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ABSTRACT

The accurate decoding of motor imagery electroencephalography (MI-EEG) signals is critical for brain-computer interface
(BCI) applications in motor rehabilitation. However, existing methods often suffer from insufficient spatiotemporal feature
fusion, high computational complexity, and limited generalization capability. To address these limitations, this paper proposes
STE-BiMamba, a spatiotemporal feature-enhanced bidirectional Mamba model for efficient MI-EEG decoding. The model
incorporates three core components: a multi-scale temporal feature extraction module that employs parallel convolutions with
different kernel sizes to simultaneously capture transient event-related desynchronization and long-term rhythmic patterns, a
three-view statistical pooling module that extracts highly discriminative spatiotemporal representations from mean, variance,
and maximum perspectives, and a bidirectional Mamba global sequence modeling module that efficiently captures bidirectional
long-range dependencies with linear time complexity. Extensive experiments on our self-collected VR-MI dataset and three
public datasets (BCIC-1V-2a, BCIC-1V-2b, HGD) under both within-subject cross-session and cross-subject settings validate the
effectiveness of STE-BiMamba. On VR-MI, the model achieved 97.50% accuracy (cross-session) and 85.05% (cross-subject),
while attaining state-of-the-art results on all public datasets. Compared with Transformer-based models, STE-BiMamba doubles
the inference speed while reducing the number of parameters by a factor of 3.5. STE-BiMamba offers a high-precision and
lightweight solution for practical motor imagery BCl applications.

Keywords:  Brain-computer interface; Motor imagery; Electroencephalography; Mamba; Bidirectional state space model;
Three-view statistical pooling

Introduction

Brain-Computer Interface (BCI) is an emerging technology that enables direct interaction between the human brain and external
devices via brain signals'-2. Non-invasive electroencephalography (EEG), due to its relatively convenient acquisition and
high safety, has become the most commonly used signal acquisition method in BCI research?. Currently, EEG-driven BCI
systems have been applied to various external devices, including robotic arms*, exoskeletons®, and spelling systems®. Among
different brain activity paradigms, Motor Imagery (MI) is of particular interest because it can generate distinguishable signals
in the motor cortex without external stimulation’. Studies have shown that MI-based BCIs can effectively assist in the motor
rehabilitation of paralyzed patients®?, yet accurate decoding of MI-EEG signals remains a major challenge due to physiological
factors such as impedance!'”.

Early studies primarily relied on traditional machine learning methods, such as Linear Discriminant Analysis (LDA)'! and
Support Vector Machine (SVM)!?, for EEG signal classification. Due to the low signal-to-noise ratio of EEG, preprocessing
and feature extraction are generally required to improve classification performance. Among these methods, Common Spatial
Patterns (CSP)'3 is the most widely used feature extraction algorithm, which highlights spatial differences between different
signal classes. Further improvements, such as Filter Bank CSP (FBCSP)'#, employ feature selection strategies to significantly
enhance classification performance. However, these approaches heavily depend on manually designed features and face



limitations when handling large-scale datasets.

With the development of deep learning, along with the support of GPUs and large-scale datasets, EEG decoding research
has rapidly advanced in recent years. Convolutional Neural Networks (CNNs)!> have become the mainstream method due to
their excellent local feature extraction capability. Models such as EEGNet'®, Shallow ConvNet'’, and Deep ConvNet'® have
demonstrated strong performance across multiple brain activity paradigms. However, CNNs are limited by convolution kernel
sizes, restricting their ability to extract temporal features, and existing methods often lack effective spatiotemporal feature
fusion, making it difficult to fully capture the complex spatiotemporal dependencies of EEG signals'?°. To address these
issues, researchers have introduced Recurrent Neural Networks (RNNs)?!, particularly Long Short-Term Memory networks
(LSTMs)??, which can effectively model long-term dependencies in sequences and have shown significant advantages in EEG
classification tasks. Nevertheless, RNNs still suffer from limited parallel computing efficiency?’. In contrast, Transformers>*
utilize self-attention mechanisms to capture global dependencies in sequential signals and have shown good performance in
EEG modeling. However, their quadratic time complexity leads to high computational costs>, limiting practical applications in
real-time BCI systems.

Recently, the state-space model (SSM)-based Mamba architecture?® introduced a selective mechanism similar to attention,
which can effectively identify important information in sequences. Compared with Transformers, Mamba demonstrates superior
performance and computational efficiency in various tasks, especially for long-sequence modeling, and shows significant
advantages in time series prediction?’.

Considering all these challenges, this paper proposes a novel end-to-end deep learning network, named the Spatiotemporal
Feature Enhanced Bi-directional Mamba model (STE-Mamba). The model is designed to fully leverage multi-scale temporal
information and global spatial features and to improve MI-EEG decoding performance through efficient global sequence
modeling while maintaining linear-time computational complexity. The network consists of four main modules: a multi-scale
spatiotemporal feature extraction module, a tri-view statistical pooling module, a bi-directional Mamba global sequence
modeling module, and a classification module. In the multi-scale spatiotemporal feature extraction module, convolutional
operations are first employed to jointly extract multi-scale temporal features and global spatial features. Next, the tri-view
statistical pooling strategy extracts robust spatiotemporal representations from the fused features, producing more discriminative
multi-view representations. These representations are then fed into the bi-directional Mamba module to capture long-range
global dependencies and enable efficient sequence modeling, while ensuring the module’s computation remains linear. Finally,
the classifier outputs the predicted motor imagery class. To further validate the effectiveness of the proposed method, detailed
comparative experiments were conducted on two public MI-EEG datasets, demonstrating that STE-Mamba significantly
outperforms existing approaches while maintaining computational efficiency.

The main contributions of this paper are summarized as follows:

1. We propose STE-BiMamba, a novel end-to-end spatiotemporal feature-enhanced bidirectional Mamba network for motor
imagery EEG decoding. The model integrates multi-scale temporal feature extraction, tri-view statistical pooling, and
bidirectional Mamba modeling to achieve efficient and accurate spatiotemporal dependency modeling in EEG signals;

2. To comprehensively capture the multi-dimensional statistical properties of EEG signals and improve feature discrim-
inability and robustness, we design a tri-view statistical pooling strategy, extracting fused spatiotemporal features from
mean, variance, and maximum perspectives;

3. We introduce a bi-directional Mamba global sequence modeling module, which efficiently captures long-range dependen-
cies with linear computational complexity (O(n)), offering a strong advantage in both performance and efficiency for
real-time BCI applications;

4. We present VR-MI, a high-quality self-collected MI-EEG dataset recorded in a virtual reality environment, to facilitate
further research in the BCI field.

Related Work

In the field of EEG research, early analyses primarily relied on traditional machine learning methods to uncover information
related to neural classification and neuroimaging. With the growing effectiveness of deep learning (DL) in modeling time series,
recent studies have increasingly adopted DL-based models, achieving notable results in motor imagery (MI) EEG decoding
tasks.

Convolutional Neural Networks (CNNs) are among the most widely used deep learning models for EEG decoding
These networks mimic the processing behavior of biological neural systems and demonstrate strong performance in EEG
signal analysis. For example, Lawhern et al.'® proposed the compact CNN architecture EEGNet, performing temporal
convolutions along the time dimension and depthwise convolutions along the spatial dimension. Subsequently, Wang et al.>

28,29
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introduced IFNet, which incorporates an interactive frequency convolution mechanism to effectively capture cross-frequency
interactions, thereby improving MI-EEG decoding performance. FBCSPNet®! integrates the classical Filter Bank Common
Spatial Pattern (FBCSP) concept into CNNs and demonstrates strong classification capabilities across multiple benchmark
datasets. Additionally, researchers have explored hybrid models, such as Xu et al.>, who combined CNN and LSTM to leverage
both spatial feature extraction and temporal sequence modeling.

For feature aggregation, existing EEG deep learning models commonly adopt average pooling operations®>—3°to consolidate
temporal information and reduce computational cost. However, single average pooling only captures first-order statistics
and may overlook important distributional information. Recent studies have explored statistical pooling methods such as
variance pooling to extract richer feature representations®’-38. Inspired by these works, this paper proposes a tri-view statistical
pooling strategy, extracting fused spatiotemporal features from mean, variance, and maximum perspectives to obtain more
discriminative and robust representations.

Bi-directional Mamba Encoder Block
(1) Max-Pooling Branch -

]

1
i
: !
! i
. 1
® 55 ! i
Parallel Temporal S !
g Convldp item” Bt § i ! ayerNorm :
(d/4 =8 each) MaxPoolld 25 o ;
—>| kernel = 50 > Xnar—" & 2 Xmax | i
ide = £ B (1) Forward Mamba (2) Backward Mamba I
(1, 15) stride = 15 REx&xN | & B ' '
z 2 ' i
N-64) |&B 3 ! Mambay,q |
L | l
i
i
— - i
Input Parallel Temporal | Multi-Branch !
MI-EEG > Convld — o ! Fusion !
- - (d/4 =8 cach) g %‘ 2 (2) Average-Pooling Branch — ! v |
g o o0 —_— = 5 1
. 1,29 £ S| % E % : R i ¥
= E % ° Dropout § = : rojec | n
—- ] g = AvgPoolld 25 | | ; _ :
3 & A 8‘ S | kernel =50 _'Xm;g_’ E E“»Xmax ' : . U,
] 3|6 ER- stride = 15 REXAXN £ g | :
. Parallel Temporal g 2| g =3 = = | i
o = 0 S (N=64) AT 1
X € REXIXCXT [ Convld — Qo (C) ! X \ i
(d/4 =8 each) | |
J X € REX4XT
(1,51) (d=32) \‘ Unsqueeze(2)
v =
K (3) Variance-Pooling Branch ) L2 8 |= 8
, S s = | 342 |E-
= =
Parallel Temporal Dropout ?‘;: 4 o s =g Final
— Convld — VarPoolld 25 H é £ E 3 Classification
(d/4 = 8 each) xggfw 1 > custom Var, [ > X, —> £ 7| Xbvar < £2l S £% Result
Xpns € REXAXCXT log, clamp Es 8 28| o
(1,15) ms (N=64) |=S & S = 2 E=
=3 S | | |® =
Stage 1: Multi-Scale Stage 2: Spatial Stage 3: Three-View Stage 4: Bi-directional Stage 5: Multi-Branch Feature
Feature Fusion Statistical Pooling Mamba Sequence Modeling Fusion & Classification

Temporal Feature Extraction

Figure 1. Overall architecture of the proposed STE-BiMamba model. The framework consists of five main stages: Stage 1:
Multi-Scale Temporal Feature Extraction; Stage 2: Spatial Feature Fusion; Stage 3: Three-View Statistical Pooling; Stage 4:
Bi-directional Mamba Sequence Modeling; Stage 5: Multi-Branch Feature Fusion & Classification.

The state-space model (SSM)-based Mamba architecture has attracted attention due to its efficient long-sequence modeling
capability. Gu et al.> first proposed Mamba, introducing a selective mechanism that dynamically filters irrelevant information
and enables global dependency modeling with linear-time computational complexity. This architecture has demonstrated
superior performance compared with Transformers in tasks such as natural language processing and time series prediction*-4!,
In EEG decoding, the application of Mamba remains at an early stage, with existing studies mostly using a unidirectional
structure*?. To capture bidirectional dependencies in MI-EEG signals more comprehensively, this paper proposes a bi-directional
Mamba module, which processes sequences in both forward and backward directions to fully exploit contextual information.

Transformer models, based on self-attention mechanisms, are widely applied in sequence modeling tasks, including EEG
decoding®. Kostas et al.*® proposed a Transformer pretraining and fine-tuning approach for EEG classification tasks. Song
et al.*’ combined CNN and Transformer, first extracting local low-level features through convolution, and then capturing global
correlations via self-attention. Inspired by these approaches, this paper integrates multi-scale convolutional spatiotemporal
features with a bi-directional Mamba structure to form an efficient global sequence modeling module, which captures long-range
dependencies while maintaining linear-time computational complexity, thereby improving model efficiency.

Materials and Methods

This section first introduces the motor imagery EEG dataset used in the experiments. Subsequently, the proposed STE-BiMamba
motor imagery classification model is described in detail. As shown in Figure 1, the key modules of this model include multi-
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scale temporal feature extraction, spatial feature fusion, three-view statistical pooling, and bidirectional Mamba sequence
modeling. Finally, the evaluation metrics of the model are presented. The details are described as follows.

Dataset

VR-MI

We collected the VR-MI dataset*® from 20 right-handed healthy participants in a virtual reality environment during EEG
recording (as shown in Figure 2). The dataset is publicly available at https://doi.org/10.21227/89%ez-a093. The
participants’ handedness was verified with the Edinburgh Handedness Questionnaire. The study was approved by the Academic
Committee of Fujian Agriculture and Forestry University (approval number: PZCASFAFU25090). The experiment was carried
out in accordance with the relevant guidelines and regulations. Informed consent was obtained from all subjects and/or their
legal guardian(s). EEG signals were acquired simultaneously with the PICO 4 Ultra VR headset and the Emotiv Flex 2.0 system
at a sampling rate of 256 Hz, using 32 scalp electrodes positioned in accordance with the international 10-20 system. The
electrode positions were Cz, Fz, Fpl, F7, F3, FC1, C3, FC5, FT9, T7, CP5, CP1, P3, P7, PO9, Ol, Pz, Oz, 02, PO10, PS8, P4,
CP2, CP6, T8, FT10, FC6, C4, FC2, F4, F8, and Fp2.

The experimental task involved binary classification of left- versus right-hand motor imagery (MI). In the self-developed
VR environment [Figure 3(a)], participants were prompted to enter the MI state by watching virtual avatar movements that
signaled left- or right-hand actions. Each participant performed a total of 200 trials (100 trials per hand) across two independent
sessions, with 160 trials designated for training and 40 for testing. The structure of a single trial is presented in Figure 3(b).
Each trial lasted 8 s and included a 3 s preparation phase (0-3 s), a 3 s MI phase (3—6 s), and a 2 s rest phase (68 s). Participants
received a 1-minute break after every ten trials.

BCIC-IV-2a

The BCIC-IV-2a dataset*® consists of nine healthy subjects. Each subject completed one training session and one evaluation
session at different times. Each session contains 288 trials across four classes: left hand, right hand, both feet, and tongue motor
imagery. The data were recorded from 22 EEG channels at a sampling rate of 250 Hz, with each trial lasting approximately 7.5
seconds.

The experimental paradigm of this dataset is illustrated in Figure 4. At ¢ =0 s, a fixed cross appears at the center of
the screen. Att =2 s, an arrow pointing left, right, down, or up is displayed for approximately 1.25 s, serving as a cue
corresponding to left hand, right hand, both feet, or tongue motor imagery, respectively. Subjects then perform 3 s of motor
imagery, followed by a 1.5 s rest period.

BCIC-IV-2b
The BCIC-IV-2b dataset>® consists of nine healthy subjects. Each subject completed multiple sessions, including training
sessions and evaluation sessions with feedback. Each session contains 120 trials across two classes: left hand and right hand
motor imagery. The data were recorded from three bipolar EEG channels (C3, Cz, C4) at a sampling rate of 250 Hz, with each
trial lasting approximately 7.5 seconds.

The experimental paradigm is illustrated in Figure 5. Atz = 0 s, a fixed cross appears at the center of the screen. At =2,
an arrow pointing left or right is displayed as a cue (corresponding to left hand or right hand motor imagery, respectively) and
lasts for approximately 1.25 s. Subjects then perform 3 s of motor imagery, followed by a 1.5 s rest period.

HGD

The HGD dataset®! consists of 14 healthy subjects. Each subject performed 880 trials, covering four classes: left hand, right
hand, both feet, and rest (all corresponding to actual motor execution tasks). Data were recorded from 128 EEG channels at a
sampling rate of 500 Hz, with each trial lasting 4 seconds. Typically, 44 channels covering the motor cortex are selected for
analysis, and the data are downsampled to 250 Hz.

The experimental paradigm of this dataset is illustrated in Fig. 6. In a single trial, a cue arrow is presented at the center of
the screen for 4 seconds as a visual prompt. The arrow points left, right, down, or up, corresponding to sequential finger tapping
of the left hand, sequential finger tapping of the right hand, repetitive toe gripping with both feet, or relaxation/rest, respectively.
Subjects are required to perform the indicated movement at their own pace during the arrow presentation, followed by a random
inter-trial rest period of 3—4 seconds before the next trial begins.
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Scene a
Left-hand MI

Scene b
Right-hand MI

0 2 3 6 8 1(s)

Figure 3. MI experimental tasks in the self-constructed VR environment. (a) Subject 2 performs motor imagery according to
the guidance in a virtual scenario, and EEG data is collected in real-time during the motor imagery. (b) Each motor imagery
stimulus in the experiment lasts for 8 seconds. The 0-2 seconds is the Waiting phase, 2-3 seconds is the Cue phase, 3—6 seconds

is the motor imagery based on the guidance of a virtual character, and 68 seconds is the resting phase after the MI ends.
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Figure 4. The BCIC-IV-2a dataset paradigm
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Figure 6. The HGD dataset paradigm

EEG Signal Preprocessing
For the self-collected VR-MI dataset, EEG signals were preprocessed using the EEGLAB toolbox in MATLAB following a
standard pipeline. The pipeline consisted of electrode localization and channel selection, downsampling, bandpass filtering,
epoch segmentation with baseline correction, bad-channel interpolation, bad-epoch rejection, re-referencing, independent
component analysis (ICA), and artifact component removal.

Electrode locations were first imported and aligned to the standard 10-20 system. Non-EEG channels were removed. The
data were then downsampled to 250 Hz to reduce computational load while preserving the frequency content relevant to motor
imagery. A fifth-order Butterworth bandpass filter (0.5-40 Hz)>?> was subsequently applied. Its transfer function is given by

. bo+bis+---+b,s"

H(S)_ n’
ap+ais+---+ays

ey

where s is the complex frequency variable and the filter coefficients b; and a; are designed to attenuate low-frequency drifts and
high-frequency noise while retaining the mu and beta rhythms critical for motor imagery decoding.

The continuous EEG data were then segmented into epochs corresponding to the motor imagery period of each trial (3—6 s).
Baseline correction was performed by subtracting the mean amplitude of the pre-stimulus baseline window from each epoch:

1
Xcorrected (t) = x<t) A Z x(t)> @)
b tebaseline
where N, denotes the number of samples in the baseline interval.
Bad channels were identified based on excessive variance and interpolated using spherical spline interpolation. Bad epochs
containing large artifacts were rejected. The data were re-referenced to the average reference to reduce common-mode noise:

/ 1
C;

Ma

xj(), 3

1

where C is the number of EEG channels and x;(¢) is the signal at channel i.
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Independent component analysis (ICA) was then performed to decompose the multi-channel EEG into statistically
independent sources:

X(r) = As(1), “

where x(¢) denotes the observed EEG signals, A is the mixing matrix, and s(r) represents the underlying independent components.
An unmixing matrix W was estimated such that the sources could be recovered as s(t) = Wx(¢). Artifactual components
corresponding to ocular activity, muscle activity, cardiac signals, and line noise were identified through a combination of
automated classification and visual inspection of component topography, power spectra, and time courses, and subsequently
removed.

For the publicly available datasets (BCIC-IV-2a, BCIC-IV-2b, and HGD), which had already undergone standard pre-
processing in their original releases (including filtering, re-referencing, and epoching), only an additional bandpass filtering
step (0.5-40 Hz) using the same fifth-order Butterworth filter was applied. This ensured that all datasets shared an identical
frequency band for fair comparison while minimizing unnecessary re-processing of already cleaned public data.

All preprocessing parameters were kept consistent across datasets and subjects to maximize reproducibility.

Multi-Scale Temporal Feature Extraction
Motor imagery activities produce rich multi-scale temporal dynamics: short-scale local peaks reflect rapid event-related
desynchronization (ERD) phenomena, while longer time scales contain stable oscillatory patterns such as mu and beta rhythms.
To effectively capture this hierarchical temporal structure, the proposed STE-BiMamba employs a multi-scale CNN as the
front-end feature extraction module.

Given the input MI-EEG sample X € RE*1XC*T (where C = 22 denotes the number of EEG channels and 7 = 1000
represents the number of time points), the model applies four parallel temporal one-dimensional convolution layers with kernel
sizes of 15, 25, 51, and 65, respectively:

th;)qp = ConVld(X; kernel = (1,k), padding = (O,pk)), ke {15,25,51,65} 5)

where the padding values py. are set to 7, 12, 25, and 32 respectively to preserve the original sequence length. Each branch
outputs d/4 = 8 feature maps (with embedding dimension d = 32). The outputs of the four branches are then concatenated
along the channel dimension and processed through a batch normalization layer:

Xms = BatchNorm (Concat (Xélnsl}), , thrsl}), , Xt(:nig , Xt(eénfg) ) (6)

This yields the multi-scale temporal feature map Xy, € REX4XCXT " Through multi-scale convolution, the model can
simultaneously perceive fine-grained transient changes and wide-span rhythmic patterns in MI-EEG signals, laying a solid
foundation for subsequent spatial feature fusion and sequence modeling.

Spatial Feature Fusion
MI-EEG signals exhibit significant spatial correlations between different brain regions. To fully integrate this spatial information
and obtain a compact spatio-temporal joint representation, the model introduces a spatial feature fusion module after the
multi-scale temporal feature extraction stage.

To adapt to EEG datasets with different numbers of channels, the spatial convolution kernel size is set dynamically according
to the input channel count C. The input multi-scale temporal feature map is Xps € REX4*C<T The model applies a spatial
convolution layer with kernel size (C, 1), where both the input and output channel dimensions are d:

Xspatial = COHVZd(XmS; kernel = (C, 1)) (7)

This convolution performs a global mixing of all input EEG channels in a single operation, enabling the model to flexibly
handle datasets with varying channel counts (e.g., 22 channels in BCIC-IV-2a/2b, 44 selected channels in HGD, or the channel
configuration of the self-collected VR-MI dataset) without requiring manual channel selection or padding. It is then followed
by a batch normalization layer and an ELU activation function:

X, = BLU (BatchNorm (Xpaia) ) @®)
This produces the final spatio-temporal joint feature X; € RB*¢*T_ This spatial fusion step effectively integrates the synergistic

information across different brain regions, providing high-quality spatio-temporal representations for the subsequent three-view
statistical pooling and bidirectional Mamba sequence modeling.
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Three-View Statistical Pooling

The class differences in motor imagery not only manifest in temporal and spatial patterns but are more profoundly reflected in
the statistical characteristics of the signals: different classes exhibit significant differences in peak intensity, overall energy level,
and signal variability (variance). To comprehensively capture these statistical characteristics, this study proposes a three-view
statistical pooling method.

This module takes the multi-scale spatio-temporal feature X; € RE*4*T a5 input and designs three mutually independent
pooling branches: (1) the max-pooling branch, which captures the most prominent peak activations in MI-EEG signals; (2) the
average-pooling branch, which extracts the overall energy level of MI-EEG signals; and (3) the variance-pooling branch, which
specifically models the fluctuation and variability of the signals.

Specifically, all three branches use the same pooling window size (kernel size = 50) and stride (stride = 15), producing an
output sequence length of

T 50
N:{15J+1:M ©)

The max-pooling and average-pooling branches are implemented using standard pooling layers:
Xmax = MaxPoolld(X;; kernel = 50, stride = 15) (10)
Xave = AvgPool1d(X;; kernel = 50, stride = 15) an

The variance-pooling branch employs a custom module that computes the variance of each sliding window, followed by a
logarithmic transformation and numerical stabilization:

Xvar = log (clamp(Var(X,[i : i +50]), 1076, 10°)) (12)

All three branches are further regularized with Dropout to improve generalization. This yields three independent sequence
features Xmax, Xavg , Xvar € RExdxN Through this three-view design, the model can simultaneously observe MI-EEG signals from
three complementary statistical perspectives—peak, mean, and variance—thereby significantly enhancing the discriminability
and richness of the extracted features.

Bi-directional Mamba Sequence Modeling
To further capture the global long-range temporal dependencies in MI-EEG signals, this study designs a bidirectional Mamba
sequence modeling module (Bi-directional Mamba Sequence Modeling) for efficiently modeling the contextual information of
long sequences.
The enriched spatio-temporal feature data Xmax, Xavg, Xvar € RBxNxd (where N = 64, d = 32) are fed separately into four
stacked BiMambaEncoder layers. The specific processing flow of each BiMambaEncoder is as follows (see Algorithm 1):
First, Layer Normalization is applied to the input features:

Xnorm = LayerNorm(X;,) (13)

Subsequently, the sequence is modeled through two branches: the forward Mamba and the backward Mamba. The forward
Mamba processes the original sequence directly, while the backward Mamba first flips the temporal dimension:

XMP - — Xoom[s i — 1,7 (14)

and flips it back after processing. The outputs of the two branches are concatenated, passed through a linear projection layer for
fusion, and combined with a residual connection to produce the final output:

Xout = Xip + Linear (Concat (Mambafwd (Xnorm ), Mambaypyg (Xl?éﬂn)) ) (15)
The core of the Mamba module is the Selective State Space Model. Its discretized state update process is defined as:

hy = Ashy 1 + By,  y: = Cihy + Duy (16)
The state transition matrix and input matrix are computed from the input-dependent dynamic parameter A;:

Zt = eXp(Aﬂ4)7 E[ = A[B (17)
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where A = — exp(AlOg) is a learnable diagonal state transition matrix (Ao is @ model parameter), B and C are generated
by the x-proj linear layer, A; is dynamically produced by the dt-proj through a softplus projection, and D is a learnable skip
connection parameter.

After processing through four BiMambaEncoder layers, the three branches respectively obtain the enhanced sequence
features Xy, Xoyg, Xvgr € REN¥4.

To achieve effective fusion of the three statistical-view features, the model further performs multi-branch feature fusion
on the outputs of the above three branches. First, the three sequence features are dimensionally expanded along the channel

dimension and concatenated:

Xpuse = Concat (X;,,, unsqueeze(2), X;,,.unsqueeze(2), X,,,.unsqueeze(2)) € RPN >34 (18)
Subsequently, a convolution layer with kernel size (3, 1) is used for cross-view fusion:

Xcony = Conv2d (Xfuse; kernel = (3, 1)) (19)

The fused features are then processed by Batch Normalization and ELU activation functions, flattened into a vector, and
passed through a fully connected layer to produce the final classification result.

Algorithm 1 Bi-directional Mamba Encoder (Detailed)

Input: Input enriched spatio-temporal features X € RE*V*d
Output: Enhanced output features Xy, € REXV*d
Step 1: Layer Normalization
1: Xporm < LayerNorm(X)
Step 2: Forward Mamba Branch
2: Xfwd Mambafwd(Xnorm)
Step 3: Backward Mamba Branch
3: Xpip < reverse_temporal(Xom) > Xnorm[5, 50 —1,7]
4: Xpwd_fiip < Mambay,q (Xgip)
5: Xpwd < reverse_temporal(Xyya_qip) > Flip back
Step 4: Multi-Branch Fusion
6: Xeat — Concat(Xde,wad)
7: Xproj <— Linear(Xcy)
Step 5: Residual Connection
8: Xout < X + Xproj > Residual addition
Selective State Space Model (Core of Mamba)
9: A, < softplus(dt_proj(x)) > Dynamic parameter
10: A; < exp(A;-A)
11: B, < A;-B
12: by < Ashi_1 + By
13: y; < Cihy + Dy,
return X,

Evaluation Metrics
To comprehensively evaluate the classification performance of the model, this study adopts Accuracy, F1-score, and Kappa
coefficient (Cohen’s Kappa) as the main evaluation metrics, with the specific formulas as follows:

TP+TN

A - 20
Uy = TP I TN +FP+FN (20)

where TP, TN, FP, and FN represent the number of true positives, true negatives, false positives, and false negatives, respectively.
Precision is first defined as:

Precisi TP @1
recision =
TP +FP
The F1-score, which is the harmonic mean of Precision and Recall, is then calculated as:
Precisi Recall
Floscore — 2 x recision x Reca 22)

Precision + Recall
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The Kappa coefficient considers random consistency and can more objectively reflect the performance of the model in
multi-class tasks. Its calculation formula is:

K= (23)

where p, is the observed agreement proportion and p, is the expected agreement proportion by chance. All evaluation metrics
are computed on the test set and reported as mean =+ standard deviation. To verify the statistical significance of performance
differences between different models, appropriate statistical tests were conducted, and the corresponding p-values are reported.

Results

The proposed STE-BiMamba model was evaluated on four motor imagery (MI) EEG datasets: our self-collected VR-MI
dataset, BCI Competition IV 2a (BCIC-IV-2a), BCI Competition IV 2b (BCIC-IV-2b), and the High Gamma Dataset (HGD). To
ensure a fair and realistic evaluation, all experiments were conducted under both within-subject cross-session and cross-subject
settings.

Dataset Division Details
In the within-subject cross-session setting, we followed the official cross-session divisions of each dataset. For BCIC-IV-2a,
both the training and test sets contained 288 trials per subject with a 1:1 ratio. For BCIC-IV-2b, the number of trials varied
across subjects, with approximately 400—440 trials in the training set and 280-320 trials in the test set per subject. For the High
Gamma Dataset (HGD), the training set consisted of approximately 880 trials and the test set consisted of 160 trials per subject.
For the self-collected VR-MI dataset, 160 trials were used for training and 40 trials for testing per subject with a 4:1 ratio.

In the cross-subject setting, a leave-one-subject-out (LOSO) cross-validation strategy was adopted. For each fold, all trials
from one subject were used as the test set, while the data from all remaining subjects were combined as the training set. The
final performance metrics were obtained by averaging the results across all subjects.

STE-BiMamba Within-Subject Cross-Session Performance

As shown in Fig. 7, the STE-BiMamba model achieved excellent performance on the VR-MI dataset under the cross-session
setting. Several subjects attained 100% motor imagery (MI) classification accuracy, with the lowest accuracy of 87.50%
observed in the 10th subject. The model attained an average accuracy of 97.50% 4 3.35% and an average Kappa value of
0.9500 4 0.0671.

Table 1 summarizes the subject-wise classification performance of STE-BiMamba on the three public datasets under the
cross-session setting. On the BCIC-IV-2a dataset, STE-BiMamba achieved an average accuracy of 82.95% + 10.52%, an
average Kappa coefficient of 0.7726 + 0.1403, and an average F1-score of 0.8280 + 0.1068. On the BCIC-IV-2b dataset, the
model achieved an average accuracy of 89.20% =+ 8.42%, a Kappa coefficient of (0.7840 + 0.1675, and an F1-score of 0.8923
+ 0.0844.

Additionally, STE-BiMamba demonstrated excellent performance on the HGD dataset, achieving an average accuracy of
95.67% =+ 2.87%, a Kappa coefficient of 0.9422 + 0.0383, and an F1-score of 0.9564 + 0.0291.
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Figure 7. STE-BiMamba performance on VR-MI dataset (cross-session).
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Table 1. Subject-wise classification performance of STE-BiMamba under the cross-session setting. Accuracy is reported in %,
whereas Kappa and F1-score are unitless.

Dataset Metric| S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13  S14 | Mean + SD
Acc. [87.15 63.54 97.22 81.25 78.47 69.10 94.79 88.54 86.46 — - - - - [82.95+10.52
BCIC-1V-2a Kappa | 0.829 0.514 0.963 0.750 0.713 0.588 0.931 0.847 0.819 - - - - - 10.773 £ 0.140
F1 0.870 0.626 0.972 0.813 0.783 0.692 0.948 0.885 0.863 - - - - - 10.828 +0.107
Acc. [79.06 71.43 86.25 98.56 96.88 91.56 93.75 9531 90.00 - - - - - | 89.20 £8.42
BCIC-IV-2b Kappa | 0.581 0.431 0.725 0.969 0.938 0.831 0.875 0.906 0.800 — - - - — 10.784 £ 0.168
Fl1 0.792 0.712 0.865 0.982 0.971 0.918 0.940 0.952 0.898 - - - - — 10.892 £+ 0.084
Acc. [95.63 94.38 100.00 100.00 94.38 95.63 94.34 96.88 98.13 95.63 89.38 98.13 95.60 91.25| 95.67 +2.87
HGD Kappa [ 0.942 0.925 1.000 1.000 0.925 0.942 0.925 0.958 0.975 0.942 0.858 0.975 0.941 0.883[0.942 £ 0.038
Fl1 0.956 0.943 1.000 1.000 0.944 0.956 0.943 0.969 0.981 0.956 0.892 0.981 0.956 0.912|0.956 £ 0.029

STE-BiMamba Cross-Subject Performance
The STE-BiMamba model was further evaluated under the more challenging cross-subject setting. As shown in Fig. 8, on
the self-collected VR-MI dataset the model achieved an average accuracy of 85.05% +-7.15% and an average Kappa value of
0.7010 4+ 0.1431.

Table 2 summarizes the subject-wise classification performance of STE-BiMamba on the three public datasets under the
cross-subject setting.
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Figure 8. STE-BiMamba performance on VR-MI dataset (cross-subject).

Table 2. Subject-wise classification performance of STE-BiMamba under the cross-subject setting. Accuracy is reported in %,
whereas Kappa and F1-score are unitless.

Dataset Metric | S1 S2 S3 S4 S5 S6  S7 S8 S9 S10 S11  SI2 S13 S14 | Mean+ SD
Acc. |75.17 47.57 84.72 63.02 57.29 51.74 73.09 76.74 74.13 - - - - - |67.05£11.94
BCIC-IV-2a Kappa [0.669 0.301 0.796 0.507 0.431 0.357 0.641 0.690 0.655 — - - - - 10.561 £0.159
F1 0.756 0.478 0.845 0.626 0.571 0.519 0.727 0.768 0.738 - - - - - 10.670 £0.119
Acc. |72.50 64.29 71.88 92.81 95.31 87.82 89.06 93.75 8531 — - - - - | 83.64 £10.59
BCIC-IV-2b Kappa [ 0.450 0.288 0.438 0.856 0.975 0.788 0.781 0.875 0.706 — - - - - 10.673 £0.219
F1 0.725 0.643 0.718 0.930 0.989 0.844 0.889 0.938 0.854 — - - - - 10.837 £0.110
Acc. [92.69 84.04 84.52 84.27 87.60 75.68 83.70 69.90 71.06 71.12 67.21 89.68 79.25 87.02| 80.55 £ 7.88
HGD Kappa |0.903 0.787 0.794 0.790 0.835 0.676 0.783 0.599 0.614 0.615 0.563 0.862 0.723 0.827|0.741 £+ 0.105
F1 0.925 0.839 0.845 0.843 0.879 0.759 0.840 0.702 0.713 0.712 0.672 0.895 0.793 0.871 | 0.806 + 0.078
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On the BCIC-IV-2a dataset, STE-BiMamba achieved an average accuracy of 67.05%+ 11.94%, an average Kappa
coefficient of 0.5607 & 0.1593, and an average F1-score of 0.6699 +0.1188.

On the BCIC-IV-2b dataset, the model achieved an average accuracy of 83.64%=+ 10.59%, a Kappa coefficient of
0.6729 +0.2192, and an F1-score of 0.8366 +0.1102.

Additionally, STE-BiMamba demonstrated competitive performance on the HGD dataset, achieving an average accuracy of
80.55% +7.88%, a Kappa coefficient of 0.7407 +-0.1051, and an F1-score of 0.8062 £ 0.0780.

Comparison with Previous Methods

To comprehensively evaluate the performance of the proposed STE-BiMamba model, we compared it with the following
representative baseline methods on the three public datasets (BCIC-1V-2a, BCIC-IV-2b, and HGD) under both the within-subject
cross-session and cross-subject settings

« EEGNet'®: A lightweight convolutional neural network designed for EEG-based BCI that employs depthwise separable
convolutions and is characterized by a small number of parameters and strong generalization ability.

+ Conformer*’: A hybrid architecture that combines convolutional neural networks and Transformers, enabling the model
to capture both local spatiotemporal features and global long-range dependencies in EEG signals.

« FBCSPNet*?: A deep learning network based on filter bank common spatial patterns (FBCSP) that integrates traditional
feature extraction concepts into an end-to-end framework.

+ TFNet*": A feature fusion network that adopts a multi-branch Inception structure for multi-scale spatiotemporal feature
extraction from EEG signals.

» FBCSP'*: The classical filter bank common spatial pattern algorithm, which is the most representative traditional
machine learning method in the field of motor imagery EEG classification.

+ Deep ConvNet'®: A deep convolutional neural network that performs end-to-end feature learning and classification
directly from raw EEG signals through multiple convolutional layers.

+ CNN-Mamba’3: A hybrid architecture that combines CNN and the Mamba state space model, enhancing long-sequence
modeling capability while maintaining high computational efficiency.

+ CNN-LSTM?!: A classic hybrid model that combines convolutional neural networks and long short-term memory
networks to simultaneously extract spatial features and temporal dependencies.

Table 3 presents the quantitative comparison results between the proposed STE-BiMamba and various baseline models
across the three datasets. All p-values reported in the table are Bonferroni-corrected based on statistical difference tests of
accuracy compared to the proposed model.

The experimental results demonstrated that STE-BiMamba achieved the best performance on all three datasets, with
statistically significant improvements over both traditional machine learning methods and state-of-the-art deep learning
baselines. On the BCIC-IV-2a dataset, STE-BiMamba achieved an average accuracy of 82.95% = 10.52%, which was 2.36
percentage points higher than the second-best CNN-Mamba (80.59%) and 4.06 percentage points higher than Conformer
(78.89%). Most comparisons reached statistical significance at p < 0.001 or p < 0.01 levels. Similar significant advantages were
also observed in Kappa and F1-score.

On the BCIC-IV-2b dataset, STE-BiMamba attained an average accuracy of 89.20% =+ 8.42 %, outperforming CNN-Mamba
(87.43%) and Conformer (87.64%) with statistical significance in most cases. The Kappa coefficient (0.7840) and F1-score
(0.8923) further confirmed its superiority.

On the HGD dataset, the performance advantage of STE-BiMamba was particularly pronounced, achieving an average
accuracy of 95.67% =+ 2.87% (p < 0.001 or better against most baselines). The Kappa coefficient and F1-score reached 0.9422
and 0.9564, respectively, demonstrating substantial and statistically significant leads over all competing models.

The distribution of decoding accuracy across different subjects for all models on the three datasets is shown in Fig. 9.
It can be observed that the proposed STE-BiMamba model achieved higher average decoding accuracy than other baseline
models across all datasets. We further conducted statistical significance analysis. For example, on the BCIC-IV-2a dataset,
STE-BiMamba showed statistically significant improvements compared to EEGNet and Conformer (p < 0.001); on the HGD
dataset, STE-BiMamba exhibited even stronger significant differences compared to FBCSPNet and DeepConvNet (p < 0.0001).

In the cross-subject setting, as shown in Table 4, the proposed STE-BiMamba model demonstrated strong generalization
ability and achieved statistically significant improvements over all baseline models across the three public datasets. Specifically,

12/23



Table 3. Performance comparison of different models on BCIC-IV-2a, BCIC-IV-2b, and HGD datasets (cross-session).

BCIC-1V-2a BCIC-1V-2b HGD
Model
Avg. Avg. Avg. Avg. Avg. Avg. Avg. Avg. Avg.
Acc.£std Kappa=+std Fl+std Acc.£std Kappa=+std Fl+std Acc.£std Kappa=+std Flzstd
EEGNet 73.68% + 0.6359 + 0.7334 + 84.79% + 0.6958 = 0.8477 + 89.68% + 0.8624 + 0.8976 =
8.40%*** 0.1244 0.1011 9.31%** 0.1862 0.0928 5.26%** 0.0701 0.0526
Conformer 78.89% + 0.7186 + 0.7891 + 87.64% + 0.7528 + 0.8760 + 91.29% + 0.8839 + 09132 £
10.12%*** 0.1341 0.1012 8.77%* 0.1754 0.0883 4.81%**** 0.0641 0.0481
FBCSPNet 71.53% + 0.6204 + 0.7171 + 81.78% + 0.6215 + 0.8111 + 91.11% + 0.8814 + 0.9107 £
10.44%** 0.1464 0.1106 13.78%* 0.2756 0.1371 4.14%**** 0.0552 0.0421
IFNet 79.59% + 0.7279 + 0.7957 + 86.42% + 0.7285 + 0.8642 + 92.02% =+ 0.8936 + 0.9204 +
12.54%* 0.1720 0.1288 13.12% 0.2624 0.1316 6.78%*** 0.0904 0.0673
FBCSP 70.29% + 0.6039 + 0.7033 &+ 80.94% + 0.6187 + 0.8082 &+ 84.85% + 0.7981 + 0.8479 £
10.36%** 0.1381 0.1031 13.18%* 0.2762 0.1383 5.46%*** 0.0728 0.0539
Deep ConvNet 75.27% + 0.6703 + 0.7525 + 86.67% + 0.7333 + 0.8671 + 91.21% + 0.8828 + 0.9120 +
10.49%* 0.1476 0.1106 8.80%"* 0.1761 0.0875 5.13%*** 0.0684 0.0507
CNN-Mamba 80.59% + 0.7413 + 0.8231 + 87.43% + 0.7486 + 0.8740 + 93.28% + 0.9066 + 0.9298 £
9.74%"* 0.1420 0.1103 8.78%* 0.1746 0.0877 4.52%** 0.0603 0.0454
CNN-LSTM 80.26% + 0.7349 + 0.8209 + 87.01% + 0.7406 + 0.8705 + 92.05% + 0.8941 + 0.9200 £
9.19%** 0.1478 0.1092 8.68%* 0.1735 0.0854 6.78%* 0.0903 0.0683
STE-BiMamba = 82.95% + 0.7726 + 0.8280 + 89.20% + 0.7840 + 0.8923 + 95.67% + 0.9422 + 0.9564 +
10.52% 0.1403 0.1068 8.42% 0.1675 0.0844 2.87% 0.0383 0.0291

Note: Cyan cells denote the proposed STE-BiMamba model. All p-values are Bonferroni-corrected for multiple comparisons (5 comparisons) based on
statistical difference tests of accuracy compared to the proposed model. *p < 0.05, **p < 0.01, ***p < 0.001, ***p < 0.0001.
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Figure 9. Per-subject decoding accuracy distribution of STE-BiMamba and baseline models under the within-subject
cross-session setting. (a) BCIC-IV-2a dataset; (b) BCIC-IV-2b dataset; (c¢) HGD dataset.

STE-BiMamba attained an average accuracy of 67.05% =+ 11.94% (p < 0.01 or better against most baselines), with a Kappa
coefficient of 0.5610 4+ 0.1588 and an F1-score of 0.6699 + 0.1188 on BCIC-1V-2a; an accuracy of 83.64% =+ 10.59%, Kappa
of 0.6729 £ 0.2192, and F1-score of 0.8366 + 0.1102 on BCIC-I1V-2b; and an accuracy of 80.55% =+ 7.88% (p < 0.01 or
better), Kappa of 0.7410 £ 0.1051, and F1-score of 0.8062 + 0.0780 on the HGD dataset, reaching state-of-the-art performance
among all compared methods.

Figures 10, 11, and 12 respectively illustrate the per-subject classification accuracy distribution of different models on the
BCIC-IV-2a, BCIC-IV-2b, and HGD datasets. It can be observed that although STE-BiMamba exhibits some fluctuations in a
few subjects, it demonstrates stable and superior performance in most subjects, with its overall average accuracy significantly
outperforming other baseline models.

These results fully demonstrate the effectiveness and robustness of the proposed STE-BiMamba model in motor imagery
EEQG classification under both within-subject cross-session and cross-subject settings.

Ablation Study

To gain a deeper understanding of the core mechanisms of the STE-BiMamba model in cross-session motor imagery (MI) EEG
decoding tasks, we conducted systematic ablation experiments on four datasets: our self-collected VR-MI dataset, BCIC-IV-2a,
BCIC-IV-2b, and HGD. By successively removing key components (the Multi-scale temporal feature extraction module, the
3-Perspective Pooling module, and the Bi-Mamba module), we were able to clearly observe the contribution of each module to
the final decoding performance.
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Table 4. Performance comparison of different models on BCIC-IV-2a, BCIC-IV-2b, and HGD datasets (cross-subject).

BCIC-1V-2a BCIC-1V-2b HGD
Model
Avg. Avg. Avg. Avg. Avg. Avg. Avg. Avg. Avg.
Acc.£std Kappa=+std Fl+std Acc.£std Kappa=+std Fl+std Acc.£std Kappa=+std Flzstd
EEGNet 60.03% =+ 0.4671 + 0.6032 + 81.39% + 0.6278 + 0.8132 &+ 76.51% + 0.6869 + 0.7660 £
10.67%** 0.1509 0.1115 12.05%* 0.2411 0.1202 11.48%** 0.1588 0.1149
Conformer 53.70% + 0.3827 + 0.5335 + 80.49% + 0.6097 + 0.8054 + 75.20% + 0.6693 + 0.7514 £
14.66%*** 0.2073 0.1535 11.87%** 0.2376 0.1196 9.32%** 0.1290 0.0932
FBCSPNet 59.63% + 0.4617 + 0.5951 + 82.11% + 0.6424 + 0.8213 + 75.98% + 0.6797 + 0.7598 £
8.65%** 0.1223 0.0983 9.95%* 0.1986 0.0983 12.25%** 0.1557 0.1124
IFNet 64.62% + 0.5283 + 0.6440 + 81.46% + 0.6292 + 0.8145 + 77.72% + 0.7029 + 0.7781 +
11.22%** 0.1586 0.1171 10.31%* 0.2063 0.1034 7.75%* 0.1072 0.0777
FBCSP 59.28% + 0.4570 + 0.5895 + 79.54% + 0.5910 + 0.7952 &+ 74.75% + 0.6568 & 0.7478 £
15.56%*** 0.2200 0.1651 9.92%*** 0.1982 0.0985 9.12%*** 0.1066 0.0910
Deep ConvNet 61.32% + 0.4843 + 0.6100 + 81.95% + 0.6389 + 0.8202 + 75.74% + 0.6766 + 0.7577 +
8.06%** 0.1140 0.0923 9.45%* 0.1889 0.0935 11.65%** 0.1611 0.1163
CNN-Mamba 63.16% + 0.5088 + 0.6341 + 82.29% + 0.6458 + 0.8223 £+ 77.11% + 0.6948 + 0.7711 £
10.15%* 0.1435 0.1072 10.29%* 0.2059 0.1022 6.25%* 0.0864 0.0662
CNN-LSTM 63.23% + 0.5098 + 0.6321 + 82.50% + 0.6500 = 0.8241 + 78.13% + 0.7083 + 0.7821 £
11.57%** 0.1636 0.1218 10.91% 0.2182 0.1091 7.79%* 0.1078 0.0783
STE-BiMamba = 67.05% + 0.5610 + 0.6699 + 83.64% + 0.6729 + 0.8366 + 80.55% + 0.7410 + 0.8062 +
11.94% 0.1588 0.1188 10.59 % 0.2192 0.1102 7.88% 0.1051 0.0780

Note: Cyan cells denote the proposed STE-BiMamba model. All p-values are Bonferroni-corrected for multiple comparisons (5 comparisons) based on
statistical difference tests of accuracy compared to the proposed model. *p < 0.05, **p < 0.01, ***p < 0.001, ***p < 0.0001.

Table 5. Ablation study results of STE-BiMamba on VR-MI, BCIC-IV-2a, BCIC-IV-2b, and HGD datasets (cross-session).

Dataset Method Avg. Acc.tstd Avg. Kappa=std Avg. Fl-score+std p-value
Ours w/o Multi-scale 96.38% + 3.31% 0.9275 £ 0.0661 0.9636 + 0.0324 ns
VR-MI Ours w/o 3-Perspective Pooling 95.75% =+ 3.80% 0.9150 £ 0.0760 0.9573 £ 0.0378 <0.05*
Ours w/o Bi-Mamba 93.88% + 4.35% 0.8775 £ 0.0887 0.9386 + 0.0439 <0.01**
Ours 97.50% =+ 3.35% 0.9500 + 0.0671 0.9749 + 0.0338 -
Ours w/o Multi-scale 81.82% + 10.65% 0.7452 £+ 0.1462 0.8065 £ 0.1095 <0.05*
BCIC-IV-2a Ours w/o 3-Perspective Pooling 79.94% + 10.58% 0.7168 £ 0.1495 0.7882 £ 0.1118 <0.01**
Ours w/o Bi-Mamba 78.53% + 10.82% 0.6841 £ 0.1538 0.7737 £ 0.1146 <0.01**
Ours 82.95% =+ 10.52% 0.7726 + 0.1403 0.8280 + 0.1068 -
Ours w/o Multi-scale 87.58% =+ 9.02% 0.7575 £ 0.1748 0.8732 £ 0.0935 <0.01**
BCIC-IV-2b Ours w/o 3-Perspective Pooling 85.65% =+ 9.08% 0.7342 £+ 0.1765 0.8548 £ 0.0948 <0.001***
Ours w/o Bi-Mamba 83.87% £+ 9.31% 0.7073 £+ 0.1802 0.8385 £+ 0.0972 <0.001***
Ours 89.20% =+ 8.42% 0.7840 + 0.1675 0.8923 + 0.0844 -
Ours w/o Multi-scale 94.41% + 3.02% 0.9265 £ 0.0412 0.9438 £ 0.0315 ns
HGD Ours w/o 3-Perspective Pooling 93.18% + 3.18% 0.9094 + 0.0435 0.9305 + 0.0338 <0.01**
Ours w/o Bi-Mamba 92.52% + 3.41% 0.8867 £ 0.0468 0.9234 £ 0.0364 <0.01**
Ours 95.67% =+ 2.87% 0.9422 + 0.0383 0.9564 + 0.0291 -

Note: Cyan cells denote the complete model (Ours) in each dataset group. All p-values are Bonferroni-corrected based on statistical difference tests of accuracy
compared to the proposed model. *p < 0.05, ** p < 0.01, ***p < 0.001, ****p < 0.0001.

As shown in Table 5, the complete STE-BiMamba model (Ours) achieved the best performance across all four datasets, with
statistically significant improvements compared to its ablated variants (most comparisons p < 0.05 or better after Bonferroni
correction). Removing any single component led to noticeable declines in accuracy, Kappa coefficient, and F1-score. In
particular, the removal of the Bi-Mamba module caused the most significant performance degradation on most datasets (p <
0.01 or p < 0.001), indicating that bidirectional state-space modeling played a critical role in capturing long-term temporal
dependencies in EEG signals. The absence of the Multi-scale feature extraction module weakened the model’s ability to perceive
brainwave patterns at different time scales, while the removal of the 3-Perspective Pooling module also substantially reduced
the expressive power of spatio-temporal features. These ablation results, supported by statistical difference tests, collectively
verified that the synergistic design of multi-scale temporal extraction, three-view statistical pooling, and bidirectional Mamba
modeling significantly enhanced the robustness and generalization capability of STE-BiMamba in real-world MI-EEG decoding
scenarios.
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We further selected the 3rd subject (A03) from the BCIC-IV-2a dataset, the 5th subject (B0OS) from the BCIC-IV-2b dataset,
and the 12th subject (H12) from the HGD dataset to perform t-SNE two-dimensional visualization of the features learned by
the complete model (Ours) and each ablation variant (w/o Multi-scale, w/o 3-Perspective Pooling, w/o Bi-Mamba).

As shown in Fig. 13, compared with the ablation models, the feature points of the complete STE-BiMamba model
exhibited clearer inter-class separation boundaries and tighter intra-class clustering.Specifically, the Ours w/o Multi-scale model
showed obvious boundary blurring between pairwise classes; the Ours w/o 3-Perspective Pooling model exhibited difficulty
in distinguishing multiple classes; and the Ours w/o Bi-Mamba model had the most chaotic feature distribution, with severe
overall class mixing that made it almost impossible to clearly separate different motor imagery classes. This phenomenon was
consistent across all three datasets, fully demonstrating that the synergistic effect of Multi-scale feature extraction, 3-Perspective
Pooling, and Bi-Mamba bidirectional state-space modeling significantly enhanced the model’s ability to distinguish subtle
spatiotemporal differences in motor imagery EEG signals, thereby providing more discriminative feature representations for
robust decoding in cross-session scenarios.

Ours Ours w/o Multi-scale Ours w/o 3-Perspective Pooling Ours w/o Bi-Mamba

.
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Figure 13. t-SNE visualization of learned features. (a) Subject A03 on BCIC-IV-2a; (b) Subject BO5 on BCIC-IV-2b; (¢)
Subject H12 on HGD.

To further visually analyze the impact of each key module on the classification decision boundary, we plotted the confusion
matrices of the complete model and each ablation variant on the same subjects. As shown in Fig. 14, the confusion matrices of
the complete STE-BiMamba model (Ours) were highly concentrated on the main diagonal across all three datasets, with almost
all samples correctly classified into their respective motor imagery classes, indicating extremely high classification accuracy
and extremely low misclassification rates.

Specifically, a small number of off-diagonal elements began to appear in the Ours w/o Multi-scale model, indicating blurred
boundaries between some classes and highlighting the importance of the multi-scale feature extraction module in capturing
brainwave patterns at different time scales.

The confusion in the Ours w/o 3-Perspective Pooling model was more pronounced, with cross-misclassifications among
multiple classes, which reflected the key role of three-perspective pooling in enhancing the discriminability of multi-dimensional
spatiotemporal features. The Ours w/o Bi-Mamba model exhibited the most severe confusion, with a large number of samples
misclassified into other classes and significant overall inter-class mixing. This further confirmed the core contribution of
Bi-Mamba bidirectional state-space modeling in capturing long-term sequential dependencies.

These confusion matrix results were highly consistent with the preceding t-SNE visualizations, once again verifying that
the synergistic design of multi-scale feature extraction, multi-perspective pooling, and bidirectional sequence modeling in
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Figure 14. Confusion matrices of STE-BiMamba and its ablation variants. (a) Subject AO3 on BCIC-IV-2a; (b) Subject BO5
on BCIC-IV-2b; (c) Subject H12 on HGD.

STE-BiMamba significantly improved the discriminative power and robustness of the model in cross-session MI-EEG decoding
tasks.

In the further group-wise ablation experiments, we analyzed the impact of removing different combinations of modules on
model performance. As shown in Fig. 15, when multiple key modules are removed simultaneously, the model performance
exhibits a more pronounced decline. For example, on the VR-MI dataset, after removing the Multi-scale and 3-Perspective
Pooling modules (w/o MS+3PP), the accuracy dropped to 94.88%; after removing the Multi-scale and Bi-Mamba modules
(w/o MS+BM), it dropped to 93.38%; after removing the 3-Perspective Pooling and Bi-Mamba modules (w/o 3PP+BM), it
was 92.75%; and when all three modules were removed simultaneously (w/o All), it dropped to 92.25%. The complete model
(Ours) achieved the highest average accuracy of 97.50% on the VR-MI dataset.

Similar phenomena were also observed on the BCIC-IV-2a, BCIC-IV-2b, and HGD datasets. Overall, removing any module
combination led to performance degradation, with combinations involving the simultaneous removal of Bi-Mamba and other
modules typically causing greater performance losses. This further confirms the critical role of the Bi-Mamba module in
capturing long-term temporal dependencies in EEG signals. The synergistic interaction among the modules plays a vital role in
enhancing the overall performance of the STE-BiMamba model.

Hyperparameter Tuning and Model Selection

As shown in Table 6, we performed a comprehensive hyperparameter tuning for the proposed STE-BiMamba model on the
BCIC-IV-2a dataset under the intra-subject setting. A total of 21 representative configurations were evaluated by systematically
varying the key hyperparameters, including embedding dimension d, multi-scale temporal kernel sizes ktemp, Statistical pooling
parameters (Spool, Strpool), NUmMber of Mamba layers L, state dimension dstace, €xpansion factor e, local convolution kernel size
keonv, dropout rate pgrop, and spatial convolution output channels cspagiat-

The optimal configuration (Model 20) was selected based on the highest average classification accuracy while maintaining
reasonable model complexity. The final adopted hyperparameters are: d = 32, kiemp = [15,25,51,65], Spool = 50, strpeel = 15,
L =4, dsae = 16, e = 2, keonv = 4, Parop = 0.5, and cpaiia1 = d. This setting achieves the best performance with an average
accuracy of 82.95% =4 10.52 and Kappa of 0.7726 - 0.1403.
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Figure 15. Group-wise ablation results of STE-BiMamba when removing different module combinations (w/o MS+3PP, w/o
MS+BM, w/o 3PP+BM, w/o All) compared with the complete model. (a) VR-MI dataset; (b) BCIC-IV-2a dataset; (c)
BCIC-IV-2b dataset; (d) HGD dataset.

All models were trained and evaluated under identical experimental conditions to ensure fair and reproducible comparison.

Efficiency Analysis

To comprehensively evaluate the deployment potential of the STE-BiMamba model in practical brain-computer interface
(BCI) systems, we paid special attention to its computational efficiency and model complexity. Since the core of the model
incorporates the Mamba state space model, we performed a fair comparison with the classical Transformer-based Conformer
model in terms of inference time and parameter count. The experiments were conducted under the same hardware environment,
with all models using a batch size of 1 for online inference to simulate real cross-session MI-EEG decoding scenarios.

Table 7 presents the quantitative comparison results between the two models.

From the table, it can be clearly seen that the proposed STE-BiMamba model exhibited significant advantages in efficiency:
its single inference time was only approximately 52% of that of Conformer (48 ms vs. 93 ms), while the parameter count was
substantially reduced to approximately 28% of Conformer (223.31K vs. 789.82K). This remarkable efficiency improvement
was mainly attributed to the linear complexity characteristic of the Mamba architecture. Unlike the traditional Transformer
architecture, the self-attention mechanism in Conformer requires computation of a full attention matrix, resulting in both
time and space complexity of O(n?) (where n is the sequence length), which incurs extremely high computational cost when
processing long-sequence EEG signals. In contrast, Mamba reduces the complexity of sequence modeling to linear O(n)
through its selective state space mechanism (Selective SSM) while still maintaining powerful long-range dependency modeling
capability. Therefore, under the same hardware conditions, STE-BiMamba achieved much lower inference latency and memory
usage than Conformer.

These efficiency gains are of great significance for the real-time deployment of practical MI-EEG brain-computer interface
systems, enabling STE-BiMamba to achieve low-latency, high-reliability motor imagery decoding on resource-constrained
edge devices or portable BCI systems.
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Table 6. Hyperparameter Tuning of STE-BiMamba Model on BCIC-IV-2a Dataset (Intra-Subject Setting)

Model | d Kemp Spool  Stipool L dsae € keonv  Pdrop  Cspatial  Avg. ACC.Estd  Avg. Kappa +std
1 16  9,17,3349 25 10 4 8 1 2 0.1 dj2  81.60%+10.54%  0.7546-+0.1405
2 32 9173349 25 10 4 8 1 2 0.1 d/2  81.71%%10.55%  0.7562+0.1407
3 64 9,173349 25 10 4 8 1 2 0.1 d/2  81.67%+10.60%  0.7556+0.1414
4 32 [ 152551,65 25 10 4 8 1 2 0.1 d/2  81.87%+10.51%  0.7582+0.1401
5 32 24416181 25 00 4 8 1 2 0.1 d/2  81.79%+10.53%  0.7572+0.1404
6 32 1525,51,65 | 50 10 4 8 1 2 0.1 dj2  82.18%+10.58%  0.7623+0.1411
7 32 15255165 75 10 4 8 1 2 0.1 d/2  82.10%+10.53%  0.7613+0.1405
8 32 1525,51,65 50 15 4 8 1 2 0.1 d/2  82.22%+10.51%  0.7629+0.1401
9 32 1525,51,65 50 25 [4 8 1 2 0.1 dj2  82.02%%10.60%  0.7603+0.1413
10 32 1525,51,65 50 15 6 8 1 2 0.1 dj2  81.98%+10.56%  0.7598-+0.1408
11 32 1525,51,65 50 15 8 8 1 2 0.1 d/2  81.91%+10.52%  0.7588+0.1403
12 32 1525,51,65 50 15 416 1 2 0.1 d/2  8237%+10.60%  0.7649+0.1413
13 32 1525,51,65 50 15 4 32 1 2 0.1 dj2  8229%+10.54%  0.7639+0.1405
14 32 15255165 50 15 4 16 [2 2 0.1 d/2  82.48%+10.53%  0.7664+0.1404
15 32 1525,51,65 50 15 4 16 3 2 0.1 dj2  8241%%10.52%  0.7654-0.1407
16 32 1525,51,65 50 15 4 16 2| 4 0.1 dj2  82.60%+10.55%  0.7680+0.1403
17 32 1525,51,65 50 15 4 16 2 8 0.1 d/2  82.56%+10.51%  0.7675+0.1401
18 32 1525,51,65 50 15 4 16 2 4 0.3 d/2  82.68%+10.56%  0.7690+0.1408
19 32 1525,51,65 50 15 4 16 2 4 0.5 d/2  8275%+10.55%  0.7701=+0.1407
20 32 1525,51,65 50 15 4 16 2 4 0.5 d 82.95%+10.52%  0.7726+0.1403
21 32 1525,51,65 50 15 4 16 2 4 0.5 2d 82.79%+10.54%  0.7706+0.1405

Note: Cyan cells indicate the model with optimal performance. Gray cells indicate the best parameter choice within the current hyperparameter group.

Table 7. Efficiency comparison between STE-BiMamba (Ours) and Conformer.

Model Inference Time (ms) Parameters (K)
Conformer 93 789.82
Ours 48 223.31

Note: Cyan cells denote the results of STE-BiMamba.

Visualization of Learned Features
We further employed Hybrid CAM (Hybrid Class Activation Mapping) technology>* to perform topographic map visualization
of the raw EEG data and the learned features after model activation. The same three representative subjects were selected:
subject AO3 from the BCIC-IV-2a dataset, subject BO5 from the BCIC-IV-2b dataset, and subject H12 from the HGD dataset.

As shown in Fig. 16, the topographic maps of the raw EEG data exhibited relatively dispersed and diffuse activation patterns,
with signal energy distributed fairly uniformly across scalp regions and noticeable noise interference, making it difficult to
clearly distinguish spatial differences among different motor imagery classes. In contrast, the learned features after Hybrid
CAM activation showed significant changes: the energy distribution of the feature maps became highly focused and structured,
primarily concentrated in the sensorimotor cortex regions closely related to motor imagery. At the same time, the spatial
activation patterns among different classes became much more distinct, with significantly amplified inter-class differences and
markedly improved intra-class consistency.

This before-and-after comparison vividly demonstrated that, through the synergistic effect of Multi-scale feature extraction,
3-Perspective Pooling, and Bi-Mamba bidirectional sequence modeling, STE-BiMamba successfully transformed the subtle
spatiotemporal patterns hidden in the raw EEG signals into highly discriminative neural representations.

Discussion and Conclusions

To enhance the decoding performance of multi-channel MI-EEG signals in challenging cross-session and cross-subject scenarios,
this paper proposes STE-BiMamba, a novel end-to-end model that integrates multi-scale temporal feature extraction, three-view
statistical pooling, and bidirectional Mamba sequence modeling.
By effectively capturing both fine-grained transient patterns and long-range spatiotemporal dependencies while maintaining
linear computational complexity, the model overcomes key limitations of existing CNN- and Transformer-based approaches.
Experimental results on three public datasets (BCIC-IV-2a, BCIC-IV-2b, and HGD) under the cross-session setting demon-
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Figure 16. Brain topographic maps before and after feature learning. (a) Subject A03 on BCIC-IV-2a; (b) Subject BO5 on
BCIC-IV-2b; (c) Subject H12 on HGD.

strate that STE-BiMamba consistently achieves state-of-the-art performance, significantly outperforming strong baselines such
as CNN-Mamba and Conformer in accuracy, Kappa coefficient, and F1-score. Ablation studies, t-SNE visualizations, confusion
matrices, and Hybrid CAM topographic maps further confirm the critical contribution and physiological interpretability of each
module. In addition, the model reduces inference time to 48 ms (52% of Conformer) and parameter count to 223.31K (28% of
Conformer), highlighting its strong potential for real-time BCI deployment.

In conclusion, STE-BiMamba provides an accurate, efficient, and interpretable solution for MI-EEG decoding. Future
work will focus on cross-subject MI-EEG decoding to further improve the model’s generalization capability across different
individuals.
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