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ARTICLE INFO ABSTRACT
Keywords: Vision-based facial expression recognition (FER) has shown strong potential across numerous applications,
Federated learning providing a non-invasive and real-time approach for analyzing emotional states and social intentions. However,

Facial expression recognition

deploying FER systems in practice often raises concerns about centralized facial data collection, as large-
Privacy-aware learning

scale data from individual users or healthcare settings may contain sensitive personal information. Federated
learning (FL), as a distributed training paradigm, reduces the need to share raw facial images by enabling
collaborative model learning across decentralized clients. Despite this advantage, FL in the FER domain faces
a major challenge: the non-independent and identically distributed (non-IID) nature of facial data, caused by
variations in age, gender, ethnicity, identity, illumination, and individual expression styles. These discrepancies
often lead to client drift, slow convergence, and reduced model accuracy. To address these issues, we propose
FER-FL, a federated learning framework specifically designed for FER under heterogeneous client distributions.
FER-FL introduces a client-side variance-reduced primal-dual optimization strategy to mitigate client drift and
improve local-global consistency. In addition, a server-side public-data calibration mechanism is incorporated
to refine the global decision boundary through KL-based distillation. Comprehensive experiments on FERPlus,
RAF-DB, and FER2013 demonstrate that FER-FL improves Top-1 accuracy by up to 7.0% over FedAvg and
accelerates convergence by up to 5.1%, while maintaining stable performance under different levels of data
heterogeneity and client participation. The proposed framework provides an effective privacy-aware federated
training solution for FER without requiring the exchange of raw facial images.

1. Introduction collection of sensitive facial data, the inherent problem of data het-
erogeneity, and the robustness requirements of deep visual models
Facial expression recognition (FER) aims to automatically infer  in practical scenarios [4]. High-performance FER models typically re-
human affective states from facial appearance and has emerged as quire large-scale facial data containing personal information, which is
a fundamental problem in computer vision and affective computing. difficult to centralize in applications such as healthcare or education
Leveraging advances in deep learning, FER systems have demonstrated due to regulatory and ethical considerations [5-8]. Furthermore, facial
significant potential in applications such as intelligent monitoring, expressions are heavily influenced by age, gender, ethnicity, pose, illu-
human-—computer interaction, virtual assistants, healthcare support, mination, and individual expression styles [9,10], resulting in datasets
and mental-state assessment [1-3]. Compared with contact-based sens- that are highly heterogeneous across different users and devices.
ing, vision-based FER provides a non-invasive, real-time solution for Federated learning (FL) provides a promising paradigm to reduce
understanding emotional responses, social intentions, and behavioral raw facial data sharing by enabling multiple clients to collaboratively
cues, making it suitable for privacy-sensitive and resource-constrained train a shared model without exchanging their local images [11,12].

In this decentralized framework, only model parameters or updates

scenarios. Despite these advances, deploying FER in real-world envi- ) . . "
are transmitted to a central server, while raw facial samples remain

ronments remains challenging due to the need to reduce centralized
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local, which aligns naturally with privacy-aware FER deployment [5,
13]. However, applying conventional FL algorithms directly to FER is
often inadequate. Clients in federated FER scenarios typically present
highly skewed label distributions and identity-specific facial patterns,
resulting in significant local-global mismatch and the “client drift”
problem [14,15]. Subtle inter-class differences, severe class imbalance,
and subject-specific bias further exacerbate the training difficulty,
causing standard aggregated global models to converge slowly, exhibit
instability, or underperform on underrepresented emotional categories.
Existing FL methods, including FedProx [16], SCAFFOLD [17], and
FedDyn [18], do not explicitly account for these FER-specific challenges
and lack effective global calibration mechanisms across heterogeneous
expressions.

To address these gaps, we propose FER-FL, a federated learn-
ing framework specifically designed for facial expression recognition
under heterogeneous client distributions. FER-FL integrates a client-
side variance-reduced primal-dual update mechanism to reduce client
drift and regulate local-global divergence, together with a server-side
public-data calibration module to refine the global decision boundary.
By combining these two components, FER-FL explicitly targets FER-
specific challenges, including expression ambiguity, class imbalance,
identity-sensitive bias, and subtle inter-class differences in raw facial
data. The objective of this work is to improve federated FER under het-
erogeneous client data by jointly reducing client drift on the client side
and calibrating the global decision boundary on the server side, without
requiring the exchange of raw facial images. The key contributions of
this work are summarized as follows:

» We formulate FER-FL as an FER-oriented federated optimization
framework that addresses expression ambiguity, class imbalance,
and identity-related distribution shifts under heterogeneous client
data without sharing raw facial images;

We introduce a variance-reduced primal-dual local update strat-
egy, where corrected gradients and dual alignment jointly reduce
client drift and improve local-global consistency during federated
optimization;

We design a public-data-calibrated global distillation mechanism
to refine the aggregated decision boundary on the server side, and
provide systematic evaluations including public-data-enhanced
fairness baselines, public proxy data sensitivity analysis, con-
vergence comparison, computational cost, and class-level perfor-
mance.

The remainder of this paper is organized as follows. Section 2
reviews related work on FER and FL under heterogeneous data. Sec-
tion 3 details the proposed FER-FL framework, including the client-side
primal-dual optimization and server-side calibration mechanisms. Sec-
tion 4 presents the experimental setup and a comprehensive analysis of
the results, covering Top-1 accuracy, convergence speed, computational
efficiency, granular performance via confusion matrices, and robustness
under label noise. Finally, Section 6 concludes the paper and discusses
potential future research directions.

2. Related work

This section reviews two lines of work closely related to FER-FL:
federated learning under non-IID data and facial expression recogni-
tion. The former provides the distributed optimization background for
handling heterogeneous clients, while the latter highlights the FER-
specific challenges of expression ambiguity, class imbalance, identity
bias, and raw-data constraints.

2.1. Federated learning with non-IID data

Federated learning (FL) enables multiple clients to collaboratively
train a model without sharing raw data, and has been applied to
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privacy-aware FER and healthcare-related scenarios [19]. However,
client data are often non-IID due to differences in users, devices,
environments, and data-collection protocols. Such heterogeneity can
cause client drift and degrade the convergence and generalization of
the global model [20-22].

A range of methods has been proposed to alleviate this prob-
lem. FedProx [16] constrains local updates with a proximal term,
SCAFFOLD [17] uses control variates to correct client drift, and Fed-
Dyn [18] introduces dynamic regularization to improve local-global
consistency. More recent methods, such as FedDC [23], FedSpeed [24],
and FedSMOO [25], further exploit gradient correction, variance reduc-
tion, or sharpness-aware optimization to improve convergence under
heterogeneous data. FedNN also investigates federated learning un-
der drifting distributions by reducing weight drift with normalization
strategies [15].

Knowledge distillation has also been used to improve global consis-
tency in FL. Representative methods include FedGKD [26], FedDF [27],
and FedGen [14], which transfer knowledge through logits, ensembles,
or generated representations. Nevertheless, most existing FL. methods
are designed for general classification tasks and do not explicitly ad-
dress FER-specific issues such as expression ambiguity, long-tailed emo-
tion categories, and identity-related bias. FER-FL addresses these limi-
tations by combining variance-reduced primal-dual local optimization
with server-side public-data calibration.

2.2. Facial expression recognition

Facial expression recognition (FER) aims to infer human emotions
from facial cues and has been widely studied in computer vision and
affective computing. Early studies established basic emotion categories
and hand-crafted motion or appearance descriptors [28,29]. With the
development of deep learning, FER has shifted toward data-driven
representation learning, leading to stronger recognition performance in
unconstrained environments [30].

Recent FER methods improve robustness through region-aware
modeling, attention mechanisms, dynamic modeling, and specialized
loss functions. Representative methods include RAN [31], M3DFEL
[32], DDF [33], GCA+IAL [34], and PACVT [35]. Recent studies also
focus on confusable FER in the wild, where low-quality images and
subtle inter-class differences make recognition difficult [36]. Micro-
expression recognition further emphasizes fine-grained and short-
duration facial movements, and Micro_NesT improves such recognition
with multi-scale attention [37].

Although these methods improve centralized FER performance,
most of them assume that training data can be collected and pro-
cessed centrally. In real applications, facial data are distributed across
users or institutions and are affected by identity, age, gender, illu-
mination, pose, and individual expression styles. These factors make
federated FER more challenging than standard centralized FER. FER-FL
therefore focuses on improving federated optimization for FER under
heterogeneous client data while keeping raw facial images local.

3. The FER-FL framework

In this section, we present the proposed FER-FL framework for ro-
bust federated facial expression recognition under heterogeneous client
distributions. The key idea is to jointly address two complementary
sources of degradation in federated FER: local client drift caused by
non-IID private data and global decision-boundary bias caused by class
imbalance and expression ambiguity. To this end, FER-FL combines a
variance-reduced primal-dual local optimization strategy on the client
side with a public-data-based calibration module on the server side. The
overall training process is summarized in Algorithm 1.
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Fig. 1. Hierarchical architecture of the proposed FER-FL framework. The framework consists of distributed clients and a central server. Each communication
round includes client-side local training on private datasets D; using a primal-dual optimization strategy to extract emotional features while mitigating drift.
The central server aggregates these local updates and performs global calibration on a public dataset D, via knowledge distillation to refine the global model

parameters.

3.1. Problem formulation

We consider a standard federated learning setting with one central
server and N distributed clients. Each client i owns a private FER
dataset D;, which is not shared with the server or other clients. The
server maintains a global model with parameters w,, while each client
maintains a local model with parameters w;. The local empirical risk of
client i is defined as

fiw) = Y WX, ),

(x,y)ED;

1
D
where #(-) denotes the FER classification loss, such as cross-entropy.

The objective of federated FER is to learn a global model that
generalizes across heterogeneous clients without uploading raw facial
images:

@

N
min F(w) = - 2 1w @
However, FER data are naturally heterogeneous due to identity-related
facial patterns, expression styles, age, gender, illumination, pose, and
class imbalance. As a result, local optimization on each client may
deviate from the global objective, leading to client drift and unstable
aggregation. FER-FL addresses this issue through client-side variance-
reduced primal-dual optimization and server-side public-data calibra-
tion.

3.2. Overview of FER-FL

As illustrated in Fig. 1, FER-FL follows an iterative client-server
training procedure. In each communication round r, the server selects a
subset of clients S” and broadcasts the current global model w{, to them.
Each selected client initializes its local model with wy and performs
local training on its private FER data.

The local training stage contains two drift-control components.
First, a gradient correction term is introduced to reduce the discrep-
ancy between each client’s historical update direction and the average

update direction. Second, a client-specific dual variable ; is main-
tained to penalize the inconsistency between the local model and the
global model. These two components jointly encourage local updates
to remain aligned with the global optimization objective.

After local training, each selected client sends its model update to
the server. The server reconstructs the updated local models, aggregates
them into a preliminary global model, and then performs public-data-
based calibration using a small disjoint proxy dataset D,. Specifically,
the server computes the prediction consensus of local models on D,
and fine-tunes the aggregated global model by minimizing the KL
divergence between the global prediction and the client consensus.
The calibrated model is then used as the global model for the next
communication round.

3.3. Variance-reduced primal-dual local optimization

At the beginning of round r, the server broadcasts w; to each
selected client i € S”. The client initializes

wf’o =

3)

To reduce update inconsistency under non-IID data, we introduce a
variance-reduced gradient correction term. Let Af’l denote the histori-
cal update of client i from the previous round in which it participated,
and let " denote the mean update over the participating clients in
the previous communication round:

r
WO'

Zr—l 1

— r—1
- |S7=1] Z Aj ’ Q)]
jesr-1
We define the correction function as
r—1 zr—1 1 1 -l
Gw AL A = n—T<w,-,Af A > ()

where 7 is the local learning rate and T is the number of local update
steps. The corresponding gradient correction term is

(a1 -27")
nT \7 ’

For clients without historical updates, g

g, =V, Gw: 4~ A7 = 6)

is initialized to zero.
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To further constrain local-global divergence, FER-FL introduces
a client-specific dual variable A]. The local primal-dual objective is
formulated as

2
ol - @)

Fiw) = fi(wp) + (A, w; — o

W)+ 5|

where « controls the strength of the proximal regularization. The dual
term encourages the local model to remain consistent with the global
reference model, while the proximal term explicitly penalizes excessive
local deviation.

At local step t, client i samples a mini-batch fi’” from D; and
computes the stochastic gradient
g’ = VAWM. ®
The corrected gradient is then defined as
g =g"+g . ©
The primal update is given by

rt+1

W =W [ (W wg) + ] (10)

This equation is consistent with Algorithm 1: the corrected gradient,
the proximal regularizer, and the dual variable all participate in the
local primal update.

After T local steps, the client obtains

wf“ =w:’T. an

The client-side dual variable is updated as
;Lr+l _ lr +P( r+l Wg) , (12)

where p is the dual update step size. In our implementation, we set
p = 1 unless otherwise specified. For non-participating clients, both
their local model states and dual variables remain unchanged in the
current round.

Finally, client i sends the model difference
Al = w’+I w( 13

i

to the server. No raw facial images are transmitted.

3.4. Server aggregation and public-data calibration

After receiving the updates from selected clients, the server first
reconstructs the updated local models:
ies". a4

r+l _ or ¥
W =wy+ A7

The preliminary global model is obtained by averaging the updated
local models:

r+1 r+1
Yo —W+|Sr|z |Sr|2 1s)

Equivalently, this can be written as

Worl = wo + ﬁ > (Wit —wp). (16)

iesr

This formulation fixes the sign inconsistency in the aggregation rule and
ensures that the server moves the global model toward the average of
the updated local models.

To calibrate the global decision boundary, the server then uses a
small public proxy dataset D,. The public dataset is used only on the
server side and is disjoint from the private client training data. For each
selected client model, the server computes the softened prediction on
D,

/’l(X Wr+l)
p; = softmax| ————— |, x€D,, a7

T
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where A(-; w) denotes the model logits and 7 is the distillation temper-
ature. The server aggregates client predictions to form the ensemble

consensus:
b as)

iesr

g |Sr

The prediction of the preliminary global model is computed as
h(x; V_V6+|)
p(’) = softmax | —— |. 19
T

The server fine-tunes the preliminary global model by minimizing the
KL divergence between the client consensus and the global prediction:

prIk]
Ly =KL (P} II9)) = Zp’[] s 20)

where K is the number of emotion classes. After T, fine-tuning epochs
on D, the calibrated global model is denoted as

’H = Calibrate (v‘vf;rl iD,, LgL) - 21

The calibrated model wg“ is then broadcast to clients in the next
communication round.

Algorithm 1: The FER-FL Framework

Input : Client datasets {D; }[":’ |» public proxy dataset D,
rounds R, local steps T, server epochs T}, learning
rate 7, coefficients «, p, temperature z, initial model
wg, and 29 = 0.

Output: Final global model wX

1 Initialize A7' = 0 for all clients;

2 forr=0,1,...,R-1do

3 Server selects S” and broadcasts w3

4 | Compute 4" = IS’]_’II Yjes1 A7h

5 for each client i € S” in parallel do

6 Set wf’o =wyand g = ’%T(Af‘1 —ah,
7 fort=0,1,...,T —1do

s Compute g' = V£,(w}":&");

9 Update w/" ’+1 w'—qlg + g, + aw’ - W)+ ATl
10 end

1 Set wt! = wf’T;

12 Update At =0+ p(warl - Wp);

13 Send 4] = wf“ — wg to the server;
14 end

! .
15 Aggregate W, = W] + — IY’I Diesr A5

16 Calibrate wg“ on D, for T; epochs by minimizing L, in
Eq. (20);

17 Set the calibrated model as w6+'

18 end

4. Experimental setup

To evaluate the effectiveness and robustness of the proposed FER-FL
framework, comprehensive experiments were conducted under vari-
ous data distributions and participation settings. This section outlines
the datasets and model architectures used, the baseline methods for
comparison, and the implementation details.

4.1. Datasets
We evaluate FER-FL on three benchmark datasets: FERPlus [38],

RAF-DB [39], and FER2013 [40]. We use their raw training and testing
splits to retain real-world FER challenges, including class imbalance,
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Fig. 2. Heat maps for the FERPlus and RAF-DB datasets under the D1 distribution. The figure illustrates the label distribution across 20 clients generated using
the Dirichlet distribution with a = 0.3, showing the degree of data heterogeneity among clients.

Table 1

Statistics of the public proxy dataset used for server-side calibration. The
AffectNet subset is used only on the server and is disjoint from all client-side
training and testing data.

Proxy dataset #Samples Classes Label alignment
For FERPlus 4000 8 emotions, Neutral, happiness,
500/class sadness, surprise, fear,
disgust, anger, contempt
For RAF-DB 3500 7 emotions, Neutral, happiness,
500/class sadness, surprise, fear,
disgust, anger; contempt
excluded
For FER2013 3500 7 emotions, Neutral, happiness,
500/class sadness, surprise, fear,

disgust, anger; contempt
excluded

expression ambiguity, and long-tail label distributions. To simulate
non-IID data, client-side samples are partitioned by a Dirichlet distri-
bution Dir(a) with « = 0.3 (D1) and a« = 0.6 (D2), where smaller «
indicates stronger label heterogeneity. The D1 client distributions for
FERPlus and RAF-DB are shown in Fig. 2.

For server-side calibration, FER-FL uses a small public proxy dataset
D, sampled from AffectNet [41], as summarized in Table 1. The proxy
set is used only after server aggregation and is never involved in client-
side training. It is also disjoint from the training and testing splits of
FERPlus, RAF-DB, and FER2013. To ensure label-space consistency, we
use eight AffectNet categories for FERPlus and remove the contempt
category for RAF-DB and FER2013, which follow the seven-class set-
ting. AffectNet labels are used only for balanced proxy sampling, while
server calibration is performed by KL distillation from client logits
rather than supervised cross-entropy on AffectNet labels.

4.2. Models

For the FERPlus and RAF-DB datasets, we adopt the ResNet-18
architecture as the expression recognition model, initialized with pre-
trained ImageNet weights. We fine-tune the model on FERPlus and
RAF-DB training data, respectively. For FER2013, we utilize a
lightweight Convolutional Neural Network (CNN) consisting of two
5 X 5 convolutional layers and two 2 X 2 max-pooling layers, fol-
lowed by two fully connected layers (120 and 84 units, respectively)
with ReLU activation functions. These models are used to investigate
the impact of heterogeneous data distributions on federated model
performance, particularly in complex image classification tasks.

4.3. Baselines

We benchmark FER-FL against seven state-of-the-art FL. methods:
FedAvg [42], SCAFFOLD [17], FedDyn [18], FedCM [43], FedSpeed
[24], FedGamma [44], and the most recent baseline FedGloss [45].
These baselines represent a cross-section of established and state-of-the-
art federated-learning approaches and therefore allow for a comprehen-
sive comparative evaluation of the proposed FER-FL framework.

4.4. Implementation details

FER-FL is implemented in PyTorch and trained on an NVIDIA
GeForce RTX 4090 GPU. For fairness, all methods use batch size
50, E = 5 local updates, and 500 communication rounds. The local
optimizer is SGD, with learning rate tuned from {0.01,0.05,0.1,0.2}
and weight decay tuned from {1 x 10™*,1 x 1073,5 x 1073}; the se-
lected values are 0.1 and 1 x 1073. For FER-FL, « is tuned from
{0.01,0.05,0.1,0.2,0.5} and set to 0.1, while 7 is tuned from {1,2,4,6, 8}
and set to 4. Method-specific settings are listed in Table 2. FERPlus and
RAF-DB are evaluated with K = 20 clients, while FER2013 uses K = 50
clients. Both 40% and 80% participation rates are tested. We report the
mean and standard deviation over five seeds, i.e., 0,1,2,3,4. For each
seed, the Dirichlet partition and client sampling order are regenerated.
We use a label-wise Dirichlet protocol, where samples of each emotion
class are distributed to clients according to Dir(a) with « = 0.3 (D1) or
a = 0.6 (D2). The number of samples per client is kept balanced. The
official training and testing splits are used, and evaluation is conducted
on the official centralized test split with the global model. The AffectNet
proxy subset is fixed across runs. FERPlus and RAF-DB images are
face-cropped, resized to 224 x 224, and normalized using ImageNet
statistics. FER2013 images are resized to 48 x 48 and normalized as
grayscale images. No additional face alignment is applied. Server-side
calibration is performed on the AffectNet proxy subset for 7| = 5 epochs
using SGD, learning rate 0.01, batch size 50, and temperature r = 4.
The server uses only KL distillation from selected client predictions,
without any ground-truth cross-entropy loss on AffectNet labels.

5. Results and discussions

This section reports results that: (1) quantify the performance of the
proposed FER-FL framework, (2) compare it against the selected state-
of-the-art baseline methods, (3) evaluate its stability across varying
non-IID conditions and client participation levels, and (4) examine its
internal behavior via ablation and convergence analyses.
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Table 2
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Method-specific hyperparameter settings of FER-FL and baselines. Common training settings are described in

the implementation details.

Method Optimizer Tuning range Final selected value

FedAvg SGD - -

SCAFFOLD SGD - Control variates initialized as zero

FedDyn SGD {0.001,0.01,0.1} Dynamic regularization coefficient = 0.01

FedCM SGD {0.01,0.05,0.1} Correction coefficient = 0.05

FedSpeed SAM-SGD {0.01,0.05,0.1,0.2} SAM perturbation radius = 0.1

FedGamma SAM-SGD {0.01,0.05,0.1,0.2} SAM perturbation radius = 0.1

FedGloss SAM-SGD {0.01,0.05,0.1} Global SAM perturbation radius = 0.01

FER-FL SGD a € {0.01,0.05,0.1,0.2,0.5}; = € {1,2,4,6,8} a=01,p=1,7=4,T =5
Table 3

Top-1 accuracy comparison on FERPlus, RAF-DB, and FER2013 datasets. The table
presents the Top-1 classification accuracy (% + SD) of FER-FL and baseline FL methods
across different data distributions (D1, D2) and client participation rates (40% and
80%). Results are averaged over 5 independent runs, with the best results highlighted

in bold.
Method FERPlus RAF-DB FER2013
D1 D2 D1 D2 IID
40% participation
FedAvg 57.78 +£0.42 59.98 +0.38 33.02 +0.55 41.09 +0.49 52.24 +0.31
SCAFFOLD 63.23 +£0.25 65.54 +0.22 37.90 +0.31 45.67 +£0.28 53.10 +£0.24
FedDyn 59.12+£0.33 62.61 +£0.31 35.65 +0.40 4378 +0.35 52.84+0.28
FedCM 62.76 +£0.28 63.49 +£0.26 3697 +0.34  4494+030  51.50+0.33
FedSpeed 63.57 +£0.19 65.90 +0.15 37.89 +0.25 45.98 +0.22 56.11 +0.18
FedGamma 63.67 £0.18 66.43 +0.14 38.12+£0.21 46.09 +£0.19 56.60 +0.15
FedGloss 63.63 +£0.21 66.18 +0.17 38.05+£024  46.03+0.20 56.38 £0.19
FER-FL (ours) 64.37 +£0.12 66.79 + 0.11 38.62 +0.18 46.41 +0.15 57.30 +0.12
80% participation

FedAvg 60.34 +0.35 62.54 +0.31 34.65 +0.48 4745 +0.42 54.10 +0.29
SCAFFOLD 64.13 £0.22 65.87 +£0.19 38.41 +£0.28 51.78 £ 0.25 55.10+0.21
FedDyn 62.11+£0.30  63.87 £0.27 36.65 +0.37 50.09+£0.32 5490025
FedCM 63.65+0.26  64.13+0.23 3791 +0.31 50.93 +0.28 53.15+0.28
FedSpeed 64.76 +£0.16 65.89 +0.14 38.56 +£0.22 51.87+£0.20 58.20+0.17
FedGamma 64.98 +0.15 66.05 +0.13 39.04 £0.19 51.98 +£0.17 58.70 +0.14
FedGloss 64.88 +£0.18 66.01 +£0.15 38.86 +0.21 51.93+0.18 58.46 +0.16
FER-FL (ours) 65.12 +0.10 67.08 + 0.09 39.57 +£0.15 52.09 +0.14 59.00 +0.11

5.1. Comparison with state-of-the-art methods

The Top-1 accuracy results of FER-FL and seven representative FL
baselines are reported in Table 3. Beyond absolute accuracy gains,
we further examine whether FER-FL provides stable improvements
under FER-specific challenges, including non-IID label distributions,
raw facial images, class imbalance, and partial client participation.

5.1.1. Performance comparison

Under the 40% participation setting, only a subset of clients con-
tributes to each communication round, making global optimization
more vulnerable to client drift and biased local updates. In this chal-
lenging setting, FER-FL improves over FedAvg by 6.6%-7.0% on FER-
Plus and 3.6%-5.3% on RAF-DB, indicating that the proposed primal—
dual update and server-side calibration help stabilize federated FER
training under limited client participation. When the participation rate
increases to 80%, all methods benefit from richer client information
and the performance gaps become smaller. FER-FL still achieves the
best overall accuracy across datasets. Compared with strong baselines
such as FedGamma and FedGloss, the improvement is moderate in
some cases, around 0.3%-0.7%, but remains consistent across datasets,
data distributions, and participation rates. This suggests that FER-FL
provides stable gains rather than relying on a single favorable setting.
The absolute accuracy on RAF-DB is lower than that on FERPlus,
mainly because we use raw data to preserve realistic FER challenges.
RAF-DB contains more complex in-the-wild variations, including pose,
illumination, identity, and expression ambiguity, while the non-IID
partition further amplifies local class imbalance. Therefore, the lower

RAF-DB accuracy reflects the difficulty of federated FER under real-
istic raw-data distributions. In this setting, FER-FL still yields consis-
tent improvements, showing its practical value for heterogeneous FER
deployment.

5.1.2. Robustness under high heterogeneity

Under the more heterogeneous D1 setting, client data are more
strongly skewed by label distribution, making local models easier to
overfit to client-specific expression patterns. FER-FL maintains the best
or highly competitive performance with smaller standard deviations
across repeated runs, indicating improved training stability. This stabil-
ity is important for FER applications because expression categories are
often imbalanced and semantically close, where unstable aggregation
may easily bias the global model toward majority or easier classes. The
results in Table 3 therefore show that FER-FL not only improves Top-1
accuracy, but also provides a more reliable optimization process under
non-IID FER data.

5.2. Evaluation of convergence and computational efficiency

Table 4 reports the number of communication rounds required to
reach the target accuracy, while Table 5 further reports the wall-clock
cost on FERPlus D2 with 40% participation. These results complement
the Top-1 accuracy comparison in Table 3 by showing whether the
accuracy gains are obtained efficiently.

Communication rounds. FER-FL consistently requires fewer commu-
nication rounds than the baselines to reach the target accuracy. For
example, on FERPlus D2 with 40% participation, FER-FL reaches the
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Convergence comparison under D2 (FERPlus, RAF-DB) and IID (FER2013) settings. The table reports the
number of communication rounds (R#) required by each method to reach the target accuracy and the
relative convergence rate (S 1) with respect to FedAvg. The symbol > denotes methods that fail to reach

the target accuracy within 500 rounds.

FERPlus (Target = 60%, D2)

RAF-DB (Target = 35%, D2)

FER2013 (Target = 55%, IID)

Method 40% part. 80% part. 40% part. 80% part. 40% part. 80% part.
R# St R# St R# St R# St R# St R# St
FedAvg >500 1.00 467 1.00 478 1.00 488 1.00 425 .00 380 1.00
SCAFFOLD 276 1.81 266 1.76 134 357 117 4.17 210 2.02 185 2.05
FedDyn 467 1.07 442 1.06 176 272 169 2.89 315 135 295 1.29
FedCM 312 1.60 231 2.02 187 256 169 2.89 255 1.67 210 1.81
FedSpeed 234 2,14 232 2.01 123 3.89 119 4.10 165 258 142 2.68
FedGamma 217 2.30 185 2.52 124 385 109 4.48 148 2.87 128 297
FedGloss 228 219 225 2.08 118 4.05 115 4.24 155 274 135 2.81
FER-FL (ours) 165 303 124 3.77 97 4.93 87 5.61 105 4.05 82 4.63

Table 5

Comparison of computational overhead and training efficiency. We report the average training
time per communication round (s) and the total time (h) required to reach the target accuracy
on the FERPlus dataset (Target = 60%, D2 setting, 40% participation).

Method Time per round (s) Rounds to target (Ry) Total time (h) Speedup (S 1)
FedAvg 0.72+0.12 >500 >0.10 1.00x
SCAFFOLD 0.75 +£0.13 276 0.057 1.75%
FedDyn 0.88 +£0.13 467 0.114 0.88%
FedSpeed 1.29+0.24 234 0.084 1.19x%
FedGamma 1.38+£0.23 217 0.083 1.20x
FedGloss 1.75+£0.24 228 0.111 0.90x
FER-FL (Ours) 1.24 +0.15 165 0.056 1.78x

Table 6

Per-class accuracy (%) comparison on the FERPlus dataset (8 classes, D2 setting). This table
demonstrates FER-FL’s performance across the expanded emotion model. Despite the balanced
sample distribution, the framework significantly improves the recognition of semantically

complex categories like ‘Contempt’ and ‘Fear’.

Method Anger  Cont. Disg. Fear  Happy  Neut. Sad. Surp. Macro-F1
FedAvg 59.8 524 54.1 50.3 76.2 61.5 55.4 62.1 59.0
SCAFFOLD 64.2 56.8 58.5 54.2 80.5 66.4 60.2 66.5 63.4
FedDyn 61.5 53.2 56.4 52.8 78.4 64.2 58.1 63.8 61.1
FedCM 62.8 55.1 572 53.5 79.1 65.3 59.4 64.7 62.2
FedSpeed 65.4 58.2 60.1 55.8 81.6 67.5 61.4 68.1 64.8
FedGamma 66.2 58.9 60.8 56.5 82.4 68.2 62.1 68.9 65.5
FedGloss 65.8 58.5 60.4 56.1 81.9 67.8 61.8 68.5 65.1
FER-FL (Ours) 67.2 61.5 62.8 59.4 84.5 70.4 64.5 71.2 67.7

60% target in 165 rounds, while FedAvg fails to reach the target within
500 rounds and SCAFFOLD requires 276 rounds. Similar trends are
observed on RAF-DB and FER2013. This faster convergence is mean-
ingful for federated FER because communication is often constrained
in privacy-sensitive or edge-device scenarios. The result suggests that
reducing client drift through primal-dual regularization and gradient
correction can improve not only final accuracy but also training ef-
ficiency. On RAF-DB, FER-FL also reaches the target accuracy with
the fewest rounds, although the absolute target is lower than that of
FERPlus. This again reflects the higher difficulty of raw RAF-DB under
non-IID partitioning. The convergence advantage shows that FER-FL
can still provide stable optimization even when the underlying FER task
is more complex and the data distribution is less favorable.

Wall-clock efficiency. Table 5 shows that FER-FL introduces moderate
per-round overhead compared with FedAvg and SCAFFOLD, mainly
due to the primal-dual update and server-side calibration. However,
this overhead is lower than or comparable to SAM-based baselines such
as FedSpeed, FedGamma, and FedGloss. More importantly, because
FER-FL substantially reduces the number of required communication
rounds, it achieves the shortest total training time to reach the target
accuracy. This indicates that the proposed design provides a favorable
trade-off between optimization stability, communication efficiency, and
computational cost.

5.3. Granular performance analysis on raw data distributions

To further examine class-level performance, we report the per-class
accuracy on FERPlus in Table 6 and visualize the confusion patterns
on three datasets in Fig. 3. Since raw FER datasets often contain class
imbalance and semantically similar expressions, global Top-1 accuracy
alone may not fully reflect the model’s behavior on difficult emotion
categories. FER-FL improves the recognition of challenging categories
such as Contempt and Fear, achieving accuracies of 61.5% and 59.4%,
respectively. This indicates that server-side calibration helps reduce
the bias of the global model toward dominant classes such as Neutral
and Happiness. In addition, the confusion matrices show that FER-FL
better distinguishes semantically similar expressions, such as Fear and
Surprise, suggesting that the variance-reduced primal-dual update im-
proves local feature stability under long-tailed and heterogeneous data.
FER-FL also achieves the highest Macro-F1 score of 67.7% on FERPlus,
showing that its improvement is not limited to majority classes. Instead,
the proposed framework provides more balanced recognition across the
emotion categories, which is important for practical FER applications
where minority emotional states should not be ignored.
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Fig. 3. Confusion matrices of FER-FL on three benchmark datasets. The diagonal elements represent the recall for each emotion category.

Table 7

Fairness comparison with public-data-enhanced baselines. All
KD-enhanced baselines use the same AffectNet proxy subset,
distillation temperature, and server fine-tuning epochs as
FER-FL. Results are reported under FERPlus D2, RAF-DB D2,
and FER2013 IID with 40% client participation.

Method FERPlus D2 RAF-DB D2 FER2013 IID
FedAvg 59.98 +£0.38 41.09 +0.49 52.24 £ 0.31
FedAvg+KD 61.25+0.31 42.89 +0.38 53.87+0.34
SCAFFOLD 65.54 +£0.22 45.67+0.28 53.10+0.24
SCAFFOLD+KD 65.93 +0.25 46.11 +0.23 54.25+£0.21
FedDyn 62.61 +£0.31 43.78 £0.35 52.84 +£0.28
FedDyn+KD 63.58 +0.35 44.28 +0.28 53.47+£0.34
FER-FL (ours) 66.79 + 0.11 46.41 +0.15 57.30 £ 0.12

Table 8

Sensitivity analysis on the size of the public proxy dataset. We vary the
proportion of the AffectNet proxy subset used for server-side calibration and
report Top-1 accuracy (%) and the number of communication rounds required
to reach the target accuracy. Results are reported under FERPlus D2 with 40%
client participation.

Proxy data size Top-1 accuracy (%) Rounds to target

5% 63.45 + 0.21 285
10% 65.25 + 0.23 267
25% 65.58 + 0.18 243
50% 66.44 + 0.15 196
100% 66.79 + 0.11 165

5.4. Analysis of public proxy data

Since FER-FL uses an AffectNet proxy subset for server-side cali-
bration, we conduct two additional analyses to examine whether the
improvement comes solely from public data. First, we compare FER-
FL with public-data-enhanced baselines, including FedAvg+KD, SCAF-
FOLD+KD, and FedDyn+KD. These baselines use the same proxy subset,
distillation temperature, and server fine-tuning epochs as FER-FL. As
shown in Table 7, KD calibration improves all three baselines, con-
firming that the proxy data provide useful calibration signals. How-
ever, FER-FL still achieves the best performance, improving over the
strongest KD-enhanced baseline by 0.86%, 0.30%, and 3.05% on FER-
Plus D2, RAF-DB D2, and FER2013 IID, respectively. This shows that
the gain of FER-FL is not solely due to public data, but also comes from
the proposed primal-dual optimization and gradient correction.

Second, we study the sensitivity to proxy data size in Table 8. As
the proxy subset increases from 5% to 100%, accuracy improves from
63.45% to 66.79%, and the rounds to target decrease from 285 to 165.
The improvement from 50% to 100% is relatively small, suggesting
diminishing returns. These results indicate that FER-FL benefits from
public calibration but does not heavily depend on a large-scale public
dataset.

5.5. Sensitivity analysis

5.5.1. Impact of participation rates and local intervals

We first analyze the sensitivity of FER-FL to client participation rates
and local training intervals. For the participation-rate experiments,
the local interval is fixed at 5, while the participation rate varies in
{0.2,0.4,0.6,0.8,1.0}, as shown in Fig. 4. A higher participation rate
indicates that more clients contribute to each communication round. As
expected, increasing the participation rate generally improves accuracy
because the server receives more diverse client updates. However, the
improvement becomes marginal when the participation rate increases
from 0.8 to 1.0, suggesting that FER-FL can obtain sufficient global
information under high but partial participation.

For the local-interval sensitivity experiment, we additionally con-
sider a larger setting with 100 clients and fix the participation rate
to 40%. The local intervals are selected from {1,2,5,10,20}, corre-
sponding to 2500, 1250, 500, 250, and 125 global communication
rounds, respectively, as shown in Fig. 5. Larger local intervals reduce
communication frequency but may also increase local overfitting and
client drift. Therefore, an appropriate local interval should balance
communication efficiency and global generalization. FER-FL maintains
relatively stable performance under different local intervals, showing
that the proposed drift-control mechanisms remain effective even when
local training becomes longer.

5.5.2. Hyperparameter sensitivity

Table 9 shows the influence of the proximal coefficient a« and the
distillation temperature r on FER-FL across FERPlus, RAF-DB, and
FER2013. The proximal coefficient « is selected from {0.01,0.05,0.1,0.2,
0.5}, while 7 is selected from {1,2,4,6,8}.

The results show that moderate values of both parameters lead
to the best performance. Specifically, « = 0.1 achieves the highest
accuracy on all three datasets, indicating that a moderate proximal
constraint is sufficient to reduce local-global divergence without overly
restricting local adaptation. Similarly, = = 4 consistently produces the
best results, suggesting that an intermediate distillation temperature
provides informative soft targets for server-side calibration. Very small
or very large values of a and r lead to lower accuracy, either because
the regularization/calibration effect is too weak or because the model
becomes over-constrained.

5.6. Ablation study

To align the ablation settings with the proposed formulation and Al-
gorithm 1, we evaluate three variants. “w/0 GC” removes the gradient
correction term in Egs. (6) and (10). “w/o DR” removes the dual regu-
larization by setting A] = 0 in Eq. (10) and disabling Eq. (12). “w/o Pub-
lic Data” removes the server-side public calibration in Egs. (17)-(20),
so the server only performs aggregation in Eq. (15). As shown in
Table 10, removing any component consistently degrades performance.
On FERPlus D2, removing public calibration reduces accuracy from
66.79% to 63.05%, showing the benefit of AffectNet-based global cal-
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Fig. 4. Top-1 accuracy of FER-FL under different participation rates on RAF-DB, FERPlus, and FER2013 datasets.
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Fig. 5. Top-1 accuracy of FER-FL with different local intervals on RAF-DB, FERPlus, and FER2013 datasets.

Table 9

Impact of the proximal term « and distillation temperature 7 in FER-FL. The table shows the effect of varying «
and 7 on Top-1 accuracy (%=+ SD) across three datasets. Optimal values are highlighted in bold, representing the

mean results over 5 independent runs.

a 0.01 0.05 0.10 0.20 0.50

FERPlus 60.65 + 0.35 62.12 + 0.28 63.04 +0.15 62.76 + 0.24 60.12 + 0.42
RAF-DB 34.13 + 0.48 36.98 + 0.39 38.17 +0.22 37.32 + 0.31 35.34 + 0.55
FER2013 56.02 + 0.25 56.78 + 0.20 57.30 +0.12 57.09 = 0.18 56.12 + 0.33
T 1 2 4 6 8

FERPlus 61.43 + 0.32 62.65 + 0.25 63.04 +0.15 62.76 + 0.21 62.09 + 0.30
RAF-DB 36.21 + 0.45 37.43 + 0.36 38.17 +0.22 37.65 + 0.28 37.24 + 0.40
FER2013 56.20 + 0.22 56.88 + 0.18 57.30 + 0.12 56.23 + 0.26 55.34 + 0.38

Table 10

Ablation study on the FER-FL framework across three datasets. The table reports Top-1 accuracy
(% + SD) of the full FER-FL model and its variants: without gradient correction (w/o GCQ),
without dynamic regularization (w/o DR), and without server-side public calibration (w/o
Public Data). Results are averaged over 5 independent runs.

Method variant FERPlus RAF-DB FER2013
D1 D2 D1 D2 1ID

FER-FL w/0 GC 62.45 +£0.25 64.13 £0.21 36.76 + 0.35 44.65 +0.29 55.48 £0.18

FER-FL w/0 DR 57.40 £0.41 59.18 £0.35 30.98 +0.52 39.38 +£0.44 51.25+0.28

FER-FL w/o0 public data

FER-FL (Full)

61.22 +£0.29 63

64.37 +£0.12

.05 +0.24 35.10 £0.38 43.22+0.31 54.85+0.20
66.79 +0.11 38.62+0.18 46.41 +0.15 57.30 +0.12

Ablation study with convergence analysis under FERPlus D2 and
40% client participation.

Method variant

Top-1 accuracy (%) Rounds to target

FER-FL w/o0 GC 64.13 +£0.21
FER-FL w/0 DR 59.18 £0.35
FER-FL w/o0 Public Data 63.05 +0.24
FER-FL (Full) 66.79 +0.11

238
285
259
165

ibration. Removing GC decreases accuracy to 64.13%, indicating that
gradient correction helps reduce client drift. The largest drop occurs
when DR is removed, where accuracy falls to 59.18%, confirming the
importance of primal-dual regularization for local-global consistency.
Table 11 further shows that full FER-FL reaches the target accuracy
in 165 rounds, faster than w/o GC, w/o DR, and w/o Public Data,
which require 238, 285, and 259 rounds, respectively. These results
demonstrate that the three components jointly improve both accuracy
and convergence efficiency.
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6. Conclusion

This paper presented FER-FL, a federated learning framework for
facial expression recognition under heterogeneous client data. FER-
FL combines variance-reduced primal-dual local optimization with
server-side public-data calibration. The client-side update reduces drift
caused by non-IID local facial data, while the server-side calibration
refines the global decision boundary without requiring clients to share
raw facial images. Extensive experiments on FERPlus, RAF-DB, and
FER2013 show that FER-FL consistently improves Top-1 accuracy,
convergence speed, computational efficiency, and class-level recogni-
tion performance. The fairness comparison with public-data-enhanced
baselines and the public-data sensitivity analysis further show that the
performance gain is not solely due to the use of public proxy data.
For the FER and Pattern Recognition communities, FER-FL highlights
the importance of addressing expression ambiguity, class imbalance,
identity bias, and local-global misalignment in federated FER. At the
same time, the study has several limitations. First, the server-side
calibration relies on a public proxy dataset, and its effectiveness may
decrease when the proxy data have severe domain mismatch or in-
sufficient label coverage. Second, FER-FL does not by itself prevent
information leakage from model updates. As in standard FL, gradients
or parameter updates may still contain sensitive information, so real de-
ployments should combine FER-FL with secure aggregation, differential
privacy, update clipping, or encryption-based protocols. In addition,
the client-side dual variables introduce extra local storage, and server-
side calibration brings moderate additional computation. Although
FER-FL reduces the total time to reach the target accuracy, further
optimization is needed for resource-constrained devices. Finally, our
experiments mainly focus on image-based FER. Future work will extend
FER-FL to video-based FER, multimodal affect recognition, and person-
alized emotion modeling, while exploring lightweight pruning, sparse
communication, and stronger privacy mechanisms.
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