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Abstract:
The rapid development of artificial intelligence technology has brought new solutions to the risk control
of financial derivatives. Financial derivatives face huge challenges in market risk and credit risk
management due to their complex structure and high leverage characteristics. Traditional risk
management methods are difficult to adapt to high-frequency and nonlinear data environments due to
their reliance on linear assumptions and the limitations of market dynamics. This paper focuses on the
application of artificial intelligence in the assessment of market risk and credit risk of financial
derivatives, and explores the potential of deep learning models and ensemble learning algorithms in risk
prediction. By introducing models such as long short-term memory network (LSTM), temporal
convolutional network (TCN), logistic regression, support vector machine (SVM) and gradient boosting
tree (XGBoost), the applicability and performance of different models in financial data modeling are
analyzed. The study shows that deep learning models can handle complex time series features, and
ensemble learning algorithms have high prediction accuracy and stability in credit risk identification. In
the future, with the deep integration of artificial intelligence algorithms and financial market data,
intelligent risk management systems will have stronger real-time response capabilities and decision
support functions, providing important support for the stable operation of financial markets and investor
protection.

Keywords:
Financial derivatives, artificial intelligence, risk control, deep learning

1. Introduction
The rapid development of artificial intelligence (AI) is profoundly changing the way the financial
industry operates, especially in the field of financial derivatives risk control. As complex financial
instruments, financial derivatives face multiple risks such as market risk, credit risk, liquidity risk, etc.
due to their high leverage and market volatility. The identification, monitoring and management of these
risks is critical for financial institutions [1]. However, traditional risk control methods are difficult to fully
cope with the dynamically changing market environment because they rely on static models and



historical data. In this context, artificial intelligence technology, with its powerful data processing
capabilities and self-learning mechanism, provides a new solution for financial derivatives risk control [2].
In the current financial market environment, the amount of data is growing exponentially, and the pricing
and risk assessment of financial derivatives require processing a large amount of unstructured and
structured data, including market conditions, macroeconomic indicators, financial statements, etc.
Through deep learning, natural language processing, data mining and other technologies, artificial
intelligence can quickly integrate multi-source heterogeneous data, extract key risk information, and
significantly improve the accuracy and timeliness of risk identification. For example, machine learning
models can predict future market risks by modeling historical data such as market prices and interest rate
fluctuations, and provide early warning for financial institutions [3].
In terms of risk quantification and model building, artificial intelligence has demonstrated excellent
adaptability and predictive performance. Traditional financial models usually assume that market
behavior conforms to a certain statistical distribution, while artificial intelligence models can
automatically adapt to market changes and capture hidden nonlinear characteristics. This enables the AI-
based risk control system to dynamically adjust risk management strategies and provide more flexible and
accurate decision support. In addition, cutting-edge algorithms such as neural networks and reinforcement
learning have performed well in constructing financial derivatives portfolio management and optimizing
investment strategies, effectively reducing market risk exposure [4].
Credit risk control, as an important part of financial derivatives risk management, also benefits from the
application of artificial intelligence [5]. Through intelligent risk control systems, financial institutions can
use user behavior data, credit history and market transaction records to build credit scoring models and
evaluate the credit risk of counterparties in real-time. At the same time, artificial intelligence can identify
fraud and abnormal transactions, reducing credit defaults and operational risks. For example, an anti-
fraud system based on graph neural networks can quickly detect potential fraud in complex financial
networks and provide a safer environment for financial derivatives transactions.
In terms of real-time monitoring and risk warning of the trading process, artificial intelligence technology
has been widely used in high-frequency trading and automated trading systems. These systems can react
to market changes within milliseconds, identifying potential market anomalies and arbitrage opportunities.
By adjusting investment portfolio allocations in real time through intelligent algorithms, financial
institutions can effectively reduce losses and increase investment returns in the ever-changing market. In
addition, the artificial intelligence-driven risk control platform can also automatically trigger risk
warnings and emergency measures based on real-time market dynamics, significantly improving risk
management and control efficiency.
Although artificial intelligence has great potential in the risk control of financial derivatives, its practical
application still faces many challenges. For example, issues such as model transparency and
explainability, data privacy and security, and regulatory compliance all require widespread attention. In
the future, as artificial intelligence technology continues to mature, the financial industry should
strengthen multi-party cooperation, build a standardized data governance framework, and promote the
intelligent and standardized development of risk control systems, so as to achieve business growth while
ensuring market stability and transaction security. and competitive advantage.

2. Method
In the application of studying financial derivatives risk control, building an effective risk assessment and
management method requires combining artificial intelligence algorithms and financial theory models.
The core of the method is to use the data characteristics of the financial market to model and predict key
indicators such as market risk, credit risk and liquidity risk through artificial intelligence algorithms, so as



to achieve accurate risk identification and management. The risk prediction model based on deep learning
usually includes steps such as data preprocessing, model training and optimization, and risk measurement
indicator calculation. The network architecture used in this study is shown in Figure 1.

Figure 1.Model network architecture
First, in the risk management of financial derivatives, the traditional VaR (Value at Risk) model is often
used to quantify the potential losses of an investment portfolio. Assuming that the returns of an
investment portfolio follow a normal distribution, its value at risk can be expressed as:

   ZVaR

Among them,  is the expected return of the portfolio,  is the standard deviation of the portfolio
return, and Z is the critical value of the standard normal distribution corresponding to the confidence
level  . By training the deep learning model with historical market data,  and  can be estimated
more accurately, thereby improving the prediction accuracy of VaR.

Secondly, in order to cope with the drastic fluctuations in market prices, a risk prediction method
based on time series models can be used. Long short-term memory networks are used to predict future
price changes in financial time series. Given a historical price sequence tP , the state update formula of
LSTM is:
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Among them, th represents the hidden state at the current moment, hW is the model parameter matrix,

hb is the bias term, and  is the activation function. By training the model, we can learn the long-term
trend and short-term volatility characteristics of market prices, and then predict future risk changes.



Finally, in credit risk control, the logistic regression model can be used to evaluate the probability of
default of an enterprise or individual. Assuming that a financial institution has n credit-related features
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Among them, 0 is the intercept and i is the regression coefficient of each feature. By estimating the
parameters of the model using the maximum likelihood estimation method, potential default risks can be
assessed in real time based on historical credit records, providing a basis for risk control decisions.
Taken together, through the introduction of artificial intelligence technology, traditional financial risk
management models can better adapt to the complex and ever-changing market environment. These
methods can not only dynamically adjust model parameters, but also self-update based on real-time
market data, significantly improving the efficiency and accuracy of financial derivatives risk control.

3. Experiment
3.1 Datasets
In this study, the financial derivatives market dataset of the Chicago Mercantile Exchange (CME Group)
is used. CME is the world's leading derivatives market trading platform, providing data covering a variety
of derivatives such as futures, options, interest rates, foreign exchange, and commodities. This dataset
includes multi-dimensional information such as historical market conditions, transaction orders,
transaction prices, and transaction volumes, which can fully reflect the dynamic changes in the
derivatives market. The data source is authoritative, with the characteristics of high frequency, real-time,
and high coverage, providing rich basic data for risk management and market forecasting research.
The main structure of this dataset includes timestamp, transaction contract code, buy and sell quotes,
latest transaction price and quantity, etc. The futures and options products in the exchange have different
expiration dates and contract specifications. These detailed data can reflect market liquidity, volatility,
and market depth. Through this dataset, the behavior patterns of the derivatives market under different
market environments can be tracked, thereby realizing the modeling and prediction of market risk and
credit risk, and supporting a variety of financial analysis and quantitative research.
In addition, the dataset also provides advanced data such as the position report (COT Report) of the
derivatives market, changes in market depth, and distribution of transaction volume. These data can
reveal the trading behavior of market investors and changes in market expectations, helping researchers
build intelligent risk control models based on machine learning. At the same time, through data analysis
and model training, potential market risks and price changes can be predicted, providing quantitative
investment and risk control strategy support for financial institutions.

3.2 Experimental Results
In this study, a comprehensive experimental evaluation of financial derivatives risk was conducted based
on market data from the Chicago Mercantile Exchange (CME). The experiment mainly focused on two
aspects: market risk prediction and credit risk assessment, using time series models and classification
models for analysis and modeling respectively. The experimental data includes historical prices, trading
volumes, market volatility, and financial and credit information of counterparties. Through model
training and prediction verification, the application effect of artificial intelligence in financial risk
control is evaluated.



First, in the risk prediction experiment of the time series model, five commonly used models were
selected for comparison, including autoregressive integrated moving average model (ARIMA)[6], long
short-term memory network (LSTM), gated recurrent unit (GRU)[7], variational autoencoder (VAE)[8]
and time convolutional network (TCN)[9]. ARIMA is used for linear time series modeling as a
traditional benchmark model; LSTM and GRU are good at capturing long-term and short-term
dependencies in financial markets; VAE and TCN can better extract complex nonlinear features. The
experimental results show that the prediction performance of deep learning models (LSTM, GRU, TCN)
is significantly better than that of traditional models (ARIMA), and they perform better in terms of mean
square error (MSE) and mean absolute percentage error (MAPE) of market price prediction.
Secondly, in the credit risk assessment experiment, five classification models were used for comparison,
including logistic regression, support vector machine (SVM), random forest, gradient boosting tree
(XGBoost) and multi-layer perceptron (MLP). Logistic regression, as a classic model, provides a
benchmark evaluation. SVM has strong classification ability in high-dimensional space and is suitable
for credit scoring tasks. Random forest and XGBoost have advantages in dealing with nonlinearity and
feature interaction, while MLP extracts higher-dimensional risk features through deep neural network
structure. The experimental results show that the integrated model (random forest and XGBoost)
performs best in terms of accuracy, AUC-ROC curve and F1 score, while MLP has stronger adaptability
in nonlinear pattern recognition and deep feature learning. In contrast, logistic regression and SVM
perform slightly worse when faced with highly complex financial data.

Table 1. Experimental results of risk prediction of time series model
Model MSE MAPE
AMIMA 0.0258 7.42
GRU 0.0135 4.87
VAE 0.0148 5.13
TCN 0.0127 4.56
LSTM 0.0119 4.21

From the experimental results, there are significant differences in the performance of different time series
models in market risk prediction. The mean square error (MSE) of the traditional model ARIMA is
0.0258, and the mean absolute percentage error (MAPE) is 7.42%, which is relatively poor. This shows
that ARIMA has limitations in dealing with nonlinear and highly volatile financial time series. Its
dependence on linear features and weak adaptability to abnormal market fluctuations lead to high errors
in prediction results.
The deep learning model showed significant advantages in this experiment. The MSE of GRU and VAE
were 0.0135 and 0.0148, and the MAPE were 4.87% and 5.13%, respectively. This shows that they are
stable in capturing short-term and medium- and long-term market trends. GRU outperforms VAE
because it can remember and forget data at different time steps. Although VAE is suitable for modeling
potential hidden features, it is slightly insufficient in capturing long-term dependencies in financial time
series prediction.
LSTM and TCN have the best prediction results, with MSE of 0.0119 and 0.0127, and MAPE of 4.21%
and 4.56% respectively. LSTM has the strongest ability to process long sequence data and time
dependency, and is the best performing model in this experiment. TCN can efficiently process multi-scale
features in time series due to its convolutional structure. Overall, deep learning models, especially LSTM
and TCN, show stronger market risk prediction potential with their nonlinear modeling and dynamic
learning capabilities.



Table 2. Credit risk assessment experiment experimental results
Model ACC F1
MLP 84.2 82.7
XGBoost 89.5 88.2
Random Forest 91.2 91.1
SVM 91.8 91.0
Logistic
Regression

93.5 92.8

From the experimental results, there are significant differences in the performance of different models in
credit risk assessment. Logistic regression performs best with an accuracy rate (ACC) of 93.5% and an F1
score of 92.8%, showing its strong baseline performance in this task. This shows that the features of the
dataset have strong linear separability, and the traditional linear model can fully explore the linear
relationship between features and credit risk and make accurate credit score predictions.

4. Conclusion
Based on the market data of Chicago Mercantile Exchange (CME), this study uses artificial intelligence
models to evaluate and predict the market risk and credit risk of financial derivatives. By constructing a
time series prediction model and a credit risk assessment model, the experimental results show that deep
learning and ensemble learning algorithms have great potential for application in risk management, and
their excellent prediction performance provides a powerful tool for risk control and decision support for
financial institutions. These models can efficiently extract nonlinear features, dynamically adapt to
market changes, and improve the accuracy of risk identification and early warning.
In terms of market risk prediction, experimental results show that deep learning models (such as LSTM
and TCN) are significantly better than traditional statistical models ARIMA due to their ability to process
time series. This shows that in a high volatility and nonlinear market environment, the application of deep
learning algorithms can effectively improve the accuracy of market trend prediction and reduce the
potential risk of investment losses. At the same time, the improvement of model performance also
provides support for the pricing and portfolio management of financial products.
In credit risk assessment, traditional models (such as logistic regression and SVM) perform robustly,
while ensemble models (such as XGBoost and random forest) show higher accuracy and F1 scores due to
their powerful feature extraction capabilities. Although deep learning models (such as MLP) performed
slightly weaker in experiments, their potential is still worth exploring. In the future, combining deep
learning with more complex models such as reinforcement learning is expected to further improve the
intelligence level of financial risk assessment and promote the development and application of intelligent
risk control systems.
Looking ahead, as financial market data continues to grow and diversify, research should pay more
attention to the interpretability and transparency of models to meet the requirements of financial
supervision and risk disclosure. In addition, data privacy protection, model robustness, and the ability to
respond to extreme market events also need to be further optimized. Through the construction of multi-
model fusion and automated risk management systems, future financial risk control will become more
intelligent and efficient, providing stronger guarantees for the stable operation of financial markets and
the protection of investors' rights and interests.
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