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Abstract Facial expression recognition (FER) is a crit-
ical component in many fields, such as human-computer
interaction and affective computing. However, existing FER
methods face several key challenges such as label ambiguity,
mixed emotional expressions, and class imbalance. To ad-
dress these issues, we propose a novel framework based on
Label Distribution Learning (LDL) that captures the complex
and compound nature of real-world emotions. Our approach
introduces MixFeature, a feature-level augmentation strategy
that synthesizes new samples with label distribution by mix-
ing single-label ones. Such process is guided by the Robert
Plutchik’s Emotion Wheel to ensure semantic consistency in
the generated label distribution. By modeling emotions as
label distribution, our method provides a more nuanced repre-
sentation of blended emotional states. Extensive experiments
on widely used datasets demonstrate that our framework sig-
nificantly outperforms existing single-label and LDL methods
in recognition accuracy and robustness, particularly in han-
dling ambiguous and mixed emotions and addressing class
imbalance.

Keywords facial expression recognition, label distribution
learning, feature mixing, data augmentation, affective com-
puting

1 Introduction
With the advancement of natural language processing (NLP)
technologies and the emergence of large language models, hu-
man interaction with intelligent systems has become increas-
ingly prevalent [1]. These innovations have enabled machines
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to perform tasks, such as voice search and automated ques-
tion answering, significantly improving the naturalness and
efficiency of human-computer interaction (HCI) [2]. Mean-
while, as users demand more intuitive and emotionally aware
interfaces, emotion recognition has emerged as a necessary
research direction across multiple domains, such as HCI and
affective computing [3, 4].

In particular, facial expression plays a pivotal role in con-
veying human emotions and social intentions. For example,
the earlier study by Mehrabian [5] highlighted that facial cues
often surpass verbal ones in communicating affective states.
Facial expression can reveal not only transient emotions but
also subtle psychological shifts [4]. As a result, it helps inter-
pret one’s emotions, which is essential for building responsive
intelligent systems [6, 7].

Recently, with the advent of deep learning, particularly
convolutional neural networks (CNNs), has improved the per-
formance of facial expression recognition (FER) systems with
end-to-end learning from facial images [4, 8, 9]. This line of
work outperforms traditional approaches that relied on manual
feature extraction. However, existing CNN-based FER frame-
works roughly treat FER as a single-label learning problem,
which fails to model blended emotional states [10, 11]. For
example, a facial image with anger emotion generally blends
other emotions, such as disgust and sadness [4]. Moreover,
conventional data augmentation strategies, such as random
flipping and cropping, fail to capture the complexity of real-
world emotions, and thereby, suffer from noise [12, 13].
Popular datasets, such as AVEC 2013 [14], AVEC 2014 [15],
and AffectNet [16], often suffer from low-resolution images
and inaccurate labels, which could damage model general-
ization [17]. Although recent developments in lightweight
architectures and attention mechanisms have improved the
performance to some extent, they still struggle to handle
blended emotions [4].

To address the above issues, we introduce label distribu-
tion learning (LDL) [18] into FER. LDL is a novel learning
paradigm that assigns each instance with label distribution.

Ju
st

 A
cc

ep
te

d



2 J. Zhou, J. Liu, J. Wang

In particular, label distribution is a multi-variate vector, each
element of which describes the relevance of the corresponding
label [18, 19]. We model blended emotions as label distri-
bution over all emotions rather than a single deterministic
one. That enables a more nuanced representation of emotion
states, capturing subtle and blended expressions, which could
address the ambiguity in compound emotions.

In this paper, we propose a novel feature-level mixing strat-
egy, called MixFeature, which linearly combines single-label
samples to synthesize new samples with (emotion) label dis-
tribution. MixFeature enhances the diversity of training data
and improves robustness to class imbalance and annotation
uncertainty. Moreover, we incorporate the Plutchik Emotion
Wheel [20] to guide the synthetic process, which helps ensure
the semantic consistency of the synthesized samples with
label distribution. Then, we train a deep network to learn
the original single-label samples, as well as the synthesized
ones with label distribution. We conduct experiments on
several widely used FER datasets, and the experimental re-
sults demonstrates the superior performance of our method
across both constrained and real-world datasets, particularly
in recognizing compound emotions.

Our contributions can be summarized as follows:
(1) We propose a novel feature-level augmentation method,

called MixFeature, which can synthesize new samples
with label distribution by mixing single-label samples.

(2) We introduce the Robert Plutchik’s Emotion Wheel to
guide the semantic consistency of the generated label
distribution.

(3) We conduct extensive experiments on widely used
datasets and justify the advantages of MixFeature for
recognizing compound emotions.

We organize the rest of the paper as follows. First, Section 2
reviews the related works. Second, Section 3 presents the
method. Third, Section 4 reports the experiments. Finally,
Section 5 concludes this paper.

2 Related work
This paper is related to two lines of works, i.e., facial expres-
sion recognition and label distribution, as discussed below.

2.1 Facial expression recognition

Emotion recognition, particularly FER, is a pivotal topic in the
field of affective computing [4]. Early approaches primarily
relied on hand-crafted features such as edge detectors and tex-
ture descriptors, combined with machine learning algorithms,
such as linear discriminant analysis [21], and Support Vec-
tor Machines (SVM) [22]. These works achieved reasonable

performance under controlled conditions but demonstrated
limited robustness when applied to real-world scenarios [23].

The advent of deep learning has significantly improved
FER. Convolutional neural networks (CNN) enable end-to-
end learning by automatically extracting hierarchical feature
representations from large-scale datasets, thus eliminating
the need for hand-crafted features [24]. Advanced deep learn-
ing methods further considered background [25], illumina-
tion [26], and head pose [27] for FER, which could improve
the model robustness in real-world scenarios [28]. Moreover,
given the scarcity of labeled data, researchers have adopted
data augmentation for FER [29], such as Mixup [30], Cut-
Mix [31], which could increase sample diversity and improve
the model performance.

However, the above works roughly treated FER as a single-
label learning problem, that is, each instance is associated
with one emotion, which fail to model complex and blended
emotions. In contrast, our work introduces LDL to solve
this issue. Moreover, although existing data augmentation
methods, such as Mixup and CutMix, can increase the di-
versity of training data, they can not solve the ambiguity in
FER, for example, compound emotions. In comparison with
these works, MixFeature is novel augmentation method to
synthesize label-distribution samples, which not only enhance
the diversity of training data but also address the ambiguity
in FER.

2.2 Label distribution learning for FER

Recently, LDL has emerged as an effective learning paradigm
to address label ambiguity [32]. Unlike conventional single-
label or multi-label learning, LDL assigns each instance with
label distribution over all possible labels categories [18]. Each
element of label distribution reflects the degree to which the
corresponding label describes one instance [18, 19]. Formally,
the label distribution for an instance x is expressed as a vector:

d = [dc1x , dc2x , . . . , dcmx ],

where d
cj
x denotes the relevance of ci to x and satisfies

d
cj
x ∈ [0, 1] and

∑
j d

cj
x = 1.

LDL captures the nuanced representation of labeling infor-
mation. For FER, label distribution could represent blended
emotions by explicitly defining the description degrees of
all emotions [33]. As a result, researchers have adopted
LDL to solve compound FER problem [34]. For example,
Zhou et al. [33] adopted label distribution to model the com-
pound emotions and proposed emotion distribution learning.
Similarly, Le et al. [35] used neighborhood information to
adaptively construct emotion distribution, which solves the
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ambiguity in FER. Li and Deng [36] applied crownsourcing
to annotate each facial image with an emotion distribution.
Then, they regarded FER as an LDL problem. Compared with
single-label methods, LDL could significantly improve FER
performance [34].

However, these works assumed that facial images are
annotated with label distribution [33, 35, 37] or applied costly
crowdsourcing to obtain label distribution. In comparison
with them, our proposal applies emotion wheel to guide
generating label distribution, which is more effective.

3 The MixFeature method
As illustrated in Fig. 1, the proposed MixFeature method
introduces two modules implemented through a dual-path
architecture. The first module generates hybrid emotion dis-
tributions guided by emotion wheel. The second module
employs adaptive LDL to jointly optimize mixed feature em-
bedding and the corresponding label representations, enabling
dynamic preservation of compound emotional patterns during
training. By integrating feature learning and emotion wheel-
guided label distribution generation, the framework could
effectively capture nuanced emotional states in real-world sce-
narios, where multiple emotion cues coexist. This synergistic
approach addresses the limitations of conventional single-
label emotion recognition through a unified optimization of
complementary feature and label distribution learning.

3.1 Label distribution samples synthesis

MixFeature can synthesize realistic label distributions from
single-label facial expression datasets. The objective is to
leverage label distribution to enhance the generalization of
the model for recognizing complex and blended emotions in
real-world scenarios.

Let S = {(x1,y1), (x2,y2), · · · , (xn,yn)} stand for a
training set, where xi denotes the ith facial image and yi

its one-hot label vector. We first extract the semantic feature
vector vi for xi using a CNN. The extracted semantic vectors
represent the high-level emotional features embedded in facial
expressions.

Conventional approaches generally treat emotion recog-
nition as a single-label classification problem. These meth-
ods directly map features to discrete labels via a fully con-
nected layer followed by a softmax function. Instead, the
proposed MixFeature approach aims to synthesize new
feature-distribution pairs that attain (emotion) label distri-
butions. Specifically, we first randomly selected K samples
and then linearly combine their corresponding feature vectors
(v1,v2, . . . ,vK) using weights (a1, a2, . . . , aK) that satisfy

∑
ai = 1. The synthesized vector is as

v =

K∑
i=1

aivi. (1)

Likewise, the corresponding label distribution d is generated
by applying the same weights to the original one-hot labels,
which is denoted by

d =

K∑
i=1

aiyi. (2)

For example, we could use uniform weights, i.e., αi = 1/K.
However, uniform weights failed to consider the semantic of
expressions. In the next subsection, we will apply emotion
wheel to guide such process that considers the semantic of
expressions.

MixFeature enables the transformation of single-label
samples into new ones with label distributions. Thus, it could
provide richer information for learning emotion representa-
tions.

3.2 Emotion-wheel guided synthesis

To ensure the semantic consistency of the synthesized label
distributions, MixFeature incorporates the emotion distance
metrics as defined in the Plutchik’s emotion wheel model [38].
This model defines eight primary emotions, including joy,
anger, surprise, fear, disgust, sadness, neutral, and blended
states. It arranges these emotions in a circular structure that
reflects their emotional proximity.

Fig. 2 visualizes the emotion wheel and the relative posi-
tions of eight basic emotions. To better align with existing
facial expression datasets, this paper has added the neutral
emotion on the basis of the fundamental emotions in the
wheel. The distance between adjacent expressions equals one
unit, while the distance between the neutral emotion and each
of the basic emotions is three units. The closer two emotions
are in distance, the more likely they are to blended. For in-
stance, the likelihood of mixing anger and sadness is much
greater than that of anger and happiness, as these adjacent
emotions are spatially closer in the wheel.

As in Eq. (2), we linearly synthesizeK single-label samples
into label-distribution samples. First, we randomly select one
emotion from that of these K single-label samples. We treat
this emotion as the primary emotion and employ the emotion
wheel to guide the synthesis process. In details, for the
ith sample (xi, yi), it contributes to the primary emotion
according to the its emotional distance from the primary one
in the wheel. The closer the distance, the greater the weight
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Fig. 1 The framework of the proposed method. First, we generate feature vectors from facial expression images through ResNet-18. Then,
we synthesize blended samples (i.e., a feature vector and its corresponding label distribution ) guided by the emoton wheel. Finally, we
train a hybrid neural network with cross-entropy loss and Kullback-Leibler divergence to learn the original samples and synthesized ones,
respectively.

Fig. 2 An illustration of the Plutchik emotion wheel that defines
the relative distances between primary emotions [20]. We have added
a new emotion, ie., neutrality, to the emotion wheel. The distance
between two adjacent expressions equals one unit, while the distance
between the neutral emotion and each basic emotions is three units.

is. We define the emotional weight for the i-th sample by:

ai =
exp(−di,primary)∑K
j=1 exp(−dj,primary)

, (3)

where di,primary denotes the distance between the emotion
label of xi and the primary emotion on the wheel. That is, the
samples having adjacent emotions with the primary one are
assigned with larger weights. That favors emotionally similar
samples in the mixing process, ensuring that the synthesized
label distributions remain semantic consistence. Algorithm 1

summarizes the emotion-wheel guided synthesis.

Algorithm 1 Emotion-wheel-guided synthesis
Parameter: K
Input: K random samples
{(v1,y1), (v2,y2), · · · , (vK ,yK)}

Output: one synthesized sample (v,d)

1: Randomly select one primary emotion from K samples;
2: Calculate weights a1, a2, · · · , aK according to Eq. (3)
3: Synthesize v and d by v =

∑
i aivi and d =

∑
i aiyi

4: return (v,d)

3.3 Training with label distribution

The proposed framework integrates MixFeature and an LDL
pipeline to train deep models, which is capable of recognizing
ambiguous and mixed emotional expressions. The network
consists of a backbone for feature extraction and an LDL
module to learn both original and synthesized samples.

For a mini-batch s = {(x1,y1), . . . , (xp,yp)} of size p,
the CNN backbone extracts feature vectors (v1, . . . ,vp).
MixFeature then generates additional synthesized features
and the corresponding label distribution. We randomly select
K single-label samples without replacement to synthesize
one label-distribution sample. As a result, there are p/K

synthesized samples in one mini-batch. The original samples
are concatenated with the synthesized ones, that is, both the
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original and mixed samples are used for training.The fused
samples are as

sfusion = {(v1, y1), . . . , (vp, yp),

(vp+1,dp+1), . . . , (vp+m,dp+m)},
(4)

where dp+l is the label distribution for vp+l, and m = p/K is
the number of synthesized samples with label distribution.

Let C = {c1, c2, · · · , cm} denote m emotion labels.
We apply softmax function and define the outputs as
{q1, q2, · · · , qm}. We apply two loss functions:

• Cross-entropy loss to learn original single-label sam-
ples:

LCE = −1

p

∑
i,j

I(yi,j = cj) log q
(i)
j , (5)

where yi,j is the jth element of yi, q
(i)
j is the jth output

for vi.
• Kullback-Leibler (KL) divergence loss to learn the

synthesized samples with label distribution:

LKL = − 1

m

∑
i,j

d
cj
p+i log

d
cj
p+i

q
(p+i)
j

, (6)

where dcjp+i is the label description degree of cj to vp+i,
To adaptively weight the contribution of synthesized sam-

ples, we introduce a factor β based on the entropy of label
distribution:

β = −
∑
i,j

d
cj
p+i log d

cj
p+i (7)

The final loss function is defined as a weighted combination
of cross-entropy and KL divergence losses:

L = λLCE + (1− λ)βLKL (8)

This learning paradigm enables the model to capture subtle
and overlapping emotional cues, thus improving the recogni-
tion of complex facial expressions in real-world environments.

4 Experiments
In this section, we conduct experiments to validate the perfor-
mance of MixFeature. We will elaborate on the experimental
settings, result analysis, ablation studies, and parameter sen-
sitivity evaluations

4.1 Methodology

4.1.1 Data sets

We use three widely recognized facial expression datasets,
each of which is characterized by distinct features and anno-
tation protocols:

• JAFFE Dataset: The JAFFE dataset consists of 213
grayscale images of facial expressions, collected from

Fig. 3 Example images from JAFFE, FER+, CK+ datasets.

10 Japanese female subjects. Each subject displays seven
expressions: six basic emotions (happiness, sadness,
surprise, fear, anger, disgust) and a neutral expression.
All images are standardized to 256×256 pixels, with
intensities rated on a scale of 1 to 5 [39].

• CK+ Dataset: CK+ contains 593 video sequences from
123 individuals aged 18–50 [40]. From these sequences,
981 peak expression frames are extracted and annotated
with seven emotions: anger, contempt, disgust, fear,
happiness, sadness, and surprise.

• FER+ Dataset: An enhanced version of FER 2013 [27],
comprising 28,709 training, 3,589 validation, and 3,589
test images, all resized to 48×48 pixels and relabeled into
eight emotions: happiness, sadness, surprise, fear, anger,
disgust, contempt, and neutral [17]. For extended analy-
sis, we further create FER+ argument, an augmented
variant incorporating rule-based facial action unit an-
notations generated through OpenFace 2.0 toolkit [41],
which provides pseudo-annotations for compound facial
movements to facilitate learning of blended emotional
expressions.

Figure 3 illustrates three sample images from the three
datasets, showcasing differences in resolution, annotation, and
expression diversity. Table 1 summarizes the distribution of
emotion categories. CK+ and FER+ are dominated by positive
emotions (e.g., joy, surprise), whereas negative emotions
(e.g., sadness, anger) are underrepresented. Our MixFeature
method synthesizes additional samples for minority classes
and assigns probability-based label distributions, enabling the
network to learn balanced representations across all emotions.
4.1.2 Implementation details
All experiments were conducted using the PyTorch deep
learning framework, with training performed from scratch.
We run all experiments on an NVIDIA RTX 4090 GPU.

A standardized preprocessing pipeline was used across the
datasets. JAFFE and CK+ images were resized to 256×256
pixels, while FER+ images retained their native resolution of
48×48 pixels. Image normalization was applied to map pixel
intensities to [0, 1]. Data augmentation techniques, including
horizontal flipping and random cropping, were applied to the
JAFFE and CK+ datasets, while FER+ underwent additional
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Table 1 Class distribution of emotions in the JAFFE, CK+, and
FER+ datasets. JAFFE does not contain contempt emotion whose
distribution is denoted by “-”.

Emotion JAFFE CK+ FER+

Happiness (HAP) 14.5% 25.1% 29.10%
Surprise (SUR) 14.1% 30.2% 12.54%
Sadness (SAD) 14.5% 10.2% 12.06%
Neutral (NEU) 14.1% 14.9% 34.85%
Fear (FEA) 15.0% 9.1% 2.14%
Disgust (DIS) 13.6% 21.5% 0.46%
Anger (ANG) 14.1% 16.4% 8.38%
Contempt (CON) - 6.6% 0.48%

transformations, such as random rotations and brightness
adjustments.

The network architectures were chosen based on the com-
plexity of the datasets. For JAFFE, a compact three-layer
CNN was used to prevent overfitting. Besides, for CK+ and
FER+, we employed ResNet-18 [42] as the backbone.

Training was performed using Stochastic Gradient Descent
(SGD) with a momentum of 0.9 and weight decay of 5×10−4.
Learning rate schedules were customized per dataset:

• JAFFE: we use an initial learning rate of 0.001 for 100
epochs;

• CK+: we start with 0.01, decaying by 0.9 every two
epochs after epoch 10, for 30 epochs;

• FER+: we use an initial learning rate of 0.01, decaying
by 0.9 every five epochs after epoch 50, for 200 epochs.

4.1.3 Evaluation metrics

To assess the performance of MixFeature, several evaluation
metrics are employed. We apply classification accuracy to
indicate the proportion of correctly classified samples. Since
JAFFE and CK+ do not provide predefined test splits, 10-fold
cross-validation was adopted for a more robust evaluation.
However, classification accuracy may not fully capture model
performance, especially for imbalanced datasets. Thus, we
also report the confusion matrix with average per-class accu-
racy, offering a more balanced assessment. Additionally, we
also evaluate the Kullback-Leibler (KL) divergence, which is
widely used in LDL. For two label distribution p and q, the
KL divergence equals

KL(p, q) = −
∑
j

pi log
pi
qi

(9)

where pi and qi are the ith elements of p and q, respectively.
Lower KL divergence values indicate improved probabilistic
modeling of expression variations.

Table 2 The comparison of accuracy (%) between the single-label
baseline and MixFeature.

Dataset Baseline MixFeature Acc. Gain

JAFFE 82.22 88.89 +6.63
CK+ 90.79 94.06 +3.27
FER+ 82.26 82.51 +0.22

4.2 FER accuracy

To validate the effectiveness of MixFeature in addressing
class imbalance and expression ambiguity, we conducted
systematic evaluations across the three datasets.

First, we design a single-label learning baseline model for
comparison. For the JAFFE dataset, the baseline network
adopts a simple three-layer convolutional neural network,
while in the CK+ and FER+ datasets, the baseline network
is based on ResNet-18. The baseline simply treats FER as
a single-label learning problem and learns the single-label.
Table 2 shows the comparison results between MixFeature
and the baseline. From Table 2, MixFeature improves ac-
curacy from 82.22% to 88.89% on JAFFE , from 90.79%
to 94.06% on CK+, and from 82.26% to 82.51% on FER+.
The consistent improvement across datasets demonstrates
the effectiveness of the proposed feature-level augmentation
strategy.

Next, we plot the confusion matrix of MixFeature on the
JAFFE, CK+, FER+, and FER+ argument datasets in Fig. 4.
Generally, the networks trained on imbalanced datasets tend
to perform better on positive emotions, such as joy and
surprise, with much higher accuracy compared to negative
emotions like sadness and disgust. However, after incorpo-
rating MixFeature, the recognition accuracy for negative
emotions, such as sadness, anger, and contempt, shows a
significant improvement. MixFeature not only augments the
dataset by mixing images but also effectively enhances the
underrepresented negative emotion samples. As a result, the
network is trained with a larger and more balanced data, par-
ticularly for the negative emotions. Additionally, MixFeature
generates mixed images with label distributions. Even though
the primary emotion of a mixed image might be a positive one,
such as joy and happiness, the network also learns from the
mixed distribution, which includes a small portion of negative
emotions. The network focuses on the label distribution, even
when the mixed image predominantly contains positive emo-
tions, which helps improve its ability to recognize negative
emotions that are typically underrepresented in the data sets.
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(a) (b)

(c) (d)

Fig. 4 The confusion matrices of MixFeature on (a) JAFFE, (b) CK+, (c) FER+, and (d) FER+ argument.

4.3 Comparison with LDL methods on JAFFE

Notice that we can treat the mean ratings of JAFFE and
FER+ argument as label distribution, as conducted by
Geng [18]. As a result, we also conduct comparison with
LDL methods on JAFFE and FER+ argument. We compare
MixFeature with four LDL methods, including AA-kNN,
SA-BFGS [18], EDL [33], and LDL-LDML [43]. AA-kNN
and SA-BFGS are two representative methods that apply the
kNN and maximum entropy model to learn label distribu-
tion [18]. EDL is the first LDL method for FER that designs
a weighted Jeffery’s divergence to learn emotion distribu-
tion. LDL-LDML is a specially designed LDL method for
classification. Moreover, we also compare MixFeature with
a label enhancement method GLLE which recovers label
distribution from logical labels [44]. For GLLE, we first run
it on JAFFE and FER+ argument to enhance single-label into
label distribution, and then SA-BFGS on the enhanced label
distribution. For these five LDL methods, we treat the highest

emotion in the predicted label distribution as the prediction.
Table 3 tabulates the comparison results of MixFeature

against LDL methods. MixFeature significantly outperforms
AA-kNN, SA-BFGS, EDL, and GLLE that learn the label
distribution. In comparison, MixFeature jointly learns single-
label and (synthesized) label-distribution samples, which
bring better FER accuracy. Although LDL-LDML improves
the classification accuracy of these four LDL methods, it still
has inferior performance compared with MixFeature. The
reason may lie in that MixFeature augments the training
samples with better performance.

4.4 An example of compound emotions

Fig. 5 illustrates an example image with compound emotions
from the JAFFE dataset. The expression depicted in the image
primarily conveys a sense of surprise, while also exhibiting
a noticeable component of happiness, as indicated in the
ground-truth label distribution. We also draw the ground-
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8 J. Zhou, J. Liu, J. Wang

Table 3 Comparison results against LDL methods on JAFFE. The
best results are highlighted in boldface.

Method
Accuracy (%)

JAFFE FER+ argument

AA-kNN 79.32 78.33
SA-BFGS 80.81 79.91
EDL 80.88 81.05
GLLE 79.37 79.25
LDL-LDML 82.31 82.39
MixFeature 88.89 87.75
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Fig. 5 Example of a compound emotion with ground-truth label
distribution and the prediction results.

truth and predicted label distribution by MixFeature, as well
as the prediction by the baseline.

From Fig. 5, for the baseline network, it classifies this
image as “surprise”, which is technically correct from the
perspective of traditional single-label tasks. However, it is
worth noting that the predicted probability for “surprise”
from the baseline model reaches an overwhelming 96%,
without reflecting the presence of the secondary emotion.
In contrast, the network trained with MixFeature and LDL
demonstrates a more nuanced understanding of the compound
expressions. Due to exposure to a diverse range of mixed-
emotion samples during training, the model not only identifies
the dominant emotion but also captures the presence of
secondary emotions, such as happiness in this case. The result
exemplifies the core motivation behind LDL. It models and
learns the importance degrees of all relevant emotional cues
rather than focusing solely on the dominant label. By doing
so, the network achieves a more human-like perception of
complex and blended emotional expressions.

4.5 Training dynamics

To validate the effectiveness of MixFeature, we analyze the
convergence patterns and loss dynamics during the training
process. Fig. 6 presents the training process of networks on
the FER+ dataset, including the cross-entropy loss and KL
divergence. Specifically, Fig. 6(a) illustrates the performance
of the baseline network, while Fig. 6(b) shows that of the
network trained using MixFeature.

As shown in Fig. 6, with the increase in training epochs,

Table 4 Ablation and comparison results on different datasets.
The best results are highlighted in boldface.

Method
Accuracy (%)

JAFFE CK+ FER+ FER+ argument

MixFeature 88.89 94.06 82.51 87.75

Mixup 84.44 70.89 80.60 87.21
CutMix 84.44 88.91 75.09 87.50
AugMix 86.67 90.10 80.07 87.12
GridMask 82.22 86.93 78.00 85.05
SaliencyMix 86.67 68.61 75.84 87.24
StyleMix 84.44 73.56 59.64 87.43
TokenMix 84.44 81.58 59.32 84.96

the cross-entropy loss on the FER+ validation set decreases
rapidly. This is because both the baseline network and the
network employing MixFeature are optimized using cross-
entropy loss as the primary objective. Consequently, a rapid
decrease in cross-entropy loss results in a substantial reduction
in the overall training loss. However, the KL divergence of the
baseline network increases sharply as the cross-entropy loss
decreases. In contrast, the network trained with MixFeature
exhibits only a slight increase in KL divergence, followed by
a dynamic stabilization. This can be attributed to the design
of the loss functions. The baseline model relies solely on
cross-entropy loss, which pushes the predicted probability for
the correct class toward one. As a result, the model becomes
increasingly confident in a single label, causing a rise in KL
divergence when compared to the actual label distribution. On
the other hand, the MixFeature-based network incorporates
KL divergence into the overall loss function through the use
of mixed images and their corresponding label distributions.

4.6 Usefulness of MixFeature

To further validate the effectiveness of MixFeature, we
compare it with eight representative data augmentation tech-
niques, including Mixup [30], CutMix [31], AugMix [45],
GridMask [46], SaliencyMix [47], StyleMix [48], and Token-
Mix [49]. These methods were evaluated on JAFFE, CK+, and
FER+ and FER+ argument. The accuracy are summarized in
Table 4.

As shown in Table 4, MixFeature consistently outperforms
all augmentation strategies across all data sets. In particu-
lary, in the JAFFE dataset, MixFeature achieves an accuracy
of 88.89%, matching the best performance of Mixup and
CutMix, demonstrating its effectiveness in small-scale static
facial expression datasets. In the more complex CK+ dataset,
MixFeature achieves the highest accuracy of 94.06%, sur-
passing Mixup by 23.17% and TokenMix by 12.48%, which
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(a) (b)

Fig. 6 Training loss of (a) baseline and (b) MixFeature on FER+ dataset.

Table 5 The results of the paired t-test (p-values) between MixFea-
ture and other methods on the JAFFE dataset.

Method p-value

Mixup 0.0023
CutMix 0.0019
AugMix 0.0031
GridMask 0.0027
SaliencyMix 0.0016
StyleMix 0.0018
TokenMix 0.0015

highlights the superior generalization capability of MixFea-
ture in dealing with diverse expression variations. For the
FER+ dataset, which involves label distributions with higher
ambiguity, MixFeature achieves 82. 51% precision, out-
performing AugMix (80. 07%) and CutMix (75.09%), and
improving over TokenMix by 23.19%. This demonstrates its
robustness in capturing label uncertainty by utilizing a feature-
level weighted fusion guided by emotion wheel semantics.
Finally, on the FER+ argument benchmark, MixFeature
maintains its advantage, achieving 87.75% accuracy, which
is 2.79% higher than TokenMix (84.96%). This results justify
its advantages and robustness when applied to more diverse
and complex real-world scenarios.

To verify the statistical significance of the improvements,
we conduct paired t-tests between MixFeature and the eight
comparison methods on the JAFFE dataset. The resulting
p-values are reported in Table 5. From Table 5, all p-values
are below the 0.05 threshold, demonstrating that the im-
provements of MixFeature over other methods are statistically
significant at the level of 0.05. This confirms the superiority
and robustness of MixFeature.

In summary, MixFeature consistently outperforms tradi-
tional augmentation methods and demonstrates strong appli-
cability to complex FER systems.

2 3 4 5 6
Number of mixed samples (K)

82

84

86

88

90

92

94

Ac
cu

ra
cy

(%
)

JAFFE
CK+
FER+

Fig. 7 Sensitivity of MixFeature performance to the number of
mixed samples K on the JAFFE, CK+, and FER+ datasets.

4.7 Parameter sensitivity

To further investigate the robustness of MixFeature, we
conducted a parameter sensitivity analysis with respect to K,
i.e., the number of samples mixed for each mini-batch.

In our experiments, we vary K from 2 to 6 and evaluate the
corresponding average classification accuracy on the JAFFE,
CK+, and FER+ datasets. The results are plotted in Fig. 7,
where each curve indicates the accuracy trend on one dataset
with varying K. From Figure 7, we observe that:

• JAFFE: Accuracy peaks atK = 3 (88.89%) and remains
above 84% for all values.

• CK+: Accuracy increases with K, reaching a maximum
of 94.06% at K = 5.

• FER+: The optimal accuracy occurs at K = 3 (82.6%),
with a slight decline for larger values.

Overall, the performance of MixFeature remains consis-
tently high across a wide range of K values. In particular,
accuracy is well-maintained for 3 ⩽ K ⩽ 5, with the best
results observed around K = 4. This demonstrates that our
method is not overly sensitive to the exact choice of K. More-
over, the stability under varying K confirms the robustness of
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MixFeature. In contrast to traditional augmentation methods
(e.g., Mixup, CutMix, TokenMix) whose performance often
fluctuates with different settings, our method delivers reliable
and superior results across all datasets.

To summarize, MixFeature demonstrates robustness and
reliability in FER. Its stable performance across various
datasets and hyperparameter settings highlights its practical
advantages.

5 Conclusion
This study introduces a novel framework for facial expression
recognition that integrates a feature-level augmentation strat-
egy, called MixFeature, with LDL. By synthesizing mixed
emotional features and their corresponding label distributions,
our approach effectively addresses the inherent ambiguity
of facial expressions and mitigates the limitations of single-
label annotations. The emotion mixing process is guided by
Robert Plutchik’s ”Wheel of Emotions” model [38], ensur-
ing semantic coherence and avoiding unrealistic emotional
combinations. Furthermore, the network is trained through
a joint loss function combining weighted cross-entropy and
KL divergence, which enhances both classification accuracy
and LDL performance. Extensive experiments on widely
used benchmarks demonstrate that MixFeature consistently
outperforms existing data augmentation techniques. The re-
sults show significant improvements not only in recognition
accuracy but also in the alignment between predicted and
ground-truth label distributions, validating its ability to model
complex and nuanced emotional expressions.

While the current framework achieves competitive per-
formance, several promising directions deserve further in-
vestigation. First, advanced backbone architectures, such as
Vision Transformers, could be integrated to enhance the ex-
pressive power and scalability of the model. Second, we may
apply self-supervised learning techniques to improve feature
extraction robustness, particularly for limited data. Third,
adaptive emotion representations could be explored, where
label distributions are dynamically learned rather than relying
on predefined structures.

To better capture human emotions, our future works will
investigate multi-modal approaches that combine facial ex-
pressions with other modalities [50], such as speech or phys-
iological data. Besides, given the increasing importance of
ethical AI, further studies will address potential biases in
facial expression datasets and develop fairness-aware mitiga-
tion strategies to ensure equitable performance across diverse
demographic groups.
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