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I[pre] “A computer
system, comprising:”

As a non-limiting example, Svensson discloses a computer system (e.g., host computer and attached

processing array):
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1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
A B '
Instructions ——m={ PE PE PE -- PE
oY o Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Nerwork provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
systern plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the I/O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.

1.
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2.

As a non-limiting example, Glover discloses a computer system (e.g., the MM32k SIMD computer):
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As a non-limiting example, GPU Gems discloses a computer system (e.g., an overall computer system
and/or a PC):

30.1

The previous chapter described how GPU aschitecture has changed as a result of compu-
wational and communications trends in microprocessing. This chaprer describes the archi-
tecture of the GeForce 6 Series GPUs from NVIDIA, which owe their formidable
computational power to their ability to take advantage of these trends. Most notably, we
focus on the GeForce 6800 (NVIDIA' flagship GPU ar the time of writing, shown in
Figure 30-1), which delivers hundreds of gigaflops of single-precision floating-point com-
putation, as compared to approximately 12 gigaflops for current high-end CPUs. In this
chapter—and throughourt the book—references to GeForce 6 Series GPUs should be read
10 include the latest Quadro FX GPUs supporting Shader Model 3.0, which provide 2
superset of the functionality offered by the GekForce 6 Series. We start with a general
overview of where the GPU fits into the overall computer system, and then we describe
the architecture along with deails of specific fearures and performance characteristics.

How the GPU Fits into the Overall Computer System

The CPU in a modern computer system communicates with the GPU through a graph-
ics connector such as a PCI Express or AGP slot on the motherboard. Because the
graphics connector is respousible for trausferring all command, rexture, and vertex data
from the CPU to the GPU, the bus technology has evolved alongside GPUs over the
past few years. The original AGP slot ran ar 66 MHz and was 32 bits wide, giving a
wansfer rate of 264 MB/sec. AGP 2x, 4x, and 8x followed, each doubling the available
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bandwidth, until finally the PCI Express srandard was introduced in 2004, with 2 maxi-
mum theoretical bandwidth of 4 GB/sec simulrancously available o and from the GPU.
(Your mileage may vary; currendy available motherboard chipsets fall somewhat below
this limit—around 3.2 GB/sec or less.)

It is important to note the vast differences berween the GPU’s memory interface band-
width and bandwidth in other parts of the system, as shown in Table 30-1.

Table 30-1. Available Memory Bandwidth in Different Parts of the Computer System

Component Bandwidth
GPU Memory Interface 35 GBisec
PCI Express Bus (x16) 8 GBfsec
CPU Memory Inectface 6.4 GB/sce
{800 MHz Frone-Side Bus)

471-472.
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30.2 Overall System Architecture

The next two subsections go into detail about the architecture of the GeForce 6 Series
GPUs. Section 30.2.1 describes the architecture in terms of its graphics capabilities.
Section 30.2.2 describes the architecture with respect to the general computational capa-
bilities that it provides. See Figure 30-2 for an illustration of the system architecture.

CPU
6.4 GB/s
6.4 GB/s Up to
or More 8 GB/s |
North Bridge W—— GPU | To Display
[ Up to 35 GB/s
South Bridge
Other Peripherals

Figure 30-2. The Overall System Architecture of a PC
473.
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Figure 30-3. A Block Diagram of the GeForce 6 Series Architecture
474,

As a non-limiting example, Owens discloses a computer system including a central processing unit (CPU)
and an accelerator (GPU) that performs a numerical simulation (e.g., simulating artificial neural networks

and performing computer vision and image processing tasks).
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Commodity computer graphics chips are probably today’s
most powerful computational hardware for the dollar. These
chips, known generically as Graphics Processing Units or
GPUs, have gone from afterthought peripherals to modern,
powerful, and programmable processors in their own right.
Many researchers and developers have become interested in
harnessing the power of commodity graphics hardware for
general-purpose computing. Recent years have seen an ex-
plosion in interest in such research efforts, known collec-
tively as GPGPU (for “General Purpose GPU") computing.
In this State of the Art Report we summarize the motiva-
tion and essential developments in the hardware and soft-
ware behind GPGPU. We give an overview of the techniques
and computational building blocks used to map general-
purpose computation to graphics hardware and provide a
survey of the various general-purpose computing applica-
tions to which GPUs have been applied.

10 Neural Al, LLC, Exhibit 2013
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1.1. Powerful and Inexpensive

Recent graphics architectures provide tremendous memory
bandwidth and computational horsepower. For example, the
NVIDIA GeForce 6800 Ultra ($417 as of June 2005) can
achieve a sustained 35.2 GB/sec of memory bandwidth; the
ATI X800 XT ($447) can sustain over 63 GFLOPS (compare
to 14.8 GFLOPS theoretical peak for a 3.7 GHz Intel Pen-
tium4 SSE unit [Buc04]). GPUs are also on the cutting edge
of processor technology: for example, the most recently an-
nounced GPU at this writing contains over 300 million tran-
sistors and is built on a 110-nanometer fabrication process.

Not only is current graphics hardware fast, it is acceler-
ating quickly. For example. the measured throughput of the
GeForce 6800 is more than double that of the GeForce 5900,
NVIDIA's previous flagship architecture. In general, the
computational capabilities of GPUs, measured by the tradi-
tional metrics of graphics performance, have compounded at
an average yearly rate of 1.7 X (pixels/second) to 2.3 X (ver-
tices/second). This rate of growth outpaces the oft-quoted
Moore’s Law as applied to traditional microprocessors: com-
pare to a yearly rate of roughly 1.4Xx for CPU perfor-

11
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== NVIDIA [NV30 NV35 NV40 G70]
=l= ATI[R300 R360 R420]

Intel Pentium 4
(single-core except where marked)

100

GHLOPS
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Year

Figure 1: The programmable floating-point performance
of GPUs (measured on the multiply-add instruction as 2
floating-point operations per MAD) has increased dramat-
ically over the last four years when compared to CPUs. Fig-

ure courtesy lan Buck, Stanford University.

mance [EWNOS5]. Put another way, graphics hardware per-

formance 1s roughly doubling everv six months (Figure 1).

12
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Modern graphics architectures have become flexible as
well as powerful. Once fixed-function pipelines capable
of outputting only 8-bit-per-channel color values, modern
GPUs include fully programmable processing units that
support vectorized floating-point operations at full IEEE
single precision. High level languages have emerged to
support the new programmability of the vertex and pixel
pipelines [BFH" 04, MGAKO03, MTP*04]. Furthermore, ad-
ditional levels of programmability are emerging with every
major generation of GPU (roughly every 18 months). Exam-
ples of major architectural changes in the current generation
(as of this writing) GPUs include vertex texture access. full

branching support in the vertex pipeline, and limited branch-
ing capability in the fragment pipeline. The next generation
1s expected to expand on these changes and add “geome-
try shaders”, or programmable primitive assembly, bringing
flexibility to an entirely new stage in the pipeline. In short,
the raw speed, increased precision, and rapidly expanding
programmability of the hardware make it an attractive plat-
form for general-purpose computation.

Owens, 1-2.
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Texture

Figure 2: The modern graphics hardware pipeline. The ver-

tex and fragment processor stages are both programmable
by the user.
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Each new generation of GPUs has increased the function-
ality and generality of these two programmable stages. 1999
marked the introduction of the first programmable stage.
NVIDIA's register combiner operations that allowed a lim-
ited combination of texture and interpolated color values to
compute a fragment color. In 2002, ATT's Radeon 9700 led
the transition to floating-point computation in the fragment

pipeline.

The vital step for enabling general-purpose computation
on GPUs was the introduction of fully programmable hard-
ware and an assembly language for specifying programs
to run on each vertex [LKMOI1] or fragment. This pro-
grammable shader hardware is explicitly designed to pro-
cess multiple data-parallel primitives at the same time. As of
2005, the vertex shader and pixel shader standards are both
in their third revision, and the OpenGL Architecture Review
Board maintains extensions for both [Ope04, Ope03]. The
instruction sets of each stage are limited compared to CPU
instruction sets; they are primarily math operations, many of
which are graphics-specific. The newest addition to the in-
struction sets of these stages has been limited control flow
operations.

Owens, 3-4.

15
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Because typical scenes have more fragments than ver-

tices, in modern GPUs the programmable stage with the

highest arithmetic rates is the fragment processor. A typical

GPGPU program uses the fragment processor as the compu-

tation engine in the GPU. Such a program is structured as

follows [Har05a]:

1.

=

[¥5]

First, the programmer determines the data-parallel por-
tions of his application. The application must be seg-
mented into independent parallel sections. Each of these
sections can be considered a kernel and is implemented
as a fragment program. The input and output of each ker-
nel program is one or more data arrays. which are stored
(sometimes only transiently) in textures in GPU memory.
In stream processing terms, the data in the textures com-
prise streams, and a kernel is invoked in parallel on each
stream element.

To invoke a kernel, the range of the computation (or the
size of the output stream) must be specified. The pro-
grammer does this by passing vertices to the GPU. A
typical GPGPU invocation is a quadrilateral (quad) ori-
ented parallel to the image plane, sized to cover a rect-
angular region of pixels matching the desired size of the
output array. Note that GPUs excel at processing data in
two-dimensional arrays, but are limited when processing
one-dimensional arrays.

. The rasterizer generates a fragment for every pixel loca-

tion in the quad, producing thousands to millions of frag-
ments.

Each of the generated fragments is then processed by the
active kernel fragment program. Note that every frag-
ment is processed by the same fragment program. The
fragment program can read from arbitrary global mem-
ory locations (with texture reads) but can only write to
memory locations corresponding to the location of the

16
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fragment in the frame buffer (as determined by the ras-
terizer). The domain of the computation is specified for
each input texture (stream) by specifying texture coordi-
nates at each of the input vertices, which are then inter-
polated at each generated fragment. Texture coordinates
can be specified independently for each input texture, and
can also be computed on the fly in the fragment program,
allowing arbitrary memory addressing.

5. The output of the fragment program is a value (or vee-
tor of values) per fragment. This output may be the final
result of the application. or it may be stored as a texture
and then used in additional computations. Complex ap-
plications may require several or even dozens of passes
(“multipass™) through the pipeline.

While the complexity of a single pass through the pipeline
may be limited (for example, by the number of instructions,
by the number of outputs allowed per pass. or by the limited
control complexity allowed in a single pass), using multiple
passes allows the implementation of programs of arbitrary
complexity. For example, Peercy et al. [POAUOO] demon-
strated that even the fixed-function pipeline, given enough
passes, can implement arbitrary RenderMan shaders.

17 Neural Al, LLC, Exhibit 2013
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2.4. GPU Program Flow Control

Flow control is a fundamental concept in computation.
Branching and looping are such basic concepts that it can
be daunting to write software for a platform that supports
them to only a limited extent. The latest GPUs support vertex
and fragment program branching in multiple forms, but their
highly parallel nature requires care in how they are used.
This section surveys some of the limitations of branching on
current GPUs and describes a variety of techniques for iter-
ation and decision-making in GPGPU programs. For more
detail on GPU flow control, see Harris and Buck [HB0S5].

2.4.1. Hardware Mechanisms for Flow Control

There are three basic implementations of data-parallel
branching in use on current GPUs: predication, MIMD
branching, and SIMD branching.

Architectures that support only predication do not have
true data-dependent branch instructions. Instead, the GPU
evaluates both sides of the branch and then discards one of
the results based on the value of the Boolean branch condi-
tion. The disadvantage of predication is that evaluating both
sides of the branch can be costly, but not all current GPUs
have true data-dependent branching support. The compiler
for high-level shading languages like Cg or the OpenGL
Shading Language automatically generates predicated as-
sembly language instructions if the target GPU supports only
predication for flow control.

In Multiple Instruction Multiple Data (MIMD) architec-
tures that support branching, different processors can follow
different paths through the program. In Single Instruction

18 Neural Al, LLC, Exhibit 2013
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Multiple Data (SIMD) architectures, all active processors
must execute the same instructions at the same time. The
only MIMD processors in a current GPU are the vertex pro-
cessors of the NVIDIA GeForce 6 and NV40 Quadro GPUs.
All current GPU fragment processors are SIMD. In SIMD,
when evaluation of the branch condition is identical on all
active processors, only the taken side of the branch must be
evaluated, but if one or more of the processors evaluates the
branch condition differently, then both sides must be evalu-
ated and the results predicated. As a result. divergence in the
branching of simultaneously processed fragments can lead
to reduced performance.

2.4.2. Moving Branching Up The Pipeline

Because explicit branching can hamper performance on
GPUs. it is useful to have multiple techniques to reduce the
cost of branching. A useful strategy is to move flow-control
decisions up the pipeline to an earlier stage where they can
be more efficiently evaluated.

19 Neural Al, LLC, Exhibit 2013
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2.4.2.1. Static Branch Resolution On the GPU, as on the
CPU. avoiding branching inside inner loops is beneficial.
For example. when evaluating a partial differential equa-
tion (PDE) on a discrete spatial grid, an efficient implemen-
tation divides the processing into multiple loops: one over
the interior of the grid, excluding boundary cells, and one
or more over the boundary edges. This static branch res-
olution results in loops that contain efficient code without
branches. (In stream processing terminology, this technique
is typically referred to as the division of a stream into sub-
streams.) On the GPU, the computation is divided into two
fragment programs: one for interior cells and one for bound-
ary cells. The interior program is applied to the fragments
of a quad drawn over all but the outer one-pixel edge of the
output buffer. The boundary program is applied to fragments
of lines drawn over the edge pixels. Static branch resolution
is further discussed by Goodnight et al. [GWL"03], Harris
and James [HJ03]. and Lefohn et al. [LKHWO03].

2.4.2.2. Pre-computation In the example above. the re-
sult of a branch was constant over a large domain of input
(or range of output) values. Similarly, sometimes the result
of a branch is constant for a period of time or a number
of iterations of a computation. In this case we can evalu-
ate the branches only when the results are known to change,
and store the results for use over many subsequent itera-
tions. This can result in a large performance boost. This
technique is used to pre-compute an obstacle offset array in

the Navier-Stokes fluid simulation example in the NVIDIA
SDK [Har05b].

2.4.2.3. Z-Cull Precomputed branch results can be taken
a step further by using another GPU feature to entirely skip
unnecessary work. Modern GPUs have a number of features
designed to avoid shading pixels that will not be seen. One

20 Neural Al, LLC, Exhibit 2013
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Owens, 4-5.
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3.1. High-level Shading Languages

Most high-level GPU programming languages today share
one thing in common: they are designed around the idea that
GPUs generate pictures. As such, the high-level program-
ming languages are often referred to as shading languages.
That is, they are a high-level language that compiles into a
vertex shader and a fragment shader to produce the image
described by the program.

Cg [MGAKO03], HLSL [Mic05a], and the OpenGL Shad-
ing Language [KBRO4] all abstract the capabilities of the
underlying GPU and allow the programmer to write GPU
programs in a more familiar C-like programming language.
They do not stray far from their origins as languages de-
signed to shade polygons. All retain graphics-specific con-
structs: vertices, fragments, textures, etc. Cg and HLSL pro-
vide abstractions that are very close to the hardware, with
instruction sets that expand as the underlying hardware ca-
pabilities expand. The OpenGL Shading Language was de-
signed looking a bit further out, with many language features
(e.g. integers) that do not directly map to hardware available
today.

Sh is a shading language implemented on top of
C++ [MTP*04]. Sh provides a shader algebra for manipu-
lating and defining procedurally parameterized shaders. Sh
manages buffers and textures, and handles shader partition-
ing into multiple passes.

Finally, Ashli [BPO3] works at a level one step above
that of Cg, HLSL, or the OpenGL Shading Language. Ashli
reads as input shaders written in HLSL, the OpenGL Shad-
ing Language, or a subset of RenderMan. Ashli then auto-
matically compiles and partitions the input shaders to run on
a programmable GPU.

22
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3.2. GPGPU Languages and Libraries

More often than not, the graphics-centric nature of shading
languages makes GPGPU programming more difficult than
it needs to be. As a simple example, initiating a GPGPU
computation usually involves drawing a primitive. Looking
up data from memory is done by issuing a texture fetch. The
GPGPU program may conceptually have nothing to do with
drawing geometric primitives and fetching textures, yet the
shading languages described in the previous section force
the GPGPU application writer to think in terms of geomet-
ric primitives, fragments, and textures. Instead, GPGPU al-
gorithms are often best described as memory and math op-
erations, concepts much more familiar to CPU program-
mers. The programming systems below attempt to provide
GPGPU functionality while hiding the GPU-specific details

from the programmer.

The Brook programming language extends ANSI C with
concepts from stream programming [BFH*04]. Brook can
use the GPU as a compilation target. Brook streams are con-

23 Neural Al, LLC, Exhibit 2013
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ceptually similar to arrays, except all elements can be oper-
ated on in parallel. Kernels are the functions that operate on
streams. Brook automatically maps kernels and streams into
fragment programs and texture memory.

Scout is a GPU programming language designed for sci-
entific visualization [MIA™04]. Scout allows runtime map-
ping of mathematical operations over data sets for visualiza-
tion.

Finally, the Glift template library provides a generic
template library for a wide range of GPU data struc-
tures [LKS*03]. It is designed to be a stand-alone GPU data
structure library that helps simplify data structure design and
separate GPU algorithms from data structures. The library
integrates with a C++, Cg, and OpenGL GPU development

environment.

Owens, 6—7.
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The wide deployment of GPUs in the last several years
has resulted in an increase in experimental research with
graphics hardware. The earliest work on deskiop graph-
s processors used non-programmable (Mlixed-function™)
G1'Us. Lengyel et al. wsed rasterization hardware for robot
motion planning [LRIX390} Hoff ef al. described the vse
of z-butfar techniques for the computation of Voronat di-
agrams [HCOK™99] and extended their method to proxim-
ity detection [HAZLMOL] Bohn et al. vsed lixed-lunction
graphics hardware in the compuiation of artificial neu-
ral networks [Boh98]. Convolution and wavelet transforms
with the fixed-function pipeline were realized by Hopt and
Trtl [HIS9a, HE99h).

5.2. Physically-Based Simulation

5.3. Signal and Image Processing

5.3.2. Other Signal and Image Processing Applications

Computer Vision Fung et al. use graphics hardware
to accelerate image projection and compositing oper-
ations [FTMO2] in a camera-based head-tracking sys-
tem [FMO4]:; their implementation has been released as the
open-source OpenVIDIA computer vision library [Ope05],
whose website also features a good bibliography of papers

for GPU-based computer/machine vision applications.

Owens, 16-17.
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ABSTRACT

Graphics and vision are approximate inverses of each other:
ordinarily Graphics Processing Units (GPUs) are used to
convert “numbers into pictures” (i.e. computer graphics).
In this paper, we propose using GPUs in approximately the
reverse way: to assist in “converting pictures into numbers”
(i.e. computer vision). The OpenVIDIA project uses single
or multiple graphics cards to accelerate image analysis and
computer vision. It is a library and API aimed at provid-
ing a graphics hardware acecelerated processing framework
for image processing and computer vision. OpenVIDIA ex-
plores the creation of a parallel computer architecture con-
sisting of multiple Graphics Processing Units (GPUs) built
entirely from commodity hardware. OpenVIDIA uses mul-
tiple Graphics Processing Units in parallel to operate as a
general-purpose parallel computer architecture. It provides
a simple API which implements some common computer vi-
sion algorithms. Many components can be used immediately
and because the project is Open Source, the code is intended
to serve as templates and examples for how similar algo-
rithms are mapped onto graphics hardware. Implemented
are image processing techniques (Canny edge detection, fil-
tering), image feature handling (identifying and matching
features) and image registration, to name a few.

As a non-limiting example, OpenVIDIA discloses a computer system including a central processing unit
and an accelerator (GPU) that performs a numerical simulation (e.g., computer vision and image
processing).
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1. INTRODUCTION

OpenVIDIA is a programming framework that uses single
or multiple graphics cards to operate as a general-purpose
parallel computer architecture for fast computer vision and
image processing. Realtime image processing and computer
vision algorithms can be computationally intensive, exceed-
ing the capabilities of the CPU. OpenVIDIA utilizes the
GPU that is present on modern graphics hardware to ex-
pand the computational resources that are available to these
algorithms. Furthermore, the design of the GPU architec-
ture provides higher performance for many vision algorithms
than the CPU.

OpenVIDIA, 1.
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The GPU has been applied to other calculations beyond
graphics. A survey of applications is given by Owens et
al [7]*. This paper will discuss the OpenVIDIA design and
API and show some techniques OpenVIDIA uses for GPU
computer vision.

2. OPENVIDIA

2.1 Design and Intent

OpenVIDIA is designed as a library that is called from
within user written OpenGL programs. OpenVIDIA pro-
vides an API that implements the OpenGL calls that are
needed for vision processing. Essentially, this API is imple-
menting a set of mappings of computer vision algorithms
onto graphics hardware. For instance, the OpenVIDIA API
provides an interface for creating and applying image filters
that use fragment shading hardware on the GPU, resulting
in hardware accelerated image filtering operations. This pa-
per will discuss both the API of OpenVIDIA as well as the
methods it uses to perform some common computer vision
tasks on graphics hardware.

OpenVIDIA is built with C/C++ and OpenGL. Addition-
ally, it interfaces with libraries common to computer vision
tasks. For example, it interfaces with an IEEE 1394 cam-
era interface library, allowing video to be brought into an
OpenGL vision processing framework in a simple fashion.

The API provides some function calls to run commeon wvi-
sion processing algorithms. These can be used “as is” when
they suit the application. Alternately, as the project is Open
Source, the implementations can serve as template exam-
ples, which can then be altered to create similar but more
specific functions as needed by users. Included in the Open-
VIDIA package are image filtering operations (many vision
algorithms include sequences of image filtering operations),
feature detection and tracking, image registration, stereo vi-
sion, and Hough transformations to name a few.
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3.1 Image Processing and Filtering

Many computer vision operations can be considered se-
quences of filtering operations. Fragment programs can be
considered short programs run on each pixel of an image
that implement the desired filter. The architecture of the
GPU allows many pixels to be processed in a parallel fash-
ion, providing significant hardware acceleration.

OpenVIDIA, 2.

3.5 Locating and Tracking Features

OpenVIDIA provides an algorithm that performs image
feature detection on the GPU. This algorithm also calcu-
lates unique appearance based feature vectors computed on
the GPU. These vectors can then be re-calculated for each
video image, and matched to track features in video. Fig-
ure 3 shows how to use the OpenVIDIA API calls which
create the library tracker object, and match features in se-
quential frames of video. Feature detection in OpenVIDIA
also provides an example of how to use the GPU for lo-
cal histogramming and to create multiple outputs for single
points.

Feature detection in OpenVIDIA begins using a Harris
corner detector, implemented using the filtering pipeline tech-
nique discussed in section 3.1. The result of the feature
detection stage is essentially a binary image, with feature
points flagged. This is then read back to the CPU which
places the locations into a 1-D array which is sent back to
the GPU as a 1-D texture. The unique feature vectors are
then calculated.
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OpenVIDIA, 3.

[7] J. D. Owens, D. Luebke, N. Govindaraju, M. Harris,
J. Krger, A. E. Lefohn, and T. J. Purcell. A survey of
general-purpose computation on graphics hardware. In
FEurographics 2005, State of the Art Reports, pages
21-51, Aug. 2005.

OpenVIDIA, 4.

1[a] “a central
processing unit to
receive input data;”

As a non-limiting example, ANN discloses receiving input data (e.g., video data from a camera):

Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.
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B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.
As a non-limiting example, Oh discloses receiving input data (e.g., video and image data):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing technigues [3]. As such, an automatic text detection algorithm for image data and video
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documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

As a non-limiting example, Glover discloses a central processing unit (e.g., host computer):
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845.
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As a non-limiting example, Svensson discloses a central processing unit (e.g., host computer):

Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
A B {
Instructions ——a=| PE PE PE -= PE
oY o '
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and detived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The [/O
systern plays the role of converting — trypically at very high rates — input/output daia
between the format of the outside world and the intemnal format of the array. The design
of the I/O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.
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2.

As a non-limiting example, GPU Gems discloses a central processing unit (e.g., a CPU):
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30.2 Overall System Architecture

The next two subsections go into detail about the architecture of the GeForce 6 Series
GPUs. Section 30.2.1 describes the architecture in terms of its graphics capabilities.
Section 30.2.2 describes the architecture with respect to the general computational capa-
bilities that it provides. See Figure 30-2 for an illustration of the system architecture.

CPU
IG.& GB/s

6.4 GB/s . Upto
or More . 8GB/s
North Bridge ii———b- GPU To Display

[ Up to 35 GB/s

South Bridge

|

Other Peripherals

Figure 30-2. The Overall System Architecture of a PC
473.
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Figure 30-3. A Block Diagram of the GeForce 6 Series Architecture

First, commands, textures, and vertex data are received from the host CPU through
shared buffers in system memory or local frame-buffer memory. A command stream is
written by the CPU, which initializes and modifies state, sends rendering commands, and
references the texture and vertex dara. Commands are parsed, and a vertex ferch unit is
used to read the vertices referenced by the rendering commands. The commands, vertices,
and state changes flow downstream, where they are used by subsequent pipeline stages.

474.
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1[b] “main memory,
operably coupled to the
central processing unit
via a bus, to store the
input data received by
the central processing
unit;”

As a non-limiting example, GPU Gems discloses main memory (e.g., System DRAM), operably coupled to
the central processing unit:

30.2 Overall System Architecture

The next two subsections go into detail about the architecture of the GeForce 6 Series
GPUs. Section 30.2.1 describes the architecture in terms of its graphics capabilities.
Section 30.2.2 describes the architecture with respect to the general computational capa-
bilities that it provides. See Figure 30-2 for an illustration of the system architecture.

CPU
6.4 GB/s
6.4 GB/s Up to
or More 8 GB/s ]
North Bridge =—— GPU 'lmb To Display
G ! . i J
[ Up to 35 GB/s
South Bridge
Other Peripherals

Figure 30-2. The Overall System Architecture of a PC
473.

1[c] “an accelerator,
operably coupled to the

As a non-limiting example, Svensson discloses an accelerator (e.g., a SIMD processor and/or SIMD array)
with the required configuration.

central processing unit
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Svensson Fig. SIMD-16.

We illustrate the transfer between the different formats on the 1/0 system of LUCAS. See figure SIMD-15
and figure SIMD-I0a. A set of 8-bit I/0 Registers (shift registers) is connected to the Memory Array, one
register per memory word. The I/O Registers can be read or written from the Front-End Processor or
dedicated 1/0 Processor in the conventional word-at-a-time format A data input process can be divided into
two phases: one to fill the I/0 Registers from the Front-End or 1/0 Processor, one to shift the contents out
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of the 1/0 Registers and into any field of the Memory Array. The first phase needs one write cycle of the
Front-End or 1/O Processor to transfer 8 bits, the second phase requires 8 Memory Array write cycles, in
each of which an entire bit-slice is transferred.

A variation of this input/output scheme that is used in some designs does not allow for addressing of the 1/0
registers. Instead, data is shifted in and out of the register set. Such 1/O register systems may be used also
for communication between the PEs.

PASIC (Chen et al. 1990), see figure SIMD-16, is an example of a design with such a bit-parallel shift
register along the row of PEs. This can be used for image output as well as for inter-PE communication.
However, for image input there is a direct, word-parallel, bit-serial interface between the photosensor array
(128 by 128 pixels in present version) and the linear array of PEs. Thus, PASIC is an example of a design
which has special facilities to interface between the data format of the application and the processing data
format, resulting in a significantly higher input speed. PASIC is primarily intended for low-level vision
processing where high speed image 1/O is required.

Svensson, at 18-109.

As a non-limiting example, Glover discloses an accelerator (e.g., processing elements (PE)) with the
required configuration.
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2 SIMD ARCHITECTURE

The SIMD PE array contains 32768 one bit processors, each with 512 bits of memory
and a connection to the interconnection network. The PE array design is unique
in that 2048 PEs, including their PE memory, are realized on a single chip. The
total FE array memory i1s 2 megabytes and has a peak memory bandwidth is 25
gigabytes per second. The PE array can add 8 bit integers at 2.5 gigaoperations
per second. It also dissipates less than 10 watts of power and is shown in Figure 1.

Each PE has three one bit registers, a 512 bit memory, and a one bit ALU. It
performs bit serial arithmetic and can therefore vary the number of bits of precision
to fit the problem at hand, saving SIMD instruction cycles and SIMD memory.
There are 17 instructions in the PE instruction set, all of which execute at a 6.25
MIPS rate. The PE instruction set is functionally complete in that it can perform
boolean NOT and OR functions and can therefore perform any operation, including
arithmetic and conditional operations. A single PE is shown in Figure 2.

The interconnection network allows data to be sent from one PE to another. It is
implemented by a 64*64 full crossbar switch with 512 PEs connected to each port
of the switch. It allows data to be sent from one PE to another PE, an arbitrary
distance away, in constant time. The peak switch bandwidth is 280 megabytes per
second. The switch also allows the PE array to perform data reduction operations,
such as taking the sum or maximum over data elements distributed across all PEs.

Glover at 844.

As a non-limiting example, Mesa-Martinez discloses an accelerator (e.g., UCSC Kestrel SIMD computer)
with the required configuration.
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Fig. 2. UCSC Kestrel SIMD computer

Mesa-Martinez Fig. 2.
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Kestrel Architecture

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).
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Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next PE,
thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally in
order to prevent adjacent PEs from writing to the same bank at the same time. This communication method
is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its area to
be dedicated for processing and memory.

Mesa-Martinez at 2.

Controller

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the
system. The controller also handles the board’s I/O by interacting with the onboard PCI interface chip. The
program instructions received from the host computer are stored in a separate instruction memory (IM).
The Kestrel controller is programmed by using 54 bits of the 96-bit instruction word. The remaining bits
are used as the instruction to be broadcast to the array.

Each cycle, the controller must decide whether or not data is read from the input queue, whether or not data
IS written to the output queue, and whether or not the immediate field in the instruction should be replaced
with data from the controller. A small amount of local memory and logic is used by the controller in order
to enable loop counting and the recirculation of data among the PEs. When a critical condition is reached
by the system the controller will generate the corresponding interrupt to inform the host about the board’s
condition.

Processing Element
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The heart of the Kestrel architecture is its custom processing element (PE). Each Kestrel PE has the
following elements in its datapath: 8-bit ALU and comparator, multiplier, bit shifter, and result selector
(Figure 4). All the elements within the datapath are designed to complete one operation per cycle.

The inclusion of a multiplier and some extra functionality in the ALU was made in order to expand the
scope of possible applications for the architecture.

Mesa-Martinez at 3.

1[c][1] “at least one
graphics processing
unit to perform a
sequence of
computations on the at
least a portion of the
input data so as to
generate output data,
the sequence of
computations
representing an
artificial neural
network, intermediate
computations in the
sequence of
computations
representing respective
layers of the artificial
neural network and
yielding intermediate
results; and”

See also 1[c].

As a non-limiting example, ANN discloses a graphics processing unit (e.g., NVIDIA’s GF6000 GPU) to
perform a sequence of a computations on at least a portion of input data so as to generate output data (e.g.
results, of computations in each layer of a neural network), the sequence of computations representing an
artificial neural network (e.g., a three layer MLP neural network), intermediate computations in the
sequence of computations representing respective layers of the artificial neural network and yielding
intermediate results (e.g., results of computations in layers other than the output layer):
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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In this paper, two kinds of ANN computation on GPU
are given. In section 2, SOM computation model and
implementation on graphic hardware is discussed. In
section 3, MLP computation model and implementation on
GPU is discussed. In section 4, the computation result and
comparison are given for both CPU and GPU. In section 5,
some of the design details and lessons we learned during
implementation are given. In section 6, conclusion and

some future works are given.
Id.

B.Computational Model of MLP

Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars. 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.
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Current GPU has a limited instruction length and a limited
number of temporary variables for calculation at each
location. So multipass is needed for complex problem. For
MLP discussed in this section, three passes are performed.
In the first pass, average values of three color and
luminance are calculated. In the second pass, the standard
deviations of the three colors are calculated. In the third
pass, classification result is got from MLP calculation on
the characteristic.

624.

In this calculation, we use a new Nvidia’s GF6000
serious graphic hardware. The reason is that the ATI’s GPU
supports very few numbers of operations in each pass; so
more passes are need for MLP calculation. Old Nvidia's
GPU does not support fully float texture, which is crucial
for the precision of result.

625.
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Second, if possible, do one’s best to decrease the
calculation passes. For computation scheme described in
section 2.2, the main bottleneck is at finding minimum
procedure. The test shows that the bottleneck comes from
multi-pass used in finding minimum procedure. Table 2
shows result for different scheme of finding the minimum.
To decrease the pass, we make two changes, the first is to
combine the value calculation with one pass of find
minimum, and the second is to combine two pass of find
minimum computation into one pass. Instead of calculate 4
units, 16 units are calculated. GPUA represent calculation
on ATI graphic card and GPUN represent the calculation on
NVIDIA graphic card. The performance increase is clear,
especially for Nvidia’s graphic card.

TABLE 1I: COMPARISON BETWEEN MORE AND FEW PASS

KFM size 128*128 | 256*256 | 512*512
GPUA more | 366 400 533
pass /ms

GPUA few pass | 211 244 511

/ms

GPUN more | 190 640 2889
pass /ms

GPUN few pass | 104 256 900
/ms

Third, do best to decrease the dath exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris'"! had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

Id.
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In this paper, implementation for two ANN models on
graphic hardware is given. Inherent parallelism of
commodity graphic hardware is used to accelerate the
computation of ANN. The result shows that GPU is capable
for some of ANN calculation, the graphic hardware make it
possible for an increasing performance/cost ratio on the
area of large size ANN computation.

Compared to Bohn’s initial computation on SGI
workstation, our implementation has two benefits. One is
our calculation is more precise, for we had use the float
point computing. The other is that we only use a
commodity available graphic card, which is much more
easily available than SGI workstation so can be widely used.

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

We can also do other general ANN computation on
GPU, because GPU provide almost all arithmetic operation,
logic operation and some important mathematic function.
And for the application of neural network on images, it is
more naive to make such computing on a graphic hardware.

626.
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As a non-limiting example, Oh discloses a graphics processing unit (e.g., GPU) to perform a sequence of a
computations on at least a portion of input data so as to generate output data (e.g. results of computations
in each layer of a neural network), the sequence of computations representing an artificial neural network,
intermediate computations in the sequence of computations representing respective layers of the artificial
neural network and yielding intermediate results (e.g., results of computations in layers other than the
output layer):

An artificial neural network, usually referred to as ‘neural network’, is based on the concept of the
workings of the human brain. There are many different types of NN, with the more popular being a
multilayer perceptron, learning vector quantization, radial basis function, Hop/eld, and Kohonen. The
current study focuses on using a GPU to implement a multilayer perceptron, which is usually fully
connected between adjacent layers. The input layer receives the input features of a given application.
Although the network structure can vary as regards the number of layers, number of nodes in each layer,
and input mask size, each layer performs the same inner-product operation between the given input vectors
and the weight vectors, followed by a non-linear function. Moreover, many inner-product operations can be
replaced with a matrix multiplication, which is more appropriate for GPU implementation.

1311-12.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1312.

As described above, the inner-product operation for each
layer of an NN can be replaced with a matrix multiplication
based on accumulating the input vectors and weight vectors.
As such, the computation-per-layer can be written as
follows:
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where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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As a non-limiting example, GPU Gems discloses a graphics processing unit (e.g., NVIDIA’s GeForce 6
Series GPUs) to perform a sequence of a computations on at least a portion of input data so as to generate
output data:

30.1

The previous chapter described how GPU aschitecture has changed as a result of compu-
wational and communications trends in microprocessing. This chaprer describes the archi-
tecture of the GeForce 6 Series GPUs from NVIDIA, which owe their formidable
computational power to their ability to take advantage of these trends. Most notably, we
focus on the GeForce 6800 (NVIDIA's flagship GPU ar the time of writing, shown in
Figure 30-1), which delivers hundreds of gigaflops of single-precision floating-point com-
putation, as compared to approximately 12 gigaflops for current high-end CPUs. In this
chapter—and throughourt the book—references to GeForce 6 Series GPUs should be read
1o include the latest Quadro FX GPUs supporting Shader Model 3.0, which provide a
superset of the functionality offered by the GekForce 6 Series. We start with a general
overview of where the GPU fits into the overall computer system, and then we describe
the architecture along with deails of specific fearures and performance characteristics.

How the GPU Fits into the Overall Computer System

The CPU in a modern computer system communicates with the GPU through a graph-
ics connector such as a PCI Express or AGP slot on the motherboard. Because the
graphics connector is respousible for trausferring all command, rexture, and vertex data
from the CPU to the GPU, the bus technology has evolved alongside GPUs over the
past few years. The original AGP slot ran ar 66 MHz and was 32 bits wide, giving a
wansfer rate of 264 MB/sec. AGP 2x, 4x, and 8x followed, each doubling the available
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bandwidth, until finally the PCI Express srandard was introduced in 2004, with 2 maxi-
mum theoretical bandwidth of 4 GB/sec simulrancously available o and from the GPU.
(Your mileage may vary; currendy available motherboard chipsets fall somewhat below
this limit—around 3.2 GB/sec or less.)

It is important to note the vast differences berween the GPU’s memory interface band-
width and bandwidth in other parts of the system, as shown in Table 30-1.

Table 30-1. Available Memory Bandwidth in Different Parts of the Computer System

Component Bandwidth
GPU Memory Interface 35 GBisec
PCI Express Bus (x16) 8 GBfsec
CPU Memory Inectface 6.4 GB/sce
{800 MHz Frone-Side Bus)

471-472.
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30.2 Overall System Architecture

The next two subsections go into detail about the architecture of the GeForce 6 Series
GPUs. Section 30.2.1 describes the architecture in terms of its graphics capabilities.
Section 30.2.2 describes the architecture with respect to the general computational capa-
bilities that it provides. See Figure 30-2 for an illustration of the system architecture.

CPU
6.4 GB/s
6.4 GB/s Up to
or More 8 GB/s |
North Bridge W—— GPU | To Display
[ Up to 35 GB/s
South Bridge
Other Peripherals

Figure 30-2. The Overall System Architecture of a PC
473.
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Figure 30-3. A Block Diagram of the GeForce 6 Series Architecture
474,

As a non-limiting example, the Davis Thesis discloses simulating a neural network on a graphics
processing unit, with the computations as claimed.
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Chapter 1. Introduction

Introductions to both GPUS and ANNs provide a basic overview of the information
needed to understand the application of ANNs on GPUs. A survey of current GPU
and CPU programming languages with ANN supporting features is presented and
briefly discussed. Finally, a comparison between several ANNs implemented on both
the CPU and the GPU are presented, allowing analysis and generalization about the

applicability of ANNs on GPUs.

Distance

Inh ibition

linear
Distance ”/’
| Inhibition H
A/_ \/.\, D| stance

1—_[ Angle
| Distance inear /—g_’
| Inhibiticn .\H ‘/!

s, \.V\J

Inhibition

4"\/

Network

Good/Neutral/Bad Descrimination

Figure 2.3: Example of a artificial neural network designed as part of a simulator robot
control system. This network utilizes “Pi” (multiplication) neurons instead of the “Sigma”
(summation) neurons used in this thesis research.
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2.1.3 Artificial Neural Network Graphical Processing Unit

Simulation

Thomas Rolfes has published several versions of an article[16] on GPU simulation of
the multi-layer perceptron (MLP). In these articles, he outlines an approach to the
implementation of a MLP on the GPU through DirectX. In short, he uses matrix-
matrix products to compute the activation levels for the neurons, then applies his
non-linearity threshold function. Each layer in the network is a single matrix repre-
sented explicitly as a texture in DirectX, and inputs are aggregated into a matrix of
compatible dimensionality. The matrix product is based on an approach presented

in [14, 12, 20]. See Appendix G

Kyoung-Su Oh and Keechul Jung have also implemented a multi-layer perceptron
for the GPU to perform text detection[10]. Again, they use a method for matrix

products outlined in [14, 12, 20].
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3.2.7 What makes an ANN amenable to GPU execution?

About now hopetully you have an idea of what kinds of traits make a ANN ill or

well suited to GPU simulation, but let’s summarize some of the characteristics here:

e SIMD type operations — SIMD type operations are extremely well suited to
programmable GPU execution. The basic form of the shader kernel and the
hardware implementation are direct analogs of the SIMD architectures used on
the CPU. The GPU has evolved to handle these kernel repeated convolutions
in a parallel fashion to improve graphics performance and SIMD operations for

computation can exploit this trait.

e vector-matrix or matrix-matrix style linear algebra — Linear algebra that uti-
lizes a matrix (or a collection of vectors) scales nicely for the GPU. For vector-
matrix operations as you increase the size of your matrix, you linearly increase
the number of operations per value (float). If you are able to utilize matrix-
matrix operations this scaling be s N2 where N is the size of y i

x operations this scaling becomes N* where N is the size of your matrix.
This scaling factor, or algorithmic intensity, is of upmost importance for the
GPU. The design of the GPU is such that it is meant to be heavily utilized

with a high operation per byte ratio (more on this below).

Davis Thesis at 3, 8, 24; see also id. at Appendices A—G.

As a non-limiting example, Jung discloses simulating a neural network for text location, with the
computations as claimed.
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Fig. 3. Architecture of discrimination network that can arbitrate among multiple text detection networks.
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Jung at 1506-15.

1[c][ii] “accelerator
memory, operably
coupled to the at least
one graphics processing
unit, to store the results
of the sequence of
computations; and”

See also 1[c].

As a non-limiting example, Mesa-Martinex discloses accelerator memory (e.g., Shared Register Banks),
operably coupled to at least one graphics processing unit (e.g. processing elements (PEs)), to store the
results of the sequence of computations:

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
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approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
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1[d] “a controller,
operably coupled to the
at least one graphics
processing unit and the
accelerator memory,”

As a non-limiting example, Svensson discloses a controller (e.g., control unit), operably coupled to the at
least one graphics processing unit (e.g., host computer and/or processing elements):

70 Neural Al, LLC, Exhibit 2013
Page 2013 - 70
IPR2025-00610, NVIDIA Corporation v. Neural Al, LLC




Appendix B — 438 Patent Obviousness References Invalidity Claim Chart

Asserted Claims

Additional References and Disclosure

1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD- 1.

Data items
Y v ¢ v
Instructions — PE PE PE - PE
rov ot Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supi:lied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also knownas a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the I/O system is highly application dependent.

1.
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As a non-limiting example, Glover discloses a controller operably coupled to the at least one graphics
processing unit (e.g., host computer and/or processing elements):
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Figure 1: A block diagram of the MM32k.
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845.

73

Neural Al, LLC, Exhibit 2013
Page 2013 -73

IPR2025-00610, NVIDIA Corporation v. Neural Al, LLC




Appendix B — 438 Patent Obviousness References Invalidity Claim Chart

Asserted Claims

Additional References and Disclosure

As a non-limiting example, Mesa-Martinez discloses a controller (e.g., array controller) operably coupled
to the at least one graphics processing unit (e.g., processing elements (PEs)) and accelerator memory (e.g.,
Shared Register Banks):

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
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FIG. 4.

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the
system. The controller also handles the board’s I/O by interacting with the onboard PCI interface chip. The
program instructions received from the host computer are stored in a separate instruction memory (IM).
The Kestrel controller is programmed by using 54 bits of the 96-bit instruction word. The remaining bits
are

used as the instruction to be broadcast to the array.

Each cycle, the controller must decide whether or not data is read from the input queue, whether or not data
is written to the output queue, and whether or not the immediate field in the instruction should be replaced
with data from the controller. A small amount of local memory and logic is used by the controller in order
to enable loop counting and the recirculation of data among the PEs. When a critical condition is reached
by the system the controller will generate the corresponding interrupt to inform the host about the board’s
condition.
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A-10.

As a non-limiting example, to the extent Plaintiff identifies a memory controller in the accused products as
an “accelerator controller,” Kirk discloses a memory controller similar to those in the accused products

(e.g., Memory Controller 120).
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1[d][1] “to initialize
textures and shaders in
the accelerator memory
for performing the

As a non-limiting example, Oh discloses initializing textures and shaders in the accelerator memory for
performing a sequence of computations:

An artificial neural network, usually referred to as ‘neural network’, is based on the concept of the
workings of the human brain. There are many different types of NN, with the more popular being a
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sequence of
computations,”

multilayer perceptron, learning vector quantization, radial basis function, Hop/eld, and Kohonen. The
current study focuses on using a GPU to implement a multilayer perceptron, which is usually fully
connected between adjacent layers. The input layer receives the input features of a given application.
Although the network structure can vary as regards the number of layers, number of nodes in each layer,
and input mask size, each layer performs the same inner-product operation between the given input vectors
and the weight vectors, followed by a non-linear function. Moreover, many inner-product operations can be
replaced with a matrix multiplication, which is more appropriate for GPU implementation.

1311-12.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1312.

As described above, the inner-product operation for each
layer of an NN can be replaced with a matrix multiplication
based on accumulating the input vectors and weight vectors.
As such, the computation-per-layer can be written as
follows:
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where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X , then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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As a non-limiting example, ANN discloses initializing textures and shaders in the accelerator memory for
performing a sequence of computations:

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris”' had created a class called “Render to
Texture™ to easy the use of PBuffer. We had used this class
in our program.

625.
1[d][ii] “to control As a non-limiting example, Svensson discloses a controller (e.g., control unit) controlling performance of
performance of the the sequence of computations (e.g., via instructions) by at least one graphics processing unit (e.g., host
sequence of computer and/or processing elements):

computations by the at
least one graphics
processing unit,”
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1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
2 {
Instructions ——m| PE PE PE -- PE
v oy Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the /O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.

1.
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Figure SIMD-2b

As a non-limiting example, Glover discloses a controller controlling performance of the sequence of
computations (e.g., via instructions) by at least one graphics processing unit (e.g., host computer and/or

processing elements):
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845.

As a non-limiting example, Mesa-Martinez discloses a controller (e.g., array controller) controlling
performance of the sequence of computations (e.g., via instructions) by at least one graphics processing
unit (e.g., processing elements (PEs)):

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.
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FIG. 3.

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the
system. The controller also handles the board’s I/O by interacting with the onboard PCI interface chip. The
program instructions received from the host computer are stored in a separate instruction memory (IM).
The Kestrel controller is programmed by using 54 bits of the 96-bit instruction word. The remaining bits
are

used as the instruction to be broadcast to the array.

Each cycle, the controller must decide whether or not data is read from the input queue, whether or not data
Is written to the output queue, and whether or not the immediate field in the instruction should be replaced
with data from the controller. A small amount of local memory and logic is used by the controller in order
to enable loop counting and the recirculation of data among the PEs. When a critical condition is reached
by the system the controller will generate the corresponding interrupt to inform the host about the board’s
condition.
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A-10.

1[d][iii] “to transfer the
at least a portion of the
input data into the
accelerator memory
during performance of
the intermediate
computations in the
sequence of
computations by the at
least one graphics
processing unit, and”

See 1[c], 1[c][ii].

As a non-limiting example, ANN discloses transferring at least a portion of input data (e.g., real-time video
input data) into accelerator memory during performance of the intermediate computations in the sequence
of computations by at least one graphics processing unit. In ANN’s multi-layer neural network, it would
have been obvious to transfer subsequent frames of real-time input data into accelerator memory while
performing a computation on a preceding frame:
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

As a non-limiting example, Tamura discloses transferring at least a portion of input data into accelerator
memory during performance of the intermediate computations in the sequence of computations by at least
one graphics processing unit (e.g., inputting data and writing it to memory while other input data is
processed through the layers of an artificial neural network):

In order to solve this problem, the present invention is a neuroprocessor comprising a neural network
arithmetic processing unit and pairs of input signal memories and teacher signal memories, wherein input
signal data and teacher signal data to be used in next calculations are inputted and written to the other of the
pair of input signal memories and the other of the pair of teacher signal memories while learning
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calculations are being performed using input signal data in one of the pair of input signal memories and
teacher signal data in one of the pair of teacher signal memories.
[0029].

In this configuration, the data input operation is carried out in parallel with calculations, so time for data
input is apparently not necessary. In other words, the total processing time is reduced by the amount of time
that was previously required for data input. Therefore, processing can be accelerated.

[0030].

FIG. 3 (A) is a diagram showing processing flow. Data input and calculations are performed in parallel, and
the calculations are performed using data inputted in the previous step. As can be seen in comparison with
the prior art method in FIG. 3 (B), one processing iteration is completed in two steps in the prior art

method in FIG. 3 (B), whereas in the method of the present invention, one processing iteration is apparently
completed in one step.

[0035].
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As a non-limiting example, Oh discloses transferring at least a portion of input data into accelerator
memory during performance of the intermediate computations in the sequence of computations by at least
one graphics processing unit (e.g., while processing video input data, which may require real-time
processing in which input data is processed through the layers of an artificial neural network):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.
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1313.

1[d][iv] “to transfer at
least a portion of the
output data from the
accelerator memory to
the main memory
during performance of
the intermediate
computations in the
sequence of
computations by the at
least one graphics
processing unit.”

As a non-limiting example, ANN discloses transferring at least a portion of output data from accelerator
memory to main memory during performance of the intermediate computations in the sequence of
computations by at least one graphics processing unit. It would have been obvious to transfer output data
in accelerator memory from one pass through the artificial neural network to main memory while
intermediate computations occur on other input data:
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

As a non-limiting example, Oh discloses transferring at least a portion of output data from accelerator
memory to main memory during performance of the intermediate computations in the sequence of
computations by at least one graphics processing unit (e.g., while processing video input data, which may
require real-time processing in which input data is processed while output data is transferred):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
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real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

2 “The computer
system of claim 1,
wherein the central
processing unit is
configured to receive
the input data in
response to a user
interaction.”

See claim 1.

As a non-limiting example, Oh discloses receiving input data in response to a user interaction (e.g.,
uploading data from an external device, such as a camera):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
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entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
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term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.
3[a] “The computer See claim 1.
system of claim 1,
wherein: the central As a non-limiting example, ANN discloses receiving input data (e.g., video input data) at a first rate:

processing unit is
configured to receive
the input data at a first
rate; and”
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

As a non-limiting example, Oh discloses receiving input data (e.g., video data, which can be input at
different rates):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
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FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].
1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

3[b] “the at least one
graphics processing
unit is configured to
perform the sequence
of computations at a
second rate different
than the first rate.”

As a non-limiting example, ANN discloses at least one graphics processing unit performing the sequence of
computations a second rate different than the first rate (e.g., different rates depending on the device and the
number of passes):
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

TABLE I: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328
GPUN /ms 46

V. SOME IMPLEMENTATION DETAILS AND
LESSONS

To increase the efficiency, some basic rule should obey.
The main rules are given below.

First, create the GPU hardware program only once and
enable it when it is needed. The reason is that when a new
program is created, it will be compiled by Cg, which is time
consuming.

Second, if possible, do one’s best to decrease the
calculation passes. For computation scheme described in
section 2.2, the main bottleneck is at finding minimum
procedure. The test shows that the bottleneck comes from
multi-pass used in finding minimum procedure. Table 2
shows result for different scheme of finding the minimum.
To decrease the pass, we make two changes, the first is to
combine the value calculation with one pass of find
minimum, and the second is to combine two pass of find
minimum computation into one pass. Instead of calculate 4
units, 16 units are calculated. GPUA represent calculation
on ATI graphic card and GPUN represent the calculation on
NVIDIA graphic card. The performance increase is clear,
especially for Nvidia’s graphic card.

TABLE I1: COMPARISON BETWEEN MORE AND FEW PASS

KFM size 128*128 | 256*256 | 512*512
GPUA more | 366 400 533

ass /ms

GPUA few pass | 211 244 511

/ms

GPUN more | 190 640 2889
pass /ms

GPUN few pass | 104 256 900
/ms
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As a non-limiting example, Oh discloses at least one graphics processing unit performing the sequence of
computations a second rate different than the first rate (e.g., different rates depending on the pixel region
selected for processing):

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

4 “The computer
system of claim 1,
wherein the main
memory is configured
to store a copy of the
output data stored in the
accelerator memory.”

See 1[d][iv], claim 1.
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5 “The computer
system of claim 1,
wherein an output of at
least one computation
in the sequence of
computations
represents an output of
at least one neuron in
an artificial neural
network.”

See 1[c][i], claim 1.

As a non-limiting example, ANN discloses that an output of at least one computation in the sequence of
computations represents an output of at least one neuron (e.g., nodes) in an artificial neural network:
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.
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In this paper, two kinds of ANN computation on GPU
are given. In section 2, SOM computation model and
implementation on graphic hardware is discussed. In
section 3, MLP computation model and implementation on
GPU is discussed. In section 4, the computation result and
comparison are given for both CPU and GPU. In section 5,
some of the design details and lessons we learned during
implementation are given. In section 6, conclusion and

some future works are given.
Id.

B.Computational Model of MLP

Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars. 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.
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Current GPU has a limited instruction length and a limited
number of temporary variables for calculation at each
location. So multipass is needed for complex problem. For
MLP discussed in this section, three passes are performed.
In the first pass, average values of three color and
luminance are calculated. In the second pass, the standard
deviations of the three colors are calculated. In the third
pass, classification result is got from MLP calculation on
the characteristic.

624.

In this calculation, we use a new Nvidia’s GF6000
serious graphic hardware. The reason is that the ATI’s GPU
supports very few numbers of operations in each pass; so
more passes are need for MLP calculation. Old Nvidia's
GPU does not support fully float texture, which is crucial
for the precision of result.

625.
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Second, if possible, do one’s best to decrease the
calculation passes. For computation scheme described in
section 2.2, the main bottleneck is at finding minimum
procedure. The test shows that the bottleneck comes from
multi-pass used in finding minimum procedure. Table 2
shows result for different scheme of finding the minimum.
To decrease the pass, we make two changes, the first is to
combine the value calculation with one pass of find
minimum, and the second is to combine two pass of find
minimum computation into one pass. Instead of calculate 4
units, 16 units are calculated. GPUA represent calculation
on ATI graphic card and GPUN represent the calculation on
NVIDIA graphic card. The performance increase is clear,
especially for Nvidia’s graphic card.

TABLE 1I: COMPARISON BETWEEN MORE AND FEW PASS

KFM size 128*128 | 256*256 | 512*512
GPUA more | 366 400 533
pass /ms

GPUA few pass | 211 244 511

/ms

GPUN more | 190 640 2889
pass /ms

GPUN few pass | 104 256 900
/ms

Third, do best to decrease the dath exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris'"! had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

Id.
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In this paper, implementation for two ANN models on
graphic hardware is given. Inherent parallelism of
commodity graphic hardware is used to accelerate the
computation of ANN. The result shows that GPU is capable
for some of ANN calculation, the graphic hardware make it
possible for an increasing performance/cost ratio on the
area of large size ANN computation.

Compared to Bohn’s initial computation on SGI
workstation, our implementation has two benefits. One is
our calculation is more precise, for we had use the float
point computing. The other is that we only use a
commodity available graphic card, which is much more
easily available than SGI workstation so can be widely used.

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

We can also do other general ANN computation on
GPU, because GPU provide almost all arithmetic operation,
logic operation and some important mathematic function.
And for the application of neural network on images, it is
more naive to make such computing on a graphic hardware.

626.
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As a non-limiting example, Oh discloses that an output of at least one computation in the sequence of
computations represents an output of at least one neuron (e.g., nodes) in an artificial neural network:

An artificial neural network, usually referred to as ‘neural network’, is based on the concept of the
workings of the human brain. There are many different types of NN, with the more popular being a
multilayer perceptron, learning vector quantization, radial basis function, Hop/eld, and Kohonen. The
current study focuses on using a GPU to implement a multilayer perceptron, which is usually fully
connected between adjacent layers. The input layer receives the input features of a given application.
Although the network structure can vary as regards the number of layers, number of nodes in each layer,
and input mask size, each layer performs the same inner-product operation between the given input vectors
and the weight vectors, followed by a non-linear function. Moreover, many inner-product operations can be
replaced with a matrix multiplication, which is more appropriate for GPU implementation.

1311-12.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1312.

As described above, the inner-product operation for each
layer of an NN can be replaced with a matrix multiplication
based on accumulating the input vectors and weight vectors.
As such, the computation-per-layer can be written as
follows:
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where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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6[a] “The computer
system of claim 1,
wherein accelerator
memory comprises: a
first memory bank to
store parameters
common to all of the
computations in the
sequence of
computations; and”

As a non-limiting example, Svensson discloses a first memory bank (e.g., one or more memory modules) to
store parameters common to all of the computations in the sequence of computations:

1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
2 {
Instructions  ——=| PE PE PE - PE
R Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supi:lied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the I/O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.

1.
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Memory Interconnection Processing
Modules Network Elements
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Figure SIMD-2a

Instructions

Status Control Unit

Host
Computer |«

10___.| PEAmy

Host Computer - Processor Array Relationship
Figure SIMD-2b

2.

As a non-limiting example, Mesa-Martinez discloses a first memory bank (e.g., one or more local memories
and/or Shared Register Banks):
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Kestrel Architecture

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next PE,
thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally in
order to prevent adjacent PEs from writing to the same bank at the same time. This communication method
is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its area to
be dedicated for processing and memory.

Mesa-Martinez at 2.
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The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
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FIG. 4.

6[b] “a second memory
bank to store data
specific to at least one
computation in the
sequence of
computations.”

As a non-limiting example, Svensson discloses a second memory bank (e.g., one or more memory modules)
to store data specific to at least one computation in the sequence of computations:
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1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
2 {
Instructions ——m| PE PE PE -- PE
v oy Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the /O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.

1.
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2.

As a non-limiting example, Mesa-Martinez discloses a second memory bank (e.g., one or more local
memories and/or Shared Register Banks):
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Kestrel Architecture

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next PE,
thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally in
order to prevent adjacent PEs from writing to the same bank at the same time. This communication method
is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its area to
be dedicated for processing and memory.

Mesa-Martinez at 2.
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The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
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FIG. 4.

7 “The computer
system of claim 1,
wherein the controller
is configured to transfer
the output data from the
accelerator memory to
the main memory
without transferring any
of the intermediate
results from the
accelerator memory to
the main memory so as

See 1[d][iv], claim 1.

As a non-limiting example, ANN discloses transferring output data from accelerator memory to main
memory without transferring any intermediate results from accelerator memory to main memory (e.g.,
saving intermediate results in textures on GPU) so as to reduce data transfer via the bus (e.g., decrease
data exchange between CPU and GPU):

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"”! had created a class called “Render to
Texture™ to easy the use of PBuffer. We had used this class
in our program.
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to reduce data transfer
via the bus.”

625.

As a non-limiting example, Oh discloses transferring output data from accelerator memory to main memory
without transferring any intermediate results from accelerator memory to main memory (e.g., by
performing all computations on the GPU without transferring data to the CPU):

Graphics hardware has only been used for rendering within the last few decades, however, its extended
capabilities in supporting complex operations have also become useful in non-graphics applications. In
particular, the advent of a programmable vertex shader and pixel shader enables flexible functions for
general computation. Since GPUs are designed for high-performance rendering where repeated operations
are common, they are more effective in utilizing parallelism and more pipelined than general purpose
CPUs. Therefore, in areas where repeated operations are common, a GPU can produce a better performance
than a CPU. The mechanism of general computation using a GPU is as follows. The input is transferred to
the GPU as textures or vertex values. The computation is then performed by the vertex shader and pixel
shader during a number of rendering passes. The vertex shader performs a routine for every vertex

that involves computing its position, color, and texture coordinates, while the pixel shader is performed for
every pixel covered by polygons and outputs the color of the pixel.

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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As a non-limiting example, to the extent Plaintiff identifies a memory controller in the accused products as
an “accelerator controller,” Kirk discloses a memory controller similar to those in the accused products

(e.g., Memory Controller 120).
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8 “The computer See 1[d][iv], claim 1.
system of claim 1,
wherein the controller
is configured to transfer
at least a portion of the
output data from the
accelerator memory to
the main memory after
133
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the at least one graphics
processing unit has
begun to perform
another sequence of
computations.”

9 “The computer
system of claim 8,
wherein the controller
is configured to initiate
transfer of the at least a
portion of the input data
and to transfer the at
least a portion of the
output data in parallel
with performance of at
least one computation
in the other sequence of
computations by the at
least one graphics
processing unit.”

See 1[d][iii], 1[d][iv]; claim 8.

As a non-limiting example, ANN discloses transferring at least a portion of output data in parallel with
performance of at least one computation in the other sequence of computations by at least one graphics
processing unit (e.g., input and output data are transferred while computations are performed while the
neural network is processing real-time data):
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

As a non-limiting example, Oh discloses transferring at least a portion of output data in parallel with
performance of at least one computation in the other sequence of computations by at least one graphics
processing unit (e.g., input and output data are transferred while the neural network is processing video
input data, which may be real-time data):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
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entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

10 “The computer
system of claim 1,
wherein the controller
is configured to control
execution of the
sequence of
computations by the at

See 1[d][ii], claim 1.
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least one graphics
processing unit.”

12[pre] “A method of
performing a sequence
of computations
representing an
artificial neural network
on a computer system
comprising a central
processing unit (CPU),
a main memory
operably coupled to the
central processing unit
via a bus, an accelerator
operably coupled to the
CPU and the main
memory via the bus, the
accelerator comprising
a graphics processing
unit (GPU) and an
accelerator memory,
the method
comprising:”

See 1[a]-1[c][ii].

12[a] “(A) performing,
by the GPU, the
sequence of
computations on a first
portion of input data so
as to generate a first
portion of output data,
the first portion of the
output data representing

See 1[c][i].
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an output of a neuron in
a first layer of the
artificial neural
network, intermediate
computations in the
sequence of
computations yielding
intermediate results,
wherein performing the
sequence of
computations on the
first portion of the input
data comprises “

12[a][i] “(i) assigning
an output variable to a
first texture and a
second texture, the
output variable being
included in a first
computational element
of a plurality of
computational
elements, the plurality
of computational
elements representing
the sequence of
computations and “

See claim 1.

As a non-limiting example, ANN discloses assigning an output variable to a first texture and a second
texture (e.g., using Render to Texture functionality), the output variable being included in a first
computational element of a plurality of computational elements, plurality of computational elements
representing the sequence of computations:

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"”! had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

625.

As a non-limiting example, Oh discloses assigning an output variable to a first texture and a second texture
(e.g., a render target texture), the output variable being included in a first computational element of a
plurality of computational elements, plurality of computational elements representing the sequence of
computations:
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As described above, the inner-product operation for each layer of an NN can be replaced with a matrix

multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:

[ wir w2 Wiz Wiv | [ W1 ]
Wi Wn  wn Wan W,
W= - ,
| Wyl Wi W WuN | | Wu |
(X1 X2 X3 XiL |
X2 X22 X23 X21
X =
[ Xyt Xv2 X3 XNL
=X X3 X,
" b b b b ]
b b b bo
B = ,
| by bu  bm bm
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

As a non-limiting example, GPU Gems discloses assigning an output variable to a first texture and a
second texture (e.g., via render-to-texture), the output variable being included in a first computational
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element of a plurality of computational elements, plurality of computational elements representing the
sequence of computations:

Render-to-Texture

When an image is generated by the GPU, it can be written to frame-buffer memory
that can be displayed, or it can be written to texture memory. This render-to-texture
functionality is essential for GPGPU, because it is the only current mechanism with
which to implement direct feedback of GPU output to input without going back to the
host processor. (Indirect feedback is also available via copy-to-texture, which requires a
copy from one location in the GPU’s memory to another.) We can think of render-to-
texture as a write-only memory interface.

You may be wondering why we don’t consider the texture unit and render-to-texture
together as a read-write memory interface. The reason is that the fragment processor
can read memory as many times as it wants inside a kernel, bur it can write data only at
the end of the kernel program (this is stream out). Thus, memory reads and writes are
fundamentally separate on GPUs, so it helps to think about them that way.

499.

12[a][ii] “(ii)
accumulating a first
value for the output
variable in the first
texture during a first
time step;”

See 12[a][i].

As a non-limiting example, ANN discloses accumulating a first value for the output variable in the first
texture during a first time step (e.g., using Render to Texture functionality):

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"”! had created a class called “Render to
Texture™ to easy the use of PBuffer. We had used this class
in our program,.

625.
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As a non-limiting example, Oh discloses accumulating a first value for the output variable in the first
texture during a first time step (e.g., saving an output in a texture after a first computation):

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix

multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:

Cwin owiz owis WIN W
W21 W2 Wa3 Wan Wg
W — e
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(X111 X2 X3 xir |
X21 X22 X23 X2L
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| Xv1 Xv2 Xw3 XN |
=X X XN X ],
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.

146 Neural Al, LLC, Exhibit 2013

Page 2013 - 146
IPR2025-00610, NVIDIA Corporation v. Neural Al, LLC




Appendix B — 438 Patent Obviousness References Invalidity Claim Chart

Asserted Claims

Additional References and Disclosure

The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

As a non-limiting example, GPU Gems discloses accumulating a first value for the output variable in the
first texture during a first time step (e.g., using render-to-texture to implement direct feedback of GPU
output to input):
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Render-to-Texture

When an image is generated by the GPU, it can be written to frame-buffer memory
that can be displayed, or it can be written to texture memory. This render-to-texture
functionality is essential for GPGPU, because it is the only current mechanism with
which to implement direct feedback of GPU outpur to input without going back to the
host processor. (Indirect feedback is also available via copy-to-texture, which requires a
copy from one location in the GPU’s memory to another.) We can think of render-to-
texrure as a write-only memory interface.

You may be wondering why we don’t consider the texture unit and render-to-texture
together as a read-write memory interface. The reason is that the fragment processor
can read memory as many times as it wants inside a kernel, but it can write data only at
the end of the kernel program (this is szream out). Thus, memory reads and writes are
fundamentally separate on GPUs, so it helps to think about them that way.

490.

12[b] “(B) in parallel
with performing the
sequence of
computations by the
GPU in (A),
transferring a second
portion of the input data
from the main memory
to the accelerator via
the bus;”

See 1[d][iii]; claim 9.

As a non-limiting example, ANN discloses in parallel with performing the sequence of computations by the
GPU, transferring a second portion of input data (e.g., real-time video input data) from main memory to
the accelerator:
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.
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622.

Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

As a non-limiting example, Oh discloses in parallel with performing the sequence of computations by the
GPU, transferring a second portion of input data (e.g., real-time video input data) from main memory to
the accelerator:

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
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FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].
1311.

The mechanism of general computation using a GPU is as follows. The input is transferred to the GPU as
textures or vertex values. The computation is then performed by the vertex shader and pixel shader during a
number of rendering passes. The vertex shader performs a routine for every vertex that involves computing
its position, color, and texture coordinates, while the pixel shader is performed for every pixel covered by
polygons and outputs the color of the pixel.

1312.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

12[c] “(C) in parallel
with performing the

See 1[d][iv]; claim 8.
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sequence of
computations by the
GPU in (A),
transferring a second
portion of the output
data from the
accelerator memory to
the main memory via
the bus, the second
portion of the output
data representing an
output of a neuron in a
second layer in the
artificial neural
network; and”

As a non-limiting example, ANN discloses in parallel with performing the sequence of computations by the
GPU, transferring a second portion of output data from accelerator memory to main memory. It would
have been obvious to transfer output data in accelerator memory from one pass through the artificial
neural network to main memory while intermediate computations occur on other input data:
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

12[d] “(D) performing,
by the GPU, the
sequence of
computations on the
second portion of the
input data, wherein
performing the
sequence of
computations on the

See 12[a], 12[b].
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second portion of the
input data comprises”

12[d][i] “(i)
accumulating a second
value for the output
variable in the second
texture during a second
time step and”

See 12[a][i], 12[a][ii].

As a non-limiting example, ANN discloses accumulating a second value for the output variable in the
second texture during a second time step (e.g., using Render to Texture functionality):

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris”' had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

625.

As a non-limiting example, Oh discloses accumulating a second value for the output variable in the second
texture during a second time step (e.g., by saving an output value in a texture):

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

12[d][ii] *“(i1) making
the first value of the
output variable in the
first texture accessible

See 12[d][il, L[c][iil.
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to other computational
elements in the
plurality of
computational elements
during the second time
step.”

As a non-limiting example, ANN discloses making the first value of the output variable in the first texture
accessible to other computational elements during the second time step (e.g., by saving the intermediate
result in a texture on GPU and reusing it as input data):

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"! had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

625.

As a non-limiting example, ANN discloses making the first value of the output variable in the first texture
accessible to other computational elements during the second time step (e.g., by saving a result in a texture
and using it as input for the next layer of the neural network):

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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M=W=xX+B
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R = sigmoid(M)
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(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

13 “The method

of claim 12, further
comprising: storing the
input data in the main

See 1[b]; claims 2, 12,
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memory in response to
a user interaction.”

14[a] “The method of
claim 12, further
comprising: receiving
the input data at a first
rate; and”

See 3[a], claim 12.

14[b] “wherein (A)
comprises performing
the sequence of
computations at a
second rate different
than the first rate.”

See 3[b].

16 “The method of
claim 12, wherein (C)
comprises: transferring
the second portion of
the output data from the
accelerator memory to
the main memory
without transferring any
of the intermediate
results of the plurality
of sequential
computations from the
accelerator memory to
the main memory so as
to reduce data transfer
via the bus.”

See claims 7, 12.

17 “The method of
claim 12, wherein (C)
comprises: transferring

See 1[d][iv]; claims 8, 12.
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the second portion of
the output data from the
accelerator memory to
the main memory after
the GPU has begun to
perform another
sequence of
computations.”

18 “The method of
claim 17, wherein (C)
further comprises:
initiating transfer of the
second portion of the
output data in parallel
with performance of at
least one computation
in the other sequence of
computations.”

See claims 9, 17.

20[a] “The method of
claim 12, further
comprising: storing
parameters common to
all of the computations
in the sequence of
computations in a first
memory bank in the
accelerator memory;
and”

See 6[a], claim 12.

20[b] “storing data
specific to at least one
computation in the
sequence of

See 6[b].
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computations in a
second memory bank in
the accelerator
memory.”

21[pre] “A method of
performing a sequence
of computations
representing an
artificial neural
network, the method
comprising:”

See 1[c][i], 12[pre].

21[a] “receiving, at a
central processing unit
(CPU), first input data
acquired from an
external system in real
time;”

See 1[a].

21[b] “initializing, by a
controller operably
coupled to a graphics
processing unit (GPU),
textures and shaders in
a memory operably
coupled to the GPU;”

See L[c][ii], 1[d], L[d][il.

21[c] “transferring the
first input data received
by the CPU to the
memory operably
coupled to the GPU;”

See 1[b], 1[c], L[d][iiil.

21[d] “performing, by
the graphics processing
unit (GPU), a first

See 1[c][i], 12[a].
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computation in the
sequence of
computations on the
first input data based on
the textures and shaders
to generate first output
data, computations in
the sequence of
computations
representing respective
layers of neurons in the
artificial neural
network, an output of
the first computation in
the sequence of
computations
representing an output
of a first neuron in a
first layer in the
artificial neural
network;”

21[e] “storing, in the
memory operably
coupled to the GPU, the
first input data and the
first output data; and”

See 1[c][iil, L[d][iiil, 12[a].

21[f] “transferring
second input data
acquired from the
external system in real
time into the memory
operably coupled to the

See L[d][iii], 1[d][iv], 12[b], 12[c].
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GPU after the GPU
starts the first
computation and before
the GPU starts a second
computation of the
sequence of
computations, an output
of the second
computation in the
sequence of
computations
representing an output
of a second neuron in a
second layer in the
artificial neural
network.”

22 “The method of
claim 21, wherein
transferring the second
input data comprises
transferring the second
input data via a bus
operably coupled to the
CPU.”

See 1[c], 12[b], claim 21.

23 “The method of
claim 21, further
comprising:
transferring the first
output data from the
memory to another
memory during the
second computation in

See 1[d][iv], claim 21.
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the sequence of
computations.”

24[a] “The method of
claim 23, further
comprising: storing
intermediate results of
the sequence of
computations in the
memory, and”

See 12[a]; claims 16, 23.

As a non-limiting example, Oh discloses storing intermediate results of the sequence of computations in
memory (e.g., by saving results in textures):

Graphics hardware has only been used for rendering within the last few decades, however, its extended
capabilities in supporting complex operations have also become useful in non-graphics applications. In
particular, the advent of a programmable vertex shader and pixel shader enables flexible functions for
general computation. Since GPUs are designed for high-performance rendering where repeated operations
are common, they are more effective in utilizing parallelism and more pipelined than general purpose
CPUs. Therefore, in areas where repeated operations are common, a GPU can produce a better performance
than a CPU. The mechanism of general computation using a GPU is as follows. The input is transferred to
the GPU as textures or vertex values. The computation is then performed by the vertex shader and pixel
shader during a number of rendering passes. The vertex shader performs a routine for every vertex

that involves computing its position, color, and texture coordinates, while the pixel shader is performed for
every pixel covered by polygons and outputs the color of the pixel.

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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24[b] “wherein
transferring the first
output data from the
memory to the other
memory occurs without
transferring the
intermediate results of
the sequence of
computations.”

See claims 7, 16.

As a non-limiting example, ANN discloses transferring first output data from memory to another memory
without transferring intermediate results (e.g., by saving intermediate results in a texture on GPU):

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"”' had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

625.

25 “The method of
claim 23, wherein
transferring the second
input data and
transferring the first
output data occurs in
parallel.”

See 12[b], 12[c]; claims 9, 23.

As a nonlimiting example, ANN discloses transferring second input data and first output data in parallel
(e.g., while processing data in real-time):
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

624.

B. MLP Computation Time for CPU and GPU

The application of MLP in this paper is to trace the ball in
robot soccer in real time. The result is shown in table 1.

625.
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The result shows that GPU based MLP computation is
about 200 times faster than that of CPU. And the result also
shows that GPU computation is fast enough for the locating
of the ball in real time.

FABLE [: MLP COMPUTATION ON CPU AND GPU.
CPU /ms 11328

GPUN /ms 46

The implementation on graphic hardware introduce in
this paper has other implicit benefit too. For the SOM
computing, a multi-texture or 3-D texture can be used to
store the map and make more general SOM computing
without the restriction of the vector length of 4. For the
MLP used in robot soccer, some graphic hardware have
“video in” function, using this kind of graphic hardware;
image information can be retrieved directly from camera
and store on graphic memory, and don’t need to transfer
data between CPU and GPU, which will speed the process.

626.

26 “The method of
claim 21, further
comprising: storing, in
a first memory partition
of the memory,
parameters common to
all of the computations
in the sequence of
computations.”

See 6[a], claim 21.

As a non-limiting example, Danskin discloses storing data in one or more “partitions” (e.g., partitions
602).
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302(0) 302(1) 302(N-1)
PROCESSING PROCESSING PROCESSING
CLUSTER CLUSTER e CLUSTER
0 1 N-1
FB 502(0) FB . FB
PART PART 502(N-1) PART
0 502(1) 1 N-1
500
302(0) 302(1) 302(N-1)
PROCESSING PROCESSING PROCESSING
CLUSTER CLUSTER wee CLUSTER
0 1 N-1
604
B 602(0) FB FB
PART PART e PART
0 602(1) 1 BO2(N-1) B-1
600

Frame buffer 600 is partitioned (physically or logically) into a number B of partitions 602, where B might
be equal to or different from the number N of processing clusters 302. Processing clusters 302 are coupled
to partitions 602 via a crossbar 604. Each cluster 302 can write pixel data to any one (or more) of the B
partitions 602.

Danskin at 2:45-56, 11:19-12:37, Figs. 5, 6.

27 “The method of
claim 26, further
comprising: storing, in
a second memory
partition of the

See claims 6, 26.
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memory, data specific
to the first computation
in the sequence of
computations.”

28 “The method of
claim 27, further
comprising: storing, in
the second memory
partition, external input
data patterns,
representations of
internal variables, an
input of the
computation in the
sequence of
computations, and the
output of the
computation in the
sequence of
computations.”

See 1[c][ii], 1[d][iii], claim 27.

As a non-limiting example, Oh discloses storing external data input patterns (e.g., input from an external
camera) and representations of internal variables (e.g., outputs of a hidden layer in a neural network which
are used as input for the next layer):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
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receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

29 “The method of
claim 21, wherein
storing the first output
data comprises:
accumulating, in the
memory, outputs of
computational elements
executed by the GPU in
performing the first
computation in the
sequence of
computations.”

See 12[a][i], L2[a][ii], claim 21.

As a non-limiting example, Oh discloses accumulating, in the memory, outputs (e.g., results) of
computational elements executed by the GPU in performing the first computation in the sequence of
computations:

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

30[a] “The method of
claim 21, further

comprising: storing, in
the memory, an output

See 12[a][i], 12[a][ii], claim 21.

As a non-limiting example, Oh discloses storing, in the memory, an output (e.g., result) of a previous
computation in the sequence of computations:
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of a previous
computation in the
sequence of
computations; and”

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix

multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

30[b] “accessing, by the
GPU, the output of the
previous computation
during performance of

See 12[d][i], L2[d][i.
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the computation in the
sequence of
computations.”

As a non-limiting example, ANN discloses accessing the output of the previous computation during
performance of the computation in the sequence of computations (e.g., by using the output of the previous

computation as input for the next computation):
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Artificial Neural Network (ANN) is widely used in pattern
recognition related area. In some case, the computational load
is very heavy, in other case, real time process is required. So
there is a need to apply a parallel algorithm on it, and usually
the computation for ANN is inherently parallel. In this paper,
graphic hardware is used to speed up the computation of ANN.
In recent years, graphic processing unit (GPU) grows faster
than CPU. Graphic hardware venders provide
programmability on GPU. In this paper, application of
commodity available GPU for two kinds of ANN models was
explored. One is the self-organizing maps (SOM); the other is
multi layer perceptron (MLP). The computation result shows
that ANN computing on GPU is much faster than on standard
CPU when the neural network is large. And some design rules
for improve the efficiency on GPU are given.

Keywords: Graphic Process Unit; ANN; SOM; MLP
[. INTRODUCTION

Artificial neural network is widely used in classification
and pattern recognition. In this paper, two kinds of ANN,
self-organizing maps (SOM) " and multi layer perceptron
(MLP), are implemented on graphic hardware for speed up
the computation.

MLP is a very simple neural network, the process is
linear with one input layer, several hidden layer, and an
output layer. It is usually trained by back propagation (BP)
algorithm. SOM consists of one layer of n-dimensional
units (neurons). It is fully connected with the network input.
Additionally, there exist lateral connections through which
a topological structure is imposed. For the standard model,
the topology is a regular two-dimensional map instantiated
by connections between each unit and its direct neighbors.

622.
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Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris"”! had created a class called “Render to
Texture™ to easy the use of PBuffer. We had used this class
in our program.

625.

As a non-limiting example, Oh discloses accessing the output of the previous computation during
performance of the computation in the sequence of computations (e.g., by using the output of the previous
computation as input for the next computation):

As described above, the inner-product operation for each layer of an NN can be replaced with a matrix

multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
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M=W=xX+B
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R = sigmoid(M)
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(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

31 “The method of
claim 21, wherein
performing the first
computation comprises

See 1[c][i], 12[a][i], claim 21.
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executing a plurality of
computational elements
representing a layer of
neurons in an artificial
neural network.”

32 “The method of
claim 31, wherein all
neurons in the layer of
neurons are described
by the same equation.”

See claim 31.

As a non-limiting example, ANN discloses all neurons (e.g., nodes) in the layer of neurons being described
by the same equation (e.g., matrix multiplication and sigmoid functions):
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B.Computational Model of MLP

Three layer MLP neural network is selected to recognize
the ball. The input layer consists of seven nodes for seven
characters. The hidden layer consists of three nodes, and the
output layer consists of just one node. Back propagation
method was chosen to train the network.

The train set takes as follow. 16 locations are selected
from each of 10 robot cars, 4 locations are selected from
center of ball, and one location is selected from background
field. Totally, 165 locations are selected as the train set. For
each selected location, seven characters are calculated and
take as an element of the train set.

The trained MLP is used to recognize and trace the
ball in real time.

There are two main computation steps for MLP used
as the classification machine. The first one is matrix
multiplication:

net=wex+h [3]

The second one is sigmoid function calculation:

o(net) = [4]

et

l+e¢

As for the determination of ball on robot soccer, the MLP
calculation was applied on each point in the play ground.
And MLP was used to distinguish between ball and non-
ball position.

624.
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As a non-limiting example, ANN discloses all neurons (e.g., nodes) in the layer of neurons being described
by the same equation (e.g., matrix multiplication and sigmoid functions):

An artificial neural network, usually referred to as ‘neural network’, is based on the concept of the
workings of the human brain. There are many different types of NN, with the more popular being a
multilayer perceptron, learning vector quantization, radial basis function, Hop/eld, and Kohonen. The
current study focuses on using a GPU to implement a multilayer perceptron, which is usually fully
connected between adjacent layers. The input layer receives the input features of a given application.
Although the network structure can vary as regards the number of layers, number of nodes in each layer,
and input mask size, each layer performs the same inner-product operation between the given input vectors
and the weight vectors, followed by a non-linear function. Moreover, many inner-product operations can be
replaced with a matrix multiplication, which is more appropriate for GPU implementation.

1311-12.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1312.

As described above, the inner-product operation for each
layer of an NN can be replaced with a matrix multiplication
based on accumulating the input vectors and weight vectors.
As such, the computation-per-layer can be written as
follows:
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.

1313.
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As a non-limiting example, Svensson discloses all neurons (e.g., processing elements) in the layer of
neurons (e.g., a SIMD processor array) being described by the same equation (e.g., a single instruction
working on several data items simultaneously by using several processing elements):

1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
2 {
Instructions ——m| PE PE PE -- PE
v oy Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the /O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.
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As a non-limiting example, Glover discloses all neurons (e.g., nodes) in the layer of neurons being
described by the same equation (e.g., a single instruction working on several data items simultaneously by

using several processing elements):
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Figure 1: A block diagram of the MM32k.
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Figure 2: A block diagram of a single processing element (PE).

845.
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4 NEURAL NETWORK EXAMPLES

A common operation found in neural network classifiers (Kohonen, ART, etc.) is
the multi-dimensional nearest-neighbor match. If the network has a large number
of nodes, this operation is particularly inefficient on single processor systems, which
must compute the distance metric for each node sequentially. Using the MM32k, the
distance metrics for all nodes (up to 32768 nodes) can be computed simultaneously,
and the identification of the minimum distance can be made using an efficient tree
compare included in the system microcode.

846.

As a non-limiting example, Mesa-Martinez discloses all neurons (e.g., processing elements(PEs)) in the
layer of neurons (e.g., a SIMD processor array) being described by the same equation (e.g., a single
instruction being broadcast to each PE in the array):

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
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instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
PE |l PE L PE L PE L, ol PEL
0 1 2 3 goa 511
7 ¥ ] T
beeeee I I R R :
! 94 bit-wide Instruction Ercadcast
[ =
! L 4, )
e ! N Xy I
D Few Instruction " GUTPOT oomns 'Kéft:cs
5 4 juild 2
M - CUTPUT quene —s
ethamst
- —— - L
—_] —_I HOST SERVER
CLIENT CLIENT ™
Fig 3. Kestrel board architecture.
FIG. 3.

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the
system. The controller also handles the board’s I/O by interacting with the onboard PCI interface chip. The
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program instructions received from the host computer are stored in a separate instruction memory (IM).
The Kestrel controller is programmed by using 54 bits of the 96-bit instruction word. The remaining bits
are

used as the instruction to be broadcast to the array.

Each cycle, the controller must decide whether or not data is read from the input queue, whether or not data
IS written to the output queue, and whether or not the immediate field in the instruction should be replaced
with data from the controller. A small amount of local memory and logic is used by the controller in order
to enable loop counting and the recirculation of data among the PEs. When a critical condition is reached
by the system the controller will generate the corresponding interrupt to inform the host about the board’s
condition.

A-10.

40[pre] “A system for
executing an artificial
neural network, the
system comprising:”

See 21[pre].

40[a] “a central
processing unit (CPU)
to provide first input
data;”

See 1[a].

40[b] “a memory,
operably coupled to the
CPU, to store the first
input data in a first
partition, referenced by
a first pointer, before
computing a first layer
of neurons of the
artificial neural
network;”

See 1[c][ii].

As a non-limiting example, GPU Gems discloses storing first input data in a first partition (e.g., a buffer),
referenced by a first pointer, before computations begin (e.g., using the function pglnitBuffer()):
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Stream Management

Arrays of data in the framework are called buffers. The pughllocateBuffer () func-
tion creates a new buffer. Buffers can be read-only, write-only, or read-write, and this
can be specified using the mode parameter of this function. This function returns a
pointer to a PUGBuf fer structure, which can be passed to a2 number of functions in
the framework, including the following two.

To load initial data into a buffer, pass the dara to the pugInitBuffer() function.

To bind an inpur stream for a kernel to a buffer, call pugBindStream(), which rakes
as arguments a pointer to the PUGProgram to bind to, the PUGBUF fer pointer, and a
string containing the name of the St ream parameter in the Cg kernel program to
which this PUGBUf fer should be bound.

504.
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Listing 31-2. C++ Code to Set Up and Run a Reaction-Diffusion Simulation on the GPU
See the source code on the accompanying CD for more details.

PuGBuffer *rdBuffer; PFUGFrogram *rdProgram;

vold init_rd(){ // Call this once.
pugInit(); // Btart up the GPFU framework

// Create a “double-buffered” FUGBuffer. Two buffers allow the

/f similation to alternate using one as input, one as cutput

FUGBuUffer *rdbBuffer = pughllocateBuffer (widcth, height,
FUG_REATWRITE, 4, true);

FUGProgram *rdProgram = pugloadProgram("rd.cg®, °rd");
pugBindFloat (rdProgram, "Dulv", du, dv); // bind parameters

pugBindFloat (rdFrogram, "F*, F);
pugBindFloat (rdProgram, "k*, k):

Listing 31-2 (continued). C++ Code to Set Up and Run a Reaction-Diffusion Simulation on the GPU

// Initialize the state of the simulation with values in array
puglnitpBuffer (rdBuffer, array);
}

void update_rd()( // Call this every iteration
pugBindStream(rdProgram, “concentration®, rdBuffer, currentSource);
PUGRect range(0, width, 0, height);
pugRunProgram(rdProgram, rdBuffer, range, currentTarget);

std: : swap(currentSource, currentTarget);
}

507-8.
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40[c] “a processing
unit, operably coupled
to the memory, to
perform, during
computation of the first
layer of neurons, at
least one calculation on
the first input data so as
to generate first output
data, the first output
data representing an
output of at least one
neuron in the first layer
of neurons; and”

See 1[c][i], 21[d].

40[d] ““a controller,
operably coupled to the
processing unit and the
memory, to:”

See 1[d].

40[d][1] “store the first
output data in a second
partition of the
memory, the second
partition referenced by
a second pointer, and to
swap the first pointer
with the second pointer
at the end of the
computation of the first
layer of neurons, such
that the first output data
becomes an input for a
second layer of neurons

See 12[a][i], 21[d], 40[b].

As a non-limiting example, ANN discloses the output data becoming input for a second layer of the
artificial neural network:

Third, do best to decrease the data exchange between CPU
and GPU. Usually OpenGL’s PBuffer are used to save the
intermediate result in a texture on GPU and reuse it as an
input data. Harris”' had created a class called “Render to
Texture” to easy the use of PBuffer. We had used this class
in our program.

625.
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of the artificial neural As a non-limiting example, Oh discloses the output data becoming input for a second layer of the artificial
network,” neural network:
As described above, the inner-product operation for each layer of an NN can be replaced with a matrix
multiplication based on accumulating the input vectors and weight vectors. As such, the computation-per-
layer can be written as follows:
[ wii Wi Wiz ... Wiy | [ W]
W1 W22 W3 v Wan W 2
W= = ,
L wv1 w2 wms ... Wun | | Wu |
[ X1 X2 x3 ... XL |
X21 X22 X23 . X2t
X =
| XN1 XN2 XN3 s XNL
=N X X5 X,
(b1 bt b1 ... b ]
b b b ... b
B — L]
| by by bu ... bur |
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M=W=xX+B

WX Wi Xa Wi -Xxs ... Wi-Xy
W - X Wi - Xa W -Xa ... Wi-Xy
Wy -Xo Wuy-Xo Wu-Xz ... Wu Xy
b b b ... b
b b b ... b
+
by by by ... bu
[ mi mi2 mi ceeomip
m21 m22 ma23 . mar
= | mn  mx Mmoo ... m |, (2)
L M M2 My3 ... My

R = sigmoid(M)

I+ ™ 14+e™ ™ 14" 14e ™"
l+e ™ I4e™™2 14 ™ . 14e ™
I4e™ ™1 J4e™™2 [4e™"3 | [4e MM

(3)

where wij denotes the weight at the connection between the ith node of the output layer and the jth node of
the input layer, M is the number of nodes in the output layer, and N is the number of nodes in the input
layer. In addition, xjj is the ith feature value of the jth input vector and bi is the bias term for the ith output

node from L input vectors. The final result Rjj is the output of the ith output node for the jth input vector.
1312.
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The above computation comprises of a matrix multiplication followed by a bias factor addition and sigmoid
operation. The matrix multiplication is explained first. The method proposed by Moravanszky [1] is used to
implement the matrix multiplication. The two matrices are converted into textures, denoted by texture W
and texture X, then the matrix multiplication is performed by rendering. A rectangle is rendered to cover
the whole screen. The vertex shader outputs the position and texture coordinates for each vertex of the
rectangle, where each vertex has two texture coordinates: one for the row of texture W and the other for the
column of texture X . For example, the upper left vertex will have the texture coordinates of the first row of
texture W and the first column of texture X , while the upper right vertex will have the texture coordinates
of the first row of texture W and the last column of texture X , and so on. As a result of the vertex shader,
every pixel (i; j) has texture coordinates corresponding to the ith row of W and the jth column of X .

The pixel shader then performs the inner-product between the row of W and the column of X specified by
the texture coordinates. Fig. 1 shows an example of matrix multiplication using a GPU. The number of
rendering passes required for matrix multiplication depends on the capability of the GPU, including the
number of pixel shader operations and number of texture load operations.

1312-13.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

As a non-limiting example, Wilson discloses storing first output data in a second partition of the memory
(e.g., a register), the second partition referenced by a second pointer, and swapping (e.g., exchanging) the
first pointer with the second pointer at the end of the computation:
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Figure 1 illustrates schematically a digital image processing
system DIPS for processing a sequence of digital images I; to Iy. The
system comprises a memory M for storing current I, and preceding I,
digital images, a processor P capable of accessing, via a bus B, the
contents of the memory M and performing an exclusive-or operation between
two given operands, and input (1/P) and output (0/P) interfaces for
respectively receiving the sequence of digital images and outputting the
compressed sequence of digital images. The processor comprises five
registers R; to R;. Registers R; to Ry contain respective pointers Py, Py,
P3 and P4. The pointers Pj, Py, Py and P4 are respectively used to
determine where in the memory M the following are stored: the first data
unit of the preceding digital image I,.;, the first data unit of the
current digital image I,, the first data unit of the result of the
exclusive-or operation between the current I, and preceding I, digital
images or the result of decoding an encoded digital image (the
intermediate digital image IDI), and the first data unit of the result of
the encoded or decoded digital image EDI. Register R; is used as a
temporary register to exchange the contents of the other registers Ry to
Ry. The system DIPS can operated in either image compression or image

decompression modes.

5:9-28.
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25 Having produced an encoded digital image EDI the contents P and Py
of registers Rj and Ry are exchanged such that the first digital image I,
is discarded and the third digital image I3 is loaded into memory M.
Pointer P; is saved in register Rs. Pointer Py is set to equal pointer Py
thereby discarding the first digital image I; and retaining the second

30 digital image I;. The second digital image I, thereby becomes the
preceding digital image I;.; relative to the third digital image Ia. The
pointer Py is set to egual the contents of register R and the third
digital image I3 is stored in memory ¥ starting at the location
determined by pointer Pp. Therefore, the first digital image I; is

35 discarded or over-written by the third digital image I, the second
digital image is peinted to by peointer P; and the third digital image is

pointed to by peinter Py. The system DIPS processes the second I, and

third I3 digital images as per images I} and I3. The encoded digital
image EDI is then output via output interface 0/P for further processing.

6:25-7:2.

Having produced the second digital image I; the contents Py and Py
of respective registers Ry and Ry are exchanged suck that the first
digital image Ij is discarded. Pointer P; is saved in register Rg.

35 Pointer P| is set to equal pointer P; thereby discarding the first
digital image I) and retaining the second digital image I. The second
digital image I thereby becomes the preceding decompressed digital image
Ip.; relative to the third digital image I3. The pointer P; is set to
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equal the contents of register R;. A further encoded digital image EDI
is received via input interface I/P and stored in memory M starting at an
address determined by pointer P4y. The encoded digital image EDI is
decoded to produce an intermediate digital image IDI. The intermediate
5 digital image IDI is stored in memory M starting at an address determined

by pointer P3. The processor performs an exclusive-or operation between
the intermediate digital image IDI and the preceding decompressed digital
image Ip] to produce the current I, or third Iy digital image. The
current I, or third I3 digital image is stored in memory M starting at an

10 address indicated by pointer Py. Therefore, the first digital image I,
is discarded or over=-written by the third digital image I3, the second
digital image is pointed to by pointer P| and the third digital image is
pointed to by pointer Py. The current I,; or third Iy digital image is
output via output interface 0/P for further processing.

8:32-9:14.

Referring to figure 5 there is shown a flow diagram representing
the stages of image decompression according to the present invention. At
step 500, because the initial digital image received has not been encoded

30 and is complete it is output for further processing. At step 510 an
encoded digital image is loaded into memory. The encoded digital image
is decoded at step 520 to produce an intermediate digital image. &An
exclusive-or operation is performed betwesn the intermediate digital
image and the preceding decompressed digital image at step 530 to produce

35 the current digital image. The current digital image is output for
further processing at step 540G. The pointers P; and P; are exchanged at
step 550 thereby making the current digital image the preceding
decompressed digital image. At step 560 a check is made to determins

whether or not there are further encoded digital images to be processed.
If so, processing of encoded digital images continues at step 500. If

not, processing of encoded digital images terminates.
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(_START)

OUTPUT COMPLETE INITIAL DIGITAL 500
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i
[OBTAIN ENCODED DIGITAL IMAGE }— 510

PRODUCE INTERMEDIATE DIGITAL MAGE | 550
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PERFORM EXCLUSIVE -OR OPERATION
USING INTERMEDIATE DIGITAL IMAGE 530
AND PRECEDING DIGITAL IMAGE TO [
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L i
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1
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FIG. 5.
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As a non-limiting example, The C Programming Language discloses swapping pointers (e.g., passing
pointers to the values to be changed):
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5.2 Pointers and Function Arguments

Since C passes arguments to functions by value, there is no direct way for the called function to alter a
variable in the calling function. For instance. a sorting routine might exchange two out—of—order arguments
with a funetion called swap. It is not enough to write

swapl(a, b);
where the swap function is defined as
void swap(int x, int y) /* WRONG */

{

int temp;

temp = x;
x =Y
y = temp;

Because of call by value. swap can't affect the arguments a and b in the routine that called it. The function

above swaps copies of a and b.

The way to obtain the desired effect is for the calling program to pass pointers to the values to be changed:
swap (

Since the operator & produces the address of a variable, &a 1s a pointer to a. In swap itself. the parameters
are declared as pointers, and the operands are accessed indirectly through them.

void swap(int *px, int *py) /* interchange *px and *py */

{
int temp;
temp = *px;
*pPX = *D¥;
*py = temp;
r
Pictorially:
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in caller:
b: .
\\
N
N
ai .
\\
N
™
\
in swap:
PX: | o1

88-89.

As a non-limiting example, GPU Gems discloses swapping pointers:
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Listing 31-2. C++ Code to Set Up and Run a Reaction-Diffusion Simulation on the GPU
See the source code on the accompanying CD for more details.

PuGBuffer *rdBuffer; PFUGFrogram *rdProgram;

vold init_rd(){ // Call this once.
pugInit(); // Btart up the GPFU framework

// Create a “double-buffered” FUGBuffer. Two buffers allow the

/f similation to alternate using one as input, one as cutput

FUGBuUffer *rdbBuffer = pughllocateBuffer (widcth, height,
FUG_REATWRITE, 4, true);

FUGProgram *rdProgram = pugloadProgram("rd.cg®, °rd");
pugBindFloat (rdProgram, "Dulv", du, dv); // bind parameters

pugBindFloat (rdFrogram, "F*, F);
pugBindFloat (rdProgram, "k*, k):

Listing 31-2 (continued). C++ Code to Set Up and Run a Reaction-Diffusion Simulation on the GPU

// Initialize the state of the simulation with values in array
puglnitpBuffer (rdBuffer, array);
}

void update_rd()( // Call this every iteration
pugBindStream(rdProgram, “concentration®, rdBuffer, currentSource);
PUGRect range(0, width, 0, height);
pugRunProgram(rdProgram, rdBuffer, range, currentTarget);

std: : swap(currentSource, currentTarget);
}

507-8.
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44.3.5 Conjugate Gradient Solver

We now possess an easy-to-use class framework that completely abstracts the underly-
ing hardware implementation, so we can easily write more-complex algorithms such as
the conjugate gradient linear system solver. Using our implementation, the complete
GPU conjugate gradient class appears in Listing 44-1.

Listing 44-1. The Conjugate Gradient Solver

void clCGSolver::solvelnit () {
Matrix->matrixVectorOp(CL_SUB, X, B, R): // R=A *x - b
R->multiply(-1); /f/ R = -R
R-=clcone(P); // P = R
R->reducerdd (R, Fho); J/ rho = sum(R * R);

}

void clCGSolver::solvelteration() {
Matrix-s>matrixVectorOp(CL_MNULL, P, NULL,Q); J// Q = Ap;
E->reducerdd(Q, Temp); // temp = sum(P * Q);
Rho->div(Temn, Alpha); // alpha = rho/temp;
X-»addVector (P, ¥, 1, BElphal; // X = X + alpha » P
E-»subtractVector(Q, R, 1, Alpha}); /f R =R - alpha * Q
R->reducendd (R, NewRho); J/ newrho = sum(R * R);
NewBho->divE (Rho, Beta); // beta = newrho/rho
R-zaddvector (P, P, 1, Beta); J// P =R + beta * P;
clFloat *temp; temp=NewRho;
NewBho=Fho; Fho=temp; // swap rho and newrho pointers

}

void clCGSolver::solve(int maxI) {
solvelnit(};
for (int i = 0; i < maxI; i++) solvelteration();

int clCGSolver::solve({float rhoTresh, int maxI) |
solvelInit(); Rheo->clone (NewRho);
for (int i = 0; 1 < maxT && NewRho.getData({) > rhoTresh; i++)
solvelteration();
return i:
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713.

As a non-limiting example, the Harris Dissertation discloses swapping “performing a swap” in Simulating
and rendering clouds.

I mentioned earlier that, in practice, each of the five steps in the algorithm updates
a temporary grid and then performs a swap. RTT requires the use of two textures
to implement feedback, because rendering to a texture while it is bound for reading
is illegal (under the current specification (Poddar and Womack, 2001)). The swap in
this case is merely a swap of texture IDs. The performance cost of RTT is therefore
constant. C'TT, on the other hand, requires only one texture. The frame buffer acts as
a temporary grid, and a swap is performed by copyving the data from the frame buffer

to the texture. The performance cost of this copy is proportional to the texture size.

Harris Dissertation at 61.

40[d][11] “transfer the
first output data to
another memory during
computation of the
second layer of
neurons, and”

See 1[d][iv], 12[c].

40[d][111] “dictate an
order of execution of
instructions to the
processing unit to
perform the
computation of the first
layer of neurons.”

See 1[d][iil.

41 “The system of
claim 40, wherein the
processing unit

See 1[c][i]; claim 40.
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comprises a graphics
processing unit.”

42 “The system of
claim 40, wherein the
controller is configured
to send instructions for
performing the at least
one calculation to the
processing unit.”

See 1[d][ii], claim 40.

As a non-limiting example, Svensson discloses a controller (e.g., control unit) sending instructions for
performing at least one calculation to the processing unit (e.g., host computer and/or processing elements):
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1. Principles of SIMD

In Single Instruction stream, Multiple Data stream (SIMD) processors one instruction
works on several data items simultaneously by using several Processing Elements (PEs),
all of which carry out the same operation as illustrated in Figure SIMD-1.

Data items
2 {
Instructions ——m| PE PE PE -- PE
v oy Y
Principle of SIMD processor.
Figure SIMD-1.

A SIMD Processor has a single Control Unit reading instructions pointed to by a single
Program Counter, decoding them and sending control signals to the PEs. Data are to be
supplied to, and derived from, the PEs by a memory with as many data paths as there are
PEs. Figure SIMD-2a shows the resulting processing structure which is also known as a
Processor Array. The Interconnection Network provides flexibility in choosing source
and destination for data to and from the PEs, necessary in many algorithms. The I/O
system plays the role of converting — typically at very high rates — input/output data
between the format of the outside world and the internal format of the array. The design
of the /O system is highly application dependent.

In order to provide overall control of the Processor Array, as well as to execute sequential
operations, it is common to use a conventional Host Computer which then views the
Processor Array as an attached processor as illustrated in figure SIMD-2b.

1.
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----- Control Unit

—
e
—

N
el

Memory Interconnection Processing
Modules Network Elements

Processor Array
Figure SIMD-2a

Instructions

Host

Computer | Control Unit

- "

1/0 PE Array

Host Computer - Processor Array Relationship
Figure SIMD-2b
2.

As a non-limiting example, Glover discloses a controller sending instructions for performing at least one
calculation to the processing unit (e.g., host computer and/or processing elements):
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Figure 1: A block diagram of the MM32k.
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Figure 2: A block diagram of a single processing element (PE).

845.
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As a non-limiting example, Mesa-Martinez discloses a controller (e.g., array controller) sending
instructions for performing at least one calculation to the processing unit (e.g., processing elements (PES)):

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing
elements (PEs). The system’s configuration as a linear array is ideal for such target applications as
sequence analysis, at the same time that it provides a simpler and more flexible programming model than
more complex multiple-instruction, multiple data stream (MIMD) machines would when applied to the
same domain of problems [7]. For the applications that we were envisioning, programmability was more
important than large local memories or reconfigurable interconnection fabrics [4]. We believe our SIMD
approach to be a more cost effective solution than systems using fully reconfigurable general purpose
multiprocessors [5], [6].

Each processing element in the array is 8-bits wide and contains its own local memory and datapath. The
Kestrel board also contains several SDRAM banks that implement the instruction memory (IM) as well as
the input/output queues (IQm, OQm) [3]. Instruction broadcasting and sequencing is performed by an on
board controller, that is also in charge of memory management (Figure 3). The whole system is self
contained and implemented as a single full length PCI card (Figure 2).

Like most SIMD processors Kestrel broadcasts each instruction to each PE in the array. Due to the
relatively large number of PEs that Kestrel has, and the fact that these PEs are distributed among several
chips, instruction broadcasting can easily become more taxing than the actual time to execute the
instruction. In order to solve this bottleneck Kestrel implements a board-level instruction issue and
broadcast [4].

In order to handle inter-PE communication each PE shares a file of registers with its left and right
neighbors. These register banks are known as Systolic Shared Registers (SSRs) [9]. Although this topology
might seem limiting at first, it allows for computation and communication to occur concurrently. When a
result is stored in the SSR after the instruction has been completed it is immediately visible to the next

PE, thus communication takes place automatically (Figure 4). All addresses to the SSRs are issued globally
in order to prevent adjacent PEs from writing to the same bank at the same time. This communication
method is both elegant and efficient since it greatly simplifies the design of the PE and allowing most of its
area to be dedicated for processing and memory.

A-9.
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FIG. 3.

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the
system. The controller also handles the board’s I/O by interacting with the onboard PCI interface chip. The
program instructions received from the host computer are stored in a separate instruction memory (IM).
The Kestrel controller is programmed by using 54 bits of the 96-bit instruction word. The remaining bits
are

used as the instruction to be broadcast to the array.

Each cycle, the controller must decide whether or not data is read from the input queue, whether or not data
IS written to the output queue, and whether or not the immediate field in the instruction should be replaced
with data from the controller. A small amount of local memory and logic is used by the controller in order
to enable loop counting and the recirculation of data among the PEs. When a critical condition is reached
by the system the controller will generate the corresponding interrupt to inform the host about the board’s
condition.

A-10.
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43[a] “The system of
claim 40, wherein the
memory further
comprises: a third
partition to store
internal variables; and”

See 6[a]; claims 28, 40.

As a non-limiting example, Oh discloses storing external data input patterns (e.g., input from an external
camera):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.
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1313.

43[b] “a fourth partition
to store data used as
input at a particular
layer of neurons of the
artificial neural
network.”

See 6[b], 43[a], claims 28, 40.

As a non-limiting example, Oh discloses storing data used as input at a particular layer of neurons of the
artificial neural network (e.g., outputs of a hidden layer in a neural network which are used as input for the
next layer):

In the case of using a neural network (NN) for image processing and pattern recognition, the main problem
is the computational complexity in the testing stage, which accounts for most of the processing time.
Moreover, NN-based image convolution has to exhaustively scan an input image in order to process an
entire image [3]. Although an NN can be simulated using software, many potential NN applications require
real-time processing, which means fully parallel specially designed hardware implementations, such as an
FPGA-based realization of an NN. However, this is somewhat expensive and involves extra design
overheads [4].

1311.

Recently, researchers have attempted text-based retrieval of image and video data using several image
processing techniques [3]. As such, an automatic text detection algorithm for image data and video
documents is important as a preprocessing stage for optical character recognition, and an NN-based text
detection method has several advantages over other methods [3].

Therefore, this paper briefly describes such a text detection method, and readers are referred to the author’s
previous publication for more details [3]. In the proposed method, an NN is used to classify the pixels of
input images, whereby the feature extraction and pattern recognition stage are integrated in the neural
network. The NN then examines local regions looking for text pixels that may be contained in a text region.
Therefore, an M x M pixel region in the image is received as the input and a classified image is generated
as the output. After the pattern passes the network, the value of the output node is compared with a
threshold value and the class of each pixel determined, resulting in a classified image. GPU-based
pipelining processing is used to reduce the processing time, and the GPU’s performance is maximized by
accumulating a large number of input vectors 1 to create a two-dimensional texture. The input layer then
receives the grey values for the pixels at predefined positions inside an MxM window over the input image.
Experiments were conducted using an 11 x 11 input window size, with the number of nodes in each hidden
layer set at 30. As a result, the processing time for pixel classification was significantly reduced using a
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GPU. Fig. 2(b) shows the pixel classification result for the left input image, where a black pixel denotes a
text pixel. The classification using a GPU produced almost the same result as without a GPU.
1313.

The bias term addition and sigmoid operation can be performed in one rendering pass. The bias texture and
texture that contains the result of the matrix multiplication, texture W xX , are set as the active texture. The
vertex shader then outputs a full-screen rectangle as before. Each vertex’s texture coordinate for the texture
W x X correspond to its position. For example, the upper left vertex has the texture coordinate (0; 0), while
the texture coordinate for the upper right vertex is (1; 0). As the bias term is identical for one row, the bias
term matrix is one-dimensional and the bias texture coordinates for each vertex correspond to its vertical
position. The pixel shader adds two textures and performs a sigmoid operation.

If there is more than one layer in an NN, the above procedure is repeated for each layer. The result of the
previous layer is saved in the form of a render target texture, which is then used as an input for the next
layer. Note that, even though an NN may have multiple layers, the GPU can perform all the operations after
texture creation.

1313.

44[pre] “A computer
system, comprising:”

See 1[pre].

44[a] “a central

processing unit to
receive input data
acquired from an
external system;”

See 1[a], 21[a].

44[b] “main memory,
operably coupled to the
central processing unit
via a bus, to store the
input data received by
the central processing
unit;”

See 1[b].

44(c] “an accelerator,
operably coupled to the

See 1[c].
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central processing unit
and the main memory
via the bus, to receive
at least a portion of the
input data from the
main memory, the
accelerator
comprising:”

44(c][1] “at least one
processing unit to
perform a sequence of
computations
representing an
artificial neural network
on the at least a portion
of the input data so as
to generate output data,
intermediate
computations in the
sequence of
computations
representing layers of
the neural network and
yielding intermediate
results; and”

See 1[c][i].

44[c][ii] “accelerator
memory, operably
coupled to the at least
one processing unit, to
store the results of the
sequence of
computations; and”

See 1[c][ii].
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44[d] ““a controller,
operably coupled to the
at least one processing
unit and the accelerator
memory,”

See 1[d].

44[d][1] “to control
transfer of the at least a
portion of the input data
into the accelerator
memory during
performance of the
intermediate
computations in the
sequence of
computations by the at
least one processing
unit,”

See 1[d][iii].

44[d][11] “to control
transfer at least a
portion of the output
data from the
accelerator memory to
the main memory
during performance of
the intermediate
computations in the
sequence of
computations by the at
least one processing
unit, and”

See 1[d][iv].

44[d][iii] “to control
performance of the

See L[d][iil.
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sequence of
computations by the at
least one processing
unit.”

45 “The computer
system of claim 44,
wherein the central
processing unit is
configured to receive
the input data in
response to a user
interaction.”

See claims 2, 44.

46[a] “The computer
system of claim 44,
wherein: the central
processing unit is
configured to receive
the input data at a first
rate; and”

See 3[a].

46[b] “the at least one
processing unit is
configured to perform
the sequence of
computations at a
second rate different
than the first rate.”

See 3[b].

47 “The computer
system of claim 44,
wherein the main
memory is configured
to store a copy of the

See claims 4, 44.
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output data stored in the
accelerator memory.”

48 “The computer
system of claim 44,
wherein an output of at
least one computation
in the sequence of
computations
represents an output of
at least one neuron in
an artificial neural
network.”

See claims 5, 44.

49[a] “The computer
system of claim 44,
wherein accelerator
memory comprises: a
first memory partition
to store parameters
common to all of the
computations in the
sequence of
computations; and”

See 6[a]; claim 26, 44.

49[b] “a second
memory partition to
store data specific to at
least one computation
in the sequence of
computations.”

See 6[b]; claim 27.

50 “The computer
system of claim 44,
wherein the controller
is configured to transfer

See claims 7, 44.
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the output data from the
accelerator memory to
the main memory
without transferring any
of the intermediate
results from the
accelerator memory to
the main memory so as
to reduce data transfer
via the bus.”

51 “The computer
system of claim 44,
wherein the controller
is configured to transfer
at least a portion of the
output data from the
accelerator memory to
the main memory after
the at least one
processing unit has
begun to perform
another sequence of
computations.”

See claims 8, 44.

52 “The computer
system of claim 51,
wherein the controller
is configured to initiate
transfer of the at least a
portion of the input data
and to transfer the at
least a portion of the
output data in parallel

See claims 9, 51.
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with performance of at
least one computation
in the other sequence of
computations by the at
least one processing
unit.”

53 “The computer
system of claim 44,
wherein the controller
is configured to control
execution of the
sequence of
computations by the at
least one processing
unit.”

See claims 10, 44.

54 “The computer
system of claim 44,
further comprising: at
least one of a video
camera, a microphone,
or a cell recording
electrode, operably
coupled to the central
processing unit, to
acquire the input data in
real time.”

See 1[a], claim 44.
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