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Abstract: The impact of financial risks extends beyond the normal operation and survival of 
industrial and commercial enterprises and financial institutions. They also have the potential to 
impede the stable development of a country's and even the world's financial economy. This is clearly 
demonstrated by the severe consequences of the frequent financial crises that have occurred in 
recent years. It thus follows that the prevention of financial risks has become one of the core tasks 
of the operation and management of industrial and commercial enterprises and financial 
institutions. Portfolio optimization techniques are employed in the construction of a variety of asset 
allocation models, with reinforcement learning algorithms used to dynamically adjust investment 
strategies with the objective of maximizing returns and minimizing risks. The preliminary 
construction of an asset allocation model is achieved through the utilization of a genetic algorithm. 
Genetic algorithms emulate the processes of natural selection and genetic variation to identify the 
optimal portfolio of assets that will yield the greatest returns at a pre-established level of risk. 
Subsequently, the Deep Q-Learning algorithm is introduced to facilitate dynamic adjustments and 
optimization of the asset allocation, based on the initial construction. Deep Q-learning employs deep 
neural networks to forecast the prospective returns of disparate investment strategies, thereby 
optimizing the decision-making process through continuous learning and updating. The 
combination of genetic algorithms and deep Q-learning enables the system to identify the optimal 
investment strategy under a diverse range of initial conditions and to adapt it in real-time to respond 
to market fluctuations and uncertainties. The experimental analysis demonstrates that the proposed 
method exhibits an exemplary capacity for risk control and a robust ability to generate stable income 
growth across diverse market environments. In simulation experiments, portfolios constructed 
using this method demonstrate lower volatility and higher average returns than those generated 
through traditional methods. 
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1. Introduction 

Financial mathematics is a nascent interdisciplinary field that bridges the domains of 
mathematics and finance. The discipline employs contemporary mathematical theories and 
methodologies, including stochastic analysis, stochastic optimal control, combinatorial analysis, 
nonlinear analysis, multivariate statistical analysis, mathematical programming, and modern 
calculation techniques, to undertake quantitative analysis and research on the theoretical and 
practical aspects of financial instruments and markets within the financial domain (encompassing 
investment, creditor rights, funds, futures, options, banking functions, and other financial 
instruments and markets). The field of financial mathematics has experienced exponential growth, 
becoming one of the most rapidly expanding branches of applied mathematics [1]. 

The term 'financial mathematics' was first used in the late 1980s and emerged as a direct result 
of two significant developments in Wall Street: the advent of portfolio selection theory and option 
pricing theory. The field's central concerns encompass the theory of optimal investment strategy 
selection, pricing theory, and market theory in an uncertain environment. The three principal 
concepts are arbitrage, optimality and equilibrium. It is therefore of particular importance to study 
the operational rules of financial markets, the selection of asset portfolios, the design and pricing of 
financial derivatives, the analysis and management of risks, and the analysis of related investment 
decisions. 

The asset portfolio theory provides the foundation for a portfolio decision-making model, which 
is informed by the mathematical optimization theory and stochastic process processing method. 
These tools are employed to investigate frontier topics in financial risk management and to develop 
a portfolio risk decision-making theory. This not only contributes to the enhancement of the financial 
theory system, but also has significant theoretical implications [2]. The advancement of financial 
mathematics furnishes a robust theoretical foundation for financial practice, thereby facilitating the 
innovation and optimization of financial instruments and markets. 

Over the past two decades, the global financial market has undergone significant expansion, 
driven by tremendous factors, including economic globalization, financial integration, the 
development of modern financial theory, the advent of information technology and the emergence 
of financial innovation. Nevertheless, the resulting market turbulence has also intensified the risks 
faced by business enterprises and financial institutions in the financial markets to an unprecedented 
degree. Despite the profitability of these institutions in the market, they are also facing an increase in 
financial risk [3]. The potential for financial risks to affect not only the normal operation and survival 
of enterprises and financial institutions but also the stability of a country's and even the world's 
financial economy is a significant concern. The severe repercussions of the numerous financial crises 
that have occurred in recent years serve to exemplify this assertion. Consequently, financial risks 
have become a focal point of attention for a diverse range of stakeholders, including global industrial 
and commercial enterprises, financial institutions, policy authorities, and academic circles. The 
prevention of financial risks has consequently become a pivotal aspect of the operational and 
managerial strategies of industrial and commercial enterprises and financial institutions [4]. 

The term "risk" is typically used to describe the potential for uncertain or volatile outcomes in 
future scenarios. In contemporary business operations, three principal categories of risk may be 
identified: strategic risks, business risks and financial risks. Among these, financial risk is the most 
significant and readily quantifiable. Financial risk may be defined as the uncertainty or volatility of 
a company's future earnings, which is directly related to the volatility of the financial markets 
themselves. In general, uncertainty regarding future earnings encompasses uncertainty regarding 
future profits and losses. Financial risk specifically denotes the potential for financial assets or 
earnings to be impaired due to shifts in financial market variables that negatively impact the 
enterprise's cash flow, ultimately leading to a decline in its value [5]. To illustrate, fluctuations in 
interest rates, exchange rates or commodity prices, in addition to the risk of default due to the 
deterioration of the debtor's debt position, have the potential to negatively impact the value of a 
company's assets and earnings. 
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The classification of financial risks is based on their nature and source. There are five principal 
categories: market risk, credit risk, liquidity risk, operational risk and legal risk. Furthermore, 
financial risks can be classified according to their internal and external causes, resulting in the 
distinction between systemic risks and unsystematic risks. Systemic risk can be defined as the risk 
that arises from changes in macroeconomic factors within the financial environment, including 
interest rates, exchange rates, global oil prices and inflation. Unsystematic risk is the risk caused by 
changes in certain factors within the company or organization [6]. These factors may include changes 
in the company's senior leadership, product quality problems, and some unexpected factors. It is 
therefore imperative that these financial risks are understood and managed effectively to ensure the 
continued health and sustainable development of businesses and financial institutions [7]. An 
efficacious risk management strategy can facilitate not only the avoidance of prospective losses but 
also the attainment of stable growth in a volatile market environment. 

2. Related Work 

The fundamental aspects of risk management technology are risk measurement, risk assessment 
and risk monitoring. Risk measurement provides the foundation for the implementation of other risk 
management technologies. One of the fundamental principles of risk measurement is the market 
valuation of each trading position, which is commonly referred to as the "mark-to-market" approach. 
It is imperative that valuation standards and models be endorsed by the risk management 
department to guarantee their accuracy and reliability. The second basis is the decomposition of risk, 
which involves the disaggregation of market risk into its constituent market factor risks [8]. This 
approach ensures that each risk can be accurately quantified and managed using appropriate 
measurement methods. The implementation of risk measurement enables companies to anticipate 
and respond to a range of potential risks by providing a comprehensive and accurate assessment of 
the potential losses that may be incurred under varying market conditions. In particular, the risk 
management department is required to implement a comprehensive risk measurement system, 
comprising both quantitative and qualitative analysis tools. The utilization of quantitative analysis 
tools including Value at Risk (VaR), Conditional Value at Risk (CVaR), and volatility models, enables 
companies to gain a comprehensive understanding of their risk exposure. In contrast, qualitative 
analysis enables companies to identify potential sources of risk and implement corresponding 
countermeasures. This is achieved through expert assessments, scenario analysis, and stress testing 

[9]. 
At the present time, there is a substantial corpus of research on the mean-at-risk (M-VaR) model. 

In a previous study, G.L. Alexander [10] and colleagues proposed an M-VaR model for comparing 
the discrepancy between the effective boundaries of the M-V and M-VaR models through analytical 
methods. The findings indicate that when the confidence level is equal to or greater than a specified 
threshold, the effective boundary of the M-VaR model is present. As the confidence level approaches 
1, the effective boundary of the M-VaR model exhibits a gradual convergence with that of the M-V 
model. Further discussion reveals that the M-VaR model is a widely utilised tool in the field of 
financial risk management. The incorporation of VaR, a risk measurement tool, enhances the model's 
capacity to predict extreme risk events. VaR represents the maximum potential loss that a portfolio 
may sustain over a specified confidence interval. In comparison to the conventional M-V model, the 
M-VaR model is more effective in identifying and quantifying the extreme risks inherent in the 
market. This is of paramount importance in safeguarding investors from substantial losses. 

Furthermore, the effective boundary analysis of the M-VaR model offers investors a more 
comprehensive perspective on the risk-return trade-off. In practice, investors are able to select 
portfolios that align with their desired level of confidence, thereby optimizing the balance between 
risk and return. For instance, at elevated levels of confidence, investors may choose to allocate assets 
in a more conservative manner, thereby ensuring the control of potential losses in the event of an 
extreme market downturn. In the context of lower confidence levels, investors may elect to pursue 
more aggressive strategies with the objective of attaining higher expected returns. 
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Additionally, Wu et al. [11] employed a reinforcement learning model that integrated 
convolutional neural networks (CNNs) and recurrent neural networks (RNNs) for the purpose of 
portfolio management. They also proposed a novel reward function based on the Sharpe ratio for the 
assessment of the developed portfolio management system. In comparison to the conventional 
trading return reward function, the reward function based on the Sharpe ratio offers a more 
advantageous means of evaluating the performance of the model. In comparison to the Sharpe ratio, 
the Sortino ratio imposes a penalty on downward volatility, while demonstrating superior returns 
during the processes of agent learning and exploration. In particular, the Sharpe ratio reward 
function assesses the model by quantifying the excess return per unit of risk, thereby emphasizing 
the equilibrium between benefits and risks.  

This approach enables the agent to optimize its investment strategy in accordance with 
prevailing market conditions, thereby facilitating the attainment of more stable returns. However, 
the Sharpe ratio incorporates the total volatility both upside and downside into the calculation, which 
may result in agents being unduly constrained in their pursuit of high returns. In contrast, the Sortino 
ratio reward function is designed to penalize downside volatility, thereby facilitating the 
management of downside risk for portfolios. In the context of reinforcement learning, this approach 
enables the pursuit of higher returns while mitigating the risk of losses. In practical applications, the 
reward function based on the Sortino ratio allows the agent to demonstrate enhanced adaptability 
and a superior return level in response to market fluctuations. 

3. Methodologies 

In this section, we establish a variety of asset allocation models through portfolio optimization 
techniques and use reinforcement learning algorithms to dynamically adjust investment strategies. 

3.2. Combination Optimization 

We initially define the initial population, where each individual represents a potential asset 
allocation vector 𝑋𝑋. Further, each individual's fitness is assessed using a fitness function, which is 
typically based on expected benefits and risks. The fitness function is defined as Equation 1. 

𝑓𝑓(𝑥𝑥) = 𝑥𝑥𝑇𝑇𝜇𝜇−𝑟𝑟𝑓𝑓
√𝑥𝑥𝑇𝑇Εx

  (1) 

Where 𝜇𝜇 is the expected return vector, 𝑟𝑟𝑓𝑓 is the risk-free rate, and Ε is the covariance matrix 
of the return on assets. Individuals are selected for reproduction according to fitness, and individuals 
with higher fitness are more likely to be selected. Combining selected individuals to produce 
offspring, cross-operation is defined as Equation 2. 

𝑥𝑥𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑥𝑥𝑖𝑖 + (1 − 𝛼𝛼)𝑥𝑥𝑗𝑗 (2) 

Where 𝑥𝑥𝑖𝑖  and 𝑥𝑥𝑗𝑗  are the parent individuals, 𝛼𝛼  is the crossover rate. Random variation is 
introduced through mutation, which is defined as Equation 3, where 𝜖𝜖  is a small random 
perturbation vector. Finally, the selection, crossover, and mutation process is repeated until a 
convergence or predetermined number of iterations is reached. This process aims to optimize asset 
allocation over time by simulating natural evolution to maximize returns at a specific level of risk. 

𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑥𝑥𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜖𝜖 (3) 

We use the genetic algorithm to construct a preliminary asset allocation model, and find the best 
asset mix by simulating natural selection and genetic variation to maximize returns at a 
predetermined risk level. The process involves defining the initial population, assessing individuals 
using a fitness function based on expected benefits and risks, selecting individuals with higher fitness 
for reproduction, generating new individuals through crossover and mutation, and iterating until 
convergence or a predetermined number of iterations is reached. This process improves the overall 
return and risk management capabilities of the portfolio by gradually optimizing asset allocation. 

3.2. Deep Q-Learning 
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On the basis of the initial construction, we introduce the Deep Q-Learning algorithm to 
dynamically adjust and optimize asset allocation. Deep Q learning uses deep neural networks to 
estimate the future returns of different investment strategies and optimize the decision-making 
process through continuous learning and updating. We define the status of time t st, including 
relevant market information and current portfolio weights. The status is represented 𝑠𝑠𝑡𝑡 = {𝑤𝑤𝑡𝑡 ,𝑚𝑚𝑡𝑡}, 
where 𝑤𝑤𝑡𝑡  is the current asset weight, and 𝑚𝑚𝑡𝑡 is the market information vector. The action space 
defines action at as the redistribution of assets in the portfolio. Actions are expressed as  𝑎𝑎𝑡𝑡 = {∆𝑤𝑤𝑡𝑡}, 
where ∆𝑤𝑤𝑡𝑡  is the change vector of the asset weight. Use the reward function 𝑅𝑅𝑡𝑡  to evaluate the 
performance of your portfolio. Commonly used reward functions are based on the Sharpe Ratio or 
other performance metrics. The reward function of the Sharpe ratio is defined as Equation 4. 

𝑅𝑅𝑡𝑡 =
𝑟𝑟𝑝𝑝,𝑡𝑡 − 𝑟𝑟𝑓𝑓
𝜎𝜎𝑝𝑝,𝑡𝑡

 (4) 

Where 𝑟𝑟𝑝𝑝,𝑡𝑡  is the return of the portfolio at time 𝑡𝑡, and 𝜎𝜎𝑝𝑝,𝑡𝑡  is the standard deviation of the 
portfolio. To better capture tail risk, a reward function based on CVaR (Conditional Value at Risk) 
can be used, which is expressed as Equation 5, where 𝐶𝐶𝑉𝑉𝑉𝑉𝑉𝑉𝛼𝛼(𝑟𝑟𝑝𝑝) is the conditional value at risk of 
the portfolio's return at a confidence level of 𝛼𝛼. 

𝑅𝑅𝑡𝑡 =
𝑟𝑟𝑝𝑝,𝑡𝑡 − 𝑟𝑟𝑓𝑓

𝐶𝐶𝑉𝑉𝑉𝑉𝑉𝑉𝛼𝛼(𝑟𝑟𝑝𝑝)
 (5) 

Use the Bellman equation to update the Q value function. Q-value function 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) represents 
the discounted value of the expected total future return after state 𝑠𝑠𝑡𝑡 taking action 𝑎𝑎𝑡𝑡. Bellman's 
equation is defined as Equation 6, where 𝛼𝛼 is the learning rate, 𝛾𝛾 is the discount factor, 𝑎𝑎′ is the 
next state, and 𝑠𝑠𝑡𝑡+1 is all possible actions. 

𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) ← 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) + 𝛼𝛼[𝑅𝑅𝑡𝑡 + 𝛾𝛾𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎′𝑄𝑄(𝑠𝑠𝑡𝑡+1, 𝑎𝑎′) − 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡)] (6) 

Deep neural networks use deep neural networks to approximate the Q value function Q. The 
parameters of the neural network are updated by minimizing the following loss function and express 
as Equation 7,  where 𝜃𝜃 and 𝜃𝜃− are the parameters of the current Q network and the target Q 
network, respectively. The backpropagation algorithm is used to update the parameters, and the 
specific process is as 𝜃𝜃 ← 𝜃𝜃 − 𝜂𝜂∇𝜃𝜃𝐿𝐿(𝜃𝜃). 

𝐿𝐿(𝜃𝜃) = 𝔼𝔼[(𝑅𝑅𝑡𝑡 + 𝛾𝛾𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎′𝑄𝑄(𝑠𝑠𝑡𝑡+1, 𝑎𝑎′;𝜃𝜃−) − 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡; 𝜃𝜃))2] (7) 

In order to solve the problem of insufficient consideration of other types of financial risks such 
as credit risk and liquidity risk, it is possible to comprehensively assess risk exposure by extending 
the risk model, introducing credit risk and liquidity risk assessment tools, and developing 
comprehensive measurement tools using indicators such as VaR, CVaR and credit VaR. In addition, 
expand the portfolio's asset classes to include bonds, options, and derivatives to reduce the impact of 
a single risk by diversifying your investments. Leverage big data and machine learning techniques 
to analyze a wider range of financial market data, and establish a real-time risk monitoring system to 
dynamically adjust risk management strategies.  

4. Experiments 

4.1. Experimental Setups 

To verify the effectiveness of a financial risk management approach based on portfolio 
optimization and reinforcement learning, we selected specific genetic algorithms and deep Q learning 
parameters to strike a balance between computational resources and algorithm performance. The 
genetic algorithm parameters include an initial population size of 100, a crossover rate of 0.8, a 
variation rate of 0.05, and a number of iterations of 500, with the aim of maintaining population 
diversity, introducing an appropriate amount of randomness, and ensuring the convergence of the 
algorithm. The parameters of deep Q learning include a learning rate of 0.001, a discount factor of 
0.95, an initial ε of 1.0 and an attenuation rate of 0.995, which aim to stabilize the training process, 
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balance current decision-making and future benefits, and gradually transition from exploration to 
utilization. These parameter selections are based on common settings for experiments and related 
literature to optimize the stability and effectiveness of model training. Following Figure 1 shows the 
distribution of stock prices. We have performed a comprehensive pre-processing of historical 
financial data from 2019 to 2022. The preprocessing steps include data collection, cleansing, 
processing missing and outliers, alignment, normalization, and logarithmic transformation, data 
segmentation, training and test set partitioning, and time series cross-validation, as well as label 
generation, to calculate daily returns and volatility. These steps ensure the quality and consistency of 
the input data, which improves the accuracy and reliability of model training and predictions. 

 

Figure 1. Stock Return Evolution in Rate of Change from 2019 to 2022. 

4.2. Experimental Analysis 

The Sharpe Ratio is a widely used performance measurement metric in the financial sector to 
measure the excess return per unit of risk. Specifically, the Sharpe ratio evaluates the effectiveness of 
investment decisions by comparing the difference between a portfolio's returns and the risk-free rate. 
The core idea is that investors are not only concerned about the absolute value of investment returns, 
but also about the level of return obtained after taking a certain amount of risk. A higher Sharpe ratio 
means that the investor receives more returns per unit of risk, indicating a more superior risk-
adjusted return for the portfolio. 

 
Figure 2. Comparison of Sharpe Ratios. 

It is evident in Figure 2 that our approach has higher Sharpe ratios than M-VaR and CVaR over 
all time periods, indicating a clear advantage in terms of risk-adjusted returns. This result verifies the 
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effectiveness of our combined application of portfolio optimization and reinforcement learning, and 
demonstrates its potential and advantages in real portfolio management.  

 
Figure 3. Comparison of Value at Risk (VaR). 

Further, VaR measures the maximum loss that a portfolio is likely to incur over a specific period 
of time given a confidence level. VaR calculations are typically based on historical data or Monte 
Carlo simulation methods to capture the potential impact of market volatility on a portfolio. In Figure 
3, we compare the performance of the three methods (M-VaR, CVaR, and ours) over multiple time 
periods. The results show that the VaR values of our method are lower than those of M-VaR and 
CVaR over all time periods, indicating that our method has significant advantages in terms of risk 
control. Specifically, the VaR values of our method ranged from 0.05 to 0.15, which were significantly 
lower than the 0.15 to 0.25 of the M-VaR and the 0.1 to 0.2 of the CVaR. 

5. Conclusion 

In conclusion, the financial risk management method based on portfolio optimization and 
reinforcement learning shows significant advantages. Through the genetic algorithm for the initial 
asset allocation optimization, combined with the deep Q learning algorithm to dynamically adjust 
and optimize the investment strategy, our method has shown excellent risk control ability and return 
improvement effect in different market environments. Experimental results show that our method is 
superior to the traditional M-VaR and CVaR methods in terms of Sharpe ratio and value-at-risk, 
significantly reducing the potential loss and increasing the excess return per unit risk. This study 
verifies the effectiveness and application potential of portfolio optimization and reinforcement 
learning in financial risk management, and provides a new way to achieve stable financial growth. 
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