CORE |
(32158 1) 32150 1 3215F | | 325N |
TILING UNIT
3218
mmmmmmmmmmmm :
MMU ; MMU !
32204 ; 32208 :
S
2 %
CACHE | CACHE |
30984 i 32958 :
e
T T e e e e e o e i
INTERCONNECT | INTERCONNECT E
32304 ; 32508 :
\\\.. mmmmmmmmmmmm /i)

45/45



INTERNATIONAL SEARCH REPORT International application No.
PCT/CN2017/079719

A. CLASSIFICATION OF SUBJECT MATTER
GO6K 9/66(2006.01)i; GO6N 3/08(2006.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GO6K; GO6N

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

CNPAT.EPODOC,WPLCNKLIEEE: deep neural network, DNN, random+, train+, test+, image?, graphics, process+, IO,
recurrent, Q-network?, CNN, LSTM, +attention, RDQN, DRQN, DQN, long short time memory, Q value

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

X CN 104408483 A (XI DIAN UNIVERSITY) 11 March 2015 (2015-03-11) 1-10
description, paragraphs [0036]-[0077] and figures 1-4

X SOROKIN, Ivan et al. "Deep Attention Recurrent Q-Network” 11-18
Proceedings of the NIPS Workshop on Deep Reinforcement Learning,
05 December 2015 (2015-12-05),

pages 1-7

A CN 106446930 A (UNIVERSITY SHENYANG TECHNOLOGY) 22 February 2017 1-18
(2017-02-22)
the whole document

A WO 2017044842 A1 (GOOGLE INC.) 16 March 2017 (2017-03-16) 1-18
the whole document

A US 2013266214 A1 (BRIGHHAM YOUNG UNIVERSITY) 10 October 2013 (2013-10-10) 1-18
the whole document

DFurther documents are listed in the continuation of Box C. See patent family annex.

*  Special categories of cited documents: «1* later document published after the international filing date or priority
date and not in conflict with the application but cited to understand the
principle or theory underlying the invention

«X*” document of particular relevance; the claimed invention cannot be

“A” document defining the general state of the art which is not considered
to be of particular relevance

“E” ;:_aflier dapplication or patent but published on or after the international considered novel or cannot be considered to involve an inventive step
tling date ) o ) o when the document is taken alone

“L” document which may throw doubts on priority claim(s) or which is «y* document of particular relevance; the claimed invention cannot be
cited to establish the publication date of another citation or other considered to involve an inventive step when the document is
special reason (as specified) combined with one or more other such documents, such combination

«“0” document referring to an oral disclosure, use, exhibition or other being obvious to a person skilled in the art
means «&” document member of the same patent family

«p” document published prior to the international filing date but later than
the priority date claimed

Date of the actual completion of the international search Date of mailing of the international search report
27 December 2017 18 January 2018

Name and mailing address of the ISA/CN Authorized officer

STATE INTELLECTUAL PROPERTY OFFICE OF THE

P.R.CHINA

6, Xitucheng Rd., Jimen Bridge, Haidian District, Beijing MA,Zeyu

100088

China
Facsimile No. (86-10)62019451 Telephone No. (86-10)62413958

Form PCT/ISA/210 (second sheet) (July 2009)



INTERNATIONAL SEARCH REPORT
Information on patent family members

International application No.

PCT/CN2017/079719

Patent document

Publication date

Patent family member(s)

Publication date

cited in search report (day/month/year) (day/month/year)
CN 104408483 A 11 March 2015 None
CN 106446930 A 22 February 2017 None
WO 2017044842 Al 16 March 2017 us 2017076201 Al 16 March 2017
usS 2013266214 Al 10 October 2013 None

Form PCT/ISA/210 (patent family annex) (July 2009)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - description
	Page 46 - description
	Page 47 - description
	Page 48 - description
	Page 49 - description
	Page 50 - description
	Page 51 - description
	Page 52 - description
	Page 53 - description
	Page 54 - description
	Page 55 - description
	Page 56 - description
	Page 57 - description
	Page 58 - description
	Page 59 - description
	Page 60 - description
	Page 61 - description
	Page 62 - description
	Page 63 - description
	Page 64 - description
	Page 65 - description
	Page 66 - description
	Page 67 - description
	Page 68 - description
	Page 69 - description
	Page 70 - description
	Page 71 - description
	Page 72 - description
	Page 73 - description
	Page 74 - description
	Page 75 - description
	Page 76 - description
	Page 77 - description
	Page 78 - description
	Page 79 - description
	Page 80 - description
	Page 81 - description
	Page 82 - description
	Page 83 - description
	Page 84 - description
	Page 85 - description
	Page 86 - description
	Page 87 - description
	Page 88 - description
	Page 89 - description
	Page 90 - description
	Page 91 - description
	Page 92 - description
	Page 93 - description
	Page 94 - description
	Page 95 - claims
	Page 96 - claims
	Page 97 - claims
	Page 98 - claims
	Page 99 - drawings
	Page 100 - drawings
	Page 101 - drawings
	Page 102 - drawings
	Page 103 - drawings
	Page 104 - drawings
	Page 105 - drawings
	Page 106 - drawings
	Page 107 - drawings
	Page 108 - drawings
	Page 109 - drawings
	Page 110 - drawings
	Page 111 - drawings
	Page 112 - drawings
	Page 113 - drawings
	Page 114 - drawings
	Page 115 - drawings
	Page 116 - drawings
	Page 117 - drawings
	Page 118 - drawings
	Page 119 - drawings
	Page 120 - drawings
	Page 121 - drawings
	Page 122 - drawings
	Page 123 - drawings
	Page 124 - drawings
	Page 125 - drawings
	Page 126 - drawings
	Page 127 - drawings
	Page 128 - drawings
	Page 129 - drawings
	Page 130 - drawings
	Page 131 - drawings
	Page 132 - drawings
	Page 133 - drawings
	Page 134 - drawings
	Page 135 - drawings
	Page 136 - drawings
	Page 137 - drawings
	Page 138 - drawings
	Page 139 - drawings
	Page 140 - drawings
	Page 141 - drawings
	Page 142 - drawings
	Page 143 - drawings
	Page 144 - wo-search-report
	Page 145 - wo-search-report

