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Abstract: This study explores a hybrid method to enhance the efficiency of Monte Carlo
simulations for European option pricing by incorporating neural network models. Traditional
Monte Carlo Methods require high computational costs when dealing with high-dimensional
financial derivatives due to the increased demand for simulation paths to achieve prediction
accuracy. By integrating a feedforward neural network, this research aims to predict future
price paths based on intermediate simulations, effectively reducing the number of paths while
maintaining pricing accuracy. The proposed model employs residual block, regularization,
early stopping, and other techniques to capture the nonlinear relationships between price
paths and payoffs. Based on the trained model, the number of simulation paths required is
successfully reduced from 10,000 to around 4,000 — 5,000 without significantly reducing
prediction accuracy while achieving a balance in computation costs. The method exhibits
stable predictive performance and computational efficiency, providing a potential solution
for reducing the overhead of pricing complex financial derivatives. Future work could explore
more advanced neural network architectures and hybrid with other techniques to further
improve performance and efficiency.
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1. Introduction

The proper pricing of financial derivatives, especially options, is one of the main questions in the
finance area. Among the various methods available, In option pricing, Monte Carlo simulation is
frequently utilized due to its flexible usage and applicability to various financial models [1]. Monte
Carlo Simulation calculates the average payoff of an option by simulating a large set of possible paths
of asset price fluctuation. However, a significant limitation of Monte Carlo simulation is the high
computational costs, especially when applied to high-dimensional or complex financial derivatives.
As the dimensionality of the problem increases, the number of simulations required to achieve
accurate pricing increases rapidly, resulting in a large computational overhead [2].

Past studies have tried to solve this problem in multiple ways. The earliest researchers developed
Least Squares Monte Carlo (LSMC) Methods, combining simulation with regression techniques to
reduce the need for a lot of simulated paths for assets [3]. With advances in machine learning
technology, researchers explored the usage of various machine learning techniques (especially neural
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networks) to improve the efficiency of Monte Carlo simulations. Sebastian Becker et al. use the deep
learning method to learn optimal stopping rules from Monte Carlo samples to cut down on the amount
of time needed for simulation [4]. Besides, Djagba, et al. discussed the effectiveness of applying
methods from machine learning to improve LSMC in option pricing [5]. They discussed multiple
machine learning techniques such as RNN, XGBoost, and LSTM model and found that machine
learning could effectively reduce the time needed for LSM in American Option pricing.

Based on these past advances, this study explores a hybrid approach to incorporate neural network
models into a Monte Carlo simulation framework. This study will use the neural network to regress
the intermediate states in the Monte Carlo simulation to predict the subsequent price paths and their
corresponding option price. The methods exploit the ability of networks to capture complex, nonlinear
dependencies between price paths and returns to provide an effective enhancement methodology for
Monte Carlo simulation and its usage in option pricing.

The paper will be organized by the following structure. Initially, there will be a description of the
Monte Carlo simulation setup, and then describe in detail the neural network architecture used to
predict future simulation paths based on intermediate results. Finally, the study would assess the
effectiveness of the hybrid approach by comparing its accuracy and computational efficiency with
traditional Monte Carlo simulations.

2.  Methodology
2.1. Monte Carlo Simulation Configuration

This study uses a Monte Carlo Simulation framework to do the European option. To make the study
focus on investigating the effectiveness of neural networks in predicting subsequent simulations, the
study uses a simple European call option. The initial setup for the simulation requires a set of
parameters for the options. = 100, strike price K = 100, time to maturity T = 1 year, risk-free interest
rate r = 0.05, and volatility ¢ = 0.2. The simulation involves 100 time steps and generates 100,000
paths to model the stock price evolution over time using geometric Brownian motion (GBM), defined
by the stochastic differential equation (SDE):

SC = T.Stdt + O-Stth (1)

Here in the equation, W; represents a Wiener process (random walk). Each simulated path
generates a terminal payoff of max(S; — K, 0), used to calculate the option's discounted expected
payoff. Averaging the discounted payoffs over all simulated pathways yields the final option price.
This serves as the baseline for comparison with the neural network-enhanced simulation.

2.2. Neural Network Construction for Path Prediction

The study built a neural network model to predict future simulation paths based on the simulation's
intermediate price data to lower the number need of simulated paths while maintaining enough
accuracy. The neural network aims to capture the relationship between the intermediate states of a
Monte Carlo simulation and the final payoff of the option through a deep learning approach. I used a
feedforward neural network with multiple layers and residual blocks. The design of the network
follows the deep neural network advanced by He, et al. together with LeCun, et al., where three
residual blocks are introduced to enhance the ability of the deep neural network to learn complex,
nonlinear relationships without vanishing gradients [6,7].

To prevent model overfitting, the architecture leverages two regularization techniques. First, the
Dropout Regularization proposed by Srivastava et al. is used, which is particularly suited for neural
networks [8]. This forces the model to develop more resilient, dispersed representations and keeps
the network from becoming overly dependent on any one neuron. Second, the L1/L2 weight
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regularization is used. The L1 regularization adds the weights' absolute values to the loss function,
promoting sparsity in the model and resulting in the reduction of many weights to zero, which
simplifies the model [9]. On the other hand, L2 regularization adds the weights' squared values, which
prevents any single weight from becoming too large, thus distributing learning across all weights [10].

The neural network input consists of the stock prices from the previous 10-time steps (lookback),
while the output is the predicted option payoff at maturity. This setup enables the model to effectively
learn the nonlinear dynamics between the intermediate price paths and their corresponding payoffs,
thus reducing the number of required simulations in subsequent time steps.

The network architecture included:

256 neurons in a fully connected dense layer with ReLU activation.

Three residual blocks, 256 neurons dense layer in each block, batch normalization, L1, L2, and
dropout for regularization.

A single-neuron output layer that provides the anticipated payout upon maturity.

2.3. Training and Optimization

Data for training the neural network is derived from the intermediate results of the Monte Carlo
simulations. Each simulation path is divided into training samples, where the first 10 time steps serve
as input, and the final payoff serves as the label for supervised learning. To train the neural network,
split. I used the train_test split function from the Scikit-learn library to divide the data into training
and testing sets with an 80/20 ratio [11].

The training process utilized the Adam optimizer, which combines the benefits of both the
AdaGrad and RMSProp algorithms. This enables it to modify the learning rate for every parameter
during training by the gradient's first and second moments [12]. Besides, there is also a cyclical
learning rate scheduler to dynamically adjust the learning rate during training. To avoid overfitting,
early stopping was also added [13]. If the validation loss did not decrease for ten consecutive epochs,
the training process would end [14].

Using mean squared error (MSE), we trained the model for 50 epochs with a batch size of 32,
which, when used as the loss function to assess how well the model predicts future payoffs, minimizes
the discrepancy between the projected and actual payoffs.

2.4. Model Evaluation

By comparing the option prices from the complete Monte Carlo simulation to the neural network's
predictions, the effectiveness of the neural network-enhanced simulation is assessed. The primary
metric for evaluation is the similarity between the predicted distribution and the original distribution.
Besides, the evaluation also includes a direct comparison of the option priced predicted by the reduced
path and original price. Additionally, the computational efficiency is assessed by measuring the
reduction in simulation time while maintaining an acceptable level of accuracy.

Another European Call Option is used for the evaluation process, and the following specifications
are used: Initial stock price S, = 120; Strike price K = 110; Time to maturity = 1.0; Risk-free rate =
0.03; 0 = 0.25; Number of time steps = 100; Number of Monte Carlo simulation paths = 10,000

3. Results

To test the ability of the model to reduce the number of simulations used for Monte Carlo simulation
on European option pricing, the study employed gradient descent in the number of simulations to test
the performance of the completed model trained at every 500 simulations reduction. The simulation
starts from 10,000 paths, which is a typical number of Monte Carlo simulations used when doing
option pricing.
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The study first examines the frequency distribution of the predicted option payoff of the reduced
simulation path.

Figure 1: Diétribution of Predicted Payoffs of reduced paths compared to 10,000 Paths.

In the frequency table above, the yellow area demonstrates the payoff distribution predicted by the
combination of the reduced simulation path and the neural network model, while the blue shaded area
demonstrates the original distribution with the 10,000 simulation paths. From Figure 1, As the number
of paths decreases (from 9,000 to 2,000), the predicted payoff distributions become progressively
sparser and less consistent. For higher path counts, such as 6,000 to 9,000 paths, the predicted
distributions closely align with the benchmark distribution (10,000 paths), which clearly shows the
stability of the model's predictive capability under reduction.

Performance for moderate path reduction (2,000 — 6,000 paths), the model still shows great
stability. Although some minor fluctuations have appeared in the predicted distribution, the overall
distribution remains close to the benchmark. This indicates that the model is reaching a boundary
point where the model's predictive accuracy starts to significantly degrade.

As seen in the frequency distributions shown in the below 3,000 paths, the predicted distribution
starts to diverge from the benchmark in both higher and lower payoff ranges. Thus, Figure 1 shows
that around 4,000 to 5,000 paths are a reasonable range for maintaining prediction accuracy while
reducing the computational cost

To quantitatively model the similarity of distribution between reduced and original path, the
Kolmogorov-Smirnov (KS) Statistics is calculated for each reduced path [15,16].

00548 Evaluation Metrics as Simulated Paths Decrease (Compared to 10000 Paths)
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Figure 2: K-S Statistic Evaluation as Simulated Paths Decrease (Compared to 10,000 Paths)

Figure 2 shows the K-S statistic for each distribution. First, even for 2,000 paths, the K-S statistic
is close to 0.01, which shows an overall great similarity between the reduced path distribution and
the benchmark distribution. However, there is still a clear increasing trend in K-S statistics when
reducing number of paths simulated from 9,500 to 500, especially when the number of simulated
paths is lower than 4,000. From 4,000 to 9,500 paths, the maximum K-S statistic is 0.01, while this
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number significantly increases to 0.0143 when the path number is reduced to 2,000. The trend
observed in the KS statistic suggests that the similarity of the distribution between the predicted and
benchmark option payoffs initially deteriorates as the number of paths decreases. The situation
improves significantly as the number of paths increases above 4,000, which demonstrates that
maintaining the reduced path at around 4,000 to 5,000 could attain a fair trade-off between
computational cost reduction and model performance.

Finally, to more directly look at the predictive accuracy of the model with a reduced path, a final
predicted payoff for the call option used in this case is calculated for each reduced simulation path
number. The payoff is calculated by taking an average of all the payoffs calculated by the simulated
paths and predicted paths by the model.

Comparison of Predicted Option Prices as Simulated Paths Decrease (Compared to 10000 Paths)
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Figure 3: Comparison of Predicted Option Prices as Simulated Paths Decrease

Figure 3 shows a direct comparison between the predicted option price for each reduced number
of simulation paths and the baseline option price, which is based on 10,000 Paths. From Figure 3,
there is a clear trend that when the number of simulation paths approached 10,000, the predicted
option price converged to the baseline value of 28.31. The deviation is small, fluctuating between
28.14 and 28.40. This implies that as the number of pathways grows, the model's ability to represent
the underlying distribution of returns improves, leading to predictions that are almost the same as
those produced with 10,000 paths. However, when there are fewer than 3,000 simulated pathways,
forecasted option prices exhibit significant volatility. This further corroborates our conclusion about
the trade-off between reducing the simulation path and maintaining the prediction accuracy. When
the path is reduced to 4,000 to 5,000, it is approaching a boundary point for the performance of the
model in predicting subsequent paths and making option price predictions.

4. Discussion

This paper has presented an experimental study of employing a neural network to do the regression
to the intermediate simulation paths of a Monte Carlo simulation and forecast the future simulation
paths, which aims to reduce the number of simulation paths. The experimental findings demonstrate
that, when employing Monte Carlo simulation for European option pricing, the approach can
dramatically reduce the number of simulations from 10,000 to about 4,000—5,000 without appreciably
lowering pricing accuracy. This finding is significant because it effectively reduces the computing
cost associated with the huge number of simulations required by typical Monte Carlo methods for
pricing high-dimensional or complicated financial derivatives.
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The traditional method of Monte Carlo simulation has been broadly used in option pricing, such
as European-type options. Boyle asserts that Monte Carlo is a handy and flexible option pricing tool,
especially for complex option problems that are difficult to deal with through analytical methods [1].
However, the rise in computing cost of the number of simulation paths is covered by Glasserman [2].
The study introduces neural network regression in the intermediate stage of simulation, which reduces
dependence on the increased number of subsequent simulation paths greatly reducing computational
complexity and costs. The neural network effectively replaces part of the calculation of subsequent
paths by learning and fitting the nonlinear mapping relationships between intermediate simulation
states and subsequent simulations. LeCun et al. discuss the strong power of deep neural networks in
dealing with nonlinear problems and deep neural networks have the potential to capture complicated
nonlinear interactions between inputs and outputs more effectively by expanding the number of
network layers [7].

The result of this study ties in with Han, et al. study on the effectiveness of using deep neural
networks to capture high-dimensional partial differential equations related to financial option pricing
such as the Black—Scholes Equation [17]. In this study, the European option price is calculated by the
Black-Scholes Equation [18]. Since the neural network could effectively capture the Black-Scholes
Equation, it is effective in predicting subsequent simulations in a Monte Carlo Simulation that is
constructed on the Black-Scholes Equation.

However, although this study demonstrates the potential of neural networks in reducing the
demand for Monte Carlo simulations, there are still several limitations. First, the predicting accuracy
of the neural network relies on full training on the intermediate simulation data, whereas in this study,
the training data is based on 10,000 simulation paths. This requires many Monte Carlo simulations in
the early stage of training to obtain sufficient training data, which makes the computational overhead
of the initial phase of the method still large. This problem is more significant when dealing with more
complex options.

Second, despite the strong nonlinear fitting ability of neural networks, its effectiveness in
extremely complicated path-dependent alternatives, including American and Asian options, has not
yet been thoroughly proven. These options have more dependency on path information, which may
require a much more complex structured neural network and more data to capture its features.

5. Conclusion

The study explored the combination of neural network and Monte Carlo Simulation to reduce the
number of simulation paths required for accurate option pricing, which reduces the computational
cost of using Monte Carlo Simulation in pricing high dimensional financial derivatives. The study
reveals that neural networks could effectively reduce simulation paths from 10,000 to around 4,000-
5,000 without significantly reducing the prediction accuracy of Monte Carlo simulation. This
reduction could greatly reduce the computational cost needed for Monte Carlo Simulation in option
pricing. Future studies could focus on exploring more enhancement in the structure of neural networks
to boost model performance. For example, the Long Short Term Memory (LSTM) model or VAE
performs well in capturing the dynamic feature of time series data. Besides, there could be more
attempts to combine predictive models with early stopping techniques that could further optimize
computational efficiency.
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