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Abstract

The rapid proliferation of images on online platforms has made emotion analysis a task of paramount significance. How-
ever, these images are often privacy-sensitive, making Federated Learning (FL) a compelling paradigm over traditional
centralized methods. A critical yet largely unaddressed challenge in applying FL to this domain is the severe concept
drift stemming from the subjective and culturally diverse nature of emotional expression, which causes conventional FL
algorithms to fail. In this paper, we propose CAFL (Conditional Attention Federated Learning) to fill this gap. CAFL
empowers clients to learn collaboratively yet personally. It intelligently routes information through an adaptive gate that
separates features into a personalized stream and a global stream. These streams are then processed by dedicated local
and global prediction heads. Crucially, collaboration is guided by a conditional attention mechanism, where the server
computes a personalized reference model for each client based on an attention-weighted aggregation of peer models,
promoting knowledge sharing among kindred clients. Extensive experiments on various lightweight foundation models
show that CAFL consistently outperforms existing FL methods, demonstrating its robustness and superior performance as
a solution for distributed, privacy-sensitive image emotion analysis.
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1 Introduction

The rapid development of online platforms and social media
has led to an explosive growth in multimedia content, par-
ticularly images [1, 2]. This proliferation of visual data has
made image emotion analysis an increasingly significant
field of research, with wide-ranging applications in social
media analytics, human-computer interaction, and digital
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matically recognize and analyze the emotions conveyed in

Chang Liu visual content, providing valuable insights into user senti-
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Traditionally, image emotion analysis has been
approached as a classification task, where emotions are rep-
resented as discrete labels [7, 8]. However, this simplistic
view fails to capture the nuanced and subjective nature of
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emotions. Recent research has shifted towards emotion dis-
tribution learning, which represents emotions as a probabil-
ity distribution over multiple categories, providing a more
comprehensive and realistic representation of emotional
content in images [9—-11].
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The extraction of discriminative features is key to effec-
tive image emotion analysis [12, 13]. Early works relied on
hand-crafted features, including low-level holistic features,
color, composition, and texture information [5, 7]. With the
advent of deep learning, many models have been designed
to explore emotions in images, leveraging the power of con-
volutional neural networks (CNNs) to extract more seman-
tic and context-aware features [8, 14—16].

However, the centralized nature of traditional machine
learning approaches presents significant challenges when
dealing with large-scale distributed image data. Privacy
concerns have become increasingly prominent, with users
and organizations becoming more reluctant to share raw
image data for central processing [17, 18]. Social images
often contain sensitive user information, raising serious
privacy issues when using traditional centralized machine
learning methods [19, 20].

Federated Learning (FL) has emerged as a promising
paradigm to address these challenges [17, 18]. FL enables
multiple parties (clients) to collaboratively train models
without sharing raw data, thereby preserving data privacy
while leveraging the value of distributed data. This approach
is particularly well-suited for image emotion analysis tasks,
where data is often distributed across numerous end devices
with varying computational capabilities and network condi-
tions [21].

However, applying FL to image emotion analysis tasks
still faces significant hurdles, with concept drift being the
most prominent [22]. Concept drift in federated image emo-
tion analysis refers to the significant differences in data
distribution across different clients. This is particularly
prevalent in emotion analysis tasks due to the subjective
nature of emotions and the diversity of visual expressions
across different cultures and individuals [21]. Traditional FL
methods often perform poorly when handling such highly
heterogeneous data, struggling to learn a global model that
performs well across all clients [18, 23].

To address these challenges, we propose CAFL (Condi-
tional Attention Federated Learning), a novel approach that
combines the strengths of attentive mechanisms and feder-
ated learning to enable effective image emotion analysis
in privacy-preserving, distributed environments. CAFL is
designed to tackle the concept drift problem by adaptively
facilitating collaboration between clients with similar data
distributions.

Our work builds upon recent advancements in attention
mechanisms [16, 24] and personalized federated learning.
By incorporating a conditional attention mechanism, CAFL
can dynamically adjust the importance of different clients’
contributions based on their relevance to the target task.
This approach is particularly well-suited to image emotion

analysis, where emotional expressions may have varying
degrees of similarity across different client subgroups.

We conducted extensive experiments on multiple light-
weight foundation models, such as MobileNet V3 [25],
MobileViT V2 [26], ConvNeXt V2 [27], to evaluate the
performance of CAFL. Our results reveal that both the pre-
training method and the structure of the foundation model
significantly impact the performance of federated learning
for image emotion analysis [28, 29].

The key contributions of our work are threefold:

1. We propose CAFL, a novel personalized federated
learning framework specifically designed to address the
concept drift challenge in image emotion analysis by
unifying three core mechanisms for targeted collabora-
tion and personalization.

2. We introduce a conditional attention mechanism at the
server level, which adaptively facilitates collaboration
by computing pairwise model similarities. This encour-
ages clients with similar emotional interpretation pat-
terns (i.e., similar data distributions) to learn more from
each other.

3. We design a client-side personalization architecture fea-
turing an adaptive feature gate and a bipartite prediction
head. This structure learns to disentangle and process
personalized and global features on a per-sample basis,
mitigating the negative impacts of data heterogeneity.

2 Related Work
2.1 Image Emotion Analysis

Image emotion analysis has gained significant attention
in recent years due to its wide applications in multimedia
retrieval, advertising recommendation, and user experience
enhancement [30]. Early works focused on designing hand-
crafted features to represent images, including low-level
holistic features [7], various element information such as
color, composition, and texture [5], and high-level content
such as adjective—noun pairs [6].

With the rapid development of deep learning, many deep
models have been designed to explore emotions in images
[1, 8, 14]. These deep features often achieve better perfor-
mance than traditional hand-crafted features due to their
stronger semantic representational ability. However, current
works are still hampered by how to extract more effective
emotional content from images. Owing to the subjectivity of
human cognition, different regions and contents of an image
may contribute differently to the arousal of emotions [31,
32].

@ Springer



68

C. Liu et al.

Recent studies have proposed attention-based methods
to focus on emotion-related regions in images [3, 16, 33].
Nevertheless, these methods do not fully refine how each
emotion responds to different regions or explore potential
relationships between each emotion and emotion-aware
regions. Moreover, the same image may trigger different
emotions depending on the viewer’s cultural background
and social experiences [34], leading to the challenge of
concept drift in image emotion analysis. This concept-drift
problem naturally motivates adopting federated learning
(FL), which leverages diverse data from multiple clients
while preserving privacy.

2.2 Federated Learning

Federated Learning (FL) is a distributed learning paradigm
that enables training models on decentralized data [17, 19].
FedAvg [17] is the most widely used FL algorithm, which
iteratively aggregates locally trained models by weighted
averaging. However, FedAvg faces challenges when deal-
ing with non-IID data distributions across clients.

To alleviate these issues, several enhanced FL algorithms
have been proposed. FedProx [18] introduces a proximal
term to limit the impact of local updates and improve sta-
bility. FedDyn [35] employs a dynamic regularizer to sta-
bilize training by correcting for client drift. MOON [36]
utilizes contrastive learning to align local models with a
global model and each other. FedNTD [37] preserves global
knowledge during local training via not-true distillation on
non-ground-truth classes. In addition, cross-silo ranking FL
(CS-F-LTR) [38] improves model stability and efficiency in
heterogeneous environments, and Fed-LTD [39] introduces
a federated learning framework, enabling collaborative
decision-making. While Hu-Fu [40] explores secure, effi-
cient computation under strict privacy constraints.

2.3 Personalized Federated Learning

Personalized Federated Learning (PFL) tailors the global
model to each client’s specific data distribution while still
benefiting from collaboration. Representative approaches
include regularization-based FedRoD [41] and represen-
tation-based FedRep [42]. Attention message passing is
exploited in FedAMP [43]. Layer-wise personalization is
realized by FedBN [44] and by retraining only heads in
FedBABU [45].

Beyond these, FedPer [46] separates a shared base net-
work and local personalization layers, whereas FedCross
[47] employs cross-model aggregation to boost accuracy.
FedPAC [48] aligns local and global features and coordi-
nates client-specific classifiers, and FedPHP [49] leverages
hashed private models for efficiency. FedGH [50] introduces
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a generalized global header to unify heterogeneous back-
bones. FedCP [51] separates global and personalized infor-
mation at the feature level via conditional policies. FedARC
[52] incorporates adaptive regularization to align local
objectives with global loss and model-contrastive learn-
ing to enhance generalization across heterogeneous data
sources.

Although these methods address either non-1ID opti-
mization or model personalization, they lack a unified
mechanism for conditional attention and comprehensive
evaluation. CAFL bridges this gap by introducing condi-
tional attention with a gated feature split, accompanied by
a refined evaluation paradigm for image emotion analysis.

3 Methodology
3.1 Problem Statement

Personalized Federated Learning (PFL) addresses a fun-
damental challenge in distributed machine learning: how
to leverage the rich, diverse data held by multiple clients
without violating data privacy, particularly when the data
is non-independently and identically distributed (non-1ID).
This section formally defines the PFL problem and intro-
duces the notation used throughout this paper (summarized
in Table 1).

We consider a federated system of m clients, C1, . . ., Cy,.
Each client C; holds a private dataset D; drawn from a local
data distribution P;. A key characteristic of real-world FL
is data heterogeneity, where for any two clients i # j, their
distributions differ, i.e., P; # P;. In the domain of image
emotion analysis, this non-IID condition is not an exception
but the norm, arising from differing cultural contexts, indi-
vidual subjectivity, and environmental factors that lead to
significant concept drift (P(y|x) shift) across clients.

A single global model trained on such heterogeneous
data often fails to perform well for any individual client.
PFL addresses this by aiming to train a unique, personal-
ized model M; for each client, defined by a distinct set of
parameters 6;. The goal is to optimize performance of every
local model on its own data distribution, while still benefit-
ing from the collaborative knowledge of the entire network.
Our framework operates under the common PFL assump-
tion that all clients share an identical model architecture,
though the parameters of these models are personalized dur-
ing training.

Formally, we define a local objective function F;(6;)
for each client, which typically measures the empirical risk
on its local dataset D;. The global objective of the PFL
system is to find the optimal set of all client parameters,
© =164,...,6,], by minimizing a global function G(O)
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Table 1 Summary of notations used in the CAFL framework

Symbol

Description

System-Level Parameters
m

Ci
D;
P
t’
Model Architecture Components
0;
91’ ,base
91’ ,gate
01’ ,head
t

fbase ()

Gate; ()

P head (*)

haion ()

Collaborative Mechanism (Server-Side)
K(-)

o

t
Uy

Optimization and Objectives

Total number of clients in the federated system.

The i-th client, where ¢ € {1,...,m}.

The private local dataset of client C;.

The unique data distribution from which D; is sampled.

The current communication round index and the total number of rounds.

The complete set of learnable parameters for the model of client C;.
Parameters of client i’s personalized base model.

Parameters of client i’s private adaptive gate network (Module A).
Parameters of client i’s private personalized prediction head (Module B).
Parameters of the server-aggregated global head at round ¢.

Client i’s local copy of the global head, updated during local training.
The function of the base model architecture.

The function of client i’s gate network.
The function of client i’s personalized head.

The function of the global head architecture.

A kernel function measuring squared distance between model parameters.
A sensitivity hyperparameter for the kernel function.

The attention weight, representing the influence of client j on client 7.
The personalized reference model for client C'; at round .

Fi(6;) The local objective function for client C}.

Lotnss The supervised classification loss (e.g., cross-entropy).

Loottan The collaborative regularization loss (Module C).

A Hyperparameter controlling the strength of collaborative regularization.

G(9) The global PFL objective function over all client parameters ©.

R(©) The regularization term for inter-client collaboration.

o The collection of all client parameters, © = [61, ..., 0m].

nt The learning rate (step size) at round .

B Bounding constant for gradients and subgradients (from Assumption 1).

o* An optimal solution to the global objective G(©).

a The optimal value G(©™).

L Lipschitz constant for gradients in non-convex analysis.

Ut The collection of all personalized reference models at round ¢, U t— [utl7 ey ufn]
Y An element of the subdifferential 0 (©*).

that aggregates local objectives and incorporates a collabo-  subsequent sections, we will detail how CAFL instantiates

ration mechanism:

min { G(6) ::ZFi(Hi)—k)\R(@) ,

these terms through its modular architecture.

3.2 Conditional Attention Federated Learning

(D
Building upon the PFL formulation (Eq. (1)), we now intro-
duce the architectural and procedural details of our proposed

where A > 0 is a hyperparameter that balances local per-
formance with collaboration, and R(©) is a regularization
term that defines the nature of inter-client collaboration. The
design of F; and R(©) is the core of any PFL method. In the

method, Conditional Attention Federated Learning (CAFL).
CAFL instantiates a multi-level personalization strategy,
realized through a sequence of three distinct modules that
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address data heterogeneity at the feature, model, and com-
munication levels.

3.2.1 Overview of CAFL's Three-Module Architecture

To effectively address the concept drift challenge, CAFL
is constructed from three key modules, whose interplay is
illustrated in Figure 1.

e Module A: Adaptive Feature Gating. At the feature
level, this module employs a learnable, sample-condi-
tioned policy to adaptively separate the feature repre-
sentation from a common backbone architecture into a
personalized stream and a global stream. It learns which
features are client-specific versus which are universally
applicable.

e Module B: Bipartite Prediction Head. At the model
level, CAFL utilizes a bipartite (two-part) head architec-
ture. It consists of a private personalized head to process
the personalized feature stream and a global head (syn-
chronized with the server) to process the global stream.
This structure enables tailored predictions for each cli-
ent while still leveraging shared knowledge.

e Module C: Collaborative Similarity Matching. At the
communication level, this module facilitates intelligent
collaboration. The server computes inter-client model

similarities to provide each client with a personalized
reference model. This reference model is then used as a
regularization target during local training to encourage
effective knowledge transfer.

This modular design provides a clear and robust framework
for balancing personalization and collaboration, directly
responding to the challenges of learning from non-IID data.

3.2.2 Module A: Adaptive Feature Gating

The first stage of personalization in CAFL occurs at
the feature level. After client C; extracts a feature rep-
resentation r € RX from its personalized base model,
T = foase(T; 0i base), We introduce a lightweight gate
network, Gate;(-), parameterized by the client’s private
parameters 0; gate. This module’s purpose is to learn a
sample-specific policy for routing features, which is a key
mechanism for handling concept drift by determining which
aspects of an image are subject to personal interpretation
versus universal understanding.

Specifically, the gate network is a conditional policy net-
work that takes the feature representation » as input and out-
puts two complementary weight vectors (or masks), w,, and
wgy, both in RE:

roal Data

\Local Data

AN

o Jee—— P e N
Client i 4 Vi il Collaborative i
! = 3 i < g o . 3
i T 0 head iy : | Similarity I
: % i : atching |
F Y i i Bipartite ' : l ....................................................................... |
I JLIAR > T : Prediction logits —* Laass(logits,y)  / !
‘ ' \ : : | Head ! | [ l |
e i Adaptive i ! |
Local Data I‘ Feature é 1 Ltotal = Letass + A Leolab :
. Gating 7
< oL e N == AN T TN T T ~)
K . . Lcollab(gi, base'uf)
CTN T
C Eent )i Y } - —
P j’ ; : A :: %.glob I[ C; ' o up = Zaija_s;);se
tAC TR 1A tC. =1
- 'F ;! ilS | O, b i ooig! ¢ m |Dy] i
: : P REse gl Gglob = Zizl Wei,glob
= 1 Gy M iw M, <Y
1 n 1 1 1 3 P 2%
J L 0 : £ ve
S S s o1 Server é 4

)

Fig. 1 The architecture and end-to-end workflow of CAFL, which
operates in iterative rounds between clients and a server. (1) Local
Client Training: Within each round, a client (e.g., Client i) processes
its local data. A feature vector r is extracted from the personalized base
model (0; base). (2) Module A (Adaptive Feature Gating) splits
into personalized (r,) and global (r4) streams. (3) Module B (Bipar-
tite Prediction Head) uses a private head (hi heaa) and its local copy
of the global head (6; g1ob) to produce the final 1ogits. The client
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model is then updated using a loss function that includes (4) Mod-
ule C (Collaborative Similarity Matching), which incorporates the
personalized reference model w! provided by the server. (5) Server-
Side Coordination: After local training, clients upload their updated
parameters (0; base and 6; giob) to the server. The server computes a
new personalized reference model u?‘l for each client and aggregates

t41
eglob

serves privacy by only exchanging model parameters

a new global head for the next round. This entire process pre-
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(wp, wy) = Gate; (13 0; gate)- )

To ensure reproducibility, we implement this gate as a two-
layer MLP. It first projects the input feature » to a hidden
dimension, applies a ReLU activation, and then projects
it to a dimension of 2K. This output is reshaped to size
(K, 2), and a softmax function is applied along the sec-
ond dimension. This ensures that for each feature element
ke {1 , K}, the Weights are non-negative and sum to

one: wy ) + w(k)

These weights are then applied to the original feature
vector via element-wise multiplication (®) to separate it
into a personalized component r, and a global component
Tl

rp =10 wp 3)

Tg =T0O wyg. “4)

Through this mechanism, the gate network learns on a
sample-by-sample basis which feature dimensions are
client-specific (and should be routed to the personalized
head) versus those that are generalizable (and should be
routed to the global head).

3.2.3 Module B: Bipartite Prediction Head

Following the feature gating, the two resulting feature
streams are processed by a bipartite head architecture.
The rationale behind this design is to explicitly disentan-
gle client-specific knowledge from universal knowledge.
The final prediction (logits) for client C; is computed by
summing the outputs of its private personalized head,
hi head(+), and its local copy of the shared global head,

hglob('):
logits = R head (Tp; 03 head) + Pglob (Tg3 0F gion)- Q)

The parameters of the personalized head, 6; phcaq, are
unique to client C; and are never shared, allowing them to
capture client-specific classification boundaries—a direct
countermeasure to concept drift. In contrast, the param-

eters of the global head, Gglob, are aggregated on the server

at each round 7 and distributed to clients, thereby capturing
knowledge common to the entire federation. Both heads
are typically single linear layers mapping from R¥ to the
output space. This dual-head structure provides a clear
mechanism for balancing personalization with global col-
laboration at the model parameter level.

3.2.4 Local Training Objective

With the components of Modules A and B defined, we
can now formulate the full local objective function F; for
client C;. The objective consists of two parts: a standard
supervised classification loss, L1.ss, and a collaborative
regularization loss, Lcolab, Which is guided by Module C.

n})zn E(av) - n;zn (ﬁclass(ei) + /\Ecollab(gi,base; Ug)) ) (6)
where 0; = {0; base, i gate; Oi,head; Ui glob } Tepresents all
parameters updated by the client during local training. The
classification loss is typically the cross-entropy between
the predicted logits and the true labels y:

Lelass = E(m,y)éDg, [CE(logltsv y)] : @)
The collaborative loss term, whose target u! is provided by
the server, will be detailed in the next section.

3.2.5 Module C: Collaborative Similarity Matching

The final component of CAFL is the server-facilitated col-
laborative mechanism. We use the squared L2 distance
between model parameters as a proxy for functional simi-
larity, as it is both effective and privacy-preserving. This
module encourages clients with similar data distributions
(as reflected by their model parameters) to learn more from
each other, directly mitigating the negative effects of con-
cept drift from dissimilar clients.

The process is executed on the server in each commu-
nication round ¢. First, the server computes the pairwise
similarity between all clients based on their base model

. t—1 m
parameters from the previous round, {Gj base . The

similarity score s, between client i and client j is calcu-
lated using a kernel function K(-), such as the Gaussian
kernel:

g

t—1 t—1 H‘gztbelhc Hj b'lmc”
s = K (100 k — 00 ?) = exp [ —roiime — bl ) ()

where o is a sensitivity hyperparameter. These raw scores
are then normalized for each client i using the softmax func-
tion to produce the final attention weights a;;:

exp(si;)

Qi = =,
* Z;’;l exp(sik)

©)
This ensures the weights are non-negative and sum to one

(X271, aij = 1), forming a valid probability distribution of
1nﬂuence from peer clients.
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Finally, the server constructs a personalized reference
model u} for each client C;. This reference model is a
weighted average of all clients’ base models, using the com-
puted attention weights:

2 : t—1
U - aljej base*

(10)

This reference model ! is sent to client C; and serves as the
collaborative target for the regularization loss Lcojap in its
local training objective (Eq. (6)). The crucial hyperparam-
eters, A and o, are determined empirically on a validation
set, as detailed in our experiments.

3.2.6 Privacy Preservation

CAFL ensures client privacy under the standard honest-
but-curious server model. Privacy is maintained through

several key design choices: (1) No raw data D; ever leaves
the client’s local device. (2) The server only has access to
model parameters designated for sharing (specifically, the
set of personalized base models {0} ;.. }~; and the set of
updated global heads {0; ,.;,}7~;), not the private com-
ponents (6; gate and 6; head). (3) The reference model uﬁ
sent to a client is a weighted aggregate of all other models,
preventing the direct reconstruction of any single client’s
model from this message.

3.2.7 Algorithm Summary

Our framework is presented assuming full client participa-
tion in each round for clarity, though it can be extended to
handle partial participation. Algorithm 1 summarizes the
complete CAFL process, detailing the interplay between the
server and clients and the roles of the three modules.

Input: Number of clients m, total rounds 7', learning rate n’,

hyperparameters A, o

Output: Final personalized model parameters {67},

/* Server Initialization

*/

Initialize global head 90 lob and base models {691, }i™,.

fort=1,...,7 do

fori=1,...,m do
L Qi softmaxj (exp(fHG

uf 300

%, base

=1 al] ] babe

1D:|
aglob > ™1 0F .elob

01 ,glob — eglob

for each local epoch do

for each batch (x,y) € D; do
T fbase(x; oi,base)
(rp,rg) < Gate;(r;0; gate)

Update {Hi,basm ey

Function ClientUpdate(i, u!, 9;0%), n')

lOgitS — hi,head(rp; ei,head) + hglob (rg; gi,glob)
Liotal < Lelass (logitS, y) +A- %Hgi,base
0 glob } using VLiotar with learning rate 7'

/* Server computes personalized references and broadcasts */

— 0, hasel* /%)

/* Clients update in parallel */
for client C’ in parallel do

L 0% 1aser U5 gion < ClientUpdate(s, u} 9;10%),7775)

/* Server aggregates the global head */

// Federated Averaging

// Load global head

// Module A
// Module B

— ull]? // Module C

return updated 0; pase and 6; g1o1 to server

Algorithm 1 Conditional Attention Federated Learning (CAFL)

@ Springer
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3.3 Convergence Analysis of CAFL

In this section provides a theoretical analysis of the conver-
gence properties of CAFL. We first establish some assump-
tions and then proceed to prove the convergence for both
convex and non-convex scenarios.

3.3.1 Preliminaries and Assumptions

Before delving into the convergence analysis, we make the
following assumption:

Assumption 1 There exists a constant B > 0 such that
max{||Y||: Y € 0F(0")} < B and |VR(O©Y)| < B/
hold for every ¢ > 0, where OF is the subdifferential of F
and || - || is the Frobenius norm.

This assumption is common in the analysis of many incre-
mental and stochastic optimization algorithms. It naturally
holds if both F'(©) and R(O) are locally Lipschitz continu-
ous and ||©¢|| is bounded by a constant for all ¢ > 0. The
assumption is realistic for CAFL’s modules, as the gate net-
work (Module A) and prediction heads (Module B) are typi-
cally bounded in deep learning settings, and the similarity
function (Module C) is smooth (e.g., Gaussian kernel).

3.3.2 Convergence for Convex Case

We first establish the convergence guarantee for CAFL
when both F/(©) and R(O) are convex functions.

Theorem 1 Under Assumption 1 and assuming func-
tions F(O) and R(O) in Eq. (1) are convex, if
n'=---=nT =XVT for some T >0, then the

sequence 67, . ... OT generated by Algorithm 1 satisfies

0% — | +5B>
vT ’

where ©* is an optimal solution of Eq. (1) and

G* = G(0*). Moreover, if n)* satisfies > ; n* = oo and
S (4)? < o, then

min G(0") < G* + |
0<t<T

(11)

lim G(O) = G*.

t—o00

(12)

Proof We begin by establishing a key inequality. For any
O, including ©*, we have:

73
le-U'P=[e-e""t+e —U
=le-o" ! +[let —u?
+2(0 -0t ot U (13)

= e -0+ (")?[VROH|?
+20'(0 — O VR(O'1))

From the update rule for ©% and its optimality condition, we
can derive:

0>n'(Y,0 — 0" + \Oe'-U" e -6 (14)

where Y € OF (0!). Using the convexity of F and manipu-
lating the terms, we obtain:

' (F(©) — F(0")) <

N | >

(loe-U'*—le-e"?) 1s)

Combining this with the key inequality and using the con-
vexity of R, we can establish:

A _ A
1(GO) - G(O) < e -6 !|* - Jje - o'

2 2ge (16)
+ )‘(;) HVR(@til)HZ‘F (’/ ))\B
Summing over t=1,...,7 and using the fact that
n* = \/V/T for all ¢, we arrive at:
T
A 5B2
NGO -GO") <0 -0° P+ — (17
> (G(8") ~ G(O7) < 710" — O + S 17
From this, we can conclude:
0Y — 0|2 + 5B2
min G(6) — G+ < | 1"+ (18)

0<t<T \/f

The second part of the theorem, concerning the conver-
gence when > ;= 1’ = oo and > 1=, (n%)? < oo, follows
from standard results in convex optimization theory. These
conditions on the step sizes ensure that the algorithm takes
sufficiently large steps to reach the optimum, while the steps
become small enough over time to allow convergence. [

This theorem implies that for any € > 0, CAFL needs
at most O(e~2) iterations to find an e-optimal solution ©
of Eq. (1) such that G(©) — G* < e. It also establishes
the global convergence of CAFL to an optimal solution of
Eq. (1) when G is convex.
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3.3.3 Convergence for Non-Convex Case

Next, we provide the convergence guarantee of CAFL when
G(©) is a smooth and non-convex function.

Theorem 2 Under Assumption 1 and assuming functions
F(O) and R(O) in Eq. (1) are continuously differentiable
and the gradients V F'(0) and V R(O) are Lipschitz contin-
uous with modulus L, if n* = --- =0T = \/V/T, then the
sequence 67, ..., OT generated by Algorithm 1 satisfies

00\ _ r* 2
min [VG(O1)2 < 18(G(O7) = G+ 20L5?) +o(1>
0<t<T

o 7). (9

where ©* and G* are the same as in Theorem 1. Moreover,
ifn® satisfies Y oo, nt = coand Y ;o ,(n')? < oo, then

. t _
Qi [VG(©7)] = 0. (20)

The proof of this theorem follows a similar structure to
that of Theorem 1, but requires additional techniques to han-
dle the non-convexity of the objective function. The key idea
is to use the Lipschitz continuity of the gradients to bound
the change in the objective function between iterations.

Theorem 2 implies that for any € > 0, CAFL needs at
most O(e~*) iterations to find an e-approximate stationary
point © of Eq. (1) such that |[VG(©)|| < e. It also estab-
lishes the global convergence of CAFL to a stationary point
of Eq. (1) when G is smooth and non-convex.

These theoretical results demonstrate the strong conver-
gence properties of CAFL in both convex and non-convex
scenarios, providing a solid foundation for its application in
personalized federated learning.

3.3.4 Comparison of Convergence Properties

To contextualize CAFL’s convergence, we compare it with
related federated learning (FL) methods and non-federated
centralized SGD, focusing on non-IID data scenarios com-
mon in image sentiment tasks.

For convex objectives, CAFL achieves an O(1/v/T) rate
to an e-optimal solution, matching FedAvg [17] and central-
ized SGD [53]. However, FedAvg often diverges or slows
on non-IID data due to client drift [18], requiring more
rounds (e.g., 2.8x slowdown on MNIST non-IID vs. IID
[17]). CAFL’s attentive mechanism ensures stability by pro-
moting similar-client collaboration.

In non-convex settings (e.g., deep sentiment models),
CAFL converges at O(1/v/T) for [|[VG|? < €, comparable
to Per-FedAvg [54], which uses a meta-learning approach for
robustness on non-IID data. FedProx [18] improves FedAvg
with a proximal term, achieving O(A/(pe)) iterations
(where p accounts for heterogeneity), boosting accuracy
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by up to 22% on non-IID tasks. Centralized SGD shares
O(1/+/T) rates but assumes data centralization, ignoring pri-
vacy; CAFL approaches this efficiency in FL while handling
non-IID better empirically (see Section 4 for faster conver-
gence curves vs. baselines).

Overall, CAFL matches state-of-the-art FL rates while
excelling in non-IID stability, making it suitable for hetero-
geneous sentiment data.

4 Experiments

To evaluate the effectiveness of our proposed Conditional
Attention Federated Learning (CAFL) method, we con-
ducted a series of comprehensive experiments. This section
details our experimental setup, including datasets, imple-
mentation details, and evaluation metrics.

4.1 Datasets

We utilized three well-established datasets in the domain of
image emotion analysis: ARTphoto [5], ABSTRACT [5],
and PARA [55]. These datasets were chosen to construct a
comprehensive concept drift scenario, where different cli-
ents may associate varying emotions with the same image,
reflecting the real-world challenge of divergent P(y|x) distri-
butions across different centers.

4.1.1 Dataset Descriptions

e ARTphoto: This dataset consists of artistic photographs
professionally captured to evoke specific emotions, pro-
viding a rich source of visually expressive content.

e ABSTRACT: Comprised of abstract paintings and pat-
terns, this dataset challenges emotion recognition algo-
rithms with non-representational imagery.

e PARA: This dataset focuses on personalized im-
age aesthetics assessmet, incorporating rich attributes
that align well with our goal of personalized emotion
classification.

For all datasets, we adopted an 80-20 split, utilizing 80% of
the data for training and the remaining 20% for testing. This
configuration ensures a robust evaluation of our Model’s
performance and generalization capabilities.

4.2 Experimental Setup
Our experiments were designed for a comprehensive and

rigorous evaluation of CAFL against state-of-the-art PFL
methods. This section details the classification tasks, the
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rationale for our architectural and pre-training strategies,
the federated learning configuration, and all implementation
details required for reproducibility.

4.2.1 Classification Tasks

We assess all methods under two distinct classification
scenarios to test their capabilities at different levels of
granularity:

1. Binary Classification: Images were classified into two
broad categories: positive and negative emotions. This
setup provides a high-level evaluation of sentiment
analysis capabilities.

2. Multi-class Classification: We employed a more chal-
lenging 8-class emotion task, distinguishing between
Amusement, Anger, Awe, Contentment, Disgust,
Excitement, Fear, and Sadness. This fine-grained clas-
sification tests the model’s ability to discern subtle emo-
tional differences under significant concept drift.

4.2.2 Model Architectures and Pre-training Strategy

The choice of model architectures and training strategies is
crucial for a robust evaluation of federated algorithms.

Backbone Model Selection. To evaluate the generaliz-
ability of CAFL, we selected two state-of-the-art lightweight
models that represent distinct and competing architectural
philosophies for mobile vision. Our selection criteria priori-
tized models suitable for resource-constrained edge devices
while ensuring significant architectural diversity.

o MobileNet V3-Small [56]: A highly optimized pure
convolutional neural network (CNN), representing the
classic paradigm for mobile efficiency. The specific
variant we use has approximately 2.5M parameters and
achieves 67.5% Top-1 accuracy on ImageNet-1K.

o MobileViT V2-0.50 [26]: A modern hybrid architecture
combining CNNs with Vision Transformers. This model
introduces separable self-attention to achieve high effi-
ciency. The 0.5x scaled version we employ is even more
compact, with only 1.3M parameters, while reaching a
competitive 69.2% Top-1 accuracy on ImageNet-1K.

By selecting these two models, we can rigorously test
CAFL’s performance on both a classic, highly efficient
CNN and a modern, even more parameter-efficient hybrid
model. This demonstrates that our method’s advantages are
robust and not contingent on a specific architectural choice.

Pre-training Strategy. To thoroughly investigate the
algorithms’ learning capabilities, we conducted all experi-
ments in two scenarios:

1. Training from Scratch: Models are trained without
pre-trained weights. This setup rigorously tests an algo-
rithm’s ability to learn effective representations purely
from the decentralized and non-IID data within the
federation.

2. Fine-tuning from Pre-trained Models: Models are
initialized with weights pre-trained on ImageNet. This
scenario assesses an algorithm’s effectiveness in adapt-
ing general, large-scale knowledge to the specific, per-
sonalized task of emotion analysis while navigating the
challenges of concept drift.

4.2.3 Federated Learning Configuration

e Client Simulation: To construct a realistic PFL environ-
ment with significant concept drift, we curated a cohort
of 24 unique clients. These clients were formed by com-
bining user data from the ARTphoto [5], ABSTRACT
[5], and PARA [55] datasets, ensuring a diverse and het-
erogeneous setup.

o Client Participation: To simulate real-world conditions
where not all clients are available, we assumed 50% cli-
ent participation in each communication round. A ran-
dom subset of 12 clients was selected to perform local
training in each round.

4.2.4 Implementation Details and Hyperparameters

All experiments were conducted on a simulated distributed
network using NVIDIA RTX 4090 GPUs. For all baseline
methods, we adhered to their official papers’ implementa-
tions and tuned their respective hyperparameters on a vali-
dation set to ensure a fair and robust comparison.

e Optimizer: We used the SGD optimizer with a batch
size of 16 for all local training procedures.

e Training Schedule: All experiments were run for 200
communication rounds. In each round, participating
clients performed 1 epoch of local training. The initial
learning rate was set to 1e-4, with a decay factor of 0.99
applied after each communication round.

e CAFL-Specific Hyperparameters: Our proposed
method introduces two key hyperparameters that govern
its personalization and collaboration behavior: the regu-
larization strength A and the kernel sensitivity o. The
values for these were set based on their distinct func-
tional roles within our framework and were kept con-
stant across all experiments to ensure a fair comparison.

— Regularization Strength (\): This parameter bal-
ances the primary classification loss (L¢]ass) against
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Table 2 Performance comparison on the 8-class classification task without pre-trained models. CAFL demonstrates a significant lead in both
AUC and Accuracy across two distinct lightweight architectures. Mean and standard deviation are reported over three runs

Models MobileNet V3 [56] MobileViT V2 [26]

Methods AUC ACC AUC ACC
FedAvg [17] 69.10 = 0.42 38.46 +0.17 61.43 +£0.50 28.72+7.07
FedBABU [45] 67.75 +0.52 32.04+1.54 59.50 +1.75 27.93+7.58
FedBN [44] 69.10 +0.42 38.46 +0.17 61.47+0.53 29.04 +6.92
FedCross [47] 73.39+0.49 38.64 +0.00 65.66 +0.55 33.93+0.79
FedGH [50] 73.32+1.04 31.39 +£2.04 61.95+0.36 3536 +2.37
FedNTD [37] 72.64 +0.46 38.64 = 0.00 65.31+£0.52 33.38+1.20
FedPAC [48] 7236 +£0.16 38.64 +0.00 61.32+£0.16 2438 +0.41
FedPHP [49] 68.66 +0.35 38.64 +0.00 60.23 +1.01 2295+ 1.77
FedProx [18] 66.85 +0.63 36.93 +£2.32 58.99 +2.03 21.88 £13.31
MOON [36] 69.12 +0.42 38.64 = 0.00 61.58 £0.37 24.61+0.91
Per-FedAvg [54] 67.18 £0.36 37.90 +0.95 57.98£2.72 18.79 £10.76
CAFL (ours) 76.60 + 0.32 46.03 = 0.24 66.30 + 1.16 35.44 +1.36

Table 3 Performance comparison on the 8-class classification task with ImageNet pre-trained models. Fine-tuning further improves perfor-
mance across the board, with CAFL maintaining its significant lead and demonstrating its superior ability to adapt general knowledge to personal-

ized tasks

Models MobileNet V3 [56] MobileViT V2 [26]

Methods AUC ACC AUC ACC
FedAvg [17] 72.03 +£0.48 36.52+£0.35 66.82 = 0.48 31.95+£1.56
FedBABU [45] 66.07 £2.12 29.87 +1.89 57.08 = 1.94 18.61 £1.02
FedBN [44] 72.03 £0.48 36.52+0.35 66.83 £ 0.48 32.04+£1.52
FedCross [47] 74.18 £0.89 40.95 +0.17 67.99 +0.50 34.86 +1.36
FedGH [50] 71.87+0.51 3541 +£0.46 67.43+1.73 28.12+1.33
FedNTD [37] 73.63 +0.83 40.54 £0.17 67.85+0.50 34.86+£1.42
FedPAC [48] 71.48 +1.06 40.40 £0.13 64.24 £0.87 29.09 +£1.97
FedPHP [49] 70.28 £ 0.82 34.63+£0.63 62.12+1.36 25.25+1.33
FedProx [18] 59.94 £ 1.78 21.51+1.37 53.96 £2.25 15.60 £ 1.25
MOON [36] 72.03 +£0.48 36.52+0.35 66.83 = 0.49 31.99 +£1.48
Per-FedAvg [54] 62.82 +1.68 25.72+1.92 55.29+£2.19 16.30£0.91
CAFL (ours) 81.30 +0.75 51.48 = 0.62 74.78 £ 0.75 44.28 = 0.80

the collaborative regularization loss (Lconap). In
a PFL setting characterized by significant concept
drift, it is crucial for each model to prioritize fit-
ting its own local data distribution. Therefore, we
set a modest value of A = 0.1 to ensure the collab-
orative term acts as a targeted regularizer, guiding
learning without overpowering the essential local
personalization.

— Kernel Sensitivity (¢): This parameter in the Gauss-
ian kernel (8) dictates the"sharpness"or selectivity
of the attention mechanism. A smaller ¢ makes the
attention highly sensitive to the distance between
model parameters. We set ¢ = 0.005 to enforce a
strict collaboration scheme. This encourages clients
to assign meaningful attention weights only to a
small subset of the most similar peers, effectively
creating focused collaborative groups and prevent-
ing negative knowledge transfer from dissimilar
clients.
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4.3 Results
4.3.1 Multi-class Classification

To rigorously evaluate CAFL’s ability to handle severe
concept drift (P(y|x) shift), our primary experiments were
conducted on the challenging 8-class emotion classification
task. The results unequivocally demonstrate that our pro-
posed method consistently and significantly outperforms a
wide range of state-of-the-art federated learning baselines,
both when training from scratch and when fine-tuning pre-
trained models.

The numerical results in Table 2 and Table 3 clearly
show CAFL’s superior accuracy and AUC. When train-
ing from scratch, the struggles of foundational algorithms
like FedAvg are expected; its mandatory model averaging
process fundamentally conflicts with the goal of personal-
ization by collapsing diverse client concepts into a single,
compromised model. Even more advanced methods like
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Fig. 2 Convergence curves for the 8-class classification task on the
MobileNet V3 backbone. The plots show the average AUC (left in
each subfigure) and Accuracy (right in each subfigure) over 300 com-

FedCross, while improving the aggregation strategy, still
lack a mechanism to resolve the underlying conceptual con-
flicts at the client level. With pre-training, CAFL’s lead is
even more pronounced. This highlights a key insight: while
methods like FedNTD effectively preserve global knowl-
edge, they do not sufficiently address the need for personal-
ized decision boundaries inherent to P(y|x) drift. Similarly,
while FedBN is known to excel at P(x) feature shift, it is less
effective here because the core problem is not feature style
but the feature-to-label mapping itself. CAFL’s multi-mod-
ule design adeptly handles both adapting general knowledge
and personalizing this crucial mapping.

Beyond final performance metrics, the convergence rate
is a critical indicator of a method’s efficiency and stability
in federated settings. The learning curves, consolidated in

munication rounds. In both scenarios, CAFL (blue) achieves superior
performance and converges significantly faster than all baselines

Fig. 2, illustrate this point vividly. In both scenarios (with
and without pre-training), CAFL not only reaches a higher
final performance but also exhibits a significantly steeper
initial learning slope. This demonstrates a much faster con-
vergence rate. This efficiency is not merely a byproduct of
faster optimization; it is a direct consequence of CAFL’s
Collaborative Similarity Matching (Module C). By actively
pruning unhelpful collaborations and focusing learning on
relevant knowledge from kindred peers, CAFL avoids the
wasted cycles spent reconciling conflicting gradients from
dissimilar clients—a problem that plagues and slows down
methods like FedAvg.
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Fig. 3 The evolution of inter-client attention weights for CAFL with
the MobileNet V3 backbone, shown at key rounds. Yellow indicates
high attention, while dark purple indicates low attention. Note the sig-

4.3.2 Visualization of the Collaborative Mechanism

To provide a deeper, more intuitive understanding of how
CAFL mitigates concept drift, we visualized the core of its
collaborative mechanism (Module C). This involved plot-
ting the evolution of the inter-client attention weights (c;;
from Eq. 9) as heatmaps over successive communication
rounds. By analyzing the complete evolution across dif-
ferent architectures, including the crucial changes in the
attention scale (color bar), we can observe a distinct and
consistent multi-phase process that empirically validates
our approach.
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(d) Round 128: Stabilization

nificant changes in the color bar scale, reflecting the dynamic concen-
tration of attention. The process clearly shows a transition from broad
exploration to highly focused, stable collaboration clusters

As depicted in Fig. 3 and Fig. 4, the attention patterns
for both architectures exhibit a remarkably consistent three-
phase evolution:

Phase 1: Exploration and Low-Intensity Attention
(e.g., Round 1) In the initial rounds, the heatmaps are dif-
fuse. The color bar’s maximum value is low (approx. 0.08),
indicating that attention is weak and broadly distributed. At
this stage, models are near their common initialization, and
parameter-space distance is not yet a meaningful proxy for
conceptual similarity.

Phase 2: Cluster Formation and Attention Concen-
tration (e.g., Rounds 8-64) A striking pattern emerges
and intensifies dramatically by round 64. Distinct block-
diagonal structures appear, signifying the formation of
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Fig. 4 The evolution of inter-client attention weights for CAFL with
the MobileViT V2 backbone. The same multi-phase evolutionary pat-
tern observed in Fig. 3 is consistently reproduced, confirming that this

collaborative clusters. Crucially, the scale of the color bar
undergoes a massive shift, with peak attention values sky-
rocketing (e.g., to approx. 0.7 for MobileNet V3). This dem-
onstrates that clients are not only becoming more selective
about who to collaborate with, but the intensity of that col-
laboration becomes highly concentrated. CAFL enables cer-
tain clients to almost exclusively learn from a very small set
of"kindred"peers who share the same P(y|x) concept, while
actively isolating them from all others.

Phase 3: Stabilization and Relaxation (e.g., Round
128) Interestingly, in later rounds, the attention pattern, while
maintaining the clear cluster structure, slightly"relaxes."The
peak attention value on the color bar decreases from the
extreme high at round 64. This may suggest that once pri-
mary conceptual alignment is achieved through intense
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007
006
005
004
003
002
001
000

N L T T TR S S S AR SIS S S S A
Source Client ID

Target Client ID

(b) Round 8: Cluster Emergence

Client Attention Matrix (CAFL, Round 128), Sigma=0.005

Target Client ID

I r , L. 000
R R R I A
Source Client ID

(d) Round 128: Stabilization

dynamic behavior is a fundamental characteristic of the CAFL frame-
work itself, rather than an artifact of a specific model architecture

collaboration, the system can afford to slightly broaden its
attention again for fine-tuning and to prevent overfitting to a
single peer within the cluster.

This entire evolutionary pattern’s consistency across
both a pure CNN (MobileNet V3) and a hybrid Transformer
(MobileViT V2) architecture is powerful evidence. It con-
firms that this intelligent, dynamic clustering is a fundamen-
tal and robust characteristic of the CAFL framework. This
process directly explains CAFL’s superior performance and
rapid convergence; the model intelligently allocates its col-
laborative budget, first finding and then intensively learning
from the most relevant peers before settling into a stable,
personalized state.
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Table 4 Performance comparison on the binary classification task without pre-trained models. CAFL continues to achieve the highest perfor-
mance, though the margins are narrower compared to the multi-class task, likely reflecting the reduced concept drift in a binary setting

Models MobileNet V3 [56] MobileViT V2 [26]

Methods AUC ACC AUC ACC
FedAvg [17] 80.41+0.35 74.42 +£0.35 74.28 +1.85 69.81 £ 1.74
FedBABU [45] 78.57+2.01 73.50 +2.84 71.52+3.34 70.22 +£5.24
FedBN [44] 80.41+0.35 74.42 +£0.35 74.56 £2.13 69.99 +2.01
FedCross [47] 79.78 £ 0.41 74.79 £ 0.00 79.64 +0.77 75.25+0.68
FedGH [50] 82.78 £ 0.05 79.22 +£0.41 72.80 +2.54 7221 £4.05
FedNTD [37] 79.51+£0.52 74.79 + 0.00 78.93 +1.48 75.12+£0.62
FedPAC [48] 80.69 + 0.44 75.12+£0.36 73.66 + 1.56 72.81 £3.74
FedPHP [49] 79.43 +0.49 74.79 +0.00 70.20 +0.96 64.91+1.93
FedProx [18] 77.60 +0.37 74.79 + 0.00 69.55 +4.57 70.08 +5.47
MOON [36] 80.59+0.23 76.16 £0.28 74.00 = 0.49 70.54 £2.53
Per-FedAvg [54] 77.93 +£0.43 74.79 £ 0.00 71.05+7.21 70.59 +7.15
CAFL (ours) 85.09 + 0.33 80.33 + 0.45 80.49 + (.78 76.16 + 1.44

Table 5 Performance comparison on the binary classification task with ImageNet pre-trained models. All methods benefit from fine-tuning, with
CAFL maintaining its position as the top-performing algorithm, confirming its robustness across varying task complexities

Models MobileNet V3 [56] MobileViT V2 [26]

Methods AUC ACC AUC ACC
FedAvg [17] 81.62+£0.20 74.84 £ 0.66 79.17 +£0.20 7521 +£0.34
FedBABU [45] 77.14 £ 0.48 75.39+0.56 64.29 +1.83 64.59 +1.97
FedBN [44] 81.62+£0.20 74.84 £ 0.66 79.17+0.20 75.16 £0.40
FedCross [47] 82.77+0.20 76.96 + 0.62 77.82 +0.54 75.39 +0.07
FedGH [50] 81.95+0.38 76.36 +0.99 73.41 +£1.37 71.24+1.93
FedNTD [37] 81.88+0.14 75.85+0.35 77.70 £ 0.56 75.16 £ 0.07
FedPAC [48] 81.31+0.20 75.95+0.28 75.62 £0.62 74.19+£0.83
FedPHP [49] 80.42 +£0.03 74.47 £ 0.96 73.77 +£0.92 72.02 £0.79
FedProx [18] 70.46 + 0.85 68.05+1.77 57.56 £2.78 57.89+3.10
MOON [36] 81.61+0.20 74.61 +0.43 79.14 +0.26 75.21+0.30
Per-FedAvg [54] 74.08 +0.85 69.81+1.67 60.68 +2.58 61.68 +£3.25
CAFL (ours) 85.38 + 0.23 81.58 = 0.30 81.84 = 0.32 79.59 + 0.83

Table 6 Ablation study of CAFL’s core components on the binary classification task (AUC %). Each column represents the performance after
removing the specified module(s). The full CAFL model significantly outperforms all ablated versions, confirming the necessity and synergy of

its components

CAFL w.o. A w.0. B w.o. C

w.o. A+B w.0. A+C w.o0. B+C w.0. A+B+C

80.49 = 0.78 79.83 £0.19 76.18 £ 0.68 79.52+£1.23

76.60 £ 0.96 77.60 + 0.84 75.00 = 1.30 74.92 £0.94

4.3.3 Binary Classification Performance

To assess the versatility and robustness of our framework,
we also evaluated all methods on a binary emotion classi-
fication task (positive vs. negative). This scenario, with its
potentially less severe degree of concept drift, serves as a
crucial test for whether the benefits of a sophisticated per-
sonalization method like CAFL persist in less challenging
conditions. The results, presented in Table 4 and Table 5,
confirm that CAFL consistently maintains its superior
performance.

As shown in the tables, CAFL consistently achieves the
highest AUC and Accuracy scores across all settings. For
instance, with a pre-trained MobileNet V3 model (Table 5),
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CAFL achieves an AUC of 85.38%, surpassing the next-
best method, FedCross, by a notable margin of 2.61%.

An important insight emerges from comparing these
results to the multi-class scenario. Here, the performance
gap between CAFL and other advanced methods like Fed-
Cross and FedGH is narrower. This is likely because the
conceptual divide for binary sentiment (positive vs. nega-
tive) is more universally understood across clients, lead-
ing to a less severe ‘P(y|x) drift compared to the nuanced
8-class task. However, the fact that CAFL still yields the
best performance is significant. It demonstrates that even
when conceptual differences are subtle, CAFL’s ability to
capture fine-grained personalization needs and facilitate tar-
geted collaboration provides a distinct, winning edge. This
confirms the robustness of our approach: it excels in the
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face of severe concept drift and still delivers superior results
when the drift is moderate. The convergence curves, which
we omit here for brevity but which show a similar trend
to the multi-class case, further confirm CAFL’s consistent
efficiency.

4.3.4 Ablation Study

To empirically dissect the contribution of each core compo-
nent within our framework, we conducted a comprehensive
ablation study. We systematically deactivated one or more
of CAFL’s three modules and evaluated the performance
impact: Module A (Adaptive Feature Gating), Module B
(Bipartite Prediction Head), and Module C (Collaborative
Similarity Matching). The results, presented in Table 6,
were obtained using the MobileViT V2-050 backbone on
the binary classification task without pre-training.

The results in Table 6 lead to several clear and compel-
ling conclusions about our design choices:

e Module C (Collaborative Similarity Matching) is ef-
fective. Removing only Module C (w.0. C) results in a
noticeable performance drop. This configuration is akin
to a personalized federated learning method where cli-
ents train independently with a global model component
but lack an intelligent peer-to-peer collaboration mecha-
nism. The drop confirms that our attention-based simi-
larity matching actively promotes positive knowledge
transfer and is superior to naive collaboration.

o Module A (Adaptive Feature Gating) is valuable. De-
activating Module A (w.o. A) also lowers performance.
This version of the model can still use separate personal-
ized and global heads, but it must feed the entire feature
representation to both. The performance loss indicates
that learning a sample-specific policy to dynamically
route features into personalized and global streams, as
described in Sect. 3.2.2, is a more effective strategy for
disentangling knowledge.

e Module B (Bipartite Prediction Head) is critical. The
most substantial performance degradation occurs when
Module B is removed (w.o0. B, AUC drops to 76.18%).
In this case, the model loses the structural capacity to
maintain separate decision boundaries for personalized
and global knowledge. Forcing both feature streams
into a single head creates an information bottleneck
and negates the benefits of feature disentanglement.
This underscores that the bipartite head architecture
(Sect. 3.2.3) is the cornerstone of our personalization
strategy.

e The components have a strong synergistic effect. The
performance degradation is most severe when multiple
modules are removed. The worst result is observed when

all three modules are deactivated (w.o. A+B+C, AUC
of 74.92%). This configuration is conceptually equiva-
lent to a simple PFL baseline that only personalizes the
feature extractor. The stark difference between the full
CAFL model and this baseline vividly illustrates that the
components of CAFL are not merely additive but work
in synergy to create a robust and effective solution.

In summary, this ablation study provides compelling quan-
titative evidence that CAFL’s superior performance is not
due to any single trick, but to the thoughtful integration of
its three core mechanisms, each playing a vital and com-
plementary role in addressing the challenges of federated
learning under concept drift.

5 Conclusion

This paper introduced Conditional Attention Federated
Learning (CAFL), a novel framework that effectively
addresses the critical challenge of concept drift in federated
image emotion analysis. CAFL’s unique integration of an
adaptive feature gate, a bipartite prediction head, and an
attention-based collaboration mechanism was empirically
proven to consistently outperform state-of-the-art methods
across various tasks and model architectures. Our analyses
confirmed that CAFL intelligently forms dynamic collab-
orative clusters to handle the subjective nature of emotional
data, validating our design and its superior performance.

The success of CAFL opens new avenues for privacy-
preserving personalization in fields where concept drift is
prevalent, such as decentralized healthcare and user model-
ing. Future work will focus on integrating formal privacy
guarantees, like differential privacy, and adapting the frame-
work for continual learning environments where client con-
cepts may evolve over time.
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