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ReLU COMPRESSION TO REDUCE GPU MEMORY

BACKGROUND
[0001] The present invention relates generally to compression of graphics processing unit
(GPU) memory, and more specifically, to reducing GPU memory by rectified linear unit
(ReLU) compression techniques.
[0002] A device can have one or more central processing units (CPUs) and one or more
graphics processing units (GPUs). Each of the CPUs is a general-purpose processing device
such as a microprocessor or another type of processor and is used for general computing tasks
of the device. In addition, each of the GPUs is a specialized electronic circuit designed to
rapidly manipulate and alter memory to accelerate the creation of images in a frame buffer
intended for output to a display. Recently, these GPUs can be used as general-purpose
computation on GPUs for a computer task. A general-purpose computation on GPUs is the
utilization of a GPU, which usually handles computation only for computer graphics, to
perform computation in processes traditionally handled by the CPU. For example, a GPU
providing a functional set of operations performed on arbitrary bits can be used for general-
purpose computation on GPUs.
[0003] GPU memory, however, is smaller than CPU memory in general, and GPU is
sometimes not enough for large neural network models. Data transfer between CPU and GPU
is relatively slow in comparison with a GPU’s calculation speed. Thus, it can be difficult for
GPUs to compress data effectively. Compression requires large amounts of computation, but
it can be difficult to compress data on a GPU effectively because it is difficult to get enough

parallelism for GPU.
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SUMMARY
[0004] In accordance with an embodiment, a method is provided for compressing data of a
Rectified Linear Unit (ReLU) function on a graphical processing unit (GPU) employed in a
learning process of a deep neural network. The method includes converting an initial data
structure including nonzero data and zero data into a compressed data structure including only
the nonzero data of the initial data structure as compressed data by generating a “nonzero data
bitmap” region, generating a “nonzero data number table” region by employing a parallel
reduction algorithm, calculating a “nonzero data array index per block™ region of all blocks
from the “nonzero data number table” region by employing a parallel prefix sum scan
algorithm, allocating a buffer for the compressed data; and copying the nonzero data from the
initial data structure into a “nonzero data array” region in a compressed data format in
parallel.
[0005] A non-transitory computer-readable storage medium comprising a computer-readable
program is presented for compressing data of a Rectified Linear Unit (ReLU) function on a
graphical processing unit (GPU) employed in a learning process of a deep neural network,
wherein the computer-readable program when executed on a computer causes the computer to
perform the steps of converting an initial data structure including nonzero data and zero data
into a compressed data structure including only the nonzero data of the initial data structure as
compressed data by generating a “nonzero data bitmap” region, generating a “nonzero data
number table” region by employing a parallel reduction algorithm, calculating a “nonzero data
array index per block” region of all blocks from the “nonzero data number table” region by

employing a parallel prefix sum scan algorithm, allocating a buffer for the compressed data;
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and copying the nonzero data from the initial data structure into a “nonzero data array” region
in a compressed data format in parallel.

[0006] A system for compressing data of a Rectified Linear Unit (ReL.U) function on a
graphical processing unit (GPU) employed in a learning process of a deep neural network is
presented. The system includes a memory and one or more processors in communication with
the memory configured to convert an initial data structure including nonzero data and zero
data into a compressed data structure including only the nonzero data of the initial data
structure as compressed data by generating a “nonzero data bitmap” region, generating a
“nonzero data number table” region by employing a parallel reduction algorithm, calculating a
“nonzero data array index per block” region of all blocks from the “nonzero data number
table” region by employing a parallel prefix sum scan algorithm, allocating a buffer for the
compressed data; and copying the nonzero data from the initial data structure into a “nonzero
data array” region in a compressed data format in parallel.

[0007] It should be noted that the exemplary embodiments are described with reference to
different subject-matters. In particular, some embodiments are described with reference to
method type claims whereas other embodiments have been described with reference to
apparatus type claims. However, a person skilled in the art will gather from the above and the
following description that, unless otherwise notified, in addition to any combination of
features belonging to one type of subject-matter, also any combination between features
relating to different subject-matters, in particular, between features of the method type claims,
and features of the apparatus type claims, is considered as to be described within this

document.
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[0008] These and other features and advantages will become apparent from the following
detailed description of illustrative embodiments thereof, which is to be read in connection

with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS
[0009] The invention will provide details in the following description of preferred
embodiments with reference to the following figures wherein:
[0010] FIG. 1 is a diagram 1llustrating graphics processing unit (GPU) architecture versus
central processing unit (CPU) architecture, in accordance with an embodiment of the present
invention;
[0011] FIG. 2 illustrates an exemplary GPU memory, in accordance with an embodiment of
the present invention;
[0012] FIG. 3 is a diagram illustrating an exemplary convolutional neural network (CNN)
with a rectified linear unit (ReLU) layer, in accordance with an embodiment of the present
invention;
[0013] FIG. 4 is a diagram illustrating an exemplary deep learning CNN, in accordance with
an embodiment of the present invention;
[0014] FIG. 5 1s a diagram illustrating an exemplary data structure of uncompressed data
input, in accordance with an embodiment of the present invention;
[0015] FIG. 6 is a diagram illustrating an exemplary data structure of compressed data, in
accordance with an embodiment of the present invention;
[0016] FIG. 7 1s a diagram illustrating an exemplary compression algorithm methodology, in

accordance with an embodiment of the present invention;
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[0017] FIG. 8 is a diagram illustrating an exemplary decompression algorithm methodology,
in accordance with an embodiment of the present invention;

[0018] FIG. 9 is a block/flow diagram of a compression method for reducing GPU memory
by rectified linear unit (ReL.U) compression techniques, in accordance with an embodiment of
the present invention;

[0019] FIG. 10 is a block/flow diagram of a decompression method for reducing GPU
memory by rectified linear unit (ReLU) compression techniques, in accordance with an
embodiment of the present invention;

[0020] FIG. 11 is a block/flow diagram of a computing method for reducing GPU memory by
rectified linear unit (ReLU) compression techniques, in accordance with an embodiment of
the present invention;

[0021] FIG. 12 is a block/flow diagram of an exemplary cloud computing environment, in
accordance with an embodiment of the present invention; and

[0022] FIG. 13 is a schematic diagram of exemplary abstraction model layers, in accordance
with an embodiment of the present invention.

[0023] Throughout the drawings, same or similar reference numerals represent the same or

similar elements.

DETAILED DESCRIPTION
[0024] The exemplary embodiments of the present invention provide for compression of
graphical processing unit (GPU) memory in deep learning (DL) models. DL models include
several layers, such as convolution layers, rectified linear unit (ReLU) layers, pooling layers,

fully connected (FC) layers, and loss layers (during the training process). The exemplary
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embodiments of the present invention employ compression/decompression techniques on the
ReLU layers of the DL. models. In particular, about half of the floating point numbers in
outputs of the ReLLU layers of the DL models are zero. ReLU outputs “zero” for all negative
inputs. The exemplary embodiments of the present invention aim to eliminate the “0”s in the
outputs of the ReLLU layers and provide a bitmap to record the positions of the “0”s. Thus,
compression/decompression techniques are focused on the elimination of such “zero data,”
where zero data means data designated as “0.”

[0025] The exemplary embodiments of the present invention disclose a method and system
that advantageously reduces GPU memory. In one exemplary method, ReLU compression is
employed for GPU memory reduction where GPU memory is reduced by compressing feature
maps generated by the ReLLU. In another embodiment, ReLU compression is employed with a
recomputation method to compress GPU memory by compressing and saving feature maps
generated by ReLLU layers for starting points of recomputation, and discarding other feature
maps. In yet another embodiment, ReLU compression is employed with a data swapping
method to compress GPU memory by compressing feature maps on the GPU generated by
ReLU layers before transferring them into CPU memory. Thus, data transfer time from GPU
to CPU can be efficiently reduced.

[0026] The exemplary embodiments of the present invention further include a compression
system that generates a “nonzero data bitmap” in parallel, generates a “nonzero data number
table” by employing a parallel reduction algorithm, calculates a “nonzero data array index per
block™ of all blocks from the “nonzero data number table” by employing a parallel prefix sum
scan algorithm, allocates the buffer for compressed data, and copies nonzero data from the

original data into a “nonzero data array,” in parallel. The exemplary embodiments of the
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present invention further include a decompression system that allocates the buffer from the
original data, and clears the buffer, calculates a “nonzero data array index per block™ of all
blocks from the “nonzero data number table” by employing a parallel prefix sum scan
algorithm, and copies a “nonzero data array” from the original data according to the “nonzero
data bitmap” data, in parallel.

[0027] It 1s to be understood that the present invention will be described in terms of a given
illustrative architecture; however, other architectures, structures, substrate materials and
process features and steps/blocks can be varied within the scope of the present invention. It
should be noted that certain features cannot be shown in all figures for the sake of clarity. This
is not intended to be interpreted as a limitation of any particular embodiment, or illustration,
or scope of the claims.

[0028] Various illustrative embodiments of the invention are described below. In the interest
of clarity, not all features of an actual implementation are described in this specification. It
will of course be appreciated that in the development of any such actual embodiment,
numerous implementation-specific decisions must be made to achieve the developers' specific
goals, such as compliance with system-related and business-related constraints, which will
vary from one implementation to another. Moreover, it will be appreciated that such a
development effort might be complex and time-consuming, but would nevertheless be a
routine undertaking for those of ordinary skill in the art having the benefit of this invention.
[0029] FIG. 1 is a diagram illustrating graphics processing unit (GPU) architecture versus
central processing unit (CPU) architecture, in accordance with an embodiment of the present

invention.
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[0030] A CPU 10 works together with a GPU 20 to increase the throughput of data and the
number of concurrent calculations within an application. GPUs were originally designed to
create images for computer graphics and video game consoles, however, GPUs can also be
used to accelerate calculations involving massive amounts of data (e.g., in DL models).

[0031] A CPU cannot be fully replaced by a GPU. GPU 20 complements CPU architecture 10
by allowing repetitive calculations within an application to be run in parallel while the main
program continues to run on the CPU 10. The CPU 10 can be thought of as the taskmaster of
the entire system, coordinating a wide range of general-purpose computing tasks, with the
GPU 20 performing a narrower range of more specialized tasks (usually mathematical). Using
the power of parallelism, GPU 20 can complete more work in the same amount of time as
compared to the CPU 10.

[0032] The main difference between the CPU 10 and GPU architecture 20 is that the CPU 10
is designed to handle a wide-range of tasks quickly (as measured by CPU clock speed), but
are limited in the concurrency of tasks that can be running. The GPU 20 is designed to quickly
render high-resolution images and video concurrently.

[0033] Because GPUs can perform parallel operations on multiple sets of data, GPUs are also
commonly used for non-graphical tasks such as machine learning and scientific computation.
Designed with thousands of processor cores running simultaneously, GPUs enable massive
parallelism where each core is focused on making efficient calculations.

[0034] While GPUs can process data several orders of magnitude faster than a CPU due to
massive parallelism, GPUs are not as versatile as CPUs. CPUs have large and broad
instruction sets, managing every input and output of a computer, which a GPU cannot do.

While individual CPU cores are faster (as measured by CPU clock speed) and smarter than
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individual GPU cores (as measured by available instruction sets), the sheer number of GPU
cores and the massive amount of parallelism that they offer more than make up the single-core
clock speed difference and limited instruction sets.

[0035] As illustrated in FIG. 1, the CPU 10 can include a dynamic random-access memory
(DRAM) 12, a cache 14, a control unit 16, and a few, e.g., 4 arithmetic logic units (ALUs) 18.
In contrast, GPU 20 can include a DRAM 12, several cache 24, several control units 26, and a
plurality of ALUs 28. Thus, the GPU architecture 20 is different than the CPU architecture 10
in that multiple cache 24 and control units 26 are employed in the GPU 20, and a significantly
higher number of ALUs 28 are employed in the GPU 20.

[0036] FIG. 2 illustrates an exemplary GPU memory, in accordance with an embodiment of
the present invention.

[0037] GPUs have evolved into general-purpose parallel execution machines. The general
model of stream computing is each element in a set of streams, e.g., ordered sets of data, 1s
processed by the same kernel, e.g., the set of functions to produce one or more streams as
output. Each kernel is distributed on a set of GPU cores in the form of threads, each one
executing concurrently the same program on a different set of data. Within this, threads are
grouped into blocks and executed in sync. In case of a branching in the execution, the block is
partitioned in two, then all the threads on the first branch are executed in parallel and
eventually the same is done for all the threads on the second branch. This general model of
parallel execution is often called single-instruction multiple-thread (SIMT) or single-program
multiple-data (SPMD). Compared to the older single instruction, multiple data (SIMD), it

allows greater flexibility in the flow of different threads.
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[0038] GPU memory hierarchy is different compared to CPU memory hierarchy. In general,
GPU memory space can be categorized in the following groups: register, constant memory,
shared memory, texture memory, local memory, and global memory. In most GPU
architectures, onboard memory (also called device memory) is organized in the following
hierarchy: global memory 50, accessible by all threads 34, 44 in execution, shared memory
32, 42, a faster cache memory dedicated to each single thread block 30, 40 and local memory
36, 46 and/or registers, which are private to each thread 34, 44.

[0039] FIG. 3 is a diagram illustrating an exemplary convolutional neural network (CNN)
with a rectified linear unit (ReLU) layer, in accordance with an embodiment of the present
invention.

[0040] Convolutional neural networks (CNNs) are used in situations where data can be
expressed as a “map” where the proximity between two data points indicates how related they
are. An image is such a map, which is why CNNs are used in the context of image analysis. If
an image 1s selected and all the pixels, of the image are randomly rearranged, the image is no
longer recognizable. However, a relative position of the pixels to one another, that is, the
order, is significant.

[0041] With that said, a CNN takes an image 62 expressed as an array of numbers, applies a
series of operations to that array and, at the end, returns the probability that an object in the
image belongs to a particular class of objects. CNNs include one or more of each of the
following layers: convolution layer 64, rectified linear unit (ReLU) layer 66, pooling layer,
fully connected (FC) layer, and loss layer (during the training process). CNNs process the

image 62 using a matrix of weights called filters (or features or feature maps) that detect
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specific attributes such as diagonal edges, vertical edges, etc. Moreover, as the image 62
progresses through each layer, the filters are able to recognize more complex attributes.
[0042] The ReLU layer 66 commonly follows the convolution layer 64. The addition of the
ReLU layer 66 allows the neural network to account for non-linear relationships, e.g., the
ReLU layer 66 allows the CNN to account for situations in which the relationship between the
pixel value inputs and the CNN output is not linear. Note that the convolution operation is a
linear one. The output in the feature map is just the result of multiplying the weights of a
given filter by the pixel values of the input and adding them up.

[0043] The purpose of applying the ReLU function 66 is to increase the non-linearity in the
image 62. The reason for doing so is that the image 62 is naturally non-linear. When a person
looks at any image, the person finds the image to include several non-linear features (e.g., the
transition between pixels, the borders, the colors, etc.). The rectifier 66 serves to break up the
linearity even further in order to make up for the linearity that one might impose an image
when it 1s put through the convolution operation.

[0044] FIG. 4 is a diagram illustrating an exemplary deep learning CNN, in accordance with
an embodiment of the present invention.

[0045] CNNs can also be referred to as ConvNets, which derive their name from the
“Convolution Operation.” The “convolution” 64 in case of ConvNet is to extract features from
the input images 62. Convolution 64 preserves the spatial relationships between pixels by
learning image features of input data. The output of the convolutional layer 64 is feature
maps.

[0046] The pooling layer 68 contributes towards the ability of the CNN to locate features

regardless of where they are in the image. In particular, the pooling layer 68 makes the CNN

11
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less sensitive to small changes in the location of a feature, e.g., the pooling layer 68 gives the
CNN the property of translational invariance in that the output of the pooling layer 68 remains
the same even when a feature 1s moved a little. Pooling also reduces the size of the feature
map, thus simplifying computation in later layers. There are a number of ways to implement
pooling, but the most effective in practice is max pooling.

[0047] Flattening is the process of converting all the resultant 2-dimensional arrays into a
single long continuous linear vector.

[0048] The Fully Connected (FC) layer 70 is a traditional Multi-Layer Perceptron that uses a
softmax activation function in the output layer. The term “Fully Connected” implies that every
neuron in the previous layer is connected to every neuron on the next layer. The FC layer 70
includes an input layer 72, hidden layers 74, and an output layer 76. The output from the
convolutional and pooling layers represent high-level features of the input image. The purpose
of the FC layer 70 is to use these features for classifying the input image 62 into various classes
based on the training dataset. The exemplary embodiments aim to compress GPU memory by
employing compression techniques to the ReLLU layer or rectifier 66.

[0049] FIG. 5 is a diagram illustrating an exemplary data structure of uncompressed data
input, in accordance with an embodiment of the present invention.

[0050] The data structure 80 1s an exemplary data structure presented for illustrative purposes
only and does not limit the invention in any way. The data structure 80 includes, e.g., two
columns, the columns separated into, e.g., three blocks, that is block 82, block 84, and block
86. Each row in the columns includes floating numbers. Half the numbers can be zero and the
other half of the numbers can be any nonzero numbers. Each column can hold, e.g., 4 bytes of

data. Data structure 80 can be an original or initial uncompressed data structure.

12



WO 2022/089421 PCT/CN2021/126374

[0051] Therefore, the exemplary embodiments of the present invention assume outputs of the
ReLU layer are assumed as inputs and an array of single precision (e.g., 4 byte) floating-point
numbers can be employed. The size of floating-point numbers can be, e.g., 1, 2, 4, 8 bytes. By
the nature of the ReLU layer, about half of the floating-numbers are (exact) zero, and the other
half are nonzero floating point numbers. The goal of the exemplary embodiments is to
eliminate or remove the “0”s in the outputs and have a bitmap to record such positions. Thus,
compression is focused on the elimination or removal of such “zero data,” as detailed below
with reference to FIG. 6.

[0052] FIG. 6 1s a diagram illustrating an exemplary data structure of compressed data, in
accordance with an embodiment of the present invention.

[0053] Before describing the modified data structure 90 with compressed data, certain
observations are made. ReLU is a standard activation function in deep learning models, as
shown in FIGS. 3 and 4 above. Most deep learning models have many RelLU functions 66.
Half of floating point numbers in ReLU’s outputs are zero. ReLLU outputs “zero” for all
negative inputs. GPU is a popular architecture for deep learning, but has special limitations
for algorithms to utilize GPU cores. A large degree of parallelism is needed for practically
effective execution. All threads should work with the same program (or algorithm).
Synchronization among threads and blocks should be minimized. Generally speaking, it is
difficult for a GPU to compress data effectively because it is difficult to parallelize to
construct dictionaries for compression.

[0054] The motivation of the exemplary embodiments of the present invention is to introduce
lossless compression on a GPU specific for ReLU’s outputs (not for images or texts), by

eliminating or removing “0”s in the outputs and having a bitmap to record their positions. The
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strategy 1s to design compression and decompression algorithms including highly parallel
algorithms for GPUs. The focus is to compress/decompress the ReLU’s outputs. The
exemplary embodiments introduce algorithms to utilize GPU architecture by combining
several parallel algorithms employed for GPUs.

[0055] Referring back to FIG. 6, the modified or adjusted or compressed data structure 90
includes an “original data length” block or region 92, a “nonzero data number table” region
94, a “nonzero data bitmap” region 96, and a “nonzero data array index per block” region 98
with block areas 100, 102, 104. The “nonzero data number table” region 94 includes a region
94’ (# of nonzero 1n area 100), a region 94°” (# of nonzero in area 102), a region 94°”” (# of
nonzero in area 104), etc.

[0056] The data is compressed/decompressed by a combination of a parallel reduction
algorithm and a parallel prefix sum algorithm, which can utilize GPU cores effectively. The
data structure uses a simple lossless compression format specific to the ReLU’s outputs (does
not support images or texts). This restriction makes the compression algorithm and data
structures simple, and enables the use of parallel algorithms with a large degree of parallelism
for compression. As a result, the structure 90 of the compressed data includes the following
regions: original data length 92 (optional), which is a length of the original data, nonzero data
number table 94, which is a number of nonzero data in each block, nonzero data bitmap 96,
which is a bitmap indicating nonzero data positions, and nonzero data array 98, which is an
array of nonzero data in the original or uncompressed data.

[0057] The GPU cores are utilized by employing a parallel reduction algorithm to generate a
“nonzero number per block table” and a parallel prefix sum scan algorithm to calculate a

“starting index of nonzero data array of all blocks.” The parallel reduction algorithm can be an

14



WO 2022/089421 PCT/CN2021/126374

algorithm provided by, e.g., NVIDIA®. Parallel reduction works by using half the number of
threads of the elements in the dataset. Every thread calculates the minimum of its own
element and some other element. The resultant element is forwarded to the next round. The
number of threads is then reduced by half and the process is repeated until there is just a
single element remaining, which is the result of the operation.

[0058] Regarding the compression algorithm, first the method generates the “nonzero data
bitmap” region in parallel. Then the method generates the “nonzero data number table” region
by employing a parallel reduction algorithm. Subsequently the method calculates the “nonzero
data array index per block” region of all blocks from the “nonzero data number table” by
employing a parallel prefix sum scan algorithm. The method then allocates the buffer for
compressed data. Finally, the method copies the nonzero data from the original or initial input
data into a “nonzero data array” region, in parallel. Parallel prefix sum, also known as parallel
Scan, is a useful building block for many parallel algorithms including sorting and building
data structures. Both the parallel reduction algorithm and the parallel prefix sum scan
algorithm are compatible with CUDA, CUDA being a parallel computing platform and
application programming interface model created by NVIDIA®. CUDA allows software
developers and software engineers to use a CUDA-enabled graphics processing unit for
general purpose processing, an approach termed GPGPU.

[0059] Regarding the decompression algorithm, the method first allocates the buffer for
original data, and then clears the buffer. Next, the method calculate the “nonzero data array
index per block” region of all blocks from the “nonzero data number table” region by
employing a parallel prefix sum scan algorithm. Finally, the method copies the “nonzero data

array” region into the original data according to the “nonzero data bitmap” region in parallel.
y 2 g g p 4 p
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[0060] Moreover, it is noted that the “nonzero data bitmap” region 96 is displayed directly
above the “nonzero data array index per block™ region 98 in the compressed data structure 90.
The “nonzero data number table” region 94 is displayed directly above the “nonzero data
bitmap” region 96 in the compressed data structure 90. Also, the “nonzero data bitmap”
region 96 displays the uncompressed data 200 (FIGS. 7 and 8) in binary format (1s and 0Os) in
a sequential manner. The sequence of binary digits extends in a horizontal manner from left to
right within the “nonzero data bitmap” region 96. Moreover, the blocks 94°, 94°° 94°°” are
displayed in a single row of the “nonzero data number table” region 94. Areas or blocks 100,
102, 104 can have different sizes, including rectangular and non-rectangular sizes.

[0061] FIG. 7 is a diagram illustrating an exemplary compression algorithm methodology, in
accordance with an embodiment of the present invention.

[0062] When executing the compression algorithm, the uncompressed data 200 is converted
into a bitmap 210 by generating a “nonzero data number” table 214, as shown by arrow 225.
The nonzero data in the uncompressed data 200 is designated as 202. The bitmap 210
represents the uncompressed data 200 in binary format. A “0” corresponds to all “zero data”
and a “1” corresponds to all positive non-zero data. The bitmap 210 is mapped into the
“nonzero data bitmap” 216. The “nonzero data number” table 214 is formed in a single row
and includes several boxes or areas, where each area indicates a number of the nonzeros in
each block. The first area 214’ indicates 4 nonzeros in block #0, the second area 214’
indicates 5 nonzeros in block #1, the third area 214””’ is being processed to determine the
exact number of nonzeros in block #2. This is accomplished by employing a parallel reduction
algorithm. In the next step (step 3), a “nonzero data array index per block™ 218 of all blocks is

calculated from the “nonzero data number” table 214 by employing a parallel prefix sum scan
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algorithm. Then the buffer is allocated for compressed data. Finally, in step 5, the nonzero
data 202 is copied from the original data (in the uncompressed data 200) into the “nonzero
data array” 218. The compressed data structure further includes an “original data length”
region 212 at a topmost portion thereof. Region 212 can be optional.

[0063] FIG. 8 is a diagram illustrating an exemplary decompression algorithm methodology,
in accordance with an embodiment of the present invention.

[0064] When executing the decompression algorithm, the buffer is allocated from the original
data and the buffer is then cleared. In the next step, the “nonzero data array index per block™
of all blocks is calculated from the “nonzero data number table” by employing the parallel
prefix sum scan algorithm. Finally, in step 3, the “nonzero data array” is copied into the
original data according to the “nonzero data bitmap” data, in parallel. This is indicated by
arrow 235. The first area 214’ indicates 4 nonzeros (or nonzero entries) in block #0, the
second area 214°” indicates 5 nonzeros (or nonzero entries) in block #1, the third area 214°" 1s
being processed to determine the exact number of nonzeros in block #2. As a result, the “zero
data” or data indicated as “0” have been removed when putting together the compressed data
structures shown in FIGS. 6-8.

[0065] Thus, the exemplary embodiments of the present invention support both compression
and decompression of outputs of the ReLU layers, which are employed in most DL models.
The target hardware for the exemplary methods is the GPU, which supports both the learning
phase and the inference shape. Additionally, the exemplary methods provide for lossless
compression and maintain the original DL models. The exemplary methods can thus utilize

GPU better with higher parallelism due to the nature of outputs of the ReLU layers.
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[0066] FIG. 9 is a block/flow diagram of a compression method for reducing GPU memory
by rectified linear unit (ReL.U) compression techniques, in accordance with an embodiment of
the present invention.

[0067] At block 910, generate a “nonzero data bitmap” region, in parallel.

[0068] At block 920, generate a “nonzero data number table” by employing a parallel
reduction algorithm.

[0069] At block 930, calculate a “nonzero data array index per block™ region of all blocks
from the “nonzero data number table” by employing a parallel prefix sum scan algorithm.
[0070] At block 940, allocate the buffer for compressed data.

[0071] At block 950, copy nonzero data from the original data into a “nonzero data array” in
the compressed data format, in parallel.

[0072] FIG. 10 is a block/flow diagram of a decompression method for reducing GPU
memory by rectified linear unit (ReLU) compression techniques, in accordance with an
embodiment of the present invention.

[0073] At block 1010, allocate the buffer from the original data, and clear the buffer.

[0074] At block 1020, calculate the “nonzero data array index per block™ region of all blocks
from the “nonzero data number table” by employing a parallel prefix sum scan algorithm.
[0075] At block 1030, copy the “nonzero data array” from the original data according to the
“nonzero data bitmap,” in parallel.

[0076] Therefore, in conclusion, a system is presented that includes outputs of a ReLU
function on GPU, whose compression data includes “original data length,” “nonzero data
number table” indicating number of nonzero data per block, “nonzero data bitmap” indicating

nonzero data positions, and “nonzero data array” for nonzero data from the original data.
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[0077] The compression system generates the “nonzero data bitmap” in parallel, generates a
“nonzero data number table” by employing a parallel reduction algorithm, calculates a
“nonzero data array index per block™ of all blocks from the nonzero data number table by
employing a parallel prefix sum scan algorithm, allocates the buffer for compressed data, and
copies nonzero data from the original data into a “nonzero data array,” in parallel.

[0078] The decompression system allocates the buffer for original data, and clears the buffer,
calculates “nonzero data array index per block™ of all blocks from the “nonzero data number
table” by employing a parallel prefix sum scan algorithm, and copies the “nonzero data array”
from the original data according to the “nonzero data bitmap” data, in parallel.

[0079] Consequently, the exemplary embodiments of the present invention reduce GPU
memory and several methods can be selected for each layer independently. In one method,
ReLU compression is employed for GPU memory reduction where GPU memory is reduced
by compressing feature maps generated by ReLLU. In another exemplary embodiment, ReLU
compression is employed with a recomputation method to compress GPU memory by
compressing and saving feature maps generated by ReLLU layers for starting points of
recomputation, and discarding other feature maps. This method can reduce GPU memory size
for saved feature maps by using ReLU’s compression method. In yet another exemplary
embodiment, ReLU compression is employed with a data swapping method to compress GPU
memory by compressing feature maps on GPU generated by ReLU layers before transferring
them into CPU memory. Thus, data transfer time from GPU to CPU can be efficiently
reduced. This exemplary method transfers data from the CPU to the GPU, then decompresses

the data.

19



WO 2022/089421 PCT/CN2021/126374

[0080] FIG. 11 is a block/flow diagram of a computing method for reducing GPU memory by
rectified linear unit (ReLU) compression techniques, in accordance with an embodiment of
the present invention.

[0081] A block diagram is shown of an apparatus 1100 for implementing one or more of the
methodologies presented herein.

[0082] Apparatus 1100 includes a computer system 1110 and removable media 1150.
Computer system 1110 includes a CPU device and a GPU device collectively referred to as
1120, a network interface 1125, a memory 1130, a media interface 1135 and an optional
display 1140. Network interface 1125 allows computer system 1110 to connect to a network,
while media interface 1135 allows computer system 1110 to interact with media, such as a
hard drive or removable media 1150.

[0083] CPU/GPU 1120 can be configured to implement the methods, steps, and functions
disclosed herein. The memory 1130 could be distributed or local and the processor CPU/GPU
1120 could be distributed or singular. The memory 1130 could be implemented as an
electrical, magnetic or optical memory, or any combination of these or other types of storage
devices. Moreover, the term “memory” should be construed broadly enough to encompass any
information able to be read from, or written to, an address in the addressable space accessed
by CPU/GPU 1120. With this definition, information on a network, accessible through
network interface 1125, is still within memory 1130 because the processor device 1120 can
retrieve the information from the network. It should be noted that each distributed processor
that makes up CPU/GPU 1120 generally includes its own addressable memory space. It
should also be noted that some or all of computer system 1110 can be incorporated into an

application-specific or general-use integrated circuit.
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[0084] Optional display 1140 is any type of display suitable for interacting with a human user
of apparatus 1100. Generally, display 1140 is a computer monitor or other similar display.
[0085] FIG. 12 is a block/flow diagram of an exemplary cloud computing environment, in
accordance with an embodiment of the present invention.

[0086] It 1s to be understood that although this invention includes a detailed description on
cloud computing, implementation of the teachings recited herein are not limited to a cloud
computing environment. Rather, embodiments of the present invention are capable of being
implemented in conjunction with any other type of computing environment now known or
later developed.

[0087] Cloud computing is a model of service delivery for enabling convenient, on-demand
network access to a shared pool of configurable computing resources (e.g., networks, network
bandwidth, servers, processing, memory, storage, applications, virtual machines, and services)
that can be rapidly provisioned and released with minimal management effort or interaction
with a provider of the service. This cloud model can include at least five characteristics, at
least three service models, and at least four deployment models.

[0088] Characteristics are as follows:

[0089] On-demand self-service: a cloud consumer can unilaterally provision computing
capabilities, such as server time and network storage, as needed automatically without
requiring human interaction with the service’s provider.

[0090] Broad network access: capabilities are available over a network and accessed through
standard mechanisms that promote use by heterogeneous thin or thick client platforms (e.g.,

mobile phones, laptops, and PDAs).
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[0091] Resource pooling: the provider’s computing resources are pooled to serve multiple
consumers using a multi-tenant model, with different physical and virtual resources
dynamically assigned and reassigned according to demand. There is a sense of location
independence in that the consumer generally has no control or knowledge over the exact
location of the provided resources but can be able to specify location at a higher level of
abstraction (e.g., country, state, or datacenter).

[0092] Rapid elasticity: capabilities can be rapidly and elastically provisioned, in some cases
automatically, to quickly scale out and rapidly released to quickly scale in. To the consumer,
the capabilities available for provisioning often appear to be unlimited and can be purchased
in any quantity at any time.

[0093] Measured service: cloud systems automatically control and optimize resource use by
leveraging a metering capability at some level of abstraction appropriate to the type of service
(e.g., storage, processing, bandwidth, and active user accounts). Resource usage can be
monitored, controlled, and reported, providing transparency for both the provider and
consumer of the utilized service.

[0094] Service Models are as follows:

[0095] Software as a Service (SaaS): the capability provided to the consumer is to use the
provider’s applications running on a cloud infrastructure. The applications are accessible from
various client devices through a thin client interface such as a web browser (e.g., web-based e-
mail). The consumer does not manage or control the underlying cloud infrastructure including
network, servers, operating systems, storage, or even individual application capabilities, with

the possible exception of limited user-specific application configuration settings.
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[0096] Platform as a Service (PaaS): the capability provided to the consumer is to deploy onto
the cloud infrastructure consumer-created or acquired applications created using programming
languages and tools supported by the provider. The consumer does not manage or control the
underlying cloud infrastructure including networks, servers, operating systems, or storage, but
has control over the deployed applications and possibly application hosting environment
configurations.

[0097] Infrastructure as a Service (IaaS): the capability provided to the consumer is to
provision processing, storage, networks, and other fundamental computing resources where
the consumer is able to deploy and run arbitrary software, which can include operating
systems and applications. The consumer does not manage or control the underlying cloud
infrastructure but has control over operating systems, storage, deployed applications, and
possibly limited control of select networking components (e.g., host firewalls).

[0098] Deployment Models are as follows:

[0099] Private cloud: the cloud infrastructure is operated solely for an organization. It can be
managed by the organization or a third party and can exist on-premises or off-premises.
[0100] Community cloud: the cloud infrastructure is shared by several organizations and
supports a specific community that has shared concerns (e.g., mission, security requirements,
policy, and compliance considerations). It can be managed by the organizations or a third
party and can exist on-premises or off-premises.

[0101] Public cloud: the cloud infrastructure is made available to the general public or a large
industry group and is owned by an organization selling cloud services.

[0102] Hybrid cloud: the cloud infrastructure is a composition of two or more clouds (private,

community, or public) that remain unique entities but are bound together by standardized or
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proprietary technology that enables data and application portability (e.g., cloud bursting for
load-balancing between clouds).

[0103] A cloud computing environment is service oriented with a focus on statelessness, low
coupling, modularity, and semantic interoperability. At the heart of cloud computing is an
infrastructure that includes a network of interconnected nodes.

[0104] Referring now to FIG. 12, illustrative cloud computing environment 1250 is depicted
for enabling use cases of the present invention. As shown, cloud computing environment 1250
includes one or more cloud computing nodes 1210 with which local computing devices used
by cloud consumers, such as, for example, personal digital assistant (PDA) or cellular
telephone 1254 A, desktop computer 1254B, laptop computer 1254C, and/or automobile
computer system 1254N can communicate. Nodes 1210 can communicate with one another.
They can be grouped (not shown) physically or virtually, in one or more networks, such as
Private, Community, Public, or Hybrid clouds as described hereinabove, or a combination
thereof. This allows cloud computing environment 1250 to offer infrastructure, platforms
and/or software as services for which a cloud consumer does not need to maintain resources
on a local computing device. It is understood that the types of computing devices 1254A-N
shown in FIG. 12 are intended to be illustrative only and that computing nodes 1210 and
cloud computing environment 1250 can communicate with any type of computerized device
over any type of network and/or network addressable connection (e.g., using a web browser).
[0105] FIG. 13 is a schematic diagram of exemplary abstraction model layers, in accordance
with an embodiment of the present invention. It should be understood in advance that the

components, layers, and functions shown in FIG. 13 are intended to be illustrative only and

24



WO 2022/089421 PCT/CN2021/126374

embodiments of the invention are not limited thereto. As depicted, the following layers and
corresponding functions are provided:

[0106] Hardware and software layer 1360 includes hardware and software components.
Examples of hardware components include: mainframes 1361; RISC (Reduced Instruction Set
Computer) architecture based servers 1362; servers 1363; blade servers 1364; storage devices
1365; and networks and networking components 1366. In some embodiments, software
components include network application server software 1367 and database software 1368.
[0107] Virtualization layer 1370 provides an abstraction layer from which the following
examples of virtual entities can be provided: virtual servers 1371; virtual storage 1372; virtual
networks 1373, including virtual private networks; virtual applications and operating systems
1374; and virtual clients 1375.

[0108] In one example, management layer 1380 can provide the functions described below.
Resource provisioning 1381 provides dynamic procurement of computing resources and other
resources that are utilized to perform tasks within the cloud computing environment. Metering
and Pricing 1382 provide cost tracking as resources are utilized within the cloud computing
environment, and billing or invoicing for consumption of these resources. In one example,
these resources can include application software licenses. Security provides identity
verification for cloud consumers and tasks, as well as protection for data and other resources.
User portal 1383 provides access to the cloud computing environment for consumers and
system administrators. Service level management 1384 provides cloud computing resource
allocation and management such that required service levels are met. Service Level

Agreement (SLA) planning and fulfillment 1385 provide pre-arrangement for, and
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procurement of, cloud computing resources for which a future requirement is anticipated in
accordance with an SLA.

[0109] Workloads layer 1390 provides examples of functionality for which the cloud
computing environment can be utilized. Examples of workloads and functions which can be
provided from this layer include: mapping and navigation 1391; software development and
lifecycle management 1392; virtual classroom education delivery 1393; data analytics
processing 1394; transaction processing 1395; and a compression for ReLU feature map 1396
in cloud servers.

[0110] As used herein, the terms “data,” “content,” “information” and similar terms can be
used interchangeably to refer to data capable of being captured, transmitted, received,
displayed and/or stored in accordance with various example embodiments. Thus, use of any
such terms should not be taken to limit the scope of the disclosure. Further, where a
computing device is described herein to receive data from another computing device, the data
can be received directly from the another computing device or can be received indirectly via
one or more intermediary computing devices, such as, for example, one or more servers,
relays, routers, network access points, base stations, and/or the like.

[0111] To provide for interaction with a user, embodiments of the subject matter described in
this specification can be implemented on a computer having a display device, e.g., a CRT
(cathode ray tube) or LCD (liquid crystal display) monitor, for displaying information to the
user and a keyboard and a pointing device, e.g., a mouse or a trackball, by which the user can
provide input to the computer. Other kinds of devices can be used to provide for interaction

with a user as well; for example, feedback provided to the user can be any form of sensory
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feedback, e.g., visual feedback, auditory feedback, or tactile feedback; and input from the user
can be received in any form, including acoustic, speech, or tactile input.

[0112] The present invention can be a system, a method, and/or a computer program product.
The computer program product can include a computer readable storage medium (or media)
having computer readable program instructions thereon for causing a processor to carry out
aspects of the present invention.

[0113] The computer readable storage medium can be a tangible device that can retain and
store instructions for use by an instruction execution device. The computer readable storage
medium can be, for example, but is not limited to, an electronic storage device, a magnetic
storage device, an optical storage device, an electromagnetic storage device, a semiconductor
storage device, or any suitable combination of the foregoing. A non-exhaustive list of more
specific examples of the computer readable storage medium includes the following: a portable
computer diskette, a hard disk, a random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory (EPROM or Flash memory), a static
random access memory (SRAM), a portable compact disc read-only memory (CD-ROM), a
digital versatile disk (DVD), a memory stick, a floppy disk, a mechanically encoded device
such as punch-cards or raised structures in a groove having instructions recorded thereon, and
any suitable combination of the foregoing. A computer readable storage medium, as used
herein, is not to be construed as being transitory signals per se, such as radio waves or other
freely propagating electromagnetic waves, electromagnetic waves propagating through a
waveguide or other transmission media (e.g., light pulses passing through a fiber-optic cable),

or electrical signals transmitted through a wire.
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[0114] Computer readable program instructions described herein can be downloaded to
respective computing/processing devices from a computer readable storage medium or to an
external computer or external storage device via a network, for example, the Internet, a local
area network, a wide area network and/or a wireless network. The network can include
copper transmission cables, optical transmission fibers, wireless transmission, routers,
firewalls, switches, gateway computers and/or edge servers. A network adapter card or
network interface in each computing/processing device receives computer readable program
instructions from the network and forwards the computer readable program instructions for
storage in a computer readable storage medium within the respective computing/processing
device.

[0115] Computer readable program instructions for carrying out operations of the present
invention can be assembler instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions, microcode, firmware instructions,
state-setting data, or either source code or object code written in any combination of one or
more programming languages, including an object oriented programming language such as
Smalltalk, C++ or the like, and conventional procedural programming languages, such as the
“C” programming language or similar programming languages. The computer readable
program instructions can execute entirely on the user’s computer, partly on the user’s
computer, as a stand-alone software package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or server. In the latter scenario, the
remote computer can be connected to the user’s computer through any type of network,
including a local area network (LAN) or a wide area network (WAN), or the connection can

be made to an external computer (for example, through the Internet using an Internet Service
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Provider). In some embodiments, electronic circuitry including, for example, programmable
logic circuitry, field-programmable gate arrays (FPGA), or programmable logic arrays (PLA)
can execute the computer readable program instructions by utilizing state information of the
computer readable program instructions to personalize the electronic circuitry, in order to
perform aspects of the present invention.

[0116] Aspects of the present invention are described herein with reference to flowchart
illustrations and/or block diagrams of methods, apparatus (systems), and computer program
products according to embodiments of the invention. It will be understood that each block of
the flowchart illustrations and/or block diagrams, and combinations of blocks in the flowchart
illustrations and/or block diagrams, can be implemented by computer readable program
instructions.

[0117] These computer readable program instructions can be provided to at least one
processor of a general purpose computer, special purpose computer, or other programmable
data processing apparatus to produce a machine, such that the instructions, which execute via
the processor of the computer or other programmable data processing apparatus, create means
for implementing the functions/acts specified in the flowchart and/or block diagram block or
blocks or modules. These computer readable program instructions can also be stored in a
computer readable storage medium that can direct a computer, a programmable data
processing apparatus, and/or other devices to function in a particular manner, such that the
computer readable storage medium having instructions stored therein includes an article of
manufacture including instructions which implement aspects of the function/act specified in

the flowchart and/or block diagram block or blocks or modules.
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[0118] The computer readable program instructions can also be loaded onto a computer, other
programmable data processing apparatus, or other device to cause a series of operational
blocks/steps to be performed on the computer, other programmable apparatus or other device
to produce a computer implemented process, such that the instructions which execute on the
computer, other programmable apparatus, or other device implement the functions/acts
specified in the flowchart and/or block diagram block or blocks or modules.

[0119] The flowchart and block diagrams in the Figures illustrate the architecture,
functionality, and operation of possible implementations of systems, methods, and computer
program products according to various embodiments of the present invention. In this regard,
each block in the flowchart or block diagrams can represent a module, segment, or portion of
instructions, which includes one or more executable instructions for implementing the
specified logical function(s). In some alternative implementations, the functions noted in the
blocks can occur out of the order noted in the figures. For example, two blocks shown in
succession can, in fact, be executed substantially concurrently, or the blocks can sometimes be
executed in the reverse order, depending upon the functionality involved. It will also be noted
that each block of the block diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration, can be implemented by special
purpose hardware-based systems that perform the specified functions or acts or carry out
combinations of special purpose hardware and computer instructions.

[0120] Reference in the specification to “one embodiment” or “an embodiment” of the present
principles, as well as other variations thereof, means that a particular feature, structure,
characteristic, and so forth described in connection with the embodiment is included in at least

one embodiment of the present principles. Thus, the appearances of the phrase “in one
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embodiment” or “in an embodiment”, as well any other variations, appearing in various places
throughout the specification are not necessarily all referring to the same embodiment.

[0121] It 1s to be appreciated that the use of any of the following “/”, “and/or”, and “at least
one of”, for example, in the cases of “A/B”, “A and/or B” and “at least one of A and B”, 1s
intended to encompass the selection of the first listed option (A) only, or the selection of the
second listed option (B) only, or the selection of both options (A and B). As a further
example, in the cases of “A, B, and/or C” and “at least one of A, B, and C”, such phrasing is
intended to encompass the selection of the first listed option (A) only, or the selection of the
second listed option (B) only, or the selection of the third listed option (C) only, or the
selection of the first and the second listed options (A and B) only, or the selection of the first
and third listed options (A and C) only, or the selection of the second and third listed options
(B and C) only, or the selection of all three options (A and B and C). This can be extended, as
readily apparent by one of ordinary skill in this and related arts, for as many items listed.
[0122] Having described preferred embodiments of a system and method for compressing
data of a Rectified Linear Unit (ReLU) function on a graphical processing unit (GPU)
employed in a learning process of a deep neural network (which are intended to be illustrative
and not limiting), it is noted that modifications and variations can be made by persons skilled
in the art in light of the above teachings. It is therefore to be understood that changes may be
made in the particular embodiments described which are within the scope of the invention as
outlined by the appended claims. Having thus described aspects of the invention, with the
details and particularity required by the patent laws, what is claimed and desired protected by

Letters Patent 1s set forth in the appended claims.
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CLAIMS

1. A method for compressing data of a Rectified Linear Unit (ReLU) function on
a graphical processing unit (GPU) employed in a learning process of a deep neural network,
the method comprising;:
converting an initial data structure including nonzero data and zero data into a
compressed data structure including only the nonzero data of the initial data structure as
compressed data by:
generating a nonzero data bitmap region;
generating a nonzero data number table region by employing a parallel
reduction algorithm;
calculating a nonzero data array index per block region of all blocks from the
nonzero data number table region by employing a parallel prefix sum scan algorithm;
allocating a buffer for the compressed data; and
copying the nonzero data from the initial data structure into a nonzero data

array region in a compressed data format in parallel.

2. The method of claim 1, wherein the compressed data is decompressed by

allocating the buffer from the nonzero data and zero data of the initial data structure, and then

clearing the buffer.
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3. The method of claim 2, wherein the decompression further includes calculating
the nonzero data array index per block region of all blocks from the nonzero data number

table by employing the parallel prefix sum scan algorithm.

4. The method of claim 3, wherein the decompression further includes copying
the nonzero data array from the initial data structure into the nonzero data bitmap region in

parallel.

S. The method of claim 1, wherein the nonzero data bitmap region is displayed

directly above the nonzero data array index per block region in the compressed data structure.

6. The method of claim 1, wherein the nonzero data number table region is

displayed directly above the nonzero data bitmap region in the compressed data structure.

7. The method of claim 1, wherein the nonzero data bitmap region displays the

uncompressed data in binary format in a sequential manner.

8. A non-transitory computer-readable storage medium comprising a computer-
readable program for compressing data of a Rectified Linear Unit (ReLU) function on a
graphical processing unit (GPU) employed in a learning process of a deep neural network,

wherein the computer-readable program when executed on a computer causes the computer to:
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convert an initial data structure including nonzero data and zero data into a
compressed data structure including only the nonzero data of the initial data structure as
compressed data by:

generate a nonzero data bitmap region;

generate a nonzero data number table region by employing a parallel reduction
algorithm;

calculate a nonzero data array index per block region of all blocks from the
nonzero data number table region by employing a parallel prefix sum scan algorithm;

allocate a buffer for the compressed data; and

copy the nonzero data from the initial data structure into a nonzero data array

region in a compressed data format in parallel.

0. The non-transitory computer-readable storage medium of claim 8, wherein the
compressed data is decompressed by allocating the buffer from the nonzero data and zero data

of the initial data structure, and then clearing the buffer.

10. The non-transitory computer-readable storage medium of claim 9, wherein the
decompression further includes calculating the nonzero data array index per block region of
all blocks from the nonzero data number table by employing the parallel prefix sum scan

algorithm.
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11. The non-transitory computer-readable storage medium of claim 10, wherein
the decompression further includes copying the nonzero data array from the initial data

structure into the nonzero data bitmap region in parallel.

12. The non-transitory computer-readable storage medium of claim 8, wherein the
nonzero data bitmap region is displayed directly above the nonzero data array index per block

region in the compressed data structure.

13. The non-transitory computer-readable storage medium of claim 8, wherein the
nonzero data number table region is displayed directly above the nonzero data bitmap region

in the compressed data structure.

14. The non-transitory computer-readable storage medium of claim 8, wherein the
nonzero data bitmap region displays the uncompressed data in binary format in a sequential

manner.

15. A system for compressing data of a Rectified Linear Unit (ReLU) function on a
graphical processing unit (GPU) employed in a learning process of a deep neural network, the
system comprising:

a memory; and

one or more processors in communication with the memory configured to:
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convert an initial data structure including nonzero data and zero data into a
compressed data structure including only the nonzero data of the initial data structure as
compressed data by:

generating a nonzero data bitmap region;

generating a nonzero data number table region by employing a parallel
reduction algorithm;

calculating a nonzero data array index per block region of all blocks from the
nonzero data number table region by employing a parallel prefix sum scan algorithm;

allocating a buffer for the compressed data; and

copying the nonzero data from the initial data structure into a nonzero data

array region in a compressed data format in parallel.

16. The system of claim 15, wherein the compressed data is decompressed by
allocating the buffer from the nonzero data and zero data of the initial data structure, and then

clearing the buffer.

17. The system of claim 16, wherein the decompression further includes
calculating the nonzero data array index per block region of all blocks from the nonzero data

number table by employing the parallel prefix sum scan algorithm.

18. The system of claim 17, wherein the decompression further includes copying
the nonzero data array from the initial data structure into the nonzero data bitmap region in

parallel.
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19. The system of claim 15, wherein the nonzero data bitmap region is displayed

directly above the nonzero data array index per block region in the compressed data structure.

20. The system of claim 15,

wherein the nonzero data number table region is displayed directly above the nonzero
data bitmap region in the compressed data structure; and

wherein the nonzero data bitmap region displays the uncompressed data in binary

format in a sequential manner.

37



WO 2022/089421

PCT/CN2021/126374

/10
18 28 28
16 <) <) {
k“.w\ ALU 3
Control
ALLS 3
14
‘&»..N\‘ 26 -
Cache
. 26 pr
- 2 R
\ - DRAM
Q\ CRU ,\ GPU /
& i \\ 12
£ 20
FiGL T
1 30
34
Thread Block @ /)
ol [ | Goma
emory _meﬁ | feen Meamory
33 Memory
AN ®
™ @ ®
& &
&=
1 hread D
S VA Sl B IR Y
Memaoryl
Thread Block 1 %;4 &
P Y
Shared I/"’J /
Memoryil Thread n
40 1 ”’"%i?ér?éor
e ® .
&
Q@ . ®
N P &
Thread D
SN VNPl § IR Y
fMamory

FiG. 2




PCT/CN2021/126374

WO 2022/089421

2/10

9%

(X)X}

IBUAIBYH/UCHIUNS 1Y

1

P Bl

A Bugoty

LUOIDLINS TS ,v//
w. a4

AT PUCHNICALICT)

P

FBAET UORNOALIOTD
o,

84

-

b indiy

OIS OAUD

fan] Lwk Lk L o Lo § ]
e PO (e 10

fock ConJ ek Dowk Land Do Lo
fowk Lok Do Cont Low 3 Loncl Do)
fo Lo g Lo g bunk Lan 3 Docg L]
L] Don e L Lol b § L]
DO PDIIOIOIG

sy 2inREd

.

afivug induy

Ve
Vi

DI IREDITI
e 1R I e 1D

SO0 e 2
COPC O e (D e D
LR Loy ] Lok L] Lol b
e D ban] e ) Lol SAE Lu)
SO PO OO0

Ve




WO 2022/089421 PCT/CN2021/126374

3/10

Griginal Data (=RELUS cutput)

Block#l & 2868
@)
Half of floating
numbers are zevg,
Biock#? other haif are
(84 NGHR-ZErG
Biock#3
{8&;
B
& byte
S ER
original data
o4’ 247 a4 tength
0 ) ) ) 02
OriginalLength }fn@nzem data
| # of nonzerd | # of nonzern |4 of nonzera | 4 of nonzeroy Inumbﬁr table
2 in block#( in block41 in blockd? in block#s § )
4 (94)
nonzers data
I bitmap
{96]
<~

Block#G
NoONIers {100;
data
areay
indlex Blocki nonzero data
o 102 array
block Lo
Block#? £
{104}




PCT/CN2021/126374

WO 2022/089421

4/10

{BL7)
Apisg
2IRD CUIZUOLU

rasral

(912}
deuiig
BB OIBTUOU
(pi2)
05 IDINY
BB CIBZUOU

{21z
yibu

ziep punlbuo

J

¥

S

3

:ig g

£ 5

waoiey sedd Xapu Aeiy
2B OISZUOU S1BJNZED

EAMI0pY U
QIFZUGU 10§ |ISZUDU SO #

o U

4
LAR0H

QIBEUCU O # | CUSTUOU JO ¢

)i RIS

[RUBL0)

w

ZHa0g
LOLD bz
00
LA6Q hormrn7
o0
oir S17°0 hrmrny
L0l Ca0 oz
g1ep 4 i
DIBTUOH mwmw@ et
, Adary ﬂ 0 0o
1, 5 dais G Frrih-zor
B 014 w B {2880 iy
y4 mmow@ 0T
? e BB | (TR e
L SR ENA R
%
{07
JEOILT DO BIED 2380
CIFTUCU J1R9480) passHUIoIUn

L 4415

{

w1l

M

HLL

21e0] passasduicy

T

uopssaaduioy




PCT/CN2021/126374

WO 2022/089421

5/10

{BL7)
Apisg
2IRD CUIZUOL

rasral

81T
deuiig
St e Qmmcmckﬂ
(712 g

ay0pEl hmgaﬁc.\
BIEP (HBZUOU

{21z
yibus)
ziep punlbuo

a34a g

8 Ol

QUZUOU 0§ | OUgZUBU 0 ¢

QIBEUCU O # | CUSTUOU JO ¢

)i RHES N

{

w1l

M

)
|
FiT iz

21e0] passasduicy

e

Stal i e Bla M nni=Ty

Z#p0lg
LOLD by
00
(BT o7
o0
017 & th T4
LR0]G mww@ TG
218 :
Qmmcam mwwo iy 44
;w . Adon ﬂ A 5
0101 W ZESD hynr
W30 sad Hapul ABuy 4 ] A AR
B1Bp CISTUOL DIBINDIET % ),
T d3LS ] IS AR S AV
i i & JAY
b by i 9474
: ; BI0IRY DG 218D eep
: CIHZUOU SR IBUD
GPpoia U | TPy | PO U | PO U 7 date pessaiduooun



WO 2022/089421 PCT/CN2021/126374

&6/10

Start

y

Generate "nonzero data bitmap” in parallel
a1

¥

Generate nonzero data number table” by parallel reduction algorithm
828

{alculate "nonzere data array index per block” of all blocks from
nonzero data number table by parallel prefix sum scan algorithm
830

Allocate buffer for compressed data
840

¥

Copy nonzero data in original data into nonzero data
array in the compressed data format in paraliel

End

FiG, @



WO 2022/089421 PCT/CN2021/126374

7710

Start

Altocate buffer for original data, and clear the buffer
1018

%

Calculate “nonzere dats array index per block” of all blocks from
data number table by paralle! prefx sum scan algorithm
1020

1

Copy the nonzero data array indexinto the original data
according 1o nonzero data bitmap data in paraliel
1030

Erwd

FiG. 10



WO 2022/089421

1120

\.

1130

1140

PCT/CN2021/126374

810
1110
Frocessor Network
{CPU/GPU) VF
Media
Memory E

FiG. 1

1125
TofFrom
Computer
Network
1150
® Media
11358



PCT/CN2021/126374

WO 2022/089421

9/10

<19l

bR & 3

NN 2p5T L

Gpeit

oLzt

UpST L

MLl




PCT/CN2021/126374

WO 2022/089421

10/10

el Ol

DIEAMOS PUR SIEAMDIEEH

5OLE \ammwmw cort 751 1951

L 7i61

U ELA

EBEL £BelL Lg8tt Bwsy

b . SORUDIOM
.. GEET
/) dew aimes 743 PEEL el 75ET T6ET Bec
/ £V1u 40
/ LossaodiunT




INTERNATIONAL SEARCH REPORT International application No.
PCT/CN2021/126374

A. CLASSIFICATION OF SUBJECT MATTER
HO3M 7/30(2006.01)i; GO6N 3/063(2006.01)i

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

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

HO03M;; GO6N;; GO6F;; GO6T

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

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

CNTXT;USTXT:ENTXT;WOTXT;DWPL,SIPOABS.CNABS;CNKLINTERNATIONAL BUSINESS MACHINES, IBM,
compress+, RelLU, rectified Linear, GPU, graphical processing unit, deep, learning, neural network, CNN, machine learning,
spars+, zero, nonzero, bitmap, mask, block, line, parallel, reduction, prefix sum, scan, reduc+, memory, index, table, number

C. DOCUMENTS CONSIDERED TO BE RELEVANT

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

A US 2019081637 Al (NVIDIA CORP et al.) 14 March 2019 (2019-03-14) 1-20
the whole document

A US 2018046916 A1 (NVIDIA CORP et al.) 15 February 2018 (2018-02-15) 1-20
the whole document

A CN 110943744 A (HANGZHOU CANAAN CREATIVE INFORMATION TEC) 31 March 1-20
2020 (2020-03-31)
the whole document

A CN 109993684 A (INTEL CORP) 09 July 2019 (2019-07-09) 1-20
the whole document

A CN 111667542 A (NVIDIA CORP) 15 September 2020 (2020-09-15) 1-20
the whole document

A CN 101436121 A (NVIDIA CORP) 20 May 2009 (2009-05-20) 1-20
the whole document

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

*  Special categories of cited documents: «1> later document published after the international filing date or priority
«“A” document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand the
to be of particular relevance principle or theory underlying the invention
«<g~ earlier application or patent but published on or after the international <} document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive step
«1» document which may throw doubts on priority claim(s) or which is when the document is taken alone
cited to establish the publication date of another citation or other «y» document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
“0” document referring to an oral disclosure, use, exhibition or other combined with one or more other such documents, such combination
means being obvious to a person skilled in the art

“p”  document published prior to the international filing date but later than . g,»

et ; document member of the same patent famil
the priority date claimed P y

Date of the actual completion of the international search Date of mailing of the international search report
17 January 2022 24 January 2022
Name and mailing address of the ISA/CN Authorized officer
National Intellectual Property Administration, PRC
6, Xitucheng Rd., Jimen Bridge, Haidian District, Beijing WANG,Yue
100088, China
Facsimile No. (86-10)62019451 Telephone No. 62089109

Form PCT/ISA/210 (second sheet) (January 2015)



INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No.

PCT/CN2021/126374

Patent document Publication date Publication date

Patent family member(s)

cited in search report (day/month/year) (day/month/year)

uUs 2019081637 Al 14 March 2019 None

uUs 2018046916 Al 15 February 2018 us 2020082254 Al 12 March 2020
us 10860922 B2 08 December 2020
us 2018046906 Al 15 February 2018
us 10528864 B2 07 January 2020
us 10997496 B2 04 May 2021

CN 110943744 A 31 March 2020 WO 2021109696 Al 10 June 2021

CN 109993684 A 09 July 2019 [N 2019206090 Al 04 July 2019
us 10546393 B2 28 January 2020
us 2020258263 Al 13 August 2020
EP 3506108 Al 03 July 2019
EP 3506108 Bl 11 August 2021

CN 111667542 A 15 September 2020 DE 102019134020 Al 10 September 2020
uUs 2020285618 Al 10 September 2020

CN 101436121 A 20 May 2009 KR 20090050977 A 20 May 2009
P 2009169935 A 30 July 2009
CN 101436121 B 17 December 2014
™ 200928780 A 01 July 2009
™ 1398779 B 11 June 2013
us 2009132878 Al 21 May 2009
us 8601226 B2 25 February 2014
IN 200802392 14 21 August 2009

Form PCT/ISA/210 (patent family annex) (January 2015)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - claims
	Page 35 - claims
	Page 36 - claims
	Page 37 - claims
	Page 38 - claims
	Page 39 - claims
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - drawings
	Page 43 - drawings
	Page 44 - drawings
	Page 45 - drawings
	Page 46 - drawings
	Page 47 - drawings
	Page 48 - drawings
	Page 49 - drawings
	Page 50 - wo-search-report
	Page 51 - wo-search-report

