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2020 Abstract

A Study of
Highly Compact and Efficient Neural Network Accelerators

through Architecture/Algorithm Co-Exploration

Information and Communications Engineering
Kota Ando

Deep neural networks have enabled numerous AI applications in various fields, obtaining
higher accuracy in many tasks than conventional heuristic approaches. This great success
of deep neural networks was attained by advances in hardware technology typified by
GPUs and the invention of model structure and training algorithms.

Dedicated hardware accelerators for neural networks on FPGAs and ASICs have been
proposed to compute a neural network model in acceptable latency and throughput. On the
other hand, the algorithms are continuously evolving, getting more complex and massive;
hardware-oriented algorithms to reduce the computational complexity or amount have also
been proposed. We expect that hardware-software coevolution drives further development
of AI-enabled applications and establishes the next generation of information processing
with AI-native computing power.

This thesis introduces programmable neural network processors for edge-side inference
and accurate quantized neural network algorithms for embedded systems, with the concepts
appropriately verified by FPGA and ASIC prototyping. Through this, we show a practical
example and of hardware-software co-optimization, which proves its effectiveness by
quantitative evaluation.

First, we prototype a reconfigurable parallel processor for convolutional neural net-
works. A convolutional neural network consists of two types of computational layers,
convolution (Conv) and fully-connected (FC) layers, which have different computational
and data structures. We extract a one-to-all parallel multiply-accumulation (MAC) as the
common primitive operation in both Conv and FC layers. We construct an ideal parallel
computational array with shared and individual buses to conduct this primitive operation.
After that, we make this architecture feasible by relaxing internal data rates with an in-array
data sharing mechanism and multithreaded accumulators. We discuss the requirements for
hardware and model structures for better efficiency through the architecture exploration
using this architecture.



We then propose a near-memory processor, named BRein Memory, which improves
neural network processing efficiency by eliminating external data movements. It is known
that the energy and latency of external memory access set limitations on the performance
and efficiency of neural network processing. We attempt to omit the external memory
throughout the entire processing of a neural network model. We adopt the binary neural
network algorithm, where all the activation and weights are restricted to be -1/+1. It
allows the multiplication to be calculated as bitwise XNOR. Thanks to this light-weight
arithmetic, we integrate thin processing units between two SRAM macros to close the
parallel computation and data movement in it. The computational units can be cascaded to
compose a pipeline by matching the symmetric parallelisms in a neural network layer with
the SRAM data access pattern, where no scratchpad memory is required. We fabricated a
prototype LSI of this architecture with six processing blocks, which can house a 13-layer
neural network model at most, achieving 2.3 TOPS/W energy efficiency, the best figure
in neural network processor ASICs at the time published. The concept of highly efficient
near-memory processing with a quantization algorithm has been proven by prototyping
and evaluating this architecture.

Quantized neural networks reduce the computational complexity and memory footprint.
However, the accuracy drop is unavoidable, and this could be a fatal problem in some
situations. Here, we discuss an accurate yet efficient quantization algorithm that can be
used in compact hardware implementation. A neural network processor is a digital signal
processor when we see the computation carried in the processing units. The knowledge in
signal processing gives us a hint for improving the accuracy of quantized neural networks
on compact hardware. Dithering is a technique for low-precision quantization that reduces
the quantization errors by representing the source data in a stochastically and spatially
distributed manner. Its simplest algorithm is error diffusion, which can be computed by
adding each pixel’s quantization error to the neighbor. A processing unit in a neural
network processor has an adder, which can be appropriated for quantization error accu-
mulation. Based on this idea, we propose a quantization algorithm with error diffusion
named Dither NN. Since we can use the adders that the neural network processor has,
no additional arithmetic units are required for this extension. We implemented prototype
architectures on an FPGA, and we trained convolutional neural network models with and
without dithering. We proved the accuracy improvements with a very few additional
hardware resource occupation through the evaluation.

This thesis provides a systematic methodology of architecture construction and a prac-
tical example of hardware-algorithm co-optimization, focusing on the computation prim-
itives and data delivery patterns through these discussions and prototyping. The key
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contributions of this thesis include 1) a reconfigurable architecture with coarse-grained
data flow switching motivated by the potential common bases among the algorithms, 2)
a proof-of-concept near-memory architecture enhanced by a quantization algorithm, and
3) algorithmic optimization of quantization reflecting the hardware structure to achieve
higher accuracy without damaging the efficiency. The methodology extracting the essence
of computational structure and data topology enables efficient and flexible processors, em-
bodying a form of hardware-software coevolution.
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Chapter 1

Introduction

The recent explosive advance of AI-related technology has brought the development of
numerous applications in the smart society and ignited the research field of its mathematical
basis and high-performance and high-efficiency computing. Among these AI methods,
deep learning, or deep neural network, has been seen as one of the most promising
techniques, by outperforming existing traditional AI methods (or even human) in various
applications. Deep learning has experienced breakthroughs in this decade, which caused
significant improvement in its accuracy.

Numerous variations of the deep neural network are proposed almost daily. Training
techniques to achieve higher accuracy in a short development time are also researched.
Their supporting computational resources are getting richer, including GPU-powered data
centers, personal workstations, and edge-side/embedded systems. These researches and
developments have realized AI-based applications in various domains.

1.1 Motivation

The historic win of AlexNet in ILSVRC 2012, an image recognition contest, made the
research of deep neural networks active and attractive. Since that, countless papers on
deep neural networks have been presented almost every day.

Neural network algorithms are continually evolving. The progress of research and
development of neural network models has brought significant accuracy improvements in
various fields. However, the amount and complexity of computation have also increased
along with it.

Neural networks’ potential ability has elaborated various applications, including mobile,
car-mounted, and IoT edge uses. It is desired to process the neural-network-based appli-
cations with short delay yet low power consumption on such devices. There have been
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some new requirements, such as privacy, for which server-side processing is not suitable.
Thus, we need to process neural networks on those low-power devices with an acceptable
throughput and latency. Optimized hardware is the hopeful solution for the efficient and
feasible adoption of neural network technology in edge devices. In this observation, we
expect the coevolution of neural network algorithms and programmable processors to
propel advances in AI-powered smart edge devices.

1.1.1 Neural Network Processors
The great success of neural networks cannot be told without the development of hardware
technology, especially GPUs. The principle of the neural network was invented in the
1950s [70], the basis of backpropagation for training multi-layer models was disclosed in
1986 [71], and the first modern convolutional neural network was proposed in 1998 [44].
However, training a large neural network model was impossible until the GPU-powered
parallel computation became available around 2010. AlexNet, the first dark horse of deep
neural networks, came in 2012, supported by the two-GPU training environment [43].

Today, deep neural networks have become a major application of GPUs. The latest-
generation GPUs have adopted a high-performance matrix calculation unit called Tensor
Core, mainly targetting deep neural network training and inference.

Dedicated neural network processors on FPGAs and ASICs have been actively re-
searched too. These processors’ main objectives are throughput and power efficiency, but
programmability for accomodating various types of models has been emphasized.

1.1.2 Neural Network Algorithms
After AlexNet’s reputation, numerous trials for convolutional neural networks are con-
ducted. They tended to have more and more layers and channels to achieve higher accuracy,
which caused an incredible explosion of computational and memory demands in exchange
for new-record accuracy. In 2014, the VGG-16 model [76] achieved > 70% accuracy in
ImageNet classification, which is about a 15-point better result than AlexNet, with about
ten times more operations. Following it, ResNet [32] successfully improved the accuracy
with a huge number of layers but fewer parameters by introducing the residual skips.
The residual skips and newly proposed batch normalization [37] were breakthroughs that
allow massively deep networks to be stably trained. MobileNet models [34, 72] achieved a
comparable accuracy with much fewer parameters by decomposing the basic convolution
operations. Pruning and model compression are other techniques to reduce the memory
footprint with retaining accuracy.
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In parallel to these improvements of model structures, many hardware-oriented algo-
rithms were proposed. Quantization is the essential technique that allows us to train and
deploy the network model to a simple and small hardware structure [83, 20, 68, 18, 53,
45, 81, 21, 9, 40].

The model algorithms are continuously evolving. For the realization of these emerging
algorithms to practical applications, hardware supports are necessary. Thus, we anticipate
the coevolution of model algorithms and programmable processors.

We have FPGAs and ASICs as means of this purpose. An FPGA can offer desired
hardware implementation with a shorter development time and lower initial cost, enabling
a try-and-error verification and optimization. On the other hand, ASIC development is
generally expensive but promises the best efficiency, and its freedom of design could bring
a novel paradigm of computation. Here, we aim at the generation of a neural-network-
native efficient and flexible platform from both sides of software and hardware, with the
help of our weapons of FPGAs and ASICs.

1.1.3 Objectives of This Thesis

Convolutional neural networks have become the mainstream of AI algorithms since
AlexNet won the image recognition competition in 2012 [43]. A convolutional neural
network employs convolutional (Conv) layers to extract 2-dimensional features from their
inputs by applying discrete convolution. For image recognition (classification) purposes,
traditional perceptron-like classifier layers called fully-connected (FC) layers follow the
Conv layers. The key idea of convolutional neural networks is that trainable Conv layers
obtain the optimal feature extraction without heuristics [44]. The computational procedure
difference between Conv and FC layers makes it difficult to build a universal processor
for convolutional neural networks. Though ASIC- or FPGA-based convolutional neural
network processors have been proposed, they tend to concentrate on Conv layers and
ignore FC layers. Conv layers usually dominate over FC layers in orders of magnitudes
at the viewpoint of processing time; hence accelerating only Conv layers is a reasonable
approach. However, FC layers are still indispensable building blocks for classifier pur-
poses [39], so the absence of FC layer support results in a limitation of the entire system.
Balancing the performance and efficiency of Conv and FC layer processing is necessary
when designing a versatile neural network accelerator. In that sense, we conduct a compre-
hensive architecture exploration seeing the performance and efficiency of both the Conv
and FC layers.

It is known that Conv layers are computation-bound; the performance is restricted mainly
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by the number of operations [91, 86]. In contrast, FC layers are memory-bound, where
the memory bandwidth is the primary hardware limit. Also, the energy consumed for
data transfer from external memory is much larger than the computation [12]. This fact
motivates us to consider omitting the expensive external data accesses in FC layers. To
eliminate the energy-hungry external memory, we must use an internal memory commonly
consisting of SRAMs both for scratchpad memory and parameter (i.e., trained weights)
memory. If the whole processing is completed nearby the SRAMs, no data transfer is
required; this is the basic idea of near-memory (or in-memory) computing. The internal
SRAM buses can generally have broader bandwidth than external buses; it is expected that
highly parallelized computing can be realized with this idea.

On reflection, a neural network layer potentially involves various opportunities for
parallel computation. Putting the SRAM’s bit-wise parallelism together, we can exploit
the potential parallelism in a neural network layer. This enables a near-memory neural
network processor that requires no external data access, which improves the efficiency
of FC-dominant neural network models. We also adopt a neural network approximation
technique called quantization to compress the data amount. Quantization allows relatively
small SRAMs to store entire weights and compact processing units to be parallelized near
SRAM macros.

Quantization is a widely used technique for simplifying the computation and reducing
the required data amount, thus improving the performance and efficiency of neural network
processors. It brings a trade-off between efficiency and accuracy; strict quantization may
result in significant accuracy degradation. Efficiency and performance are the main issues
of architecture exploration, as mentioned above, but accuracy is also an essential criterion
of a neural network application. An efficient and accurate quantization that be processed
in compact processing units and retain a higher accuracy is desired.

A neural network processor can be seen as doing digital discrete signal processing.
Data quantization has also constituted a major theme in the field of signal processing.
Knowledge in signal processing gives us a hint to a novel accurate quantized neural
network algorithm when observing the data transformation handled in neural network
hardware. We then propose a hardware-native and neural-network-native quantization
algorithm that improves accuracy while maintaining quantized neural network processors’
efficiency and compactness.

1.2 Contribution of the Thesis
The main contributions of this thesis include the following.
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• A systematic and practical example of neural network architecture exploration is
provided considering the primitive operations and data movements.

• A concept of efficient near-memory neural network processing is proved, and its
LSI implementation and algorithmic optimization are discussed.

• A hardware-oriented quantization algorithm that improves accuracy without degrad-
ing quantized neural network architecture’s high-efficiency nature is presented.

The rest of this thesis is composed as follows.
First, in Chapter 2, we look around the research topics of AI hardware. Contributions

of prior researches to the AI architectures and hardware-aware algorithms are briefly
introduced. Explanations of related work are detailed in each of the later chapters.

Chapter 3 explores a simple parallel architecture for typical workloads of deep con-
volutional neural network models, which provides prerequisites and criteria for more
specialized discussions. We first look at the two dominant types of neural network layers:
convolution and fully-connected layers. After a prototype architecture is presented, we
eventually modify it to a practical one. We discuss the optimal computational units, con-
trol, and memory structure by observing their arithmetic and data access patterns. These
observations and discussions constitute the motivations and criteria of architectures and
algorithms presented in later chapters.

In Chapter 4, a near-memory parallel architecture named BRein Memory is presented.
According to Chapter 3, the continuous internal/external memory accesses affect the en-
ergy and processing time of the entire neural network processing; here, we evaluate an
extreme case that all the memory access and processing are completed near the internal
memories. We construct a near-memory fully-connected neural network processor archi-
tecture based on this motivation, fabricate its prototype LSI, and evaluate it. We adopt
the binary neural network algorithm to simplify the computation and reduce the memory
footprint to enable such extreme data flow and computation.

In Chapter 5, we attempt to improve the accuracy of hardware-friendly quantized neural
network models focusing on the algorithm’s signal processing counterpart. Chapter 4
proves the concept of near-memory processing with the quantization algorithm for high-
efficiency embedded systems, but the accuracy drawback becomes a new problem. In-
spired by a signal processing viewpoint of neural network processor architecture, we then
improve the accuracy of quantized neural network models without significant efficiency
degradation.

Finally, Chapter 6 concludes the thesis with the outlook for future enhancement of AI
applications, which is prospected to be driven by looking broader and deeper into the
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nature of algorithms and hardware.
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Chapter 2

Background

The research topics on neural network algorithms and architectures are discussed actively
and changing continually. In this chapter, we go on an excursion to the background
and history of neural network technology, introducing the latest contributions as well as
monumental achievements.

2.1 The Arithmetic of Neural Networks

The task of a neural network model is simply the transformation from its input to the
output by a trainable set of parameters (weights). Multiply-accumulation (MAC) opera-
tions dominate the computation in a neural network model. Since the systematic MAC
operations between the weights and inputs can be denoted as a matrix-vector product,
matrix processing accelerators like GPUs have been used for neural network computation.
The rest of the neural network model processing contains non-linear activation functions,
pooling operations, and shape manipulation (e.g., vector concatenation). In this section,
we take a look at the arithmetic used in neural network processing.

2.1.1 Convolution and Fully-Connected Layers

A typical convolutional neural network model employs several convolution (Conv) layers,
followed by fully-connected (FC) layers. A Conv layer applies 2-dimensional convolution
to the input to extract spatial features (patterns). An FC layer conducts a linear trans-
formation of the input, similar to a classical perceptron. Typically both types of layers
are followed by a non-linear function (called activation function). It is understood that
Conv layers act as trainable feature extractors in a classification use, and FC layers form a
classifier [44].
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There are convolutional neural network models without FC layers, e.g., for non-
classification applications, such as object detection [69], segmentation[84], generative
models [66], and image super-resolution [87]. Delated convolution (also called deconvo-
lution or transposed convolution) used in these models is a special case of convolution.

2.1.2 Batch Normalization
Batch normalization (BatchNorm) [37] appeared in 2015 and immediately became an
indispensable component in neural networks. It statically normalizes the distribution of
the pre-activation sum in a neural network layer as follows:

𝑢̂𝑖, 𝑗 ,𝑐 = 𝛾𝑐
𝑢𝑖, 𝑗 ,𝑐 − 𝜇𝑐

𝜎𝑐
+ 𝛽𝑐 (2.1.1)

Here, 𝑢𝑖, 𝑗 ,𝑐 is the MACed sum at the pixel (𝑖, 𝑗) in channel 𝑐. 𝜇𝑐 and 𝜎𝑐 are the mean
and standard deviation of the channel 𝑐, while 𝛽𝑐 and 𝛾𝑐 are the bias and weight affine
parameters, respectively. The part

(
𝑢𝑖, 𝑗 ,𝑐 − 𝜇𝑐

)
/𝜎𝑐 in Eq. 2.1.1 is a well-known statistic

standardization assuming a Gaussian distribution. The key idea of batch normalization is
that the mean 𝜇𝑐 and standard deviation 𝜎𝑐 are calculated in the batches in the training
phase and accompany the affine parameters 𝛽𝑐 and 𝛾𝑐. The affine parameters 𝛽𝑐 and 𝛾𝑐 are
also trainable during the backpropagation-based standard training process, which absorbs
the power disparity among channels.

Batch normalization enabled the neural network models to be trained in a shorter
time with good stability away from gradient vanishing or divergence. Later described
quantization techniques strongly rely on the distribution adjustment functionary of batch
normalization.

2.1.3 Skip Connection
Skip connection, or residual skip, is a bypass path in a block with no computation and
is added to the mainstream path’s output, proposed in [32]. Reference [32] successfully
trained a very deep convolutional neural network, named ResNet-152, consisting of 152
computational layers, achieving a state-of-the-art recognition accuracy. The skip path
retains and carries the gradient with fewer intermediate layers, which prevents the gradient
vanishing problem even in these massively deep network models.

Today, many models utilize the skip connections in some way. MobileNetV2 [72]
invented a 3-layer building block structure called an inverted residual block, which locally
expands the channels to obtain a better information extraction.
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2.1.4 Separable Convolution

Separable convolution is a computation- and memory-reduction algorithm of convolution,
devised in the MobileNet [34] proposal inspired by [74] Here, let us understand the core
ideas and building blocks of MobileNet.

Input

Nx

Ny

Ci Co

Co

Ci

K

Weight Output

Fig. 2.1: Computation of standard convolution.

A standard convolution (Fig. 2.1) calculates element-wise MACs of fully-connected
channels costing 𝐾2𝐶𝑖𝐶𝑜𝑁𝑦𝑁𝑥 operations and 𝐾2𝐶𝑖𝐶𝑜 parameters for (𝐾 × 𝐾)-sized
kernel, 𝐶𝑖 input / 𝐶𝑜 output channels, and (𝑁𝑦 × 𝑁𝑥)-shaped output. When the channels
are divided into 𝐺 groups, the number of operations is reduced by 1/𝐺 because each
output channel relies only on the inputs in the same group, as shown in Fig. 2.2. This is
called grouped convolution.

Assume 𝐺 = 𝐶𝑖 = 𝐶𝑜; each output channel is produced using only one input channel,
requiring only 𝐾2𝐶𝑜𝑁𝑦𝑁𝑥 operations for the entire output channels, as depicted in Fig. 2.3.
Here, each output channel represents the transformed (or extracted) feature from a single
input channel, in contrast to an output of the standard Conv extracting the feature among
all the input channels. This operation is called depth-wise convolution since the operation
is closed within each depth (channel).

Then, assume 𝐾 = 1; only one weight exists in each channel. The convolution of
an output channel uses each input pixel only once; it no longer considers the correlation



10 CHAPTER 2. BACKGROUND

Input

Nx

Ny

Ci/GCi/G Co/G Co/G
Co/G

Ci/G

K

Weight Output

Co/G

Ci/G

Fig. 2.2: Computation of grouped convolution (𝐺 = 2 in figure).

Input

Nx

Ny

Ci Co

Ci = Co = G

K

Weight Output

Fig. 2.3: Computation of depth-wise convolution.

between adjacent input pixels, i.e., it extracts only the relationship between input channels.
This operation is done for each pixel independently; it is called point-wise convolution.

MobileNet employs separable convolution blocks as its basic building blocks, decom-
posing a Conv layer into the sequence of depth-wise and point-wise convolution layers.
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Remember that a Conv output channel extracts a spatial feature laying among the input
channels. The essence of separable convolution is to divide this task. The spatial informa-
tion is transformed in the depth-wise convolution while the correlations between channels
are treated by the point-wise convolution. By separating the point-wise and depth-wise
convolution, the computation amount is relaxed from 𝐾2𝐶𝑖𝐶𝑜𝑁𝑦𝑁𝑥 to

(
𝐾2 + 𝐶𝑖

)
𝐶𝑜𝑁𝑦𝑁𝑥 ,

while the number of parameters is reduced from 𝐾2𝐶𝑖𝐶𝑜 to
(
𝐾2 + 𝐶𝑖

)
𝐶𝑜. MobileNet

accomplished a comparable accuracy to VGG-16 [76] in ImageNet classification with
26× and 32× less computation and memory, respectively. Today, its extended versions,
MobileNetV2 [72] and MobileNetV3 [33], have been proposed to achieve further compu-
tational load reduction and accuracy improvement in a variety of target tasks.

2.2 Hardware for Neural Network Processing
As neural networks have attracted attention, many types of hardware accelerators have
been developed in the academy and industry [83]. They can be categorized by several
properties. First is the accelerator’s purpose, that is, the accelerator designed for training
or inference. The dominant operations in a neural network in the training and inference
phases are multiply-accumulation (MAC operations), but the processing flow and memory
usage are different. Second is the implementation/fabrication technology on which the
accelerator relies. FPGAs and ASICs are used as the implementation platform for neural
network accelerators. In this section, we take a brief look at these neural network hardware
implementations.

2.2.1 FPGA-based Implementation

FPGA is often used for edge-side and server-side neural network inference and training [27,
90, 58, 38]. The advantage of FPGA is its flexibility, where neural network model structures
vary to match their target applications, and the model algorithms continue evolving. It is
also possible to elaborate a hardware implementation that is fully optimized/customized for
a specific network model and application in the user environment. SoC-enabled FPGAs
that can invoke the developed coprocessor from a Linux program have made practical
application development on an FPGA much more convenient.

Reference [91] analyzed the performance and efficiency of FPGA implementation us-
ing the roofline model illustrated in Fig. 2.4. It plots the arithmetic intensity (operations
per byte; the number of operations that can be delivered using data loaded once) in its
X-axis and computation performance (operations per second) in its Y-axis. The reachable
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performance under a hardware configuration is constrained by memory bandwidth and
theoretical maximum computation performance, whichever lower. This model suggests
that when the arithmetic intensity is lower, i.e., when data reuse is insufficient, higher
performance cannot be achieved because of idle time waiting for the memory data move-
ment. They conducted comprehensive architecture exploration using this model, trying
various architecture optimization methods such as loop unrolling and pipelining, providing
a quantitative methodology of architecture optimization and evaluation.

The advantage of using an FPGA is that an end-user can program and customize the
hardware implementation easily and quickly. Hence, a user can have the FPGA co-
optimized with their original neural network models and applications. However, hardware
development and optimization are not so easy for software developers. Automated design
exploration and parametrized design compilers are proposed, which reduce the difficulty
for software developers of using their own neural network models on FPGA-based accel-
erators [80]. GUINNESS [59] is an open-source framework for constructing, training,
and deploying a neural network model to an FPGA. The FPGA design is automatically
generated, for which the user does not have to be experienced in hardware development.
ONNC [50] is an open-source hardware compiler compatible with the ONNX format.
There are also proposals on hardware-specific model exploration not limiting for FPGAs
[78, 10].
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2.2.2 Neural Networks on ASIC
ASIC is another solution for neural network acceleration. Despite the flexibility limitation
and long development time, the motivations to integrate a neural network processor into
an ASIC against an FPGA include:

• A higher degree of freedom in the design. There are no restrictions in hardware
design topics such as logic/arithmetic structure and data transfer.

• Higher efficiency. An FPGA implementation emulates the architecture using its
predefined structure, not directly realizes the structure.

As for design freedom, even the physical specification cloud be methods for efficiency
improvement; e.g., Envision [55] attained further power saving by dynamic power supply
voltage control. Optimizing neural network models for a specific hardware architecture
may satisfy the accuracy, power, and performance requirement in an easier method than
constructing a highly optimized architecture for an existing network model on an FPGA.

Here, we tour some notable achievements of prior ASIC implementations for neural
network processing.

DianNao series accelerators were one of the earliest neural network inference accel-
erators [11, 14, 15, 23]. Eyeriss was another pioneering convolutional neural network
accelerator ASIC, which featured efficient data reuse on NoC [17, 12, 13]. Their work
was also remarkable in that they categorized the data delivery patterns into several types
of stationary and analyzed the hardware costs of each stationary [13, 77]. Reflecting
the trend of sparse neural network models, they later expanded this NoC-based dataflow
controlling in Eyeriss v2 [16].

DNPU [73] was one of the accelerator LSI that can process recurrent neural networks
(FC-centric models) in addition to convolutional networks by having two different (hetero-
geneous) computation unit arrays. Its successor UNPU [47, 46] unified the computation
resources for Conv and FC layers by introducing an internal data sharing mechanism and
supported variable bit-width fixed-point arithmetic for flexible accuracy/efficiency opti-
mization. LNPU [48] was a DNPU-family neural network processor with on-chip training
support powered by low-bit-width floating-point arithmetic. GANPU [41] followed it tar-
geting single-chip GAN processing (generative adversarial networks) with reconfigurable
task mapping on NoC. The transition of the philosophy of parallel computation and its pri-
mary target tasks through this series of proposals implies the trends of embedded/edge-side
neural network applications.

Commercial neural network accelerators have been in operation. Google’s TPU is a
server-side accelerator that can be used for training and inference, which is available for
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their cloud service users. They also released Edge TPU, a low-price consumer-use product
of neural network accelerator, which can be invoked from a host PC via USB.

2.3 Trends of Neural Network Algorithms

2.3.1 Quantization

Quantization, i.e., low-precision numerical expression, is one of the most commonly used
techniques when mapping neural network models onto hardware.

In most mathematical computation on a CPU or GPU, the arithmetic is almost always in
floating-point expression. 64-bit and 32-bit floating-point expressions (FP64 and FP32)
are available in modern CPUs. It is preferred for various computation purposes, including
the training phase of a neural network model, because the floating-point number format
can represent a broad range by its exponent factor. For example, the maximum value of an
FP32 number is≈ 2128 in 32 bits, while a 32-bit fixed-point number can range from−231 to(
231 − 1

)
. However, the computation of floating-point numbers is complicated. It does not

become a problem when we use a CPU because modern CPUs are commonly equipped
with FPUs (floating-point processing units), but the situation may differ in low-power
embedded systems. Generally, floating-point numbers need relatively complex logic for
calculating mantissa with regulating the exponents and signs.

So, many neural network processors are built with quantization methods to avoid using
fixed-point arithmetic. A commonly used one is the fixed-point expression. A fixed-point
number is an integer in its treatment on a digital circuit, i.e., it consumes as much power
and hardware resources as integer arithmetic, not requiring any additional logic units.
The bit width of a fixed-point number is also a topic in architecture exploration. Neural
network configurations with 16-bit, 8-bit, 4-bit, and more types of fixed-point expression
are reported [83]. We should note that we cannot estimate the numerical range (i.e.,
distribution) of the activations and weights in the early training phase of a neural network
model, so we should use a floating-point expression. Quantization algorithms adjusting
the scaling according to the dynamic range of the data are called dynamic quantization
[19, 88].

Neural network models using 1-bit binary quantization (or simply binarization) are
called binary neural networks [20, 68, 18]. It is equivalent to the 1-bit fixed-point numerical
expression, where only the sign bit remains. It can drastically simplify the computation
by replacing arithmetic multiplication with a simple bit-wise operation. Logarithmic
quantization is also utilized for low-power neural network implementation [53, 45, 81].
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It also omits costly multiplication by representing it as an arithmetic addition. Thus,
logarithmic quantization can realize multiplication operation in neural network processing
in a better approximation than the binary quantization. These extreme approximation
methods often suffer from the difficulty of parameter exploration and accuracy degradation
but can be affordable choices to reduce the hardware resource and power consumption.

We introduce a highly optimized accelerator architecture by adopting a binary algorithm
in Chapter 4. We also propose a quantization algorithm that exploits the nature of the
procedure of quantized neural network processing to improve accuracy with minimum
hardware cost in Chapter 5.

As mentioned above, the numerical ranges in a neural network model can hardly be
predicted in the phase of model construction, making it difficult to determine the optimal
hyperparameters in hardware implementation, such as bit width in fixed-point quantization.
Instead of fixed-point representation, floating-point systems with reduced bit widths have
been utilized both in GPU training and edge-side inference [85, 64]. It is reported that
reduced floating-point expression, e.g., FP16 and bfloat16 [36], can obtain better accuracy
without hyperparameter exploration (which is often severe with fixed-point expression)
[21, 9, 40]. Although the hardware realization of floating-point arithmetic is costly than
fixed-point one, it would be an acceptable trade-off point of easiness of model construction
and processing efficiency. The latest generation of GPU natively supports FP16 and
bfloat16 computation, and a commercial accelerator for cloud training using bfloat16 has
been disclosed [64, 85].

2.3.2 Model Compression Techniques

Pruning is a fundamental technique to reduce the neurons or synapses (i.e., the dimensions
of activation vectors or weight matrice). During the training phase, neurons or synapses
that are regarded as ineffective are removed. This can reduce the required number of
operations and memory footprint, thus relax the hardware resource claims.

The simplest algorithm is to add a regularization term in the loss function and force the
weights having values below the threshold to be zero [31]. In the inference phase, we need
to skip the calculation of pruned synapses or neurons to benefit efficiency/performance
gain from pruning; therefore, the information on locations of pruned weights must be
held. Deep Compression [30] introduced an iterative strategy to achieve the desired
pruning ratio and quantization configuration. It also proposed a weight sharing algorithm
with Huffman-code-based weight indices (i.e., the locations of living synapses). It was
then integrated as a hardware accelerator named EIE [29].
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2.3.3 Hardware-aware Model Algorithms
A binary neural network algorithm assuming itself mapped on an FPGA was proposed [25];
it was later published as an open-source project named BinaryBrain. An FPGA replicates
digital circuitry by forming a functionally equivalent circuit using look-up tables (LUTs)
and switch blocks. The number of inputs and outputs of a LUT is limited (e.g., 6-bit input
and 1-bit output in Xilinx 7 series products). Hence, if each neuron in a binary neural
network layer is forced to have at most six inputs, the FPGA can house the model the
most efficiently, where each neuron can be seated on a single LUT. BinaryBrain trains the
model with a time-domain stochastic numerical expression to gain higher accuracy under
this 6-to-1 neuron precondition. This time-domain expression is differentiable; thus, it
can be trained by standard backpropagation. LUTNet [82] is another FPGA-native neural
network implementation, which interprets a LUT as a binary activation function that can
take arbitrary mapping from the input to output bits.
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Chapter 3

Architecure Exploration Focusing on
the Diversity of Convolutional Neural
Network Processing

3.1 Introduction

A convolutional neural network model consists of several types of layers. The main two
types of them are convolutional (Conv) layers and fully-connected (FC) layers, both of
which employ multiply-accumulation (MAC) operation between the activation and weight.
A Conv layer operates feature extraction of the 2-dimensional input, while an FC layer
computes linear transformation of its unstructured input activation.

Most convolutional neural network processors have made their effort to process Conv
layers efficiently since the Conv layers account for a significant part of the processing time.
However, FC layers are still indispensable in many applications. Therefore, the lack of
support for FC layers limits the availability of the architecture. In this chapter, we conduct
architectural exploration to present a feasible form of a neural network processor capable
of computing both the Conv and FC layers with a single architecture.

The rest of this chapter is organized as follows. First, we take a look at the computational
structures of Conv and FC layers in Section 3.2, focusing on the similarity and difference
of their arithmetic and memory access patterns. Second, an ideal base architecture from
which we start the architectural discussion is presented in Section 3.3. Third, we modify the
architecture into a feasible one considering the hardware resources, memory bandwidth,
and processing time in Section 3.4. We then evaluate those architectures assuming typical
workloads in realistic neural network models in Section 3.5. Finally, we conclude the
discussion of this chapter in Section 3.6.
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This chapter is based on previously presented conference and journal papers [2] [4].

3.2 Computation and Data Access of Convolutional Neu-
ral Networks

As mentioned above, a convolutional neural network mainly consists of several Conv layers
followed by FC layers. A Conv layer computes 2-dimensional convolution between its 2-
dimensional input activation (an image or feature map with multiple channels, representing
the input “feature”) and the corresponding weight (kernel) for each output channel, which
extracts the 2-dimensional feature resembling the weight pattern from the input. An FC
layer has the same structure as a classical perceptron, i.e. , it transforms the 1-dimensional
input, which acts as the classifier. Although these layers have different structures of 2-
and 1-dimensional inputs and weights, the basic computation is MAC operation in both
of them. In this section, we look at the similarity of the Conv and FC processing from the
viewpoint of data transfer.

An output pixel of the Conv layer is calculated using the kernel weights shaped 𝐾 × 𝐾
and the partial area (window) of the input activation with the same shape; the value is the
sum of the pixel-wise product (MAC operation), as Fig. 3.1(a) indicates. The next output
pixel is calculated similarly, with the same weights and the input area slid by several pixels.
This interval of input windows is called stride 𝑠. A Conv layer can be seen as a special
case of an FC layer, in which each output neuron has the connections only to a limited
set of the input neurons, and the weights are shared among output neurons, as Fig. 3.1(b)
depicts.

Since all the output pixels share the same weight values, each pixel in an output channel
is calculated using all the kernel weight values corresponding to the channel. On the other
hand, when we focus on an output pixel and a weight value, the input area location to be
MACed is uniquely determined. Therefore, the convolution can be computed by selecting
a kernel weight value one by one and multiplying the corresponding input area for all
output elements, as indicated in Fig. 3.1(c).

From another view, as shown as solid black lines in Fig. 3.2, an input element influences
all output channels. At the same time, a weight value is shared among all the output and
input pixels, as indicated as broken lines in Fig. 3.2. In a Conv layer, we can observe the
data reusability in both inputs and weights.

An FC layer is calculated as a matrix-vector product of the weight and input, as shown
in Fig. 3.3(a); thus, an output value can be denoted as a dot product of the row vector in the
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Fig. 3.1: The structure of a Conv layer (a)(b) and the data dependency(c).
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Fig. 3.2: Data reusability in a Conv layer.

weight matrix and the input vector. Unlike a Conv layer, the weight values in an FC layer
are never shared, as depicted in Fig. 3.3(b). Therefore, the only opportunity for data reuse
in an FC layer is input reuse, where an input value is reused for all the output elements.
In other words, an element of the input vector is (and can only be) used once per weight
row vector. The computation of an FC layer can be processed by scanning the input value
(i.e., an element of the input vector) cycle by cycle, conducting a MAC operation with the



20 CHAPTER 3. ARCHITECTURE EXPLORATION

(c)

In
pu

t

Weight

O
ut

pu
t

(a) (b)

Input Weight OutputWeight Input Output

In
di

vi
du

al

Ni

 Ni  NoNo  

Fig. 3.3: The structure of an FC layer (a)(b) and the data dependency(c).

weights for all the output neurons (a weight row vector), as indicated in Fig. 3.3(c).

3.3 Multithreaded CGRA Architecture for Input Value
Reuse

The previous section showed that both Conv and FC layers employ MAC operations as the
basic computation and that the data sizes of input and weight are reversed. This section
presents an ideal parallel processor architecture that can efficiently process both the Conv
and FC layers with a single structure by switching only the data flow. This architecture
assumes a very high internal bandwidth (between buffers and processing elements), which
is hardly realistic. We then modify it into acceptable and realistic structures later in
Section 3.4.

3.3.1 Base Architecture

Here, we construct a simple parallel processor for MAC operations by an array of the
multiply-accumulator-based processing elements (PE). A PE computes a pixel in a channel
of the output feature map of a Conv layer and an element of the output vector of an FC layer.
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This type of parallel processing is called “output-parallel” since each PE corresponds to an
output element, and the entire array produces multiple output values. In a temporal view,
this architecture is also an “output-stationary” one, as the output values being computed
remain for several cycles while the input and weight are fed cycle by cycle.

In the processing of a Conv layer, one weight value is used among multiple output
pixels in a channel. On the other hand, in an FC layer processing, even though there is
less opportunity to reuse data compared to a Conv layer, one input value is used for the
computation of all the output elements. This observation leads to the idea of an output-
parallel PE array with a “shared” input bus that broadcasts a single value to the entire
array in each cycle and an “individual” bus that feeds a value to each PE.

Fig. 3.4 shows the data delivery in a Conv layer. Typically a Conv layer has multiple input
and output channels, but here we show a case where both the input and output activations
have only one channel for simplicity. Again, the PE array processes the output plane,
where each PE corresponds to an output pixel. Here, the shared bus picks a kernel element
in a cycle and feeds it to all the PEs. The individual bus crops the input activation area
used by the output through the kernel element currently picked on the shared bus. Fig. 3.6
indicates the procedure of this processing. We define the PE array size (parallelism; the
number of PEs in a row/column) as 𝑃𝑥 × 𝑃𝑦, the kernel size as 𝐾 × 𝐾 , and the stride of
the Conv operation as 𝑠. This example is for the case of 𝑃𝑥 = 𝑃𝑦 = 4, 𝐾 = 3, and 𝑠 = 1.
For each cycle, one pixel in the kernel is broadcasted in the PE array via the shared bus,
and the corresponding input area sized 𝑃𝑥 × 𝑃𝑦 is cropped and fed via the individual bus.
This process is repeated for all 𝐾 × 𝐾 kernel elements. When the output size exceeds the
PE array size, time-division processing is required.

Fig. 3.5 presents the computation of an FC layer. For the FC layer processing, one input
value is used by multiple output values, in contrast to the Conv layer that reuses a single
kernel weight value. An input value and multiple weight values are fed in a cycle via
the shared and individual buses, respectively, to conduct a parallel MAC operation. The
weight values are from a row of the weight matrix, which corresponds to weights from an
input activation to multiple output neurons, without respect to the 2-dimensional manner
of the PE array. The procedure of an FC layer processing is indicated in Fig. 3.7. Here,
we define the input size (i.e., input vector size; the number of input neurons) as 𝑁𝑖 and the
output size as 𝑁𝑜. The weight matrix is shaped (𝑁𝑖 × 𝑁𝑜). Each PE produces an output
activation; the entire array computes a parallel MAC operation from an input to 𝑃𝑥𝑃𝑦
output activations (neurons) in a cycle and repeats for all the input values sequentially. If
the output size No is greater than the PE array size 𝑃𝑥𝑃𝑦, the computation is divided in a
time-division manner.
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3.3.2 Multithreaded Accumulator for Data Reusing

We have discussed the basic ideas in an ideal case, where the attainable bandwidth of the
individual bus is very high. To construct a more feasible architecture, we should consider
lowering the required data rate. In general, a smaller amount of data transfer per operation
is preferred most from the viewpoint of higher power efficiency (the reciprocal of this
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Fig. 3.6: Basic procedure of Conv layer processing.
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Fig. 3.7: Basic procedure of FC layer processing.

measure, the number of operations that can be conducted using a certain amount of data
transfer, is called arithmetic intensity, usually in the unit [OPs/Byte]). We present two
ideas that increase arithmetic intensity in this section, and we discuss modifying the ideal
architecture into a feasible one in Section 3.4.

First is the sequential locality of the partial input area of Conv layers. Since the 𝐾 × 𝐾
kernel elements of an input channel are scanned sequentially, and since the 𝐾 elements
in each row are consecutive when the stride is 1, there are chances of input data reuse in
adjoining partial input areas in each kernel row. Therefore, the partial inputs referenced
by the next weight are the same except for the last column. In the same weight row, the
input elements required by the PEs are the input values that the adjoining PEs loaded in
the previous cycle. By reusing these already-loaded input values in a kernel row, the data
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transfer amount can be decreased to at most 1/𝐾 . Fig. 3.8 depicts this idea, where the
input pixels hatched in gray is the pixels to be reused.

In second, there can be observed the temporal locality of the input in the multiple channel
convolution. Let the numbers of input and output channels 𝐶𝑖 and 𝐶𝑜, respectively. One
partial input area is used 𝐶𝑜 times because each output channel depends on all input
channels. Once the input values of a partial area are fetched to calculate the first output
channel, we can skip loading the same input values for the following output channels, as
shown in Fig. 3.9. When we utilize a 𝑇-word register file instead of a single register in an
accumulator in a PE, this enables the PE array to reduce data accesses to at most 1/𝑇 .

Input Weight Output

Fig. 3.8: Sequential locality in the Conv layer processing. The light-grayed elements can
be reused.

3.4 Conv/FC Configurable Processor Exploiting Data Lo-
cality

We have explained the computation of Conv and FC layers on an ideal processor array with
individual and shared input busses and the data reusability of CNNs on the array system.
In this section, we build a feasible array architecture by exploiting the data locality that
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Fig. 3.9: Temporal locality in the multi-channel convolution.

enables further efficiency improvement. The multithreaded accumulator and two possible
types of row-wise data delivery are proposed.

3.4.1 Shift-Based Row-Wise Data Supply

The Conv computation explained with the ideal architecture consumes square partial input
area every clock cycle. However, a square area is not memory-friendly because it requires
discontinuous addressing. Also, we assumed that the square partial input area is fetched
within a cycle on the individual bus, which requires a very high internal bandwidth between
the buffer and PE array. We introduce shift-based row-wise data delivery for simpler access
patterns and a more compact architecture design as a practical implementation.

Since the memory addresses are continuous in a kernel row in Conv computation by the
output-parallel PE array, it appears to appropriate that a row buffer in each PE row retains
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the input rows as Fig. 3.10. With permitting the latency of filling PEs column by column,
this implementation is a light-weighted one; only the PEs on the leftmost column should
have the individual inputs, and the other PEs acquire the input data from their left-side
PEs via the forwarding bus. Note that the overhead of filling all PEs sequentially via the
forwarding bus will be discussed later in Section 3.4.2.

However, the row buffers are still not sufficient for realistic workloads. A Conv operation
requires 𝐾 input rows per PE row; thus, the entire PE array requires (𝑃𝑦 + 𝐾 − 1) input
rows. For example, four rows indicated in gray in Fig. 3.10 are consumed by the first kernel
row, then the remaining two input rows are used by the later kernel rows. Therefore, we
need a mechanism for selecting the row buffer connected to the leftmost column. There
are two possible solutions, namely, multi-port SRAM buffers and multi-bank ones.

Figs. 3.11 and 3.13 shows a multi-port solution using the 𝑃𝑦-W 𝑃𝑦-R multi-port SRAMs
as row buffers, where a PE row can read the input from any row buffer. Compared to the
ideal model (Fig. 3.4), the individual input and output buses moved from the PEs to the
row buffers. This modification achieves the fewest internal memory accesses. Each input
row is loaded to a row buffer only once and is read by all PE rows consumes it (at most 𝐾
rows) as Fig. 3.14(a). The difficulty of this implementation is the scalability of multi-port
SRAMS; the multi-port SRAMs cost 𝑂

(
𝑃2
𝑦

)
area.

A multi-bank solution is presented in Fig. 3.12. The PE is the same as the multi-port
one in Fig. 3.13. Here, we employ the (𝑃 + 𝐾 − 1) row buffers; each of them is realized
by a multi-bank SRAM, and the forwarding buses are looped back to connect to the row
buffers of the next PE rows. Each row buffer has an input multiplexer; it acquires the
input activations from the external bus in the data loading phase and the upper PE row’s
rightmost forwarding output in the processing phase, as described in Fig. 3.14(b). The
multi-bank SRAM buffers cost only 𝑂 (() 𝑃𝑦) hardware resources and endure minimal
external memory access. However, the number of internal buffers’ write accesses increases
compared to the multi-port solution. This is because the input row selection between the
kernel rows is made by the inter-row buffer data movements instead of explicitly switching
them by crossbars. The input activations that a PE row has just consumed are then written
from the forwarding bus of the rightmost PE to the lower PE row’s buffer.

3.4.2 Deep-Multithreaded Accumulator with an SRAM

The row-wise data delivery simplifies the internal bus structure and relaxes the external
memory access; however, an overhead of filling the PE array with the input before the first
kernel row computation occurs as a drawback. The frequency of data loading from the row
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Fig. 3.11: Shift-based architecture with a multi-port row buffer.
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Fig. 3.12: Shift-based architecture with multi-bank row buffers.

buffer to the PE array should be minimized to overcome this overhead. Here, we attempt
to extend the PE with a multithreaded accumulator to reuse the inputs the PE has loaded
once as many as possible. Later layers in a convolutional neural network model have more
channels and smaller plane sizes in general. Thus, sequential processing over the input
channels is dominant, and the cycles for the row-wise data transfer can be amortized by it.

We consider utilizing an SRAM buffer as the accumulator’s register to increase the
number of channels computed using a single input channel. An SRAM is denser in terms
of data capacity (i.e. , has higher bytes per 𝜇m2). It is suitable for reusing an input channel
for more output channels to get higher arithmetic intensity. Since the significant processing
time and energy of the convolutional neural network processing is consumed in deeper
layers with smaller planes and more channels, an SRAM buffer is desirable despite its
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Fig. 3.13: A PE for shift-based array (Figs. 3.11 and 3.12).

larger implementation area compared to a register file assumed in the ideal architecture,

3.5 Evaluation and Discussion

3.5.1 Setup
We evaluate the Conv/FC architecture in this section. We first estimate the computation
performance and arithmetic intensity, and then we discuss the complexity and required
hardware resources of the row-wise data delivery and SRAM buffers.

The definition of parameters and the setup of the evaluation are the following.

• Conv layer

– Input size: 𝑁𝑖𝑥 × 𝑁𝑖𝑦 × 𝐶𝑖
– Output size: 𝑁𝑜𝑥 × 𝑁𝑜𝑦 × 𝐶𝑜
– Kernel size: 𝐾 × 𝐾 × 𝐶𝑖 × 𝐶𝑜

• FC layer
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(a) (b)

Fig. 3.14: Data mapping and row selecting on (a) the “multi-port” and (b) “multi-bank”
systems.

– Input size: 𝑁𝑖

– Output size: 𝑁𝑜

• Hardware setup:

– PE array size: 𝑃𝑥 × 𝑃𝑦

– Number of threads in a PE accumulator: 𝑇

– Clock frequency: 𝑓

– Bit-width: 𝑏

3.5.2 Performance

Table 3.1 summarizes the processing time and required data rates in Conv and FC pro-
cessing.
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Table 3.1: Processing time [cycles] and data rate [bps]

Conv FC

Pre-requirements a Out 𝑁𝑜𝑥𝑁𝑜𝑦𝐶𝑜, In 𝑁𝑖𝑥𝑁𝑖𝑦𝐶𝑖 Out 𝑁𝑜, In 𝑁𝑖

Processing Time (𝑃𝑥 + 𝐾 − 1) 𝐾𝐶𝑜𝐶𝑖
⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
𝑁𝑖𝑃𝑥

⌈
𝑁𝑜

𝑃𝑥𝑃𝑦

⌉
Input Rate 𝑏 𝑓

(𝑃𝑦+𝐾−1)𝑁𝑖𝑥

⌈
𝐶𝑜
𝑇

⌉
(𝑃𝑥+𝐾−1)𝐾𝐶𝑜

⌈
𝑁𝑜𝑥
𝑃𝑥

⌉ 𝑏 𝑓
(1+𝑃𝑥𝑃𝑦)

𝑃𝑥

Output Rate 𝑏 𝑓
𝑁𝑜𝑥𝑁𝑜𝑦

(𝑃𝑥+𝐾−1)𝐾𝐶𝑖

⌈
𝑁𝑜𝑥
𝑃𝑥

⌉⌈
𝑁𝑜𝑦
𝑃𝑦

⌉ 𝑏 𝑓 𝑃𝑦/𝑁𝑖

a Bit width is 𝑏, clock frequency is 𝑓 , array size is
(
𝑃𝑥 × 𝑃𝑦

)
, the number of accumulator

threads is 𝑇 , and kernel size is 𝐾 × 𝐾 .
A Conv operation consumes 𝑃𝑥 cycles per a kernel row for preloading input activation

from row buffers by shifting and (𝐾 −1) cycles for conducting MAC operations. The total
number of this procedure is 𝐾𝐶𝑖𝐶𝑜 for all the kernel rows and input/output channels, so
the processing time of a Conv layer is:

(𝑃𝑥 + 𝐾 − 1) 𝐾𝐶𝑜𝐶𝑖 [Cycles] (3.5.1)

When the output size exceeds the PE array size, the processing is done in a time-
divided manner, costing

⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
time-division blocks. As a result, the processing time

becomes:

(𝑃𝑥 + 𝐾 − 1) 𝐾𝐶𝑜𝐶𝑖
⌈
𝑁𝑜𝑥
𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
[Cycles] (3.5.2)

We estimate the amount of the required input data. At the beginning of each row time-
division block, the input activation is transferred from the external memory to the row
buffers in burst mode. The PE array consumes (𝑃𝑦 + 𝐾 − 1) rows of the input data in
each of the

⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
row time-division blocks, and the input data has 𝑁𝑖𝑥 columns. Unless

the number of output channels 𝐶𝑜 exceeds the number of accumulator threads 𝑇 , the input
data are not reloaded. Therefore, the amount of external data transfer is described as:(

𝑃𝑦 + 𝐾 − 1
)
𝑁𝑖𝑥

⌈
𝑁𝑜𝑦

𝑃𝑦

⌉ ⌈
𝐶𝑜
𝑇

⌉
[Data] (3.5.3)

The average input data rate is calculated by dividing Eq. 3.5.3 by Eq. 3.5.2 and normal-
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izing the unit using the clock frequency 𝑓 and bit-width 𝑏 as following:

𝑏 𝑓

(
𝑃𝑦 + 𝐾 − 1

)
𝑁𝑖𝑥

⌈
𝐶𝑜

𝑇

⌉
(𝑃𝑥 + 𝐾 − 1) 𝐾𝐶𝑜𝐶𝑖

⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ [bps] (3.5.4)

Similarly, the output data size and data rate are calculated as:

𝑁𝑜𝑥𝑁𝑜𝑦𝐶𝑜 [Data] (3.5.5)

𝑏 𝑓
𝑁𝑜𝑥𝑁𝑜𝑦

(𝑃𝑥 + 𝐾 − 1) 𝐾𝐶𝑖
⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉ [bps] (3.5.6)

We then evaluate the performance and data rates of the FC processing. In the FC
processing, since the output neurons are mapped on the PE array without respect to
its 2-dimensional structure, the number of time-division blocks is

⌈
𝑁𝑜

𝑃𝑥𝑃𝑦

⌉
. Each of the

𝑃𝑥𝑃𝑦 output neurons being computed on the PE array requires a weight value per cycle,
corresponding to the input activation fed via the shared bus cycle by cycle. It costs 𝑃𝑥
cycles to load a set of weight values via the row-wise forwarding bus, and this process
should be repeated 𝑁𝑖 times for acquiring all the input activation values with different
weight values. The processing time of an FC layer is denoted as:

𝑁𝑖𝑃𝑥

⌈
𝑁𝑜
𝑃𝑥𝑃𝑦

⌉
(3.5.7)

One iteration of this process consumes 𝑃𝑥𝑃𝑦 weight values and an input activation
value. As mentioned above, the number of iteration is 𝑁𝑖 in each of the

⌈
𝑁𝑜

𝑃𝑥𝑃𝑦

⌉
time-

division blocks. Thus, the total amount of loaded data throughout the FC layer processing
is:

𝑁𝑖 (𝑃𝑥𝑃𝑦 + 1)
⌈
𝑁𝑜
𝑃𝑥𝑃𝑦

⌉
[Data] (3.5.8)

The P output data are produced every time-division block, and the total output data
amount is:

(𝑃𝑥𝑃𝑦 + 1)
⌈
𝑁𝑜
𝑃𝑥𝑃𝑦

⌉
[Data] (3.5.9)

Therefore, the required input data rate is calculated as:

𝑏 𝑓
𝑃𝑥𝑃𝑦 + 1
𝑃𝑥

[bps] (3.5.10)
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and the output data rate is:

𝑏 𝑓
𝑃𝑦

𝑁𝑖
[bps] (3.5.11)

We evaluated the theoretical processing time and data rates of the proposed architecture
with AlexNet, as shown in Table 3.2. The PE array size is assumed 𝑃𝑥 × 𝑃𝑦 = 16× 16, the
bit-width is 𝑏 = 16, and the clock frequency is 𝑓 = 200 MHz. This system can process
AlexNet in 380 msec (2.6 fps), and the maximum required data rate is 16 MB/s, which is
an acceptable result for typical embedded use cases.

Table 3.2: Evaluation of the proposed architecture using AlexNet[43]
# Type Weight Shape Output Shape Cycles Rate [GB/s] Util. [%]

1 Conv (112 × 3 × 48) × 2 (224×224×48)×2 16,144,128 0.013 100.0
2 Conv (52 × 48× 128) × 2 (27×27×128) ×2 19,660,800 0.009 73.9
3 Conv 32 × (128 × 2) ×

(192 × 2)
(13×13×192) ×2 21,233,664 0.005 71.2

4 Conv (32×192×192)×2 (13×13×192) ×2 3,981,312 0.010 66.0
5 Conv (32×192×128)×2 (13×13×128) ×2 2,654,208 0.016 66.0
6 FC 43, 264 × 4, 096 4, 096 11,075,584 6.425 100.0
7 FC 4, 096 × 4, 096 4, 096 1,048,576 6.425 100.0
8 FC 4, 096 × 1, 000 1, 000 262,144 6.425 97.7

Total 76,060,416

The PE utilization means the average ratio of working PEs to all the PEs throughout the
layer processing, which is estimated by the time integration of the product of the spatial and
temporal ratios. If the output size is indivisible by the PE array size, the last time-division
block has inactive PEs, as shown in Fig. 3.15. Here, we define the numbers of active
PE columns/rows in the last row/column time-division blocks as 𝑅𝑥/𝑅𝑦, respectively, as
follows:

𝑅𝑥 = 𝑁𝑜𝑥 − 𝑃𝑥
⌊
𝑁𝑜𝑥
𝑃𝑥

⌋
(3.5.12)

𝑅𝑦 = 𝑁𝑜𝑦 − 𝑃𝑦
⌊
𝑁𝑜𝑦

𝑃𝑦

⌋
(3.5.13)

We can then calculate the effective average PE utilization in a Conv layer as the following
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Fig. 3.15: Example of time division of the output plane. In the case of 𝑁𝑜𝑥 = 𝑁𝑜𝑦 = 10 and
𝑃𝑥 = 𝑃𝑦 = 4, the number of remainder pixels is 𝑅𝑥 = 𝑅𝑦 = 2, the number of fully utilized
blocks is ⌊𝑁𝑜𝑥/𝑃𝑥⌋

⌊
𝑁𝑜𝑦/𝑃𝑦

⌋
, and the total number of blocks is ⌈𝑁𝑜𝑥/𝑃𝑥⌉

⌈
𝑁𝑜𝑦/𝑃𝑦

⌉
.

according to Fig. 3.15:

(PE utilization) =
∫

(spatial ratio) × (temporal ratio)𝑑𝑡

=
𝑃𝑥𝑃𝑦

𝑃𝑥𝑃𝑦

⌊
𝑁𝑜𝑥

𝑃𝑥

⌋ ⌊
𝑁𝑜𝑦

𝑃𝑦

⌋⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
+

𝑅𝑥𝑃𝑦

𝑃𝑥𝑃𝑦

(⌈
𝑁𝑜𝑥

𝑃𝑥

⌉
−
⌊
𝑁𝑜𝑥

𝑃𝑥

⌋) ⌊
𝑁𝑜𝑦

𝑃𝑦

⌋⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
+

𝑃𝑥𝑅𝑦

𝑃𝑥𝑃𝑦

⌊
𝑁𝑜𝑥

𝑃𝑥

⌋ (⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
−
⌊
𝑁𝑜𝑦

𝑃𝑦

⌋)⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
+

𝑅𝑥𝑅𝑦

𝑃𝑥𝑃𝑦

(⌈
𝑁𝑜𝑥

𝑃𝑥

⌉
−
⌊
𝑁𝑜𝑦

𝑃𝑦

⌋ ) (⌈
𝑁𝑜𝑦

𝑃𝑦

⌉
−
⌊
𝑁𝑜𝑦

𝑃𝑦

⌋)⌈
𝑁𝑜𝑥

𝑃𝑥

⌉ ⌈
𝑁𝑜𝑦

𝑃𝑦

⌉ (3.5.14)

Figs. 3.16 and 3.17 show the relationship between the output size and processing
time/resource with the PE array size 𝑃𝑥 × 𝑃𝑦 = 16 × 16. The processing time is pro-
portional to the number of output channels and the output plane size, while the required
data rate is almost independent of the problem size. When the problem becomes more
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Fig. 3.16: Processing time and output data rate over the number of output channels.
(𝐶𝑖 = 256, 𝑁𝑜𝑥 = 𝑁𝑜𝑦 = 128)
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Fig. 3.17: Processing time and output data rate over the output plane size. (𝐶𝑖 = 256, 𝐶𝑜 =
384)

extensive, the processing time increases, but the required resources such as data rate are
unaffected; therefore, the availability is retained over the problem size.

Fig. 3.18 evaluates the processing times of the ideal (Section 3.3) and row-wise (Sec-
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Fig. 3.18: Processing time of the ideal and row-wise architectures over the output size.
𝐾 = 3, 𝐶𝑖 = 512, 𝐶𝑜 = 512, 𝑃𝑥 = 𝑃𝑦 = 16, 𝑇 = 512.

tion 3.4) architectures when the output size of a Conv layer scales. There are no differences
in the processing time and data rates between the multi-port and multi-bank row-wise ar-
chitectures, as their only difference lies in the inter-row internal data selection. Compared
to the ideal model, the row-wise model requires a longer processing time because the row-
wise data loading is needed prior to the computation. The arithmetic intensity, indicated
in Fig. 3.19, is identical among the ideal and row-wise implementations since the number
of operations and the data transferring amount do not differ with the same problem to
solve. In the row-wise architecture, the input data rate is relaxed, as shown in Fig. 3.20.
Since both the processing time and the required data amount is linearly proportional to the
output data size 𝑁𝑜𝑥𝑁𝑜𝑦, the data rate converges to a constant.

3.5.3 Arithmetic Intensity

Let us discuss the effect on the arithmetic of adopting the multithreaded accumulator.
Fig. 3.21 plots the arithmetic intensity over the output size (square: 𝑁𝑜𝑥𝑁𝑜𝑦) in several
configurations of the numbers of channels 𝐶𝑖, 𝐶𝑜 and threads 𝑇 . The fine three lines with
different numbers of accumulator threads assume fewer input/output channels, typical
configurations in shallower layers in convolutional neural networks. These shallower
layers with fewer channels usually have larger output sizes, which are saturated in the
figure; the arithmetic intensity improves orders of magnitude when the number of threads
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Fig. 3.19: Arithmetic intensity of the ideal and row-wise architectures over the output
size. 𝐾 = 3, 𝐶𝑖 = 512, 𝐶𝑜 = 512, 𝑃𝑥 = 𝑃𝑦 = 16, 𝑇 = 512.
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Fig. 3.20: Required input data rates of the ideal and row-wise architectures over the output
size. 𝐾 = 3, 𝐶𝑖 = 512, 𝐶𝑜 = 512, 𝑃𝑥 = 𝑃𝑦 = 16, 𝑇 = 512.
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Fig. 3.21: Arithmetic intensity over the output size with several configurations of the
numbers of channels and threads. 𝑃𝑥 = 𝑃𝑦 = 16, 𝐾 = 3

𝑇 increases from 1 and 8 to 512. On the other hand, the number of channels grows larger
in the deeper layers, and the output plane size gets small, like the left part of the bold line
in Fig. 3.21. In such a situation, as the opportunity of reusing the kernel weight values
decreases, the arithmetic intensity degrades. However, the multithreaded accumulator
works effectively even in those configurations.

3.5.4 Area of the Multi-Port and Multi-Bank Implementations

We introduced two possible structures of the row buffers, the multi-port and multi-bank
ones, in Section 3.4, and evaluated the performance of the architecture in Section 3.5.2. In
this subsection, we discuss the complexity of these implementations.

As described in Section 3.4, a PE row acquires 𝐾 input rows; as a result, the entire PE
array consumes (𝑃𝑦 +𝐾 − 1) input rows. These (𝑃𝑦 +𝐾 − 1) input rows are stored in the P
row buffers, and there is a need for a mechanism to select a row to feed into each PE row.
We introduced two SRAM types as the row buffer with data selection, the multi-port and
multi-bank SRAMs. The multi-port one can select any input row for each PE row, while
the multi-bank one do the data selection by moving the stored data with the connections
fixed.

If we utilize (𝑃𝑦 + 𝐾 − 1)-R SRAMs as the multi-port row buffers, the input activation
data are loaded to the SRAM only once, and they are read by at most 𝐾 rows of PEs (i.e. ,
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Table 3.3: Energy comparison of multi-port and multi-bank implementations

𝑃𝑦
Multi-port Multi-bank

# Ports Area [mm2] Energy [nJ] # Banks Area [mm2] Energy [nJ]
2 4 0.694 0.706 4 0.085 0.103
4 8 4.726 5.041 6 0.127 0.279
6 8 4.726 9.410 8 0.169 0.535

14 16 41.332 105.697 16 0.338 2.387

𝐾 output rows). The write accesses of the SRAMs are required only once at the beginning
of the time-division block. However, an 𝑛-R SRAM requires 𝑂

(
𝑛2) of implementation

area in general. The required capacity and number of ports of the row-wise SRAM buffer
are in order of 𝑂

(
𝑃𝑦

)
. Since the implementation area of an SRAM is in proportion to

capacity and the square of the number of ports, the total SRAM implementation area of
the PE array becomes 𝑂

(
𝑃3
𝑦

)
.

On the other hand, if we utilize (𝑃 + 𝐾) sets of 1-R 1-W SRAMs as the multi-bank
solution, the SRAM area footprint is 𝑂

(
𝑃𝑦

)
with the 𝑃𝑦 PE rows. The increase of SRAM

banks is basically the increase of SRAM macros; its area is proportional to the number of
banks. In this solution, the leftmost PE column pops a word from the row buffer, and the
rightmost PE column’s forwarding output writes a word to the next rows’ buffers in each
cycle. Thus, although the data load from the external memory to the row buffers is needed
only once at the beginning of the time-division row, just like the multi-port solution, the
internal SRAM write accesses increase by 𝐾 times.

Table 3.3 shows the area and energy specification of the 16-bit 512-word multi-port and
multi-bank SRAMs simulated using CACTI [1]. We estimated the energy of memory
accesses to process a Conv layer with C=1, assuming two additional banks or ports
to the number of PE rows 𝑃𝑦 are needed for the overlapped external memory access
during the multithreaded accumulation. The internal data movement needed in the multi-
bank solution is included. The power consumption of the read and write accesses are
supposed to be equal, according to [62]. The simulation shows that, despite the internal
SRAM accesses increase, the multi-bank solution consumes less energy than the multi-
port implementation. The number of SRAM ports/banks in the practical architecture
should be carefully determined considering the PE array size (𝑃𝑥 , 𝑃𝑦), the throughput and
latency of the external memory, and the target application (𝐾 , 𝐶𝑜, 𝐶𝑖, etc.).
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3.5.5 Discussion on Memory Usage

In Conv processing, the PE array requires 𝑃𝑦 input data at the first output channel in the
multithreaded accumulators; therefore, the input data rate requirement of the PE array
(internal memory bandwidth of the row buffers) is 𝑃𝑦/𝑇 [Words/Cycle]. It should be
noted that, when the output channel𝐶𝑜 is indivisible by the number of threads𝑇 and leaves
𝐶𝑟𝑜 (= 𝐶𝑜 mod 𝑇) residual channels, the read interval is shortened to 𝐶𝑟𝑜 < 𝑇 , resulting
in tightening the internal bandwidth requirement to 𝑃𝑦/𝐶𝑜 [Words/Cycle]. It is possibly
solved by forcing the multithreaded MAC to always take 𝑇 cycles even if 𝐶𝑜 cannot be
divided by 𝑇 . If the read interval 𝑇 or 𝐶𝑟𝑜 is greater than 𝑃𝑥𝑃𝑦, the number of input data
to be loaded to the PE array, then serial data load can be utilized with the latency of data
loading amortized, instead of the row-wise data distribution. The 𝑃𝑥𝑃𝑦𝑇 output values of
the PE array become valid when all the input channels and kernel elements are MACed,
i.e., every 𝐾2𝐶𝑖𝑇 cycles; the required internal output data rate is 𝑃𝑥𝑃𝑦

𝐾2𝐶𝑖
[Words/Cycle]. A

weight value is loaded cycle by cycle during the MAC operation; the internal data rate of
the shared bus is always 1 [Words/Cycle]. These observations indicate that the internal
input data rate becomes severe when the number of the output channel 𝐶𝑟𝑜 is small and
that the output data rate is tighter when the number of input channels 𝐶𝑖 or kernel size 𝐾
is smaller.

We discuss the optimal configuration of the SRAMs for the row buffers. For the latency
of loading input data from the external memory to be amortized, the processing time must
exceed the memory access time. We need to allow the external accesses overlapped to the
MAC operations to fulfill this condition. When the number of threads 𝑇 is large enough,
the external data load can be completed during the multithreaded MAC operation, in which
the read accesses from the row buffers do not occur except for the first cycle of each block.
Therefore, the SRAM depth should be at least 2𝑃𝑥 to store the currently used partial input
area while the next area is transferred in the background. For further data reuse, the row
buffers with larger depth are preferred to retain the solid area of the input activation, i.e. ,
the entire time-division row block, not only a block.

The implementation area of the PE array is proportional to the number of threads 𝑇 , and
the external data rate and the area of SRAM buffers are proportional to the number of PE
rows 𝑃𝑦 and in inverse proportion to 𝑇 . On the other hand, the processing time is almost
proportional to the number of threads 𝑇 and the inverse of the PE array size 1/𝑃𝑥𝑃𝑦. On
the construction of a practical system, we should consider these characteristics according
to the requirements of the application.
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Fig. 3.22: SOC-MOP output-stationary computation [17, 12].
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Fig. 3.23: MOC-SOP output-stationary computation [17, 12].

Parallel processing architectures for neural networks can be categorized into several
groups by their “stationary” [17, 12]. Generally, a PE in a parallel architecture acquires
input activation and weight values to produce the output activation; some are mapped
spatially on multiple PEs while the others flow on the PEs temporally. The term “sta-
tionary” is a measure representing what is mapped spatially to stay on PEs and be reused
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for multiple cycles. Eyeriss [17, 12] characterized itself as a row-stationary architecture,
where a “row” of the output activations remains on a PE throughout a transaction. The
architecture we have discussed in this chapter is an output-stationary one, where a PE is
bound to an output pixel (or neuron) and consumes the inputs and weights in multiple
cycles.

They divided output-stationary architectures into several subgroups by the axes of output
activations to be computed in parallel, that is, SOC-MOP (single-output-channel multiple-
output-pixel), MOC-MOP (multiple-output-channel multiple-output-pixel), and MOC-
SOP (multiple-output-channel single-output-pixel). The architecture constructed in this
chapter can be interpreted as an output-stationary architecture switching the SOC-MOP
and MOC-SOP modes appropriately for Conv and FC layers.

SOC-MOP output-stationary, shown in Fig. 3.22, represents an architecture where the
multiple PEs process multiple output pixels in a single channel. It can exploit the weight
reusability because a weight value is shared among all the pixels (i.e., among the entire PE
array) in each channel. This is suitable for Conv layer processing, where weight sharing
is a fundamental characteristic. Our architecture computes Conv layers in this mode by
distributing the input values to the PEs via the row buffer while the weight values are
scanned sequentially. Although Eyeriss and our architecture do not utilize the sparsity,
this configuration is also efficient for sparse neural networks, where the location of valid
values in a weight matrix is irregularly distributed.

On the other hand, MOC-SOP output-stationary mode (Fig. 3.23), where a PE corre-
sponds to a pixel in each channel, can utilize the input reusability because an input channel
is used to compute all the output channels. By replacing the word “channel” in this expla-
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nation with “neuron,” this stationary model can efficiently house an FC layer. As an FC
layer does not have weight reusability in a single frame, this is the only way to exploit the
data reusability in an FC layer. Encouraged by this observation, our architecture utilizes
this stationary mode for FC layers with the weight values fed via the row buffers in parallel
and the input value provided sequentially. This mode is also efficient for randomly pruned
input activation or point-wise convolution that were proposed later, though they are not
considered in our architecture and Eyeriss.

Eyeriss advocated the row-stationary architecture (Fig. 3.24) to exploit both the input and
weight reusability. A row in a kernel is shared among the PEs horizontally (corresponding
to multiple output rows), and a row of the input activation is shared diagonally. As a result,
each of the PEs aligned vertically obtains the partial sum for an output row calculated
from an input row. The final sum, i.e., the sums for an output row from all the input
rows in a kernel, is calculated by collecting and summing up the partial sums vertically.
However, as an FC layer does not have the weight reusability in a single transaction, the
row-stationary architecture cannot use the horizontal weight reusing. Here, it is almost
equivalent to the MOC-SOP output-stationary type; as a possible difference from the
output-stationary one, the partial sums from different subsets of input neurons could be
computed on vertically-aligned multiple PEs in a distributed manner.

Hence, Eyeriss is an architecture putting great importance on Conv layer processing
with exploiting the input and weight reusability as much as possible. In contrast, the
discussed architecture houses both Conv and FC layers by switching the SOC-MOP and
MOC-SOP output-stationary modes. Moreover, the architecture further tries to exploit
the input reusability in Conv mode in an “input-stationary” flavor by retaining the input
values for multiple output channels temporally with the multithreaded accumulators.

3.6 Conclusion
This chapter constructed a CGRA architecture for efficient and flexible processing of Conv
and FC layers. We extracted the data pattern of one-to-all parallel MAC as an essential
primitive laying in both Conv and FC layers. We built a parallel MAC array employing
shared and individual buses to exploit this data pattern, which can process Conv and
FC layers in a single structure by changing only the data delivery. To realize a feasible
memory architecture for this data delivery, we adopted multi-bank row buffers and mul-
tithreaded accumulators, which relaxes the hardware complexity and memory bandwidth
requirements. We also conducted an architecture exploration assuming several realistic
workloads in convolutional neural networks starting from the prototyped architecture.
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This chapter’s main contributions include the flexibly programmable architecture ex-
ploiting the algorithms’ underlying data flow characteristics, the memory-data-pattern-
centered reconfigurable architecture, the architecture optimization using hierarchical mem-
ory, along with comprehensive workload analysis.
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Chapter 4

BRein Memory: Near-Memory
Processor for Quantized Neural
Networks

4.1 Introduction

In Chapter 3, we looked into the dataflow architecture of a typical convolutional neural
network processor. The evaluation results showed that the efficiency is more affected by
the amount and patterns of data transfer than computational resources, especially for dense
fully-connected layers. There are also reports that the energy consumed for data transfer
is much larger than the computation [12].

These facts suggest that if we can integrate the computational units nearby the internal
memory to eliminate the external memory, the energy efficiency and performance could
be improved. This chapter aims to improve the efficiency of dense neural network models
constructing a fully-pipelined near-memory processor architecture. Since all the parallel
computation and data movements are enclosed near memory, no expensive data transfer
is required. The computational units can be pipelined without scratchpad memory by
matching the computation procedure and memory addressing a neural network layer’s
parallelism.

The computational units should be compact enough to be integrated nearby memory
macros. Low-precision quantization techniques have been proposed and widely used
in commercial/prototype architectures to realize simple hardware implementation; the
activation and weight data are expressed, stored, and computed in a fewer bit width. Fixed-
point, logarithmic, and even binary quantization are researched for edge-side processing,
as simpler circuits can realize them than the floating-point expression commonly used
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in CPU/GPU processing [83]. In 2015, a neural network model that uses binary weight
and full-range activation was proposed [20]. The binarized weights take only +1 or −1,
which reduces the memory footprint and relaxes the computational complexity. Since
the multiplication between a binary weight and a full-range activation produces only an
identical or sign inversion of the activation, multiply-accumulation (MAC) is replaced by
simple addition. A neural network algorithm binarizes both the activation and weight,
named “binary neural network,” was presented in 2016 [18]. All of the activation values
are also binarized into ±1, in addition to the weights. Here, multiplication between input
and weight is replaced with a simple XNOR operation. We modify this algorithm to use
in our near-memory neural network processor.

This chapter is based on the previous conference and journal papers [3, 5, 8]. Section 4.2
lists prior work, including reconfigurable or dadicated neural network/neuromorphic ac-
celerators. In Section 4.3, we explain our in-memory accelerator architecture’s base idea
by reviewing the basics of conventional and binary neural networks. Section 4.4 shows the
entire architecture structure, introduces the reconfigurable extensions for versatile DNN
accelerations, and details our highly parallel computation mechanisms. In Section 4.5,
we show the effectiveness of our proposed system by evaluating the prototyped chip and
comparing it to CPU, GPU, FPGA, and prior hardware solutions. Section 4.6 shows the
application examinations conducted on the prototyped chip, including the setup of train-
ing/preprocessing software environments. Here, we also consider the requirements for
extending the architecture based on the observations of the current prototyped architecture.
Finally, we conclude the chapter in Section 4.7.

4.2 Related Work
Many studies have been conducted on the neural network inference accelerator built on
FPGAs or application-specified integrated circuits (ASICs). The Eyeriss architecture [17]
proposed by MIT in 2016 is one of the most successful processors for convolutional neural
networks (CNNs), and features a single-instruction multiple-data (SIMD)-style array with
multilevel on-chip memories and efficient data delivery by a network-on-chip (NoC).

Envision [55] by KU Leuven, and their previous work [57] are dedicated to CNN pro-
cessing utilizing a SIMD multiply-accumulator (MAC) array with technical task division
and a reconfigurable voltage control to reduce power consumption. In 2016, KAIST pro-
posed a SIMD MAC-based CNN accelerator [75], which utilizes the dynamic precision
control, and some techniques to reduce the kernel data amount. Its improved version
DNPU [73] is one of the few accelerators with the ability to process recurrent neural
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networks (RNNs) as well as CNNs.
TrueNorth [52, 51], developed by IBM, is a neuromorphic accelerator, which employs

in-memory spiking neuron cores to simulate the asynchronous neural behavior. It works
at low power based on the sparsity of the asynchronous synaptic activities in “real time”
(the clock frequency of the real brain).

From the viewpoint of the algorithm, our approach originates from the computing of
low-precision neural networks. The concept of processing DNNs at low computational
precision has been researched over several years [19], exploiting the redundancy in their
large amount of weights. The first report on neural networks using binary weights was
“BinaryConnect” [20], which restricts all the weight to ±1 while the activations are still
in full-precision, proving that this extreme approximation could obtain a high recognition
accuracy, thus encouraging the later hardware-friendly low-precision algorithms. The
technique binarizing both weights and activations [22], termed as “BinaryNet” [18], was
reported in 2016, followed by “XNOR-Net” [68] that expresses the weights with binary
weights and a few representative real values. In the second half of 2016, “ternary weight
network” [49], which restricts the weights to be −1, +1, or 0, was presented and proved
to achieve an even smaller accuracy degradation compared to binarization in some DNN
categories because of its richer numerical representation [49, 35]. The growth of these
low-precision neural networks cannot be stated without stating the contribution of the
“Batch Normalization” algorithm [37], which tolerates the influence of the changes in the
input distribution by applying a statistical transformation in the training phase.

4.3 Binary DNN Algorithm and Base Architecture

4.3.1 Motivation

A modern DNN model is usually composed of dozens of millions of parameters (synapse
weights), which are multiplied with the input activations and then accumulated. A large
number of MAC operations are needed to generate the output from these input activa-
tions. Neural network processing requires high memory capacity and high computational
performance.

Many ASIC- and FPGA-based neural network accelerators have been proposed to speed
up neural network computation and achieve high energy efficiency. The major structure
of such accelerators is an “application-specific processor,” as shown in Fig. 4.1; this is
made up of dedicated processing units and an external memory to store the parameters of
a neural network. However, the demerit of such a type of structure is that it often suffers



48 CHAPTER 4. BREIN MEMORY

Proc.

External DRAM

Fig. 4.1: Conventional DNN accelerator: optimized processor with high-capacity external
DRAM.

Proc.

SRAM

Fig. 4.2: Concept: in-memory single chip solution.

from the bottleneck of the external memory (or “Von Neumann bottleneck”), where the
throughput and energy efficiency are limited by the external DRAM accesses.

To solve this problem, we considered a single-chip in-memory approach, as shown
in Fig. 4.2, in which all the network parameters are stored in on-chip SRAMs and the
computation completes in logic units located near the SRAMs. This “in-memory” concept
excludes costly (in time and energy) external DRAM accesses and could improve the
efficiency of neural network processing. The key concept of this approach is the integration
of the processing circuits that harmonize with the nature of the SRAMs, as well as the
method of sufficiently compressing the neural network parameters to store in on-chip
SRAMs. We must exploit the essential intra-word (bit-wise) parallelism of SRAMs and
hide the sequential behavior of inter-word (word-wise) accesses to achieve highly efficient
in-memory computation (Fig. 4.3).

It should be noted, in addition, that the architectural concept itself does not limit the
on-chip memories to SRAMs; it could be utilized with any type of memories such as
embedded DRAMs or embedded non-volatile memories, if the area, process technology,
power, and the timing specification were sufficient to its application. It would also be
possible to incorporate the proposed architecture into DRAM or non-volatile memory
chips for realizing binary/ternary DNN acceleration inside a memory system.
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4.3.2 Binary Neural Networks and Its Computation

Fig. 4.4 indicates a general DNN process. A “layer” consists of neurons with inputs from
the previous layer and outputs to the next layer. The activation of a neuron is calculated
by 1) multiplying the input activations with their corresponding weights, 2) summing up
the products, and then 3) applying a nonlinear function (“activation function”).

Binary neural networks [68] restrict (“binarize”) all the activations and weights to be
either +1 or −1. When −1 is denoted as 0, a binarized neural function becomes 1)
performing bit-wise XNOR of the weight and input activation vectors (“multipling”), 2)
counting the numbers of 1s and 0s in the XNORed intermediate bit vector (“adding”),
and then 3) determining the output activation as 1 (0) when the 1s (0s) are dominant
(“activation function”), as shown in Fig. 4.5.

There are two opportunities of parallel computation in a DNN: output-parallel (a single
activation to multiple inputs) and input-parallel (multiple activations to a single input), as
shown in Fig. 4.4. This indicates that if the output-parallel computation (first to second
layer) is followed by the input-parallel computation (second to third layer), the second layer
results do not need to be explicitly serialized (in a DNN, the second layer activations are
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only “intermediate activations” used only by the third layer). Based on this observation, we
developed a processing-in-memory module (PIM) that can house a 3-layer binary neural
network with maximum layer widths of 𝐿–𝐻–𝐿 as a unit (Fig. 4.6).

A PIM consists of two 𝐻-bit 𝐿-word SRAM arrays with output- and input-parallel
neural engines (OPNE and IPNE). The OPNE sequentially receives the input activation
bit stream A1, which is column-parallel XNORed with 𝐻-bit weights W1 read in parallel
from the upper SRAM cycle by cycle and accumulated in real values. After the 𝐿 cycle,
the input activation traversal, accumulation, and activation (taking sign) are completed,
and the resultant 𝐻-bit output activation vector A2 is stored in the registers (flipflops)
between the OPNE and IPNE. Activation bit vector A2 is then fed in parallel into the
IPNE, where column-parallel XNORs and an adder-tree process them by using the 𝐻-bit
weight vector W2 read from the lower SRAM. This produces an output activation every
cycle; the activation constitutes the bit-serial output activation stream A3. The OPNE
and IPNE process weigh matrices in an orthogonally transposed manner, that is, a weight
vector used by an output neuron is stored vertically in the upper SRAM and horizontally
in the lower, respectively (in other words, a word of the upper SRAM is the weight from an
input neuron, while that of the lower SRAM is the weight to an output neuron). By using
wide SRAMs, long weight/activation vectors can be processed at once, while restricting
the input/output of a PIM to a single bit.

4.4 Full Architecture (Ternarized/Biased) and Prototype
Chip

Recent studies have shown that compared to binary DNNs, ternary DNNs (whose weights
take values +1, 0, or−1) achieve higher accuracy in several situations [49], as mentioned in
Section 4.2, and as discussed in Section 4.6. In addition, batch normalization techniques
[37] are indispensable in binary/ternary neural networks to keep the weights informative
under extreme approximation and obtain higher accuracy [18, 68].

In this study, we extended the base architecture by introducing mask (M) and bias (B)
bits to accommodate ternary weights and batch normalization, aiming at handling versatile
DNNs by using a single reconfigurable architecture.
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4.4.1 Ternarized Neural Network

We introduce the mask (M) bits into the base computation model mentioned in the previous
section to allow ternarized DNNs to be mapped onto it. When the mask (M) bit is enabled,
the corresponding weight is treated as value “0” (note that logic 0 in the weight bits
represents value “−1”; thus, the original binary DNN algorithm does not have any way to
represent zero-valued synapse).

Moreover, this extension makes the PIM versatile and reconfigurable because zero-
valued weights are equivalent to “non-existing synapses.” There are some algorithms
called “pruning” [35], which eliminate some powerless synapses/neurons in a neural
network layer. CNNs can also be seen as a fully-connected neural network with sparse
and repeating synapse weights. By setting nonexisting synapse to a zero value, we can
map the neural network layer with an arbitrary shape (dense or sparse, wide or narrow)
under maximum width.

4.4.2 Bias Terms and Batch Normalization

The bias term (Fig. 4.5) is necessary, especially for emulating batch normalization in
binary/ternary neural networks. Batch normalization [37] normalizes the distribution of
the activations in each layer statistically, thus speeding up the training and improving the
generalization ability of the network. Batch normalization is defined by the following
formula [37]:

𝑥 = 𝛾
(𝑥 − 𝜇
𝜎

)
+ 𝛽 (4.4.1)

where 𝑥 is the sum (i.e.
∑
𝑊𝑎 in the previous explanation), 𝜇 and 𝜎2 are respectively

the mean and variance of 𝑥 over all the input images (or vectors) in the training set, and
𝛾 and 𝛽 are respectively the trainable scaling and offset factors. Then, an output in the
binary/ternary neural networks is obtained as

𝑎′ = sign (𝑥) (4.4.2)

= sign
{
𝛾
(𝑥 − 𝜇
𝜎

)
+ 𝛽

}
(4.4.3)

According to Yonekawa et al. [89], since binary/ternary networks require only the sign,
this equation can be modified into

𝑎′ = sign
{
𝑥 +

(
−𝜇 + 𝜎

𝛾
𝛽

)}
(4.4.4)
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Fig. 4.7: Synapse decoder (SynDec) and detailed OPNE/IPNE circuit for extended ternary
neural networks and bias terms.

because 𝛾 and 𝜎 are positive constants in the inference phase. This implies that all the
batch normalization constants can be packed into a bias constant

(
−𝜇 + 𝜎

𝛾 𝛽
)

after the
completion of the training phase [89].

To represent the real-valued constant bias terms in addition to the weight values, we
introduced the “bias” B bits. The bias is coded into B bits in a distributed manner, that is,
the absolute value of the bias term of an output neuron is the number of B bits enabled in
its input weights, with its sign coded by the M bits (the M bits are diverted as the signs of
the bias values when the B bits are asserted). The bias values are added or subtracted to
the bit count in the OPNE/IPNE. By accommodating this bias addition mechanism, our
architecture can apply batch normalization without needing additional multipliers/dividers
to calculate normalized activations. Note that we adopted this distributed bias expression
because of the symmetry of the OPNE and IPNE, thus overlooking the loss of the data
representation density on the SRAMs. A bias term is needed per column in the OPNE
because the weights for an output neuron are represented in a column, while it is required
per row in the IPNE because an output is represented in a row. Nonetheless, the distributed
bias representation can be utilized equally in the upper and lower SRAMs.
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4.4.3 Architecture Design with Ternary and Bias Extension

All the possible configurations of the extended M and B bits in a weight (synapse) are
enumerated in Fig. 4.7(a). Figs. 4.7(b) and (c) show the detailed schematics of the OPNE
and IPNE that consider the ternary and bias extensions, respectively. We define a small
logic unit as “synapse decoder” (or SynDec), which determines the real number (partial
sum) to add in the accumulator or adder tree according to the weight W, mask M, bias B,
and input activation A bits.

The OPNE is composed of arrayed 𝐻 SynDecs, followed by accumulators; it computes
𝐻 “ternarized” multiplications by using one input activation A1 and 𝐻 accumulations in
𝐿 clock cycles, and then take the signs to produce the activation after summing up all the
partial sums. The IPNE also consists of the SynDecs; its main difference to the OPNE is
the existence of an adder tree. Here, the partial sums are summed up in an adder tree and
an output activation A3 is generated in a clock cycle. The OPNE/IPNE and two SRAMs
are packed to form a PIM. A PIM conducts bit-parallel computation of two output layers
of a neural network by using the bit-serial input and output.

4.4.4 Macro- and Micro-Pipelined Execution and Reconfigurable Ar-
ray Extension

Connecting PIMs inline is a straightforward extension. Since the input and output of
a PIM are 1-bit serial streams, multiple PIMs can be easily cascaded for deeper neural
network processing, thus keeping the computation inside a PIM parallel (Fig. 4.8). Each
of the OPNE and IPNE processes a layer; thus, two layers are hosted by a PIM.
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the intermediate layer).

The input bit stream is processed by OPNEs/IPNEs in a macro- and micro-pipeline
parallel manner (Fig. 4.9) in addition to the internal column-parallel processing.

The output of the OPNE is calculated and determined after (𝐿 + 1) cycles (all 𝐿 input
activations pass and the sign bit is taken), then the IPNE functions by using this OPNE
result (stored in pipeline registers). While the IPNE is computing, the OPNE can start the
processing of the next input frame (“transaction”). We call this a “macro-pipeline,” since
the activations move every (L + 1) cycles.

The output of the IPNE is a single bit that is generated every clock cycle. This output is
used immediately as the OPNE serial input at the next PIM. We call this a “micro-pipeline,”
because the activations flow in the processing engines every cycle.

A PIM can compute layers smaller than the maximum size 𝐿–𝐻–𝐿, as shown in Fig. 4.10.
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(b) 6-PIM Prototyped Chip

(a) 2-dimensional Reconfigurable Array

Test Circuitry

DataClock

: PIM

: Switch Box

: 1-bit Stream

: Activation Links

Fig. 4.11: Reconfigurable 2-dimensional PIM array and prototype chip with inline-
arranged 6 PIMs.

For the first layer (serial input) or the third layer (serial output), the computation can be
performed by limiting the address range of the weights in SRAMs. For the second layer
(intermediate result between the OPNE and IPNE), we can “mask” the surplus synapses
to prevent those unused values from being summed.

By arranging PIMs in a reconfigurable regular array, the architecture becomes trans-
formable and expandable (Fig. 4.11). Here, activation links among PIMs are bundled
bit-wise signals and are circuit-switched at the switch boxes (like in FPGA) so that the
activations can be looped back (for RNNs), duplicated (for wider DNNs), or chained (for
deeper DNNs).

4.5 Experimental Results and Comparisons

4.5.1 Prototyped Chip Evaluation

We prototyped a portion of the reconfigurable array by using the TSMC 65 nm GP process
(Fig. 4.12). SRAM sizes 𝐿 and 𝐻 were set to 484 and 144, respectively, based on the
availability of an SRAM library. We successfully integrated 6 PIMs capable of hosting a
maximum 13-layer, 4.2K-neuron/0.8M-synapse binary/ternary DNN in 3.9 mm2. In every
clock cycle, 3,456 operations (144 × 2[OPNE + IPNE] × 6[PIMs] × 2[Add +Mul]) are
conducted in parallel. The chip operates at 400 MHz, achieving 1.4 TOPS (tera operations
per second; 1 synapse MAC = 2 operations) with 0.6 W.

We measured the power consumption and critical path delay on several supply voltages
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Fig. 4.13: Critical path delay and power consumption over the supply voltage. The chip
achieves 400 MHz and 0.58 W at 1.0 V power supply. The critical path of the architecture
is the path from the OPNE output register to the IPNE output register. The SRAMs (with
the flip-flops), OPNEs, and IPNEs account for 41.1%, 20.2%, and 16.0% of the total power
consumption, respectively.

(Fig. 4.13). The chip works at the range from 110 MHz (min. 50 MHz) at 0.55 V supply to
400 MHz at 1.0 V supply, with a power consumption from 0.06 to 0.58 W. The critical path
of this architecture is in the adder tree in the IPNE, that is, the path from the OPNE output
registers to the IPNE output register, where the sum of the 𝐿 intermediate products and
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Table 4.1: Comparison on the same 13-layer binary DNN (measured)
Ratio

Process
Tech.

Clock
Freq.
[GHz]

Exec.
Time
[sec]

Power
[W]

Energy
Con-
sum.
[J]

Effect.
Perf.
[GOPS]

Energy
Effi-
ciency
[GOPS
/W]

Clock
Freq.

Exec.
Time

Power Energy
Consum.

CPU 14nm 2.2 124 155 19.2k 12.4 0.08 5.5 102 266 27.1k

GPU 28nm 1.0 13.8 152 2,098 111.3 0.73 2.5 11 261 2,966

FPGA 28nm 0.2 53 11 583 29.0 2.64 0.5 44 19 825

This
Work

65nm 0.4 1.22 0.6 0.73 1264.4 2172.42 1 1 1 1

Measured using 1 million transactions of the binary DNN handwritten digit recognition. We assumed that 1 MAC is composed of 1

ADD and 1 MUL; thus, 1 MAC is equivalent to 2 OPs.

6-PIM Prototyped Chip

“9”

PIM 1

484
144

484
144

484

PIM 2

484
144

0

9

10/484

PIM 6

22×22 = 484
(1-bit B/W)

Fig. 4.14: Testing handwritten digit recognition on a 13-layer fully-connected binary
multilayer perceptron (MLP).

the sign of the sum are calculated within a cycle. When we scale up the architecture, the
maximum clock frequency will be limited by the width (i.e. the depth of the adder tree)
of the IPNE. The ratio of the power consumption of the SRAMs (including the readout
flip-flops), OPNEs, and IPNEs to the total are 41.1%, 20.2%, and 16.0%, respectively.

4.5.2 Comparison with CPU, GPU, and FPGA
We tested the proposed chip through an experimental handwritten digit recognition by
using a fully-connected binary DNN (Fig. 4.14). To measure the core power consumption
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and execution time, we prepared a 13-layer binary DNN, which occupies all the PIM
computational resources and the SRAM area, except the last layer (that is, output layer;
only 10 neurons corresponding to the classes are enabled). We trained the 13-layer
DNN by using the trainer software we developed using Chainer and TensorFlow™; this
is explained in the next section. The training dataset is not MNIST-compatible, but is
generated from the MNIST dataset by resizing the input images to 22× 22 (because of the
limit of the SRAM depth 484, which corresponds to the input data size), and binarizing
these images into black-and-white images through thresholding. The recognition accuracy
reached 90.1% at 13 layers (details will be explained in Section 4.6).

When compared with a CPU∗, GPU†, and FPGA‡ running the same binary DNN, the
chip achieved 1-–2 and 2—4 orders of magnitude better performance and energy efficiency,
respectively, with the 0.5x–5.5x lower clock frequency and 1–2 orders lower power con-
sumption (Table 4.1). In addition, we examined a binary DNN inverted pendulum robot
and game player through reinforcement learning.

4.5.3 Comparison with Prior Accelerators

Recent hardwired binary neural network implementations [63, 60] are custom solutions
with insufficient versatility in their scope. The comparison of recent state-of-the-art CNN
accelerators [17, 73, 55] with this work (Table 4.5.1) is not straightforward: they are
nonbinary (vs. binary) and are built for being used in the CNN (vs. targeted for a wide
variety of DNNs). For the metrics in Table 4.5.1, the former (latter) performs positively
(negatively) to the proposed method. With this precaution, the peak performance [TOPS]
of our chip outperformed that of the prior studies. The energy efficiency [TOPS/W]
and area efficiency [TOPS/mm2] were in better or comparable range, considering our
older CMOS process technology (we also estimated the 65nm-normalized power and area
efficiency of the prior works). This is mainly because the wide SRAMs cost the 66%
area and 41% power, respectively. However, considering that the prior CNN accelerators
access off-chip memories whose area and power are not included, the balance is actually

∗The test environment is a CentOS 6.4 running on a 128 GB DDR4 main memory and two CPUs, each
of which is Intel™ Xeon® E5-2650v4, 2.20 GHz, 12 cores, with 30 M cache. The vector computation
library was not enabled.

†The GPU we used is NVIDIA™ GeForce® GTX TITAN X, which has 3,072 cores and a 12 GB
VRAM, installed on the same host system used for the CPU evaluation.

‡The FPGA is Xilinx™ Virtex®-7 XC7V690T FFG1761-3 mounted on the Digilent® NetFPGA-SUME
board with 8 GB DDR3 and 216 Mbit SRAM. The board is installed on the same system used for the CPU
evaluation.
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Fig. 4.15: Accuracy behavior when the number of layers varies (including the input
layer). “Ter” and “Bin” are the results of ternarized and binarized weights, respectively,
which can be mapped to the prototyped chip, while “FP-Gray” and “FP-BW” are grayscale
and black-and-white images, respectively, used for comparison. The sizes of intermediate
layers (the layers except for the input and output layers) are 484–144 and the input image
is 22 × 22 pixel black-and-white due to the SRAM width of the prototyped chip.

much more favorable to the proposal.

4.6 Training Environment and Algorithm Evaluation
We built the neural network trainer and emulator software tuned to BRein Memory for
three purposes: 1) to examine the effectiveness of the refined BRein Memory architecture,
2) to run application evaluation awareness of the hardware features, and 3) to consider
and determine the requirements of the future architecture. We developed the custom
operation library of Google TensorFlow™ by using the aforementioned extensions, such
as weight ternarization and bias-term-based batch normalization. We used the customized
TensorFlow™ framework in the construction of the application described in this section.

4.6.1 Application Test Using the MNIST Handwritten Digit Dataset
First, we implemented the handwritten digit recognition on the MLP that we mentioned
in Section 4.5.2 with three types of data representations, that is, binary, ternary, and
floating point, for the comparison. The flexibility in the depth (number of layers) of the
neural network is one of the features of our architecture; thus we conducted a parameter
exploration to show the flexibility on the layer number, and to determine the optimal layer
number. We trained the MLPs with different numbers of layers by using their shapes, which
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Fig. 4.16: Accuracy behavior when the number of layers varies (including the input layer)
in the case the SRAMs are wider (having more bits per word) than that in the prototype
chip. The intermediate layer sizes are fixed to 1,024 and the input image is 22 × 22 pixel
black-and-white.
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Fig. 4.17: Accuracy behavior when the intermediate layer width varies.

agree well with the current PIM design (484–144 style). The input images were resized
to 22 × 22 (=484) and binarized through thresholding. The result of the layer-number
sweep is shown in Fig. 4.15, where “Ter” is a ternalized network by fixed thresholds;
“Bin” is a binary network, which does not allow zero-valued weights; and “FP-BW” and
“FP-Gray” are 32-bit floating-point weights including and excluding the input binarization,
respectively. The accuracy increases and saturates when the layer number scales. For this
task, a 6-layer (or 5-layer if counting the input layer out) MLP seemed to be sufficient.

We mentioned that the 484–144 style OPNEs/IPNEs are only used for chip prototyping
and the architecture itself could be utilized with a larger/smaller memory. To observe
the behavior of the case in which the layer sizes were uniform, we tested the same
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Fig. 4.18: Accuracy depends on the zero-ratio of the total “ternarized” parameters. Over
90% accuracy is obtained with 85% weights are zero. “Gauss” and “Uniform” are the
initial distributions of the weights.

handwritten digit recognition task by using an MLP with 1,024 neurons per intermediate
layer. Although this assumption is above the capacity of the test chip, it could be realized
if we utilized a (1, 024× 3)-bit 1,024-word SRAM macro. For comparison, the input size
was fixed at 22 × 22. According to Fig. 4.16, the accuracy behavior when the number of
layers varies is quite similar to that of the 484–144 case, with an improvement in the final
accuracy. A 6-layer MLP is still sufficient for this extended layer size assumption.

The two above-mentioned parameter sweeps have shown that a 6-layer MLP is sufficient
both in the current 484–144 test chip and the extended 1,024-neuron model. Next, we tested
the effect of the layer width with the layer number fixed to 6. Fig. 4.17 indicates that the
recognition accuracy still improves when we utilize richer layer/input width configurations;
thus, there is room for employing wider OPNEs/IPNEs paired with wider SRAMs. Though
the accuracy of the binary/ternary networks in this test is a few percent lower than that
of FP32 networks, there are some applications where the efficiency, throughput, and the
shorter response time are much more important than a slightly higher accuracy, such as
mobile or embedded always-on security systems.

4.6.2 Threshold and Zero-Ratio

The ratio of zero-valued weights can be controlled by simply setting the thresholds.
Fig. 4.18 indicates the relationship between the accuracy and zero-ratio of a handwritten
digit recognition MLP. We tested two methods for parameter initialization at the beginning
of the training phase: uniform and Gaussian distributions. In our small application
model, the difference between the initial value affected the number of training steps (or
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“epochs”) and the final distribution (and zero-ratio) of the weights. However, the effects
of zero-ratio on the accuracy are similar. This result shows that over 90% accuracy is
maintained even if 85% of the weights are valued zero in this task. This suggests an
opportunity for data compression (or pruning), that is, reducing memory requirement by
eliminating zero-valued meaningless weights. Although our current architecture cannot
exploit data sparsity, this observation, expecting network compression, would be key in
future reconfigurable architectures.

4.6.3 Experimental CNN Mapping
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Fig. 4.19: Writing down a convolutional layer as a fully-connected layer (used the second
layer of Table 4.6.3 sized 6 × 6 × 12 as an example). The horizontal axis is the addresses,
and the vertical axis is the bits of the SRAM (acctually the addresses are tripled for three-
bit synapse representation). The black pixels are used as kernel weights, and the white
area is filled with 0s. Since a convolutional layer applies a single kernel to multiple output
neurons, many of the black blocks are duplicated.

The proposed architecture is not optimized for CNNs; however, it has the capability
of housing a CNN by representing a convolutional layer as a fully connected layer. The
maximum configuration of a convolutional layer is only limited by the layer size (i.e.
the sizes and numbers of feature maps). The kernels are statically preprocessed and
reshaped into fully connected forms, with zero-valued weights representing the outside
of the receptive field of a certain output neuron. As indicated in Fig. 4.19, this method
enables us to map a convolutional layer to our PIMs but the efficiency may be limited; a
considerable number of “zero-valued” synapses account for memory capacity, and some
regularly duplicated values arise from the same kernel but different input/output neurons.

We conducted an experiment of a simple CNN mapping onto the prototyped 484–144
chip, with the same MNIST digit recognition task. To map a CNN onto the experimental
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Fig. 4.20: Accuracy of the first and second layers over the kernel sizes. The horizontal
axis is the first-layer kernel size, and each line corresponds to the second-layer kernel.

chip, we chose the layer configurations shown in the Table 4.6.3 (𝐾ℎ × 𝐾𝑤 × 𝐾𝑐 implies a
kernel shaped 𝐾ℎ × 𝐾𝑤 with 𝐾𝑐 output channels). The highest accuracy was observed at
5×5×4 for the first layer and 5×5×12 for the second layer; however, it resulted in a lower
accuracy than the fully-connected evaluation. This is mainly because of the resized input
image and narrow intermediate layer due to the narrow SRAM width of the prototyped
chip. The accuracy will improve if we use a wide SRAM with wide OPNE/IPNE that can
store many channels of the feature map.

4.7 Conclusion
In this chapter, we proposed an efficient near-memory accelerator architecture for bi-
nary/ternary neural networks. The architecture enabled efficient highly-parallel computa-
tion near the SRAMs under the serial input/output data, exploiting the parallelism that the
neural networks originally have. By arranging the serial inputs/outputs of processing units
and configuring the synapse weights on the SRAMs, this architecture has the versatility to
host any type of network with any depth, such as fully connected DNNs, recurrent DNNs,
and sparsely connected DNNs (CNNs and pruned DNNs), in a reconfigurable manner.

We fabricated the prototyped chip on 65nm CMOS with twelve 484-word (144 × 3)-
bit SRAMs and examined the architecture’s availability through an application test by
using our developed training/testing environment. The chip measurement and comparison
proved that the energy and area efficiencies achieved 2.3 TOPS/W and 0.089 TOPS/mm2

respectively, which were higher or comparable to the highly-dedicated accelerators at the
time of publication. In parallel to keenly optimized CNN accelerators, such a versatile
DNN accelerator will become prevalent as algorithms and applications for DNNs continue
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to evolve.
The application test also indicated the issues to be solved. Although the sparse or con-

volutional neural network models can be mapped onto the PIM array, the computational
efficiency degrades compared with fully-connected dense ones. To further improve effi-
ciency, native support is needed to map the sparse models onto SRAMs and skipping the
zero-weighted multiplication.
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Table 4.2: Comparison and chip summary

ISSCC 2016
[17]

ISSCC 2017
[73]

ISSCC 2017
[55]

This Work

Technology 65nm LP 65nm 28nm FD-SOI 65nm GP

Target CNN CNN + RNN CNN Versatile DNN1

W/A Precision
[bits]

16 4–16 (Conv), 4–
7 (FC)

4–16 Bin/Ter

Operating Fre-
quency [MHz]

200 50–200 200 (Typ.) 100–400

Voltage [V] 1.0 0.77–1.1 0.6–1.1 0.55–1.0

Power [W] 0.3 0.03–0.28 0.075–0.3 0.05–0.6

Core Area
[mm2]

12.3 7.4 0.95 3.9

Peak
Performance2

[TOPS]

0.07 1.25 0.41 1.38

Energy Ef-
ficiency
[TOPS/W]

0.2 1.0–8.1 0.26–10 [0.05–
1.86]3

2.3–6.0

Area Efficiency
[TOPS/mm2]

0.006 0.045–0.169 0.108–0.431
[0.02–0.08]3

0.089–0.365

Dataset (Net-
work) for
Evaluation

(AlexNet) (AlexNet) Hierarchical
Face Recogni-
tion (AlexNet,
VGG-16)

Resized MNIST
(Binary/Ternary
MLP)

1 Although our architecture is not specially optimized for CNNs, it can still house CNNs by
mapping convolutional layers as fully connected layers, as mentioned in Section 4.6.3.

2 Note that the definition of OP differs chip-wise. We estimated the performance by assuming
that 1 MAC for 1 synapse is composed of 2 operations (addition and multiplication).

3 The efficiency assuming the system is integrated on a 65nm technology, that is calculated using
the scaling law (Power, Area ∝ (Gate Length)2).
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Table 4.3: Layer Configurations of the Experimental MNIST CNN
# Type Kernel Output

0 Input – 22 × 22 × 1
1 Conv 2 × 2 × 4, 3 × 3 × 4, 4 × 4 × 4, or 5 × 5 × 4 with Stride 4 6 × 6 × 4
2 Conv 2 × 2 × 12, 3 × 3 × 12, 4 × 4 × 12, or 5 × 5 × 12 6 × 6 × 12
3 F.C. (F.C. layer from 432(= 6 × 6 × 12) to 144) 144
4 F.C. (F.C. layer from 144 to 10) 10
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Chapter 5

Dither NN: Accurate and Efficient
Quantization Algorithm Enabled by
Hardware-Software Co-Designing

5.1 Introduction

The computational and memory cost of neural network processing has become a problem,
especially on embedded systems. We constructed an energy-efficient architecture by
adopting binary neural networks in Chapter 4 to address it. Quantization algorithms
reduce the computational complexity, thus improves the performance and efficiency of
neural network processing. It has become one of the most important research topics
in neural networks, as the application demands of edge-side user-side AI processing are
expanding. However, the accuracy degradation in a quantized neural network model due to
poorer information representation is unavoidable. A light-weight but accurate quantization
algorithm is desired.

In this chapter, we consider a quantization algorithm starting from the computational
structure of neural network hardware in an algorithm-hardware co-optimization fashion.
Inspired by the quantization algorithms that have been researched and utilized in the field
of signal processing, we introduce dithering to the quantized neural network algorithm.
The required calculation for dithering can be done using the structure that MAC-array-
based neural network processors originally have, for which no additional arithmetic units
are needed. Therefore, this algorithm does not degrade the efficiency of neural network
processor with quantization.

This work is based on our previous conference and jornal papers [6, 7]. The rest of this
chapter is composed as follows. In Section 5.2, we take a brief look at the prior work on
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hardware-oriented low-precision neural networks and their accelerator architectures. In
Section 5.3, the base algorithm of the dithering in the field of digital signal processing
is explained. Then in Section 5.4, the algorithm is modified and extended to be used
with neural network hardware. In Section 5.5, we discuss applying the backpropagation
training method to the proposed dithering neural network, and some additional dither-
ing techniques are discussed. In Section 5.6, we conduct the accuracy evaluation using
software simulation, and we evaluate the hardware efficiency of the proposed method by
FPGA prototyping. Section 5.7 discusses a conceptual proposal of using the dithering
in generic low-precision hardware other than the binary one. Finally, we conclude the
chapter in Section 5.8.

5.2 Related Work
Multiplication is the costliest computation of the neural network, and the memory occupa-
tion is caused mostly for the weights. Multiplication requires a lot of hardware resource;
the gate count is in proportion to the square of the bit width, in contrast to addition whose
gate count is in linear proportion. Data amount, on the other hand, gets larger as the
network model becomes more complex, owing to the demands on the practical applica-
tions. To reduce these computation and memory resource requirements, mainly for mobile
applications that cannot hire large memory and energy-hungry high-end processors, many
hardware-aware approximate neural network algorithms have been proposed.

The redundancy of a neural network model has been researched since the dawn of the
deep learning applications. It is known that a neural network does not require much higher
numerical precision, especially in the inference phase. Studies have been conducted that
use fixed-point expression rather than floating point, aiming at simplifying the computation
(both multiplication and addition) [19, 28]. An approach called dynamic fixed-point that
allows the bit width in a single network to vary has been proposed [54, 56, 73]. In the
most aggressive case, the bit precision alternates during the inference on an accelerator
according to the occurrence of the latest arithmetic overflow/underflow.

BinaryConnect [20] appeared in the second half of 2015 as the first successful neural
network model that uses binary weights. It binarizes the weights into ±1 while keeping
the activations linear, which allows the maltiply-accumulation (MAC) operation between
an activation and a weight to be calculated as an addition. During the training phase,
the full-precision weights must be kept since the update of the weights takes place in
full-precision as a part of back propagation. When the training phase is complete, the
weights are statically binarized, and in the inference phase only the binarized weights are
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retained.
The first feasible network model that binarizes both the weights and the activations

was BinaryNet [18] in 2016, which is also called binarized neural network or binary
neural network (BNN). Its binarized weights and activations can be multiplied by a bit-
wise XNOR (exclusive NOR) operation; therefore, the heavy multiplication step can be
eliminated. The success of this model is attributed to “batch normalization” [37]. Batch
normalization regularizes the distribution of the activations statistically before binarizing
them, which tolerates the statistical changes in the input activations among batches in the
training phase; thus preventing the network from overfitting/diverging and accelerating
the training.

These binary network models often result in lower recognition accuracy due to their
extreme approximation. There are several approaches that use quantized numerical ex-
pression other than binarization. Ternary weight network [49], or ternary neural network,
quantizes the weights into ternary expression with the values of −1, 0, and +1, which could
achieve a more accurate weight representation than the binary one in a certain situation.
LogNet [53] quantizes the weights and activations in the logarithmic representation, which
replaces the costly multiplication with a simple addition while retaining the resolution of
the most frequently occurring numbers valued at around 0.

XNOR-Net [68] appeared just after BinaryNet. It conducts the binary weight-activation
XNOR multiplication with a few real-valued scaling factors. Residual binary neural
network (ReBNet) [26] is an extension of the binary neural network that binarizes both
the activation and weights, intended to obtain the appropriate approximation by a linear
combination of the binary activations. It binarizes the activations gradually into a sequence
of binary numbers using multiple thresholds and “residual errors”. The resulting multiple
binary activations are multiplied (XNORed) with a single binary weight, which are then
linearly combined using the scaling factors.

5.3 Dithering
In this section, we explain the base algorithm of “dithering” to accommodate to neural
networks.

5.3.1 Dither in Signal Processing

Dithering is a commonly-used technique in digital signal processing, used to reduce the
effect of quantization errors. When a source signal is “quantized” into another signal
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digitally, quantization errors (the differences between the source and quantized signal)
always occur. For example, when a photograph in 24-bit color is converted to 8-bit
color, the details and gradients will be lost and parts that had similar colors may become
indistinguishable.

Dithering is often used with binary quantization where the quantized signal only takes
two states (in 1-bit digital signal, they are ‘0’ and ‘1’). In binary quantization, a threshold is
set, and an input value is quantized into ‘1’ when it is greater than the threshold; otherwise
it becomes ‘0’. This means that if many of the input samples have values slightly lower than
threshold, they always become ‘0’, and as a result, the total quantization error becomes
quite large. A solution is to stochastically quantize nearly half of those middle-valued
samples into ‘0’ and the other half into ‘1’. This would equalize the quantization errors
among the input samples so that the total quantization error becomes minimal because
half of the output values will have negative errors (deficit of the output), while the others
will have positive errors (surplus of the output). This idea of stochastically quantizing the
inputs is called “dithering.”

5.3.2 Error Diffusion

One of the most widely used approaches of dithering is the “error diffusion” method. In
the following explanation, consider that the 𝑁-length source signal 𝑆 takes a real value in
[0, 1] at the 𝑖-th sample 𝑆𝑖 for each 𝑖 (𝑖 = 1, · · · , 𝑁), the resulting quantized signal𝑄 takes
a binary value (0 or 1) at the 𝑖-th sample 𝑄𝑖, and the threshold is 𝑇 (0 < 𝑇 < 1). Note that
the error diffusion algorithm does not limit the output signal to be binary; it can be utilized
with any kind of quantization; however, we use binary quantization as an example here.
As shown in Fig. 5.1 and Algorithm 1, the basic idea of this method is to “integrate” (or
“accumulate”) the quantization error occurring at each sample. The current quantization
error 𝐸 (surplus/deficit of the quantized value when it is 1/0) is added to the next source
value 𝑆𝑖+1 before thresholding. This works to cancel the total (or average) quantization
error among overall samples as described above. This algorithm is quite similar to the
“delta-sigma modulation” that is used in ADCs (analog-to-digital converters).

Let us give an example. If the first input is 𝑆1 = 0.3, the second is 𝑆2 = 0.4, and
the threshold is 𝑇 = 0.5, the quantized values without dithering would be 𝑄1 = 𝑄2 = 0
because both inputs do not exceed the threshold. In this case, the total quantization error
is
∑(𝑆𝑖 − 𝑄𝑖) = 0.7. When we apply the error diffusion method to these inputs, the first

quantized output is 𝑄1 = 0 since the initial value of the integrated quantized error 𝐸 is
0; therefore, the error becomes 𝐸 = 0.3 − 0 = 0.3. Then, this error 𝐸 = 0.3 is added
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Fig. 5.1: Error diffusion on 1-dimensional signal quantization.

Algorithm 1 binary-quantization of 1-d signal using error diffusion
Input: 𝑆 = {𝑆1, · · · , 𝑆𝑁 }:

𝑁-length sequence of a source signal (analog or digital)
Input: 𝑇 : Threshold
Output: 𝑄 = {𝑄1, · · · , 𝑄𝑁 }:

𝑁-length sequence of the binary-quantized signal
1: 𝐸 ⇐ 0
2: for 𝑖 in {1, · · · , 𝑁} do
3: if (𝑆𝑖 + 𝐸) ≥ 𝑇 then
4: 𝑄𝑖 ⇐ 1
5: else
6: 𝑄𝑖 ⇐ 0
7: end if
8: 𝐸 ⇐ (𝑆𝑖 + 𝐸) −𝑄𝑖
9: end for

10: return 𝑄

to the next input (𝑆2 + 𝐸 = 0.4 + 0.3 = 0.7), and the resulting output is 𝑄2 = 1 because
it is greater than the threshold 𝑇 . With the integrated quantization error, even a smaller
input could produce an output 1, and vice versa. The total quantization error is now
(0.3 − 0) + (0.4 − 1) = −0.3, whose absolute value is smaller than 0.7 of the case without
dithering.
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(a) 1-directional Err. Diffusion

(b) 2-directional Err. Diffusion

2-d Binarized Signal

2-d Source Signal

Fig. 5.2: Error diffusion on 2-d image. (a) “1-directional” method and (b) “2-directional”
method.

5.3.3 Dithering on 2-d Signals

We have explained the error diffusion on a 1-d sequence, and this can be easily extended
to 2-d signals (such as images) by propagating the quantization errors in the plane. The
simplest way to achieve this is through a “1-directional” method that retains an integrated
quantization error for each row as shown in Fig. 5.2(a), i.e. there is no such relationship
between the rows. There are several algorithms used in image processing that diffuse the
quantization errors of neighboring pixels (Fig. 5.2(b): an example of “2-directional” error
diffusion). These multidirectional methods result in better image quality when used for
image conversion, but the computational complexity would increase. We discuss these
2-d dithering algorithms later from the viewpoint of hardware implementation.

5.4 Neural Network with Dither
We have described the base algorithm of dithering, which minimizes the total quantization
error for low-precision quantization. In this section, we attempt to apply it to neural
network models to improve the accuracies of approximate neural network algorithms
for mobile/embedded applications while minimizing additional requirement of hardware
resources.

5.4.1 Prerequisite

Many convolutional neural network (CNN) based processors integrated on ASICs (application-
specific ICs) and FPGAs feature output-parallel processing, where the processing engines
(PEs) form an array and each PE computes an output neuron. On this parallel processor,
each PE usually has a multiplier and an accumulator to calculate the MAC operations
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between the inputs and weights, and the PE array sequentially scans all the input neurons
while accumulating the products generated by the multipliers.

We assume this output-parallel processor as the main target of our work. As described
later, this type of parallelism in which the output partial results stay in the accumulators
and the inputs travel is suitable for the dithering algorithm.

5.4.2 Error Diffusion in Output-Parallel Binary Architecture

Baseline Binary Neural Network

We first discuss the general architecture with dithering for a binary neural network. Binary
neural networks [18] restrict the activations and weights to either −1 or +1, unlike standard
binary quantization used in signal processing, which uses values of 0 and 1. This is because
the binary-quantized network is a special case of fixed-point (or linear integer) quantization
where the bit width is 1, and therefore, only the sign bit remains. As proposed in [18], the
multiplication between two binary-quantized values produces only four possible situations
and can be executed as an XNOR (exclusive NOR) operation with the values −1/+1 being
denoted as logic 0/1 respectively. A neuron of a binary neural network layer acquires the
binary (±1) pairs of weights and activations, conducts XNOR operation (multiplication)
on each pair, sums all the resulting products, and picks the sign of the sum as the output
activation (non-linear function).

To implement this logic on an output-parallel array, usually an XNOR-accumulator-
based PE is used (Fig. 5.3(a)). The accumulator on a PE sums the binary products
calculated by the XNOR gate from all the input activations in a linear manner.

Applying Error Diffusion

The summation of each neuron produces an integer value in the range of −𝑁 to 𝑁 for 𝑁
input activations, and the resulting output activation is ±1 depending on the sign. The
quantization error can be defined in a similar manner to the basic explanation provided in
Section 5.3.2, i.e. by simply subtracting the resulting activation ±1 from the sum.

In the binary neuron processing on an output-parallel PE, the accumulator retains the
final sum at the end of input scanning, and the value is reset to 0 immediately after the
sign is assigned as the output. On the other hand, the quantization error to be added to
the next neuron’s weighted-sum in the dithering algorithm is calculated using the sum and
sign of the current neuron. Thus, we can compute the accumulation of the quantization
error by the following steps: 1) scan the inputs and perform XNOR-accumulation similar
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Fig. 5.3: (a) A general and simplified form of an XNOR-accumulator-type PE. (b) An
XNOR-accumulator PE with error diffusion operation mode.

to the operation in standard binary neuron processing; 2) calculate the sign bit (the output
activation) upon completion of the input scan; 3) subtract this ±1 value from the sum in
the accumulator instead of the reset operation; and 4) scan the next input. Therefore, we
do not need additional circuit components in the XNOR-accumulator-based PE; all that is
required is a simple selector circuit to select the mode of the accumulator for the initial
reset, accumulation, or quantization error calculation, as shown in Fig. 5.3(b).

The dependencies among the error diffusion sets in the output activations of the current
neuron affect the next neuron; however, this would not be a problem for the output-parallel
processing. A typical convolutional layer of a neural network has four axes in the output
activation: batches, rows (height), columns (width), and channels (Fig. 5.4). We introduce
the error diffusion technique only within a plane, i.e. the axes of rows and columns of each
channel in each batch. Therefore, the axes of the batches and channels are unaffected.
Most output-parallel architectures map the axes of the channels and rows onto their PE
arrays mainly because of the efficiency of data delivery achieved. As long as we use
the 1-directional error diffusion, the quantization error is only accumulated along a row;
as each row/channel can be computed individually, the output-row-and-channel-parallel
processing works well with dithering. In such a configuration, each PE in the array
is assigned to an output neuron in a row of a channel and operates sequentially along
the columns, as indicated in Fig. 5.5. In other words, error diffusion algorithms can be
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Fig. 5.5: Row- and channel-parallel PE. The output columns are processed sequentially,
which harmonizes with dithering.

computed in a channel–row–column loop with the outer two axes unrolled spatially onto
the output-parallel PE array. The output–input–channel parallelism is also suitable; in this
case, the PEs in a column correspond to an output neuron, a row corresponds to an input,
all the PEs individually calculate the MACs of the inputs and weights, and the partial sums
finally obtained in the PEs are gathered and summed in a column-wise manner.

5.4.3 Combination with ReLU Activation Function
Activation Function in Conventional Models

A convolutional or fully-connected layer in a neural network employs a non-linear function
called activation function. The activation function, which is applied to the weighted-sum
of each neuron, is a key technique for neural networks. It represents a primitive non-linear
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response by itself, and this non-linearity helps the network in obtaining an acceptable
approximation of the complex behavior of an unknown implicit function.

Rectified linear unit (ReLU), is the most popular type of activation function in standard
(linearly expressed) neural network models. This unit allows a positive value and blocks
a negative value (set to 0). This lightweight implementation of a non-linearity requires
checking only the sign of the input, and it is widely used because it is friendly with the
training algorithms that use back propagation.

In a binary neural network, obtaining the sign of the sum is also a kind of activation
function called binarization or simply Sign function. It can be interpreted as a thresholding
function that checks if the weighted-sum exceeds 0 or not and can be generalized for any
threshold value via a bias term.

Activation Function and Dithering

The output of the binarization using dithering approaches the identity transformation when
the input is large enough and the output is “demodulated” by blurring it (equivalent to
“integrating” or “applying low-pass filter”). This fact suggests that dithering does not
have any non-linear effects. Therefore, we must consider introducing a mechanism for
obtaining non-linearity in the error diffusion.

One possible option is to use dithering after a standard ReLU activation function. This
is quite straight-forward and expects the ReLU activation function to provide the non-
linearity and dithering to remap the result of the ReLU spatially. However, there are some
disadvantages in this method: the computational complexity would increase owing to the
separate operations for ReLU and dithering, and it may generate +1 in the neurons that the
non-linear ReLU previously deactivated.

Another option is to customize the error diffusion algorithm, namely positive-only error
diffusion, such that it takes the quantization error into consideration only when the raw sum
(𝑆𝑖) is greater than the threshold. Similar to the ReLU, the positive-only error diffusion
suppresses a negative sum value to −1 unconditionally without using/accumulating the
quantization error. When the sum has a positive value, it works like the baseline error
diffusion, i.e. some of the positive inputs become −1 outputs by considering the quanti-
zation error or total surplus. This method could not only operate as a single activation
function whose computational complexity would be reduced compared to the separated
ReLU-dither structure but also properly evaluate the neurons having negative sums, which
should be deactivated to obtain the non-linearity.
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5.4.4 Working with Other Low-Precision Networks

The idea of dithering using error diffusion algorithm on a low-precision hardware can be
naturally extended to any kind of quantization methods other than binarization, as long
as the quantization error can be defined using the input and output of the quantization.
We present basic concepts of using the dithering with the logarithmic and fixed-point
quantization in 5.7, since they have not been synthesized and evaluated.

5.5 Discussion

5.5.1 Back Propagation Methods for Dither NN

When we intend to use a certain operation in the hidden layers of a neural network, its
derivative must be defined for applying the back propagation. We discuss the appropriate
realization of the derivative of the dithering operation.

The strictest and most accurate form of the derivative of the error diffusion is to math-
ematically differentiate it with no doubt. However, defining the strict derivative of the
error diffusion algorithm is very difficult because it employs discontinuous non-linear
operations, and because the computation of a neuron could depend on the results of many
other neurons in the plane. Instead, we attempted to use another function to adopt back
propagation into error diffusion.

Identity Function

First, we viewed the dither as an identity transformation. Since dithering aims to represent
a richer expression by a poor quantized signal, the output must be similar to the input. The
derivative of an identity function is simply the constant 1. This supposition worked well
with some relatively small neural network models, but it was unstable. One reason for
this failure is that the identity supposition is too sensitive (or too much linear) that many
undesirable responses of the input/output activations (they are expected to be suppressed
in a part of the non-linearity of the standard activation functions) affected the weights.

Active-Only Propagation

The basic principle of the back propagation is to claim the responsibility of the input
for the output result. The idea is to pass the output error (or delta; not to be confused
with the quantization error) only to the neuron that was activated as ‘+1’ at the positive-
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only dithering and activation, similarly to the back propagation for max pooling. This
was totally unsuccessful, probably because it was the opposite of the case of identity
assumption... it was so dull that the necessary feedbacks were trapped.

Partial Linear Approximation (Near-Threshold Propagation)

This method propagates the output error when the weighted-sum value before quantization
is near the threshold and is very similar to the piecewise linear approximation of the Sign
function of a standard binary neural network. It worked perfectly with the models we tested,
from narrow and shallow networks to deep networks. We view the two characteristics
of this setting: 1) the weights that must be updated waver near the threshold; 2) this
near-threshold back propagation, where the neurons with the weighted-sum values in a
certain range are updated, could harmonize with the characteristic of the dithering where
the location of the neurons being activated is changed by the error diffusion.

Delayed-Linear Derivative

The same calculation as that for the error diffusion is used, as delta-sigma modulation
in the field of digital audio. This is a form of ADC, which generates a pulse-density-
modulated binary stream from the source analog signal. The transfer function of this
modulation is denoted as 𝑌 = 𝑧−1𝑋 , so the output sequence is linear to the input with
1-cycle delay. Based on this observation, we tested the delayed-linear derivative, where
the output errors propagate linearly to the input with a 1-pixel shift. This implementation
worked well in most of the experimental cases. We should select the near-threshold or this
delayed-linear back propagation considering their computational load and non-linearity
that would affect the training speed and final accuracy.

5.5.2 Complex Dithers

We mentioned that the error diffusion algorithm in image processing could be more
complex for perceptually better image quality. This tends to enlarge the area for distribution
of the quantization errors; for example, the Floyd–Steinberg dithering distributes the error
of a pixel to 4 neighboring pixels. Many such algorithms distribute the error unevenly,
i.e. they use multiple scaling factors for each direction.

However, we believe that this complex dithering can hardly be used with neural networks,
because such processing procedures are too complicated to be integrated in an accelerator.
The 1-directional error diffusion we experimented is the most friendly to the hardware
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implementation. Moreover, we tested a uniform 4-directional error diffusion algorithm
(distributes the error of a pixel to the right, lower-left, lower, and lower-right pixels with
magnifying 1/4) by software simulation, but the recognition accuracy did not improve as
much as that in the case of the 1-directional version.

5.6 Evaluation
We evaluate the proposed algorithm from the viewpoints of accuracy and hardware cost.
First, we conduct the simulation-based accuracy comparison by training a 10-layer binary
CNN model with/without dithering. Second, we construct test architectures for the CNN
processing, and evaluate the hardware impact of adopting the dithering. Through the
above, we show that the proposed algorithm can achieve higher accuracy than conventional
binary quantization while minimizing the hardware cost.

5.6.1 Experimental Setup
Training Environment

To organize the neural network models, we used TensorFlow, Keras, and PyTorch frame-
works running on GPU servers. We customized the frameworks to apply several non-
standard operations. We implemented the forward and backward operations of the error
diffusion using the TensorFlow and PyTorch C++/CUDA API according to the discussion
in Section 5.5.1. The Sign activation function and weight binarization method proposed
in [18] were also included in our implementation. In the process of the hyperparam-
eter exploration, we partially used Optuna [65], though the configurations of the final
experiments were manually fixed to equalize the environments along them.

The network models we tested are shown in Tables 5.1 and 5.2, namely Model A and
Model B. Both in the “w/o Dither” and “w/ Dither” cases, the first convolutional layers
accept the full-range (24-bit color) images and binary weights, and the later layers have the
binarized activations and weights, except for the final readout layer that remains floating-
point due to the Softmax operation. This would not be a limitation when the model is
offloaded on an accelerator; most implementations of the neural network accelerators have
the input layer preprocessed by their host CPUs, and the final readout Softmax layer is
only applied in the training phase and is replaced with a linear or binary activation layer
(this is possible because the Softmax operation is monotonic and only the location of
the maximal value is important). The models were trained using the CIFAR-10 image
recognition dataset [42] in Models A and B, and SVHN [61] dataset in Model B. To use
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CIFAR-10 and SVHN whose input size is 32×32 in Model B with the input size 224×224,
we enlarged the input images by bilinear interpolation. We used Adam optimizer with the
learning rate decay strategy starting from 0.01 and halved every 25 epochs (Model A), and
from 0.005 being halved every 20 epochs (Model B). We applied the data augmentation
technique to improve the generalization capability of the networks.

The reason why we did not apply the dithering in DW-CONV layers in Model B is that
they are followed by Conv layers with 1 × 1 kernels (i.e. pointwise convolution layers).
The “demodulation” of the dithered signal in the context of signal processing is done by
applying a low-pass filter; in a convolutional neural network, the convolutional kernels are
expected to act as the filters. This suggests that the size of convolution kernels, as well
as the number and location of layers with dithering, would be a key when we explore the
hyperparameter space.
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Table 5.1: Test network model architectures A

#
Layer Type a Activation F. b

Output Size c
w/o Dither w/ Dither

0 INPUT - 32 × 32 × 3
1 Convd Sign Dither 30 × 30 × 128
2 Conv Sign Dither 30 × 30 × 128
- MaxPool Sign Sign 15 × 15 × 128
3 Conv Sign 15 × 15 × 256
4 Conv Sign 15 × 15 × 256
- MaxPool Sign 7 × 7 × 256
5 Conv Sign 7 × 7 × 512
6 Conv Sign 7 × 7 × 512
- MaxPool Sign 3 × 3 × 512
7 FC Sign 1,024
8 FC Sign 1,024
9 FC SoftMax 10
a In Layer Type, we represent the input layer as INPUT, convolutional layers with 3 × 3

kernel as Conv, fully-connected layers as FC, max pooling layers with 2 × 2 window
as MaxPool.

b In Activation F., sign activation function is denoted as Sign and 1-directional dithering
as Dither. A batch normalization layer is included in each Conv layer but is not shown
in the table.

c Output Size refers to (Output height) × (Output width) × (Output channels) for the
input and convolutional layers and (Output neurons) for the fully-connected layers.

d The first Convs #1 in both case are in the “valid” mode, and the others are in the
“same” padding mode.
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Table 5.2: Test network model architectures B: MobileNetV1
[34]

# Layer Type a Activation F. b
Output Size c

w/o Dither w/ Dither
0 INPUT - 224 × 224 × 3
1 Conv 3-s2 Sign Dither 112 × 112 × 32

2-1 DW-Conv 3-s1 Sign Sign 112 × 112 × 32
2-2 Conv 1-s1 Sign Dither 112 × 112 × 64
3-1 DW-Conv 3-s2 Sign Sign 56 × 56 × 64
3-2 Conv 1-s1 Sign Dither 56 × 56 × 128
4-1 DW-Conv 3-s1 Sign 56 × 56 × 128
4-2 Conv 1-s1 Sign 56 × 56 × 128
5-1 DW-Conv 3-s2 Sign 28 × 28 × 128
5-2 Conv 1-s1 Sign 28 × 28 × 256
6-1 DW-Conv 3-s1 Sign 28 × 28 × 256
6-2 Conv 1-s1 Sign 28 × 28 × 256
7-1 DW-Conv 3-s2 Sign 14 × 14 × 256
7-2 Conv 1-s1 Sign 14 × 14 × 256 d

8∼12-1 DW-Conv 3-s1 Sign 14 × 14 × 512
8∼12-2 Conv 1-s1 Sign 14 × 14 × 512

13-1 DW-Conv 3-s2 Sign 7 × 7 × 512
13-2 Conv 1-s1 Sign 7 × 7× 1,024
14-1 DW-Conv 3-s1 Sign 7 × 7× 1,024
14-2 Conv 1-s1 Sign 7 × 7× 1,024

- AvePool - 1 × 1× 1,024
15 Conv 1-s1 SoftMax 1 × 1 × 10

a In Layer Type, we represent the input layer as INPUT, standard
and pointwise convolutional layers with 𝑘 × 𝑘 kernel and stride 𝑠
as CONV 𝑘-s𝑠, depthwise convolution as DW-CONV-𝑘-s𝑠, and an
average pooling with 7× 7 kernel and window (also known as global
average pooling) layer as AvePool. All the CONV and DW-Conv
layers are in “same” padding mode.

b In Activation F., sign activation function is denoted as Sign, and
1-directional dithering as Dither. A batch normalization layer is in-
cluded in each CONV or DW-Conv layer but is not shown in the table.

c Output Size refers to (Output height) × (Output width) × (Output
channels).

d Although the output size of the layer #7-2 is 14×14×512 in [34], we
utilized 14 × 14 × 256 due to the resource limitation of the training
environment.
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prototype array architecture. The arithmetic bit width is denoted as 𝑏.
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Fig. 5.8: Timing chart of the PE array without dithering. The channel axes are not shown.
𝑊 denotes the output width, ‘Accum.’ is the value of the accumulator, and ‘+’ and ‘V’
means ‘accumulation’ and ‘valid’ respectively.
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Fig. 5.9: Timing chart of the PE array with dithering. ‘E’ in ‘Accum.’ denotes the
quantization error calculated using the previous ‘V’ and ‘Act. Out‘ values.

Target FPGA

We designed the prototype architectures in Verilog HDL, and synthesized them using
Xilinx Vivado 2017.4. We chose the Xilinx Zynq-7000 XC7Z020 FPGA mounted on the
ZedBoard evaluation kit as the target because it is a middle-range system-on-chip (SoC)
that features the ARM processor coupled with user logic on a single FPGA, which is an
acceptable prototype candidate for mobile applications.

5.6.2 Accuracy

The accuracy evaluation was conducted on a GPGPU workstation using a 10-layer tiny
CNN models “Model A” (Table 5.1) with CIFAR-10 dataset and a MobileNet[34]-based
CNN models “Model B” using CIFAR-10 and SVHN format 2 dataset. We first pre-
trained a binary neural network model with the same structure as the “w/o Dither” model
for 200/100 epochs for Models A/B, and we then trained the two models “w/o Dither” and
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Table 5.3: Implementation result of the prototype architectures

Resource Avail.
w/o Dither w/ Dither
Util. ←% Util. ←%

LUTs 53,200 18,515 34.8 18,560 34.9
Registers 106,400 19,586 18.4 19,622 18.4

BRAMs
[Tiles] 140 72

51.4
72

51.4[kb] 5,040 2,592 2,592
Block IOs 200 0 0.0 0 0.0
(Accuracy A [%]) CIFAR-10 85.83 87.14

(Accuracy B [%])
CIFAR-10 73.45 75.15

SVHN 90.91 91.64

* For both architectures, the bit width of the accumulators was set to 12; the numbers of PE rows
and columns were set to 16; and all the RAMs were 16-bit 4k-word dual-bank.

“w/ Dither” for 200/50 more epochs starting with the pre-trained weights.
The Model A “w/ Dither” achieved 87.14% accuracy with two layers employing the

dithering, whereas the baseline “w/o Dither” model was 85.83% accurate. This result
outperformed the previous multithreshold model [26], although a straightforward compar-
ison is impossible due to the differences in the model structure. It should be noted that the
proposed method could be used with other state-of-the-art algorithms including [26].

Model B trained with CIFAR-10 dataset showed the accuracy 75.15%/73.45% with/without
dithering, while the model trained using SVHN format 2 achieved 91.64%/90.91%
with/without dithering, respectively. The improvement with SVHN dataset is not greater
than that with CIFAR-10 dataset, although the baseline accuracy with SVHN is higher
than CIFAR-10. One possible explanation of this is the following: dithering remaps
the multi-level bit precision on the spatial resolution using multiple low-precision pixels,
which assumes the large enough area of smooth gradation; the pictures of digits in the
SVHN dataset did not match this assumption.

Again, the error-diffusion-based dithering algorithm can be utilized with any settings of
the dataset, network model structure, and optimizer, as long as the model has 2-d (height,
width) or higher-dimensional image-like activations with quantization, however it works
well especially with spatially smooth data like objects in natural photos.
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5.6.3 FPGA Implementation

To evaluate the hardware impact on the dithering operation, we implemented two prototype
PE-array-based parallel architectures on an FPGA with/without dithering support. This
design only supports the processing of a convolutional layer of a neural network for
simplicity.

Figs. 5.6 and 5.7(a)(b)(c) indicate the prototype architecture. The PE array (Fig. 5.6
forms a primitive binary neural network accelerator based on the typical output-input-
channel parallelism, where each PE row corresponds to an input channel and each PE
column corresponds to an output channel. This is a binary-only subset of a single core of
the architecture proposed in [79]; the weights and inputs/outputs are all in 1-bit. In this
configuration, an input activation is shared among multiple output channels (i.e. among
PEs in a row), and an output is calculated in a column, with a word of the weight RAM being
distributed bit-wise to the PEs and the Activation PE (Act-PE; Fig. 5.7(b)) summing up the
partial sums (weighted-sums) accumulated in each PE (shifted column-wise sequentially)
and generating an output activation.

The only difference between the two architectures with/without dithering is the type of
Act-PE (without dithering Fig. 5.7(b) or with dithering (c)) used. The dithering Act-PE in
Fig. 5.7(c) has additional multiplexers to select either RESET or DITHER operation at the
end of the input accumulation. Repeatedly, the dithering (error diffusion) operation can
be performed as a subtraction (accumulation), for which the adder in an accumulator of
each Act-PE can be used. Therefore, the overhead of the hardware resource for adopting
the dithering operation would not be significant. In addition, since the dithering operation
is conducted instead of the accumulator reset operation, no additional clock cycles are
needed, as shown in Figs. 5.8 and 5.9.

Here, the implementation results of the architectures are shown in Table 5.3. The table
includes only the PE array and its corresponding controllers and RAMs; any other parts
such as data transfer circuits are not included. In this evaluation, we used the Xilinx
Vivado software and the Zynq-7000 XC7Z020 FPGA, as mentioned above, with both
architectures synthesized/PARed by the “Area Exploration” strategy. As seen in the table,
the LUT and register usage would increase by less than 1% upon adding the dithering
operation, and the RAM usage does not change, because the dithering operation does
not need any additional arithmetic units. Therefore, the proposed dithering algorithm is
proved to be a hardware-friendly technique that can be utilized with a very few additional
hardware resources.
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5.7 Other Quantization Techniques with Dithering

We have discussed and evaluated the dithering mainly in the binary neural network and
its hardware as an example. The algorithm would be extended to any kind of quanti-
zation methods, such as ternary [49], logarithmic [53], and linear fixed-point, since any
quantization technique produces the quantization error.

Here, we discuss applying the error diffusion to a typical hardware architecture for neural
networks with fixed-point and logarithmic quantization. Quite similar methodology to the
binary accelerator with dithering we used for evaluation could be utilized here, therefore
the hardware overhead would not be significant even for that quantized hardware, although
they have not been synthesized and evaluated.

5.7.1 Fixed-Point Linear Quantization

Fixed-point linear quantization has been utilized in various neural network accelerator
arcitectures. In the fixed-point quantization with the 𝐵𝑖-bit integer part and 𝐵 𝑓 -bit frac-
tional part (i.e. Q𝐵𝑖.𝐵 𝑓 format), the multiplication of two numbers produces the product
with the 2𝐵𝑖 integer and 2𝐵 𝑓 fractional bits, and they are then truncated to the original
𝐵𝑖-and-𝐵 𝑓 -bit expression, as shown in Fig. 5.10. Here, the remainder bits of the integer
part corresponds to the arithmetic overflow, but that of the fractional part is simply ignored,
thus this causes the quantization error.

In a real fixed-point MAC operation, the bit truncation usually takes place after the
completion of the accumulation, not just after the multiplication, therefore the accumulator
has the bit width for at least 2𝐵𝑖-and-2𝐵 𝑓 -bit number. An activation function, such as
ReLU, is applied to the produced sum. Thus the same thing as the binary neural network
— the quantization error occurring at the end of MAC computation appears also in the
fixed-point quantization. The computation of the dithering on the fixed-point number
is quite similar to that of binary, but the biggest difference from the binary is that the
resultant number is still in a multi-level number. As indicated in Fig. 5.11, the difference
between the accumulated sum and the truncated result is added at the accumulation of
the next output neuron as the quantization error. Similarly to the case of binary, the
method where the quantization error is accumulated in the accumulator instead of the
reset operation can be used here. If the bit truncation is implemented as rounding toward
zero, the quantization error can be computed by picking the lower fractional bits (masking
the larger bits and extending its sign bit) with no explicit subtraction as shown in Fig. 5.12.



90 CHAPTER 5. DITHER NN

ActivationActivation

Bit truncation Ignored (= Q. Err.)

Accumulate
(Repeat for each A/W)

WeightWeight

(Product)(Product)

OutputOutput

SumSum

Bi = 2, Bf = 3Bi = 2, Bf = 3

Bi = 2, Bf = 3Bi = 2, Bf = 3

Bi = 4, Bf = 6Bi = 4, Bf = 6

Bi = 4, Bf = 6Bi = 4, Bf = 6

Bi = 2, Bf = 3Bi = 2, Bf = 3

Fig. 5.10: Typical procedure of the MAC operation of the fixed-point activations and
weights.
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Fig. 5.11: Dithering operation in the fixed-point computation.

5.7.2 Other Quantization Methods

Neural network using logarithmic quantization was proposed in [53], where both the acti-
vation and weights are represented in base-2 logarithm. The advantage of the logarithmic
quantization is that the multipliers can be eliminated, because the multiplication between
the weight and activation is replaced by the addition between the logarithms of them.

Though [53] presented a technique to compute all the operation including arithmetic
addition in the logarithmic domain, one possible and reasonable realization of the loga-
rithmic quantization is to represent/multiply the activation and weight in the logarithmic
domain and to accumulate the product in the linear domain. As shown in Fig. 5.13, after



5.8. CONCLUSION 91

Sign extension

1st Sum1st Sum

1st Output1st Output

1st Q.Err.1st Q.Err.

2nd Sum2nd Sum

2nd Sum’2nd Sum’

2nd Output2nd Output

Bit truncation

Bit truncation

Fig. 5.12: Dithering operation in the fixed-point computation when the truncation is
rounding toward zero.

the multiplication (addition between the logalithmic-represented activation and weight),
the product is converted into the linear expression with proper scaling, and then it is accu-
mulated in the linear domain, and finally the sum is activated and quantized in logarithmic
expression as the output activation at the end of accumulation. Therefore, the quantization
error can be defined as the difference between the linearly accumulated sum and the real
value of the logarithmic-represented activation.

Fig. 5.14 indicates the ideal and primitive architecture to process dithering in logarithmic
neural networks. Since the accumulation of the products of the activations and weights
is conducted in linear domain, the same processing method as the case of fixed-point can
be used; the quantization error to be accumulated is computed as the subtraction between
converted logarithmic-expressed activation and the accumulator value using the adder of
the accumulator.

5.8 Conclusion

We have proposed the dithering neural network to improve the accuracy of the quantized
neural network models. The experimental accelerator architectures using binary neural
networks have proved that the proposed concept can be efficiently realized without devi-
ating from the nature of the quantized neural network on the limited hardware resources.

This method was motivated by the fact the processing on a MAC-array-based neural
network processor can be interpreted from the signal processing viewpoint. It was the
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Fig. 5.13: Typical procedure of the MAC operation of the logarithmic activations and
weights. In this example, the scaling factor is omitted for the simplicity, and the sign is
coded in the signed absolute expression.
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Fig. 5.14: (a) A typical logarithmic PE (for output-pixel-parallel computation). (b)
Applying the dithering in the logarithmic PE. These PEs are a straightforward extension
from the binary ones in Fig. 5.3.

first contribution that enhances the quantized neural network with a very few additional
hardware resource requirements by importing the quantization error minimizing technique
from the field of image processing as the fruit of the hardware-algorithm co-designing
strategy.
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Chapter 6

Conclusion

Deep neural networks opened the door for AI-powered smart society. Since the dawn of
this era of AI, the advance in hardware technology and algorithm has driven the explosive
evolution of information processing.

The algorithms are going through a fast transition reflecting the world’s application de-
mands, while the limits of straightforward and strong-arm development are approaching in
model structure and hardware scaling. In this sense, the significance of hardware-software
coevolution is getting higher. This thesis presented an example of a methodology for con-
structing highly efficient edge-side neural network processors by the comprehensive ap-
proach, proving the effectiveness of interdisciplinary hardware-software co-optimization.

In Chapter 3, we designed an output-stationary parallel computation array architecture
that can process convolutional (Conv) and fully-connected (FC) layers on a single array
efficiently. Despite the differences in computational procedure and data topology, we
quarried the one-to-all multiply-addition (MAC) operation as the atomic computation
primitive. Conv processing can be done by picking a weight value from the kernel and
conducting MAC with its corresponding input pixels, and an FC layer can be computed
by parallel MAC between an input neuron and multiple weight values. According to this
thought, we first designed an ideal and simplified data flow architecture using the shared
and individual buses on the processing element (PE) array. To construct this into a practical
one, we had to relax the internal data rate and memory addressing complexity. The row-
wise forwarding buses, multi-bank memory architecture, and multithreaded accumulators
accomplished it. We confirmed the algorithmic requirements of Conv and FC layer
configuration for achieving higher efficiency through the performance evaluation of this
architecture.

Chapter 4 proposed a near-memory neural network processor named BRein Memory.
The energy and latency of external data access have been significant concerns in low-
power embedded systems. If all the parameters are stored in on-chip SRAMs, and the



94 CHAPTER 6. CONCLUSION

computation is completed nearby the SRAMs without intermediate data load and store, the
external memory can be omitted. In this sense, we considered near-memory processing
units with a binary neural network algorithm. It restricts all the activations and weight
parameters to be±1, which can be represented in one bit. The binary activation and weight
occupy much less memory compared to fixed-point or standard floating-point expression.
In addition, the multiplication between the binary numbers can be calculated as a single
bitwise XNOR operation, for which the computational resource demands are drastically
reduced. Thanks to these natures, we constructed a thin parallel computation unit between
two SRAM macros, with the SRAM data pattern harmonizing with the neural network
layers’ potential parallelism. This structure encloses the parallel computation and data
movements only near the SRAMs; the data movements between the computation units
are serial, making it easy to stack computation units to process deeper neural networks
without energy-consuming parallel buses. We proved the concept of highly efficient neural
network processor architecture featuring near-memory processing through the fabricated
LSI evaluation.

Chapter 5 discussed a hardware-oriented quantized neural network algorithm named
Dither NN. Binary neural networks gain efficiency and performance, but there is an
accuracy drop observed. Thus, it comes with a trade-off between accuracy and efficiency.
When we see a neural network processor from the viewpoint of signal processing, we
can find that the computation conducted in it can be interpreted as signal processing.
Inspired by the dithering algorithm used for low-bit-width audio and image quantization,
we proposed using dithering in quantized neural network hardware. Mapping the data
dependency of dithering among temporally continual processing phases and using the
error diffusion algorithm that can be computed by simple subtraction, this procedure
does not incur inflation of spatial and temporal resources. We successfully integrated this
algorithm into a prototyped parallel neural network accelerator on an FPGA. The evaluation
indicated that dithering could improve the accuracy of binary neural networks with very
few additional hardware resources. Reinterpreting the information representation and its
processing brought accuracy improvement without degrading the efficiency.

The discussion of data delivery on a parallel computation array in Chapter 3 showed the
significance of the data movements to the efficiency (especially in an FC layer processing).
This led us to the idea of near-memory processing, proposed in Chapter 4, to eliminate the
expensive parallel data transfer. The quantization techniques were the enabler of the high-
efficiency near-memory neural network processing, reducing computational and memory
resource demands, but the accuracy degradation became a new problem. Chapter 5 ad-
dressed this issue by importing the idea of low-bit-width quantization with dithering from
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the field of image processing into the neural network processor. Dithering quantization
using the error diffusion algorithm improved the accuracy with negligible hardware over-
head by reflecting the computational procedures and structures of the quantized neural
network architecture.

The contributions of this thesis include the following:

• Dataflow-centric programmable hardware enabled by observing the potentiality of
parallel MACs universal among the target tasks, as well as the practical example of
architecture exploration and optimization focusing on data access patterns.

• Near-memory neural network processing that empowers massively parallelized and
highly efficient computation with quantization techniques.

• The idea of hardware-oriented quantization inspired by signal processing, along
with the neural network viewpoint for obtaining its fundamental nonlinearity and
backpropagation-capable approximation.

We have discussed and proved these concepts through FPGA and ASIC prototyping,
showing an example of architectural optimization and algorithm improvements by gazing
at the bases of computation required in them. The key to highly efficient programmable
processors is to distill universal and atomic patterns from the underlying essence of
computational structure and data topology while following the trends of ever-changing
neural network algorithms and hardware. We practiced this philosophy through exploring
a data-flow-reconfigurable architecture, constructing a compact near-memory processor
utilizing quantization techniques, and conversely reflecting the hardware structure into a
quantization algorithm.

The neural network algorithms continue to evolve. There should come new ideas, at-
tempts, and applications one after another, as the market and needs are expanding while the
principle of the neural network explaining its ability has not been discovered completely.
For instance, a new hypothesis that a successful neural network model is a superposition
of appropriate subsets of the weight and connections has been studied recently [24, 67],
which could change the neural network model exploration and deployment schemes. Even
if the neural network application and situation experienced transition, the essential con-
cepts and methodology discussed above for constructing an efficient inference platform
would remain effective and meaningful. The hardware technology and processor archi-
tectures have a great responsibility for promoting those advances in the model algorithms,
and also have a chance of evolution enjoying these innovations.
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