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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; 2; 3; 4; 5; 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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Figure 1: Cross-dataset generalization through
multi-dataset pre-training. (left) Challenges of
task-specific EEG pre-training. (right) Challenges
of inference.

In contrast, task-specific multi-dataset pre-
training, which leverages multiple datasets tar-
geting the same cognitive function, offers a fo-
cused alternative. EEG-based emotion recogni-
tion is a natural candidate for this paradigm: it
has growing availability of labeled datasets (e.g.,
SEED (7), DEAP (8), FACED (9)) and strong
practical value in affective computing and BCI
applications. However, developing such a frame-
work faces several technical challenges: large
inter-dataset distribution shifts, heterogeneous
EEG montages, inconsistent emotion category
definitions, and substantial inter-subject variabil-
ity. Existing approaches typically rely on one-
to-one dataset adaptation and subject-specific
fine-tuning (10; 11; 12; 13; 14; 15) (Table 1),
limiting their generalization to unseen datasets
or emotion categories (Fig. 1). These limita-
tions call for a more principled task-specific pre-training strategy that aligns across datasets without
requiring extensive labels or per-subject calibration.

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. 2). 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:

2



multi-dataset joint pre-training, classi�er �ne-tuning, and testing. In the �rst 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 classi�er is �ne-tuned on the extracted representations from a few labeled subjects in the target
dataset. In the �nal stage, the trained model is evaluated on the remaining subjects of the target
dataset (Fig. 2A). The zero-shot generalization setting has no �ne-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 �netuning?

PESD (13) � � �
E2STN (14) � � �
JCFA (15) � � �
Imtiaz & Khan (10) � � �
SCMM (12) � X �
DBDG (11) � � X
mdJPT (Ours) X X X

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 �rst interpolated to a standardized 60-channel con�guration based on the 10-20 International
System (19) to ensure spatial consistency. The interpolated EEG input can be denoted asx 2 RC � L

. Then we split EEG signals into overlapped segments. Speci�cally, for EEG time series of the
cth channel,x (c) 2 R1� L , we divide them into overlapping strided patches (Fig. 2D), with patch
length ofP and the stride length ofS. The sequence of patches are denoted asx (c)

p 2 RN 1 � P ,
whereN1 = ( bL � P

S + 1c) indicates the number of patches. Patches derived from each channel are

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

resultsx̂p
(c) 2 RN 1 � K 1 , whereK 1 is the output dimension of MLLA encoder. Each EEG segmentx

produces an output̂x 2 RC � N 1 � K 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 �lter 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 passx̂ through a trainable
linear spatial projectorWs 2 RC � C , mapped to a latent space for covariance alignment (see section
2.3): p = Ws x̂, wherep 2 RC � N 1 � K 1 andp(d) 2 RC � N 1 ; d = 1 ; 2; :::; K 1 represents a slice
in p. A spatial transition convolution is then employed, utilizing convolutional kernels of size
C � L 1 to capture spatial variation patterns across multiple time stepsL 1. The convolutional kernels
use dilations with various temporal intervals, enabling the extraction of EEG variation patterns
across different time scales, yielding latent spatiotemporal representationsh(1) 2 RK � N 1 (K is the
number of hidden dimensions andN1 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 patternsh(2) 2 RK � N 1 . 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 classi�er �ne-
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 �ne-tuning with a lightweight classi�er 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. Speci�cally, 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 from2M subjects, whereM is the number of datasets involved
in pre-training.vm samples are extracted from each subject, wherevm is the number of trials in
datasetm. The CDA loss needs to align the covariance centroid of the2M subjects. The covariance
of the spatial projection layer's outputp is calculated:
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� (d)
s;v =

1
N1 � 1

�
p(d)

s;v � �p(d)
s;v

� �
p(d)

s;v � �p(d)
s;v

� >
; d = 1 ; 2; :::; K 1 (1)

wherep(d)
s;v 2 RC � N 1 is the hidden representation from trialv, subjects. �p(d)

s;v 2 RC is the temporal
average ofp(d)

s;v . The covariance of all samples from each subject is averaged to obtain the subject-level
covariance centroids:

� (d)
s =

1
vm

vmX

v=1

� (d)
s;v ; d = 1 ; 2; :::; K 1 (2)

yielding2M subject-wise centroidsf � (d)
1 ; :::; � (d)

2M g per dimensiond. The alignment loss measures
pairwise Euclidean distances between all2M centroids:

L d =
2MX

m =1

2MX

n = m +1






 � (d)

m � � (d)
n








2

F
; d = 1 ; 2; :::; K 1 (3)

wherek�kF denotes the Frobenius norm. The loss of allK 1 dimensions is summed, and the logarithm
is taken to yield the �nal Cross-Dataset Alignment Loss:

L CDA = log(
K 1X

d=1

L d + 1) : (4)

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 datasetm as:
f xs

m;v jv = 1 ; 2:::vm ; s 2 A; B g. For a samplexA
m;i , xB

m;i forms a positive pair with it, and the other
2(N � 1) samplesf xs

m;j jj = 1 ; 2:::vm ; j 6= i; s 2 A; B g 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 encoderh(2) and
projects it toh 2 RK 0� N 1 . The similarity between two samples is de�ned as:

sim(hA
m;i ; hB

m;i ) =
hA

m;i � hB
m;i

khA
m;i kkhB

m;i k
(5)

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

lA
m;i = � log

"
exp(sim(hA

m;i ; hB
m;i )=� )

P N
j =1 1[j 6= i ] exp(sim(hA

m;i ; hA
m;j )=� ) +

P N
j =1 exp(sim(hA

m;i ; hB
m;j )=� )

#

(6)

where1[j 6= i ] 2 f 0; 1g is an indicator function. It is set to 1 ifj 6= i . By minimizing the loss function,
the model will increase the similarity betweenhA

m;i andhB
m;i in contrast to all other possible sample

pairs involvinghA
i . The ISA loss for a training batch is:
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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)

L ISA =
MX

m =1

(
vmX

i =1

lA
i +

vmX

i =1

lB
i ) (7)

The total loss in pre-training is de�ned as:

L = L ISA + � L CDA (8)

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, �ltering, 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 �rst 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 ReLU activation and batch normalization
for emotion classi�cation. 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 S1 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
classi�er.
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Table 3: Performance of cross-dataset subject-independent classi�cation (leave-one-dataset-out
evaluation).
Dataset Methods Accuracy Precision Recall F1 Score AUROC

SEED

DE baseline 62.35 ± 4.10 62.91 ± 3.76 62.58 ± 3.77 62.49 ± 3.69 79.38 ± 3.15
MMM 76.24 ± 2.76 75.70 ± 2.59 75.90 ± 0.75 75.79 ± 1.67 87.73 ± 1.51
LaBraM 71.47 ± 3.98 70.71± 2.78 71.03 ± 1.37 70.84 ± 1.26 86.15 ± 0.96
EEGPT 71.87 ± 2.36 71.51 ± 4.64 71.99 ± 2.61 71.66 ± 2.35 85.41 ± 1.34
mdJPT (ours) 79.65 ± 1.24 79.84 ± 1.17 79.62 ± 1.20 79.45 ± 1.32 92.98 ± 1.00

SEED-IV

DE baseline 45.44 ± 1.99 45.59 ± 1.96 45.28 ± 1.97 45.10 ± 1.84 70.03 ± 1.88
MMM 55.61 ± 4.12 55.22 ± 3.94 55.47 ± 1.46 55.30 ± 2.4675.87 ± 1.20
LaBraM 47.88 ± 3.41 47.81 ± 2.24 48.01 ± 1.78 47.89 ± 1.29 69.97 ± 1.78
EEGPT 44.10 ± 1.77 43.82 ± 3.56 44.16 ± 2.86 43.91 ± 2.51 62.32 ± 1.93
mdJPT (ours) 53.53 ± 0.75 53.81 ± 1.02 53.67 ± 0.78 53.37 ± 0.79 77.51 ± 0.34

SEED-V

DE baseline 45.58 ± 1.92 46.02 ± 1.96 45.98 ± 1.92 45.55 ± 1.94 73.64 ± 1.54
MMM 58.64 ± 3.56 58.51 ± 1.90 59.01 ± 3.00 58.68 ± 1.20 82.80 ± 1.94
LaBraM 41.80 ± 3.53 41.69 ± 2.19 42.09 ± 2.71 41.80 ± 1.56 70.81 ± 2.72
EEGPT 45.27 ± 3.66 44.97 ± 2.79 45.24 ± 2.39 45.06 ± 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

SEED-VII

DE baseline 29.12 ± 1.20 28.24 ± 1.22 27.67 ± 0.90 27.64 ± 1.00 64.78 ± 0.83
MMM 30.29 ± 2.63 30.32 ± 3.53 30.15 ± 2.23 30.12 ± 2.27 68.37 ± 1.84
LaBraM 26.85 ± 2.57 26.53 ± 4.29 26.54 ± 2.33 26.45 ± 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

FACED

DE baseline 19.97 ± 2.47 17.73 ± 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
LaBraM 20.35 ± 4.97 20.36 ± 3.79 20.25 ± 2.44 20.23 ± 2.8867.59 ± 2.10
EEGPT 21.55 ± 3.46 21.62 ± 3.51 21.62 ± 3.79 21.51 ± 3.3159.96 ± 2.07
mdJPT (ours) 23.46 ± 3.39 23.43 ± 1.13 22.47 ± 3.4320.32 ± 3.88 65.53 ± 4.13

DEAP

DE baseline 55.54 ± 1.11 55.60 ± 1.11 55.54 ± 1.11 55.43 ± 1.13 56.72 ± 0.62
MMM 72.33 ± 3.41 66.16 ± 7.26 76.80 ± 3.95 70.50 ± 1.70 77.80 ± 11.53
LaBraM 67.45 ± 5.63 61.39 ± 5.58 65.66 ± 1.53 63.45 ± 3.5677.83 ± 0.65
EEGPT 63.33 ± 4.38 56.48 ± 6.74 64.73 ± 1.26 60.32 ± 2.77 74.19 ± 4.31
mdJPT (ours) 71.71 ± 10.3871.78 ± 10.42 71.71 ± 10.38 71.69 ± 10.38 75.75 ± 12.20

Average

DE baseline 43.00 42.68 42.70 48.19 68.13
MMM 54.54 51.29 53.20 52.03 75.39
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 classi�cation

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 classi�er, 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 �ve 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 classi�er 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%,
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