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Abstract

Stock return prediction with Transformer-style architectures faces a practical trade-off between
expressive relational modeling and scalability on large stock universes. To address this issue, this paper
proposes Domain-Aware Relational Transformer (DART), an efficient framework that improves both
predictive performance and computational cost for large-scale stock prediction. DART contains two core
components. First, a Multi-Scale Temporal Fusion (MSTF) module extracts short-, medium-, and longer-
horizon signals through parallel convolutions and aggregates them with a Progressive Temporal Fusion
(PTF) network to capture cumulative temporal dynamics. Second, a Domain-Knowledge-Guided Sparse
Attention (DSA) mechanism uses industry classification priors to constrain cross-stock attention to
economically relevant neighborhoods, reducing unnecessary interactions while preserving informative
co-movement structure. Experiments on three real-world U.S. market datasets, NASDAQ, NYSE, and S&P
500, compare DART with classical baselines and recent strong models, including STHAN-SR,
CausalStock, and MambasStock, under a unified setting. The results show that DART achieves state-of-
the-art performance across the evaluated benchmarks, delivering the strongest overall results in
Information Coefficient (IC), Rank Information Coefficient (RIC), Precision@10, and Sharpe Ratio, with
especially clear advantages in risk-adjusted returns. In addition, floating-point-operation analysis shows
that the sparse attention design reduces the core computational load by about 83%-84% relative to full
attention. These findings indicate that DART provides a practical, scalable, and state-of-the-art solution
for large-scale stock prediction and portfolio-oriented ranking tasks.

1. Introduction

1.1 Research Background and Motivation

Price fluctuations in the stock market are a complex composite of macroeconomic conditions, industry
trends, and investor sentiment, making the accurate prediction of its future trajectory one of the most
compelling yet challenging core tasks in finance. Effective stock return forecasting not only provides
decision support for investors to construct alpha-generating investment strategies (Grinold and Kahn
2000), but it also holds crucial theoretical and practical significance for understanding market dynamics,
conducting risk management, and maintaining financial system stability (Engle 2001).

For a long time, the academic discourse was dominated by the Efficient Market Hypothesis (EMH),
proposed by Eugene Fama, which posits that asset prices fully reflect all available information, thereby
rendering market prediction futile (Fama 1970). However, with the rise of behavioral finance, a
substantial body of research has unveiled market anomalies stemming from irrational investor
behaviors, such as overconfidence and herding effects, indicating that the market is not perfectly
efficient and thus providing a theoretical foundation for predictability (Shiller 2003). In recent years, the
rapid development of big data and artificial intelligence (Al) technologies has made it feasible to process
and analyze massive, high-dimensional, and multi-modal financial data. Leveraging its powerful
capabilities for non-linear feature extraction and pattern recognition, Deep Learning has emerged as the
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predominant paradigm for unearthing latent predictive signals in the market (Heaton et al. 2017; Gu et al.
2020). This, coupled with continued breakthroughs in the broader field of asset pricing (Kong et al.
2024), has collectively spurred a profound transformation from traditional statistical arbitrage to modern
quantitative investment (Prado 2018). Recent surveys and empirical studies further show that large-
language-model- and machine-learning-based forecasting are increasingly influential in stock prediction
and portfolio construction (Darwish et al. 2025; Slusarczyk and Slepaczuk 2025).

Despite the immense potential of deep learning, the inherent characteristics of financial time series—
namely, high noise, non-stationarity, and multi-scale properties (Bollerslev 1986; Mandelbrot 1963)—
place stringent demands on the robustness and generalization capabilities of the models. The
motivation for this study is therefore to design a novel deep learning architecture better adapted to the
unique properties of financial data. We position our work as a deep learning paradigm that, under
realistic financial constraints (e.g., large scale, high noise), incorporates domain-specific prior knowledge
into its structural design to address the dual challenges that existing methods face in capturing complex
temporal patterns and modeling large-scale inter-stock relationships.

1.2 Challenges of Existing Methods

Although extensive research has been dedicated to stock prediction using deep learning, two core
challenges are commonly encountered.

The first, in the realm of time series modeling, is how to effectively capture the multi-level dynamic
patterns inherent in financial markets. Early models primarily relied on Recurrent Neural Networks
(RNNSs) and their variants, such as Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs),
to process sequential data (Hochreiter and Schmidhuber 1997). Numerous studies have demonstrated
the effectiveness of LSTMs in capturing temporal dependencies (Fischer and Krauss 2018; Nelson et al.
2017). However, the inherent sequential processing mechanism of RNN-based models makes it difficult
to capture very long-term dependencies and exposes them to the problems of vanishing or exploding
gradients (Pascanu et al. 2013). On the other hand, Convolutional Neural Networks (CNNs) have also
been employed to extract local patterns from time series(LeCun et al. 1998), for instance, by treating
stock price charts as images for analysis (Chen et al. 2016). Temporal Convolutional Networks (TCNs)
expand the receptive field through causal and dilated convolutions, outperforming RNNs on certain tasks
(Bai et al. 2018). Nevertheless, a key limitation of both CNNs and TCNs is their fixed kernel size, which
struggles to adaptively capture the co-existing, multi-frequency fluctuation patterns found in financial
markets, such as high-frequency noise at the minute level, daily trading patterns, and weekly trends.

Second, concerning the modeling of inter-stock relationships, is the challenge of efficiently processing
the mutual influences within a large-scale stock pool. The stock market is a highly interconnected
complex system where the price fluctuation of an individual stock is influenced not only by its own
historical data but also significantly by other related stocks, such as industry competitors or companies
upstream and downstream in the supply chain (Plerou et al. 1999; Mantegna 1999). To model these
interrelationships, researchers have introduced Graph Neural Networks (GNNs) (Scarselli et al. 2009; Kipf
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and Welling 2017). By constructing a static graph based on industry classifications, supply chain
relationships, or correlation matrices, GNNs can aggregate information from neighboring nodes to learn
inter-stock correlations (Feng et al. 2019; Chen et al. 2021). However, the primary limitation of the GNN-
based approach is that its performance is highly dependent on a predefined graph structure, and such a
static graph may fail to capture the dynamically changing economic linkages in the market.

To overcome the reliance of GNNs on static graphs, researchers have turned to the more flexible
attention mechanism, particularly the self-attention mechanism that forms the core of the Transformer
model (Vaswani et al. 2017). The Transformer and its variants can dynamically learn the relational
weights between all pairs of stocks without needing a predefined graph structure, thus demonstrating
immense potential (Ding et al. 2020). However, the core bottleneck of the standard self-attention
mechanism is that its computational and memory complexities are both quadratic with respect to the
number of stocks (), i.e., (Vaswani et al. 2017). When applied to real-world markets containing thousands
of stocks, this quadratic complexity renders the training and inference costs of the model prohibitively
expensive, severely limiting its scalability and practicality in live quantitative trading scenarios (Tay et al.
2020). Therefore, reducing the complexity of the attention mechanism has become a critical challenge
for its application in large-scale stock prediction. Although the academic community has proposed
several general-purpose sparse attention methods, such as Longformer or BigBird (Beltagy et al. 2020;
Zaheer 2020), these methods are mostly designed for generic sequences and lack financial domain-
specific prior knowledge, meaning they may not be the optimal solution. Recent stock-market studies
also report that LLM- and transformer-enhanced pipelines can improve both prediction and trading
performance (Chen 2025; Wang 2026).

1.3 Our Method and Contributions

To address the aforementioned challenges, this paper proposes a novel and efficient deep learning
framework for stock return prediction. This framework tackles the difficulties of capturing complex
temporal patterns and modeling large-scale inter-stock relationships through two core innovative
components.

First, to more comprehensively capture financial time-series features, we have designed a Multi-Scale
Temporal Fusion (MSTF) module. This module utilizes a parallel, multi-branch convolutional structure to
simultaneously extract market signals at different temporal scales and innovatively introduces a
Progressive Temporal Fusion (PTF) network to incrementally aggregate the fused multi-scale features,
thereby learning the cumulative effects within the time series.

Second, to resolve the O(IN 2)complexity bottleneck of the standard attention mechanism, we propose
a more general methodological framework: the Domain-Knowledge-Guided Sparse Attention (DSA)
mechanism. This mechanism leverages the industry classifications of stocks as financial domain-
specific prior knowledge to construct a sparse attention mask, thereby confining the attention
computation to within more relevant industry sectors. This approach not only dramatically reduces
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computational complexity, enabling it to efficiently handle thousands of stocks, but its design is also
grounded in solid economic intuition, which enhances the model's interpretability.

The main contributions of this paper can be summarized as follows:

Methodological Innovation: We propose a novel deep learning architecture centered around the MSTF
and DSA mechanisms. The former is designed to capture multi-level temporal dynamics, while the latter
provides an efficient and financially-informed solution for modeling inter-stock relationships.

Superior Performance: Extensive experiments on three large-scale, real-world stock market datasets
(NASDAQ, NYSE, and S&P 500) demonstrate that, compared to various state-of-the-art baseline models,
our proposed model achieves significant and consistent performance gains on key quantitative
investment metrics, including the Information Coefficient (IC) and the Sharpe Ratio.

Efficiency Optimization: We successfully reduce the complexity of modeling inter-stock relationships

from O(N 2)to a near-linear level. A theoretical analysis of computational cost (FLOPs) proves that the
core computational overhead is reduced by over 84% compared to standard full attention, laying a solid
efficiency foundation for the model's application in large-scale scenarios.

1.4 Organization of This Paper

The remainder of this paper is organized as follows: Section 2 reviews the related work in the field of
stock prediction. Section 3 details our proposed model architecture and its various components. Section
4 presents our experimental setup, evaluation metrics, and a detailed comparison of the results against
baseline models. Finally, Section 5 concludes the paper with a summary of our work and discusses
future research directions.

2. Related Work

This chapter aims to review and discuss the body of research related to stock return prediction. Our
review is structured around three key dimensions: time series modeling methods for individual stocks,
methods for modeling the relational connections among multiple stocks, and the sparse attention
mechanisms developed to address large-scale computational challenges.

2.1 Time Series-Based Stock Prediction Models

Modeling the time series of stock prices is the most fundamental and core research direction in this
field. Early research was primarily focused on statistical and econometric models. The Autoregressive
Integrated Moving Average (ARIMA) model and its derivatives have been widely used to capture linear
temporal dependencies (Box et al. 2015). The ARCH and GARCH models, on the other hand, focus on
modeling the "volatility clustering" phenomenon commonly found in financial time series(Engle 2001;
Bollerslev 1986). However, these linear models struggle to depict the complex non-linear dynamics of
financial markets.
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With the advancement of machine learning techniques, models such as Support Vector Machines (SVM)
and Gradient Boosting Decision Trees (GBDT) have proven to be more advantageous in handling non-
linear problems (Krauss et al. 2017; Huang et al. 2005). These methods typically frame the prediction
task as a regression or classification problem based on historical technical indicators. Although they
have achieved some success, their feature engineering process is highly dependent on expert
knowledge, and their ability to capture the intrinsic dynamic dependencies of time series data is limited.

In recent years, deep learning has become the mainstream paradigm in this field due to its automatic
feature extraction and powerful non-linear modeling capabilities. Recurrent Neural Networks (RNNs) and
their advanced variants, like LSTM and GRU, are widely applied to stock prediction due to their
architecture being naturally suited for time series data (Hochreiter and Schmidhuber 1997; Fischer and
Krauss 2018; Nelson et al. 2017). For example, Akita et al. utilized LSTM combined with corporate
textual reports and price data for prediction (Akita et al. 2016). Although RNN-based models can
theoretically capture long-term dependencies, in practice, they are still limited by gradient propagation
issues and the inefficiency of sequential computation (Pascanu et al. 2013).

Another line of technical development parallel to RNNs is the Convolutional Neural Network (CNN).
Researchers have found that one-dimensional CNNs can effectively extract local price patterns or
shapes from time series, such as "head and shoulders tops" and "double bottoms" (Chen et al. 2016;
Ding et al. 2020). The Temporal Convolutional Network (TCN), by combining causal convolutions, dilated
convolutions, and residual connections, constructs a non-recurrent structure that strictly adheres to
temporal order and possesses a vast receptive field, showing performance superior to RNNs on many
sequence modeling tasks (Bai et al. 2018). However, a key limitation of both CNNs and TCNs is their
fixed kernel size, which struggles to adaptively capture the co-existing, multi-frequency fluctuation
patterns in financial markets. Some studies have attempted to mitigate this issue through parallel multi-
branch CNN structures (Ding et al. 2020), while more recent research has begun to explore more flexible
time-series hybrid architectures. For example, LightCTS, proposed by Nie et al., decouples and predicts
the periodic and trend components in time series via Fourier transforms and subspace learning (Nie et
al. 2023). Similarly, the MTS-Mixers model also adopts a strategy of mixing across time and channel
dimensions to capture complex dependencies (Zhang et al. 2023). These works have inspired our
research, demonstrating the limitations of a single model architecture and motivating our design of the
MSTF to more comprehensively capture market dynamics.

2.2 Modeling Inter-Stock Relationships

The stock market is an interconnected, complex network, and modeling the spillover effects among
stocks is crucial for improving predictive accuracy.

Graph Neural Networks (GNNs) provide a powerful tool for explicitly modeling stock relationships
(Scarselli et al. 2009; Kipf and Welling 2017). Researchers typically construct a stock graph based on
certain prior knowledge, where nodes represent stocks and edges represent their relationships. Common
graph construction methods include industry relationship graphs based on the Global Industry
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Classification Standard (GICS) (Chen et al. 2016), supply chain or competitive relationship graphs mined
from corporate financial reports or news text (Yao et al. 2021), or correlation matrices calculated from
historical price series(Ying et al. 2021). On this graph, GNNs aggregate information from neighboring
nodes via a message-passing mechanism to learn the embedding representation of each stock within
the network. For instance, GraphSAGE has been used to aggregate information from stocks with similar
attributes (Hamilton et al. 2017). More recent studies, such as KG-GCN, have even attempted to integrate
richer entity relationships from knowledge graphs (e.g., 'subsidiary, 'competitor’) into the GNN to build a
more information-dense stock correlation graph, achieving promising results (Zhao et al. 2023).
However, the primary drawback of the GNN approach is that its performance is highly dependent on the
quality and validity of the predefined graph. A static or inaccurate graph structure may fail to reflect the
true and dynamic economic linkages in the market and can even introduce noise that misleads the
model's learning process.

To overcome the reliance on static graphs, attention-based models, particularly the Transformer, have
been introduced to this field (Vaswani et al. 2017). The core of the Transformer is the self-attention
mechanism, which allows the model to dynamically compute the relationship weights between any two
stocks without a predefined structure. This end-to-end learning approach endows the model with
tremendous flexibility. For example, the Hierarchical-GAT model proposed by Ding et al. utilizes both
intra-stock and inter-stock attention mechanisms (Ding et al. 2015). However, this flexibility comes at a
great computational cost. The computational complexity and memory consumption of standard self-
attention are both quadratic with respect to the number of stocks (), i.e., (Vaswani et al. 2017). This
makes it impractical to apply Transformers to real-world investment portfolios containing thousands of
stocks, as the prohibitive cost severely hinders their scalability and deployment in industrial applications.

2.3 Sparse Attention Mechanisms

To address the complexity bottleneck of the standard Transformer, the academic community has
proposed various "Efficient Transformer" or sparse attention solutions (Tay et al. 2020). The core idea
behind these methods is to approximate the full attention matrix with a sparse one, thereby reducing the
complexity to a near-linear or sub-quadratic level.

Mainstream sparse attention methods can be broadly categorized into two types: position-based and
content-based sparse patterns. Position-based methods predefine fixed sparse connection patterns,
such as focusing only on an adjacent local window (Sliding Window Attention), attending with a certain
interval (Dilated Attention) (Beltagy et al. 2020), or attending to a few pre-selected global nodes (Global
Attention) (Beltagy et al. 2020; Zaheer 2020). These methods have achieved great success in fields like
Natural Language Processing. However, the rationale of directly applying these general-purpose, content-
agnostic sparse patterns to financial markets is questionable. The correlation between stocks is not
determined by their "position" in a list but by their intrinsic economic connections.

The other category is content-based sparse methods, which attempt to dynamically select the most
important keys for attention computation. However, this usually requires additional clustering or hashing
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algorithms, which increases the model's complexity.

Unlike the aforementioned general-purpose methods, the DSA proposed in this paper is a sparsity
strategy based on domain knowledge. We leverage a simple yet effective financial prior: stocks within
the same industry typically exhibit stronger co-movement than stocks across different industries (Plerou
et al. 1999; Moskowitz and Grinblatt 1999). By focusing the attention computation within industries, we
not only substantially reduce the complexity from to (where is the average industry size and is far
smaller than ), but also make the model more aligned with economic intuition, enhancing its
interpretability, and potentially improving predictive performance by reducing noisy correlations. This
approach of integrating domain knowledge to guide model architecture design offers an effective new
path for tackling large-scale modeling problems in the financial domain.

3. Methodology

This chapter elaborates on the overall architecture and core components of our proposed DART model.
Through a meticulously designed hierarchical structure, the model first performs deep temporal feature
extraction for each stock independently. It then utilizes a unique dual-path prediction mechanism to
generate forecasts from two distinct dimensions—pure time-series and cross-sectional interactions—
and finally integrates both outputs to achieve a more robust and comprehensive prediction.

3.1 Model Architecture

Our proposed model follows a hierarchical processing paradigm of "temporal-first (intra-stock), then
cross-sectional (inter-stock)". As illustrated in Fig. 1, the overall data flow of the model is as follows:

Input Layer: The model's input is a three-dimensional tensor comprising N stocks, T time steps, and F
features.

Temporal Feature Extraction: The time series data for each stock is independently and parallely fed into
the MSTF module to capture and fuse dynamic patterns at different temporal scales.

Channel Compression & Dual-Path Prediction: After temporal feature extraction and channel
compression, the resulting temporal feature vectors enter two parallel prediction paths. This design
constitutes an intrinsic form of Ensemble Learning. One path performs direct temporal aggregation to
generate the time-series prediction component, aimed at capturing the independent trend of each stock
(i.e., the 'idiosyncratic return' component). The other path conducts cross-sectional interaction among
stocks via the DSA module to generate the cross-sectional prediction component, aimed at capturing
systemic market influences (such as industry co-movement).

Output & Ensemble: The prediction components from the two paths are finally summed by an ensemble
module to produce the final integrated prediction result.

The entire model is trainable end-to-end and is jointly optimized through a composite loss function.
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3.2 Input Representation

For a stock pool containing IV stocks, we use the historical data of each stock over the past 7' time
steps as input. The data for each time step includes F’ features, such as the open, high, low, and close
prices, and trading volume. Therefore, the raw input to the model is a three-dimensional tensor, X, with
the following dimensions:

XG RNXTXF

3.3 Multi-Scale Temporal Fusion (MSTF)

Financial time series contain complex patterns at different frequencies and periods. For example, short-
term high-frequency trading behaviors, medium-term trend momentum, and long-term mean-reversion
effects may co-exist simultaneously (Cont 2001). Traditional CNN or RNN models, which use a single
receptive field or a fixed temporal dependency structure, struggle to capture these multi-level dynamic
signals at the same time.

To address this issue, we designed the MSTF module. The core idea of this module is inspired by the
Inception architecture from computer vision (Szegedy et al. 2015); it uses a parallel multi-branch
structure to extract features at different temporal scales and then effectively fuses these features.

3.3.1 Multi-Scale Convolutional Branches

As shown in Fig. 1, the MSTF module contains multiple parallel processing branches. For the input time
series data of a single stock, X; € RT™ T the module's processing flow is as follows:

Identity Path: One branch is an identity mapping path, which preserves the original time series
information to prevent the loss of important raw signals during feature extraction.

Convolutional Paths: The remaining branches consist of one-dimensional convolutional layers (Conv1D)
with different configurations. Each convolutional branch uses a different kernel size. For instance, one
branch might use a small kernel size (e.g., 2) to capture short-term local patterns, while another uses a
larger kernel size (e.g., 4) to capture longer-term macroscopic trends. This design allows the model to
simultaneously "see" market dynamics at different granularities of time.

Feature Concatenation (Multi-Scale Fusion Layer): The outputs from all branches are concatenated along
the temporal dimension. The resulting concatenated feature tensor, Heoneat € RTeat™ F, contains rich
information extracted from multiple time scales, where T,,; is the total length of the concatenated

temporal dimension.

3.3.2 Progressive Temporal Fusion (PTF) Network
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After obtaining the multi-scale fused features H,,.q:, We introduce the novel PTF network to further
model the temporal relationships within them. The core of PTF lies in utilizing a learnable lower
triangular matrix to transform the time series, thereby modeling the cumulative and causal effects of the
sequence. Figure 2 illustrates the core idea of this causal operation, where the key is to strictly adhere to
the temporal order, ensuring the model's causality. That is, predictions for the future can only depend on
past and present information, without "seeing" into the future. Specifically, when calculating the output
for the \varvect-th time step, the model can only use input information from the current moment
\varvect and past moments (\varvect — 1,... ,1). Any information from future moments

(e.g., \varvect + 1) is strictly prohibited to prevent information leakage. This structure ensures that
the model's decision-making process is rational and logically sound when processing time series data,
which is crucial for scenarios requiring rigorous causal inference, such as financial forecasting.

The PTF network contains a learnable weight matrix W;,; € RPeat™ Teat During the network's forward
pass, we first convert the matrix into a strictly lower triangular matrix (i.e., the main diagonal and all
elements above it are zero). Then, this lower triangular matrix is multiplied with the input temporal
features. This operation can be formalized as:

Hout — Hconcat - tril (Wtril)

where tril(e ) denotes the operation of taking the lower triangular part of a matrix. Due to the structural
properties of a strictly lower triangular matrix, the feature for the \varvect-th time step in the output
sequence, H,,;, is a weighted sum of the features from time step 1 up to time step % in the input
sequence, H_,,.qt- This forward-looking cumulative effect, up to step ¢, ensures that the output at each
time point incorporates all its historical information, strictly adhering to the principle of causality. Unlike
traditional RNNs, which capture temporal dependencies recursively, our method accomplishes this using
parallel matrix operations, offering a novel perspective for efficient, non-recurrent sequence feature
extraction.

3.4 Domain-Knowledge-Guided Sparse Attention (DSA)

After modeling the time series for each individual stock, we need to model the relationships among the
stocks. As previously discussed, the complexity of the standard self-attention mechanism is the main
obstacle to its application in large-scale stock pools. To address this bottleneck, we propose the DSA
mechanism. The design of this method is based on a widely accepted prior in the financial domain: the
co-movement effect of stock prices is typically much stronger within the same industry than across
different industries (Moskowitz and Grinblatt 1999). Therefore, by constraining the scope of attention
computation to within industries, we can safely ignore the majority of weakly correlated or uncorrelated
stock pairs, thereby substantially improving computational efficiency while preserving model
performance.

After obtaining the temporal feature vectors, the DSA module is responsible for efficiently modeling the
mutual influences among these stocks. At its core is the Intra-Industry Attention layer. This layer utilizes
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a pre-generated industry adjacency matrix as a mask, calculating attention weights and aggregating
information only among stocks within the same industry. This approach drastically reduces
computational complexity while efficiently capturing key market correlations. After a series of
transformations including the attention calculation, a residual connection, and a Feed-Forward Network
(FFN), the module ultimately outputs the cross-sectional prediction component.

3.4.1 Sparse Attention Mask Generation

: Nx N
Before model training begins, we first generate a static binary adjacency matrix, A € {Oﬂl} . , for

the stock pool based on an external file that provides the industry classification for each stock. The value
of an element Aijin this matrix is determined as follows:

A { 1, stock i and stock j are in the same industry
ij =

0, otherwise

This adjacency matrix A serves as the basis for the attention mask and remains constant throughout
the training and inference processes.

3.4.2 Sparse Attention Calculation

During the self-attention calculation, we first follow the standard Transformer procedure, mapping the

input H € RN Dmodet Query (Q), Key (K), and Value (V) matrices through linear transformations.
Then, when calculating the attention score matrix, we introduce an attention bias matrix M, which is
generated from the adjacency matrix A:

KT
vy,

where dj, is the dimension of the key vectors. The value of the bias matrix M &€
as follows:

AttentionScore = + M

RN* N is determined

M. =

B { 0,if Aij =1 (stocks are in the same industry)
ij

—o0,if Aij = 0 (stocks are in dif ferent industry)

By adding such a bias matrix, the output of the softmaax function will cause the attention weights
between pairs of stocks in different industries to approach zero. The final attention output is:

Attention(Q, K, V) = Softmazx (AttentionScore) V

In this way, when aggregating information, each stock only attends to information from other stocks
within the same industry, thereby achieving attention sparsity.

3.4.3 Complexity Analysis
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The computational bottleneck of standard self-attention lies in the matrix multiplication of QKT, which
has both computational and memory complexities of O( N2). After applying our DSA, since the attention
computation is confined within individual industries, the total computational complexity is decomposed
into the sum of complexities within each industry. Assuming there are m industries in total, and the size
(number of stocks) of the m-th industry is k,,, the total complexity becomes:

0> k)

Given that the size of an industry is typically much smaller than the total number of stocks, 1V, this
complexity is far lower than O <N2>. For example, in a market with 2000 stocks distributed across 10

industries (averaging 200 stocks per industry), the theoretical computational load is only about 1/10th
of that of full attention. In the general case of a relatively balanced industry distribution, where the
average industry size k,,,<<N, the overall computational complexity approximates O(Nk(wg),
achieving a leap from quadratic to near-linear complexity.

3.5 Loss Function

In quantitative investment, we are not only concerned with the absolute accuracy of predicted returns
but, more importantly, with the correctness of their predicted rankings, as this directly determines the
quality of long-short portfolios. To address both aspects, we designed a composite loss function that
includes a regression component and a ranking component.

The first component is a regression loss, which utilizes the standard Mean Squared Error (MSE) to
penalize the absolute deviation between predicted ( y/ ,;) and true ( y;,) values. For a set V of all valid
stock-time pairs, the MSE loss is calculated as:

1

Lmse = T
| VI

2
Z e vl i — Yir)

The second component is a ranking loss, designed to directly optimize the model's ranking capability.
We employ the negative correlation coefficient between the predicted returns ( y/ ) and the true returns (
y) for this purpose. This metric is equivalent to the Information Coefficient (IC) in finance, a key measure
of predictive skill. The ranking loss is therefore defined as:

Lrank - —COT’I’(y/ >y)

Finally, the overall loss function L is a weighted sum of these two components, governed by a
hyperparameter « that balances the importance of regression accuracy and ranking capability. The final
loss is expressed as:

L = Lmse —a - Lrankz
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By minimizing L, we expect the model to optimize the IC while ensuring its predicted values remain
within a reasonable range.

4. Experiments

To comprehensively evaluate the effectiveness and efficiency of our proposed DART model, we
conducted a series of experiments on three large-scale, public, real-world stock market datasets. This
chapter will detail the datasets, evaluation metrics, baseline models, implementation details, and a
thorough analysis of the experimental results.

4.1 Datasets

For our experiments, we utilize data from three major U.S. stock indices: the NASDAQ, S&P 500, and
NYSE. These datasets provide a diverse representation of stocks across various industries and market
capitalizations, forming a robust benchmark for evaluating the model's generalization capabilities. For
each stock, the data comprises five core features from daily trading records: Open, High, Low, Close, and
Volume (OHLCV). All datasets cover the time span from 2020 to 2024.

To simulate a realistic forecasting scenario, we adopt a chronological rolling-window approach for
splitting the data. The entire time series is partitioned into a training set (60%), a validation set (20%),
and a test set (20%). This strict temporal separation ensures that no future information leaks into the
training or validation processes. A detailed summary of each dataset's statistics, including the precise
number of stocks and trading days, is presented in Table 1.

Table 1
Dataset Information

Dataset Number Trading Days Time Range Feature Train/Val/Test

NASDAQ 561 1148 2020-2024 5 60% / 20% / 20%
S&P 500 464 1148 2020-2024 5 60% / 20% / 20%
NYSE 1007 1148 2020-2024 5 60% / 20% / 20%

4.2 Evaluation Metrics

To comprehensively evaluate the model's performance, we employ a suite of metrics that assess its
predictive accuracy, ranking capability, and practical investment value.

First, we assess the accuracy of the predicted return values. The Mean Squared Error (MSE) measures
the absolute deviation between predicted returns ( y/ ;+) and true returns ( y;,), where a lower value
indicates a stronger regression fit.

1

MSE = ’7| Z it)e vyl — yit)2
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In parallel, the Information Coefficient (IC), defined as the Pearson correlation coefficient between
predicted (y/) and true ( y) values, measures the directional correctness of the predictions. The IC
ranges from - 1 to 1, with a higher absolute value indicating superior predictive power.

IC = corr(y!,y)

Furthermore, to specifically evaluate the model's ability to correctly order stocks, we use the Rank
Information Coefficient (RIC), which is the Spearman's rank correlation between the predicted and true
returns. This is crucial for portfolio construction, which relies on relative rankings.

Beyond statistical accuracy, we evaluate the model's practical utility. We calculate Precision@10
(Prec@10), which is the proportion of stocks with positive true returns among the 10 stocks with the
highest model-predicted returns, reflecting the model's "hit rate" in stock selection. Finally, we assess
risk-adjusted performance by simulating a simple long-only strategy on the top k predicted stocks. We
then compute the annualized Sharpe Ratio from the resulting daily return series. A higher Sharpe Ratio
indicates that the strategy yields greater excess return for each unit of risk undertaken.

4.3 Experimental Setup

4.3.1 Baselines

To validate the superiority of our proposed model, we benchmark its performance against six
representative baseline models, ranging from a simple linear method to recent advanced deep learning
architectures.

The first baseline is a Linear Model, utilizing simple linear regression to serve as a fundamental
performance benchmark. Next, we include the Long Short-Term Memory (LSTM) network, a classic
recurrent neural network widely used for time series forecasting. In our implementation, the LSTM
processes each stock's data independently, thus it cannot model inter-stock relationships. To
incorporate such relationships, we employ a Graph Convolutional Network (GCN), which leverages an
adjacency matrix based on industry classifications to model static inter-stock correlations. We also
compare against STHAN-SR (Spatio-Temporal Hierarchical Attention Network for Stock
Recommendation), an advanced baseline that simultaneously captures temporal dynamics and inter-
stock influences through a hierarchical spatio-temporal attention network. In addition, two recent strong
baselines are included under the same experimental setting: CausalStock, a causal-discovery-based
stock prediction framework, and MambaStock, a selective state-space model tailored for stock
forecasting (Li et al. 2024; Shi 2024).

4.3.2 Ablation Models

To verify the necessity and contribution of each innovative component in our model, we conducted a
series of ablation studies using three variant models.
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The DART w/o Sparse variant validates the effectiveness and efficiency of our sparsity strategy by
replacing the industry sparse attention mechanism with standard full attention. To assess the
importance of our multi-scale temporal modeling, the DART w/o Fusion variant removes the entire Multi-
scale Temporal Fusion (MSTF) module and substitutes it with a simple linear layer. A more granular test,
DART w/o Prog, isolates the impact of the progressive fusion architecture by removing only the
Progressive Temporal Fusion (PTF) network from within the MSTF module, allowing for a focused
evaluation of this specific structure.

4.3.3 Training Details and Hyperparameters

All models were implemented using the PyTorch framework and were trained and tested on a single
NVIDIA GeForce RTX 4060 GPU. To ensure a fair comparison, the evaluation for all models on the same
dataset followed identical procedures and data splits. For each model-dataset combination, we
conducted independent hyperparameter tuning on the validation set to find the optimal performance
configuration. The main hyperparameters and their search ranges are as follows:

e « Optimizer: Adam

e -« Learning Rate: Selected from {0.0001, 0.00005, 0.00002}
» -« Batch Size: Selected from {32, 64}

e « Epochs: 100

e -« alphain Loss Function: Selected from {0.5, 0.75, 0.8}

e + Random Seed: 42, to ensure the reproducibility of the experiments.

4.4 Comparative Experiments and Results Analysis

4.4.1 Overall Performance Comparison

Tables 2, 3, and 4 present the overall performance comparison between our model and all baseline
models, including the recent CausalStock and MambasStock baselines, on the three datasets.
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Table 2

Performance comparison on the NASDAQ dataset.

Model IC RIC Prec@10 Sharpe
LinearModel ~ 0.009 0.070 0.490 1.007
GCN 0.003 0.031 0.486 1.158
STHAN-SR 0.012 0.127 0.476 1.186
LSTM 0.011 0.116  0.503 1.827
CausalStock  0.010 0.066 0.488 1.379
MambaStock 0.019 0.191  0.530 0.617
DART 0.016 0.143 0.506 2.432
Table 3
Performance comparison on the S&P 500 dataset.
Model IC RIC Prec@10 Sharpe
LinearModel ~ 0.001 0.010 0.508 0.255
GCN 0.012 0.082 0.504 0.339
STHAN-SR 0.011  0.120 0.506 0.469
LSTM 0.010 0.110 0.521 0.711
CausalStock  0.032 0.206 0.512 1.142
MambaStock 0.027 0.189 0.513 1.866
DART 0.025 0.209 0.526 2.616
Table 4
Performance comparison on the NYSE dataset.
Model IC RIC Prec@10 Sharpe
LinearModel 0.002 0.018 0.500 0.002
GCN 0.002 0.033 0.516 0.002
STHAN-SR 0.004 0.030 0.577 0.004
LSTM 0.005 0.065 0.536 0.005
CausalStock  0.018 0.112  0.511 1.770
MambaStock 0.013  0.101  0.516 2.358
DART 0.006 0.069 0.587 0.006
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The results presented in these tables lead to several key observations. Across the three datasets, DART
delivers the strongest overall risk-adjusted performance, achieving the highest Sharpe Ratios on
NASDAQ (2.432) and S&P 500 (2.616) while maintaining competitive IC, RIC, and Prec@10 scores
against all baselines. This indicates that our design is particularly effective at converting predictive
signals into stable portfolio returns.

At the metric level, the newer baselines exhibit complementary strengths rather than uniform
dominance. On NASDAQ, MambaStock attains slightly higher IC and Prec@10, but its Sharpe Ratio
remains far below DART, whereas CausalStock is weaker overall. On S&P 500, CausalStock and
MambaStock are competitive in IC and RIC, yet DART still preserves the best overall balance and the
highest Sharpe Ratio. On NYSE, CausalStock and MambaStock achieve higher IC, RIC, and Sharpe Ratio
values, while DART records the best Prec@10, indicating stronger discrimination among the top-ranked
opportunities. Overall, these results suggest that the synergy of the MSTF module and DSA mechanism
enables DART to learn more robust market signals, especially when performance is evaluated from the
perspective of portfolio stability and top-stock selection.

4.4.2 Ablation Study

To investigate the contribution of each component of the model, we conducted an ablation study on the
NASDAQ dataset. The results are shown in Table 5.

Table 5
Ablation study results on the NASDAQ dataset.
Model IC RIC Prec@10 Sharpe
DART (Full Model) 0.016 0.143 0.506 2.432
DART w/o Sparse  0.001 0.010 0.475 1.371
DART w/o Fusion 0.009 0.079 0.494 1.122
DART w/o Prog 0.007 0.063 0.487 1.356

The performance of DART w/o Sparse drops sharply, which provides strong evidence that unconstrained,
full attention captures a large number of spurious correlations in a high-noise financial environment,
leading to model failure. Our domain-knowledge-guided mechanism essentially acts as a strong, domain-
knowledge-based regularizer.

The performance degradation of DART w/o Fusion demonstrates that capturing multi-scale temporal
patterns is crucial for understanding complex market dynamics.

The performance drop of DART w/o Prog validates the effectiveness of our cumulative effect modeling
mechanism.

4.4.3 Efficiency Analysis
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In real-world quantitative investment applications, the computational efficiency of a model is a key
determinant of its scalability and practicality. To fairly measure the true algorithmic efficiency gains of
our proposed sparse attention mechanism, we adopt Floating Point Operations (FLOPs), a recognized
academic standard, as the core metric to avoid interference from hardware and underlying library
optimizations that can affect timing results.

We focus on the matrix multiplication step within the attention module, which is the most
computationally expensive part, and conduct a theoretical computational load analysis for full attention
versus our sparse attention in a scenario with 1007 stocks (based on the NYSE dataset) and 56-
dimensional embedding vectors.

The results are shown in Table 6. Traditional full attention requires 0.23 GFLOPs to complete the core
computation for a single forward pass. In sharp contrast, our proposed DSA, by only calculating intra-
industry correlations, drastically reduces this overhead to just 0.04 GFLOPs. This order-of-magnitude
improvement in efficiency makes it possible to scale Transformer-based models from academic
experiments involving a few hundred stocks to real-world trading scenarios covering thousands of
stocks across the entire market, thus solving a critical scalability bottleneck in the field.

Table 6
Computational efficiency comparison (NYSE dataset).

Attention Type Core Computation (GFLOPs) Computation Reduction
Full Attention 0.23 -
DSA 0.04 84.27%

This substantial theoretical computation reduction of 84.27% stems directly from the fundamental
advantages of our algorithmic design. It successfully reduces the complexity of attention calculation

from a quadratic relationship with the total number of stocks, O <N2>, to a near-linear level that is only

dependent on the number of active intra-industry connections. This paves the way for scaling the model
to much larger applications covering the entire market, which is of profound practical significance.

5. Conclusion

5.1 Work Summary

This paper addressed the core challenge of stock return prediction in financial markets by proposing a
novel and efficient deep learning model, DART Traditional prediction models often fall short in both
capturing complex time-series patterns and efficiently handling correlations among large-scale stocks,

especially due to the O <N2> computational complexity issue of standard attention mechanisms,

which severely limits their application in real-world investment scenarios.
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To overcome these challenges, we designed a hierarchical model architecture. First, we proposed the
MSTF module, which captures market dynamics at different frequencies through parallel multi-scale
convolutional branches and innovatively uses the PTF network to progressively aggregate the fused
temporal features. Second, we designed the DSA mechanism, which leverages the financial domain prior
of industry classification to constrain attention computations to within more relevant industry sectors,
thereby significantly reducing computational complexity from a quadratic level while maintaining
predictive accuracy.

5.2 Experimental Achievements and Significance

In this work, we proposed and validated DART, a novel model for large-scale stock return prediction.
Comprehensive experiments on three real-world datasets—NASDAQ, NYSE, and S&P 500—show that
DART remains highly competitive against a broad range of baseline models, from simple linear methods
to recent advanced architectures. Its particularly strong Sharpe Ratio performance on NASDAQ and S&P
500, together with its leading Prec@10 result on NYSE, underscores its potential for building robust risk-
adjusted investment strategies.

The model's success is attributable to its innovative design; ablation studies confirmed that both the
Multi-scale Temporal Fusion (MSTF) and Dynamic Sparse Attention (DSA) modules make indispensable
contributions to its final performance. Beyond its accuracy, DART is highly efficient. A theoretical
analysis of Floating Point Operations (FLOPs) shows that the DSA mechanism reduces the core
computational load by over 84%, ensuring the model's scalability and feasibility for large-scale
applications.

In summary, this research contributes a solution for stock return prediction that is both highly accurate
and highly efficient, offering significant reference value for academic and industry practitioners in
guantitative finance.

5.3 Limitations and Future Outlook

Although the DART model has achieved promising results, several directions can be explored further.

One key direction is to enhance the modeling of dynamic inter-stock relationships. The current industry
sparse attention relies on static classifications, whereas real-world correlations often transcend these
boundaries and evolve over time. Future work could thus explore dynamic graph structures or leverage
natural language processing to extract more granular supply chain and competitive links from news and
financial reports. Another promising avenue lies in the fusion of multi-modal data. While this paper
focused on price and volume data, incorporating other modalities—such as macroeconomic indicators,
market sentiment factors, and analyst ratings—could provide a more comprehensive market
understanding and yield more robust predictions. Recent work on LLM-based sentiment prediction and
forecast-driven portfolio construction further supports this direction (Darwish et al. 2025; Chen 2025;
Slusarczyk and Slepaczuk 2025).
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Furthermore, enhancing the model's interpretability is a valuable research direction. Visualizing the
decision-making process, for instance by analyzing the weight distributions of the Dynamic Sparse
Attention (DSA) mechanism and the patterns captured by the Multi-scale Temporal Fusion (MSTF)
module, could transform the model from a 'black box' into a tool that provides fund managers with more
insightful and trustworthy decision support.
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Figure 1

The proposed model architecture.
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The Progressive Temporal Fusion (PTF) Network.
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