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Abstract

Task-specific pre-training is essential when task representations diverge from
generic pre-training features. Existing task-general pre-training EEG models
struggle with complex tasks like emotion recognition due to mismatches between
task-specific features and broad pre-training approaches. This work aims to develop
a task-specific multi-dataset joint pre-training framework for cross-dataset emotion
recognition, tackling problems of large inter-dataset distribution shifts, inconsistent
emotion category definitions, and substantial inter-subject variability. We introduce
a cross-dataset covariance alignment loss to align second-order statistical properties
across datasets, enabling robust generalization without the need for extensive labels
or per-subject calibration. To capture the long-term dependency and complex
dynamics of EEG, we propose a hybrid encoder combining a Mamba-like linear
attention channel encoder and a spatiotemporal dynamics model. Our method
outperforms state-of-the-art large-scale EEG models by an average of 4.57% in
AUROC for few-shot emotion recognition and 11.92% in accuracy for zero-shot
generalization to a new dataset. Performance scales with the increase of datasets
used in pre-training. Multi-dataset joint pre-training achieves a performance gain
of 8.55% over single-dataset training. This work provides a scalable framework
for task-specific pre-training and highlights its benefit in generalizable affective
computing. Our code is available at https://github.com/ncclab-sustech/
mdJPT_nips2025.

1 Introduction

In domains like neuroscience, data is often limited, heterogeneous, and intrinsically linked to specific
experimental tasks. This makes task-specific pre-training a particularly promising paradigm, espe-
cially for modalities such as EEG. Unlike generic large-scale pre-training, which aims to learn broad,
task-agnostic representations, task-specific pre-training focuses on inducing representations tailored
to a coherent problem class, incorporating task-relevant inductive biases and domain structure. Recent
EEG foundation models (1} 125 3; 45 55 [6) adopt generic pre-training by aggregating heterogeneous
datasets across multiple tasks. While effective on broad benchmarks like sleep staging or anomaly
detection, such models often struggle with tasks that involve more complex and nuanced neural
representations (1). This performance gap stems from severe inter-task representation mismatch and
the dilution of task-relevant signals during large-scale heterogeneous pre-training.
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Inspired by the evidence that EEG signals exhibit similar second-order statistical properties (such as
correlations or covariance) across datasets, which can be aligned through simple transformations (16;
17), we develop a label-free, task-specific pretraining framework that learns transferable emotion
representations by aligning statistical patterns, while maintaining robustness across both datasets
and subjects. Our framework harmonizes cross-dataset feature structures and captures discriminative
neural dynamics through tailored spatiotemporal modeling (Fig. [Z). Our main contributions are as
follows:

* Multi-dataset joint pre-Training (mdJPT): We develop a scalable multi-dataset pre-
training framework for EEG-based emotion recognition, called mdJPT. We validated the
superior performance of mdJPT over generic EEG foundation models in cross-dataset
generalization.

* Cross-dataset alignment (CDA) loss: We introduce a novel CDA loss that aligns second-
order feature statistics across datasets, effectively mitigating inter-dataset and inter-subject
distribution shifts. This enables zero-shot generalization to new emotion categories and
unseen datasets.

* Hybrid spatiotemporal encoder: We design a Mamba-like linear attention (MLLA)-
based encoder (18)) augmented with spatial transition convolutions and dynamic attention,
enabling robust extraction of emotion-related long-term EEG dynamics and inter-channel
dependencies.

2 Method

2.1 Task-specific multi-dataset joint pre-training

Our work aims to develop a unified framework for task-specific multi-dataset EEG training and cross-
dataset generalization (Fig. [2). We introduce two complementary alignment losses: the Covariance
Distribution Alignment (CDA) loss and the Inter-Subject Alignment (ISA) loss. The CDA loss aligns
global second-order statistics (i.e., inter-channel covariance structures) across subjects and datasets
(Fig. 2B). The ISA loss complements the CDA loss by a more fine-grained inter-subject alignment
(Fig. [2C). For the EEG encoder, we aim to design a physiologically plausible and computationally
efficient architecture. It consists of an MLLA-based channel encoder (Fig. 2D) and a spatiotemporal
dynamics model (Fig. [2E). The former captures long-term temporal dynamics from each EEG
channel, and the latter integrates information across channels and time, enabling the model to learn
coordinated patterns of brain activity.

Our approach is validated under two settings: (i) cross-dataset subject-independent (few-shot)
classification and (ii) zero-shot generalization. The few-shot classification consists of three stages:



multi-dataset joint pre-training, classifier fine-tuning, and testing. In the first stage, an EEG encoder is
pre-trained on multiple datasets using CDA and ISA loss. In the second stage, the encoder is frozen,
and a classifier is fine-tuned on the extracted representations from a few labeled subjects in the target
dataset. In the final stage, the trained model is evaluated on the remaining subjects of the target
dataset (Fig. [2JA). The zero-shot generalization setting has no fine-tuning stage, with the pre-trained
model directly generalized to a new dataset.

Table 1: Comparison with existing cross-dataset emotion recognition methods.

Multi-dataset Generalizable to Generalizable to
Methods joint pre-training? new emotion categories? new subjects w/o finetuning?
PESD (13) X X X
E2STN (i4) X X X
JCFA (15) X X X
Imtiaz & Khan (10) X X X
SCMM (12) X v X
DBDG (11) X X v
mdJPT (Ours) v v v

2.2 The EEG encoder

MLLA channel encoder. The MLLA architecture is employed for modeling long-range dependen-
cies in EEG. Preprocessed EEG data with heterogeneous electrode layouts from different datasets
are first interpolated to a standardized 60-channel configuration based on the 10-20 International
System (19) to ensure spatial consistency. The interpolated EEG input can be denoted as = € R¢* L
. Then we split EEG signals into overlapped segments. Specifically, for EEG time series of the
¢t channel, z(¢) € R, we divide them into overlapping strided patches (Fig. ), with patch
length of P and the stride length of S. The sequence of patches are denoted as x](f) € RVixP,
where Ny = (|£<E + 1)) indicates the number of patches. Patches derived from each channel are

fed independently into a MLLA (18) encoder. For each arg,c), the MLLA backbone then provide

results x},(c) € RN1>xE1 where K; is the output dimension of MLLA encoder. Each EEG segment x
produces an output & € RE*M*X:1 The MLLA encoder includes an input gate, a linear attention
module, and a forget gate. The input gate contains a linear layer and a convolution layer for temporally
local processing. With strided patches as inputs, the linear layer is functionally similar to strided
convolution. The linear attention operator can model global dependencies, with its output multiplied
by the output of a linear-layer-comprised forget gate to filter salient patterns.

The spatialtemporal dynamics model. EEG signals exhibit complex spatiotemporal dynamics,
with temporally varying spatial co-activations across electrodes. To capture these inter-channel
dependencies, we introduce a spatiotemporal dynamics model that employs local attention to highlight
salient spatial-transition patterns at each time step (Fig. [2E). Firstly, we pass Z through a trainable
linear spatial projector W, € RE*¢, mapped to a latent space for covariance alignment (see section
2.3): p = Wi, where p € REXN1xEu gpd p(d) ¢ REXN1 g = 1,2, ..., K, represents a slice
in p. A spatial transition convolution is then employed, utilizing convolutional kernels of size
C' x L to capture spatial variation patterns across multiple time steps L;. The convolutional kernels
use dilations with various temporal intervals, enabling the extraction of EEG variation patterns
across different time scales, yielding latent spatiotemporal representations A1) € RE*MN (I is the
number of hidden dimensions and N is the number of time steps. Subsequently, local attention is
adopted to estimate time-varying importance weights on spatiotemporal representations following
(20). A depthwise one-dimensional temporal convolution, an average pooling over the temporal
dimension, and a pointwise convolution mixing different channels are adopted to estimate the attention
weights based on latent spatiotemporal representations. The attention weights are multiplied with the
spatiotemporal representations to yield the weighted latent patterns 2(2) € REX*N1 See Appendix B
for details of the spatiotemporal dynamics model.
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Figure 2: The overall framework, model architectures, and loss designs of mdJPT. A) The overall
framework. Our approach comprises three stages: multi-dataset pre-training, optional classifier fine-
tuning, and testing. The EEG encoder integrates an MLLA channel encoder with a spatiotemporal
dynamics model. Pre-training combines CDA and inter-subject alignment (ISA) losses. The resulting
model supports either zero-shot generalization or fine-tuning with a lightweight classifier on limited
target data. Final evaluation is performed on held-out subjects. B) The cross-dataset alignment
loss. The covariance is calculated from the latent representations, and covariance centroids of
subjects from different datasets are aligned. C) The inter-subject alignment loss. EEG samples
from two subjects corresponding to the same time segment within a trial are regarded as positive
samples, and those corresponding to different trials are regarded as negative samples. A contrastive
loss is employed to pull together the positive samples and push apart the negative samples. D)
MLLA channel encoder. A channel-independent Mamba-like linear attention encoder is employed
to process the time-slided patches of each EEG channel. E) Spatiotemporal dynamics model. The
multichannel EEG embeddings are processed by spatial projections and transition extraction to obtain
spatiotemporal EEG patterns, then a local attention is employed to estimate dynamic attention weights
on these patterns.

2.3 Cross-dataset alignment loss

To mitigate the discrepancy between datasets and subjects, we design the CDA Loss based on
covariance centroid alignment. Specifically, we compute the subject centroid of the covariance
matrices derived from the EEG latent space (p) in a training batch. The loss minimizes the Euclidean
distance across centroids of different datasets or subjects, thereby reducing distributional discrepancies
in EEG feature representations across datasets.

Each training batch contains EEG data from 2/ subjects, where M is the number of datasets involved
in pre-training. v,, samples are extracted from each subject, where v,,, is the number of trials in
dataset m. The CDA loss needs to align the covariance centroid of the 2M subjects. The covariance
of the spatial projection layer’s output p is calculated:
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where p&fﬂ} € RE*N1 ig the hidden representation from trial v, subject s. ﬁg‘i), € RY is the temporal

average of pg‘i),. The covariance of all samples from each subject is averaged to obtain the subject-level

covariance centroids:

rd — — Zz@ d=1,2,... K, )

yielding 2M subject-wise centroids {I‘gd), e I‘S&I} per dimension d. The alignment loss measures
pairwise Euclidean distances between all 2M centroids:

2M  2M 9
Ed: Z Z HI‘%)_FSLCDHF7CZ:17277K1 (3)

m=1n=m-+1
where || - || 7 denotes the Frobenius norm. The loss of all Ky dimensions is summed, and the logarithm
is taken to yield the final Cross-Dataset Alignment Loss:

Ky

Lepa=1log(d La+1), @

d=1
2.4 Inter-subject alignment loss

A contrastive-learning-based ISA loss is employed to mitigate inter-subject discrepancy. In the
emotional EEG datasets, subjects are required to watch a series of emotional video stimuli. ISA
loss aims to distinguish whether EEG segments from two subjects correspond to the same stimulus
or different stimuli. This approach pulls closer the representations from different subjects’ similar
states and pushes apart the representations of different emotion states (21). ISA loss enables the
model to learn potential emotion-relevant EEG representations without requiring explicit emotion
labels, thereby overcoming the challenge of inconsistent emotion label categories across different
pre-training datasets.

In a training batch, a positive pair is formed by pairing EEG segments from two different sub-
jects who were exposed to the same emotional stimulus. Samples corresponding to mismatch-
ing emotional stimuli form the negative pairs. The contrastive loss is calculated on the two sub-
jects from each dataset and summed over all datasets. We denote the samples in a dataset m as:
{z5, ,lv=1,2..vm,s € A, B}. For a sample xf,,‘m, x5 forms a positive pair with it, and the other

2(N — 1) samples {x}, ;|7 = 1,2..vm,j # i, s € A, B} form negative pairs.

The contrastive loss is calculated based on the output of a projector. The projector contains two
convolutional layers over the temporal dimension. It receives the output of the EEG encoder h(?) and
projects it to h € RE *N1_ The similarity between two samples is defined as:

hA . pB .
sim(h2 , hB )= LTt (5)
’ ’ 1R IRE S

The normalized temperature-scaled cross-entropy loss (22) is calculated based on the sample similar-
ity:

eXp(Sim(h;?@,iﬂ hﬁ,i)/T)
N ; N .
Zj:l Tz exp(szm(hﬁm hﬁLJ)/T) + Zj:l exp(szm(hﬁi, h7Bn7j)/T)

where 1(;; € {0,1} is an indicator function. It is set to 1 if j # 4. By minimizing the loss function,

the model will increase the similarity between hf,‘m and hﬁ,i in contrast to all other possible sample

(©)

l;?z,i = —log

pairs involving hf. The ISA loss for a training batch is:



Table 2: Summary of emotion EEG datasets used for cross-dataset evaluation.

Dataset Sampling Rate (Hz) #Subjects #Trials #Emo. Classes EEG Device (#Channels)
SEED 1000 15 45 3 ESI NeuroScan System (62)
SEED-IV 1000 15 72 4 ESI NeuroScan System (62)
SEED-V 1000 16 45 5 ESI NeuroScan System (62)
SEED-VII 1000 20 80 7 ESI NeuroScan System (62)
FACED 250/1000 123 28 2/9 NeuSen.W32, Neuracle (32)
DEAP 512 32 40 2 Biosemi ActiveTwo system (32)
M Um Um
Lisa=Y Q1 +> 17 O
m=1 i=1 i=1
The total loss in pre-training is defined as:
L=Lrsa+Mcpa ®)

3 Experiments

3.1 Datasets and experiment setup

We employed multiple EEG datasets with varying numbers of emotion categories and recording chan-
nels for model pre-training (Table[2)). All datasets underwent the same preprocessing pipeline, includ-
ing downsampling, filtering, ICA-based artifact removal, channel interpolation, and re-referencing.
See Appendix C for details.

SEED series. The SEED series contains several emotional EEG datasets in which participants watch
emotional video stimuli. Participants’ EEG signals in response to videos were recorded with the ESI
NeuroScan System (62 channels, 1000 Hz). We used SEED (15 subjects, 45 trials per subject) (7)),
SEED-IV (15 subjects, 72 trials per subject) (23), SEED-V (16 subjects, 45 trials per subject) (24)
and SEED-VII (20 subjects, 80 trials per subject) (25) in this study.

FACED. The FACED dataset (9) records 32-channel EEG signals from 123 subjects as they watched
28 video clips eliciting nine emotions (amusement, inspiration, joy, tenderness, anger, fear, disgust,
sadness, and neutral). The EEG signals were recorded using a wireless EEG system (NeuSen. W32,
Neuracle, China) at a sampling rate of 250 or 1000 Hz. To match the number of subjects in other
datasets, which allows for a fair comparison of the effect of dataset augmentation on performance,
we used the first 20 subjects in this dataset.

DEAP. DEAP dataset (8) contains EEG recordings from 32 participants as they watched 40 one-
minute music video clips. Participants reported their arousal, valence, like/dislike, dominance, and
familiarity after watching each video. For each video segment, we derived binary emotion labels
by performing a median split on participant ratings along the valence, arousal, and dominance
dimensions.

3.2 Implementation details

We use a two-layer MultiLayer Perceptron (MLP) with ReLLU activation and batch normalization
for emotion classification. MLP inputs are features extracted from the pre-trained EEG encoder.
The EEG encoder is trained using the Adam optimizer. All experiments are implemented in Python
3.12.3 using the PyTorch 2.3.1 framework and are executed on an NVIDIA GeForce RTX 3090 GPU.
Details of the hyperparameters are shown in Table[ST|and Table[S2]

To obtain low-dimensional features relevant for emotion recognition, we average the output of the
EEG encoder along the temporal dimension for each sample (with a window length of 5 seconds).
The features from consecutive EEG samples within a trial are concatenated over time and smoothed
using a linear dynamical system (LDS) model (7). The smoothed features are submitted to the MLP
classifier.



Table 3: Performance of cross-dataset subject-independent classification (leave-one-dataset-out

evaluation).
Dataset Methods Accuracy Precision Recall F1 Score AUROC
DE baseline  62.35+4.10 6291+£3.76 62.58+3.77 6249+3.69 79.38+3.15
MMM 7624 +276 75770+£2.59 7590+0.75 75.79+1.67 87.73+1.51
SEED LaBraM 7147+£398 70.71£2.78 71.03+£1.37 70.84+1.26 86.15+0.96
EEGPT 71.87+236 71.51+£4.64 7199+2.61 71.66+235 8541+1.34
mdJPT (ours) 79.65+1.24 79.84+1.17 79.62+1.20 7945+1.32 92.98+1.00
DE baseline 4544 +1.99 4559+196 4528+1.97 45.10+1.84 70.03+1.88
MMM 55.61 +4.12 5522+394 5547+1.46 5530+2.46 75.87+1.20
SEED-Iv LaBraM 4788 +3.41 4781+£224 48.01+£1.78 47.89+£1.29 69.97+1.78
EEGPT 4410+ 1.77 43.82+£356 44.16+2.86 4391+251 62.32+193
mdJPT (ours) 53.53+0.75 53.81+1.02 53.67+0.78 53.37+0.79 77.51+0.34
DE baseline 4558 +1.92 46.02+196 4598+1.92 4555+194 73.64+154
MMM 58.64+3.56 58.51+190 59.01+3.00 58.68+1.20 82.80+1.94
SEED-v  LaBraM 41.80+3.53 41.69+£2.19 42.09+2.71 41.80+156 70.81+2.72
EEGPT 4527 +£3.66 4497+£279 4524+239 4506+2.16 67.21+2.06
mdJPT (ours) 65.02+0.98 65.06+1.28 65.53+0.66 64.85+1.01 88.70 +0.98
DE baseline ~ 29.12+1.20 28.24+1.22 27.67+090 27.64+1.00 64.78+0.83
MMM 3029 +2.63 30.32+3.53 30.15+2.23 30.12+2.27 68.37+1.84
SEED-vII LaBraM 26.85+2.57 26.53+429 2654+233 2645+3.05 66.62+1.87
EEGPT 27.81£2.58 27.78+£2.69 28.03+2.89 27.80+2.18 59.77+1.62
mdJPT (ours) 43.93+0.69 43.65+0.82 43.03+0.59 43.07+0.70 79.27 + 0.44
DE baseline 1997 +2.47 1773+£1.62 19.16+2.18 15.81+1.53 60.63 +1.38
MMM 22.13+4.12 21.86+5.05 21.88+4.84 21.81+4.74 59.79+3.11
FACED LaBraM 20.35+497 2036+3.79 20.25+244 2023+2.88 67.59 +2.10
EEGPT 21.55+346  21.62+351 21.62+£3.79 21.51+3.31 59.96+2.07
mdJPT (ours) 23.46+3.39 23.43+1.13 2247+343 20.32+3.88 65.53+4.13
DE baseline 5554+ 1.11 5560+ 1.11 5554+1.11 5543+1.13 56.72+0.62
MMM 7233 +341 66.16+£7.26 76.80+3.95 70.50+1.70 77.80+11.53
DEAP LaBraM 6745+5.63 61.39+558 65.66+1.53 6345+3.56 77.83+0.65
EEGPT 63.33+438 5648+6.74 064.73+£1.26 60.32+2.77 74.19+4.31
mdJPT (ours) 71.71+10.38 71.78 +10.42 71.71+10.38 71.69 +10.38 75.75+12.20
DE baseline 43.00 42.68 42.70 48.19 68.13
MMM 54.54 51.29 53.20 52.03 75.39
Average  LaBraM 45.97 44.75 45.60 45.11 73.16
EEGPT 47.32 44.36 45.96 45.04 68.14
mdJPT (ours) 56.22 56.26 56.01 55.46 79.96

3.3 Results of cross-dataset subject-independent classification

Under the cross-dataset subject-independent (few-shot) setting, our method uses a small subset of
subjects from the target dataset to train an MLP classifier, which can generalize to the remaining
subjects. We split the target dataset at a 1:3 subject ratio for MLP training and testing. We repeated
the random split 6 times and report their mean and standard deviation. A leave-one-dataset-out
cross-validation is employed to evaluate the model: the EEG encoder is pretrained on all datasets
except the target set. The performance is evaluated using five metrics: accuracy, precision, recall,
F1 Score, and AUROC. Our method is compared to three generic pre-trained EEG models (i.e.,
MMM (26)), LaBraM (1)), EEGPT (3))). We used the publicly available pre-trained parameters of these
models. A baseline method of directly extracting DE features from EEG signals without pre-training
is also implemented. Features of the comparison methods are submitted them to an LDS smoother
and an MLP classifier with the same procedures as ours.

Our method obtains the best performance across all evaluation metrics on the SEED, SEED-V, and
SEED-VII datasets. On SEED-IV, FACED, and DEAP, it also ranks within the top two across nearly
all metrics (Table[3). In terms of average performance across all datasets, our method achieves the
highest scores for all the metrics, improving the accuracy, precision, recall, F1 score, and AUROC
by 1.68%, 4.97%, 2.81%, 3.43%, and 4.57% (and relative improvement of 3.08%, 9.69%, 5.28%,



6.59%, and 6.06%), respectively , over the state-of-the-art. These results demonstrate the superiority
of our multi-dataset joint pre-training framework, supporting the effectiveness of task-specialized
pre-training over general-purpose pre-training approaches in emotion decoding. mdJPT is also more
compact than existing pre-trained models, with less trainable parameters (1.0M, Table [SI0). The
model’s performance is quite stable across different random seeds (Table [S9). Further results of
different classification settings on the DEAP dataset and the transfer from DEAP to other datasets
are provided in Appendix E.8 and E.7, respectively. The confusion matrix of fine-grained emotion
classification on the FACED dataset is provided in Appendix E.4 (Fig. [ST).

3.4 Results of zero-shot generalization to a new dataset

Under the zero-shot setting, the EEG encoder is pre-trained on five datasets and directly evaluated on
a held-out dataset without any fine-tuning. For each testing sample, we compute cosine similarities
across all samples in the target dataset and identify its nearest neighbor in the representation space.
A prediction is correct if the nearest neighbor shares the same emotion label. The overall accuracy
reflects the encoder’s zero-shot ability to produce discriminative and dataset-invariant representations.
The performance of mdJPT is also compared with DE baseline, LaBraM, and EEGPT. MMM is not
included as it requires fine-tuning on new datasets to optimize region-wise tokens.

Our method consistently outperforms comparison methods on all datasets by a large margin, with
an improvement of 11.9% on average, and relative improvement of 40.0% over the state-of-the-
art. On the SEED dataset, mdJPT outperforms the second best model, EEGPT, by 17.05%. On
the challenging FACED dataset, other models performed close to chance level (11%), with only
mdJPT achieving better-than-chance accuracy. On the DEAP dataset, mdJPT achieved an impressive
accuracy of 73.3%, even outperforming the best fine-tuned model. This may be due to overfitting in
fine-tuned models when trained on a small number of subjects with large individual differences.

Table 4: Performance of zero-shot generalization.

Model SEED SEED-IV SEED-V SEED-VII DEAP FACED
DE baseline 50.54 46.86 43.32 23.58 55.40 8.88
LaBraM 48.54 45.24 39.70 21.33 67.04 10.21
EEGPT 55.42 34.02 36.97 20.96 62.78 11.64
mdJPT (Ours)  72.47 50.59 5291 33.26 73.34 17.44

To visualize cross-dataset alignment after joint pre-training, we compare feature distributions of DE
and our mdJPT model in Fig.[3] DE features form tight dataset-specific clusters, whereas mdJPT
features show improved intermixing with lower silhouette scores (Fig. [S2)), indicating better cross-
dataset alignment. Emotion discriminability and inter-dataset consistency are analyzed in Appendices
E.5 and E.6, respectively.

® FACED
DEAP

® SEED

® SEED-V

DE Feature Pretrained Feature

Figure 3: t-sne visualization of features. Compared to DE, pretrained features show better cross-
dataset alignment, with features from different datasets more evenly intermixed.



3.5 Impact of more datasets used in pre-training

To investigate the impact of using an increasing number of pre-training datasets on mdJPT’s perfor-
mance, we took SEED-V as the target dataset and pre-trained the model on various combinations
of datasets excluding SEED-V. As shown in Fig. ] the model’s performance consistently improved
as more datasets were included in the joint pre-training. Notably, in all combinations, adding a
new dataset for joint pre-training always led to better results than the previous setting without it.
In particular, mdJPT achieved an 8.55% improvement (15.14% relative improvement) when using
the maximum number of training datasets compared to the best performance obtained with a single
dataset. This highlights the advantage of joint training across multiple datasets in enhancing the
model’s generalization ability to unseen target data.
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Figure 4: Generalization performance of mdJPT with an increasing number of datasets. Few-
shot setting is used here with SEED-V dataset as the testing dataset. Abbr. S3, S4, S7, F, D stand for
SEED, SEED-1V, SEED-VII, FACED, and DEAP, respectively.

3.6 Ablation Study

We conduct ablation studies with SEED-V as the target dataset to evaluate the contributions of the
proposed components: CDA loss, ISA loss, and the MLLA encoder.

CDA loss. We use arange of CDA loss weights to examine Table 5: Effect of CDA factor
the impact of cross-dataset covariance alignment on model

performance. As shown in Table 5] introducing CDA loss CDA factor ACC STD
with small positive factors generally improves accuracy com-

pared to the baseline without CDA (factor = 0). The best 0 805 gigé 823
performance is observed at a CDA factor of 0.02, achieving 0.010 6381 1.5
65.02% accuracy. Performance slightly declines with larger 0.020 65.02  0.98
factors, suggesting that overly strong alignment may hinder 0.050 64.70  0.80
emotion-discriminative representation learning. 0.075 64.10 1.19

0.100 64.08 1.18

ISA loss. When removing the ISA loss in pre-training, the model’s performance drops significantly
Table (Table[), falling even below the DE baseline. This indicates that ISA loss is not only important
for aligning representations across individuals but also plays a critical role in the learning of emotion-
related representations. Further comparison with supervised contrastive loss and temporally unaligned
sampling strategy is provided in Appendix E.2.



Table 6: Ablation of ISA loss
Model Accuracy Precision Recall F1 Score AUROC

DE baseline 4558 £1.92 46.02+196 4598+192 4555+1.94 73.64+1.54
w/o Lrsa  3051+£1.16 24.61+548 2757+1.89 2321+£3.76 60.29+1.95
wLrsaA 62.35+4.10 6291+£3.76 62.58+3.77 62.49+3.69 79.38+3.15

MLLA encoder To assess MLLA channel encoder’s effectiveness in modeling EEG temporal
dynamics, we replace it with a vanilla multi-head transformer (27)). The transformer encoder uses
two attention heads, treating the EEG data from all channels at each time step as a single token. It
projects these tokens into a 128-dimensional latent space and then to a 32-dimensional output. The
results shown in Table [/|demonstrate that the MLLA encoder consistently outperforms the vanilla
Transformer across multiple metrics, confirming its advantage in capturing the temporal patterns in
EEG signals. The advantage of the spatiotemporal dynamics model over a transformer layer is shown
in Appendix E.1.

Table 7: Comparison of MLLA Channel Encoder with Transformer
Model Accuracy Precision Recall F1 Score AUROC

DE baseline 4558 +1.92 46.02+1.96 4598+1.92 4555+194 73.64+1.54
Transformer 59.90+1.32 6039+1.52 6037+£0.75 59.73+1.27 84.53+1.25
MLLA 62.35+4.10 6291+£3.76 62.58+3.77 62.49+3.69 79.38+3.15

4 Discussion and conclusion

In this study, we propose mdJPT, a scalable multi-dataset pretraining framework for EEG-based
emotion recognition. The model supports cross-dataset transfer and demonstrates strong generaliza-
tion ability, confirming that joint pretraining across datasets can significantly enhance performance
on downstream tasks. To mitigate inter-dataset and inter-subject distribution shifts, we introduce
a CDA loss, which aligns sample covariance across datasets and subjects. We conduct extensive
experiments to validate the effectiveness of the proposed pre-training strategy. Results show that
for both few-shot and zero-shot settings, the model generalizes well to target datasets and achieves
superior performance to existing large-scale EEG pretraining methods, especially for the most chal-
lenging zero-shot setting. This highlights the broader applicability and flexibility of the proposed
approach in real-world emotion recognition scenarios. Furthermore, this task-specific multi-dataset
joint pre-training paradigm can offer valuable insights for other brain-computer interface tasks.

Limitations and future directions. Our study still has several limitations. First, despite the
advantage over comparison methods, the performance of mdJPT on the most challenging nine-
category classification of the FACED dataset is still not satisfactory, indicating residual feature
distribution shifts persist. Future work is needed to further improve the model’s generalizability to
more fine-grained emotions. Second, our evaluation primarily focuses on video-induced emotion
paradigms. We include an exploratory analysis to test the model’s generalizability to imagery-
induced contexts on the EmoEEG-MC dataset (28)) (Appendix E.3). Generalizability to diverse
emotion elicitation paradigms requires further validation. Third, our approach addresses signal-
level heterogeneity but does not model individual differences in emotional experience, potentially
overlooking nuanced affective states. Future work could incorporate personalized emotion ratings
through soft contrastive learning to bridge this gap. Fourth, the generalizability of our findings is
constrained by the limited demographic diversity (e.g., age, culture, and health status) of current EEG
emotion datasets, and the practical deployment is further limited by the cuambersome nature of current
EEG hardware. The development of wearable devices may help overcome this barrier. We also note
broader societal and ethical implications, including potential misuse in emotional surveillance or
profiling without consent. To mitigate these risks, future efforts should establish regulatory guidelines
and develop privacy-preserving frameworks for responsible model deployment.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The paper contributes to multi-datasest joint-pre-training of emotional EEG
for generalizable affective computing.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Yes, the limitations have been discussed in Section 4 (Discussion and Conclu-
sion).

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: This work is focused on experiments and engineering, and does not include
results that require theoretical proof.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The section 3 (Experiments) of provides all the necessary information required
for reproduce the main results in detail.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Our code is available at https://anonymous.4open.science/status/
Covariance_EEG_Emotion-D1C1. The code for this research will be open-sourced, and
the GitHub link is provided in the appendix.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The section 3.1-3.3 of specify all the training and test details.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The error bars in this paper are reasonably defined, illustrating inter-subject
variability within each dataset, and all appropriate information is properly explained in the
experimental results section.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The section 3.3 (Implementation Details) provide the sufficient information on
the computer resources.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: All research conducted in this paper conforms fully to the NeurIPS Code of
Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The significance of this research direction is demonstrated in section 1 (Intro-
duction), and its value to the field is discussed in the section 4 (Discussion).

Guidelines:
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» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: The paper uses only publicly available datasets and does not involve any
misuse of data or models.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Yes, the creators and original owners of all assets used in the paper are properly
credited, and the licenses and terms of use are explicitly mentioned and fully respected.

Guidelines:
* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Yes, the new assets introduced in the paper are well documented, and the
documentation is provided alongside the assets.

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper uses only publicly available datasets and does not involve crowd-
sourcing nor research with human subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper uses only publicly available datasets and does not involve involve
crowdsourcing nor research with human subjects.

Guidelines:
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: This research does not involve LLMs as any important, original, or non-
standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Related work

Cross-dataset EEG Emotion Recognition. Existing cross-dataset EEG emotion recognition mainly
focuses on one-to-one dataset adaptation. Wang et al. (13)) proposed a pre-trained vision transformer
for cross-dataset EEG emotion recognition. They utilized cross-domain data mixup to blend source-
target EEG distributions and adversarial domain alignment to minimize dataset-specific biases. Zhou
et al. (14) proposed an Emotional EEG Style Transfer Network (E2STN) for cross-dataset domain
adaptation. Liu et al. (12) proposed a soft contrastive masked modeling framework with learnable
weights assigned to sample pairs in contrastive learning. It achieved state-of-the-art one-to-one
dataset transfer on SEED, SEED-IV, and DEAP datasets, and can be transferred to datasets with
different emotion categories. These methods need to be fine-tuned on each target subject, which
constrains their generalization to new subjects without training data. Imtiaz and Khan (10) proposed
a target data selection method to gradually select reliable target domain samples for training. They
also employed test-time augmentation when the prediction confidence is low. The model is trained
on labeled source domain data and unlabelled target domain data, with evaluations performed on the
target domain test set. Li et al. (11)) proposed a distillation-based method, in which the knowledge
from the target-domain model was distilled to the source-domain model. The subjects from the target
dataset were divided into training and testing sets. The model was trained on the source dataset and
training subjects of the target dataset, and tested on the left-out subject of the target dataset.

Self-supervised Pre-training of EEG Models. Self-supervised learning has achieved remarkable
success in computer vision (CV) and natural language processing (NLP). Recently, many studies
have adopted self-supervised learning frameworks to develop pre-trained models for EEG data (2)).
Kostas et al. proposed BENDR (29)), a contrastive learning framework pre-trained on EEG recordings
from over 10,000 people and evaluated on four downstream brain-computer interface tasks and a
sleep-staging task. BENDR employs a convolutional encoder to extract features from local temporal
windows and utilizes random masking and contrastive learning as a self-supervised pre-training
strategy for EEG datasets. MMM (26) model addresses the challenges of channel discrepancies and
spatial structure modeling across EEG datasets. It incorporates channel position encoding to embed
2D spatial information into representation learning. Additionally, region-level tokens are introduced
to construct a hierarchical spatial representation. MMM demonstrates competitive performance in
emotion recognition tasks. The Biosignal Transformer (BIOT) (5) broke the time series of channel-
wise biosignals into fixed-length tokens and combined them into "sentences". Then the standard
Transformer can be trained with either supervised or self-supervised learning. The Large Brain Model
(LaBraM) (1) employed a vector-quantized variational auto-encoder architecture to predict the EEG
spectrum by discrete neural tokens. A Transformer model was then trained to reconstruct the masked
neural tokens. LaBraM used EEG data of 2500 hours and achieved state-of-the-art performance
on tasks like abnormal detection and event type classification. EEGPT (3) employs a dual self-
supervised learning strategy by combining the masked reconstruction loss and the alignment loss with
a momentum encoder. It introduces a joint local spatial and temporal embedding strategy to learn
temporal variations and spatial co-activations of EEG. EEGPT achieved state-of-the-art performance
in downstream brain-computer interface tasks and sleep staging tasks with linear probing.

B Details of the model architecture

The spatiotemporal dynamics model. EEG signals exhibit complex spatiotemporal dynamics, with
temporally varying spatial co-activations across the electrodes. To capture EEG dynamic properties,
we firstly pass & through a trainable linear spatial projector W, € R€*“, mapped to a latent space
for cross-dataset covariance alignment (see section 2.3):

b= W,z (9)

where p € RE*M | A spatial transition convolution is then employed, utilizing convolutional kernels
of size M x L to capture spatial variation patterns across multiple time steps L1. The convolutional
kernels use dilations with various temporal intervals, enabling the extraction of EEG variation patterns
across different time scales:

WY =W p (10)

where h(1) € RE1K2x1xNy 1y, - ¢ RE1K2xCxL1 g the weight in spatial-transition convolution,
"x" denotes the convolution operation. We used group convolution with K5 spatial transition
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convolutional kernels for each output dimension of the MLLA transformer, resulting in K Ky
dimensions in total. We implemented spatial transition convolution with four different dilations, with
K K5 /4 kernels for each dilation. The inputs are padded on the temporal dimension to ensure the
outputs have the same temporal size [V; as the inputs.

To effectively capture the evolving spatiotemporal patterns in EEG signals, we implement a local
attention module to assign dynamic attention weights on latent dimensions. The module contains
temporal convolution operations, dimension-wise pooling, and linear mixing to model temporal
dynamics and channel interactions. The temporal convolution and dimension-wise pooling are
formulated as follows:

A=Wt « p(M (11)
A = AvePool(A) (12)
where Watt ¢ RE*L2 denotes learnable temporal filters. K = K; K5 denotes the number of filters.
Here, we used group convolution with one temporal filter for each dimension. Average pooling with
a time step of 1 is conducted on the temporal dimension of A. The inputs of the temporal convolution

and average pooling are padded to make sure the output A has the same size of h1). Then, a linear
mixing layer combines information across channels through a linear transformation:

K
WY =3 Brdp,i=1,2,... K (13)
k=1

yielding transformed features h(?) € RX*N1, Dynamic attention weights are then obtained through

a softmax activation function: .

ne = —e—m (14)

producing attention weights 2(**Y) € RX*N1_ These dynamic weights modulate the spatiotemporal

representations A1) through Hadamard product:
K3 = platt) o (1) (15)

The weighted feature representation h(3) € RX>*N1 js ultimately employed as the output of the EEG
encoder for affective state recognition.

The projector. A projector is employed between the output of the EEG encoder and the inter-subject
alignment loss to obtain a dedicated feature representation for inter-subject alignment (ISA) loss. The
projector consists of an average pooling layer and two temporal convolution layers:

) = AvePool(h®) (16)
h®) = ReLU(W!541 « p(1) (17)
h = WS4z 4 p(5) (18)

where h € REX M WwiISAr 11842 ¢ REX Ls are the temporal convolution filters. Group
convolution with one convolution filter for each input dimension is employed here.

C Data pre-processing

To ensure consistency and comparability across datasets, we implemented a standardized automatic
preprocessing pipeline using Matlab. First, EEG signals were downsampled to 125 Hz and filtered
with a 0.5-47 Hz bandpass filter. The signals were then segmented into trials based on the onset
and offset of emotional video stimuli. For each channel, if the proportion of data exceeding a
specified multiple (m) of the median value was greater than a certain percentage (n) of the trial
duration, the channel was denoted as noisy. We used two sets of thresholds: m=3, n=0.4 to identify
long-lasting artifacts, and m=30, n=0.01 to detect short-term large artifacts. Noisy channels identified
in this manner were interpolated using their three nearest neighboring channels. Next, independent
component analysis (ICA) was applied to remove artifacts caused by eye movements or muscle
activity. We utilized automatic component labeling tools in EEGLab. Components labeled as eye-
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or muscle-related with a confidence level exceeding 0.8, the default thresholds in EEGLab, were
removed. During the initial noisy channel detection, we observed that frontal channels (such as
Fpl and Fp2) were frequently identified as noisy, which interfered with the subsequent ICA-based
detection of eye movement components. To address this issue, we excluded channels Fpl, Fp2,
F7, and F8 from the initial noisy channel interpolation. After applying ICA, the noisy channel
detection procedure was conducted again, including all channels at this time. Finally, the data were
re-referenced to the common average.

D Hyperparameter Settings

The hyperparameters in model pre-training and fine-tuning are shown in Table[ST} The hyperparam-
eters in the EEG encoder, including the MLLA channel encoder and the spatiotemporal dynamics
model are shown in Table [S21

Table S1: Hyperparameters of pre-training and fine-tuning.

Hyperparameters Values

epochs 20
learning rate 0.0005

Pre-training weight decay 0.0001
ISA loss temperature 0.07
window length 5 seconds
stride 2 seconds
Weight of CDA loss 0.02
batch size 256
learning rate 0.0005

Fine-tuning weight decay 0.0022
hidden units 128
epochs 25

Table S2: Hyperparameters of the EEG encoder.

Hyperparameters Values
patch size 32
patch stride 6
MLLA channel hidden dim 128
encoder out dim 32
depth 2
attention head number 8
number of spatial-transition convolution 4
time length of spatial-transition convolution 3
Spatiotemporal  dilations [1,3,6,12]
dynamics model length of temporal filters 15
length of average pooling 15
Projector length of temporal filters 3
temperature of Softmax 1.0

E Additional results

E.1 The effectiveness of spatiotemporal dynamics model

To assess the effectiveness of the spatiotemporal dynamics model in modeling EEG temporal dy-
namics, we replace it with a Transformer layer comprising multi-head self-attention (27). The
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Transformer’s attention mechanism considers global interactions of all temporal positions to capture
dependencies. Table [S3] demonstrates that the spatiotemporal dynamics model outperforms the
Transformer across all metrics, with an increase of 1.39% in accuracy, confirming its advantage in
capturing the spatiotemporal dynamic patterns in EEG signals.

Table S3: Comparison of the spatiotemporal dynamics model with Transformer

Model Accuracy Precision Recall F1 Score AUROC
DE baseline 4558 +1.92 46.02+1.96 4598+1.92 4555+£194 73.64+1.54
Transformer 63.63+096 64.13£1.63 63.56+1.35 6335+1.09 87.70+0.44

Spatiotemporal dynamics ~ 65.02+0.98 65.06 +1.28 65.53+0.66 64.85+1.01 88.70 +0.98

E.2 Comparision of contrastive loss and sampling strategy

To demonstrate the effectiveness of the ISA loss over other contrastive loss, we compared it with
supervised contrastive learning (supervised CL), which regards samples with the same emotion
labels as positive pairs and those with different emotion labels as negative pairs in each dataset. We
use SupCon loss (30) and keep all other settings the same. Our strategy outperforms supervised
contrastive learning by a large margin (Table[S4), indicating the effectiveness of our ISA loss for
EEG alignment.

We also evaluated the superiority of the proposed sampling strategy to alternatives. In the proposed
temporally aligned sampling strategy, two samples in a positive pair come from the same trial and
start at the same timestamp. In other words, participants were watching the same video scenes in a
positive pair. To test the necessity of temporal alignment of positive pairs, we draw positive samples
from the same trial but with randomly selected unmatched start timestamps. Without temporal
alignment, the model performance drops significantly (Table [S5). This could be due to that the
temporally aligned samples provide an "anchor" for mitigating the large inter-individual differences
and extracting meaningful shared representations across subjects.

Table S4: Comparison of self-supervised frameworks

Method Accuracy Precision Recall F1 Score AUROC
Supervised CL  47.99 £2.51 47.89 £222 47.86+241 47.534+2.33 76.28+1.73
ISA (ours) 65.02 £ 0.98 65.06 +1.28 65.53 +0.66 64.85+1.01 88.70 + 0.98

Table S5: Comparison of alignment method
Method Accuracy Precision Recall F1 Score AUROC

Not aligned 5547+ 1.71 5517+141 5556+£170 5494=£149 80.97=+1.29
Aligned (ours) 65.02 £ 0.98 65.06 +1.28 65.53 £0.66 64.85+1.01 88.70 & 0.98

E.3 Generalization to the imagery context

Most widely used EEG emotion datasets employ the video-induced paradigm. To assess the model’s
generalizability beyond video stimuli, we further perform experiments on the EmoEEG-MC dataset
(28), a multi-context dataset including imagery-induced paradigm (guided narratives with active
imagination), eliciting more internally driven and sustained emotions. We evaluate on the imagery
task using the few-shot setting: pre-train on six video-induced datasets, then fine-tune on 1/4 of
EmoEEG-MC subjects and test on the remaining. Our method outperforms the DE baseline in
the imagery-induced context (Table [S6), indicating the effectiveness of pre-training in context-
independent representation learning. It should be noted that the performance of transfer to imagery
context remains relatively low. Future work is needed to mitigate the cross-context discrepancy.
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Table S6: Accuracy on EmoEEG-MC dataset with imagery-induced emotion
Model Accuracy Precision Recall F1 Score AUROC

DE baseline 1838+ 1.12 1791 +£1.62 1838 +£1.12 17.87£137 54.11 £1.36
mdJPT (ours) 20.56 £0.79 20.83 +0.66 20.56 =0.79 19.85+2.11 56.14 + 0.78

E.4 Confusion matrices

To investigate the detailed confusion patterns on FACED and EmoEEG-imagery, we calculated
the confusion matrices on these datasets (Fig. [SI). Each row represents a true label, and each
column represents a predicted label. On the FACED dataset, the confusion matrix shows a diagonal
dominance: within each row, the diagonal entry is the highest, meaning the model is more likely
to predict the true label than any other single label. Among all categories, disgust, tenderness, and
neutral have the highest classification accuracy, indicating they have more discriminative neural
features. Joy tends to be confused with amusement or inspiration, indicating more similar neural
representations across these fine-grained positive emotion categories. On the EmoEEG-imagery
dataset, neutral and tenderness have the best recognition accuracy, indicating the cross-context neural
similarity for these emotions.

Confusion Matrix on FACED Confusion Matrix on EmoEEG-imagery
joy 41047 017 = 015 | 006 006 & 014 010 008 | 013 oy I38 0 oo oD o8 5 g
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Figure S1: Confusion matrices of emotion classification results on FACED and EmoEEG-imagery
datasets.
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Figure S2: Average silhouette score between features of different datasets.
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E.5 Feature visualization

We quantize the clustering effect between any two datasets before and after pre-training. We regard
samples from one dataset as a cluster and calculated the silhouette score of different clusters. The
silhouette score decreases for most dataset pairs, indicating a more blended representation across

datasets (Fig. [S2).

To illustrate the effect of joint pre-training on emotion discriminability of the data representations, we
visualized the distribution of EEG features on each dataset using the t-SNE method (Fig. [S3). We
compared EEG representations extracted by mdJPT and the DE features. Different colors represent
different emotion categories. Although emotion labels are not used in pre-training, features extracted
by mdJPT exhibit a higher degree of clustering within the same emotion category. This demonstrates
the effectiveness of self-supervised learning in facilitating downstream emotion classification tasks.
Notably, the model used for feature extraction on a specific dataset is pre-trained on all other datasets,
which never accesses data from the target dataset.

E.6 Inter-dataset consistency of emotion-related features

To validate whether our joint multi-dataset pre-training approach successfully learns emotion repre-
sentations with cross-dataset invariance, we conducted comparative analyses of feature importance
in emotion classification across different datasets. Specifically, we employed the Integrated Gradi-
ents method to quantify the contribution of EEG encoder output features to emotion classification
decisions. This interpretability technique enables the identification of critical feature dimensions un-
derlying the classification of each emotion category. Next, we compared the similarity of importance
attributions across different datasets to identify whether the same emotion category across different
datasets shares similar importance attributions. Fig. [S4]illustrates the importance attributions of
neutral, negative/sad, and positive/happy emotions on SEED, SEED-IV, SEED-V, and SEED-VIIL. We
sorted the attributions of each emotion in the SEED dataset in descending order. The resulting sorted
indices were then applied to reorder the attributions of the corresponding emotion categories in other
datasets. As shown in the figure, similar attribution patterns can be observed across the same emotion
categories in different datasets.

To more clearly illustrate this correlation, we computed the Pearson correlation of emotion attributions
for any emotion pairs across datasets (Fig. [S5). The attributes of identical or similar emotions
across different datasets exhibit stronger correlations than different emotions. For example, feature
attributes of the positive emotion on the SEED dataset exhibit a high correlation with those of the
happy emotion on the SEED-IV datsaet, and attributes of the negative emotion on the SEED dataset
have a high correlation with those of the sad and fear emotions on the SEED-IV dataset.

E.7 Transfer from DEAP to other datasets

To further test whether the model can effectively transfer across datasets with different emotion
categorization paradigms, we trained our model on DEAP and transferred it to SEED-series and
FACED datasets. DEAP dataset employs a dimensional emotion characterization and other datasets
employ discrete emotion characterization. We found that transfer from DEAP to other dataset yielded
a comparable performance to that of transfer from SEED dataset (Table[S7). The performance is only
sligntly lower than from SEED on SEED series datasets, and is even higher on FACED dataset. This
indicates the model’s capability in generalization to new emotion categorization paradigms.

Table S7: Cross-dataset transfer performance between DEAP and SEED-series datasets
Accuracy from DEAP  from SEED

to SEED 66.77 £ 3.33 /

to SEED-IV ~ 46.24 + 0.87 4852+ 1.65
to SEED-V 5455+ 2.13 5585+ 231
to SEED-VII 3635+ 1.04 37.33+ 1.19
to FACED 2283+ 148 1895+ 1.79
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E.8 Other classification settings on the DEAP dataset

To comprehensively evaluate the model on dimensional emotion representation, we conducted binary
classifications of high/low arousal and high/low dominance, as well as a four-quadrant valence—arousal
classification on the DEAP dataset. As shown in Table[S8] the model substantially outperformed the
baseline across all tasks, demonstrating strong generalization to dimensional emotion representations

and adaptability to different affective dimensions.
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Figure S3: t-SNE visualization of extracted feature on SEED, SEED-1V, SEED-V, SEED-VII, and
DEAP datasets. The EEG encoder used for feature extraction was trained on all datasets other than

the target dataset.
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Figure S4: Comparison of feature importance attribution for neutral, negative/sad, and positive/happy
emotions on SEED, SEED-IV, SEED-V, and SEED-VII datasets. The feature indices are sorted by
the feature importance on the SEED dataset.

E.9 Results of varying random seeds

We replicated the full pipeline five times with different random seeds. The performance is quite
stable across the five repetitions, with a variation of less than 0.85% (Table |S_§|) The experiment is

conducted on the SEED-V dataset. This result demonstrates the stability of mdJPT training.

Table S8: Other classification settings on the DEAP dataset

Evaluation Method Accuracy Precision Recall F1 Score AUROC
Arousal DE baseline  58.67+1.27  59.004+1.60 58.67+1.27 58.36+1.27 60.67+1.97
ousa mdJPT 69.36+1.54 69.60+1.68 69.36+1.54 69.27+1.52 74.19+0.92
Domi DE baseline  55.01 4+ 1.17 55.29+1.47 55.01+1.17 54.56+0.92 56.08+1.89
ormihance mdJPT 73.5241.61 73.64+1.47 73.52+1.61 73.48+1.67 79.47+1.50
Valen | DEbaseline 34.03£1.06 332142.84 3259+1.21 30.04+138 57.18+1.02
alence-arousal L qJpT 52.94+1.42 50.47+1.23 51.10+1.83 49.684+2.90 75.78+1.34

Table S9: SEED-V result with varying random seeds

Random seed Accuracy
0 65.14 £0.97
1 65.87 £ 1.08
2 65.74 £ 1.50
3 65.37 £1.52
19260832 65.02 £ 0.98
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Figure S5: Pearson correlation coefficient between emotion-related feature importance weights on
different datasets

E.10 Model size comparison

To demonstrate the efficiency of our model, we compared the number of trainable parameters with

several existing methods. As shown in Table[ST0| our model has fewer parameters of 1.0M but still
outperforms state-of-the-art models, indicating a more compact and efficient design.

Table S10: Comparison of parameter size across pre-trained models.

Model Parameters
MMM 1.2M
LaBraM 5.8M
EEGPT 4. 7™M

mdJPT (Ours) 1.0M
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