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Abstract. Hardware accelerators are playing an increasingly important role in the field of computer 
science and engineering, especially in accelerating deep learning and large-scale data processing. 
However, the traditional hardware accelerator design often relies on manual adjustment and 
experience accumulation, which is inefficient. Therefore, the use of machine learning technology to 
optimize hardware accelerator design has become a new trend. In this paper, a hardware accelerator 
optimization design method based on machine learning is proposed, including hardware design, 
algorithm optimization, system-level optimization, and deep learning model compression. Through 
the research and verification of the actual case, this research proves the effectiveness and feasibility 
of the hardware accelerator optimization design method based on machine learning. Compared with 
the traditional design method, this method can find better design scheme in shorter time and has 
higher performance prediction accuracy. Therefore, this method can significantly improve the design 
efficiency and performance of hardware accelerators. The results of this study are of great 
significance for promoting the development of hardware accelerator technology. It can promote 
scientific research and engineering applications in related fields to make greater progress, and 
promote the development of artificial intelligence, big data processing and other fields. 
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1. Introduction 

In today's information age, the rapid development of machine learning technology has caused 

revolutionary changes in countless fields, from natural language processing to computer vision, to 

automatic driving and medical diagnosis and other fields, machine learning has shown people a strong 

application potential [1]. The advent of machine learning has revolutionized the approach to data 

analysis, pattern recognition, and predictive modeling. However, with the complexity of machine 

learning algorithms and the growth of data scale, traditional processors have been difficult to meet 

people's needs for high performance and low energy consumption. Therefore, many researchers have 

begun to look at hardware accelerators based on machine learning, in order to achieve efficient 

acceleration of machine learning tasks. In recent years, the optimization design of hardware 

accelerators based on machine learning involves many aspects. Continuous breakthroughs and 

upgrades in hardware and algorithms.  

The purpose of this paper is to introduce the theoretical background of machine learning and the 

principle and structure of hardware accelerator, and explore the innovative methods of machine 

learning in the optimization design of hardware accelerator. The optimization methods of hardware 

accelerator include hardware design, algorithm optimization, system-level optimization, and deep 

learning model compression. This article presents examples of various optimization schemes, 

focusing on how machine learning algorithms can optimize data flow to improve efficiency, 

parallelism, flexibility, and security. 
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2. Theoretical background 

2.1. Machine Learning 

Machine learning is a leading technology. It enables computers to continuously learn from data 

and improve and enhance their performance without the need for explicit programming algorithms. 

Our goal in this cutting-edge field is to develop advanced algorithms and statistically efficient models 

that can accurately identify patterns and patterns in the data in their calculations, and make predictions 

and decisions based on this identified content. Machine learning is divided into three main learning 

modes: supervised learning, unsupervised learning, and reinforcement learning [2]. In supervised 

learning, the algorithm learns by labeling a trained set of data with a correct output or label for each 

training sample. Supervised learning the essence of this algorithm is to learn how to map the input to 

the correct output in order to be able to make predictions about new, never-before-seen data. In this 

model of unsupervised learning, the training data does not contain labels, which is the biggest 

difference from supervised learning. Unsupervised learning is an algorithm that tries to find patterns 

and rules in data, and then cluster or reduce to reveal the most essential intrinsic characteristics and 

structure of data. In reinforcement learning, an algorithm learns how to perform a specific task by 

interacting with the external environment. Reinforcement learning is constantly trying different 

strategies in order to maximize some kind of cumulative reward. Reinforcement learning is a type of 

learning that is widely used in areas such as game play, robot control, and resource management. 

In statistics, machine learning is the theoretical foundation of statistics, which provides applied 

tools such as probability theory, statistical inference, and regression analysis. Machine learning 

typically builds models based on statistical principles, using statistical analysis of data to make 

predictions, classifications, or clusters. At the same time, machine learning also includes optimization 

theory, which studies how to find the optimal solution or approximate optimal solution of a function 

and how to optimize the performance of a model by adjusting parameters. Many algorithms in 

machine learning involve the problem of parameter optimization, such as gradient descent method, 

Newton method, etc [3, 4]. In addition, linear algebra is one of the most widely used mathematical 

tools in machine learning. Matrix and vector operations play a very important role in the model 

representation, calculation, and optimization of machine learning. For example, the matrix 

multiplication between the weight matrix and the input vector in a neural network model is based on 

linear algebra. Finally, there is the probability graph model, which is a graph structure used to describe 

the relationship between variables. Bayesian networks and Markov networks are common 

probabilistic graph models that are used in machine learning to model dependencies and probability 

distributions between variables [5, 6]. These models can aid in tasks such as inference, classification, 

and generation. 

As computing power continues to increase and an explosion of data grows, machine learning has 

made significant progress, especially in the field of deep learning. Deep learning, which can use and 

process very complex data structures, has shown surprising strength in areas such as image 

recognition, natural language processing, and autonomous driving technology. In the future, machine 

learning will continue to improve the efficiency of algorithms, solve training problems on small data, 

and increase the interpretability of models. 

2.2. Structure and principle of hardware accelerator 

2.2.1. Hardware accelerator structure 

A hardware accelerator is a specialized hardware device that we use to speed up the execution of 

specific tasks, such as image processing, machine learning, cryptography, etc. The structure of 

hardware accelerators varies according to different task types. The following sections are generally 

included. The first control unit is responsible for directing the operating process of the hardware 

accelerator. The control unit receives instructions from the autonomous processor or other controller 

and decodes these instructions into operational instructions for various parts of the hardware 

accelerator. Then the data memory is used to store the input data, the intermediate results, and the 
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output data for subsequent calculation use. The type of data storage is organized according to the 

characteristics of different tasks and may include register files, caches, on-chip memory, or external 

memory. The second unit is the unit that performs specific operational tasks, such as matrix 

multiplication, convolution operations, encryption, and decryption. This can be a custom processor, 

field programmable logic array (FPGA) or application-specific integrated circuit (ASIC) to enable 

efficient parallel computing. There is also a data path that transfers data from the data memory to the 

computing unit, and the calculation results are transferred back to the data memory. A data path 

usually consists of multiple data transmission channels in order to support parallel data transmission 

and computation. The final interface mode is an interface module that communicates with external 

contacts or devices. Interface modules may include bus interfaces, network interfaces, memory 

controllers, or other hardware devices for data exchange. The Hardware accelerator structureis shown 

in figure 1. 

 

Fig. 1 Hardware accelerator structure [7] 

2.2.2. Working principle of hardware accelerator 

The working principle of the hardware accelerator is based on the idea of parallel computing and 

custom hardware design. By translating the computational requirements of a specific task into 

hardware circuitry, hardware accelerators are able to give us higher performance and energy 

efficiency than ordinary processors. At the same time, because hardware accelerators focus on the 

execution of specific tasks, they can better adapt and understand the characteristics of tasks, and 

provide lower latency and higher throughput. 

In short, designers need to fully understand the application scenario and task requirements, select 

the appropriate hardware accelerator structure, and optimize the design, in order to achieve efficient 

acceleration of specific tasks, and can also provide important computational support for various fields. 

3. Optimized design of hardware accelerator based on machine learning 

3.1. Overview of hardware accelerator optimization design methods based on machine 

learning 

Optimized design methods for machine learning-based hardware accelerators are a complex and 

diverse field in which efficient acceleration of machine learning tasks is achieved by optimizing 

hardware architecture and algorithm design. The method involves multiple levels and techniques, 

including hardware design, algorithm optimization, system-level optimization, and deep learning 

model compression. The following will be a general overview of these methods, and introduce the 

main ideas and technical means in each aspect. 
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3.1.1. Hardware Design 

Hardware design is one of the key components of hardware accelerator optimization design 

method based on machine learning. In terms of hardware design, many researchers are often focused 

on designing efficient hardware architectures to meet the computational requirements of machine 

learning tasks. This includes designing dedicated accelerators for computing suitable for machine 

learning, such as graphics processors (GPUs), tensor processors (TPUs), and neural processors 

(NPUs). These accelerators usually have the characteristics of strong parallel computing power, low 

energy consumption, and high performance, which can effectively accelerate the execution of 

machine learning algorithms. 

3.1.2. Algorithm optimization 

Algorithm optimization is also an important part of hardware accelerator optimization design 

method based on machine learning. In algorithm optimization, many researchers work on designing 

and optimizing accelerators suitable for hardware in order to satisfy efficient machine learning 

algorithms. These include optimizing deep learning algorithms such as convolutional layer neural 

networks (CNNS), recurrent neural networks (RNNS), and Transformers. The goal of algorithm 

optimization is to reduce computational complexity, reduce storage requirements, and utilize the 

parallel computing capabilities of hardware accelerators to achieve efficient acceleration of machine 

learning tasks. 

3.1.3. System-Level Optimization 

System-level optimization is also an important part of hardware accelerator optimization design 

method based on machine learning. System-level optimization includes the co-design and 

optimization between the hardware accelerator and the host system, in order to achieve the efficient 

transmission of data and the collaborative execution of tasks. This includes designing efficient data 

paths and storage structures, optimizing network on chip design, and designing efficient data 

transmission interfaces. 

3.1.4. Deep learning model compression 

Deep learning model compression is also one of the important technical means of hardware 

accelerator optimization design method based on machine learning. Since deep learning models have 

a large number of parameters and computations, they need to be compressed and optimized to 

accommodate the computing power of hardware accelerators. Deep learning model compression, 

including parameter pruning, weight quantization, model quantization and model distillation, is 

designed to reduce the storage requirements and computational complexity of models, thereby 

improving the execution efficiency of models on hardware accelerators. 

3.2. Specific case analysis 

3.2.1. Hardware optimization design 

Stream method is a design method widely used in neural network algorithms, which optimizes the 

performance of each network layer by combining different hardware modules. These modules are 

carefully designed to maximize parallelism between the layers and are tightly connected by pipelining 

technology. As data flows through the architecture, it sequentially passes through the various parts of 

the neural network, enabling efficient data processing. 

The core advantage of the Stream approach is that it can take full advantage of the parallelism 

between layers through pipeline technology, so that different processing units can be executed 

concurrently. This parallel design can not only improve the speed of data processing, but also 

effectively reduce the waste of resources. However, despite the advantages of the Stream approach, 

it also faces some challenges. Since each different neural network model needs to generate a new bit 

stream, this results in a long compilation time. Still, researchers are constantly exploring how to 

optimize the process to reduce compilation time and improve design efficiency. 
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In the representational work of Stream mode, DAG, As-Stream and Oracle have all achieved 

remarkable results [8-10]. Among them, the implementation of DAG utilizes CUDA's multi-stream 

pipeline parallelism. By analyzing the node connections and dependencies in DAG, the parallel 

execution sequence of multiple tasks is reasonably planned. In order to maximize the parallel 

capability of multiple streams, MS-DAG task mapping strategy considers the hardware resources and 

application requirements of asynchronous data transmission. The study found that Pinned Memory in 

the CPU-side Memory structure is more suitable for asynchronous data transfer than Pageable 

Memory, as the latter can lead to data transfer errors. When executing on the GPU, the data required 

for the application needs to be copied to the GPU's video memory. Asynchronous transmission is 

suitable for applications where data can be processed in batches, providing increased efficiency 

compared to synchronous transmission. For applications that can be processed in batches, MS-DAG 

makes use of the parallelism of multiple streams and combines asynchronous transmission and 

asynchronous call to realize the folding of data transmission and processing and improve the overall 

efficiency. The Diagram of multiple-stream pipeline is shown in Figure 2. 

 

Fig. 2 Diagram of multiple-stream pipeline [8] 

3.2.2. Optimization design for specific algorithms 

In the process of seeking to improve the inference speed of support vector machine (SVM) 

algorithm, optimizing the multiplication and accumulation process of the vector to be classified and 

the support vector has become a key step. Especially in the face of large-scale data processing, 

effective hardware accelerator design is particularly important to improve the overall performance. 

Previous studies have proved that reasonable design of accelerator architecture can significantly 

speed up the point multiplication between vectors, thus improving the inference speed of SVM. 

Taking the Hussain study in as an example, this paper proposes an accelerator design scheme 

combining FPGA and multiple Vector Processor clusters [11]. Each Vector Processor Cluster consists 

of multiple VPE arrays, and each VPE Array contains multiple Vpes (vector processing units) 

dedicated to processing vector dot products. This hierarchical structure design enables the accelerator 

to efficiently handle large-scale vector operations. 

During execution, the large-scale matrix is fed into the accelerator as a data stream, while the 

small-scale matrix is stored in on-chip memory. Each VPE Array stores a specific column of a small-

scale matrix, which makes efficient use of on-chip memory resources and improves data access 

efficiency. In addition, the accelerator also implements fine dot multiplication operations, which 

decompose each vector dot multiplication into multiple chunks dot multiplication. This approach not 

only reduces the amount of data per dot multiplication operation, but also helps balance the data 

transfer load between the FPGA and the CPU. 

However, it should be noted that the accelerator structure is not optimized in terms of kernel 

function calculation. Kernel function is a key component of SVM algorithm, and its computational 

complexity is often high. Therefore, if the kernel function calculation can also be included in the 

accelerator optimization category, then the overall acceleration ratio of the system is expected to be 

further improved. 
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To give full play to the performance of the accelerator, it is necessary to adjust the chunk size 

properly to avoid the bottleneck of data transmission between the FPGA and the CPU. In practice, 

the best chunk size can be found through experiment and simulation, so that the accelerator can 

achieve the best performance when dealing with vector dot product and kernel function calculation. 

3.2.3. System-level optimization design for specific problems 

To solve the problem of Online Traffic Classification, a special accelerator is developed [12]. The 

problem of Online Traffic Classification involves identifying the application behind a TCP 

connection /UDP transport stream by analyzing the packets in it. To address this challenge, they used 

the common C4.5 decision tree algorithm. To improve the efficiency of the algorithm, they designed 

an innovative accelerator structure based on the characteristics of the problem. 

The accelerator architecture is mainly composed of two parts: the discretization module and the 

classification module. The discretization module is responsible for preprocessing the input data, 

converting the continuous attribute values into discrete representations for subsequent classification 

processing. The classification module uses decision tree algorithm to classify and decide the 

discretized data. In the process of processing, the attribute vector of the input data is first fed into the 

discretization module, and after a series of discretization processing unit operations, the specific 

attribute value of the data is converted into a discrete representation. This data is then passed to the 

classification module for classification at each level of the decision tree. Each classifier maintains all 

intermediate/leaf node information at the current level of the decision tree. When the data is passed 

to the next level, the classification unit finds the corresponding intermediate node according to the 

received parameters (including the data attribute set and the intermediate node address), and continues 

the classification processing until it reaches the leaf node and obtains the final classification result. 

With this dedicated accelerator, they hope to significantly improve the efficiency of Online Traffic 

Classification problems, providing a more efficient and accurate solution for network traffic analysis 

and management. 

3.2.4. Designed for neural network algorithms and deep learning applications 

Neural network algorithm and deep learning are hot topics in the field of machine learning, leading 

the rapid development of artificial intelligence technology. With the continuous innovation of 

algorithms, corresponding hardware accelerators have emerged, providing powerful computational 

support for the training and reasoning of deep learning models. Among them, the ASIC hardware 

acceleration chip DianNao developed by the Institute of Computing Science of the Chinese Academy 

of Sciences has attracted much attention, and its unique design concept and efficient performance 

make it stand out in the field of neural network hardware acceleration. 

The design idea of DianNao chip is to divide the computing part of the neural network into 

multiplication unit, addition tree and activation unit, and map these units to the hardware logic, so as 

to realize the hardware acceleration of the entire computing part. This design enables DianNao chip 

to give full play to the advantages of hardware parallel processing and significantly improve the 

computing speed when processing neural network. Compared with traditional CPU and GPU, 

DianNao chip has lower power consumption and higher energy efficiency ratio when processing 

neural network computing, which provides strong support for the promotion of deep learning 

applications. 

In addition to the development of hardware accelerators, software optimization is also the key to 

improve the computational performance of neural networks. In the neural network computing process, 

the cyclic process occupies a lot of computing resources. Therefore, the optimization of cyclic process 

is one of the important means to improve the computational performance of neural networks. In this 

regard, Li Yihuang and Liu Hua propose a cyclic tiling or cyclic partitioning method to optimize the 

cyclic process [13, 14]. By rationally arranging the computation sequence and computation amount 

of the cycle, the computation efficiency of the cycle process can be significantly improved, thus 

reducing the total computation time of the neural network. 
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In addition, cache management is also one of the key factors affecting the computational 

performance of neural networks. In the process of calculation, there is an independent relationship 

between each matrix, which makes the use of cache becomes particularly important. Therefore, a 

multi-cache mechanism is also proposed to optimize cache management [15]. By allocating cache 

space reasonably and managing cache access, the delay and conflict of data access can be effectively 

reduced, and the efficiency of neural network computing can be further improved. 

4. Conclusion 

Stream method is an effective neural network algorithm design method, which realizes high 

performance and efficient data processing through parallel design and pipeline technology. Although 

there are some challenges, such as long compilation time and high hardware cost, with the continuous 

progress and optimization of the technology, it is believed that these problems will gradually be 

solved. In the future, we look forward to seeing more innovative applications and practice cases based 

on the Stream approach to promote neural network algorithms to achieve greater breakthroughs and 

progress in various fields. 

By optimizing the multiplication and accumulation process of the vector to be classified and the 

support vector, combined with reasonable hardware accelerator design, the inference speed of SVM 

algorithm can be effectively improved. Future studies can further explore how to incorporate kernel 

function calculation into accelerator optimization to achieve a higher overall system acceleration ratio. 

At the same time, the design of the accelerator structure also needs continuous innovation and 

improvement to adapt to the changing algorithm needs and data scale. 

The rapid development of neural network algorithms and deep learning cannot be separated from 

the support of hardware accelerators and software optimization. ASIC hardware acceleration chip 

DianNao developed by Institute of Computing Science of Chinese Academy of Sciences is one of the 

representative works, and its unique design and high efficiency can provide powerful hardware 

support for neural network computing. At the same time, the application of software optimization 

method can further improve the performance of neural network hardware accelerators, so as to better 

support deep learning applications. With the continuous progress of technology, it is believed that 

neural network algorithms and deep learning will be widely used in more fields in the future, bringing 

more innovation and change to the development of human society. 
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