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Abstract

Recent brain decoding studies have primarily emphasized the
development of brain decoders, while largely neglecting the
segmentation step. Existing methods typically adopt fixed-
length segmentation, which might overlook subject- or task-
level variability and disrupt temporal patterns within brain
signals. To address this gap, we propose S3, which leverages
spiking neurons as an isolating segmenter for brain signal
decoding. S3 segments brain signals adaptively, considering
subject- and task-level variability while preserving intrinsic
temporal patterns of brain signals. It exploits the unique re-
set mechanism of spiking neurons to isolate previous irrel-
evant temporal patterns during the generation of each seg-
mentation point. To optimize S3 for enhancing task perfor-
mance in the absence of segmentation labels, we develop an
optimization method where segmentation pseudo-labels are
created with a stochastic-greedy algorithm to optimize them,
while circumventing gradient blockade between S3 and task
performance. Experiments on 10 downstream tasks across 13
public datasets demonstrate that S3 consistently outperforms
existing methods, validating its effectiveness, generalizability
and interpretability.

Code — https://github.com/MChen808/S3

1 Introduction
Brain computer interface (BCI) is a widely-adopted tech-
nique to understand how human brains respond to real-world
stimuli, which supports extensive medical research. Re-
cently, growing attention has been directed to decoding brain
signals, especially electroencephalogram (EEG), to support
various downstream BCI tasks (Zheng et al. 2024; Duan
et al. 2023). A typical brain decoding workflow involves four
components: input data, segmentation, brain decoder and
optimization (Défossez et al. 2023; Benchetrit, Banville, and
King 2024). Current mainstream efforts focus on improving
brain decoders, aimed at addressing subject-level variabil-
ity and task-specific characteristics. (Mentzelopoulos et al.
2024; Zheng et al. 2024). An emerging direction is the EEG
foundation model, which learns generalized representations
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Figure 1: Top: Comparison of existing brain decoding work-
flow with ours. Fixed-length segmentation ignores variabil-
ity and disrupts semantic structures, while our model adap-
tively segments brain signals to consider and preserve them.
Bottom: Comparison of vanilla RNNs and spiking neurons
as segmenters. Unlike RNNs, spiking neurons reset them-
selves at each segmentation point, isolating previous irrele-
vant temporal patterns.

across a wide range of subjects and tasks (Jiang, Zhao, and
Lu 2024; Wang et al. 2025). These methods consistently ex-
hibit superior performance across various downstream BCI
tasks.

However, these newly published works, representing the
current state-of-the-art (SOTA), commonly adopt fixed-
length segmentation, which poses two limitations: i) Over-
sight of subject- or task-level variability. Despite full con-
siderations into subject- or task-level variability in brain de-
coders, they overlook it during segmentation. This oversight
can lead to large performance deviations across subjects or
tasks, as exemplified by An et al. (2024) and Défossez et al.
(2023). ii) Disruption of temporal patterns. The existence of
temporal patterns within brain signals has been proved, such
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as semantic comprehension and syntactic structures (Hewitt
and Manning 2019; Broderick et al. 2018). These structures
often exhibit temporal continuity and length variability, po-
tentially disrupted by rigid fixed-length segmentation.

To address these limitations, it is crucial to design an
adaptive segmentation method. Some works have explored
this direction but achieved limited success. For example,
Song et al. (2024) and Benchetrit, Banville, and King (2024)
perform a grid search to identify segments that maximize
task performance. However, such fully empirical approaches
offer limited interpretability and do not provide methodolog-
ical guidance. Earlier studies have explored interpretable
adaptive segmentation especially for EEG by leveraging au-
tocorrelation functions to detect boundaries between distinct
temporal patterns (e.g., amplitude or frequency) (Michael
and Houchin 1979; Praetorius, Bodenstein, and Creutzfeldt
1977). These data-driven approaches enhance interpretabil-
ity by relating the identified boundaries to intrinsic signal
dynamics. However, these methods cannot be optimized for
improving performance of downstream BCI tasks.

To bridge this gap, we aim to develop an adaptive segmen-
tation method offering both superior task performance and
strong interpretability. However, two challenges arise: i) A
segmenter supporting temporal pattern isolation. Early
segmentation studies have proved that non-stationary brain
signals exhibit isolated stationary temporal patterns (Agar-
wal and Gotman 1999; Barlow et al. 1981). Based on this
insight, the determination of each segmentation point should
rely exclusively on the current temporal pattern, isolating the
influence of previous irrelevant patterns. Achieving this re-
quires, first, a temporal model capable of processing brain
signals sequentially to generate segmentation points in or-
der. Second, once a segmentation point is generated, all
information before it must be excluded, thereby enabling
temporal pattern isolation. While standard temporal models
such as vanilla recurrent neural networks (RNNs) naturally
support sequential processing, they fail to exclude past infor-
mation. ii) Optimization with gradient blockade. In most
brain decoding studies, labels for temporal pattern isolation
are unavailable. Consequently, the segmenter should be opti-
mized based on the decoding loss or task performance. How-
ever, in the brain decoding workflow, the segmenter per-
forms signal segmentation in a non-differentiable manner,
which blocks the gradient-based optimization through the
decoding loss.

To address challenge i), we propose S3, which leverages
Spiking neurons as an isolating Segmenter for brain Signal
decoding. Spiking neurons sequentially accumulate input
features into their membrane potentials and emit spikes
when the threshold is exceeded. These spikes represent seg-
mentation points generated in order. Importantly, after fir-
ing, these neurons reset their membrane potentials, isolat-
ing previous information during each segmentation deci-
sion. Therefore, these neurons act as an isolating segmenter,
which can further comprise a spiking neural network (SNN)
to be optimized for improved task performance. To ad-
dress challenge ii), we propose a stochastic-greedy pseudo-
label optimization to optimize the segmenter S3. We ini-
tially construct segmentation pseudo-labels that indicate ex-

pected segmentation points. Subsequently, we introduce a
stochastic-greedy algorithm which leverages the task per-
formance to optimize these pseudo-labels. These optimized
pseudo-labels are subsequently used to supervise S3, thus
circumventing gradient blockade between S3 and task per-
formance.

To sum up, our contributions are as follows:

• We propose S3, which leverages spiking neurons as
an isolating segmenter for brain signal decoding. This
model considers subject- and task-level variability, and
preserves temporal patterns within brain signals, two as-
pects overlooked or disrupted by current SOTA works.
Additionally, it enables temporal pattern isolation during
segmentation, which standard temporal models fail in.

• We develop an optimization method, where segmenta-
tion pseudo-labels are created with a stochastic-greedy
algorithm to optimize them for improving task perfor-
mance. These optimized pseudo-labels then supervise the
segmenter S3, thus circumventing gradient blockade be-
tween S3 and task performance.

• We evaluate our model with SOTA brain decoders on 10
downstream BCI tasks using 13 public datasets. Our
model presents consistent performance improvements
and exhibits strong interpretability.

2 Related Work
Brain Decoder. Recent SOTA brain decoders focus on
improving generalization across diverse subject- and task-
specific configurations. For instance, EEG foundation mod-
els are trained on large-scale EEG datasets (Jiang, Zhao, and
Lu 2024; Wang et al. 2025). Other models introduce innova-
tive architectures, such as subject-level blocks to address in-
dividual variability (Mentzelopoulos et al. 2024). However,
these studies overlook subject- or task-level variability dur-
ing segmentation. In contrast, our model segments brain sig-
nals in a subject- and task-aware manner.

Fixed-length segmentation. Current brain decoding stud-
ies mostly adopt fixed-length segmentation. All subjects
sharing the same segmentation method definitely ignores
variability and might cause high deviations in subject-level
results (An et al. 2024). Different tasks somewhat ajust seg-
mentation lengths: longer for stable patterns and shorter for
rapidly changing patterns (Khalighi et al. 2016; Brennan and
Hale 2019). Yet, these length settings lack evidence of true
optimality. To replace this rigid segmentation method, we
propose segmenting adaptively to address subject- and task-
level variability.

Adaptive-length segmentation. Traditional adaptive seg-
mentation methods for EEG are fully data-driven, thus un-
able to optimize task performance (Haddad and Najafizadeh
2019; Azami, Anisheh, and Hassanpour 2014; Barlow et al.
1981). RNNs and SNNs are both reliable techniques to cap-
ture temporal patterns, which can achieve learnable adap-
tive segmentation on sequential data (Li et al. 2022; Adama,
Lotfi, and Ranson 2021; Wang et al. 2024; Cao et al. 2024).
However, the reset mechanism of SNNs uniquely enables
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temporal pattern isolation, compatible with the local station-
arity assumption of brain signals (Siuly et al. 2019). Moti-
vated by this, we leverage spiking neurons to build a SNN
for adaptive segmentation.

Spiking neurons for time-varying data. Spiking neurons
encode temporal information of time-varying data in the dis-
crete spikes, enabling event-driven, low-latency and tem-
porally heterogeneous computation. This intrinsic temporal
dynamics makes SNNs particularly effective for processing
time-varying data (Hu et al. 2023; Hu, Tang, and Pan 2023;
Gao et al. 2025; Yan et al. 2025; Gao, Jiang, and Zhang
2025) while deploying on asynchronous neuromorphic hard-
ware (Ma et al. 2024; Xiao et al. 2025; Ming, Zonghua, and
Gang 2018). These properties align naturally with the non-
stationary and event-sparse characteristics of brain signals,
motivating us to leverage spiking neurons for efficient and
temporally precise neural data analysis.

3 Methodology
Brain Decoding Workflow
Consider brain signals denoted by X ∈ RC×T with corre-
sponding task labels Y ∈ RF×T , where C is the number of
channels, T is the number of time points, and F is feature
dimension. We define the segmentation method and brain
decoder as S and D, respectively. The final output contains
a decoding loss L for optimization, and downstream task
performance p as the evaluation metric:

L(S,D) = fL
(
D(XS),YS

)
, (1)

p(S,D) = fp
(
D(XS),YS

)
, (2)

where XS and YS represent brain signals and task labels
segmented by the segmentation method S . Functions fL and
fp are head functions based on task types. Existing works
typically employ fixed-length segmentation:

Sf =
{
j∆t

}⌊T/∆t⌋
j=0

, (3)

to segment the signals in a non-differentiable manner:

XSf
=

{
Xt|Sf [i] < t ⩽ Sf [i+ 1]

}|Sf |−1

i=1
, (4)

YSf
=

{
Yt|Sf [i] < t ⩽ Sf [i+ 1]

}|Sf |−1

i=1
,

where ∆t denotes the manually defined segmentation length
and the symbol | · | represents set cardinality.

In our paper, we propose Segmenter that generates
an adaptive segmentation method Sa, to replace Sf . We
also develop an optimization method to optimize this
Segmenter for improving task performance p(S,D), de-
spite the gradient blockade between them.

S3: Spiking Neurons as an Isolating Segmenter
Here, we introduce implementation details of the
Segmenter, which takes brain signals X as input and
output the adaptive segmentation method Sa, denoted as:

Sa = Segmenter(X) = STS ◦ SNN ◦ Event(X), (5)

which contains three components, introduced as below.

Event-based representation. To leverage spiking neu-
rons for segmentation like Wang et al. (2024) and Cao et al.
(2024), we transform the brain signals X into an event
stream as:

E = {ei}i∈N+ = {(ci, pi, ti)}i∈N+ . (6)

An event ei is triggered at channel ci ∈ [1, C] and time
point ti ∈ [1, T ] if the signal magnitude change exceeds a
pre-defined threshold with polarity pi ∈ {1,−1} reflecting
the changing direction. Following the mainstream research,
we downsample event data into voxel-grid representations
(Bardow, Davison, and Leutenegger 2016). Given the down-
sampling time interval t0, we obtain the representation G
defined as:

G(c, p, t) =
∑
ei∈E

δ(ci − c, pi − p) · 1(t·t0−t,t·t0](ti) . (7)

Here, c ∈ [1, C], p ∈ {−1, 1} and t ∈ [1, T0], where
T0 = ⌊T/t0⌋. The function δ(x, y) represents the Dirac
delta function, and 1A(x) is the indicator function. Note that
the time point t ∈ [1, T0] in G does not correspond to the
time point t ∈ [1, T ] in X. The mapping between them, de-
fined as θ(·), is: tX = θ(tG) = (tG − 1) ∗ t0 + 1.

Eventually, we obtain event-based representations G
spanning the whole time axis. We denote this whole con-
version process as:

G ∈ RC×2×T0 = Event(X) . (8)

Construction of an SNN with spiking neurons. After
preparing the brain signals as event-based representations,
we construct an SNN with spiking neurons to process these
representations and output spikes.

The Leaky-Integrate-and-Fire (LIF) model (Burkitt 2006;
Hunsberger and Eliasmith 2015) is a widely used neuron
model in SNNs. The discrete LIF equations are given by:

ut = vt−1 +
1

τ
(It − vt−1) ,

st = H(ut − uth) , (9)
vt = ut(1− st) + ureset .

The spiking neuron temporally receives and accumulates the
input current It into its membrane potential ut while decay-
ing at a constant rate τ . When reaching the threshold uth,
a spike is emitted and the potential is cleared and reset to
ureset. Therefore, the neuron emits spikes sequentially, and
excludes accumulated features before each spike once one
is generated. This can enforce temporal pattern isolation for
the generation of each spike.

With the representations G = [Gt]
T0
t=1 forwarded into

our SNN in a multi-step manner, we firstly encode subject-
level information through a per-subject 1 × 1 convolutional
block, inspired by Défossez et al. (2023). Note that this
block will remain fixed and untrained for subject-agnostic
training pipelines that emit subject-level information. Then
we perform stacked convolutional blocks to refine features.
The refined features are finally linearly projected, and pro-
cessed by a LIF node to produce outputs over T0 time points,
denoted as:

{st}T0
t=1 = SNN(G) (10)
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Figure 2: Overview of our method. A) Input data includes brain signals and task labels (e.g., audio). B) S3: Brain signals are
converted into event-based representations and processed by an SNN to output spikes. Each spike triggers a segmentation point,
formulating an adaptive segmentation method S. The reset mechanism of spiking neurons excludes previous features, ensuring
temporal pattern isolation for the generation of each segmentation point. C) Brain Decoding Workflow: Brain signals and task
labels are segmented by S , then used to compute a decoding loss and task performance. The decoding loss optimizes the brain
decoder through backpropagation. D) Optimization: Pseudo-labels, representing expected segmentation points, are optimized
for improving task performance via a stochastic-greedy algorithm. These pseudo-labels supervise S3 to spike at these points.

Spike-triggered Segmentation (STS). Anytime the SNN
emits a spike at time point t (i.e., st = 1), we trigger a seg-
mentation point. Therefore, given the SNN outputs {st}T0

t=1,
we collect all segmentation points based on the spiking time
points. These segmentation points formulate an adaptive
segmentation method, denoted as:

Sa = STS
(
{st}T0

t=1

)
(11)

= {0} ∪ {θ(t) | st = 1, t ∈ [1, T0]} ∪ {T} .
Through this, we leverage the spikes to perform spike-
triggered segmentation on brain signals. Unlike fixed-length
segmentation, our approach allows the segmentation lengths
within subjects to vary adaptively based on the underlying
neural structures.

Stochastic-Greedy Pseudo-Label Optimization
Here, we describe how we optimize the whole framework.
Our brain decoding workflow can be viewed as three steps:

Step 1: Sa = Segmenter(X)

Step 2: XSa = Sa ◦X ,YSa = Sa ◦Y
Step 3: L(Sa,D) = fL

(
D(XSa),YSa

)
p(Sa,D) = fp

(
D(XSa

),YSa

)
If all steps were differentiable, the loss L could be backprop-
agated to optimize both Segmenter and decoder D. How-
ever, Step 2 is non-differentiable, creating a gradient block-
ade. As a result, only D can be optimized via standard back-
propagation, while Segmenter remains unaffected. To cir-
cumvent this gradient blockade, we introduce the stochastic-
greedy pseudo-label optimization.

Pseudo-labels to supervise Segmenter. We create
pseudo-labels at epoch N ∈ N+ as S̄N to compensate for
the lack of segmentation labels. We denote the segmentation
method produced by Segmenter at epoch N as SN . These
pseudo-labels, indicating expected segmentation points,
supervise Segmenter to spike at these time points via a
potential-driven loss from Cao et al. (2024). Through this
supervision, the segmentation method SN produced by
Segmenter aligns with these pseudo-labels S̄N . There-
fore, our target becomes optimizing the pseudo-labels
S̄N to maximize the task performance, ensuring their
effectiveness. To realize it, we propose a stochastic-greedy
algorithm, introduced below.

A stochastic-greedy algorithm to optimize pseudo-labels.
Aimed at progressively optimizing pseudo-labels for im-
proving task performance, we update them via a greedy al-
gorithm, which prioritizes the more effective candidate dur-
ing each update. Through this, we can push the pseudo-
labels to an empirical optimum that maximizes task perfor-
mance. However, a standard greedy search would probably
lead to premature convergence, yielding suboptimal perfor-
mance. Therefore, inspired by the Metropolis-Hastings algo-
rithm (Metropolis et al. 1953; Hastings 1970), our approach
implements a stochastic-greedy algorithm for pseudo-label
updates, that is:

S̄N+1 =

{SN+1 , u ⩽ α (accept) ,

S̄N , u > α (reject) ,
(12)

where

α =
p(SN+1,D)

p(S̄N , D)
and u ∼ U(0, 1). (13)
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Methods Mumtaz2016 (Mental Disorder) MentalArithmetic (Stress)

Bal Acc AUC-PR AUROC Bal Acc AUC-PR AUROC

BIOT 93.58 ± 0.52 97.36 ± 0.34 97.58 ± 0.42 68.75 ± 1.86 60.04 ± 1.95 75.36 ± 1.44
LaBraM 94.09 ± 0.79 97.98 ± 0.93 97.82 ± 0.57 69.09 ± 1.25 59.99 ± 1.55 77.21 ± 0.93
LaBraM + S3 95.10 ± 0.71 98.52 ± 0.77 98.63 ± 0.59 70.88 ± 1.10 63.03 ± 1.27 79.33 ± 0.83
CBraMod 95.60 ± 0.56 99.23 ± 0.32 99.21 ± 0.25 72.56 ± 1.32 62.67 ± 0.99 79.05 ± 0.73

CBraMod + S3 96.89 ± 0.67 99.24 ± 0.43 99.23 ± 0.22 74.89 ± 1.40 66.45 ± 1.12 83.03 ± 0.99

TUAB (Abnormal) SHU-MI (Motor Imagery)

Bal Acc AUC-PR AUROC Bal Acc AUC-PR AUROC

BIOT 79.59 ± 0.57 87.92 ± 0.23 88.15 ± 0.43 61.79 ± 1.83 67.70 ± 1.19 66.09 ± 1.27
LaBraM 82.49 ± 0.25 92.21 ± 0.15 91.56 ± 0.17 61.66 ± 1.92 67.61 ± 0.83 66.04 ± 0.91
LaBraM + S3 82.51 ± 0.28 92.21 ± 0.14 91.77 ± 0.17 63.02 ± 1.33 69.38 ± 0.91 69.72 ± 0.80
CBraMod 82.89 ± 0.22 92.58 ± 0.08 92.27 ± 0.11 63.70 ± 1.51 71.39 ± 0.88 69.88 ± 0.68

CBraMod + S3 83.03 ± 0.40 92.28 ± 0.20 92.34 ± 0.21 64.35 ± 0.97 72.36 ± 0.99 70.17 ± 0.84

Table 1: Results for binary classification tasks (unit: %).

u is a uniform random number from 0 to 1. α is the
acceptance ratio, positively correlated with segmentation
effectiveness. We quantify the segmentation effectiveness
through task performance p(S,D) to prioritize candidates
that maximize it.

In this way, we will always accept the higher-performance
candidate as new pseudo-labels (i.e., α ⩾ 1 > u), thus
achieving “greedy”. Meanwhile, candidates that degrade
task performance can still be accepted but only “stochas-
tically”. This stochastic-greedy algorithm exploits high-
performance segmentation methods as pseudo-labels to su-
pervise Segmenter, while allowing search for alternative
segmentation candidates via controlled stochastic sampling
to prevent premature convergence. Finally, Segmenter is
optimized to maximize task performance, successfully cir-
cumventing gradient blockade between them.

Iterative optimization of Segmenter and brain decoder.
To optimize the full framework, we propose a two-stage it-
erative training algorithm that jointly optimizes Segmenter
and brain decoder D. In each iteration, we first fix D
and update Segmenter to produce a segmentation method
S that maximizes task performance p(S,D). Then, we
freeze Segmenter and optimize D using the decoding loss
L(S,D) via backpropagation.

4 Experiment
Experimental Setup
Downstream BCI tasks and datasets. To comprehen-
sively evaluate the performance of our method, we select
10 downstream BCI tasks with 13 datasets. Task and dataset
summaries are presented in Table 2. Note that numbers of
samples are counted before optimization, and might change
during optimization of segmentation. Details about datasets,
head functions and evaluation metrics are displayed in Ap-
pendix C and Appendix D.

SOTA brain decoders. To evaluate the compatibility and
effectiveness of S3 with SOTA brain decoders, we select
the recently proposed EEG foundation model, CBraMod
(Wang et al. 2025), and denote our implementation upon

BCI Tasks Datasets Samples Head

I. Speech Perception Brennan2019 10,080 zero-shot
Broderick2019 13,300 zero-shot

II. Sleep Staging ISRUC 89,240 5-class
III. Emotion Recognition FACED 10,332 9-class

SEED-V 117,744 5-class
IV. Imagined Speech BCIC2020-3 6,000 5-class
V. Event Type TUEV 112,491 6-class
VI. Motor Imagery PhysioNet-MI 9,837 4-class

SHU-MI 11,988 binary
VII. Abnormal Detection TUAB 409,455 binary
VIII. Mental Disorder Mumtaz2016 7,143 binary
IX. Mental Stress MentalArithmetic 1,707 binary
X. Vigilance Estimation SEED-VIG 20,355 regression

Table 2: Overview of downstream BCI tasks and datasets.

it as CBraMod+S3. For Task I, we benchmark S3 against
three SOTA brain decoders which are high-performing on
speech-related decoding: BrainMagick (Défossez et al.
2023), Du-IN (Zheng et al. 2024), and DeWave (Duan et al.
2023). We also include Seegnificant (Mentzelopoulos et al.
2024) which emphasizes subject-level variability. For Tasks
II–X, we choose two well-known EEG foundation mod-
els, LaBraM (Jiang, Zhao, and Lu 2024) and BIOT (Yang,
Westover, and Sun 2023), following the experimental proto-
col of Wang et al. (2025). For some tasks, we additionally
implement LaBraM+S3 to verify the generalizability of our
model across different foundation models. During seman-
tic analysis, we incorporate U-Time (Perslev et al. 2019), a
RNN-based segmentation model for reference.

Overall Performance against SOTA Brain
Decoders
Superiority. We report performance for all datasets com-
paring against SOTA brain decoders in Table 1, Table 3 and
in Appendix Table 6. Across all datasets, our model con-
sistently outperforms these brain decoders across nearly all
evaluation metrics. Notably, even when implemented with
the current leading brain decoder, CBraMod, our model still
yields further performance gains. In some datasets such as
SEED-VIG and Broderick2019 where subject-level variabil-
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Methods Brennan2019 (Speech) Broderick2019 (Speech)

Top-10@50 10@All Top-10@50 10@All

BrainMagick 75.18 ± 2.69 26.33 ± 2.57 76.17 ± 1.53 19.66 ± 0.69
Du-IN 80.84 ± 2.55 26.93 ± 2.54 78.33 ± 1.01 20.88 ± 0.51
DeWave 76.32 ± 3.01 20.83 ± 3.12 74.80 ± 1.88 16.79 ± 0.61
Seegnificant 74.81 ± 3.32 22.79 ± 2.90 73.89 ± 1.76 19.05 ± 0.69

CBraMod 81.23 ± 2.96 22.01 ± 2.07 75.36 ± 1.34 20.89 ± 0.68

CBraMod + S3 85.73 ± 2.53 29.31 ± 1.46 82.02 ± 0.73 22.55 ± 0.51

Methods SEED-VIG (vigilance estimation)

Correlation R2 Score RMSE ↓

BIOT 59.96 ± 1.82 25.43 ± 0.73 27.42 ± 0.29
LaBraM 59.31 ± 0.98 24.32 ± 0.85 27.62 ± 0.48
LaBraM + S3 61.38 ± 0.90 27.67 ± 0.71 27.01 ± 0.55
CBraMod 64.59 ± 0.98 33.65 ± 0.68 25.87 ± 0.39

CBraMod + S3 68.01 ± 0.67 37.53 ± 0.61 25.10 ± 0.30

Table 3: Results for zero-shot prediction tasks (left) and regression tasks (right) (unit: %).

Datasets Adaptive (s) STD/Mean (%) Fixed (s)
Brennan2019 3.1 ± 1.2 38.7* 3
Broderick2019 3.3 ± 1.6 48.5* 3
ISRUC 29.3 ± 1.0 3.4 30
FACED 31.0 ± 13.1 42.3* 30
SEED-V 1.0 ± 0.4 40.0* 1
BCIC2020-3 3.1 ± 0.3 9.7 3
TUEV 4.9 ± 2.1 42.9* 5
PhysioNet-MI 4.1 ± 1.5 36.6* 4
SHU-MI 3.9 ± 0.5 12.8 4
TUAB 9.1 ± 4.5 49.5* 10
Mumtaz2016 3.0 ± 0.2 6.7 3
MentalArithmetic 2.9 ± 0.1 3.4 3
SEED-VIG 8.2 ± 4.8 58.5* 8

Table 4: Segmentation lengths of adaptive- and fixed-length
methods. The symbol * marks STD exceeding 30% of Mean,
indicating aggresive searching during adaptive-length seg-
mentation.

ity is prominent, our approach achieves significant improve-
ments, demonstrating its ability to effectively capture and
adapt to inherent subject-level variability within brain sig-
nals. For other datasets, our model maintains strong perfor-
mance of CBraMod while offering different levels of en-
hancements.

Generalizability. In addition to CBraMod, we also im-
plement our model on another well-recognized SOTA EEG
foundation model, LaBraM, to evaluate its generalizabil-
ity. We report results of LaBraM+S3 in Table 1 and Ta-
ble 3. Across all datasets, our model consistently improves
performance, demonstrating its effectiveness upon LaBraM.
Therefore, our method exhibits a certain degree of general-
izability across SOTA EEG foundation models.

Effectiveness of Adaptive Segmentation across
Tasks and Subjects
Cross-task. To analyze task-specific variability, we report
the average lengths and standard deviations (STDs) of data
segments in Table 4, comparing them with the fixed-length
settings in Défossez et al. (2023) and Wang et al. (2025).
Adaptive mean lengths are generally consistent with fixed-
length segmentation. This indicates that our model inherits
and exploits segmentation preferences of the brain decoder.
In contrast, STDs vary significantly by task. This reflects
that our model adopts different searching strategies for ef-
fective segmentation points: 8/13 tasks with STDs exceeding
30% of the mean indicate aggressive searching, while others

reflects conservative searching. For example, sleep staging
EEG (i.e., ISRUC) with stable patterns yields low STDs,
while speech EEG (i.e., Broderick2019) with diverse pat-
terns yields high STDs. This behavior highlights our model’s
ability to adapt to inter-task variability, to more effectively
capture intra-task neural characteristics.

Cross-subject. To investigate subject-specific variability,
we randomly select six subjects from each of three datasets.
These datasets all exhibit notable subject-level variability,
which has been studied by other works (Défossez et al.
2023; Pérez-Velasco et al. 2022; Hwang et al. 2021). We
visualize the distributions of segmentation points and re-
port subject-level task performance of the selected subjects
in Figure 3. Our analysis reveals two key findings. First,
the selected subjects within each task exhibit distinct pat-
terns, indicating that our model effectively performs subject-
aware segmentation. Second, by presenting subject-level
performances, we demonstrate the benefits of adaptive seg-
mentation. Specifically, our model achieves higher mini-
mum, maximum, and median performance values, indicat-
ing consistent improvements across most subjects. Addition-
ally, the significantly reduced interquartile range (IQR) sug-
gests that we push subjects toward a more robust optimum,
minimizing subject-level performance variability. This re-
sult highlights our model’s capability of adaptively adjust-
ing segmentation methods to manage inter-subject variabil-
ity, aimed at robustly capturing intra-subject neural features.

High-Level Semantic Comprehension of Adaptive
Segmentation
To illustrate the interpretability of our adaptive segmenta-
tion, we examine the predictive power of decoded represen-
tation segments for various levels of semantic features in the
speech perception task. Following Défossez et al. (2023),
we train a Ridge linear regression model to predict semantic
features using the decoded representation segments gener-
ated by the brain decoder. We consider three levels of se-
mantic features from low to high: word frequency (Speer
2022), word embedding (Honnibal and Montani 2015), sen-
tence embedding (Schwenk and Douze 2017). Using five-
fold cross-validation, we compute the Pearson correlation
between the predicted and ground-truth semantic features,
with results shown in Figure 4. Across both datasets, our
model consistently achieves significantly higher correlations
for high-level semantic features (i.e., sentence embedding)
while showing little change for low-level features (i.e., word
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Figure 3: Adaptive segmentation across subjects. Left: Distribution of segmentation points for six randomly selected subjects
from each of three datasets, illustrating the model’s ability to implement subject-aware segmentation. Right: Subject-level
task performance showing that adaptive segmentation achieves higher minimum, maximum, and median values, along with a
notably reduced interquartile range (IQR), indicating improved robustness and performance across subjects.

Figure 4: Predictive power of decoded representation seg-
ments for different levels of semantic features in the speech
perception task. Error bars are the standard error of the mean
across subjects.

frequency).
Given that sentence-level embeddings are known to cap-

ture complex semantic and syntactic structures (Caucheteux
and King 2022; Hewitt and Manning 2019), the results show
that our model achieves high-level semantic comprehen-
sion during segmentation without relying on any language-
related information, showing strong interpretability.

Ablation Analysis
To assess the contribution of each component in our model,
we perform an ablation study. We adopt two backbones:
SimpleCNN and CBraMod. SimpleCNN is only composed
of stacked convolutional blocks, which can exclude inter-
ference from advanced architectures of CBraMod. We ana-
lyze them on the Broderick2019 dataset, which exhibits rich
subject-level variability and temporal patterns during speech
listening. We systematically ablate the model in the follow-
ing order: remove the per-subject convolutional block; re-
place the stochastic-greedy algorithm with a standard greedy
algorithm; remove the reset mechanism of spiking neurons;
remove the adaptive segmentation. After implementing each
modified version, we perform two-sample t-tests to assess

Methods Top-10@50 p value Top-10@All p value

SimpleCNN + S3 75.21 ± 1.79 12.13 ± 0.75

w/o per-subject conv 71.73 ± 1.59 0.01 10.03 ± 0.72 <0.01
w/o stochastic-greedy 69.03 ± 1.37 0.02 8.35 ± 0.57 <0.01
w/o reset mechanism 62.12 ± 1.39 <0.01 4.73 ± 0.42 <0.01
SimpleCNN 57.66 ± 2.05 <0.01 1.79 ± 0.39 <0.01

CBraMod + S3 82.02 ± 0.73 22.55 ± 0.51

w/o per-subject conv 81.03 ± 0.77 0.07 22.17 ± 0.47 0.26
w/o stochastic-greedy 79.93 ± 0.87 0.07 21.87 ± 0.53 0.37
w/o reset mechanism 77.13 ± 0.89 <0.01* 21.30 ± 0.57 0.14
CBraMod 75.36 ± 1.34 0.04* 20.89 ± 0.68 0.33

Table 5: Results for ablation analysis on Broderick2019
dataset (unit: %), with two-sample t-test showing statisti-
cal significance. The symbol * marks statistical significance
(i.e., p < 0.05) during CBraMod ablation analysis.

the statistical significance of performance degradation. Re-
sults are summarized in Table 5.

For SimpleCNN, all the removals lead to significant per-
formance drops (p < 0.05). For CBraMod, despite con-
sistent performance drops, only a subset of the removals
(marked with *) indicate statistical significance. This is pri-
marily due to the inherent performance contributions of
CBraMod’s architecture, as well as the relatively small dif-
ference in results between CBraMod + S3 and CBraMod
alone. Nevertheless, the results supports the conclusion that
each component of our model contributes to improved task
performance.

5 Conclusion

We propose S3, which leverages spiking neurons as an
isolating segmenter for brain signal decoding. Here, S3 is
proposed to adaptively segment brain signals, considering
subject- and task-level variability while preserving intrin-
sic brain temporal patterns. Extensive experimental results
across various tasks verify superior effectiveness, generaliz-
ability and interpretability.
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