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Abstract

Emotion recognition from EEG signals is essential for
affective computing and has been widely explored us-
ing deep learning. While recent deep learning approaches
have achieved strong performance on single EEG emotion
datasets, their generalization across datasets remains limited
due to the heterogeneity in annotation schemes and data for-
mats. Existing models typically require dataset-specific archi-
tectures tailored to input structure and lack semantic align-
ment across diverse emotion labels. To address these chal-
lenges, we propose EMOD: A Unified EEG Emotion Rep-
resentation Framework Leveraging Valence-Arousal (V-A)
Guided Contrastive Learning. EMOD learns transferable and
emotion-aware representations from heterogeneous datasets
by bridging both semantic and structural gaps. Specifically,
we project discrete and continuous emotion labels into a uni-
fied V-A space and formulate a soft-weighted supervised con-
trastive loss that encourages emotionally similar samples to
cluster in the latent space. To accommodate variable EEG
formats, EMOD employs a flexible backbone comprising
a Triple-Domain Encoder followed by a Spatial-Temporal
Transformer, enabling robust extraction and integration of
temporal, spectral, and spatial features. We pretrain EMOD
on 8 public EEG datasets and evaluate its performance on
three benchmark datasets. Experimental results show that
EMOD achieves the state-of-the-art performance, demon-
strating strong adaptability and generalization across diverse
EEG-based emotion recognition scenarios.

Code — https://github.com/cyn4396/EMOD

Introduction
Emotion is a fundamental component of human life, influ-
encing cognition, behavior, and social interaction (Lench,
Darbor, and Berg 2013). The ability to understand and rec-
ognize emotions is crucial for the development of affective
computing—a field focuses on bridging the gap between hu-
man emotions and intelligent systems (Wang et al. 2022).
By enabling more natural and adaptive human-computer in-
teractions, affective computing highlights the growing need
for accurate, robust, and scalable emotion recognition meth-
ods (Mathur, Mataric, and Morency 2023). Among various
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Figure 1: Comparison between conventional EEG emotion
recognition and our EMOD framework. Traditional meth-
ods rely on dataset-specific supervision and manually de-
signed architectures, limiting generalization across datasets.
In contrast, EMOD employs V-A guided pretraining on het-
erogeneous data, enabling robust and generalizable emotion-
aware representations.

sensing modalities, electroencephalography (EEG) stands
out as a promising tool for emotion recognition. Unlike be-
havioral signals—such as facial expressions, vocal tone, or
body gestures—that are often influenced by cultural norms
or conscious control, EEG offers a direct and objective
measure of neural activity underlying emotional processes.
Its high temporal resolution and capacity to capture fine-
grained brain dynamics make EEG well-suited for decoding
affective states with improved robustness and precision.

Recently, numerous deep learning models have been pro-
posed for EEG-based emotion recognition (Song et al. 2020;
Ding et al. 2023; Zhao et al. 2025). However, as illustrated
in Figure 1(a), these models are typically designed for spe-
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cific datasets, making joint training and deployment across
different datasets difficult. Their generalizability are limited
in practical applications where there are usually new EEG
sources appearing. A major obstacle to such generalization
lies in the inherent heterogeneity of EEG datasets, which
manifests in two fundamental aspects. First, label hetero-
geneity arises from differences in annotation schemes. Some
datasets adopt discrete emotion labels (e.g., happy, sad, fear)
often derived from video stimuli or expert rating, while
others rely on continuous self-reported valence-arousal (V-
A) scores. Even within the same paradigm, label defini-
tions and value ranges often vary, resulting in semantic mis-
matches that hinder model transferability across datasets.
Second, data format heterogeneity arises from variations
in EEG acquisition protocols, such as different channel con-
figurations and sampling rates. For instance, some datasets
use 62-channel EEG at 200 Hz, while others employ 32-
channel signals sampled at 128 HZ. These discrepancies
force prior models to adopt dataset-specific architectures,
limiting their scalability and preventing unified modeling
across diverse EEG formats.

To address these challenges, we propose EMOD, a pre-
training framework designed to learn generalizable and
emotion-aware EEG representations from heterogeneous
datasets, as illustrated in Figure 1(b). EMOD aims to
bridge both the semantic and structural gaps across datasets,
enabling unified, scalable, and transferable representation
learning for EEG-based emotion recognition. To address
label heterogeneity, we leverage the widely accepted
Valence-Arousal (V-A) emotion model (Russell 1980) to
project all available emotion annotations—whether dis-
crete or continuous—into a shared affective space. Based
on this projection, we design a soft-weighted supervised
contrastive loss that defines inter-sample similarity by V-A
proximity, encouraging representations that reflect the con-
tinuous emotional semantics across datasets. To our best
knowledge, there have been no studies considering the emo-
tion label consistency for the EEG emotion recognition task,
and we are the first aiming to address this limitation. To han-
dle data format heterogeneity, we devise a flexible and
unified architecture that supports varying channel configu-
rations, sampling rates, and segment lengths. It combines a
Triple-Domain Encoder and Spatial-Temporal Transformer
to extract temporal, spectral and spatial features across di-
verse EEG formats. Together, EMOD tries to learn seman-
tically meaningful and structurally adaptive EEG represen-
tations, facilitating more robust and generalizable emotion
recognition across heterogeneous datasets. Our main contri-
butions are summarized as follows:

• We propose EMOD, a unified pretraining framework
for EEG-based emotion recognition that leverages V-
A guided contrastive learning to learn generalizable
and emotion-aware representations from heterogeneous
datasets. EMOD is pretrained on 8 public EEG datasets
and evaluated on 3 widely-used EEG emotion bench-
marks. Extensive experiments demonstrate that EMOD
achieves state-of-the-art performance and strong gener-
alization across diverse datasets.

• For the first challenge, we devise a V-A guided con-
trastive learning strategy that unifies discrete and con-
tinuous emotion labels into a shared affective space, en-
abling semantic alignment and improving label compati-
bility across datasets. To our best knowledge, we are the
first to address the inconsistency of EEG emotion labels
across different datasets.

• For the second challenge, we design a flexible backbone
with a Triple-Domain Encoder and Spatial-Temporal
Transformer to capture temporal, spectral, and spatial
features across diverse EEG formats.

Related Works
EEG-Based Emotion Recognition
Traditional EEG-based emotion recognition relies on hand-
crafted features and subsequent classification (Pham et al.
2015; Duan, Zhu, and Lu 2013; Chen et al. 2019), but strug-
gles to capture the nonlinear and dynamic nature of EEG
signals. Recent works address this by adopting end-to-end
deep learning models that learn hierarchical features directly
from raw data. A variety of architectures have been ex-
plored, including CNNs (Liu et al. 2022), RNNs (Tao et al.
2023), GNNs (Zhong, Wang, and Miao 2022), and Trans-
former (Ding et al. 2024) hybrids. Beyond architecture, con-
trastive learning improves transferability by enforcing se-
mantic similarity (Shen et al. 2023; Li et al. 2024, 2023),
while continual learning addresses EEG non-stationarity and
enhances adaptability (Zhou et al. 2025a,b). Despite good
performance, existing approaches face two limitations: (1)
they are largely restricted to single-dataset training and lack
generalizability across datasets with diverse formats and an-
notation schemes; (2) they rely on discrete emotion labels
and assume uniform similarity within classes, overlooking
the continuous and nuanced structure of human emotions.

Representation Learning for EEG
Recent advances in self-supervised learning have enabled
large-scale EEG representation pretraining. Several foun-
dation models have emerged, including Brant (Zhang
et al. 2023) with masked modeling for neural signals,
LaBraM (Jiang, Zhao, and Lu 2024) with channel-wise
spectrum prediction, CBraMod (Wang et al. 2024) using
criss-cross attention, and EEGMamba (Wang et al. 2025)
based on a Mamba state-space model. Although these mod-
els show strong transferability in general EEG tasks, they
are usually optimized for low-level objectives such as recon-
struction or masking, which capture structural patterns but
overlook emotion-relevant dynamics. As a result, the learned
representations lack emotion-specific inductive biases, lim-
iting their effectiveness for downstream affective tasks.

Method
Recent advances in self-supervised learning have enabled
effective representation learning from large-scale unlabeled
EEG data. Several foundation models have been proposed
to extract generalized features across tasks and datasets. For
instance, Brant (Zhang et al. 2023) adopts masked modeling
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Figure 2: Overview of the EMOD framework.

for intracranial neural signals; LaBraM (Jiang, Zhao, and
Lu 2024) performs channel-wise segmentation and vector-
quantized spectrum prediction; CBraMod (Wang et al. 2024)
leverages criss-cross attention and asymmetric positional en-
coding to model spatial-temporal dependencies; and EEG-
Mamba (Wang et al. 2025) introduces a Mamba-based state-
space model for large-scale EEG pretraining. While these
models show strong transferability in general EEG applica-
tions, they face critical limitations in emotion recognition.
Most foundation models are optimized for low-level objec-
tives such as signal reconstruction or masked prediction,
which capture generic EEG structures but overlook emotion-
relevant dynamics. As a result, their learned representations
lack emotion-specific inductive biases, reducing their effec-
tiveness for affective tasks.

Cross-Dataset Adaptive EEG Backbone
Architecture
To extract generalizable EEG representations from hetero-
geneous datasets, we design a flexible backbone that cap-
tures emotion-relevant features from three complementary
domains. It comprises a Triple-Domain Encoder module,
which integrates temporal, spectral, and spatial information,
followed by a Spatial-Temporal Transformer that models
long-range dependencies across both dimensions.

Triple-Domain Encoder. To extract emotion-relevant fea-
tures from temporal, spectral, and spatial domains, we de-
sign a triple-domain encoder module that integrates infor-
mation into a coherent token representation, which is then
fed into the spatial-temporal transformer to capture higher-
level spatiotemporal dependencies and emotional dynamics.

Given an input EEG segment X ∈ RC×T , where C is
the number of channels and T the number of time points,
we first extract temporal-domain tokens Xt ∈ RC×T ′×d

by directly processing raw signals, and spectral-domain to-
kens Xf ∈ RC×T ′×d via Fast Fourier Transform (FFT),
where T ′ is the number of temporal segments derived from
convolution, and d is the embedding dimension. These two
types of tokens are concatenated along the embedding di-
mension and linearly projected to form the temporal-spectral
representation:

Xtf = Linear ([Xt;Xf]) ∈ RC×T ′×d, (1)

To generalize across datasets with varying channel con-
figurations, we introduce a learnable channel embedding
matrix Es ∈ RC×d, where each row vector ei encodes the
anatomical and identity information of the i-th electrode.
These spatial embeddings are broadcast along the temporal
axis and added to the fused tokens:

H = Xtf +Es ∈ RC×T ′×d, (2)

This triple-domain encoder captures complementary
time-frequency patterns while remaining robust to diverse
electrode configurations across datasets.

Spatial-Temporal Transformer. To learn from heteroge-
neous EEG formats, we adopt an axial attention mech-
anism (Ho et al. 2019) that separately captures spatial
and temporal dependencies, enabling effective modeling of
cross-channel and temporal interactions. Specifically, spa-
tial axial attention is applied across EEG channels at each
time step to capture inter-electrode relationships, while tem-
poral axial attention models intra-channel dynamics over
time, capturing long-range affective dependencies.

While spatial attention benefits from absolute positional
encodings—since EEG channels correspond to anatomically
fixed electrode locations—the same approach does not apply
well to the temporal dimension. Time steps in EEG signals
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lack consistent semantic meaning. For instance, the emo-
tional state at second 2 may not inherently carry more sig-
nificance than at second 10. Using absolute temporal posi-
tions may therefore introduce bias or overfitting. To address
this, we incorporate a relative temporal encoding scheme
into the temporal axial attention. Specifically, we compute a
relative distance matrix R ∈ RT ′×T ′

that encodes pairwise
temporal offsets between tokens. This matrix is then added
to the attention logits to modulate similarity based on rela-
tive rather than absolute time:

Attentiontem(Q,K,V) = softmax

(
QK⊤
√
d

+R

)
V, (3)

This design allows the model to capture temporal depen-
dencies based on relative positions, enabling a more flexible
representation of evolving emotional dynamics.

V-A Guided Contrastive Learning
A major obstacle to generalizable EEG-based emotion
recognition lies in the inconsistency of emotion anno-
tations: some datasets adopt discrete emotion categories
(e.g., “happy”, “sad”), while others provide continuous V-A
scores. This label heterogeneity hinders unified representa-
tion learning and cross-dataset alignment. To address this,
we try to construct a unified affective space based on V-A
emotion model, into which all the labeled EEG segments are
projected. This continuous space enables the comparison of
emotional similarity across datasets regardless of their orig-
inal label format.

Constructing the Unified V-A Space and Cross-Dataset
Sampling To enable semantically aligned representation
learning across heterogeneous EEG emotion datasets, we
construct a unified affective space grounded in the V-A emo-
tion model. For datasets with V-A annotations, we directly
use the provided coordinates. For those with only discrete
emotion labels, we estimate V-A values by averaging statis-
tical mappings from (Cowen and Keltner 2017). All coor-
dinates are linearly rescaled to the range [–4, 4] for consis-
tency. To provide a structured emotional reference, we di-
vide both valence and arousal axes into 9 integer levels from
–4 to 4, forming a 9× 9 grid where each cell corresponds to
a distinct affective region. This design preserves the conti-
nuity of emotional semantics while supporting fine-grained,
cross-dataset representation alignment.

We further group the 9× 9 grid into 3× 3 macro regions,
resulting in 9 broader affective zones to promote balanced
and semantically diverse batch construction. For each source
dataset, we sample each mini-batch via m rounds of region-
wise sampling. In each round, one EEG segment is randomly
drawn from each of the 9 macro regions in every dataset.
We obtain 9 × m samples for each dataset. Given n source
datasets, such process results in a batch of size n × 9 ×m,
providing both dataset-level coverage and affective diversity.

This structured sampling strategy encourages consistent
exposure to a wide range of emotional states and mitigates
distributional biases across datasets. By aligning samples in

a shared V-A space and enforcing semantic balance within
each batch, the model is better equipped to learn smooth and
generalizable emotional representations across domains.

Distance-Aware Contrastive Loss A key component of
contrastive learning is the definition of positive and nega-
tive sample pairs. Traditional methods—such as Supervised
Contrastive Loss (SupCon) (Khosla et al. 2020)—assume
discrete labels and treat all the samples within the same class
as equally positive:

Lsup =
∑
i∈I

−1

|P (i)|
∑

p∈P (i)

log
exp(z⊤i zp/τ)∑

a∈A(i) exp(z
⊤
i za/τ)

, (4)

where zi and zp are normalized embeddings of the anchor
and positive sample, τ is a temperature scaling parameter, I
is the set of all the anchors in the mini-batch, P (i) denotes
the set of positives (same class as anchor), and A(i) includes
all samples except i.

However, such binary treatment of similarity overlooks
the continuous nature of emotions. In real-world emotion
datasets, emotions often exhibit graded semantic relation-
ships—for instance, “happy” is emotionally closer to “ex-
cited” than to “sad”, even if all the three belong to distinct
classes. Rigidly treating all non-identical classes as nega-
tives may suppress this valuable structure.

To better reflect the graded nature of emotion, we pro-
pose a distance-aware contrastive loss with soft weights
based on emotional proximity in the shared V-A space.
For each anchor i, all the other samples j within an emo-
tional radius dmax are treated as positives, but rather than
equally weighted, they are assigned soft similarity weights:

wij = max

(
0, 1− dij

dmax

)
, (5)

where dij is the Euclidean distance between samples i and
j in the V-A space. Pairs farther than dmax are assigned zero
weight and treated as negatives. These soft weights allow
the model to consider the continuous emotional similarity
between samples, instead of relying on binary class equiv-
alence (i.e., 0 or 1). The distance-aware contrastive loss is
then defined as:

LV-A =
∑
i∈I

−1∑
j ̸=i

wij

∑
j ̸=i

wij · log
exp (z⊺i zj/τ)∑

k ̸=i

exp (z⊺i zk/τ)
, (6)

By integrating soft weights into the contrastive objec-
tive, our approach captures nuanced affective relationships:
emotionally similar samples contribute more to the loss,
while distant ones are down-weighted or ignored. Embed-
ding emotional semantics directly into the pretraining ob-
jective encourages the model to learn a semantically struc-
tured representation space, which offers several key bene-
fits: (1) Modeling intra-class variability — capturing fine-
grained affective differences within a single category (e.g.,
subtle shades of “happy”); (2) Preserving inter-class conti-
nuity — encoding smooth emotional transitions across cat-
egories (e.g., gradients from “calm” to “excited”); (3) En-
abling multi-dataset alignment — mapping heterogeneous
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Dataset Sampling Rate Channels Subjects Samples

DEAP 128 32 32 3840
SEED-IV 200 62 15 14655
SEED-VII 200 62 20 27340
AMIGOS 128 14 40 4389
MPED 200 28 23 12190
DREAMER 128 14 23 8372
MAHNOB-HCI 256 32 27 3955
MDME 300 21 73 5329

Table 1: Statistics of the EEG datasets used for pretraining

emotion labels into a unified V-A space for consistent cross-
dataset representation. Collectively, these capabilities lead
to more robust, expressive, and generalizable EEG encod-
ings for downstream emotion recognition tasks.

After V-A guided contrastive pretraining, we perform
fine-tuning on target EEG emotion recognition tasks using
labeled data. A simple linear classifier is appended to the
pretrained encoder, and the entire model is optimized with
cross-entropy loss.

Experiments
Pretraining
Pretraining Datasets EMOD is pretrained on 8 pub-
licly available EEG-based emotion datasets, including
DEAP (Koelstra et al. 2011), SEED-IV (Zheng et al. 2018),
SEED-VII (Jiang et al. 2024), AMIGOS (Miranda-Correa
et al. 2018), MPED (Song et al. 2019), DREAMER (Kat-
sigiannis and Ramzan 2017), MAHNOB-HCI (Soleymani
et al. 2011), and MDME (Multimodal Dataset for Mixed
Emotion Recognition) (Yang et al. 2024). Detailed informa-
tion about these datasets is provided in Table 1.

Preprocessing To ensure consistency across different
datasets, all the EEG signals are preprocessed using a stan-
dardized pipeline. First, a band-pass filter with a frequency
range of 0.3–49 Hz is applied to remove low-frequency
drifts and high-frequency noise. Second, independent com-
ponent analysis (ICA) is performed to identify and remove
artifacts such as ocular and muscle activity. Third, an av-
erage re-referencing technique is employed to reduce the
influence of reference electrode selection. Finally, the pre-
processed EEG signals are segmented into non-overlapping
10-second epochs to serve as input for pretraining, resulting
in a total of 79,070 EEG samples across 8 datasets.

Pretraining Settings The Triple-Domain Encoder em-
ploys two parallel convolutional branches—each consisting
of a 2D convolutional layer with a kernel size of 1 × 25,
128 output channels, Group Normalization with 4 groups,
and GELU activation—to extract temporal and spectral fea-
tures, which are subsequently fused into unified token rep-
resentations. The tokens are then processed by a 3-layer
Spatial-Temporal Transformer, where each layer contains
128-dimensional embeddings, 16 attention heads, separate
spatial and temporal axial attention modules, and a feed-
forward network with a 512-dimensional hidden layer.

Pretraining is conducted on four NVIDIA RTX 3090
GPUs for 100 epochs, taking about 20 hours. . We used a
total batch size of 288 (9 × 4 per dataset) and optimize the
model using AdamW with a learning rate of 5e−4 and a
weight decay of 1e−4. The learning rate is scheduled using
CosineAnnealingLR over 100 epochs with a minimum value
of 1e−7. Gradient clipping is applied with a maximum norm
of 3.0, and the temperature parameter in the contrastive loss
is set to 0.07, and the hyperparameter dmax is chosen as 5.0.

Evaluation
Evaluation Datasets To comprehensively evaluate our
method, we conduct experiments on three representative
EEG emotion datasets: FACED (Chen et al. 2023), SEED-
V (Liu et al. 2021), and SEED (Zheng and Lu 2015).
FACED is a large-scale EEG dataset with 32-channel sig-
nals (250 Hz) from 123 subjects across nine emotion cate-
gories. Signals are segmented into 10,332 non-overlapping
10-second epochs and resampled to 200 Hz. SEED-V con-
tains 62-channel EEG signals (1000 Hz) from 16 subjects
across five emotions. After resampling to 200 Hz, the data
are segmented into 117,744 1-second samples. SEED in-
cludes three sessions of 62-channel EEG from 15 subjects
across three emotion categories. Signals are resampled to
200 Hz and segmented into 30,375 5-second samples. We
follow the data split protocol proposed in (Wang et al. 2024),
dividing samples into training, validation, and test sets. For
SEED, we using Session 1 for training, Session 2 for valida-
tion, and Session 3 for testing.

Compared approaches We compare EMOD with rep-
resentative non-foundation approaches, including EEG-
Net (Lawhern et al. 2018), EEGConformer (Song
et al. 2022), ContraWR (Yang et al. 2021), and ST-
Transformer (Song et al. 2021), as well as emotion-
specific models: TSception (Ding et al. 2023), ICAPS-
ReLSTM (Fan et al. 2024), and MACTN (Si et al. 2024).
Compared foundation models include BIOT (Yang, West-
over, and Sun 2023), LaBraM-Base (Jiang, Zhao, and Lu
2024), and CBraMod (Wang et al. 2024). Based on the com-
prehensive evaluation presented in (Wang et al. 2024), we
adopt the results reported in that work for all overlapping
methods and datasets. For methods or datasets not covered
in (Wang et al. 2024), we reproduce the results using their
official implementations and released pretrained models to
ensure fair comparability. Note that since LaBraM uses the
SEED dataset during its pretraining phase, we exclude its
results on SEED to ensure a fair comparison.

Performance Metrics We adopt Balanced Accuracy
(BACC), Cohen’s Kappa (Kappa), and Weighted F1-score
(WF1) as evaluation metrics for multi-class emotion recog-
nition, using Kappa for model selection during training. All
reported results are presented as the mean and standard de-
viation over five runs with different random seeds.

Result Analysis
Performance Comparison with Other Existing Ap-
proaches As shown in Table 2, EMOD consistently
achieves state-of-the-art performance across all the three
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FACED (9 classes, 10s) SEED-V (5 classes, 1s) SEED (3 classes, 5s)
Method Params BACC Kappa WF1 BACC Kappa WF1 BACC Kappa WF1
EEGNet 0.003M 40.90/1.22 33.42/2.51 41.24/1.41 29.61/1.02 10.06/1.43 27.49/0.98 51.11/1.44 26.79/2.20 51.05/2.26
EEGConformer 0.55M 45.59/1.25 38.58/1.86 45.14/1.07 35.37/1.12 17.72/1.74 34.87/1.36 41.54/1.31 12.27/1.99 41.27/1.47
ContraWR 1.6M 48.87/0.78 42.31/1.51 48.84/0.74 35.46/1.05 19.05/1.88 35.44/1.21 57.96/0.74 37.17/1.15 58.46/0.78
ST-Transformer 3.5M 48.10/0.79 41.37/1.33 47.95/0.96 30.52/0.72 10.83/1.21 28.33/1.05 48.27/1.96 22.50/3.01 48.07/2.31
Tsception 0.03M 18.40/1.80 8.35/2.05 11.54/3.01 38.52/1.37 23.39/1.63 38.98/1.51 54.24/1.13 31.62/1.70 54.60/1.39
Icaps-ReLSTM 1.1M 43.74/0.41 36.48/0.45 43.69/0.42 35.61/0.56 19.46/0.78 36.10/0.69 53.67/0.39 30.74/0.56 53.93/0.46
MACTN 6.8M 43.34/2.83 36.00/3.27 43.87/2.90 37.28/0.90 21.61/1.23 37.68/1.10 57.97/0.80 37.18/1.17 58.52/0.85

BIOT 3.2M 51.18/1.18 44.76/2.54 51.36/1.12 38.37/1.87 22.61/2.62 38.56/2.03 58.38/1.50 37.39/1.77 58.20/1.77
LaBraM-Base 5.8M 52.73/1.07 46.98/1.88 52.88/1.02 39.76/1.38 23.86/2.09 39.74/1.11 – – –
CBraMod 4.0M 55.09/0.89 50.41/1.22 56.18/0.93 40.91/0.97 25.69/1.43 41.01/1.08 60.17/0.85 40.58/0.91 60.63/0.96

EMod 0.81M 62.87/0.76 57.97/0.85 63.05/0.66 41.24/0.86 27.12/0.89 42.15/0.87 61.14/0.83 41.95/0.93 61.19/0.90

Table 2: Performance comparison on three benchmark datasets. Each result reports the mean/standard deviation (%) over five
runs. Bold entries indicate the best performance; underlined entries denote the second-best.

FACED (9 classes, 10s) SEED-V (5 classes, 1s) SEED (3 classes, 5s)
Method BACC Kappa WF1 BACC Kappa WF1 BACC Kappa WF1
EMOD-Scratch 58.99/0.94 53.57/1.12 59.37/1.06 38.47/1.00 24.08/1.28 38.30/1.10 58.35/1.04 37.83/1.55 59.00/1.19
EMOD-Augment 58.98/1.12 54.53/1.30 55.62/1.08 38.49/0.99 25.00/1.26 39.18/0.97 58.42/1.00 37.91/1.50 59.10/1.16
EMOD-HardVA 59.65/0.80 54.42/0.98 59.97/0.79 39.36/0.96 24.40/1.33 39.91/1.02 59.83/1.33 40.73/1.62 60.76/0.95
EMOD-SoftVA 62.87/0.76 57.97/0.85 63.05/0.66 41.24/0.86 27.12/0.89 42.15/0.87 61.14/0.83 41.95/0.93 61.19/0.90

Table 3: Effect of pretraining components.

evaluation datasets, demonstrating its strong generaliza-
tion capability in diverse EEG emotion recognition scenar-
ios. On the FACED dataset, EMOD notably surpasses the
strongest baseline, CBraMod, by 7.78% in BACC (62.87%
vs. 55.09%), 7.56% in Kappa (57.97% vs. 50.41%), and
6.87% in WF1 (63.05% vs. 56.18%). These substantial gains
indicate that EMOD more effectively captures emotion-
discriminative features, especially in challenging multi-class
settings. Furthermore, EMOD maintains competitive perfor-
mance on both SEED-V and SEED, underscoring its robust-
ness to dataset heterogeneity, including differences in seg-
ment duration, channel configuration, and label distribution.

In addition to strong performance, EMOD is re-
markably lightweight, with only 0.81 million parame-
ters—significantly fewer than recent EEG foundation mod-
els. It also requires much less pretraining data than large-
scale models built on task-agnostic EEG and reconstruction
objectives. These results indicate that semantically guided
contrastive learning on emotion-specific datasets is more
effective for emotion representation learning than conven-
tional unsupervised pretraining.

Effect of Pretraining Components We conduct a step-
wise ablation study on the three evaluation datasets, starting
from scratch and incrementally adding core components to
assess their impact:
• EMOD-Scratch: No pretraining; the model is trained

from scratch using only downstream supervision.
• EMOD-Augment: Contrastive pretraining using only

instance-level augmentations; no V-A guidance.
• EMOD-HardVA: Contrastive pretraining with V-A

guided supervision, using only binary positive/negative

labels without considering V-A proximity.
• EMOD-SoftVA: Full EMOD with soft-weighted con-

trastive supervision based on V-A proximity.

The results reveal three key insights as shown in Ta-
ble 3.First, EMOD-Augment offers negligible improve-
ment over EMOD-Scratch (e.g., FACED BACC: 58.98%
vs. 58.99%), suggesting that instance discrimination alone
contributes little to emotion recognition. This is likely
because augmented samples across datasets are indepen-
dent and lack semantic linkage, limiting the benefits of
invariance-based learning. Second, EMOD-HardVA shows
modest gains (e.g., SEED BACC: 59.83% vs. 58.42%), in-
dicating that incorporating emotional semantics helps struc-
ture the latent space. However, treating all positive pairs
as equally similar neglects fine-grained distinctions. Fi-
nally, EMOD-SoftVA achieves the best performance (e.g.,
FACED BACC: 62.87%, SEED BACC: 61.14%), highlight-
ing the importance of modeling graded emotional simi-
larity. By softly-weighted contrastive pairs based on V-A
proximity, EMOD learns a smoother affective representa-
tion that captures subtle emotional differences while pre-
serving broader categorical structure. Overall, these findings
underscore that it is not merely emotional supervision, but
how emotional structure is encoded—through soft, distance-
aware contrastive signals—that drives better generalization.

Ablation Study on Model Structure We conduct an abla-
tion study to assess the role of each architectural component
in EMOD by removing one module at a time and evaluat-
ing its impact on BACC across the three evaluation datasets.
Tested variants include removing frequency or temporal do-
main tokens (w/o FreqDomain., w/o TempDomain.), dis-
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Figure 3: Ablation study on model structure. The red dashed line on top indicates the BACC of the complete EMOD model.

EMOD w/o pretrain

EMOD w/o pretrain
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EMOD w pretrain

Figure 4: t-SNE visualization of EEG samples from the
DEAP dataset. Left: EMOD w/o pretrain; Right: pretrained
EMOD. Dots are color-coded by Valence (top) and Arousal
(bottom), and green circled numbers indicate the centroids
of discrete V-A scores (–4 to 4). Compared to the untrained
model, the pretrained EMOD produces more structured and
clearly separated clusters. In addition, the centroids follow
a smooth emotional gradient, preserving the valence/arousal
ordering in the learned representation space.

abling spatial or temporal attention (w/o SpatAttn., w/o
TempAttn.), and excluding spatial embeddings or relative
temporal encoding (w/o SpatEmb., w/o TempEnc.). As
shown in Figure 3, all components are essential—removing
any leads to performance degradation. Notably, module con-
tributions vary by dataset: removing temporal tokens causes
the largest drop on FACED (4.49%) and SEED-V (2.05%),

while SEED is more affected by frequency token removal
(1.89%). This suggests that each dataset emphasizes differ-
ent signal characteristics, and EMOD’s unified design effec-
tively captures complementary features across spatial, tem-
poral, and spectral domains.

Feature Visualization To illustrate how our pretraining
mechanism guides the model toward emotion-aware rep-
resentation learning, we visualize EEG features on the
DEAP dataset using t-SNE. As shown in Figure 4, the left
panel presents features extracted from a randomly initialized
model, while the right panel shows features from the pre-
trained EMOD model. Green circled numbers denote cen-
troids of valence-arousal scores from –4 to 4. In the un-
trained EMOD (left), features are densely entangled with no
discernible structure, reflecting a lack of affective organiza-
tion. In contrast, the pretrained EMOD (right) yields more
structured and well-separated clusters, indicating enhanced
discriminability. Moreover, the centroids exhibit a smooth
emotional gradient, preserving the ordered progression
of valence and arousal in the representation space. These
results confirm that V-A guided contrastive pretraining ef-
fectively aligns the learned representations with the contin-
uous structure of emotional semantics.

Conclusion
In this work, we proposed EMOD, a contrastive pretraining
framework for EEG-based emotion recognition. EMOD uni-
fies heterogeneous emotion labels via Valence-Arousal guid-
ance and employs a Triple-Domain Encoder with a Spatial-
Temporal Transformer to model diverse EEG features. Ex-
tensive experiments on three benchmarks demonstrate that
EMOD outperforms existing methods while using fewer pa-
rameters and less pretraining data. Ablation studies further
validate the importance of our emotion-aware contrastive
loss and architectural design. Our findings highlight the po-
tential of emotionally guided pretraining for learning gener-
alizable and affect-sensitive EEG representations.
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