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Pre-training Time Series Models with Stock Data Customization

Mengyu Wang
University of Edinburgh
School of Informatics
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Abstract

Stock selection, which aims to predict stock prices and identify the
most profitable ones, is a crucial task in finance. While existing
methods primarily focus on developing model structures and build-
ing graphs for improved selection, pre-training strategies remain
underexplored in this domain. Current stock series pre-training
follows methods from other areas without adapting to the unique
characteristics of financial data, particularly overlooking stock-
specific contextual information and the non-stationary nature of
stock prices. Consequently, the latent statistical features inherent in
stock data are underutilized. In this paper, we propose three novel
pre-training tasks tailored to stock data characteristics: stock code
classification, stock sector classification, and moving average pre-
diction. We develop the Stock Specialized Pre-trained Transformer
(SSPT) based on a two-layer transformer architecture. Extensive
experimental results validate the effectiveness of our pre-training
methods and provide detailed guidance on their application. Evalu-
ations on five stock datasets, including four markets and two time
periods, demonstrate that SSPT consistently outperforms the mar-
ket and existing methods in terms of both cumulative investment
return ratio and Sharpe ratio. Additionally, our experiments on
simulated data investigate the underlying mechanisms of our meth-
ods, providing insights into understanding price series. Our code is
publicly available at: https://github.com/astudentuser/Pre-training-
Time-Series-Models-with-Stock-Data-Customization.
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1 Introduction

Stock selection is a critical aspect of investment decision-making
in the vast stock market [15, 43]. Predicting stock trends to identify
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the most profitable investment opportunities has become a popular
research topic [18,41, 62]. Although financial time series are volatile,
they are not entirely random, persistent inefficiencies in markets
lead to exploitable patterns [23, 33, 50]. Stock movements are driven
by a range of economic and behavioral factors, including volatility
dynamics, momentum effects, and sector-specific trends [12, 38].
These factors introduce subtle yet recurring signals in the data,
which cannot be adequately captured through supervised learning
alone. Many advanced methods in financial area are fundamentally
focused on uncovering such latent structures to enhance predictive
performance [18, 58]. Thus, the belief that financial markets contain
learnable, non-random signals is a foundational assumption shared
across both academic and applied finance communities.

Traditional approaches often rely on time-series analysis models
to evaluate stock price data [1, 56]. With the advent of deep learning,
neural networks have shown promising capabilities in analyzing
historical price series [7, 11, 26].

However, stock selection poses greater challenges compared to
general time-series tasks. Stock prices exhibit high volatility due
to numerous influencing factors in the real market, introducing
additional complexities for prediction [9, 14]. Therefore, recent
studies have focused on extracting more robust profit-related infor-
mation from stock prices by building connections among different
stocks [18], mining spatio-temporal information [43, 54], and study-
ing multi-scale patterns [48].

While existing works have highlighted the importance of con-
sidering market interactions, pre-training, a widely used repre-
sentation learning technique in other fields like natural language
processing (NLP) and computer vision (CV), has been less explored
for stock data. Current pre-training on stock data primarily focuses
on two directions: contrastive learning [20] and masked value pre-
diction [54]. However, both approaches have limitations in adapting
to stock data. Contrastive learning methods typically have more
stringent data requirements, such as minute-level or second-level
prices, which are impractical in many situations. The masked value
prediction methods, following general time-series pre-training ap-
proaches [60], do not adapt well to stock data, due to the non-
stationary nature of stock prices and the complex market depen-
dencies [46]. Therefore, there exists a gap in exploring pre-training
methods for stock data to fully extract predictive power from price
series.

Designing customized pre-training methods for stock data has
the potential to improve stock selection because the unique charac-
teristics of stock data, such as volatility and many other statistical
features, are likely underutilized. Since profit is the primary objec-
tive of stock prediction tasks, most training objectives are directly
related to price changes. However, pre-training research [10, 67]
and exploration of multi-task learning [65] in other areas have
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shown that a specific task can benefit from the features learned
from other tasks, which cannot be fully used by the task itself. There-
fore, exploring other training objectives for stock data is promising
to extract more information from stock prices.

In this paper, we propose three specialized pre-training tasks,
stock code classification, stock sector classification, and moving
average prediction. These tasks require only easily accessible daily
price data and basic company information. We implement these
tasks using a simple two-layer transformer architecture, which we
call the Stock Specialized Pre-trained Transformer (SSPT). Experi-
ments demonstrate that these pre-training tasks effectively capture
stock price characteristics and improve stock selection performance,
enabling SSPT to outperform existing methods.

The first two tasks, stock code classification and stock sector
classification, are designed to identify the stock or sector to which
a given price series slice belongs (as illustrated in Figure 1 with an
example of stock code classification). While these tasks focus on
objectives not directly related to profits, they help capture unique
characteristics of price series. Experiments demonstrate that these
two tasks effectively capture distinctive price patterns and benefit
stock selection, enabling SSPT to outperform existing methods.

The third task, moving average prediction, adapts the widely
used masked value prediction idea to stock data. The non-stationary
nature of stock prices indicates the presence of random content
in price changes, making it impossible to accurately predict each
price [49]. Traders use technical indicators like moving average
values to obtain relatively stable price features. Inspired by this, we
propose predicting the average values from a period after masking
some prices, rather than predicting specific masked values.

We evaluate our approach on data from NASDAQ, NYSE, and
TOPIX-100 markets over a five-year period, following recent stock
selection studies [18, 48, 54]. We also test SSPT on FTSE-100 and
recent NASDAQ data, to demonstrate our methods can general-
ize across markets and time periods. Results show that our pre-
training methods enhance cumulative investment return ratio (IRR)
and Sharpe ratio (SR), outperforming both market benchmarks
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Figure 1: An example of stock code classification. This task
explores whether price series slices from different stocks
contain distinguishing features. All prices are normalized to
the range of 0 to 1.
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and existing methods. We provide detailed analyses of pre-training

settings and fine-tuning strategies. Additionally, we conduct experi-

ments on simulated data to explore the reasons for the effectiveness
of our methods. In summary, our main contributions are:

(1) We propose three customized pre-training tasks for stock data:
stock code classification, stock sector classification, and mov-
ing average prediction. We demonstrate their effectiveness in
enhancing stock selection and provide guidelines for their use.

(2) We introduce the Stock Specialized Pre-trained Transformer
(SSPT), a simple yet effective model based on our pre-training
methods. SSPT outperforms market benchmarks and existing
methods on IRR and SR across five datasets spanning different
markets and time periods.

(3) Through ablation studies and simulations, we investigate why
our pre-training tasks are effective, highlighting underutilized
information in stock prices and providing insights into price
series analysis.

2 Related Work
2.1 Stock Prediction and Selection

Stock prediction has been a longstanding area of research. Early
works developed statistical models, such as the ARIMA model, for
technical analysis and price prediction [49]. In addition, machine
learning models like Hidden Markov Models (HMM) and Support
Vector Machines (SVM) have been explored for this purpose [24,
40]. With the rise of deep learning, neural networks, particularly
recurrent neural networks (RNNs) and their variants, have achieved
great success in stock forecasting [2, 42, 61]. Later, the transformer
structure revolutionized the field of deep learning, and these models
have been widely adopted for stock prediction tasks [11, 30, 45].

Recently, researchers have recognized the importance of consid-
ering market relationships in identifying profitable opportunities,
moving beyond treating stocks independently [7]. This shift has
led to the formulation of the stock selection task, where the goal is
to predict multiple stocks collectively and select the most profitable
ones. A benchmark dataset was created to facilitate this task [18].
Graph Neural Networks (GNNs) have been applied from various
angles to analyze the spatio-temporal dynamics of stock markets.
For instance, some studies have explored hypergraph-based mod-
els [43], while others focused on adaptive price patterns [48]. These
methods have demonstrated effectiveness on large stock markets
such as NASDAQ and NYSE.

However, while existing approaches have extensively explored
model architectures to enhance stock analysis, the training ob-
jectives and stock feature representations have received limited
attention. Most models are trained to minimize movement predic-
tion errors, potentially leading to the underutilization of stock data
information. Although features closely related to profitability are
well-considered, other features that may seem less directly relevant
to profits are likely to be overlooked. These overlooked features
may hold potential to improve the understanding of price series
and enhance prediction performance.

2.2 Neural Networks Pre-training

Numerous studies have demonstrated the effectiveness of pre-training
across various domains, from NLP, CV to Vision-and-Language (VL)
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Figure 2: Overview of the pre-training and fine-tuning procedures for our SSPT model. The frozen parameters can be adjusted,
and we conduct experiments to explore the impact of freezing different model components in Section 6.1.

tasks [5, 10, 67]. Pre-training has been shown to benefit downstream
tasks by facilitating the learning of high-quality features [21, 32, 52].
Inspired by successes in NLP and CV, pre-trained models for time
series analysis have also gained attention in recent research [60,
63, 66]. These works adapt pre-training methods, such as masked
value prediction, which are commonly used in NLP and CV, to time
series data for enhanced feature extraction.

As a specialized type of time series data, stock prices have also
been explored using pre-training methods, primarily in two direc-
tions: contrastive learning [20] and masked value prediction [54].
The former aims to improve feature representation by analyzing
multi-granularity data, while the latter simulates the masked value
prediction strategies from other fields to learn contextual informa-
tion. However, both approaches are largely transplanted from other
domains without adequately considering the unique characteristics
of stock data. Contrastive learning methods impose stricter require-
ments on data and continue to focus solely on time series analysis.
Meanwhile, masked value prediction methods struggle to adapt
effectively to stock data due to the non-stationary nature of stock
prices, which makes precise prediction of specific values imprac-
tical [48]. Therefore, there remains a need for stock data-specific
pre-training tasks to improve price feature learning.

3 Problem Formulation

To ensure a fair comparison with advanced methods, we follow the
stock selection formulation presented in previous works [18, 43, 48,
54]. Let S = {s1, 2, ..., SN} denotes a set of N stocks. For a given
trading day t, each stock s; is associated with M price features over
the past AT days, denoted as X;; = {X; ;—AT+1, .- Xi,t} € RMXAT
Among the M features of x; ;, there exists a closing price p; ;, from
_ Pit+1 — Pig

which we can calculate the 1-day return ratio as r; ; =
Pit
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The return ratio r; ; serves as our prediction target, and the pre-
dicted return ratios for all stocks on day ¢ are denoted by R; =
(1,4, .-.PN,¢)- Based on R;, we rank the stocks in descending order
of return ratios and select the top-ranked stocks for investment on
trading day ¢. Our goal is to build a model f(-; wy) with parameters
wy that predicts the return ratios #;; = f(Xi:; wy) and select the
most profitable stocks for investment.

4 Methodology

To acquire high-quality stock price representations, we propose
three customized pre-training tasks that leverage the unique char-
acteristics of financial market dynamics. Specifically, we design
two classification tasks, stock code classification and stock sec-
tor classification, which use stock-specific contextual information.
Additionally, we introduce a moving average prediction task that
considers the non-stationary nature of stock prices. We use a stan-
dard two-layer transformer architecture and pre-train the model
using these three tasks. Following pre-training, we freeze a subset
of the model parameters to retain the acquired knowledge, and
fine-tune the remaining parameters for the stock selection task.
Figure 2 provides an overview of our pre-training tasks and the
stock selection framework.

4.1 Stock Code/Sector Classification (SCC/SSC)

Each stock is unique, corresponding to individual companies with
distinct backgrounds, environments, business models, and other
characteristics that lead to different reactions to market events.
While the Efficient Market Hypothesis (EMH) [13] suggests that
a completely efficient market would immediately reflect all such
information and leave no room for prediction, practical markets
are rarely fully efficient. Numerous studies have demonstrated that
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stock markets can be predictable to some extent [8, 34, 64], indicat-
ing the existence of exploitable patterns and market inefficiencies
that are not yet fully incorporated into prices.

Based on this observation, we hypothesize that specific patterns
distinguishing different stocks must exist. Although these patterns
may not directly correlate with profits, they could reveal hidden
features in price series beneficial for stock prediction. To explore
this hypothesis, we design a stock code classification task. As il-
lustrated in Figure 2, we segment price series into equal-length
slices (matching the look-back period used for subsequent stock
selection) and mix slices from different stocks. The model is then
trained to identify the source stock of each slice. Using the nota-
tion from Section 3 and denoting the additional classification head
parameters as wscc, we train the model f with the cross-entropy
loss for stock code classification, Lgcc, calculated as:

Lsce = _log(f(xi,t;wf, Wsee)i)- (1)

Note that the value of i is only contained in our annotation Xj ;,
not in the input value itself.

While stocks are unique, they are also interconnected. Market
events can affect multiple related stocks simultaneously, and stocks
can influence each other. Companies within the same sector often
exhibit similar behavior during major market events due to their re-
lated businesses. Therefore, we hypothesize that there exist distinct
patterns characterizing different sectors and design a stock sector
classification task. Similar to the stock code classification, we mix
price series slices and train a model to identify the sector of origin
for each slice. With sec(i) denoting the sector that stock s; belongs
to and wsge representing the added classification parameters, we
train the model with the loss of stock sector classification Lgsc as:

@

Both pre-training tasks use stock-specific information (stock
code and sector) to identify distinguishing patterns in price series.
While price series segments often exhibit similarity and complexity
that challenge effective classification, our results support the exis-
tence of discernible patterns that can differentiate stock codes and
sectors. Figure 3 presents the classification accuracy for both tasks
on NASDAQ and NYSE datasets, comparing random guesses, clas-
sifications based solely on close prices, and classifications based on
all daily price values. Although the highest classification accuracies
only reach approximately 0.2, indicating the difficulty of accurately
predicting stock source information, these post-training accuracies
significantly surpass random guessing. Similar patterns emerge in

Lsse = —log(f (Xie; wr, Wsse)sec(i))-

Random guess Only close prices Al price values

0.218

0.206

o
N

°
o

Accuracy

o
<)

NASDAQ Stock NASDAQ Sector ~ NYSE Stock NYSE Sector

Figure 3: Classification accuracy comparison for the two pre-
training tasks SCC and SSC. The NASDAQ market consists
of 1,026 stocks across 112 sectors, and the NYSE market com-
prises 1,737 stocks in 129 sectors. All results are rounded to
three decimal places.
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the other three datasets, as shown in Appendix Section B. This
outcome demonstrates the presence of identifiable features within
stock price series, which we expect will contribute to improved
stock selection performance.

4.2 Moving Average Prediction (MAP)

Stock prices exhibit high volatility and contain significant random
noise [49]. Moreover, stock price series are non-stationary, meaning
their statistical properties change over time. These characteristics
make precise price prediction extremely challenging. When a model
achieves very low prediction errors on training and validation sets,
it likely indicates overfitting to random fluctuations rather than
capturing meaningful patterns.

Despite these challenges, predicting masked prices remains the
primary pre-training technique in existing stock prediction meth-
ods [54]. Masked value prediction, a widely used pre-training strat-
egy across various fields, has proven effective in predicting masked
words in sentences [10] and masked image patches [19]. Conse-
quently, it has been adopted in stock prediction. However, as pre-
viously noted, the unique characteristics of price series limit the
effectiveness of direct masked value prediction in the stock market
context.

To address these limitations, we propose an adaptation of masked
value prediction for stock data, inspired by Moving Average (MA)
indicators. MA is a common technical indicator in financial analysis
that smooths short-term price fluctuations [4, 39]. By calculating
the average price over a specified period, MA provides a more
stable signal compared to raw prices and is widely used by traders
for trend analysis. Therefore, since predicting individual prices
is unreliable, we propose an alternative approach: predicting the
moving average values of a period containing masked values.

As illustrated in Figure 2, we calculate the average closing prices
within sliding windows. We then mask a portion of the prices within
each window and train the model to predict these average prices
from the partially masked data. Let wynqp represents the additional
parameters of the prediction head. The model is trained with the
loss Lmap, defined as:

2
.o

This approach mitigates the impact of price volatility and non-
stationarity, providing a more robust pre-training task that better
aligns with the inherent characteristics of stock data.

1 AT
Linap = [ Xit;wr, Wmap) — AT Lujmt Pit=i1

4.3 Pre-training

We implement our pre-training methods and subsequent stock
selection task using a standard two-layer transformer architecture.
Apart from the classification and prediction heads necessary for
different tasks, we do not add any extra specialized structures. This
general model structure, combined with our pre-training methods,
forms our Stock Specialized Pre-trained Transformer (SSPT), which
proves effective in stock selection.

The basic approach to using these three tasks involves training
a model on each task individually, followed by fine-tuning for the
stock selection task. However, since the three pre-training tasks
are designed to capture different aspects of stock information, it is
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likely that the model acquires diverse knowledge from each task.
Therefore, combining these three tasks during pre-training has the
potential to further enhance stock selection performance.

To maximize the benefits of our customized stock pre-training
tasks, we explore pre-training the model on multiple tasks simul-
taneously. Although various combination methods exist, such as
feature fusion or sequential pre-training through continual learning,
we focus on multi-task pre-training in this paper, following popular
approaches in the NLP field [10]. This involves incorporating mul-
tiple task heads into the model and optimizing their corresponding
losses simultaneously.

Formally, let L, denote the total loss during pre-training, cal-
culated as follows:

Lot = aLsce + BLssc + Y Lnap- @

Here, a, f, and y are coefficients that control the relative influence
of each corresponding task’s loss during pre-training. We conduct
experiments with various combinations of these coefficients to
explore the balance among the three tasks, as detailed in Section 6.2.

4.4 Fine-tuning

Following pre-training, we adapt the model for stock selection by
replacing task-specific output layers with a profit ratio prediction
head. In line with established approaches [18, 43, 54], we incorpo-
rate both profit ratio regression loss and profit ranking loss during
fine-tuning. The stock selection loss Ly is calculated as:

Lye= Yo Gae = rin) +e 30 S max(0.~ (i = 71,0 (i = 13))- - 9)

where € is a hyper-parameter balancing the two loss components.

During fine-tuning, the model’s parameters are categorized into
three groups. The parameters of the initial layers are kept frozen to
preserve the pre-trained knowledge, following common practices
in pre-training methods [10, 19]. The intermediate layers, between
the frozen layers and the prediction head, inherit their values from
the pre-trained model but are fine-tuned for the stock selection
task. Finally, the prediction head, which was not involved in the
pre-training tasks, is initialized from scratch and trained specifically
for stock selection.

This approach, shown in Figure 2, enables flexible fine-tuning
strategies. As the categorization of parameters can significantly im-
pact performance [37], we explore various parameter arrangements
to optimize stock selection effectiveness, as detailed in Section 6.1.

5 Experiment Settings
5.1 Data

We evaluate our approach using historical stock price data from five
markets: NASDAQ (2013-2017), NYSE (2013-2017), FTSE-100 (2013-
2017), TOPIX-100 (2016-2020), and NASDAQ-recent (2018-2022).
The NASDAQ, NYSE, and TOPIX-100 datasets serve as established
benchmarks in stock selection research [18], and numerous studies
in this field have used them to ensure comparable results [43, 48, 54].
We additionally include FTSE-100 and NASDAQ-recent datasets to
evaluate our methods across different markets and time periods. De-
tailed information of datasets are provided in Appendix Section A.
In line with previous studies, we chronologically partition the data
into training (3 years), validation (1 year), and testing (1 year) sets.
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The historical data comprises five daily values: open price, high
price, low price, close price, and trading volume. Following previous
works, we augment these values with 5, 10, 20, and 30-day moving
averages. All features undergo min-max normalization based solely
on training data statistics.

5.2 Evaluation Metrics

We assess model performance using a daily buy-hold-sell trading
strategy, measuring the cumulative Investment Return Ratio (IRR)
and Sharpe ratio (SR), consistent with standard practice in related
literature [18, 43, 48, 54]. The strategy involves buying the top k
stocks based on model predictions and selling them at the next
day’s close.

Formally, the IRR on day ¢ is calculated as IRR; = Zl. s, Tits
where S; represents the selected stock set on day t. The SR measures
the risk-adjusted return of a portfolio and is calculated as SR =
E (Rp) -R f

std(Rp)
and std(R,) denote the expectation and standard deviation of the
profits, and Ry means the risk-free profit. These two metrics are
widely used in financial prediction studies [51, 57, 59]. Previous
research [18] has explored the impact of varying the value of k
and identified k = 5 as the most representative for performance
assessment. Most subsequent works report results based on this
k = 5 setting, and we also adhere to it.

, where R, is the profit over the tested period, E(Rp)

5.3 Baseline Methods

We conduct a comprehensive comparisons with various baseline
methods, including recent SOTA methods. The baselines are catego-
rized into four groups: classification (CLF) models, regression (REG)
models, reinforcement learning (RL) methods, and ranking (RAN)
approaches. Table 2 provides brief descriptions of these methods.

5.4 Implementation Details

Our SSPT model uses a standard two-layer transformer architecture.
The embedding layer consists of a feature embedding layer and a
positional embedding layer. Both the task heads for pre-training
and the stock selection prediction head are implemented as fully
connected layers with corresponding output dimensions. We set
the hidden size of attention vectors to 32 and use 4 attention heads.
For other intermediate features, we use a hidden size of 128. Follow-
ing previous studies, we select the look-back length from the set
{16, 32}. The model is trained using the Adam optimizer, with the
learning rate chosen from {1073, 107%, 107°}. The hyper-parameter
€, which balances the prediction and ranking losses, is selected from
{1, 5, 10}. To facilitate ranking loss computation, the batch size is
set equal to the number of stocks N. Both pre-training and fine-
tuning phases are limited to 100 epochs, with the optimal epoch
and hyper-parameter combination determined based on valida-
tion set performance. The model training process, including both
pre-training and fine-tuning, is conducted using the training and
validation sets, while the reported results reflect the stock selection
performance on the testing split.
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6 Results and Discussion

Our analysis aims to provide comprehensive insights and practi-

cal guidelines for effectively implementing our customized stock

pre-training tasks, rather than merely demonstrating performance

improvements. Therefore, we structure our investigation around

three research questions (RQs):

RQ1 How can we maximize the benefits of stock pre-training for
the subsequent stock selection task?

RQ2 How does our stock selection framework SSPT compare to
existing approaches?

RQ3 Why do these pre-training tasks improve stock selection per-
formance?

Section 6.1 and Section 6.2 address RQ1 from two perspectives:
optimizing the performance of individual pre-training tasks and
effectively combining multiple pre-training tasks. Section 6.3 tackles
RQ2 through comprehensive baseline comparisons. Section 6.4
answers RQ3 through experiments on controlled simulated data.

While we present results across five datasets for baseline compar-
isons in Section 6.3, our detailed analysis in other sections primarily
focuses on the NASDAQ dataset. We present SR results when ana-
lyzing pre-training tasks, as the analysis based on SR or IRR can
reflect similar conclusions. However, SR is considered the more
important metric as it incorporates not only returns but also risks,
which are crucial factors in market investment [51]. We also include
the corresponding IRR results and analysis in Appendix Section D.

6.1 Analysis of Individual Pre-training Tasks

Our analysis of individual pre-training tasks reveals two critical
hyper-parameters: input features and learning rate. As presented
in Figure 3 (Section 4.1), incorporating all daily price values as
input features substantially improves the accuracy for the two
classification tasks, compared to using only close prices. The MAP
task exhibits a similar trend, with the optimized mean squared error
(MSE) decreasing from 5.5 X 10~% when using only closing prices
to 2.3 X 10~® when using all price values. This consistent finding
across tasks highlights the importance of using comprehensive
price information during pre-training.

However, the optimal learning rates vary across tasks. As shown
in Figure 4, the pre-training tasks demonstrate sensitivity to the
learning rate, with the classification tasks (SCC and SSC) perform-
ing best with a higer learning rate (10~3), while the value prediction
task (MAP) requires a lower rate (10~%).

After optimizing the pre-trained models, we explore effective
fine-tuning strategies for stock selection. A crucial aspect during
fine-tuning is the management of model parameters. While the
added task-specific prediction head is a confirmed component, the
frozen and fine-tuned parameters can be flexibly adjusted. Although
Figure 2 shows an example of freezing the entire feature extractor,
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Figure 4: Evaluation results of the three pre-training tasks at
varying learning rates. Note that the metrics differ among
tasks: higher accuracy is better, whereas lower MSE is better.
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Figure 5: The Sharpe ratio results of the stock selection task
with different fine-tuning strategies. The group ‘w/o pre-
training’ presents the result of directly training the model
on the stock selection task without any pre-training.

this may not be optimal, as research in NLP has shown that param-
eter freezing strategies significantly impact performance [37].

We evaluate four fine-tuning strategies: (1) freezing no param-
eters, (2) freezing only the embedding layers, (3) freezing the em-
bedding and attention layers, and (4) freezing the entire feature
extractor. Note that freezing no parameters is equivalent to using
the pre-trained parameters to initialize the model for stock selec-
tion. Additionally, the third strategy differs from the fourth due
to an additional feed-forward layer after the attention layer not
shown in Figure 2.

The results of these strategies are presented in Figure 5, where we
include results of direct training without pre-training as a control
group. The three pre-training tasks show distinct responses to fine-
tuning strategies. SCC and SSC generally improve stock selection
performance across most strategies, with SCC performing best
when no parameters are frozen, and SSC favoring freezing only the
embedding layer. However, the MAP task shows high sensitivity to
the fine-tuning strategy. It can significantly enhance performance
when no parameters are frozen but harm the subsequent task when
using other strategies. This suggests that MAP provides effective
model initialization for stock selection but cannot directly transfer
its learned knowledge. This phenomenon can be attributed to the
structural similarity between MAP and stock selection tasks. Since
both tasks involve price-based value regression, they likely train the
model to extract similar features for different targets. Consequently,
MAP can establish a favorable initial model for stock selection, but
its learned features cannot be directly transferred to the target task.

Furthermore, the comparison with the control group serves as
an ablation study, confirming that our three pre-training tasks are
indeed beneficial for the subsequent stock selection task.

In summary, through the analysis of individual pre-training
tasks, we identify the most influential factors: pre-training feature
selection, learning rate, and fine-tuning strategy. Additionally, an
ablation study comparing traditional masked value prediction with
our proposed MAP approach, along with an analysis of different
mask rates, is presented in Appendix Section C. Based on these
results, we recommend the following guidelines: (1) include the
complete set of price features during pre-training, (2) use a learning
rate of 1073 for SCC and SSC but 10~* for MAP during pre-training,
and (3) during fine-tuning, do not freeze any parameters for SCC
and MAP but freeze the embedding layer for SSC.
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Table 1: Evaluation results of pre-training with task combi-
nations. The first row presents the results of pre-training
with individual tasks. The following four rows show the re-
sults when the loss coefficients of the three tasks are equal,
meaning o = f = y = 1 in Equation 4.

Pre-training Tasks ~ Acc of SCC  Acc of SSC  MSE of MAP

SCC/SSC / MAP 0.173 0.206 8.5e-6
SCC + SSC 0.129 0.124 \

SCC + MAP 0.088 \ 2.5e-3
SSC + MAP \ 0.097 7.3e-4
SCC + SSC + MAP 0.069 0.069 3.1e-3

6.2 Analysis of Combined Pre-training Tasks

After analyzing the three individual pre-training tasks, we explore
potential performance improvements through task combinations.
During combined pre-training, in addition to the input features and
learning rate, the coefficients of the loss terms (@, f, y) in Equation 4
also impact performance. Table 1 presents the results for balanced
multi-task pre-training (¢ = f = y = 1). Notably, each task’s
performance degrades when trained simultaneously with others,
indicating conflicts between different training objectives.

Through extensive experimentation, we observe several key pat-
terns. The conclusion regarding input features follows the previous
section: using all price values consistently yields better results. The
learning rate is confirmed to be 1073 for all combinations, as when
combined with other tasks, MAP’s MSE results are not sensitive to
the learning rate, remaining around the values in Table 1. Regarding
loss coefficients, increasing a to 5 marginally improves SCC accu-
racy without compromising SSC performance. Increasing y reduces
the MSE of MAP but significantly harms the classification tasks.
Given the uncertain relationship between pre-training balance and
stock selection performance, we explore various coefficient combi-
nations and select the best model based on validation set results for
further investigation into how combined pre-training influences
subsequent stock selection.

Figure 6 presents the Sharpe ratio results for several represen-
tative pre-training combinations. Given MAP’s significant perfor-
mance degradation (higher MSE) in combined settings, we prioritize
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Figure 6: Sharpe ratio results on the NASDAQ market for
the stock selection task using pre-trained models with differ-
ent combinations of pre-training tasks. The values of o, §,y
represent the loss coefficients for the SCC, SSC, and MAP
tasks in the combined pre-training loss (Equation 4). When
a coeflicient is 0, the corresponding task is excluded from
pre-training. The first row shows the baseline result with-
out pre-training. The next three rows display results when
pre-training on individual tasks (using the fine-tuning strat-
egy of freezing only the embedding layers). Subsequent rows
present results from combinations of pre-training tasks.
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SCC and SSC in determining the fine-tuning strategy, freezing only
the embedding layers. We observe that the combination of SCC
and SSC maintains good performance. However, the combinations
including the MAP task are different. Although combined training
presents improved SR results compared with using MAP individu-
ally, two out of the three combinations including MAP are worse
than not using pre-training, suggesting that MAP is not an optimal
component for combined pre-training. These findings are consis-
tent with our previous conclusions, as MAP favors different settings
from the other two tasks, and the MAP task is negatively affected
significantly when combined with other tasks in pre-training.

However, the last line in Figure 6 presents an interesting case:
combining all three tasks with increased MAP coefficient (y = 10),
yields a Sharpe ratio exceeding the SCC+SSC combination. This
indicates that MAP includes knowledge that the other two tasks
cannot capture. However, as this coefficient combination highly
relies on validation selection, and other coefficients with higher
y values, like y = 5, do not consistently present the same trend,
including MAP in the combined pre-training tasks still indicates
potential robustness issues.

In summary, we find that the combination of SCC and SSC pre-
training can reliably improve the stock selection results. However,
the inclusion of MAP is difficult to determine as its performance
is sensitive to the loss coefficient settings. Therefore, a relatively
robust recipe for pre-training task combination is to combine SCC
and SSC with balanced coefficients (@ = f = 1).

6.3 Comparison with Existing Methods

After analyzing the effectiveness and usage of our pre-training
tasks, we now demonstrate SSPT’s superior performance compared
to existing methods and market benchmarks. In addition to vari-
ous baselines for stock selection, we include a baseline strategy of
selecting all available stocks daily to establish basic market perfor-
mance. Trading strategies that outperform this market baseline are
considered as effectively beating the market.

Note that while previous sections’ results were based on models
selected from specific hyper-parameter setting groups to facilitate
detailed analysis, our comparative evaluation uses models selected
from a broader range of settings based on validation results, ensur-
ing fair comparison. Consequently, some results here may differ
from those previously reported.

Table 2 compares our methods with various baselines across
three markets: NASDAQ, NYSE, and TOPIX-100. These widely-
studied datasets enable comprehensive performance comparison.
We evaluate our method in two ways: using only individual pre-
training tasks (SSPT-ind) and using combined pre-training tasks
(SSPT-comb). Both our models consistently outperform the market
and achieve the best SR performance, with competitive IRR results
across all three datasets.

Table 3 extends our analysis to FTSE-100 and NASDAQ-recent
datasets. Due to implementation constraints, such as unavailable
codes or extra required information for other methods, we compare
these results only against market performance. Having demon-
strated SSPT’s superiority against various methods in Table 2, we
focus on showing consistent market outperformance across more
exchanges and time periods in Table 3. Notably, SSPT maintains
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Table 2: Comparison of stock selection performance on NASDAQ, NYSE, and TOPIX-100 markets. Our SSPT models using
individual pre-training tasks (SSPT-ind) and combined pre-training tasks (SSPT-comb) are compared with various existing
methods. Bold and underline values indicate the best and second-best results, respectively.

Model Description NASDAQ NYSE TOPIX-100

IRR. SR IRR SR IRR SR

Market Select all stocks, showing basic market performance. 0.15 153 0.10 149 0.02 0.19
ARIMA [49] (1996) RNN with features from ARIMA analysis. 0.10 0.55 0.10 033 0.13 047
Adv-ALSTM [17] (2019)  Adversarial training for better prediction generalization. 0.23 0.97 0.14 0.81 043 1.10
HGCluster [35] (2014) Use a hyper-graph model to predict the stock trends. 0.10 0.06 0.11 0.10 0.10 0.20

CLF  HATS [25] (2019) A hierarchical attention network using relational data. ~ 0.15 0.80 0.12 0.73 0.31 0.96
HMG-TF [11] (2020) Use a Multi-Scale Gaussian Prior to improve model. 0.19 0.83 0.13 075 033 1.05
LSTM-RGCN [28] (2021) Model stock connections by their correlation matrix. 0.13 0.75 0.10 0.70 0.28 0.90

DTML [58] (2021) Learn the correlations between stocks for prediction. 041 135 045 117 035 1.07

HATR [47] (2022) Grasp multi-scale transition regularities of stocks. 031 092 0.14 076 036 0.98

REG SFM [61] (2017) A State Frequency Memory model. 0.09 0.16 0.11 0.19 0.07 0.08
DA-RNN [42] (2017) A dual-stage attention-based model. 0.14 071 0.13 066 025 0.86
TimeMixer [53] (2024) Analyze temporal variations by multiscale-mixing. 042 1.64 023 123 030 0.93
StockMixer [16] (2024) Use influences between stock and market. 0.20 140 054 157 033 112
Master [27] (2024) Use market information for automatic feature selection. 0.24 120 0.23 1.27 0.25 0.95

DON [6] (2021) An ensemble of deep Q-learning agents. 0.20 0.93 0.12 072 031 1.08

RL iRDPG [31] (2020) Deep reinforcement learning and imitation learning. 0.28 132 0.18 085 055 1.10
RAT [55] (2021) A relation-aware Transformer with RL. 040 137 022 103 0.64 1.20

RSR-I [18] (2019) A temporal GCN capturing stock relations. 039 134 0.21 095 053 1.08
STHAN-SR [43] (2021) A neural hyper-graph architecture for stock selection. ~ 0.44 142 0.33 1.12 0.62 1.19

RAN MTSR [36] (2022) Stock ranking with multi-task learning. 0.30 158 0.57 136 033 1.03
ALSP-TF [48] (2022) An adaptive long-short patter transformer. 053 1.55 041 124 071 1.27
TSPRank [29] (2024) A hybrid pairwise-listwise ranking method. 0.29 143 028 1.74 035 1.11
CI-STHPAN [54] (2024) A spatio-temporal hyper-graph model with pre-training. 0.66 2.01 0.79 2.14 0.28 0.91
SSPT-ind (ours) Models based on our individual stock pre-training tasks. 0.74 2.32 0.41 2.11 051 1.33
SSPT-comb (ours) Models based on our combined stock pre-training tasks. 0.82 2.25 0.60 2.35 043 1.21

Table 3: Comparison of market performance and our SSPT
method on FTSE-100 and recent NASDAQ markets.

Model FTSE-100 NASDAQ-recent
IRR SR IRR SR
Market 0.17 2.08 0.16 0.97
SSPT-ind 0.38 2.51 0.59 1.23
SSPT-comb 0.33 2.30 0.48 1.33

strong performance even on the NASDAQ-recent dataset, which
includes the challenging COVID-19 period.

These comprehensive comparisons demonstrate that SSPT’s
price series pre-training tasks extract more beneficial knowledge
for stock selection than the spatial or temporal information cap-
tured by other methods. Using a standard transformer structure,
which is widely used as the backbone for the listed baselines, SSPT’s
SOTA results highlight the effectiveness of our customized stock
pre-training approach.

6.4 Task Analysis on Simulated Data

Having demonstrated our pre-training tasks can benefit stock selec-
tion, we investigate the underlying mechanisms of their effective-
ness. We hypothesize that these tasks enhance stock selection by
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extracting distinguishing features from price series data. To inves-
tigate this hypothesis, we analyze the classification tasks through
controlled simulation experiments.

We use the Wiener Process, a continuous-time stochastic process
widely used in finance to model the random behavior of asset prices,
to generate simulated stock price series [3, 22, 44]. The simulation
process is formulated as:

S(t+At) = S(t) * exp((y — 6% /2)At + oVALZy). (6)

Here, At represents a small time increment, Z; is a random variable
sampled from a standard normal distribution, ; and o are the simu-
lation parameters representing the expected return and volatility of

Random Guess Series generated by the same parameters Series generated by different parameters
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Figure 7: Classification results on 10, 50, 100, 500, and 1000
simulated series. Each accuracy value is averaged over 5 simu-
lation runs. The y-axis scales are independent for each figure,
with the scale factors indicated.
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the stock. To generate a price series, we need to specify the initial
value S(0), the time horizon ¢, and the parameters y and o.

Following our SCC and SSC task designs, we simulate N price
series, segment them into equal-length slices, and train a classifica-
tion model to identify source series for given slices. We maintain
constant S(0) and ¢ while comparing two scenarios: (1) simulating
N series with identical random p and o, and (2) simulating N se-
ries with different random p and o. Figure 7 shows classification
accuracy of the two scenarios across different values of N.

We observe that the classification results for series generated
with identical parameters are very close to random guessing, while
the accuracy for series generated with different parameters is much
higher. This indicates that classification models primarily rely on
the different statistical properties of the original series to differenti-
ate series slices. This conclusion supports our hypothesis that the
SCC and SSC tasks can extract information related to the statistical
characteristics that distinguish various stocks, thereby providing
more informative features for the stock selection task.

While practical stock price series are much more complex and
contain more latent statistical features than our simulated data, our
results indicate that the pre-training tasks function by extracting
distinguishing information. Additional simulation results and anal-
ysis in Appendix Section E further demonstrate the pre-training
tasks’ sensitivity to price series’ statistical features, strengthening
our hypothesis.

7 Conclusions

This paper introduces three novel pre-training tasks specifically
designed for stock price data. Through extensive experiments, we
demonstrate the effectiveness of these customized pre-training
tasks in enhancing stock selection. Our Stock Specialized Pre-trained
Transformer (SSPT) framework, built upon these pre-training meth-
ods and a standard transformer architecture, outperforms the mar-
ket and existing methods on five datasets. We conduct a comprehen-
sive analysis to provide practical guidance on optimally using our
pre-training tasks. This includes identifying the most influential fac-
tors and the best fine-tuning strategies for individual tasks as well
as their combinations. Furthermore, through experiments on simu-
lated data with controlled parameters, we explore the underlying
reasons for the effectiveness of our pre-training methods. In sum-
mary, this work introduces an effective stock selection framework,
provides practical implementation guidelines, and offers insights
into stock price series analysis. The demonstrated success of our
specialized pre-training approach suggests promising directions
for future research in financial market analysis and prediction.
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A Dataset Introduction

Our experiments use five datasets spanning major stock markets
across the US, UK, and Japan over different time periods: NASDAQ
(2013-2017), NYSE (2013-2017), FTSE-100 (2013-2017), TOPIX-100
(2016-2020), and NASDAQ-recent (2018-2022). NASDAQ, NYSE,
and TOPIX-100 serve as established benchmark datasets in stock
selection research [18, 48], while FTSE-100 and NASDAQ-recent
were collected from Yahoo Finance (https://finance.yahoo.com).
Sectors are assumed to be constant in each dataset. They can be
updated periodically, as we do with NASDAQ and NASDAQ-recent.
Additionally, sector shifts are rare and minor for large companies,
thus affecting pre-training marginally.

NASDAQ [18] is a highly volatile US exchange, comprising 1,026
stocks from 112 sectors, drawn from S&P 500 and NASDAQ Com-
posite Indexes.

NYSE [18] is the world’s largest stock exchange by market capi-
talization, offers relatively stable market conditions compared to
NASDAQ. The dataset includes 1,737 stocks across 129 sectors.
TOPIX-100 [28] is a smaller market contrasting with US markets.
It represents Japan’s major market index, featuring 95 stocks from
10 sectors, focusing on the largest market capitalizations in the
Tokyo Stock Exchange.
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Figure 8: Classification accuracy comparison for the two pre-
training tasks SCC and SSC on TOPIX-100, FSTE-100, and
NASDAQ-recent datasets. All results are rounded to three
decimal places.

FTSE-100 is the UK’s best-known stock market index, representing
the largest market capitalizations on the London Stock Exchange.
This dataset includes 87 stocks from 11 sectors.

NASDAQ2 tracks the same companies as the NASDAQ datast but
during 2018-2022, a recent period including the challenging COVID
time. This dataset includes 718 stocks across 106 sectors.

These datasets provide comprehensive coverage of diverse mar-
ket conditions, including both established American markets (widely
considered most efficient) and representative markets from other
regions. The datasets span both growth periods and volatile years,
ensuring robust and generalizable evaluation of our methods.

B More Results of Classification Tasks

In Section 4.1, we presented classification accuracy results for SCC
and SSC on the two largest datasets, NASDAQ and NYSE. Figure 8
extends this analysis to the TOPIX-100, FTSE-100, and NASDAQ-
recent datasets. The results demonstrate consistent patterns across
all datasets: classification accuracy significantly exceeds random
guessing, and using comprehensive price values as inputs consis-
tently yields optimal results. These findings reinforce our conclu-
sions from Section 4.1: price series contain distinctive information
that enables effective classification, and using all price values maxi-
mizes feature quality.

C Further Analysis of the MAP Task
Since our MAP task is motivated by the traditional masked value

prediction (MVP) approach and introduces additional hyper-parameters

such as the mask rate, we conduct further experimental analysis to
better understand its behavior.

First, we compare our MAP method with the traditional MVP
approach to validate the effectiveness of our design tailored for
stock data. Both pre-training tasks are conducted on the NASDAQ
dataset, followed by a downstream stock selection task. We report

Table 4: Comparison between traditional masked value pre-
diction (MVP) and our proposed MAP method on pre-training
and downstream stock selection performance.

Pre-training Stock Selection

Method /o MSE MSE IRR SR

(Ir=1e-3) (Ir=1e-4) (Ir=1e-5) (NASDAQ)
MVP 7665 9566 1504 053 154
MAP 85e-6  36e-6  83e-3 059 197

3029

KDD ’25, August 3-7, 2025, Toronto, ON, Canada

MSE during pre-training and IRR and SR during the stock selection
phase. The results are summarized in Table 4.

The lowest MSE of MVP is much higher than that of MAP, sug-
gesting that predicting masked moving averages is more feasible
than predicting specific masked values in the context of volatile
financial data. Moreover, the stock selection performance (IRR and
SR) achieved using MAP-based pre-training also surpasses that
of MVP-based pre-training under the same experimental settings.
Notably, our baseline method [54] is itself designed around masked
value prediction and includes specialized structures to improve its
performance. Despite this, our SSPT framework outperforms it, fur-
ther validating the advantages of our MAP design over traditional
MVP approaches.

Next, we investigate how varying the mask rate affects MAP
performance. We vary the mask rate from 0.05 to 0.5 in increments
of 0.05 and report the corresponding pre-training MSE and stock
selection SR in Figure 9.

As shown, the MSE increases from 8.0 X 10~/ to 1.9 X 10~° as the
mask rate increases. In terms of SR, stock selection performance is
1.08 at a mask rate of 0.05, even underperforming the no-pretraining
baseline. MAP begins to show benefits at a mask rate of 0.15, with
the highest SR observed around a mask rate of 0.3.

D IRR Results for Pre-training Analysis

Both the cumulative investment return ratio (IRR) and Sharpe ratio
(SR) are widely used metrics to evaluate stock selection performance.
While IRR focuses solely on returns, SR considers both returns and
risks. Although these two metrics are not linearly related, their
overall trends are generally similar. In the main text, we presented
SR results in Figures 5 and 6 to analyze the pre-training tasks. Here,
we present the corresponding IRR results in Figures 10 and 11.

If disregarding the specific values, these two figures closely re-
semble the previous figures for the SR metric. The main difference
lies in the fact that the SCC task with frozen embedding layer
fine-tuning and the SSC task with frozen embedding and atten-
tion layers fine-tuning fail to surpass the performance of direct
training without pre-training. However, the most optimized results
remain consistent. All conclusions regarding the hyper-parameter
and training strategies from the SR metric remain unchanged. This
consistency across different metrics indicates the robustness of our
methods, demonstrating reliable performance improvements.

E More Analysis on Simulated Data

To further investigate the ability of our classification tasks to cap-
ture distinguishing statistical features from time series data, we

x10~°

—

0.1 0.2 0.4 0.5

Mask Re?tg
Figure 9: Pre-training MSE and stock selection SR results
using MAP under different mask rate settings. The blue line
represents MSE (left y-axis), while the red line indicates SR
(right y-axis).
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Figure 11: Cumulative IRR results on the NASDAQ market
for the stock selection task using pre-trained models with
different combinations of pre-training tasks. The values of
a, f,y represent the loss coefficients for the SCC, SSC, and
MAP tasks in the combined pre-training loss (Equation 4).
When a coefficient is 0, the corresponding task is excluded
from pre-training. The first row shows the baseline result
without pre-training. The next three rows display results
when pre-training on individual tasks (using the fine-tuning
strategy of freezing only the embedding layers). Subsequent
rows present results from combinations of pre-training tasks.

analyze the sensitivity of the classification accuracy to the degree
of difference in the statistical parameters used to generate the sim-
ulated series.

Focusing on the classification of 10 simulated series, we control
the values of S(0), the time horizon t, and the expected return y to
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be the same across all series, while varying the volatility o used to
generate each series. Specifically, we change the random range from
which the o values are drawn to control the difference in volatilities
between the series. For example, o values randomly drawn from
(0.1, 0.2), with a range of 0.1, have a smaller difference compared to
values drawn from (0.1, 0.3), with a range of 0.2. Figure 12 presents
the classification results for different random ranges of o.

We observe a clear upward trend in accuracy as the range of
o increases, indicating that the classification task becomes more
effective when the statistical features of the time series differ more
significantly. This further substantiates our hypothesis that the
stock code classification (SCC) and stock sector classification (SSC)
tasks can learn to distinguish the unique statistical characteristics
inherent to different stocks or sectors, thereby extracting informa-
tive features that benefit the subsequent stock selection task.

While practical stock price series exhibit far greater complexity
than our simulated data and likely contain additional hidden statis-

tical features, these controlled experiments provide insights into
the underlying mechanisms through which our pre-training tasks

enhance the stock selection performance. By capturing distinguish-
ing statistical patterns within price series data, the SCC and SSC
tasks acquire knowledge that may not directly relate to profitability
but can improve the overall understanding and prediction of stock
price movements.
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Figure 12: Classification accuracy on 10 simulated stock price

series, where the volatility parameter o is randomly drawn

from different ranges. The accuracy is averaged over 5 simu-

lation runs with identical settings for each range of o.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Stock Prediction and Selection
	2.2 Neural Networks Pre-training

	3 Problem Formulation
	4 Methodology
	4.1 Stock Code/Sector Classification (SCC/SSC)
	4.2 Moving Average Prediction (MAP)
	4.3 Pre-training
	4.4 Fine-tuning

	5 Experiment Settings
	5.1 Data
	5.2 Evaluation Metrics
	5.3 Baseline Methods
	5.4 Implementation Details

	6 Results and Discussion
	6.1 Analysis of Individual Pre-training Tasks
	6.2 Analysis of Combined Pre-training Tasks
	6.3 Comparison with Existing Methods
	6.4 Task Analysis on Simulated Data

	7 Conclusions
	References
	A Dataset Introduction
	B More Results of Classification Tasks
	C Further Analysis of the MAP Task
	D IRR Results for Pre-training Analysis
	E More Analysis on Simulated Data



