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Abstract: High-frequency trading (HFT) has transformed financial markets by leveraging speed and automation to execute 

large volumes of transactions within microseconds. The integration of deep learning (DL) algorithms into HFT systems 

presents new opportunities for enhancing prediction accuracy and trading strategies, uncovering complex patterns in large 

datasets. This paper explores the synergy between DL and HFT, highlighting the potential benefits and inherent challenges. 

We conduct a comprehensive review of current literature and case studies to provide a detailed understanding of how DL can 

revolutionize HFT and the obstacles that must be addressed to fully realize its potential.  

Keywords: High-frequency Trading, Deep Learning, Predictive Accuracy, Real-time Data Processing, Risk Management, 

Automated Strategy Development, LSTM Networks, Reinforcement Learning. 

DOI: https://doi.org/10.5281/zenodo.12747424 

 
 

1 Introduction 

High-frequency trading (HFT) employs sophisticated 

technological tools and computer algorithms to trade 

securities at rapid speeds, capitalizing on microsecond-level 

opportunities to exploit market inefficiencies. This requires 

ultra-low latency in data transmission and order execution, 

as well as the ability to analyze large volumes of data in 

real-time. 

While traditional machine learning techniques have 

been applied to HFT for predictive modeling, risk 

management, and strategy optimization, they often fall short 

in capturing the intricate, non-linear relationships inherent in 

financial markets. Deep learning (DL), a subset of machine 

learning characterized by multi-layered neural networks, has 

shown remarkable success in various domains, including 

image recognition and natural language processing. Its 

application in HFT offers the potential for significant 

advancements in predictive accuracy, anomaly detection, 

and strategy optimization. 

This paper investigates the application of DL in HFT, 

discussing both the opportunities it offers and the challenges 

it presents. We explore various DL architectures and their 

suitability for different aspects of HFT, such as time series 

prediction, pattern recognition, and decision-making. 

Additionally, we address the technical and practical 

challenges associated with implementing DL in the fast-

paced and highly regulated environment of financial 

markets. 

The structure of this paper is as follows: we begin with 

a comprehensive review of the existing literature on HFT 

and DL, highlighting key studies and findings. Next, we 

delve into the specific opportunities presented by DL in 

HFT, examining how these algorithms can improve 

predictive accuracy, real-time data processing, risk 

management, and strategy development. We then discuss the 

challenges and limitations of integrating DL into HFT, 

including issues related to data quality, computational 

requirements, model interpretability, and regulatory 

compliance. Finally, we present case studies that illustrate 

successful applications of DL in HFT and conclude with 

recommendations for future research and practical 

implementation. 

Through this investigation, we aim to provide a 

detailed understanding of the intersection between deep 

learning and high-frequency trading, offering insights that 

can guide both academic research and industry practice. By 

leveraging the strengths of DL and addressing its 

limitations, we can unlock new possibilities for innovation 

and efficiency in financial markets. 

 

 
Figure 1: High-level simulation framework. 
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2 Literature Review 

2.1 High-Frequency Trading 

High-frequency trading (HFT) has been a 

transformative force in financial markets, characterized by 

its reliance on speed and high turnover rates. The primary 

goal of HFT is to capture minute price differentials through 

the rapid execution of orders, often within microseconds. 

HFT strategies include market making, arbitrage, and 

momentum ignition. Market making involves providing 

liquidity by placing both buy and sell orders for financial 

instruments, thereby profiting from the bid-ask spread [1]. 

Arbitrage strategies exploit price discrepancies of the same 

asset in different markets or forms, while momentum 

ignition aims to trigger a price movement to benefit from 

ensuing price shifts. 

HFT has been both lauded for increasing market 

efficiency and liquidity, and criticized for contributing to 

market volatility and systemic risks. The continuous 

evolution of technology and regulatory environments 

necessitates ongoing research and adaptation in HFT 

strategies and implementations. 

2.2 Deep Learning Algorithms 

Deep learning (DL), a subset of machine learning, 

involves neural networks with many layers, allowing them 

to model complex, non-linear relationships in data [9]. 

Pioneers in this field, such as LeCun, Bengio, and Hinton 

(2015), have demonstrated DL's success in areas like image 

recognition, natural language processing, and autonomous 

driving. DL's architecture, typically comprising 

convolutional neural networks (CNNs), recurrent neural 

networks (RNNs), and their variants, is designed to learn 

hierarchical representations of data. 

The ability of DL algorithms to process vast amounts 

of data and identify intricate patterns makes them 

particularly suitable for financial markets, where data is 

abundant and complex. Goodfellow, Bengio, and Courville 

(2016) highlight how DL's capacity for feature extraction 

and pattern recognition can be leveraged for various 

predictive tasks in finance [8]. 

2.3 Integration of DL in HFT 

Recent studies have explored the potential of 

integrating DL into HFT systems, demonstrating significant 

improvements over traditional methods. Fischer and Krauss 

(2018) showed that long short-term memory (LSTM) 

networks, a type of RNN, could outperform traditional 

machine learning models in predicting stock prices [6]. 

LSTMs are adept at capturing temporal dependencies, which 

are crucial in financial time series forecasting. 

Similarly, Dixon, Klabjan, and Bang (2020) 

highlighted the effectiveness of convolutional neural 

networks (CNNs) in capturing temporal dependencies in 

financial time series data [3]. CNNs, originally designed for 

spatial data, have been adapted to handle sequential data by 

identifying local patterns over time. This ability to model 

complex, multi-dimensional data makes CNNs valuable for 

tasks such as volatility forecasting and sentiment analysis. 

In addition to LSTMs and CNNs, reinforcement 

learning (RL) has also been applied to HFT. RL algorithms 

can learn optimal trading strategies through interaction with 

the market environment, continuously improving their 

performance based on feedback. Liang et al. (2018) 

demonstrated how RL could develop adaptive trading 

strategies that outperform traditional rule-based approaches 

[11]. 

Despite these advancements, the integration of DL into 

HFT is not without challenges. Issues such as data quality, 

computational requirements, and model interpretability need 

to be addressed. Furthermore, the highly dynamic and 

regulated nature of financial markets adds layers of 

complexity to the deployment of DL models in HFT 

environments. 

This literature review underscores the transformative 

potential of DL in HFT, while also highlighting the need for 

further research and development to address the existing 

challenges and fully leverage DL's capabilities in financial 

trading. 

3 Methodology 

This paper employs a qualitative research methodology 

to explore the application of deep learning (DL) in high-

frequency trading (HFT). The methodology is structured 

around two main approaches: an extensive literature review 

and the analysis of relevant case studies. This dual approach 

allows for a comprehensive understanding of the current 

state of DL in HFT and helps identify both the opportunities 

and challenges associated with its implementation. 

 

3.1 Literature Review 

The literature review involves a systematic 

examination of existing research articles, white papers, and 

industry reports. The goal is to gather insights into the 

theoretical and practical aspects of integrating DL into HFT 

systems. The review covers a wide range of topics, 

including: 

HFT Strategies and Technologies: Analysis of the 

current state of HFT, including commonly used strategies 

such as market making, arbitrage, and momentum ignition, 
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and the technological infrastructure supporting HFT. 

Deep Learning Techniques: Examination of various 

DL architectures, such as convolutional neural networks 

(CNNs), recurrent neural networks (RNNs), and 

reinforcement learning (RL), with a focus on their 

capabilities and limitations in financial market applications. 

 
Figure 2: The Deep Recurrent Q-Network. 

Integration of DL in HFT: Review of studies that 

have successfully integrated DL into HFT, highlighting the 

benefits achieved, such as improved predictive accuracy and 

strategy optimization, as well as the challenges encountered, 

such as data quality issues and computational demands. 

Regulatory and Ethical Considerations: Overview of 

the regulatory landscape and ethical implications of using 

DL in HFT, including issues related to market manipulation, 

transparency, and fairness. 

3.2 Case Study Analysis 

The analysis of case studies provides practical insights 

into how DL algorithms are being applied in real-world HFT 

scenarios. Selected case studies include: 

Predictive Modeling with LSTM Networks: 

Examination of how long short-term memory (LSTM) 

networks are used for stock price prediction, focusing on the 

models' performance compared to traditional machine 

learning approaches. 

Reinforcement Learning for Trading Strategy 

Development: Analysis of the application of RL algorithms 

in developing adaptive trading strategies, assessing the 

effectiveness of these strategies in dynamic market 

conditions. 

Risk Management with Autoencoders: Evaluation of 

the use of autoencoders for modeling and predicting extreme 

market events, with a focus on improving risk management 

metrics such as Value at Risk (VaR) and Conditional Value 

at Risk (CVaR). 

3.3 Data Collection and Analysis 

Data for the literature review and case studies is 

collected from academic databases, industry publications, 

and financial market reports. The collected data is then 

analyzed to: 

Identify patterns and trends in the use of DL in HFT. 

Evaluate the performance and robustness of different 

DL models in HFT applications. 

Assess the practical challenges and limitations faced 

by practitioners in integrating DL into HFT systems. 

 

Figure 3: Agents’ performance while training, testing 

and bid-ask distribution on a random day (left to right) 

3.4 Synthesis and Interpretation 

The findings from the literature review and case study 

analysis are synthesized to provide a comprehensive 

overview of the state of DL in HFT. This synthesis involves: 

Summarizing the key opportunities presented by DL in 

HFT, such as enhanced predictive accuracy, real-time data 

processing capabilities, and improved risk management. 

Highlighting the challenges and limitations, including 

data quality issues, computational complexity, model 

interpretability, and regulatory compliance. 

Drawing conclusions and providing recommendations 

for future research and practical implementation of DL in 

HFT. 

By employing this qualitative research methodology, 

the paper aims to provide a detailed and nuanced 

understanding of how DL can be leveraged to enhance HFT 

and the obstacles that need to be addressed to achieve 

successful integration. 

4 Opportunities of DL in HFT 

4.1 Enhanced Predictive Accuracy 

Deep learning (DL) algorithms significantly enhance 

the predictive accuracy of high-frequency trading (HFT) 

systems by uncovering complex, non-linear relationships 

within financial data that traditional models might miss. 

Recurrent neural networks (RNNs), especially their variants 

like long short-term memory (LSTM) networks, are 

particularly effective for time series prediction due to their 

ability to capture temporal dependencies and trends [14]. 

These models excel in identifying patterns over time, 

making them invaluable for forecasting stock prices and 

market movements, which are crucial for developing 

effective trading strategies. 
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4.2 Real-Time Data Processing 

The capability of DL algorithms to process and 

analyze large volumes of data in real-time is a critical 

advantage for HFT. Real-time data processing allows traders 

to react to market changes instantaneously. Techniques such 

as online learning and incremental training enable DL 

models to update their parameters continuously as new data 

becomes available [12], allowing them to adapt swiftly to 

evolving market conditions (Sahoo, Chakraborty, & 

Mahapatra, 2018). This adaptability is essential in HFT, 

where the market landscape can shift rapidly, and timely 

adjustments can significantly impact profitability. 

4.3 Improved Risk Management 

DL algorithms also play a crucial role in enhancing 

risk management within HFT by providing more accurate 

and timely estimates of risk metrics. Techniques like 

autoencoders and generative adversarial networks (GANs) 

have been employed to model and predict extreme market 

events, which are vital for managing tail risks. For instance, 

autoencoders can detect anomalies and deviations from 

normal market behavior, enabling traders to preemptively 

address potential risks. Similarly, GANs can simulate 

various market conditions, helping in stress testing and 

scenario analysis to prepare for adverse events [15]. 

4.4 Automated Strategy Development 

Another significant opportunity provided by DL in 

HFT is the automation of trading strategy development. By 

learning from historical data, DL algorithms can identify 

profitable trading patterns and generate strategies that can be 

executed automatically. Reinforcement learning (RL), in 

particular, has shown great promise in this area. RL 

algorithms can develop adaptive trading strategies that 

optimize for various objectives, such as maximizing returns 

or minimizing risks, by continuously interacting with the 

market environment and learning from the outcomes of their 

actions (Liang et al., 2018). This ability to dynamically 

adjust strategies in response to market conditions can lead to 

more robust and effective trading systems. 

 

Figure 4: Market quality as maker-taker fees increase. 

Volatility, Liquidity and Agents’ Profitability (left to 

right) 

4.5 Sentiment Analysis and Market Sentiment 

Forecasting 

DL models, particularly those used in natural language 

processing (NLP), can analyze news articles, social media 

feeds, and other textual data to gauge market sentiment. 

Sentiment analysis can provide traders with insights into the 

general mood and opinions surrounding specific stocks or 

the market as a whole. By integrating sentiment analysis 

with trading algorithms, HFT systems can make more 

informed decisions that factor in public sentiment and 

potential market reactions (Hu, Liu, & Zhang, 2020). 

4.6 Portfolio Management Optimization 

DL algorithms can also optimize portfolio 

management by analyzing vast amounts of financial data to 

determine the best asset allocation strategies. By 

continuously learning from market data, DL models can 

adjust portfolio compositions to maximize returns while 

minimizing risks. This dynamic approach to portfolio 

management helps in achieving better diversification and 

aligning investments with market conditions (Heaton, 

Polson, & Witte, 2017). 

In summary, the integration of deep learning into high-

frequency trading offers numerous opportunities for 

enhancing predictive accuracy, real-time data processing, 

risk management, automated strategy development, 

sentiment analysis, and portfolio management. These 

advancements can lead to more sophisticated and reliable 

trading systems, ultimately improving market efficiency and 

trader profitability. 

5 Challenges of DL in HFT 

5.1 Data Quality and Quantity 

The effectiveness of deep learning (DL) algorithms in 

high-frequency trading (HFT) is heavily dependent on the 

quality and quantity of data. Financial markets generate 

enormous amounts of data every second, including price 

quotes, transaction volumes, and various economic 

indicators. However, this data is often noisy, unstructured, 

and prone to inconsistencies. Noise in data can obscure 

meaningful patterns, while unstructured data can complicate 

the preprocessing required for DL models. Ensuring high-

quality, clean data is crucial for training robust DL models 

[5], as poor data quality can lead to inaccurate predictions 

and suboptimal trading strategies (Feng, Heaton, & Polson, 

2018). Techniques such as data cleaning, normalization, and 

augmentation are essential to enhance data quality [5]. 

5.2 Computational Complexity 

Deep learning models are inherently computationally 

intensive, requiring significant processing power to train and 

deploy. This complexity is amplified in the context of HFT, 

where extremely low latency is critical for maintaining 

competitive advantage. The real-time processing 

requirements of HFT pose a challenge for deploying DL 

models, as even minor delays can lead to missed trading 

opportunities. To address this challenge, techniques such as 

model compression, which reduces the size and complexity 
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of DL models, and hardware acceleration using GPUs and 

TPUs, are employed [2]. These techniques help in achieving 

the necessary speed and efficiency for real-time trading 

environments (Cheng et al., 2018). 

5.3 Overfitting and Model Generalization 

Overfitting is a common issue in DL, where models 

perform exceptionally well on training data but fail to 

generalize to new, unseen data. This problem is particularly 

pronounced in financial markets, where market conditions 

can change rapidly and unpredictably. Overfitted models 

may capture noise in the training data as if it were a true 

signal, leading to poor performance in live trading scenarios. 

To mitigate overfitting, regularization techniques such as 

dropout, which randomly deactivates neurons during 

training, and early stopping, which halts training when 

performance on validation data starts to degrade, are 

employed[13]. Additionally, cross-validation and ensemble 

methods can help improve model generalization (Srivastava 

et al., 2014). 

5.4 Interpretability and Transparency 

Deep learning models are often regarded as "black 

boxes" due to their complex architectures, making it 

difficult to interpret their decisions. In financial markets, 

transparency and interpretability are crucial for gaining the 

trust of stakeholders, such as investors and regulatory 

bodies. The opaque nature of DL models can hinder 

understanding of how trading decisions are made, which is 

problematic for auditing and compliance purposes. 

Developing methods to enhance the interpretability of DL 

models, such as explainable AI (XAI) techniques that 

provide insights into model decision processes, is an 

ongoing area of research [4]. Transparent models are 

essential for ensuring that DL-driven trading strategies can 

be scrutinized and validated. 

5.5 Ethical and Regulatory Considerations 

The application of DL in HFT raises several ethical 

and regulatory concerns. One major concern is market 

manipulation, where sophisticated algorithms might be used 

to create unfair trading advantages or distort market prices. 

Additionally, issues of fairness and transparency are 

paramount, as HFT can potentially exacerbate market 

inequalities. Regulators are increasingly scrutinizing the 

impact of HFT on market stability and integrity, requiring 

firms to ensure that their DL-driven strategies comply with 

existing regulations. Ethical considerations also include the 

potential for DL models to reinforce biases present in 

historical data, leading to discriminatory practices. Ensuring 

compliance with regulatory requirements and addressing 

ethical concerns are critical for the sustainable adoption of 

DL in HFT [7]. Establishing robust governance frameworks 

and ethical guidelines for the use of DL in trading is 

necessary to align technological advancements with societal 

expectations. 

In summary, while the integration of deep learning in 

high-frequency trading presents numerous opportunities, it 

also poses significant challenges that must be carefully 

managed. Addressing issues related to data quality, 

computational complexity, overfitting, interpretability, and 

ethical considerations is essential for the successful and 

responsible implementation of DL in HFT. 

6 Case Studies 

Case Study 1: Predictive Modeling with LSTM 

Networks 

A notable example of DL in HFT is the use of LSTM 

networks for predictive modeling. Fischer & Krauss (2018) 

demonstrated that LSTM networks could outperform 

traditional machine learning models, such as logistic 

regression and random forests, in predicting stock prices. 

The study highlighted the ability of LSTMs to capture 

temporal dependencies and improve predictive accuracy. 

Case Study 2: Reinforcement Learning for 

Trading Strategy Development 

Liang et al. (2018) explored the application of 

reinforcement learning (RL) in developing trading strategies 

[11]. The study employed a deep Q-learning algorithm to 

optimize trading strategies based on historical market data. 

The RL-based approach outperformed traditional rule-based 

strategies, demonstrating the potential of RL in automated 

strategy development. 

Case Study 3: Risk Management with 

Autoencoders 

Zhao, Wang, & Sycara (2019) investigated the use of 

autoencoders for risk management in HFT [15]. The study 

employed variational autoencoders (VAEs) to model the 

distribution of asset returns and predict extreme market 

events. The VAEs provided more accurate estimates of risk 

metrics, such as VaR and CVaR, compared to traditional 

risk management models. 

7 Discussion 

The integration of deep learning (DL) algorithms in 

high-frequency trading (HFT) presents numerous 

opportunities for enhancing various aspects of trading 

systems. Enhanced predictive accuracy is one of the most 

significant benefits, as DL models such as LSTM networks 

and convolutional neural networks (CNNs) can uncover 

complex, non-linear relationships within financial data, 

leading to more accurate forecasts of market movements. 

This improved predictive power can inform better trading 

decisions and strategy development. 

Real-time data processing is another critical advantage 

of DL in HFT. The ability of DL models to process and 
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analyze large volumes of data instantaneously allows traders 

to react swiftly to market changes. Techniques like online 

learning and incremental training ensure that DL models 

remain adaptive to evolving market conditions, providing a 

continuous edge in a fast-paced trading environment. 

DL also offers improved risk management capabilities. 

Models such as autoencoders and variational autoencoders 

(VAEs) can predict extreme market events and provide 

more accurate estimates of risk metrics like Value at Risk 

(VaR) and Conditional Value at Risk (CVaR). These 

advanced risk management tools help traders better 

anticipate and mitigate potential losses, thereby enhancing 

overall trading robustness. 

Automated strategy development is facilitated by DL, 

particularly through reinforcement learning (RL). RL 

algorithms can develop and optimize trading strategies by 

learning from historical data and market interactions. This 

leads to the creation of adaptive strategies that can optimize 

for various objectives, such as maximizing returns or 

minimizing risks, without the need for constant human 

intervention. 

However, the integration of DL in HFT is not without 

challenges. Data quality and quantity are fundamental 

issues, as financial data can be noisy and unstructured. 

Ensuring high-quality, clean data is essential for training 

effective DL models. Computational complexity is another 

significant challenge, as DL models require substantial 

processing power and ultra-low latency to operate in real-

time trading environments. Techniques such as model 

compression and hardware acceleration are necessary to 

meet these demands. 

Overfitting and model generalization remain critical 

concerns. Overfitting occurs when models perform well on 

training data but fail to generalize to new data. 

Regularization techniques and robust validation methods are 

needed to ensure that DL models can generalize effectively 

in the volatile financial markets. 

Interpretability and transparency of DL models are 

crucial for gaining trust from stakeholders and complying 

with regulatory requirements. The "black box" nature of DL 

models makes it difficult to interpret their decisions, 

necessitating the development of methods to enhance model 

transparency and explainability. 

Ethical and regulatory considerations are also 

paramount. The use of DL in HFT raises concerns about 

market manipulation, fairness, and transparency. Ensuring 

compliance with regulatory requirements and addressing 

ethical issues are critical for the sustainable adoption of DL 

in HFT. Regulators must work closely with industry 

practitioners to develop frameworks that safeguard market 

integrity while allowing for technological innovation. 

8 Conclusion 

Deep learning algorithms have the potential to 

revolutionize high-frequency trading by improving 

predictive accuracy and enabling the development of more 

sophisticated trading strategies. The opportunities offered by 

DL include enhanced real-time data processing, improved 

risk management, and automated strategy development. 

However, significant challenges remain, such as data 

quality, computational complexity, overfitting, 

interpretability, and ethical considerations. 

Addressing these challenges requires ongoing research 

and collaboration between academia, industry, and 

regulators. By leveraging the strengths of DL and addressing 

its limitations, the future of HFT can be shaped by more 

robust, adaptive, and transparent trading systems. Continued 

advancements in DL techniques, combined with improved 

data management and regulatory frameworks, will be 

essential for realizing the full potential of DL in high-

frequency trading. The path forward involves not only 

technological innovation but also a commitment to ethical 

practices and regulatory compliance, ensuring that the 

benefits of DL in HFT are realized in a fair and sustainable 

manner. 

 

Acknowledgments 

The authors thank the editor and anonymous reviewers 

for their helpful comments and valuable suggestions. 

Funding 

Not applicable. 

Institutional Review Board 

Statement 

Not applicable. 

Informed Consent Statement 

Not applicable. 

Data Availability Statement 

The original contributions presented in the study are 

included in the article/supplementary material, further 

inquiries can be directed to the corresponding author. 

Conflict of Interest 

The authors declare that the research was conducted in 

the absence of any commercial or financial relationships that 

could be construed as a potential conflict of interest. 

Publisher's Note 

All claims expressed in this article are solely those of 



Academic Journal of Sociology and Management 

ISSN 3005-5040 (Print) | ISSN 3005-5059 (Online) | Vol. 2, No. 4, 2024   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES  33 

the authors and do not necessarily represent those of their 

affiliated organizations, or those of the publisher, the editors 

and the reviewers. Any product that may be evaluated in this 

article, or claim that may be made by its manufacturer, is not 

guaranteed or endorsed by the publisher. 

Author Contributions 

Not applicable. 

About the Authors 

WU, Ruibo 

Master of quantitative finance, University of California, 

San Diego. 

 

 

References 

[1] Aldridge, I. (2013). High-Frequency Trading: A 

Practical Guide to Algorithmic Strategies and Trading 

Systems. Wiley. 

[2] Cheng, Y., Wang, D., Zhou, P., & Zhang, T. (2018). 

Model compression and acceleration for deep neural 

networks: The principles, progress, and challenges. IEEE 

Signal Processing Magazine, 35(1), 126-136. 

[3] Dixon, M. F., Klabjan, D., & Bang, J. (2020). Machine 

Learning in Finance: From Theory to Practice. Springer. 

[4] Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous 

science of interpretable machine learning. arXiv preprint 

arXiv:1702.08608. 

[5] Feng, X., Heaton, J. B., & Polson, N. G. (2018). Deep 

learning for finance: deep portfolios. Applied Stochastic 

Models in Business and Industry, 34(1), 1-13. 

[6] Fischer, T., & Krauss, C. (2018). Deep learning with 

long short-term memory networks for financial market 

predictions. European Journal of Operational Research, 

270(2), 654-669. 

[7] Gomber, P., Arndt, B., Lutat, M., & Uhle, T. (2018). 

High-Frequency Trading. In Handbook on Securities 

Trading and Derivatives (pp. 61-96). Edward Elgar 

Publishing. 

[8] Goodfellow, I., Bengio, Y., & Courville, A. (2016). 

Deep Learning. MIT Press. 

[9] LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep 

learning. Nature, 521(755 

[10] 3), 436-444. 

[11] Liang, J., Zhao, J., Xu, X., Yu, H., & Jin, Y. (2018). 

Adversarial deep reinforcement learning in portfolio 

management. arXiv preprint arXiv:1808.09940. 

[12] Sahoo, S. R., Chakraborty, S., & Mahapatra, A. (2018). 

Online incremental machine learning algorithm for time 

series prediction. Expert Systems with Applications, 

102, 29-43. 

[13] Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, 

I., & Salakhutdinov, R. (2014). Dropout: A simple way 

to prevent neural networks from overfitting. Journal of 

Machine Learning Research, 15, 1929-1958. 

[14] Zhang, J., Aggarwal, C., & Qi, G. (2017). Stock price 

prediction through discovering multi-frequency trading 

patterns. In Proceedings of the 23rd ACM SIGKDD 

International Conference on Knowledge Discovery and 

Data Mining (pp. 2141-2149). 

[15] Zhao, J., Wang, W., & Sycara, K. (2019). Variational 

autoencoders for anomaly detection in HFT. IEEE 

Transactions on Computational Social Systems, 6(3), 

543-553.      

[16] Liu, T., Cai, Q., Xu, C., Zhou, Z., Ni, F., Qiao, Y., & 

Yang, T. (2024). Rumor Detection with a novel graph 

neural network approach. arXiv Preprint arXiv:2403. 

16206. 

[17] Liu, T., Cai, Q., Xu, C., Zhou, Z., Xiong, J., Qiao, Y., 

& Yang, T. (2024). Image Captioning in news report 

scenario. arXiv Preprint arXiv:2403. 16209. 

[18] Xu, C., Qiao, Y., Zhou, Z., Ni, F., & Xiong, J. (2024a). 

Accelerating Semi-Asynchronous Federated Learning. 

arXiv Preprint arXiv:2402. 10991. 

[19] Zhou, J., Liang, Z., Fang, Y., & Zhou, Z. (2024). 

Exploring Public Response to ChatGPT with Sentiment 

Analysis and Knowledge Mapping. IEEE Access. 

[20] Zhou, Z., Xu, C., Qiao, Y., Xiong, J., & Yu, J. (2024). 

Enhancing Equipment Health Prediction with Enhanced 

SMOTE-KNN. Journal of Industrial Engineering and 

Applied Science, 2(2), 13–20. 

[21] Zhou, Z., Xu, C., Qiao, Y., Ni, F., & Xiong, J. (2024). 

An Analysis of the Application of Machine Learning in 

Network Security. Journal of Industrial Engineering and 

Applied Science, 2(2), 5–12. 

[22] Zhou, Z. (2024). ADVANCES IN ARTIFICIAL 

INTELLIGENCE-DRIVEN COMPUTER VISION: 

COMPARISON AND ANALYSIS OF SEVERAL 

VISUALIZATION TOOLS. 

[23] Xu, C., Qiao, Y., Zhou, Z., Ni, F., & Xiong, J. (2024b). 

Enhancing Convergence in Federated Learning: A 

Contribution-Aware Asynchronous Approach. Computer 

Life, 12(1), 1–4. 

[24] Wang, L., Xiao, W., & Ye, S. (2019). Dynamic Multi-

label Learning with Multiple New Labels. Image and 

Graphics: 10th International Conference, ICIG 2019, 

Beijing, China, August 23--25, 2019, Proceedings, Part 

III 10, 421–431. Springer. 



Academic Journal of Sociology and Management 

ISSN 3005-5040 (Print) | ISSN 3005-5059 (Online) | Vol. 2, No. 4, 2024   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES  34 

[25] Wang, L., Fang, W., & Du, Y. (2024). Load Balancing 

Strategies in Heterogeneous Environments. Journal of 

Computer Technology and Applied Mathematics, 1(2), 

10–18. 

[26] Wang, L. (2024). Low-Latency, High-Throughput Load 

Balancing Algorithms. Journal of Computer Technology 

and Applied Mathematics, 1(2), 1–9. 

 

 

 


