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drawings, and the like refer to the cited items as well as any accompanying or related text. 
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Asserted Claims Additional References and Disclosure 

1[pre]  ñA computer 

system, comprising:ò 

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

processing array): 
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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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845. 
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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): 
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471ï472. 
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473. 
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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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Owens, 1ï2. 
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Owens, 3ï4. 
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Owens, 4ï5. 
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Owens, 6ï7. 
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Owens, 16ï17. 
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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). 

 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

27 

Asserted Claims Additional References and Disclosure 

 

OpenVIDIA, 1. 
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OpenVIDIA, 2. 
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OpenVIDIA, 3. 

 

OpenVIDIA, 4. 

1[a] ña central 

processing unit to 

receive input data;ò 

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

 

 
624. 
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625. 

 

 
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 techniques [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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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): 
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1. 

 

 
2. 

 

As a non-limiting example, GPU Gems discloses a central processing unit (e.g., a CPU): 
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473. 
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474. 
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1[b] ñmain memory, 

operably coupled to the 

central processing unit 

via a bus, to store the 

input data received by 

the central processing 

unit;ò 

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

the central processing unit: 

 

 
473. 

1[c] ñan accelerator, 

operably coupled to the 

central processing unit 

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

with the required configuration. 
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and the main memory 

via the bus, to receive 

at least a portion of the 

input data from the 

main memory, the 

accelerator 

comprising:ò 

 
Svensson Fig. SIMD-10a. 
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Svensson Fig. SIMD-15. 
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Svensson Fig. SIMD-16. 

 

We illustrate the transfer between the different formats on the I/O system of LUCAS. See figure SIMD-15 

and figure SIMD-l0a. A set of 8-bit I/O 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 I/O Processor in the conventional word-at-a-time format A data input process can be divided into 

two phases: one to fill the I/O Registers from the Front-End or I/O Processor, one to shift the contents out 
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of the I/O Registers and into any field of the Memory Array. The first phase needs one write cycle of the 

Front-End or I/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 I/O 

registers. Instead, data is shifted in and out of the register set. Such I/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 I/O is required. 

Svensson, at 18ï19. 

 

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

required configuration. 
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Glover Fig. 1. 
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Glover Fig. 2. 
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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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Mesa-Martinez  Fig. 2. 

 

 
Mesa-Martinez Fig. 3. 
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Mesa-Martinez Fig. 4. 

 

Kestrel Architecture 

The first generation UCSC Kestrel processor is implemented as a systolic array [8] of 512 processing 

elements (PEs). The systemôs 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 boardôs 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 boardôs 

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][i] ñat 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; andò 

See also 1[c]. 

 

As a non-limiting example, ANN discloses a graphics processing unit (e.g., NVIDIAôs 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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622. 
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Id. 

 

 
624. 
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624. 

 

 
625. 
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Id. 
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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 óneural networkô, 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. 

1311ï12. 

 

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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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., NVIDIAôs 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: 

 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

60 

Asserted Claims Additional References and Disclosure 

 
471ï472. 
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473. 
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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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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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Jung at 150615. 

1[c][ii] ñaccelerator 

memory, operably 

coupled to the at least 

one graphics processing 

unit, to store the results 

of the sequence of 

computations; andò 

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 systemôs 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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FIG. 3. 
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FIG. 4. 

1[d] ña controller, 

operably coupled to the 

at least one graphics 

processing unit and the 

accelerator memory,ò 

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): 
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1. 
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2. 

 

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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845. 
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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 systemôs 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. 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

76 

Asserted Claims Additional References and Disclosure 

 
FIG. 4. 

 

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the 

system. The controller also handles the boardôs 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 boardôs 

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 ñaccelerator controller,ò Kirk discloses a memory controller similar to those in the accused products 

(e.g., Memory Controller 120). 

 

 
 

1[d][i] ñto 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 óneural networkô, 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,ò 

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. 

1311ï12. 

 

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, xij 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 Rij 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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: 

 

 
625. 

 

1[d][ii] ñto control 

performance of the 

sequence of 

computations by the at 

least one graphics 

processing unit,ò 

As a non-limiting example, Svensson discloses a controller (e.g., control unit) 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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1. 
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2. 

 

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 systemôs 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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A-9. 

 

 
FIG. 3. 

 

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the 

system. The controller also handles the boardôs 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 boardôs 

condition. 
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A-10. 

1[d][iii] ñto 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, andò 

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 ANNôs 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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622. 
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624. 

 

 
625. 
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Id. 

 

 
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]. 

 

 
FIG. 3. 
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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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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] ñto 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.ò 

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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622. 
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624. 

 

 
625. 
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Id. 

 

 
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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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 ñThe computer 

system of claim 1, 

wherein the central 

processing unit is 

configured to receive 

the input data in 

response to a user 

interaction.ò 

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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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] ñThe computer 

system of claim 1, 

wherein: the central 

processing unit is 

configured to receive 

the input data at a first 

rate; andò 

See claim 1. 

 

As a non-limiting example, ANN discloses receiving input data (e.g., video input data) at a first rate: 
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622. 
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624. 

 

 
625. 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

103 

Asserted Claims Additional References and Disclosure 

 
Id. 

 

 
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 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

104 

Asserted Claims Additional References and Disclosure 

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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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] ñthe at least one 

graphics processing 

unit is configured to 

perform the sequence 

of computations at a 

second rate different 

than the first rate.ò 

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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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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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 ñThe computer 

system of claim 1, 

wherein the main 

memory is configured 

to store a copy of the 

output data stored in the 

accelerator memory.ò 

See 1[d][iv] , claim 1. 
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5 ñThe 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.ò 

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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624. 
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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 óneural networkô, 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. 

1311ï12. 

 

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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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] ñThe 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; andò 

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. 
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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 systemôs 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 systemôs 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. 
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FIG. 4. 

6[b] ña second memory 

bank to store data 

specific to at least one 

computation in the 

sequence of 

computations.ò 

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. 
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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 systemôs 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 systemôs 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. 
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FIG. 4. 

 

7 ñThe 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): 
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to reduce data transfer 

via the bus.ò 

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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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 ñaccelerator controller,ò Kirk discloses a memory controller similar to those in the accused products 

(e.g., Memory Controller 120). 

 

 
8 ñThe computer 

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 

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



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

134 

Asserted Claims Additional References and Disclosure 

the at least one graphics 

processing unit has 

begun to perform 

another sequence of 

computations.ò 

9 ñThe 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.ò 

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): 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

135 

Asserted Claims Additional References and Disclosure 

 
622. 
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624. 

 

 
625. 
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Id. 

 

 
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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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 ñThe 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.ò 

12[pre] ñA 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:ò 

See 1[a]ï1[c][ii].  

12[a] ñ(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 ñ 

12[a][i] ñ(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 ñ 

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: 

 

 
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: 
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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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: 

 

 
499. 

12[a][ii] ñ(ii) 

accumulating a first 

value for the output 

variable in the first 

texture during a first 

time step;ò 

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): 

 

 
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: 
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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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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499. 

12[b] ñ(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;ò 

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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622. 

 

 
624. 

 

 
625. 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

151 

Asserted Claims Additional References and Disclosure 

 
Id. 

 

 
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 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

152 

Asserted Claims Additional References and Disclosure 

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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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] ñ(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; andò 

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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622. 
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624. 

 

 
625. 
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Id. 

 

 
626. 

12[d] ñ(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 comprisesò 

12[d][i] ñ(i) 

accumulating a second 

value for the output 

variable in the second 

texture during a second 

time step andò 

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): 

 

 
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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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] ñ(ii) making 

the first value of the 

output variable in the 

first texture accessible 

See 12[d][i], 1[c][ii].  
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to other computational 

elements in the 

plurality of 

computational elements 

during the second time 

step.ò 

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): 

 

 
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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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 ñThe 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.ò 

14[a] ñThe method of 

claim 12, further 

comprising: receiving 

the input data at a first 

rate; andò 

See 3[a], claim 12. 

14[b] ñwherein (A) 

comprises performing 

the sequence of 

computations at a 

second rate different 

than the first rate.ò 

See 3[b]. 

 

16 ñThe 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.ò 

See claims 7, 12. 

17 ñThe 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.ò 

18 ñThe 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.ò 

See claims 9, 17. 

20[a] ñThe 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; 

andò 

See 6[a], claim 12. 

20[b] ñstoring 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.ò 

21[pre] ñA method of 

performing a sequence 

of computations 

representing an 

artificial neural 

network, the method 

comprising:ò 

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

21[a] ñreceiving, at a 

central processing unit 

(CPU), first input data 

acquired from an 

external system in real 

time;ò 

See 1[a]. 

21[b] ñinitializing, by a 

controller operably 

coupled to a graphics 

processing unit (GPU), 

textures and shaders in 

a memory operably 

coupled to the GPU;ò 

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

21[c] ñtransferring the 

first input data received 

by the CPU to the 

memory operably 

coupled to the GPU;ò 

See 1[b], 1[c], 1[d][iii].  

21[d] ñperforming, by 

the graphics processing 

unit (GPU), a first 

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



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

168 

Asserted Claims Additional References and Disclosure 

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;ò 

21[e] ñstoring, in the 

memory operably 

coupled to the GPU, the 

first input data and the 

first output data; andò 

See 1[c][ii], 1[d][iii], 12[a].  

21[f] ñtransferring 

second input data 

acquired from the 

external system in real 

time into the memory 

operably coupled to the 

See 1[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.ò 

22 ñThe method of 

claim 21, wherein 

transferring the second 

input data comprises 

transferring the second 

input data via a bus 

operably coupled to the 

CPU.ò 

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

23 ñThe 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.ò 

24[a] ñThe method of 

claim 23, further 

comprising: storing 

intermediate results of 

the sequence of 

computations in the 

memory, andò 

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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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] ñwherein 

transferring the first 

output data from the 

memory to the other 

memory occurs without 

transferring the 

intermediate results of 

the sequence of 

computations.ò 

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): 

 

 
625. 

25 ñThe method of 

claim 23, wherein 

transferring the second 

input data and 

transferring the first 

output data occurs in 

parallel.ò 

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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622. 
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624. 

 

 
625. 

 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

177 

Asserted Claims Additional References and Disclosure 

 
Id. 

 

 
626. 

26 ñThe 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.ò 

See 6[a], claim 21. 

 

As a non-limiting example, Danskin discloses storing data in one or more ñpartitionsò (e.g., partitions 

602). 
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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 ñThe 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.ò 

28 ñThe 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.ò 

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 authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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 ñThe 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.ò 

See 12[a][i], 12[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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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] ñThe 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; andò 

 

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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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] ñaccessing, by the 

GPU, the output of the 

previous computation 

during performance of 

See 12[d][i], 12[d][ii].  
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the computation in the 

sequence of 

computations.ò 

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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622. 
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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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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 ñThe 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.ò 

32 ñThe method of 

claim 31, wherein all 

neurons in the layer of 

neurons are described 

by the same equation.ò 

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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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 óneural networkô, 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. 

1311ï12. 

 

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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

Therefore, this paper briefly describes such a text detection method, and readers are referred to the authorôs 

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 × 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 GPUôs 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 M×M window over the input image. 

Experiments were conducted using an 11 × 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 signifi cantly 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): 
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1. 

 

 
2. 
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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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845. 



Appendix B ï ô438 Patent Obviousness References Invalidity Claim Chart  

203 

Asserted Claims Additional References and Disclosure 

 

 
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 systemôs 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. 

 

 
FIG. 3. 

 

The controller is implemented using an FPGA. This device serves as the instruction sequencer for the 

system. The controller also handles the boardôs 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 boardôs 

condition. 

A-10. 

40[pre] ñA system for 

executing an artificial 

neural network, the 

system comprising:ò 

See 21[pre]. 

40[a] ña central 

processing unit (CPU) 

to provide first input 

data;ò 

See 1[a]. 

40[b] ña 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;ò 

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 pgInitBuffer()): 
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504. 
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507ï8. 
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40[c] ña 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; andò 

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

40[d] ña controller, 

operably coupled to the 

processing unit and the 

memory, to:ò 

See 1[d]. 

40[d][i] ñstore 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: 

 

 
625. 
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of the artificial neural 

network,ò 

As a non-limiting example, Oh discloses the output data becoming input for a second layer of the artificial 

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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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, xij 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 Rij 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 fi rst. 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 fi rst row of 

texture W and the first column of texture X , while the upper right vertex will have the texture coordinates 

of the fi rst 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 specifi ed 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. 

1312ï13. 

 

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 ×X , are set as the active texture. The 

vertex shader then outputs a full-screen rectangle as before. Each vertexôs texture coordinate for the texture 

W × 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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5:9ï28. 
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6:25ï7:2. 

 

 


