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Abstract 
This study investigates whether anomaly-aware modeling can improve stock 
price forecasting by incorporating signals that highlight unusual market be-
havior. Financial time series often contain sudden jumps, heavy tails, and ir-
regular movements that challenge standard neural models. To address this is-
sue, an Anomaly-Aware Transformer (AAT) is developed by combining two 
unsupervised anomaly detection methods—Isolation Forest and a rolling Z-
score filter—to identify periods of abnormal volatility. These anomaly flags 
are then added as auxiliary inputs to a Transformer model and used to guide 
the attention mechanism toward market conditions that deviate from typical 
patterns. The performance of the AAT is evaluated on twenty large companies 
from different industries and compared with a standard Transformer baseline. 
Results show that while the baseline model performs better on normal trading 
days, the AAT provides clear advantages for several stocks during anomalous 
periods, especially when the abnormal movements follow detectable struc-
tures. The overall findings suggest that anomaly-aware information can en-
hance robustness under extreme market conditions, although the benefits de-
pend on the volatility profile of individual assets. This highlights the potential 
of integrating anomaly detection with deep learning for financial forecasting 
and points to future directions such as adaptive state-dependent models and 
hybrid anomaly handling strategies. 
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1. Introduction 

Financial markets are constantly changing and are shaped by diverse elements 
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such as economic trends, individual company developments, and the mood of in-
vestors [1]. Accurately predicting stock price movements is a long-standing chal-
lenge in finance. Reliable forecasts can help investors make informed decisions, 
manage risk, and develop trading strategies [2]. Traditional financial models, such 
as generalized autoregressive conditional heteroskedasticity (GARCH) [3] models 
or the autoregressive integrated moving average (ARIMA) [4], often assume lin-
ear relationships and stationary time series. While these models provide some in-
sight, they struggle to capture complex, nonlinear patterns in financial data, espe-
cially during periods of high volatility [5]. In recent years, machine learning has 
become increasingly popular in financial forecasting. Models such as recurrent 
neural networks (RNNs), long short-term memory networks (LSTMs) [6], and 
convolutional neural networks (CNNs) [7]-[9] have shown promise in modeling 
temporal dependencies and capturing nonlinear dynamics [10]. Among these, 
Transformer-based models have gained attention due to their ability to learn long-
range dependencies and process sequences in parallel. Transformers [11] use self-
attention mechanisms to assign weights to past observations, allowing the model 
to focus on the most relevant information for prediction. This architecture has led 
to significant improvements in areas such as natural language processing, and its 
application in finance is growing. Despite these advancements, predicting finan-
cial time series remains challenging due to market anomalies and extreme events. 
Anomalous days, such as those triggered by sudden news, macroeconomic shocks, 
or unexpected earnings reports [12], can produce abrupt price movements. Stand-
ard machine learning models often treat all data points equally, which can lead to 
poor performance during these abnormal periods. Ignoring anomalous events can 
result in models that fail to generalize, underestimating risk and generating inac-
curate forecasts. 

To address this problem, we propose an anomaly-aware Transformer (AAT) 
framework that integrates unsupervised anomaly detection with Transformer-
based forecasting. The key idea is to identify days with abnormal market behavior 
and explicitly incorporate this information into the model. This allows the Trans-
former to pay more attention to normal patterns while adjusting for unusual mar-
ket events. By doing so, the model can maintain predictive accuracy during stable 
periods while remaining robust during volatile or extreme market conditions. 

The proposed framework uses two complementary anomaly detection meth-
ods. The first is Isolation Forest [13], a tree-based approach that isolates observa-
tions in feature space. Anomalies are easier to separate because they are few and 
differ significantly from the majority of the data. The second method is a rolling 
z-score, which identifies extreme deviations in the univariate return series relative 
to a local window. By combining these methods, we can detect both multivariate 
anomalies that involve multiple features, such as returns and trading volume, and 
univariate anomalies that reflect extreme price movements. The anomaly indica-
tors are then used as additional inputs to the Transformer, allowing the model to 
adjust its attention dynamically. 
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This research offers three primary contributions. First, we develop a detailed 
pipeline for constructing features from historical stock data, including log returns, 
rolling volatility, volume changes, and technical indicators. Second, we propose 
an anomaly-aware Transformer that explicitly incorporates anomaly flags and 
scores. This architecture allows the model to reduce the influence of extreme 
events on predictions while still learning from the overall market dynamics. Third, 
we conduct an extensive evaluation across multiple publicly traded stocks to eval-
uate the performance of the model. The evaluation considers directional accuracy, 
which assesses the ability of the model to predict the direction of returns, along 
with standard metrics such as mean squared error and mean absolute error. We 
further evaluate performance separately for normal and anomalous days, provid-
ing insight into how the model handles extreme market conditions. 

The study strives to integrate traditional forecasting models with modern ma-
chine learning approaches, focusing on the challenges arising from unusual or ex-
treme events. Unlike conventional models that treat all data points equally, our 
approach acknowledges that not all days are equally informative. By combining 
anomaly detection with Transformer modeling, the framework provides a more 
robust and interpretable method for predicting financial time series. We believe 
this approach is particularly useful for investors, risk managers, and algorithmic 
traders who need reliable forecasts in both stable and volatile market periods. 

The rest of this paper is organized as follows. Section 2 provides a review of 
related research in financial forecasting, Transformer models, and anomaly detec-
tion. Section 3 details the proposed methodology, covering feature construction, 
anomaly detection, model architecture, and evaluation procedures. Section 4 pre-
sents the results and discusses their significance. Finally, Section 5 concludes the 
study and suggests directions for future research. 

2. Related Work 

Forecasting financial time series has been a central topic in quantitative finance 
for decades. Traditional statistical models, such as autoregressive and moving av-
erage models [14], have been widely applied due to their simplicity and interpret-
ability. These models generally assume linear relationships and rely on stationary 
time series, which can limit their effectiveness in capturing the complex dynamics 
of financial markets. For example, Almaafi et al. [15] compare ARIMA and 
XGBoost for forecasting Saudi Telecom’s weekly closing prices, finding that 
XGBoost consistently delivers superior performance. The results underscore the 
limitations of traditional statistical models and highlight the advantages of ma-
chine learning in capturing complex patterns in financial data. 

In financial forecasting, machine learning methods have gained prominence for 
their ability to capture intricate and nonlinear patterns. Techniques like support 
vector machines [16], random forests [17], and neural networks [18] have demon-
strated the capacity to enhance predictive performance by extracting patterns 
from historical data. LSTM [19] and GRU [20] networks, as types of recurrent 
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neural networks, have been extensively applied for modeling time-dependent se-
quential relationships. Convolutional neural networks [21] have also been applied 
to capture local patterns in time series data. Despite these advances, conventional 
machine learning models may still underperform in extreme market conditions, 
as they typically treat all data points equally and do not explicitly consider anom-
alous or rare events that can significantly affect returns. 

Originally, Transformers were created to address challenges in natural language 
processing. In the context of financial data, Transformers have been applied to 
predict stock returns, volatility, and market trends [22] [23]. For example, Ji et al. 
[24] propose a new Transformer-based model called Galformer to improve multi-
step stock index forecasting by introducing a generative decoder for faster long-
horizon prediction and a hybrid loss that captures both numerical precision and 
trend direction. Experiments on four major indices show that this design en-
hances forecasting performance compared with conventional approaches. Hu 
[25] examines stock price forecasting by comparing a Temporal Fusion Trans-
former (TFT) with SVR and LSTM, highlighting the value of incorporating static 
metadata alongside time-series inputs. Evaluation using MSE and SMAPE shows 
that TFT delivers the most accurate predictions among the tested models. Olo-
runnimbe and Viktor [26] propose an ensemble strategy that boosts the accuracy 
of temporal Transformer models for multi-horizon financial forecasting by train-
ing multiple models on sliding windows and combining them through averaging 
and a stacking meta-learner. By decomposing long time series and optimizing 
model weighting, the approach simplifies training while delivering substantially 
better performance across varying market conditions. 

However, in previous study, Transformer models do not explicitly account for 
abnormal market events, which can limit their robustness during periods of high 
volatility or sudden shocks. 

Anomaly detection has been widely studied in financial applications to identify 
unusual patterns that may indicate market stress or rare events [27]. Various 
methods, including statistical techniques and machine learning algorithms, have 
been developed to detect anomalies in time series data. For example, Zhang et al. 
[28] introduce an anomaly-aware domain generalization method for financial 
time series, designed to handle the diverse and irregular feature distributions cre-
ated by differing accounting standards. By leveraging RNN-derived representa-
tions, adapting them with a classifier, and refining forecasts through a latent var-
iable autoregressive model, the approach improves both trend and risk prediction, 
demonstrating strong potential for managing complex financial data. Cao and 
Guo [29] present a curiosity-driven model selection framework for multivariate 
financial anomaly detection that overcomes the limits of single-assumption and 
label-dependent methods. By exploring a search space of diverse anomaly models, 
applying reinforcement learning with self-imitation and experience replay, the 
system chooses the best model at each time step and delivers stronger detection 
accuracy and interpretability across multiple datasets. 
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Despite the growing interest in combining anomaly detection with deep learn-
ing, there remains a lack of comprehensive studies applying this approach to 
Transformer-based financial forecasting. Most existing work focuses either on im-
proving forecasting accuracy using standard Transformers or on detecting anom-
alies as a separate preprocessing step. Few studies explicitly integrate anomaly in-
formation into the model architecture to guide learning. Addressing this gap is 
essential for developing robust financial forecasting systems that can perform well 
under both normal and extreme market conditions. 

3. Methodology 
3.1. Data Collection and Processing 

Using the Python library yfinance, daily historical stock prices for 20 companies—
such as Apple, Microsoft, Tesla, Alibaba, Pepsi, and HSBC—were collected from 
Yahoo Finance. The analysis period spans from January 1, 2016, to December 31, 
2024, covering multiple market regimes, including both calm periods and highly 
volatile periods. The retrieved fields include Open, High, Low, Close, and Volume. 
All subsequent features and calculations are derived from the Close price, while 
volume is incorporated as an additional input. Unlike some studies that rely on 
adjusted Close prices, the present framework directly computes returns and tech-
nical indicators from the raw Close series, and the model is tasked with forecasting 
next-day log returns. 
 
Table 1. Description of retrieved stock price features and technical indicators. 

Feature/Indicator Description 

Open The stock price at the beginning of the trading session. 

High The highest price reached during the trading session. 

Low The lowest price observed during the trading session. 

Close The final stock price at the end of the trading session. 

Volume The total number of shares traded during the trading session. 

SMA 
Simple Moving Average over window size n : 
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To capture both price dynamics and local volatility patterns, the Close price is 
used to compute daily returns, defined as simple percentage changes, and log re-
turns, defined as the natural logarithm of the ratio between consecutive Close 
prices. Rolling volatility measures are computed over 5-day and 20-day windows 
to reflect short- and mid-term market variability, and changes in trading volume 
are also included. Additionally, simple technical indicators, including a 5-day sim-
ple moving average and a 5-day exponential moving average of the Close price, 
are calculated. The resulting multivariate time series is standardized based on the 
training set statistics to prevent data leakage, and a sliding window of twenty days 
is applied to generate sequences for Transformer input. Each sequence consists of 
twenty days of historical features and is aligned to predict the next-day log return, 
providing a one-step-ahead forecasting target. Table 1 shows the description of 
each feature. In general, the features used in prediction include Log Return, 5-day 
volatility, 20-day volatility, volume, 5-day SMA, and 5-day EMA. 

3.2. Anomaly Detection Methods 

To strengthen the Transformer’s ability to deal with extreme market conditions, 
we include an unsupervised anomaly detection step to flag days with unusual price 
or volume movements. We use two complementary methods: Isolation Forest and 
the rolling Z-score. Isolation Forest is effective for capturing multivariate and 
nonlinear abnormal patterns because it separates rare observations based on how 
easily they can be isolated in a random tree structure. In contrast, the rolling Z-
score focuses on simple, fast, and interpretable deviations in each individual se-
ries, allowing the model to detect sudden jumps or drops relative to recent history. 
Using both methods together helps us identify a wider range of anomalies in fi-
nancial time series, covering complex cross-feature irregularities as well as clear 
univariate outliers. 

The first method, Isolation Forest (IF), is a tree-based ensemble algorithm spe-
cifically designed to isolate anomalous observations. Unlike traditional distance-
based anomaly detection methods, IF algorithm works on the principle that out-
liers are infrequent and differ significantly from the majority, allowing them to be 
isolated more effectively. Formally, given a feature matrix T F×∈X  , where T is 
the number of days and F is the number of features (in this study, log returns, 
short-term volatility, and volume change), Isolation Forest works by forming mul-
tiple binary trees, where the data is split recursively using randomly selected fea-
tures and thresholds. For a given data point ix , its path length ( )ih x  refers to 
the count of edges traveled from the root node to the leaf where the observation 

ix  ends. The expected path length across a forest of n  trees is then used to com-
pute the anomaly score:  

( )
( )
( ), 2 ,

iE h
c n

is n
  −

=
x

x  

where ( )iE h  x  is the average path length of ix  over the ensemble of trees, 
while ( )c n  estimates the average path length for unsuccessful searches in a bi-
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nary search tree containing n  data points, approximated by:  

( ) ( )2 1
2 ,n

n
c n H

n
−

= −  

with nH  denoting the n -th harmonic number. The anomaly score ( )is x  lies 
in the interval [ ]0,1 , where values close to 1 indicate a high likelihood of being 
an anomaly. In this framework, an Isolation Forest contamination rate of 2% is 
set, meaning the algorithm is tuned to flag approximately 2% of the data as anom-
alous, consistent with the expectation that extreme market events are rare. A bi-
nary flag is generated by thresholding the anomaly score:  

( ) ( )IF IF1, ,
flag

0, otherwise,
i

i
s τ >

= 


x
x  

where IFτ  is determined by the contamination level. 
The second method, the rolling z-score, is a classical univariate approach ap-

plied to the log return series to detect statistically significant deviations from the 
local mean. For each day t , the rolling mean tµ  and rolling standard deviation 

tσ  over a window of w  days (here 60w = ) are computed as:  

( )2

1 1

1 1, ,
t t
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where ir  denotes the log return on day i . The corresponding z-score is then 
defined as:  

.t t
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Days with absolute z-scores exceeding a threshold θ  (here 3θ = ) are flagged as 
anomalous:  

1, ,
flag

0, otherwise.
Z t
t

z θ>
=


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The absolute z-score can also be normalized to the interval [ ]0,1  for use as an 
anomaly score, providing a continuous measure of abnormality analogous to the 
Isolation Forest score. 

Finally, to combine the two complementary approaches, the binary anomaly 
flags are merged using a logical OR operation, ensuring that days flagged by either 
method are considered anomalous. The anomaly score used as input to the Trans-
former is defined as the element-wise maximum of the normalized Isolation For-
est and rolling z-score outputs. This integration allows the model to simultane-
ously account for multivariate anomalies captured by Isolation Forest and uni-
variate extremes captured by the rolling z-score, providing a robust mechanism 
to highlight days with abnormal market behaviors. 

3.3. Prediction Models 

The core predictive model is a Transformer encoder that processes sequences of 
20 time steps. Each input window is first projected into a 64-dimensional embed-
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ding space, and positional embeddings are added to preserve the temporal order. 
The encoder contains three layers with four attention heads and a feed-forward 
dimension of 128, with a dropout rate of 0.1 to reduce overfitting. 

To incorporate anomaly information, we introduce the anomaly flags and 
scores as an additional input channel that directly modulates the attention 
weights. At each attention layer, the anomaly score for time step t  is trans-
formed into a penalty term and subtracted from the attention logits before the 
softmax operation. This mechanism lowers the attention weights assigned to time 
steps with higher anomaly scores, reducing the model’s reliance on observations 
that reflect abnormal or unstable market conditions. 

The final sequence representations are aggregated using mean pooling and passed 
to a fully connected prediction head to generate the next-day log-return forecast. 

A baseline Transformer model with the same architecture is trained without 
anomaly features, enabling a direct comparison to evaluate the contribution of 
anomaly awareness to forecasting performance. Both models are trained to mini-
mize the mean squared error between predicted and actual log returns. The model 
is trained in batches of 64, employing the AdamW optimizer with a learning rate 
of 1 × 10−4 and a weight decay parameter set to 1 × 10−5. Training continues for 
up to 60 epochs, and early stopping is activated when there is no improvement in 
validation metrics over eight successive epochs. 

3.4. Evaluation 

The dataset is split in temporal order into training, validation, and test sets for 
model assessment. Seventy percent of the samples, corresponding to the period 
from 2016 to 2021, are used for training, allowing the model to learn underlying 
patterns and calibrate anomaly detection. The following fifteen percent, covering 
2022 to 2023, serve as the validation set for hyperparameter tuning and early stop-
ping, while the remaining fifteen percent, corresponding to 2024, are reserved for 
out-of-sample testing. This chronological splitting ensures that future infor-
mation does not contaminate the model’s learning process. 

The evaluation of performance is conducted with three distinct metrics. Mean 
Squared Error (MSE) measures the average of the squared differences between 
predicted and actual log returns, emphasizing larger errors and penalizing ex-
treme deviations. Mean Absolute Error (MAE) quantifies the average absolute dif-
ferences between predictions and actual values, providing a linear measure of pre-
diction accuracy that is less sensitive to outliers than MSE. Directional Accuracy 
(DirAcc) evaluates the model’s ability to correctly predict the sign of the return, 
i.e., whether the next-day price will increase or decrease, which is particularly rel-
evant in financial applications where correctly anticipating the market direction 
can guide trading decisions. It is computed as:  

( ) ( )
1

1DirAcc sign signˆ ,
N

i i
i

y y
N =

 = = ∑   

where ( )⋅  is the indicator function, ˆiy  is the predicted value, and iy  is the 
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true value. 
To provide a clearer view of how market irregularities affect model behavior, 

the evaluation separates forecasting performance into normal days and anoma-
lous days. Normal days refer to trading periods in which price movements fall 
within typical volatility ranges and are not flagged by the anomaly detection mod-
ule. In contrast, anomalous days represent periods where the market exhibits un-
usually large or irregular movements, as identified jointly by the Isolation Forest 
scores and the rolling z-score filter. For every prediction, the anomaly status is 
determined by the label of the target day being forecasted, ensuring that the eval-
uation reflects the actual conditions the model is attempting to predict. 

4. Results and Discussion 

Table 2 shows the model performances between normal and anomalous days in 
terms of MSE and Figure 1 to Figure 3 visualize the results from the table. As 
MAE exhibits patterns consistent with those of MSE, we present only the MSE 
results for clarity. Table 3 demonstrates the model performances between normal 
and anomalous days in terms of DirAcc. 
 

Table 2. Comparison of normal and anomalous day forecasting MSE for multiple stocks.  

Stocks Baseline Norm. MSE AAT Norm. MSE Baseline Anom. MSE AAT Anom. MSE 

Apple 0.000197 0.000261 0.000215 0.000344 

Microsoft 0.000257 0.000260 0.000599 0.000042 

Tesla 0.001418 0.001733 0.001494 0.002989 

Alibaba 0.000541 0.001055 0.000475 0.001009 

Pepsi 0.000117 0.000114 0.000399 0.000321 

HSBC 0.000306 0.000474 0.000596 0.000738 

Google 0.000387 0.000434 0.000861 0.000892 

Amazon 0.000928 0.000371 0.000682 0.000941 

Johnson & Johnson 0.000198 0.000118 0.000041 0.000102 

JPMorgan 0.000269 0.000199 0.000321 0.000397 

ExxonMobil 0.003049 0.000226 0.004583 0.000168 

Walmart 0.000167 0.000233 0.000046 0.000074 

Disney 0.000387 0.000284 0.000624 0.000622 

Visa 0.000213 0.000124 0.000181 0.000088 

Netflix 0.000470 0.000379 0.002637 0.002288 

Nvidia 0.001142 0.001077 0.002102 0.002298 

Procter & Gamble 0.000108 0.000307 0.000075 0.000428 

Mastercard 0.000232 0.000733 0.000216 0.000548 

Coca-Cola 0.000092 0.000346 0.000065 0.000360 

Intel 0.001126 0.006126 0.002120 0.015363 
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Table 3. Comparison of normal and anomalous day forecasting DirAcc for multiple stocks. 

Stocks Baseline Norm. DirAcc AAT Norm. DirAcc Baseline Anom. DirAcc AAT Anom. DirAcc 

Apple 0.5619 0.5196 0.5000 0.3333 

Microsoft 0.4448 0.5612 0.0000 1.0000 

Tesla 0.5227 0.4864 0.6667 0.3333 

Alibaba 0.4939 0.5091 0.2857 0.4286 

Pepsi 0.5333 0.4939 0.4286 0.4286 

HSBC 0.4230 0.4169 0.6667 0.5000 

Google 0.4164 0.4681 0.6250 0.3750 

Amazon 0.4428 0.4819 0.6000 0.2000 

Johnson & Johnson 0.4955 0.5552 0.5000 0.0000 

JPMorgan 0.4727 0.4939 0.7143 0.4286 

ExxonMobil 0.5015 0.5075 0.5000 0.5000 

Walmart 0.4713 0.5076 0.6667 0.6667 

Disney 0.4743 0.4562 0.5000 0.5000 

Visa 0.4726 0.5427 0.5556 0.4444 

Netflix 0.4985 0.4924 0.3333 0.3333 

Nvidia 0.4341 0.4341 0.3333 0.3333 

Procter & Gamble 0.5045 0.4653 0.6667 0.3333 

Mastercard 0.5196 0.5317 0.5000 0.6667 

Coca-Cola 0.5075 0.4939 0.5000 0.2500 

Intel 0.4896 0.5014 0.4666 0.4906 

 

 
Figure 1. Baseline norm vs anomalous day MSE. 
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Figure 2. AAT norm vs anomalous day MSE. 

 

 
Figure 3. Baseline vs AAT anomalous day MSE. 

 
The comparison of error metrics across the 20 stocks reveals several clear pat-

terns regarding how the Baseline Transformer and the Anomaly-Aware Trans-
former (AAT) behave under normal and anomalous market conditions. For most 
stocks, the baseline model achieves lower MSE on both standard trading days and 
anomalous days, indicating that it captures market dynamics more consistently. 
The AAT, which incorporates anomaly-related features into its learning process, 
often shows higher overall MSE for many stocks, reflecting its greater sensitivity 
to irregular fluctuations that may not occur frequently enough to guide stable pa-
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rameter updates. 
However, when attention is restricted to anomalous days, the behavior of the 

two models diverges more clearly. For a group of stocks—such as Microsoft, Pepsi, 
Google, Walmart, Disney, Visa, and especially ExxonMobil—the AAT achieves 
lower MSE during anomalous periods. This pattern suggests that the model ben-
efits when anomalies reflect structural or repeatable signals, such as volume surges 
tied to earnings, sector-wide shocks, or meaningful technical breaks. These are 
“learnable” anomalies in the sense that they have some consistent relation to past 
market behavior. 

In contrast, for highly volatile stocks like Tesla, Alibaba, Nvidia, and Intel, the 
AAT produces much higher errors on anomalous days. These cases often involve 
sharp price reversals, liquidity-driven spikes, or news shocks that do not resemble 
past patterns. Such movements are closer to “erratic” swings—large but unpre-
dictable jumps that provide little stable structure for the model to learn from. For 
a few stable consumer goods stocks, such as Pepsi, the two models perform simi-
larly, reinforcing the idea that anomaly-aware modeling is most beneficial when 
the unusual movements have some degree of regularity rather than being purely 
noise-driven. 

Furthermore, Table 3 shows that both Baseline and AAT models achieve mod-
erate accuracy on normal days, with AAT slightly improving or slightly underper-
forming depending on the stock. On anomalous days, accuracy varies widely: the 
Baseline model often drops, while AAT sometimes improves for stocks such as 
Intel and Mastercard. Overall, directional accuracy is generally higher for normal 
days, highlighting the difficulty of predicting extreme market movements, and 
AAT captures complex patterns in some high-volatility cases but not consistently 
across all stocks. 

Overall, the pattern suggests that the baseline model remains strong and reliable 
in normal regimes, while the AAT offers advantages in certain anomalous envi-
ronments, particularly for stocks whose anomalies follow identifiable or learnable 
patterns. At the same time, the AAT may struggle when anomalies are too abrupt 
or unpredictable. This highlights a trade-off: anomaly-aware modeling enhances 
robustness for some assets during turbulent conditions but does not universally 
surpass baseline performance, pointing toward the potential value of adaptive or 
hybrid methods that can switch between modeling strategies depending on mar-
ket state. 

Conclusions 

This study examined whether incorporating anomaly-aware signals can enhance 
stock price forecasting, particularly during periods of irregular market behavior. 
By integrating Isolation Forest and rolling Z-score-based anomaly indicators into 
a Transformer architecture, the proposed Anomaly-Aware Transformer (AAT) 
explicitly distinguishes between normal and anomalous trading regimes. The em-
pirical evaluation across twenty large-cap stocks shows a clear asymmetry in model 
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behavior: the standard Transformer remains strong on normal days where price 
dynamics follow stable patterns, whereas the AAT exhibits noticeable advantages 
for several stocks during anomalous intervals characterized by sudden volatility 
shifts or structured irregular movements. These results indicate that anomaly-
aware inputs can help a model adapt its attention to extreme conditions, improv-
ing robustness when markets deviate from typical behavior. At the same time, the 
gains are not uniform across all stocks, suggesting that the usefulness of anomaly 
conditioning depends on each asset’s volatility structure and the detectability of 
its abnormal patterns. 

Overall, this work demonstrates the promise of integrating unsupervised anom-
aly detection with deep sequence models for financial forecasting and encourages 
future research on adaptive or hybrid methods. For instance, a state-dependent 
model could use a gating mechanism to switch between the baseline Transformer 
and the AAT framework depending on the current market regime. Other possi-
bilities include dynamic thresholds or hybrid anomaly-handling strategies that 
adjust the model’s attention or prediction behavior in response to unusual market 
conditions. 

This study has several limitations. First, the current study relies on an encoder-
only Transformer, which may restrict the model’s ability to capture longer-term 
dependencies or complex temporal patterns that alternative architectures, such as 
encoder-decoder Transformers or temporal convolutional networks, could better 
exploit. Second, the anomaly detection methods, while effective, are static and 
may not fully adapt to evolving market dynamics, limiting performance in periods 
of unprecedented volatility. Third, the model treats all detected anomalies simi-
larly, without differentiating between “learnable” structural anomalies and highly 
erratic or noise-driven price movements, which may reduce forecasting accuracy 
for highly volatile stocks. Finally, the approach assumes that past patterns provide 
reliable signals for future anomalies, which may not always hold in rapidly chang-
ing markets. Addressing these limitations through more flexible architectures, 
adaptive anomaly-handling, or regime-aware designs represents a promising di-
rection for future research. 
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