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Abstract

EEG-based auditory attention decoding (AAD) seeks to iden-
tify which speaker a listener attends to in multi-talker “cocktail
party” settings. A central challenge is cross-subject general-
ization: neural responses vary substantially across individuals,
inducing distribution shifts across subjects; consequently, mod-
els trained in subject-dependent or mixed-subject regimes may
latch onto subject-specific cues that hinder transfer and inter-
pretation. To address this, we propose a band-gated multi-band
framework that decomposes EEG into low- and high-frequency
pathways and adaptively fuses them at the sample level to
learn attention-discriminative representations while accommo-
dating inter-individual spectral variability. We further introduce
an identity-disentangled objective that leverages confidence-
filtered pseudo-labels to perform alignment in an auxiliary
bottleneck space, encouraging a more subject-invariant bottle-
neck representation while mitigating subject-specific variabil-
ity. Evaluated on KUL, DTU, and AVED under leave-one-
subject-out protocols and two decision-window settings, our
approach achieves the best or highly competitive performance
against strong baselines. Analyses of the learned gate and rep-
resentation geometry provide qualitative support for the roles
of adaptive band reweighting and identity suppression in im-
proving robustness in cross-subject AAD. Code is available at
https://github.com/siyingtao/BDGI_for_AAD.
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Introduction

In multi-speaker environments, listeners can focus on a tar-
get talker while suppressing competing sources — a phe-
nomenon known as the cocktail party effect (Cherry, 1953).
This ability relies on auditory attention to prioritize goal-
relevant input and on working memory to maintain and con-
tinuously update the target stream under interference, offering
a naturalistic window into how cognitive control shapes au-
ditory perception. Importantly, selective listening is often
difficult in real-world communication and is central to as-
sistive hearing and clinical assessment; these challenges are
amplified by substantial inter-individual variability in auditory
attention (Tune et al., 2021) and may be especially pronounced
for older adults or individuals with hearing loss. EEG-based
auditory attention decoding (AAD) aims to infer the attended
speech stream from neural recordings, providing a noninvasive
and temporally precise readout of attention (Dai et al., 2018).
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Such neural readouts could enable future assistive hearing and
objective clinical assessment of auditory attention.

From a modeling perspective, decoding auditory attention
from EEG is challenging because attention-related signatures
are subtle and distributed: they depend on dynamic listening
context, involve cross-channel/region interactions, and unfold
over time as attention is maintained and updated. Recent
AAD systems (Cai et al., 2024; Fan et al., 2024, 2025; Tune et
al., 2021) leverage deep networks to learn stronger spatio-
temporal representations, often complemented by subject-
dependent training or calibration. Building on this trend, end-
to-end spatio-temporal models such as IFNet, DBPNet, and
DARNet (Ni et al., 2024; Wang et al., 2023; Yan et al., 2024)
further improve the ability to capture nonlinear and complex
neural dynamics beyond earlier linear pipelines. These ad-
vances have led to strong performance in within-subject or
subject-dependent scenarios, especially when some form of
per-subject calibration is available, but they do not directly
address whether attention-relevant structure transfers across
listeners without relying on listener-specific cues.

However, a complementary and scientifically crucial goal
is cross-subject generalization, where the held-out listener
remains label-free during training while unlabeled target
EEG may be used for adaptation. Cross-subject EEG de-
coding faces substantial challenges due to inter-individual
variability (e.g., physiology, sensor placement, and record-
ing conditions), which induces distribution shifts across sub-
jects (Guo et al., 2024; Huang et al., 2026; Quiñonero-
Candela et al., 2008). More critically, AAD models trained
in subject-dependent or mixed-subject regimes may inadver-
tently latch onto subject-specific cues that correlate with su-
pervision, limiting cross-subject transfer and making inter-
pretation less consistent across individuals. These observa-
tions motivate a closer examination of how to learn subject-
invariant, attention-specific representations, leading to two
key challenges: (1) building a backbone that captures trans-
ferable attention patterns under inter-individual spectral vari-
ability, and (2) designing training objectives that suppress
subject-specific nuisance variability and reduce cross-subject
distribution gaps without eroding task-relevant structure.

To address these two challenges, we propose a band-gated
multi-band framework with an identity-disentangled training
objective for cross-subject AAD. First, we decompose EEG
into complementary frequency pathways and use a lightweight
BandGate to adaptively fuse them at the sample level, en-
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abling the model to capture attention-related dynamics span-
ning time scales and frequency bands while accommodating
inter-individual spectral variability. This design is also sup-
ported by the view that functionally relevant EEG activity
often manifests as band-specific rhythmic dynamics, mak-
ing multi-band modeling a natural way to capture comple-
mentary cues (Pfurtscheller & Da Silva, 1999; Wang et al.,
2023). Second, we adopt distribution alignment to mitigate
cross-subject shifts and extend it with within-source subject-
invariant regularization, reducing identity-related variability
without collapsing task-relevant distinctions in the classifier
space (Ben-David et al., 2010; Li et al., 2018; Liang et al.,
2025). Our contributions are threefold:
• We introduce a band-gated multi-band backbone with

sample-adaptive fusion to model attention dynamics across
complementary frequency pathways, improving the extrac-
tion of transferable patterns.

• We propose an identity–disentangled objective that
strengthens cross-subject generalization by suppressing
subject-specific nuisance variability from task-relevant
structure.

• We provide systematic LOSO evaluations and anal-
yses (e.g., BandGate visualizations, ablations, and
representation-geometry inspection) across three public
datasets (KUL, DTU, AVED) and two decision windows.
The results consistently support the roles of identity sup-
pression and band-adaptive fusion in improving cross-
subject decoding.

Method
We consider cross-subject EEG-based auditory attention de-
coding (AAD), where a model must decode the attended
speaker for held-out listeners whose ublabeled EEG. In this
setting, robust decoding requires both (i) extracting generic
neural signatures of auditory attention that are consistent
across subjects, and (ii) adapting to subject-specific variability
in how these patterns are expressed across cortical regions. To
address the band-specific and temporally extended nature of
EEG dynamics as well as identity-induced distribution shifts
across subjects, we propose a framework with two compo-
nents: (i) a band-specific spatio-temporal backbone that fo-
cuses on learning generic, frequency- and scale-resolved
attention-related patterns, and (ii) an auxiliary identity-
disentangled alignment branch that helps the model adap-
tively handle subject-dependent deviations (Figure 1).

Problem Definition
Let X ∈ R𝐶×𝑇 denote an EEG segment with 𝐶 channels
and 𝑇 time points, and 𝑦 ∈ {0, 1} the attended-speaker label.
Each trial is associated with a subject identity 𝑠 ∈ S, and
subject 𝑠 induces a data-generating distributionP𝑠 over (X, 𝑦).
We observe labeled samples from source subjects S𝑆 and
unlabeled samples from held-out target subjects S𝑇 : D𝑆 =

{(X𝑖 , 𝑦𝑖 , 𝑠𝑖)}𝑁𝑆

𝑖=1,D𝑇 = {(X 𝑗 , 𝑠 𝑗 )}𝑁𝑇

𝑗=1, where 𝑠𝑖 ∈ S𝑆 , 𝑠 𝑗 ∈
S𝑇 , S𝑆 ∩ S𝑇 = ∅. We aim to learn 𝑓𝜃 : R𝐶×𝑇 → [0, 1]

that predicts 𝑝𝜃 (𝑦 = 1 | X) and generalizes from source
to unseen target subjects by extracting subject-invariant yet
attention-discriminative representations.

Band-Specific Spatio-Temporal Backbone
Band-specific temporal encoder. EEG attention responses
are known to be organized in frequency-specific, temporally
extended oscillatory patterns. To better capture such generic
neural dynamics, we first decompose raw EEG X ∈ R𝐶×𝑇 into
𝐵 band-limited components via Φband : R𝐶×𝑇 → R𝐵×𝐶×𝑇 ,
thus X(1:𝐵) = Φband (X), where each X(𝑏) ∈ R𝐶×𝑇 corre-
sponds to a pre-defined frequency band (zero-phase band-pass
filter bank, 4th-order Butterworth). This band-wise “split-
screen” design allows the backbone to focus on band-specific
yet subject-agnostic oscillatory signatures of auditory atten-
tion. For each band 𝑏, the temporal encoder Φ(𝑏)

temp : R𝐶×𝑇 →
R𝐶×𝑇 stacks multi-scale depth-wise 1D convolutions with
residual refinement to jointly model short-, medium-, and
long-range dependencies. Let {𝑘1, 𝑘2, 𝑘3} = {15, 31, 63}
and F(𝑏)

0 = X(𝑏) ; under our sampling rates, these kernels
cover progressively longer temporal contexts, allowing the
encoder to capture both transient responses and slower atten-
tional modulations in a unified manner. For 𝑚 = 1, 2, 3,

F̃(𝑏)
𝑚 = T𝑘𝑚

(
F(𝑏)
𝑚−1

)
,

T𝑘 (U) = 𝜙

(
BN

(
Conv1×1

(


𝑟∈{ 𝑘

4 ,
𝑘
2 , 𝑘}

DWConv𝑟 (U)
)))

,

F(𝑏)
𝑚 = F̃(𝑏)

𝑚 +
𝐿∑︁

ℓ=1
Rℓ

(
F̃(𝑏)
𝑚

)
,

(1)

where DWConv𝑟 is a depth-wise 1D convolution of kernel
size 𝑟 along time, BN is batch normalization, 𝜙 is a pointwise
nonlinearity, ∥ denotes channel-wise concatenation, and Rℓ

are 𝐿 stacked 1D residual blocks of kernel size 3. After 𝑀 = 3
blocks we obtain F(𝑏) = F(𝑏)

𝑀
and F(1:𝐵) = Φtemp

(
X(1:𝐵) ) ,

denoted as Flow and Fhigh in the two-band case.
BandGate and spatial attention embedding. While

the band-specific multi-scale encoder focuses on capturing
generic oscillatory patterns of auditory attention, different
subjects may emphasize these patterns in different frequency
ranges and spatial locations. To adaptively fuse bands and
aggregate spatial information in a sample-adaptive manner,
we couple a BandGate module with a spatial attention em-
bedding. Given band-specific features Flow,Fhigh ∈ R𝐶×𝑇

(two-band case), BandGate first computes a global summary
vector and a gate, then interpolates between bands:

u =
1
𝑇

𝑇∑︁
𝑡=1

[
Flow (:, 𝑡)
Fhigh (:, 𝑡)

]
∈ R2𝐶 , g = 𝜎(MLP(u)) ∈ (0, 1)𝑑 ,

F = g ⊙ Flow + (1 − g) ⊙ Fhigh,

(2)

where 𝑑 = 1 (global gating) or 𝑑 = 𝐶 (channel-wise gating),
⊙ denotes element-wise multiplication, and 1 is an all-ones
tensor broadcast to the shape of g. Intuitively, BandGate
lets the network softly shift emphasis between low- and high-
frequency components, providing a simple mechanism to ac-
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Figure 1: Overview of the proposed band-gated, identity-disentangled training framework for cross-subject auditory attention
decoding. EEG is decomposed into low/high-frequency bands, encoded by band-specific temporal encoders, and adaptive
fused via a sample-wise BandGate to form the classifier embedding h. During training only, an auxiliary alignment branch
maps h to a bottleneck representation z and optimizes (i) cross-domain class-conditional alignment between labeled source and
pseudo-labeled target samples, and (ii) within-domain subject-invariant alignment across source subject splits.

commodate inter-individual spectral variability in how atten-
tional oscillations distribute across frequencies. On top of the
fused representation F ∈ R𝐶×𝑇 , we apply a residual spatial
encoderΦspat : R𝐶×𝑇 → R𝑑ℎ with grouped 1×1 convolutions
and channel attention. Let Z0 = F. A spatial block performs

Z̃ = Dropout
(
CA

(
𝜙2 (BN2 (Conv(2)

1×1 (𝜙1 (BN1 (Conv(1)
1×1 (Z0)))))))

)
,

Z = 𝜙out
(
Z0 + Z̃

)
,

(3)

where Conv(1,2)
1×1 are grouped 1 × 1 convolutions across chan-

nels, BN1,BN2 are normalization layers, 𝜙1, 𝜙2, 𝜙out are
pointwise nonlinearities, and CA denotes channel attention.
Temporal log-power pooling and flattening then yield the pre-
classifier embedding h = Φspat (F) ∈ R𝑑ℎ , and the backbone
as a whole computes h = 𝑓backbone (X) = Φspat ◦Φgate ◦Φtemp ◦
Φband (X), on top of which the task branch applies a classifier
𝑓cls : R𝑑ℎ → [0, 1].

Identity-Disentangled Alignment Branch
To regularize subject-specific factors without corrupting task-
discriminative features, we attach an alignment branch on top
of the pre-classifier embedding h ∈ R𝑑ℎ and obtain a bot-
tleneck feature 𝜓 : R𝑑ℎ → R𝑑𝑧 , z = 𝜓(h), which is used
only for alignment. The overall identity-disentangled loss
is LIDAlign = 𝜆stLst + 𝜆subjLsubj with both terms computed
in the bottleneck space to constrain identity-sensitive varia-
tion instead of directly distorting h. We use class-conditional

maximum mean discrepancy (CMMD) (Ren et al., 2019) with
Gaussian kernel 𝑘 (a, b) = exp (− 1

2𝜎2 ∥a − b∥2
2), and its stan-

dard empirical estimator on class-specific bottleneck sets. Fol-
lowing neighboring EEG domain-alignment work (Ge et al.,
2023; Ma et al., 2025), Lst is a conventional class-conditional
source–target CMMD computed on z with high-confidence
pseudo-labels for target samples.

Within-source subject-invariant alignment. We further
propose a within-source subject-invariant alignment term that
directly targets identity-related variability inside the source
domain. Let S𝑆 be the set of source subjects, and randomly
split it into two disjoint subsets 𝐴, 𝐵 at each iteration. Given
a labeled source mini-batch B𝑆 = {(z𝑠

𝑖
, 𝑦𝑠

𝑖
)}, for each class

𝑦 ∈ Y we form Z𝑦

𝑠,𝐴
= {z𝑠

𝑖
| 𝑦𝑠

𝑖
= 𝑦, subj(𝑖) ∈ 𝐴},Z𝑦

𝑠,𝐵
=

{z𝑠
𝑖
| 𝑦𝑠

𝑖
= 𝑦, subj(𝑖) ∈ 𝐵} and define

Lsubj =
∑︁
𝑦∈Y

CMMD
(
Z𝑦

𝑠,𝐴
,Z𝑦

𝑠,𝐵

)
. (4)

By enforcing class-conditional similarity between indepen-
dently sampled subject groups 𝐴 and 𝐵, Lsubj pushes different
source subjects to share a common, subject-invariant bottle-
neck representation, while the classifier still operates on h and
retains fine-grained attention-discriminative information.

Training and Inference
The task branch applies 𝑓cls on h: 𝑦̂ = 𝑓cls (h), and
Lcls = E(X,𝑦)∼D𝑆

[
ℓCE ( 𝑓cls ( 𝑓backbone (X)), 𝑦)

]
, with binary



cross-entropy loss ℓCE. The alignment branch maps h to
z = 𝜓(h) and is optimized by LIDAlign. The full objective is

Ltotal = Lcls + LIDAlign = Lcls + 𝜆stLst + 𝜆subjLsubj. (5)

During training, both branches are jointly updated; at infer-
ence, the alignment branch is removed and predictions are
made solely by 𝑦̂ = 𝑓cls ( 𝑓backbone (X)), so deployment adds no
extra overhead beyond the backbone classifier.

Experiments
Datasets and Preprocessing
We primarily focus on KUL (Das et al., 2019), a well-
established AAD benchmark in this work, and include DTU
(Fuglsang et al., 2018) and AVED (ZHANG, ZHANG, et al.,
2024) as complementary testbeds to assess robustness under
more challenging acoustic and multimodal conditions. In all
datasets, subjects are instructed to attend to one of two com-
peting speech streams. KUL and DTU are audio-only atten-
tion decoding datasets with 16 and 18 subjects, respectively,
both recorded with 64-channel EEG and around 50 min of
data per subject. AVED is a newer and relatively small-scale
dataset that includes audio-only and audio-visual settings (10
subjects each; 32 channels), where the latter adds visual cues
by showing the attended narrator. Across datasets, we apply
a consistent preprocessing pipeline (Yan et al., 2024) includ-
ing 0.1–50 Hz band-pass filtering, standard artifact removal,
and re-referencing, and use dataset-specific resampling rates
(128 Hz for KUL and AVED, and 64 Hz for DTU).

Evaluation Protocol
We adopt a cross-subject leave-one-subject-out (LOSO) pro-
tocol. In each fold, one subject is held out as the target domain
and all remaining subjects form the source domain. Only the
unlabeled EEG of the target subject is used during training
(e.g., for computing Lst), and its ground-truth labels are used
solely for final evaluation. Following (Ni et al., 2024; Yan
et al., 2024), we use classification accuracy as the evaluation
metric. For each dataset and each decision window, we re-
port the mean and standard deviation across all LOSO folds.
Consistent with common AAD protocols, we consider both
1-second (1-s) and 2-second (2-s) decision windows.

Baselines
To assess the effectiveness of the proposed method in the chal-
lenging cross-subject setting, we compare against four repre-
sentative state-of-the-art AAD models with publicly available
implementations: SSF-CNN (Cai et al., 2021): Fuses EEG
alpha-band features with a CNN backbone for low-latency
auditory spatial attention detection. MBSSFCC (Jiang et
al., 2022): Combines multi-band differential-entropy features
with a ConvLSTM network for high-precision auditory spa-
tial attention detection without requiring auditory stimuli.
DBPNet (Ni et al., 2024): Uses a dual-branch parallel ar-
chitecture (temporal-attention branch and frequency-residual
branch) to jointly model temporal, spectral, and spatial EEG

characteristics. DARNet (Yan et al., 2024): Captures spatio-
temporal patterns and long-range dependencies in EEG via
spatio-temporal construction, dual-attention refinement, and
multi-level feature fusion modules.

Implementation Details
For the backbone, we adopt a two-band (𝐵=2), zero-phase
filter-bank front-end to obtain low- and high-band EEG sig-
nals. Specifically, we use a 4th-order Butterworth band-pass
filter with forward–backward filtering (filtfilt). The low band
is set to [4, 16] Hz and the high band to [16, 40] Hz; for DTU,
the high band is adjusted to [16, 31] Hz to avoid a cutoff too
close to the Nyquist limit under its sampling rate. Unless oth-
erwise specified, we instantiate BandGate as a global scalar
gate (𝑑=1) in all experiments. The temporal encoder uses
multi-scale kernels {15, 31, 63}, and the spatial extractor out-
puts a 𝑑ℎ=48-dimensional embedding h. Dropout with rate
0.2 is applied in the spatial block. For the loss and optimiza-
tion, we set the bottleneck dimension to 𝑑𝑧 (default 𝑑𝑧=48 un-
less otherwise noted) and use class-conditional MMD losses
Lst and Lsubj with a Gaussian kernel. Training uses a fixed
configuration across all datasets for fairness and efficiency:
batch size of 128, up to 100 epochs, and the Adam optimizer
with a learning rate of 1× 10−3 and weight decay of 3× 10−4.
The IDAlign loss is activated after epoch 2 using a warm-up
schedule that gradually ramps its weight to 𝜆st and 𝜆subj. All
experiments are conducted on a workstation equipped with
NVIDIA A40 GPUs (48 GB memory).

Results
Comparison with Prior Art
Table 1 summarizes cross-subject AAD accuracy. Overall,
our band-gated, identity-disentangled framework achieves the
best or highly competitive performance across datasets and
window settings with a compact parameter budget, transfer-
ring well from earlier audio-only benchmarks (KUL, DTU)
to the more recent AVED dataset. (1) On the two audio-
only datasets KUL and DTU, our method consistently out-
performs prior deep-learning baselines. On KUL, it improves
over DARNet for both 1-s and 2-s windows (72.5% vs. 69.9%,
73.8% vs. 71.9%) with only 0.335M parameters. On DTU, it
attains the highest mean accuracy for both 1-s and 2-s win-
dows (58.3% and 58.4%), significantly outperforming the
best prior baseline while remaining much smaller than MB-
SSFCC. These results indicate strong cross-subject transfer
with a small backbone and highlight the benefit of combining
band-specific modeling with identity-disentangled alignment.
(2) On the more recent AVED (audio-only) split, our model
is on par with the best baseline DBPNet, being slightly better
at the 1-s window (52.5% vs. 52.1%) and slightly worse at the
2-s window (52.6% vs. 53.3%), suggesting that the gain of the
proposed alignment is smaller under the current setup. (3)
On AVED (audio-visual), a more challenging setting with
additional visual stimulation, our method achieves the best
performance at both 1-s and 2-s windows (54.8% and 54.3%),



Table 1: Cross-subject AAD accuracy (%, mean±std over LOSO subjects) on KUL, DTU, and AVED (audio-only / audio-visual)
under 1-second and 2-second decision windows. “Params” denotes trainable parameters. Best results are highlighted in bold.
*: 𝑝 < 0.05 vs. the best prior baseline across LOSO folds.

Method Venue Params (M) KUL (audio-only) DTU (audio-only) AVED (audio-only) AVED (audio-visual)

1-second 2-second 1-second 2-second 1-second 2-second 1-second 2-second

SSF-CNN EMBC’21 4.21 59.3±6.69 60.8±8.40 52.3±3.50 53.4±4.16 51.7±0.85 52.5±1.55 52.4±2.29 53.8±2.27
MBSSFCC Neural Eng’22 83.91 62.7±8.08 64.7±8.62 52.5±4.35 53.9±5.80 52.2±1.52 52.7±1.87 52.8±1.57 54.1±1.86
DBPNet IJCAI’24 0.91 61.1±8.26 62.3±7.37 55.5±6.33 55.8±6.11 52.1±1.19 53.3±1.88 53.3±2.39 54.0±1.61
DARNet NeurIPS’24 0.08 69.9±11.82 71.9±13.01 55.6±4.13 55.6±4.04 51.3±0.21 52.1±1.54 51.4±0.32 52.6±0.29

Ours (full) – 0.335 72.5*±10.64 73.8*±11.06 58.3*±3.95 58.4*±3.71 52.5±1.10 52.6±1.43 54.8*±1.92 54.3*±2.97
① Ours w/o low band 71.6±10.41 73.2±11.10 57.6±3.71 57.8±4.17 51.9±1.16 51.6±1.95 53.0±2.16 53.0±2.16

Backbone ② Ours w/o high band 61.8±4.96 62.8±4.99 57.3±4.58 57.2±3.85 51.6±0.07 52.1±1.04 53.3±1.98 53.4±2.13
③ Ours w/o gate 71.2±10.74 73.2±10.62 57.3±4.65 57.8±4.65 51.4±0.85 51.8±1.55 53.7±2.45 53.1±2.17

④ Ours w/o IDAlign 71.5±10.26 72.4±10.29 55.9±3.70 56.4±5.01 51.7±1.45 52.1±1.29 53.5±1.18 53.8±1.79
Domain loss ⑤ Ours w/o subj 72.4±10.38 71.4±11.42 57.5±3.68 57.1±4.02 52.4±1.38 52.4±1.51 53.8±2.24 52.9±2.07

⑥ Ours w/o st 71.2±10.33 71.7±10.48 57.5±3.81 57.8±3.50 52.2±1.50 51.3±2.01 53.9±2.16 53.6±2.89

outperforming all baselines and suggesting that the method
remains competitive when additional visual cues are present.
Across all datasets, the relative ranking of methods remains
largely stable between 1-s and 2-s windows, suggesting that
our gains are not window-specific but instead reflect more
reliable cross-subject generalization.

Ablation Analysis
Network structure ablations. Unless stated otherwise, all
ablations follow the same LOSO protocol, preprocessing, and
optimization settings as the full model; we only remove the
specified component/loss. Table 1 reports results for backbone
ablations (①–③) and domain-loss ablations (④–⑥).

• Backbone ablations (①–③). We assess the low-/high-band
pathways and BandGate fusion. On KUL, removing the
high-band pathway output Fhigh (②) yields a pronounced
drop (72.5/73.8 → 61.8/62.8 for 1-s/2-s), while removing
the low-band pathway output Flow (①) slightly affects per-
formance (72.5/73.8 → 71.6/73.2), indicating that high-
band high-band cues appear particularly informative under
the current preprocessing and evaluation setting. Across
DTU and AVED, ablating either band (① or ②) causes
moderate but consistent degradations (typically ∼0.5–1.8
points; e.g., DTU 58.3/58.4 → 57.6/57.8 or 57.3/57.2),
suggesting complementary contributions from low and high
frequencies for cross-subject robustness. Moreover, replac-
ing adaptive gating fusion (Eq. 2) with a non-gated variant
uniform fusion (equal weight for both bands) (③) further
reduces accuracy across datasets (e.g., DTU: 58.3/58.4 →
57.3/57.8; AVED-AV: 54.8/54.3 → 53.7/53.1), supporting
sample-adaptive reweighting between bands.

• Domain-loss ablations (④–⑥). We analyze IDAlign loss
design. Removing LIDAlign entirely (④) consistently harms
cross-subject generalization across all settings, including
KUL (72.5/73.8 → 71.5/72.4) and with the most evident
drop on DTU (58.3/58.4 → 55.9/56.4), confirming that re-
ducing identity-related bias provides a large empirical gain.
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Figure 2: Grid search of IDAlign weights (𝜆st, 𝜆subj) on KUL.
Heatmaps show mean accuracy under 1s and 2s windows.

Ablating either term alone—subject-invariant alignment
term Lsubj (⑤) or source–target alignment term Lst (⑥),
both recovers part of the gain but remains below the full ob-
jective (e.g., DTU: 57.5/57.1 and 57.5/57.8 vs. 58.3/58.4),
indicating complementary effects across datasets and de-
cision windows. Thus, IDAlign loss branch provides the
primary cross-subject benefit, while the band-specific back-
bone and gated fusion contribute additional, consistent im-
provements.

IDAlign loss sensitivity ablation. We analyze the sensitivity
to the IDAlign weights (𝜆st, 𝜆subj) in Eq. 5, which scale the
two alignment terms. On KUL (LOSO), Figure 2 reports a
5 × 5 grid search for w1 (1s window, left) and w2 (2s win-
dow, right). Overall, the heatmaps exhibit a broad region of
competitive performance, indicating that IDAlign is not overly
sensitive to a specific weight choice. For the w1, the best accu-
racy is achieved with moderate-to-large weights (e.g., around
𝜆st=0.5–0.7 and 𝜆subj=0.7–0.9, while the worst setting is only
moderately lower (0.708 vs. 0.725), suggesting a relatively
smooth response surface. For the w2, the optimum occurs
at (𝜆st, 𝜆subj) = (0.7, 0.1) with 0.739 accuracy, and several
nearby configurations yield similarly strong results. Compar-
ing w1 and w2, w2 shows a slightly flatter landscape with
multiple near-optimal regions, implying reduced sensitivity
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Figure 3: BandGate on KUL (LOSO): (G1) subject-wise gate
distribution; (G2) gate vs. log band-energy ratio.
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Figure 4: Electrode-level Pearson correlation between the
learned BandGate coefficient g and the log band-energy ratio
𝑟𝑐 on KUL (left: training, right: held-out).

when more temporal evidence is available.

Visualization Analysis
BandGate Visualization. To interpret the learned band-
fusion behavior, we visualize the learned BandGate coeffi-
cient g (Eq. 2). Overall, rather than acting as a fixed preference
for a specific band, BandGate adaptively reweights low/high-
band features conditioned on sample-level characteristics. (1)
In Figure 3, G1: Subject-wise distribution. Gate values vary
systematically across training subjects yet remain in a bounded
mid-range without collapsing to 0 or 1, indicating stable soft
fusion rather than a hard switch. G2: Beyond a power-ratio
proxy. The relationship between g and the log band-energy ra-
tio log(𝐸low/𝐸high) is correlated but clearly non-monotonic,
with substantial variability of 𝑔 even at similar ratios, sug-
gesting that gating is not a trivial power-ratio heuristic. The
held-out subject largely overlaps with the training range in
both G1 and G2, implying that the learned gating policy gen-
eralizes beyond training identities. (2) In Figure 4, electrode-
wise correlations between g and 𝑟𝑐 = log(𝐸 (𝑐)

low/𝐸
(𝑐)
high) ex-

hibit non-uniform but spatially structured scalp patterns and
remain smooth on the held-out subject, indicating that gat-
ing leverages localized spatio-spectral variations rather than
global power alone. Differences between training and held-
out topographies suggest subject-adaptive yet bounded fusion
rather than noise-driven decisions.
Domain Bottleneck and Identity Suppression. To verify
that our alignment branch suppresses identity nuisance factors
without disrupting the task-discriminative geometry, we visu-
alize the pre-classifier embedding h and the domain bottleneck
representation z on KUL using UMAP (Figure 5). The four
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Figure 5: UMAP on KUL contrasting h (a,b) and z (c,d).
Subject coloring is shown in (a,c) and domain coloring in
(b,d), illustrating stronger subject-wise structure in h and more
mixed subject structure in z.

panels contrast subject-wise structure and source/target mix-
ing in h vs. z. In Figure 5(a), UMAP on h colored by subject
shows clear subject-dependent structure, indicating that ℎ still
carries identity-related cues. Consistently, Figure 5(b) col-
ored by domain reveals an evident separation between source
and target samples, suggesting distribution shift is present in
the discriminative space. In contrast, when projecting the
bottleneck z, subject-wise clustering largely disappears (Fig-
ure 5(c)), and source/target samples become well mixed (Fig-
ure 5(d)). These results support our design choice: z serves as
an identity-suppressed alignment space to reduce domain bias,
while h remains responsible for task discrimination, thereby
decoupling alignment from classifier embedding.

Conclusion
In this paper, we study cross-subject EEG-based audi-
tory attention decoding (AAD), where generalization re-
mains challenging due to substantial inter-subject variabil-
ity and identity-related confounds. We propose a band-
gated, identity-disentangled framework that couples sample-
adaptive band fusion with an alignment objective to improve
cross-subject transfer while reducing identity-related discrep-
ancies. Experiments on three public AAD datasets (KUL,
DTU, and AVED) under the LOSO protocol demonstrate
strong and consistent cross-subject performance across de-
cision windows. Ablation and visualization analyses further
provide qualitative support for the proposed design, suggest-
ing that the alignment objective contributes a large empirical
gain and that identity-related structure is reduced in the bot-
tleneck representation z while h remains the classifier-facing
representation. Overall, our results suggest that explicitly re-
ducing identity-related variability in an auxiliary bottleneck
space can improve cross-subject transfer in AAD and provide
preliminary qualitative evidence for more interpretable band-
selection behavior. A natural next step is to explore test-time
adaptation for cross-subject AAD under realistic distribution
shifts.
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