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Dynamic Confidence-Aware Multi-Modal
Emotion Recognition
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Abstract—Multi-modal emotion recognition has attracted increasing attention in human-computer interaction, as it extracts
complementary information from physiological and behavioral features. Compared to single modal approaches, multi-modal fusion
methods are more susceptible to uncertainty in emotion recognition, such as heterogeneity and inconsistent predictions across
different modalities. Previous multi-modal approaches ignore systematic modeling of uncertainty in fusion and revelation of dynamic
variations in emotion process. In this paper, we propose a dynamic confidence-aware fusion network for robust recognition of
heterogeneous emotion features, including electroencephalogram (EEG) and facial expression. First, we develop a self-attention based
multi-channel LSTM network to preliminarily align the heterogeneous emotion features. Second, we propose a confidence regression
network to estimate true class probability (TCP) on each modality, which helps explore the uncertainty at modality level. Then, different
modalities are weighted fused according to above two types of uncertainty. Finally, we adopt self-paced learning (SPL) mechanism to
further improve the model robustness by alleviating negative effect from the hard learning samples. The experimental results on several
multi-modal emotion datasets demonstrate the proposed method outperforms the state-of-the-art methods in emotion recognition
performance and explicitly reveals the dynamic variation of emotion with uncertainty estimation. Our code is available at:

https://github.com/xbrainnet/ CAFNet.

Index Terms—Multi-modal fusion, emotion recognition, self-attention mechanism, uncertainty, self-paced learning.

1 INTRODUCTION

MOTION recognition is receiving increasing attention

as it provides critical information for the perception
and decision-making of human-computer interaction (HCI)
systems [1]], [2], which enables such systems to respond
appropriately to the user’s emotional state. Emotion is a
complex psychological dynamic process generated by var-
ious feelings and thoughts [3], and people can express
emotions through different behavioral patterns due to lin-
guistic and cultural differences. In addition, the process of
emotion data collection and recognition are often affected by
varying degrees of uncertainty impact. Therefore, it is still
a challenging task to develop robust recognition model that
can effectively extract the intrinsic states of emotion.

The commonly used emotion traits include physiolog-
ical signals, such as electroencephalogram (EEG) [4], elec-
tromyogram (EMG) [5] and electrocardiogram (ECG) [6],
and behavioral signals, such as voice signals [7], facial
expression images [8]], [9], and body posture [10]. Among
the physiological emotion traits, EEG has advantages of
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Fig. 1. The single modal and multi-modal emotion recognition method
schematic diagrams. (a) Recognition based on single modal emotion
data. (b) Multi-modal emotion data fusion via common space repre-
sentation. (c) The proposed confidence-aware multi-modal data fusion
strategy with multi-level uncertainty estimation.

non-invasiveness, low cost and high temporal resolution
[11]. Zhang et al. [12]] proposed a self-attention network to
jointly model the local and global temporal information of
the EEG features. Li et al. [13] built an effective emotion
recognition model that performs multi-category emotion
recognition with multiple emotion-related spatial network
topology patterns by learning discriminative graph topolo-
gies in EEG brain networks. Peng et al. [14] proposed a
graph-based model by unifying the adaptive graph learning
and emotion recognition into a single objective. Further-
more, facial expression in behavioral signals is one of the
most intuitive forms of emotions, and many facial image-
based emotion recognition methods have been proposed.
Jia et al. [15] exploited low-rank structure to capture the
local label correlations implicitly of emotion distribution.
Zhao et al. [16] presented a facial expression recognition
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network to extract the local and global-salient facial features.
However, the aforementioned methods rely on single modal
analysis, which cannot fully reflect emotional states, thus
making it difficult to achieve satisfactory levels of accuracy
and stability.

Benefiting from the complementary information be-
tween multiple modalities, integrating physiological and
behavioral signals can enhance the performance of emotion
recognition [17], [18]. For example, Wang et al. [19] utilized
transformer encoders with attention-based fusion to fuse
EEG and eye movement data for emotion recognition. Ngai
et al. [20] developed a multi-branch deep convolutional
neural network using EEG signals, facial expression, and
eye movement data for emotion recognition. Ma et al.
[21] proposed the multi-modal residual LSTM to learn the
correlation between EEG and peripheral physiological to
improve the performance of recognition. The complex phys-
iology of emotions makes uncertainty an important factor
in emotion recognition. Specifically, the presence of uncer-
tainty in various forms within multi-modal data heightens
the difficulty in accurately recognizing emotions [22], [23].

In recent years, some uncertainty learning-based emo-
tion recognition methods have been proposed. For example,
Deng et al. [24] captured uncertainty from multiple emotion
descriptors by adopting deep ensemble models, and applied
iterative self-distillation to improve the performance of emo-
tion recognition and uncertainty estimation. Yang et al. [25]
design a new emotional representation feature, i.e., intensity
quantity of information (IQI), which can be used to describe
the uncertainty of signal strength in different frequency
bands. Wang et al. [26] designed a self-cured network (SCN)
to weight each sample in training through self-attention
mechanism. It is worth noting these uncertainty analysis
methods are all developed for single modal emotion pre-
diction and cannot alleviate the more varied uncertainties
in multi-modal emotion data and fusion model. In this
paper, we attribute the uncertainty in multi-modal emotion
data and model to the following three aspects: First, multi-
modal emotion data are usually with different semantic
representation, and the significance of each time window
to emotion state varies due to the mechanism of emotional
generation, which reflects the uncertainty at temporal level.
Second, the ambiguity of the decision-making produced by
different modalities leads to the uncertainty at fusion level.
Third, the difficulty or confidence of recognizing emotion
samples from different subjects or trails by the same model
varies, reflecting the uncertainty at the sample level. The
above uncertainties jointly pose challenge to multi-modal
emotion recognition. Therefore, it is urgent to develop effec-
tive fusion methods to alleviate the above uncertainties and
improve the performance of multi-modal emotion recogni-
tion.

To address the above problems, in this paper, we pro-
pose a dynamic confidence-aware fusion network for multi-
modal emotion recognition, which systematically model
uncertainties in multi-modal emotional data and reveals
the dynamic variation of emotion process with uncertainty
estimation. Specifically, we first introduce a multi-channel
LSTM network with shared weights to achieve heteroge-
neous data alignment. Simultaneously, self-attention mech-
anism is adopted into the model to adaptively estimate the

2

significance of different time windows to emotion, by which
the negative impact of high uncertainty time windows on
recognition can be reduced. Second, to avoid the problem of
overconfidence in neural network prediction, we introduce
true class probability (TCP) [27] to measure modality level
uncertainty by training a confidence regression network.
Then, the extracted features of different modalities are dy-
namically weighted by TCP for confidence-aware fusion.
Meanwhile, KL-divergence is adopted in the model to
preserve the common features between modalities. Finally,
we exploit self-paced learning (SPL) in the optimization
of the model, by which the samples with low uncertainty
are gradually feed in the model to improve its robustness.
The comparisons of our approach and existing emotion
recognition methods are shown in Fig Fig (a) shows
the single modal-based emotion recognition methods, which
cannot take advantage of complementary information of dif-
ferent modalities. Fig. [1| (b) denotes the conventional fusion
methods, and they often focus on capturing the common
subspace of multi-modal data, ignoring suppressing the
uncertainty in fusion. Fig. [1| (c) represents the proposed
confidence-aware fusion network strategy, which can simul-
taneously effectively fuse the heterogeneous features and
alleviate uncertainty in multi-modal emotion recognition. In
brief, our proposed method has the following contributions:

1) To the best of our knowledge, it is the first work
to systemically model the uncertainty of multi-modal emo-
tion recognition, enabling confidence-aware fusion of multi-
modal emotion data and explicitly revealing the dynamic
variation of emotions.

2) We develop a multi-channel LSTM feature network
with an attention mechanism that simultaneously aligns het-
erogeneous multi-modal features and adaptively predicts
the emotion uncertainty at temporal level.

3) A true class probability-based confidence regression
network is proposed to estimate the emotion prediction un-
certainty at modality level. It allows for more interpretable
and reliable multi-modal emotion fusion recognition with
confidence weighting.

4) We adopt the self-paced learning to improve the
robustness of the proposed model during the optimization
of above fusion network. The experiment results on several
multi-modal emotion datasets demonstrate the proposed
method outperforms the state-of-the-art algorithms for emo-
tion prediction.

The rest of this paper is organized as follows. In Section
II, we introduce the related works. Then, we present the
details of proposed method and its optimization in Section
III. The experimental results are given in Section IV. In
Section V, the ablation studies and several visualizations are
presented. Finally, we draw a summary in Section VI.

2 RELATED WORK
2.1 Uncertainty Modeling

Uncertainty can be classified into two categories, epistemic
(sampling-based) and aleatoric (sampling-free) uncertainty.
Sampling-based methods train prediction model through
weighted sampling or model integration, leveraging incon-
sistencies in multiple results to quantify uncertainty, such
as Bayesian neural network [28], Monte Carlo dropout [29],
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Fig. 2. The proposed multi-channel dynamic confidence-aware fusion network for emotion recognition.

and bootstrap ensemble [30]. However, the high memory
and computational cost make them challenging to apply in
real-time applications. Alternatively, sampling-free methods
use deterministic parameters in neural network predictions
to estimate uncertainty, which is more computationally effi-
cient. For example, Dirichlet prior network [31] and eviden-
tial neural network [32]] enable the quantification of uncer-
tainty without the need for repeated evaluations. In contrast
with uncertainty estimation methods, confidence calibration
methods [27], [33] directly calibrate the classification results
to measure confidence, which can quantify predictive un-
certainty of model in a more efficient manner. In this paper,
we propose a confidence-aware fusion network that models
uncertainties from multiple levels and alleviates the adverse
impact of uncertainty in emotion recognition.

2.2 Self-paced Learning

The concept of self-paced learning [34] is inspired by human
learning processes, it is able to adjust the learning process
based on samples with a simple-to-hard pattern. The goal
of SPL is to learn both the model parameters by minimizing
the following objective function:

N
E(wv v; >‘) Z vili + g(U, A)

i=1

min
w;ve(0,1]N

)

where w represents the model parameters, v denotes the
latent weight variables of samples, /; is the training loss,
g(v,\) represents the self-paced regularization term and
A controls the learning pace. By gradually increasing the
parameter ), the samples from easy to hard learning can
be in turn added into the training process. Jiang et al. [35]
found SPL can mitigate the issue of getting trapped in
poor local optima. Zhou et al. [36] introduced self-paced

learning to deep neural networks, allowing samples to be
adaptively incorporated into the training process. Moreover,
Fan et al. [34] proposed a generalized implicit regularization
framework, which provided insights on the working mech-
anism of SPL. As the dynamic process, some emotion states
are very subtle. For example, it is difficult for human to
accurately judge the emotions from some facial expressions.
In this work, we leverage the self-paced learning strategy to
alleviate the negative effect from low confidence samples,
which can improve the robustness of our model.

3 PROPOSED METHOD

In this section, we introduce the proposed dynamic
confidence-aware multi-channel fusion network for multi-
modal emotion recognition, and the architecture of the
proposed network is shown in Fig. First, we use a
self-attention based multi-channel LSTM network to align
EEG and facial expression features and reveal temporal
uncertainty. The weights of the multi-channel LSTM are
shared with each other, while those of the self-attention
modules are not. Second, we develop a confidence regres-
sion network to measure the true class probability (TCP)
on each modality, which estimates the uncertainty at the
modality level. Then, different modalities are weighted
fused according to the uncertainties estimated above rather
than being treated equally. Finally, self-paced learning is
used to enhance the model’s robustness by mitigating the
impact of hard learning samples at sample level. We provide
a detailed introduction of each module of the proposed
network as follows.
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3.1 Temporal Uncertainty based Multi-Modal Feature
Alignment

Suppose the feature matrices of EEG and facial expression
are ¥ € RT*DPe oF ¢ RTxDr, respectively, where T'
denotes the number of time window, and Dg, Dr denote
the feature dimension of these two modalities. To exploit the
potential temporal dependencies presented by continuously
stimuli between EEG and facial expression, we employ a
multi-channel long short-term memory (MC-LSTM) net-
work as proposed in [21]], [37] to jointly extract features
from EEG and facial expression. By sharing weights, the
multi-channel LSTM can learn the correlation across the
modalities. Formally:

(:c;”tl, i h;”t) = MC-LSTM (a:Z"“ i1 h?ftq) )

where ¢y_;, h{,_; and zi} represent the memory cell,
hidden state and the input vector at (¢ — 1)-th or ¢-th time
window of the i-th sample for modality m € {E,F},

m

respectively. 7"} denotes the output of MC-LSTM model
and ¢, hj"; are the memory cell and hidden state at ¢-
th time window, respectively. It is worth nothing that the
weights of hidden state are shared across both modalities
and time windows, while the weights of input vector are
only shared across time windows. The multi-channel LSTM
is able to capture potential correlations in multi-modal se-
quential data and enables heterogeneous alignment.

Due to the variances in emotional patterns, it can be
challenging to guarantee a consistent emotional prediction
among different modalities even during prolonged and
continuous stimulation, leading to potential uncertainty in
certain time windows of the physiological or behavioral
sequence. To overcome this limitation and enhance the
specificity of temporal information, we adopt self-attention
mechanism in above model to identify more reliable time
windows within the sequential data, shown in Fig. |3 By
applying the self-attention mechanism, the proposed model
gains the ability to dynamically adjust its focus on different
time windows. This adaptability is important for handling
temporal-level uncertainty and understanding the temporal
dynamics in the sequence. We perform separate linear map-
ping transformations on z'¥ and z'f" produced by multi-
channel LSTM:

Qe =a""W§, Kg =2'"Wg Vg =2'PWf )

Qr ='W, Kp =2"" Wi, Ve =2"W 4

4

where Query @, Key K, and Value V,,, are three groups of
feature representation through linear projection for modal-
ity m = {E,F}. W§, Wi, Wy' are parameter matrices
used to generate queries, keys and values, respectively,
which are updated by network backpropagation during
the training of model. We obtain the attention coefficients
between time slices by computing the scalar dot product
correlation between @), and K,,, which is input to the
SoftMax function. Then, the features with self-attention are
obtained by the product of self-attention weight and V,,,:

QmK,
fm = softmax (\/;Zm Vin (5)
where f,, € RT*P is the feature map of the EEG and facial
expression modalities, respectively, and d is a normalization
parameter equal to the dimension of K,.

3.2 Modality Uncertainty based Confidence-Aware Fu-
sion
3.2.1 Uncertainty estimation

Although multi-modal fusion usually enhances the per-
formance of emotion recognition due to the complementary
information between modalities, the inconsistency of the
decision-making from different modalities makes an impact
on multi-modal fusion. To effectively integrate information
from multiple modalities, it is crucial to estimate the predic-
tion confidence of each modality. The higher the confidence
of the prediction of the emotion modality is, the lower
the uncertainty of the corresponding model’s prediction
is. Therefore, an appropriate confidence criterion should
assign incorrect predictions with low confidence value and
achieve prediction with high confidence value. Maximum
class probability (MCP) can be used to represent the confi-
dence of model’s prediction by:

MCP(z) = IileaxP(Y =k|wxz)=PY =g|w,x) (6)
y

where w denotes the network parameter set and 7 is the pre-
dicted class corresponding to sample x. Although MCP is ef-
fective for classification tasks, it may lead to overconfidence,
especially for incorrect predictions. The use of maximum
SoftMax probability leads to the high confidence score of
both correct and incorrect predictions, which indicates that
the confidence criterion is unreliable. To address this issue,
in the proposed method, we introduce true class probability
(TCP) as a confidence criterion for emotion recognition.

Different from MCP, which uses the maximum SoftMax
output as the prediction confidence, TCP uses the output
probability of the SoftMax corresponding to the true label
as the prediction confidence. Formally, the TCP for each
modality can be expressed as:

TCP™ (2™, y) = P(Y =y | w,2™) @)

where 2" denotes the high-dimensional feature vector of
specific modality m of sample z, and y denotes its category.

3.2.2 Confidence-aware multi-modal fusion
We extract EEG and facial expression modality features

using self-attention mechanism, which can be represented
as fg € R™P, fp € RT*D, respectively. During the
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Fig. 4. The proposed multi-modal confidence regression network mod-
ule, which contains two pairs of regression sub-network and classifi-
cation sub-network. During the network training process, for a specific
modality, the classification sub-network is used to obtain the the ground
truth of TCP, and then the regression sub-network is trained to predict
the TCP value by the loss function L., f.

training process, we utilize a confidence regression network
to dynamically estimate the prediction confidence of each
modality, which is employed as guidance for the weighted
fusion of different emotion modalities. It can enhance the
perdition from the modality with lower uncertainty by
assigning higher weight and suppress those with high un-
certainty with lower weight by:

cefe ®crfr 8)

where cg, cp represent the confidence of EEG modality
and facial expression modality generated by confidence
regression network, respectively, and @ denotes the fea-
ture concatenation. By modelling uncertainty from modality
level, our model can make more reliable multi-modal fusion
prediction.

fjoint =

3.3 Training Objective

For multi-modal tasks, a binary cross entropy (BCE) is often
used to supervise the learning of each branch, but it will
heavily penalize the samples that cannot be classified from
a specific modality. In this case, the model may overfit the
biases in the data, which leads to overfitting of model.
Therefore, based on the joint feature representation obtained
by confidence-aware fusion, we use cross entropy (CE) loss
to supervise multi-modal learning:

Log ==Y 1og P (fjoint) — (1 =Y )log (1 = P (fjoint)) (9)

where P(fjoint) is the probability of dividing the joint
feature vector into a certain class, and Y is the label of
sample.

When the classification result is correct, both TCP and
MCP are the maximum SoftMax output. However, when the
classification is incorrect, TCP is more likely to be close to a

5

lower value, whereas MCP may assign a high confidence
score for misclassified samples. Although TCP is able to
obtain more reliable confidence, it cannot be used directly in
the testing phase due to the absence of label information. For
m-th modality, we design a confidence regression network
gm, which consists of two MLP feature encoders and several
fully connected layers, shown in Fig. [} to approximate TCP.
The two MLP encoders are used to predict the value of TCP
and the prediction probability distribution, respectively. We
apply MSE loss to train the confidence regression network:

1M

* \2
Lconf = i mZ:1 (em — ) (10)
where ¢, = g¢n(2™) denotes the confidence predicted

by the confidence regression network, M is the number
of all modalities, and c},, represents the true value of the
predicting confidence. Then TCP is able to use the confi-
dence regression network for approximation. Meanwhile, to
preserve the common features between multi-modal data,
we apply Kullback-Leibler divergence (KL-divergence) to
constraint the similarity of different modalities. We can ob-
tain the prediction distribution p,, (y | 2™) = [p},, -+, pK]
of each modality based on the SoftMax output by the
proposed confidence regression network. Therefore, KL-
divergence loss (Kd-loss) calculated by the KL-divergence
between modalities can be expressed as follows:

1
Lkd = (Dir, (Pm1llpm2) + Prr (Pm2|lpm1)) s

Pm1 11)
DKL (pml ||pm2) = Pmi1 10g Z —
Pm2

where Dk (-||-) represents the KL-divergence and M de-
notes the number of modalities.

Using the above proposed loss function as an auxiliary
supervision, we obtain the total loss function to be mini-
mized:

L=Lcp+ aloons + BLka (12)
where a and 3 are hyperparameters, which adjust the
weights of Lcony and L, respectively.

3.4 Optimization based on Sample Uncertainty

Samples with higher training learning loss have greater
potential to negatively impact the robustness of the model
if they are introduced earlier in the training process. In
order to learn robust representations of multi-modal in-
puts, we adopt self-paced learning to gradually train the
above model based on the samples with low to high un-
certainty. Specifically, we introduce sample weight variables
v = [v1,...,v,]T based on the training loss as a measure of
sample uncertainty by minimizing the following function:

n

Z Uz£+f Uzu ))

i=1

min  F(w, v, \)
ve(0,1]n

(13)
where n denotes the training sample size, and y; is the
corresponding label in the training dataset, and f(v;, ) is the
self-paced regularization term. Here, we use P* to denote
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the training dataset selected in each sub-process. Then, we
can rewrite the above equation as follows:

E (w,v, A\, P*)
=2 (Uil + f (vi, N)
s.t. {(Il,y1)7~--,($k,yk)}ep*

min,, e [0,1]™

(14)

The self-paced regularization term f(v;,) in the above
equation favors selecting low uncertainty samples from the
training set, and k represents the number of samples in the
current iteration. We use a hard self-paced regularization
[38] in our method, denoted as follows:

f (’Ui, )\) = 7)\’[)1' (15)

Then, we can obtain the corresponding approximate

solution of the above objective:

1, ifL<A

V(A L) :{ 0, otherwise (16)

In the initial stage, we randomly select a small subset
of the training data to train the model. As the training
proceeds, more samples are added to the training process ac-
cording to their training loss until all samples are included,
which allows the model to learn a more robust multi-
modal feature representation. Algorithm 1 summarizes the
algorithm description of our proposed method.

Compared to the existing multi-modal methods in other
fields, our proposed method not only captures common
features from heterogeneous modalities but also explicitly
models the uncertainty in the dynamic emotion process.
Meanwhile, the proposed method takes into account the
decision divergence among different modalities, reducing
the negative impact of modality-level uncertainty on multi-
modal fusion. In the model optimization, by alleviating the
negative impact of hard learning emotion samples with high
uncertainty, our method ensures that the model is trained on
a manageable set of samples. This strategic adaptation re-
duces the risk of overfitting raised by challenging instances,
leading to a more reliable and generalizable emotion recog-
nition model. In summary, the above innovations of the
proposed method collectively contribute to the advance-
ment of multi-modal emotion recognition, offering a more
comprehensive and effective solution compared to existing
multi-modal methods in other fields.

4 EXPERIMENTS

4.1 Multi-Modal Emotion Databases

To evaluate our proposed method, we conduct experiments
on three multi-modal emotion datasets, including Database
for Emotion Analysis using Physiological signals (DEAP)
[3], multi-modal database for affect recognition and implicit
tagging (MAHNOB-HCI) [39], and multi-modal database
for implicit personality and affect recognition using com-
mercial physiological sensors (ASCERTAIN) [40]. Table
summarizes the details of the datasets used in the following
experiments.
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Algorithm 1 Training of the proposed dynamic confidence-
aware fusion network.
Input:
EEG modality samples z g, facial expression modality
Samples z;
Ground truth labels Y, number of epochs T;
hyperparameters A, o, 3, batch size B;
sample weight v = [v1, ..., v,]" ,v; € [0,1].
Output:
Model parameters w;
1: while epoch < T do
foriin zpg do
2P 2l = MC-LSTM (¥, zF)

7 7 K2

2

3: ,

4: QF = x;EWQJZ, QF =xifw§
5

6

7

KE =P WE K = atr W

VE = EWE VE = 2iFW

fE; = softmax (QfKiET/\/dl) VE

fr, = softmax (Q,LFKZ-FT/\/CZQ) VE,
where d; is the normalization parameter.

8: cgi,pei = ConfNet (fg,),
cri,pri = ConfNet (fr,)
9: fi=crifB, ®crifF,

where © denotes the concatenate opreation.
10:  end for
11:  ¢* < calculated by Eq. (7)
122 Leog (f,Y) + calculated by Eq. (9)
13 Leons (¢, ¢*) < calculated by Eq. (10)
14:  Lkp (pg,pr) < calculated by Eq. (11)
15 L= Lcg+ oLeons +BLKkp + calculated by Eq. (12)
16:  Update v by Eq. (16)
17:  Update X to a lager value
18: end while
19: return model parameters w;

TABLE 1
Summary of the datasets used in the experiments. Features/sample
indicates the extracted feature dimensions of a sample.

DEAP MAHNOB-HCI ~ ASCERTAIN
EEG facial EEG facial EEG facial
Features/sample 160 29 160 29 40 22
Trials 40 20 36
Duration of trial 60s 35-117s 51-127s
EEG channels 32 32 8
Sampling rate 512 256 32
Samples 720 480 900

4.2 Data Pre-processing

For DEAP dataset and MAHNOB-HCI dataset, all 18 and
24 subjects with both EEG signals and full facial videos are
adopted in the experiment, respectively. The same data pre-
processing strategy on these two datasets, among which
the last 30s of each trial of MAHNOB-HCI dataset is ex-
tracted for further feature extraction [40], [41], [42]]. The
32-channel EEG signal is downsampled to 128Hz. Power
spectral density (PSD) features are extracted from 3 seconds
non-overlapping windows through the Welch method in
EEG, and 5 frequency bands are adopted, i.e., theta (4-8 Hz),
slow alpha (8-10 Hz), alpha (8-12 Hz), beta (12-30 Hz), and
gamma (30+ Hz) [12]. Referring to [43], we utilize OPEN-
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FACE to extract 29 expression features from facial videos,
including 3 face positions relative to the camera, 3 head
positions (pitch, yaw, and roll), 6 eye gaze directions and 17
facial action units. Similar to EEG, the facial sequences are
divided according to the 3-second non-overlapping sliding
time window and the average value of each feature is taken.
For ASCERTAIN dataset, all 25 subjects with both EEG
signals and full facial videos are used in experiment. EEG
and facial features corresponding to each trial over the final
50 seconds from raw data is extracted. Each EEG electrode
signal is filtered with 1-16 bandpass filter. PSD features are
extracted from 5 seconds non-overlapping time windows
using the Welch method in EEG, and 5 frequency bands
are adopted, i.e., delta (1-4 Hz), theta (4-8 Hz), slow alpha
(8-10 Hz), alpha (8-12 Hz), and beta (12-16 Hz). The 22-
dimension facial features were averaged through 5 seconds
non-overlapping time windows.

4.3 Experimental Settings and Comparison Methods

1) Subject-independent Classification. In the exper-
iments, we use the leave-one-subject-out (LOSO) cross-
validation strategy to validate our method. Specifically, the
samples are divided into 18, 24 and 25 non-overlapping
parts based on subjects for DEAP, MAHNOB-HCI and AS-
CERTAIN, respectively. We select one subject’s sample as the
testing set and the remaining subjects’ samples are treated
as the training set for each cross-validation. This process
is repeated 18, 24 and 25 times, and finally the average
performance of the cross-validations are reported as the final
result.

2) Subject-dependent Classification. We also use
subject-dependent classification on each subject to vali-
date our method. Similarly, the samples of subjects are
divided into 18, 24 and 25 non-overlapping parts for DEAP,
MAHNOB-HCI and ASCERTAIN. Following several previ-
ous studies [12], [55], a data augmentation is adopted by
splitting each trial into smaller non-overlapping segments
for the training in the deep neural network. Then, for each
separate part, we use 10-fold cross-validation. Typically, we
divide the dataset into 10 subsets with the same size, one
subset is used as the testing set, and the other 9 subsets are
used as the training set. This process is repeated 10 times.
The average performance of the 10-fold cross-validation was
taken as the result on each subject, and finally the average
performance of 18, 24 and 25 subjects are taken as the final
result.

3) Implementation Details. We implement the proposed
method using Pytorch on a GeForce GTX 3080 GPU device
with 12GB memory. The Adam optimization algorithm is
used to optimize the objective function. The model is trained
for a total of 200 epochs in both subject-independent and
subject-dependent settings. In addition, the grid search is
adopted to select the hyperparameters, the parameter of the
loss function, o and [ are both searched from the set of
{0.1,0.2,0.3,...,1}. A and ~ are both searched from the set
of {1,1.05,1.1,...,1.5}. In the proposed model, ReLU is
used as the activation function. The hidden state size of MC-
LSTM module is set to 256. The size of linear transformation
layer in self-attention module is 128. The size of hidden layer
for the feed forward network is 512, while the output size is
set to 256.
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Emotion recognition performance is measured by Accu-
racy (ACC) and F1-Score. To further validate the effective-
ness of the method, we compare our method with several
popular methods from two aspects, i.e. multi-modal based
methods and uncertainty learning based method, includ-
ing multi-kernel Learning (MKL) [44], canonical correlation
analysis (CCA) [46], deep canonical correlation analysis
(DCCA) [47]], kernel canonical correlation analysis (KCCA)
[48], long short-term memory network (LSTM) [45], gated
multi-modal unit (GMU) [49], multi-modal residual LSTM
(MMResLSTM) [21]], emotion transformer fusion (ETF) [19],
multi-modal adaptive emotion transformer (MAET) [50],
VigilanceNet [51], Bayesian Neural Network (BNN) [28],
Monte-Carlo Dropout (MC-Dropout) [29], deep ensemble
(DE) [30], uncertainty-aware attention (UA) [52], evidential
deep learning (EDL) [53]], and trusted multi-view classifi-
cation (TMVC) [54]. Then, we briefly introduce the above
methods.

e MKL method. MKL projects each modality onto a
high-dimensional space by different kernel functions
and performs linear fusion, in which SVM is used for
the classification of the extracted features.

e CCA method. CCA is a multi-modal fusion method
that aims to find the maximum correlation between
multiple modalities by projecting them in to a com-
mon low-dimensional subspace.

e DCCA method. DCCA is able to solve the linearized
feature vectors of different modalities through a deep
network by calculating the maximum correlation be-
tween the vectors, and the extracted deep features
are fed into SVM for classification.

e KCCA method. KCCA maps the features of each
modality to a high dimensional space by kernel func-
tion, and maximizes the correlation between modali-
ties in fusion.

e LSTM method. LSTM is a temporal recurrent neural
network (RNN) designed to solve the problem of
long-term dependence in sequences. In our experi-
ment, we use two parallel LSTMs to extract features
of EEG and facial expression modalities, respectively,
and concatenate the features for classification.

e GMU method. GMU is intended to be used as an in-
ternal unit in a neural network architecture to find an
intermediate representation based on a combination
of data from different modalities.

e MMResLSTM method. MMResLSTM learns the cor-
relation between EEG and other physiological signals
by sharing the weights of each modal LSTM layer to
accomplish multi-modal emotion recognition.

o ETF method. ETF inputs data from different modal-
ities into the corresponding Transformer encoder,
and then fuses them into the joint representation
space through a fusion layer based on an attention
mechanism.

e MAET method. MAET is a flexible model that can
process both uni-modal and multi-modal inputs with
specialized modules, and it adopts adversarial train-
ing to alleviate subject discrepancy.

o VigilanceNet method. VigilanceNet introduces an
intra-modality representation learning method to
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TABLE 2
Classification Performance (Mean/Std) of our method and the comparison methods on DEAP dataset (%).

Method Independent (Valence) Independent (Arousal) Dependent (Valence) Dependent (Arousal)
ACC F1 ACC F1 ACC F1 ACC F1
MKL [44] 59.02/12.94 67.37/16.97 58.96/13.89 64.78/18.69 72.15/07.22 7296/07.83 73.95/05.29 74.38/11.07
LSTM [45] 59.72/12.38  63.22/1426 58.74/12.76 64.32/18.39 85.60/05.48 85.68/06.06 87.50/04.35 89.07/05.21
CCA [46] 60.21/10.58 64.34/13.39 59.52/11.30 65.48/19.26  83.94/06.34 85.20/05.47 84.77/05.76  83.24/05.59
DCCA [47] 61.04/11.73  65.46/12.29 59.58/11.89  65.78/16.98 84.85/07.25 83.96/05.11 85.52/07.35 85.41/05.98
KCCA [48] 59.52/09.69 66.34/12.56 58.85/10.56  65.45/17.90 84.21/04.72 85.25/05.70  84.44/05.28 85.72/06.11
GMU [49] 59.38/08.98 62.27/11.75 59.88/14.26 64.92/17.38 86.13/05.78 86.10/06.49 85.92/0455 86.09/07.31
MMResLSTM [21]  62.67/10.57 68.36/11.50 62.25/12.38 67.32/1592 86.39/06.23 85.29/05.15 86.28/04.90 87.21/06.10
ETF [19] 62.63/09.35 66.35/13.41 61.64/1029 66.63/16.97 86.76/05.10 88.34/05.34 85.34/06.22  86.03/06.72
MAET [50] 65.21/09.58 65.17/11.85 67.20/09.45 71.24/13.80 91.72/07.25 92.88/05.19 91.10/05.32  92.05/05.70
VigilanceNet [51]  63.98/1120 66.72/10.36  62.13/12.15 69.52/11.09 89.36/04.55 90.42/04.53 91.37/05.13 92.84/06.03
BNN [28] 59.58/10.82  63.40/12.59 58.28/10.55 67.85/16.82 86.20/05.43 86.31/05.68 85.76/04.72  87.56/06.19
MC-Dropout [29]  60.36/11.28  65.27/11.99 59.36/10.96 68.82/18.83 87.19/05.09 88.91/04.57 87.71/05.10 88.28/07.26
DE [30] 61.39/10.87 64.78/12.86 60.87/11.39 67.52/19.25 87.21/05.11 87.83/05.23 87.88/04.33 88.17/06.22
UA |52] 60.78/09.13  65.52/13.49 59.63/11.23 66.62/17.53 88.34/04.77 89.15/05.30 86.75/05.55 87.15/05.97
EDL [53] 58.29/09.96  63.97/12.73 60.48/10.88 65.25/17.95 86.73/05.22 85.96/05.11 87.35/05.12 87.78/08.25
TMVC [54] 59.17/09.88 68.21/13.75 58.19/10.29 67.71/18.32 86.57/06.70  85.45/07.42 89.37/04.25 90.69/05.19
Ours 72.22/06.68  71.81/08.08  70.69/08.94  76.83/10.31  95.25/03.84  94.50/03.97  94.89/03.07  95.55/03.30
TABLE 3
Classification Performance (Mean/Std) of our method and the comparison methods on MAHNOB-HCI dataset (%).
Method Independent (Valence) Independent (Arousal) Dependent (Valence) Dependent (Arousal)
ACC F1 ACC F1 ACC F1 ACC F1
MKEL [44] 67.49/10.63 61.54/18.75 62.25/15.70 56.27/22.82 85.29/06.14 80.19/08.48 86.58/06.85 77.54/12.00
LSTM [45] 70.58/12.74 56.22/18.94 68.33/20.62 57.65/26.73 92.10/03.35 90.48/04.32 88.10/11.90 86.90/12.37
CCA [46] 63.95/08.96 59.51/21.25 59.31/17.89 55.21/20.17 78.05/07.92 77.41/09.06 82.47/06.75 81.60/09.35
DCCA [47] 62.70/13.43  56.49/20.63 67.49/1343 59.97/16.60 85.82/07.10 82.52/09.32 87.95/09.23 85.83/11.10
KCCA [48] 62.21/1191 59.74/18.39  62.54/1425 57.66/18.75 80.05/09.28 77.00/10.49 81.83/08.22  81.71/12.59
GMU [49] 69.53/10.79  66.38/18.26  71.44/1195 64.75/17.38 87.32/03.20 87.63/07.44 90.24/08.11 88.71/11.19
MMResLSTM [21]  71.74/12.10 63.92/17.05 68.60/13.54 66.19/19.41 92.88/03.54 91.60/04.11 92.15/06.62 88.20/13.72
ETF [19] 7249/11.78 67.60/18.83 70.85/13.07 70.11/16.67 93.10/03.37 92.81/04.48 93.29/08.02 93.76/12.38
MAET [50] 71.09/12.45 62.17/18.43 71.96/11.32 68.04/16.62 93.71/02.59 91.42/05.95 92.18/07.40 90.88/12.59
VigilanceNet [51]  73.25/10.77 66.52/17.06 70.22/12.49 66.40/18.35 94.80/01.62 94.75/03.40 94.47/08.35 92.33/09.42
BNN [28] 66.04/14.66  62.28/15.02 69.79/13.14 64.88/20.20 93.52/02.91 92.87/03.16 91.79/06.16  92.12/05.56
MC-Dropout [29]  78.33/09.04 63.96/20.71 73.12/11.59 60.19/17.95 86.92/05.78 86.15/07.28 85.74/08.01  88.37/06.30
DE [30] 65.52/15.33  66.61/22.54 66.41/13.66 61.87/19.43 83.30/0449 80.04/09.97 82.61/11.45 86.44/12.83
UA [52] 67.12/13.28 63.25/21.69 66.09/13.15 61.26/17.07 84.70/05.61 82.39/09.62 84.02/10.59  87.57/09.67
EDL [53] 65.48/12.64 60.49/18.05 67.79/14.70 63.24/17.52 84.06/04.77 81.45/08.36 86.58/09.24  89.52/09.44
TMVC [54] 59.16/14.11 57.44/1251 61.66/20.19 57.14/22.67 90.89/06.92 87.11/11.34 88.08/07.46  88.64/10.07
Ours 79.37/09.00 74.98/16.30 75.62/10.14 71.53/16.55 97.24/01.79 95.80/02.90 95.22/07.72 93.23/10.32
TABLE 4

Classification Performance (Mean/Std) of our method and the comparison methods on ASCERTAIN dataset (%).

Method Independent (Valence) Independent (Arousal) Dependent (Valence) Dependent (Arousal)
ACC F1 ACC F1 CC F1 ACC F1

MKEL [44] 52.77/08.37 4559/1322  55.55/09.00 64.67/11.90 65.46/05.38 55.42/11.97 70.16/08.04 73.54/11.85
LSTM [45] 65.44/07.71 53.61/17.58  67.33/10.15  77.64/0891 87.00/03.50 84.09/05.77 88.73/04.83 90.33/04.93
CCA [46] 55.55/08.01 52.17/16.25  62.66/12.60  76.34/09.49 77.60/06.10 74.81/09.11 79.11/08.51 78.42/06.55
DCCA [47] 53.11/06.72  45.52/15.34  57.55/11.66  70.34/09.97 83.56/07.35 80.18/06.70  84.60/08.23  86.87/10.25
KCCA [48] 57.20/09.44 51.59/17.48  61.41/12.70 69.31/12.43 75.04/09.15 75.22/11.60 74.63/10.32 76.85/10.12
GMU [49] 63.54/08.17 54.06/15.72  68.12/09.75  74.39/12.40 84.10/08.95 84.73/10.12 82.99/07.64 83.10/09.14
MMResLSTM [21] 64.39/06.70 57.43/15.88  69.24/09.54  74.75/13.10 87.51/04.72 85.06/09.13  88.84/04.75 89.17/05.66
ETF [19] 66.21/05.10 57.05/16.67  67.74/09.39  77.61/10.05 87.92/07.73 85.90/10.75 89.05/05.57  90.19/05.48
MAET [50] 64.68/05.59 54.75/13.81  68.50/09.78  75.27/10.36  85.38/09.45 78.10/10.01 88.76/05.88  90.66/06.69
VigilanceNet [51]  66.57/05.23 56.94/13.44  67.28/10.35  76.92/09.33 86.92/08.14 82.01/09.95 85.21/07.53  88.72/06.40
BNN [28] 65.99/05.08 55.44/12.60 69.88/07.67  73.91/14.69 80.38/03.40 74.33/07.88 82.32/05.26  84.54/07.33
MC-Dropout [29]  66.88/05.19 57.00/09.34  70.33/09.61  77.71/08.60 78.25/08.19 74.90/10.37 81.22/07.71  82.04/09.73
DE [30] 60.47/06.28 55.36/1511  66.73/10.96  69.88/13.94 79.47/08.26 76.35/09.44 80.77/06.46  82.61/09.17
UA [52] 61.70/07.81 59.24/14.65  68.33/09.27  71.66/10.51 81.79/09.81 76.98/11.25 81.94/05.38 84.06/09.33
EDL [53] 56.83/11.25 50.51/17.52 63.95/10.84/ 75.20/12.07 83.63/07.96 80.71/09.84 85.42/05.69  86.41/07.85
TMVC [54] 60.00/07.34  48.22/14.56  64.22/08.83  69.58/16.44 81.96/04.23 77.42/07.29 83.58/03.65 85.98/05.89
Ours 67.77/04.81  61.04/12.91 71.44/09.05 77.82/08.53  89.06/07.39  87.11/08.24  90.25/04.20  91.84/04.37
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gain an effective representation of each modality and
uses a cross-attention based fusion strategy to cap-
ture the complementary information among multi-
modal data.

e BNN method. BNN is to incorporate uncertainty
into the model by treating the weights and biases as
random variables, which makes predictions are not
only based on the input data but also has relationship
with the uncertainty of the model.

e MC-Dropout method. MC-Dropout estimates
Bayesian uncertainty by using dropout before each
weight layer during test process and approximating
the predictions for several iterations.

e DE method. DE is a simple non-Bayesian model that
fuses different model predictions by training several
independently randomly initialized network models.

e UA method. UA generates attention weights that
follow a Gaussian distribution with learned means
and variances, capable of capturing heteroscedastic-
ity uncertainty and producing more accurate uncer-
tainty calibration.

e EDL method. EDL designs predictive distributions
for classification by using a Dirichlet distribution on
the class probabilities.

e TMVC method. TMVC is an uncertainty-based
multi-view network that integrates evidence from
different viewpoints, modeling the input as a Dirich-
let distribution in quantifying uncertainty.

TABLE 5
Classification Performance (Mean/Std) of our method with multiple
modalities and single modality, respectively, on DEAP dataset (%)

Valence Arousal

Setting Modality ACC T ACC 5l
Subject- ] EEG ] 63.61/09.35 61.23/13.87 62.25/11.47 69.28/16.72
independent facial expression 62.69/09.79 66.82/13.23 61.19/12.98 69.14/18.29
EEG-+facial expression 72.22/06.88 71.81/08.08 70.69/08.94 76.83/10.31
Subject- EEG 91.87/04.33 91.74/05.90 92.82/06.18 90.05/05.00
a dent facial expression 91.43/06.20 92.08/07.16 89.31/04.77 90.61/07.85
ependen

EEG-+facial expression 95.25/03.84 94.50/03.97 94.89/03.07 95.55/03.30

4.4 Performance on Emotion Recognition

The classification performance of our proposed method
and the comparison methods in both subject-independent
and subject-dependent experiment settings on DEAP,
MAHNOB-HCI, ASCERTAIN are illustrated in Table [2| Ta-
ble B| and Table [4 respectively. As can be seen from the
tables, our proposed method achieves the best performance
among all the methods in both subject-independent and
subject-dependent classification settings. The average accu-
racies of our method in subject-independent classification
for all datasets reach 72.22%, 79.37%, 67.77% and 70.69%,
75.62%, 71.44% respectively on valence and arousal, which
are obviously better than the comparison methods. Besides,
in subject-dependent classification, our proposed method
also outperforms other comparison methods with the accu-
racy of 95.25%, 97.24%, 89.06% and 94.89%, 95.22%, 91.84%
respectively on valence and arousal on the three datasets.
In addition, not only does our method achieve the highest
average accuracy, but it also achieves the highest average
Fl-score compared to other algorithms. This demonstrates

9
TABLE 6
Ablation study for Subject-Independent Classification Performance
(Mean/Std) of our method on DEAP dataset (%)
Valence Arousal

Method TUM2FA MUCF SUTO ACC T ACC T
Baseline 61.11/11.35 64.81/13.40 60.91/12.45 65.10/18.99
Oursl v 67.05/10.26 65.09/13.10 66.63/11.21 72.16/16.89
Ours2 v 65.83/08.96 64.80/12.64 66.05/10.70 72.05/16.42
Ours3 v 66.94/09.35 62,85/11.78 66.80/10.27 72.89/17.31
Ours4 v v 66.28/09.21 66.37/12.42 66.09/10.11 69.32/16.33
Ours5 v v 68.08/10.78 65.82/12.27 67.18/10.93 71.24/17.71
Ours6 v v 68.19/11.47 69.54/14.01 67.36/11.64 72.77/17.42
Ours v v v 72.22/06.68 71.81/08.08 70.69/08.94 76.83/10.31

the effectiveness of our approach in multi-modal emotion
recognition.

The main reason for the superiority of our method is
that, compared with other methods, our proposed method
not only captures the common features from heterogeneous
emotional modalities, but also considers the uncertainty in
the dynamic emotion process and the fusion recognition
model. Furthermore, SPL strategy adopted in our method
improves the robustness of the optimization of the predic-
tion model by alleviating the negative impact of hard learn-
ing emotion samples with high uncertainty. In comparison,
methods such as CCA and DCCA only consider the pairwise
similarity between samples and cannot extract the features
at the temporal level of sequential data. MMResLSTM, ETF,
MAET and VigilanceNet capture the temporal feature and
correlation between multi-modal data to make use of the
complementary information between multiple modalities,
but ignore the impact of uncertainty. Uncertainty-based
methods such as TMVC and EDL are unable to extract
temporal level features of sequential data and fail to ef-
fectively fuse different modalities. In contrast, our method
can comprehensively model uncertainty in multiple levels
to produce confidence fusion recognition.

We also conduct an experiment to validate the effective-
ness of extracting complementary information from multi-
modal data using our proposed method. Firstly, we per-
form emotion recognition using EEG and facial expressions
separately, and then fuse the two modalities to verify the
effectiveness of multi-modal fusion. The results are shown
in Table |5, where our method effectively fuse data from
different modalities to improve the performance of emo-
tion recognition in both subject-independent and subject-
dependent classification. This demonstrates that our pro-
posed method is able to extract complementary information
that helps capture robust emotion-related discriminative
features.

5 DISCUSSION
5.1 Ablation Study

The proposed method contains the following three mod-
ules, including temporal uncertainty based multi-modal
feature alignment (TUM2FA), modality uncertainty-based
confidence-aware fusion (MUCF) and sample uncertainty-
based training optimization (SUMO). To further verify the
effectiveness of each module of our proposed method, we
conduct several ablation experiments by removing the main
modules in the model. The experimental results are shown
in Table [6] where the classification performance greatly im-
proves with the help of the TUM2FA module, which aligns
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Fig. 6. Visualization the attention weights in facial expressions, EEG topographic at temporal level on DEAP dataset of all time windows.

multi-modal heterogeneous sequential data and mines un-
certainty at the temporal level. In addition, confidence-
aware multi-modal fusion by MUCF can alleviate the effect
of multi-modal decision divergence and improve the perfor-
mance of emotion recognition. Meanwhile, the introduction
of SUMO also achieves better results in both accuracy and
F1. Furthermore, the experimental results of using pairwise
combinations of modules in Table [f] show higher classifica-
tion performance than using a single module, which further
proves the effectiveness of each module in our proposed
method.

5.2 High-order
Analysis

Information Representation Ability

To verify the feature representation capability of our pro-
posed method, we visualize the learned features of different
methods with T-SNE, shown in Fig. [} We first downscale
the representation vectors learned by our method with T-
SNE and then project the two-dimensional vectors onto
a space for visualization as shown in Figﬁ (k), (). In addi-
tion, we also visualize the results of the original sample data

and the comparison methods on the Valence and Arousal
classification tasks, as shown in Fig 5| (a), (b) and Fig 5] (c)-
(h). Compared with the original sample data, although the
uncertainty-based deep learning methods, including TMVC
and BNN, aggregate intra-class samples to a certain extent,
they cannot learn the common features of different subject
samples. While MMResLSTM distances the inter-class sam-
ples to a certain extent, it cannot effectively aggregate intra-
class samples. In our method, the high-order relationship
between EEG and facial expression is extracted utilizing
cross-modal alignment of multi-channel LSTM and similar-
ity constraints across different modalities. The final high-
order emotion-related discriminative features are obtained
by confidence-aware fusion, and the separability of high-
order features is improved by using supervised information.
Compared with other methods, our proposed method has a
higher aggregation degree of samples from the same class
as well as a clearer boundary between samples of different
classes, which is also supported by the experimental results
of classification accuracy.
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Fig. 7. Several samples in DEAP dataset with inconsistent or consistent
prediction on different modalities. Through confidence-aware fusion, our
proposed method can well circumvent the false predictions caused by
deceptive facial expressions and emotional dispersion, so as to obtain
the final correct prediction.

5.3 Uncertainty Analysis
5.3.1

In our method, we use the self-attention mechanism to learn
the importance weights of sequential data on time segments
to quantify the uncertainty at the temporal level. We vi-
sualize the facial expressions, EEG topographic, and their
attention weights of the subject over several time windows,
as shown in Fig.[f] The distribution of self-attention weights
reflects the degree of the model’s attention to different time
windows in the sequence. A higher attention weight may
correspond to a lower uncertainty since the model is more
confident in its predictions based on the corresponding
time window. The attention weights for different modalities
vary significantly across specific windows, and our model
can prioritize windows of modalities with higher attention
weights. For example, as can be seen from the ninth window
on valence in Fig.[f] the facial expression is not easy to iden-
tify, leading to a lower attention weight assignment, while
the EEG modality receives higher attention. Furthermore,
by considering the EEG topographic map, those windows in
which the brain activation varies greatly, tend to have higher
attention weights. A larger discrepancy of brain activation
indicates a higher reliability and lower uncertainty. The
experimental results show that the effectiveness of self-
attention mechanism on capturing pivotal multi-modal tem-
poral segments, and can alleviate the problem of emotional
alienation of subjects during data collection.

Temporal level

5.3.2 Modality level

Due to the emotional divergence during continuous activa-
tion, there may exist highly redundant segments in EEG,
which negatively impact emotion recognition. Although fa-
cial expressions are more intuitive than EEG signals to show
an individual’s emotions, it can be deceptive in that they
do not fully accurately reflect the individual’s current emo-
tional state. To mitigate the negative effects of multi-modal
fusion due to uncertainty, we introduce TCP to quantify the
confidence of each modality, based on which the EEG signal
and facial expressions are fused in a more reliable way,
guiding the model to make more confidence prediction.
For the experimental results, four cases with inconsistent
predictions among different modalities are shown in Fig.

11

100

DEAP. MAHNOB-HCI

(a) (b)

ASCERTAIN DEAP. MAHNOB-HCI ASCERTAIN

Fig. 8. The classification accuracy comparison between the proposed
method and the model after removing SPL module in both subject-
independent and subject-dependent classification on all three datasets.
(a) Bar graph showing the classification performance in subject-
independent classification. (b) Bar graph showing the classification per-
formance in subject-dependent classification.

[l Specifically, for the first case shown in Fig. [7] (a), EEG
branch gives the negative prediction, which is consistent to
the ground truth, while facial branch produces the positive
prediction.

The condition mentioned above shows the divergence of
classification result from multiple modalities, which leads
negative effect on multi-modal fusion. To solve this problem,
our model dynamically assigns a higher confidence level to
the EEG branch features and a lower confidence level to
the facial expression branch, and the joint features obtained
from the confidence fusion help make the correct prediction,
which alleviates the effect caused by the deceptive facial
expressions. In contrast, for the case in Fig. |Z| (b), although
the EEG branch predicts incorrectly, it is assigned a low
confidence score in fusion stage, and the correct result is also
obtained after the confidence-aware fusion. In addition, as
can be seen from Fig. |Z| (c) and Fig. |Z| (d), when consistent
predictions are made by multiple branches, our proposed
confidence-aware fusion scheme successfully produces the
correct prediction, which also shows the robustness of the
proposed fusion strategy. Therefore, our method achieves
more trustworthy multi-modal fusion by effectively allevi-
ating the uncertainty brought by ambiguity predictions from
different modalities.

5.3.3 Sample level

To enhance the robustness of our model, we adopt SPL
strategy to constraint the training process by selecting sam-
ples from easy to hard. Different from randomly selecting
samples into training, SPL firstly trains the model with the
samples having lower uncertainty. As shown in Fig. |8} com-
pared with the model without SPL, our method achieves
a significant improvement in classification accuracy in both
subject-independent and subject-dependent classification on
all three datasets. Obviously, the experimental results shown
in Fig. |§] illustrate that the SPL strategy can enhance the
robustness of the proposed model in emotion recognition,
which demonstrates the effectiveness of SPL strategy.

6 CONCLUSION

In this paper, we systematically study the uncertainty in
multi-modal emotion fusion at different levels and pro-
pose an uncertainty confidence-aware multi-modal emotion
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recognition model that effectively alleviates the uncertainty
in fusion. First, we develop a multi-channel LSTM network
with shared weights for heterogeneous feature alignment
and simultaneously utilize a self-attention mechanism to
learn the uncertainty of different time windows of the emo-
tion process. Second, we propose a true class probability-
based confidence regression network to quantify modality
level uncertainty. Then, a confidence weighting fusion strat-
egy is introduced to achieve more interpretable and reliable
multi-modal emotion fusion recognition by alleviating the
negative prediction contribution of the time windows and
modalities with high uncertainty. Finally, a self-paced learn-
ing strategy is adopted to optimize the above emotion fusion
prediction model, which achieves sample-level uncertainty
reduction by training with easy to hard learning samples.
The experimental results on three multi-modal emotion
datasets show that our proposed method not only achieves
promising prediction results for multi-modal emotion com-
pared to state-of-the-art methods but also explicitly reveals
the variation of emotion with uncertainty estimation.
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