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Abstract—Most facial expression recognition (FER) models
are trained on large-scale expression data with centralized
learning. Unfortunately, collecting a large amount of centralized
expression data is difficult in practice due to privacy concerns
of facial images. In this paper, we investigate FER under
the framework of personalized federated learning, which is
a valuable and practical decentralized setting for real-world
applications. To this end, we develop a novel uncertainty-Aware
label refineMent on hYpergraphs (AMY) method. For local
training, each local model consists of a backbone, an uncertainty
estimation (UE) block, and an expression classification (EC)
block. In the UE block, we leverage a hypergraph to model
complex high-order relationships between expression samples
and incorporate these relationships into uncertainty features. A
personalized uncertainty estimator is then introduced to estimate
reliable uncertainty weights of samples in the local client. In
the EC block, we perform label propagation on the hypergraph,
obtaining high-quality refined labels for retraining an expression
classifier. Based on the above, we effectively alleviate hetero-
geneous sample uncertainty across clients and learn a robust
personalized FER model in each client. Experimental results on
two challenging real-world facial expression databases show that
our proposed method consistently outperforms several state-of-
the-art methods. This indicates the superiority of hypergraph
modeling for uncertainty estimation and label refinement on the
personalized federated FER task. The source code will be released
at https://github.com/mobeil006/AMY.

Index Terms—Facial expression recognition, Federated learn-
ing, Hypergraph Networks

I. INTRODUCTION

VER the past few decades, facial expression recognition
(FER) has received considerable attention with a variety
of applications, including social robotics and human-computer
interaction. The main goal of FER is to classify the input facial
image into one of the expression categories, including anger
(AN), disgust (DI), fear (FE), happiness (HA), sadness (SA),
surprise (SU), and neutrality (NE).
A large number of FER methods [1]-[10] have been devel-
oped and achieved promising performance in unconstrained
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Fig. 1: Illustration of the challenges of heterogeneous expres-
sion data and heterogeneous sample uncertainty. The uncer-
tainty arises from low-quality/ambiguous expression samples
and noisy labels. The degree of sample uncertainty varies for
client 7 and client j. The images are taken from the RAF-DB
database [17].

scenarios. These methods typically rely on large-scale expres-
sion images to be collected and shared for centralized training.
However, collecting and sharing a large number of expression
images is a great challenge due to privacy concerns and the
sensitivity of facial images. In many practical applications,
expression images are often distributed across local clients
and are not shared. Consequently, how to exploit decentralized
expression data for FER merits further investigation.

To address privacy concerns associated with centralized
learning, federated learning (FL) [11] has recently emerged
as a promising decentralized learning paradigm. FL often
learns a global model by aggregating locally trained model
parameters. Some recent methods [12]-[15] study FER within
the framework of FL, capitalizing on its characteristics to learn
a global FER model through local training. Regrettably, due
to the differences in user behavior and preferences, the data
on each client may be inconsistent, making the global model
struggle to adapt to local clients effectively [16]. Therefore,
customizing personalized models tailored to individual clients
becomes essential. In this paper, we study personalized feder-
ated FER (PF-FER), which aims to learn a personalized FER
model in each client rather than obtaining a global model.
Such a way allows each client to better adapt to local data
and achieve improved recognition performance.

For PF-FER, facial expression data scattered across different
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clients pose a problem of heterogeneity due to different user
preferences. In particular, the uncertainty arises from low-
quality/ambiguous expression samples and noisy labels on
local data. This leads to heterogeneous sample uncertainty,
which is detrimental to the learning of expression features in
each client since the local model easily overfits some uncertain
samples (such as noisy labeled samples). As shown in Fig. 1,
the degree of sample uncertainty varies across different clients.
Therefore, it is critical to suppress heterogeneous sample
uncertainty in PF-FER.

Recent FER methods [18]-[21] focus on sample uncertainty
suppression. One representative work is self-cure network
(SCN) [18], which leverages a self-attention mechanism to
learn the importance weights of images. Based on these
weights, SCN further relabels uncertain samples according to
the classifier outputs. Lei et al. [22] address sample uncertainty
based on graph embedding. Note that the above FER methods
work on centralized learning and are not designed for PF-
FER, in which heterogeneous sample uncertainty is a main
challenge. Moreover, they either ignore sample relationships
or only consider the pairwise (i.e., first-order) connections
between samples. In other words, high-order relationships
that involve complex interactions between multiple expression
samples are not well exploited. As a result, these methods
usually give unreliable uncertainty estimation and incorrect
relabeling results.

To address the aforementioned challenges, we develop a
novel uncertainty-Aware label refineMent on hYpergraphs
(AMY) for PF-FER. In AMY, we propose to leverage hyper-
graph networks to model the intricate high-order relationships
between multiple samples on local data, where we introduce
a personalized module in each client. This enables us to
effectively estimate sample uncertainty and perform label
correction, achieving a robust and accurate local model.

Specifically, for local training, each client is composed
of a backbone, an uncertainty estimation (UE) block, and
an expression classification (EC) block. In the UE block,
we capture the uncertainty relationships between samples
based on a hypergraph network. Then, these relationships are
encoded into the uncertainty features. Based on these features,
a personalized uncertainty estimator is leveraged to reliably
estimate the uncertainty weights of samples. We also employ
a weight regularization loss to explicitly enlarge the differ-
ences between weights from certain samples and uncertain
samples. In the EC block, we perform label propagation on
the hypergraph, obtaining refined labels. These refined labels
are combined with the model predictions to obtain final high-
quality labels for retraining an expression classifier.

After local training on each client, the local models and
local class prototypes are uploaded to the server. The server
aggregates these models and prototypes and then sends the ag-
gregated results back to each client for regularization, reducing
the influence of heterogeneous expression data.

Our contributions can be summarized as follows:

« To the best of our knowledge, we are the first attempt to

address heterogeneous sample uncertainty in the person-
alized FL framework for FER (i.e., PF-FER).
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« We jointly perform uncertainty learning and label prop-
agation based on hypergraph modeling that captures the
complex relationships between expression samples. As a
result, reliable uncertainty weights and high-quality label
refinement results are obtained for retraining a robust
FER model in the local client.

« We conduct experiments on two challenging real-world
facial expression databases to validate the effectiveness
of our method against several state-of-the-art uncertainty
learning methods and personalized FL. methods.

The remainder of this paper is organized as follows. First,
we give the related work in Section II. Then, we describe our
proposed method in detail in Section III. Next, we perform
extensive experiments on the two challenging facial expression
databases in Section IV. Finally, we draw the conclusion in
Section V.

II. RELATED WORK

In this section, we briefly review the methods closely related
to our method. We first introduce facial expression recognition
methods in Section II-A. Then, we introduce several state-of-
the-art federated learning methods in Section II-B. Finally,
we reivew some methods related to graph neural networks in
Section II-C.

A. Facial Expression Recognition (FER)

With the advance of deep learning, deep neural network-
based FER methods [6]-[8], [23]-[25] have gained promi-
nence. These methods learn discriminative expression features
by either designing loss functions or performing disturbance
decoupling. Xie et al. [6] develop a novel triplet loss based
on class-wise boundaries and multi-stage outlier suppression
for FER. Gu et al. [7] design a simple yet effective facial ex-
pression noise-tolerant network (FENN), which explores inter-
class correlations to reduce the ambiguity between similar ex-
pression categories. Chen et al. [8] introduce a multi-relations
aware network (MRAN) that focuses on both global and local
attention features, and learns multi-level relationships to obtain
effective expression features.

In recent years, some methods focus on addressing sample
uncertainty in FER. Wang et al. [18] employ a self-attention
mechanism to estimate sample uncertainty. She et al. [19]
adopt the similarity between samples and labels for uncertainty
estimation. Zhang et al. [20] propose a relative uncertainty
learning (RUL) method for FER. Lei et al. [22] introduce a
graph embedded uncertainty suppressing (GUS) method.

The above methods mainly study centralized learning on
large-scale expression data. Different from these methods, we
investigate the PF-FER task for privacy protection. Such a
task allows multiple decentralized clients to learn personal-
ized local models collaboratively without sharing their private
expression data.

B. Federated Learning (FL)

Recently, FL [26]-[28] has emerged as an effective decen-
tralized learning paradigm that enables collaborative training
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of multiple clients in a privacy-preserving manner. The pre-
dominant FL method is FedAvg [11], which obtains a global
model by averaging model parameters trained on local clients.
However, the performance of FedAvg is greatly affected when
learning on non-IID data (i.e., heterogeneous data). Numerous
efforts [29], [30] have been made to alleviate this problem.
FedProx [29] rectifies model biases by incorporating a proxi-
mal term. CCVR [30] retrains classifiers by sampling virtual
features from an approximate Gaussian mixture model. Zhang
et al. [12] develop a federated spatiotemporal incremental
learning method that leverages lifelong learning and federated
learning to continuously optimize models on distributed edge
clients. You et al. [13] introduce auxiliary clients involving
auxiliary datasets related to federated learning tasks and gen-
erate Mixup templates for clients, addressing the privacy issues
faced by Mixup-based methods.

Some recent works study FER under the FL framework.
FedNet [15] applies the federated averaging mechanism to
learn a global expression classification model. FedAffect [31]
explores FER under the few-shot FL setting. The above
methods learn a global model by aggregating information from
clients. However, the global model may not work well for
local clients. Moreover, these methods do not account for the
ubiquitous sample uncertainty on the PF-FER task, leading to
sub-optimal performance.

Instead of training a global model, personalized FL [16]
acknowledges the heterogeneity of data among clients by
constructing a personalized model for each client. FedProto
[32] aggregates the local prototypes collected from clients,
and then sends the global prototypes back to all clients to
regularize local training. Huang et al. [33] introduce FedAMP,
which employs federated attention message passing to enhance
collaboration between similar clients. Niu and Deng [34]
introduce gradient correction for federated face recognition.
Liu er al. [35] learn personalized models via a decoupled
feature customization module.

Salman and Busso [14] are the first to study PF-FER. They
aggregate local models to obtain a global model and design
an unsupervised penalization strategy for video-based FER. In
this paper, we also work on PF-FER, where we innovatively
introduce hypergraph networks and take advantage of a per-
sonalized uncertainty estimator to mitigate the adverse effect
of heterogeneous sample uncertainty in local training, aligning
well with practical scenarios.

C. Graph Neural Networks (GNNs)

GNNs have shown superiority in modeling data relation-
ships. Some FER methods [25], [36] adopt GNNs to model
pairwise (i.e., first-order) relationships between samples for
classification. Nevertheless, such pairwise relationships are
inferior in capturing complex interactions across vertices.
Recently, hypergraph networks have been employed to model
high-order correlations among data, where each hyperedge
can involve multiple vertices. Feng et al. [37] propose a
hypergraph neural network (HGNN) to encode high-order
data correlations for representation learning. Zhang et al. [38]
introduce a hypergraph label propagation network (HLPN) to
optimize feature embeddings.

IEEE Transactions on Circuits and Systems for Video Technology

In our PF-FER task, each client involves the uncertainty
arising from low-quality/ambiguous expression samples and
noisy labels. Since the data distribution is heterogeneous
across different clients, PF-FER suffers from heterogeneous
sample uncertainty. Conventional methods only consider the
pairwise connections between expression images and ignore
high-order relationships (which can indicate different levels of
relation). As a result, these methods usually give unreliable un-
certainty estimation and incorrect relabeling results. To address
this problem, we introduce the hypergraph neural network to
model the intricate high-order relationships between multiple
samples on local data. This enables us to effectively estimate
sample uncertainty and perform label correction. This in turn
greatly addresses heterogeneous sample uncertainty across
local clients.

III. PROPOSED METHOD

In this section, we elaborately introduce our proposed
method for PF-FER. First, we give the preliminaries and
notations in Section III-A. Then, we provide an overview
of our method in Section III-B. Subsequently, we present
technical details of the uncertainty estimation block and the
expression classification block in Section III-C and Section
III-D, respectively. Finally, we summarize the global training
of our method in Section III-E.

A. Preliminaries and Notations

The objective of PF-FER is to collaboratively train a person-
alized FER model in each client by communicating between
clients and the server without disclosing raw expression data.

Suppose that we have K clients and each client has C
expression categories, where the model parameters and the
local data in the k-th client are denoted as wj, and D, re-
spectively. The expression data over clients are assumed to be
non-IID. During local training, a batch of expression samples
{x¥ yF¥}N |, where N represents the number of images in a
batch, and x¥ and y¥ € {1,...,C} respectively represent the
i-th facial expression image and its corresponding label in the
k-th client, is randomly sampled from DF.

B. Overview

Our AMY method follows two representative FL. methods
(a traditional FL. method FedAvg [11] and a personalized FL.
method FedProto [32]). It consists of a server and multiple
clients. During each round of training, the server distributes
its current model and global class prototypes to some selected
clients. Then, each selected client trains the local model on its
own expression data, and only sends the model update and its
local class prototypes to the server. Note that a personalized
uncertainty estimator is trained exclusively in each client
and does not share its model parameters. Next, the server
aggregates model updates and local class prototypes from
those selected clients. The above steps iterate several training
rounds and personalized local models are finally learned on
multiple clients.

An overview of our proposed AMY method is shown in
Fig. 2. Each local model is comprised of three components
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Fig. 2: Overview of our proposed AMY method. Each local model is comprised of a backbone, an uncertainty estimation (UE)
block, and an expression classification (EC) block. A personalized uncertainty estimator (PUE) is private to each client and

not uploaded to the server, enabling personalized training.

in each client: a backbone (we adopt the simple ResNet-18
in this paper), an uncertainty estimation (UE) block, and an
expression classification (EC) block. For the local data in each
client, the deep feature is initially extracted by the backbone.

On the one hand, the UE block first employs a multi-layer
perception (MLP) to extract the compact feature from the
deep feature. Then, the compact feature is fed into a hyper-
graph neural network (HGNN) to model complex relationships
between samples, obtaining the relational feature. Next, the
relational feature and the compact feature are concatenated to
generate the uncertainty feature, which is then fed into a per-
sonalized uncertainty estimator to give an uncertainty weight
for each sample. The personalized uncertainty estimator is
private to each client and not uploaded to the server, enabling
personalized training. We also adopt a weight regularization
loss [18] to explicitly enlarge the differences between weights
from certain samples and uncertain samples.

On the other hand, the EC block classifies the input into one
expression category. It first employs an MLP to extract the
expression feature from the deep feature and then performs
label propagation on a hypergraph (HLPN), obtaining the
refined labels. Finally, the refined labels are combined with
model predictions to obtain the final label refinement results
for retraining the expression classifier.

C. Uncertainty Estimation (UE) Block

The UE block is designed to estimate the sample uncertainty
on the client, where higher weights will be assigned to

uncertain samples (i.e., the samples with a high degree of
uncertainty). Existing methods either employ a fully connected
layer or a simple graph structure to estimate the sample uncer-
tainty. However, such ways may not be sufficient for modeling
complex high-order relationships in facial expression images,
generating unreliable uncertainty weights. To address this
problem, we take advantage of hypergraph modeling, which
offers great flexibility in representing data connections and
exhibits superior capability in capturing complex relationships,
to enable more reliable uncertainty estimation.

Given xf in the k-th client, we denote the deep feature

extracted from the backbone as df Then, the compact feature
is extracted by an MLP and denoted as ¢¥. The compact feature
is further fed into an L-layer HGNN [37] for learning high-
order relationships.

The hypergraph is denoted as G = (V,E, W), where
V = {v,...,un} represents the vertex set (each vertex
represents a compact feature corresponding to a facial expres-
sion image), F = {e1,...,en} represents the hyperedge set
(each hyperedge is formed by connecting a vertex to its K
nearest neighbors, resulting in /N hyperedges connecting K +1
vertices each). The K nearest neighbors are determined based
on the Euclidean distance between vertices. W, € RN*N
is a weight matrix denoting the weights of the hyperedges.
The distance between two vertices is measured by a Gaussian
kernel function. The hypergraph structure can be represented
by an incidence matrix H,, € RN*" For a given vertex v € V
and a hyperedge e € E, the element H,, (v, €) in the incidence
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matrix is defined as

Hu<v,e):{ 0 e ()

For a vertex v € V, its degree is defined as d(v) =
Yecr Wule,e)Hy (v, e). For an edge e € FE, its degree is
defined as d(e) = > . Hu(v,e). Dy. and Dy, denote
diagonal matrices for edge and vertex degrees, respectively.

We consider the relational features as a hypergraph signal
denoted by X! € RN*Ct where C; represents the dimension
of the feature at the /-th layer. The convolution operation in
the hypergraph convolutional network is formulated as

X+ = 5(D;/?*H,W,D;'HID; /?X'0), )

ue

where © € R¢*Cit+1 denotes the learnable parameters and o
is a non-linear activation function. X° = [c¥ ... ¢k ] is the
input signal for the hypergraph neural network.

Based on the above, we transform the compact feature cf
into a relational feature r¥ after L layers. Then, the uncertainty
feature u¥ is obtained by concatenating the compact feature
and the relational feature, i.e.,

uf = concat(c¥, r¥), 3)

177

where ‘concat(-)” denotes the concatenation operation.

Due to heterogeneous sample uncertainty across clients,
using a common model to predict sample uncertainty in
each client cannot guarantee the optimal performance. Instead,
we make use of a personalized uncertainty estimator trained
exclusively in the local client. The network structure of
the personalized uncertainty estimator consists of two fully
connected layers, a PReLU function, and a Sigmoid function.
The output of the estimator is given as

/3f = Uncertain(uf)a “)

where Uncertain(-) denotes the uncertainty estimator and 3% €
[0, 1] denotes the uncertainty weight for the image x*.

In personalized federated learning, the personalized uncer-
tainty estimator does not upload parameters to the server
for aggregation and thus it is not affected by other clients.
Instead, it only leverages local data for training, indicating
that each client only relies on its unique local data to estimate
uncertainty. Such a way ensures that each client obtains
personalized uncertainty weights based on the uniqueness of
its data.

To explicitly distinguish certain samples and uncertain sam-
ples, we adopt the weight regularization loss [18] to ensure
meaningful uncertainty weights. Technically, we sort all the
samples according to uncertainty weights. Based on this, a
threshold ¢ is used to divide these samples into certain and
uncertain samples. The weight regularization loss is expressed
as

Lw = max{0,n — (B — BE)}, (5)

where 7 is the margin and 8} and S represent the weight
means of uncertain and certain samples, respectively.

Note that each client involves the uncertainty arising from
low-quality/ambiguous expression samples and noisy labels.
Uncertain samples are detrimental to the learning of expression
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features in each client since the local model easily overfits
these samples. Some existing FER methods use the GNN to
model relationships between samples for uncertainty estima-
tion. However, the GNN can only model pairwise relationships
among samples. In fact, the relationships between expression
images usually exhibit more complex high-order dependencies
that reflect interactions among multiple images. Hence, the
HGNN is introduced to model these complex relationships,
facilitating the network to identify intrinsic similarities and dif-
ferences between samples, thereby more accurately estimating
sample uncertainty.

D. Expression Classification (EC) Block

In the UE block, we estimate the uncertainty weight for
each sample, where the weights for uncertain samples are
higher than those for certain samples. Some uncertain samples
are potentially contaminated with noisy labels. Hence, it is
desirable to refine the labels of these uncertain samples, fa-
cilitating obtaining a more accurate local model. Conventional
relabeling methods [18] perform relabeling according to model
predictions. Such a strategy relies heavily on the model’s
inference ability. If the predicted labels by the model are not
accurate enough, it can affect the model’s accuracy. Ideally,
we should also consider the relationships between samples
to produce more accurate relabeling results. Motivated by
this, we perform label propagation on the hypergraph, which
involves transductive learning to update the labels according
to sample relationships.

In the EC block, we construct another hypergraph using
the K -nearest neighbors algorithm for label propagation. The
expression feature e¥ extracted from another MLP serves as
the basis for hypergraph construction. Each expression feature
is represented as a vertex, and the relationships between
samples constitute hyperedges. Hence, we generate a weight
matrix W, and an incidence matrix H.. Accordingly, D.. and
D., denote diagonal matrices for edge and vertex degrees,
respectively.

After constructing the hypergraph, we perform label prop-
agation on the hypergraph. Similar to HLPN [38], the closed-
form solution for calculating the predicted scores F, can be
obtained by solving the following equation

A 1 _ _ _ _
F,=(I+ X(I —D_/*H,W.D_'H'D/2))7'Y,  (6)

where Y is the original label matrix of samples, I denotes an
identity matrix, and A is a trade-off parameter to balance the
influence of the hypergraph structure regularizer.

Then, we transform the score matrix F,, into a probability
score matrix PLF = [plL LA ,pg’k] by the softmax function,
where piL’k represents a vector of propagated label probabili-
ties for the i-th image. Meanwhile, we obtain the probability
score matrix P5F = [pf L ,p}c"'\;k | according to the output
of the expression classifier and the softmax function, where
p,’" represents a vector of predicted class probabilities for
the i-th image. We estimate the labels based on the maximum
predicted class probability for each sample, expressed as

liL’]C = arg max(pf’k)7 (7
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15 = arg max(p™"). (8)

Meanwhile, we use uncertainty weights to select samples
with unreliable labels for label refinement. The label refine-
ment process can be defined as

y/ _ {ljoint

lorigin

where 3 denotes the refined label; § is a threshold; loigin

denotes the originally given label; liL’k and lf’k denote the

estimated labels for the i-th sample calculated in hypergraph

label propagation and predicted by the classifier, respectively.
ljoint indicates that liL * and lf’k are the same label.

Both the conventional graph-based and hypergraph-based la-
bel propagation methods aim to propagate labels from labeled
samples to unlabeled ones based on the underlying structure.
However, the key difference between them lies in the different
graph structures. Conventional graph neural networks can only
model pairwise relationships. In contrast, hypergraph neural
networks can capture high-order relationships, where each
hyperedge can connect multiple vertices. In this way, the label
information can be propagated more comprehensively across
the vertices, resulting in more accurate re-labeling results (as
validated in our ablation study in Section IV-B).

Note that we also leverage the uncertainty weights obtained
from the personalized uncertainty estimator to adjust the
expression classification loss Ly cp (in the form of logit-
weighted cross-entropy loss), which is expressed as

if g% > 6 and 118 = |F

otherwise,

(€))

L LB )
SN 1
Lwck N Z OgZ]C=1 cL=BE)FF(er)’ 1o

=1

where fjk represents the j-th expression classifier. Lyycg has
a positive correlation with (1 — 8F) [18].
Finally, the overall training loss in the k-th client is

Ly =Lwcr + M Lw + XaLp, (1

where A\; and Ay are two balancing parameters; Lp =
é Zle d(C? 7(_3?) regularizes the local training using class
prototypes, in which ‘d(-,-)’ denotes the distance measure (L
distance is used) between the local class prototype C? and the
global class prototype Cf for the j-th expression category (see
Section III-E for more details).

E. Global Training

After local training, we send the local models to the server.
Meanwhile, to mitigate the influence of heterogeneous data,
kyC
we calc.ulate the local class pro.totypes {C}} j=1 of the deep
expression features for each client and upload them to the
server. The above process is given as

1
k k
Ci=— E e;,

J xkeDk

j:17"'707 (12)

where D;? is a subset of the local dataset D* consisting of Df
training samples belonging to the j-th expression category.

6

Algorithm 1: The overall training of our method

Input: Local datasets; the number of clients K; local
epochs E; global rounds 7.
Qutput: Personalized trained models.
Server
1: for each round t =1,--- ;T do
2:  Randomly select a subset of clients .S; and send the
global model and global class prototypes learned at
round ¢ — 1 to clients.

3:  for each client k € S; do
4: Update the local model and local class prototypes.
5:  end for
6:  Obtain a new global model and global class
prototypes.
7: end for
Client

1. for each local epoch ¢ =1, --- , F do
2./l UE Block

3:  Use the UE block to obtain the uncertainty weights of

the samples.

4:  Update the local model by the stochastic gradient
descent (SGD) algorithm.

5. /I UC Block

6:  Use the EC block to relabel uncertain samples.

7: end for

8: Calculate local class prototypes.

9: return The local model and local class prototypes.

The server receives the local models and the local class
prototypes, and aggregates them to obtain the global model

w, and the global class prototypes {C{}5_,, calculated as
Wy = Y DrWi, (13)
kes
c/=> mC, j=1-.C (14)
kes

where pj represents the weight of the k-th client and S is a
randomly selected subset (i.e., active clients) from K clients.

The server sends the aggregated model and the global
class prototypes back to the clients. The above process is
iterated several times, enabling each client to learn an effective
personalized FER model. we summarize the overall training
of our method in Algorithm 1.

IV. EXPERIMENTAL RESULTS

In this section, we first introduce the experimental settings
in Section IV-A. Then, we conduct ablation studies in Section
I'V-B. Finally, we compare our method with several state-of-
the-art methods in Section IV-C.

A. Experimental Settings

We conduct experiments on two challenging real-world
facial expression databases: RAF-DB [17] and FERPlus [39].
The RAF-DB database contains 30,000 facial images. We use
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TABLE I: The average recognition accuracy (%) obtained by different variants of our method with the different values of «
on the RAF-DB and FERPlus databases. The best results are boldfaced.

Method RAF-DB FERPIus
a=0.1 a=0.5 a=1 a=5 a=10 a=0.1 a=0.5 a=1 a=5 a=10
Baseline 87.07 76.73 61.80  54.57 65.50 86.36 69.64 76.86 70.38 73.73
Baseline+UE w.0.W 90.21 80.65 71.83  68.60 69.81 86.68 83.37 76.90 75.61 7591
Baseline+UE 89.22 80.52 73.01 65.68 70.90 87.39 83.36 75.80 76.37 76.42
Baseline+UE+EC 90.97 80.70 7340 7197 71.52 88.23 83.93 77.79 76.83  77.30
seven basic expressions, including 12,271 training images and %0 SinglePUE | gs] 3
3,068 test images. The FERPlus database, an extension of Afm e K ‘\\‘
FER2013, contains 28,709 training images, 3,589 validation Sk - AL S e —
images, and 3,589 test images with eight expression categories. gm e g” \\“/ T S“;gl'efpi‘i': """ 3
In our experiments, all facial images are first resized to IR U= 5:0 | L
256 x 256 and subsequently randomly cropped to 224 x 224. 6: L A S T
We adopt ResNet-18 [40] as the backbone for all the com- ) B S S A S - _‘: AMYﬁ T

peting methods. We use a two-layer HGNN in the UE block.
We conduct experiments using PyTorch on a single NVIDIA
GeForce RTX 3090 GPU. We perform 100 communication
rounds, each involving 50% of active clients. The database
is partitioned into K=10 clients using a Dirichlet distribution
controlled by the « parameter (i.e., Dir(«w)), where the value
of a is set to 0.1, 0.5, 1, 5, or 10. A lower value of
« indicates a more heterogeneous distribution over clients.
Due to limitations of local device resources, local training is
performed for only one round, with a batch size of 32. The
optimization of local models uses the SGD algorithm with a
learning rate of 0.10. The margin 7 in Eq. (5) is set to 0.2.
The threshold ¢ for separating certain samples and uncertain
samples is empirically set to 0.7. The threshold ¢ in Eq. (9)
for updating labels is set to 0.6. The values of A; and As in
Eq. (11) are set to 0.8 and 1.0, respectively.

B. Ablation Studies

Some ablation results are given in Table I, Fig. 3, Fig. 4, and
Fig. 5. The baseline method is a combination of FedAvg and
FedProto, where ResNet-18 and a simple fully connected layer
are used for expression classification in each client. Unless
specified, the value of « is set to 5 in ablation studies.
Effectiveness of the Uncertainty Estimation (UE) Block.
From Table I, we can see that Baseline+UE achieves better
performance than Baseline under the different values of «,
indicating the effectiveness of our UE block, which leverages
a hypergraph neural network and a personalized uncertainty
estimator to estimate reliable uncertainty weights in the local
client.

To further show the advantages of high-order relationships
in the hypergraph, we also evaluate some competitors (includ-
ing SCN [18], GUS [22], and RUL [20]) of the UE block,
where these competitors are used to estimate the sample un-
certainty. We also evaluate a variant of the UE block (denoted
as Single-PUE) by only using the personalized uncertainty
estimator without the hypergraph network. The comparison
results are shown in Fig. 3. Among these competitors, our
method achieves the best results under the different values of
«. Our method also outperforms Single-PUE. These results
show the superiority of applying hypergraph modeling and

(a) RAF-DB (b) FERPlus

Fig. 3: Comparison of different competitors of the UE blo
ck at the different values of o on the RAF-DB and FERPlus
databases.

Accuracy (%)
&
Accuracy (%)

70

(a) RAF-DB (b) FERPlus

Fig. 4: Comparison of different competitors of the EC block
at the different values of o on the RAF-DB and FERPlus
databases.

the personalized uncertainty estimator to estimate sample
uncertainty.

Effectiveness of the Weight Regularization Loss. As shown
in Table I, without using the weight regularization loss, Base-
line+UE w.o. W gives much worse results than Baseline+UE,
indicating the importance of the weight regularization loss in
the UE block. By using the weight regularization loss, the
model can give meaningful uncertainty weights for expression
samples. These results are consistent with the experimental
results on SCN [18].

Effectiveness of the Expression Classification (EC) Block.
As shown in Table I, by employing the EC block, Base-
line+UE+EC achieves better results than Baseline+UE. This
indicates the importance of the EC block.

To further validate the superiority of label propagation
on the hypergraph, we evaluate several competitors of the
EC block. These competitors include the traditional label
propagation (LP) [41], the simple relabeling method (CO) that
performs relabeling by only using the classifier outputs as done
in SCN, and the combination of the above two competitors
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TABLE II: The average recognition accuracy (%) comparison on the RAF-DB and FERPlus databases with the different values

of . The best results are boldfaced.

RAF-DB FERPIus
Method Venue a=01 a=05 a=1 __a=5 a=10 | a=01 a=05 a=1 __a=5 _ a=I10
Local - 8876 6553 5118 4257 4275 | 8390 7219 6638  59.63  54.96
FedAvg AISTATS 2017 | 86.10 7276 5805 5444 6083 | 8676 6670 7542 7093 6881
FedProx MLSys 2020 | 87.16  73.82 5535 5292  53.19 | 8727 6862 7685 6677 6747
FedPer ArXiv 2019 8662 7370 5479 5147 6053 | 8756 6544 7445 6500 7144
pFedMe NeurlPS 2020 | 88.12 6143 5170 4146 3817 | 6924 6848 5156 4143  36.90
Ditto ICML 2021 890.73 6491 5262 4281 4426 | 8443 6788  67.16 5633  57.61
Fed AMP AAAI 2021 8459  56.19 4210 4871 4536 | 7482 5962 5946 5637 5655
FedProto AAAI 2022 8276  61.09 5058 4279 4426 | 80.54 6735 6490 5891 5641
FedRep CVPR 2023 8557 7864 5708 5532 6261 | 8647 7128 7690 7511  72.16
Baseline Z 87.07 7673 6189 5457 6550 | 8636  69.64 7686 7038 7373
Baseline+SCN  CVPR 2020 87.99  80.06 69.62 6859 6849 | 88.04 8293 7630 7593  74.68
BaselinetRUL  NeurIPS 2021 | 89.40 7696 7024 6697 67.14 | 8478  81.09 7431 6879  69.87
Baseline+GUS ~ ArXiv 2022 87.04 6515 5662 5495 5154 | 7377 5977 5658 5191  55.13
AMY (Ours) - 90.97 80.70 7340 7197 7152 | 8823 8393 7779 7683 77.30

TABLE III: The classification accuracy (%) obtained by dif-
ferent values of \; on the RAF-DB database.

TABLE V: The classification accuracy (%) obtained by dif-
ferent values of 1 on the RAF-DB database.

A1 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

7 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

acc  70.07 7098 7144 70.89 71.02 7144 T1.25 7197 7188 71.96

TABLE IV: The classification accuracy (%) obtained by
different values of A5 on the RAF-DB database.

acc 7096 71.97 6955 60.72 55.67 6145 5130 5240 5397

TABLE VI: The classification accuracy (%) obtained by
different values of K on the RAF-DB database.

A2 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
acc 6997 70.76 7020 68.92  70.81 69.56  70.76  71.21 7134 7197

(CO+LP). We also evaluate a variant (HLP) of the EC block,
where label refinement is only based on label propagation on
the hypergraph. The results are shown in Fig. 4. Traditional
label propagation (LP) only employs pairwise relationships
between expression samples, failing to comprehensively cap-
ture complex sample relationships. The relabeling method
using classifier outputs (CO) neglects the relationships among
expression data and depends solely on the model outputs
for label refinement. Compared with these competitors, our
method AMY consistently attains the best performance, high-
lighting the significance of leveraging high-order relationships
between expression samples for label refinement. Note that
our method achieves higher performance than HLP, showing
the effectiveness of combining the label refinement results
from both label propagation on the hypergraph and model
predictions.

Visualization of Uncertainty Weights. We visualize the
uncertainty weights obtained by SCN and our method AMY
during the training stage on the RAF-DB database. The results
are given in Fig. 5. Our method can give more reliable
uncertainty weights than SCN. This further validates the
effectiveness of the hypergraph network and the personalized
uncertainty estimator for learning uncertainty weights.
Influence of \;. In Table III, we evaluate the influence of
different values of A; in Eq. (11) on the final performance.
We can see that the model gives the best performance when
the value of Ay is 0.8. This indicates the importance of weight
regularization loss.

K 6 8 10 12 14 16 18 20
acc  70.62 7032 71.97 7023  69.80 70.67 71.14  69.95

TABLE VII: The classification accuracy (%) obtained by
different values of & on the RAF-DB database.

B 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
acc  63.14 6937 6216 7089 7090 71.97 7056 71.64 7174

Influence of \s. In Table IV, we conduct an ablation exper-
iment on the influence of Ay in Eq. (11). From Table IV, we
can observe that when the value of Ay becomes larger, the
performance of our method is also improved. Hence, the class
prototype regularization contributes significantly to enhancing
the final performance.

Influence of 7). In Table V, we conduct an ablation experiment
on the influence of 7 in Eq. (5) (which is used to distinguish
certain samples and uncertain samples). From Table V, we
can observe that the best performance is achieved when the
value of 7 is set to 0.2. When the value of 7 is too small, it
is difficult to distinguish between the two types of samples.
If the value of 7 is too large, the gap between the two
types of samples becomes too significant, leading to incorrect
uncertainty weight estimation.

Influence of the Number of Neighbors (X) in the Hy-
pergraph. In Table VI, we validate the influence of different
neighbor numbers (K) in the hypergraph on the performance.
We can see that a larger value of K does not necessarily
result in better performance, since the relationships between
samples may not be well captured with too many neighbors.
The optimal performance for the hypergraph is achieved when
the value of K is set to 10.
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TABLE VIII: The classification accuracy (%) obtained by the
different numbers of layers v in the HGNN on the RAF-DB
database.

v 1 2 3 4 5
acc 7033 7197 7123 70.54  70.21

TABLE IX: The classification accuracy (%) obtained by
different values of ( on the RAF-DB database.

¢ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
acc  68.19  70.21 7040 7053 7121 70.87 7197 7046  68.43

Influence of the Threshold § for Updating Labels. In Table
VII, we evaluate the influence of the threshold § in Eq. (9) for
updating labels. We can see that when the value of ¢ is set to
0.6, our method achieves the best results. Higher thresholds
may cause the problem that many noisy-labeled samples are
not updated. Meanwhile, lower thresholds can result in many
incorrect label refinements.

Influence of the Number of Layers in the HGNN. In
the UE block, we leverage an HGNN to model high-order
relationships between facial expression images. The number
of layers in the HGNN can greatly influence the performance.
We evaluate the number of layers in the HGNN on the final
performance. The results are given in Table VIII.

We can see that our method gives the best performance
when the number of layers in the HGNN is set to 2. Each
layer of the HGNN aggregates feature information from each
vertex and its neighborhoods. With the increasing number
of layers, information can be aggregated from more distant
vertices, allowing the model to capture broader contexts. On
the one hand, when the number of layers is too small, the
model fails to capture sufficient higher-order dependencies,
leading to unreliable uncertainty estimation, particularly in
scenarios where the clients suffer from heterogeneous sample
uncertainty under personalized federated learning. On the other
hand, when the number of layers is too large, the model
easily suffers from overfitting since it learns information from
irrelevant facial areas. Thus, the estimation of uncertainty
weights is also unreliable.

Influence of the Threshold for Separating the Certain
Sample Set and Uncertain Sample Set. In the UE block,
we use a threshold to divide the whole samples into a certain
sample set and an uncertain sample set. The certain sample
set (whose uncertainty weights are low) contains high-quality
expression samples that are beneficial for model training.
On the contrary, the uncertain sample set (whose uncertainty
weights are high) contains blurred or occluded samples, which
can degrade the model performance. We evaluate the influence
of different thresholds ¢ on the performance. The results
are shown in Table IX. Our method can obtain the best
performance when the threshold is set to 0.7.

Comparison Results on Centralized Learning. In this sec-
tion, we train our method on centralized learning, where only
the UE block and EC block are used to train a model with
all the training data. In Table X, we compare our method
with SCN [18] and FRDL [25]. Note that, different from
federated learning, a pretrained face model [18] is usually

IEEE Transactions on Circuits and Systems for Video Technology

Happiness Happiness Sadness

Surprise Surprise Surprise Anger

Fig. 5: Visualization of the uncertainty weights estimated by
SCN (the first row) and our method AMY (the second row)
on the RAF-DB database, where a larger weight indicates a
higher degree of uncertainty for a sample.

TABLE X: Performance comparisons between several methods
under centralized learning on the RAF-DB database. The
classification accuracy (%) is reported.

Method RAF-DB | RAF-DB (pretrain)
SCN w.o. Relabel 76.57 86.63
AMY w.o. Relabel 77.87 86.95
SCN 78.31 87.03
AMY 78.98 87.54
FDRL 80.12 89.47

used in centralized learning. Therefore, we also report the
results with the pretrained model. From Table X, we can
see that our method can achieve better performance than
SCN, indicating the feasibility of our method in centralized
learning. Note that our method performs worse than the state-
of-the-art FER method FDRL. This is because our method
is a very lightweight model (mainly based on ResNet-18),
which is desirable in federated learning (since the memory
capacity of local devices may be limited). On the contrary, the
state-of-the-art method FDRL relies on sophisticated network
design, which may not be applicable in PF-FER. The above
experiments further validate the effectiveness of our model in
the personalized federated FER task.

C. Comparison with State-of-the-Art Methods

We report the performance comparison between our method
and several state-of-the-art methods in Table II. The state-
of-the-art methods include traditional FL. methods (FedAvg
[11] and FedProx [29]), and representative personalized FL
methods (FedProto [32], FedPer [42], Ditto [43], pFedMe [44],
FedAMP [33], and FedRep [45]). In addition, we compare
with personalized FL methods that incorporate uncertainty
learning, including SCN [18], GUS [22], and RUL [20]. These
methods also employ the same baseline (FedAvg+FedProto)
as our method to ensure the fairness of our comparative
experiments. All the competing methods are trained using
publicly available codes under the same settings. The ‘Local’
method represents individual training for each client.

Our method AMY consistently outperforms the other com-
peting methods. The ‘Local’ method performs poorly as it
only trains the models locally, lacking knowledge from other
clients. Some personalized FL. methods (such as FedAMP)
achieve worse results than FedAvg and FedProx. This can be
ascribed to the simplicity of traditional FL. methods. Both tra-
ditional FL and personalized FL methods do not fully consider
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the challenge of heterogeneous sample uncertainty specific to
the PF-FER task. Baseline+SCN estimates uncertainty using a
single fully connected layer without considering relationships
between samples. Baseline+GUS and Baseline+RUL only
explore pairwise relationships between samples for uncertainty
estimation, neglecting high-order relationships. On the one
hand, our method addresses heterogeneous data across clients
using class prototype regularization. On the other hand, our
method captures complex relationships between samples using
hypergraphs, which can be used for both uncertainty prediction
and label refinement. The above results demonstrate that AMY
is highly effective for FER in the context of personalized
federated learning.

Note that in the traditional federated learning, a higher
degree of data heterogeneity increases the difficulty of training
the global model. The inconsistency in data distribution across
clients can greatly influence the learning of a global model that
aggregates information from local clients. However, in PF-
FER, we focus on the local models. When data heterogeneity
on the client is higher, the distribution of categories on that
client may become more extreme (e.g., the client may only
contain the images from the ‘happy’ category). Compared with
a more balanced category distribution, the local model can be
more easily fine-tuned in such an extreme case, leading to
improved performance in the client. Therefore, our method at
a = 1 achieves better performance than our method at o = 5
on FERPlus.

V. CONCLUSION AND FUTURE WORK

In this paper, we propose a novel method AMY, which
learns personalized FER models over clients in a privacy-
preserving manner, for PF-FER. AMY takes advantage of
hypergraphs to model complex relationships between ex-
pression samples. Based on hypergraph modeling, the local
model can give reliable uncertainty weights by a personalized
uncertainty estimator in the UB block and generate high-
quality label refinement results by label propagation in the EC
block. As a result, our proposed method effectively addresses
heterogeneous sample uncertainty across clients in PF-FER.
Experiments on two challenging real-world facial expression
databases validate the superiority of our method.

In our current method, we use a fixed threshold to divide
the whole samples into a certain sample set and an uncertain
sample set. However, relying on a single threshold may
not effectively adapt to all clients. In addition, during the
hypergraph label propagation process, we also use a fixed
threshold to determine which samples need to be relabeled.
In future work, we can use learnable parameters that can be
adjusted based on the local data distribution and uncertainty,
enabling more reasonable adaptation.
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