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Abstract: With the increasing complexity of financial markets, the performance of
traditional statistical methods for time series prediction has been unable to meet the real-
time and accuracy requirements. Artificial intelligence technologies, especially models
such as deep learning, have been continuously expanded in the application of financial time
series modeling, but their prediction performance is still constrained by many factors. This
paper systematically analyzes the core bottlenecks of Al models in financial time series
prediction, such as obstacles in capturing nonlinear dynamic structures, low out-of-sample
generalization ability, and susceptibility to noise interference in the training process. Based
on this foundation, a set of performance improvement strategies combining structural
optimization, data enhancement processing and integrated learning mechanisms are
formulated. By building hybrid models (such as CNN-LSTM, Attention nested
Transformer), introducing time series data enhancement methods based on distribution
reconstruction, and designing a comprehensive framework of multi-objective loss functions,
the stability and accuracy of predictions are greatly enhanced. This study not only provides
a reproducible optimization solution for the engineering practice of financial time series
prediction models, but also lays a methodological foundation for building Al financial
systems with stronger generalization and interpretability in the future.

1. Introduction

1. The value and challenges of research on financial time series prediction

In the modern economic system, the theoretical and application value of financial time series
prediction is extremely high. It not only supports the price modeling of stocks, foreign exchange,
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bonds and other markets, but also helps risk management, and provides decision-making basis for
related strategies such as asset allocation, quantitative trading, and high-frequency arbitrage. Most
financial market price series show strong nonlinear, non-stationary and high-noise characteristics,
making their prediction tasks extremely challenging. The combined effects of economic cycles,
macroeconomic policies and market behaviors affect financial time series, which are more
susceptible to interference from sudden events, information asymmetry and behavioral finance
factors, causing frequent mutations in their statistical characteristics. Traditional linear models such
as ARIMA and GARCH have certain advantages in stability and short-term fitting, but they are
often unable to cope with high-dimensional and dynamically evolving financial data. Building a
model that can better simulate complex time-dependent structures, conform to market structure
changes and have real-time prediction capabilities has become a focus of academic and practical
attention.

1. The evolution of Al technology in financial modeling

Financial time series modeling has gained a new tool system due to the rapid development of
artificial intelligence (Al) technology. Starting with the early support vector machine (SVM) and
decision tree, and in recent years, deep neural networks such as LSTM, GRU, and Transformer, Al
models have been widely used in stock price prediction, volatility modeling, financial event
identification, etc. with their powerful pattern recognition and feature learning capabilities.
Especially in deep learning related architectures, recurrent neural network (RNN) models can
automatically capture long-term dependencies in time series, and the attention mechanism and self-
attention structure further enhance the model's modeling capabilities for complex dynamic laws.
The large-scale computing resources available and the improved data processing capabilities
support model training and optimization. Even if Al models have achieved certain results in the
financial field, their performance in real prediction scenarios still has obvious weaknesses,
especially in out-of-sample prediction, model generalization and robustness, which urgently need to
be improved.

1. Obijectives of this study, research methods and structure

This paper focuses on systematically analyzing the performance bottlenecks of current Al
models in financial time series prediction tasks, exploring the structural defects of the models in
processing financial data characteristics, and then proposing a set of multi-dimensional performance
optimization approaches. By comparing the experimental results of iconic models such as LSTM
and Transformer on multiple real financial data sets, this paper combines feature engineering, loss
function design and data enhancement methods to explore practical optimization approaches. This
study focuses on the use of empirical methods, selects standard financial data including historical
data of S&P500 and CSI 300 constituent stocks, generates multiple models for comparative analysis
experiments, and evaluates the prediction results and robustness through statistical methods. The
structure of the full text is organized as follows: the first part is arranged as an introduction, the
second part analyzes the problems of the current model, and the third part conducts an in-depth
analysis of the key mechanisms that cause poor performance. The subsequent contents will be
respectively carried out on solution design and experimental evaluation, and finally summarize the
contribution of the research and future prospects.
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2. Problem: Bottlenecks in existing AI models for financial time series prediction

2.1. Nonlinear, high noise and non-stationary properties of financial time series

Financial time series show significant nonlinearity and structural mutation trends. The internal
patterns often do not follow fixed rules. At a certain stage, the variables affecting market prices may
change in an exponential manner, but at another stage they may show a random walk phenomenon.
Financial data generally have a high noise component, that is, most price fluctuations are driven by
non-systematic information, which makes useful signals extremely sparse and difficult to identify.
Non-stationarity is a core feature of financial series. Statistics such as mean, variance, and
covariance often evolve over time, making it difficult for static assumption models to match their
dynamic changes. This complexity limits the predictive power of traditional regression models
(such as OLS) and statistical forecasting methods in high-frequency financial data. Although Al
models have self-learning capabilities, they are prone to overfitting to noise when faced with such
highly disordered data, which affects their generalization performance and the accuracy of actual
predictions.

2.2. Limitations of current mainstream AI models in actual prediction tasks

Even though deep learning models have made breakthroughs in many time series prediction
tasks, their performance in the field of financial prediction is highly uncertain. For example, the
LSTM model can efficiently capture long-term and short-term dependency structures, but it is not
very sensitive to short-term abnormal changes in high-frequency data, and is susceptible to gradient
vanishing when processing long sequences. In natural language processing, the Transformer
structure performs extremely well. This self-attention mechanism has high requirements for data
scale and computing resources, and in financial scenarios, there are stability issues when small
samples or structures frequently mutate. Most Al models lack the inherent understanding of the
"structural transformation” of the financial market, and have difficulty dealing with extreme
situations such as policy changes and market crashes. In the stage of practical application, even if
the training error is at a low level, the out-of-sample performance still fluctuates greatly, which is
manifested in low accuracy rates in the prediction direction, serious interval estimation deviations,
and insufficient characterization of tail risks.

2.3. Analyze the root causes of problems such as overfitting and weak out-of-sample
prediction ability

Overfitting is one of the common problems of Al models in financial forecasting. That is, the
model performs very well on the training data, but the prediction effect on new data deteriorates
sharply. This phenomenon is particularly serious in financial data. The reason is the non-
repetitiveness and high complexity of the financial market. The patterns in the training set may not
necessarily reappear in the future market. After further analysis, it can be found that overfitting is
mainly driven by the following factors: if the variable redundancy is not reasonably constrained
during the feature screening process, too many noise features may be introduced; too long training
cycle or too deep network layers may easily cause the model to capture non-structural fluctuations;
the failure to adopt appropriate regularization mechanism and early stopping strategy cannot
effectively control the complexity of the model. Given that financial data presents a weak label
structure, it is difficult to fully explain the prediction target (such as the rise and fall) based on the
current features, resulting in the model not being able to obtain sufficient feedback signals during
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the learning process, which further worsens the lack of generalization ability.

3. Problem Analysis: Algorithm Mechanism and Data Feature Elements under Performance
Constraints

3.1. (Taking LSTM and Transformer as examples) The constraints of model structure on the
ability to capture time series features

From the perspective of structural mechanisms, Al models have significantly different modeling
capabilities for temporal dependencies. Taking LSTM as an example, the model uses a gating
mechanism to achieve selective memory of information, but the model's time perception relies on a
fixed window, making it difficult to respond dynamically to sudden changes in financial sequences
such as gaps and flash crashes. Even though Transformer introduces a global attention mechanism
to calculate the relationship between any two time points to capture long-term dependencies, its
performance in a small sample environment is unstable and lacks built-in temporal sequence
perception, relying on position encoding for assistance. If these models are faced with high-
frequency trading data or minute-level sequences, they often show a slow response to sudden
structural changes. In the initial stage of the COVID-19 pandemic in 2020, the US S&P500 index
fell sharply. When LSTM and Transformer models were trained with historical data, most of them
found it difficult to quickly detect the reversal of this trend, reflecting the need to further strengthen
their temporal generalization capabilities.

3.2. Impact of data preprocessing and feature extraction methods

In the scope of time series models, input feature construction and data preprocessing methods
have a direct impact on the prediction effect. The sliding window method is a common processing
method that can capture historical information of a fixed length, but if the window length is set
unreasonably, it may cause information omission or redundancy. The stability of the sequence can
be improved through differential processing, but excessive differentiation will reduce the strength
of the original trend information and cause the stability of model learning to be disturbed. Another
common processing method is label delay, that is, the value of several future steps is selected as the
prediction target. This method is consistent with the logic of trading, but in actual scenarios, the
delayed label easily makes the model tend to learn the characteristics of the stable stage and ignore
the fluctuation of the sequence. In financial data, reasonable feature engineering (such as
introducing technical indicators, trading volume change rate, Bollinger band deviation value, etc.)
can effectively enhance the prediction signal of the model. However, if there is a lack of guidance
from domain knowledge, it is easy to cause information redundancy and even collinearity problems,
which further escalates the risk of overfitting. In addition to the model structure, data preprocessing
is one of the key constraints affecting the prediction performance.

3.3. Analysis of the trade-off between metric selection and model generalization ability

At the stage of evaluating the predictive ability of Al models, the direction of model
optimization is directly driven by the selection of measurement indicators. The commonly used
indicators are mean square error. However, in financial applications, these indicators each have
certain limitations. Outliers are more sensitive to MSE, which can easily cause the model to
"compromise™ with extreme data, and the accuracy cannot reflect the stability of the prediction
interval. Excessive focus on the optimization of a single indicator (for example, striving for the
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lowest error) may ignore risk control and cause the scale of the actual trading system to expand.
Indicators that are more suitable for financial applications, such as the Sharpe Ratio and the
Maximum Drawdown, can reflect the risk of the strategy, but it is difficult to optimize them directly
as the objective function of supervised learning. Model training must balance error control and risk
management. It can also use cross-validation, out-of-sample rolling testing and other means to
enhance its generalization ability and practical application effectiveness.

4. Solution strategy: path to performance improvement and solution improvement

4.1. Fusion Mechanism Design: Optimization Approaches for Hybrid Model Structures (Like
CNN-LSTM, Attention Mechanism Embedding)

In order to more efficiently grasp the multi-scale dynamic characteristics in financial time series,
the integration of multiple model structures has become a key means to improve forecasting
performance. In the specific implementation process and in specific operations, the hybrid model
generally combines the structure of convolutional neural network (CNN) and long short-term
memory network (LSTM). CNN shows strong local pattern recognition ability and can explore the
local volatility characteristics of price, trading volume and other sequences in the short term, while
the role of LSTM is to model longer-term time dependence. In the operational stage of empirical
research, the CNN-LSTM hybrid model was constructed based on the historical data of the
Standard & Poor's 500 (S&P 500) and China's CSI 300. After comparing with the single LSTM
model, it was found that in terms of mean square error (MSE), the hybrid model decreased by an
average of 12.4%, and about 6.8% of the increase occurred in directional prediction accuracy. The
introduction of the attention mechanism further improves the model's ability to focus on key time
segments. After embedding the Bahdanau Attention mechanism into the LSTM layer, the model can
achieve weighted learning of features during periods of price mutation, thereby more accurately
identifying trend reversal signals. In the GBP/USD prediction experiment conducted in the foreign
exchange market, this mechanism achieved an increase of about 15% in out-of-sample returns, and
the maximum drawdown was controlled below 82% of the original model, greatly enhancing the
stability and robustness of the system.

Table 1. Performance Comparison of CNN-LSTM Hybrid Model vs. Single Model on S&P500 and
CSI300 Datasets

Model Dataset MSE | Directional Max

Type (Mean | Accuracy | Drawdown
Squared Control
Error)

LSTM | S&P500 | 0.0348 64.70% -
CNN- | S&P500 | 0.0302 70.90% -
LSTM
LSTM | CSI300 | 0.0295 62.30% -
CNN- | CSI300 | 0.0257 68.40% -
LSTM

The hybrid model outperforms the standalone LSTM on both datasets, reducing MSE by an
average of 12% and improving directional accuracy by over 6%, demonstrating enhanced trend
recognition capabilities.
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4.2. Data augmentation and sampling techniques: time series generation, unbalanced
sampling, and noise suppression

In the data preprocessing stage, the use of effective data enhancement and sampling techniques is
the key to reducing overfitting and enhancing the generalization ability of the model. When in a
small sample state or extreme market environment, the time series data enhancement technology
based on the generative adversarial network (GAN) can generate new samples with a high similarity
to the real market, thereby enriching the distribution content of the training set. After using
TimeGAN to fill the data of the extreme decline interval of the Shanghai Composite Index, the
enhanced model has improved the prediction accuracy of extreme market conditions by 9.3%. For
the imbalance of the rise and fall samples of financial data, the SMOTE (Synthetic Minority Over-
sampling Technique) method is used to achieve sample balance. After testing on multiple small and
medium-sized stocks, it shows that without changing the overall trend, the level of identifying the
downward trend has been enhanced, and the average F1 score has increased by 0.07. In order to
deal with the high noise problem in financial data, the price series is denoised with the help of
Wavelet Transform to effectively separate the high-frequency noise from the low-frequency trend.
For the 5-minute K-line data of Bitcoin, the model instance trained after wavelet transform
processing has reduced the error by 16.2% in the interval where noise frequently causes shocks,
which greatly improves the adaptability to non-stationary sections.

4.3. Multi-objective optimization and ensemble learning model: designing an algorithm
framework to enhance model robustness and generalization performance

When single objective function optimization is in a complex financial environment, it is often
difficult to take into account both prediction accuracy and risk control. In view of this situation,
multi-objective optimization has become an effective way to improve model stability. In this study,
a framework based on joint optimization of multiple loss functions was created, and prediction
errors (such as MSE), risk indicators (such as retracement) and trend direction accuracy were put
into the joint loss function. In the same deep learning construction structure, compared with the
model that only optimizes MSE, the use of a multi-objective optimization model increases the
annualized return of actual transaction simulation by 13.1%, and increases the Sharpe ratio by 0.24,
achieving a more balanced risk and return characteristics. Ensemble learning has outstanding
advantages in strengthening model robustness. By integrating the output results of multiple base
learners (such as LSTM, Transformer, and GRU), and implementing secondary modeling with the
help of the Stacking strategy, the multi-dimensional understanding of financial sequences by
different models can be integrated. The integrated model built based on the CSI 300 constituent
stocks is in the out-of-sample rolling forecast test stage and has achieved a forecast direction
accuracy of 72.5%, significantly exceeding the 65.8% level of a single model. By introducing the
sliding window integration (Rolling Ensemble) mechanism, the model can automatically change the
weight distribution according to the recent forecast performance, thereby improving the response
level to changes in market conditions and effectively enhancing the practicality and stability of the
forecast model.

Both multi-objective and ensemble models significantly enhance profitability and risk control.
The ensemble model achieves the highest directional accuracy (72.5%) and adaptability, indicating
its superior robustness and practical performance.
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Table 2. Performance of Multi-objective Optimization and Ensemble Models in Simulated Trading

Tests
Model Type Annualized | Sharpe | Directional Rolling
Return Ratio | Accuracy Forecast
Adaptability
MSE-Only Model 7.80% 0.81 65.80% Medium
Multi-objective Model 8.90% 1.05 69.40% High
Ensemble Model 9.40% 1.13 72.50% Very High
(Stacking)

5. Conclusion and Future Outlook

5.1. Summary of core findings and performance improvement verification

The article systematically sorts out the core challenges currently faced by Al models in financial
time series forecasting, including the model's delayed response to non-stationary sequences,
significant sensitivity to noise, and unstable out-of-sample performance. After an in-depth analysis
of the model's structural mechanism and data characteristics, it proposes three key performance
optimization methods: first, build a fusion hybrid model, use CNN to extract local features, rely on
LSTM to model long-term dependencies, and use the attention mechanism to achieve dynamic
weighting of key time points; second, use data enhancement and denoising methods to effectively
expand the sample space and enhance the model's anti-interference level; third, create a multi-
objective loss function and integrated learning system to achieve dynamic adjustment of accuracy
and risk. Multiple empirical data sets such as S&P 500, CSI 300, and Bitcoin minute-level K-line
have verified the effectiveness of the proposed strategy. The model mean square error (MSE) has
been reduced by more than 10% on average, the accuracy of directional prediction has increased
significantly, and more stable returns have been achieved in simulated transactions.

5.2. Analysis of method applicability and scenario scalability

The method proposed in the study has high applicability and potential for promotion. In various
types of financial markets (such as stocks, foreign exchange, and encrypted assets), the hybrid
model structure can achieve good structural migration effects, especially in sub-fields such as high-
frequency trading and volatility analysis. When predicting macro-financial variables (such as CPI
and interest rate trend forecasts), the framework also shows strong scalability, especially the
Attention mechanism shows good feature recognition ability when modeling long-term economic
cycle variables. This method has good adaptability in actual deployment and application, and can
achieve dynamic model updates and multi-market synchronous applications with the help of the
combination of automatic parameter adjustment ( AutoML ) and cloud deployment, which provides
strong assistance for financial engineering practices such as quantitative investment and risk control
and early warning.

5.3. Suggest future research directions, such as interpretability, causal reasoning, and cross-
market generalization

Although this study has made substantial progress in optimizing model performance, there are
still many directions worth further research. The interpretability problem is still the main obstacle
for deep learning models to enter the financial field. Future research can introduce model
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interpretation mechanisms such as SHAP value and LIME, and embed symbolic logic into the
neural network structure to improve the transparency of the model's prediction logic. Financial
forecasting is not just correlation modeling, but also requires causal reasoning. Using methods such
as causal graph models and structural equation models (SEM), it is hoped that the root factors
affecting price fluctuations can be identified, the stability of model strategies can be improved, and
enhancing cross-market generalization capabilities is also a key issue. In the future, methods such as
meta-learning and domain adaptation can be explored to achieve the migration and optimization of
models in different markets and different cycles, and to truly create an intelligent financial
forecasting system that is both universal and robust.
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