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Abstract

Facial expression recognition (FER) remains a challenging
task due to label ambiguity caused by the subjective nature
of facial expressions and noisy samples. Additionally, class
imbalance, which is common in real-world datasets, further
complicates FER. Although many studies have shown im-
pressive improvements, they typically address only one of
these issues, leading to suboptimal results. To tackle both
challenges simultaneously, we propose a novel framework
called Navigating Label Ambiguity (NLA), which is robust
under real-world conditions. The motivation behind NLA
is that dynamically estimating and emphasizing ambiguous
samples at each iteration helps mitigate noise and class imbal-
ance by reducing the model’s bias toward majority classes. To
achieve this, NLA consists of two main components: Noise-
aware Adaptive Weighting (NAW) and consistency regular-
ization. Specifically, NAW adaptively assigns higher impor-
tance to ambiguous samples and lower importance to noisy
ones, based on the correlation between the intermediate pre-
diction scores for the ground truth and the nearest negative.
Moreover, we incorporate a regularization term to ensure con-
sistent latent distributions. Consequently, NLA enables the
model to progressively focus on more challenging ambigu-
ous samples, which primarily belong to the minority class,
in the later stages of training. Extensive experiments demon-
strate that NLA outperforms existing methods in both overall
and mean accuracy, confirming its robustness against noise
and class imbalance. To the best of our knowledge, this is the
first framework to address both problems simultaneously.

Introduction
Facial expressions play a crucial role in non-verbal com-
munication in daily life. The growing use of remote com-
munication through video connections has heightened the
importance of facial expression recognition (FER) technol-
ogy. It has many valuable applications ranging from human-
computer interaction in customer service to remote men-
tal health care support. In recent years, owing to the emer-
gence of large-scale datasets collected in the wild, such as
FERPlus (Barsoum et al. 2016), RAF-DB (Li, Deng, and
Du 2017), and AffectNet (Mollahosseini, Hasani, and Ma-
hoor 2017), many deep learning-based FER methods (Wang
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Figure 1: Visualization of estimating sample ambiguity.
The visual analysis on the right illustrates how the correla-
tion between the prediction scores for ground truth (GT) and
nearest negative (NN) serves as a criterion for categorizing
samples as clean, ambiguous, or noisy. The prediction scores
for the GT and the NN are represented by green and red bars
in the probability distribution on the left side, respectively
(Ne: Neutral, Ha: Happiness).

et al. 2020b; Zhao, Liu, and Zhou 2021; Li et al. 2021; Xue,
Wang, and Guo 2021; Xue et al. 2022; Zheng, Mendieta, and
Chen 2023; Mao et al. 2023) have been developed rapidly
and achieved impressive performance.

One of the main challenges in FER is label ambiguity,
which arises from variability in the expression and inter-
pretation of facial emotions across individuals. This com-
plexity makes it difficult to reliably categorize facial expres-
sions into one of the seven basic classes (e.g., neutral, happi-
ness, fear, etc.). Several approaches (She et al. 2021; Zhang,
Wang, and Deng 2021; Zhang et al. 2022b) have attempted
to mitigate this ambiguity by comparing pairwise samples
or aligning predictions from multiple branches. Meanwhile,
class imbalance presents another critical issue in FER, where
certain expressions are overrepresented in datasets (e.g.,
happiness and neutral), while others (e.g., fear and disgust)
are underrepresented. MEK (Zhang et al. 2024) has been
proposed to address this imbalance by emphasizing minority
classes through re-balanced attention consistency. However,
existing methods focus on either label ambiguity or class
imbalance in isolation, resulting in suboptimal performance.
Moreover, studies on label ambiguity often take a narrow ap-
proach, focusing solely on noisy samples without leveraging
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their full potential to address class imbalance.
To tackle these challenges together, we prioritize sam-

ple ambiguity as a key criterion. Drawing inspiration from
dynamic weight adjustment, we assign different weights to
each sample based on its estimated ambiguity. Fig. 1 illus-
trates the process of estimating sample ambiguity by ana-
lyzing the correlation between the prediction scores for the
ground truth (GT) and the nearest negative (NN)—the class
with the highest prediction score excluding the GT. When
the model’s prediction is true, it generates a GT score much
higher than the NN score for clean samples, whereas for am-
biguous samples, the scores are similar. In contrast, when the
model’s prediction is false, it produces the opposite result.
Based on these discrepancies, we categorize the samples by
facial expression class, observing that most of the ambigu-
ous and noisy samples are concentrated in the minority class.
This observation motivates us to leverage this relationship to
emphasize the minority class during model training.

Building on these insights, we propose a new framework
called Navigating Label Ambiguity (NLA). The core idea
of NLA is to adaptively assign weights based on the esti-
mated sample ambiguity at each training step. This strategy
allows the model to progressively focus on ambiguous sam-
ples in the minority class as training progresses, while pe-
nalizing noisy samples. To achieve this, NLA comprises two
main components: Noise-aware Adaptive Weighting (NAW)
and consistency regularization. Specifically, NAW assigns
higher weights to ambiguous samples and lower weights to
noisy ones by analyzing the correlation between the predic-
tion scores of the ground truth and the nearest negative. In
particular, we apply different forms of multivariate Gaussian
kernels for NAW, based on intermediate prediction results
and the training epoch, ensuring that ambiguous samples
within the minority class receive increased attention after the
learning for the majority class has saturated. Additionally,
consistency regularization further enhances the reliability of
NLA by aligning the latent distributions of the original and
flipped images using Jensen-Shannon Divergence.

The main contributions of our method are as follows:

• We propose a novel framework called Navigating Label
Ambiguity (NLA) by leveraging adaptive weighting and
consistency regularization. To the best of our knowledge,
this is the first attempt to address both class imbalance
and noisy labels by handling label ambiguity.

• We introduce a Noise-aware Adaptive Weighting (NAW)
that dynamically assigns weights based on sample ambi-
guity, allowing the model to focus progressively on am-
biguous samples while minimizing the impact of noise.

• NLA demonstrates superior performance in overall and
mean accuracy on in-the-wild datasets. Additionally, ex-
tensive experiments under different noise and class im-
balance conditions confirm the robustness of our method.

Related Work
Facial Expression Recognition
In-the-wild FER scenarios present two major challenges:
1) noisy labels, which are common in image classification

but more prevalent in FER due to the inherent ambiguity
of facial expressions, and 2) class imbalance resulting from
varying expression frequencies. Recently, numerous meth-
ods have been proposed to alleviate these issues. For in-
stance, SCN (Wang et al. 2020a) uses re-labeling and rank-
ing regularization to mitigate noise, while EAC (Zhang et al.
2022a) minimizes overfitting to noisy samples by aligning
Class Activation Maps (Zhou et al. 2016) of the original and
flipped images. LA-Net (Wu and Cui 2023) utilizes land-
mark data to enhance expression features via expression-
landmark interactions. Alternatively, paying more attention
to ambiguity, DMUE (She et al. 2021) explores latent dis-
tributions with multiple branches based on uncertainty es-
timation, and RUL (Zhang, Wang, and Deng 2021) uses a
multi-branch framework with feature mixup to learn from
relative sample difficulty. MAN (Zhang et al. 2022b) em-
ploys a two-branch network with a co-division module to
enhance discriminative ability by focusing on clean samples.

Regarding class imbalance, Face2Exp (Zeng et al. 2022)
improves FER by using large-scale unlabeled face recog-
nition data within a meta-optimization framework, while
MEK (Zhang et al. 2024) emphasizes minority classes
through re-balanced attention consistency and label smooth-
ing. Despite these advances, real-world FER is still limited
to improving generalization due to the combined challenges
of noisy labels and class imbalance. Unlike previous works,
our method addresses both issues simultaneously by dynam-
ically exploring each sample’s ambiguity.

Learning with Ambiguity
Recent approaches to handling ambiguity can be broadly
categorized into small loss selection and disagreement/a-
greement strategies. Previous research (Arpit et al. 2017)
has shown that deep neural networks initially learn simple
patterns, leading to the assumption that small-loss samples
are treated as clean. Inspired by this, MentorNet (Jiang et al.
2018) uses a teacher-student framework, where the student
network is trained only on small-loss samples selected by
the teacher network. Co-teaching (Han et al. 2018) further
cross-updates two networks by exchanging small-loss sam-
ples in each mini-batch.

Alternatively, the disagreement/agreement strategy fo-
cuses on instances where predictions between two networks
differ, which is similar to hard sample mining. As repre-
sentative works, Decoupling (Malach and Shalev-Shwartz
2017) and Co-teaching+ (Yu et al. 2019) update networks
based on these disagreements. In contrast, JoCoR (Wei et al.
2020) aligns the predictions of the two networks using
Jensen-Shannon divergence to ensure agreement. Drawing
ideas from this approach, we apply a consistency regulariza-
tion method that aligns the probabilities between the original
data and its flipped version within a single network.

Learning with Imbalanced Data
Training samples in wild datasets often exhibit imbalanced
class distributions, leading to models biased toward major-
ity classes. One basic approach to address this issue is re-
balancing class distributions using different sampling fre-
quencies for each class. Decoupling (Kang et al. 2019) eval-
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Figure 2: The framework of Navigating Label Ambiguity (NLA). NLA consists of two main components: 1) a Noise-aware
Adaptive Weighting (NAW), which dynamically assigns weights to each sample based on the intermediate prediction scores for
GT and NN, and 2) consistency regularization using pairs of original and horizontally flipped images.

uates various sampling strategies and finds that progres-
sively balanced sampling is particularly effective. Dynamic
Curriculum Learning (DCL) (Wang et al. 2019) introduces
an adaptive sampling strategy that starts with random sam-
pling and later shifts focus to minority classes.

Another approach involves re-weighting the loss for each
class to ensure balanced contributions. CB loss (Cui et al.
2019a) uses the effective number, which is inversely propor-
tional to class size, ensuring equal loss contribution. Bal-
anced Softmax (Ren et al. 2020) adjusts predicted logits
based on label frequencies by considering class priors be-
fore calculating the final loss. Our approach combines these
strategies by proposing loss re-weighting based on sample
ambiguity, rather than class distribution, allowing the model
to prioritize ambiguous samples in the minority class during
later training stages.

Method
In this section, we provide a brief review of the prelimi-
naries related to our work. We then introduce our proposed
method, Navigating Label Ambiguity (NLA), which com-
prises two main components: a noise-aware adaptive weight-
ing and consistency regularization. Finally, we present the
overall training objectives for our networks. The framework
of our proposed method is illustrated in Fig. 2.

Preliminaries
Given a K-class, N -sample FER dataset D = {(xi, yi)}Ni=1,
where xi denotes the i-th face image and yi ∈ {1, · · · ,K}
represents its corresponding ground-truth label, respectively.
Generally, a feature extractor based on a deep neural net-
work utilizes a fully connected layer to predict the logit zi
for a given xi and calculates the probability of the k-th class
using a softmax function defined as:

pki =
ezik∑K
j=1 e

zij
, (1)

where zik and zij represent the output logits for classes
k and j, respectively. Then, most multi-class classification
models are optimized by minimizing the cross-entropy loss,

defined as follows:

LCE = − 1

N

N∑
i=1

log pyi

i . (2)

However, cross-entropy loss often produces suboptimal
results in noisy and imbalanced datasets because it treats all
samples with equal importance (Ghosh, Kumar, and Sastry
2017). It also tends to be biased towards easy samples, which
usually belong to majority classes, weakening gradients for
minority classes (Lin et al. 2017).

Noise-aware Adaptive Weighting (NAW)
Our goal is to adaptively assign weights to the loss function
for each sample based on their ambiguity within the training
pipeline. Following the motivation described in Fig. 1, the
sample ambiguity can be estimated by considering the cor-
relation between the prediction scores for the ground truth
(GT) and the nearest negative (NN). These prediction scores
for the GT and the NN are defined as:

pGT
i = pyi

i , pNN
i = max

k ̸=yi

pki . (3)

Building on this, we introduce the noise-aware adaptive
weighting (NAW) through a multivariate Gaussian kernel
that takes these two prediction scores as inputs, with a pre-
determined mean vector µ and covariance matrix Σ, formu-
lated as follows:

w∗(pi|µ,Σ) = C · exp
(
−1

2
(pi − µ)TΣ−1(pi − µ)

)
,

(4)
where

pi =

[
pGT
i

pNN
i

]
, µ =

[
µ1

µ2

]
, Σ =

[
σ11 σ12

σ21 σ22

]
,

and C = (2π
√
|Σ|)−1 is the normalizing constant. For con-

venience of presentation, we let w∗(pi|µ,Σ) = w∗(pi).
Then, using the above weights, we can define a NAW-

based cross-entropy loss, LNAW-CE, as follows:

LNAW-CE = (1 + w∗(pi)) · LCE . (5)
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Figure 3: Visualization of the effect of NAW by predic-
tion results. This figure illustrates how NAW enhances the
model’s ability to distinguish between clean, ambiguous,
and noisy samples throughout the training process. (a) shows
the results when the prediction is true, and (b) shows the re-
sults when the prediction is false.

Geometrically, the mean vector determines the center of
the Gaussian kernel, where the weight is maximized, and
the covariance matrix controls the shape of its contour. For
example, if the covariance matrix is an identity matrix, the
contours are isotropic (circular), resulting in weights that de-
crease at the same rate in all directions. If not, the contours
take an elliptical shape, with weights decreasing gradually
along the major axis and more sharply along the minor axis.
Leveraging these properties, as shown in Fig. 3, we design
two different forms of NAW with distinct mean vectors and
covariance matrices, depending on whether the intermediate
prediction is true or false, as follows.

When the prediction is true. In this case, the samples can
be considered as either a clean sample (where pGT

i is much
higher than pNN

i ), or an ambiguous sample (where pGT
i and

pNN
i are both close to 0.5). To ensure that the ambiguous

samples receive the highest weight, while the relatively easy
ones are assigned lower weights, we set the mean vectors in
the true case, µt = [0.5, 0.5]T . As training progresses, the
model becomes more discriminative on the ambiguous sam-
ples, resulting in more samples being classified as clean. At
this point, if an isotropic Gaussian kernel is applied through-
out the entire learning process, information about clean sam-
ples may be lost due to their lower emphasis. To prevent
this situation, we use a covariance scheduler (CS) that is ex-
ponentially adjusted at each epoch, modifying the contour
from isotropic to an elongated ellipse along the y = −x
line. Fig. 3 (a) visually depicts this process. The covariance
matrix in the true case is defined as follows:

Σt =

[
σ11 CS · σ12

CS · σ21 σ22

]
,

with

CS(e, E) = 1− exp

(
-10 · e
E

)
, (6)

where e represents the current training epoch and E denotes
the total number of epochs.

When the prediction is false. In this case, the samples can
be considered as either a noisy sample (where pGT

i is much
lower than pNN

i ), or an ambiguous sample (where pGT
i and
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Figure 4: Imbalanced distribution of training samples in the
wild FER dataset.

pNN
i are similar). Since the ambiguous samples in the false

case have been observed to have a lower pNN
i compared to

those in the true case, we set the mean vector in the false
case, µf = [0.3, 0.15]T . Additionally, to minimize the im-
pact of noise, we experimentally set the covariance matrix,
Σf , so that its contour forms an elliptical shape elongated
along the y = x axis. As shown in Fig. 3 (b), NAW en-
hances the model’s ability to distinguish ambiguous samples
that were previously misclassified, while gradually increas-
ing the weight of samples that were initially categorized as
noise but are beneficial for learning. As training progresses
to the later stages, most of the remaining ambiguous sam-
ples in the false cases belong to minority classes. NAW pays
increased attention to these samples, improving the model’s
discriminative ability for minority classes.

Consistency Regularization
Consistency regularization is one of the effective way to en-
hance a model’s reliability in the presence of label ambi-
guity. Inspired by this, we apply a regularization technique
to ensure consistent predictions across different views of the
same sample. This is particularly essential for our method, as
NAW assigns the weights based on the prediction scores for
each sample at each epoch. To achieve this, we adopt Jensen-
Shannon Divergence (JSD), which measures the alignment
of two distributions, using output logits of the original im-
age, xi, and its horizontally flipped image, x′

i. Let zi and z′i
be the output logits from xi and x′

i , respectively. Then, the
consistency regularization loss can be defined as follows:

Lreg = DKL(zi ∥
zi + z′i

2
) +DKL(z

′
i ∥

zi + z′i
2

), (7)

where DKL(·||·) denotes the Kullback–Leibler (KL) diver-
gence.

Loss Functions
In summary, the final loss function of our network is defined
as follows:

Ltotal = λ · LNAW-CE + (1− λ) · Lreg, (8)
where λ is a weighting factor.

Experiments
In this section, we evaluate the effectiveness of NLA on
three in-the-wild FER benchmarks, considering variations in
label noise and class imbalance. Additionally, we verify the
contribution of each component of NLA through compre-
hensive ablation studies and provide visualization analysis.
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Method Conference Overall Mean Happiness Neutral Sadness Surprise Disgust Anger Fear

Baseline - 87.42 78.53 95.44 88.53 85.56 83.59 58.75 78.40 59.46
CB CVPR 19 88.04 79.26 95.11 90.74 84.73 86.93 64.38 73.46 59.46

BBN CVPR 20 87.39 78.19 94.59 91.62 84.94 84.80 61.88 77.78 52.70
RUL NeurIPS 21 88.66 81.66 95.78 87.06 86.19 89.36 65.00 83.33 64.86
EAC ECCV 22 89.05 81.09 95.27 88.97 90.17 87.84 61.25 83.33 60.81
MEK NeurIPS 23 89.77 82.44 96.37 89.56 89.33 87.84 66.89 80.86 66.22

NLA(Ours) - 89.93 83.87 95.70 88.97 90.38 87.23 70.00 84.57 70.27

Table 1: Comparison with other methods on RAF-DB using pre-trained ResNet-18 as backbone. We achieve significant
improvement in minority classes (e.g., Disgust, Anger, and Fear), leading to the best performance in both overall and mean
accuracy (Bold: best, underline: second best).

Method Conference Overall(=Mean) Happiness Neutral Sadness Surprise Disgust Anger Fear

BBN CVPR 20 60.76 87.00 57.10 66.80 54.90 30.10 58.30 71.10
RUL NeurIPS 21 61.56 90.50 62.40 64.70 60.80 34.20 69.30 49.00
EAC ICCV 22 65.17 91.40 64.50 65.70 61.60 45.80 66.30 60.90
MEK NeurIPS 23 65.73 86.20 59.00 64.20 57.80 61.90 66.50 64.50

NLA(Ours) - 67.06 88.60 65.60 63.60 64.20 61.20 60.40 65.80

Table 2: Comparison with other methods on AffectNet using pre-trained ResNet-18 as backbone. Our method achieves
over 60% prediction accuracy across all classes, yielding the best overall accuracy (Bold: best, underline: second best).

Experimental Settings
Datasets. RAF-DB (Li, Deng, and Du 2017) contains
30,000 face images labeled with 7 basic and compound ex-
pressions by 40 trained annotators. We use a subset with 7
basic expressions, comprising 12,271 training images and
3,068 test images. FERPlus (Barsoum et al. 2016), an ex-
tension of FER2013 (Goodfellow et al. 2013), provides 8 ex-
pression labels with the addition of Contempt, labeled by 10
annotators. For a fair comparison, we use the same 7 basic
classes, totaling 28,709 training images and 3,589 test im-
ages. AffectNet (Mollahosseini, Hasani, and Mahoor 2017),
the largest FER dataset, contains 450,000 face images with 7
basic expressions and a contempt label. In our experiments,
we use only the 7 basic classes, which include 283,901 train-
ing images and 3,500 test images. As shown in Fig. 4, the
training samples in all datasets are notably imbalanced.

Implementation Details. We utilize ResNet-18 (He et al.
2016) pre-trained on MS-Celeb-1M (Guo et al. 2016), fol-
lowing previous works (Zhang et al. 2022a; Wu and Cui
2023), for a fair comparison. All face images are aligned
and cropped based on three landmarks (Wang, Bo, and Fuxin
2019), and then resized to 224×224. For network training,
we use the Adam optimizer (Kingma and Ba 2014) with
a weight decay of 0.0001 and employ the ExponentialLR
scheduler (Li and Arora 2019) with a gamma value of 0.9
and an initial learning rate of 0.0001. We set λ to 0.5, the
batch size to 32, and the maximum training epoch to 60,
with the best performance observed at epoch 40. We deter-
mine each Σ based on the diagonal element σ11 = 0.8 in
both cases, with the ratio of the major to minor axis being
2:1 and 6:1 for the true and false cases, respectively. All ex-
periments are conducted on a single NVIDIA A100.

Comparison with Existing Methods
We conduct evaluations on the RAF-DB and AffectNet
benchmarks, comparing the performance of our proposed
method with existing FER methods that use pre-trained
ResNet-18 as the backbone, including CB (Cui et al.
2019a), BBN (Zhou et al. 2020), KTN (Li et al. 2021),
RUL (Zhang, Wang, and Deng 2021), EAC (Zhang et al.
2022a), MEK (Zhang et al. 2024), and LA-Net (Wu and Cui
2023). As shown in Table 1, NLA outperforms other meth-
ods on RAF-DB, achieving an overall accuracy of 89.93%
and a mean accuracy of 83.87%. Notably, while several
methods, including RUL and EAC, have steadily improved
overall accuracy by addressing noisy labels, their improve-
ments in mean accuracy are relatively limited. A closer
examination reveals that these improvements are primarily
driven by enhanced performance in majority classes such
as ‘Happiness’ and ‘Neutral’, while performance in minor-
ity classes such as ‘Fear’ and ‘Disgust’ remains subopti-
mal. This bias highlights the need for approaches that ad-
dress both noisy labels and class imbalance in in-the-wild
datasets. In contrast, NLA surpasses the current state-of-the-
art method, MEK, by approximately 4% in minority classes
and is the first to achieve over 70% accuracy in these classes,
demonstrating its robustness in addressing class imbalance.

Table 2 presents the performance comparison on Affect-
Net, where the test set is class-balanced, making overall ac-
curacy equal to mean accuracy. Similar to the previous re-
sults, RUL and EAC achieve high accuracy in the majority
class, ‘Happiness’, but still suffer from performance degra-
dation in the minority classes. Although MEK improves ac-
curacy for minority classes through re-balancing techniques,
it sacrifices accuracy in majority classes, ‘Happiness’ and
‘Neutral’. Conversely, NLA maintains high accuracy in the
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Method Noise(%) RAF-DB AffectNet FERPlus
Baseline 10 81.01 57.24 83.29

SCN 10 82.18 58.58 84.28
RUL 10 86.17 60.54 86.93
EAC 10 88.02 61.11 87.03

LA-Net 10 88.75 62.85 88.02
NLA(Ours) 10 88.83±0.11 63.52±0.08 88.20±0.07

Baseline 20 77.98 55.89 82.34
SCN 20 80.10 57.25 83.17
RUL 20 84.32 59.01 85.05
EAC 20 86.05 60.29 86.07

LA-Net 20 87.12 61.72 86.85
NLA(Ours) 20 87.60±0.13 63.25±0.04 87.64±0.2

Baseline 30 75.50 52.16 79.77
SCN 30 77.46 55.05 82.47
RUL 30 82.06 56.93 83.90
EAC 30 84.42 58.91 85.44

LA-Net 30 85.33 60.82 86.01
NLA(Ours) 30 86.71±0.16 62.48±0.14 86.97±0.04

Table 3: Comparison of overall accuracy with other methods
under different noise ratios.

majority class while achieving over 60% accuracy across all
classes, leading to the best overall accuracy.

Different Noise Levels. We evaluate the robustness of
NLA across three noise levels on the FERPlus, RAF-DB,
and AffectNet datasets. Following previous studies (Zhang,
Wang, and Deng 2021; Zhang et al. 2022a), we corrupt 10%,
20%, and 30% of the training labels by randomly flipping
them to other categories. Experiments are conducted using
five different random seeds, and we report the mean and
standard deviation of the overall accuracy. As shown in Ta-
ble 3, NLA consistently outperforms other methods across
all noise levels, achieving significant improvements over the
baseline with gains ranging from 5.38% to 10.01%. This
highlights the effectiveness of our method in handling noisy
labels, even under extreme noise levels, through noise-aware
adaptive weighting. Furthermore, compared to the state-of-
the-art LA-Net, our method achieves average improvements
of 0.93%, 1.57%, and 0.83% on RAF-DB, AffectNet, and
FERPlus, respectively. Considering that LA-Net employs
an additional landmark-based backbone, the gains from our
single-backbone model are particularly notable.

Different Imbalance Factors. To examine robustness
against severe class imbalance, we follow established meth-
ods in handling imbalance in image classification (Cao et al.
2019; Cui et al. 2019b) by creating varying degrees of im-
balance in the RAF-DB dataset using factors of 50, 100, and
150. The imbalance factor is the ratio of the number of train-
ing samples in the largest class to the number in the small-
est class. We also conduct experiments using five random
seeds, reporting the mean and standard deviation of overall
and mean accuracy. Table 4 shows NLA’s superior perfor-
mance across all imbalance factors. Compared to MEK, the
current state-of-the-art in handling imbalance, NLA outper-
forms it in both overall accuracy and mean accuracy. This in-
dicates that NLA effectively discriminates between minority
and majority classes without bias.

Method Imbalance Overall Mean
Baseline 50 83.28 64.69

BBN 50 85.01 71.57
EAC 50 87.09 73.02
MEK 50 87.65 77.11

NLA(Ours) 50 87.97±0.26 78.05±0.14
Baseline 100 80.96 55.12

BBN 100 83.44 67.92
EAC 100 85.79 69.80
MEK 100 86.47 73.06

NLA(Ours) 100 87.98±0.30 73.34±0.51
Baseline 150 80.11 56.53

BBN 150 82.92 65.49
EAC 150 84.13 68.66
MEK 150 85.20 70.33

NLA(Ours) 150 86.34±0.05 70.49±0.57

Table 4: Comparison with other methods under different im-
balances on RAF-DB.

Settings Components Overall MeanCE NAW-CE L1 CAM JSD

(a) ✓ 87.42 78.53
(b) ✓ 88.17 81.40
(c) ✓ ✓ 87.78 81.01
(d) ✓ ✓ 89.18 82.87
(e) ✓ ✓ 89.15 83.02
(f) ✓ ✓ 89.93 83.87

Table 5: Ablation study results on RAF-DB.

Ablation Studies

In Table 5, we present the results of an ablation study on the
RAF-DB dataset, analyzing the contributions of each com-
ponent within the NLA framework using a ResNet18 back-
bone. We compare the model using standard cross-entropy
loss (CE) with the proposed NAW-based cross-entropy loss
(NAW-CE). In setting (b), performance improves by 0.75%
in overall accuracy and 2.87% in mean accuracy over the
baseline (a), highlighting NAW’s effectiveness in adjust-
ing sample weights. Additionally, when regularization tech-
niques are incorporated, as shown in settings (c) through (f),
the model’s performance improves even further. In these set-
tings, L1 represents the L1 regularization loss, and CAM
refers to Class Activation Maps (Zhou et al. 2016). Notably,
setting (f), which corresponds to our method, achieves the
highest performance with an overall accuracy of 89.93% and
a mean accuracy of 83.87%. This significant enhancement
underscores how Jensen-Shannon Divergence (JSD) ampli-
fies the benefits of NAW by enforcing consistent distribu-
tional regularization. We also evaluate the framework un-
der conditions with 30% noise and a class imbalance fac-
tor of 150. Replacing CE with NAW-CE leads to significant
improvements—19.55% in mean accuracy under noise and
7.97% under class imbalance. These findings demonstrate
that the proposed components of NLA significantly improve
the model’s robustness and reliability.
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Figure 5: Visualization of the training process of our method. This figure demonstrates how our method enhances discrimi-
native ability by adaptively assigning weights to each sample through NAW.

Figure 6: Comparison of test accuracy across epochs for ma-
jority classes (a) and minority classes (b) on RAF-DB.

Visualization Analysis
We visualize the training process of our method to analyze
how the model develops class-specific discriminative abil-
ity. In Fig. 5, the y-axis represents the noise-aware adaptive
weight, w∗, assigned to each sample, and the x-axis shows
the different classes (Ne: Neutral, Ha: Happiness, Sa: Sad-
ness, Su: Surprise, An: Anger, Di: Disgust, Fe: Fear). The
gray boxes indicate the Inter-Quartile Range, illustrating the
sample distribution for each class. In the first epoch, sam-
ples in majority classes receive higher weights, while those
in minority classes receive less attention. However, as train-
ing progresses, our model gradually assigns higher weights
to minority classes while maintaining the higher weights to
the majority classes. Fig. 6 further supports this behavior, as
(b) shows that our model initially exhibits low accuracy for
minority classes but improves over time, whereas the base-
line performance saturates. These results demonstrate that
the proposed model effectively handles class imbalance by
adaptively adjusting weights based on sample ambiguity.

Moreover, Fig. 7 compares the baseline model and our
NLA in handling ambiguous samples across different fa-
cial expression classes. The top row shows ambiguous im-
ages from the RAF-DB dataset misclassified by the base-
line model, with bar graphs below each image displaying
predicted probabilities: green for GT and red for NN. The
baseline model often assigns similar probabilities to GT and
NN, causing misclassification. In contrast, the bottom charts
show that our model significantly increases the GT proba-
bility, creating a larger margin over the NN and resulting
in correct classifications. This figure clearly demonstrates

Figure 7: Comparison of results for ambiguous samples
between the baseline and our model. The baseline model
confuses the prediction probabilities between the GT and
NN, whereas our model correctly predicts by improving the
prediction probability for the GT with a large margin.

the effectiveness of NLA in accurately predicting ambigu-
ous samples by enhancing the model’s discriminative ability
and reducing confusion with the NN.

Conclusion
In this paper, we propose a novel framework, Navigating
Label Ambiguity (NLA), which addresses label ambiguity
to mitigate both noise and class imbalance in facial expres-
sion recognition (FER). To the best of our knowledge, this
is the first attempt to tackle both problems within a single
framework. Our approach employs Noise-aware Adaptive
Weighting (NAW) and consistency regularization to dynam-
ically adjust weights based on sample ambiguity, enabling
the model to focus on ambiguous samples while reducing
the impact of noise. Extensive experiments demonstrate that
NLA achieves superior overall and mean accuracy across
multiple FER datasets, proving its robustness. Furthermore,
while NLA is designed for FER, its ability to address label
ambiguity in noisy or imbalanced data indicates promising
applicability to a broader range of tasks, which we leave as
an avenue for future work.
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