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Abstract

Subject-specific distribution shifts represent an important obstacle to the devel-
opment of foundation models for EEG decoding. To address this, we propose
Subject-Conditioned Layer, an adaptive layer designed as a drop-in replacement
for standard linear or convolutional layers in any neural network architecture. Our
layer captures subject-specific variability by decomposing its weights into a shared,
subject-invariant component and a lightweight, low-rank correction unique to each
subject. This explicit separation of general knowledge from personalized adapta-
tion allows existing models to become robust to subject shifts. Empirically, models
equipped with our layer outperform both a shared-weight-only model (subject-
agnostic model) and the average of individually trained subject-specific models.
Consequently, the Subject-Conditioned Layer offers a practical and scalable path
towards building effective cross-subject foundation models for EEG.

1 Introduction

Developing a foundation model for decoding complex brain signals like Electroencephalography
(EEG) is a central challenge in neuroscience and machine learning [2]. Progress is slowed by the
inherent properties of EEG data: low signal-to-noise ratio, non-stationarity, and, most critically, high
inter-subject variability [35]. Neural patterns vary so widely across individuals, and even within
the same individual over time, that data is effectively fragmented, exacerbating the problem of data
scarcity [3, 25]. Consequently, large models trained on pooled data from many subjects often fail to
outperform simpler models tailored to individuals, stalling progress towards generalizable solutions.

This situation contrasts sharply with fields like computer vision (CV) and natural language processing
(NLP). While these fields have also relied on domain-specific architectures, the Transformer [34]
provided a universal paradigm that unlocked predictable scaling laws, enabling massive foundation
models to emerge [13, 37]. EEG decoding has yet to benefit from similar scaling. The challenge
of cross-subject generalization has kept effective dataset sizes small, preventing the successful
application of large-scale, general-purpose architectures. As a result, the field remains dominated by
specialized models that have not yet converged to a standard, foundational approach [2, 12].

To bridge this gap, we address the problem of subject-specific distribution shifts, which we identify
as the primary obstacle to building foundation models for multi-subject problems such as EEG
classification. We propose Subject-Conditioned Layer, an approach that decomposes the parameters
of a neural network into two components: a set of base weights shared across all subjects and a
subject-specific, low-rank correction that efficiently captures individual variability. The Subject-
Conditioned Layer module is designed as a drop-in replacement for standard linear or convolutional
layers, making it universally applicable to a wide range of model architectures with applications in
EEG decoding and beyond.
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Figure 1: A t-SNE projection of latent representations from different layer components. The panels
compare representations derived from: (Left) the shared weights (Wgeneral), (Middle) the subject-
specific weights (Ws), and (Right) the fused representations from the complete Subject-Conditioned
Layer. Representations from the general weights show no subject-specific structure, while those from
the subject-specific weights form distinct clusters for each subject. Our full Subject-Conditioned
Layer model preserves subject identity while forming meaningful sub-clusters within each subject,
which correspond to the different target labels, cf. Figure 3. All representations are from the
classification token predicted by the Patched Brain Transformer; a linear classification head was used
for visualization clarity.

Our contributions are threefold: We introduce Subject-Conditioned Layer, a novel adaptive layer that
explicitly separates shared knowledge from subject-specific signatures and is designed as a drop-in
replacement for standard linear and convolutional layers in any neural network architecture. We
provide qualitative evidence through embedding visualization that our layer successfully disentangles
subject-invariant neural patterns from individual subject signatures, confirming the mechanism behind
our method’s success. Through a comprehensive evaluation on the BCI Competition IV datasets, we
demonstrate that both CNN and ViT like architectures equipped with Subject-Conditioned Layer
outperform strong baselines: (i) a subject-agnostic model, (ii) the average of subject-specific models,
and (iii) the average of subject-specific LoRA models. The code is publicly available 3.

2 On the Difficulty of Multi-Subject Training

We consider a classification problem where data is collected from multiple subjects. Since the
signal contains subject-specific characteristics, our goal is to learn a general model that captures
class-discriminative structures across subjects. Let Xs = {xsj}Ms

j=1 and Ys = {ysj}Ms
j=1 contain

subject-specific features and labels, respectively, for subjects s ∈ {1, . . . , N}. In short, we write
D = (X ,Y) =

⋃N
s=1 Ds =

⋃N
s=1(Xs,Ys).

A single linear layer trained for all subjects implicitly estimates p(Y|X ), but cannot properly capture
subject-specific features because it lacks a mechanism to adapt its weights per subject. It can only
represent the shared average structure. We address this with a probabilistic framework that models
subject-specific effects. Our main goal is to learn the subject-independent classifier p(Y|X ) that for a
given D marginalizes over s,

p(Y | X ) =
∑N

s=1 p(Y | X , s). (1)

Further, assume that we have latent random variables Z = ξ(X , s) as intermediates on the map from
X to Y , where we define ξ as a transformation to latent representation. Then we can write

p(Y | X , s) = p(Y | Z, s) p(Z | X , s). (2)

Concerning the first term of Equation (2) we assume that

p(Y | Z, s) = p(Y | Z),

which states that once the latent representation Z is known, the participant index s and the datapoint
xsj provide no additional information about the label ysj . This conditional independence assumption

3https://github.com/timonkl/SubjectConditionedLayer
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Figure 2: Subject-Conditioned Layer. The input X is processed by a shared general weight matrix
Wgeneral. For each subject, a subject-specific low-rank adapter, parameterized by matrices As and Bs

of rank r, computes a correction that is added to the output of the general weight matrix, yielding the
layer output X̄ .

implies that Z serves as a sufficient statistic of xsj to predict ysj . A key step is to verify whether this
property holds for the proposed method.

The second term of Equation (2), p(Z | X , s), describes how the latent representation is learned.
Specifically,

ξ(X , s) ∼ p(Z | X , s), (3)

i.e., ξ is treated as a stochastic latent variable in the representation space Z , sampled conditionally on
the input X and the participant index s. The subject-specific map ξ(X , s) is parameterized by a set
of general weights and a subject-specific low-rank correction.

3 Method

3.1 Subject-Conditioned Layer

We propose a novel subject-aware layer for multi-subject machine learning tasks as

X̄ = σ
(
XW⊤

general +
∑N

s=1(Ms ·X)W⊤
s

)
, (4)

where Wgeneral ∈ Rm×n and Ws ∈ Rm×n are shared and subject-specific weight matrices, respec-
tively. The mask matrices Ms with binary entries extract subject-s-specific samples from the batch
data X . Note that this approach may lead to a reduction in batch sizes for subject-dependent weights
Ws, if the number of subjects N increases. As a remedy, adapting the total batch size was proposed
in [31].

3.2 Low Rank approximation for Subject-Dependent Weights

Low-rank adaptation (LoRA) [14] is a well-established method for fine-tuning models in few-shot
settings. Compared to full-rank training, LoRA shows superior performance on limited data [27],
while also substantially reducing the number of training parameters and the associated memory
consumption. We define subject-specific weights as low-rank matrix decompositions

W⊤
s := AsBs, (5)

with As ∈ Rn×r, Bs ∈ Rr×m and rank r. Similarly to [14], we initialize As = N (0, σ2), and
Bs = 0 for all subjects s.
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3.3 Regularization of Subject-Dependent Weights

A central challenge is to ensure that the general weight matrix Wgeneral learns shared patterns while
the subject-specific weights Ws only capture individual deviations. To prevent Ws from learning
general representations, we employ a regularization strategy. First, we constrain the complexity of
the subject-specific corrections by enforcing a relatively small rank r, as defined in Equation 5. See
Tables 2 and 3 for exact values.

Second, we introduce an optimization-based regularization method by scaling Ws with α
r , where α is

a hyperparameter. This scaling adjusts the effective learning rate of the adapter matrices relative to
the general weights. For α < r, the adapters are updated conservatively, encouraging reliance on
Wgeneral. In contrast to α > r, where the adapters are emphasized.

The weights Ws could also be regularized by adding a weight regularization term (e.g., an L2 penalty)
to the loss function. We did not pursue this here, opting instead to demonstrate the capabilities of the
LoRA only approach.

4 Data

We conduct our experiment on two Brain Computer Interface datasets from BCI Competition IV
[32]. The data are publicly available4 with the MOABB-Package [7, 1]. The BCI Competition IV 2a
dataset [4] consists of 22-channel EEG recordings from nine subjects. For each subject, data were
collected in two sessions (training and evaluation), with 288 trials per session. The labels are balanced
across four motor imagery classes: left hand, right hand, foot, and tongue. The BCI Competition IV
2b dataset [20, 19] consists of 3-channel EEG recordings from nine subjects. For each subject, data
were collected across five sessions, three for training and two for evaluation, totaling between 680
and 760 trials. The labels are balanced between the classes: left hand and right hand.

5 Results

We evaluate our proposed method, Subject-Conditioned Layer, by integrating it into two distinct EEG
decoding architectures: EEGNeX [6], a compact Convolutional Neural Network (CNN), and the
Patched Brain Transformer (PBT) [17], a Vision Transformer (ViT) based architecture [8] that reflect
recent trends in the field [18, 16]. These models demonstrate the versatility of Subject-Conditioned
Layer across diverse architecture types. All experiments were conducted on the BCI Competition
IV-2a and IV-2b datasets. Further details on the experimental setup are in Appendix C.1.

5.1 Qualitative Analysis

To confirm our hypothesis that our Subject-Conditioned Layer learns to decouple shared from subject-
specific information, we visualize the PBT’s latent representations using t-SNE [33], see Figure 1.
The visualizations reveal a clear separation of the learned representations. As shown in the figure,
embeddings from the shared weights (Wgeneral) are unstructured by subject (left), whereas those
from the subject-specific weights (Ws) form distinct, individual-specific clusters (middle). The full
model (right) integrates both aspects: it preserves the subject-level clustering while also forming
meaningful sub-clusters corresponding to target labels, Figure 3, demonstrating that it retains task-
relevant information. This demonstrates that the low-rank corrections Ws have effectively isolated the
idiosyncratic signatures of each subject. Together, these visualizations provide compelling evidence
for our method’s proposed mechanism.

5.2 Numerical Results

To validate our approach, we compare Subject-Conditioned Layer against several modeling strategies,
with results summarized in Table 1. All numerical results are reported as the mean and standard
deviation of three reproducible runs with random seeds {1, 2, 3}.

First, to establish the necessity of subject-specific adaptation, we compare against a Subject-Agnostic
Model. This baseline is a standard architecture trained on data collected from all subjects, without

4http://bnci-horizon-2020.eu/database/data-sets
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Table 1: Numerical Results. Performance comparison across model variants: a subject-agnostic model
(no personalization), subject-specific models (trained independently per subject), subject-specific
LoRA models (entirely low-rank per subject), and Subject-Conditioned Layer.

Method Total Active BCI Comp. IV2a BCI Comp. IV2b
# Params # Params (4 Classes) (2 Classes)

EEGNeX Subject-Agnostic [6] 55 972 55 972 55.00% ± 0.66% 74.28% ± 0.39%
EEGNeX Subject-Specific 55 972 55 972 59.36% ± 14.42% 75.92% ± 14.32%
EEGNex Subject-Specific LoRA 81 124 10 980 53.60% ± 2.91% 69.64% ± 0.27%
EEGNeX Subject-Conditioned Layer 134 884 64 740 64.72% ± 0.56% 76.48% ± 0.25%
PBT Subject-Agnostic [17] 867 460 867 460 50.82% ± 0.85% 75.49% ± 1.10%
PBT Subject-Specific 867 460 867 460 44.16% ± 12.19% 75.63% ± 14.23%
PBT Subject-Specific LoRA 680 736 135 712 25.81% ± 0.52% 53.70% ± 0.80%
PBT Subject-Conditioned Layer 1 480 612 935 588 54.51% ± 0.30% 76.36% ± 0.23%

personalization. Our method surpasses this baseline, confirming that a one-size-fits-all approach is
insufficient for high performance in EEG decoding, Table 1.

Next, we demonstrate the benefit of knowledge sharing by comparing our method against the common
practice of training fully independent Subject-Specific Models. This baseline trains a separate model
from scratch for each individual. In Table 1, we report the mean performance across all subjects (the
complete results are provided in Table 4). Subject-Conditioned Layer consistently outperforms the
average of those independently trained models. This finding highlights that the shared backbone
(Wgeneral) enables effective knowledge transfer across subjects, yielding better generalization than
isolated training on limited single-subject datasets.

Finally, to validate our specific architectural design, we introduce a crucial parameter control: Subject-
Specific LoRA Models. For each subject, a separate low-rank model is trained from scratch. This
baseline allows us to test if the performance gain is simply an artifact of having a certain number
of trainable parameters per subject. Subject-Conditioned Layer’s superiority in this comparison
is a critical finding. It proves that our hybrid architecture is more effective than training isolated,
parameter-efficient models. This validates that the structure of our approach is important for its
performance.

6 Limitations & Outlook

Our work focuses on introducing Subject-Conditioned Layer and empirically demonstrating its
effectiveness on the BCI Competition IV 2a and 2b datasets. However, our study has some limitations,
which suggest directions for future research.

A limitation is the framework’s dependence on subject-specific data to train the personalized adapters,
Ws. This means that for previously unseen subjects, predictions can only be made using the
shared weights, Wgeneral. Although we have shown that such personalization enhances performance,
further analysis is required to fully assess the model’s generalization capabilities and its viability for
practical deployment. Subject-Conditioned Layer is well-suited for a pre-training and fine-tuning
paradigm. One could first train the shared weights Wgeneral across a large population. Subsequently,
for a new subject, one could freeze the powerful shared model and efficiently fine-tune only a
lightweight subject-specific adapter Ws. This iterative application, coupled with scaling, could lead
to a Foundation model for EEG Decoding. To tackle the challenge of unseen subjects, future research
could investigate the geometry of the learned adapter space. By comparing the adapters of different
subjects (e.g., via their similarity), we could potentially discover subject clusters or archetypes. This
could allow us to initialize a new subject adapter from a pre-computed group adapter, enabling faster
personalization or even zero-shot prediction, thereby greatly enhancing the practical utility of our
method.
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A Related Work

Our proposed method addresses the challenge of inter-subject variability in EEG decoding by learning
both shared and subject-specific representations. This approach is closely related to established
paradigms nonlinear mixed-effects (NLME) modeling and in machine learning, primarily Multi-Task
Learning (MTL) and Mixture of Experts (MoE).

Nonlinear Mixed-Effects Modeling. Our approach can be viewed through the lens of nonlinear
mixed-effects (NLME) models [21, 22]. In this framing, the shared network Wgeneral learns the fixed,
population-level effects, while the subject-specific low-rank adapters Ws capture the random effects,
parsimonious deviations for each individual. The low-rank constraint on the adapters is analogous to
the low-dimensional random effects assumption in classical NLME, which encourages partial pooling
of information and borrows statistical strength across subjects. This perspective provides a principled
justification for using LoRA [14] as a parameter-efficient method to model subject-specific variations,
which is crucial when per-subject data is limited.

Multi-Task Learning. In MTL, a model is trained on several related tasks simultaneously, with the
goal of improving performance by leveraging shared information across tasks [5, 23, 9]. Viewing
the decoding for each subject as a distinct task, our model fits directly into the MTL framework.
It employs a form of hard parameter sharing, where the general weight matrix, Wgeneral, learns a
common feature space shared across all subjects. The subject-specific weights, Ws, act as task-
specific layers that adapt this shared representation to the unique neural patterns of each individual.
This architecture allows the model to learn robust, generalizable features from the entire population
while still retaining the flexibility to specialize for each subject [38].

Mixture of Experts. MoE models utilize multiple expert networks and a gating mechanism that
determines which expert processes a given input [15]. Sparsely-gated MoE models, in particular,
activate a subset of experts for each input, enabling the scaling of model capacity without a propor-
tional increase in computation [31, 10]. Our subject-aware layer can be interpreted as a specialized,
non-learned MoE. Here, the subject identity serves as the gating signal, deterministically routing the
input to its corresponding expert, the pathway defined by Ws. Unlike traditional MoE, our gating
is not a learned function but is provided by the input via the mask M. This simplifies the model by
removing the need to learn a routing policy and directly addresses the known source of variation (i.e.,
subject identity).

Dynamical low-rank. Since our method explicitly models subject-specific variability as lightweight
low-rank corrections, it naturally connects to the broader line of dynamical low-rank research
[26, 28, 29]. An exciting direction for future work is to explore whether subject adaptation in
EEG can benefit from recent advances in geometry-aware training [36, 30], and robust compression
strategies [29], thereby unifying personalization with efficient large-scale deployment.

B Extension to Convolutional Layers

While the formulation in Equation 4 is presented for linear transformations, it can be seamlessly
extended to convolutional layers. A convolution operation is itself a linear transformation, where the
weight matrix W is replaced by a convolutional kernel W . The Subject-Conditioned convolutional
layer can thus be expressed as:

X̄ = σ
(
X ∗Wgeneral +

∑N
s=1 Ms · (X ∗Ws)

)
, (6)

where ∗ denotes the convolution operation.

To implement the low-rank adaptation (Section 3.2) for the subject-specific kernels, we decompose
the operation X ∗Ws into two sequential convolutions, effectively factorizing the kernel itself. This
is analogous to the matrix decomposition in Equation 5. Specifically, the subject-specific update is
computed by:

Ws := AsBs, (7)

where As and Bs are the low-rank convolutional kernels. The first kernel, As, reduces the channel
dimension from Cin to the rank r while preserving the spatial kernel size. The second kernel, Bs, is a
1× 1 convolution that projects the features from the rank r space back to the Cout channel dimension.
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Initialization is equal to the linear case, see Section 3.1. This convolutional decomposition allows for
parameter-efficient adaptation for each subject while maintaining the inductive biases of convolutional
layers.

B.1 Visualization of Latent Space Correspondence

In Section 5.1, we claim that our full model learns to form meaningful sub-clusters that correspond
to the downstream task’s target labels. Figure 3 provides visual evidence supporting this claim by
extending Figure 1.

Figure 3: Latent Representations Colored by Subject ID vs. Target Labels. This figure is an extension
of Figure 1. The top row repeats the t-SNE projections of representations from the shared weights
Wgeneral, subject-specific weights Ws, and the full model, with all points colored by subject ID. The
bottom row displays the exact same data points, but colored by their ground-truth target labels. This
comparison explicitly shows that the sub-clusters formed by our full model (top right) directly align
with the target classes (bottom right), confirming that the model learns discriminative, task-relevant
features within each subject’s representation space.

C Numerical Experiments

C.1 Experiment Design

EEGNeX

We used the EEGNeX implementation from the Braindecode package [11, 24]. In this model, we
replaced all standard convolutional layers with the convolutional version of our method, Subject-
Conditioned Layer (see Appendix B). We made an exception for the depthwise convolutional layer
(DepthwiseConv2D) in Block 3 due to implementation details.

As the original hyperparameters for EEGNeX were not specified, we tuned the baseline learning
rate by sweeping over the values {10−3, 10−4}. We want to remark that the difference between the
numbers reported in Table 1 and those in the original EEGNeX paper stems from different evaluation
methods. Here, we report the numbers for cross-session analysis from a 512-timepoint long interval.

The final hyperparameters are reported in Table 2:
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Table 2: Hyperparameters EEGNeX.

Hyperparameter Value
Band-pass filter [8, 45]
Optimizer AdamW
Learning rate 1× 10−3

Weight decay 0.01
AdamW betas (0.9, 0.999)
Batch size 64
Training epochs 100
Dropout rate 0.0
Activation function ELU
Rank adapters 4
LoRA α 1

Patched Brain Transformer

For the PBT, we used the official GitHub repository accompanying the publication and replaced all
linear layers with our proposed method, Subject-Conditioned Layer. The only exception was for the
visualization in Figure 1 and Figure 3, where we kept the final linear layer to improve clarity.

We used the same hyperparameters as reported in the original PBT paper for all runs (Table 3). For
our method’s specific hyperparameters, we set the rank r = 8 and α = 1.

Table 3: Hyperparameters PBT.

Hyperparameter Value
Band-pass filter [8, 45]
Optimizer AdamW
Learning rate 3× 10−4

Weight decay 0.01
AdamW betas (0.9, 0.95)
Batch size 128
Training epochs 1200
Warmup epochs 150
Dropout rate 0.1
Activation function GELU
Rank adapters 8
LoRA α 1
Data augmentation Time shifts
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D Detailed Numerical Results for Subject-Specific Modeling

Table 4: Subject-Specific Numerical results for EEGNeX and PBT on individual subjects.

Subject EEGNeX PBT
BCI Comp. IV2a BCI Comp. IV2b BCI Comp. IV2a BCI Comp. IV2b

1 67.82% ± 6.25% 72.50% ± 1.84% 56.60 % ± 1.85% 71.35% ± 1.28%
2 46.53% ± 1.70% 52.86% ± 0.77% 25.23 % ± 1.31 % 53.10% ± 1.02%
3 77.08% ± 3.27% 51.56% ± 1.99% 55.90 % ± 3.07 % 50.73% ± 0.15%
4 53.01% ± 1.80% 94.27% ± 0.53% 39.00 % ± 1.15 % 95.31% ± 1.11%
5 36.69% ± 3.38% 86.25% ± 1.35% 26.97 % ± 0.59 % 86.98% ± 1.62%
6 40.97% ± 1.58% 81.77% ± 2.32% 34.72 % ± 2.79 % 77.81% ± 1.02%
7 67.94% ± 2.31% 70.94% ± 2.04% 47.80 % ± 7.45 % 78.52% ± 0.72%
8 68.29% ± 0.71% 86.77% ± 1.49% 55.79 % ± 3.38 % 86.46% ± 0.64%
9 75.93% ± 0.43% 83.85% ± 1.98% 55.44 % ± 0.59 % 83.02% ± 1.64%

E Compute Resources

The shown experiments are performed on a single NVIDIA Tesla V100 GPU using PyTorch. Code is
publicly available at github.com/timonkl/SubjectConditionedLayer.
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