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Abstract

In traditional portfolio optimization models, prediction errors of excess returns in asset selection
can lead to performance degradation. This paper employs the Transformer deep learning model to
predict the return rates of candidate assets, aiming to enhance the accuracy of return predictions and
thereby improve portfolio performance. Using the CSI 800 Index’s constituent stocks as candidate
assets, we conduct 72-period rolling investments and compare the results with LSTM and SVR models.
The empirical results demonstrate the superiority of the Transformer model in improving predictive
accuracy and portfolio model performance.
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1. Introduction
Due to the influence of macroeconomic conditions, investor psychology, government policies,

and other factors, financial asset prices often exhibit sharp fluctuations, high noise, and characteristics
such as nonlinearity, instability, and complexity [1]. Scholars have attempted to address problems
that traditional statistical methods cannot solve by applying artificial intelligence methods based on
machine learning, aiming to provide descriptive, explanatory, and predictive models for financial
market analysis and investment decision-making. These models can identify important patterns from
large volumes of unstructured financial data [2].

Traditional machine learning methods have been widely applied in financial asset prediction,
especially in time series forecasting. Among them, support vector regression (SVR) and artificial
neural networks (ANN) are the most commonly used methods. In recent years, deep learning has
emerged rapidly in the field of machine learning, particularly gaining attention in financial forecasting.
Due to the evolving market landscape, deep learning models have increasingly become mainstream
approaches capable of accurately identifying complex patterns in financial data [3], thus demonstrating
better performance than classic machine learning methods [4]. Long short-term memory networks
(LSTM), convolutional neural networks (CNN), and deep multilayer perceptron (DMLP) are among
the most widely used deep learning models in finance. LSTM is particularly suited for time series
forecasting, while DMLP and CNN are better suited for classification tasks requiring feature extraction
[5].

In 1952, the mean-variance (MV) model was proposed [6]. This model quantifies asset return
optimization by minimizing risk through the mean-variance or mean-covariance matrix of returns,
thereby constructing a theoretically optimal investment portfolio [7]. The MV model has been widely
used by both investors and researchers to understand the construction of various investment portfolios
and holds significant theoretical and practical implications. However, the MV model is extremely
sensitive to input prediction errors. The prediction errors of excess returns (differences between
expected and actual returns or risk-adjusted returns) in asset selection may significantly degrade the
performance of investment models [8,9]. Some researchers have explored using machine learning
methods to predict returns of selected assets, aiming to improve predictive accuracy and thereby
enhance portfolio model performance.
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With the rapid development of machine learning, increasingly optimal deep learning models
have continuously emerged. These models show greater potential in handling financial time series
with long-term, cross-period dependencies, such as the recently popular Transformer model.

Based on existing research [10–15], this paper focuses on two main areas: (1) adopting the
Transformer deep learning model to predict returns, and comparing its prediction results with LSTM
and SVR models to evaluate its ability to predict excess returns of selected assets; (2) applying
prediction results from the Transformer model in the traditional mean-variance model to construct
a theoretically optimal investment portfolio, and comparing results with those from LSTM and SVR
models to examine the model’s ability to improve portfolio performance.

2. Related Work
In recent years, deep learning methods have gained significant attention in financial forecast-

ing and portfolio optimization. Compared with traditional approaches, deep neural networks can
more effectively capture the nonlinear structures and complex dependencies embedded in financial
time series, thereby improving the accuracy of asset return prediction [16,17]. Existing studies indi-
cate that deep learning outperforms shallow models in cross-sectional stock return prediction and
demonstrates stronger adaptability in practical portfolio construction [16,18]. Moreover, incorporating
clustering techniques to enhance the modeling of stock similarity has been shown to improve predic-
tion performance and promote more rational asset allocation [19]. Furthermore, end-to-end portfolio
optimization frameworks based on deep architectures provide enhanced adaptability to dynamic
market environments [20].

Within deep learning models, the development of attention mechanisms-particularly the Trans-
former architecture-has provided an effective means to model long-range dependencies in financial
time series [21]. Recent research has explored the use of Transformers in asset price forecasting and risk
identification, improving asset management accuracy through advanced temporal modeling [22,23].
Transformer-based models integrated with transaction graph information have also been applied
to anti-money-laundering risk monitoring, demonstrating the potential of Transformers in fusing
graph-structured financial data [24].

Beyond deterministic forecasting models, reinforcement learning has been widely adopted for
dynamic investment strategy formulation. Through deep reinforcement learning, agents can continu-
ously adjust portfolio strategies in response to market conditions to optimize long-term returns [25,26].
Studies show that such methods not only exhibit strong autonomous decision-making capabilities but
also achieve better dynamic trade-offs between risk control and return maximization [27].

Graph neural networks and anomaly detection mechanisms have also emerged as important
research directions in finance, particularly in corporate risk assessment and transaction fraud detection
[28–30]. For instance, combining dynamic graph modeling with multi-head self-attention enables the
effective identification of abnormal fluctuations in financial data, thereby enhancing early risk warning
capabilities [31]. Under complex sequential and transactional data scenarios, improved sequence
modeling methods provide more robust support for financial fraud detection [32].

Moreover, to enhance model interpretability and generalization, some studies have focused on
structural-aware attention mechanisms, knowledge graph integration, causal inference, and regular-
ization techniques [33–35]. These advancements not only enrich the expressive power of deep learning
models but also improve their reliability in high-stakes financial applications [36,37].

In summary, deep learning models have developed rapidly and diversely in the fields of asset
return prediction and portfolio optimization in recent years. Among them, Transformer-based models
have gradually become mainstream due to their superior capability in sequence modeling. Building
upon this body of research, this paper introduces the Transformer architecture into the traditional
mean–variance portfolio optimization framework, aiming to improve return forecasting accuracy and
thereby enhance overall portfolio performance.
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3. Model Construction
3.1. Portfolio Construction
3.1.1. Single-Period Portfolio Construction

The framework for constructing a single-period portfolio is shown in Figure 1 on the next page.
To construct a portfolio suitable for the next period, it is first necessary to use historical data of the
candidate assets over a certain time window. Transformer, LSTM, and SVR are used respectively to
predict the expected excess returns of each candidate asset in the next period. The predicted excess
returns are then input into the MV model to construct the theoretically optimal portfolio.

The prediction of the expected excess return of each asset in the next period is a supervised
learning task, also a regression problem. When using various models to make predictions, historical
data of each asset and its relationship with future excess returns are required, as shown in Figure 2
on the next page. To predict the excess return at period t + 1, data from period t need to be used as
explanatory variables. In addition, it is necessary to collect explanatory variable data from period
t − M to t − 1, as well as the corresponding target excess return data from period t − M + 1 to t.

When training models like SVR, one can directly input the explanatory variables for one period
and the corresponding next-period excess return. However, before training deep learning models like
Transformer, it is necessary to extract subsequences of length m (1 < m < M) from the time series
using a sliding window.

Figure 1. Framework for Single-Period Portfolio Construction.
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Figure 2. Relationship Between Observable Data and Predicted Excess Returns.

3.1.2. Multi-Period Portfolio Construction

When constructing multi-period portfolios, this paper adopts the commonly used sliding window
approach for return prediction and portfolio research [38], as illustrated in Figure 3. To construct a
portfolio for period t + 1, observable historical data from period t − M to t are used to predict the
excess return in period t+ 1, and then the portfolio is constructed based on this prediction. To construct
a portfolio for period t + 2, data from period t − M + 1 to t + 1 are used. The process continues in this
manner.

Figure 3. Illustration of the Sliding Window Method.

3.2. Transformer Model

The Transformer model structure used in this paper is illustrated in Figure 4. First, the input
explanatory variable sequence is expanded in dimensionality through a linear layer. Positional
encodings are computed and added to the input sequence to represent the positional information of
elements in the numerical sequence.

Next, the transformed input sequence is passed through N layers of Transformer encoder modules,
where the output of each encoder layer serves as the input for the next layer.

Each encoder module consists of two parts. The first part is the multi-head self-attention mecha-
nism, which is responsible for capturing the correlation and deep features within the input sequence.
Each attention head learns different features. Dropout is applied within this part to prevent overfitting
from future information leakage. The second part is a feedforward neural network, which integrates
the outputs from the attention mechanism. Each part of the output undergoes residual connection and
normalization.

Finally, the output of the last encoder module is passed through a linear layer for integration,
resulting in the predicted sequence of excess returns.
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Figure 4. Structure of the Transformer Model.

3.3. MV Model

The MV model uses µ and Σ to measure the returns and risks of each asset. By solving the
optimization problem in Equation (1), the portfolio weights wi are adjusted to maximize returns and
minimize risk, thereby obtaining the theoretically optimal portfolio.

max w⊤µ − δ

2
w⊤Σw

s.t. w⊤1n = 1

wi ≥ 0, ∀i ∈ n

(1)

Here, µ represents the expected excess return vector for n candidate assets, as provided by each
prediction model; Σ represents the variance-covariance matrix of expected returns, estimated using
the historical excess return variance-covariance matrix of the assets; δ is the risk aversion coefficient of
the investor; 1n is an n-dimensional vector of ones; wi is the portfolio weight for asset i, with ∑ wi = 1
and each wi ≥ 0.

4. Empirical Analysis
4.1. Data Selection

This paper uses the constituent stocks of the CSI 800 Index as candidate assets, with a single-
period investment horizon of one month. From January 2015 to December 2020, a total of 72 rolling
investment periods are conducted. In each sliding window, the historical data length M is set to 30
months, and the input sequence length m for deep learning models is set to 12 months.
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Since the CSI 800 Index constituents are adjusted semiannually, the candidate stocks also change
accordingly. Stocks with missing or discontinuous historical data due to delisting, suspension, or other
reasons are removed from the candidate pool in the corresponding period.

To predict the expected excess returns of candidate stocks, this paper uses 10 classic explanatory
variables as shown in Table 1. For example, in the first investment period (January 2015), there are 507
candidate stocks. The explanatory variable data from June 2012 to December 2014 are shown in Table 2,
and the first-level industry classifications are shown in Figure 5 (data source: Wind database) [39].

Figure 5. Distribution of Selected Stocks by Shenwan First-Level Industry (December 2014).

Table 1. Explanatory Variables.

Variable Description

Industry First-level industry classification (Shenwan)
ROE Return on equity
E/P Earnings-to-price ratio
Inflation Inflation rate, CPI (YoY)
Rf Risk-free rate, Shibor (1-month)
Turnover Average daily turnover rate
Reversal Reversal factor, excess return of current month
Size Market capitalization
B/M Book-to-market ratio
D/P Dividend yield

Table 2. Descriptive Statistics of Explanatory Variables (June 2012 to December 2014).

Variable Unit Mean Std. Dev. Min Median Max

ROE % 2.78 11.25 -744.70 2.49 194.19
E/P 0.05 0.05 -0.34 0.06 0.79
Inflation % 2.29 0.48 -1.40 2.60 3.20
Rf % 0.38 0.07 0.20 0.38 0.61
Turnover % 1.45 1.44 0.02 1.06 26.24
Reversal % 1.42 12.22 -37.25 0.61 266.80
Size CNY 100M 260 700 0.98 88 17000
B/M 0.47 0.30 -0.12 0.48 2.47
D/P % 1.37 1.64 0.00 0.93 29.19
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4.2. Return Prediction

Due to the high cost of training deep learning models, this paper performs two rounds of
hyperparameter tuning using data from January 2014 to December 2017. The resulting models are
then applied to the investment periods 2015–2017 and 2018–2020. The hyperparameter settings for
each prediction model are summarized in Table 3.

Table 3. Hyperparameters of Prediction Models.

Model 2015–2017 2018–2020

Transformer
d_model=288, nhead=6,
dim_feedforward=288,
n_layer=3, dropout=0.1

d_model=288, nhead=6,
dim_feedforward=288,
n_layer=3, dropout=0.1

LSTM hidden_size=192, n_layer=3 hidden_size=256, n_layer=4
SVR kernel=rbf, gamma=0.001, C=0.01 kernel=rbf, gamma=1, C=0.01

RMSE and MAPE are used to evaluate the prediction accuracy of excess returns. The lower the
value of these error metrics, the higher the model’s predictive performance.

Table 4 shows the prediction errors of the three models over the 72 investment periods. The
results indicate the following:

(1) Based on RMSE, the SVR model has the lowest average prediction error at 0.115, followed by
Transformer, and the LSTM model has the highest at 0.132.

(2) Based on MAPE, the Transformer model achieves the smallest average and standard deviation
of prediction errors, at only 610 and 1998, respectively, while SVR and LSTM produce significantly
larger errors than Transformer.

(3) The MAPE skewness values of all three models exceed 7, indicating a highly right-skewed
distribution. This suggests that although the models perform well in most periods, extremely large
errors occur in a few periods.

From this, it can be concluded that in predicting the excess returns of candidate stocks, the
Transformer and SVR models exhibit relatively higher prediction accuracy, whereas the LSTM model
performs relatively poorly.

Table 4. Comparison of Prediction Errors Across Models.

RMSE MAPE
Model Mean Std Skew Mean Std Skew
Transformer 0.124 0.056 1.754 610 1998 7.60
LSTM 0.132 0.052 1.329 1980 11991 8.28
SVR 0.115 0.050 1.572 1949 14346 8.30

4.3. Investment Performance of Portfolios Constructed Using the MV Model

This paper uses the variance-covariance matrix of the excess returns over the past 12 months of
each candidate stock as the estimate of Σ in the MV model. The risk aversion coefficient δ is set to 3.
The predicted excess returns obtained from the three forecasting models—Transformer, LSTM, and
SVR—are used as the input expected returns for the MV model to construct portfolios.

As shown in Figure 6 and Table 5, the Transformer model demonstrates superior performance in
enhancing the investment effectiveness of the MV model.
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Figure 6. Cumulative Returns of Portfolios Constructed Using the MV Model.

Table 5. Investment Performance of Portfolios Constructed Using the MV Model.

2015 2016 2017 2018 2019 2020 Cumulative Annualized Sharpe
Transformer 20.76 -9.95 12.51 -19.02 39.21 50.78 107.96 12.98 0.46
LSTM 1.55 -1.28 -2.50 -28.71 18.65 23.61 4.84 0.79 -0.05
SVR 8.94 -9.23 7.97 -6.26 45.12 46.66 53.02 7.35 0.25
CSI800 14.91 -13.27 15.16 -20.44 31.75 29.51 48.10 5.79 0.21
CSI800 Equal 36.90 -15.07 0.44 -31.31 27.44 19.32 21.99 3.77 0.11

The portfolio constructed using the Transformer and MV model achieved higher returns in four
out of six years compared to the portfolios constructed using LSTM or SVR combined with the MV
model. In five out of six years, it outperformed both the CSI 800 Index and the CSI 800 Equal-weighted
Index. Among all portfolios, it achieved the highest cumulative return, annualized return, and Sharpe
ratio, reaching 107.96%, 12.98%, and 0.46, respectively. In contrast, the portfolio based on SVR and MV
attained a cumulative return of 53.02%, an annualized return of 7.35%, and a Sharpe ratio of 0.25. The
portfolio based on LSTM and MV underperformed even the market benchmarks.

It is worth noting that the portfolios constructed using the MV model contained relatively few
stocks. As shown in Figure 6, except for the first period of the Transformer-based portfolio which
included 29 stocks, the number of stocks in all other periods did not exceed 13. Such compact portfolios
are suitable not only for institutional investors but also for individual investors.

Table 6. Number of Stocks in Portfolios Constructed Using the MV Model.

Min 25% Quantile Median 75% Quantile Max
Transformer 5 8 10 12 29
LSTM 5 8 10 11 12
SVR 4 8.75 11 12 13

5. Conclusions
In traditional portfolio models, prediction errors in the expected excess returns of selected assets

may lead to deterioration in portfolio performance. Some studies have applied machine learning
methods to forecast asset returns, aiming to improve prediction accuracy and thus enhance the
effectiveness of portfolio models.

In recent years, the Transformer deep learning model has demonstrated a superior ability to
capture long-term dependencies in sequential data. This paper applies the Transformer model to
predict the expected excess returns of selected assets and inputs the predicted values into the MV
model to construct portfolios. A comparative analysis is conducted with the SVR and LSTM models.
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Using 72 periods of investment experiments with the constituent stocks of the CSI 800 Index as
candidate assets, the Transformer model shows superior prediction ability over LSTM and SVR. It
significantly enhances the investment performance of the MV model. The MV portfolios constructed
using predictions from the Transformer model outperform those constructed with LSTM and SVR in
terms of cumulative return and Sharpe ratio.

The findings of this paper provide a new perspective for theoretical research on portfolio optimiza-
tion. The integration of the Transformer model with the MV model also demonstrates its applicability
to real-world investment environments.
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