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Abstract—Stock return prediction requires extracting predic-
tive signals from high-dimensional and noisy financial time series.
Existing methods typically project heterogeneous factors into a
shared representation space, which can entangle semantically
distinct features and hinder dynamic cross-stock correlation mod-
eling. To address this issue, we propose the Dimension-Segment
Transformer (DSFormer), a framework that combines dimension-
wise temporal encoding with cross-stock correlation modeling.
DSFormer first applies dimension-segment embedding to learn
multi-scale intra-stock representations while preserving factor-
specific semantics. It then uses data-driven inter-stock attention
to capture market-wide co-movements from these disentangled
features. Experiments on the CSI300 and CSI500 benchmarks
show that DSFormer achieves the best IC and Rank IC among the
compared methods, showing the benefit of combining dimension-
wise temporal modeling with cross-stock dependency learning for
stock return prediction.

Index Terms—stock return prediction, dimension-wise model-
ing, multi-scale fusion, inter-stock attention, transformer

I. INTRODUCTION

Stock return prediction is important for investment decision-
making and risk management [1]. However, financial markets
are highly volatile and complex, and the observed signals
contain substantial short-term noise that obscures predictive
structure. This makes forecasting inherently challenging.

Recent methods such as MASTER [2] typically adopt
unified embedding strategies. These methods project diverse
financial factors into a shared representation space to model
cross-sectional interactions. While this helps capture market-
wide trends, it also mixes features with different semantics,
such as high-frequency trading volume and smoother moving-
average signals. As a result, noisy factors can overwhelm more
persistent patterns.

To address this limitation, dimension-wise approaches such
as Crossformer [3] model each feature dimension indepen-
dently and preserve the semantics of heterogeneous factors.
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However, these models are primarily designed for multivariate
time-series samples and usually process stock sequences in
isolation. As a result, they focus on intra-stock patterns while
overlooking systemic effects such as sector co-movements,
where multiple stocks move together. More importantly, when
cross-stock dependencies are estimated from mixed embed-
dings, noisy factors may distort the inferred relationships.
Existing solutions therefore tend to prioritize either feature
semantics (Crossformer) or market correlations (MASTER),
but rarely both.

To bridge this gap, we propose the Dimension-Segment
Transformer (DSFormer), a unified framework that integrates
dimension-wise temporal encoding with cross-stock correla-
tion modeling. DSFormer first uses dimension-segment em-
bedding to separate high-dimensional factors into independent
streams and extract multi-scale patterns. A data-driven cor-
relation module then captures market dynamics from these
representations. This design preserves feature semantics while
modeling cross-stock dependencies.

Our main contributions are as follows:

1) We propose DSFormer, a unified framework combining
dimension-segment embedding with data-driven cross-
stock correlation modeling to address the limitations
of both unified embedding and purely dimension-wise
approaches.

2) We design a two-stage attention encoder that separately
models temporal dependencies within each factor di-
mension, enabling multi-scale pattern extraction while
preserving factor-specific semantics.

3) Extensive experiments on the CSI300 and CSI500
benchmarks show that DSFormer achieves the best IC
and Rank IC among the compared methods.

II. RELATED WORK

A. Intra-Stock Feature Modeling

Deep learning for stock prediction has evolved from RNN
variants [4], [5] to Transformer architectures [6], including
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Fig. 1. Overview of the DSFormer framework.

recent advances such as Informer [7] for long-term depen-
dencies. However, dominant models like MASTER [2] and
DTML [8] typically adopt a unified embedding strategy. When
diverse factors are projected into a single vector, features
with distinct characteristics may become entangled, potentially
allowing high-frequency noise to overshadow more persistent
trend signals. Recent works such as MATCC [9] and CFC-
GMixer [10] have explored richer temporal and multi-scale
feature modeling, yet these methods still rely on unified
embeddings that mix heterogeneous features.

To address this limitation, dimension-wise strategies like
Crossformer [3] and alternative architectures such as structured
state spaces [11] segment data along feature dimensions to
preserve semantic integrity. While effective for individual
series, these methods typically process stock sequences in
isolation, neglecting the cross-sectional dependencies essential
for assessing systematic market risk.

B. Cross-Stock Correlation Modeling

Modeling stock interactions has shifted from static graphs
based on industry priors [12], [13] or shareholder links [14]
to dynamic correlation mining. Hierarchical methods such as
HATS [15] and HATR [16] capture multi-level relationships,
while hypergraph-based methods such as ESTIMATE [17]
model multi-order dynamics. More recently, MASTER [2] em-
ploys market-guided attention to aggregate real-time signals,
COGRASP [18] constructs dynamic co-occurrence graphs to
capture rapid market shifts, and ALSGCN [19] models long-
and short-term stock dependencies through graph convolution.
Frequency-domain variants such as CFGAN [20] further ex-
plore inter-series dependency modeling in the spectral domain.

Despite these algorithmic improvements, a fundamental
limitation persists in most time-domain dynamic models: they

typically compute correlations based on mixed representations.
Whether deriving correlations from hypergraphs [17] or atten-
tion mechanisms [2], they generally project diverse factors into
unified embeddings. The learned relationships may therefore
be influenced by noise from mixed feature representations,
particularly in volatile market conditions. In contrast, our
approach models dynamic correlations on top of separated
feature representations, ensuring that relationships are learned
from clean, semantic-aware signals.

III. METHODOLOGY

A. Problem Formulation

Assume a stock universe containing N stocks. For the i-th
stock, we are given its historical multivariate time series:

Xi = {xi)l, LI,‘Z‘727 N 7$i,T}a

where T is the lookback window length. Each observation
Tit € RP contains D feature values, instantiated in our
experiments as daily Alpha360 factors from Qlib.

All stocks’ historical sequences are jointly represented as:

X:{X17X21"'7XN}‘

The task is to learn a prediction function:
f: X =Y,

where Y = {y1,¥2,...,yn}, and y; denotes the return of the
i-th stock over a future prediction horizon.

The model must simultaneously capture: (1) temporal
and feature-wise dependencies within each stock; (2) cross-
sectional correlations among different stocks; and (3) comple-
mentary information across multiple temporal scales.



B. Overview

Figure | shows the overall architecture of DSFormer. The
model has four main components. Intra-stock representation
learning extracts multi-scale temporal patterns within each
stock via dimension-segment embedding and two-stage atten-
tion. Multi-scale fusion integrates information across tem-
poral scales through cross-attention. Inter-stock dependency
modeling captures dynamic correlations among stocks through
time-step-wise multi-head attention. Temporal aggregation
and prediction then maps the enhanced sequence to the
return prediction. Specifically, X; € RT*P is converted into
Hi(o) e RP*5S%d epcoded into {Zi(o)7 e ZZ-(M)}, fused into
H; € RT*4 enhanced to H; € RT*?, and finally mapped to
C. Intra-Stock Representation Learning

Dimension-Segment Embedding. For each stock sequence
X; € RT*P we partition the temporal axis into non-
overlapping segments of length Lg.,. If T' is not divisible by
Ly, we pad the earliest time steps with zeros. This yields

T
S = [ w
Lseg
segments:
X, ={Xi1,Xi2,..., Xis}, Xis € REseexD

To preserve semantic independence, we process each feature
dimension separately. For feature dimension d’, the values
within each segment are projected independently into a seg-
ment token:

e; s, = Linear (X; [:,d']) € R,

where the linear layer maps an Lg-dimensional segment into
a d-dimensional embedding. Stacking the S segment tokens
for feature d’ gives

(0) Sxd
H; p=leira,eiza,. .. e sa] € R

Stacking embeddings from all D dimensions yields the
initial representation:

0 0
1Y =HY,...

K3

H(%} c RPxSxd,

Two-Stage Attention Encoder (TSAE). To preserve
dimension-wise disentanglement, we adopt a two-stage atten-
tion encoder that separately models temporal dependencies
within each feature dimension and cross-dimension interac-
tions within each temporal segment. Stacking such layers
with temporal downsampling yields multi-scale intra-stock
representations.

Cross-Time Attention (CTA). CTA captures long-range de-
pendencies across temporal segments within the same feature
dimension, modeling the independent temporal evolution of
each factor. For each dimension d’ € {1,..., D}, the sequence
H i(,od)/ € R%%9 is processed independently:

it = LN (H() + MHSAHY))

time

Higte = LN (i, + FEN() )
Outputs from all D dimensions are concatenated to form
Htiime c RDXSXd'

Cross-Dimension Attention (CDA). CDA then models in-
teractions among different features within each temporal seg-
ment, capturing complementary relationships such as price-
volume coordination. For each segment s € {1,...,5}, let
Z, € RP*d denote the feature matrix at that segment, obtained
by slicing H( . along the temporal axis. MHSA is applied
along the dimension axis:

Z, =LN(Z, + MHSA(Z,)),
Zs =LN (Z + FFN(ZS)) .

Concatenating outputs across all segments gives the initial
multi-scale representation:

2" = Zjim: -

7

S
'7Zdim]
c RDxSxd

This serves as the input to the subsequent multi-scale encoder.

Multi-Scale Encoding with Downsampling. By stacking M
additional encoder layers with 2x temporal downsampling
after each layer, we obtain M + 1 scales in total. Each layer
1 e{1,..., M} applies CTA and CDA, then downsamples the
temporal dimension:

7" = Downsample(CDA(CTA(Z!'""))), S, = S_1/2.
Finally, the encoder outputs M + 1 scales:
{Z(O) Z(l) . Z(M)} Z(l) c RDXSle

5.

where Sp = S and S} = S/2l for [ > 1. Zi(o) corresponds to
the finest scale and Zi(M) captures long-term trends.

D. Multi-Scale Fusion

Market signals operate at multiple frequencies. We therefore
use an adaptive fusion module that extracts a global context
vector from all encoder outputs and aligns it with the original
features through cross-attention.

Multi-Scale Context Extraction. This module aligns multi-
scale intra-stock representations from the encoder. Each scale
representation Zi(l) € RP*9ixd is first reshaped as:

Fi(l) = Reshape(ZZ-(l)) € RSX(Dd)

Global average pooling then extracts scale-specific context

vectors:
) 1 4 U]
(1
c;, = E F:(s,:).
1 Sl 521 K ( )

All scale contexts are concatenated:
M
Y.

Cross-Attention Alignment and Fusion. The concatenated
multi-scale context C; is projected by a feed-forward network
to obtain a unified context representation C; € R'*%  where

C; = Concat (CEO), ..



dy, is the hidden dimension. The original features are projected
as
Koo
where W, € RP*dn_p e R and 1 € RT is an all-ones
vector. ~
Cross-attention is applied with C; as query and X a
keys and values. We first compute

= X;W, +1b] € RT*dn,

S

K; = X! iWke, Vi= X;roj

qi = C; qu proj Woe,

where W, Wie, Wy € R%*dn_ The aligned context is then

KT
= Softmax ((h L ) V; € RY¥dn,
Vdp,
The aligned context is broadcast along the temporal dimen-
sion and fused via residual connection:

i
align

Hfiusion =LN (Xi

ioj + Repeat(Hpy,,, T)) € RT*,

aj

Finally, a linear projection restores dimensionality:
H; = HfiusionWT + 1b: € RTXd7
where W, € R4 *4 and b, € R

E. Inter-Stock Dependency Modeling (ISD)

After multi-scale fusion, each stock ¢ has a fused temporal
representation H; € RT*? We denote each time step’s
hidden state as h;; € R4, forming the sequence H; =
{hi,la hi72, ceey hi,T}~

Stock price movements are not independent but are linked
through time-varying relationships. To explicitly model these
cross-sectional dynamics, we introduce the ISD module. Un-
like static sector-based graphs, which miss transient depen-
dencies, ISD re-estimates relationships at every time step in a
data-driven manner.

At each time step t, we stack the representations of all NV
stocks in the current batch:

H; = Stack(hy ¢, hay, ..., hyy) € RVXE

In practice, samples are grouped by trading date, so ISD is
computed over stocks from the same day.

A multi-head attention mechanism is then applied along
the stock dimension to learn interactions. Queries, keys, and
values are first obtained by linear projections of the stock
representations:

Qt = Hth, K; = Hth, Vi = HiW,,.
Here, W,, Wi, W, € R%*4 are learnable projection matrices.
For each head m € {1,...,N,}, we define the attention
matrix

m K
AY) = Softmax QemBim € RVXN

d/Np
where Q) ,, and K., denote the head-specific projections.
The matrix Aﬁfl) represents directed influence among stocks.
A high weight from stock j to ¢ implies that j’s current state

provides useful context for predicting ¢. For sparsification, we
aggregate attention weights across heads by averaging:

Np,
1
A0 =3 A e RV,

m=1

To suppress spurious correlations in a noisy market, we ap-
ply ratio-based Top-K,, sparsification to the attention matrix,
retaining only the top K,, = [pN] weights for each stock:

(t)
ﬂo:{&w
,] 07

where p € (0,1] is the sparsification ratio and K,, = [pN] is
the number of retained neighbors for each stock. This keeps
the model focused on the strongest inter-stock connections and
reduces the effect of noisy correlations.

The aggregated inter-stock message is then computed as:

if j € Top-K,(A"),

i,

otherwise,

M, = AWV, e RV*4,

Finally, a residual connection and layer normalization fuse
this market context with the original stock representation:

H; = LN (H; + Dropout(M;)) .

This process is repeated for all time steps ¢t = 1...7,
yielding the inter-stock enhanced representations:

7;;‘7;,T};

FE. Temporal Aggregation and Prediction

ﬁi = {ili)l,ili727... ili,t c Rd.

After inter-stock dependency modeling, each stock is rep-
resented by a market-aware temporal sequence:

7ﬁi,T};

This sequence is then passed to the prediction head.

Since Bi,t lies in a latent feature space different from the
original input, a feature adapter is employed to project it back
to the original feature dimension:

H; = {hi1,hia,... hi: € RY,

Zir = Pp(hiy),

where ¢(-) is a learnable feed-forward projection.
The adapted contextual signal is then injected into the
original time-series input via a residual connection:

ii,t € RDa

Ty = x4 + Dropout(Z;¢),

yielding a market-aware temporal sequence

Xi={Zip,..., TiT}

To aggregate temporal information, we employ an RNN

followed by temporal attention:

0it = RNN(Z; 4, 041-1), sit = MLP(0; ),

= exp(si,t) 7

S YT exp(siy)



where the softmax normalization is taken over all time steps
of stock i. The final representation combines the last hidden
state and attention-weighted sum:

T
z; = Concat oi,T,E ;10 | -

t=1

An MLP regressor produces the predicted return g; =
MLPS\zr:i). The model is trained via MSE loss: £ =

% > ie1 (i — yi)?.
G. Complexity Analysis

The computational complexity of DSFormer is
O(M(DS*d+ SD*d) + TN*d + TNK,d) ,

where M, D, S, N, T, K,,, and d denote the number of encoder
layers, features, segments, stocks, time steps, retained neigh-
bors, and hidden dimension, respectively, with K,, = [pN].
Temporal segmentation reduces the intra-stock attention cost
from O(T?) to O(5?%), where S = [T/Lgy] < T. In the
ISD module, the TN2d term comes from computing pairwise
attention scores over stocks at each time step, while the
TNK,d term corresponds to sparse aggregation after Top-
K,, pruning. Therefore, ratio-based sparsification reduces the
aggregation cost from dense O(T'N?2d) to sparse O(T' N K,,d),
but does not change the quadratic cost of score computation.
For stock universes of the size used here and daily-frequency
inference, the overall cost remains manageable.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. We evaluate DSFormer on two benchmark
datasets, CSI300 and CSI500, covering 2009-2024 with daily
Alpha360 factors from Qlib. Following standard practice, we
adopt a chronological split: training (2009-2019), validation
(2020-2021), and test (2022-2024). The lookback window is
60 days, and the prediction target is the next-day return.

Baselines. We compare DSFormer with baselines from three
categories. Traditional sequential models include MLP (3-
layer multilayer perceptron), LSTM [4], GRU [21], and AL-
STM [4] (Attention-based LSTM, a simplified implementation
of DA-RNN [4] that applies temporal attention over recurrent
hidden states). Graph-based methods include GAT [22], which
models stock relationships through predefined sector-based
graphs. Attention-based methods include Transformer [6],
Crossformer [3] (with dimension-segment embedding for mul-
tivariate time-series forecasting), and MASTER [2] (a recent
inter-stock attention model with market-guided gating).

Evaluation Metrics. Primary metrics are Information Co-
efficient (IC) and Rank Information Coefficient (Rank IC),
which are standard in quantitative finance literature [2], [23].
IC measures the Pearson correlation between predicted returns
and realized returns, reflecting prediction accuracy. Rank IC
measures the Spearman rank correlation, reflecting ranking
consistency critical for portfolio construction. Both metrics

are computed daily and averaged over the test period. Higher
values indicate better prediction performance.

Implementation Details. All models are implemented in
PyTorch within the Qlib framework [23]. We use the Alpha360
benchmark factors with standard preprocessing: training-set
robust z-score normalization and zero filling for missing
values, without additional per-stock or rolling normalization.
For DSFormer, we set segment length Ly, = 8, model
dimension d = 64, 2 encoder layers, 2 TSAE heads, 8 ISD
heads, and sparsification ratio p = 0.1. Because the lookback
window is 60, we pad each sequence to length 64 before
segmentation, resulting in S = 8 segments. For baselines, we
tune layers {1,2,3}, hidden dimensions {64, 128,256}, and
learning rates {1073,107%,1075,1075}, selecting the best
configuration based on validation IC. All methods are trained
for at most 150 epochs with early stopping on NVIDIA Tesla
V100 GPUs. Each experiment is repeated 10 times; we report
mean =+ std.

B. Main Results

Table I shows that DSFormer achieves the best IC and Rank
IC among the compared methods on both CSI300 and CSIS00.

Compared with MASTER, DSFormer improves on both
datasets (e.g., +7.3% IC on CSI300 and +2.9% on CSI500).
This matches our design: dimension-wise modeling preserves
feature semantics and reduces noise from unified embeddings.
In DSFormer, CTA models temporal evolution within each
factor, while CDA captures interactions across factors.

Compared with Crossformer, DSFormer shows clear im-
provements. This suggests that dimension-wise modeling
alone is not enough without explicit inter-stock dependency
modeling. In financial markets influenced by systematic factors
such as sector rotation and liquidity contagion [24], treating
stocks independently can discard useful cross-sectional in-
formation. DSFormer addresses this limitation by combining
dimension-wise modeling with data-driven inter-stock atten-
tion. It captures both factor-specific semantics and market-
wide co-movements. DSFormer also outperforms the graph-
based baseline GAT (CSI300 IC: 0.0710 vs. 0.0633), whose
predefined sector graph may be less suitable for rapidly
changing correlations.

To further assess the contribution of each component, we
conduct a two-level ablation study. At the main-component
level, removing ISD degrades CSI300 IC from 0.0710 to
0.0640 (-9.9%), indicating that cross-sectional correlation
modeling adds useful predictive information. Removing TSAE
reduces CSI300 IC to 0.0665 (-6.3%) and CSI500 IC to
0.0744 (-1.7%), showing the value of dimension-wise dis-
entanglement. The two modules play different roles: TSAE
preserves factor-specific semantics, while ISD injects market-
wide context. The full DSFormer model outperforms both
single-removal variants and the external ALSTM baseline
(0.0710 vs. 0.0615 on CSI300). At the sub-component level,
removing Cross-Dimension Attention (CDA) causes a larger
performance drop (CSI300 IC: 0.0666, -6.2%) than removing
Cross-Time Attention (CTA) (CSI300 IC: 0.0691, -2.7%). This



TABLE I

PERFORMANCE COMPARISON ON CSI300 AND CSI500 (BEST RESULTS IN BOLD).

CSI500

Rank IC

IC

Rank IC

0.0482 + 0.0014
0.0582 + 0.0011
0.0578 + 0.0017
0.0580 + 0.0022
0.0554 + 0.0019
0.0592 + 0.0015
0.0443 £ 0.0010
0.0633 £ 0.0032

0.0637 &+ 0.0014
0.0724 4 0.0012
0.0741 + 0.0008
0.0739 + 0.0011
0.0694 + 0.0010
0.0734 £+ 0.0027
0.0642 + 0.0008
0.0736 + 0.0021

0.0564 £ 0.0016
0.0654 £ 0.0015
0.0672 +£ 0.0008
0.0669 =+ 0.0010
0.0626 - 0.0009
0.0662 £ 0.0026
0.0570 £ 0.0007
0.0682 +£ 0.0017

0.0599 + 0.0017
0.0624 £ 0.0020
0.0654 + 0.0012
0.0626 + 0.0011

0.0727 + 0.0024
0.0744 4 0.0029
0.0734 £+ 0.0015
0.0744 4 0.0020

0.0659 + 0.0027
0.0678 £ 0.0032
0.0665 &£ 0.0011
0.0679 £ 0.0022

CSI300
Model
1C

MLP 0.0513 =+ 0.0016
LSTM 0.0611 £ 0.0014
GRU 0.0615 £ 0.0019
ALSTM 0.0615 =+ 0.0021
Transformer 0.0577 £ 0.0018
GAT 0.0633 £ 0.0014
Crossformer 0.0474 4 0.0009
MASTER 0.0662 =+ 0.0030
-wo ISD 0.0640 =+ 0.0016
-wo TSAE 0.0665 =+ 0.0017
-wo CTA 0.0691 =+ 0.0014
-wo CDA 0.0666 =+ 0.0012
DSFormer 0.0710 + 0.0022

0.0672 £ 0.0022

0.0757 £ 0.0018

0.0690 £ 0.0018

0.080

0075

0070

0.065

0.060

0.055

0.050

0.080

0075

0.070

0.065

0.060

0.055

0.050

(a)

(b)

Rank IC

0.080

0075

0.070
B
20065
s

0060

0055

0.001

0.050
0.001 0.05

3
(d)

2024-01

0.080

0070
2 0065
H

0.060

0055

2024-05

2024-07
Date

2024-09

2024-11

4 8
Number of Attention Heads

0.050

4 8
Number of Attention Heads

Fig. 2. Hyperparameter sensitivity analysis of DSFormer’s ISD module. The
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model achieves optimal performance at sparsification ratio p = 0.1 and 8
attention heads; both smaller and larger values degrade performance.

suggests that cross-dimension interactions matter more than
temporal attention in this setting.
C. Hyperparameter Analysis

We analyze DSFormer’s sensitivity to two key hyperparam-
eters in the ISD module. Results are shown in Figure 2.

(b)

Fig. 3. Cumulative returns of DSFormer and baselines on CSI300 and CSIS00
in 2024. Portfolios are constructed by selecting the top-15 stocks based on
predicted returns. The dashed line denotes the market index benchmark.

Sparsification Ratio. As the sparsification ratio p increases
from 0.001 to 0.1, both IC and Rank IC improve on both



datasets, suggesting that including more correlated stocks
helps prediction. However, further increasing p to 0.15 leads
to saturation, indicating that weak correlations introduce noise.
Top-K,, filtering retains the most relevant inter-stock de-
pendencies while keeping the downstream aggregation cost
manageable in practice. Based on this analysis, we set p = 0.1.

Number of Attention Heads. Increasing the number of
attention heads from 2 to 8 improves performance on both
datasets. Multi-head attention captures different inter-stock
interaction patterns through parallel attention distributions.
Beyond 8 heads, the gains plateau, likely because additional
heads add redundancy. Overall, DSFormer remains stable
across a reasonable hyperparameter range.

D. Investment Simulation

We conduct backtesting experiments to evaluate the model
in a simple trading setting.

Setup. We adopt daily rebalancing. At each trading day,
stocks in the CSI300/CSIS00 universe are ranked by predicted
scores, and an equally-weighted long-only portfolio is con-
structed using the top-Kpor stocks, with Kpo = 15. All trades
are assumed to be executed at the next-day opening price
to avoid look-ahead bias. For simplicity, this backtest does
not explicitly model transaction costs, slippage, or turnover
constraints.

Results. Figure 3 presents cumulative returns in 2024. Un-
der this simplified, transaction-cost-free protocol, DSFormer
achieves the highest cumulative returns on both datasets,
outperforming all baselines and the market benchmark. The
gap is larger on CSI500, which is consistent with the higher
volatility of mid-cap stocks. During market drawdowns, DS-
Former shows smaller losses and a steadier return curve. These
results suggest that stronger IC and Rank IC can translate to
better portfolio-level performance under this setting.

V. CONCLUSION

We propose DSFormer, a unified framework that combines
dimension-wise modeling with inter-stock dependency learn-
ing for stock return prediction. Experiments on CSI300 and
CSI500 show that it achieves the best IC and Rank IC among
the compared methods. The results support jointly modeling
feature-level semantics and cross-stock correlations. Future
work will explore alternative data sources, more adaptive
cross-stock structures, and broader financial prediction tasks.
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