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Abstract

Cross-subject EEG decoding remains a fundamental chal-
lenge due to substantial inter-subject variability in brain ac-
tivity, which hinders the development of subject-independent
EEG models. Despite progress in extracting cross-subject
invariant features, existing studies neglect the shared neu-
ral responses that arise under similar cognitive or emotional
states across individuals, limiting their ability to learn gen-
eralized and consistent EEG representations. To address the
challenges, we propose State Mamba, a novel spatiotem-
poral EEG state-space model that explicitly models neural
responses and their spatiotemporal state transitions to learn
consistent and generalized representations across subjects.
Innovatively, State Mamba theoretically formulates a multi-
channel Mamba architecture that jointly models and aligns
spatial and temporal brain state transitions, supporting prin-
cipled analysis of neural responses. To enhance spatiotempo-
ral feature fusion, we introduce the LGANN module, which
adopts global-local attention to integrate long- and short-term
brain activity into a compact EEG representation. Further-
more, we design two self-supervised pretext tasks to extract
consistent neural patterns across subjects: (1) representation
alignment to align EEG representation, and (2) pattern align-
ment to align their transition rules under identical conditions,
jointly promoting subject-invariant EEG representations. Ex-
tensive experiments on three benchmark datasets, FACED,
DEAP, and ISRUC, demonstrate the superior performance of
State Mamba in cross-subject emotion and sleep recognition
tasks, validating its robust generalization capability.

Introduction

Electroencephalogram (EEG) signals reflect dynamic neu-
ral activity across multiple brain regions and are intricately
associated with a range of brain functions, including emo-
tion (Li et al. 2022), cognition (Dahal et al. 2011), and sleep
(Motamedi-Fakhr et al. 2014). Their high temporal resolu-
tion and rich spatial information make EEG widely used for
decoding complex mental states (Song et al. 2020; Saha and
Fels 2019; Haynes and Rees 2006). Early research focused
on identifying task-relevant neural signatures by analyzing
salient EEG waveforms evoked by specific stimuli (Kulka-
rni and Bairagi 2017). For instance, event-related potentials
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Figure 1: EEG signals exhibit substantial inter-subject vari-
ability and distributional discrepancies.

(ERPs) like the P300 (Polich 1997) and LPP (De Cesarei and
Codispoti 2011) components exhibit increased amplitudes
after emotional stimuli and serve as reliable markers of af-
fective processing (Ding et al. 2017). With advances in artifi-
cial intelligence and deep learning, EEG analysis has shifted
from handcrafted features to automated, data-driven model-
ing (Weng et al. 2024). Existing approaches leverage a wide
range of computational methods—from classical machine
learning algorithms to advanced deep learning models—to
improve performance in tasks such as emotion recognition,
cognitive assessment, and sleep stage classification.

Cross-subject EEG decoding remains challenging due to
substantial inter-subject variability in neural responses and
data distributions. Variations in cognitive processing and
neural expression across subjects significantly degrade EEG
model performance when applied to new individuals (Hang
etal. 2019). To address this, transfer learning (Li et al. 2019)
and self-supervised learning (Li et al. 2024) have emerged as
effective strategies for enhancing cross-subject generaliza-
tion in various EEG tasks (Jiménez-Guarneros and Gémez-
Gil 2020; Zhou et al. 2024). Transfer learning methods mit-
igate inter-subject distribution shifts by incorporating cross-
subject distribution alignment losses (Zhao, Yan, and Lu
2021), while self-supervised methods employ contrastive or
predictive pretext tasks to align EEG representations across
subjects, which are then adapted to downstream tasks (Shen



et al. 2022). Together, these methods advance cross-subject
EEG decoding by addressing inter-subject variability, en-
abling more robust and generalizable models.

Despite significant progress in improving generalization,
existing cross-subject EEG decoding methods predomi-
nantly rely on data-driven paradigms that extract invariant
features only at the data level, neglecting the more funda-
mental neural invariance at the semantic level. Neuroscience
studies reveal that different individuals exhibit similar neural
activation patterns in core brain regions under identical stim-
uli (Engel and Wang 2011; Radua et al. 2014), suggesting
the existence of shared neural response mechanisms. While
deep models have advanced EEG representation learning
by capturing spatiotemporal signal features (Li et al. 2023),
they overlook those common neural responses across sub-
jects. Current transfer and self-supervised methods focus
mainly on aligning feature distributions, without explicitly
modeling this cross-subject consistency in neural responses.
As a result, they may discard meaningful and critical neu-
ral patterns, thereby limiting their ability to extract invariant
neural features critical for explaining brain processes and
enabling robust cross-subject generalization.

To solve the above challenges, we propose State Mamba,
a spatiotemporal EEG State-Space Model for cross-subject
EEG representation. Inspired by the State-Space Model
(SSM) from control theory and the Mamba architecture (Gu
and Dao 2023), State Mamba introduces a unified theo-
retical framework for modeling spatiotemporal state transi-
tion patterns occurring among multi-channel EEG signals.
This novel framework incorporates both spatial and tem-
poral state transition matrices to jointly capture temporal
dynamics and inter-channel interactions of brain states, en-
abling the precise characterization of spatiotemporal neural
response features. Besides, we design a local and global at-
tention module (LGANN) to couple high-dimensional EEG
features. LGANN integrates both short- and long-range de-
pendencies across channels, yielding a compact represen-
tation that effectively preserves and enhances task-relevant
brain activity patterns. To address cross-subject variabil-
ity in neural responses, we propose two self-supervised
pretext tasks: representation alignment, which enforces
feature-level consistency, and pattern alignment, which
synchronizes spatiotemporal transition matrices under iden-
tical brain states. Joint optimization of these pretext tasks
explicitly enables State Mamba to learn consistent neural
response patterns across subjects. Specifically, the contribu-
tions of this paper are summarized as follows:

(1) We propose State Mamba, a spatiotemporal EEG
state-space model for cross-subject representation. By the-
oretically formulating temporal and spatial state transition
matrices and developing a multi-channel Mamba architec-
ture, State Mamba captures the dynamic evolution of brain
states and extracts discriminative features from EEG signals.

(2) We introduce LGANN, a Local and Global Atten-
tion Neural Network that hierarchically integrates multi-
channel EEG features by modeling both short-range local
dependencies and long-range global interactions. This dual-
attention mechanism enables compact and informative low-
dimensional signal representation learning.
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(3) We design two self-supervised pretext tasks: repre-
sentation alignment and pattern alignment, to pretrain State
Mamba. These tasks align EEG features and synchronize
spatiotemporal transition patterns across subjects, enabling
the model to learn subject-invariant and discriminative brain
activity representations through unlabeled pre-training.

(4) We conduct comprehensive experiments on three
benchmark datasets, demonstrating that State Mamba
achieves state-of-the-art performance in cross-subject emo-
tion and sleep stage recognition tasks, highlighting its strong
generalization across diverse EEG decoding tasks.

Methodology
Preliminary

State-Space Models (SSMs) have undergone significant ad-
vancements in recent years. SSMs provide a mathematical
framework for modeling the temporal evolution of dynamic
systems (Aoki 2013), utilizing the discretized state transition
matrix to control the dynamic transition of hidden states.
The state space equation is formulated as follows:

h(t +1) = Ah(t) + Bx(t),y(t) = Ch(t), (1)

where h(t) and h(t+ 1) denote the hidden states at time step
t and t+ 1, respectively. A is the state transition matrix gov-
erning the evolution of hidden states, while B projects the
input z(t) into the hidden state space. C' maps the hidden
states to the output representation. A and B are both dis-
cretized by the time step A according to the zero-order hold
principle (Lv et al. 2025), which can be shown as follows:

A =exp(AA),B = (AA) ' (exp(AA) - T)AB, (2)

where A € RPXN s the trainable parameter, B €
RIBIXPXN and C' € RIBIXPXN are input-dependent matri-
ces that implement the input selection mechanism within the
Mamba module. | B| denotes the batch size, P represents the
number of patches, and N is the dimensionality of the hid-
den states. Mamba leverages a state space recurrence mech-
anism with linear-time complexity and strong long-range
modeling capacity, making it a scalable and efficient alter-
native to Transformers for time-series modeling tasks.

Multi-Channel EEG Patches

Similar to language models, temporal EEG signals are seg-
mented and embedded into patches, which are shown in Fig-
ure 2. Given an EEG sample s € R*! with ¢ channels
time points, the signal is divided into p non-overlapping seg-
ments, forming a structured EEG sequence s € R¢*P*!/p,
Each segment is linearly projected into a shared feature
space, followed by Z-score normalization to enforce a distri-
bution with zero mean and unit variance across the features.

In language models, positional encoding typically cap-
tures the sequential order of tokens (Ke, He, and Liu 2021).
In contrast, multi-channel EEG signals require modeling
both temporal order and spatial electrode locations. To this
end, we incorporate temporal and spatial position encod-
ing for EEG patches. Temporal order is encoded using Si-
nusoidal Position Encoding (Liu et al. 2020), while spatial
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Figure 2: The process of embedding multichannel EEG
signals into patches. Each EEG channel is embedded into
patches through the multi-layer IDCNN module, incorpo-
rating both temporal and 3D spatial positional encoding.

Channel EEG Signal

electrode location is captured by mapping the spatial distri-
bution of EEG electrodes on the cerebral cortex to 3D co-
ordinates based on the 10-20 or BioSemi64 system. These
coordinates are concatenated with the corresponding EEG
patches to provide spatial context.

Finally, 1D CNNs embed the continuous EEG into multi-
channel patches z € R*PX9, where each patch encodes
spatial-temporal structure and d is the feature dimension.

State Mamba: Spatiotemporal Brain Mamba

Innovatively, we propose State Mamba, a spatiotemporal
brain state-space model that theoretically characterizes the
spatiotemporal transition processes of EEG states, aiming
to capture temporal and channel-wise neural response fea-
tures evoked by specific brain stimuli. Based on the deriva-
tive definition f'(x) = lima_,q W = Af'(x) =
f(t+ A) — f(t), the continuous state transition for the i-th
EEG channel can be approximated in discrete form as:
hi(t+A) = A - hi(t) + h(t), 3)
where h;(t) denotes the hidden state of the i-th EEG chan-
nel at time ¢. In the Mamba architecture (Gu and Dao 2023),
the state derivative h’'(t) is defined by a single-channel state
transition differential equation: h'(t) = Ah(t) + Bx(t).
However, the spatial correlations among the states and in-
puts of other brain channels influence the state change of a
given channel. Accordingly, we redefine the multi-channel
state transition differential equation as follows:
j=c j=c
hi(t) = Ahi(t)+ B (t)+ Y _ASh;(t)+> _ojz;(t), (4)
J# J#i
where A€ is the spatial state transition matrix controlling the
state interactions among the remaining EEG channels, and o
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is a weighting coefficient reflecting input correlations across
EEG channels. Accordingly, Equation 3 can be expanded as:

h; (t + A) :(AA—FI)hZ (t)+ABux; (t)
Current channel state transition

c . c 5
AN Ak () +A Y aja;(t), O
J#i J#i

Spatial influence from other channels

where A, B, and C are input-dependent parameters that im-
plement selection conditioned on the EEG sequence, while
A and A€ govern temporal and spatial neural state transi-
tions, and Delta implements the discretization of A and B.

To optimize the computational efficiency of state-space
modeling for multi-channel EEG, we propose two simplifi-
cation strategies that further streamline the spatiotemporal
state transition equations in State Mamba.

Strategy 1: Simplification of inter-channel input de-
pendencies. Given the strong temporal dependencies in
EEG signals—where the current signal is highly correlated
with the previous one—we simplify the state transition mod-
eling by retaining only the influence of previous multi-
channel states. The contribution of current inter-channel in-
put correlations is omitted, as their effect is largely redun-
dant and implicitly captured by the temporal dynamics. The
resulting formulation is as follows:

hi(t + A) 2 (A A + D)hi(t) + ABay(t)

Current channel state transfer

Jj=c
+ A DY AShi()

J=1,j7#i

(6)

Spatial influence from other channels

Strategy 2: Shared spatial transition mapping. To fur-
ther reduce the complexity of spatial modeling across EEG
channels, we replace the set of channel-specific matrices A§
with a shared spatial transition matrix A€. This approxima-
tion assumes that the influence of other channels can be ag-
gregated using a unified transformation, thereby simplify-
ing the spatial interaction structure while retaining the core
cross-channel dynamics, which can be shown as:

ha(t+ A) "™ (A A + Ihi(t) + ABa;(t)

Current channel state transfer
j=cn
c
AAC ST it

j=1#i

)
+

Spatial influence from other channels

The proposed simplifications reduce the computational
complexity of multi-channel State Mamba scanning from
O(n?) to O(nlogn), while maintaining parallel computa-
tion efficiency. Leveraging the revised state update mecha-
nism, each State Mamba block models the brain state of indi-
vidual patches across EEG channels. With residual connec-
tions and RMSNorm, the architecture supports deep stack-
ing, enabling hierarchical modeling of complex spatiotem-
poral brain activity and neural response features.
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Figure 3: Detailed structure of State Mamba. State Mamba introduces a multi-channel state transition mechanism across EEG
patches to extract spatiotemporal neural activity features. The LGANN module further integrates spatiotemporal state informa-
tion into compact representations through the multi-scale attention. Composite pretext tasks are designed to align cross-subject
neural response patterns under the identical brain states, guiding self-supervised learning of generalizable EEG representations.

LGANN Module. We propose a local and global atten-
tion module to project high-dimensional EEG features into
compact representations. Global Attention aggregates in-
formation across all patches and time steps to generate a
global descriptor for each channel, followed by linear atten-
tion to compute weights reflecting holistic patterns of brain
activity. Local Attention performs temporal pooling to re-
tain patch-level granularity and applies linear attention to
model fine-grained temporal dependencies within short win-
dows. By integrating both attention mechanisms, LGANN
produces a unified attention weight that balances global con-
sistency and local specificity, which can be computed as:

P l
E E bcl,]

Global attention path

be,c,m i=1 )

Local attention path

‘ —

a® = (W . ReLUW

@
+ oW ReLUWW - (

where X . € RP *L denotes the channel-specific brain ac-
tivity features output by the State Mamba Block, and o
is the sigmoid activation function. The combined attention
weights a(®) are applied to X to recalibrate the input fea-
tures via element-wise multiplication X, = a(® - X. Sub-
sequently, a 1D-CNN layer is employed to reduce the di-
mensionality from RZ*¢*(P) to a compact representation
of size RE*Lr By coupling inter-channel correlations and
temporal dependencies, LGANN effectively guides the di-
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mensionality reduction process, preserving critical brain dy-
namics while mitigating information loss.

Composite Pretext Tasks

We introduce two novel pretext tasks-representation align-
ment and pattern alignment-to jointly pre-train the model
by aligning EEG features and synchronizing neural response
patterns across subjects under the same brain state. The com-
posite pretext task design is shown in Figure 3(c).
Representation Alignment. To extract cross-subject con-
sistent neural features, the representation alignment module
aligns representations from different subjects under the same
brain state. We assume that subjects exposed to the same
stimulus tend to exhibit similar brain states—for instance,
EEG signals recorded at the same time point during an emo-
tional movie or after equivalent sleep durations often show
comparable patterns. We adopt a CLIP-inspired sampling
strategy (Radford et al. 2021), where one-to-one positive
pairs are constructed across subjects under matched condi-
tions. In each training iteration, neural representations from
different subjects are sampled under the same stimulus, and
the model is trained to maximize similarity between positive
pairs while minimizing similarity to mismatched ones. This
encourages the learning of a shared latent space capturing
semantically aligned, subject-invariant representations.
Pattern Alignment. We propose a pattern alignment pre-
text task to synchronize spatiotemporal brain state transition
patterns across subjects. In State Mamba, neural response
patterns are encoded through temporal and spatial state tran-
sition matrices, which capture the evolution of neural activ-
ity over time and across channels. Leveraging a CLIP-style



contrastive learning framework, this task aligns these transi-
tion patterns among subjects under similar brain states, en-
abling the extraction of shared neural regulatory patterns that
reflect consistent cross-subject brain response mechanisms.

Experiments

We conduct comprehensive experiments on three bench-
mark multi-channel EEG datasets across diverse tasks to
evaluate the cross-subject representation performance of
State Mamba. The evaluation is designed to address the fol-
lowing critical research questions:

* RQ1: Does the proposed method outperform existing
models in cross-subject EEG representation and gener-
alize well across tasks? (Comparison Experiments)

RQ2: How does model performance respond to varia-
tions in hyperparameters and architecture across different
tasks? (Sensitive Analysis)

RQ3: Are the model architecture and pretext tasks well-
designed, and how do they contribute to overall perfor-
mance? (Ablation Study)

RQ4: Can the model capture subject-invariant spatiotem-
poral patterns, facilitating the discovery of neural mech-
anisms underlying brain states? (Pattern Visualization)

Experiment Setup

Dataset We conduct experiments on three benchmark
datasets covering diverse downstream tasks. The specific de-
tails are as follows:

FACED (Chen et al. 2023) is a video-evoked emotion
EEG dataset comprising recordings from 123 subjects, each
exposed to 28 emotion-inducing clips labeled across nine
emotional states (e.g., anger, joy, neutral). For each video,
30-second EEG data were collected using a 32-channel ac-
quisition system at a sampling rate of 250 Hz.

DEAP (Koelstra et al. 2011) includes EEG data from 32
subjects watching 40 emotional video clips. Emotions were
rated on valence and arousal dimensions and binarized for
classification (high vs. low) (Tao et al. 2020). EEG was
recorded with 30 channels at 512 Hz and downsampled to
128 Hz, yielding 60-second segments per clip.

ISRUC-S1 (Khalighi et al. 2016) is a sleep-stage dataset
comprising EEG from 100 subjects with sleep disorders.
EEG was recorded via 8 channels at 200 Hz. Each 30-second
epoch was annotated into one of five sleep stages: Wake, N1,
N2, N3, and REM.

Evaluation Protocols We evaluate model performance
under two settings: (1) 10-fold cross-validation, where all
subjects are randomly divided into ten folds, with iter-
ative training on nine and testing on the remaining one
to assess sample-level generalization; and (2) Leave-One-
Subject-Out, where one subject is held out for testing while
the model is trained on the rest, providing a rigorous mea-
sure of subject-level generalization. Notably, all evaluations
follow a domain generalization setup: subjects in down-
stream evaluation are entirely unseen during both pretrain-
ing and fine-tuning. This setting offers a stringent measure
of the model’s robustness to inter-subject variability.

17854

0.8

W

m

AN,

0.7

m

/\/\‘\/‘

0.6

0.5

1 2 3 4 5 6 7 16 32 64 128 256 5121024
-@- FACED DEAP-Arousal —#— DEAP-Valance -€~ISRUC
(a) Number of Layer (b) Hidden Dimension

Figure 4: The results of the sensitive analysis.

Implementation For model training, we set the hidden di-
mension of State Mamba to 128 with 2 stacked layers and
a batch size of 32. During pretraining, 50,000 positive pairs
representing consistent brain states are randomly sampled
from the training set in each epoch. To ensure balanced cov-
erage, the sampling strategy is controlled to uniformly cover
all consistent brain states across epochs. Optimization uses
the Adam optimizer with a learning rate of 0.001 for pre-
training and 0.0005 for downstream fine-tuning. All exper-
iments are conducted on a server with 4xXNVIDIA A100
GPUs and an Intel Xeon Platinum 8358P CPU (2.60GHz).

Baselines In our experiments, we compared the pro-
posed State Mamba framework with several state-of-the-art
EEG representation learning approaches (particularly self-
supervised learning methods), including CBraMod (Wang
et al. 2025), EEG2REP (Mohammadi Foumani et al. 2024),
DMMR (Wang, Zhang, and Tang 2024), BIOT (Yang, West-
over, and Sun 2023), TF-C (Zhang et al. 2022), CLISA
(Shen et al. 2022), and mulEEG (Kumar et al. 2022)

RQ1: Comparison Experiments

As shown in Table 1, under the 10-fold cross-validation set-
ting, State Mamba achieves over 2% accuracy improvement
on the 9-class emotion recognition task (FACED) and ap-
proximately 3% gain on the 5-class sleep stage classifica-
tion task (ISRUC), demonstrating strong generalization in
extracting cross-subject features related to both emotional
and sleep-related brain states. However, for the binary va-
lence and arousal classification tasks, improvements over
the advanced CBraMod (ICLR’25) baseline are marginal.
This may be because valence and arousal are primarily asso-
ciated with low-frequency, spatially distributed neural pat-
terns, against which State Mamba’s spatiotemporal mod-
eling—designed to capture higher-frequency, localized dy-
namics—provides limited advantage given the tasks’ low
temporal and spatial resolution

As shown in Table 2, the results under the LOSO evalua-
tion setting reveal similar trends to those observed in the 10-
fold cross-validation, further validating the robustness of our
model. Notably, LOSO exposes the model to a broader range
of subjects during training, effectively expanding the source
domains in the domain generalization setup. This increased
subject diversity promotes better alignment of data distribu-



Model FACED DEAP-Arousal DEAP-Valence ISRUC-S1
Accuracy Macro F1 Accuracy Macro F1 Accuracy Macro F1 Accuracy Macro F1
CBraMod rcLr'2s | 52.39 £471 5248 4237 | 64.09 + 673 64.28 £ 589 | 6295 +572 61.83 +676 | 76.83 £ 254 76.99 4 4.02
EEG2REP kpp24 | 41.35 &=521  43.28 =419 | 57.83 =472 5590 &= 562 | 59.01 :=6.04 58.72 536 | 73.26 =351 73.65 +3.74
DMMR AAAr24 50.07 371 4432 1385 | 5834 £516 5530+ 482 | 5921 £633 56.70 £ 499 | 72.94 £ 425 T74.63 £ 3.60
BIOT NeurIPs'23 50.84 344 50.02 £267 | 63.09 421 60.85 £679 | 61.04 =528 60.77 =407 | 73.58 £ 347 T71.37 £ 345
TF-C Neurlps*22 48.37 £503 49.02 =280 | 55.92 £ 286 52.86 £ 347 | 51.34 - 480 54.06 £ 437 | 74.52 £271 73.93 £+ 269
CLISA Tac22 4571 £559 4498 4235 | 5546 £ 470 53.82 £279 | 58.01 +=395 59.46 +542 | 71.49 £ 232 73.50 + 452
mulEEG miccar22 | 47.82 417 4548 +395 | 59.46 £360 57.39 286 | 60.45 +503 61.42 +537 | 70.83 410 72.75 + 3.08
State Mamba 54.69 + 53¢ 53.89 £ 468 | 64.38 =721 62.85 52 | 63.97 557 64.43 +-297 | 79.32 £ 326 78.51 £ 3.04

Table 1: The experimental results on three datasets under the 10-fold cross-validation mode.

Model FACED DEAP-Arousal DEAP-Valence ISRUC-S1
Accuracy Macro F1 Accuracy Macro F1 Accuracy Macro F1 Accuracy Macro F1

CBraMod icLr25 | 54.02 £544 53.73 £ 483 | 66.88 =729 68.42 £6.72 | 6533 735 65.89 £ 543 | 79.05 £ 243 7542 + 234
EEG2REP kpp24 | 47.38 641  49.10 =542 | 59.37 £350 60.12 =581 | 60.19 472 59.82 £ 458 | 74.82 271 75.88 4 206
DMMR aaAr24 5238 503 50.79 £470 | 60.33 620 58.52+ 411 | 61.59 £703 61.94 697 | 75.89 £ 204 72.85 £273
BIOT NeurTpPs’23 51.03 +453 52.58 £309 | 62.17 605 63.55+629 | 61.89 £575 62.04 617 | 73.43 £ 340 72.09 £ 293
TF-C NeurlPs'22 48.74 £ 402 4837 4295 | 55.83 £352 57.09 £ 402 | 5795 498 59.20 £ 479 | 76.80 £359 79.07 4+ 3.34
CLISA tac22 48.69 £ 693 49.82 £571 | 5735 58 57.96 £6.01 | 59.80 =546 58.73 622 | 72.45 472  70.69 £ 480
mulEEG miccar22 | 49.06 £357 4698 £643 | 61.36 482 58.04 £582 | 62.38 £677 61.05 £594 | 75.36 =223 76.08 £ 1.77
State Mamba 5833 +317 57.94 £ 425 | 68.04 908 67.51 £3810 | 67.81 912 66.20 - 3843 | 81.43 + 471 79.88 + 527

Table 2: The experimental results on three datasets under the Leave-One-Subject-Out (LOSO) mode.

tions and brain state representations, facilitating more effec-
tive cross-subject transfer.

RQ2: Sensitive Analysis

To investigate the sensitivity of the State Mamba model to
key architectural hyperparameters, we conduct two sets of
ablation studies on (1) hidden dimension and (2) stacked
Mamba layers. As shown in Figure 4 (left), increasing the
hidden dimension initially improves performance across all
datasets, with most tasks reaching optimal accuracy at inter-
mediate dimensions (e.g., 128 or 256). Beyond this point,
performance tends to plateau or decline, suggesting over-
parameterization. In Figure 4 (right), we vary the number
of stacked State Mamba layers from 1 to 7. While ISRUC
and DEAP-Valence maintain stable performance, FACED
and DEAP-Arousal exhibit mild fluctuations, with no clear
monotonic trend. These results suggest that State Mamba is
robust to moderate changes in depth and width, and perfor-
mance is more sensitive to hidden size than layer count.

RQ3: Ablation Study

Furthermore, we conduct ablation studies to evaluate the
contribution of key architectural components and pretext
tasks on State Mamba’s performance across various EEG
downstream tasks. All experiments are evaluated under 10-
fold cross-validation, with results summarized in Table 3.
Firstly, the ablation study validates the effectiveness of
the composite pretext tasks. Removing the entire pretrain-
ing phase (i.e., supervised learning on the source domain)
causes a significant performance drop across all datasets
(e.g., FACED: 54.69 — 49.83; DEAP-Arousal: 64.38 —
60.62), and removing either alignment strategy also leads
to noticeable degradation. These findings highlight that the
pretext tasks not only provide a strong initialization but
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also enable the learning of semantically robust and subject-
invariant representations, which are crucial for generaliza-
tion in label-scarce and cross-subject EEG settings.

We further validated the architectural design of State
Mamba by comparing it with a traditional single-channel
Mamba model, in which the channel dimension is flattened
into the batch dimension, modeling only temporal depen-
dencies. Removing the spatial channel-wise state pathway
caused a significant performance drop, confirming that inter-
channel state interactions play a crucial role in enhancing
discriminative representations and improving downstream
task performance. Besides, we assessed the effectiveness of
LGANN by comparing it with two alternatives: direct con-
catenation and average pooling of multi-channel EEG rep-
resentations. While direct concatenation preserves full in-
formation, it yields high-dimensional features that increase
model complexity and overfitting risk. In contrast, average
pooling reduces dimensionality but discards informative fea-
tures, degrading performance. LGANN achieves a favorable
balance by compressing channel-wise features while retain-
ing essential discriminative information. On the FACED and
DEAP datasets, its performance closely matches that of di-
rect concatenation, demonstrating its capacity to preserve
task-relevant features. On the ISRUC dataset, where feature
dimensionality is inherently lower due to fewer channels, the
benefit of LGANN is diminished, as concatenation remains
effective without excessive dimensionality.

RQ4: Neural Mechanism Visualization

To investigate the subject-independent neural response and
brain activation pattern, we visualized the spatial and tempo-
ral state transition matrices during emotion and sleep mod-
eling. Since these high-dimensional matrices encode com-
plex neural dynamics, simple statistics such as element-wise
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Figure 5: Visualization of temporal and spatial state transition matrices for three representative subjects from each dataset. Spa-
tial transitions are shown as topographic graphs illustrating inter-regional connectivity, while temporal transitions are presented
as line plots reflecting the evolution of state transition scores over time.

Methods FACED | DEAP-A | DEAP-V | ISRUC

w/o Pattern Alignment 53.82 63.25 62.74 77.26
w/o Representation Alignment | 51.37 62.17 62.89 77.51
w/o Pretrain 49.83 60.62 60.43 75.10

w/o LGANN (concat) 54.61 64.35 63.88 80.03

w/o LGANN (average) 5291 64.29 63.72 78.06
Mamba (w/o spatial transition) 52.84 62.77 61.02 78.13
State Mamba 54.69 64.38 63.97 79.32

Table 3: The results of the Ablation Study.

means are insufficient to summarize the underlying spa-
tiotemporal neural transition patterns. To better preserve and
interpret the information embedded in the transition matrix,
we adopt two metrics: average singular value decomposition
(SVD) and the Frobenius norm. The average SVD captures
dominant modes of variation, highlighting coordinated and
low-rank neural response patterns that reflect task-relevant
features. The Frobenius norm quantifies the overall energy
or intensity of state transition and activation, offering a ro-
bust scalar measure of global neural engagement.

Figure 5 presents the visualization results for represen-
tative subjects. In FACED, the frontal regions—particularly
the prefrontal cortex—exhibit marked activation and strong
state transitions across different emotional states, aligning
with prior evidence of frontal-limbic involvement in emo-
tion processing (Chayer and Freedman 2001). Temporally,
emotion-related brain activities follow consistent trajecto-
ries, with peak state transitions occurring at similar time
points, suggesting synchronized neural responses to emo-
tional stimuli. In DEAP, arousal-related transitions are con-
centrated in prefrontal and occipital regions, while mid-
brain and parietal areas show higher inter-subject variabil-
ity, possibly due to the activation of visual-processing neu-
rons in the occipital cortex elicited by emotional visual stim-
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uli (Lang et al. 1998). In the ISRUC dataset, spatial tran-
sitions vary across subjects but consistently involve frontal
and occipital regions, aligning with prior findings that high-
light the role of occipital channels in sleep staging (Wang
et al. 2022). Furthermore, temporal state transitions can dis-
tinguish sleep stages: N1 and N2 show smooth, gradually de-
clining transition curves, reflecting reduced brain state vari-
ability, while wakefulness and N3 exhibit greater temporal
fluctuations. Despite significant inter-subject variability in
brain responses to both emotional and sleep-related tasks,
State Mamba is capable of uncovering highly consistent and
generalizable spatiotemporal patterns across individuals.

Conclusion

In this work, we addressed the critical challenge of cross-
subject variability in EEG-based neural decoding by propos-
ing State Mamba, a novel spatiotemporal EEG State-Space
Model. State Mamba models latent brain states and their
spatiotemporal transitions to uncover consistent neural re-
sponse patterns shared across individuals. By theoretically
formulating multi-channel Mamba architecture and incor-
porating the LGANN module for multi-scale attention, our
model captures both global and local EEG neural activity
features. Composite self-supervised pretext tasks further en-
able cross-subject alignment of brain states and transition
patterns without reliance on labeled data. State Mamba’s in-
herent support for multi-channel processing enables com-
prehensive modeling of spatial-temporal brain activity, with
the integration of pretext tasks further promoting the learn-
ing of consistent neural response paradigms across sub-
jects. Moreover, the modular design and flexibility of State
Mamba make it readily extensible to other neural decoding
tasks and modalities, laying the groundwork for future large-
scale, general-purpose EEG foundation models.
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