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Abstract: Stock price prediction has long been a critical area of research in financial modeling.
The inherent complexity of financial markets, characterized by both short-term fluctuations and
long-term trends, poses significant challenges in accurately capturing underlying patterns. While
Long Short-Term Memory (LSTM) networks have shown strong performance in short-term stock
price prediction, they struggle with effectively modeling long-term dependencies. In this paper,
we propose an advanced stock price prediction model based on the Extended Long Short-Term
Memory (xLSTM) algorithm, designed to enhance predictive accuracy over both short and long-term
periods. We conduct extensive experiments by building and evaluating models based on xXLSTM and
LSTM architectures for multiple stocks. Our results demonstrate that the xLSTM model consistently
outperforms the LSTM model across all stocks and time horizons, with the performance gap
widening as the prediction period extends. The observations underscore the superior capability of the
xLSTM-based model to capture long-term patterns in financial data, offering a promising approach
for more accurate and reliable stock price predictions.

Keywords: neural networks; stock price prediction; Long Short-Term Memory (LSTM); Extended
Long Short-Term Memory (XLSTM); time series forecasting

1. Introduction

Predicting stock prices has long been a central focus in financial modeling due to its profound
impact on investment strategies, risk management, and market efficiency. The complexity and volatility
of financial markets, driven by both short-term fluctuations and long-term trends, make accurate stock
price prediction a particularly challenging task [1]. The unpredictable nature of stock prices is further
compounded by numerous factors, including economic indicators, market sentiment, and external
events, all contributing to the intricate dynamics of financial markets [2—4].

Over the years, various machine learning techniques, such as K-Nearest Neighbors (k-NN) [5],
AutoRegressive Integrated Moving Average (ARIMA) [6], and XGBoost [7], have been employed to
address the problem of stock price prediction. While these methods have provided valuable insights
and demonstrated effectiveness in specific contexts, they often fall short of fully capturing the complex
and dynamic nature of financial markets. The limitations of these models, particularly in dealing with
non-linear relationships and long-term dependencies, have prompted researchers to explore more
advanced approaches.

Recent advancements in deep learning have led to the development of more sophisticated models
capable of capturing the non-linear relationships inherent in time series data[8]. Among these, Long
Short-Term Memory (LSTM) networks have gained prominence for their ability to model temporal
dependencies and effectively manage sequential data [9-11]. LSTM networks have demonstrated
significant improvements in stock price prediction, particularly in capturing short-term market trends
[12-14]. However, despite their effectiveness, LSTM models face considerable limitations in modeling
long-term dependencies, which are crucial for accurate long-term predictions [15,16]. This limitation
can result in reduced prediction accuracy, especially when forecasting stock prices over extended
periods. A recent innovation, Extended Long Short-Term Memory (xLSTM) architecture, builds
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upon the traditional LSTM by incorporating mechanisms to better manage and retain information
over longer sequences and refining the gating mechanisms to allow for more effective processing of
relevant information across sequences of various lengths[17]. xLSTM has demonstrated competitive
performance in handling long sequences and large contexts compared to some prominent large
language models [18]. However, its potential in financial time series forecasting remains largely
unexplored.

In this work, we aim to develop and evaluate an advanced stock price prediction model based
on the xLSTM architecture to address the limitations of current approaches in modeling long-term
trends. While some studies have leveraged Large Language Models that incorporate news and market
sentiment to enhance financial modeling [19-21], our focus in this paper is on non-text-based deep
learning approaches. We conduct extensive experiments to compare the performance of xXLSTM
and LSTM models across multiple stocks and a range of prediction horizons. LSTM is chosen as
the benchmark for comparison due to its established success in short-term stock price prediction
in previous studies. The results demonstrate that our xLSTM model consistently outperforms the
traditional LSTM model in both short-term and long-term stock price predictions. These findings
underscore the strong potential of xLSTM in financial time series forecasting, offering more accurate
and reliable predictions that can enhance decision-making processes in the financial industry.

2. Related Work

2.1. Traditional Methods

Traditional statistical and machine learning models have been extensively studied and applied
to a wide range of prediction tasks in both financial [22-24] and non-financial domains [25-27]. For
time-series forecasting tasks, including stock price predictions, Autoregressive Integrated Moving
Average (ARIMA) [6], Generalized Autoregressive Conditional Heteroskedasticity (GARCH) [28], and
Exponential Smoothing (ETS) [29] have been widely used. These models were effective in capturing
linear relationships and volatility clustering, which are typical in financial time series data. However,
their performance was limited by their inability to model complex non-linear patterns that are often
present in stock market movements. Other machine learning methods such as Support Vector Machines
(SVM) [30] and Random Forests [31] have also been applied for stock price predictions, with varying
degrees of success, but they still face challenges in effectively capturing the temporal dynamics of
financial data.

2.2. Deep Learning Approaches

Deep learning has revolutionized various fields by offering powerful models capable of capturing
complex patterns in data. Its applications span numerous domains including but not limited to
healthcare [32-36], retail[37], civil-engineering[38], psychology [39] and finance[40]. For stock price
predictions, Recurrent Neural Networks (RNNs) have been particularly effective due to their ability to
handle sequential data leveraging a hidden state that captures information from previous time steps.
However, traditional RNNs suffer from issues such as vanishing and exploding gradients, which limits
their ability to capture long-term dependencies in time series data [41]. Long Short-Term Memory
(LSTM) networks are developed to overcome some of these limitations [42]. Specifically, the featuring
memory cells and gating mechanisms of LSTM, enable it to retain information over longer sequences,
making it particularly effective for time series forecasting. It has been shown that LSTM networks
significantly outperform traditional models in predicting stock prices by effectively capturing complex
temporal dependencies, especially in short-term forecasts [43,44].

2.3. Limitations of LSTM

Despite its success, LSTM is not without limitations, particularly when applied to long-term stock
price prediction. Studies have shown that while LSTM models are robust for short to medium-term
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predictions, their performance tends to degrade when predicting over longer horizons. [41]. To
address the limitations of LSTM, several advancements and alternative methods have been introduced.
Gated Recurrent Units (GRU), for example, offers a simplified architecture with fewer parameters
compared to LSTM, making them easier to train while still capturing long-term dependencies
[45]. Attention mechanisms, as seen in Transformer models, have also been applied to time series
forecasting, allowing models to focus on the most relevant parts of the input sequence and improving
performance in tasks like stock price prediction [46]. Among the advancements in RNNs, xXLSTM
has emerged as a promising extension of LSTM, designed to improve the model’s capacity to handle
complex, long-range dependencies through architectural modifications like enhanced gradient flow
and multi-scale temporal processing [17]. In stock price prediction, short-term and long-term forecasts
serve different strategic purposes. Short-term predictions are often driven by recent market movements
and are critical for day trading and high-frequency trading strategies, whereas long-term predictions
rely on capturing broader market trends, which are more relevant for investment strategies with
extended time horizons. Given the fundamentally different drivers for short-term and long-term stock
price changes, there is a clear need for prediction models that are robust for predictions across different
time horizons.

3. Methodology

3.1. xLSTM

The Extended Long Short-Term Memory (xLSTM) model extends the standard LSTM by
incorporating additional mechanisms, such as enhanced memory cells and gating modifications.
These improvements help the model better focus on relevant parts of the input sequence, making
XxLSTM particularly effective in scenarios where the relationship between past and future values
is complex and non-linear. This is especially useful for stock price prediction across varying time
horizons, where market conditions can shift rapidly. Some relevant innovations are explained below.

1. Enhanced Memory Cells: The xXLSTM introduces modifications that allow memory cells to
operate with more flexibility and efficiency. Specifically, xLSTM includes two variants of LSTM,
sLSTM and mLSTM. The sLSTM variant uses scalar memory updates, which simplify the
memory operations, allowing for faster and more efficient computation. On the other hand,
mLSTM employs a matrix memory structure that can handle more complex dependencies
across longer sequences. The matrix memory enables the model for parallel computations,
significantly improving its ability to manage and retain information across extended periods,
which is particularly beneficial in scenarios such as long-term stock price forecasting.

2. Exponential Gating: Gating is central to the operation of LSTM networks, controlling the flow
of information through input, forget, and output gates. In xXLSTM, these gates are modified to
include exponential gating and advanced normalization techniques, as shown in Equation (1).

gt =exp(We - x; + Ug - hy_q + by) 1)

where ¢; represents the input or forget gate at time ¢, W, and U, are weight matrices, and b,
is the bias. The exponential function exp provides a more flexible and dynamic adjustment of
gate values, allowing for a more stable gradient flow during training. Exponential gating helps
manage the vanishing gradient problem more effectively by dynamically adjusting how much
past information is retained or forgotten during the training process. The adjustment ensures that
relevant information is preserved over long sequences, while less important data is filtered out,
making the model more efficient in learning and predicting complex patterns. This is crucial in
financial applications where retaining key market trends while discarding noise can significantly
enhance prediction accuracy.
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3.2. Dataset

Data Collection These enhancements make xLSTM particularly well-suited for scenarios
involving complex, non-linear relationships and long-term dependencies, which are prevalent in
stock markets.

This study employs historical stock price data sourced from Yahoo Finance [47] for three major
companies: Apple, Johnson & Johnson, and Nike. The data spans from January 1, 2014, to December
31, 2023, covering a broad range of market conditions including bullish, bearish, and volatile phases.
These companies are selected based on their significant market capitalization, industry leadership,
and consistent trading volumes, which ensure that the data is representative of different sectors, i.e.
consumer goods, healthcare, and technology, and is robust for time series analysis. We select the daily
‘Close’ price as the prediction target. The ‘Close’ price is a critical indicator of market sentiment and
is widely used in financial forecasting due to its ability to encapsulate the outcome of daily trading
activities.

Data Pre-processing Given the sequential nature of stock prices, the dataset is structured into
sequences of 60 consecutive days. This sequence length is strategically chosen to capture sufficient
historical context, balancing the need to model relevant market dynamics without introducing excessive
noise. This approach is aligned with best practices in financial time series forecasting, where similar
window lengths effectively capture meaningful patterns in stock price movements. Additionally,
multiple future time points are selected in our work: t+1, t+3, t+5, t+10, and t+15 days to allow for
a comprehensive analysis of predictive performance across both short-term and long-term horizons.
Furthermore, to standardize the data and facilitate effective training of models, the "Close’ prices are
normalized using a MinMaxScaler, with a range from 0 to 1. Normalization is crucial in time series
modeling, especially when using neural networks, as it ensures consistent input data and improves
model convergence and stability.

4. Experiments

4.1. Experiment Setup

We conduct a series of experiments across multiple stocks and prediction horizons to evaluate the
effectiveness of the xXLSTM model in comparison to the traditional LSTM model.

Model Training Both the xLSTM and LSTM models are trained using the pre-processed dataset
described in the Methodology section. For each stock, the data was split into three sets: 60% for
training, 20% for validation, and 20% for testing. Each model is trained separately on a per-stock and
per-time horizon basis to ensure that the models are tailored to the unique characteristics of each stock
and the specific prediction horizons. For example, the xXLSTM and LSTM models are independently
trained on the NIKE stock for each of the following prediction horizons: t+1, t+3, t+5, t+10, and t+15
days.

Hyperparameter Tuning To ensure a fair and thorough comparison between the xLSTM and
LSTM models, we implement a hyperparameter tuning process that was carefully tailored to optimize
each model individually. We choose a fixed value or range for some hyperparameters shared by both
models across all prediction horizons to maintain fairness and consistency. Specifically, a consistent
dropout rate of 0.1 is applied to both models to prevent overfitting, with early stopping based on
validation performance to ensure that neither model is over-trained. Additionally, we set the learning
rate uniformly at 0.001 across all training tasks to ensure stable and comparable training dynamics.
The number of layers is explored in the range of 2 to 4, while the hidden size is varied between 32,
64, and 128. We also include key hyperparameters that are unique and critical to the xLSTM model,
including the number of heads and kernel sizes for both the sSLSTM and mLSTM components, as well
as the mLSTM projection block sizes. We implement Random Search to fine-tune all hyperparameters
to optimize the performance of both models over each stock and each prediction horizon. The
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best-performing model configuration is selected based on its performance on the validation set for
final evaluation.

Model Evaluation We evaluate the trained and tuned xXLSTM and LSTM models by assessing
prediction accuracy on the test set for each stock over each prediction horizon. This comparison
provides a comprehensive understanding of how well each model performs on diverse stocks as
well as in short-term and long-term predictions. Specific evaluation metrics are documented in the
following section.

4.2. Evaluation Metrics

To thoroughly evaluate the performance of the xXLSTM and LSTM models, we employed three
key metrics: Root Mean Squared Error (RMSE), R-squared (R?), and Net Error Reduction (NER). Each
of these metrics provides a unique perspective on models’ predictive accuracy and ability to capture
both short-term and long-term trends in stock prices.

RMSE is a standard metric used to measure the average magnitude of prediction errors. RMSE is
particularly useful for understanding the overall accuracy of the model, as it penalizes larger errors
more heavily. A lower RMSE indicates higher predictive accuracy. RMSE is calculated as follows:

n
RMSE = % Y (i —vi)? (2)
i=1
where #); represents the predicted stock price, y; represents the actual stock price, and 7 is the
total number of observations.
R? is a statistical measure that represents the proportion of variance in the dependent variable
(stock prices) that can be explained by the model. R? indicates how well the model’s predictions match
the actual data, with values closer to 1 indicating a better fit. The R? is calculated as follows:

RZ—_1_ ?n:l(yi - y})j 3)
1y =)
where 7 is the mean of the actual stock prices.

ER is a metric introduced to quantify the net difference in predictive accuracy between the xLSTM
and LSTM models across various stocks and prediction horizons. This metric is particularly useful for
understanding how the performance gap between the two models changes as the prediction window
increases. A positive ER indicates that the xXLSTM model outperforms the LSTM model by reducing the
error, while a negative ER suggests that the LSTM model has better predictive accuracy. By analyzing
ER across different prediction horizons, we can gain insights into how the relative performance of the
models evolves with the length of the forecast period. ER is calculated as:

ER = RMSE; stm — RMSE, g1 (4)

5. Results

5.1. Stock-Specific Performance

Table 1 on page 4 reveals clear differences in the predictability of the three stocks due to different
magnitudes in market volatility. For example, as illustrated in Figure 1 and Figure 2 on page 4, AAPL
exhibits higher market volatility than JNJ from 2022 to 2023. For the results, AAPL consistently exhibits
the highest RMSE and the lowest R? across all models and prediction horizons, reflecting the challenges
both LSTM and xLSTM face in forecasting highly volatile stocks. In contrast, JN]J, consistently shows
the lowest RMSE and the highest R?, indicating that both models are more effective at forecasting
less volatile stocks where price movements are more stable. Despite the varying levels of volatility,
XLSTM consistently outperforms LSTM across all stocks and time horizons. Even for the more volatile
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AAPL, xLSTM reduces prediction errors more effectively, demonstrating its superior ability to handle
complex market conditions. This consistent outperformance underscores xLSTM’s robustness and
adaptability across different market environments.

Table 1. Overall Performance Across Time Horizons.

STOCKMODEL T-=1 T=3 T=5 T=10 T=15
RMSE] RZT | RMSE] RZ1 | RMSE] RZ1 | RMSE| RZT | RMSE] RZ 1
LSTM 4341 0887 | 6513 0.768 | 7.839 0.665 | 10416 0.464 | 12433 0.261
xLSTM 3.020 0.941 | 5155 0.831 | 6.347 0.875 | 8.750 0.742 | 10.500 0.376
jNj  LSTM 2381 0941 /3613 0882 | 4340 0834 [ 5429 0712 | 6413 0.601
xLSTM 1.716 0.972 | 2.915 0.917 | 3.605 0.875 | 4.670 0.568 | 5.616 0.659
NKE L[SIM 3516 0926 | 5364 0835 | 6614 0763 | 9.094 0515 | 11128 0320
xLSTM 2.522 0.962 | 4334 0.886 | 5474 0.818 | 7.817 0.625 | 9.690 0.419
LSTM 3413 0918 | 5163 0.828 | 6264 0.754 | 8313 0.564 | 9.991 0.394
xLSTM 2.419 0.958 | 4135 0.878 | 5142 0.812 | 7.079 0.652 | 8.602 0.484

AAPL

AVG

Close Price

— true value

—— LSTM predict value
XLSTM predict value

120+

T T T T T T T
Apr 2022 Jul 2022 Oct 2022 Jan 2023 Apr 2023 Jul 2023 Oct 2023
Date

Figure 1. AAPL 1-Day Stock Predictions by xLSTM and LSTM Models

200

180+

Close Price

true value
1204 | = LSTM predict value
XLSTM predict value

T T T T T T T
Apr 2022 Jul 2022 Oct 2022 Jan 2023 Apr 2023 Jul 2023 Oct 2023

Date

Figure 2. JNJ 1-Day Stock Predictions by xXLSTM and LSTM Models
5.2. Model Performance across Prediction Horizons

Table 1 also shows that both LSTM and xLSTM models experience a decline in predictive accuracy,
reflected in increasing RMSE and decreasing R?, as the prediction horizon extends from 1 to 15
days. This trend is consistent across all stocks and highlights the common challenge of maintaining
accuracy over longer time horizons in time series forecasting. However, the xLSTM model consistently
outperforms LSTM across all stocks and prediction horizons. The xLSTM’s lower RMSE and higher
R? demonstrate its enhanced capability to model complex temporal dependencies, particularly over
extended periods. The superior performance is likely due to xXLSTM’s advanced architecture, which
includes improved gating mechanisms and memory management, enabling it to retain and utilize
relevant information more effectively than LSTM as the forecast horizon lengthens.
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5.3. Performance Gap across Time Horizons

Table 2 highlights the increasing performance gap between xXLSTM and LSTM, measured by
Error Reduction (ER), as the prediction horizon lengthens. The gap becomes more pronounced as
the forecasting task grows more challenging with longer time horizons. While both models show
increased RMSE as the horizon extends from 1 to 15 days, the rate of increase is notably slower for
xLSTM. This suggests that XLSTM is more resilient to the typical degradation in predictive accuracy
that accompanies longer forecasting periods. The widening gap underscores LSTM’s limitations
in handling long-term dependencies, where its accuracy declines significantly. In contrast, xLSTM
manages these dependencies more effectively, maintaining a more stable error profile across different
prediction horizons.

Table 2. Error Reduction Across Time Horizons.

STOCK T=1 T=3 T=5 T=10 T=15
AAPL 1.321 1.358 1.492 1.666 1.933
JNJ 0.665 0.698 0.735 0.759 0.797
NKE 0.994 1.030 1.140 1.277 1.438
AVG 0.993 1.029 1.122 1.234 1.389

5.4. Practical Implications

LSTM models have long been recognized for their strong performance in time series forecasting,
especially in financial contexts, where they have outperformed traditional models. However, our study
demonstrates that XLSTM not only builds on these strengths but also significantly enhances predictive
accuracy, particularly as the forecast horizon extends. The practical implications of xLSTM’s superior
performance are profound for financial analysts and investors. In scenarios where long-term forecasts
are critical, xLSTM’s enhanced accuracy can lead to more reliable predictions, reducing uncertainty,
improving decision-making, and potentially enhancing financial outcomes. Moreover, xXLSTM’s
robustness across different stocks and market conditions suggests it is a versatile and dependable tool
for a wide range of financial forecasting applications. Whether dealing with volatile markets or stable
trends, xXLSTM’s ability to maintain lower prediction errors over extended periods positions it as a
valuable asset in the financial industry.

6. Conclusions

In this work, we build an enhanced stock price prediction model using xXLSTM to address the
limitations of traditional LSTM models in managing long-term dependencies. Through extensive
experiments conducted across three major stocks, Apple, Johnson & Johnson, and Nike, and various
prediction horizons, we demonstrate that the xLSTM model consistently outperforms the standard
LSTM. Furthermore, as the prediction horizon extends, the performance gap between xXLSTM and
LSTM becomes increasingly evident, underscoring XLSTM’s ability to maintain accuracy where
traditional models tend to falter.

Despite the promising results, several limitations of our study warrant further exploration. For
example, our work focuses exclusively on historical stock prices without incorporating external factors
such as macroeconomic indicators, news sentiment, or market volatility indices. Including these
variables could improve the model’s predictive accuracy, particularly in volatile markets. Future work
should explore how the integration of such external factors can further enhance XLSTM's performance.
Meanwhile, our study focuses on specific prediction horizons of 1, 3, 5, 10, and 15 days. This approach
may not fully capture the performance of xLSTM across other relevant time frames, such as intraday
predictions or longer-term forecasts extending to months or years. Expanding the range of prediction
horizons could provide deeper insights into the model’s applicability to different investment strategies.
Lastly, our experiments are conducted on a small set of three stocks. While these stocks are chosen
for their market significance, the findings may not generalize across a broader range of financial
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instruments or different market conditions. Future research should validate these results using a more
extensive and diverse dataset, encompassing stocks from various sectors and international markets.
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