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Abstract

Multimodal emotion recognition is a crucial research area
in the field of affective brain-computer interfaces. However,
in practical applications, it is often challenging to obtain all
modalities simultaneously. To deal with this problem, re-
searchers focus on using cross-modal methods to learn mul-
timodal representations with fewer modalities. However, due
to the significant differences in the distribution of different
modalities, it is challenging to enable any modality to fully
learn multimodal features. To address this limitation, we pro-
pose a Multi-to-Single (M2S) emotion recognition model,
leveraging contrastive learning and incorporating two inno-
vative modules: 1) a spatial and temporal-sparse (STS) at-
tention mechanism that enhances the encoders’ ability to ex-
tract features from data; 2) a novel Multi-to-Multi Contrastive
Predictive Coding (M2M CPC) that learns and fuses fea-
tures across different modalities. In the final testing, we only
use a single modality for emotion recognition, reducing the
dependence on multimodal data. Extensive experiments on
five public multimodal emotion datasets demonstrate that our
model achieves the state-of-the-art performance in the cross-
modal tasks and maintains multimodal performance using
only a single modality.

Code — https://github.com/Arcee-LYK/Multi-to-Single.

Introduction
Emotion recognition is an important research direction in
affective brain-computer interfaces (BCI) (Li et al. 2022).
Since emotion induction experiments usually only require
participants to sit still and watch emotion induction videos,
compared to other brain-computer interface studies, emotion
induction experiments are more likely to obtain more physi-
ological signals, such as electroencephalography (EEG), eye
movements (EYE), electrocardiogram (ECG), and periph-
eral physiological signals (PPS). This advantage greatly pro-
motes the applications of multimodal models in the field
of emotion recognition. By fusing features from multiple
paired modalities, the performance of these models is sig-
nificantly enhanced compared to unimodal models.

However, these methods have significant limitations in
practical applications. Not all modalities can be obtained
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in practical scenarios limited by the experimental environ-
ment. It is especially common for EEG signals, which are
greatly sensitive to the environment. Any external interfer-
ence and tiny movements of the subjects can bring signifi-
cant noise to the EEG signal, leading to a decrease in signal
quality or even making the data unusable. As for the EYE
signals, although their collection process is convenient com-
pared to EEG signals, there are still some issues. Acquiring
eye movement data is sensitive to distance, the eye tracker
must remain within a certain proximity to the subject, and
the subject’s eyes must stay focused on the screen. This re-
quirement can be challenging for subjects during extended
signal collection periods. As for the ECG and PPS, they have
similar issues to EEG signals as they are all collected us-
ing similar electrodes. Therefore, in practical situations, it is
hard to obtain high-quality data from multiple modalities at
the same time.

Cross-modal methods are proposed to solve this problem.
Cross-modal learning allows models to use different modal-
ities during training and testing. There have been many
studies in computer vision and natural language processing
(Zhang et al. 2023; Lan et al. 2023). However, in the field
of affective BCI, the research is still in its early stages, and
only a limited number of studies have explored the transfer
of EEG to other modalities. These studies cannot achieve the
conversion between any modality, nor do they fully utilize
the multimodal features in the training set.

To achieve multimodal effects using unimodal data,
we propose a Multi-to-Single (M2S) emotion recognition
model. The model only requires paired, unlabeled multi-
modal data during the pre-training phase, we can fine-tune
the model using unimodal data on downstream tasks. During
pre-training, we extract features with two encoders for each
modality, emotion-related (ER) and emotion-independent
(EI) encoders, and minimize their mutual information. For
EEG, ECG, and PPS data that use electrodes to collect,
we propose a novel spatial and temporal-sparse (STS) at-
tention mechanism to fully utilize the continuous temporal
and spatial features of data. Contrastive learning methods
are applied to fuse and align features from different modal-
ities, including an improved version of Multi-to-Multi Con-
trastive Predictive Coding (M2M CPC) and InfoNCE. In the
fine-tuning phase, we connect a classifier after the ER en-
coder for emotion recognition. We freeze the encoder and
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only tune the classifier using one modality. To verify the
robustness of the model, we conduct experiments on five
public multimodal emotion datasets, including cross-modal
and unimodal experimental settings. We also compare our
work with multimodal methods. The experimental results in-
dicate that our model achieves state-of-the-art performance
on multiple tasks.

The main contributions of this paper are as follows:
• We propose a novel M2S model for cross-modal emo-

tion recognition, which can reduce dependence on mul-
timodal data while achieving multimodal performance
with a single modality.

• We introduce two novel modules: the STS attention
mechanism and M2M CPC. The former can fully uti-
lize EEG data, while the latter can learn and fuse features
across different modalities, helping existing methods per-
form better.

• We systematically evaluate the performance of our model
on multiple datasets and modalities, including EEG-
EYE, EEG-ECG, and EEG-PPS. Numerous experimen-
tal results have demonstrated that our model has excellent
robustness.

Related Work
Emotion Recognition
Emotion recognition is a common and important applica-
tion in brain-computer interfaces. Researchers use various
physiological signals and neural networks to determine the
emotional state of subjects. The most common signal is the
EEG signal. Compared to functional Magnetic Resonance
Imaging (fMRI) and some embedded brain signal acquisi-
tion methods, the EEG acquisition process is safer, more
convenient, and more efficient. Duan et. al. (2013) recog-
nized emotions by extracting the differential entropy (DE)
feature from EEG signals, which has five frequency bands
(δ: 1-3 Hz, θ: 4-7 Hz, α: 8-13 Hz, β: 14-30 Hz, γ: 31-50
Hz). It has been widely proven to be the most effective fea-
ture in emotion recognition (Zheng and Lu 2015).

With the development of multimodal technology, the data
needed for emotion recognition is not limited to a single
modality. Zheng et. al. (2018) proposed a multimodal frame-
work named EmotionMeter, which uses EEG and EYE sig-
nals to recognize four emotions. Liu et. al. (2021) used
two multimodal emotion recognition models, deep canoni-
cal correlation analysis (DCCA) and bimodal deep autoen-
coder (BDAE), and conducted experiments on several mul-
timodal emotion datasets. Jiang et. al. (2023) proposed a
transformer-based model (MAET) to fuse the EEG and EYE
signals, achieving good performance in the seven emotions
classification task. All of these works have achieved good
results, however, they require data from different modalities
to be paired when testing or the models’ performance will
be greatly reduced or even unable to work.

Cross-modal Learning
Radford et. al. (2021) proposed the Contrastive Langauge-
Image Pre-training (CLIP) model to achieve mutual conver-
sion between text and image modalities, which is a classical

work in the cross-modal field. More cross-modal work has
been explored in the field of cross-modal video moment re-
trieval (Anne Hendricks et al. 2017; Gao et al. 2017; Shimo-
moto et al. 2022). Xia et. al. (2024) proposed a framework
named Uni-Code to train a codebook and extract shared se-
mantic information from paired multimodal data, such as
video-audio-text.

As for the emotional BCI, Jiang et. al. (2019) proposed a
BDAE-regressor method to predict multimodal features with
EYE signals. Yan et. al. (2021) utilized a generative adver-
sarial network (GAN) to generate multimodal features with
EYE signals. Jiang et. al. (2024) proposed an EEG-assisted
Contrastive Learning Framework with a Functional Emotion
Transformer (ECO-FET) method for cross-modal emotion
recognition. These methods simplify the modalities required
for emotion recognition, but they only focus on EYE signals
and do not take into account the generalization between any
modalities.

Contrastive Learning

Contrastive learning (CL) is popular in self-supervised
learning, as it allows models to learn intrinsic features of
data that are independent of labels. Oord et. al. (2018)
proposed Contrastive Predictive Coding (CPC), which is a
highly generalized general framework. The core idea of CPC
is to perform CL by predicting future embedding vectors. Its
positive samples are the future embedding vectors obtained
by the encoder from the future input, like xt+1, and its nega-
tive samples are the embeddings corresponding to the input
at any time. Tian et. al. (2020) proposed Contrastive Mul-
tiview Coding (CMC), whose core idea is that many per-
spectives of an object can be considered as positive samples.
Yuan et. al. (2021) proposed a CL framework for multimodal
alignment. All of these methods provide valuable ideas for
our work.

Methodology

Multi-to-Single Emotion Recognition Model

The overall architecture and the pre-training phase of our
model are shown in Figure 1(a). We design two encoders
for each modality. One is a transformer-based emotion-
related (ER) encoder, which is used to extract features
about emotions from data, and the other is an MLP-
based emotion-independent (EI) encoder to extract fea-
tures unrelated to emotions. The ER encoder contains sev-
eral transformer blocks consisting of FeedForward and
LayerNormalization operations. For EEG and some other
signals, we design a special STS attention, which is intro-
duced in detail in the next subsection. To minimize the cor-
relation between the features extracted by the two encoders,
we use the Contrastive Log-ratio Upper Bound (CLUB)
method (Cheng et al. 2020). Different from traditional meth-
ods such as InfoNCE, CLUB can minimize the upper bound
of the mutual information, making two sets of data as in-
dependent as possible. Given any modality X , according to
the variational CLUB term with conditional distribution un-
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Figure 1: The overview of Multi-to-Single framework. (a) The pre-training phase of our model. The yellow and green modules
represent the data and key structures corresponding to different modalities, respectively. (b) The fine-tuning phase of the model.
In this stage, we input data from any modality X , freeze its corresponding encoder, and only optimize the newly added classifier.
(c) The architecture of our proposed Spatial and Temporal-Sparse attention mechanism.

known, the CLUB loss of X is defined as:

LX
CLUB(z

X , z′X) := Ep(zX ,z′X)[log(qθ(z
′X |zX))]

− Ep(zX)Ep(z′X)[log(qθ(z
′X |zX))], (1)

where zX and z′X are outputs of ER and EI encoders, re-
spectively. qθ(z′X |zX) is a variational distribution with pa-
rameter θ to approximate p(z′X |zX).

To verify whether the encoders extract effective features
of the data, we add a decoder for each modality and compute
the reconstruction loss of each modality. The reconstruction
loss of modality X is defined as:

LX
Recon = ||DX(zX , z′X)−X||2, (2)

where DX represents the decoder of modal X .
To learn and fuse features across different modalities, we

use the contrastive learning method and propose a novel
M2M CPC module. The M2M CPC is introduced in detail
in the third subsection. For any embedding vectors zX , it
is projected into a new embedding space through an aver-
age pooling layer in the time window dimension and a lin-
ear layer. We define the final embedding of modality X as
z̄X ∈ RS×Df , where S represents the number of samples
and Df denotes the final embedding dimension. There are
S positive sample pairs and S2 − S negative sample pairs.
According to the idea of InfoNCE, we can consider it as a S-

class classification task. Taking EEG and EYE data as an ex-
ample, we can define the ground truth GT as [0, 1, . . . , S−1]
and compute the contrastive loss LContra as follows:

LContra = (CrossEntropy(z̄eeg, GT )

+ CrossEntropy(z̄eye, GT ))/2. (3)

Spatial and Temporal-Sparse Attention
Mechanism
In the experiment, we use many kinds of signals, including
EEG, ECG, and PPC. These signals have the following com-
monality: they are all collected continuously for a long time
through electrodes at certain fixed positions on the human
body. Therefore, these signals have strong internal character-
istics in both spatial and temporal dimensions. We propose
a Spatial and Temporal-Sparse (STS) Attention Mechanism
in our work to fully utilize this characteristic. The structure
of STS Attention is shown in Figure 1(c). For data in any
time window, in addition to learning the structural informa-
tion between electrodes, we fuse the data in the temporal
dimension. After linear transformation, we take the average
of the values at time t, t − 1, and the initial time as vAt and
kAt .

This operation is based on the following considerations:
firstly, the initial data within each time window determines
the basic information of the data segment; secondly, the data
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Figure 2: The structure of M2M CPC module. The yellow
and green blocks represent different modalities.

at each moment is closely related to the previous moment.
So now we have:

Q = WQxA
t , (4)

K = WK(xA
t ⊕ xA

t−1 ⊕ xA
1 ), (5)

V = WV (xA
t ⊕ xA

t−1 ⊕ xA
1 ), (6)

where ⊕ represents summation and average. Given attention
dimension Datt, we can calculate the attention as follows:

Attention = softmax(
QKT

√
Datt

)V. (7)

Multi-to-Multi CPC
To learn the features between different modalities, we pro-
pose a novel Multi-to-Multi (M2M) CPC module, which
is shown in Figure 2. The traditional CPC module extracts
data features by predicting the correlation between future
embedding vectors and current embedding vectors in a se-
quence using an autoregressive model. For human emotional
changes, it often leads to simultaneous changes in multiple
physiological signals of the human body. In practical situa-
tions, we can comprehensively judge the current emotional
state of the subjects by detecting various physiological sig-
nal changes, which is an important reason why traditional
multimodal models usually have better performance than
unimodal models. So in the M2M CPC module, we use cur-
rent embedding vectors from multiple modalities to predict
future vectors of each modality.

Taking EEG and EYE data as an example, after passing
through their emotion-related encoders, we get the embed-
ding vectors:

zeeg = (zeeg1 , zeeg2 , . . . , zeegT ) ∈ RT×S×D, (8)

zeye = (zeye1 , zeye2 , . . . , zeyeT ) ∈ RT×S×D, (9)

where T represents the length of time window, S represents
the number of samples of the data, and D denotes the em-
bedding dimension. We use a two-layer LSTM as the autore-
gressive model for each modality. Define M as the length of

Algorithm 1: Pre-training Phase of M2S Model
Input: Unlabeled and paired data XA, XB from modalities
A and B
Hyper Parameter: Learning rate and weight decay
Output: Pre-trained encoders

1: Input XA, XB into their corresponding encoders: zA =
ERA(X

A), z′A = EIA(X
A); zB = ERB(X

B),
z′B = EIB(X

B).
2: Compute LA

CLUB(z
A, z′A) and LB

CLUB(z
B , z′B).

3: Compute LA
Recon and LB

Recon.
4: Input zA and zB into M2M CPC module.
5: Compute LA2B

CPC , LB2A
CPC , LA2A

CPC , and LB2B
CPC .

6: Flatten zA and zB , and project them into a new space.
7: Compute LContra.
8: Optimize the final loss: L = α′LCLUB + β′LRecon +

γ′LContra + λ′LCPC .
9: return Encoders ERA and ERB .

observed sequence and N as the prediction step, we have:

ẑeeg = LSTM(zeeg1 , . . . , zeegM ) ∈ RM×S×D′
, (10)

ẑeye = LSTM(zeye1 , . . . , zeyeM ) ∈ RM×S×D′
, (11)

where D′ is the hidden dimension of LSTM and M +N ≤
T . Then we concatenate ẑeegM and ẑeyeM to predict the future
N steps for each modality. We use InfoNCE loss to optimize
the module. The loss function consists of four parts: the loss
of predictive vectors and real vectors in the same modality
and the loss of predictive vectors and real vectors in the other
modality. Define ZA and ZB as sets of negative samples and
one positive sample, where A,B ∈ {eeg, eye}. Then we
have:

LA2B
CPC = − 1

N

N∑
n=1

log

[
exp(zBM+nW

A
n [ẑAM · ẑBM ])∑

zj∈ZB
exp(zjWA

n [ẑAM · ẑBM ])

]
,

(12)

where [·] denotes concatenation operation. So the complete
M2M CPC loss is:

LCPC = Leeg2eye
CPC + Leeg2eeg

CPC + Leye2eeg
CPC + Leye2eye

CPC .
(13)

Pre-train and Fine-tune
Taking into account all the losses mentioned above, we have
obtained the final loss for the pre-training phase:

L = α′LCLUB +β′LRecon + γ′LContra +λ′LCPC , (14)

where α′, β′, γ′, and λ′ are corresponding coefficients. The
complete pre-training process is shown in Algorithm 1.

In the fine-tuning stage, we only need to input data of one
modality, freeze its encoder and linear projection layer, and
add a classifier for optimization. For cross-modal tasks, we
use different modalities to test. For unimodal tasks, the fine-
tuning and testing process is similar to traditional supervised
learning.
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Dataset Model EEG→EYE EEG→EEG EYE→EEG EYE→EYE
Balanced Acc. Cohen’s Kappa Balanced Acc. Cohen’s Kappa Balanced Acc. Cohen’s Kappa Balanced Acc. Cohen’s Kappa

BDAE-regressor 75.72/8.87 - - - - - - -
BDAE-cGAN 81.02/8.04 - - - - - - -
CLIP 85.23/11.99 77.76/18.04 89.51/11.70 84.24/17.56 80.65/10.84 70.99/16.22 88.42/8.75 82.53/13.22
ECO-FET 72.56/8.42 58.69/12.71 88.44/11.32 82.64/16.96 73.79/8.53 60.54/12.91 82.50/12.18 73.58/18.42

SEED Uni-Code 69.44/14.72 53.83/22.31 74.01/12.65 60.79/19.19 74.11/10.46 61.02/15.81 69.76/15.50 54.30/23.50
Multi-to-Single (Ours) 91.72/9.53 87.50/14.41 93.18/8.19 89.75/12.30 91.92/9.34 86.85/14.90 93.65/7.99 90.44/12.02
w/o recon loss 86.90/10.34 80.34/15.48 91.17/9.95 86.67/15.06 86.38/10.54 79.46/15.90 86.95/9.90 80.34/14.93
w/o cpc loss 83.90/10.36 75.77/15.60 90.31/9.81 85.40/14.80 90.54/8.48 85.77/12.79 89.04/9.26 83.49/13.93
w/o club loss 87.63/9.52 81.35/14.37 90.22/11.65 85.26/17.58 88.13/11.33 82.14/17.09 86.99/10.52 80.37/15.90
w/o contra loss 76.94/8.30 65.23/12.55 90.97/8.82 86.42/13.28 77.86/10.24 66.75/15.39 89.24/9.37 83.76/14.17
BDAE-regressor 73.49/7.02 - - - - - - -
BDAE-cGAN 75.74/6.66 - - - - - - -
CLIP 77.73/11.38 64.75/19.49 79.13/12.30 65.95/22.70 75.10/11.70 57.37/25.08 81.54/11.14 70.87/19.65
ECO-FET 70.03/11.29 54.81/16.79 80.46/14.71 69.20/24.27 68.14/12.77 50.27/20.31 81.23/13.77 71.05/22.02

SEED-IV Uni-Code 66.23/14.71 47.34/24.98 61.53/14.99 38.51/25.70 60.86/13.75 36.14/24.97 65.92/13.82 48.88/21.27
Multi-to-Single (Ours) 84.70/11.35 75.58/19.59 85.47/11.05 76.95/19.10 81.90/11.49 71.29/19.59 87.31/10.52 79.85/18.67
w/o recon loss 78.41/12.99 67.53/19.15 83.66/11.19 73.85/19.36 78.89/12.40 67.04/20.23 84.32/11.41 76.04/18.49
w/o cpc loss 78.61/13.33 66.93/21.42 80.99/12.19 69.38/22.36 78.98/10.04 65.02/23.60 81.25/13.29 70.93/21.46
w/o club loss 82.34/11.72 72.66/19.15 79.31/11.53 67.49/19.39 79.09/12.80 66.42/22.35 83.00/11.22 73.33/18.87
w/o contra loss 73.18/10.22 57.62/16.70 84.48/10.99 74.99/19.59 69.52/8.97 51.59/15.52 82.95/12.97 73.51/21.57
BDAE-regressor 72.80/5.07 - - - - - - -
BDAE-cGAN 73.66/6.05 - - - - - - -
CLIP 74.41/13.05 64.73/17.35 75.33/12.78 66.09/17.22 65.83/12.45 51.80/17.71 80.97/11.31 73.67/16.14
ECO-FET 60.07/11.11 47.61/14.78 72.89/16.54 63.09/22.15 58.73/13.34 44.26/20.17 77.88/12.92 69.68/17.93

SEED-V Uni-Code 50.75/13.87 28.09/19.23 49.67/15.63 25.74/22.07 49.82/16.78 26.27/23.67 49.89/14.44 26.89/19.77
Multi-to-Single (Ours) 82.77/11.24 75.90/15.29 81.22/12.44 74.07/17.04 75.06/10.69 64.86/14.84 84.32//10.50 78.23/14.10
w/o recon loss 73.53/12.61 63.55/17.51 78.33/11.47 69.68/15.82 72.09/11.82 60.70/17.63 82.00/11.48 74.81/15.84
w/o cpc loss 77.12/13.11 67.78/19.72 80.24/12.24 72.31/17.51 71.38/14.06 59.92/19.62 84.15/11.11 78.38/15.00
w/o club loss 73.23/11.35 62.86/16.35 79.16/12.82 71.36/16.93 69.91/13.94 57.77/20.08 83.25/11.30 76.79/15.74
w/o contra loss 71.27/12.50 60.61/16.27 79.71/11,71 71.93/16.06 66.31/11.88 53.73/15.41 82.49/11.35 75.56/15.78

Table 1: Subject-dependent accuracies (%) and kappa scores (%) for cross-modal and unimodal settings on SEED, SEED-IV,
and SEED-V datasets. EEG → EYE represents fine-tuning with EEG and testing with EYE. The best results are in bold and
the second-best results are underlined (excluding ablation results).

Experiments
Datasets and Experimental Details
In the experiment, we use five public multimodal emotion
datasets: SEED (Duan, Zhu, and Lu 2013; Zheng and Lu
2015), SEED-IV (Zheng et al. 2018), SEED-V (Liu et al.
2021), DEAP (Koelstra et al. 2011), and DREAMER (Kat-
sigiannis and Ramzan 2017). All five datasets use video
stimuli to induce subjects’ emotions. The basic informa-
tion of these datasets is shown in Tabel 2. We extract DE
features from EEG signals. Since the EEG signals in the
downloaded DEAP dataset have already been filtered by a
4-75Hz filter, we only extract four frequency bands from the
EEG signals in the DEAP, without the δ frequency band (1-
3Hz). For the processing of ECG and PPS signals, we follow
the processing method of Liu et. al. (2021) and extract 10-
dimensional and 48-dimensional features, respectively. For
EYE signals, we use 33-dimensional statistical features and
computational features.

For the division of the training and testing sets, due to the
fixed emotional labels corresponding to each video clip in
the SEED series datasets, we divide the SEED, SEED-IV,
and SEED-V datasets in ratios of 9:6, 16:8, and 10:5, re-
spectively. The labels in the DEAP and DREAMER datasets
are the scores of subjects on certain evaluation metrics, in-
cluding valence, arousal, and dominance. This label leads to
an uneven distribution of data, so we conduct four-fold and
three-fold cross-validation on the DEAP and DREAMER,
respectively. Each fold’s training and testing ratios are 3:1

Dataset (class) Subjects Videos Modality/Dimension

SEED (3) 12 (x3) 15 EEG/310 (62 * 5)
EYE/33

SEED-IV (4) 15 (x3) 24 EEG/310 (62 * 5)
EYE/31

SEED-V(5) 16 (x3) 15 EEG/310 (62 * 5)
EYE/33

DEAP (2) 32 40 EEG/128 (32 * 4)
PPS/48 (8 * 6)

DREAMER (2) 23 18 EEG/70 (14 * 5)
ECG/10 (2 * 5)

Table 2: The basic information of five public multimodal
emotion datasets. Subjects represents the number of sub-
jects, (×3) indicates that each subject conducts three exper-
iments. V idoes represents the number of video clips used in
the dataset. The last column contains the modalities in each
dataset and their data dimensions, the content in the brackets
represents channels × frequency bands/statistical features.

and 2:1, respectively.
We choose balanced accuracies and kappa scores as the

classification evaluation metrics for the SEED series dataset.
Due to individual subjects in DEAP and DREAMER
datasets having only one category of label in a certain fold,
it is hard to calculate kappa scores for every subject. There-
fore, we calculate the balanced accuracies and F1 scores for
these two datasets.
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Dataset Label Model EEG → PPS EEG → EEG PPS → EEG PPS → PPS
Balanced Acc. F1 Score Balanced Acc. F1 Score Balanced Acc. F1 Score Balanced Acc. F1 Score

Valance

CLIP 65.79/16.65 59.51/19.84 65.83/16.07 60.29/18.63 64.71/16.07 58.99/18.67 66.91/16.42 60.89/19.11
ECO-FET 71.62/12.08 54.94/15.31 70.15/13.83 62.15/15.34 73.96/12.37 53.99/14.57 67.74/15.86 61.34/17.27
Uni-Code 68.19/11.32 57.81/14.86 66.54/12.07 55.54/15.53 67.01/12.66 57.24/15.81 68.45/11.38 58.25/13.33

DEAP M2S (Ours) 78.78/10.51 73.30/12.96 75.03/10.82 68.63/13.63 75.74/10.87 69.81/12.96 79.39/10.12 73.00/12.63

Arousal

CLIP 67.13/15.62 61.55/21.68 66.40/16.15 60.54/18.08 65.75/16.01 59.88/17.40 68.08/15.64 61.66/17.78
ECO-FET 75.26/8.72 53.87/14.39 70.08/15.63 61.47/16.70 77.76/9.50 52.97/12.87 67.38/15.19 60.28/16.56
Uni-Code 69.39/9.90 53.69/12.75 70.00/12.74 54.92/14.28 69.03/12.94 54.22/15.86 69.30/10.12 52.49/12.96
M2S (Ours) 81.62/10.64 72.51/14.85 77.24/12.07 68.34/15.51 78.62/14.85 69.90/14.73 80.93/10.76 70.71/15.02

Dataset Label Model EEG → ECG EEG → EEG ECG → EEG ECG → ECG
Balanced Acc. F1 Score Balanced Acc. F1 Score Balanced Acc. F1 Score Balanced Acc. F1 Score

Valance

CLIP 85.06/11.05 82.17/11.71 86.38/11.24 82.78/13.86 89.36/10.60 86.13/13.05 86.90/10.61 83.30/13.57
ECO-FET 67.07/8.06 58.88/9.04 87.39/10.26 83.64/13.52 67.74/7.51 59.82/9.86 83.90/12.56 79.36/16.93
Uni-Code 64.29/15.36 53.44/21.68 63.04/15.38 51.40/22.17 61.87/15.86 49.81/24.30 63.04/15.67 52.52/22.19
M2S (Ours) 90.27/10.82 88.31/17.66 91.71/8.75 90.28/13.30 91.56/8.59 90.12/13.25 89.32/10.30 87.76/16.23

Arousal

CLIP 89.28/10.51 87.00/12.85 90.46/11.53 86.73/15.24 91.82/9.20 88.54/12.01 90.81/9.70 87.72/13.19
ECO-FET 70.08/10.05 57.14/11.05 92.07/8.89 86.41/15.08 73.11/11.12 66.79/11.68 89.99/8.56 83.16/15.28

DREAMER Uni-Code 67.70/20.08 56.81/25.36 69.68/21.21 60.17/26.59 70.21/20.60 62.18/25.62 67.69/19.96 57.17/26.25
M2S (Ours) 93.52/7.23 94.23/7.29 95.16/5.39 94.93/6.20 95.66/5.91 95.91/5.54 94.54/6.59 94.52/6.87

Dominance

CLIP 88.42/10.16 83.21/14.44 90.35/9.80 86.03/12.91 91.37/9.72 87.89/13.11 87.16/12.29 82.41/15.70
ECO-FET 70.20/7.91 57.13/11.34 88.44/10.06 83.10/14.97 70.77/7.31 58.48/8.89 87.94/11.52 83.03/15.24
Uni-Code 68.17/19.27 57.59/25.29 66.81/18.86 58.51/24.77 68.04/19.14 59.88/24.68 67.43/19.22 63.20/24.84
M2S (Ours) 92.74/6.80 93.05/7.03 94.29/6.82 94.63/6.75 94.26/6.4 94.39/6.58 91.39/7.06 91.45/7.87

Table 3: Subject-dependent accuracies (%) and F1 scores (%) for cross-modal and unimodal settings on DEAP and DREAMER
datasets. The best results are in bold and the second-best results are underlined.

Baselines
We choose several state-of-the-art cross-modal methods as
baselines, including BDAE-regressor (Jiang et al. 2019),
BDAE-cGAN (Yan, Zhao, and Lu 2021), ECO-FET (Jiang
et al. 2024), CLIP, and Uni-Code (Xia et al. 2024). We use
the same encoders and fine-tuning process as our model for
CLIP to ensure fairness in comparison. We also compare
some classical and state-of-the-art supervised multimodal
methods, including BDAE (Liu, Zheng, and Lu 2016), Emo-
tion Transformer Fusion (ETF) (Wang et al. 2021), Vigi-
lanceNet (Cheng et al. 2022), and MAET (Jiang et al. 2023)
models, to determine whether the pre-training of the model
and the contrastive learning modules play a role in learning
and fusing key information between different modalities.

Results
Compared to Cross-modal Methods Cross-modal and
unimodal experimental results of SEED series datasets are
shown in Tabel 1 and the results of DEAP and DREAMER
datasets are shown in Tabel 3. As shown in the tables, our
model outperforms all the previous work in various settings.
Both cross-modal and unimodal tasks have significantly im-
proved accuracies. In all cross-modal tasks, our model gen-
erally improves by over 5 percentage points compared to ex-
isting suboptimal methods, with a maximum improvement
of over 10 percentage points (Independent Samples t-test,
p < 0.05). After using a certain modality for fine-tuning, the
test performance of single-modality is slightly better than
that of cross-modality.

Compared to Multimodal Methods The results com-
pared to supervised multimodal methods are shown in Ta-
ble 4. Since EEG is still the most concerning data in most
studies, we only present the results of fine-tuning on EEG
modality for our model. As shown in the table, with only one

Dataset Model Balanced Acc. Cohen’s Kappa
BDAE 87.00/10.83 80.44/16.27
ETF 89.45/9.68 84.10/14.60

SEED VigilanceNet 87.67/11.67 81.41/17.63
MAET 93.38/9.29 90.01/14.05
M2S (S) 87.50/9.80 81.14/14.82
M2S 93.18/8.19 89.75/12.30
BDAE 83.13/12.63 73.86/21.10
ETF 80.31/12.81 70.02/20.62

SEED-IV VigilanceNet 78.23/13.63 67.46/20.66
MAET 83.81/15.00 76.17/22.48
M2S (S) 83.26/12.43 74.32/18.54
M2S 85.47/11.05 76.95/19.10
BDAE 71.79/15.93 62.71/20.77
ETF 77.29/12.84 68.66/17.69

SEED-V VigilanceNet 69.39/13.79 58.25/19.20
MAET 76.53/14.66 68.19/19.83
M2S (S) 72.14/13.84 60.82/20.79
M2S 81.22/12.44 74.07/17.04

Table 4: Balanced accuracies (%) and kappa scores (%) of
multimodal methods compared with M2S on SEED, SEED-
IV, and SEED-V datasets. (S) indicates that the same en-
coder is used for unimodal supervised learning.

two-layer MLP as the classifier for fine-tuning, our model
outperforms most of the supervised multimodal methods. At
the same time, we test the unimodal supervised training of
the ER encoder that only uses EEG. Its accuracy is slightly
lower than using the pre-trained model, but can still achieve
the performance of some multimodal methods. The exper-
imental results indicate that our pre-training process plays
a role and the introduction of contrastive learning modules
has also enabled the effective fusion of features from differ-
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Figure 3: The results of different attention mechanisms on
SEED, SEED-IV, and SEED-V datasets based on EEG uni-
modal fine-tuning.
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Figure 4: Cross-modal task (EEG→EYE) accuracy changes
of CLIP and ECO-FET models on SEED, SEED-IV, and
SEED-V datasets after adding M2M CPC module.

ent modalities.

Ablation Studies
The Effect of Different Loss Functions As shown in Ta-
ble 1, we conduct ablation experiments on each of the four
loss functions in the model. After removing a certain loss
function, the performance of the model decreases to varying
degrees. Removing the loss function of contrastive learning
has the most severe impact on cross-modal tasks.

The Effect of STS Attention Mechanism To verify the
effectiveness of the STS attention mechanism, we conduct
the following experiments on SEED series datasets: re-
placing the STS attention mechanism with a regular multi-
head attention mechanism or directly removing the attention
mechanism. Since the STS attention mechanism is only ap-
plied to signals collected by electrodes, we only present the
results of EEG unimodal fine-tuning. As shown in Figure
3, the performance of the model has been significantly im-
proved with the STS attention mechanism.
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Figure 5: The heatmap of the cross-modal task
(EEG→EYE) on the SEED dataset. The value of the
unit is balanced accuracy (%). The higher the accuracy, the
brighter the color of the unit.

Ablation Study of M2M CPC Module To analyze the
impact of the M2M CPC module, we first test the perfor-
mance of existing methods after adding this module. The
results are shown in Figure 4. After adding M2M CPC, each
modality learns each other’s features through predictive cod-
ing, achieving feature fusion and improving accuracies. We
also test the effect of different lengths of time windows and
prediction steps on the final accuracy. We plot heat maps
for two cross-modal tasks on the SEED dataset. As shown
in Figure 5, within the same hyperparameter tuning range,
when the time window length is fixed, the model’s accuracy
generally shows an upward trend followed by a downward
trend as the number of prediction steps increases. When the
prediction step length is fixed, a longer time window helps
the model perform better.

Conclusion
In this paper, we propose a novel method M2S for cross-
modal learning, which can reduce multimodal dependency
in emotion recognition and achieve multimodal performance
using only a single modality. We conduct various exper-
iments on multiple datasets, and the experimental results
show that our model achieves the SOTA performance in the
cross-modal tasks. Furthermore, our proposed M2M CPC
module can be generalized to other models to learn and fuse
features from different modalities and help existing models
perform better.
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