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Abstract: With the rapid development and increasing complexity of global financial markets, 

market volatility has become highly unpredictable, posing significant challenges to traditional 

risk management methods. Stochastic dynamic modelling has emerged as a critical tool for 

financial risk management due to its theoretical rigor and practical applicability. This study 

systematically reviews the development and application of stochastic dynamic modelling in 

financial risk management. By analyzing classical models such as the Black-Scholes model 

and the Mean-Variance Optimization model, the study identifies their theoretical foundations 

and limitations in addressing modern market complexities, including dynamic volatility, 

nonlinear behaviors, and high-dimensional data. Recent advancements in algorithmic 

technologies, such as machine learning and big data, have driven innovations in stochastic 

dynamic modelling, with techniques like Long Short-Term Memory Networks (LSTMs), 

Bayesian Dynamic Linear Models (BDLM), and Generative Adversarial Networks (GANs) 

enhancing predictive accuracy and real-time adaptability. However, these innovations also 

introduce new challenges, including increased model complexity, dependence on large 

datasets, and the risk of overfitting. Future research should focus on hybrid models that 

integrate classical stochastic processes with modern algorithmic techniques, balancing 

theoretical rigor with enhanced adaptability to address the evolving demands of financial 

markets. 

Keywords: Stochastic dynamic modelling, financial risk management, machine learning, 
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1. Introduction 

With the rapid development and increased complexity of global financial markets, market volatility 

has shown significant unpredictability, and traditional risk management methods have faced great 

challenges. Taking the 2008 global financial crisis as an example, traditional models did not 

accurately capture the risk of complex derivatives, leading to the outbreak of a systemic crisis [1]. 

This event highlighted the importance of modelling the dynamics of market behaviour in an uncertain 

environment. In recent years, high-frequency trading, cross-market linkage effects, and geopolitical 

events in financial markets have further exacerbated the complexity of risk management, calling for 

more flexible and dynamic modelling techniques. Stochastic dynamic modelling has become an 

important tool for financial risk management due to its theoretical rigour and practicality. Models 

based on stochastic processes (e.g., Brownian motion and Ito integrals) can characterize the dynamics 
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of financial market price evolution over time, providing strong support for asset pricing, portfolio 

management and risk hedging [2]. In addition, the rapid development of big data and algorithmic 

technologies in recent years has enabled data-driven stochastic dynamic-based modelling to enhance 

forecasting accuracy and real-time nature further. For example, machine learning technology captures 

non-linear features through deep network structures and can effectively handle complex market 

conditions that are difficult for traditional models to cope with. In this context, exploring the 

innovative application of stochastic dynamic modelling is of great significance. It not only provides 

a scientific basis for quantifying risks but also enhances risk response capabilities through dynamic 

updating of real-time data, thus providing investors and regulators with more comprehensive decision 

support. 

This study aims to systematically review the development history of stochastic dynamic modelling 

in financial market risk management, focusing on its innovation and application with the technical 

support of modern algorithms. Comprehensively combing the theoretical framework of classical 

stochastic models and their practical performance in actual risk management reveals the limitations 

of these models in coping with complex market environments. Traditional models usually rely on 

static assumptions or simple parameterization methods, which are not adequate in simulating high-

frequency trading, non-linear market behaviours, and extreme risk events, so this study will focus on 

analyzing these limitations and their impact on risk management efficiency.  

2. Foundations and Development of Stochastic Dynamic Modeling 

2.1. Core Theory 

The core theory of stochastic dynamic modelling is based on stochastic processes and stochastic 

differential equations, which provide essential tools for describing the complex dynamic behaviour 

of financial markets. A stochastic process is an uncertainty process that evolves over time, and its 

essence is to model the future state of a system on a probabilistic basis [3]. For example, Brownian 

Motion is an essential form of stochastic process for describing the stochastic fluctuations of asset 

prices in the time dimension. With the properties of independent increment, normal distribution and 

continuity, Brownian Motion is the theoretical basis for many formulas in financial modelling. 

In finance, stochastic dynamical modelling is used for the time-series evolution of dynamical 

systems through Itô Integral and Itô's Lemma [4]. Itô's Lemma characterizes the change of stochastic 

processes under functional transformations with the following formula 1: 

 𝑑𝑋𝑡 = 𝜇(𝑋𝑡 , 𝑡)𝑑𝑡 + 𝜎(𝑋𝑡 , 𝑡)𝑑𝑊𝑡  (1) 

Xt  denotes the asset price or market variable, μ(Xt, t)  is the drift term, which describes the 

average trend of the asset price; σ(Xt, t) is the volatility, which reflects the uncertainty of the price; 

and dWt  is the increment of Brownian motion. This equation formally describes how stochastic 

processes evolve in time and has been the basis of classical models such as the Black-Scholes model. 

In addition, the widespread use of stochastic control theory and Markov Process in investment 

decision-making and asset allocation further extends the applicability of stochastic dynamic modeling. 

The memoryless nature of the Markov Process simplifies the prediction of the system state, while 

stochastic control theory achieves dynamic equilibrium of risk-return by optimizing the control 

strategy of the dynamic system. 

2.2. Review of Classical Models 

The Black-Scholes model is a landmark development in stochastic dynamic modelling that provides 

an accurate theory for pricing financial derivatives [4]. The model is based on Brownian motion and 

Ito's Lemma and presents a stochastic differential equation for stock prices over time (see formula 2): 
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 𝑑𝑆𝑡 = 𝜇𝑆𝑡𝑑𝑡 + 𝜎𝑆𝑡𝑑𝑊𝑡  (2) 

St is the asset price, μ is the yield, σ is the volatility, and dWt  is the increment of Brownian 

motion. Through the hedging idea and the no-arbitrage assumption, the model derives a pricing 

formula 3 for European options: 

 𝐶(𝑆𝑡 , 𝑡) = 𝑆𝑡𝛷(𝑑1) − 𝐾𝑒−𝑟(𝑇−𝑡)𝛷(𝑑2) (3) 

Another classic model is the Mean-Variance Optimization (MVO) model, proposed by Markowitz, 

which lays the theoretical foundation for portfolio management. The model selects the optimal asset 

allocation through a trade-off between minimizing risk (variance) and maximizing return (expected 

value) [5]. The objective function 4 of the optimization problem is as follows: 

 min
𝑤

1

2
𝑤⊤𝛴𝑤 − 𝜆𝑤⊤𝜇   (4) 

w is the vector of asset weights, Σ is the covariance matrix of the assets, μ is the vector of 

expected returns, and λ is the risk preference parameter. Although the Black-Scholes model and the 

mean-variance optimization model lay the foundation for stochastic dynamic modeling, they both 

assume that the market is linear or normally distributed, which makes it difficult to adapt to complex 

financial market conditions. 

2.3. Model Limitations 

Classical stochastic dynamic models face many limitations in practical applications, mainly in static 

assumptions, nonlinear market behaviour and data dimension limitations, etc. The limitation of the 

Black-Scholes model is that it assumes that the market volatility is constant and the asset price follows 

a lognormal distribution. However, volatility in the actual market is dynamic, and phenomena such 

as Volatility Smile exist. This makes it difficult for the model to describe extreme events in the market 

accurately. In addition, the model fails to consider the impact of market liquidity risk and transaction 

costs, which may lead to pricing bias. 

 𝑑𝑆𝑡 = 𝜇𝑆𝑡𝑑𝑡 + 𝜎(𝑆𝑡 , 𝑡)𝑆𝑡𝑑𝑊𝑡   (5) 

The introduction of a time- and state-dependent volatility function σ(St, t) improves the capture 

of nonlinear market behavior, but also increases model complexity [6]. The shortcoming of the mean-

variance optimization model is its assumption of normality in the distribution of asset returns. Tail 

events often occur in financial markets, and normal distributions have difficulty capturing these 

properties and may underestimate extreme risks. In addition, the model is highly sensitive to the 

estimation accuracy of the covariance matrix\(\Sigma\), especially in high-dimensional data, which 

may lead to instability of the optimal solution. 

Traditional models cannot effectively handle high-frequency trading with nonlinear behavior. For 

example, the memoryless nature of Markov processes appears insufficient in high-frequency 

scenarios, ignoring complex time-dependent structures. Stochastic dynamic modeling faces the 

challenge of high dimensionality of parameter estimation in the era of big data. While classical models 

usually rely on fewer variables, modern market behavior involves multi-factor drivers (e.g., 

macroeconomic variables, sentiment factors, etc.), which are difficult for simple modeling 

frameworks to effectively address. To overcome these limitations, improved models based on deep 

learning and optimization algorithms have been introduced in recent years, such as reinforcement 

learning for dynamic risk control and neural networks for nonlinear feature capture. These techniques 

have opened new doors for the application of stochastic dynamic modeling, while further improving 

the applicability and robustness of the models. 
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3. Algorithm-driven modeling innovations 

3.1. Intervention and Enhancement of Algorithmic Technology 

With the rapid development of artificial intelligence and computational technology, algorithmic 

technology has been increasingly used in stochastic dynamic modelling, providing new 

methodological support for financial risk management. Machine learning and deep learning 

techniques have significantly improved the performance of traditional models through their powerful 

nonlinear feature extraction capability and adaptivity. For example, techniques such as Neural 

Networks (NNs) and Long Short-Term Memory Networks (LSTMs) capture the hidden time-

dependent structure and nonlinear behaviour in financial markets. These algorithms are able to learn 

features and build dynamic models from complex market data through a multilayer perceptron 

structure. 

Precisely, LSTM effectively captures the long-term dependence of time series through its memory 

cell structure, which is particularly important for applications such as volatility forecasting and 

modelling asset price dynamics in financial markets. Its state update formula 6 is: 

 ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡), 𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐𝑡̃ (6) 

it､ft  and ot are input, forgetting, and output gates, respectively, and ⊙ denotes element-level 

multiplication. This mechanism allows LSTMs to dynamically adjust their dependence on historical 

information, thus showing significant advantages in modeling complex market conditions [7]. 

Optimization algorithms are also important enablers. For example, Genetic Algorithm and Particle 

Swarm Optimization significantly improve the efficiency of parameter optimization for complex 

systems by modeling natural evolution and population behavior. These algorithms are widely used in 

dynamic asset allocation and multi-objective optimization. Through iterative evolution, genetic 

algorithms are able to find the global optimal solution of the optimization objective, while particle 

swarm optimization quickly converges to the optimal solution through information sharing among 

individuals. 

3.2. Innovations in data-driven stochastic modeling 

Big data technology development has injected new vitality into stochastic dynamic modelling. 

Traditional stochastic models rely on limited data samples, which may lead to bias in parameter 

estimation and model instability, while the scale and diversity of data in the era of big data provide 

abundant resources for model calibration and optimization. Data-driven modelling significantly 

improves models' dynamic updating ability and prediction accuracy by integrating data from multiple 

sources (e.g., high-frequency trading data, news texts, economic indicators, etc.). 

The introduction of real-time data makes online modelling possible. For example, Bayesian 

Dynamic Linear Model (BDLM) combines big data to update parameters in real-time with the 

following formula 7: 

 𝑦𝑡 = 𝐹𝑡
⊤𝜃𝑡 + 𝑣𝑡 , 𝜃𝑡 = 𝐺𝑡 𝜃𝑡−1 + 𝑤𝑡 (7) 

yt is the observation, θt is the state variable, vt and wt are the independent noise terms, and Ft 

and Gt are the model coefficient matrices, respectively. With Bayesian updating, the model is able 

to dynamically adjust the parameter distributions according to new observations, thus capturing 

market changes in real time. 

In terms of unstructured data (e.g., text, pictures) processing, the introduction of Natural Language 

Processing (NLP) technology has greatly expanded the application scope of stochastic models. For 

example, the use of sentiment analysis to extract market sentiment information from news allows for 

Proceedings of  the 3rd International  Conference on Software Engineering and Machine Learning 
DOI:  10.54254/2755-2721/138/2025.21362 

101 



 

 

the construction of more comprehensive risk factors. These factors are embedded into the stochastic 

model by machine learning algorithms as shown in the following equation 8: 

 𝑋𝑡 = 𝑓(𝑆𝑡 , 𝐸𝑡) + 𝜖𝑡 (8) 

St denotes the market data, Et denotes the extracted sentiment factor, f is the mapping function, 

and ϵt is the noise term. Stochastic models incorporating sentiment factors exhibit higher accuracy 

in extreme event prediction and market volatility analysis. The innovation of data-driven modeling 

makes stochastic dynamic modeling shift from the traditional framework based on theoretical 

assumptions to data-driven dynamic adjustment, which is more adaptive to the complex and changing 

market environment. 

3.3. Stochastic Modeling Applications under Algorithmic Improvement 

Algorithmic improvements have greatly expanded the application scenarios of stochastic dynamic 

modeling, including areas such as risk prediction, extreme event simulation and dynamic hedging 

strategy design. While traditional stochastic models fall short in capturing Tail Risk and nonlinear 

properties, algorithm-driven stochastic models significantly improve this capability. For example, 

Generative Adversarial Networks (GANs) have been introduced to the simulation of extreme events 

to enhance the simulation of extreme scenarios by generating high-dimensional data that matches the 

market distribution. 

GAN provides strong support for tail risk analysis by optimizing this adversarial objective and 

generating samples that can well approximate the actual market data distribution. Reinforcement 

Learning (Reinforcement Learning) provides new ideas for dynamic risk management. 

Reinforcement Learning optimizes the strategy through the reward function, which can be adaptively 

adjusted in a dynamic environment. For example, in portfolio optimization, Reinforcement Learning 

can adjust the asset allocation strategy according to market changes, and this strategy based on 

dynamic planning has significant advantages in multi-asset portfolio optimization. The stochastic 

model under algorithmic improvement not only enhances the robustness of risk prediction, but also 

shows substantial practical value in dynamic hedging strategies, real-time trading signal generation, 

etc., which provides a brand-new tool and method for risk management in the financial market. 

4. Frontier Trends in Stochastic Dynamic Modeling and Risk Management 

4.1. Frontier modeling 

With the increase in the complexity of financial markets, frontier model design has begun to integrate 

more dimensional dynamic factors to improve the accuracy and applicability of risk management. 

Multi-factor dynamic stochastic models are gradually becoming a hot research topic, modelling asset 

prices and volatility by introducing multiple driving factors (e.g., macroeconomic indicators, 

industry-specific variables, etc.). For example, multi-factor models can capture the dynamic impact 

of different factors on asset prices in the financial market and better reflect the complex market 

environment. 

In addition, Ensemble Learning techniques are being introduced into stochastic models, aiming to 

improve the overall stability and predictive ability by combining the predictive results of multiple 

models. For example, Random Forest effectively reduces the overfitting risk of a single model 

through the voting mechanism of multiple decision tree models. Combining dynamic factors and 

ensemble learning, time series-based Bayesian Deep Learning models are gradually being explored 

in financial markets. These models have shown great potential in modelling uncertainty, especially 

in the simulation of extreme risks and tail events, improving the robustness of predictions by 

modelling uncertainty in parameter distributions. 
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4.2. Driven by Emerging Technologies 

The rapid development of emerging technologies has profoundly impacted the application of 

stochastic dynamic modelling in risk management, especially in the areas of blockchain and quantum 

computing. Blockchain technology provides a brand new means of acquiring and storing financial 

market data due to its decentralization, non-tampering and high transparency. In stochastic dynamic 

modelling, the quality and trustworthiness of the data are crucial to the accuracy of the model, and 

blockchain can ensure the integrity and reliability of the data by means of a distributed ledger. For 

example, blockchain can record transaction data in real time, providing real-time and reliable input 

data for stochastic modelling of high-frequency transactions, thus enhancing the dynamic response 

capability of the model. In addition, the application of smart contracts can also realize the execution 

of automatic risk hedging strategies based on stochastic modelling, ensuring the practical application 

efficiency of model results. 

5. Conclusion 

This study systematically reviews the development and application of stochastic dynamic modeling 

in financial risk management. By analyzing classic models such as the Black-Scholes model and the 

mean-variance optimization model, we recognize their theoretical foundations and limitations in 

dealing with the complexity of modern financial markets, including dynamic fluctuations, nonlinear 

behavior, and high-dimensional data. Stochastic dynamic modeling has undergone significant 

innovation with the emergence of different algorithmic techniques and techniques such as machine 

learning. Techniques such as long short-term memory networks (LSTM), Bayesian dynamic linear 

models (BDLM), and generative adversarial networks (GANs) have enhanced the ability of models 

to capture complex market conditions, predict extreme events, and dynamically update parameters in 

real time. These advances have provided valuable tools for risk prediction, portfolio optimization, 

and dynamic hedging. However, this study also highlights noteworthy limitations. Traditional models 

often rely on static assumptions and have difficulty dealing with nonlinearity and tail risks in high-

frequency trading scenarios. Although algorithm-driven approaches address some of these challenges, 

the emergence of issues such as increased model complexity and reliance on large datasets also need 

to be addressed. Future research should focus on hybrid models that combine classical stochastic 

processes with machine learning techniques to ensure theoretical rigor while enhancing adaptability. 
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