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Abstract

Multi-modal emotion recognition has garnered increasing atten-
tion as it plays a significant role in human-computer interaction
(HCI) in recent years. Since different discrete emotions may exist
at the same time, compared with single-class emotion recognition,
emotion distribution learning (EDL) that identifies a mixture of
basic emotions has gradually emerged as a trend. However, existing
EDL methods face challenges in mining the heterogeneity among
multiple modalities. Besides, rich semantic correlations across ar-
bitrary basic emotions are not fully exploited. In this paper, we
propose a multi-modal emotion distribution learning framework,
named HeLo, aimed at fully exploring the heterogeneity and com-
plementary information in multi-modal emotional data and label
correlation within mixed basic emotions. Specifically, we first adopt
cross-attention to effectively fuse the physiological data. Then,
an optimal transport (OT)-based heterogeneity mining module is
devised to mine the interaction and heterogeneity between the
physiological and behavioral representations. To facilitate label
correlation learning, we introduce a learnable label embedding
optimized by correlation matrix alignment. Finally, the learnable
label embeddings and label correlation matrices are integrated with
the multi-modal representations through a novel label correlation-
driven cross-attention mechanism for accurate emotion distribution
learning. Experimental results on two publicly available datasets
demonstrate the superiority of our proposed method in emotion
distribution learning.
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1 Introduction

Emotion recognition plays a pivotal role in enhancing human-
computer interaction (HCI) [2, 19, 27], offering substantial benefits
across various fields such as healthcare, education, and customer
service [1]. Researchers have investigated various behavioral sig-
nals, including facial expressions [32] and voice signals [38], as
well as physiological signals like electroencephalogram (EEG) [37],
electrocardiogram (ECG) [12], and electromyogram (EMG) [5], to
detect emotional states. While many studies have concentrated on
identifying basic emotions using the valence-arousal (VA) [45] or
valence-arousal-dominance (VAD) [18] model, there is an increasing
awareness of the complexity and mixed nature of human emotions.
Research indicates that individuals may simultaneously experience
multiple emotions with varying intensities at the same time [35, 42].
However, most existing emotion recognition methods tend to focus
on single-class models [14, 41, 44], which may not fully capture
the varied, complex, and sometimes ambiguous nature of human
emotions. Accurate identification of these complex emotional states
is essential, as it reflects more realistic human experiences and inter-
actions, underscoring the need for advanced emotion recognition
systems that can interpret these nuances effectively.
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Figure 1: The challenges in emotion distribution learning
and illustration of the proposed method. (a) cross-modal
heterogeneity, (b) label correlation, (c) the schematic diagram
of the proposed framework.

In contrast with multi-label emotion recognition [20, 39, 40],
which typically classifies emotions into distinct and singular cate-
gories such as happiness, sadness, and anger, mixed emotion recog-
nition aims to capture the complexity of coexisting emotions that
do not easily fit into traditional labels. Furthermore, mixed emo-
tion recognition evaluates the intensity of each emotion present,
whereas multi-label approaches merely identify the presence or
absence of each emotional state. Jia et al. [14] adopted an emo-
tion distribution learning method that exploits label correlations
locally for facial expression recognition. Zhang et al. [41] proposed
amulti-task convolutional neural network for text emotion analysis.
Existing single-modal methods struggle to fully utilize the com-
plementary and correlative aspects between different modalities,
overlooking the fact that emotions can be expressed through a com-
bination of physiological responses and external manifestations.

Researchers have explored the efficacy of integrating multi-
modal data to enhance emotion recognition performance [22]. Peng
et al. [24] proposed CARAT to model fine-grained modality-to-
label dependencies and exploit the modality complementarity by
a shuffle-based aggregation strategy for multi-modal multi-label
emotion recognition. Shu et al. [28] proposed an EDL convolu-
tional neural network to predict the emotion distribution from the
stacked physiological signals. Liu et al. [21] developed Emotion-
Dict to learn a set of basic emotion elements in the latent feature
space for emotion distribution learning. However, as the diagram
shown in Figure 1 (a), these methods ignore the intrinsic correla-
tion and heterogeneity among different modalities, resulting in a
sub-optimal recognition performance. What’s more, they cannot
fully exploit the label correlation across different basic emotions.
As can be seen from Figure 1 (b), “afraid” and “scared” may be
highly correlated. Leveraging the label correlations as a guidance
can enhance the performance of emotion distribution learning.

To address the above limitations, in this paper, we propose
a multi-modal emotion distribution learning framework, named
HeLo, as depicted in Figure 1 (c), which effectively mines the cross-
modal heterogeneity within physiological and behavioral data, fa-
cilitating the learning of the label correlation to guide emotion
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distribution learning. In brief, the main contributions of our pro-
posed model can be summarized as follows:

o Due to differences in heterogeneity across modalities, we first
adopt a cross-attention mechanism to fuse the physiological
data. Then, an optimal transport (OT)-based heterogeneity
mining module is devised to effectively fuse the physiological
and behavioral representations.

For the learning of label correlation, we introduce a learnable
label embedding, which is constrained by its learnable label
correlation and ground-truth label correlation. Furthermore,
the learnable label embeddings and label correlation are
integrated through a novel label correlation-driven cross-
attention mechanism.

Extensive experiments on two multi-modal emotion datasets
demonstrate that our proposed model outperforms state-
of-the-art models in both subject-dependent and subject-
independent scenarios.

2 Related Work

2.1 Label Distribution Learning

In order to address the problem that both the labels and their intensi-
ties are necessarily needed, Geng et al. systematically proposed label
distribution learning [7]. According to the proposed LDL strategies,
traditional LDL methods can be divided into three categories, i.e.,
Problem Transformation (PT) [8, 10], Algorithm Adaptation (AA)
[9, 11], and Specialized Algorithms (SA) [7, 11]. Recently, Wen et
al. proposed the learning objectives and evaluation metrics for la-
bel distribution learning, namely Cumulative Absolute Distance
(CAD), Quadratic Form Distance (QFD), and Cumulative Jensen-
Shannon divergence (CJS). LDL-LRR [13] adopted a novel ranking
loss function for label distribution characteristics and combined it
with KL-divergence as the loss term of the objective function. Gao et
al. [6] proposed deep label distribution learning (DLDL), which uti-
lizes label ambiguity in both feature learning and classifier learning
to establish an end-to-end LDL framework.

To improve the performance of LDL, researchers have made
attempts to exploit the label correlations. Jia et al. [14] employed a
local low-rank structure to capture the label correlation implicitly
to enhance facial expression recognition. Kou et al. [17] proposed
TLRLDL, which leverages low-rank label correlations specifically
within an auxiliary multi-label learning framework. Different from
these methods, we develop an end-to-end EDL framework, which
makes full use of the complementarity between physiology and
behavior signals, and alleviates the negative impact of discrete
emotional ambiguity on EDL through label correlation learning.

2.2 Muli-modal Emotion Recognition

As multi-modal data provide a more comprehensive understand-
ing of human emotional states [23, 43, 46], multi-modal emotion
recognition has emerged as an important topic in the field of affec-
tive computing. The dominant multi-modal emotion recognition
methods can be divided into two subfields: single-label emotion
recognition (SLER) and multi-label emotion recognition (MLER).
SLER recognized emotions using a single emotion label for each
discrete time. MAET [15] processed multi-modal inputs with spe-
cialized attention modules and alleviates subject discrepancy via
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adversarial training. While the goal of MLER is to assign an arbi-
trary number of emotion category labels to an input sample. Zhang
et al. [39] integrated transformer and multi-head modality attention
to effectively fuse text, visual, and audio data and predict emotions.
Compared with SLER and MLER, emotion distribution learning
(EDL) has gained increasing attention, as it evaluates the inten-
sity of each basic emotion, which is crucial for a comprehensive
representation of complex emotional space. EmotionDict [21] uti-
lized behavior and physiological responses to offer complementary
information for emotion recognition and disentangled emotion
features of an emotional state into a weighted combination of a
set of basic emotion elements. Shu et al.[28] proposed EDLConv
the combine multi-modal peripheral physiological signals for emo-
tion distribution learning. In this paper, we propose a novel EDL
framework for integrating multi-modal emotional data, and the
model’s performance is improved with the guidance of learned
label correlation.

3 Methodology

The overall framework of the proposed method is illustrated in
Figure 2, which consists of physiological signals fusion, OT-based
heterogeneity mining, and label correlation-driven cross-attention.
We will briefly introduce these components in the remainder of
this section.

3.1 Multi-Modal Physiological Signals Fusion

Taking the DMER dataset as an example, after data pre-processing,
we get a sampled input x composed of four modalities, i.e., x¢ €
RCeXde for EEG, x9 € RCo%99 for GSR, xP € RCr*4 for PPG, and
x? € RCo%do for video, where Ce, Cy, Cp, and C, denote the number
of signal channels, and de, dg, dp, and d, are the extracted feature
dimensions. As the heterogeneity within physiological signals (i.e.,
EEG, GSR, PPG, ECG, EDA, EMG) may be easier to handle than
that of physiological and behavioral signals, we adopt a multi-head
cross-attention mechanism to effectively fuse the physiological
signals. Specifically, we first project EEG, GSR, and PPG signals
into the same feature dimension. Then, we generate Queries on
x¢ € REXd and Keys, Values on x9 € RE*4 and xP € RE*4 which
can be formulated as follows:

Q° = x* W5, K™ = x"WL V™ = x"WY! (1)

where WeQ, W2, W are learnable matrix, m = {g, p} denotes

the specific modality. Then, the cross-modal representation can be
obtained by the self-attention mechanism:

e T
x¢79 = softmax (%) V9

Q¢ (k)T
Vd

where d denotes a normalization parameter equal to the dimen-
sion of K™. To learn multiple patterns of the association within
physiological signals, multi-head attention mechanism and residual
connection are employed:

@

x¢7P = softmax 1%

e—m |

e—m __
( “h,

e—m
*MHA = ‘

Xh

x;:m)WMHA + LN (xm) (3)
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d
where x§ 7t € RC*7 is the output of multi-head cross attention

block, h is the number of heads, W ;g4 denotes the transformation
matrix, and || represents the concatenation operation. Then, the
concatenation of two cross-modal representations is adopted as the
final physiological representation:

h e—
Y = (A

eﬁp
*MHA )

XMHA

©)

Using EEG as the query guides the cross-attention mechanism to
focus on the emotional information at the neural level, effectively
capturing the relationship between EEG and other physiological
signals.

3.2 Heterogeneity Mining with Optimal
Transport

Physiological signals, i.e., EEG, GSR, ECG, and PPG, provide subcon-
scious emotional responses, while behavioral data reflects discrete
and context-specific insights that are influenced by conscious con-
trol and environmental interactions. It is worth noting that different
data characteristics lead to significant cross-modal heterogeneity,
which heightens the difficulty of multi-modal fusion. Optimal trans-
port (OT) [3, 25, 29] learns the optimal matching flow between two
probability distributions, which allows for the effective alignment
of heterogeneous multi-modal data distributions, facilitating the
extraction of coherent patterns from physiological and behavioral
signals. Formally, for the previous extracted physiological represen-
tations and projected behavioral representations, x"¥ e R2Cxd
and x? € RZC%4 an optimal transport from the xFY to x? can be
defined by the discrete Kantorovich formulation [16] to search the
overall optimal matching flow:

min

< T, Cost >
fell(uyv)

WD (xPhy,x”) - )
where WD(,) denotes the wasserstein distance, IT (u,0) = {T €
Riszc | T1ac = u, TT15¢ = v}, 15¢ represents a 2C-dimensional
all-one vector, <, >F refers to the Frobenius dot product, and Cost >
0 € RZX2C jg a cost matrix calculated by the cosine distance
between x"Y¥ and x?. The matrix T € R2°*X2C js denoted as
the optimal transport matching flow. Then, we apply the Pytorch
framework-based batch-wise implementation of the Sinkhorn al-
gorithm proposed in [4] to solve ‘WD. In this way, the obtained
optimal transport matching flow T can be used as a “cross-modal
correlation” to enhance the multi-modal fusion. As such, the final
multi-modal representation is adopted as follows:

x™ = (Transformer; (x""¥ ® T)||Transformer; (x°))

(6)

where Transformer; denotes a I-layer transformer encoder, ® is the
matrix multiplication, || represents the concatenation operation.
The optimal transport (OT) module bridges modality heterogeneity
by aligning physiological and behavioral feature spaces through
optimal matching flows, thereby mitigating distribution discrepan-
cies.

3.3 Label Correlation-driven Cross-Attention

In the emotion distribution learning scenario, correlation across
different labels plays a vital role in the prediction of emotional
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Figure 2: The pipeline of the proposed HeLo. (a) Modality fusion stage: We first adopt a cross-attention mechanism to fuse the
physiological data. Then the OT-based heterogeneity mining module is introduced to integrate the physiological and behavioral
representations. (b) Label correlation learning stage: A learnable label embedding is introduced to explore the label correlation
that can be combined with the multi-modal features through a novel label correlation-driven cross-attention mechanism.
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distributions. Therefore, we design a label correlation-driven cross-
attention mechanism (LCDCA), shown in Figure 3, to effectively
enhance the prediction performance of the model. Specifically, we
introduce a learnable label embedding x* € RI*d where [ is the
number of emotion classes. To learn the label correlation, we first
generate learnable label correlation ML € R™! and ground-truth
label correlation M9! € RI*! through the cosine similarity, whose
(i, j)-th element is given as:

L. .L
L i gt _ Li-Lj @
SR leLII B Ll L

where L € R!*! denotes the ground truth label distribution. Next,
we adopt 1-2 loss to constrain the learning of label correlation, and
the correlation-constrained (CC) loss can be formulated as:

Lec = |ME - M3 ®)

Then, we generate QF on xF, K™ and V™ on the projected
multi-modal features x™ through linear transformations. The label
correlation-guided representation can be obtained by:

QL ( Km)T + ML
— ©)
Vd

With the LCDCA, the proposed model can effectively utilize
the label correlation for emotion distribution learning. This de-
sign allows the model to dynamically aggregate global semantic
relationships between features and labels, while simultaneously
incorporating sample-specific correlations through attention ma-
trix refinement. Finally, we adopt a prediction head consisting of a
three-layer MLP and a softmax layer to generate the predicted emo-
tion distribution I, = (d1,d2, ds, - - - ,d;), where [ is the number of

x° = softmax( yWwn
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emotion classes. The Kullback-Leibler divergence (KLD) is adopted
as the loss function to measure the distance between the predicted
emotion distribution and the ground truth emotion distribution.
Therefore, the overall training of our method is:

Loverall = KLD(L L)+ Lcc (10)

where KLD(, ) denotes the Kullback-Leibler divergence loss, L is the
ground truth emotion label distribution, and Lc¢ is the correlation
constrained loss.

4 Experiment
4.1 Multi-Modal Emotion Datasets

We evaluate our proposed method on two publicly available datasets:
DMER [36] and WESAD [26] datasets. DMER dataset contains
four modalities including EEG, galvanic skin response (GSR), pho-
toplethysmogram (PPG), and facial videos collected from 80 partic-
ipants. Each participant was asked to watch 32 video clips. In each
trial, the subject first watched one video clip, and then completed the
10-item short positive and negative affect schedules (PANAS [33]).
The score for each basic emotion ranged from 1 (none) to 5 (strong)
and was then transformed into emotion distributions. The data of
73 subjects were used for further experiments in this paper. WE-
SAD contains ECG, EMG, electrodermal activity (EDA), and 3-axis
accelerometer (ACC) from 17 participants. The data were collected
at a sampling rate of 700Hz, and the goal was to study four different
affective states namely neutral, stressed, amused, and meditated.
Upon completion of each trial, the ground truth labels for the affect
states were collected using the PANAS [33]. 14 participants were
utilized in our experiments. Notably, ECG, EMG, and EDA are the
"Physiological data", and ACC denotes the "Behavioral Data" in our
proposed method. Details of the data preprocessing can be referred
to the supplementary materials.

4.2 Evaluation Metrics

For the evaluation of our proposed model, following the previ-
ous emotion distribution learning studies [7, 21, 28], we adopt six
distribution-based measurements, including four distance metrics
(Chebyshev ({), Clark (}), Canberra ({), and Kullback-Leibler (KL)
({)) and two similarity measurements (Cosine (1) and Intersection
(7). | indicates the metric is “the smaller the better”, and 1 denotes
“the larger the better”. Moreover, we reported the Average Rank
denoting the mean rank of the six metrics following [21, 28].

4.3 Implementation Details

In our experiments, following previous works [21, 28], both subject-
dependent and subject-independent settings are adopted to verify
the method on the two datasets. In subject-dependent recognition,
the data of each subject are split into the training set and testing
set in a ratio of 8:2 randomly, and the average performance across
all subjects is taken as the final result. For subject-independent
recognition, we utilize the leave-one-subject-out cross-validation
for the evaluation, and the average performance across all iterations
is reported as the final result. Our proposed framework is trained
on a 12GB NVIDIA GeForce RTX3080 GPU and developed under
PyTorch. The training adopts Adam optimizer with a learning rate of
1073, The batch size is set to 128, the number of epochs for training
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is set to 300, and the number of attention heads is 4. The embedding
size in the attention mechanism and feed-forward network is set to
128, and 64, respectively, and we set the depth of transformer blocks
to 1. Our code is released at: https://github.com/kaio-99/HeLo.

4.4 Comparison with State-of-the-art Methods

To evaluate the effectiveness of our proposed method, we compare
our model with several state-of-the-art models on both the DMER
and AMIGOS datasets. These methods including label distribution
learning methods (PT-SVM [7], AA-KNN [7], SA-CPNN [11]), EEG-
based classification method (Conformer [30]), multi-modal emotion
recognition method (MAET [15]), multi-modal multi-label emotion
recognition method (CARAT [24]), recently proposed state-of-the-
art single-modal label distribution learning methods (LDL-LRR [13],
TLRLDL [17], CAD [34]), and multi-modal emotion distribution
learning method (EmotionDict [21]).

The results of the subject-dependent recognition on the DMER
and WESAD datasets are summarized in Table 1. As can be seen
from the table, except for the KL metric on the DMER dataset, our
proposed method outperforms all the other state-of-the-art meth-
ods over the six metrics on both datasets. Benefiting from deep
learning’s ability to extract high-dimensional features, the deep
learning-based methods achieve relatively better performance than
the traditional LDL methods (PT-SVM, AA-KNN, and SA-CPNN).
Besides, visualization examples of the predicted emotion distribu-
tions using all the methods and the ground truths on the DMER
dataset are shown in Figure 4. It can be seen that some methods,
i.e., PT-SVM, SA-CPNN, Conformer, and MAET, are more likely to
output similar distributions for different signal samples, leading to
sub-optimal emotion distribution learning results. The qualitative
results show that our method can predict emotion distributions
most similar to the ground truths. The superiority of our method
lies in that our model not only effectively utilizes the fusion of
heterogeneous multi-modal data, but also leverages the learnable
label correlation for the prediction of emotion distribution.

Table 2 illustrates the subject-independent evaluation of the com-
parison methods and our proposed model on the DMER datasets. Ex-
cept for the KL metric on the WESAD dataset, our method achieves
the best results across both datasets and shows the highest aver-
age rank. The subject-independent recognition is more challenging
than the subject-dependent situation, showing the superiority of
our proposed method in capturing the subject-invariant emotional
features across different individuals.

4.5 Ablation Studies

Ablation on network components. To verify the rationality of
the modules of the proposed framework, we conduct ablation ex-
periments on the DMER and WESAD datasets by removing each
module of our method, i.e., cross-attention-based physiological sig-
nals fusion (CAPF), optimal transport-based heterogeneity mining
(OTHM), and label-correlation-driven cross-attention (LCDCA),
and the results are illustrated in Figure 5. The experimental results
show that each module in the model has a positive contribution to
the emotion distribution learning performance of the model, and
the proposed method achieves the best performance through the
effective integration of each module. CAPF effectively fuses the
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Figure 4: Predicted emotion distributions of our model and comparison methods. We show two panels of two test samples of
Subject No.45. GT indicates the ground truth distribution. The numbers 1 to 10 correspond to emotions inspired, alert, excited,
enthusiastic, determined, afraid, upset, nervous, scared, and distressed.

Table 1: Subject-dependent comparison of experimental results of our method and 10 comparison methods on six measures on
the DMER and WESAD datasets. | indicates “the smaller the better”, and 1 indicates “the larger the better”. The parentheses show
the corresponding ranks on each evaluation metric and the Average Ranks. The boldfaced scores denote the best performances
and the underlined scores are the second runners. The results of the proposed HeLo are presented in a blue background.

TKDE16 [7]) TKDE16 [7] TPAMI13 [11] TNSRE22 [30] ACMMM23 [15] AAAI24 [24] TKDE23 [13] IJCAI24 [17] ICCV23[34] TAFFC23 [21]

Dataset Measure Ours
PTSVM  AAKNN  SA-CPNN  Conformer MAET CARAT LDLLRR  TLRLDL cAD EmotionDict
Chebyshev (1) 0.0851(7)  0.0949(10)  0.0917 (8) 0.0661 (3) 0.0522 (2) 0.0752(4)  00936(9)  0.0847(6)  0.1017(11)  0.0753(5)  0.0446 (1)
Clark (1) 05787(6)  0.6649(10) 06333 (8) 0.4743 (3) 03762 (2) 05951(7)  06529(9)  0.5380(4)  07517(11)  05463(5)  0.3256 (1)
Canberra (]) 15294 (7) 12357 (3) 1.8092 (9) 1.2581 (5) 0.9875 (2) 1.5965 (8) 1.8224 (10) 13271 (5)  1.9415(11) 14771(6)  0.8664 (1)
DMER KL (1) 0.0837(6)  0.1409(10) 01048 (8) 0.0593 (3) 0.0288 (1) 0.1137(9)  00644(4)  0.0925(7)  0.1460(11)  0.0766(5) 00323 (2)
Cosine (1) 09237(8)  09315(6) 09058 (9) 0.9464 (3) 0.9688 (2) 09332(5)  0.9016(10)  0.9339(4)  0.8923(11)  0.9313(7)  0.9714(1)
Intersection (1) 0.8417 (8)  0.8425 (7) 0.8150 (9) 0.8716 (3) 0.9113 (2) 0.8474 (6) 0.8136 (10) 0.8537(5)  0.8077 (11) 0.8492(5)  0.9128 (1)
AverageRank (1) 7 (7) 7.66 (8) 85(9) 333(3) 183 (2) 6.16 (6) 9.5 (10) 4.6 (4) 11(11) 55 (5) 1.16 (1)
Chebyshev (1) 0.0515(8)  0.0346 (4) 0.0998 (11) 0.0209 (3) 0.0347 (5) 0.0354 (6) 0.0357(7)  0.0622 (10)  0.0569 (9) 0.0090 (2)  0.0073 (1)
Clark ({) 03940(8)  02779(4)  0.7285(11)  0.1838(3) 03503 (7) 0.2812(5)  02822(6)  05381(10)  04618(9)  0.0733(2)  0.0653 (1)
Camberra(l)  1.0249(8)  07381(4)  20746(11) 04810 (3) 0.9100 (7) 07430 (5)  07466(6) 13586 (10)  12199(9)  0.1876(2)  0.1614 (1)
WESAD KL (}) 00320 (8)  0.0243 (5) 0.1226 (10) 0.0110 (3) 0.0251 (6) 0.0210 (4) 0.0273(7)  0.2051(11)  0.0440 (9) 00017 (2)  0.0010 (1)
Cosine (1) 09728(8)  09793(7)  0.8918(11)  0.9909(3) 0.9867 (4) 0.9824(5)  09821(6)  09541(10)  09624(9)  0.9985(2)  0.9992 (1)
Intersection ()~ 0.9024(8) 09297 (4) 07896 (11)  0.9550 (3) 0.9213 (7) 09296 (5)  09292(6)  0.8746(10)  08812(9)  0.9820(2)  0.9905 (1)
AverageRank (1) 8(8) 533 (5) 1083 (11) 3(3) 6(6) 5(4) 6.33(7) 10.16 (10) 9(9) 25(2) 1)
physiological signals to enhance the model’s performance. OTHM Ablation on the modalities. We also assessed the impact of each
achieves better performance than concatenation, indicating its profi- modality by separately removing each modality from our full model,
ciency in capturing heterogeneous information across physiological the results are shown in Table 3 and 4. These experiments were

and behavioral features. Furthermore, LCDCA greatly improves
the model’s performance as it integrates the label correlations for
the learning of emotion distribution.
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Table 2: Subject-independent comparison of experimental results of our method and 10 comparison methods on six measures on
the DMER and WESAD datasets. | indicates “the smaller the better”, and 1 indicates “the larger the better”. The parentheses show
the corresponding ranks on each evaluation metric and the Average Ranks. The boldfaced scores denote the best performances
and the underlined scores are the second runners. The results of the proposed HeLo are presented in a blue background.

TKDE16 [7] TKDE16[7] TPAMI13 [11] TNSRE22 [30]

ACMMM23 [15]

AAAI24 [24] TKDE23[13] IJCAI24[17] ICCV23[34] TAFFC23 [21]

Dataset Measure Ours
PT-SVM AA-KNN SA-CPNN Conformer MAET CARAT LDL-LRR TLRLDL CAD EmotionDict
Chebyshev (])  0.1462 (11)  0.1070 (10) 0.0928 (3) 0.0933 (4) 0.0939 (5) 0.1023 (9) 0.1012 (8) 0.0964 (6) 0.0925 (2) 0.0945(7)  0.0882 (1)
Clark (1) 1.2877 (11) 0.6860 (9) 0.6440 (3) 0.6515 (4) 0.6605 (5) 0.6909 (10) 0.6856 (8) 0.6702 (6) 0.6379 (2) 0.6676 (7) 0.6289 (1)
Canberra (]) 2.0459 (11) 1.8308 (7) 1.8542 (8) 1.7689 (2) 1.7863 (3) 1.9161 (10) 1.9071 (9) 1.8244 (6) 1.8104 (5) 1.8092 (4) 1.7603 (1)
DMER KL (1) 0.5528 (11)  0.1227 (9) 0.1089 (5) 0.1061 (2) 0.1088 (4) 0.1245 (10) 0.1222 (8) 0.1142 (7) 0.1076 (3) 0.1104 (6)  0.1027 (1)
Cosine (1) 0.8295(11)  0.8843 (10) 0.9022 (4) 0.9038 (2) 0.9016 (5) 0.8899 (9) 0.8917 (8) 0.8964 (7) 0.9036 (3) 0.9001 (6) 0.9148 (1)
Intersection (T) 0.7762 (11) 0.8050 (8) 0.8102 (6) 0.8161 (2) 0.8147 (3) 0.8026 (10) 0.8037 (9) 0.8087 (7) 0.8122 (4) 0.8119 (5) 0.8194 (1)
Average Rank () 11(11) 8.83(9) 4.83 (5) 2.66 (2) 4.16 (4) 9.66 (10) 8.33 (8) 6.5(7) 3.16 (3) 5.83 (6) 1(1)
Chebyshev () 0.0471 (7) 0.0500 (9) 0.0894 (11) 0.0436 (3) 0.0516 (10) 0.0454 (5) 0.0466 (6) 0.0441 (4) 0.0481 (8) 0.0421 (2) 0.0403 (1)
Clark (J) 0.4506 (8) 0.4516 (10) 0.6394 (11) 0.4048 (3) 0.4514 (9) 0.4270 (5) 0.4471 (6) 0.4145 (4) 0.4488 (7) 0.3631 (2) 0.3455 (1)
Canberra (]) 1.1928 (10)  1.1762 (7) 1.7384 (11) 1.0806 (4) 1.1666 (6) 1.1874 (9) 1.1817 (8) 1.0746 (3) 1.1647 (5) 0.9530 (2)  0.9329 (1)
WESAD KL (}) 0.0347 (5) 0.0423 (9) 0.0944 (11) 0.0369 (7) 0.0445 (10) 0.0345 (4) 0.0343 (3) 0.0372 (8) 0.0366 (6) 0.0282 (1) 0.0283 (2)
Cosine (1) 0.9727 (5) 0.9663 (10) 0.9154 (11) 0.9699 (7) 0.9678 (9) 0.9731 (3) 0.9731 (3) 0.9695 (8) 0.9711 (6) 0.9773 (2) 0.9790 (1)
Intersection () 0.8935 (7) 0.8933 (9) 0.8254 (11) 0.9015 (3) 0.8967 (4) 0.8944 (6) 0.8945 (5) 0.8917 (10) 0.8935 (7) 0.9126 (2)  0.9154 (1)
Average Rank (]) 7(8) 9(10) 11 (11) 4.5 (3) 8(9) 533 (5) 5.16 (4) 6.16 (6) 6.5(7) 1.83(2) 1.16 (1)

Table 3: Ablation study in modalities on the DMER.

Settings Measure w/0EEG  w/oGSR  w/0oPPG w/oVideo Ours
Chebyshev (1) 0.0529 0.0574 0.0487 0.0552  0.0446
Clark (1) 0.3372 0.3550 0.3671 03380  0.3256
Subject-Dependent Canberra () 0.9028 0.8987 0.8820 0.9065  0.8664
KL (1) 0.0381 0.0429 0.0357 0.0377  0.0323
Cosine (1) 0.9677 0.9591 0.9692 0.9628  0.9714
Intersection (1) 0.9102 0.9007 0.9086 0.9033  0.9128
Chebyshev () 0.0977 0.0953 0.0964 0.0926  0.0882
Clark (1) 0.6906 0.6742 0.6470 0.6635  0.6289
Subject-Independent Canberra () 1.9261 1.9077 1.8074 1.8250  1.7603
KL (1) 0.1175 0.1244 0.1085 01134 0.1027
Cosine (1) 0.9080 0.9075 0.9122 09107  0.9148
Intersection (1) 0.8197 0.8056 0.8138 0.8121  0.8194

Table 4: Ablation study in modalities on the WESAD.

Settings Measure w/0ECG  w/0oEMG w/0EDA w/o ACC  Ours
Chebyshev (1) 0.0088 0.0074 0.0079 0.0082  0.0073

Clark () 0.0744 0.0722 0.0762 0.0695  0.0653

. Canberra (|) 0.1730 0.1630 0.1658 0.1725  0.1614
Subject-Dependent KL (1) 00022 00016 00014 00016 0.0010
Cosine (1) 0.9915 0.9960 0.9955 0.9971  0.9992

Intersection (1) 0.9873 0.9899 0.9892 0.9885  0.9905

Chebyshev (1) 0.0502 0.0419 0.0429 0.0474  0.0403

Clark () 0.3877 0.3597 0.3721 0.3842  0.3455

. Canberra (|) 1.0748 0.9516 0.9579 1.0029  0.9329
Subject-Independent KL (1) 00322 00308 00344 00315  0.0283
Cosine (1) 0.9688 0.9722 0.9641 0.9658  0.9790

Intersection (1) 0.8870 0.9095 0.9017 0.8991  0.9154

conducted in both subject-dependent and subject-independent set-
tings across both datasets. The results indicate that each modal-
ity contributes significantly to the overall performance of multi-
modal emotion distribution learning, effectively integrating multi-
ple modalities can enhance the emotion distribution performance.
Ablation on the number of attention heads. The number of
attention heads is usually an essential parameter for models based
on attention mechanisms. The result in Figure 6 indicates that,
the model’s performance in both subject-dependent and subject-
independent settings initially improves as the number of heads

wlo CAPF [__| wio OTHM [__] w/o LCDCA [_] Ours|

(1) e
[OR 2]

Cosine (1)

M) e
[ORELR)

Cosine (1)

(c) WESAD Subject-Dependent (d) WESAD Subject-Independent

Figure 5: Ablation of network components in HeLo.

increases, and subsequently declines. The model reaches its optimal
performance across all six evaluation metrics when the number of
attention heads was 4. However, the overall impact of the number
of attention heads on the model’s performance is relatively limited.
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Figure 7: Effect of transformer block depth on the DMER.

Ablation on the depth of transformer block. The depth of end-
to-end models is considered a crucial factor in determining their
fitting ability. Figure 7 illustrates that, the model achieved optimal
classification performance when the transformer block depth was 1.
As the depth increased, the classification accuracy showed a slight
tendency to decrease and then leveled off. This is because a greater
transformer block depth might cause overfitting.

® physiological A behavioral

o L8Nl
"%w“b i oottt 4l
THi - .
Mz, L bl o e So¥ AN,
Trgge ik
(a) Before OTHM (b) After OTHM

Figure 8: Visualization of the feature embedding.

4.6 Visualization

Visualization of the cross-modal representations. We visu-
alize the multi-modal feature space in the testing set by utilizing
t-SNE [31]. In Figure 8 (a), before the OTHM module, there is a
noticeable separation between physiological (blue) and behavioral
(red) representations. This pronounced heterogeneity illustrates
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Figure 9: Label correlations visualization. A higher red inten-
sity value indicates a stronger correlation.

Upset |

Nervous

the challenges faced in multi-modal fusion due to distinct feature
distributions, which can impede effective integration and analysis.
With the help of OTHM, shown in Figure 8 (b), the cross-modal
representations exhibit a closer arrangement and overlap more sig-
nificantly than before. This reduction in heterogeneity suggests
that OTHM has effectively minimized the disparities between the
physiological and behavioral features, facilitating a better-aligned
feature space and a more coherent multi-modal fusion.

Visualization of the learned label correlations. To verify the
effectiveness of the proposed LCDCA module, we visualize the
learned label correlation M in Figure 7 to illustrate the inter-
pretability, and the results on the testing set of DMER dataset are
shown in Figure 9. As can be seen from Figure 9, the label cor-
relations differ from different trials and different subjects, which
jointly attend to rich semantic information from various perspec-
tives. From the horizontal view, “afraid” is highly correlated with
“nervous”, “scared”. Besides, “enthusiastic”, and “determined” are
usually correlated with “excited”, “alert”. All of these conclusions
are consistent with human intuition, so as to demonstrate the better
emotion distribution learning performance of our proposed model.

5 Conclusion

In this paper, we introduce a novel multi-modal emotion distribu-
tion learning framework, HeLo, which effectively addresses the
challenges of capturing complex, mixed emotional states from het-
erogeneous physiological and behavioral data. The CAPF module
ensures the robust fusion of multi-modal physiological signals, and
the OTHM module efficiently mines the heterogeneity between
physiological and behavioral representations, bridging the gap be-
tween these diverse data sources and enhancing feature alignment.
Moreover, the LCDCA fully exploits label correlations, guiding the
learning of emotion distributions in a semantically meaningful way.
Experimental results on two multi-modal emotion datasets demon-
strate the efficacy of our proposed method. In the future, we plan to
utilize LLMs to extract the label embeddings, which provide strong
semantic priors to our model instead of random initialization.
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