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Abstract. Numerous well-performing facial expression recognition al-
gorithms suffer from severe slippage when trained on one dataset and
tested on another, due to inconsistencies in facial expression datasets
caused by different acquisition conditions and subjective biases of anno-
tators. In order to improve the generalization ability of the model, in this
paper we propose a simple but effective Prototype-Oriented Contrastive
Adaptation Network (POCAN) unified contrastive learning and proto-
type networks for cross-domain facial expression recognition. We employ
a two-stage training pipeline. Specifically, in the first stage, we pre-train
on the source domain to obtain semantically meaningful features and
obtain good initial conditions for the target domain. In the second stage,
we perform intra-domain feature learning and inter-domain feature fu-
sion by narrowing the distance between samples and their corresponding
prototypes and widening the distance with other prototypes, and we also
use an adversarial loss function for domain-level alignment. In addition,
we also consider the problem of data category imbalance, and category
weights are introduced into our method so that the categories of the two
domains are in a uniform distribution. Extensive experiments show that
our method can yield competitive performance on both lab-controlled
and in-the-wild datasets.

Keywords: Cross-domain facial expression recognition · Prototype net-
work · Contrastive learning

1 Introduction

Facial expressions(referring to the emotions shown on the face) are one of the
most direct and natural ways to convey human emotions. How understanding
human beings’ emotion is a key problem that needs to be solved in the fields of
human-computer interaction, perceptual psychology, intelligent control, medical
care, security, etc. Therefore, the research of facial expression recognition(FER)
is getting growing attention. Facial expressions are a complex signal, humans
have many expressions, and the types of expressions in different regions and cul-
tures are different. However, some facial expressions are universal across cultures.
The researchers summarize these expressions as basic expressions. In the 1990s,
Ekman et al. [6] proposed six basic expressions through cross-cultural research:
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fear, sadness, anger, disgust, surprise, and happiness. Later researchers added
neutral to the basic expression.

Early studies of facial expression recognition were conducted on lab-controlled
datasets using hand-crafted features (e.g., local binary patterns (LBP [22])) and
shallow learning (e.g., sparse learning [34]). Lab-controlled datasets with acted
facial expressions collect in artificial environments and do not correspond to
the spontaneous, unconstrained situation in practice. Moreover, Shallow learn-
ing can only extract shallow features and cannot extract deep features, resulting
in poor algorithm performance. As deep learning has achieved remarkable re-
sults in many fields, deep learning technology, especially CNN, has been applied
to facial expression recognition, and has achieved remarkable progress. At the
same time, many facial expression datasets from unconstrained scenarios were
collected. Both contributed to the development of facial expression recognition.

Although today’s excellent facial expression algorithms can achieve satisfac-
tory performance, these algorithms are trained and tested on a single dataset.
When using these algorithms to test on other datasets, they suffer from dramatic
performance deterioration [15]. The reason for this phenomenon is due to the ex-
istence of domain shift: different facial expression datasets are collected in differ-
ent contexts, and different annotators perceive expressions differently. Therefore,
cross-domain facial expression recognition is a more meaningful and challenging
task, which is closely related to the field of domain adaptation in the field of
transfer learning. Recently, many studies have begun to focus on cross-domain
facial expression recognition and have proposed many effective methods. They
either use MMD [13,15] to minimize domain distribution differences, or borrow
the idea of adversarial learning [2] to learn cross-domain invariant features, but
there are no methods using contrastive learning.

In this paper, motivated by the success of contrastive learning in represen-
tation learning, we use the idea of contrastive learning to solve the problem of
cross-domain facial expression recognition and propose POCAN1, a two-stage
algorithm.

- In the first stage, we use supervised contrastive learning to perform pre-
training on the source domain. By making the samples of the same category
close and the samples of different categories separate, we can learn the cate-
gory information of the source domain and obtain a better initial conditions
for the target domain. Inspired by [23], we parameterize the category pro-
totype and learn the category prototypes by bringing the prototype close to
the samples belonging to the class it represents. Compared with computing
prototypes by clustering, this learnable prototype acquisition method can
reduce computational consumption and improve training speed.

- In the second stage, we learn the features of the source and target domains
separately. For the target domain features, we use self-supervised contrastive
learning and prototype contrastive learning to learn, which can compensate

1 The source code and the trained model are publicly available at
https://github.com/Winter-is-coming-wow/ACCV2022_POCAN.git.
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for the lack of self-supervised contrastive learning ability to obtain high-level
semantic knowledge, while maintaining the local smoothness of the learned
representations. We use supervised contrastive learning and prototype con-
trastive learning to learn the features of the source domain to keep the
model’s low error rate in the source domain. At the same time, we carry
out a two-level domain fusion strategy, one is to make the samples of one
domain close to the prototypes of the same category in the other domain
to perform domain alignment at the category level, and the other cleverly
uses classifiers to form a domain discriminator and then uses the adversarial
method for domain-level alignment.

2 Related works

In this section, we briefly review two related topics: cross-domain facial expres-
sion recognition and contrastive learning.

2.1 Cross-Domain Facial Expression Recognition

The serious decline of traditional facial expression recognition algorithms in
cross-dataset experiments has made researchers realize the importance of im-
proving the generalization ability of algorithms. Many cross-domain facial ex-
pression recognition algorithms have been proposed in the last few years. In
[29], Transfer Subspace Learning is introduced into cross-domain facial expres-
sion recognition, this method learns a subspace in which the knowledge learned
from the source domain is transferred to the target domain. In [30], the author
proposed unsupervised domain adaptive dictionary learning (UDADL) to learn a
reliable synthesis dictionary for both source and target samples such that the dis-
tribution mismatch between two different domains could be alleviated. In [35], a
discriminative feature adaptation method is proposed to minimize the mismatch
between source and target distribution by learning a new feature space. In [13],
the author embeds maximum mean inconsistency (MMD) into deep networks to
reduce inconsistency between datasets, while introducing a learnable parameter
to reduce the impact of the source domain and target and class distribution
differences. In [26], a generative adversarial network (GAN) is introduced to
generate more target domain data, and a distributed pseudo-label method is
applied to achieve domain adaptation with limited target data without ground
truth labels. In [15], the author found that the conditional probabilities between
different datasets are different by measuring the deviation between facial expres-
sion datasets. Therefore, ECAN is proposed to learn domain-invariant features,
align the marginal probability distribution and conditional probability distribu-
tion of the source and target domains at the same time, and consider the class
imbalance problem between domains. Recently, In [2] joint Adversarial Learn-
ing and Graph Representation Learning for simultaneous domain adaptation of
global and local Features.
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2.2 Contrastive Learning

Unsupervised/self-supervised contrastive learning has great success in represen-
tation learning. The basic idea of contrastive learning is to make pairs of positive
samples more similar and pairs of negative samples less similar via a contrastive
loss in the latent space. The common contrastive loss function is InfoNEC loss
[20], the loss for a sample is defined as:

LInfoNEC(zi) = −log(
exp(sim(zi, z

′
i)/τ)∑n

j=1 exp(sim(zi, zj)/τ)
), (1)

where sim() is the similarity function (cosine similarity is commonly used), n is
number of sample pairs, τ denotes a temperature parameter, it is an important
parameter that controls the strength of the penalty for hard negative samples
[25].

In instance-based self-supervised contrastive learning, samples from the same
instance are regarded as pairs of positive samples, and samples from different in-
stances are regarded as pairs of negative samples. Positive samples always come
from another views of a instance, negative samples come from a memory bank
[27], or a queue [9], or a minibatch [3]. Although instance-based self-supervised
contrastive learning has good performance, this method has an inherent disad-
vantage: it treats two samples as a negative sample pair as long as they come
from different instances, which unavoidably determines some samples with the
same semantics as the anchor as negative samples. This negatively affects the
performance of the algorithm. To solve this problem, [4]develop a debiased con-
trastive objective that corrects for the sampling of same-label datapoints without
knowledge of the true labels. [12]propose prototypical contrastive learning (PCL)
which encodes the semantic structure of data into the embedding space through
make samples similar with its prototype.

3 Method

In the context of unsupervised cross-domain facial expression recognition, we
have a labeled source dataset Ds = {xs

i , y
s
i }

Ns
i=1 with marginal probability distri-

bution P s(X) and an unlabeled target dataset Dt = {xt
i}

Nt
i=1 with marginal prob-

ability distribution P t(X), where Ns and Nt are the number of images in source
and target domains respectively. Both xs

i and xt
i belong to one of the 7 predefined

expressions: anger, disgust, fear, happiness, sadness, surprise, and neutral. The
two datasets are drawn from different distributions (i.e., P s(X)! = P t(X)). Our
task is to train a model using the labeled source dataset and the unlabeled target
dataset, reducing the domain offset between the source and target domains, and
minimizing the error rate of the model on the target domain.

As show in Fig.1, our model consists of a encoder f(·), a projection head g(·),
a learnable source domain prototype matrix Ms and a learnable target domain
prototype matrix Mt.
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Fig. 1. Overview of the proposed Prototype-Oriented Contrastive Adaptation Network
(POCAN) structure. POCAN contains two stages: (1)pre-train on source domain:
using supervised contrastive learning, an encoder and a projection head are trained
to learn semantically meaningful features and obtain good initial conditions for the
target domain. (2)transfer to target domain: learning domain specific feature via
Lin, while performing category-level alignment via Lcross and domain-level alignment
via Lad.

3.1 Learnable Category Prototypes

Most of the methods [12,31,24] using prototypes obtain the prototypes of the
categories through the k -means clustering algorithm. However, this method con-
sumes huge computing resources, and when the model parameters change, the
prototypes of the categories cannot be updated in time, which affects the con-
vergence speed and accuracy of the algorithm. Inspired by [23], we parameterize
the prototypes so that they can be learned using the backpropagation algorithm.
Specifically, we define the prototype as a vector µ ∈ Rm, where m is the dimen-
sion of each prototype that is the same as the embedding dimension of the sample
output vector through the encoder and projection head. All prototypes form a
prototype matrix M = {µ1, µ2, ..., µk}, where k is the number of categories.
The prototype matrix is closely connected to the linear classification layer be-
cause the neural network weights in the classification layer can be interpreted as
class prototypes. Given a sample xi with label yi, we compute its feature vector
zi = g(f(xi)), then we compute similarity matirx vector between zi and M as
Pi = [pi,1, pi,2, ..., pi,k], with Pi,j =

exp(µj ·zi)∑k
r=1 exp(µr·zi)

. We learn source and target
prototypes by minimize cross entropy between P and true label using:

Lsp =
1

Ns

Ns∑
i=1

ws
ys
i
· LCE(P

s
i , y

s
i ), (2)
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Ltp =
1

N trust
t

Ntrust
t∑
i=1

wt
yt
i
· LCE(P

t
i , y

t
i), (3)

where w is class weight, its calculation method is in Section 3.5. Because the
target domain data has no label information, we first generate pseudo-labels(we
use hard labels) for the target domain. It is worth noting that we only generate
pseudo-labels for samples whose confidence is higher than a certain threshold,
denoted as Dtrust

t = {xi}
Ntrust

t
i=1 (xi ∈ Dt, confidence(xi) > thresholdi). And

the initial prototypes of the target domain are initialized to the prototypes of
the source domain. We train the extractor and prototypes in turns, in the same
fashion as by performing iterative clustering and representation learning. We
freeze the parameters of the prototypes when training the extractor, and freeze
the parameters of the extractor when training the prototypes.

3.2 Pre-train On Source Domain

In the traditional field of fully supervised learning, the cross-entropy loss function
is usually used to train the model. Recently [11] introduced contrastive learning
into the field of supervised learning and proposed supervised contrastive learn-
ing, and obtained better results. Compared with traditional supervised learning
based on cross-entropy, supervised contrastive learning is more stable to hyper-
parameters such as optimizers and data augmentation, and has better robust-
ness to data corruption and training data reduction, and is inherently capable
of hard positive and negative mining attributes [11]. Based on these advantages,
we choose supervised contrastive learning for pre-training, and the experimental
results also show the correctness of our choice.

The core idea of supervised contrastive learning is to shorten the distance
between samples belonging to the same category and to widen the distance
between samples of different categories. Its loss takes the following form:

LSupCon =

n∑
i=1

−1

|P (i)|
∑

p∈P (i)

log
exp(sim(vi · vp)/τ ′)∑

a∈A(i) exp(sim(vi · va)/τ ′)
, (4)

where A(i) denotes the set of samples in a minibatch, P (i) ≡ {p ∈ A(i) : ỹp = ỹi}
indicates the set of samples share the same labels with the anchor in a minibatch.
After pre-training, we can use the method in Section 3.1 to get the prototype
matrix of the source domain Ms.

3.3 Domain-Specific Feature Learning

The goal of this part is to learn the discriminative features of each domain. In-
spired by self-supervised contrastive learning using instance discrimination in [3]
to learn knowledge from unlabeled data, we use it to learn the features of the tar-
get domain. However, instance discrimination-based self-supervised contrastive
learning treats samples from different instances as negative sample pairs with-
out considering the semantic similarity of the samples, resulting in the learned
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features lacking high-level semantic structure. Inspired by some algorithms that
learn semantic structure through clustering, we learn the semantic structure of a
category by keeping a sample close to its corresponding prototype while staying
away from other prototypes. This is exactly what prototype contrastive learning
does. So the domain-specific loss in target domain can be written as:

Ltarget =
1

Nt

Nt∑
i=1

LInfoNCE(z
t
i) + λt ·

1

N trust
t

Ntrust
t∑
j=1

wt
yt
j
· LCE(P

t
j , y

t
j), (5)

where w is class weight, Its calculation method is in Section 3.5. λt is a weight
from 0 to 1 to suppress the noisy signal from the pseudo-label of target data.
Specifically, we set λt =

2
1+exp(−10p) −1, where p is the training progress linearly

changing from 0 to 1.
Following the suggestion of work [21], we use both supervised contrastive

learning and prototype contrastive learning to learn source domain features to
ensure that the model maintains a low error rate in the source domain. So the
domain-specific loss in source domain can be written as:

Lsource =
1

Ns

Ns∑
i=1

(LSupCon(z
s
i ) + ws

ys
i
· LCE(P

s
i , y

s
i )). (6)

And the loss for domain-specific feature learning is:

Lin = Ltarget + Lsource. (7)

3.4 Cross-Domain Feature Fusion

Category-level Alignment. Many existing unsupervised domain adaptation
methods use MMD to minimize domain distribution differences or use adver-
sarial methods to maximize domain fusion to perform domain alignment. Both
methods are performed at the domain level, however, domain distribution align-
ment does not guarantee alignment between categories. Performing category-
level alignment can better align the features of the two domains. We consider
that if the source domain and target domain are already aligned, the prototypes
of the source domain should also have a good classification effect on the target
domain, and vice versa, the prototypes of the target domain should also classify
the source domain samples well. Based on the above assumptions, we perform
category-level domain alignment by forcing samples to be close to the corre-
sponding prototype of another domain and away from the prototypes of other
categories.

In particular, given a source domain sample xs
i and target domain prototype

matrix Mt = {µt
j}kj=1, we first compute the features of xs

i Vector zsi = g(f(xs
i )),

and then calculate the similarity distribution between zsi and Mt, with P s→t
ij =

softmax(zsi ·Mt). Then we use the cross-entropy loss function to maximize the
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similarity of xs
i with the corresponding prototype and minimize the similarity

with other prototypes, which is:

Ls→t
cross =

Ns∑
i=1

ws
ys
i
· LCE(P

s→t
ij , ysi ). (8)

Similarly,we can compute Lt→s
cross, and the final loss for category-level align-

ment is:
Lcross = Ls→t

cross + Lt→s
cross. (9)

Domain-Level Alignment. Adversarial domain adaptation methods usually
include a discriminator to identify which domain the sample comes from. But
in our method, we do not set an additional domain discriminator. Inspired by
[28], we utilize the trainable prototypes of the source and target domains to
form a domain discriminator. Specifically, given a sample xi, we first obtain
its feature vector zi = g(f(xi)) and then calculate the similarity between zi
and the prototype matrices of the two domains respectively: sim(zi,Ms) = zi ·
Ms, sim(zi,Mt) = zi · Mt, Then we concatenate sim(zi,Ms) and sim(zi,Mt)
and apply softmax to form P st = softmax([sim(zi,Ms), sim(zi,Mt)]). Define
αs
i =

∑k
i=1 P

st as the score of sample belonging to the source domain and
αt
i =

∑2k
i=k+1 P

st as the score of sample belonging to target domain. For a
sample of the source domain, αs

i should be greater than αt
i. Similarly, For the

target domain sample, αt
i should be greater than αs

i . The domain discriminator
should try to distinguish whether the samples are from the source domain or the
target domain. Therefore, we train the domain discriminator with

Ldis = − 1

Ns

Ns∑
j=1

log(

k∑
i=1

P st
j (xs

j))−
1

Nt

Nt∑
j=1

log(

2k∑
i=k+1

P st
j (xt

j)). (10)

According to the idea of an adversarial network, the feature extractor is de-
signed to learn domain-invariant features, which does the opposite to the domain
discriminator, so we optimize the feature extractor by the following formula to
make it have an adversarial relationship with the domain discriminator.

Lst = − 1

Nt

Nt∑
j=1

log(

k∑
i=1

P st
j (xt

j))−
1

Ns

Ns∑
j=1

log(

2k∑
i=k+1

P st
j (xs

j)). (11)

So the adversarial loss for domain-level alignment is:

Lad = Ldis + Lst. (12)

3.5 Obtain class weights and a adaptative threshold

Class imbalance is a common problem in facial expression datasets, and under-
standably: it is much easier to collect a happiness or sadness expression than an
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anger or disgust expression. Some previous works [13,15] set a learnable class-
wise weighting parameter to explore the class distribution of the target domain
to match the distribution of the source domain. We believe that it is inappropri-
ate to simply make the distribution of the target domain match the distribution
of the source domain, because the distribution of the source domain may itself be
unbalanced, the impact of imbalance is that the classifier tends to discriminate
the samples as those expressions that are easy to recognize. If the distribution of
the target domain matches the distribution of the source domain, this classifier
bias will be transmitted to the target domain. So we set the category weights
of the two domains separately so that they are both on a relatively balanced
distribution. Specifically, we calculate the class weights in the following way:

wi = 1− (
ni∑k
j=1 nj

)2, (13)

where ni is the number of category i.
When generating pseudo-labels for the target domain, we take samples with

label confidence greater than a certain threshold as trust samples, and use these
samples to train prototypes. How to set an appropriate threshold is a relatively
difficult matter, because different datasets have different degrees of difficulty in
identification. For the more difficult datasets, we hope to set a lower threshold
to ensure that the trust samples can occupy a certain proportion. Moreover, for
different categories in a dataset, the samples that are easier to identify will always
get a higher confidence level, and the difficult categories have a low confidence
level, which leads to a small proportion of difficult samples in the trust sample
set, which is not conducive to training prototypes. Considering these we set up
an adaptive threshold generation method, specifically, for the category i of target
domain Dt, its threshold is set as

thresholdi = avgci + (maxci − avgci) ∗ (1− avgcβi ), (14)

where avgci is average confidence of samples judged to be category i, maxci is
the maximum confidence of the sample that is judged to be category i. β a is
a hyperparameter that trades off pseudo-label noise and the number of trusted
samples, a larger value indicates a stricter threshold policy.

3.6 Overall Objective

In the second stage, we update the four modules shown in Fig.1: encoder f(·),
profection head g(·) , source prototypes matrix Ms and target prototypes matrix
Mt. Based on the above, we have the following training objective for POCAN :

min
f,g

Lin + Lcross + Lst. (15)

min
Ms,Mt

Lsp + Ltp + Ldis. (16)

We iteratively take turns training the feature extractor and prototype matrixes.
First, we train the encoder and the projection head via Eq. (15), and second, we
update the source and target domain prototype matrix via Eq. (16).
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4 Experiments

4.1 Databases

CK+ [16]: The Extended CohnKanade (CK+) dataset is a lab-controlled dataset
that consists of 593 video sequences from 123 subjects. Only 309 sequences are
labeled with six basic expression labels based on the Facial Action Coding Sys-
tem (FACS). Following previous work [2], we select the three frames with peak
formation and the first frame(neutral face) from 309 sequences, resulting in 1,236
images. The dataset is divided into a training set of 1,125 and a test set of 129
images.
JAFFE [17]: The Japanese Female Facial Expression (JAFFE) database is a
laboratory-controlled dataset that contains 213 samples of posed expressions
from 10 Japanese females. Each person has 3-4 images annotated with one of
the six basic expressions and one image annotated with a neutral expression.
This database is challenging because it is a highly biased dataset in terms of
gender and ethnicity. All images were used in our experiments.
Oulu-CASIA [33]: The Oulu-CASIA is a lab-controlled facial expression dataset
consisting of six expressions (except neutral) from 80 people between 23 and 58
years old. Similar to CK+, we select the last three frames with peak information
and the first frame (neutral face) from the 480 videos with the VIS System under
normal indoor illumination, resulting in 1,920 images.
FER2013 [7]: It is a large-scale and unconstrained dataset collected automat-
ically by the Google image search API. It contains 35,887 gray images of size
48 × 48 pixels, and each image is annotated with seven basic expressions. The
dataset is further divided into a training set of 28,709 images, a validation set
of 3,589 images, and a test set of 3,589 images.
SFEW2.0 [5]: The Static Facial Expressions in the Wild(SFEW) 2.0 is a real-
world facial expression dataset that was created by selecting static frames from
different films with spontaneous expressions, various head pose, age range, occlu-
sions, and illuminations. This challenging dataset is divided into three groups:
958 training sets, 436 validation sets, and 372 test sets. In our experiments, only
the training set and validation set provided with labels is used.
RAF-DB [14]: The Real-World Affective Face Database(RAF-DB) is a real-world
dataset collected from the Internet. With manually crowd-sourced annotation
and reliable estimation, seven basic and eleven compound emotion labels are
provided for the samples. The dataset contains 15,339 images from thousands
of individuals and is divided into two groups (12,271 training samples and 3,068
testing samples) for evaluation.

4.2 Experimental Details

We use ResNet-50 pre-trained on the VGG-FACE2 [1] dataset without fully
connected layers as the encoder. A two-layer MLP is used as the projection head
to map the output of the encoder into a 256-dimensional vector. Both the encoder
and projection head outputs are normalized using L2-normalizing. All images are
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resized to 112× 112. In the first stage, we train for 300 epochs using stochastic
gradient descent (SGD) with an initial learning rate of 0.001, a momentum of
0.9, and weight decay of 0.00001. We use cosine descent to adjust the learning
rate. In the second stage, we alternately train the encoder, projection head, and
prototypes for about 20 epochs. We use SGD with the same momentum and
weight decay as the first stage. The learning rates for the feature extractor and
projection head are set to 0.00001, and the learning rates for the source and
target prototypes are initialized to 0.0001, divided by 10 after about 10 epochs.

4.3 Comparison Results

It is difficult to compare the results of cross-domain facial expression recogni-
tion across literature because the feature extractors used in different literature
and the selection of source domains are different. Fortunately, the work [2] con-
structs a unified CD-FER evaluation benchmark by re-implementing some ex-
cellent cross-domain recognition algorithms in the literature, ensuring that these
algorithms use the same source/target datasets and feature extractors to achieve
fair CD-FER evaluation. Therefore, for the fairness of the comparison, according
to the previous work [2], we use ResNet-50 as the encoder and RAF-DB as the
source domain.

Table.1. report the results of cross-domain recognition on three lab-controlled
datasets. Table.2. report the results of cross-domain recognition on two in-the-
wild datasets. Note that DT refers to directly transferring the model to the
target domain after pre-training on the source domain (that is, after the first
stage). As shown in the tables, when using the same encoder and source domain
datasets, our method achieves the best accuracy on JAFFE and the second-best
results on CK+, FER2013 and SFEW2.0 datasets. There is only one dataset on
which our method does not show better results: Oulu-CASIA. Only ECAN [15]
conducts cross-domain recognition experiments on Oulu-CASIA, and it uses a
different pre-trained model and source domain than ours. It has a DT accuracy
of 59.39%, which is much higher than our DT accuracy 53.90%, which may
be responsible for the difference in performance. It should be pointed out that
AGRA [2] used landmark information as local features, and we do not use any
additional feature information. Nonetheless, our method achieves competitive
performance on both lab-controlled and in-the-wild datasets.

4.4 Empirical Analysis

Ablation Study. Our POCAN have three important loss : domain-specific fea-
ture learning Lin, category-level alignment loss Lcross and adversarial loss for
domain-level alinment Lad. Therefore , We examine the effectiveness of each
component of our method by remove each loss while keeping other loss. We
also detect the effect of class imbalance. The experimental results are shown
in Table 3. From the results of ablation experiments we can see that both in-
domain feature learning and domain alignment are important in our method.
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Table 1. Cross-domain accuracy(%) comparison on CK+, JAFFE and Oulu-CASIA
dataset.

Method Source Backbone CK+ JAFFE Oulu-
CASIA

STCNN [8] MMI+FERA Inception-
ResNet 73.91 - -

GDFER [19] Sixdatasets† Inception 64.20 - -

ICID [10] RAF-
DB+MMI+SFEW DarkNet-19 88.7 - -

ICID [10] RAF-DB+MMI DarkNet-19 84.5 - -
DFA [35] CK+ Customized - 63.38 -

FTDNN [32] Sixdatasets⋆ VGGNet 88.58 44.32 -
DETN [13] RAF-DB Customized 78.83 57.75 -
ECAN [15] RAF-DB 2.0 VGGNet 86.49 61.94 63.97
AGRA [2] RAF-DB ResNet-50 85.27 61.50 -
ICID [10] RAF-DB ResNet-50 74.42 50.70 -
DFA [35] RAF-DB ResNet-50 64.26 44.44 -

FTDNN [32] RAF-DB ResNet-50 79.07 52.11 -
DETN [13] RAF-DB ResNet-50 78.22 55.89 -
ECAN [15] RAF-DB ResNet-50 79.77 57.28 -

DT RAF-DB ResNet-50 76.74 52.11 53.90
POCAN(Ours) RAF-DB ResNet-50 84.50 64.32 55.83

The upper part is taken from the corresponding papers, the middle part is taken
from [2], the bottom part are generated by our implementation.
† MultiPIE, CK+, DISFA, FERA, SFEW, and FER2013.
⋆ CK+, JAFFE, MMI, RaFD, KDEF, BU3DFE, ARFace.

Table 2. Cross-domain accuracy(%) comparison on FER2013 and SFEW2.0 dataset.

Method Source Backbone FER2013 SFEW2.0
GDFER [19] Sixdatasets† Inception 34.00 39.80
DETN [13] RAF-DB Customized 52.37 47.55
ECAN [15] RAF-DB 2.0 VGGNet 58.21 54.34
AGRA [2] RAF-DB ResNet-50 58.95 56.43
ICID [10] RAF-DB ResNet-50 53.70 48.85
DFA [35] RAF-DB ResNet-50 45.79 43.07

FTDNN [32] RAF-DB ResNet-50 55.98 47.48
DETN [13] RAF-DB ResNet-50 52.29 49.40
ECAN [15] RAF-DB ResNet-50 56.46 52.29

DT RAF-DB ResNet-50 54.73 47.49
POCAN(Ours) RAF-DB ResNet-50 58.87 53.44

The upper part is taken from the corresponding papers,the middle part is taken
from [2],the bottom part are generated by our implementation.
† MultiPIE, CK+, DISFA, FERA, MMI, and FER2013 or SFEW.
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Table 3. Ablation Study of the role of each loss function and category weights in our
method.

Method CK+ JAFFE Oulu FER2013 SFEW2.0 AVG

POCAN(w/o Lin) 80.62 57.75 55.26 57.70 51.65 60.60
POCAN(w/o Lcross) 76.74 58.21 52.18 58.34 53.30 59.75
POCAN(w/o Lad) 83.72 61.97 55.78 58.76 53.37 62.72

POCAN(w/o weights) 83.72 60.56 55.68 58.87 52.37 62.24
POCAN 84.50 64.32 55.83 58.74 53.44 63.37

Just doing domain alignment or in-domain feature learning yields mediocre re-
sults. Category-level alignment is more important than domain-level alignment,
which contributes little to the improvement of our experimental results. We can
also find that category-wise weights are beneficial to our approach.

(a) (b)

Fig. 2. (a) Performances w.r.t τ on CK+ and FER2013. (b) CK+ F1 scores after the
first stage and the second stage

Parameter Analysis. The hyperparameter τ has an important impact on
feature learning in the target domain. To examine the effect of this parameter
in our experiments, we show the accuracy of our method on the lab-controlled
dataset CK+ and in-the-wild dataset FER2013 under different τ . As shown in
Fig.2(a), our method benefits from a relatively large temperature parameter, and
0.5-0.7 is a suitable range. A extremely low temperature will seriously degrade
the performance of the model, and too high one will also degrade the performance
of the model. The smaller the temperature is, the more the loss function pays
attention to the difficult negative samples. The larger the temperature, the more
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Fig. 3. The t-SNE visualization of the feature representations learned by our proposed
method after the first stage (left) and the second stage (right) on CK+.

evenly the loss function pays attention to negative samples. Difficult negative
samples are likely to be samples of the same category as the anchor and too much
attention to these samples will destroy the high-level class semantics learned by
the model. Therefore the temperature is a parameter of a trade-off between
learning new features and retaining already learned features.

Visualization. We utilize t-SNE [18] to visualize the feature representations
of different domains at different training stages. As shown in Fig.3, after the
first stage, there is a difference in the distributions of the source and target
domains, and after domain adaptation, the distributions of the same classes in
different domains become closer, and the distribution of different categories in
the same domain is more separated. And Fig.2(b) shows the specific changes in
the accuracy of each category. The effectiveness of our method is demonstrated
intuitively.

5 Conclusion

In this paper, we propose POCAN for unsupervised cross-domain facial expres-
sion recognition research. We parameterize the prototypes to make them learn-
able variables, reducing the computational effort of traditional prototype com-
puting methods. We carry out a two-stage training approach, wherein in the
first stage we pre-train on the source domain to acquire semantically meaningful
features, and in the second stage, we simultaneously perform domain-specific
feature learning and two levels of domain alignment. Moreover, the problem of
category imbalance in facial expression datasets is considered and we propose
an adaptive threshold method to select trusted target samples. We conduct ex-
tensive experiments on both lab-controlled and in-the-wild datasets, and our
method exhibits competitive results.
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