w0 20197236705 A1 |0 0000 0000000 00 O 0 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
12 December 2019 (12.12.2019)

(10) International Publication Number

WO 2019/236705 Al

WIPO I PCT

(51) International Patent Classification:
GO6T 1/20 (2006.01)

(21) International Application Number:
PCT/US2019/035582

(22) International Filing Date:
05 June 2019 (05.06.2019)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:
62/682,550 08 June 2018 (08.06.2018) UsS
16/131,529 14 September 2018 (14.09.2018) US

(71) Applicant: UBER TECHNOLOGIES, INC. [US/US];
1455 Market Street, 4th Floor, San Francisco, California
94103 (US).

(72) Inventors: TOTOLOS, JR., George; c/o Uber Technolo-
gies, Inc., 1455 Market Street, 4th Floor, San Francisco,
California 94103 (US). SILBERMAN, Joshua Oren; c/o
Uber Technologies, Inc., 1455 Market Street, 4th Floor, San
Francisco, California 94103 (US).

Agent: KRISHNA, Rohit K. et al.; Dority & Manning,
P.A., P O Box 1449, Greenville, South Carolina 29602
(Us).

(74)

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CZ,DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
KR,KW,KZ,LA,LC,LK,LR,LS,LU,LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,

(54) Title: SYSTEMS AND METHODS FOR PIPELINED PROCESSING OF SENSOR DATA USING HARDWARE

500

501+
INCREMENTALLY OBTAIN SENSOR DATA

I

IRCREMENTALLY INPUT SENSOR DATA INTO

502

FIRST IMAGE PROCESSING PIPELINE

:

INCREMENTALLY INPUT RESULTS OF
FIRST IMAGE PROCESSING PIPELINE INTO
SECOND IMAGE FROCESSING PIPELINE

!

INCREMENTALLY INPUT RESULTS OF
SECORD IMAGE FROCESSING PIPELINE INTD
THIRD IMAGE PROCESSING PIPELINE

5031

504
Rt

|

THCREMENTALLY INPUT RESULTS OF
IMAGE PROCESSING PIPELIMELS) IKTO DNE OR MORE
LAYERS OF MACHINE-LEARNED MODEL(S)

l

OBTAIN OQUTPUT OF MACHINE-LEARNED MOBEL(S)

505
/

506
|/

FIG.5
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SYSTEMS AND METHODS FOR PIPELINED PROCESSING OF SENSOR DATA
USING HARDWARE

PRIORITY CLAIM

[0001] The present application claims the benefit of priority of U.S. Provisional Patent
Application No. 62/682,550, filed June 8, 2018, entitled “Systems and Methods for Pipelined
Processing Of Sensor Data Using Hardware,” and U.S. Patent Application No. 16/131,529,
filed September 14, 2018, entitled “Systems and Methods for Pipelined Processing Of Sensor
Data Using Hardware,” the disclosure(s) of which is incorporated by reference herein in its

entirety.
FIELD

[0002] The present disclosure relates generally to incrementally processing data, and
more particularly to systems and methods for pipelined processing of sensor data using

hardware.
BACKGROUND

[0003] An autonomous vehicle is a vehicle that is capable of sensing its environment and
navigating without human input. In particular, an autonomous vehicle can observe its
surrounding environment using a variety of sensors and can attempt to comprehend the
environment by performing various processing techniques on data collected by the sensors.
Given knowledge of an environment proximate to the autonomous vehicle, the autonomous

vehicle can identify an appropriate motion plan through such environment.
SUMMARY

[0004] Aspects and advantages of the present disclosure will be set forth in part in the
following description, or may be learned from the description, or may be learned through
practice of the embodiments.

[0005] One example aspect of the present disclosure is directed to an image processing
system. The image processing system includes a field programmable gate array (FPGA)
device coupled to one or more sensors that are configured to obtain sensor data corresponding
to an image frame. The FPGA device includes one or more memory devices that are

configured to store a representation of a machine-learned model that detects or classifies one
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or more objects indicated within the sensor data. The FPGA device is further configured to
receive a plurality of increments of the sensor data as each increment of the sensor data
becomes available and to implement one or more image processing pipelines for pre-
processing the sensor data. The one or more image processing pipelines include a first
plurality of logic blocks and interconnectors programmed to extract one or more features
from one or more increments of the plurality of increments of the sensor data and generate
first input data, each increment of the sensor data corresponding to a portion of the image
frame. The first input data is input as one or more increments to one or more layers of the
machine-learned model, the machine-learned model processing each increment of the first
input data as the first input data is received at the one or more layers, to provide an output
indicative of a detection or classification of the one or more objects indicated within the
sensor data.

[0006] Another example aspect of the present disclosure is directed to an autonomous
vehicle. The autonomous vehicle includes an FPGA device coupled to one or more sensors
that are configured to obtain sensor data corresponding to an image frame. The FPGA device
includes one or more memory devices that are configured to store a representation of a
machine-learned model that detects or classifies one or more objects indicated within the
sensor data. The FPGA device further configured to receive a plurality of increments of the
sensor data as each increment of the sensor data becomes available and to implement one or
more image processing pipelines for pre-processing the sensor data. The one or more image
processing pipelines include a first plurality of logic blocks and interconnectors programmed
to extract one or more features from one or more increments of the plurality of increments of
the sensor data and generate first input data, each increment of the sensor data corresponding
to a portion of the image frame. The first input data is input as one or more increments to one
or more layers of the machine-learned model, the machine-learned model processing each
increment of the first input data as the first input data is received at the one or more layers, to
provide an output indicative of a detection or classification of the one or more objects
indicated within the sensor data.

[0007] Yet another example aspect of the present disclosure is directed to a computer-
implemented method. The method includes obtaining sensor data that is outputted by one or
more sensors as the sensor data becomes available. The sensor data includes a plurality of
increments of data, and the computing system receives each of the plurality of increments of
data. The method includes determining a number of increments of data associated with a first

inference operation. The method includes inputting, into a machine-learned model, a first
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portion of the sensor data upon receipt of the first portion of sensor data. The first portion of
the sensor data includes a subset of the plurality of increments of data that corresponds to the
number of increments associated with the first inference operation, and the machine-learned
model causes the first inference operation to be performed on the first portion of the sensor
data. The method includes obtaining, an output of the machine-learned model based at least
in part on the first inference operation, a classification of one or more objects indicated within
the sensor data.

[0008] Other example aspects of the present disclosure are directed to systems, methods,
vehicles, apparatuses, tangible, non-transitory computer-readable media, and memory devices
for pipelined processing of sensor data.

[0009] These and other features, aspects, and advantages of various embodiments will
become better understood with reference to the following description and appended claims.
The accompanying drawings, which are incorporated in and constitute a part of this
specification, illustrate embodiments of the present disclosure and, together with the

description, serve to explain the related principles.
BRIEF DESCRIPTION OF THE DRAWINGS

[0010] Detailed discussion of embodiments directed to one of ordinary skill in the art are
set forth below, which make reference to the appended figures, in which:

[0011] FIG. 1 depicts an example computing system according to example embodiments
of the present disclosure;

[0012] FIG. 2A-2E depict example inference operation pipelines of a sensor data
processing system according to example embodiments of the present disclosure;

[0013] FIG. 3 illustrates an example configuration of a sensor data processing system
according to example embodiments of the present disclosure;

[0014] FIG. 4 depicts an example pipelined deep learning inference according to example
embodiments of the present disclosure;

[0015] FIG. 5 depicts a flow diagram of an example method for an image processing
according to example embodiments of the present disclosure;

[0016] FIG. 6 depicts a flow diagram of an example method for processing sensor data
according to example embodiments of the present disclosure; and

[0017] FIG. 7 depicts example system components according to example embodiments of

the present disclosure.
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[0018] Reference numerals that are repeated across plural figures are intended to identify

the same components or features in various implementations.
DETAILED DESCRIPTION

[0019] Example aspects of the present disclosure are generally directed to streaming or
pipelining sensor data for processing (e.g., image processing) using hardware, such as, for
example a field programmable gate array. In particular, a sensor data processing system can
be configured to receive sensor data (e.g., camera image data, LIDAR cloud data, etc.)
descriptive of an environment proximate to one or more sensors, and output data associated
with the perception of object(s) within the sensor data (e.g., object detections, object
classifications, etc.). For instance, the sensor data processing system can be included within
the onboard computing system of an autonomous vehicle. The sensor(s) can be located
onboard the autonomous vehicle and can capture sensor data associated with the vehicles’
surrounding environment. The sensor data processing system can include or leverage one or
more machine-learned models that assist in detecting and/or classifying the object(s) within
the sensor data (e.g., the pedestrian(s), vehicle(s), etc. within the vehicle’s surroundings).
[0020] The sensor data processing system can be configured to process the sensor data in
a streaming manner as increments (e.g., row(s) of pixels, etc.) of the sensor data (e.g., image
data) are incrementally outputted by the sensor(s). In some implementations, the sensor data
processing system can include a deep-learning accelerator (DLA) system. The DLA system
can include one or more image processing pipelines and one or more machine learned
models. The one or more image processing pipelines can pre-process the sensor data before
the sensor data is input into one or more layers of the one or more machine learned models.
For example, the DLA system can process each frame in the sensor data before sending the
processed data to the one or more layers of the machine-learned model(s). The systems and
methods of the present disclosure allow for the sensor data to be streamed such that the DLA
system can process the sensor data as it becomes available from the sensor(s). The machine-
learned model(s) and data pre-processor(s) described herein for detecting/classifying objects
based on sensor data can be implemented on hardware such as, for example, a field
programmable gate array (FPGA) device. In this way, the systems and methods of the
present disclosure can greatly reduce the latency associated with sensor data processing, by
allowing the hardware to analyze the sensor data on a streaming basis. Ultimately, this can

lead to more efficient object perception and, for example, improve performance of an
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autonomous vehicle (e.g., via more accurate motion planning with respect to the perceived
objects).

[0021] More particularly, an autonomous vehicle (e.g., ground-based vehicle, etc.) can
include various systems and devices configured to control the operation of the vehicle. For
example, an autonomous vehicle can include an onboard vehicle computing system (e.g.,
located on or within the autonomous vehicle) that is configured to operate the autonomous
vehicle. Generally, the vehicle computing system can obtain sensor data from a sensor
system onboard the vehicle, attempt to comprehend the vehicle’s surrounding environment by
performing various processing techniques on the sensor data, and generate an appropriate
motion plan through the vehicle’s surrounding environment.

[0022] The sensor system of an autonomous vehicle can include one or more sensors that
are coupled to or otherwise included within the autonomous vehicle. As examples, the one or
more sensors can include a Light Detection and Ranging (LIDAR) system, a Radio Detection
and Ranging (RADAR) system, one or more cameras (e.g., visible spectrum cameras,
infrared cameras, etc.), and/or other sensors. The sensor(s) can be configured to collect
sensor data that is descriptive of the environment proximate to the sensor(s). For example,
the sensor data can include information that describes the location of objects within the
surrounding environment of the autonomous vehicle. In some implementations, the sensor
data can be obtained as a plurality of consecutive views, the sensor data at each view
including information descriptive of a scene of an environment proximate to the autonomous
vehicle, and the sensor data at each view corresponding to an image frame. In some
implementations, the sensor data can be obtained at a plurality of consecutive cycles, the
sensor data at each cycle including information descriptive of a 360 degree scene of an
environment surrounding the autonomous vehicle, and the sensor data at each cycle
corresponding to an image frame.

[0023] In some implementations, the autonomous vehicle can also include a memory
device configured to store the sensor data as it becomes available from the sensor(s). For
example, the memory device can include a rolling buffer to which sensor data is written at a
plurality of successive increments within each view/cycle as increments of the sensor data are
incrementally output by the sensor(s). In some implementations, each successive increment
of the sensor data (e.g., image data) can include a row of pixels. In some implementations,
each successive increment of the sensor data (e.g., LIDAR data) can include an angular slice

of the 360 degree scene of an environment surrounding the autonomous vehicle.
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[0024] The sensor data processing system can include hardware that is configured to
process the sensor data in a streaming manner. For example, for implementations including
an autonomous vehicle, the onboard vehicle computing system can include in a sensor data
processing system (e.g., as at least a portion of the vehicle’s autonomy system). The sensor
data processing system can include one or more programmable circuit devices such as a field
programmable gate array (FPGA) device. In some implementations, the one or more sensors
can be coupled directly to the FPGA device via one or more image interface protocols (e.g.,
Low-Voltage Differential Signaling (LVDS)). In this way, rather than waiting for sensor data
to be written to memory, the sensor data processing system can provide sensor data to the
FPGA in successive increments as each increment of the sensor data is output by the
sensor(s) and before the sensor data is stored in the memory device. In some
implementations, the sensor(s) and the FPGA can be implemented on a single chip.

[0025] The sensor data processing system can be configured to receive sensor data that is
incrementally output by a sensor as the sensor data becomes available. For instance, the
sensor data processing system can obtain the sensor data in a streaming manner as the data is
generated by the sensors, output by the sensors, made available in a memory, etc. The sensor
data can include a plurality of increments of data and the sensor data processing system can
incrementally receive each of the plurality of increments of data. By way of example, the
sensor data can include camera image data and each increment of data can correspond to a
row of pixels in the image data. The sensor data processing system can incrementally obtain
each row of pixels (or a portion thereof) in a streaming manner. In another example, the
sensor data can include LIDAR data that represents a 360 degree scene of an environment,
and each increment of data can correspond to an angular slice of the 360 degree scene. The
sensor data processing system can incrementally obtain each angular slice (or a portion
thereof) in a streaming manner.

[0026] The sensor data processing system can be configured to implement one or more
machine learned models, and to perform one or more inference operations (e.g., feature
extraction, object detection, localization, classification, etc.) of the machine learned model(s)
in a streaming manner, based on sensor data that is received in a streaming manner. For
instance, as described herein, the sensor data processing system can include an FGPA device.
The FPGA device or other programmable circuit device can include a plurality of logic
blocks and interconnectors that can be programmed into specific configurations for
implementing various operations. In some implementations, the operations can include, for

example, image processing operations, inference operations, etc. The FPGA can be
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configured to include one or more processing pipelines for the one or more operations (e.g.,
one or more image processing pipelines, one or more inference operation pipelines for one or
more layers of the machine-learned model(s), etc.).

[0027] The sensor data processing system (e.g., the FPGA device) can utilize, leverage,
and/or otherwise implement one or more machine-learned models that are configured to
perform the one or more inference operations. The machine-learned model(s) can be or can
otherwise include various machine-learned models such as decision tree-based models,
support vector machines, k-Nearest Neighbor models, neural networks (e.g., deep neural
networks), or other multi-layer non-linear models. Example neural networks include feed-
forward neural networks, recurrent neural networks (e.g., long short-term memory recurrent
neural networks), or other forms of neural networks. Example machine-learned models can
include, for instance, MobileNet and Resnet. The sensor data processing system can schedule
portions of the inference operation(s) of the machine-learned model(s) to occur in-line with
sensor data received in a streaming manner.

[0028] In some implementations, the DL A system can perform various mathematical
operations (e.g., convolutions, multiplications, additions, etc.) on the sensor data. The
mathematical operations can be a part of an image processing operation to pre-process the
sensor data before the sensor data is input into one or more layers of the one or more machine
learned models. The pre-processed sensor data can be input into the machine learned
model(s) so that the model(s) can perform the inference operation(s) (e.g., to detect/classify
objects that are represented by the sensor data). The DLA system can pre-process each
portion of the sensor data before the sensor data is input into the machine learned model(s).
In some implementations, the DLA system can pre-process a first portion of the sensor data
and input the pre-processed first portion into one or more layers of the machine-learned
model(s). The DLA system can pre-process a second portion of the sensor data and input the
pre-processed second portion into one or more layers of the machine-learned models(s),
while the machine-learned model(s) perform inference operation(s) on the pre-processed first
portion. In some implementations, the DL A system can determine an output of a first layer
of a machine-learned model (e.g., based on a pre-processed first portion of the sensor data)
and provide the output of the first layer of the machine-learned model as an input into a
second layer of the machine-learned model, while the DL A system provides the pre-
processed second portion of the sensor data as an input into the first layer of the machine-
learned model. In this way, the pre-processor can reduce a latency associated with an object

detection/classification task.
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[0029] As an example, an object detection machine-learned model can include a
convolutional neural network with an input layer that can receive input data (e.g., sensor data
corresponding to an image frame and/or an increment of the sensor data) and an output layer
that can output a detection/classification of one or more objects indicated within the input
data. The machine-learned model can include one or more intermediate layers in the
convolutional neural network to perform various inference operations on the input data. The
inference operations can include filtering an output of a previous layer (e.g. input layer or
intermediate layer) using, for example, 3x3x32 size filters, 3x3xM depthwise filters, 1x1xN
pointwise filters, etc. In some implementations, the input data can be pre-processed input
data (e.g., output by one or more image processing pipelines). In this case, the machine-
learned model can be configured to receive pre-processed input data and output a
detection/classification of one or more objects indicated within the pre-processed input data.
In some implementations, the sensor data processing system can include information
indicative of a filter width, filter height, filter group (for expressing depthwise filters),
padding, and stride associated with each layer of the machine-learned model(s).

[0030] In some implementations, the sensor data processing system can be configured to
determine how many increments of data are needed for a particular inference operation
associated with a particular layer (e.g., CNN layer) in a machine-learned model in order to
produce one increment of that layer’s output. For example, the sensor data processing system
can determine a number of increments of data associated with a first convolution operation
that is performed by a first CNN layer (e.g., that three rows of pixels are needed for the first
convolution operation). Upon receipt of a first portion of sensor data that corresponds to the
number of increments associated with the first convolution operation (e.g., upon receipt of at
least the three rows of pixels), the sensor data processing system can input the first portion of
sensor data into the first CNN layer and determine an incremental output of the first CNN
layer. The sensor data processing system can determine a number of increments of data
associated with a second convolution operation that is performed by a second CNN layer, and
upon determining an incremental output of the first CNN layer that corresponds to the
number of increments associated with the second convolution operation, the sensor data
processing system can input the output of the first CNN layer into the second CNN layer to
determine an incremental output of the second CNN layer.

[0031] This process can continue as new increments of sensor data are streamed to the
sensor data processing system. The sensor data processing system can process the streaming

sensor data (e.g., perform one or more convolution, normalization, activation, etc.
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operation(s)) in a cascading manner. The FPGA can be configured to include one or more
first image processing pipelines to pre-process data input, one or more second image
processing pipelines to implement the first CNN layer (e.g., for the first convolution
operation), one or more third image processing pipelines to implement the second CNN layer
(e.g., for the second convolution operation), etc. The one or more convolution operations can
be performed by the corresponding CNN layer simultaneously or at least concurrently.
[0032] As an example, the FPGA can be configured to implement a first convolution
operation. The first convolution operation can include extraction of a first set of one or more
features indicative of the state of an object within the surrounding environment of the
sensor(s) (e.g., the location, speed, etc. of the object). The first convolution operation can be
configured to operate on a subset of the image data consisting of, for example, three
consecutive rows of an image frame. The FPGA can be configured to include a first
convolution pipeline that corresponds to the first convolution operation. In particular, the
first convolution pipeline can include three processing lanes for receiving three successive
increments of the sensor data. The sensor data processing system can cascade successive
increments of sensor data across the three processing lanes. The sensor data processing
system can obtain a first increment of sensor data and provide the first increment to the first
processing lane; obtain a second increment of sensor data, cascade the first processing
increment to the second lane, and provide the second increment to the first processing lane;
obtain a third increment of sensor data, cascade the first increment from the second to the
third processing lane, cascade the second increment from the first to the second processing
lane, and provide the third increment to the first processing lane. The sensor data processing
system can obtain and provide a fourth increment of sensor data to the first processing lane,
cascade the third increment to the second processing lane, and cascade the second increment
to the third processing lane. In this way, the sensor data processing system can process a
portion of a frame in the sensor data. Alternatively, the sensor data processing system can
wait until it can obtain three successive increments of sensor data and provide the three
successive increments at once to the three processing lanes. For each subsequent successive
increment, the sensor data processing system can cascade the successive increment of sensor
data through the processing lanes.

[0033] As another example, the FPGA can be configured to implement a second
convolution operation. The second convolution operation can include extracting a
size/footprint of an object within the sensor data. The second convolution operation can be

configured to operate on a 5x5 pixel grid subset of the sensor data (e.g., image data). The
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FPGA can be configured to include a second convolution pipeline that corresponds to the
second convolution operation. In particular, the second convolution pipeline can include five
processing lanes for receiving successive increments of sensor data. The sensor data
processing system can cascade successive increments of sensor data across the five
processing lanes. The FPGA can perform the second convolution operation on a subset of the
sensor data consisting of the five successive increments of sensor data provided to the five
processing lanes. When the sensor data processing system cascades a new successive
increment of sensor data into the second convolution pipeline, the FPGA can perform the
second convolution operation on a successive subset of the sensor data including the new
successive increment.

[0034] As another example, the FPGA can be configured to implement both the first
convolution operation and the second convolution operation. Upon receipt of a first portion
of sensor data that corresponds to the number of increments associated with the first
convolution operation (e.g., upon receipt of at least the third row of pixels), the sensor data
processing system can input the first portion of the sensor data into a machine-learned
model(s), and upon receipt of a second portion of sensor data that corresponds to the number
of increments associated with the second convolution operation (e.g., upon receipt of at least
the fifth row of pixels), the sensor data processing system can input the second portion of the
sensor data into machine-learned model(s). In some implementations, the first portion of
sensor data and the second portion of sensor data can include one or more increments of
sensor data (e.g., one or more rows of pixels) in common. For example, when the sensor data
processing system obtains an increment of sensor data corresponding to a sixth row of pixels,
then the sensor data processing system can simultaneously provide the increment of sensor
data to the first convolution pipeline and the second convolution pipeline.

[0035] Although some FPGA device examples are described herein as including separate
first and second convolution pipelines, it should be appreciated that other implementations
could include all features in a single convolution pipeline or features split across different
combinations of pipelines than those explicitly depicted and discussed.

[0036] In some implementations, the FPGA can be configured to include one or more
convolution pipelines that are associated with one or more convolution operations. A breadth
and/or depth of the convolution pipeline(s) can be based on an availability of sensor data.

For example, if the sensor data processing system receives each increment of sensor data at
relatively short intervals, then the FPGA can be configured to include convolution pipeline(s)

that are longer in breadth and/or shorter in depth. Alternatively, if the sensor data processing
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system receives each increment of sensor data at relatively long intervals, then the FPGA can
be configured to include convolution pipeline(s) that are shorter in breadth and/or longer in
depth. As another example, the breadth and/or depth of the convolution pipeline(s) can be
based on a target latency such as, for example, between 25 milliseconds and 50 milliseconds
from a first subsample of sensor data availability. If the FPGA is configured based on the
target latency of 50 milliseconds, then the convolution operations can be spread out with
respect to a configuration based on the target latency of 25 milliseconds, so as to minimize a
bandwidth for processing/pre-processing the sensor data.

[0037] In some implementations, the machine-learned model(s) can process input data
(e.g., sensor data corresponding to an image frame) and output a detection/classification of
one or more objects indicated within the input data, by switching between different layers of
the machine-learned model(s) in order to keep one or more inference operation pipelines full.
The machine-learned model(s) can keep as many layers worth of parameters as possible on-
chip to minimize accesses to external memory when switching between layers, thus reducing
the requirements for external memory bandwidth. In some implementations, the sensor data
processing system can schedule various types of operations to facilitate switching between
different layers of the machine-learned model(s). The operations can include, for example,
loading a parameter (e.g., by moving data associated with a parameter from DRAM to
parameter-designated RAM), loading a feature (e.g., by moving data associated with a feature
from DRAM to feature-designated RAM), storing a feature (e.g., by moving data associated
with a feature from feature-designated RAM to DRAM), and an array command to obtain
information associated with a filter size, filter-designated RAM location, feature size, feature-
designated RAM location, and other information. The sensor data processing system can
schedule the operations at a granularity associated with a single row of an image frame, a tile
of an image frame, or any other suitable level of granularity.

[0038] In some implementations, the sensor data processing system can be configured as
an unrolled network that includes independent multipliers (e.g., multiplier-accumulator units
(MACs)) for each of one or more convolution operations. The MACs can be distributed so as
to keep the layers of the machine-learned model(s) equally busy. The sensor data processing
system can also include independent layer input/output memories between each layer of the
machine-learned model(s).

[0039] In some implementations, the DLA system can be configured as a single large

multiplier array that is structured to perform well for all layer types to maintain efficiency. In
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this case, the sensor data processing system can include a parameter cache that allows for
quickly switching the multiplier array between operations on different layers.

[0040] In some implementations, the sensor data processing system can process the
sensor data in a variety of manners. For example, the sensor data processing system can tile
the sensor data horizontally, vertically, or both horizontally and vertically. If the sensor data
processing system is configured to tile the sensor data horizontally, then the sensor data
processing system can divide the sensor data corresponding to an image frame into a plurality
of horizontal tiles that each correspond to one or more rows in the image frame. The sensor
data processing system can process/pre-process each tile of the sensor data when a readout of
the sensor data is complete past a last row of the tile. The sensor data processing system can
perform operations for multiple network layers of the machine-learned model(s) within a
single tile. When processing the sensor data in this way, intermediate layer memory can be
swapped in/out prior to (or while) operating on a horizontal tile, and the last rows of each tile
can be saved/restored.

[0041] If the sensor data processing system is configured to tile the sensor data vertically,
then the sensor data processing system can divide the sensor data corresponding to an image
frame into a plurality of vertical tiles that each correspond to one or more columns of the
image frame. The sensor data processing system can process/pre-process each tile of the
sensor data when a readout of the sensor data is complete past a last row of the tile. The
sensor data processing system can perform operations for multiple network layers of the
machine-learned model(s) within a single tile. When processing the sensor data in this way, a
columnar portion of intermediate memory can be swapped in/out prior to (or while) operating
on a vertical tile, and the last columns of each layer can be saved/restored. In some
implementations, the sensor data processing system can obtain a desired horizontal tiling
(e.g., from a user) and determine vertical tiling for sensor data based on a hardware RAM
size available for storing parameter associated with processing/pre-processing the sensor
data. The sensor data processing system can schedule operations to iterate through each new
row of sensor data based on the desired horizontal tiling and determined vertical tiling.
[0042] If the sensor data processing system is configured to tile the sensor data both
vertically and horizontally (e.g., combined tiling), then the sensor data processing system can
divide the sensor data corresponding to an image frame into a plurality of tiles that each
correspond to a portion of the image frame. In particular, the sensor data processing system
can divide the sensor data into a plurality of combined tiles that are each associated with a

number of rows and number of columns of the image frame. The sensor data processing
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system can operate on the combined tiles in row-major order (for image pipelining). When
processing the sensor data in this way, intermediate layer memory can be swapped in/out
prior to (or while) operating on a combined tile, and the last rows and columns of each layer’s
buffer can be saved/restored.

[0043] The sensor data processing system can process/pre-process each tile of the sensor
data when a readout of the sensor data is complete past a last row of the tile. The sensor data
processing system can perform operations for multiple network layers of the machine-learned
model(s) within a single tile. When processing the sensor data in this way, a columnar
portion of intermediate memory can be swapped in/out prior to (or while) operating on a
vertical tile, and the last columns of each layer can be saved/restored.

[0044] The sensor data processing system can obtain an output of the machine-learned
model(s) that includes a classification of one or more objects indicated within the sensor data.
For instance, based on the process described above for analyzing the sensor data in a
streaming manner, the machine-learned model(s) can detect the presence of an object within
the sensor data and classify the state of that object. An object can be classified, for example,
as static or dynamic as well as the type of object (e.g., tree, retaining wall, pedestrian,
vehicle, etc.). Such object detection and classification can be performed at a much greater
speed due to the real-time processing of the streaming sensor data as it becomes available.
[0045] Moreover, the output can be utilized by an autonomous vehicle for better motion
control. For example, an autonomous vehicle can be controlled to navigate through its
environment based at least in part on the classification of the one or more objects indicated
within the sensor data. This can include the generation and implementation of an improved
motion plan that is formulated based on faster object classifications and, thus, helping the
autonomous vehicle react more appropriate to the objects around it (e.g., yield, pass, stop,
etc.).

[0046] The systems and methods described herein may provide a number of technical
effects and benefits. For instance, sensor data processing systems and methods that
implement object detection/classification using an FPGA device (or ASIC device) coupled to
one or more cameras can generally provide faster image processing and reduce potential
processing latencies. Sensor data processing with an FPGA device corresponding to a single
programmable chip coupled to the one or more cameras helps to greatly improve the
processing speed for inference operations (e.g., feature extraction, object detection and/or
other image processing aspects as disclosed herein). High-throughput on-chip memories and

data pipelining associated with FPGA device implementation allows for inference operations
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to occur in parallel with sensor data being read out from an image sensor, thus making the
disclosed sensor data processing systems and methods uniquely capable of real-time or near
real-time object detection at fast enough speeds to advantageously affect the behavior of an
autonomous vehicle.

[0047] More particularly, utilization of an FPGA device configured to receive
streamlined or pipelined successive increments of sensor data can provide system
functionality to perform a vast number of inference operations in parallel with reduced
latency. In some implementations, a read out of sensor data corresponding to a single image
frame from a sensor into memory can cost 30-50 milliseconds of time. By enabling the
sensor data processing system to process a portion of the sensor data in increments, the FPGA
can begin inference operations on the sensor data after approximately 5 milliseconds into the
read out. In this way, a parallelism of the sensor data processing system can be maximized
with respect to the sensor data being generated by at least one sensor. Additionally, by
directly coupling the sensors to the FPGA device, an amount of memory and a memory
bandwidth used to store intermediate outputs can be reduced. Furthermore, since the
inference operations are content independent, the systems and methods of the present
disclosure can be used to process a variety of different sensor data (e.g., other than sensor
data associated with an environment proximate to an autonomous vehicle).

[0048] The disclosed improvements to image processing can be particularly
advantageous for use in conjunction with vehicle computing systems for autonomous
vehicles. Because vehicle computing systems for autonomous vehicles are tasked with
repeatedly detecting and analyzing objects in image data for localization and classification of
objects of interest including other vehicles, cyclists, pedestrians, traffic changes, and the like,
and then determining necessary responses to such objects of interest, enhanced image
processing can lead to faster and more accurate object detection and characterization.
Improved object detection and classification can have a direct effect on the provision of safer
and smoother automated control of vehicle systems and improved overall performance of
autonomous vehicles.

[0049] The systems and methods described herein may also provide resulting
improvements to computing technology tasked with image classification and object detection.
Improvements in the speed and accuracy of object detection can directly improve operational
speed and reduce processing requirements for vehicle computing systems, ultimately
resulting in more efficient vehicle control. By providing an sensor data processing system

that includes an FPGA device (or ASIC device) configured to implement image
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transformation and object detection, valuable computing resources within a vehicle control
system that would have otherwise been needed for such tasks can be reserved for other tasks
such as object motion prediction, route determination, autonomous vehicle control, and the
like.

[0050] With reference now to the FIGS., example embodiments of the present disclosure
will be discussed in further detail.

[0051] FIG. 1 depicts an example computing system according to example embodiments
of the present disclosure. The computing system 100 illustrated in FIG. 1 is provided as an
example only. The components, systems, connections, and/or other aspects illustrated in
FIG. 1 are optional and are provided as examples of what is possible, but not required, to
implement the present disclosure. The computing system 100 can include one or more
vehicles 10. Vehicle(s) 10 can be a ground-based autonomous vehicle (e.g., car, truck, bus),
an air-based autonomous vehicle (e.g., airplane, drone, helicopter, or other aircraft), or other
types of vehicles (e.g., boat, ship, or other watercraft). Vehicle(s) 10 can be an autonomous
vehicle that can drive, navigate, operate, etc. with minimal and/or no interaction from a
human driver, or vehicle(s) 10 can be manually controlled by a human operator. Vehicle(s)
10 can each be associated with a vehicle computing system 103.

[0052] Vehicle(s) 10 can be capable of sensing its environment, navigating its
environment with minimal or no human input, and/or the like. Vehicle(s) 10 can include a
vehicle computing system 103. Computing system 103 can assist in controlling vehicle(s)
10. For example, computing system 103 can receive data generated by one or more sensors
124, attempt to comprehend an environment surrounding vehicle(s) 10 by performing various
processing techniques on the data generated by sensor(s) 124, generate, determine, select,
and/or the like a motion plan for navigating vehicle(s) 10 through, within, and/or the like
such surrounding environment, and/or the like. Computing system 103 can interface with
one or more vehicle controls to operate vehicle(s) 10 (e.g., in accordance with the motion
plan, and/or the like).

[0053] Computing system 103 can include one or more computing devices 104.
Computing device(s) 104 can include circuitry configured to perform one or more operations,
functions, and/or the like described herein. For example, computing device(s) 104 can
include one or more processor(s) 112, one or more communication interfaces 114, and
memory 116 (e.g., one or more hardware components for storing executable instructions,
data, and/or the like). Communication interface(s) 114 can enable computing device(s) 104

to communicate with one another, and/or can enable vehicle(s) 10 (e.g., computing system
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103, computing device(s) 104, and/or the like) to communicate with one or more computing
systems, computing devices, and/or the like distinct from vehicle(s) 10. Memory 116 can
include (e.g., store, and/or the like) instructions 118 and data 120. When executed by
processor(s) 112, instructions 118 can cause vehicle(s) 10 (e.g., computing system 103,
computing device(s) 104, and/or the like) to perform one or more operations, functions,
and/or the like described herein. Data 120 can include, represent, and/or the like information
associated with such operations, functions, and/or the like, and data generated by sensor(s)
124, and/or the like.

[0054] Sensor(s) 124 can include, for example, one or more cameras (e.g., visible
spectrum cameras, infrared cameras, and/or the like), light detection and ranging (LIDAR)
systems, radio detection and ranging (RADAR) systems, and/or the like. Sensor(s) 124 can
generate sensor data 136 that is descriptive of the environment proximate to the sensor(s),
including information that describes one or more locations, velocities, vectors, and/or the like
of objects in the environment surrounding vehicle(s) 10. For example, a LIDAR system can
generate data indicating the relative location (e.g., in three-dimensional space relative to the
LIDAR system, and/or the like) of a number of points corresponding to objects that have
reflected a ranging laser of the LIDAR system. Such a LIDAR system can, for example,
measure distances by measuring the interference between outgoing and incoming light waves,
measuring the time of flight (TOF) it takes a short laser pulse to travel from a sensor to an
object and back, calculating the distance based at least in part on the TOF with respect to the
known speed of light, based at least in part on a phase-shift with known wavelength, and/or
the like. As another example, a RADAR system can generate data indicating one or more
relative locations (e.g., in three-dimensional space relative to the RADAR system, and/or the
like) of a number of points corresponding to objects that have reflected a ranging radio wave
of the RADAR system. For example, radio waves (e.g., pulsed, continuous, and/or the like)
transmitted by such a RADAR system can reflect off an object and return to a receiver of the
RADAR system, generating data from which information about the object’s location, speed,
and/or the like can be determined. As another example, for one or more cameras, various
processing techniques, for example, range-imaging techniques (e.g., structure from motion,
structured light, stereo triangulation, and/or the like) can be performed to identify one or
more locations (e.g., in three-dimensional space relative to the camera(s), and/or the like) of a
number of points corresponding to objects depicted in imagery captured by the camera(s). In

some implementations, sensor(s) 124 can be configured to incrementally output sensor data
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136 as the data is generated. For example, sensor(s) 124 can output sensor data 136 in a
streaming manner.

[0055] Sensor data processing system 138 can receive sensor data 136 from sensor(s)
124, which can be coupled to or otherwise included within vehicle(s) 10. Sensor data
processing system can incrementally receive sensor data 136 as the data is generated by
sensor(s) 124. For example, sensor data processing system can receive and process sensor
data 136 in a streaming manner. Sensor data processing system can include one or more
programmable circuit devices such as a field programmable gate array (FPGA) device. In
some implementations, sensor(s) 124 can be coupled directly to the FPGA device via one or
more image interface protocols (e.g., Low-Voltage Differential Signaling (LVDS)). In this
way, rather than waiting for sensor data 136 to be written to a memory, sensor data
processing system can provide sensor data 136 to the FPGA in successive increments as each
increment of sensor data 136 is output by sensor(s) 124 and before sensor data 136 is stored
in the memory. In some implementations, sensor(s) 124 and the FPGA can be implemented
on a single chip.

[0056] Sensor data processing system 138 can be configured to receive sensor data 136
incrementally output by sensor(s) 124 as sensor data 136 becomes available. For instance,
sensor data processing system can obtain sensor data 136 in a streaming manner as the data is
generated by sensors, output by sensors, made available in a memory, etc. By way of
example, sensor data 136 can include image data generated by one or more cameras, and each
increment of sensor data 136 can correspond to a row of pixels (or a portion thereof) in the
image data. The sensor data processing system can incrementally obtain each row of pixels
(or a portion thereof) in a streaming manner. In another example, the sensor data 136 can
include LIDAR data that represents a 360 degree scene of an environment, and each
increment of data can correspond to an angular slice of the 360 degree scene (or a portion
thereof). The sensor data processing system can incrementally obtain each angular slice (or a
portion thereof) in a streaming manner.

[0057] Sensor data processing system 138 (e.g., the FPGA device) can utilize, leverage,
and/or otherwise implement one or more machine-learned models that are configured to
perform one or more inference operations (e.g., feature extraction, object detection,
localization, classification, convolution, etc.). The machine-learned model(s) can be or can
otherwise include various machine-learned models such as decision tree-based models,
support vector machines, k-Nearest Neighbor models, neural networks (e.g., deep neural

networks), or other multi-layer non-linear models. Example neural networks include feed-
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forward neural networks, recurrent neural networks (e.g., long short-term memory recurrent
neural networks), or other forms of neural networks. The sensor data processing system 138
can perform computations for the machine-learned model(s) on a portion of sensor data 136
as the data is received in a steaming manner. In some implementations, the machine-learned
model(s) can detect/classify objects that are represented by one or more extracted feature(s)
from sensor data 136. This can be utilized by, for example, the perception system of the
vehicle(s) 10.

[0058] Perception system 128 can retrieve, obtain, and/or the like, map data 122, which
can provide information about an environment surrounding vehicle(s) 10. For example, map
data 122 can provide information regarding: the identity and location of different travel ways
(e.g., roadways, and/or the like), road segments, buildings, other static items or objects (e.g.,
lampposts, crosswalks, curbing, and/or the like); the location and directions of traffic lanes
(e.g., the location and/or direction of a parking lane, turning lane, bicycle lane, and/or the
like); traftic-control data (e.g., the location and/or instructions of signage, traffic lights, other
traffic-control devices, and/or the like); other map data providing information that can assist
computing system 103 in comprehending, perceiving, and/or the like an environment
surrounding vehicle(s) 10, its relationship thereto, and/or the like.

[0059] Perception system 128 can (e.g., based at least in part on data received from
sensor data processing system 138, map data 122, and/or the like) identify one or more
objects proximate to vehicle(s) 10 and determine, for each of such object(s), state data
describing a current state of the object, for example, an estimate of the object’s: size/footprint
(e.g., as represented by a bounding shape such as a polygon, polyhedron, and/or the like);,
class (e.g., vehicle, pedestrian, and/or the like); current location (also referred to as position),
speed (also referred to as velocity), acceleration, heading, orientation, yaw rate; and/or the
like. In some embodiments, perception system 128 can determine such state data for each
object over a number of iterations, for example, updating, as part of each iteration, the state
data for each object. Accordingly, perception system 128 can detect, track, and/or the like
such object(s) over time.

[0060] Prediction system 130 can receive state data from perception system 128 and can
predict (e.g., based at least in part on such state data, and/or the like) one or more future
locations for each object. For example, prediction system 130 can predict where each object
will be located within the next five seconds, ten seconds, twenty seconds, and/or the like. As

one example, an object can be predicted to adhere to its current trajectory according to its
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current speed. Additionally or alternatively, other prediction techniques, modeling, and/or
the like can be used.
[0061] Motion-planning system 132 can generate, determine, select, and/or the like a
motion plan for vehicle(s) 10, for example, based at least in part on state data of object(s)
provided by perception system 128, predicted future location(s) of object(s) provided by
prediction system 130, and/or the like. For example, utilizing information about current
location(s) of object(s), predicted future location(s) of object(s), and/or the like, motion-
planning system 132 can generate, determine, select, and/or the like a motion plan for
vehicle(s) 10 that it determines (e.g., based at least in part on one or more operation
parameters, and/or the like) best navigates vehicle(s) 10 relative to the object(s). Motion-
planning system 132 can provide the motion plan to vehicle control system 134, which can
directly and/or indirectly control vehicle(s) 10 via the one or more vehicle controls (e.g., one
or more actuators, devices, and/or the like that control gas, power flow, steering, braking,
and/or the like) in accordance with the motion plan.
[0062] Perception system 128, prediction system 130, motion-planning system 132,
and/or vehicle control system 134 can include logic utilized to provide functionality
described herein. Perception system 128, prediction system 130, motion-planning system
132, and/or vehicle control system 134 can be implemented in hardware (e.g., circuitry,
and/or the like), firmware, software configured to control one or more processors, one or
more combinations thereof, and/or the like. For example, instructions 118, when executed by
processor(s) 112, can cause vehicle(s) 10 (e.g., computing system 102, computing device(s)
104, and/or the like) to implement functionality of perception system 128, prediction system
130, motion-planning system 132, and/or vehicle-control system 134 described herein.
[0063] FIG. 2A-2E depict example inference operation pipelines of a sensor data
processing system according to example embodiments of the present disclosure. In some
implementations, sensor(s) 124 can generate sensor data 136 consisting of one or more image
frames. The image frame(s) can include a plurality of pixels arranged in a plurality of rows.
The plurality of pixels in the image frame(s) can each be associated with one or more
attributes (e.g., RGB color data, luminosity data, etc.). As shown in FIG. 2B for example,
sensor data 136 can include an image frame with 48 rows and 48 pixels in each row (total of
2304 pixels). Sensor(s) 124 can incrementally output sensor data 136 in row-major order
(e.g. row 1, row 2, row 3, ..., row 48). In some implementations, sensor(s) 124 can
incrementally output a subset of pixels from each row of the image frame(s) (e.g., pixels 1-9,
10-18, 19-27, etc.).
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[0064] Referring to FIG. 2A, sensor(s) 124 can output sensor data 136 incrementally, and
the sensor data processing system 138 can receive and buffer the sensor data 136 in external
and/or on-chip memory, such that at any particular point in time it may access any of the
rows received up to that point in time. At 7,, after sensor data processing system 138 receives
sensor data corresponding to row 3, the sensor data processing system 138 can access sensor
data 146 indicative of rows 1-3 (e.g., pixels 1-144); at 7, after sensor data processing system
138 receives sensor data corresponding to row 4, the sensor data processing system 138 can
access data indicative of rows 2-4; and at 75, after sensor data processing system 138 receives
sensor data corresponding to row 5, the sensor data processing system 138 can access data
indicative of rows 3-5. In this way, sensor data processing system 138 can continue to
incrementally access sensor data 136 as the data is output by sensor(s) 124 in increments of 3
TOWS.

[0065] In some implementations, sensor data processing system 138 can include a first
inference operation pipeline that is configured to operate on a 3x3 pixel grid subset of the
image frame in sensor data 136. At 7;, the first inference operation pipeline can process rows
1-3 of sensor data 136. The first inference operation pipeline can operate on a 3x3 pixel grid
subset of rows 1-3 for each consecutive 3x3 pixel grid subset, and output the results. For
example, as shown in FIG. 2B, the first inference operation pipeline can operate on 3x3 pixel
grid 211 consisting of pixels 1-3, 49-51, 97-99, and as shown in FIG. 2C, the first inference
operation pipeline can output the result as the first element 220 in table B. In this way, the
first inference operation pipeline can operate on a 3x3 pixel grid consisting of pixels 2-4, 50-
52, 98-100, a 3x3 pixel grid consisting of pixels 3-5, 51-53, 99-101, etc. to perform an
operation on each consecutive 3x3 pixel grid subset of rows 1-3 of sensor data 136, and
output the results as the elements in the first row of table B. Similarly, at 7, the first
inference operation pipeline can operate on each consecutive 3x3 pixel grid subset of rows 2-
4 of sensor data 136, and output the results as the elements in the second row of table B. The
first inference operation pipeline can continue to process each consecutive set of 3 rows of
sensor data 136 received by the sensor data processing system 138.

[0066] In some implementations, sensor data processing system 138 can include a second
inference operation pipeline that is configured to operate on a 4x4 element grid subset of the
output from the first inference operation pipeline. For example, the second inference
operation pipeline can operate on a 4x4 element grid subset of the rows in table B for each
consecutive 4x4 element grid subset, and output the results. Referring to FIG. 2A at 7,, the

first inference operation pipeline can operate on rows 4-6 of sensor data 136 and output the
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results as the elements in the fourth row of table B. As shown in FIG. 2C, the second
inference operation pipeline can operate on 4x4 element grid 221 consisting of elements 1-4,
17-20, 33-36, 49-52, and as shown in FIG. 2D, the second inference operation pipeline can
output the result as the first element 230 in table C. In this way, the second inference
operation pipeline can operate on a 4x4 element grid consisting of elements 2-5, 18-21, 34-
37, 50-53, etc. to perform an operation on each consecutive 4x4 element grid subset of rows
1-4 of table B, and output the results as the elements in the first row of table C. Similarly, at
15, the first inference operation pipeline can operate on each consecutive 3x3 pixel grid subset
of rows 5-7 of sensor data 136, and output the results as the elements in the fifth row of table
B (shown in FIG. 2C). The second inference operation pipeline can operate on each
consecutive 4x4 element grid subset of rows 2-5 of table B, and output the results as the
elements in the second row of table C. The second inference operation pipeline can continue
to process each consecutive set of 4 rows as each row is output by the first inference
operation pipeline in table B.

[0067] In some implementations, sensor data processing system 138 can include a third
inference operation pipeline that is configured to operate on a 2x2 element grid subset of the
output from the second inference operation pipeline. For example, the third inference
operation pipeline can operate on a 2x2 element grid subset of the rows in table C for each
consecutive 2x2 element grid subset, and output the results. Referring to FIG. 2A at #5, the
second inference operation pipeline can operate on rows 5-7 of table B, and output the results
as the elements in the second row of table C. As shown in FIG. 2D, the third inference
operation pipeline can operate on 2x2 element grid 231 consisting of elements 1-2, 5-6, and
as shown in FIG. 2E, the third inference operation pipeline can output the result of as the first
element 240 in table D. In this way, the third inference operation pipeline can perform an
operation on each consecutive 2x2 element grid subset of rows 1-2 of table C, and output the
results as the elements in the first row of table D. The third inference operation pipeline can
continue to process each consecutive set of 2 rows as each row is output by the second
inference operation pipeline in table C.

[0068] In some implementations, the first inference operation pipeline, second inference
operation pipeline, and third inference operation pipeline can correspond to a first, second,
and third image processing pipeline, respectively. The sensor data processing system 138 can
input the results of the first inference operation pipeline into a first layer of a machine-learned
model. For example, the sensor data processing system 138 can incrementally input the

results of the first inference operation pipeline as the results are output by the first inference
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operation pipeline. Similarly, sensor data processing system 138 can incrementally input the
results of the second inference operation pipeline into a second layer of the machine-learned
model, and incrementally input the results of the third inference operation pipeline into a
third layer of the machine-learned model. Sensor data processing system 138 can implement
the machine-learned model such that the model can incrementally process the incremental
input to perform object detection/classification on the image frame(s) in sensor data 136.
[0069] In some implementations, the first inference operation pipeline, second inference
operation pipeline, and third inference operation pipeline can correspond to a first, second,
and third layer of a machine-learned model, respectively. Sensor data processing system 138
can implement the machine-learned model such that the model can incrementally process the
incremental input to each layer to perform object detection/classification on the image
frame(s) in sensor data 136.

[0070] FIG. 3 illustrates an example configuration of a sensor data processing system
according to example embodiments of the present disclosure. As shown in FIG. 3, sensor
data processing system 138 can include a plurality of data processing units (e.g., logic blocks)
implemented as systolic array. Each data processing unit can independently compute a
partial result based on data received from its upstream neighbors, store the result and pass it
downstream. Sensor data processing system 138 can use one or more systolic arrays to
implement one or more inference operation pipelines, such as the first, second, and third
inference operation pipelines shown in FIG. 2A. In some implementations, sensor data
processing system 138 can use a single systolic array for one or more operations in an
inference operation pipeline and/or one or more operations from a plurality of different
inference operation pipelines. In some implementations, sensor data processing system 138
can use one or more various data processing units that can be implemented as one or more
different processing structures (e.g., other than a systolic array). Referring to FIG. 2A at 7,,
sensor data processing system 138 can use a first systolic array to perform an operation on a
first 3x3 pixel grid subset of rows 1-3, a second systolic array to perform an operation on a
second 3x3 pixel grid subset of rows 1-3, a third systolic array to perform an operation on a
third 3x3 pixel grid subset of rows 1-3, and a forth systolic array to perform an operation on a
fourth 3x3 pixel grid subset of rows 1-3. Sensor data processing system 138 can store the
output of the systolic arrays and reuse the arrays to perform an operation on a fifth through
eight pixel grid subset of rows 1-3, and so on. Similarly, at 7,, sensor data processing system
138 can use the first, second, third, and fourth systolic arrays to perform operations on rows

13-15 of sensor data 136, store the outputs, and reuse the arrays to perform operations on a
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first through fourth element grid subset of table B. In this way, sensor data processing system
138 can occupy the systolic arrays to perform useful operations while waiting to receive
additional sensor data 136.

[0071] FIG. 4 depicts an example pipelined deep learning inference according to example
embodiments of the present disclosure. As shown in FIG. 4 with respect to Example 1 (e.g.,
a standard inference on a full image), at 7y a camera trigger can cause sensor(s) 124 to
generate sensor data 136 and transfer the data to a memory. At 7, a full image frame of
sensor data 136 has been transferred to the memory from sensor(s) 124. At #,;+x, a rectified
RGB image can be created based on sensor data 136 as the data is transferred to memory. At
1%, the creation of the rectified RGB image is completed, and the completed rectified RGB
image is input into a traditional deep learning inference (e.g., machine-learned model). The
traditional deep learning inference can process the completed rectified RGB image, and at
t+x+y, the traditional deep learning inference can output one or more results.

[0072] As shown in FIG. 4 with respect to Example 2 (e.g., inference pipelined with
sensor readout according to the present disclosure), at 7y a camera trigger can cause sensor(s)
124 to generate sensor data 136, and input sensor data 136 into a rectified RGB pipeline. The
rectified RGB pipeline can wait until a minimum amount of sensor data 136 is received from
sensor(s) 124, and at 75+x the rectified RGB pipeline can begin processing sensor data 136
and incrementally output the results as an input to the pipelined deep learning inference (e.g.,
pipelined machine-learned model). The pipelined deep learning inference can wait until a
minimum amount of data is received from the rectified RGB pipeline, and at 7,4z the
pipelined deep learning inference can begin processing the data. The pipelined deep learning
inference can incrementally process the data as the data is received, and at #,+x+z the
pipelined deep learning inference can output one or more results. By incrementally
processing sensor data 136 (e.g., RGB rectified sensor data), the pipelined deep learning
inference can output the one or more results much quick than the traditional deep learning
inference. This can allow the results to be utilized by an autonomous vehicle sooner for
better motion control and quicker response time.

[0073] FIG. 5 and 6 depicts flow diagrams of example methods 500 and 600 for an image
processing system and for processing sensor data, respectively, according to example
embodiments of the present disclosure. One or more portion(s) of the methods 500 and 600
can be implemented as operations by one or more computing system(s) such as computing
system(s) 103, and 710 shown in FIGS. 1 and 7. For example, FIG. 5 and 6 illustrate certain

operations being performed by specific computing systems described herein. However, it
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should be appreciated that such operations may generally be performed by any suitable
computing system or combination of computing systems consistent with the disclosure
provided herein. Moreover, one or more portion(s) of the methods 500 and 600 can be
implemented as an algorithm on the hardware components of the system(s) described herein
(e.g., as in FIGS. 1 and 7), for example, to control a vehicle based on sensor data. FIG. 5 and
6 depict elements performed in a particular order for purposes of illustration and discussion.
Those of ordinary skill in the art, using the disclosures provided herein, will understand that
the elements of methods 500 and 600 discussed herein can be adapted, rearranged, expanded,
omitted, combined, and/or modified in various ways without deviating from the scope of the
present disclosure.

[0074] FIG. 5 depicts a flow diagram of method 500 for an image processing system
according to example embodiments of the present disclosure. At (501), the method 500
includes incrementally obtaining sensor data. For example, sensor data processing system
138 can include an FPGA device coupled to sensor(s) 124 that are configured to obtain
sensor data 136 corresponding to an image frame. Sensor data processing system 138 (e.g.,
FPGA device) can be configured to incrementally receive sensor data 136 as the data
becomes available and to implement one or more image processing pipelines for pre-
processing sensor data 136. In some implementations, sensor data processing system 138 can
receive sensor data 136 in one or more increments, and sensor data processing system 138
can pipeline the one or more increments of sensor data 136 into the one or more image
processing pipelines as each increment of sensor data 136 is received. In some
implementations, sensor data 136 is associated with a surrounding environment of vehicle(s)
10, and the one or more objects are located within the surrounding environment of the
vehicle(s) 10. In some implementations, sensor data 136 is image data and each increment of
sensor data 136 corresponds to a row of pixels in the image data. In some implementations,
sensor data 136 is LIDAR data that represents a 360 degree scene of an environment, and
each increment of sensor data 136 corresponds to an angular slice of the 360 degree scene.
[0075] At (502), the method 500 includes incrementally inputting sensor data into a first
image processing pipeline. For example, sensor data processing system 138 can include a
first image processing pipeline. The first image processing pipeline can include a first
plurality of logic blocks and interconnectors programmed to incrementally receive sensor
data 136 and incrementally perform one or more operations on sensor data 136 to extract one
or more features from one or more increments of sensor data 136. In some implementations,

the first plurality of logic blocks and interconnectors are programmed to extract the one or
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more features from each increment of sensor data 136 in parallel. In some implementations,
the first plurality of logic blocks and interconnectors are programmed to extract the one or
more features associated with a state of the one or more objects indicated within the sensor
data. The first image processing pipeline can generate first input data as an output, in
response to receiving sensor data 136.

[0076] At (503), the method 500 includes incrementally inputting results of the first
image processing pipeline into a second image processing pipeline. For example, sensor data
processing system 138 can include a second image processing pipeline. The second image
processing pipeline can include a second plurality of logic blocks and interconnectors
programmed to incrementally receive the first input data and incrementally perform one or
more operations on the first input data to extract one or more features from one or more
increments of the first input data. The second image processing pipeline can generate second
input data as an output, in response to receiving the first input data.

[0077] At (504), the method 500 includes incrementally inputting results of the second
image processing pipeline into a third image processing pipeline. For example, sensor data
processing system 138 can include a third image processing pipeline. The third image
processing pipeline can include a third plurality of logic blocks and interconnectors
programmed to incrementally receive the second input data and incrementally perform one or
more operations on the second input data to extract one or more features from one or more
increments of the second input data. The third image processing pipeline can generate third
input data as an output, in response to receiving the second input data.

[0078] At (505), the method 500 includes incrementally inputting results of one or more
image processing pipelines into one or more layers of one or more machine-learned models.
For example, sensor data processing system 138 can include one or more memory devices
that are configured to store a representation of one or more machine-learned models that
detects or classifies one or more objects indicated within sensor data 136. At (502), sensor
data processing system 138 can incrementally input the first input data into one or more
layers of the machine-learned model(s). At (503), sensor data processing system 138 can
incrementally input the second input data into one or more layers of the machine-learned
model(s). At (504) sensor data processing system 138 can incrementally input the third input
data into one or more layers of the machine-learned model(s). In some implementations,
sensor data processing system 138 can include a fourth plurality of logic blocks and

interconnectors programmed to implement the machine-learned model(s).
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[0079] At (506), the method 500 includes obtaining an output of the one or more
machine-learned models. For example, sensor data processing system 138 can include
machine-learned model(s) that can incrementally process the first input data, second input
data, and third input data as the first, second, and third input data is received at the one or
more layers, to provide an output indicative of a detection or classification of the one or more
objects indicated within sensor data 136. In some implementations, the fourth plurality of
logic blocks and interconnectors are programmed to provide an output indicative of a
detection or classification of one or more objects indicated within sensor data 136 in response
to receiving input data (e.g., first input data, second input data, and third input data) that
corresponds to the entire image frame.

[0080] FIG. 6 depicts a flow diagram of method 600 for processing sensor data according
to example embodiments of the present disclosure. At (601), the method 600 includes
obtaining sensor data. For example, sensor data processing system 138 can obtain sensor
data 136 that is incrementally outputted by sensor(s) 124 as sensor data 136 becomes
available. Sensor data 136 can include a plurality of increments of data, and sensor data
processing system 138 can incrementally receive each of the plurality of increments of data.
In some implementations, sensor(s) 124 is located onboard vehicle(s) 10, sensor data 136 is
associated with a surrounding environment of the vehicle(s) 10, and the one or more objects
are located within the surrounding environment of the vehicle(s) 10. In some
implementations, sensor data 136 is image data and each increment of sensor data 136
corresponds to a row of pixels in the image data. In some implementations, sensor data 136
is LIDAR data that represents a 360 degree scene of an environment, and each increment of
sensor data 136 corresponds to an angular slice of the 360 degree scene.

[0081] In some implementations, sensor data processing system 138 can include pre-
programmed circuitry to obtain sensor data 136 that includes a first portion corresponding to
a portion of an image frame from sensor(s) 124. In some implementations, the pre-
programmed circuitry can detect a sensor trigger that initiates a transfer of sensor data 136
from sensor(s) 124 to a memory device, and the pre-programmed circuitry can obtain sensor
data 136 as the data is transferred from sensor(s) 124 to the memory device.

[0082] At (602), the method 600 includes inputting a first portion of sensor data into one
or more machine-learned models. For example, sensor data processing system 138 can
determine a number of increments of data associated with a first inference operation. Sensor
data processing system 138 can input a first portion of sensor data 136 into one or more

machine-learned model(s) upon receipt of the first portion of sensor data 146. The first
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portion of the sensor data 136 can include a subset of the plurality of increments of data that
corresponds to the number of increments associated with the first inference operation, and the
machine-learned model(s) can cause the first inference operation to be performed on the first
portion of sensor data 136. In some implementations, sensor data processing system 138
includes an FPGA configured to perform the first inference operation, and sensor(s) 124 is
configured to communicate directly with the FPGA. In some implementations, sensor(s) 124
and the FPGA are installed on a single chip.

[0083] In some implementations, sensor data processing system 138 can include pre-
programmed circuitry to pipeline the first portion of sensor data 136 into the machine-learned
model(s) before sensor data 136 corresponding to the entire image frame is transferred from
sensor(s) 124 to a memory device. The machine-learned model(s) can cause one or more
inference operations to be performed on the first portion of sensor data 136. The one or more
inference operations can be associated with the detection or classification of the one or more
objects indicated in the image frame. In some implementations, the pre-programmed
circuitry can generate rectified RGB data based on sensor data 136, and pipeline the rectified
RGB data into the machine-learned model(s). In some implementations, the pre-programmed
circuitry can pipeline the first portion of sensor data 136 into the machine-learned model(s)
before a second time when a second portion of sensor data 136 that corresponds to a second
portion of the image frame is transferred from sensor(s) 124 to the memory device. In some
implementations, the pre-programmed circuitry can include the FPGA.

[0084] At (603), the method 600 includes inputting a second portion of sensor data into
one or more machine-learned models. For example, sensor data processing system 138 can
input a second portion of sensor data 136 into the machine-learned model(s). The second
portion of sensor data 136 can correspond to the number of increments of data associated
with the first inference operation, and the second portion of sensor data 136 can include at
least one increment of data included in the first portion of sensor data 136 and at least one
increment of data that was not included in the first portion of sensor data 136.

[0085] In some implementations, sensor data processing system 138 can determine a
number of increments associated with a second inference operation. Sensor data processing
system 138 can input a third portion of sensor data 136 into the machine-learned model(s)
upon receipt of the third portion of sensor data 136. The third portion of sensor data 136 can
correspond to the number of increments of data associated with the second inference
operation, and the machine-learned model(s) can cause the second inference operation to be

performed on the third portion of sensor data 136. In some implementations, the first portion
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of sensor data 136 and the third portion of sensor data 136 are simultaneously input into the
machine-learned model(s).

[0086] At (604), the method 600 includes obtaining an output of one or more machine-
learned model(s). For example, sensor data processing system 138 can obtain an output of
the machine-learned model(s) based at least in part on the first inference operation. In some
implementations, sensor data processing system 138 can obtain the output of the machine-
learned model(s) based on the first inference operation and one or more additional inference
operations (e.g., second inference operation, third inference operation, etc.). The output of
the machine-learned model(s) can include a classification of one or more objects indicated
within the sensor data 136.

[0087] In some implementations, sensor data processing system 138 can include pre-
programmed circuitry to generate the output of the machine-learned model(s), in response to
pipelining sensor data 136 corresponding to each portion of an image frame into the machine-
learned model(s), the output including a detection or classification of the one or more objects
indicated within sensor data 136.

[0088] At (605), the method 600 includes controlling a vehicle based on the output of one
or more machine-learned model(s). For example, sensor data 136 can correspond to an
environment of vehicle(s) 10, and sensor data processing system 138 can control vehicle(s)
10 to navigate the environment based at least in part on the classification of the one or more
objects indicated within the sensor data 136.

[0089] FIG. 7 depicts an example computing system 700 according to example
embodiments of the present disclosure. The example system 700 illustrated in FIG. 7 is
provided as an example only. The components, systems, connections, and/or other aspects
illustrated in FIG. 7 are optional and are provided as examples of what is possible, but not
required, to implement the present disclosure. The example system 700 can include vehicle
computing system 103 of vehicle(s) 10 and, in some implementations, remote computing
system(s) 710 including one or more remote computing system(s) that are remote from
vehicle(s) 10 that can be communicatively coupled to one another over one or more networks
720. The remote computing system 710 can be associated with a central operations system
and/or an entity associated with the vehicle(s) 10 such as, for example, a fleet operator,
service provider, etc.

[0090] The computing device(s) 701 of the vehicle computing system 103 can include
processor(s) 702 and a memory 704. The one or more processors 702 can be any suitable

processing device (e.g., a processor core, a microprocessor, an ASIC, a FPGA, a controller, a
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microcontroller, etc.) and can be one processor or a plurality of processors that are
operatively connected. The memory 704 can include one or more non-transitory computer-
readable storage media, such as RAM, ROM, EEPROM, EPROM, one or more memory
devices, flash memory devices, etc., and combinations thereof.

[0091] The memory 704 can store information that can be accessed by the one or more
processors 702. For instance, the memory 704 (e.g., one or more non-transitory computer-
readable storage mediums, memory devices) on-board the vehicle(s) 10 can include
computer-readable instructions 706 that can be executed by the one or more processors 702.
The instructions 706 can be software written in any suitable programming language or can be
implemented in hardware. Additionally, or alternatively, the instructions 706 can be
executed in logically and/or virtually separate threads on processor(s) 702.

[0092] For example, the memory 704 on-board the vehicle(s) 10 can store instructions
706 that when executed by the one or more processors 702 on-board the vehicle(s) 10 cause
the one or more processors 702 (the vehicle computing system 103) to perform operations
such as any of the operations and functions of the vehicle computing system 103, as
described herein, one or more operations of method 500 or 600, and/or any other operations
and functions of the vehicle computing system 103, as described herein.

[0093] The memory 704 can store data 708 that can be obtained, received, accessed,
written, manipulated, created, and/or stored. The data 708 can include, for instance, data
associated with sensors, perception, prediction, motion plan, and/or other data/information as
described herein. In some implementations, the computing device(s) 701 can obtain data
from one or more memory device(s) that are remote from the vehicle(s) 10.

[0094] The computing device(s) 701 can also include a communication interface 703
used to communicate with one or more other system(s) on-board the vehicle(s) 10 and/or a
remote computing device that is remote from the vehicle(s) 10 (e.g., of remote computing
system(s) 710). The communication interface 703 can include any circuits, components,
software, etc. for communicating via one or more networks (e.g., 720). In some
implementations, the communication interface 703 can include, for example, one or more of a
communications controller, receiver, transceiver, transmitter, port, conductors, software,
and/or hardware for communicating data.

[0095] The network(s) 720 can be any type of network or combination of networks that
allows for communication between devices. In some embodiments, the network(s) can
include one or more of a local area network, wide area network, the Internet, secure network,

cellular network, mesh network, peer-to-peer communication link, and/or some combination
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thereof, and can include any number of wired or wireless links. Communication over the
network(s) 720 can be accomplished, for instance, via a communication interface using any
type of protocol, protection scheme, encoding, format, packaging, etc.

[0096] The remote computing system 710 can include one or more remote computing
devices that are remote from the vehicle computing system 103. The remote computing
devices can include components (e.g., processor(s), memory, instructions, data) similar to
that described herein for the computing device(s) 701. Moreover, the remote computing
system(s) 710 can be configured to perform one or more operations of the vehicle computing
system 103, as described herein. Moreover, the computing systems of other vehicle(s) 10
described herein can include components similar to that of vehicle computing system 103.
[0097] Computing tasks discussed herein as being performed at computing device(s)
remote from the vehicle can instead be performed at the vehicle (e.g., via the vehicle
computing system), or vice versa. Such configurations can be implemented without deviating
from the scope of the present disclosure. The use of computer-based systems allows for a
great variety of possible configurations, combinations, and divisions of tasks and
functionality between and among components. Computer-implemented operations can be
performed on a single component or across multiple components. Computer-implemented
tasks and/or operations can be performed sequentially or in parallel. Data and instructions
can be stored in a single memory device or across multiple memory devices.

[0098] While the present subject matter has been described in detail with respect to
specific example embodiments and methods thereof, it will be appreciated that those skilled
in the art, upon attaining an understanding of the foregoing can readily produce alterations to,
variations of, and equivalents to such embodiments. Accordingly, the scope of the present
disclosure is by way of example rather than by way of limitation, and the subject disclosure
does not preclude inclusion of such modifications, variations and/or additions to the present

subject matter as would be readily apparent to one of ordinary skill in the art.
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WHAT IS CLAIMED IS:

1. An image processing system, comprising:

a field programmable gate array (FPGA) device coupled to one or more sensors that
are configured to obtain sensor data corresponding to an image frame, the FPGA device
comprising one or more memory devices that are configured to store a representation of a
machine-learned model that detects or classifies one or more objects indicated within the
sensor data, the FPGA device further configured to receive a plurality of increments of the
sensor data as each increment of the sensor data becomes available and to implement one or
more image processing pipelines for pre-processing the sensor data,

wherein the one or more image processing pipelines include a first plurality of logic
blocks and interconnectors programmed to extract one or more features from one or more
increments of the plurality of increments of the sensor data and generate first input data, each
increment of the sensor data corresponding to a portion of the image frame, and

wherein the first input data is input as one or more increments to one or more layers
of the machine-learned model, the machine-learned model processing each increment of the
first input data as the first input data is received at the one or more layers, to provide an
output indicative of a detection or classification of the one or more objects indicated within

the sensor data.

2. The image processing system of claim 1, wherein the FPGA device receives the
sensor data in the one or more increments and the FPGA pipelines the one or more
increments of the sensor data into the one or more image processing pipelines as each

increment of the sensor data is received.

3. The image processing system of claims 1 or 2, wherein the first plurality of logic
blocks and interconnectors are programmed to provide the first input data to a second
plurality of logic blocks and interconnectors programmed to receive the first input data and
generate second input data as each increment of the first input data is output by the first
plurality of logic blocks and interconnectors, and

wherein the second input data is input as one or more increments to one or more
layers of the machine-learned model, the machine-learned model processing each increment

of the second input data as the second input data is received at the one or more layers, to
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provide the output indicative of the detection or classification of the one or more objects

indicated within the sensor data.

4. The image processing system of any one of claims 1-3, wherein the FPGA includes a
third plurality of logic blocks and interconnectors programmed to implement the machine-
learned model, and to provide the output indicative of the detection or classification of the
one or more objects indicated within the sensor data in response to receiving the first input

data and second input data that corresponds to the entire image frame.

5. The image processing system of any one of claims 1-4, wherein the first plurality of
logic blocks and interconnectors are programmed to extract the one or more features from

each increment of the sensor data in parallel.

6. The image processing system of any one of claims 1-5, wherein the first plurality of
logic blocks and interconnectors are programmed to extract the one or more features

associated with a state of the one or more objects indicated within the sensor data.

7. The image processing system of any one of claims 1-6, wherein the sensor data is
associated with a surrounding environment of the autonomous vehicle, and wherein the one

or more objects are located within the surrounding environment of the autonomous vehicle.

8. The image processing system of any one of claims 1-7, wherein the sensor data is

image data and each increment of data corresponds to a row of pixels in the image data.

0. The image processing system of any one of claims 1-7, wherein the sensor data is
LIDAR data that represents a 360 degree scene of an environment, and each increment of the

sensor data corresponds to an angular slice of the 360 degree scene.

10. An autonomous vehicle, comprising:

a field programmable gate array (FPGA) device coupled to one or more sensors that
are configured to obtain sensor data corresponding to an image frame, the FPGA device
comprising one or more memory devices that are configured to store a representation of a
machine-learned model that detects or classifies one or more objects indicated within the

sensor data, the FPGA device further configured to receive a plurality of increments of the
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sensor data as each increment of the sensor data becomes available and to implement one or
more image processing pipelines for pre-processing the sensor data,

wherein the one or more image processing pipelines include a first plurality of logic
blocks and interconnectors programmed to extract one or more features from one or more
increments of the plurality of increments of the sensor data and generate first input data, each
increment of the sensor data corresponding to a portion of the image frame, and

wherein the first input data is input as one or more increments to one or more layers
of the machine-learned model, the machine-learned model processing each increment of the
first input data as the first input data is received at the one or more layers, to provide an
output indicative of a detection or classification of the one or more objects indicated within

the sensor data.

11. The autonomous vehicle of claim 10, wherein the FPGA device receives the sensor
data in the one or more increments and the FPGA pipelines the one or more increments of the
sensor data into the one or more image processing pipelines as each increment of the sensor

data is received.

12. The autonomous vehicle of claims 10 or 11, wherein the first plurality of logic blocks
and interconnectors are programmed to provide the first input data to a second plurality of
logic blocks and interconnectors programmed to receive the first input data and generate
second input data as each increment of the first input data is output by the first plurality of
logic blocks and interconnectors, and

wherein the second input data is input as one or more increments to one or more
layers of the machine-learned model, the machine-learned model processing each increment
of the second input data as the second input data is received at the one or more layers, to
provide the output indicative of the detection or classification of the one or more objects

indicated within the sensor data.

13.  The autonomous vehicle of any one of claims 10-12, wherein the FPGA includes a
third plurality of logic blocks and interconnectors programmed to implement the machine-
learned model, and to provide the output indicative of the detection or classification of the
one or more objects indicated within the sensor data in response to receiving the first input

data and second input data that corresponds to the entire image frame.
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14. A computer-implemented method comprising:

obtaining, by a computing system that includes one or more computing devices,
sensor data that is outputted by one or more sensors as the sensor data becomes available,
wherein the sensor data includes a plurality of increments of data, the computing system
receiving each of the plurality of increments of data;

determining, by the computing system, a number of increments of data associated
with a first inference operation;

inputting, by the computing system into a machine-learned model, a first portion of
the sensor data upon receipt of the first portion of sensor data, wherein the first portion of the
sensor data comprises a subset of the plurality of increments of data that corresponds to the
number of increments associated with the first inference operation, and the machine-learned
model causes the first inference operation to be performed on the first portion of the sensor
data; and

obtaining, by the computing system as an output of the machine-learned model based
at least in part on the first inference operation, a classification of one or more objects

indicated within the sensor data.

15.  The computer-implemented method of claim 14, further comprising:

inputting, by the computing system, a second portion of the sensor data into the
machine-learned model, wherein the second portion of the sensor data corresponds to the
number of increments of data associated with the first inference operation, and the second
portion of the sensor data includes at least one increment of data included in the first portion
of the sensor data and at least one increment of data that was not included in the first portion

of the sensor data.

16.  The computer-implemented method of claims 14 or 15, further comprising:
determining, by the computing system, a number of increments associated with a
second inference operation;
inputting, by the computing system into the machine-learned model, a third portion of
the sensor data upon receipt of the third portion of sensor data, wherein the third portion of
the sensor data corresponds to the number of increments of data associated with the second
inference operation, and the machine-learned model causes the second inference operation to

be performed on the third portion of the sensor data.
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17.  The computer-implemented method of claim 16, wherein the first portion of the
sensor data and the third portion of the sensor data are simultaneously input into the machine-

learned model.

18.  The computer-implemented method of any one of claims 14-17, wherein the
computing system comprises a field programmable gate array configured to perform the first
inference operation, and wherein the one or more sensors are configured to communicate

directly with the field programmable gate array.

19.  The computer-implemented method of claim 18, wherein the sensor and the field

programmable gate array are installed on a single chip.

20.  The computer-implemented method of any one of claims 14-19, wherein the sensor
data corresponds to an environment of an autonomous vehicle, and the method further
comprises:

controlling, by the computing system, the autonomous vehicle to navigate the
environment based at least in part on the classification of the one or more objects indicated

within the sensor data.
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