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Abstract. Exchange rate prediction is important in global trade, investment, and financial decision-
making. The USD/CNY exchange rate in particular has received much attention due to China’s
growing role in the global economy. However, predicting exchange rates is difficult because the data
is complex, nonlinear, and often influenced by many factors. This research focuses on predicting the
USD/CNY exchange rate using machine learning-based approaches. Three models are evaluated
and compared in this work: SVR, LSTM, and GRU. Historical exchange rate data is from January 1,
2015, to March 20, 2025. Model performance is evaluated by the R2score, MSE, MAE, and RMSE.
The results show that all three models can capture exchange rate trends. GRU achieves the highest
performance. It reaches an R2score of 0.9311 and the lowest error metric. LSTM reaches an R2 of
0.9141.SVR reaches an Rz of 0.9005 The findings suggest that deep learning approaches offer
better results in financial time series forecasting and it can provide valuable insights for future
applications in exchange rate prediction.

Keywords: Exchange rate forecasting; USD/CNY; Time series prediction; Deep learning; Financial
modeling.

1. Introduction

Foreign exchange rates play a critical role in global financial stability, international trade, and
investment decision-making. Accurate forecasting of exchange rates is essential for policymakers,
investors, and multinational corporations to manage risk and develop effective strategies. However,
exchange rate time series are known to be highly nonlinear, non-stationary, and noisy, making them
difficult to model using traditional statistical methods.

Classical approaches such as Autoregressive Integrated Moving Average (ARIMA) [1] and
Generalized Autoregressive Conditional Heteroskedasticity (GARCH) [2] have been widely used in
the past for time series forecasting. While these models are effective under certain assumptions, they
struggle to capture the complex patterns and structural breaks that often exist in financial data [3].

In recent years, machine learning and deep learning techniques have emerged as powerful alternatives
for financial forecasting tasks. Among these, SVR has shown effectiveness in handling nonlinear
regression problems with limited data and high dimensionality [4]. The LSTM and GRU architectures,
as two common types of RNNSs, are well-suited for capturing extended temporal relationships in
sequential data. These models have been extensively utilized in applications such as stock market
prediction, exchange rate estimation, and economic time series modeling [5].

This study selects SVR, LSTM, and GRU as representative models to explore their performance in
forecasting the USD/CNY exchange rate. By training and evaluating all three models on the same
historical dataset, this paper aims to compare their predictive accuracy and identify the most suitable
method for this specific financial forecasting task.

2. Dataset

In this study, publicly available historical exchange rate data were collected from Yahoo Finance.
The dataset focuses on the USD/CNY exchange rate and spans a period of more than ten years,
covering daily records from January 1, 2015, to March 20, 2025. Each entry in the dataset contains
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key financial indicators, including the transaction date, the opening and closing values, and the
intraday maximum and minimum exchange rates for each trading session.

To prepare the data for modeling, the exchange rate series was first examined for missing or abnormal
values. The records were then organized chronologically to maintain the temporal order of the
financial time series. Following this, the “Close” price was selected as the target variable, while other
features such as Open, High, Low, and Volume were used as input variables. To improve model
convergence and performance, all feature values were normalized using MinMax scaling.

The dataset forms the basis for model development and assessment in subsequent parts of the study.
Its structure facilitates the examination of both trend characteristics and volatility behavior within the
USD/CNY exchange rate.

Spanning from January 1, 2015, to March 20, 2025, the dataset offers uninterrupted daily observations
of the USD/CNY exchange rate throughout the entire period. Prior to model development, several
preprocessing procedures were applied to ensure data quality and enhance model performance. The
data were first examined for missing or null values. Subsequently, all input features were normalized
to a [0, 1] scale using the MinMaxScaler method, which contributes to faster model convergence and
maintains consistency across different learning algorithms [6]. Finally, the dataset was
chronologically divided into training and testing subsets, with 80% of the data used for training and
the remaining 20% reserved for evaluation purposes.

The dataset provided a solid foundation for training and comparing the performance of SVR, LSTM,
and GRU maodels in predicting the closing exchange rate of USD/CNY.

3. Method

3.1. Support Vector Regression

SVR derived from the foundational principles of SVM, originally developed for classification
problems by Vapnik under the Statistical Learning Theory framework. In the context of financial time
series prediction, SVR has gained popularity for its strong generalization capability when dealing
with high-dimensional, nonlinear, and small-scale datasets. Unlike conventional regression models,
which attempt to minimize the overall prediction error, SVR introduces the concept of an e-
insensitive margin (also known as thee-tube), which allows the model to ignore small deviations
between predicted and actual values within a specified tolerance zone [4].

In SVR, a regression function f(x) is constructed in such a way that its deviation from the true target
values y; does not exceed the e margin across all training instances, while ensuring the function
remains flat. The function can be defined as:

fO) =wig(x) +b (1)

Here, ¢(x) denotes a nonlinear transformation that projects the original input into a higher-
dimensional feature space, while w and b correspond to the model’s weight vector and bias term,
respectively. The optimization objective is formulated as:
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Where, ¢ defines the width of the e-insensitive tube; &;, & are slack variables for penalizing

predictions outside the tube; The balance between the capacity of the model and its permissible
deviation from the e-insensitive margin is governed by the regularization parameter C.

In addressing non-linear distributions within the data, Support Vector Regression (SVR) utilizes
kernel-based transformations that project the original input into a latent space with higher
dimensionality. Among various kernel choices, the RBF kernel is the most commonly used in time
series applications. The RBF kernel is defined as:

K(x;,x;) = exp(—vy ||xi - j||2) (4)

Whereyis a parameter that defines the spread of the kernel. A smalleryimplies a smoother decision
boundary, while a largeryallows the model to fit more complex patterns [7].

In this study, the SVR model was developed using the SVR class from the scikit-learn Python library.
Based on parameter tuning through grid search and reference to existing literature, the following
configuration was adopted: the kernel function was set to radial basis function (RBF) to capture non-
linear relationships within the data. The regularization parameter C was set to 100, imposing a
relatively high penalty on prediction errors outside the € margin, thereby encouraging the model to
fit the data more closely. The y parameter was set to 0.01, which controls the width of the RBF
kernel; a lower value of gamma promotes a smoother estimation function. Furthermore, the e-
insensitive margin was specified as 0.1, establishing a threshold below which deviations between
predicted and actual values are not penalized.

This parameter configuration was designed to balance the trade-off between bias and variance, aiming
to achieve both generalization and flexibility in modeling the fluctuations of the USD/CNY exchange
rate. The SVR model is particularly suited for regression tasks involving noisy and non-linear data.
Its key advantages include strong resistance to overfitting due to the regularization term C, the ability
to ignore minor fluctuations through the e-insensitive loss function, the flexibility of modeling
complex relationships via kernel methods without explicitly increasing the dimensionality, and the
sparsity of the solution, as only a subset of training instances becomes support vectors, improving
computational efficiency. In the context of this research, SVR serves as a strong baseline to compare
with more complex deep learning models. Despite its relative simplicity, SVR demonstrates strong
performance in capturing trends in the USD/CNY exchange rate, especially when the input features
are carefully selected and scaled.

3.2. Long Short-Term Memory

LSTM, a variant of RNNs, was proposed in 1997 to overcome difficulties in capturing distant
temporal dependencies within sequential data. Traditional RNN models often encounter difficulties
in preserving information across distant time steps due to the vanishing gradient phenomenon, a
limitation that LSTM was specifically designed to overcome. LSTM networks utilize a more
sophisticated internal mechanism consisting of memory cells and gating functions that enable the
selective retention and update of information across time steps [5, 8].

A distinguishing feature of the LSTM architecture is its gated memory structure, which plays a crucial
role in modeling sequential data with extended temporal dependencies. This design incorporates three
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primary gating mechanisms responsible for regulating how information is retained or discarded
during processing. The first of these, the forget gate, evaluates which components of the prior cell
state are preserved or eliminated, thereby allowing the network to maintain relevant contextual
information across time steps. Second, the input gate controls the extent to which new information
from the current input is written into the cell state, enabling the model to incorporate important
features while filtering out noise. Finally, the output gate decides which part of the updated cell state
should be output as the hidden state at the current time step, thereby influencing the prediction or
further propagation in the sequence. These gates collectively allow LSTM networks to mitigate the
vanishing gradient problem and maintain stable learning over long sequences, making them
particularly suitable for time series forecasting tasks such as exchange rate prediction.

The equations governing the internal dynamics of an LSTM cell at time step t are as follows:

fe = o(Wy - [he—1, x] + by) (5)
ip = o(W; - [he_q, x¢] + by) (6)
C, = tanh(W, - [t — 1,x,] + bc) (7)
Co=f Cooqy+i,-Ct (8)

o, = a(W, - [ht — 1,x,] + b,) 9)
h; = o, - tanh( C}) (10)

In the LSTM framework, the input at time step t is represented by x;, while h,_, refers to the hidden
state from the preceding time point, and C; designates the internal cell state. The gating operations
employ the sigmoid activation o(-) and the hyperbolic tangent tanh( -). These gates enable LSTM
networks to learn when to retain information, when to update it, and when to forget irrelevant details,
allowing them to handle noisy or irregular sequences—common in financial time series such as
exchange rate data.

This study utilizes historical USD/CNY univariate time series data from Yahoo Finance to build an
LSTM-based prediction framework. A fixed-length sliding window was implemented to transform
the temporal data into a supervised format, enabling next-step forecasting. Input sequences were
formatted into three-dimensional tensors—comprising sample count, timestep window, and feature
dimension—to satisfy the input configuration required by Keras LSTM layers.

Model construction was carried out through the Keras interface, with TensorFlow serving as the
computational backend. Training was performed using the Adam optimization algorithm, which
adjusts the learning rate dynamically. For objective minimization, the MSE loss was employed, while
the R=core served as the primary evaluation criterion.

The network architecture was designed sequentially, incorporating a single LSTM layer with 64 units
and sequence output disabled. This layer accepted inputs shaped according to a predefined sliding
window and feature size. A final fully connected layer comprising one neuron was appended to yield
the predicted output. The compilation process utilized the Adam optimizer for weight updates and
applied MSE as the loss function, a standard choice for regression-based modeling tasks.
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The training process was conducted over 50 epochs with a batch size of 32, aiming to strike a balance
between computational efficiency and stable convergence. The input to the model was structured
using a sliding window approach, where each sample consisted of a sequence of 10 consecutive days
used to predict the exchange rate of the following day. Prior to training, all input features were
normalized to the range [0, 1] using the MinMaxScaler method, ensuring consistent feature scaling
and improving model convergence behavior.

The dataset was divided into 80% training and 20% testing subsets. Early stopping and validation
monitoring were applied to prevent overfitting. Experimental results demonstrated that LSTM was
effective at capturing both short-term fluctuations and medium-term trends in the exchange rate series.
Its ability to model temporal dynamics without explicit feature engineering makes it particularly
suited for volatile and nonlinear financial time series.

In comparison to classical regression models, the LSTM model offered superior performance in terms
of both R=score and prediction smoothness. This finding aligns with existing literature, which
supports the robustness of LSTM models in financial forecasting domains [9].

3.3. Gated Recurrent Unit

GRU, proposed in 2014, represents a streamlined variant of RNNSs that was formulated to mitigate
the vanishing gradient issue commonly observed in traditional RNN architectures. Unlike LSTM,
GRU simplifies the gating structure by utilizing only two control gates—reset and update—which
regulate information transmission without requiring a separate memory cell. GRUs have
demonstrated improved computational efficiency while maintaining comparable forecasting
performance in domains such as temporal sequence modeling, speech analysis, and language
understanding [10].

Given an input sequence x; € R™ and the previous hidden state h,_; € R™, the GRU updates its
hidden state at time t using the following operations:

z; =0c(Wyx; + U,hi_y + by) (11)

r, = o(Wyx; + U he_q + b,) (12)

he = tanh(Wyx, + Up(re © heq) + by). (13)
he=01—-2)0Ohi1+2z, Oh, (14)

In GRU networks, theoserves as the non-linear activation, and element-wise multiplication is
represented by (© denotes element-wise multiplication. The update gate z, regulates the proportion
of past hidden information that is preserved.r; is the reset gate. h,is the candidate activation.h, is the
final updated hidden state at time step t.

The GRU’s architecture enables it to selectively forget or retain information, which is particularly
important for modeling temporal sequences such as exchange rates that exhibit seasonality, trends,
and abrupt shocks [11].

In this experiment, the GRU model was implemented using the Keras APl with a TensorFlow
backend to forecast the USD/CNY exchange rate based on a univariate time series composed of daily
closing prices. A sliding window technigque was employed to construct the supervised learning dataset,
where each input sample consisted of 60 consecutive days used to predict the exchange rate of the

282



following day. The model architecture included an input layer accepting sequences of shape (60, 1),
followed by a GRU layer with 30 units configured to output a single hidden state. To reduce the risk
of overfitting, a Dropout layer with a rate of 0.2 was applied. The output layer consisted of a single
dense neuron to generate the final prediction. The model was compiled using the Adam optimizer,
and the MSE was used as the loss function.

The model underwent 50 full training iterations (epochs), with each iteration processing data in
batches of 32 samples. To maintain the temporal integrity inherent in time series data, the dataset was
partitioned sequentially without shuffling. Chronological splitting allocated 80% of the samples to
training and the remaining 20% to evaluation. Such a setup helps preserve sequential patterns,
mitigates data leakage, and contributes to consistent model behavior during forecasting.

4. Experiments and Results

4.1. Results and Analysis

The forecasting capability of SVR, LSTM, and GRU models on the USD/CNY exchange rate is
examined in this section. Performance assessment was conducted using identical test data and
evaluated through standard statistical indicators, including the coefficient of RZMSE, MAE, and
RMSE. A comparative overview of these results is provided in Table 1.

Table 1. Evaluation metrics for all models on the test set

Model R=Score MSE MAE RMSE
SVR 0.9005 0.0009 0.0246 0.0308
LSTM 0.9141 0.0008 0.0199 0.0286
GRU 0.9311 0.0007 0.0163 0.0256

When receiving the paper, we assume that the corresponding authors grant us the copyright to use the
paper for the book or journal in question. When receiving the paper, we assume that the corresponding
authors grant us the copyright to use.

As shown in Table 1, all three models performed well in terms of R=core and low prediction errors.
SVR, while being a classical machine learning model, achieved a respectable R=bf 0.9005. However,
the deep learning models outperformed SVR in all metrics, demonstrating their superior capacity in
capturing temporal patterns and non-linear dynamics inherent in financial time series.

Among the neural models, GRU achieved the best performance, with the highest R=score (0.9311)
and the lowest MSE, MAE, and RMSE values. This suggests that the GRU model not only captures
complex relationships effectively but also generalizes well to unseen data with minimal prediction
error. LSTM also performed strongly and closely followed GRU, indicating that both architectures
are suitable for exchange rate forecasting, with GRU offering a more lightweight and computationally
efficient alternative.

The actual vs. predicted exchange rate curves for all three models are illustrated in Figure 1, Figure
2, and Figure 3, respectively. These plots provide visual insights into how accurately each model
tracks the real exchange rate traject
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Fig. 1 SVR Prediction vs Actual (Picture credit: Original)
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Fig. 3 GRU Prediction vs Actual (Picture credit: Original)
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Each figure clearly shows that the predicted values from the GRU and LSTM models are more closely
aligned with the actual exchange rate, particularly in capturing rapid fluctuations and short-term
reversals. SVR, by contrast, tends to produce smoother predictions and is less responsive to sudden
market changes, reflecting its structural limitations in temporal modeling.

From the above studies, it can be concluded that, first, the characteristics of the USD/CNY exchange
rate data—marked by non-linear trends, seasonal fluctuations, and sudden market shocks—favor
models capable of capturing complex temporal dynamics. Deep learning models such as LSTM and
GRU are inherently well-suited for this task due to their recurrent architectures, which enable them
to learn dependencies across time more effectively than traditional machine learning methods. Second,
differences in model complexity and training requirements also played a role. SVR offers simplicity
and fast training, but it lacks the sequential memory necessary for modeling long-term patterns. In
contrast, LSTM provides strong modeling power but at the cost of higher computational overhead,
while GRU strikes a balance by delivering comparable accuracy with reduced training time and a
more compact architecture. Finally, in terms of generalization capability, GRU’s streamlined
structure helps mitigate overfitting risks, leading to better performance on unseen data. Although
LSTM is more expressive and flexible, it typically requires additional regularization and careful
parameter tuning to achieve similar levels of robustness.

5. Conclusion

This research evaluated the performance of three forecasting models—SVR, LSTM, and GRU—for
predicting the USD/CNY exchange rate based on historical data. All models demonstrated
satisfactory results, with GRU outperforming others in terms of accuracy and error reduction. LSTM
was closely followed, while SVR, though a traditional method, served as a solid baseline.

The results suggest that deep neural architectures—particularly the GRU model—demonstrate strong
suitability for capturing intricate temporal patterns in exchange rate sequences, while also exhibiting
robust generalization performance. Moreover, the evaluation underscores the balance that must be
struck between predictive precision, structural complexity, and computational resource demands.

However, the study is not without limitations. It focused solely on univariate time series data,
excluding macroeconomic indicators or external market influences. Moreover, real-time adaptability
and latency were not considered. Future work could extend this research by incorporating multivariate
inputs, testing adaptive online learning algorithms, and exploring hybrid models such as Transformer-
based architectures.

In summary, the research enhances the understanding of financial time series prediction by
empirically validating the effectiveness of GRU-based neural architectures in modeling exchange rate
dynamics.
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