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ABSTRACT

Cross-subject EEG decoding promises more training data, but it also exposes neural networks to strong inter-
subject distribution shifts. We study whether task supervision and architecture alone can learn subject-aligned
representations. We replace a shared EEG encoder with subject-specific encoders followed by a common classifier,
and compare this hybrid model with standard EEGNet, AttentionBaseNet, and CTNet baselines with Euclidean
Alignment (EA) on four motor-imagery datasets. EA improves shared encoders by recentering subject covariances,
but the hybrid encoder largely internalises this role: validation-loss curves and latent-distance analyses change
little when EA is removed. Subject-specific heads increase class distinctiveness and place each subject close to
its own latent manifold, improving most subjects while leaving a method-sensitive subset. These results support
subject-specific encoders as a learned alignment mechanism for EEG decoding and identify head selection for
unseen subjects as the remaining bottleneck.

1 Introduction
Brain decoding is an exciting yet challenging application of machine learning that aims at translating recordings of
brain activity into their corresponding mental states1, 2. These systems have broad applications, including emotion
recognition, sleep staging, and brain-computer interfaces (BCIs). In the latter, the objective is often to decode
imagined movements from brain signals, typically represented using electroencephalography (EEG) because of its
portability, high temporal resolution, and relatively low cost, making it well-suited for practical use3.

Traditional EEG decoding pipelines divide this process into preprocessing, feature extraction, and classification
stages, relying heavily on task-specific engineering decisions rather than data-driven representation extraction4–6.
Separating feature extraction from the main classification objective may discard task-relevant information before the
predictive objective can shape the representation, and could benefit from a more automatic approach. Deep learning
techniques are currently driving a shift in this direction7. Initially established in computer vision, deep learning is
an automatic feature extractor that learns discriminative representations directly from raw data8. Applied to EEG,
end-to-end architectures jointly optimize representation learning and classification, producing compact, task-relevant
embeddings without handcrafted features.

Despite this progress, deep learning performance scales with the volume of available training data9. This collides
with a primary bottleneck in EEG-based brain decoding: data scarcity10. Because each subject contributes few EEG
trials11, reliable models usually need data from multiple subjects or datasets.

Aggregating EEG data, however, introduces new challenges. Different datasets frequently use distinct recording
hardware, montages, and sampling frequencies, making standardization difficult12. EEG activity patterns themselves
depend on the neuroanatomy and cognitive state of the individual at the instant of the recording, making them highly
subject-specific2, 13, 14. Because deep neural networks typically assume that all training and test samples are drawn



from the same underlying distribution, models trained using multiple subjects often suffer from negative transfer15,
failing to learn a unified mapping because the training data lie on different manifolds. The field therefore faces a
trade-off: multi-subject data is needed for scale, but pooling subjects can damage transfer.

Domain adaptation methods aim to reduce these shifts, with some acting at the preprocessing level16–18. For
instance, Riemannian geometry-based techniques17–19 apply linear and non-linear transformations on the covariance
representation of samples, but operate in covariance space and do not naturally extend to raw time-series inputs.
Euclidean Alignment16 is a technique designed for EEG time series, but it still consists of a simple rigid recentering
of the data20, which, while effective, may be insufficient to capture the full complexity of inter-subject variability.

End-to-end training also allows deep domain adaptation (DDA) methods to place alignment inside the learning
objective21–26. Zhong et al.24 introduce a CORAL-based loss for minimizing statistical differences, while other
methods use an adversarial objective to make representations domain-invariant22, 23. These methods, however,
assume that target data is available during training, which is not always feasible to obtain. The work of Wei et al.21

also explores Deep domain adaptation, developing a Separate-Common-Separate (SCSN) modification to Shallow
FBCSP Net27 to extract common features across domain subjects. This work, however, focuses solely on training
adaptation, not extending its analysis to a novel target distribution. Closest to our motivation,25 align subjects in the
model’s latent space rather than at the input; we instead factorise this latent alignment into per-subject encoders
trained end-to-end.

Building on these ideas, we ask whether task supervision alone can induce cross-subject alignment when the
architecture explicitly factorizes subject-specific transformations. Inspired by the standard EEG processing pipeline,
we decompose the common feature extractor–classifier deep learning model structure by introducing subject-specific
encoder heads that project each individual’s EEG into a shared latent space, which is then passed to a common
classification module. The aim is to learn a subject-tailored filter for each training subject.

This structure imposes a strong inductive bias: each head projects the subject into an individual manifold, while
the joint classification objective creates pressure to align those projections for a unified classification space. Beyond
cross-subject decoding performance, we aim to study how this architectural and task pressure reshapes the geometry
of the latent space and the conditional class distributions, and we examine how such a structure can be adapted at
test time for unseen subjects, along with the limitations of the design. We find that EA yields per-subject accuracy
gains across backbones, that the subject-specific encoders largely reproduce EA’s recentring from task supervision
alone, and that they sharpen class distinctiveness for source subjects while leaving head selection for unseen subjects
as the main bottleneck.

2 Methodology

2.1 EEG decoding notation
Let S = {(Xi,yi,si)}N

i=1 denote the sampled EEG dataset. Each EEG trial Xi ∈ RC×T is a multichannel epoch
recorded from C electrodes over T time samples, yi ∈ Y is its class label, and si ∈ {1, . . . ,K} is its subject index. For
subject k, we write the subject-specific sample as

Sk = {(X
(k)
i ,y(k)i )}nk

i=1.

All experiments are binary motor-imagery or motor-execution decoding problems with Y = {0,1}; the concrete
event pair is dataset-dependent and is specified in the dataset paragraph below.

EEG decoding can be formulated as a supervised classification problem: learn a mapping f : X → Y that
associates brain activity with the corresponding mental state28.

Within a deep learning framework, this mapping is approximated by a parametric model fθ . Given a training
split Str, its parameters are optimized by minimizing the empirical risk

R̂(θ) = 1
|Str| ∑

(Xi,yi)∈Str

ℓ( fθ (Xi),yi) , (1)

where ℓ is the supervised classification loss. We use this objective before adding subject-specific parameters.
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End-to-end EEG classifiers often mimic signal-processing pipelines by separating representation extraction from
classification29–31. We write the encoder as

eφ : X →Z, (2)

which maps a raw EEG trial to a latent representation zi = eφ (Xi) ∈ Z . The classifier is

hψ : Z →Y, (3)

and the full model is

fθ = hψ ◦ eφ . (4)

During training, feature extraction and classification are optimized together, so the objective can preserve
task-relevant structure that a manual feature pipeline may discard32.

2.2 Subjects as domains
Following the definition in33, a domain consists of a feature space and a marginal distribution over that space, while
a task consists of a label space and the predictive function to be learned. We denote by Sk the finite sample set of
subject k and the domain by

Ωk =
(
X ,Pk(X)

)
.

The associated subject-level prediction task is described by τk = (Y,qk(y | X)).
In transfer-learning terms, each leave-one-subject-out fold selects one target subject t and treats all other subjects

as sources. We denote the subject index set by I = {1, . . . ,K} and the source set for target t by I−t = I \{t}. The
source data are S−t =

⋃
k∈I−t

Sk, while the target data St are held out from model pre-training. The goal is to use the
labelled source domains {Ωk : k ∈ I−t} to learn a model that transfers to Ωt with only a small labelled calibration
set from the target subject.

Traditional EEG decoding often assumes that training and testing samples are drawn from the same domain34.
EEG signals violate this assumption because physiology, electrode placement, and non-stationarity vary across
subjects35.

In a single study, X and Y are typically shared across subjects, but the distributions differ. We distinguish two
discrepancies:

• Covariate shift: the marginal distributions differ, Pi(X) ̸= Pk(X) for subjects i ̸= k, even when the task
remains fixed.

• Concept shift: the conditional label distributions differ, qi(y | X) ̸= qk(y | X), so the same observed pattern
may map to different labels across subjects.

Under these conditions, a single shared encoder e assumes that one input transformation fits every subject. This
may fail when inter-subject variability is large.

Figure 1 shows the scale of this gap: the between-subject shift is much larger than the within-subject, between-
session shift, even though the task and recording protocol are the same.
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A. B.

Left hand Right hand

Figure 1. The between-subject domain gap is larger than the within-subject one. Two-dimensional projection
of raw spatial-covariance features; marker shape encodes class (circle = left hand, cross = right hand). The two
panels use different colour pairs because they compare different things. (A) Within-subject: the two sessions of one
subject, coloured by the source/target role (orange source session 1→ purple target session 2). The sessions overlap
heavily; the within-subject covariate shift, while non-zero, is small. (B) Between-subject: two different subjects
(subject 1 and subject 3), each shown in its own subject colour. The two clouds are clearly separated, even though
both subjects performed the same motor-imagery task with the same recording montage. This between-subject
separation is the source of the negative-transfer problem motor-imagery decoders face when trained on pooled
multi-subject data, and motivates both the alignment and architectural strategies developed in Sections 2.2–3.6.

2.3 Euclidean Alignment
One strategy to mitigate inter-subject shifts is to apply transformations that align the distributions of EEG signals
across domains. A widely used approach in EEG-based deep learning pipelines is Euclidean Alignment (EA)16.

EA aims to reduce covariate shift by recentering each subject with respect to its mean covariance matrix36. Let
X(k)

i ∈ RC×T denote the i-th EEG trial recorded from subject k. Each trial is represented by its spatial covariance
matrix

Σ
(k)
i =

1
T

X(k)
i X(k)

i
⊤
.

The average covariance matrix for subject k is the Euclidean mean

Σ̄
(k) =

1
nk

nk

∑
i=1

Σ
(k)
i . (5)

EA then whitens each trial using the inverse square root of this mean covariance matrix:

X̃(k)
i =

(
Σ̄
(k))−1/2X(k)

i . (6)

The transformation is estimated independently for each subject and does not use class labels. In the experiments
below, EA is therefore a subject-level preprocessing condition: the EA runs use X̃(k)

i , while the NoEA runs use the
same preprocessed trials before this whitening step.
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Covariance matrices belong to the space of symmetric positive definite (SPD) matrices4, 37. Under the affine-
invariant Riemannian metric (AIRM) ρ , EA recentres each subject’s covariance distribution around the identity:

ρ

(
Σ
(k)
i , Σ̄(k)

)
= ρ

((
Σ̄
(k))−1/2

Σ
(k)
i

(
Σ̄
(k))−1/2

, IC
)
. (7)

Equation 7 is written in covariance space, but the same whitening matrix can be applied directly to the EEG
trials. EA can therefore be inserted before a deep EEG model.

2.4 Multi-head architecture
Although Euclidean Alignment reduces inter-subject variability, it only recenters the covariances, and may leave
other subject-specific patterns unchanged19.

To address this, we explore whether the architecture itself can learn subject-specific transformations during
end-to-end training. Inspired by the standard feature extractor-classifier model structure commonly used in EEG
decoding30, 38, we replace the shared feature extraction encoder with a set of subject-specific encoders, while keeping
a single shared classifier:

f (k)
θ

(X) = hψ

(
e(k)

φk
(X)

)
,

where e(k)
φk

is the encoder specialized for subject k, and hψ is the classifier shared across all subjects. Figure 2 shows
a diagram of the proposed structure. For a target fold t, the trainable hybrid parameter set is

Θ−t = {ψ,{φk : k ∈ I−t}} .

The shared baseline is recovered by replacing the encoder bank with a single encoder eφ used for every source
subject.

Each encoder can learn nonlinear subject-specific transformations of the raw EEG. The shared classifier keeps
those representations compatible with one decision boundary, so the classification loss can act as an implicit
alignment signal.

Using this framework, we investigate four main questions:

1. Can subject-specific encoders capture characteristic subject-dependent patterns in EEG signals?

2. Does the multi-head structure produce latent representations that are better aligned across subjects?

3. How do these representational changes affect cross-subject decoding performance?

4. How does the proposed structure compare to the original backbone architectures?

2.5 Training and target-subject adaptation
Model training is divided into two stages: pre-training and fine-tuning.

During pre-training, each optimization step samples one mini-batch Bk per source subject k ∈ I−t and routes it
through the corresponding subject-specific encoder, as shown in Figure 2. The training objective for one target fold
is

min
Θ−t

1
|I−t | ∑

k∈I−t

1
|Bk| ∑

(X,y)∈Bk

ℓ
(

hψ(e
(k)
φk
(X)),y

)
. (8)

Gradients from all subject losses accumulate in the shared classifier, while each encoder receives gradients only
from its own subject. We update the model only after all subject batches have been processed. The delayed update
balances the shared classifier gradient across subjects while each encoder specializes in one subject.
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Source training yields one shared classifier and one encoder per source subject. The encoders can be reused for
their own subjects or transferred to a new subject.

For a held-out target subject, we initialize a target encoder from one of the pretrained source encoders and
combine it with the shared classifier. Let Ct ⊂ St be the first 48 labelled calibration trials of the target subject and let
Tt = St \Ct be the held-out target evaluation trials. We select the source head

k⋆(t) = argmax
k∈I−t

BACt

(
hψ ◦ e(k)

φk

)
, (9)

where BACt is balanced accuracy on the calibration set. The selected encoder initializes the target branch by copying
its weights, φt ← φk⋆(t). This target branch is then fine-tuned on Ct and evaluated on Tt . This is a low-calibration
setting: head selection uses only target calibration data, while the oracle head reported in the results is an upper
bound.

2.6 Models and data splitting
We use EEGNet30, AttentionBaseNet (AttnBNet)38, and CTNet39 as backbones because all three are compact EEG
decoders used for motor imagery, spanning a purely convolutional model, an attention-augmented convolutional
model, and a convolutional-transformer model.

EEGNet is a CNN architecture for EEG classification. It uses depthwise and separable convolutions to mimic
traditional EEG feature extraction, such as spatial filtering and filter-bank construction, before the final classification
layer.

AttentionBaseNet is a compact attention-based backbone for motor-imagery EEG decoding that combines
learned temporal filters with an attention module before classification.

CTNet is a convolutional-transformer backbone that uses an EEGNet-style convolutional stem to extract local
spatial-temporal features, followed by a multi-head self-attention encoder that models global dependencies before
classification.

We compare each backbone in its original shared-encoder form and in the hybrid extension, both with and
without EA. This separates preprocessing alignment (EA versus NoEA) from architectural alignment (shared encoder
versus subject-specific encoders). For the mechanism analyses, we also include a center-loss hybrid variant when
available.

Figure 2 illustrates the use of the trained subject-specific heads to initialize a new head for a target subject before
fine-tuning.
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train multi-head

ŷ

A. B.

select best by
calibration score

ŷ

ŷ

ŷ

B.

sub_1

sub_2

sub_n

sub_test

sub_1

sub_2

sub_n

source-trained encoder
(fine-tuned on target)

fine-tune on target

Figure 2. Overview of the proposed adaptation strategy for unseen subjects. After training the multi-head model,
each subject-specific encoder is combined with the shared classifier to form an individual initialization candidate.
These candidate models are evaluated using calibration data from the target subject, and the best-performing
initialization is selected for further fine-tuning.

We train both shared and hybrid models with leave-one-subject-out (LOSO) splits. For each target subject t,
no trial from St is used during pre-training. Within each source subject, we split trials into 80% training and 20%
validation while preserving the subject assignment. Model checkpoints are selected based on source validation
performance; target calibration trials are used only after pre-training for head selection and fine-tuning.

2.7 Datasets
For our experiments, we used dataset IIa from BCI Competition 201440 (BNCI2014-001), dataset I from BCI
Competition 201541 (BNCI2015-001), High-Gamma27 (Schirrmeister2017), and the motor-imagery dataset from Yi
et al.42 (Weibo2014), all available through MOABB43.

BNCI2014-001 is a motor imagery (MI) dataset with four tasks (left hand, right hand, both feet, and tongue) and
data from 9 healthy subjects, sampled on 22 channels and with a frequency of 250 Hz. The recordings are divided
into two sessions on different days, with each session comprising six runs of 12 trials per class. We use the binary
left-hand versus right-hand subset. BNCI2015-001 is included as a second BCI Competition ERD/BCI benchmark.
The MOABB version used here contains 12 subjects and two events, right hand and feet; we therefore use that binary
task directly.

Schirrmeister2017 contains motor execution (ME) data with four classes (left hand, right hand, both feet, and
rest) from 14 healthy subjects. It consists of two sessions with around 880 per subject in total, with variation across
subjects. It is divided into training and testing sessions and was originally sampled using 128 channels at 512 Hz.
We use the binary left-hand versus right-hand subset. Subject 1 has only 240 trials, so we excluded it and limited the
remaining subjects to the first 408 trials to keep batches balanced across subjects.

Weibo2014 contains data from 10 subjects and seven motor imagery conditions in MOABB: left hand, right
hand, both hands, feet, compound hand-foot imagery, and rest. We use the same binary left-hand versus right-hand
subset used for the other left/right datasets.

Apart from the Schirrmeister2017 trial balancing, we used standard motor-imagery preprocessing43, 44: 8–32Hz
band-pass filtering with overlap-add, resampling to 250Hz, and selecting the 22 BNCI2014-001 channels40 for
Schirrmeister2017 and Weibo2014.

2.8 Evaluation metrics and representation diagnostics
The primary decoding metric is balanced accuracy on the held-out target trials,

BA =
1
|Y| ∑c∈Y

TPc

TPc+FNc
, (10)
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which weights the two classes equally and makes the score comparable across datasets and subjects. For the hybrid
model, +hybrid denotes the head selected by Eq. 9, whereas +hybrid* denotes the oracle head selected by
the target test score. The oracle is reported only to quantify how much performance remains available to a better
non-oracle head-selection rule. We summarise paired across-subject comparisons with the Wilcoxon signed-rank
test, report Wilson score intervals on win-rates, and use the matched-pairs rank-biserial correlation r as an effect
size; within each family of comparisons, p-values are Holm-corrected for multiple testing.

To analyse what the models learn beyond accuracy, we compute diagnostics on trial-level covariance matrices.
For a representation map g (raw signal, shared encoder, or a subject-specific encoder), the covariance of a trial i is

Γ
g
i =

1
Tg

g(Xi)g(Xi)
⊤,

where Tg is the temporal length of that representation. Class distinctiveness45 extends the Fisher criterion to
covariance matrices using the same affine-invariant Riemannian metric ρ on the SPD manifold. For two classes
K0,K1 with Riemannian means M0,M1 and intra-class dispersions σ(K0),σ(K1),

ClassDis(K0,K1) =
ρ(M0,M1)

1
2

(
σ(K0)+σ(K1)

) , σ(Kc) =
1
|Kc| ∑

Σ∈Kc

ρ(Σ,Mc). (11)

Large values indicate classes whose centroids are far apart and whose internal spread is small.

3 Results

3.1 Euclidean Alignment recenters subjects and translates to per-subject accuracy gains
We begin by separating the mechanism through which EA acts from the effect it has on real decoding. Figure 3
reports both. Panel A simulates two subjects whose covariances sit at different points on the SPD manifold;
EA’s whitening collapses their distributions to the same center. Panel B then carries the same intervention to the
empirical data: for the shared-encoder baseline on three backbones, we report the per-subject paired NoEA →
EA test-accuracy delta. EA wins on the majority of subjects on every backbone, with median improvements of
+6.6 to +7.8 percentage points (Wilcoxon signed-rank p < 10−5 on every backbone, Holm-corrected; rank-biserial
r = 0.80–0.91). The mechanism in A and the per-subject effect in B answer two distinct objections (does EA do
something geometrically meaningful? and does it transfer to subject-level accuracy?) and form the baseline against
which all later architectural changes are compared.
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n = 44
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B.

Figure 3. Euclidean Alignment recenters each subject’s covariance onto a shared reference, and this
translates to per-subject accuracy gains. (A) Mechanism. Riemannian distance-to-identity for two simulated
subjects (n = 200 trials each). Without EA, the subjects sit in separated distance regimes (µS1 = 2.16, µS8 = 5.24).
EA whitens each subject’s trials with the inverse square root of its own Riemannian mean; both distributions
collapse onto a shared regime around the identity (µS1 = 1.72, µS8 = 2.33). (B) Effect. Per-subject NoEA→ EA
test accuracy for the shared-encoder baseline on three backbones (EEGNet, AttnBNet, CTNet). Each row is one
subject; the open grey circle marks NoEA and the filled circle marks EA, joined by a segment drawn in dark ink
where EA improves accuracy (∆EA−NoEA > 0) and in grey where it does not. Rows are sorted by NoEA accuracy.
EA wins on a majority of subjects on every backbone (77%, 89%, 77%; Wilson 95% CIs 63–87, 76–95, 63–87),
with median improvements of +6.6, +7.8, and +7.8 percentage points.
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3.2 From preprocessing to architecture: making alignment learnable inside the model
Figure 3 confirms that EA preprocessing yields per-subject accuracy gains, but EA is a fixed transformation applied
separately to inputs. A natural follow-up question is whether subject-specific transformations can be learned end-to-
end as part of the model. We pursue this by replacing the shared feature encoder with the multi-head architecture of
Section 2.2: each subject’s trials are routed through a dedicated encoder e(k)

φk
before reaching the shared classifier

hψ . The schematic in Figure 4 shows the decomposition f (k)
θ

(X) = hψ(e
(k)
φk
(X)) and the mechanism by how the

per-subject encoders could learn some similar transformation by specializing on filtering individual patterns.

Fixed preprocessing

trial
X(k)

EAk
Σ̄(k)

aligned trial
X̃(k)

shared encoder
eφ

z classifier
hψ

ŷ

Learned subject-specific alignment

trial
X(k)

subject-specific
encoder

e(k)
φk

z(k)
shared classifier

hψ

ŷ

The hybrid model removes the explicit EAk block and lets e(k)
φk

learn the
subject-conditioned transformation needed by the shared classifier.

Figure 4. The hybrid architecture replaces EA’s fixed preprocessing step with a learned per-subject encoder.
Given a trial X from subject k, a subject-specific encoder e(k)

φk
maps the signal into a shared latent space, and a single

classifier hψ produces the prediction. This factorization lets the encoder learn a subject-conditioned transformation
that plays a role similar to EAk(X) through the supervised loss.

3.3 Hybrid gains over the plain EA baseline are dataset- and backbone-dependent
Before turning to the mechanism, we report the cross-dataset performance results. Figure 5 compares each plain
backbone trained under Euclidean Alignment (EEGNet, AttnBNet, or CTNet39 + EA) against its hybrid extension
on four motor-imagery datasets, and against an oracle ceiling +hybrid* that selects each subject’s best test-set
head (an upper bound, not a deployable policy). The vertical guide within each backbone block marks that block’s
plain-baseline EA median, so ∆ values read directly as the hybrid lift over the same backbone trained without
subject-specific heads.

We can observe that the lift is not uniform across datasets or backbones. BNCI2015-001 is the one dataset where
the hybrid model wins on all three backbones (∆ =+5.3, +7.4, +4.6 pp for EEGNet, AttnBNet, CTNet), and the
oracle ceiling lifts each further (to +14.6, +9.2, +12.2 pp). The other three datasets are mixed. On Weibo2014
the EEGNet and AttnBNet hybrids gain (+8.6 and +3.3 pp) but the CTNet hybrid collapses (−7.2 pp) with an
oracle that stays below baseline (−3.7 pp), indicating a genuine failure of the CTNet hybrid representation on
this dataset rather than a head-selection artefact. On Schirrmeister2017 the hybrid model is roughly flat on every
backbone (−2.5 to +1.4 pp), and the oracle only recovers to about baseline. On BNCI2014-001 the EEGNet and
CTNet hybrids underperform their plain baselines (−7.1 and −4.2 pp) while AttnBNet gains (+5.4 pp); for both
losing backbones the oracle nearly closes the gap (+1.2 and +2.1 pp), implicating validation-driven head selection
rather than the representation itself. The per-cell ∆ values are a descriptive map of where the lift concentrates
rather than independent confirmatory tests; the confirmatory comparison pools subjects within each backbone
across the four datasets (one paired test per backbone, Holm-corrected across the three). This split is significant
only for AttnBNet, whose hybrid improves over its EA baseline (median +1.9 pp, Wilcoxon p = 0.014, Holm
p = 0.042); the EEGNet hybrid is indistinguishable from baseline (+1.2 pp, p = 0.26) and the CTNet hybrid trends
downward (−4.2 pp, p = 0.06). The remaining sections decompose where the lift comes from (class distinctiveness,
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head-subject specificity, latent geometry) and where it breaks (subject heterogeneity, head-selection failure modes,
and backbone-specific collapse).

chanceEEGNet
+hybrid
+hybrid*

AttnBNet
+hybrid
+hybrid*

CTNet
+hybrid
+hybrid*

A. BNCI2015-001

Δ +5.3
Δ +14.6

Δ +7.4
Δ +9.2

Δ +4.6
Δ +12.2

EEGNet
+hybrid
+hybrid*

AttnBNet
+hybrid
+hybrid*

CTNet
+hybrid
+hybrid*

B. Weibo2014

Δ +8.6
Δ +11.6

Δ +3.3
Δ +4.8

Δ -7.2
Δ -3.7

50 60 70 80 90

EEGNet
+hybrid
+hybrid*

AttnBNet
+hybrid
+hybrid*

CTNet
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+hybrid*

C. Schirrmeister2017

Δ -2.0
Δ -0.7

Δ +1.4
Δ +1.9
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D. BNCI2014-001

Δ -7.1
Δ +1.2

Δ +5.4
Δ +7.5

Δ -4.2
Δ +2.1

Balanced accuracy (%)

Figure 5. Per-subject balanced accuracy of the proposed +hybrid extension and its oracle ceiling
+hybrid*, compared to plain baselines, across three backbones (EEGNet, AttnBNet, CTNet) on four
motor-imagery datasets under Euclidean Alignment. Open circles mark the subject median; horizontal bars span
the inter-quartile range; the dashed line marks chance accuracy. The thin vermillion vertical guide within each
backbone block marks that block’s plain-baseline EA median; the ∆ annotation on each +hybrid (and
+hybrid*) row reports median balanced accuracy minus that baseline median, both measured under EA. The
oracle variant selects each subject’s best test-set head and therefore serves only as an upper bound for any
validation-based head selection. Method labels appear on the left column of each row and apply to the right-column
panel in the same row. Datasets are arranged in reading order (top-left to bottom-right) by the average +hybrid −
baseline gap across the three backbones, so the largest hybrid wins appear in the top-left panel.

3.4 Class distinctiveness and the role of subject-specific encoders
A model can only classify what its representations separate. Classification accuracy alone confounds two distinct
competences: how well the encoder produces distinct class patterns, and how well the downstream classifier exploits
them45. To isolate the first, we use the class-distinctiveness diagnostic introduced in Eq. 11, a classifier-independent
quantity computed directly on the trial-level covariances of the learned representations.

Two properties make this metric well-suited to our diagnostic. First, ρ is affine-invariant, so ClassDis does not
depend on the linear classifier head; it scores the representation, not the decision boundary. Second, the metric is
computed inside each subject’s own trials, so the geometry of the latent space is isolated from any cross-subject
alignment effect (which Figure 3 already accounts for separately).

We compute ClassDis on three representations of the same trials (Figure 6B): the raw spatial covariance; the
latent covariance after the shared encoder; and the latent covariance after the hybrid encoder. Since the analysis of
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source and target separation would reveal different things about the model, such as how much each encoder learned
about their subject vs how much this can generalize to different subjects, we divided the analysis into source and
target distinctiveness. For the target on the hybrid model, we didn’t use the fine-tuned encoders as we wanted to
assess the generalization on the pre-trained versions.

From the figure, we observe that the shared encoder slightly increases the distinctiveness of each source subject’s
embeddings relative to the raw signal (34 vs 28 under EA; 34 vs 24 without). For the source subjects, both aligned
and non-aligned models have approximately the same average class distinctiveness, which could make sense, since
EA is simply a translation and shouldn’t affect class separation; this is the role of feature extraction to select features
that better separate them. For held-out target subjects, however, that value decreases to 16 under EA vs 14 without,
which could indicate the generalization of the embedding extraction capability of the encoder is still limited.

The hybrid encoder, however, sharply increases it for source subjects routed through their own head (67 under
EA, 39 without), which could indicate a high level of specialization. The difference between the hybrid EA and the
regime without EA could be interpreted as additional improvement transformations: the model does not have to deal
with aligning covariances, and thus can devote its capacity to non-linear transformations that further improve class
separability. For held-out target subjects, distinctiveness falls, yet remains higher than under the shared encoder in
both conditions, indicating that subject-specific encoders retain some transferable structure even when applied out of
domain.

Two cautions apply to this diagnosis. ClassDis scores the trial-level spatial covariance of the representation, so
any separability that lives only in a non-linear classifier head downstream of the covariance read is invisible to it. The
metric also requires SPD covariances; if an encoder produces rank-deficient features (e.g., when an output channel is
constant across trials), the Riemannian distance is undefined, and we restricted the analysis to representations where
this did not occur.
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ClassDis(K0, K1) = ρ(M0, M1)
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Figure 6. Subject-specific encoders sharply lift class distinctiveness for source subjects, with a smaller gain
that still generalises to held-out target subjects. (A) The metric compares inter-class Riemannian distance to
average intra-class dispersion. (B) Median per-subject distinctiveness across the pipeline (Raw, Shared, Hybrid) for
source subjects (orange) and held-out target subjects (purple), with Euclidean Alignment (solid) and without
(dashed); faint lines are individual subjects. The hybrid encoder lifts source distinctiveness well above the raw signal
and the shared encoder (28→ 67 under EA); for unseen target subjects the gain is smaller (16→ 26) but stays
above the shared-encoder level, indicating the subject-specific encoders retain transferable structure out of domain.
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This metric measures an encoder-related quantity. Thus, an important question is whether ClassDis acts as a
diagnostic that relates to classifier behaviour, or is solely a geometric quantity that drifts from what the classifier
cares about? Figure 7 plots per-pair ClassDis against balanced accuracy under both alignments. The two quantities
are tightly coupled in each condition (Pearson r = 0.84 without EA, r = 0.80 with EA), with a near-linear relationship
from chance level to near-ceiling. ClassDis therefore acts as a classifier-independent proxy for decoding accuracy
under both alignments, which justifies using it for the EA-versus-NoEA comparisons that follow.
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Figure 7. Class distinctiveness predicts downstream classification accuracy, under both alignments. Each
point is one (target subject, encoder head) pair (NoEA: grey triangles; EA: teal circles); lines are least-squares fits
(grey dashed = without EA, teal solid = with EA). The strong positive correlation under both conditions (Pearson
r = 0.84 without EA, r = 0.80 with EA) shows that the affine-invariant, classifier-free ClassDis score tracks
balanced accuracy rather than being an artefact of the alignment step.

3.5 Each hybrid head learns its subject’s manifold
Class distinctiveness (Section 3.4) confirms that the hybrid encoder produces more separable representations,
especially for their own subjects, but it does not yet show that each head genuinely prefers them. The control we
report in Figure 6B already pointed in that direction: passing a subject’s trials through a different subject’s head
sharply decreases class distinctiveness values. We now make the head-subject geometry explicit on the manifold
itself.

For each target subject we compute two normalized Riemannian distances on the trial-level latent covariances:
the distance from the target’s trials to their own head’s centroid (target to head), and the distance from the same
trials to every other head’s centroid (target to others). If the heads are truly subject-specific, the former should be
small and the latter large; if the heads converged to a common transformation, the two would be indistinguishable.
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Figure 8. Each subject’s trials sit closer to their matched head’s manifold than to other heads’, and the gap
widens under Euclidean Alignment. Normalized Riemannian distance from target-subject trials to per-head
encoder centroids in the hybrid model’s latent covariance space, pooled over the leave-one-subject-out folds. In each
panel the left box (circle points) is the distance to the matched head’s own subject (target-to-head); the right box
(triangle points) is the distance to the other heads’ subjects (target-to-others). Left (without EA). The two
distributions overlap, with a median gap of ≈ 1.6×; the panel is drawn in neutral grey. Right (with EA).
Target-to-head drops well below target-to-others, a median gap of ≈ 4.2×; the panel is drawn in teal to mark the
aligned condition. Box edges are the inter-quartile range; whiskers extend to 1.5IQR; points are subject-head pairs.

Separation is present under both alignment regimes but is far larger after EA (≈ 4.2× versus ≈ 1.6×). In
both conditions the matched head is significantly closer than the others (one-sided Mann–Whitney U over 72
matched versus 504 mismatched subject-head pairs: without EA p = 1.8×10−28, rank-biserial r = 0.80; with EA
p = 5.6×10−43, r = 1.00, i.e. near-perfect separation). Once EA places the source and target distributions on a
common centre, each subject’s trials are filtered most cleanly by their own head, because the encoder is trained to
select the features most relevant for that subject; a mismatched head projects the same trials farther away.

The separation between target-to-head and target-to-others distances confirms that subject-specificity is not a
side-effect of capacity or of having multiple heads: it is the content of what each head learned. This explains the
class-distinctiveness decrease under the mismatched head situation in Figure 6B, and sets up the next question: if
each head encodes its own subject, what does the resulting cross-subject geometry look like at the architecture level?

3.6 The hybrid encoder internalizes EA’s alignment role
Two independent measurements point in the same direction: the hybrid architecture’s per-subject encoders take over
the functional role that EA plays externally on the shared model, reaching a similar effect through learned feature
transformations rather than an explicit covariance recentring. We report the evidence from two angles: training
dynamics (validation-loss convergence with and without EA) and latent geometry (pairwise inter-subject distance in
the learned representation).

Training dynamics. Figure 9 reports the validation-loss trajectories for both architectures with and without EA,
smoothed by a 7-epoch rolling median over 9 per-subject runs and truncated at the largest epoch where at least half

15/23



of the runs are still alive. For the shared encoder, EA is essential: applying it cuts the final median validation loss by
33% (from 0.50 to 0.34), and removing it leaves the loss plateauing well above. For the hybrid encoder, EA has
little effect on the final loss: with or without EA it converges to essentially the same level (median 0.40 with EA
versus 0.38 without, a +0.02 shift), well below the shared non-aligned curve (0.50). The without-EA curve nearly
coincides with the aligned one. That the same architecture requires EA under a shared encoder but not once each
subject has its own encoder indicates that the per-subject encoders take over EA’s role, learning from task supervision
alone the common representation EA otherwise imposes externally. The latent geometry below corroborates this.
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Figure 9. The hybrid architecture takes over the role of Euclidean Alignment. Validation loss per training
epoch, median across 9 per-subject runs (shaded band = inter-quartile range, smoothed with a 7-epoch rolling
window). Left. Shared model. Solid vermillion = EA; dashed vermillion = NoEA. EA reduces the final median loss
by 33% (∆ =−0.16); without EA the loss never converges to the same level. Right. Hybrid model. Solid blue =
EA; dashed blue = NoEA. The hybrid reaches essentially the same final loss with or without EA (NoEA ≈ 0.38
versus EA 0.40, ∆ =+0.02); the two curves nearly coincide, so the per-subject encoders take over EA’s role. Either
way the hybrid reaches the regime the shared encoder attains only with external EA.

Latent geometry. By projecting the encoder’s latent features for both the aligned shared and the non-aligned
hybrid architectures using t-SNE, we can observe the impact of the training on the subjects’ latent distributions. For
the shared encoder, all distributions are initially projected in the same manifold, and learning makes the classes more
well separated. For the hybrid encoders, however, the representations start with a strong inductive bias of separation,
since all training subjects are projected differently. Figure 10 makes this contrast explicit, tracking both architectures
from random initialisation to the trained model.
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Figure 10. Training splits the held-out subject by class. Two-dimensional t-SNE of the 496-dimensional encoder
features for the held-out target subject (Target, subject 8 from BNCI2014 dataset, encoded through one source head)
and the eight source subjects (Source), under Euclidean Alignment. Rows: the hybrid encoder bank (top) and the
shared encoder (bottom). Columns: random initialisation (left, the untrained control) and after training (right). Color
marks domain (Source / Target), and shape marks class (circle / cross); target points are drawn larger because they
are the held-out focus. Each panel is an independent t-SNE embedding (perplexity = 50), so only within-panel
grouping is interpretable, not distances, positions, or cluster sizes across panels. At random initialization, the hybrid
encoder already places the target in its own cluster, separate from the source pool; after training the target splits by
class, which cluster at the periphery of the source pool, tracking the matching source class rather than dissolving
into it. The shared encoder begins with all subjects overlapping in one manifold, and training mainly sharpens the
class boundary within it.
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Neither architecture receives an explicit class-separation or domain-alignment loss, so the only pressure on the
latent space is the shared classifier acting on top of the encoders. Therefore, the figure highlights that, even with
a strong initial bias, the hybrid model is able to reorganize the latent space using task supervision alone, making
distributions closer and better separated. Although still not as aligned as the representations from the shared model,
this shows that the objective is sufficient to make the subject-specific heads specialize and filter task-relevant features,
while improving cross-subject alignment.

Synthesis. Two independent measurements converge on the same conclusion: validation-loss convergence
(Figure 9) and inter-subject latent representation (Figure 10) both show that the hybrid encoder internalizes a
role similar to EA for the shared encoder. The shared encoder requires EA both to converge and to bring subject
distributions together; removing EA collapses both. The hybrid encoder achieves similar outcomes with or without
EA, consistent with each subject’s encoder performing filtering and recentering of a functional effect similar to EA.
We do not claim that the learned encoders reproduce EA’s recentring: their mechanism differs, and the convergence
and latent-geometry effects above need not act at the covariance level on which EA operates. What the two
measurements rule out is the alternative explanation that the hybrid simply adds capacity.

3.7 Subject-level heterogeneity and its implications
The summary measurements so far treat subjects as exchangeable units. Subject-level performance, however, is far
from uniform, and the variability has more than one mode. Some subjects are consistently hard for every method;
others swing widely depending on which alignment and architecture they encounter. Disentangling these two
regimes matters because they call for different mitigations: a consistently hard subject suggests irreducible signal
limitations, while a method-noisy subject suggests the model bank still has room to grow.

Figure 11 plots each subject as a single point with x = mean test accuracy and y = standard deviation across the
18 method × alignment × head-selection combinations available per dataset (the standard deviation is our proxy
for the per-subject prediction entropy the underlying experiments do not record directly). The two callouts in each
panel name the most extreme subject along each axis. BNCI2014-001’s subject 2 (56.9±4.1) is consistently hard;
BNCI2015-001’s subject 3 (72.7± 18.3) is the most method-noisy; Weibo2014’s subject 4 is consistently hard
(52.6±5.0) and its subject 2 (76.5±13.7) the most method-noisy. Schirrmeister2017’s subjects are comparatively
uniform, its noisiest reaching only σ ≈ 9.
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Figure 11. Subjects split into a consistently-hard mode and a method-noisy mode, with the mix changing per
dataset. Each point is one subject; x = mean test accuracy across all 18 method × alignment × head-selection
combinations; y = standard deviation of that same population. Dashed grey lines mark per-panel medians; the
resulting quadrants read as: lower-left = consistently hard, lower-right = consistently easy, upper-half =
method-noisy. The callouts label the lowest-mean and highest-std subjects per dataset. Subject behaviour is
heterogeneous and at least two-dimensional: method-noisy subjects sit anywhere along x, including near-ceiling
accuracy.
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The two regimes motivate different next steps to test. For consistently-hard subjects, none of the architectural
variants we evaluated closed the gap, suggesting that improvements likely require either subject-specific calibration
data or signal-quality interventions outside the current pipeline. For method-noisy subjects, the per-subject spread
across configurations implies that some configuration is closer to the achievable upper bound; whether a method-
ensembling or per-subject head-selection policy can recover that upper bound at test time without oracle access is
the question those subjects pose for future work.

4 Discussion and limitations

The experiments show that cross-subject EEG decoding is limited less by classifier capacity than by how each
subject is represented before the shared decision rule. EA improves the shared encoder because it removes a
dominant covariance-level shift before learning begins, which otherwise would cause negative transfer and strongly
limit the capacity of the classifier to find a class-discriminant decision boundary. The hybrid architecture targets
the same bottleneck inside the model: each subject-specific encoder learns a transformation that makes its trials
more compatible with a common classifier, as shown by the loss and latent representation analyses. The class
distinctiveness and relative distances show additional benefits of applying EA on top of the hybrid model, such as
bigger class separation on training subjects and easier target adaptation.

This does not mean that the learned encoders completely reproduce the EA pointwise. Rather, they appear to
be working under a similar mechanism, induced by the pressure of the architecture and the objective: bringing
representations closer while keeping classes well separated. The class-distinctiveness and head-specificity analyses
further show that the gains are not explained by adding generic capacity; instead, they depend on routing a subject
through an encoder whose learned manifold matches that subject.

Comparing the evolution of the latent representations shows that the sole pressure of this learning mechanism
wins out over the inductive bias of subject separation, making the representations closer in space, although still not
as unified as on the aligned shared baseline, and the classes better separated.

Although the model architecture and supervised objective together can be driven to learn subject-specific
preprocessing transformations, this study has limitations in both analysis and deployment.

First, the individual encoders learn subject-specific characteristics, obtaining individualized weight representa-
tions of the training distributions. However, this specialization limits its applicability to test-time inference on a new
subject. For unseen subjects, the model must select or adapt an initialization from limited calibration data, and the
subject-profile analysis shows that this problem is heterogeneous: some subjects remain consistently hard, while
others are sensitive to method choice. Future work should therefore focus on non-oracle head selection, calibration-
efficient adaptation, and diagnostics that identify whether a target subject needs more data or a better-matched
initialization.

Although this work focused on cross-subject decoding, the same head specialization could improve temporal
robustness in a cross-session setting, as studied by Wei et al.21. The representation visualizations show a spread and
separated latent space for the training subjects, meaning that performance could largely benefit from that. Later
work should investigate the benefits of using this type of architecture on additional data from training subjects.

Related ideas appear in recent non-invasive speech decoding, where a shared encoder is equipped with an early,
per-subject linear layer, a channel-wise transform that maps each subject into a common latent space while the rest of
the network stays shared46–48. Ablating this layer markedly degrades decoding46, confirming that subject-dependent
effects must be modelled explicitly. Our design takes the opposite parameterisation: rather than a single linear
block on top of a shared encoder, we learn a full per-subject encoder feeding one shared classifier, and the loss and
latent-geometry analyses (Figures 9 and 10) show that these encoders reach the same latent organisation with or
without EA, taking over its alignment role through learned feature transformations rather than the explicit covariance
recentring EA applies. This is an alignment role those subject layers assume but never test. This expressiveness
comes at a cost: full per-subject encoders grow far faster than a per-subject matrix as the number of training
subjects increases, which is not scalable to more diverse datasets and motivates parameter-efficient alternatives
such as subject-conditioned low-rank adapters26. It also leaves the same open problem these speech models do not
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address: none evaluates a held-out subject, which is precisely the deployment bottleneck that our head-selection and
calibration analysis targets.

Two limitations bound these conclusions. First, deploying the model to a new subject still depends on selecting
or adapting a head from limited calibration data, a problem the subject-profile analysis shows is heterogeneous
across subjects. Second, dedicating one encoder per subject does not scale to large or diverse subject pools, which
motivates the parameter-efficient alternatives discussed above.
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