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Abstract. High-frequency trading is derived from programmatic trading and market maker 

mechanisms, and unlike low-frequency trading, it uses ultra-high-speed computers to acquire 

and analyze high-frequency trading data in the market, so as to identify price change patterns 

and quickly execute trades to complete the change of hands. In this work, we focused on 
optimizing high-frequency trading strategies using deep reinforcement learning. Specifically, we 

employ a dual deep Q network model, which consists of two deep neural networks that are used 

to generate action value estimates and provide target action values, respectively. The advantage 

of this structure is that it reduces bias in the estimation process, thereby improving the stability 

and efficiency of learning. The input layer of the model receives multi-dimensional features of 

market data, such as price, volume, order depth, etc., which are normalized and then fed into the 

network. The hidden layer includes multiple layers of fully connected layers to enhance the 

nonlinear representation of the model and the ability to handle complex market dynamics. We 

have also introduced batch normalization and dropout layers in the network to prevent overfitting 

merges and improve the generalization ability of the model. Eventually, the output layer 

generates action values corresponding to each possible trading action, deciding to buy, sell, or 

hold a position. In the experimental analysis, this study verifies the superiority of the proposed 
model in processing high-frequency trading data and executing trading decisions by comparing 

it with traditional trading strategies and other machine learning methods. 

Keywords: High-frequency Trading, Strategies Optimization, Deep Learning, Double Deep Q 

Network. 

1.  Introduction 

The predictability of security prices and earnings has long been the focus of financial analysis and 

investors. According to efficient market theory, asset price movements and returns are rational, and there 
are no arbitrage opportunities in a sufficiently efficient market. In 1970, Fama proposed in its efficient 

market hypothesis: “In an efficient market, asset prices fully reflect all market information. By assessing 

the efficiency of the market’s use of information, Fama divides the effectiveness of the securities market 
into three levels: weak efficient market, semi-strong efficient market, and strong efficient market [1]. In 

a weakly efficient market, stock prices only reflect all historical price information, investors cannot 

obtain excess returns by analyzing historical and current trading data, and stock price movements 

conform to the “random walk” model. In a semi-strong efficient market, stock prices reflect all publicly 
available information, such as company announcements and annual and quarterly reports over the years, 
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and investors are likewise unable to derive excess returns from historical and publicly available 

information. In the case of a strong efficient market, it means that the stock price has been incorporated 

into all public and non-public information [2]. 

High-frequency trading is an innovative trading method, which was widely used in the United States 
at the earliest due to the relatively complete market system in the United States. In the U.S. stock market, 

the same stock can be listed and traded on multiple exchanges, and due to the existence of the market 

maker system, high-frequency trading was initially achieved by discovering market spreads and trading 
using instantaneous spreads to obtain excess returns. High-frequency trading is the product of the 

combination of modern programmatic trading and market maker mechanisms [3]. Compared with low-

frequency trading, high-frequency trading uses cutting-edge computer technology to collect trading data 

of different frequencies in the market and analyze market price change patterns, so as to achieve high-
speed turnover trading. Due to the extremely short duration of the spread in high-frequency data, the 

study of high-frequency trading has paid special attention to the execution performance of computer 

hardware equipment and the efficiency of program processing from the very beginning, and efficient 
information collection and processing are the core advantages of this trading method [4]. 

By sorting out the development path of high-frequency trading, we find that high-frequency trading 

has been around for a long time, and its development is closely related to the continuous progress and 
evolution of the market’s pursuit of profits. High-frequency trading is the product of further refined 

development on the basis of quantitative traditional trading methods [5]. In the context of existing 

market trading, there is no consensus on the specific concept of high-frequency trading in the academic 

community. Some scholars believe that high-frequency trading is algorithmic trading, while others 
believe that high-frequency trading is technical trading and should be classified as quantitative 

investment. 

Since technical analysis relies on human calculations and comparisons with historical information to 
speculate on the most likely outcome, the computational and reasoning methods employed are critical. 

Traditional empirical research mainly uses models based on linear time series and econometric models 

derived from financial theory, which are usually tested based on linear assumptions, and it is difficult to 

capture the nonlinear characteristics of stock price changes [6]. In fact, the securities market is affected 
by a variety of factors such as economic, political and even psychological, and exhibits significant 

nonlinear characteristics, which makes the conclusions based on the linear test have certain limitations. 

Recent studies have shown that the stock market is a nonlinear dynamic system with a large amount of 
information, and its power spectrum shows broadband and continuous characteristics. Because the 

traditional linear forecasting method cannot effectively distinguish the power spectrum of the stock 

market signal from the noise, its prediction effect is often unsatisfactory. With the development of 
financial theories, econometric and statistical tools, and the continuous innovation of information 

technology and optimization algorithms, securities analysis methods are also constantly improving [7]. 

Modern technologies such as neural networks and genetic algorithms have been widely introduced into 

the field of securities analysis, which has greatly enriched and deepened the research and application of 
securities analysis. 

Scholars have conducted extensive research on the use of technical analysis in the stock market, 

ranging from the selection of technical analysis indicators to quantitative methods that combine 
technical analysis with machine learning. These methods include commonly used moving average 

analysis, indicators such as MACD, and machine learning techniques such as support vector machines, 

decision trees, and neural networks. Given the short-term timeliness and high frequency of technical 
analysis, especially in trend analysis strategies, combined with the high shareholding ratio of individual 

investors, these factors often lead to overreaction of the market to short-term trends [8]. To this end, this 

paper uses the minute-level high-frequency data of China’s Shanghai and Shenzhen A-shares, and uses 

the ensemble algorithm Adaboost to optimize the neural network. By combining minute-level technical 
indicators and fundamental analysis, this study provides quantitative analysis and practical testing of 

trading strategies, aiming to provide practical advice and recommendations for equity investors, 

especially institutional investors. 
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After setting up a stock investment strategy, we need to consider the timeliness of fundamental and 

technical indicators. Fundamental analysis is based on the company’s announcements over the years, 

including annual and quarterly reports, to assess the company’s long-term trends and potential growth 

potential. In contrast, technical analysis focuses on the immediate effects of stock trading. It starts from 
daily trading data or even minute-level trading data, although traditional research mostly relies on daily 

trading data, which may be different from the judgment and logic of investors’ daily trading. Therefore, 

on the basis of referring to daily trading data, this paper also combines the performance of technical 
analysis in minute trading data, and optimizes trading strategies by applying deep learning methods, in 

order to improve the adaptability and effectiveness of strategies. 

2.  Related Work 

Elżbieta Kubińska [9] believes that the technical analysis investment method is particularly effective for 
novice investors and traders in the futures market. For novice investors, they tend to rely more on 

personal experience and intuition when making investment decisions; For futures traders, they are 

susceptible to emotions when developing an investment strategy. From the perspective of the 
effectiveness of technical analysis, Sibanjan Mishra [10] proved that technical analysis can effectively 

predict the excess return in the securities market by studying volatility indicators, trend indicators, 

momentum indicators and sentiment indicators. He argues that effective technical analysis indicators 
can explain market risk compensation, and that a reasonable technical analysis portfolio is generally 

more profitable than fundamental analysis.  

From the perspective of market efficiency, David M. Smith [11] discussed the possibility of technical 

analysis (TA) to obtain excess returns by comparing the investment performance of hedge fund 
managers during the period of high market sentiment and the period of low market sentiment, and found 

that the mispricing phenomenon is more serious during the period of high market sentiment than during 

the period of low market, and technical analysis is more effective at this time. Vismaya G. [12] further 
analyzed the technical analysis indicators, pointing out that although technical analysis can obtain 

certain excess returns in existing trading strategies, a single technical analysis indicator (ITAI) is not 

enough to comprehensively guide the investment strategy, and the effective combination of different 

technical analysis indicators should be considered. 
Based on trading data in Asian markets (including Indonesia, Malaysia, Taiwan and Thailand) 

between 1995 and 2015, Bader S. Alhashel [13] uses four technical analysis (FTA) trend analysis 

methods to obtain alpha and compares them to buy-and-hold strategies to evaluate the effectiveness of 
technical analysis. Although the empirical results show some instability, they still provide insights for 

the application of technical analysis. At the same time, Hamidouche M’hamed [14] uses technical 

analysis trend analysis to identify short-term trend reversals in the stock market based on technical 
indicators and formulate investment strategies accordingly. These studies demonstrate the potential 

value of technical analysis in predicting market movements and developing investment strategies. 

3.  Methodologies 

In this section, we employ a dual deep Q network to optimize a high-frequency trading strategy. Dual 
deep Q network is an improved model based on the standard Deep Q Network, which aims to solve the 

problem of overestimation, thereby improving the stability and performance of the policy. 

3.1.  Deep Q Network 

In the Deep Q Network (DQN) framework, we define an action-value function 𝑄(𝑠, 𝑎) that estimates 

the future cumulative reward that can be obtained after performing action 𝑎 in a given state 𝑠. The core 

goal is to discover a strategy 𝜋 that maximizes the 𝑄(∙) function, the detail calculation is expressed as 

following Equation 1. 

𝜋(𝑠) = 𝑎𝑟𝑔max
𝑎

𝑄(𝑠, 𝑎) (1) 
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Note that, Equation 1 indicates that for each state 𝑠, strategy 𝜋 chooses action a that maximizes the 

𝑄 value. 

Deep Q Network uses a neural network to approximate the 𝑄 function, and the parameters of the 

network are denoted 𝜃. During training, we update the network parameters by minimizing the following 
mean square error loss function, which is expressed as Equation 2. 

𝐿(𝜃) = Ε[(𝑦 − 𝑄(𝑠, 𝑎; 𝜃))
2
] (2) 

From above Equation 2, we observe that 𝑦 is the target 𝑄 value, which is calculated as following 

Equation 3. 

𝑦 = r + γmax
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃) (3) 

Where r is the instant reward received. 𝑠′ is the next state observed after action 𝑎 is performed. γ is 
a discount factor, usually in the range of 0 and 1, to indicate the importance of future rewards relative 

to immediate rewards. 

At each training step, the DQN is updated by sampling one or more empirical tuples (𝑠, 𝑎, 𝑟, 𝑠′) from 

the empirical replay buffer (a data structure that stores prior experience). Using these experiences, the 

network uses gradient descent to gradually approximate the optimal 𝑄  function. Specifically, the 

parameter update formula can be expressed as Equation 4. 

𝜃 ← 𝜃 − 𝛼∇𝜃𝐿(𝜃) (4) 

Where 𝛼 is the learning rate, which controls the step size at which the parameter is updated. ∇𝜃𝐿(𝜃) 
is the loss function 𝐿 gradient with respect to the parameter 𝜃. 

Optimization Mechanism 

The dual deep Q network solves some problems in the standard deep Q network by introducing two 
network evaluation networks and a target network, especially the problem of overestimation of value. 

Evaluate the network 𝑄(𝑠, 𝑎; 𝜃): This network is responsible for generating an estimate of the value of 

the action under the current strategy. Destination network 𝑄(𝑠, 𝑎; 𝜃−): This network provides target 

values for stabilizing the learning process. The parameter 𝜃− of the target network is a lagged replication 

of the parameter θ of the evaluation network, which helps to reduce fluctuations during training. The 

way the target 𝑄 value is calculated has been improved to reduce over-optimism bias in any single 

estimate. The formula for updating the target value is expressed as Equation 5. 

𝑦 = r + γQ(s′, argmax
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃) ; 𝜃−) (5) 

The key improvement here is that when calculating the maximum action value, the action selection 

is based on the evaluation network 𝜃, while the calculation of the action value uses the target network 

𝜃−. This approach effectively decouples the action selection (controlled by the evaluation network) from 
the calculation of the target value (controlled by the target network), thereby reducing the risk of 

overestimation. 

With this improved approach, our proposed model is able to provide more stable and reliable learning 

performance in a variety of environments, especially when dealing with complex tasks that require 
highly accurate value estimation, such as high-frequency trading strategy optimization. 

4.  Experiments 

4.1.  Experimental Setups 
This study uses the high-frequency trading data of Shenzhen 300480 Guangli Technology to explore the 

application of deep learning in high-frequency trading strategies. The experiment covers minute-level 

data from 2019 to 2021, including information such as price and volume. Through data cleaning, feature 

engineering, and normalization preprocessing, the dataset is divided into training, validation, and testing 
sets to train the model and optimize parameters. The performance of the model is evaluated by precision, 
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recall, F1 score, and economic performance indicators such as the Sharpe ratio to verify the effectiveness 

of the model in predicting market movements and generating trading signals. The analysis of the results 

aims to evaluate the actual trading application potential and robustness of the model, and provide 

scientific decision support for high-frequency trading strategies. 

4.2.  Experimental Analysis 

The Sharpe ratio is a measure of the risk-adjusted performance of a portfolio. It assesses the return per 

unit of risk by calculating the ratio of a portfolio’s excess return (i.e., portfolio return minus risk-free 
return) to its risk (standard deviation). A higher Sharpe ratio means that the portfolio is able to achieve 

a higher alpha per unit of risk, so it is widely used in investment management and asset allocation. 

However, one of its limitations is the assumption that the distribution of return on investment is normal, 

which may not always be true in the actual market, so it needs to be used in combination with other 
indicators for comprehensive analysis. Following Figure 1 shows the comparison of sharpe ratio by 

using optimization strategies. 

 

Figure 1. Comparison of Sharpe Ratios by Method.  

System stability refers to the ability of a trading system to operate continuously and trouble-free and 

effectively handle extreme market conditions in a high-frequency trading environment. This includes 

the system’s ability to handle high-speed data streams and large volumes of trading orders, as well as 
the ability to withstand stress when market volatility is extremely high. System stability is especially 

critical for high-frequency trading, as even a small delay or failure can lead to significant financial losses. 

Therefore, ensuring that the trading system has a high degree of reliability and quick response ability, 

and is able to operate stably in a variety of market conditions, is an important part of the success of high-
frequency trading. Figure 2 shows the stability comparison results. 
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Figure 2. System Stability Comparison.  

5.  Conclusion 

In conclusion, our proposed model shows that the speed and accuracy of trading decisions can be 
significantly improved by in-depth analysis and processing of large amounts of high-frequency trading 

data. Our experimental results demonstrate that deep learning technology can effectively reveal non-

linear patterns hidden in complex market data, thereby optimizing trading strategies, increasing 
profitability, and reducing risk. In addition, by applying a combination of different evaluation metrics, 

such as the Sharpe ratio and the maximum drawdown, we are able to comprehensively evaluate the 

performance and stability of the strategy. This shows that deep learning has great application potential 

and value in high-frequency trading, indicating the future trend of financial transaction automation and 
intelligence. 
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