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Abstract

Facial expression recognition plays an important role in
human-robot interaction, education, health treatment, etc.
In order to facilitate real-world application of expression
recognition, it is crucial to tackle the problem in-the-wild,
which suffers from the long tail problem. In this work, we
propose a novel paradigm named disentangled and bal-
anced learning. The proposed method first learns disen-
tangled features through self-supervised contrastive learn-
ing, then separately learns a class-balanced classifier in a
supervised manner. Comprehensive experiments and analy-
sis were conducted on RAF-DB. We drew comparisons with
classical re-weighting and re-sampling methods, recently-
proposed models for long tail problems and other deep
learning methods on the same dataset. Results show that the
proposed method has satisfactory accuracy, outperforming
most of the listed methods in terms of average and overall
accuracy. In addition, the proposed method is transferable
to other applications for tackling the long tail problem.

1. Introduction
Facial expressions, an important form of nonverbal com-

munication, allow humans to convey information about
their feelings [7]. Studies have been conducted to teach ma-
chines to recognize facial expressions. Facial expression
recognition (FER) has broad applications in self-driving
cars, smart hospitals, etc. Human facial expressions can be
divided into seven categories, including one neutral emotion
and six basic emotions - angry, disgusted, fearful, happy,
sad, and surprised [12].

Several achievements have been made by using machine
learning and deep learning-based methods for FER, includ-
ing local binary patterns [18], suppressing uncertainty [21],
and occlusion aware [14]. One significant issue, however,
is the long tail (LT) problem in FER in-the-wild, referring
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to the skewed distribution of datasets. Even though visual
recognition algorithms nowadays have high classification
performance in most cases, the relatively low number of
training examples of some categories can still significantly
hurt the classification accuracy of the minority class [9].
The purpose of this project is to develop an algorithm that
lowers the long tail problem’s influence on FER classifica-
tion performance.

In this study, we propose a novel paradigm called disen-
tangled and balanced learning (DBL) for tackling the long
tail problem for FER. The proposed method first learns
disentangled features through self-supervised contrastive
learning (CL), and then separately learns a class-balanced
classifier through re-sampled data in a supervised manner.
Through contrastive learning, the network is able to learn
disentangled features by minimizing the inner-class dis-
tance and maximizing the inter-class distance. With the
obtained good features, class-balanced data is provided to
reduce the bias to majority classes of the classifier. Com-
prehensive experiments showed that proposed method can
outperform classical re-weighting and re-sampling models
by at least 2%. The distinction in performance is more sig-
nificant in terms of average accuracy.

The rest of the report is organized in the following way.
In Section 2, we briefly discuss the related work for the FER
and LT problem. Then, we explain the proposed method
in Section 3. Detailed experiments and result analysis are
given in Section 4. Finally, we conclude the paper and dis-
cuss potential ways that can be used to further test and en-
hance this model.

2. Related Work

2.1. Facial Expression Recognition

In the past decades, many hand-crafted based methods
have been developed for FER. Feature extractors, such as
local binary pattern (LBP) [22], speeded up robust features
(SURF) [2], and Gabor filters [19] followed by a SVM clas-
sifier, were developed for and applied to FER. Recently,
convolution neutral network (CNN) based feature extrac-
tion methods gained much popularity. Barsoum et al. [1]
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Figure 1: Schematic of Proposed Network Pipeline. Phase 1 focuses on disentangled representation learning through self-
supervised contrastive learning; Phase 2 focuses on balanced classifier learning through re-sampled data.

proposed to train CNN with noisy labels for FER. Zhang et
al. [25] proposed a joint pose and expression modeling in an
end-to-end manner. Fernandez et al. [16] proposed a CNN
enhanced by attention mechanism to focus on facial expres-
sion related parts.

2.2. The Long Tail Problem

Due to the unbalanced nature of real-world data, the LT
problem is unavoidable in machine learning. Conventional
methods [3, 8] proposed to solve this problem, including
data re-sampling [5] and re-weighting [20], were shown to
hurt the representative ability by distorting data distribu-
tions in exchange for better classifier-learning [27]. Other
attempts worth investigating include quintuplet loss [10],
rangeloss [26], and center invariant loss [24].

Most recently, studies have shown the noticeable effec-
tiveness in decoupling representation and classifier learn-
ing [11] and bilateral branch network [27]. The commonal-
ity between these two approaches is that they both first learn
a good feature and then separately learn a classifier from the
re-balanced data.

3. Dataset and Features
Two of the most widely-used FER in-the-wild databases,

Real-world Affective Faces Database (RAF-DB) [13] and
Expression in-the-Wild (ExpW) [17] both suffer from long
tail problem. For example, RAF-DB has around 2000 im-
ages of happy, but only 200 images of fearful. For this
project, we ran experiments on RAF-DB, which has sepa-
rate training and test sets. The image resolution is 100×100.

There are 15338 images in the training set and 3069 in test
set. We further split the original training set into training
and validation sets by the ratio of 9 : 1. Some examples of
images from the RAF-DB dataset are shown in Fig. 2.

Data augmentation is indispensable to the construc-
tion of an effective contrastive learning model. Thus, we
adopted several different approaches for data augmentation,
such as cropping, rotation, and colorization. We did not
manually perform any feature extraction, as it is inherently
conducted in the hidden layers of our deep learning model.

Figure 2: Examples of Datasets - RAF-DB.

4. Methodology
In order to solve the long tail problem, we propose a new

paradigm DBL illustrated in Fig. 1. DBL first learns disen-
tangled features through self-supervised CL (Phase 1), and
then learns a classifier through re-sampled data in a super-
vised manner (Phase 2). Details of the two phases are given
in the following subsections individually.

4.1. Disentangled Feature Learning

Self-supervised learning (SSL), a form of unsupervised
learning, is implemented to learn features without any given
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labels. More specifically, CL, a subclass of SSL, is chosen
to provide disentangled feature representation by minimiz-
ing intra-class distance and maximizing inter-class distance.

We adopt and modify the simple framework for CL of vi-
sual representation (SimCLR) framework [6] in Fig. 1 with
a blue bounding box, which maximizes the agreement be-
tween differently augmented perspectives of the same im-
age. The framework starts with a data augmentation module
where two separate data augmentation operators from the
same family of augmentation family, t ∼ T and t′ ∼ T , are
applied to the same sample x to give the two views x̃i and
x̃j . The augmentation implemented include random crop,
random flip, and random color distortion. It then uses a
deep neural network f(·) parameterized by θfeature to extract
representations hi and hj to feed into a small neural net-
work projection head g(·). g(·) maps the representations
into latent space, where the contrastive loss for a positive
pair of examples (i, j) is applied on zi and zj as

li,j = − log
exp(sim(zi, zj)/τ)∑2N

k=1 1{k ̸= i} exp(sim(zi, zk)/τ)
, (1)

where N is the number of samples in the minibatch and τ
is a temperature parameter. The similarity metric is imple-
mented as

sim(zi, zj) =
zTi zj

||zi||||zj ||
. (2)

Total loss is minimized by updating f and g and imple-
mented as

L =
1

2N

N∑
k=1

[l(2k − 1, 2k) + l(2k, 2k − 1)]. (3)

4.2. Balanced Classifier Learning

After learning the disentangled features through CL, we
then provide class-balanced data to train the classifier with
frozen features.

We adopt re-sampling strategy to obtain class-balanced
data. Re-sampling involves repeatedly drawing certain
training examples form training data by achieving a uniform
distribution over classes as [4]

pj = 1/C, (4)

which stands for the probability of sampling a point from
class j, out of a total of C classes. To approximate the uni-
form distribution, we implement a weight w to sample the
input data by taking the nomarlized reciprocal of the num-
ber of samples for each class j as

wj =
α/nj

max({1/nj}Cj=1)
, (5)

where nj is the number of samples for class j and α is the
normalization constant s.t.

∑C
j=1 wj = 1. In order to per-

form supervised classifier learning, we need to attach a new
classifier at the end of the features. The attached classifier is
realized by a multi-layer perceptron (MLP) with C outputs
parameterized by θcls as

fcls(θcls) := MLP(θcls), (6)

where cls stands for classifier. Then, we re-train the net-
work for a fewer number of epochs by only updating the
classifier θcls (i.e. θfeature remains unchanged). This ap-
proach is addressed as classifier re-training (cRT) in [11].
In this case, we use multi-class cross-entropy loss as

J = − 1

n

n∑
i=1

log
esyi∑C
j=1 e

sj
, (7)

where sj is the normalized prediction after softmax, syi
is

the probability of the ground truth class of example i.

5. Experimental Result and Discussion
5.1. Experiment Setup and Evaluation Metrics

We implemented the proposed method according to Al-
gorithm 1 using PyTorch and PyTorch Lightning deep learn-
ing framework. We adopted NVIDIA 2070s, 2080Ti, Tesla
T4 and P100 Graphical Computer Units (GPUs) on local
computers, Google Colab and Google Cloud Platforms. We
choose residual network with 18 layers (ResNet-18) as the
backbone network.

In terms of evaluation metrics, we used overall accuracy,
average accuracy against each class, and confusion matrix
to assess performance of the proposed model.

5.2. Comparison with Other Methods

To begin with, we ran experiments on the basic model,
some classical methods widely adopted when tackling LT

Algorithm 1 Disentangled and Balanced Learning

Require: Model θ, Data D = {(xi, yi)}ni=1
1: Disentangled Feature Learning ▷ Contrastive Learning
2: for t = 1 to T0 do
3: B ← SampleMiniBatch(D,m) ▷ Minibatch Size m
4: x̃← T (x) ▷ Data Augmentation
5: L ← update loss using (3)
6: θ ← θ − α∇θL(θ)
7: Balanced Classifier Learning ▷ Classifier Re-training
8: for T0 to T do
9: B ← SampleMiniBatch(D,m,w) ▷ Sample Weight w

10: θfeature ← θ(feature) ▷ Freeze Feature
11: J ← update loss using (7)
12: θcls ← θcls − α∇θclsJ (θcls)
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(a) Basic Model (b) Re-weighting Model (c) Re-sampling Model (d) Proposed Method

Figure 3: Confusion Matrix of Models on RAF-DB

problems (re-weighting and re-sampling), and the decou-
pling method [11].

First, we compare re-weighting, re-sampling, and decou-
pling methods with the basic model. Re-weighting and re-
sampling both result in higher average accuracy, by 2.34%
and 1.8% respectively, while compromising the overall ac-
curacy. The reason is that we assign higher weights on
minority classes during training stage, hence improving
the model’s performance on these categories and result-
ing in better average accuracy. However, as we are laying
less emphasis on the majority classes, re-sampling and re-
weighting do not lead to higher overall accuracy. For the
decoupled model, we were unable to reproduce satisfac-
tory experimental results as claimed in [11]. We observed
0.91% of increase in average accuracy. This may be caused
by hyper-parameter tuning and/or errors in our decoupling
model.

Next, we compare our proposed model with other meth-
ods listed in Table 1. We can observe significant improve-
ment in average accuracy. Specifically, there is a 5.52%,
3.18%, 3.72%, and 4.51% increase in average accuracy
when compared with basic, re-weighting, re-sampling, and
decoupling model, respectively. By reading the confusion
matrices in Fig. 3, we can see that DBL reaches higher
accuracy on minority classes (e.g. disgusted and fearful).
It also outperforms other loss function design (i.e. Cen-
ter Loss [23]) and deep learning-based models (i.e. base
DCNN[13], DLP-CNN[13], Lian et al. [15]) in Table 1 on
average accuracy. In terms of overall accuracy, the proposed
method also has better performance than the classical mod-
els. The improvement is a result of the disentangled feature
learning mechanism in the design of our DBL model.

6. Conclusion and Future Work

In this work, the proposed novel paradigm disentan-
gled and balanced learning first extracts disentangled fea-
tures through self-supervised contrastive learning, and then

Table 1: Comparison of Different Models on RAF-DB

Model Average Overall
Accuracy Accuracy

Basic 70.35 81.68
Re-weighting 72.69 80.28
Re-sampling 72.15 81.64

Decoupling [11] 71.36 80.73
Center Loss [23] 72.87 83.68
base DCNN [13] 72.42 82.86
DLP-CNN [13] 74.20 84.13
Lian et al. [15] - 82.69

Proposed Method 75.87 83.21

learns a class-balanced classifier through re-sampled data
separately. The results on widely-used datasets on FER
show that the proposed method improved the average ac-
curacy and overall accuracy for around 5% and 2%, and
outperforms all the other listed methods in terms of average
accuracy. We believe this result suggests the importance of
learning the correct features from the original dataset, in-
cluding its long-tailed nature. DBL could be further tested
on its potential by increasing the CL training batch size and
the number of epochs. Due to some computing constraints,
we were only able to implement a batch size and number of
epochs that are about or more than half-fold smaller than the
smallest value suggested in the SimCLR paper. We could
also tune the hyper-parameters, especially the learning rate,
to further optimize DBL.

In addition, with its proved ability to tackle the long-
tailed FER problem, DBL could be transferred to other
needs as essentially data for any application have some level
of unevenness.
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7. Contribution

Xinqi: Ran experiments with SimCLR and SimCLR
classifier on local computers, wrote report sections regard-
ing FER, proposed method and its experiment.

Claire: Ran experiments with SimCLR and its classifier
on Google Cloud Platform, and wrote report sections re-
garding the long tail problem, CL/SimCLR and conclusion.

Megan: Ran experiments with basic/classical/decoupled
models on RAF-DB, wrote sections on dataset and experi-
mental results in the final report.
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