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Abstract

This paper presents a hardware inference accelerator architecture of quantized deep neural networks (DNN). The proposed
accelerator implements all computation in a quantize version of DNN including linear transformations like matrix multiplications,
nonlinear activation functions such as ReLU, quantization and dequantization operation. The hardware accelerator of quantized
DNN consists of matrix multiplication core which is implemented in systolic array architecture, and the QDR core for computing
the operation of quantization, dequantization, and ReLU. This proposed hardware architecture is implemented in Verilog
Hardware Description Language (HDL) code using modelsim. To validate, we simulated the quantized DNN using Python
programming language and compared the results with our proposed hardware accelerator. The result of this comparison shows a
very slight difference, confirming the validity of our quantized DNN hardware accelerator.
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1. Introduction

Artificial Neural Network (ANN) is a computational framework designed with an inspiration from the functioning of
biological neural networks in the human brain (Baba, 2024). Essentially, ANN is a mathematical model designed to
mimic the neurons of a living being. ANN have become a promising model for addressing complex real-world
challenges, including tasks such as speech and image recognition (ElI Omary et al., 2024; Leini & Xiaolei, 2021;
Paudyal et al., 2023) In addition, ANN is usually implemented in a real-time system like Internet of Things (loT)
application. Nevertheless, significant computational resources are required for both the training and inference
processes of this network (Liu et al., 2018). Hence, GPUs and ASICs are commonly employed for executing these
computations, especially in the cloud environments.

Implementing ANN in cloud computing involves sending the data to the server for processing and retrieving the
results. This raises some problems such as latency, security and privacy, and also dependency of internet availability
(Adiono et al., 2021). Alternatively, computations can be deployed directly to the edge of the device, eliminating the
necessity to transmit data from the device to the cloud. Several studies have attempted to implement ANN algorithm
on the edge devices. There are some researches that implement neural networks in embedded devices based on CPU
and GPU to overcome efficiency and performance problems(Holly et al., 2020; Miao & Lin, 2021). However, the
disadvantage of CPU-based embedded system processing is that the processing is carried out sequentially so there is a
gap to improve its performance in terms of execution speed. Meanwhile, GPUs in embedded devices are recognized
for their high energy consumption and oversized physical dimensions, making them impractical for deployment in
embedded system solutions due to their high cost (Jones et al., 2010; Qasaimeh et al., 2019). To address this issue,
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some began designing novel specialized hardware architectures specifically tailored for neural network implemented
in FPGAs or ASICs, commonly referred to as neural network chips.

The performance of a neural network accelerator on an FPGA or ASIC is influenced by various factors, including the
design of the processing element (PE) or coprocessor. Muhktar et al. (Amin & Adiono, 2019) developed a neural
network processor using a folding architecture, which reduces the PE size. However, this approach slows down
processing speed. In contrast, Trio et al. (Adiono et al., 2019) designed a PE with a systolic architecture to enhance
the speed of neural network accelerators. A key advantage of the systolic architecture is its inherent parallelism,
allowing multiple processing elements to work on different data parts simultaneously, thereby significantly speeding
up computations compared to traditional sequential processing.

In this study, we propose to design a quantized deep neural networks accelerator using systolic architecture. This
quantization version of accelerator can reduce the memory usage and also the neural networks model’s execution
time. Our proposed hardware accelerator is simulated in ModelSim simulator using Verilog hardware description
language. The result demonstrates that our proposed design accelerator is sufficiently accurate to compute the
quantized DNN model.

2. Literature Review
2.1. Deep Neural Network

Deep Neural Network (DNN) model is a type of Artificial Neural Network (ANN) that has input layer, hidden layers
and output layers (Bishop & Bishop, 2024) , as depicted in figure 1. The depth of these layers in DNN can range from
a few to hundreds or even thousands of layers, depending on the complexity of the problem being addressed. Each
layer in a deep neural network consists of a set of neurons that perform specific operations on the input data. These
operations involve linear transformations like matrix multiplications followed by nonlinear activation functions such
as sigmoid, ReLLU, or tanh functions (Vakalopoulou et al., 2023).

Input layer Hidden layer Output layer
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Figure 1. Deep neural network model.

The depth of the network allows it to learn hierarchical representations of the input data, where lower layers capture
simple features, and higher layers combine these features to form more complex and abstract representations (Tofik &
Pratim, 2024). This hierarchical representation learning is one of the key advantages of deep neural networks,
enabling them to effectively model and extract patterns from large and complex datasets. The computations of DNN
inference are represented in a matrix vector multiplication as outlined in equation (1), where z, w, b and k vectors
represents the input, weights, biases, and output values, respectively.
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2.2. Quantization

Quantization in deep neural networks is a technique used to reduce the computational and memory requirements of a
model by decreasing the precision of the numbers used to represent its parameters (weights and biases) and the
activations (Rifgie et al., 2022). Reducing the number of bits allocated to either weights or activation function can
reduce data movement, leading to lower energy consumption (Gholami et al., 2021). Decreasing data movement can
also enhance throughput by reducing the memory bandwidth requirements.

The process of quantization takes real values in floating point, and it maps them to a lower precision range. The
equation for quantization process is as follow:

q = int (sc:le) —Z (2)

Where g is a quantized value, r is real valued, scale is a scaling parameter and Z is integer zero point. Real values r
can be reconstructed from the quantized values g using a process called dequantization as displayed in the following
formula :

r=q X (s+72) ©))

In this study, linear symmetrical quantization is employed to transform parameters from 32-bit floating-point format
into 8-bit signed integers. The symmetrical method eliminates the need for a zero point in quantization, reducing the
number of operations required. The quantization process begins with determining the scaling parameter, which is then
used to find the quantized value. The formula for finding the scale S can be described in equation (4), where max and
min is the maximum and minimum value of the of the parameter (weight and bias), and b is the number of bit that is
used.

max—-min
scale = —;—— (4)

2.3. Combining Quantization, Dequantization and ReLU Activation Function

The inference for a single layer in DNN is illustrated in Figure 2a. This process comprises of two main components
which are a matrix multiplication layer and an activation function layer. The output from the activation layer is fed
into a similar inference process in the subsequent layer. When applying quantization, the inference process must be
adjusted to maintain bit precision. The altered inference process is shown in Figure 2b. To minimize accuracy loss,
the activation function operation is performed using 32-bit floating point numbers. Consequently, two additional
layers are necessary, which are a layer for dequantization operation before the activation function layer and a
quantization operation after the activation function.

ReLU has become the default activation function in many neural network models, especially in deep learning
architectures. Its ability to improve training performance and enable deeper networks makes it a preferred choice
among other activation function. Mathematically, ReLU activation function equation can expressed as follow.

RelLu = max (0,1) (5)

The ReLU formula can be integrated with both dequantization and quantization equations through rearrangement. By
merging these three equations, resource usage and computation time can be reduced. By combining Equations (2),
(3), and (5), we derive the QDR (Quantization - Dequantization - ReLU) formula as follows:

QDR = max(0,r X scale*) (6)

By merging quantization, dequantization and ReLU operation, we can decrease the number of required computations,
which results in faster inference times. The single layer of DNN can be modified as depicted in Figure 3.
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Figure 2. a). The inference process of DNN in one layer, b). The inference process of quantized DNN in one layer
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Figure 3. The inference process of modified quantized DNN in one layer
3. Proposed Hardware Architecture

This section explains the proposed hardware accelerator architecture for quantized DNN. Figure 4 shows the top level
view of the entire system. This proposed hardware architecture is designed in Verilog Hardware Description
Language (HDL) code using modelsim. The first part is matmul accelerator, which will compute the process of linier
transformation in DNN in the form of matrix multiplication. The second section is QDR accelerator, which will
calculate the process of quantization, dequantization and also the activation function.

3.1. Matmul Hardware Accelerator

The hardware accelerator for matrix multiplication (matmul) layer can be implemented using systolic array
architecture as shown in Figure 5. There are some processing elements (PES) in this architecture, and the input of the
PEs are neuron values and weights. The size of the PEs is scalable and it can be adjusted depending on the
performance requirements of various applications. Each of the PE consists of one multiplier and one adder. The
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output of the PEs is the multiplication between neuron values and weights. The data format for multiplication is 8-bit
signed number and for addition is 16-bit signed number.

CQuantized DNN accelerator

8-bit Input = 8-bit Output
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B-bit Weigh t m——

Figure 4. Top level system of accelerator

A A 4
"l PE [ | PE | -« | PE
7 M e output
L A A PE A
—» — teae = >
—»| PE > PE —» PE input —
: : : weight ——
4 4 A
. | —
N PE N PE N PE

Figure 5. Architecture of Matrix Multiplication Accelerator

3.2. QDR Hardware Accelerator

QDR hardware accelerator performs Quantization, Dequantization, ReLU processes described in Section 2.3 and also
addition operation with bias parameter. This accelerator comprises of several multipliers to multiply the outputs of
matmul accelerator with the scales. Because the scales are in fixed point numbers, the multiplication processes are
also done in fixed points. The output of this multiplication is added with bias parameter as shown in Figure 6. The
output of this accelerator will become the quantized value in the form of 8-bit integer.
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Figure 6. Architecture of QDR Accelerator
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4. Experiment and Result

The functional verification of quantized DNN hardware accelerator is assessed by comparing the output of this
accelerator with the quantized DNN algorithm simulated using Python programming language. The measurement of
this assessment is based on the relative element error in the output of the proposed hardware accelerator. The DNN
model that we used in the simulation is described in Table 1, where there are 1 input and output layer, 3 hidden layers
each consists of 9 neurons, and every neurons connected to each other. Moreover, the value of input data and weight
is generated randomly in the range [-1, 1].

Table 1. Number of neurons in quantized DNN model simulation

Layer Number of neurons
Input layer 9
Hidden layer 1 9
Hidden layer 2 9
Hidden layer 3 9
Output layer 9

In Table 2, we illustrate the maximum relative element error of the quantized DNN accelerator in the output of each
layers in the model. This error is the maximum error value produced by a set of neurons in each layer. It can be seen
that there are relative error in each layer, except in the output value of input layer. This error occur due to the reasons
that there are loss of precision when the scales is represented in 16 bit fixed point format. However, this accelerator
suffer very little accuracy loss and it is negligible. The computation with low precision data is sufficiently accurate
for deep learning (Courbariaux et al., 2015), so that the accuracy of our hardware accelerator for quantized DNN is
equally sufficient.

Table 2. Maximum relative element error in different layer

Layer Percentage of error
Input layer 0%
Hidden layer 1 0.0060 %
Hidden layer 2 0.0039%
Hidden layer 3 0.0057%
Output layer 0.0028%

5. Conclusion

This paper presents the implementation of quantized deep neural network accelerator using systolic architecture. The
DNN algorithm was modified to optimize the hardware implementation. The modification include the
implementation of quantization to reduce the precision to 8 bits, while still maintaining the accuracy, and also
combining the quantization, dequantization, and ReLU operation into a QDR operation. The quantized DNN core
consists of matmul core which is implemented in systolic array, and the QDR core. This proposed hardware
architecture is implemented in Verilog code using modelsim. To validate, the simulation of quantized DNN in python
programming language is conducted and the result is compared with our proposed hardware accelerator. The result
shows a very small difference which prove the validity of our quantized DNN accelerator.
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