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Abstract

Electroencephalography (EEG), as a non-invasive physiological
signal, plays an increasingly important role in human-centered
multimedia systems, supporting applications ranging from emotion
recognition and cognitive load assessment to motor-imagery-based
control. However, due to the substantial differences in temporal
scales, neural patterns, and label semantics across EEG tasks, it re-
mains challenging to unify heterogeneous downstream tasks within
a single model, while reconciling shared and task-specific EEG fea-
tures. To this end, we propose UniNeuro, a unified EEG foundation
framework that seamlessly integrates heterogeneous-task pretrain-
ing and downstream adaptation into a single discriminative learning
pipeline. Within the backbone, we introduce a task-conditional
Mixture-of-Experts (MoE) with gradient reversal, enforcing
shared experts to capture cross-task features while dynamically
routed experts focus on task-specific features, naturally decoupling
the two types of representations. At the downstream adaptation
stage, we propose Hierarchical Prototype-Guided Contrastive
Learning (HPGCL) to explicitly structure the latent space at both
task and label levels, enhancing task-level clustering and within-
task class separability. Pretrained on over 10,000 hours of EEG
data and evaluated on six diverse tasks, UniNeuro shows strong
unified multi-task performance and narrows the gap with single-
task fine-tuning, offering a scalable “brain-modality” encoder for
next-generation interactive multimedia systems.
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1 Introduction

Electroencephalography (EEG) has emerged as a pivotal human-
centric sensing modality in multimedia systems[26][6]. To support
applications such as immersive VR interaction and wellness assess-
ment, these systems must often simultaneously decode a spectrum
of user states—ranging from emotional fluctuations and psychi-
atric indicators to interaction intents [24][34][14]. However, these
tasks vary markedly in temporal scales, neural patterns, and label
semantics.

To build a shared foundation model supporting such heteroge-
neous tasks, EEG research has shifted toward large-scale pretraining
to learn transferable neural representations[40][16][35]. Despite
significant progress, existing foundation models typically rely on
task-specific fine-tuning, which incurs prohibitive computational
overhead and inhibits real-time deployment. Therefore, a core chal-
lenge remains: how to achieve unified learning across heteroge-
neous downstream tasks within a single model. Recent efforts, such
as NeuroLM [15], have attempted to address this by reformulating


https://orcid.org/0009-0005-3990-1206
mailto:luhaiyang@tongji.edu.cn
https://orcid.org/0000-0002-5250-170X
mailto:helianghua@tongji.edu.cn
https://orcid.org/0009-0002-5671-1322
mailto:chenhongzhou@tongji.edu.cn
https://orcid.org/0009-0004-8155-5514
mailto:2432123@tongji.edu.cn
https://orcid.org/0009-0001-2112-2483
mailto:2534183@tongji.edu.cn
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3767308.3836038
https://doi.org/10.1145/3767308.3836038

MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

heterogeneous EEG classification into a unified autoregressive pre-
diction paradigm through EEG-language alignment and instruction
tuning. While this represents a pivotal step toward general-purpose
EEG modeling, the generative paradigm often lacks the efficiency
and precision required for the closed-set classification benchmarks
that dominate the EEG field[42][13]. This raises a critical question:
can we directly unify multiple heterogeneous EEG tasks into a
single, efficient discriminative framework?

In this end, we propose UniNeuro, a unified EEG foundation
framework built around two novel components. First, at the back-

bone level, we introduce a gradient-reversal-enhanced task-conditional

mixture-of-experts (MoE) design[7][3][22]. Always-activated shared
experts are constrained via gradient reversal to focus on task-shared

EEG features, while dynamically routed experts specialize for task-
specific features, naturally decoupling shared and task-specific rep-
resentations. Second, at the downstream level, we organize the

learned feature space through Hierarchical Prototype-Guided Con-
trastive Learning, where supervised contrastive objectives[18][20]

[13]are applied at both the task level and the label level to encour-
age coarse-grained task structure and within-task class separability.
Together, these two mechanisms support unified discriminative

learning over heterogeneous EEG tasks within a single architec-
ture. Our backbone employs an online-target architecture[10][2]

to predict high-level latent features, prioritizing representation
stability over signal reconstruction to facilitate unified multi-task
discrimination.

UniNeuro is pretrained on more than 10,000 hours of EEG data
and evaluated under a unified benchmark covering six heteroge-
neous downstream tasks. The results demonstrate strong unified
multi-task performance and substantially narrow the gap between
unified learning and conventional single-task fine-tuning.

The main contributions of our work are fourfold:

Unified EEG multi-task foundation framework. We
present UniNeuro, a unified EEG foundation framework that
brings heterogeneous EEG tasks into a single discrimina-
tive paradigm, supporting heterogeneous-task pretraining,
downstream adaptation within one learning pipeline.
Gradient-reversal task-conditional mixture-of-experts
backbone. We introduce a backbone with shared and routed
experts, where shared experts are explicitly constrained via
gradient reversal to learn task-shared EEG features while
routed experts capture task-specific features, effectively de-
coupling shared and task-specific representations.

e Hierarchical prototype-guided contrastive learning,.
We explicitly organize the latent feature space at both the
task level and the label level through Hierarchical Prototype-
Guided Contrastive Learning, improving structured repre-
sentation learning and multi-task discrimination.

Unified downstream multi-task evaluation. Extensive
experiments on six heterogeneous EEG benchmarks demon-
strate that UniNeuro achieves strong unified multi-task per-
formance and narrows the gap to task-specific fine-tuning.
Further ablation studies and visualization analyses show
that the task-conditional Mixture-of-Experts and Hierarchi-
cal Prototype-Guided Contrastive Learning jointly shape a
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structured latent space that supports unifying heterogeneous
downstream tasks within a single discriminative framework.

2 Related Work
2.1 EEG Foundation Models

Recent EEG foundation models leverage large-scale, cross-dataset
pretraining to learn transferable neural representations. BIOT[40]
tokenizes heterogeneous biosignals into unified “biosignal sen-
tences,” accommodating variations in channel configurations, se-
quence lengths, and missing data. LaBraM[16] employs a neural
tokenizer and masked neural code prediction for cross-dataset pre-
training. EEGPT[35] combines masked dual self-supervision with
spatio-temporal representation alignment, while CBraMod[36] uses
a criss-cross Transformer to capture spatial and temporal depen-
dencies, highlighting the value of EEG-specific architectural priors.

Despite their strong transferability, these models typically re-
quire separate adaptation for each downstream task. They therefore
facilitate cross-dataset knowledge transfer but do not directly en-
able heterogeneous EEG tasks to be jointly learned within a single
model.

2.2 Task Unification in EEG Modeling

Research on unifying heterogeneous EEG tasks remains limited.
One emerging direction is to express different tasks through a com-
mon generative interface. Drawing on sequence-to-sequence mod-
els such as T5[28, 30], NeuroLM[15] reformulates heterogeneous
EEG tasks as autoregressive prediction through EEG-language
alignment, providing a unified interface across task-specific output
spaces.

Computer vision and language modeling, meanwhile, provide
another possible route: unifying heterogeneous tasks within a
shared discriminative label space. Representative studies unify la-
bel spaces across datasets for object detection[45], entity-relation
extraction[38], and independent multi-label segmentation tasks[42].
These approaches demonstrate that heterogeneous label systems
can be jointly modeled without converting classification into se-
quence generation.

Most current downstream EEG tasks are still closed-set classifica-
tion problems, and a unified discriminative route is therefore clearly
the more practical solution. Based on this observation, our work
focuses on a practical question: how to unify heterogeneous EEG
tasks within a single discriminative framework while preserving
strong task performance.

2.3 Structured Unified Learning

To make such a unified discriminative framework effective for
heterogeneous downstream tasks, two issues are particularly im-
portant: how to balance feature sharing and task specialization
inside a shared backbone, and how to organize the latent space
under heterogeneous joint training.

Mixture-of-experts architectures provide a natural mechanism
for addressing the first issue. MMoE[22] models task relationships
through task-specific gates over a shared expert pool, while PLE[31]
separates shared and task-specific experts to mitigate task con-
flicts and negative transfer. In brain-signal modeling, BrainMoE[39]
applies MoE to large-scale fMRI representation learning through
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Figure 1: Architecture overview of the UniNeuro framework for unified EEG modeling. The pipeline consists of the following
components: (a) Dual parallel networks (online and target) for robust latent feature extraction. (b) Reconstructor for masked
EEG recovery. (c) Mixture-of-Experts (MoE) module for shared and task-specific feature specialization. (d) Downstream dual
projectors for task-level and label-level representation organization. (e) Unified classifier operating on the structured latent

space for dataset-conditioned predictions.

cognition joint embedding, and EEGMamba[11] incorporates task-
aware experts into a bidirectional state-space model for multi-task
EEG classification.

These studies motivate sparse expert routing for balancing shared
and task-specific representations in heterogeneous EEG modeling.

The second issue concerns latent-space organization. Follow-
ing the BYOL[10] and JEPA[2] paradigms, EEGPT[35] predicts
high-level latent targets to reduce sensitivity to fine-grained signal
noise[25]. SupCon[18] improves discriminability through super-
vised instance-level contrast, while ContraWR[41] introduces a
global “world representation” as a contrastive reference for noisy
EEG data. BENDR[19] further extends contrastive pretraining across
EEG tasks and acquisition devices.

However, these objectives do not explicitly model the hierar-
chy between task identities and task-dependent labels. Because
labels from different EEG tasks are not directly comparable, uni-
fied learning requires hierarchical semantic anchors that organize
representations at both the task and within-task label levels.

3 Methods

3.1 Problem Formulation

Given a collection of heterogeneous EEG tasks, each sample is
denoted as (x;, m;, d;, y;), where x; € R4 ¥14; js an EEG segment
from task m; with Cy, channels and T, temporal samples, m; €

M = {1,2,...,M} is the task identity, d; € U = {1,2,...,U} is
the dataset identity, and y; € Yy, is the corresponding dataset-
specific label. Here, a single task may be supported by samples
from multiple datasets.

We use tp,; = Eragk (m;) to denote the learnable embedding of task
m;, and aim to learn a task-conditional EEG backbone fp, shared
across heterogeneous tasks, that maps the input EEG signal and
task condition into a global representation h;, i.e.,

hi = fo(xi, tm;), h; € RP. (1)

where f,, denotes an optional task condition. Based on h;, the
model further produces the task-specific prediction

gi = ¢cls(hi; ;mi)~ (2)
where tp,, is also optional. The goal is to learn a unified model

that captures transferable shared EEG structure while preserving
task-specific discriminability across heterogeneous tasks.

3.2 Overview of the Framework

We propose a unified EEG foundation framework, UniNeuro, which
supports multiple heterogeneous downstream tasks,as illustrated
in Figure 1. The framework integrates pretraining and downstream
adaptation into a single pipeline, enabling the model to capture
transferable shared EEG representations while preserving task-
specific discriminability.
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In the pretraining phase, the backbone learns latent EEG
representations through dual parallel networks (online and target)
and a task-aware mixture-of-experts (MoE) that balances shared and
task-specific feature extraction. Masked EEG components across
temporal, channel, and task dimensions are reconstructed, allowing
the model to capture high-quality spatio-temporal representations
and task-relevant semantics.

During downstream adaptation, the target network features
are projected into two latent spaces: a task-level projector for coarse-
grained task semantics and a label-level projector for within-task
label separability. Both spaces are optimized using Hierarchical
Prototype-Guided Contrastive Learning. A unified classifier pro-
duces predictions in the dataset-conditioned label space.

Overall, UniNeuro enables a single model to simultaneously
support multiple EEG tasks. Optional task-context recovery allows
the model to maintain robust performance even when task identity
is unavailable.

3.3 Pretraining

During pretraining, each EEG sample x; is first transformed into a
sequence of latent patches using an EEG patch embedding. A task
embedding t,,; is concatenated with each patch to preserve task
semantics, and a channel embedding is added to account for differ-
ent channel configurations across datasets. These task-conditional
embeddings form the input to the backbone.

3.3.1 Online-Target Pretraining Architecture. Because low-level sig-
nal reconstruction can overfit noise in EEG, we use high-level la-
tent prediction as the primary pretraining objective, complemented
by auxiliary reconstruction. The backbone comprises parallel on-
line and target networks[33]. The online network encodes inputs
masked along the temporal, channel, and task dimensions, whereas
the target network processes unmasked inputs and provides stable
latent targets through momentum-updated parameters:

Og — Abyg + (1= 1)Oon, 3)

where 0y, and 0., denote the target and online parameters, respec-
tively, and A is the momentum coefficient. An auxiliary reconstruc-
tor further regularizes the online representations by recovering
masked temporal, channel, and frequency components. Together,
these objectives produce stable task-conditional representations for
unified downstream discrimination.

3.3.2 Task-Conditional Mixture-of-Experts with Gradient Reversal.
Separating task-invariant and task-specific EEG features is central
to heterogeneous-task learning. Although MoE backbones com-
bine shared and routed experts, task-aware routing alone does not
explicitly constrain their respective roles. We therefore augment
a task-conditional MoE with gradient reversal[8]: an adversarial
task objective suppresses task-specific information in shared ex-
perts, while task-conditioned routing directs routed experts toward
task-relevant representations.

MOoE Architecture. The task-conditional MoE consists of Es always-
activated shared experts and E, dynamically routed experts, with
a Top-K sparsity constraint (Fig. 2). Denote the backbone feature
as h; and the task embedding as t,,. Routing weights are jointly
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computed from the backbone feature and task embedding as:
r; = softmax (W, h; + Wy, ), r; € REr, (4)

where W, and W; are learnable parameters. Only the top-K experts
with the highest routing scores are activated for each sample.

The outputs of shared and routed experts are combined to form
the final MoE feature:

Es

1

RMOE = i Z Expertj-hared(h,-) + Z rij -Expertﬁouted(hi) :
S j=1 Jj€TopK(r;)

shared experts routed experts

®)

Task-Adversarial Gradient Reversal. To encourage the shared ex-
perts to learn task-invariant representations, we introduce gradient
reversal on the gradients from the task discrimination loss back-
propagated to the shared experts. Let ¢,5ic denote the task classifier
and m; the task identity. The adversarial loss for shared experts is:

-Ltask-shared = _LCE (‘ptask(h?hared)s mi)s (6)

which inverts the gradient during backpropagation, preventing
shared experts from encoding task-specific information. In con-
trast, routed experts are trained normally to predict task identity.
This design ensures a natural decoupling: shared experts capture
task-invariant EEG representations, while routed experts encode
task-specific features. Furthermore, the task classifier also allows
"optional task-context recovery": when task identity is unavail-
able, the model can infer task semantics from the input, improving
robustness in practical deployment.

3.3.3 Pretraining Losses. The total pretraining objective consists
of multiple components:

Lpretrain = Lrecon + Llatent + Lload + -Ctask + -Crouter» (7)
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where each term is defined as follows:

e Reconstruction Loss Lecon: encourages the reconstructor
to recover masked EEG components, including temporal,
channel, and task identity dimensions, as well as patch em-
beddings and short-time Fourier transform features.

o Predictor Alignment Loss Ljyent:

Liwens = o = s ®

where pfred is the predictor output of the online network,
h;g is the target network feature, and sg(-) denotes stop-
gradient.

e Load Balancing Loss L},,4: encourages balanced utilization
of routed experts to prevent collapse to a few experts.

e Task Prediction Loss Ly,: trains the model to predict the
task identity from latent representations, supporting task-
conditional modeling.

o Router Consistency Loss Lyouter: regularizes the routing
outputs to maintain stability and consistency across similar
inputs.

3.4 Downstream Adaptation

Although the backbone learned rich latent EEG representations
during pretraining, these features are not automatically structured
for multiple heterogeneous downstream tasks. In practice, task-
level clusters may overlap, and within-task class separability may
be insufficient, leading to interference when training a unified
classifier. To address these challenges, we design a hierarchical
representation learning scheme that explicitly organizes the latent
space at both task and label levels.

3.4.1 Hierarchical Prototype-Guided Contrastive Learning. We pro-
pose Hierarchical Prototype-Guided Contrastive Learning (HPGCL) to
disentangle task-level and label-level semantics in the latent space.
Let h; denote the high-level feature from the target network. The
feature is projected into two spaces:

Task-level latent space: captures coarse-grained task seman-
tics. For each task m, we maintain a momentum-updated prototype
cm. Task-level supervised contrastive loss encourages features of
the same task to cluster around their prototype while pushing fea-
tures of different tasks apart:

Liask =

Zl exp(sim (21K, ¢, ) /1) ©)

=M exp(sim(z!k, em) /)

where 7 is a temperature hyperparameter.

Label-level latent space: captures fine-grained within-task
label separability. For each class y under task m, we maintain a
task-conditioned label prototype I, . Label-level contrastive loss
encourages features to cluster around the correct label prototype:

exp( s1m(zlabel Im;, y,—)/Tl)

Liabel = log 10
fabel Z yeym exp(51m(zlabel Diniy)/T1) (10)
The combined HPGCL objective is:

Lupcer = Liask + Liabel- (11)
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Table 1: Summary of the datasets used in this work.

Dataset Task Type #Subj. Hours Cls.

Pretraining Datasets

TUEG(27] (subset) Clinical EEG 4000 =~ 6000 SSL
SEED-IV[43] Emotion Recognition 15 45 4
SEED-V[21] Emotion Recognition 20 60 5
SleepEDFx[17] Sleep Staging 197 3849 5
KaggleERN[23] ERP Detection 26 30 2
BCI2B[29] Motor Imagery 9 26.3 2
TSUBenchmark[37] SSVEP Classification 35 14 40
Downstream Benchmark Datasets
TUAB[4] Abnormal Detection 2383 1137 2
TUEV[12] Event Classification 370 148 6
SEED[44][5] Emotion Recognition 15 45 3
HMC[1] Sleep Staging 151 582 5
PhysioP300[9] ERP Detection 10 2.3 2
BCICIV2a[32] Motor Imagery 9 13.4 4

3.4.2  Unified Discriminative Classification. On top of the struc-
tured latent space, a unified classifier ¢ ;s produces predictions in
the dataset-conditioned label space. Let y; be the ground-truth label;
the cross-entropy loss is:

Lee = - ) yilog guis(ho)- (12)

The final downstream adaptation objective combines hierarchical
contrastive learning with supervised classification:

Ldownstream = AnpceLLupcer + AceLcE, (13)

This design ensures that a single model can simultaneously sup-
port multiple heterogeneous EEG tasks while preserving both task-
level and label-level feature structure. Optional task-context re-
covery allows inference even when task identity is unavailable,
enhancing robustness and deployability.

4 Experiments
4.1 Datasets

We use a heterogeneous collection of EEG datasets for both pre-
training and downstream evaluation, covering several representa-
tive paradigms, including clinical EEG analysis, emotion recogni-
tion, sleep staging, ERP decoding, motor imagery (MI), and SSVEP-
based BCI, as summarized in Table 1.

Dataset Splits: For pre-training, we follow the same setting as
EEGPT[35] and randomly sample 10% of the training data as the
validation set. For downstream multi-task evaluation, we adopt
a unified dataset split protocol to ensure fair comparison across
tasks. Specifically, for TUAB[4] and TUEV[12], we follow the official
train/test split and further split the training patients into training
and validation sets with an 80/20 ratio. For SEED[44], we divided
all 15 trials into training, validation, and test sets in a 9:3:3 ratio
and merged the sessions. For BCICIV2a[32], and PhysioP300[9], we
use leave-one-subject-out (LOSO) evaluation. For HMC[1], we use
the first 100 subjects for training, the next 25 for validation, and
the remaining 26 for testing.

Preprocessing: All EEG signals are preprocessed using a uni-
form pipeline. Specifically, all recordings are resampled to 256 Hz
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Table 2: Unified downstream multi-task evaluation on six representative EEG benchmarks. The Multi-task column indicates
whether a model is trained under the unified multi-task setting. Within the single-task specialist group (BIOT[40], LaBraM[16],
EEGPT([35]), the best result is underlined. Within the unified multi-task group (NeuroLM[15], Ours-Tiny, Ours-Base, Ours-

Large), the best result is highlighted in bold.

TUAB
Model Multi-task  Balanced Acc. AUC-PR AUROC
BIOT X 0.7959+0.0057  0.8792+0.0023  0.8815+0.0043
LaBraM X 0.8140+0.0019  0.8965+0.0016  0.9022+0.0009
EEGPT X 0.7983+0.0030  0.8827+0.0106  0.8718+0.0050
NeuroLM v 0.7826+0.0065  0.6975+0.0081  0.7816+0.0079
Ours-Tiny v 0.7723+£0.0075  0.8484+0.0135  0.8627+0.0062
Ours-Base v 0.7912£0.0035  0.8501+0.0164  0.8624+0.0026
Ours-Large v 0.7964+0.0067 0.8536+0.0025 0.8653+0.0011
SEED
Model Multi-task  Balanced Acc. Cohen’s Kappa  Weighted F1
BIOT X 0.7097+0.0024  0.5682+0.0051  0.7134+0.0027
LaBraM X 0.7318+0.0019  0.5994+0.0031  0.7354+0.0021
EEGPT X 0.7228+0.0068  0.5915+0.0075  0.7043+0.0071
NeuroLM v 0.5554+0.0075  0.3393+0.0117  0.5599+0.0068
Ours-Tiny v 0.6626+0.0016  0.5312+0.0042  0.6318+0.0071
Ours-Base v 0.6835+0.0047  0.5313+0.0064  0.6324+0.0053
Ours-Large v 0.6860+0.0013 0.5566+0.0029 0.6534+0.0011
PhysioP300

Model Multi-task  Balanced Acc. Cohen’s Kappa AUROC
BIOT X 0.5485+0.0325  0.0968+0.0647  0.5308+0.0333
LaBraM X 0.6477+0.0110  0.2935+0.0277  0.7068+0.0134
EEGPT X 0.6502+0.0063  0.2999+0.0139  0.7168+0.0051
NeuroLM v 0.5292+0.0143  0.2219+0.0156  0.5234+0.0129
Ours-Tiny v 0.5517+0.0090  0.2401+0.0149  0.6371+0.0111
Ours-Base v 0.5620+0.0067  0.2433+0.0104  0.6412+0.0096
Ours-Large v 0.5746+0.0013 0.2531+0.0102 0.6412+0.0089

to unify temporal resolution. To remove physiological artifacts and
line noise, a band-pass filter from 0.1 Hz to 75 Hz and a 50 Hz notch
filter are applied. The signals are then segmented into fixed-length
4 s windows, and the amplitudes are standardized to microvolts
(¢V) with consistent channel alignment across datasets. These pre-
processed segments are subsequently used for both pre-training
and downstream evaluation.

4.2 Experimental Settings

Pretraining. We pretrained three scales of the UniNeuro model:
Tiny (11M), Base (27M), and Large (86M), where the total parameter
count includes all MoE components.

Downstream Multi-task Training. We jointly fine-tuned UniNeuro
across all six downstream tasks. Each mini-batch was constructed
using task-wise block sampling with a fixed task ratio, ensuring that
every task contributed to each optimization step. The pretrained
target encoder, hierarchical projectors, and unified classifier were
jointly optimized using the same optimization setup as in pretrain-
ing. Each experiment was repeated with three random seeds. We
report task-appropriate metrics, including balanced accuracy (BA),
area under the precision-recall curve (AUC-PR), area under the re-
ceiver operating characteristic curve (AUROC), weighted F1 score,
and Cohen’s kappa. For each task, the checkpoint with the best
corresponding validation performance was used for test evaluation.

TUEV

Model Multi-task  Balanced Acc. Cohen’s Kappa  Weighted F1

BIOT X 0.5281£0.0225  0.5273%+0.0249  0.7492+0.0082
LaBraM X 0.6409+0.0065  0.6637+0.0093  0.8312+0.0052
EEGPT X 0.6232+0.0114  0.6351+0.0134  0.8187+0.0063
NeuroLM v 0.4560+0.0048  0.4285+0.0048  0.7153+0.0028
Ours-Tiny v 0.5584+0.0096  0.5638+0.0033  0.7320%0.0064
Ours-Base v 0.5739£0.0025  0.5827%0.0092  0.7462+0.0051
Ours-Large v 0.5813+0.0061 0.5884+0.0034 0.7588+0.0048

HMC

Model Multi-task  Balanced Acc. Cohen’s Kappa ~ Weighted F1

BIOT X 0.6862+£0.0041  0.6295+0.0113  0.7091+0.0147
LaBraM X 0.7286+0.0101  0.6812+0.0073  0.7554%0.0024
EEGPT X 0.7344+0.0120  0.6821+0.0125  0.8126+0.0093
NeuroLM v 0.6737£0.0050  0.6188+0.0057 0.7126+0.0034
Ours-Tiny v 0.6652+£0.0120  0.6320+0.0051  0.6946+0.0103
Ours-Base v 0.6673+0.0138  0.6482+0.0098  0.6953+0.0110
Ours-Large v 0.6750+£0.0112 0.6578+0.0086 0.7032+0.0085

BCICIV2a

Model Multi-task  Balanced Acc. Cohen’s Kappa  Weighted F1

BIOT X 0.4590£0.0196  0.2787+0.0261  0.4282+0.0289
LaBraM X 0.5613+£0.0058  0.4151%£0.0069  0.5520+0.0052
EEGPT X 0.5846+0.0070  0.4462+0.0094  0.5715+0.0051

NeuroLM v 0.4314+0.0133  0.3145+0.0114  0.4467+0.0003
Ours-Tiny v 0.5249+0.0015  0.3794+0.0027  0.5164+0.0052
Ours-Base v 0.5415£0.0022  0.3931+0.0050 0.5349+0.0016
Ours-Large v 0.5461+0.0067 0.3927+0.0074  0.5315+0.0019

Implementation and Hardware. All models were implemented
in PyTorch 2.7.0 and trained on eight NVIDIA A6000 GPUs using
mixed-precision (FP16) with CUDA 11.7. Distributed data-parallel
training ensured efficient multi-GPU scaling, and fixed random
seeds guaranteed reproducibility. Training logs and validation met-
rics were recorded throughout.

Baseline Methods. For multi-task evaluation, NeuroLM[15] was
used as the primary baseline. Additionally, three single-task strong
baselines—BIOT[40], LaBraM[16], and EEGPT[35]—were included.
Single-task baselines were trained under identical budgets and
hyperparameters and fine-tuned independently for each task.

4.3 Unified Downstream Multi-task Evaluation

We evaluate UniNeuro on six representative EEG benchmarks,
covering abnormality detection (TUAB[4]), event classification
(TUEV[12]), emotion recognition (SEED[44]), sleep staging (HMC[1]),
ERP decoding (PhysioP300[9]), and motor imagery classification
(BCICIV2a[32]). We compare against three single-task specialist
baselines (BIOT[40], LaBraM[16], and EEGPT[35]) and one unified
multi-task baseline (NeuroLM[15]). The single-task models serve
as reference upper bounds, while NeuroLM provides the primary
baseline under the same unified multi-task setting.

As shown in Table 2, UniNeuro consistently outperforms Neu-
roLM on most benchmarks under the unified setting. Using the
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Base model as reference, the Balanced Accuracy gain reaches 11.8%
on TUEV and 12.8% on SEED, and remains notable on more chal-
lenging low-resource tasks such as PhysioP300 (+3.3%) and BCI-
CIV2a (+11.0%). On TUAB and HMC, although the Balanced Accu-
racy improvement is smaller, UniNeuro remains competitive and
achieves slightly better Cohen’s Kappa, indicating more stable class-
consistent predictions.

Compared with single-task specialists, the gap varies across tasks.
On TUAB and SEED, UniNeuro narrows the gap to 2.3% and 4.8%,
respectively, showing that unified multi-task learning can approach
task-specific fine-tuning when sufficient shared structure exists
across tasks. In contrast, larger deficits remain on PhysioP300 and
BCICIV2a, where limited data and finer transient discriminative
patterns make joint optimization more sensitive to data imbalance.
Overall, these results suggest that UniNeuro is a strong unified
discriminative framework for heterogeneous EEG task learning: it
delivers clear gains over the prior unified baseline while substan-
tially reducing, though not fully eliminating, the gap to single-task
modeling.

4.4 Task-aware MoE Analysis

Under severe dataset imbalance, we observe that expert utilization
tends to be dominated by high-resource tasks despite task-wise
batch partitioning. To isolate the contribution of task-aware expert
routing, we conduct the main Task-MoE ablation on four tasks
with relatively balanced training-set sizes: TUEV[12], SEED[44],
HMC[1], and BCICIV2a[32]. All experiments follow the same data-
split protocol as in Sec. 4.1. This controlled setting reduces the
confounding effects of dominant large-scale datasets, allowing per-
formance differences to be attributed more directly to the routing
mechanism.
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Figure 3: Controlled ablation of expert routing mechanisms
on four downstream tasks with relatively balanced dataset
scales.

Quantitative Ablation. We compare four parameter-matched
variants under the same downstream training setting with task
IDs provided: (1) Dense FFN, where MoE blocks are replaced by
standard feed-forward layers; (2) Task-agnostic MoE, retaining mul-
tiple experts but without task-conditioned routing; (3) Task-aware
MOoE; and (4) Task-aware MoE with Gradient-Reversal. As shown
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Figure 4: Expert activation heatmaps

in Fig. 3, Task-aware MoE improves average balanced accuracy
from 0.569 (Dense FFN) and 0.562 (Task-agnostic MoE) to 0.583
across the four tasks, corresponding to relative gains of 2.6% and
3.8%, respectively. Adding Gradient-Reversal further boosts the
average balanced accuracy to 0.597, achieving an additional 2.4%
improvement. These results indicate that expert capacity alone is
insufficient, and task-conditioned routing is essential for reliable
multi-task adaptation. Moreover, the combination with Gradient-
Reversal enhances adaptation by further promoting task-specific
feature separation.

Expert Routing Visualization. Figure 4 shows that Task-aware
MoE develops distinct task-dependent routing patterns in deeper
FFN blocks while maintaining balanced expert utilization overall.
In contrast, Task-agnostic MoE produces nearly uniform activation
patterns across tasks under the load-balancing objective, suggest-
ing limited expert specialization. This contrast indicates that task
conditioning, rather than expert competition alone, is responsible
for forming task-specific computation paths.

Overall, this controlled ablation confirms that task-aware ex-
pert routing is key to translating expert modularity into consistent
downstream improvements, and that combining it with Gradient-
Reversal further enhances multi-task adaptation across heteroge-
neous EEG tasks.

4.5 Ablation of Hierarchical Prototype-Guided
Contrastive Learning (HPG-Contrastive)

We conduct a controlled ablation on the unified six-task down-
stream benchmark to quantify the individual and joint contributions
of the task- and label-level HPG-Contrastive objectives. All variants
share the same backbone initialization and training protocol.

Quantitative Ablation. As shown in Fig. 5 and Table 3, the task-
and label-level variants improve average BA from 46.98% (CE-only)
to 53.48% (+6.50 points) and 60.69% (+13.71 points), respectively.
Combining both objectives yields the highest average BA of 64.02%,
a 17.04-point improvement over CE-only. In contrast, the flat global
variant with a single projector reaches only 47.96% (+0.98 points),
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Figure 5: Ablation results of HPG-Contrastive on the
unified six-task downstream benchmark. CE-only is the
classification-only baseline.

Table 3: Average Balanced Accuracy (%) of contrastive vari-
ants; T shows gain over CE-only.

Method Avg. BA (%) T
CE only (cross-entropy) 46.98 -
CE + Task-level HPG-Contrastive 53.48 +6.50
CE + Label-level HPG-Contrastive 60.69 +13.71
CE + Flat Global HPG-Contrastive 47.96 +0.98
CE + HPG-Contrastive (full) 64.02 +17.04

suggesting that a single contrastive space inadequately models
task-dependent label semantics.

Mechanistic Interpretation. The task-level objective establishes
coarse inter-task organization, while the label-level objective refines
class structure within each task. Their complementary gains, to-
gether with the near-baseline performance of the flat global variant,
indicate that HPG-Contrastive benefits from explicitly modeling
the task-label hierarchy rather than applying contrastive regular-
ization in an undifferentiated global space.

4.6 Representation Space Analysis

To examine how HPG-Contrastive structures the learned repre-
sentation space, we visualize the task-level projector outputs z%°
across all six tasks and the label-level outputs 22! on SEED using
UMAP. Embeddings are colored by task identity and class label, re-
spectively. All comparisons use balanced sampling, identical sample
identities, and the same PCA+UMAP configuration, with check-
points selected a priori for each analysis. Silhouette scores are
computed in the original high-dimensional spaces rather than the
2D projections.

As shown in Fig. 6(a)-(b), the CE-only baseline already exhibits
visible task-level separation, indicating that the pretrained task-
aware backbone captures coarse task-dependent EEG structure.
Nevertheless, several task clusters remain partially overlapping.
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Figure 6: UMAP visualization of learned EEG representa-
tions. (a)—(b) Task-level embeddings for CE-only and HPG-
Contrastive. (c)—(d) Label-level embeddings on the SEED
dataset for CE-only and HPG-Contrastive.

Task-level HPG-Contrastive produces more compact intra-task clus-
ters and clearer inter-task separation, increasing the silhouette score
from 0.5431 to 0.6788.

Figure 6(c)—(d) shows the label-level representations on SEED.
The three emotion classes overlap substantially under CE-only, indi-
cating limited within-task separability. Label-level HPG-Contrastive
improves within-class compactness and between-class separation,
increasing the silhouette score from 0.0824 to 0.2779, alongside an
absolute BA gain of 0.081. The relatively low final silhouette score
nevertheless indicates that affective EEG states remain difficult to
separate.

Together, these results show that HPG-Contrastive improves
both inter-task organization and within-task class structure, con-
sistent with its downstream performance gains.

5 Conclusions

In this work, we proposed UniNeuro, a unified EEG foundation
model that enables joint learning of heterogeneous EEG tasks
within a single architecture. By integrating a task-conditional Mixture-
of-Experts (MoE) backbone with Hierarchical Prototype-Guided
Contrastive Learning (HPGCL), UniNeuro effectively decouples
shared and task-specific neural representations and organizes the
latent space at both task and label levels. Pretrained on over 10,000
hours of EEG data and evaluated across six diverse downstream
tasks, UniNeuro demonstrates strong unified multi-task discrimi-
native performance, and achieves performance competitive with
single-task fine-tuning on several tasks. The framework provides
a generalizable foundation for EEG-based applications, including
abnormality detection, emotion recognition, sleep staging, ERP de-
coding, and motor imagery, and offers a versatile infrastructure for
future multi-task and multimodal EEG research.
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