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Abstract

Federated Edge Learning (FEL) has emerged as a promising
approach for enabling edge devices to collaboratively train ma-
chine learning models while preserving data privacy. Despite
its advantages, practical FEL deployment faces significant
challenges related to device constraints and device-server in-
teractions, necessitating heterogeneous, user-adaptive model
training with limited and uncertain communication. While
knowledge cache-driven federated learning offers a promising
FEL solution for demanding edge environments, its logits-
based interaction design provides poor richness of exchanged
information for on-device model optimization. To tackle this
issue, we introduce DistilCacheFL, a novel personalized FEL
architecture that enhances the exchange of optimization in-
sights while delivering state-of-the-art performance with effi-
cient communication.

DistilCacheFL incorporates the benefits of both dataset distilla-
tion and knowledge cache-driven federated learning by storing
and organizing distilled data as knowledge in the server-side
knowledge cache, allowing devices to periodically download
and utilize personalized knowledge for local model optimiza-
tion. Moreover, a device-centric cache sampling strategy is in-
troduced to tailor transferred knowledge for individual devices
within controlled communication bandwidth. Extensive exper-
iments on five datasets covering image recognition, audio un-
derstanding, and mobile sensor data mining tasks demonstrate
that (1) DistilCacheFL significantly outperforms state-of-the-
art methods regardless of model structures, data distributions,
and modalities. (2) DistilCacheFL can train splendid person-
alized on-device models with at least x28.6 improvement in
communication efficiency.

Introduction

Federated Edge Learning (FEL) (Tak and Cherkaoui 2021;
Duan et al. 2023) is a specialized form of Federated Learning
(Yang et al. 2019) designed to operate at the edge of the
network. It enables edge devices (clients) to jointly train
machine learning models under the coordination of an edge
server (server) without sharing raw data. With the growing
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Figure 1: Comparison of DistilCacheFL with state-of-the-art
methods.

prevalence of mobile and Internet of Things (IoT) devices
coupled with increasing concerns over data privacy, FEL has
empowered wide adoption of various on-device Artificial
Intelligence (AI) applications, including smart transportation
(Wang, Lin, and Li 2025), healthcare (Nguyen et al. 2022),
and recommendation (Yuan et al. 2023; Guo et al. 2021).
Despite its promising potential, FEL faces significant chal-
lenges in practical deployment. One of the primary challenges
is the diversity of edge device infrastructures. Devices such
as smartwatches, mobile phones, and tablets differ signif-
icantly in terms of computational power, storage capacity,
and battery life (Tak and Cherkaoui 2021; Yu and Li 2021).
This diversity calls for the deployment of highly scalable,
user-adaptive models that can accommodate heterogeneous
hardware specifications across devices (Tak and Cherkaoui
2021; Duan et al. 2023; Tan et al. 2023; Yu and Li 2021).
Even among devices with similar hardware configurations,
data distributions and user preferences are often highly indi-
vidualized, further complicating model generalization (Tan
et al. 2022; Mills, Hu, and Min 2022; Wu et al. 2023b). An-
other challenge arises from the communication limitations
in mobile edge networks. Edge devices frequently operate



under low bandwidth and unreliable network conditions (Tak
and Cherkaoui 2021; Zhang et al. 2022; Zhu et al. 2022),
making the transmission of large-scale model parameters
impractical due to the precious nature of wireless channels
(Al-Quraan et al. 2023; Wu et al. 2022). Moreover, devices
are often intermittently online (Zhu et al. 2022), further com-
plicating the coordination required for collaborative model
updates. The aforementioned constraints hinder the efficiency
of the FEL process, ultimately impacting the systems’ overall
performance and the benefits it delivers to users.

Numerous studies have sought to overcome the aforemen-
tioned challenges in FEL. Heterogeneous FL (Zhu, Hong,
and Zhou 2021; Li and Wang 2019; Wu et al. 2024b) focuses
on enabling collaborative training across devices with dif-
ferent model architectures, allowing adaptation to varying
computational resources and hardware capabilities. Person-
alized or multi-task FL (Mills, Hu, and Min 2022; Marfoq
et al. 2022; Jin et al. 2022) centers on developing models
tailored to individual devices, accommodating diverse user
preferences. Communication-efficient FL (Wu et al. 2022;
Sattler et al. 2021) typically incorporates techniques such
as model compression or quantization, reducing the training
communication burden with little performance loss. However,
each of these approaches addresses only a single challenge,
limiting their applicability in real-world edge deployments
where multiple challenges coexist.

Given the complexity of the aforementioned challenges,
it is evident that a multi-faceted FEL solution is urgently
needed. Fortunately, knowledge cache-driven FL (FedCache)
(Wu et al. 2024c) offers a prevailing paradigm that revolution-
izes the mainstream parameters interaction protocol (McMa-
han et al. 2017; Li et al. 2020; Reddi et al. 2021; Chen et al.
2023a; Mills, Hu, and Min 2022; Jin et al. 2022; Lee et al.
2022; Wu et al. 2024a) in FEL. By performing on-device
personalized distillation driven by the self-organizing server-
side knowledge cache, FedCache facilitates communication-
efficient and heterogeneous-compatible collaborative training
without requiring multiple devices to remain online simulta-
neously. However, the performance of FedCache is limited by
the logits interaction design, which restricts the amount and
quality of information that can be interacted between devices
and the server. In addition, the applicability of FedCache
across various data modalities and application tasks is also
restricted due to its reliance on task-specific encoders.

In this paper, we introduce DistilCacheFL, a novel person-
alized FEL architecture that improves the performance of
heterogeneous on-device models with efficient communica-
tion and uncertain connection tolerance, as displayed in Fig.
1. Specifically, DistilCacheFL revolute the transferred knowl-
edge by shifting from logits to distilled data (Lei and Tao
2023), offering a novel interaction paradigm between devices
and the server. In our novel design, devices perform dataset
distillation with the assistance of cached knowledge from the
remote server. The distilled data is then shared with the server,
ensuring the knowledge cache remains updated with the latest
information. To balance system performance and communi-
cation efficiency, a device-centric cache sampling strategy is
proposed for tailoring transferred knowledge for individual
devices within the constraints of available communication
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bandwidth. The key superiorities of DistilCacheFL compared
with the original FedCache are twofold. First, DistilCacheFL
provides richer information characterization capabilities by
storing and transferring distilled synthetic data rather than
logits, enabling on-device models to optimize with sufficient
server-side information and achieve better precision. Second,
DistilCacheFL adopts a more generalized data anonymization
method, enhancing its extensibility to a broader range of data
modalities and application tasks. Our proposed architecture
maintains the advantages of model heterogeneity allowance,
learning personalization, uncertain connection tolerance, and
efficient communication from FedCache, while also achiev-
ing remarkable performance gains by fully exploiting the
knowledge from distilled data.

Contributions. The main contributions of this paper are
as follows: (1) We propose DistilCacheFL, a novel person-
alized FEL architecture that integrates dataset distillation
with knowledge cache-driven federated learning, aiming to
achieve state-of-the-art performance while tackling the multi-
faceted challenges of edge deployment. (2) We introduce fed-
erated dataset distillation and device-centric cache sampling
that matches DistilCacheFL design, facilitating knowledge
generation, storage, and organization as well as personalized
model training, with data privacy protected. (3) We conduct
comprehensive experiments on five datasets, encompassing
image recognition, audio understanding, and mobile sensor
data mining tasks. Built upon diversified data heterogeneity,
model settings, and application scenarios, DistilCacheFL not
only consistently outperforms state-of-the-art methods (at
least 1.7% average User model Accuracy (Mills, Hu, and
Min 2022) enhancement) in all considered settings, but also
achieves better communication efficiency (at least x29.6)
compared with baseline algorithms.

Related Work

Personalized Federated Learning. A variety of approaches
have been developed to tackle the dual challenges of learning
and model scale personalization within FL. Differentiated
client-side model optimization objectives are implemented
in studies such as (Marfoq et al. 2022; Shi et al. 2023; Mills,
Hu, and Min 2022; Jin et al. 2022; Chen et al. 2023a; Yang
et al. 2023; Xue et al. 2025b), enabling trained models to
generalize across clients with varying local data distributions.
Novel client-server interaction designs, which depart from
the traditional FedAvg (McMahan et al. 2017), are explored
in (Wu et al. 2022; Xue et al. 2025a; Zhu, Hong, and Zhou
2021; Wu et al. 2024b; Huang, Ye, and Du 2022) to better
accommodate diverse client hardware configurations with dif-
ferently structured models. Furthermore, hybrid approaches
such as (Wu et al. 2024¢, 2023b) are proposed to simulta-
neously address both model and learning personalization in
FL.

Federated Learning in Edge Computing. The efficiency
of executing FL at the network edge has become a hot topic.
Research works such as (Alam et al. 2022; Cho et al. 2022;
He, Annavaram, and Avestimehr 2020; Wen et al. 2024) in-
vestigate the technical frameworks required for running FL
algorithms on devices constrained by computational power
or storage resources. Device heterogeneity and connection
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Figure 2: Comparison of FedCache and DistilCacheFL. Results in (c) are derived on the CIFAR-10 dataset, taking o = 0.5 and

K =100.

uncertainty in edge environments are tackled by methodolo-
gies such as (Zhu et al. 2022; Wu et al. 2024c; Liu et al. 2023;
Wu et al. 2023b). Moreover, (Wang et al. 2022; Wu et al.
2023a; Deng et al. 2023; Liu et al. 2020; Wang et al. 2021)
extends FL to a multi-tier architecture involving end-edge-
cloud collaborations, enhancing model training efficiency
and final performance by leveraging the edge as a bridge
between devices and the cloud during the training process.

Federated Learning with Alternative Information. In-
stead of transmitting model parameters, alternative informa-
tion is utilized in the FL training process by a series of re-
cent works. Model-agnostic outputs are exchanged between
clients and the server in (Wu et al. 2024c; Itahara et al. 2023;
Huang, Ye, and Du 2022; Wu et al. 2024b; Li and Wang
2019), allowing deployment of customized on-device models
across resource-heterogeneous clients. Additionally, method-
ologies involving uploading mixed or distilled data from
clients to servers are proposed in (Song et al. 2023; Oh et al.
2020), significantly reducing communication overhead while
maintaining client data privacy.

Problem Statement and Reformulation

Background and Preliminary. We consider an FL system

deployed at the edge of the network, comprising K partici-

pating edge devices (clients) coordinated by an edge server

(server). Each client k € {1,2, ..., K} owns its local dataset
|D|

DF = | {(XF,yF)} with |D¥| samples, where each sam-
i=1

i=
ple are with D data dimensions and belong to one of C'
distinct classes. Due to differentiated user behaviors, both
the local training an testing datasets among clients are non-
independently and identically distributed. Throughout this
paper, the terms ’device’ and ’client’ are used interchange-
ably. Assume that the personalized model parameters of client
k are denoted as W ¢ de, where d* indicates the num-
ber of parameters in the model of client k. Due to system
heterogeneity among devices, the required model sizes may
vary across clients, such that d; # d,,, 3, m € {1,2,..., K}.
Each client k£ has a local objective £ RP — R, which
relies on its corresponding local data distribution. The overall
goal is to minimize the expected objective across all clients,
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which is formally expressed as:
K

) 1 1
Kmln E Z ﬁ Z
= (

XFy)eDk

LWk xF yF)

ey
Given the instability of device connections in edge environ-
ments, multiple clients may not be online simultaneously.
Besides, it is essential to minimize the communication over-
head between devices and the server under the premise of
guaranteeing user model accuracy (Mills, Hu, and Min 2022),
saving valuable wireless network resources as well as device
energy.

Knowledge Cache-driven Federated Learning. We for-
mulate knowledge cache-driven FL as a distributed optimiza-
tion problem with the assistance of the remote knowledge
cache K'C on the server, that is:

(2

(XF,yk)eDk

min Les(WF o(FF(XF), yF)
B vy

+8- R W KQ))),

x|
e

@3
where L¢ g is the cross-entropy loss, ¢ is the softmax func-
tion, F* is the prediction function of the model on client
k. R* represents the redundant optimization component of
client k£ based on cached knowledge, with corresponding
weighting term 3. As an example, FedCache (Wang and Yoon
2021) considers model outputs (logits) as knowledge, and
optimizes local models based on cached related knowledge,
that is:

Rk
= X

(XF,yk)eDk

(2r1).);
3

where L, is the Kullback-Leibler Divergence loss, (2rF),
is the s-th knowledge fetched from the knowledge cache
for sample index (k,i), R is a hyper-parameter that con-
trols the number of related knowledge in FedCache. How-
ever, FedCache exhibits severe limitations in providing rich,
distribution-aware information for personalized optimization
over devices. The amount of information attainable from the
remote knowledge cache is significantly restricted due to the
design of small-scale logits interactions, as shown in Figure

Lrr(o(F* (X))o >
(zrF) €K Clk,i]



2 (a). This design fails to offer sufficient optimization in-
formation for clients, leading to performance bottlenecks of
FedCache, as shown in Figure 2 (c). Additionally, FedCache
relies on task-specific data encoders to capture private sample
relations, which restricts its applicability across varied data
modalities and application tasks.

DistilCacheFL Optimization Formulation. To address
the aforementioned shortcomings of FedCache, Distil-
CacheFL is designed to revolutionize the transferred knowl-
edge by shifting from logits to distilled data, as shown in
Figure 2 (b). Specifically, local model optimization in Distil-
CacheFL is regulated by post-sampled distilled data jointly
synthesized by clients, that is:

RN = >

K
(X*,y*)GSubk(lUI Dlisin)

Lo(WFo(FF(X™),y),

“)
where ﬁfmm ; is the synthetic data distilled on client [, S ub®
represents the adaptive sample strategy tailered for client
k. In our design, the synthesized data after sampling serves
as the knowledge that devices request from the knowledge
cache. This reformulation not only provides more compre-
hensive semantic information for local training on clients but
also enhances the control over downloaded cached knowl-
edge, enabling task-compatible and communication-efficient
personalized optimization.

DistilCacheFL

In this section, we introduce our proposed DistilCacheFL
with an overview illustrated in Figure 3. An execution proce-
dure of DistilCacheFL is elaborated in Algorithm 1.

Knowledge Cache Design

Building upon the principles of knowledge-driven FL, Dis-
tilCacheFL caches the latest distilled data as knowledge on
the server side. In terms of knowledge cache operations, we
provide two operations for indexing knowledge in the cache.

Client-Based Indexing. Each client’s distilled data is in-
dexed by their identifier, allowing for efficient updates of
knowledge in the cache and prototype initialization for on-
device distillation, that is:

KC|client, k] < D, o Vk € {1,2,.., K}, (5

where K C' is the notation of the knowledge cache on the
server.

Class-Based Indexing. All cached knowledge belonging
to any specific class y* € {1,2,...,C} are jointly fetched,
facilitating the subsequent device-centric client sampling
process, that is:

S. + KCl|class,c],Vc € {1,2,...,C}, (6)

where S, the set of all knowledge belong to class ¢ in the
knowledge cache, subject to:

S = {(X*,9")|(X*,y") € KCldlient, K],
ke{l,2,.... K}y =ch
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Federated Dataset Distillation

DistilCacheFL introduces federated dataset distillation,
which collaboratively extracts anonymous structured informa-
tion from local data on individual clients. This distilled data is
stored on the server for further organization and accessibility.

On-Device Dataset Distillation. All devices decompose
their local models into feature extractors and classifiers. For
each given sample (X*,y*) € DF on device k, the outputs
of corresponding feature extractors and classifiers are de-
noted as F'f(X*) and F¥(Ff(X*)), respectively. To start
dataset distillation, each device k initializes its prototype by
selecting one local sample per class during the first commu-
nication round or receiving distilled data from other clients
during subsequent communication rounds. The latter process
is controlled by a periodically updated random replacement
function o : {1,2,.... K} — {1,2,..., K}, with the inter-
mediate distilled data stored in the knowledge cache, that
is:

PE { KCl|client,o(k)], KC|client,o(k)] # ¢
b D, KCl|client,o(k)]=¢ °
) ®)
where Dl’f denotes the set of prototype samples to be opti-
mized into synthetic data after distillation. DF is a subset of
DF with C elements, subject to:

v # Yo Vs =i A XG = X,

9
(XK, uk) € D A (XK b)) € Db ©

Without loss of generality, we assume device k sets up a
prototype (X, y¥) € DF on class y. The on-device dataset
distillation process should include computing the distance
between the prototype’s feature maps and those of the local
data using the Gram matrix, that is:

Ky, =Fp(XF)- FR(x)™. (10)

Similarly, we compute the Gram matrix of the prototype
itself:
Ky, = Ff(Xp) - Ff(X)". (1n

The dataset distillation objective ,c’g’ is then optimized follow-
ing kernel ridge regression loss:

. .1 _
mmﬁf = mmeyl’f — K{fl(K{fb + ) 1 ~yf||2, (12)
Xk Xk 2

where I denotes the identity matrix, and A is a hyper-
parameter to control the degree of regularization. Note that
local data is often augmented using common dataset enhance-
ment techniques to increase the diversity of local feature
maps during distillation. After obtaining the distilled data on
client k, it is stored in the knowledge cache K C, ensuring the
devices always have access to the latest distilled knowledge
in the following communication rounds, that is:

KC|client, k] + Df. (13)

Collaborative Training. On-device dataset distillation re-
lies on well-optimized feature extractors. To enhance local
model performance and improve future distillation quality,
devices periodically request cached distilled data from the
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Figure 3: Overview of DistilCacheFL.

Algorithm 1: DistilCacheFL.

1: procedure ServerExecute() 1
2:  // Initialization Process 2
3:  foreachclientk € {1,2,...,K}: 3
4: KCl|client, k] + ¢ 4
5: foreach class c € {1,2,...,C}: 5
6: Receive p* from client k 6
7: /[ Training Process 7
8: foreachclientk € {1,2,... K} 8
9: Send possible Dk followmg Eq. (8)
10: Receive dlStllled data DF from client k 10:
11: Update K C following E?q (13) 11:
12: Sample cache following Eq. (17) 12
13: Send sampled knowledge to client k 13:

14: end procedure

: procedure ClientExecute(k)

// Initialization Process
foreach class s {1,2,...,C}:
Compute p¥ f0110w1ng Eq (16)
Send p* to the server
1 Trammg Process
Initialize D followmg Eq. (8)
Compute K ; following Eq. (10)
Compute Ky, following Eq. (11)
Optimize Ly following Eq (12)
Upload dlstllled data D to server
Receive sampled knowledge from server
Optimize L£F . following Eqgs. (14,15)

train

14: end procedure

server for personalized optimization. This collaborative train-
ing procedure is formulated as follows:
min ‘c?rain

k

w

= min >

W (xb yF)eDk
+49( >

L
(X*,y*)eSubk( |J KC[client,l])
=1

W o(F*(XF), yF)

LW o(FF(X*),y),

Lop(

(14)
where Etmm denotes the local training loss function on
client k, g is a gating function acting as an identity mapping
when the knowledge cache is empty in the first communica-
tion round and resulting in O otherwise, that is:
x, KC|client, k

KClclient, k] = ¢ (15)

Device-Centric Cache Sampling

To enhance personalized performance while reducing com-
munication overhead, we propose a device-centric cache sam-
pling strategy that considers local data characteristics and
communication budgets.

Local Label Distribution Computation. During the ini-
tialization process, each client & computes its local label
distribution according to its label frequency, that is:

v {(XE yb)(XE,yk) e DY yk = ¢}
pc - ‘,Dk| 9

(16)

where p* represents the label frequency of class c on client
k.

Distribution-Aware Controllable Sampling. During the
training process, the knowledge cache samples and distributes
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Figure 4: Average UA per unit of communication cost over image recognition tasks.
its stored knowledge based on pff, that is: Hinton et al. 2009), CINIC10 (Darlow et al. 2018), Urban-
. Sound8K (Salamon, Jacoby, and Bello 2014), and TMD
Sub®(|J KClclient,1]) (Carpineti et al. 2018). Each complete dataset is preprocessed
o = using the distributed data partition strategy from FedML (He
= U RS(KClclass,c], (r + (1 — 7) - pk) - |KClclass, d|), et al. 2020), With a hyper-pargmeter « to adjust the degree of
=1 data heterogeneity among clients.
. odels. We employ five model structures, considerin,
o a7 Models. We employ fi del idering
where RS(D*, po) denotes random sampling in the cached both deep residual network (He et al. 2016) for image data,
knowledge set D* at a probability pg. T is a hyper-parameter and fully connected network for numeric data.
ranging from 0 to 1 to control the trade-off between model Baselines. We compare DistilCacheFL against the follow-
performance and cqmmunlcatlon. AsT grows, the proportion ing state-of-the-art methods: MTFL (Mills, Hu, and Min
of cached samples increases as well, leading to more cached 2022), KNN-Per (Marfoq et al. 2022), spectral co-distillation
knowledge but higher communication overhead. for personalized FL (SCDPFL) (Chen et al. 2023b), FedKD
(Wu et al. 2022) and FedCache (Wu et al. 2024c). These
Experiments baseline algorithms encompass personalized/multi-task FL

methods, FL algorithms addressing dual model heterogeneity

Experimental Setup and communication efficiency, and FL for edge computing.

Platform. Our experiments are conducted on a high- Criteria. Following (Mills, Hu, and Min 2022), we adopt
performanc§ physical server equippeq with 12th Gen Intel(R) the average User model Accuracy (UA) as the primary met-
Core(TM) i7-12700 CPU and multiple NVIDIA GeForce ric for evaluating model precision, focusing on the highest
RTX 3090 GPU cards. The server’s memory consists of four value achieved within 100 communication rounds. In addi-
16GB Acer DDR4 modules operating at 2133 MT/s, pro- tion, we assess communication efficiency by monitoring the
viding a total of 64GB of RAM. Storage is handled by a learning curves, measuring average UA against per unit of
KINGSTON SKC3000D2048G solid-state drive. communication overhead.

Datasets. We evaluate the effectiveness of our proposed
DistilCacheFL across various application tasks, including
image recognition, audio understanding, and mobile sensor
data mining (Carpineti et al. 2018). These experiments cover Average User Model Accuracy. Table 1 displays the compar-
five datasets: which are CIFAR10, CIFAR100 (Krizhevsky, ison of average UA on image recognition datasets, CIFAR10,

Performance Evaluation
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CIFAR-10 CINIC-10 CIFAR-100
Method | 5 0=2la=05 a=2/a=0.5 a=2
MTFL 31.1 29.2 32.1 34.8 14.8 15.4
Model | kKNN-Per 327 34.8 328 29.6 18.8 18.3
Homo. | SCDPFL 494  33.1 48.7 322 333 19.6
FedKD 40.9 23.9 39.2 22.7 26.1 14.3
FedCache 42.1 23.9 398 219 26.4 14.7
DistilCacheFL| 51.1  36.5 511 363 | 358 233
CIFAR-10 CINIC-10 CIFAR-100
Method
Model a=0.5 a=2|a=0.5 a=2|a=0.5 =2
Hetero. FedKD 397 24.1 396 236 26.2 14.1
FedCache 41.3 222 | 403 22.4 26.3 13.9
DistilCacheFL| 51.1 357 | 51.2 369 | 358 235

Table 1: Average UA on image recognition tasks with two
degrees of data heterogeneity.

CIFAR100, and CINIC10, with two degrees of data hetero-
geneity, o € {0.5,2.0}. As displayed, DistilCacheFL signif-
icantly outperforms all considered state-of-the-art methods
across both model homogeneous and heterogeneous settings,
demonstrating its superior performance and robustness in
diverse edge scenarios. This substantial improvement is at-
tributed to the enriched information characterization provided
by distilled data and effective personalized optimization fa-
cilitated by device-centric cache sampling.

Communication Cost. Figure 4 illustrates the learning
curves for image recognition tasks, plotting average UA
against communication cost. As shown, DistilCacheFL ex-
hibits significantly steeper convergence curves, reaching ac-
ceptable average UA more efficiently than competing meth-
ods, regardless of data heterogeneity, model structures, and
datasets. This indicates that DistilCacheFL can achieve ro-
bust performance improvement with reduced communica-
tion overhead, making it suitable for deployment in edge
environments with limited wireless bandwidth. The reduc-
tion in communication cost is attributed to DistilCacheFL’s
elimination of transferring cumbersome model parameters
between devices and the server. Alternatively, DistilCacheFL
leverages compact distilled data as knowledge to facilitate
communication-efficient personalized optimization on de-
vices.

Ablation Study

Impact of Cache Sampling Strategy. Table 2 presents the
average UA with different 7 values. We can conclude that
increasing 7 in the early stage generally improves the aver-
age UA due to the richer information provided by a greater
number of cached samples. However, the performance gain
diminishes as 7 approaches 1. This decline is likely due to the
introduction of data distribution bias across devices, which is
harmful to the system’s performance.

Impact of Model Settings. Table 3 presents the average
UA for different model configurations across image recog-
nition datasets. Results indicate that heterogeneous model
settings yield higher average UA compared to homogeneous
settings constrained by the weakest end devices. The improve-
ments stem from the support of more powerful devices to
deploy larger and more complex models, which can make full
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Method T=07T=037=057=077=1.0
FedCache 41.2
DistilCacheFL| 51.3 51.7 S5T.1 49.8 48.6

Table 2: Ablation study on cache sampling strategy. Results
are derived from the CIRAR-10 dataset with homogeneous
models, taking o = 0.5.

Method Model — [CIFART0 CINICT0 CIFART00
FedCache ResNetS | 405 383 750
ResNet-SM/L| 413 403 263
— ResNetS | 466 469 315
DistilCacheFL \p . oNers/M/L|  51.1 s51.1 358

Table 3: Ablation study on model settings. Results are derived
from image recognition tasks, taking o = 0.5.

use of computational resources among heterogeneous devices
to achieve better performance. These findings underscore the
benefits of model heterogeneity flexibility in DistilCacheFL.

Discussion

Broader Impacts. Broader Impacts. DistilCacheFL enables
flexible FEL participation under uncertain connectivity, elim-
inating the need for simultaneous device availability. This
benefits dynamic networks and IoT applications vulnerable to
power outages or poor signal. Its generalized data anonymiza-
tion supports diverse data types and tasks, allowing seamless
integration into smart healthcare and e-commerce systems.
This facilitates deploying personalized models on edge de-
vices (e.g., smartwatches, phones) for health monitoring and
preference tracking.

Limitations. In terms of potential limitations of Distil-
CacheFL, devices may maliciously upload misleading or
poisoned distilled data to the server, which could negatively
affect the overall system performance. In addition, the dataset
distillation process conducted on devices demands consid-
erable computational resources. This request can somewhat
lead to slower training procedures on devices with low hard-
ware capabilities or those constrained by battery life.

Conclusion

In this paper, we introduce DistilCacheFL, a novel personal-
ized FEL architecture to address the challenges of resource
heterogeneity, communication limitations, and dynamic net-
work conditions in demanding edge environments. By incor-
porating the benefits of both knowledge cache-driven feder-
ated learning and dataset distillation, DistilCacheFL facili-
tates privacy-preserving and semantically enriched knowl-
edge organization and transfer among devices and the server.
This is achieved through an iterative process of distilling data
on devices, caching them on the server, and then dispatching
the cached knowledge to guide local training. Moreover, we
propose a device-centric cache sampling strategy to further
enhance personalized model training by adapting to client
data distributions and communication constraints. Extensive
experiments on various tasks and datasets demonstrate that
DistilCacheFL outperforms state-of-the-art methods with re-
duced communication costs.
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