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Abstract: the complexity and volatility of global financial markets increase, traditional market
forecasting and risk control methods can no longer effectively cope with the various uncertainties in
the modern financial environment. Therefore, financial market prediction and risk control based on
deep reinforcement learning has become a research hotspot. This paper proposes a market turbulence
prediction and risk control model based on the improved A3C algorithm, aiming to improve the
accuracy of market volatility prediction and the precision of risk control through reinforcement
learning methods. Through experimental verification on multiple public financial data sets, the
model proposed in this paper is superior to traditional reinforcement learning algorithms such as Q-
learning, DQN, and PPO in terms of prediction accuracy, risk control accuracy, and convergence
speed, showing strong learning ability and adaptability. In terms of model design, the parallel
mechanism and advantage function are combined to significantly improve the training efficiency and
model stability. Experimental results show that the model proposed in this paper can not only
effectively capture the patterns of market turbulence but also adjust strategies according to real-time
market data, thereby achieving effective control of risks. In addition, this paper also analyzes the
contribution of each module to the model performance through ablation experiments, further
verifying the effectiveness and advantages of the model. Finally, this paper looks forward to future
research on market forecasting and risk control technology based on deep reinforcement learning. It
is believed that with the continuous advancement of technology, Al-based financial risk management
will play an increasingly important role in practical applications. It has become a powerful tool to
enhance the stability of financial markets and respond to unexpected market risks.

Keywords: market turbulence prediction; risk control; A3C algorithm; reinforcement learning

1. Introduction

With the acceleration of globalization, the volatility of financial markets is increasing. The
occurrence of market turmoil not only has a profound impact on economic development but also
poses a huge challenge to the stability of investors, financial institutions, and the entire society [1].
Market turmoil is usually manifested in stock market crashes, currency depreciation, rising credit
risks, and other phenomena, which bring a lot of financial risks. How to predict market turmoil in a
complex and dynamic financial environment in a timely manner and effectively control risks has
become an important issue to be solved in the field of financial technology [2]. With the rapid
development of artificial intelligence technology, especially the successful application of deep
reinforcement learning in many fields, more and more scholars and practitioners have begun to try
to apply it to the prediction and risk management of financial markets [3,4].
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As an advanced deep reinforcement learning algorithm, the A3C (Asynchronous Advantage
Actor-Critic) algorithm has demonstrated its powerful ability in solving high-dimensional and
complex problems through its unique parallel training mechanism [5]. The A3C algorithm merges
the policy gradient method and the value function method, enabling the acquisition of more stable
and efficient decision-making strategies while processing vast datasets. In the task of market turmoil
prediction and risk control, the A3C algorithm can understand the inherent laws of market behavior
by learning historical market data, and make optimal decisions in a dynamically changing market
environment. Therefore, the research on market turbulence prediction and risk control model based
on the A3C algorithm has important theoretical significance and practical value [6].

The prediction of market turbulence is not only the modeling of financial data but also a deep
insight into the potential risks of the market. Traditional financial market prediction methods mostly
rely on statistical models and machine learning algorithms, which usually cannot fully consider the
complexity and nonlinear characteristics of the market. Especially when the market environment
changes, traditional methods often cannot respond flexibly. The introduction of the A3C algorithm
can gradually optimize the strategy in the process of interaction with the market through its
reinforcement learning characteristics, and adjust the decision according to the real-time feedback of
the market, which has stronger adaptability and flexibility [7]. In this context, A3C algorithm
provides a new idea for financial risk management.

In addition to predicting market turbulence, risk control remains crucial in finance. Traditional
approaches that rely on historical data and risk metrics often struggle with sudden market swings
and rare events. An A3C-based risk strategy can dynamically adjust portfolios and exposures,
mitigating losses through rapid responses. By simulating multiple market scenarios, A3C learns
optimal strategies that boost system stability. Optimizing the A3C architecture for financial contexts
thus stands as a key focus in advancing market resilience.

2. Related Work

Deep reinforcement learning (DRL) has shown strong potential for financial market prediction
and risk control due to its ability to continuously learn and adapt in complex, dynamic environments.
The A3C algorithm, as an advanced actor-critic framework, combines value estimation and policy
optimization, making it particularly effective for high-dimensional financial data and non-stationary
markets. Yao [8] applied nested reinforcement learning to dynamic risk control tasks, demonstrating
the value of multi-level decision-making strategies that improve adaptability in rapidly changing
financial markets. This hierarchical approach offers important insights for enhancing turbulence
prediction and risk control models.

To further improve model adaptability, Wu et al. [9] proposed an improved BERT model that
integrates adaptive attention mechanisms and feature embeddings to better capture key information
in high-dimensional environments. These techniques are highly valuable for financial market
prediction, where the ability to focus on critical signals—such as volatility surges or economic
shocks—can significantly enhance prediction accuracy. Hybrid modeling strategies also contribute
to improving forecasting precision in complex environments. Deng [10] combined association rules
with LSTM networks to improve spatiotemporal forecasting, illustrating how integrating statistical
pattern mining with deep sequence learning can improve both interpretability and performance. This
hybrid approach is particularly relevant when designing turbulence prediction models capable of
capturing both historical trends and real-time anomalies.

Handling sparse or unbalanced data is another critical challenge in financial risk control,
especially when predicting rare turbulence events. Gao et al. [11] applied transfer learning and meta-
learning techniques to few-shot text classification, offering valuable strategies for enhancing model
generalization with limited labeled data—a problem highly relevant for rare market disruptions.
Similarly, Du et al. [12] proposed a structured reasoning framework that leverages probabilistic
modeling to improve classification under imbalance, providing a methodological foundation for
improving how reinforcement learning agents weigh rare but high-impact market events. Adaptive


https://doi.org/10.20944/preprints202505.0602.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 May 2025 d0i:10.20944/preprints202505.0602.v1

30of 9

learning frameworks have also proven effective in dynamic financial contexts. Long et al. [13]
introduced an adaptive sequence network for evolving transaction patterns, showing the benefits of
continuously adjusting to new data. Combined with real-time data streams, such adaptability is
crucial for reinforcement learning agents tasked with market risk control.

In addition to these core techniques, data fusion and representation learning are becoming
increasingly important for improving financial modeling. Hu et al. [14] applied contrastive learning
to enhance cold-start recommendations through adaptive feature fusion, a strategy that can be
extended to financial data by combining price, sentiment, and macroeconomic indicators into richer
state representations. Similarly, Liao et al. [15] explored fine-tuning strategies with knowledge graphs
to incorporate domain-specific knowledge into pre-trained models, which can enhance the contextual
awareness of reinforcement learning agents in financial environments. While some works focus on
other application areas, the underlying methods contribute useful techniques. Wang et al. [16]
demonstrated how deep learning can effectively handle complex feature spaces in quality assessment
tasks, while Du [17] applied convolutional networks to anomaly detection in financial statements,
highlighting the broader value of deep feature extraction techniques. These foundational methods
support the development of more robust financial market prediction and risk control systems.

Collectively, these works provide important methodological building blocks that contribute to
the development of the proposed improved A3C-based model, supporting its enhanced ability to
predict turbulence, dynamically control risk, and adapt to evolving financial conditions.

3. Method

In this study, the A3C (Asynchronous Advantage Actor-Critic) algorithm is used to build a
market turbulence prediction and risk control model. The A3C algorithm is an algorithm based on
reinforcement learning, which combines the policy gradient method and the value function method.
It uses multiple parallel agents to independently learn in different environments and finally converge
the results, solving the stability problem in traditional reinforcement learning methods [18].
Specifically, the A3C algorithm continuously updates the strategy and value function to learn the
optimal control strategy to achieve the goal of predicting market turbulence and controlling risks. Its
specific architecture is shown in Figure 1.

Inputs

> Embedding

599909
|| 7

Figure 1. Overall model architecture.

First of all, the basic framework of reinforcement learning is to learn through the interaction
between the agent and the environment. The goal of the agent is to learn the optimal strategy by
maximizing the accumulated returns. In the problem of market turbulence prediction and risk control,
the agent can be regarded as an investor or trading system, and the environment is the market itself.
The market state can be described by a set of historical data, such as stock prices, trading volumes,
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volatility, interest rates, etc. The agent observes these market states, takes a series of actions, and
obtains reward signals based on market feedback.

The core idea of the A3C algorithm is to simultaneously learn the policy function (Actor) [19]
and the value function (Critic) through the "Actor-Critic" architecture [20]. Specifically, assuming that

at a certain moment, the state of the environment is s,, the agent selects action a, according to the

current strategy, and obtains reward 7,

and a new state s§,,, after executing the action in the
environment. Through this process, the goal of the agent is to maximize the total reward it obtains.

The total reward can be represented by the cumulative discounted reward, recorded as:
k
Gt = Zl" Ttk
k=0

Among them, r is the discount factor, which controls the degree of attenuation of future
rewards.

In the A3C algorithm, the role of the Critic is to guide the Actor's strategy optimization by
estimating the value function V(s,) in the current state. The value function V(s,) refers to the

expected total reward that can be obtained by executing the current strategy in state s,. The Critic
updates the value function through the following error:
O, =1+ 7V (s,)=V(s,)
Among them, O, is called TD error, which represents the deviation of the current value

function estimate. The goal of Critic is to minimize this error, so as to make the value function more
accurate.
On the other hand, the goal of the Actor is to adjust the strategy 77(a, |s,) so that the agent can

choose the best action in each state. The Actor updates the strategy by maximizing the expected
return, which can be achieved through the policy gradient method. The calculation of the policy
gradient can be expressed as:
VGJ(Q) = E[Ve 10g 7Z'9(S“ at) ) 51]
Among them, 7,(s,,a,)represents the probability distribution of selecting action a, given
state s,, @ is the parameter of the policy network, and 0, is the TD error calculated by the Critic.

Through this gradient update, the Actor can gradually adjust the strategy so that the agent can learn
the optimal behavior in long-term interaction.

In order to improve the training efficiency and stability of the A3C algorithm, A3C adopts a
parallel training mechanism. Multiple agents are trained independently in different copies of the
environment, sharing global parameters with each other. This parallel training method can
significantly accelerate the convergence of the algorithm and avoid the problem of falling into local
optimality that a single agent may encounter during training. Specifically, multiple agents update
parameters through local networks and synchronize the updated results to the global network,
thereby accelerating the learning process of the model.

In practical applications, the prediction and risk control of market turbulence not only rely on
historical market data but also need to account for the nonlinear characteristics and complex dynamic
changes of the market. Therefore, during the training process, in addition to traditional basic
information such as stock market prices and trading volumes, some derivative indicators such as the
volatility index, macroeconomic data, policy changes, etc., can also be introduced to enhance the
model’s ability to capture market sentiment and risks. At the same time, when faced with a variety
of risk control strategies, the A3C algorithm can effectively process large-scale data and self-regulate
in complex environments, broadening its application prospects in financial risk management.

Finally, when predicting market turmoil and controlling risks, the A3C algorithm needs to be
trained with a large amount of historical data so that the agent can identify the pattern of market
fluctuations and take effective risk-hedging measures. During the training process, the agent adjusts
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its strategy through continuous interaction and feedback so that it can perform efficient risk control
in a real market environment. Through the A3C algorithm, financial institutions can obtain more
accurate market forecasts and then take flexible risk control measures to reduce the impact of market
turmoil on investment portfolios and improve the robustness and return level of overall assets.

4. Experiment

4.1. Datasets

The financial market dataset used in this study is "Yahoo Finance Stock Market Data", which
contains historical trading data of multiple stock markets, including daily opening price, closing
price, highest price, lowest price, trading volume, and other information. The dataset covers multiple
financial markets and provides long-term historical data, which is suitable for tasks such as market
trend analysis and volatility prediction. The source of the dataset is Yahoo Finance, which is widely
used in research and model testing in the financial field and has good openness and credibility. In
this study, the stock market price, trading volume and other technical indicators in the dataset are
mainly used as input features, combined with the occurrence of market turmoil, to train the
prediction and risk control model based on the A3C algorithm. This dataset can provide us with
enough historical data to support deep learning and analysis of market dynamics, and has strong
representativeness and practicality.

4.2. Experimental Results

In this study, we conducted comparative experiments to validate the effectiveness of the market
turbulence prediction and risk control model based on the enhanced A3C algorithm. Specifically, we
selected Q-learning, Deep Q-Network (DQN), and Proximal Policy Optimization (PPO) as
comparison models. These algorithms are fundamental reinforcement learning techniques and are
widely utilized in diverse tasks. Q-learning is a discrete state space reinforcement learning algorithm
based on the value function, suitable for relatively simple environments. DQN addresses the
challenges encountered by Q-learning in high-dimensional spaces by incorporating deep neural
networks, enabling it to handle more complex tasks. PPO is an algorithm based on policy gradients
that enhances learning stability by limiting the magnitude of policy updates. By comparing these
models with the A3C algorithm, we can comprehensively assess its performance in market
turbulence prediction and risk control, thereby verifying its advantages and potential in practical
applications. The experimental results are presented in Table 1.

Table 1. Experimental Results.

Average | Converge | Optimal risk
Model

Return | nce speed | control accuracy
Q-
learnin | 35.12 500000 85.6
8

DQON 40.18 450000 89.2
PPO 42.31 400000 91.1
Ours 45.23 350000 92.5

From the experimental results, it is evident that the model proposed in this paper outperforms
all other compared models, particularly in critical indicators such as average return, convergence
speed, and optimal risk control accuracy. Notably, the average return of the proposed model
achieved 45.23, which is substantially higher than that of DQN (40.18), PPO (42.31), and Q-learning
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(35.12). This demonstrates that the model exhibits superior capabilities in acquiring high-quality
returns and demonstrating enhanced learning capabilities and strategy optimization effects.

In terms of convergence speed, the training steps of the proposed model are 350,000 steps, which
is significantly lower than other models, especially the 500,000 steps of Q-learning. This shows that
the model proposed in this paper can learn the optimal strategy faster, reduce training time, and
improve training efficiency. This is very important in practical applications because the dynamic
changes in the financial market require the model to be able to make effective decisions in a shorter
period of time to avoid missing market opportunities due to too long training.

In addition, in terms of risk control accuracy, the model proposed in this paper achieved an
optimal accuracy of 92.5%, which is also a significant advantage over other models. DQN and PPO
achieved 89.2% and 91.1% accuracy respectively, while Q-learning achieved the lowest accuracy of
85.6%. This shows that the model proposed in this paper can respond to market fluctuations more
accurately and effectively reduce potential risks when dynamically adjusting risk control strategies,
further verifying its superiority in a complex financial environment. In summary, the model
proposed in this paper shows strong capabilities in market turbulence prediction and risk control
tasks and has higher practical value and application potential.

At the same time, we also conducted ablation experiments, and the experimental results are
shown in Table 2.

Table 2. Ablation experiments.

Optimal risk
Average | Converge
Model control
Return nce speed
accuracy
A3C 38.12 400000 83.7
+Parallel
Mechanis | 40.50 350000 85.4
m
+Advant
age 42.13 400000 88.2
function
Ours 45.23 350000 92.5

Gradually incorporating additional modules produces notable gains in performance. The
baseline A3C model yields an average return of 38.12, converges at 400,000 steps, and achieves 83.7%
risk control accuracy —indicating room for improvement. Adding a parallel mechanism raises the
average return to 40.50, speeds convergence to 350,000 steps, and boosts accuracy to 85.4%.
Introducing the advantage function further increases the average return to 42.13 and risk control
accuracy to 88.2%, though convergence remains at 400,000 steps. These results confirm that
combining both parallelization and the advantage function provides the most comprehensive
performance. Figure 2 illustrates the relationship between strategy learning and market volatility.
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Strategy Learning and Market Fluctuations
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Figure 2. Strategy learning and market volatility.

From this figure, we can see the relationship between market volatility (percentage change in
stock price) and strategy decisions (buy, sell, hold). The red dots in the figure represent buy actions,
the blue dots represent sell actions, and the gray dots represent hold. The amplitude of market
volatility varies greatly, which means that the risk of the market varies in different time periods. First,
we can observe that the severity of market volatility affects the choice of strategy. For example, during
periods of large market volatility, there may be more sell-and-buy decisions, while in more stable
markets, the proportion of hold actions is higher. The distribution of points in the figure also shows
that when the market fluctuates more, the model's decisions become more frequent, especially in time
periods with large stock price changes. the model tends to adopt a buy or sell strategy, which may be
to cope with sudden market risks.

In addition, the fluctuation of market risk not only affects the frequency of strategy decisions but
also affects the execution effect of the strategy. In some periods of large volatility, investors or models
may be more inclined to adopt defensive strategies (such as selling or holding) to reduce possible
losses. Conversely, when the market volatility is small or the stock price is stable, the model may be
more inclined to adopt offensive strategies (such as buying), expecting to gain more benefits in a
stable market environment. This risk management strategy is critical in practical financial decision-
making, especially when dealing with market uncertainties.

5. Conclusions

Through the market turbulence prediction and risk control model based on the A3C algorithm
proposed in this paper, we verified the effectiveness of the model in dealing with complex financial
market environments. Experimental results show that the model proposed in this paper outperforms
traditional reinforcement learning methods in multiple indicators, especially in prediction accuracy,
risk control accuracy and convergence speed. This proves that deep reinforcement learning,
especially the A3C algorithm, can effectively cope with the nonlinear characteristics and dynamic
changes of the market and become an important tool in financial risk management.

Despite certain successes, there are still some challenges and room for improvement. Future
research can further optimize the structure of the model, such as by introducing more market factors
and macroeconomic indicators to enhance the model's predictive ability. In addition, with the
continuous development of the financial market, the uncertainty and complexity of the market are
also increasing. Therefore, the model needs to constantly adapt to the new market environment,
especially in the face of extreme market fluctuations, how to improve the robustness and stability of
the model is still an urgent problem to be solved.

Looking forward to the future, the market turbulence prediction and risk control model based
on the A3C algorithm has broad application prospects. With the continuous advancement of deep
learning and reinforcement learning technology, the application scope of the model can be further
expanded in the future, such as combining real-time market data for online learning, or combining
multiple machine learning algorithms to improve the comprehensive performance of the model. As
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financial technology continues to develop, using advanced artificial intelligence technology to
accurately predict market turmoil and control risks will provide financial institutions and investors
with more accurate decision-making support, thereby enhancing the stability and risk resistance of
the entire financial system.
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