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Abstract

Personalized federated learning (PFL) aims to balance shared knowledge with
client-specific adaptation under heterogeneous data. However, data that are not
independently and identically distributed (non-IID), together with partial client
participation, can cause shared representations to vary across communication
rounds, hindering knowledge transfer. Existing methods mainly address hetero-
geneity through model personalization or historical knowledge transfer, while
sample-level temporal representation changes remain underexplored. We propose
FedEAGD, a trajectory-guided PFL framework that uses a client-specific expo-
nential moving average (EMA) teacher to summarize shared-model history. The
discrepancy between each sample’s current and historical shared representations
quantifies temporal drift and adaptively determines the strength of historical
distillation. Progressive gated residual fusion (PGRF) introduces personalized
information according to a stage-wise schedule. Representation anchoring and
residual decoupling regularize this process, while post-aggregation calibration
and late-stage server smoothing coordinate local adaptation with global model
updates. Only the shared feature extractor is communicated, while personalized
components remain local. Experiments on MNIST, CIFAR-10, CIFAR-100, and
DomainNet evaluate FedEAGD under varying data heterogeneity, client partici-
pation rates, and federation sizes. On CIFAR-100 with a Dirichlet concentration
parameter of &« = 0.1, FedEAGD achieves 63.05% accuracy, outperforming the
strongest evaluated baseline by 5.96 percentage points.

Keywords: Personalized federated learning, Temporal representation drift, Knowledge
distillation, Non-IID data, Adaptive distillation, Progressive personalization



1 Introduction

Federated learning (FL) enables multiple clients to collaboratively train a model
without directly sharing their local data, making it suitable for distributed and
privacy-sensitive environments (McMahan et al. 2017; Li et al. 2020a; Kairouz et al.
2021). In real-world federated systems, however, client data often violate the indepen-
dent and identically distributed (IID) assumption due to differences in data sources,
acquisition conditions, class distributions, and feature statistics. Such data are com-
monly referred to as non-IID data (Li et al. 2021c). Client participation may also vary
across communication rounds. These sources of heterogeneity can lead to divergent
local optimization trajectories and weaken the transferability of a single global model
across clients (Li et al. 2020b; Wen et al. 2023). In federated systems, model updates
are exchanged between a central server and participating clients. Consequently, client
participation, the number of transmitted parameters, and federation scale are impor-
tant system-level considerations alongside predictive accuracy. These considerations
motivate personalized learning methods that accommodate heterogeneous client data
while limiting the exchange of client-specific model components.

Personalized federated learning (PFL) addresses this limitation by integrating
shared knowledge with client-specific adaptation. Recent surveys have reviewed the
challenges posed by heterogeneous federated data and emerging directions for fed-
erated learning, providing broader context for adaptive and personalized approaches
(Wen et al. 2023; Ji et al. 2024). Existing approaches have explored various strategies,
including personalized regularization, model decomposition, representation learning,
adaptive aggregation, and selective collaboration (Dinh et al. 2020; Li et al. 2021b;
Collins et al. 2021; Zhang et al. 2023c,b; Xu et al. 2025; Zhong et al. 2026; Liu
et al. 2025b, 2026). Community-aware collaboration and personalized alignment have
also been investigated to improve coordination between global and local models (Yao
et al. 2026). Although these methods effectively account for inter-client differences,
they primarily characterize personalization in terms of data distributions, model
components, or relationships among clients. By contrast, the evolution of individual
sample representations across communication rounds has received comparatively little
attention.

Historical information can provide additional supervision to stabilize local opti-
mization. Recent studies have incorporated historical models, adaptive memory, and
teacher-guided knowledge transfer into personalized federated learning (Fu et al. 2026;
Liu et al. 2025a; Zhang et al. 2026¢,b). Cross-client distillation has also been investi-
gated in personalized cloud—edge collaboration (Zhang et al. 2025). However, historical
supervision is typically constructed or applied at the model or client level. As a result,
samples within the same client may be subject to similar historical constraints despite
exhibiting different representation trajectories across communication rounds.

To address this issue, we propose FedEAGD, a trajectory-guided personalized fed-
erated learning framework that captures sample-level representation evolution across
communication rounds. Each client maintains an exponential moving average (EMA)
historical teacher to capture the trajectory of its locally retained shared model. The
discrepancy between current and historical shared representations serves as a sample-
level temporal drift signal that adaptively adjusts the strength of historical distillation



for each sample. Accordingly, samples with larger representation changes receive
stronger temporal supervision, whereas those with relatively stable representations are
subject to weaker constraints.

To balance temporal stabilization and client-specific adaptation, FedEAGD intro-
duces progressive gated residual fusion. This mechanism progressively increases the
contribution of personalized information to the shared representation through a gated
residual connection as communication rounds advance. Representation anchoring
and residual decoupling provide auxiliary regularization, while post-aggregation cal-
ibration and late-stage server smoothing facilitate local-global coordination. During
communication, only the shared feature extractor is exchanged, while all person-
alized components remain local to each client. Together, these mechanisms adapt
historical supervision to sample-level representation drift and introduce client-specific
information according to a stage-wise fusion schedule.

The main contributions of this work are summarized as follows:

® We introduce sample-level temporal supervision into personalized federated learning
by measuring changes in each sample’s shared representation across communication
rounds. The resulting temporal drift signal determines the strength of historical dis-
tillation, allowing the supervision to adapt to sample-specific representation changes
rather than applying a uniform distillation weight.

e We develop progressive gated residual fusion (PGRF'), which forms a fused repre-
sentation by adding a gated personalized residual to the shared representation. A
stage-wise coefficient keeps the residual contribution at zero initially and increases
its scaling during a predefined ramp-up period.

e We evaluate FedEAGD on MNIST, CIFAR-10, CIFAR-100, and DomainNet
under varying data heterogeneity, client participation rates, and federation sizes.
FedEAGD achieves the highest mean accuracy across the evaluated settings, out-
performing the strongest baseline by 5.96 percentage points on CIFAR-100 with
a = 0.1. We also analyze convergence, assess individual components through
ablation studies, and quantify computational and communication costs. Only the
shared feature extractor is communicated, avoiding additional model-parameter
transmission for personalized components.

2 Related Work

2.1 Personalized Federated Learning

Personalized federated learning aims to adapt models to individual clients while lever-
aging transferable knowledge from federated collaboration under heterogeneous data
distributions (Tan et al. 2023). Existing approaches address this objective through
personalized regularization, model decomposition, representation learning, and adap-
tive collaboration (Ji et al. 2024). Regularization-based methods, such as pFedMe
and Ditto, constrain the relationship between personalized and shared models (Dinh
et al. 2020; Li et al. 2021b), whereas FedPer, FedRep, and FedBABU achieve per-
sonalization by separating globally shared model components from locally adapted
ones (Arivazhagan et al. 2019; Collins et al. 2021; Oh et al. 2022). Other approaches,



including FedRoD and GPFL, combine generic and personalized representations or
prediction components to accommodate client heterogeneity (Chen and Chao 2022;
Zhang et al. 2023a).

Recent studies have increasingly focused on the adaptive interaction between
shared and personalized knowledge. FedCP and FedALA dynamically adjust the use
of global and local information, whereas FedCAC and FedSC enhance collaboration
through selective coordination among clients (Zhang et al. 2023c,b; Wu et al. 2023;
Xu et al. 2025). FedCNM combines global feature constraints with adaptive aggrega-
tion, while other recent methods investigate hybrid expert architectures, shared-base
adaptation, and dynamically generated personalized models (Zhong et al. 2026; Zhang
et al. 2026a; Liu et al. 2025b, 2026). Community-aware aggregation and local align-
ment have also been explored to improve coordination between global and local models
under heterogeneous client data distributions (Yao et al. 2026).

These methods primarily characterize personalization in terms of client data dis-
tributions, model components, or inter-client relationships. By contrast, FedEAGD
focuses on how individual sample representations evolve across communication rounds
and uses this temporal information to adaptively regulate historical distillation before
progressively incorporating client-specific information.

2.2 Federated Knowledge Distillation and Historical
Supervision

Knowledge distillation is widely used in federated learning to transfer supervisory
information without directly exchanging raw data (Hinton et al. 2015). Federated
Distillation and FedMD transfer prediction-level knowledge among distributed mod-
els, whereas FedGen and FedKD extend this approach through generative knowledge
transfer and compact teacher—student architectures, respectively (Jeong et al. 2018;
Li and Wang 2019; Zhu et al. 2021; Wu et al. 2022). Knowledge distillation has also
been explored in personalized cloud—edge collaboration to facilitate knowledge transfer
across clients with heterogeneous data (Zhang et al. 2025). Related approaches have
explored generative knowledge distillation for federated semi-supervised learning and
data-free mutual distillation for knowledge transfer under heterogeneous client data
(Karami et al. 2024; Wang et al. 2026).

Beyond prediction-level knowledge transfer, representation-based methods seek
to improve consistency between local and shared representations through feature
alignment or contrastive learning. MOON uses model-contrastive learning to regular-
ize local representations, while PFAKD and FedRIR align shared and personalized
representations at the feature level (Li et al. 2021a; Qi et al. 2024; Huang et al. 2025).

Recent studies have incorporated historical information into personalized fed-
erated optimization. FedLFH uses a tracking mechanism to preserve client-specific
historical information and coordinate shared and personalized features (Fu et al.
2026). Per-Fed AHM adaptively aggregates historical classifier heads based on their
relevance, as assessed by validation loss (Liu et al. 2025a). FedPKD regulates
teacher—student knowledge transfer according to local empirical risk, whereas FedTDC
combines teacher-confidence-guided distillation with aggregation calibration (Zhang
et al. 2026¢,b).



Prior PFL methods have addressed client heterogeneity through personalized mod-
eling, model decomposition, and collaboration among clients. Research on historical
knowledge transfer has also explored model tracking and adaptive distillation. How-
ever, how changes in individual samples’ shared representations across communication
rounds can guide the strength of historical distillation remains insufficiently explored,
particularly when historical supervision must be balanced with progressive person-
alization. FedEAGD addresses this gap by using a client-specific EMA teacher to
measure sample-level temporal drift, adjusting the distillation weight accordingly, and
combining this supervision with progressive gated residual fusion.

3 Methodology

3.1 Problem Formulation and Notation

Consider a personalized federated learning system with a central server and K clients,
denoted by C = {C1,C4,...,Ck}. Client Cy holds a private dataset

D = {(zi,yi) i1, (1)

where ny = |Dy| denotes the number of local samples.
Client data follow client-specific distributions Py (z,y). Under non-1ID settings,

Pk(xay)#Pj(x7y)a k#]? (2)

which may lead to different local objectives and optimization directions across clients
(Li et al. 2020b; Tan et al. 2023).

The model of client C}, consists of a shared feature extractor with parameters 4, a
personalized feature extractor with parameters 67, a gating module with parameters
wk, and a local classifier with parameters ¢;. Its local empirical objective is

1
Ei(by, 6y, wi, O1) = — > (frlwii 00,08, wi, d1), ui) (3)
(zi,y:)EDk

where fi(-) denotes the complete client prediction function. Let N = Zszl ng. The

PFL objective is

K
. ng
min — F (0 )Qp’wk’(bk . 1)
05 0% wr o Hy =1 N 97k ) (

At communication round ¢, the server selects a client subset S; C C. Only 6,
participates in server aggregation, whereas 67, wy,, and ¢, remain local.
3.2 Framework Overview

FedEAGD integrates trajectory-guided temporal stabilization with progressive per-
sonalized representation learning. The former leverages each client’s shared-model



trajectory across communication rounds to construct sample-level historical supervi-
sion, while the latter gradually incorporates client-specific information following an
initial stage of shared-representation learning.

As shown in Fig. 1, each client is equipped with a shared feature extractor G(+;6,),
a personalized feature extractor Py(-;6}), a gating module A(-;wy), and a local clas-
sifier Hy(+; ¢x). Each client also maintains a historical teacher Gy (+;0, x) to track the
evolution of its locally retained shared model. Only the shared feature extractor is
exchanged between the server and clients; the personalized feature extractor, gating
module, local classifier, and historical teacher are maintained locally at each client.
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Fig. 1 Overall framework of the proposed FedEAGD method

During local training, the historical teacher provides a temporal reference for
drift-aware historical distillation, while progressive gated residual fusion regulates
the incorporation of personalized information into shared representations. After local
training, the server aggregates the shared feature extractors and synchronizes the
resulting model with participating clients, which then perform lightweight local
calibration. The overall procedure is summarized in Algorithm 1.

3.3 Client Local Update

At communication round ¢, each selected client Cy € Sy loads the latest synchronized
parameters into its shared feature extractor, while retaining the client-specific states
of its personalized feature extractor, gating module, local classifier, and historical
teacher.



3.3.1 Client-Trajectory-Guided Drift-Aware Distillation

Historical supervision can stabilize local optimization, but relying on a reference
from a single communication round may make the supervision sensitive to transient
local fluctuations. Moreover, samples within the same client may undergo differ-
ent degrees of representation change across communication rounds. To address these
issues, FedEAGD summarizes each client’s shared-model trajectory and uses it to
provide sample-level temporal supervision.

For a mini-batch B on client Cy,

B = {(l“z',yi)}f;p (5)

where B denotes the mini-batch size.
Let 0’5;1 denote the locally retained shared-extractor parameters immediately
before synchronization in round ¢. The sequence

T = {00 O =2, (6)

defines the client-specific shared-model trajectory.

Rather than storing the complete trajectory, FedEAGD recursively summarizes
it through an exponential moving average (EMA) historical teacher (Tarvainen and
Valpola 2017): )

0 =10 + (=6t t>2 (7)
where v € (0,1) is the EMA coefficient. The teacher is initialized from the shared
extractor and remains frozen during local gradient optimization.

For each sample x;, the current and historical shared representations are computed
as

gi = G(4;0,), gi = Gy (xi;éf,,k) . (8)
Their temporal consistency is measured using cosine similarity:
Ta.
Si _ gl_gl , (9)
lgill2llgill2 + €

where € > 0 is a small constant for numerical stability. The sample-level temporal drift
is then defined as
di =1- S;- (10)
A larger d; indicates stronger cross-round representation variation. Accordingly,
the historical distillation coefficient is defined for each sample as

pt; = min {p0(1 + d;), fmax } » (11)

where pg is the base coefficient and iy, bounds the strength of historical supervision.
This rule links the observed representation drift directly to the strength of historical
supervision, while the upper bound limits the maximum distillation weight assigned
to any sample.



The resulting representation distillation loss is

B
1 2
Laist = B ;ﬂi ||gz - Sg(gi)HQ . (12)

The stop-gradient operation keeps the historical representation fixed as the temporal
supervision target during local optimization.

3.3.2 Progressive Gated Residual Fusion

Temporal stabilization alone does not provide client-specific adaptation, while apply-
ing the personalized residual from the outset may interfere with early shared-
representation learning. FedEAGD therefore uses progressive gated residual fusion
(PGRF), which combines the shared representation with a gated personalized residual
scaled by a time-dependent coefficient.

For each sample z;, the shared representation, personalized representation, and
gating vector are

gi = G(xi;ag% pi = Pr(z; 92)7 a; = J(Ak([gi;pi]§wk)) ) (13)

where [g;; p;] denotes feature concatenation and a; € [0,1]¢ controls the contribution
of the personalized residual.
The fused representation is

hi = gi + @Mmax@i © [pi —sg(9:)] s (14)

where 7pax is the maximum fusion ratio and ® denotes element-wise multiplication.
The stop-gradient operation isolates the shared feature used as the residual reference;
the shared branch still participates in h; through the direct additive path and the
gating input.

The progressive coefficient is defined as

0, t <t
t—tg
qt = s ts §t<ts+Tr7 (15)
T,
L t>ts+ Ty,

where %, is the activation round and 7T’ is the ramp-up duration. Thus, ¢; remains zero
before t,, increases linearly from zero to one during the ramp-up period, and remains
at one thereafter. This schedule controls the scaling of the gated residual; its actual
contribution to the fused representation also depends on the sample-specific gate a;
and residual p; — sg(g;).

The shared and fused representations are classified using the same local classifier:

z; = Hy(9i; o), 2] = Hy(hi; ). (16)



Their classification objective is defined using the cross-entropy loss, denoted by CE:

Les = Zi;: [CE z;,yi) + CE(z; ,yl)} . (17)

To limit degradation caused by unreliable personalized fusion, the shared path is
used as a reference:

Lgate = max (0, EéE - Sg( éE)) ) (18)
where

B B
S 1 S 1
Lee =5 Z CE(z),y:),  Llg= B Z CE(2, 4:). (19)

The safety term is active only when the fusion-path loss exceeds the shared-path loss.
Because the shared-path loss is detached, gradients from this term are propagated
through ﬁéE only.

3.3.3 Auxiliary Regularization for Personalized Representation
Learning

Two auxiliary regularization terms are introduced during progressive fusion. Repre-
sentation anchoring helps preserve shared semantic information in the early stages,
while residual decoupling encourages personalized features to capture complementary
information.

The anchoring loss is

anchor = Z ||pz gz ”2 (20)

Its contribution is gradually reduced as personalized fusion becomes active, allowing
the personalized branch greater flexibility in later rounds.
The personalized residual is

i = pi —58(g:)- (21)

The shared representation and residual are normalized as

A Sg(gz‘)
i = 7T~ (22)
I sg(g:)ll2
and s
Fi = ——. 23)
Il (

Residual decoupling is then defined by

B
Edec - Z gz—rfl . (24)

©



Since both vectors are fo-normalized, minimizing Lqge. discourages the personalized
residual from encoding directions already represented by the shared branch.

3.3.4 Local Optimization Objective

The anchoring coefficient is scheduled according to the progressive fusion stage:
AL = astart _ g ()\Ztarc -~ )\an) _ (25)
The local objective of client Cy, is
L}, = Las + Laist + Ay Lanchor + ¢tAdLace + @t AsLsate: (26)

where Ay and A4 control residual decoupling and fusion safety, respectively. The fac-
tors q; progressively activate the personalization-related terms together with residual
fusion.

During local training, 6, 67, wy, and ¢;, are optimized jointly, while the historical
teacher remains frozen.

3.4 Server Aggregation and Local-Global Coordination

After local optimization, participating clients upload only their shared feature
extractors. The server performs sample-weighted aggregation:

N

t+1 I t,loc

ag@gg - Z Z n,eng ) (27>
JES, F4IE€S T

Late-stage momentum smoothing is applied after round ¢,,:

1
i+l — {%ﬁxggv t<tm, (28)
g t t+1

59g+(liﬂ)og,agg7 tztmv

where  is the smoothing coefficient.

Before receiving the aggregated parameters 9§+1, each client updates its historical
teacher using the shared model retained from round ¢. For participating clients, this
is the locally optimized shared feature extractor, whereas non-participating clients
retain the previous shared model 92. The aggregated shared feature extractor is then
synchronized across all clients. Under partial participation, only clients in S; perform
local training and upload their updates, while all clients are assumed to be available
for server-to-client synchronization.

After synchronization, participating clients freeze both feature extractors and
calibrate only the gating module and classifier using

Leal = ESCE + Qt)\fEéE + @ As Lsates (29)
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where Ay controls the fused-path classification term. Calibration uses only a small
number of local mini-batches and does not introduce an additional full local training
stage. The complete procedure is summarized in Algorithm 1.

Algorithm 1 FedEAGD

Require: C = {C,...,Ck} - client set; T - communication rounds; p - participation

rate; F - local epochs; B - mini-batch size; v - EMA coefficient

Ensure: shared extractor ¢, and personalized models {07, wi, qﬁk}f:l
1: Initialize: 0, {0%, wy, P }r_;, and set Oé)k +— 9; for each client Cy
2: fort=1,...,7T do

oW

© 2 3 >

10:

11:
12:
13:
14:
15:
16:
17:

18:
19:

20:

21:
22:
23:
24:
25:
26:
27:
28:
29:

Sy «— ClientSelect(C, p)
for all C; € S; in parallel do
0L 0!
for each mini-batch B over E local epochs do
gi < G(%;g;’}zjc)» pi < Pi(z;07)
a; < o(Ax([gispilswr)), 76 < pi —58(9:)
hi < gi + @tNmax@i © 1;
95 Gi
ll9ill2]1gill2 + €
di —1- Siy Mg mln{uo(l + dl), ,Ufmax}
Ei]; <~ Ecls + Edist + )\Z‘Canchor + Qt/\dﬁdec + Qt)\sﬁsafe
(070°, 07, wi, ¢1) + Adam(VLYE)
end for
Upload 9;”1,:6
Z?:i for ng 9t loc
e —_0"
9,288 ];t ZjeSt n; g,k
Obtain 9;‘*‘1 using server momentum smoothing
for all C} € C do
1
o {9;,‘;2 Cr € 8,
’ 997 Ck ¢ St
Oy 0 )+ (L =)0, .
Synchronize 6, < 0%
end for
for all Cy € S; do
Freeze 0,5, and 67
for each calibration mini-batch do
(wg, dr) < Adam(V L)
end for
end for

Gi = Gr(wis 00 1), si

30: end for
p K
31: return 0y, {07, wi, o}y

11



3.5 Analytical Properties

We establish three properties of FedEAGD’s adaptive mechanisms: (i) the histori-
cal distillation coefficient is bounded and non-decreasing with respect to sample-level
temporal drift; (ii) the EMA teacher forms an exponentially weighted summary of
the retained shared-model states; and (iii) the contribution of progressive gated resid-
ual fusion is bounded at each training stage. Together, these properties characterize
how FedEAGD adapts historical supervision to sample-level representation drift and
regulates the contribution of personalized information throughout training.

Lemma 1. For pimax > po > 0, the drift-aware distillation coefficient is a non-
decreasing, bounded, and po-Lipschitz continuous function of the sample-level temporal
drift.

Proof. Using d; = 1 — s;, the adaptive distillation coefficient is

pi = min {Mo(l + di)a /’Lmax} . (30)

Let i; = po(l 4 d;) denote the coefficient before upper clipping. Since the upper-
clipping operation is monotone and non-expansive, we have

O

TC{:MO >0, 1o < i < Umax, s — 1] < pold; — djl. (31)
3

Thus, the strength of historical supervision increases monotonically with temporal

drift, up to the predefined upper bound, and remains Lipschitz continuous as a function

of d'L~

Lemma 2. The EMA historical teacher forms a normalized exponentially weighted
summary of the client-specific shared-model trajectory.
Proof. Recursively expanding the EMA update in Eq. (7) gives

t—1

O =100+ (1 =)D A0, (32)
j=1

For 0 < v < 1, all temporal coefficients are non-negative, and their sum satisfies

t—1
VT HA=)) AT =1 (33)
j=1

Thus, the EMA teacher can be expressed as a convex combination of the initial teacher
and the locally retained shared-model states, with the weights assigned to older states
decaying exponentially. This provides a recursive summary of each client’s trajectory
without requiring explicit storage of all historical models.

Proposition 1. Assume that the personalized residual is bounded by ||r;||2 < R, where
R > 0. Then the perturbation introduced by progressive gated residual fusion remains
bounded throughout training and follows a stage-wise upper bound.

12



Proof. From Eq. (14), together with 0 < a; ,, < 1, we obtain

hi — 9i = QtNmax@; © T4,

i = gill2 < detmaslirllz < e R (3
Substituting the progressive coefficient in Eq. (15) yields
0, t <t
1hi — gill2 < ;Tts Mmax R, ts <t <ts+ T, (35)
Nmax R, t>ts + 1.

Thus, the personalized residual does not contribute to the fused representation before
ts. Its contribution increases according to an explicit stage-wise bound during the
ramp-up period and remains bounded by 7,.x R once fully activated. This design limits
abrupt changes in the fused representation as personalization is gradually introduced.

4 Experiments and Results

This section evaluates FedEAGD across diverse heterogeneous federated settings. We
first describe the datasets, evaluation protocol, baseline methods, and implementation
details. We then assess its overall performance and convergence behavior, examine
its performance under varying levels of data heterogeneity, client participation rates,
and federation scales, and conduct ablation studies to evaluate the contributions of
its main components.

4.1 Experimental Setup
4.1.1 Datasets and Heterogeneity Settings

Experiments are conducted on MNIST (LeCun et al. 1998), CIFAR-10 and CIFAR-
100 (Krizhevsky 2009), and DomainNet (Peng et al. 2019). Three heterogeneous
settings are considered: Practical, Pathological, and Real-world.

In the Practical setting, client data are partitioned according to a Dirichlet distri-
bution, with the concentration parameter « controlling the distribution of class labels
across clients. Unless otherwise specified, we set & = 0.1. In the Pathological set-
ting, each client receives samples from only two classes on CIFAR-10 and ten classes
on CIFAR-100. For the Real-world setting, we use a fixed subset of 10 classes from
DomainNet, distributed across six clients associated with the clipart, infograph, paint-
ing, quickdraw, real, and sketch domains. Within each independent run, all methods
use the same data partitions and class subsets. Fig. 2 shows representative client-wise
data distributions for the Pathological setting and the Practical setting with different
Dirichlet concentration parameters.

13
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Fig. 2 Client-wise data distributions under different heterogeneous settings

4.1.2 Evaluation Protocol and Baselines

For each client, 75% of the local samples are used for training and the remaining
25% for testing. Unless otherwise specified, all experiments except DomainNet use
20 clients, 100 communication rounds, and full client participation with p = 1.0.
DomainNet contains six clients corresponding to its six visual domains.

Performance is evaluated using sample-weighted test accuracy across clients. For
each run, test accuracy is averaged over the final 10 communication rounds to mitigate
fluctuations across rounds. Each experiment is repeated three times with different
random seeds, and results are reported as the mean + standard deviation. All methods
use identical client partitions and experimental settings within each run.

FedEAGD is compared with FedAvg (McMahan et al. 2017), FedRep (Collins
et al. 2021), FedCAC (Wu et al. 2023), FedGH (Yi et al. 2023), FedCP (Zhang et al.
2023c), FedALA (Zhang et al. 2023b), FedKD (Wu et al. 2022), FedDistill (Jeong et al.
2018), FedAS (Yang et al. 2024), and FedHG (Hu et al. 2025). These methods cover
global aggregation, personalized representation learning, adaptive collaboration, and
knowledge-distillation-based federated learning.

4.2 Implementation Details

Each FedEAGD client comprises a shared feature extractor, a personalized feature
extractor, a gating module, and a local classifier. The two feature extractors follow the
same backbone architecture, consisting of two convolutional blocks with 5 x 5 kernels
and 32 and 64 channels, respectively. Each block is followed by GroupNorm, ReLU,
max pooling, and a squeeze-and-excitation (SE) module. The resulting features are
mapped to a 512-dimensional representation through a fully connected layer followed
by LayerNorm and ReLU. The gating module takes the concatenation of the shared

14



and personalized representations as input and produces a 512-dimensional gating vec-
tor through a linear layer followed by a sigmoid activation. Finally, a linear classifier
maps the resulting representation to the label space.

Unless otherwise specified, training is conducted with 20 clients over 100 commu-
nication rounds, with one local epoch per round and a batch size of 32. The Adam
optimizer is used with a learning rate of 5 x 1075 and a weight decay of 1 x 1074,
The EMA coefficient + is set to 0.10, and the initial and maximum historical distilla-
tion coefficients, g and pimax, are set to 0.50 and 1.25, respectively. Progressive gated
residual fusion starts at communication round 50, with a 20-round ramp-up period
and Nmax = 0.10. The initial and final anchoring coefficients, AS*'* and Xfl“d, are set
to 0.10 and 0.05, respectively. The remaining coefficients are set to A\q = 5 x 1072,
As = 0.50, and Ay = 0.50. Post-aggregation calibration is performed using two local
mini-batches, while server smoothing starts at communication round 60 with 8 = 0.10.

All experiments are conducted on an NVIDIA GeForce RTX 4090 GPU with 24 GB
of memory. The computation time reported in Table 1 is the average wall-clock time
per communication round on CIFAR-100 with a = 0.1, 20 clients, and p = 1.0. This
measurement includes local optimization, server aggregation, model synchronization,
and post-aggregation calibration.

During communication, only the shared feature extractor is exchanged between
the server and clients. The personalized feature extractor, historical teacher, gating
module, and local classifier are retained on each client and are not transmitted. On
CIFAR-100, the shared feature extractor contains 2,153,216 parameters, corresponding
to approximately 8.61 MB per transmission when represented in 32-bit floating-point
format.

For each participating client, uploading and downloading the shared feature
extractor entails approximately 17.23 MB of bidirectional parameter transfer per
communication round. This estimate excludes communication protocol overhead and
should not be interpreted as a measurement of network latency or total system-wide
traffic. Consequently, trajectory-guided historical supervision and the personalized
components incur no additional model parameter communication beyond that required
for the shared feature extractor.

4.3 Performance Comparison and Analysis
4.3.1 Overall Performance Comparison

Table 1 compares FedEAGD with the baseline methods in terms of test accuracy under
the Practical, Pathological, and Real-world settings, as well as computation time and
communication cost. Here, ¥ denotes the total number of parameters in the complete
model. The symbols ¥, 3, ¥¢s, and ¥4 denote the numbers of communicated param-
eters in the backbone, head, client-specific component, and FedEAGD shared feature
extractor, respectively. The remaining symbols follow the communication-cost defini-
tions of the corresponding baseline methods. Communication cost is reported as the
total number of parameters transmitted in both directions per participating client per
communication round.
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Table 1 Overall performance, computation time, and communication cost under different
heterogeneous settings

Method Practical (a = 0.1) Pathological Real-world Computation Communication
CIFAR-100 DomainNet time (s/round) parameters/client/round
MNIST CIFAR-10  CIFAR-100

FedAvg 95.72 4 0.03 57.67 £ 0.08 28.56 £ 0.13 22.18 + 0.05 53.21 £ 0.13 12.25 25
FedRep 99.33 4 0.06 89.12 £ 0.05 49.54 + 0.10 62.46 £ 0.05 59.46 + 0.14 15.29 20,3
FedCAC 99.19 £ 0.07 89.35 £ 0.04 48.10 £ 0.22 62.14 £ 0.06 55.31 + 0.14 53.30 27¢(1 — Kk + Pr)S
FedGH 99.20 4 0.06 89.15 + 0.45 47.55 4 0.21 62.94 + 0.05 54.95 & 0.16 18.46 20, S
FedCP 99.36 4 0.08 90.72 + 0.26 50.80 & 0.06 66.52 + 0.06 59.68 & 0.12 19.98 S + 2(2p + Ses)
FedALA 99.43 4+ 0.04 90.55 + 0.12 53.46 4 0.03 62.75 + 0.03 54.45 £ 0.11 14.76 25
FedKD 99.40 4 0.02 89.90 + 0.11 49.80 4 0.08 68.36 + 0.12 57.69 £ 0.12 49.56 27.3
FedDistill  99.36 + 0.05 89.56 4+ 0.48 47.67 £+ 0.15 64.17 + 0.11 56.71 + 0.08 30.65 23
FedAS 99.42 4+ 0.04 90.73 £+ 0.07 57.09 £ 0.09 67.24 + 0.04 60.82 + 0.12 35.67 2%&7““9(’2
FedHG 99.42 4 0.06 90.27 + 0.14 55.40 4 0.11 66.56 + 0.22 57.59 £ 0.05 22.06 25
FedEAGD 99.48 + 0.05 92.27 4 0.06 63.05 £+ 0.10 73.22 4 0.06 61.22 + 0.05 16.84 2%,

FedEAGD achieves the highest mean accuracy across all five evaluated settings.
Under the Practical setting with ov = 0.1, it achieves accuracies of 92.27% on CIFAR-
10 and 63.05% on CIFAR-100, outperforming the strongest baselines by 1.54 and
5.96 percentage points, respectively. On CIFAR-100 under the Pathological setting,
FedEAGD achieves 73.22% accuracy, exceeding FedKD by 4.86 percentage points. On
DomainNet, it achieves 61.22%, outperforming FedAS by a narrower margin of 0.40
percentage points.

Performance differences are small on MNIST, where most personalized methods
achieve over 99% accuracy, but become more pronounced on CIFAR-10 and CIFAR-
100. This suggests that trajectory-guided historical supervision is more beneficial when
representation learning is more sensitive to client heterogeneity. FedEAGD requires
16.84 s per communication round, placing its computational cost close to that of several
lightweight personalized methods and substantially below that of FedCAC, FedKD,
FedDistill, and FedAS under the evaluated configuration.

4.3.2 Convergence Performance

To evaluate the convergence of FedEAGD and the baseline methods, Fig. 3 shows the
training accuracy curves over the first 50 communication rounds on CIFAR-10 and
CIFAR-100.

As shown in Fig. 3, the methods exhibit distinct convergence patterns and varying
degrees of fluctuation across communication rounds. FedEAGD achieves relatively high
accuracy early in training on both datasets and maintains competitive performance
throughout the observed rounds. Its advantage is more pronounced on CIFAR-100,
where several baseline methods converge to lower accuracy levels. These observations
are consistent with the average test accuracies over the final 10 communication rounds
reported in Table 1.

4.3.3 Performance under Different Levels of Data Heterogeneity

To evaluate sensitivity to different Dirichlet partitions, we vary « € {0.1,0.3,0.5} on
CIFAR-10 and CIFAR-100 while fixing p = 1.0. The results are reported in Table 2.
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Fig. 3 Early-stage training accuracy on CIFAR-10 and CIFAR-100

Performance varies across Dirichlet settings, and the effect of changing a differs
across datasets and methods. Nevertheless, FedEAGD achieves the highest mean accu-
racy across all six combinations of dataset and a. On CIFAR-100, its mean accuracy is
63.05%, 51.43%, and 45.74% at o = 0.1, 0.3, and 0.5, respectively. Although its accu-
racy decreases as « increases on CIFAR-100, FedEAGD consistently outperforms the
baselines at all three settings, indicating that its advantage extends across different

levels of data heterogeneity.

Table 2 Test accuracy under different Dirichlet settings (%).

Round

CIFAR-10 (p = 1.0)

CIFAR-100 (p = 1.0)

Method
a=0.1 a=0.3 a=0.5 a=0.1 a=0.3 a=0.5

FedAvg 57.67 £ 0.08 65.36 + 0.26 68.25 £0.12 28.56 £ 0.13 26.12 4+ 0.06 27.66 £ 0.04
FedRep 89.12+£0.05 81.39+0.18 76.17+0.24 49.54 £0.10 25.46 +0.09 21.48 £ 0.08
FedCAC 89.35 £ 0.04 77.45+0.13 69.35+0.12 48.10£0.22 38.21 +0.13 33.36 £0.11
FedGH 89.15+0.45 77.40£0.32 69.43 £0.12 47.55+0.21 28.20£0.04 24.27 £0.12
FedCP 90.72+£0.26 82.64 £0.28 77.76 £0.20 50.80 +0.06 29.95+0.12 25.74 £ 0.26
FedALA 90.55 £ 0.12 83.22 £0.11 79.28 £0.07 53.46 +0.03 36.78 £0.22 33.01 £0.35
FedKD 89.90 £0.11 78.90 £0.29 71.48 £0.13 49.80 + 0.08 28.81 £0.26 23.45 £ 0.05
FedDistill  89.56 + 0.48 78.11 +0.05 70.35+£0.11 47.67 +£0.15 26.30 +0.31 22.55+0.13
FedAS 90.73 £0.07 81.85+0.11 71.124+0.04 57.09 £0.09 43.13+0.11 36.12 £ 0.08
FedHG 90.27 £0.14 80.25£0.07 73.24 £0.05 55.40+0.11 41.18 £0.14 33.34 £ 0.09
FedEAGD 92.27 + 0.06 84.78 £0.12 79.78 £ 0.15 63.05 + 0.10 51.43 £+ 0.05 45.74 = 0.04

4.3.4 Performance under Different Client Participation Rates

To evaluate partial participation, we fix @ = 0.5 and vary p € {1.0,0.5,0.2} on CIFAR-

10 and CIFAR-100. The results are reported in Table 3.
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Table 3 Test accuracy under different client participation rates (%).

CIFAR-10 (a = 0.5)

CIFAR-100 (a = 0.5)

Methods
p=1.0 p=0.5 p=0.2 p=1.0 p=0.5 p=0.2

FedAvg 68.25+0.12 68.95+£0.18 68.41 £0.11 27.66 +0.04 27.36 £0.03 26.20 £ 0.31
FedRep 76.17 £0.24 76.30 £ 0.24 76.90£0.23 21.48 £0.08 21.17+0.08 21.45+0.26
FedCAC 69.35 £ 0.12 69.35£0.38 68.51 £0.13 33.36 +£0.11 32.52+£0.11 33.34 £0.11
FedGH 69.43 +£0.12 69.29 £0.28 68.22 +£0.09 24.27 +0.12 23.81£0.23 23.00 £ 0.25
FedCP 77.76 £0.20 77.36 +£0.14 76.02 £0.03 25.74 +£0.26 26.63 + 0.19 26.57 £ 0.34
FedALA 79.28 £ 0.07 78.80 £0.29 76.90+0.16 33.01 £0.35 32.44 +0.13 24.68 +0.33
FedKD 71.48 £0.13 71.45+£0.27 68.57 £0.11 23.45+0.05 23.53+0.16 20.86 + 0.23
FedDistill  70.35 £0.11 70.26 +0.43 68.41 £0.05 22.55+0.13 22.38 +0.16 20.99 £ 0.27
FedAS 71.124+0.04 70.25+0.12 70.14 £0.25 36.12+0.08 35.35+0.21 33.22+0.24
FedHG 73.24 £0.05 72.44+0.45 73.68 £0.52 33.34+0.09 32.99 +0.48 33.65+0.04
FedEAGD 79.78 £ 0.15 78.85 £ 0.20 76.95 + 0.12 45.74 + 0.04 42.47 £ 0.11 35.50 = 0.08

Reducing client participation affects CIFAR-100 more severely than CIFAR-10. For
FedEAGD, lowering the participation rate from 1.0 to 0.2 reduces test accuracy from
79.78% to 76.95% on CIFAR-10 and from 45.74% to 35.50% on CIFAR-100. Despite the
larger decline on CIFAR-100, FedEAGD achieves the highest mean accuracy at every
participation rate considered. This indicates that FedEAGD retains its advantage over

the baselines even when fewer clients participate in each communication round.

4.3.5 Scalability with Different Numbers of Clients

To evaluate performance under different federation scales, the number of clients is
varied as K € {10,20,50,100} on CIFAR-100 with @ = 0.1, while the remaining

settings are kept unchanged.

Table 4 Test accuracy with different numbers of clients (%).

Methods K =10 K =20 K =50 K =100

FedAvg 30.77 £ 0.03 28.56 + 0.13 31.16 + 0.06 30.32 £ 0.05
FedRep 48.07 £ 0.04 49.54 + 0.10 41.89 £ 0.08 35.70 + 0.08
FedCAC 47.56 £ 0.04 48.10 + 0.22 43.42 £0.07 41.12 + 0.09
FedGH 46.95 £ 0.02 47.55 +0.21 45.35 £ 0.09 40.61 +0.11
FedCP 54.87 + 0.04 50.80 + 0.06 46.30 £ 0.08 40.87 £ 0.10
FedALA 51.22 +0.03 53.46 + 0.03 46.38 £ 0.08 44.58 £+ 0.08
FedKD 52.56 + 0.02 49.80 £ 0.08 47.60 £ 0.04 44.30 £ 0.06
FedDistill 49.57 £ 0.04 47.67 £0.15 46.28 £ 0.07 43.68 £ 0.06
FedAS 57.32 + 0.03 57.09 + 0.09 37.25 + 0.07 33.15+0.10
FedHG 53.28 + 0.03 55.40 = 0.11 52.11 £ 0.14 44.36 + 0.07
FedEAGD 60.07 + 0.04 63.05 + 0.10 59.22 + 0.03 50.73 + 0.08

FedEAGD achieves the highest mean accuracy at each of the four client counts.
Its accuracy rises from 60.07% with 10 clients to 63.05% with 20 clients, before falling
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t0 59.22% and 50.73% with 50 and 100 clients, respectively. Several baseline methods
exhibit a similar decline as the number of clients increases, consistent with greater
fragmentation of local data. Even with 100 clients, FedEAGD achieves 50.73% accu-
racy, outperforming the strongest baseline by 6.15 percentage points. Furthermore, its
personalized components are retained locally, so increasing the number of clients does
not introduce additional communication of client-specific parameters.

4.4 Ablation Study

To assess the contributions of individual components, we conduct ablation studies
on CIFAR-100 under the Pathological setting and CIFAR-10 under the Practical set-
ting. The ablated variants remove the historical teacher, replace adaptive distillation
weighting with a fixed coefficient, disable progressive gated residual fusion, omit post-
aggregation calibration, or omit late-stage server smoothing. The results are presented
in Table 5.

HT, DW, PGRF, Calib., and SS denote the historical teacher, distillation
weighting, progressive gated residual fusion, post-aggregation calibration, and server
smoothing, respectively. In the Fixed DW variant, the sample-adaptive distillation
coefficient is replaced with a fixed value of 0.50.

Table 5 Ablation results of FedEAGD (%).

Settings Pathological Practical
CIFAR-100 CIFAR-10
FedEAGD 73.22 + 0.06 92.27 + 0.06
w/o HT 71.96 £+ 0.09 91.18 £ 0.10
Fixed DW 72.48 +0.08 91.63 + 0.08
w/o PGRF 72.71 +£0.07 91.84 + 0.09
w/o Calib. 72.21 +0.05 91.66 + 0.07
w/o SS 72.65 + 0.06 91.76 + 0.04

Among the ablated components, the historical teacher has the greatest impact on
performance. Its removal reduces accuracy by 1.26 percentage points on CIFAR-100
and 1.09 percentage points on CIFAR-10. A fixed distillation coefficient also yields
lower accuracy, with decreases of 0.74 and 0.64 percentage points on the two datasets,
respectively. These results indicate that adapting the distillation strength to each
sample’s temporal drift is more effective than applying a fixed coefficient.

The removal of PGRF reduces accuracy by 0.51 percentage points on CIFAR-
100 and 0.43 percentage points on CIFAR-10. Post-aggregation calibration and server
smoothing also improve performance. In particular, post-aggregation calibration yields
a 1.01-percentage-point improvement on CIFAR-100 compared with the corresponding
ablated variant. Overall, the ablation results indicate that trajectory-guided historical
supervision makes the largest contribution among the evaluated components, while
adaptive distillation weighting, progressive gated residual fusion, post-aggregation
calibration, and server smoothing provide additional benefits.
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5 Conclusion

We proposed FedEAGD, a personalized federated learning framework that uses client-
specific shared-model trajectories to provide temporal supervision at the sample level.
By comparing current and historical shared representations, the framework adjusts the
strength of historical distillation according to the extent of representation changes for
each sample. Progressive gated residual fusion further enables the gradual integration
of client-specific information into shared representations. During federated training,
only the shared feature extractor is exchanged between the server and clients; the
personalized feature extractor, gating module, and local classifier are not transmitted
to the server.

Experiments on MNIST, CIFAR-10, CIFAR-100, and DomainNet show that
FedEAGD performs consistently across different levels of data heterogeneity, client
participation rates, and federation scales. On CIFAR-100 with o = 0.1, FedEAGD
achieves 63.05% accuracy, surpassing the strongest baseline by 5.96 percentage points.
The ablation results further show that trajectory-guided historical supervision makes
the largest contribution among the evaluated components, while progressive gated
residual fusion and local-global coordination provide complementary benefits. Future
work will examine asynchronous client participation, deployment under communica-
tion constraints, and more complex heterogeneous network environments. We will
also investigate the applicability of FedEAGD to distributed systems such as edge
computing and the Internet of Things (IoT).
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