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Abstract—Collaboration-based personalized federated learning
(Co-PFL) achieves superior accuracy on non-IID data by lever-
aging a collaboration graph that captures pairwise similarities
among client data distributions for personalized model aggrega-
tion. However, its synchronous operation suffers from substantial
delays caused by slow clients, limiting its applicability in latency-
sensitive IoT applications. A natural alternative is asynchronous
Co-PFL, where the server processes model updates as they arrive.
Yet, asynchrony introduces staleness that distorts both collabora-
tion graph estimation and personalized model aggregation, two
tightly coupled components in Co-PFL. Existing asynchronous
federated learning methods only handle staleness in global model
aggregation and fail to maintain this coupling. To bridge this gap,
we propose PACE, the first asynchronous Co-PFL framework
that jointly manages staleness across collaboration estimation and
model aggregation. PACE employs two lightweight, theoretically
grounded server-side mechanisms: a collaboration-aware buffer
update that adaptively refreshes buffered models based on stale-
ness and collaboration relevance, and a staleness-triggered model
multicast that selectively disseminates fresh aggregates when
collaboration estimation error exceeds a threshold. Extensive
evaluations show that PACE matches the accuracy of state-of-the-
art synchronous Co-PFL methods, while reducing convergence
time by up to 8.58 %, enabling practical Co-PFL with IoT devices.

Index Terms—Personalized Federated Learning, Asynchronous
Federated Learning, Collaboration

I. INTRODUCTION

Collaboration-based personalized federated learning (Co-
PFL) [1]-[3] is an emerging paradigm for addressing data
heterogeneity in federated learning by explicitly modeling
client-to-client cooperation. It maintains a collaboration graph
whose weighted edges quantify the similarity between clients’
data distributions, inferred from their model parameters with-
out sharing raw data. In each communication round, clients
upload their local models to the server, which estimates the
collaboration graph, performs personalized model aggregation
based on the graph weights, and returns the updated models
to clients for subsequent local training. Such fine-grained
aggregation generalizes clustering-based PFL [4]-[9], which
imposes hard partitions with uniform intra-cluster weights. By
aligning aggregation weights with the underlying structure of
inter-client data distributions, Co-PFL achieves high accuracy
in non-IID environments [2], [3], and is fit for federated
learning in IoT applications such as mobile healthcare [4],
smart homes [5], and intelligent transportation [10].

Although Co-PFL delivers superior accuracy, its syn-
chronous workflow incurs substantial wall-clock delays in IoT
deployments. The server must wait for all clients to complete
local training before estimating the collaboration graph and
aggregating model updates. This idle waiting becomes particu-
larly severe in the presence of high device heterogeneity [11]-
[15]. Empirically, when 30% of clients are 5x slower than the
rest, a synchronous round can take 3 — 12x longer [7], [16],
significantly lengthening convergence time. A natural remedy
is asynchronous Co-PFL, where the server processes model
updates as they arrive and immediately returns aggregated
models, thereby eliminating idle time caused by stragglers.

To support asynchronous Co-PFL, the server maintains a
buffer that stores the latest model update from each client.
These buffers decouple model arrivals from dispatch but in-
troduce staleness, i.e., buffered models may originate from dif-
ferent rounds. Staleness undermines Co-PFL on two fronts. (i)
The collaboration graph, estimated from pairwise similarities
between buffered models, can be distorted when those models
reflect different training states. (ii) Personalized aggregation
performed with a mixed-age buffer may send outdated or
inconsistent parameters back to clients, hindering convergence.
Existing staleness management strategies for asynchronous
federated learning of a single global model address only
aggregation [17]-[19]. In contrast, Co-PFL must control stale-
ness jointly in collaboration graph estimation and personalized
model aggregation, keeping the two steps synergetic. Design-
ing mechanisms that coordinate these coupled operations while
preserving the latency advantage of asynchrony is therefore
essential to realizing effective asynchronous Co-PFL.

In this paper, we propose PACE (Personalization under
Asynchronous Collaboration Estimation), the first Co-PFL
framework designed for fully asynchronous clients. PACE pre-
serves coherence between collaboration graph estimation and
personalized model aggregation under unbounded staleness
through two lightweight, theoretically grounded server-side
mechanisms. (i) Collaboration-Aware Buffer Update. Upon
receiving a new model update, the server refreshes the buffers
of all other clients using a fine-grained decay factor that
reflects both the update’s staleness and the collaboration
weights. It aligns the freshness of each buffered model with
its relevance during asynchronous model aggregation, so pair-
wise similarities remain meaningful even when updates arrive



out-of-sync. (ii) Staleness-Triggered Model Multicast. When
the staleness-induced error in the estimated collaboration
graph exceeds a threshold, the server multicasts a small set
of freshly aggregated models to selected clients. This targeted
intervention improves accuracy without altering the estimation
algorithm or incurring excessive communication overhead. To-
gether, these passive-active staleness management mechanisms
enable PACE to operate asynchronously, while preserving
personalization quality and convergence guarantees.
Our main contributions are as follows.

o We present PACE, the first asynchronous Co-PFL frame-
work. It eliminates straggler-induced delays and makes
collaboration-based personalization practical in heteroge-
neous [oT environments.

« We introduce two synergistic staleness-control mecha-
nisms and prove that their integration enables convergent
asynchronous Co-PFL at rate of O(1/v/T), where T is
the number of communication rounds.

o Extensive evaluations show that PACE matches the ac-
curacy of state-of-the-art Co-PFL baselines [1]-[3] while
converging 2.33-8.58 x faster in terms of wall-clock time.

II. RELATED WORK

Personalized Federated Learning. PFL combats data het-
erogeneity by collaboratively training models tailored to each
client’s local data distribution. Existing studies fall into two
categories. (i) Model-based personalization. These methods
partition model parameters into global and local components,
or design client-specific architectures to capture individual data
characteristics [20]-[23]. (ii) Similarity-based personalization.
These approaches aggregate updates selectively based on inter-
client data similarity, and are increasingly popular in IoT appli-
cations [4], [5], [8]. There are two subcategories: Clustering-
based PFL partitions clients into disjoint groups and shares
models within each cluster [4]-[9]; Collaboration-based PFL
(Co-PFL) generalizes this by learning a weighted graph that
enables fine-grained pairwise aggregation [1]-[3].

While Co-PFL offers higher flexibility, its operation remains
synchronous and vulnerable to straggler delays. We fill in this
gap by introducing asynchrony into Co-PFL, allowing adaptive
pairwise aggregation without waiting for slow clients.

Asynchronous Federated Learning. AFL reduces straggler-
induced latency by aggregating server updates as soon as
they arrive, instead of waiting for all clients. The primary
challenge in AFL is staleness, where outdated updates may
destabilize convergence. Most AFL algorithms incorporate
staleness-aware aggregation via decay mechanisms. For in-
stance, FedAsync [17] introduces a freshness-based decay
function. FedBuff [24] averages a buffer of recent updates.
PORT [18] jointly considers update divergence and staleness.
FedAC [19] incorporates weighted momentum into global
model update. ASAFL [25] adaptively weights aggregation
using model divergence.

However, these methods are designed for a single global
model. Conversely, we bring asynchrony to Co-PFL, where
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Fig. 1: Co-PFL overview.

a learned collaboration graph guides personalized model ag-
gregation. We analyze how staleness affects collaboration
estimation and model aggregation, and propose effective stal-
eness control strategies to improve the accuracy of Co-PFL in
asynchronous environments.

III. PRELIMINARY AND PROBLEM

A. Co-PFL

Consider a federation of n clients C = {¢1,...,c,}. Each
client ¢; holds a private dataset D; and maintains a person-
alized model 6; € R?. Collaboration-based personalized fed-
erated learning (Co-PFL) [1]-[3] aims to learn personalized
models 8 = {61,...,0,,} guided by a collaboration graph
G(V,W), where V = C and W € R™ " encodes pairwise
collaboration intensities. Ideally, W;; quantifies the similarity
between the data distributions of clients 7 and j. Yet due to
inaccessibility of raw data in federated learning, W;; is often
estimated via model similarity.

Formally, Co-PFL jointly optimizes the personalized models
and the collaboration graph as follows.

gﬂ%lZpi F; Zsz@j;Di +S(W,0)
=1 j=1 (1)
sty Wi =1, Wy >0,Vi,j

j=1

where p; = [D;|/377_, |D;| is the relative sample size,
F;(+; D;) is the local empirical risk of client 4, and S(W, 0)
encourages W to reflect model similarities measured by L1,
Lo-based kernels [1] or cosine similarity [2], [3]. Finally, each
client receives a personalized model §; = Z?zl Wi;0;.

Such formulation enables fine-grained client collaboration,
generalizing clustering-based PFL  [4]-[9], which imposes
hard partitions with uniform intra-cluster weights.

B. Synchronous Optimization Framework

In standard Co-PFL, Eq. (1) is solved over T  synchronous
rounds by alternately updating W and @ (upper part of Fig. 1).



o Server-Side Collaboration Estimation and Model Aggre-
gation. At round t, the server infers client ¢’s collabora-
tion intensities W; = {W;;}7_; via:

min S (Wi —pi)?+v Y Wis(0, 057
o = @)
sLY Wiy=1, Wy >0 Vij
j=1

where the first term favors clients with larger data sizes
and the second penalizes those with dissimilar model
parameters. s(-,-) is a similarity metric (e.g. cosine or
Ly, Ly). Let W = [Wy,...,W,]T € R"*" be a matrix
stacking all the collaboration intensities {W1,... W,}.
The server aggregates the personalized models 6™ =
(01 ...,05" 1T from the previous round as:

8 = we'! 3)

and sends the aggregated models {6¢, ... 6 } to clients.
e Client-Side Local Training. Upon receiving 6!, client i
updates its personalized model by minimizing:

Fi(0; D;) = Fi(0; D;) + As(0,67) (4)

where the first term is the local empirical risk and the sec-
ond promotes consistency with the aggregated model. The
local model is updated via SGD 6! < 0! — V.F;(6!; D;),
which is then uploaded to the server for the next round.

C. Asynchronous Co-PFL

We extend the above framework to asynchronous Co-PFL,
where clients communicate with the server independently. In
this setting, client updates arrive at different times, making
synchronous collaboration estimation (i.e., Eq. (2)) and model
aggregation (i.e., Eq. (3)) infeasible (lower part of Fig. 1).

To address this, the server maintains a buffer of the latest
received models {¢1,...,¢,} from clients. Let 7; be the
staleness of client i’s model update, defined as the gap between
the current server round ¢ and the round ¢ — 7; at which client
1 last received a model from the server. Upon receiving a
delayed model 927” from client ¢, the server (i) immediately
sends ¢; back to client ¢ as the latest personalized model for
subsequent local training; and (ii) uses 6‘?” to update both
the collaboration graph and the buffers for other clients.

The buffers enable asynchronous model reception and dis-
patch, yet introduce unique challenges to Co-PFL.

o Inaccurate Collaboration Estimation. The server infers
collaboration vector W; with s("™ ;) instead of
s(01, 9;‘1) in Eq. (2). The stale models lead to inaccu-
rate collaboration estimation, potentially overestimating
similarity between unrelated clients.

« Biased Model Aggtregation. The server constructs per-
sonalized models @ with buffered models {d1,.., P},
which are not aligned in version. Accordingly, it becomes
non-trivial to assign meaningful collaboration weights,
leading to aggregation bias and model divergence.

Table. I summarizes the major notations used in this paper.

TABLE I: Summary of major notations.

Notation  Definition

n number of clients

D;;|D;|  local dataset of client i; size of D;

D;|D| dataset of all clients; size of |D|

T staleness of client ¢

9:7” model of client ¢ starting at round ¢

bi model of client ¢ cached at server

0! fresh model of client ¢ aggregated at round ¢
F; main task of client ¢

E epoch number

T communication round

s(+y 1) similarity metric

W;W;;  collaboration graph; collaboration of client ¢ and j
@ default decay coefficient for aggregation

Qi decay coefficient for client ¢ updating client j
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Fig. 2: PACE workflow.

IV. METHOD
A. PACE Overview

We propose PACE (Personalization under Asynchronous
Collaboration Estimation), which effectively manages stale-
ness for asynchronous Co-PFL (Fig. 2).

Workflow. PACE follows the client and server operations in
Sec. III-B, with major changes at the server to accommo-
date asynchronous clients (Algorithm 1). Assume the server
receives a delayed model update 05_” from client ¢ in asyn-
chronous round t. The server executes the following steps.

e Model Dispatch. Upon receiving Gf_ﬁ, the server imme-
diately sends the current buffered model ¢; to client ¢,
allowing it to begin a new local training round without
waiting for other clients.

e Collaboration Estimation. The server estimates the col-
laboration intensities using Eq. (2) but calculates the
similarity as s(07" ", ¢;) rather than s(6! ", 0;71).

o Buffer Update. The server updates the buffers of all other
clients with 6}~ , considering both staleness and inferred
collaboration intensities. Specifically, buffer ¢; for client
j (j # 1) is updated as:

¢; = ;07T + (1 — yj) b, )

where «;; is a decay that decides how 9’;7“ is aggregated
into the buffer ¢;, and correspondingly, the personalized



Algorithm 1: PACE workflow.
Input: Clients’ model parameters 61, ...
Output: Clients’ model parameters 61, ...

1 Server Process:

2 for asynchronous round t do

Receive update 6" from client 4

// Model Dispatch

Downlink 6! < ¢;

// Collaboration Estimation

Update buffer ¢; < 6, ™

W; < solve Eq. (2)

// Buffer Update

10 for client j do

11 Weight decay o;; < Eq. (11)

12 L Update (,ZSJ' — aijé)f_” + (]. — aij)¢j

13 // Model Multicast

14 G! + solve Eq. (16)

15 for client i € Gt do

16 L Update local model 6! < ¢; via multicast

O
O

o N N AW

17 Client Process:

18 while True do

19 Download model ¢;

20 Local training via Eq. (4)
21 | Upload 6!~ to server

model to be dispatched to client j. This buffer update step
replaces the synchronous model aggregation in Eq. (3).
e Model Multicast. The server sends updated buffers to a
selection of clients to mitigate the impact of staleness on
collaboration estimation at a tunable communication cost.

The client-side operations remain unchanged from Sec. III-B.

Principles. Our modifications to the server-side operations
are inspired by prior research on asynchronous federated
learning (AFL), which uses (i) passive staleness-aware decay
for aggregating stale updates [17]-[19], and (ii) active model
broadcasting to bound staleness [8], [16]. However, existing
schemes fail for Co-PFL due to two distinctions. (i) AFL
aggregates updates into a single global model, whereas Co-
PFL maintains multiple personalized models. (ii) Co-PFL
requires collaboration estimation, an extra step than AFL that
is sensitive to staleness.

PACE integrates both passive and active staleness control
strategies and organizes them in two key operations.

o Collaboration-Aware Buffer Update (Sec. IV-B). This
module implements passive staleness control. We design
a fine-grained decay mechanism that modulates the influ-
ence of 6" on buffer ¢;, based on both its staleness 7;
and the collaboration intensity WW;;. Crucially, we ensure
that model updates from different versions are aggregated
with aligned collaboration intensities.

o Staleness-Triggered Model Multicast (Sec. IV-C). This
module implements active staleness control. We analyze

how staleness degrades the accuracy of collaboration
estimation and develop a strategy that bounds this degra-
dation by multicasting updated buffer models to selected
clients. This strategy improves accuracy without modify-
ing the collaboration estimation algorithm itself.
These components ensure convergent training (Sec. IV-D) in
asynchronous Co-PFL.

B. Collaboration-Aware Buffer Update

This subsection explains how PACE computes decay c;; in
Eq. (5) to incorporate both collaboration and staleness.

Collaboration-Based Decay. To ensure that the asynchronous
buffer update as in Eq. (5) reflects the correct collaboration,
i.e., client i’s model is aggregated into client j’s buffer ¢; in
proportion to W;;, we define a collaboration-based decay as:
Wi
Z‘ITG‘IT]'U{j} Wjﬂ ’

where 7; is the sequence of clients that have updated ¢;.

(6)

Olij =

Proof. Suppose buffer ¢; is updated by a sequence of clients
T = {7rJ1», ey 7er }, and the corresponding models aggregated
into ¢; are ¥; = {¢},..., ¥} }. The buffer ¢; is updated as:

1_ 1.1 1Y 40
¢j = oj¥; + (1 - aj)¢j,

: (N
6F = byl +(1-ah)et T,
with decay a; = {a],...,af}.
Unfolding the recurrence yields:

6 = ok + (1 - aPjat Iy 4

: Iy 11 - 1N 10 ®)
+ | [T = afagey | + [ [T - oo |-
1=2 =1

To preserve the collaboration intensities as if these models
were aggregated synchronously as in Eq. (3), decay a; should
match their normalized collaboration intensities:

W _ L l
WS e, = Lz (1 =),
W. 1
I —_17& AP
m = (1 - aj)aja

kS

©))

W. L
im;

—_—— = (X .
Wi+ imen; Win

L
J
Solving Eq. (9) gives:
l Wint
o

G = 7 , V1<I<LL.
WjjJqu:l Wjﬂg

(10)

Hence, upon receiving a model update from client 7, the

decay to buffer ¢; becomes a;; = ZW77W O
memw;u{j} "I

Incorporating Staleness-Based Decay. To further account for

the delay in received updates 9;7”, incorporate a staleness-

based decay term, following standard AFL practice [17]-[19].



We adopt a polynomial staleness-based penalty (1 + 7;)~* as
[17] for convergent asynchronous Co-PFL.

Combining this with the collaboration-based decay, the final
decay becomes

Wi

- (1 + Ti)_a.
Zﬂ'EﬂjU{j} W]ﬂ'

aij =

Y

The client sequence 7; is reset to () if the server receives
a new update from client j. This is because past models that
have already been aggregated should no longer influence future
updates from the same client.

C. Staleness-Triggered Model Multicast

This subsection analyzes the impact of staleness on collab-
oration estimation in Eq. (2) and presents a staleness-aware
multicast scheme for accurate collaboration estimation without
excessive communication cost.

Staleness-Induced Collaboration Error. Claim 1 quantifies
the collaboration estimation error via Eq. (2) with delayed
model 6!~ from client i and buffers {¢;}.

Claim 1. (Collaboration estimation error). The divergence be-
tween the estimated collaboration vector W; and the ground-
truth W for client 1 is:

T n iOnEG
W= Will € Sy gy,

12)

where § is defined in Definition 1 of Appendix A, n is the
learning rate, E is the number of local epochs, G is the upper
bound of gradient, and G; = ||¢,||.

Claim 1 can be proved by first bounding the divergence
between the estimated pairwise similarity s;; and the ground-
truth 5;; and then taking it as noise when solving Eq. (2).
Below is a proof sketch assuming the widely adopted cosine
similarity [2], [3]. The proof also applies to other similarity
metrics such as L, Lo and inner product.

Proof. We first bound the divergence between s;; and 5;; as:

~ t—T; t—T1; . t—T; t
sij — 815 = cos (0; 7, 0,77) —cos (6,77, )
t—7; at—T; t—T1; t—71; pt—7;

_ oy ) G (o)
[ R R N 67 11l I

© jo; 7 —gg) @

=TT

13)

T,0nEG
- Zwerj u(sy WinGj

where (a) is by the approximation that the gradient norms of a

single client between close rounds are similar ||¢;|| ~ ||9§-7” ,

(b) is by properties of inner product (a,b) < |lal - ||b]|, (c) is

by Lemma 2 of the convergence analysis (Appendix A).
From Eq. (13), we have:

T:0nEG

(14)

lIsi = 8ill < 32020 llsis — Susll < 22721 s

mem;U{j}

Following [2], [3], we solve Eq. (2) as quadratic program,
yet with noise in s; bounded by Eq. (14). Formally, Eq. (2)
can be rewritten into:

n
Hl/ll}n WiTWi—F(—Qp—&—’ySi)TWi S't'ZW’U =1, le >0Vj
i —

’ (15)
where p = [p1,p2,...,Pn] i the relative dataset size vector.
For a function f(W;) = W,"W,, there is Vf(W;) = 2W;
and V2f(W;) = 2I = 2I. Consequently, f(W;) is a
2-convex function. From perturbation theory [26], there is
Wi — Wil| < ||si — 3ill/p. where p is a strong convexity
parameter. For f(W;) we have g = 2. Then we have:

I n i OnEG
|[W; — Wy < ijl 2Z7r€::ur){j} e O

]T

Model Multicast. Claim 1 shows that the error in collabora-
tion estimation is bounded by the staleness of client models
0?7”. Accordingly, we actively control the collaboration esti-
mation error by selectively disseminating the latest models (in
the buffers) to clients to refresh their local models.

Formally, we check whether there is a group of clients G°
actively participating in training, which satisfies:

Z 2> Q, |G x 0.size() <P

1€G?t
where () is a threshold for the maximum tolerable staleness,
and P is the communication budget. Following [27], we
assume a maximum downlink bandwidth of B = 10 MHz,
a tolerable latency of 7 = 300 ms, and an SNR of 10 dB, and
thus a budget of P = 7Blog(1 + SNR) = 1.297MB. When
the conditions in Eq. (16) are satisfied, multicast is triggered
and the buffered models are sent to client sets G?.

(16)

D. Analysis

Convergence Analysis. The effectiveness of our asynchronous
Co-PFL framework is guaranteed by the theorem below. The
complete proof is in Appendix A.

Theorem 1. (Convergence of PACE) Algorithm I converges to
an arbitrary constant € with a convergence rate of O(1/\/T):
2 ’ 2 _2 2
b P ey IVEP|P < RSBl
(17)
where n is the number of clients, E is the number of local
epochs, T’ is the total communication rounds, 1) is the learning
rate, L is defined in Assumption 1, G is defined in Assumption
3, and o is defined in Assumption 4.

Communication Cost. PACE only exchanges model param-
eters as standard federated learning. However, the staleness-
triggered model multicast (Sec. IV-C) introduces extra down-
link communication. Our empirical evaluation shows that
such overhead is marginal. For example, PACE incurs 1.01-
1.05x communication rounds of standard AFL baselines (e.g.
FedAsync [17]) in five setups (Sec. V-D2). Since the band-
width is typically much larger at downlink than uplink [8],
[28], these extra communication rounds lead to negligible
latency measured in wall-clock time.



V. EXPERIMENTS
A. Experimental Setup

Baselines. We compare PACE with the following FL. methods.

o Synchronous FL: FedAvg [29] and FedProx [30].

o Asynchronous FL: FedAsync [17], FedBuff [24], PORT
[18], FedAC [19], and ASAFL [25].

o Synchronous Co-PFL: FedAMP [1], pFedGraph [2], and
FedSaC [3].

o Asynchronous variants of Co-PFL: Since there are no
prior asynchronous Co-PFL methods available, we ex-
tend the synchronous Co-PFL baselines above into asyn-
chronous versions, which are denoted as Fed AMP-Async,
pFedGraph-Async, and FedSaC-Async.

Datasets and Models. We experiment with three tasks on
five datasets: (i) Image classification on EMNIST! [31] and
CIFAR-10/CIFAR-100 [32]; (ii)) Human activity recognition
on HARBox [4]; (iii) Text classification on AGNews [33]. We
adopt the Dirichlet-based partitioning [34] to simulate non-IID
data distribution. Specifically, we use Dir(0.1) for EMNIST,
CIFAR-10, and CIFAR-100, and Dir(0.3) for AGNews. We
also test the pathological non-IID setting [29], where each
client holds data from a fixed number of labels: #C = 10
for EMNIST, #C = 2 for CIFAR-10, and #C = 20 for
CIFAR-100. HARBox contains sensor data collected from 120
participants, naturally reflecting real-world data heterogeneity.
For CIFAR-10, CIFAR-100, we apply a CNN as [2]. For
AgNews, we apply a TextCNN as [35]. For HARBox, we
apply a two-layer MLP as [7].
Configurations. We simulate a federation of 100 clients. For
synchronous FL methods, the client sampling rate is 0.1. For
asynchronous FL methods, the maximum parallelism is 10%.
We set 30% clients as slow devices, whose local training
latency is five times that of normal devices [7], [16], [36].
The total number of communication rounds 7" is set to 200
for synchronous FL. methods and 2,000 for asynchronous FL
methods, with & = 5 local training epochs per round. Wall-
clock time is simulated with a priority queue mechanism [18].
The learning rate 7 is set to 0.01 for CNN and TextCNN,
and 0.001 for MLP. We use SGD as the optimizer with batch
size 64, momentum 0.9, and a weight decay of 1 x 10~4.

Environment. The experiments are conducted on a machine
equipped with an Intel Xeon Gold 6230R CPU and NVIDIA
A100 GPUs (40GB memory).

Hyperparameters. For FedProx, ¢ = 0.5. For FedAsync, we
use the hinge setup with a = 1, b = 4. For FedBuff, n, =
10, k = 10. For PORT, a = 1, 8 = 1, Q = 10, and the
minimal client scale for aggregation is 5. For FedAC, 5 = 0.9,
ng = 0.01, m; = 0.01, and the buffer size is 5. For ASAFL,
ns = 0.01, n, = 0.01. For FedAMP-Async, A = 1, o0 = 10,
&: = 0.7. For pFedGraph-Async, o = 1.5, A = 0.01. For
FedSaC-Async, o = 1.5, § = 1.5, A = 0.01. For PACE,
v=1.5, A=0.01, a = 1.5, Q2 = 2500.

IFor EMNIST, we use the Balanced subset, which contains 47 classes.

EMNIST Dir(0.1) CIFAR-10 Dir(0.1)
90 {3 80
[ ]
580 L 2 s *
g 0 g 707 =
370 9
I € 60
S 604 =1
S S
< 50 < 507 [
40 40
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
Normalized Time Cost Normalized Time Cost
CIFAR-100 Dir(0.1) AGNews Dir(0.3)
ao{K L3 76 * '3
£ 50l K74 ®
7 ° 3 "
© " © 72
g L] g 0]
< <
10 68
04 06 08 10 02 04 06 08 10
Normalized Time Cost Normalized Time Cost
HARBoOX
* @ FedAvg
904 FedAsync
§ 85 1 on FedBuff
9 PORT
5 801 W FedAMP
o
& 754 ° @ FedSaC
FedAMP-Async
701 . : . . . FedSaC-Async
0.2 0.4 0.6 0.8 1.0 % PACE

Normalized Time Cost

Fig. 3: Accuracy v.s. normalized convergence time.

Metrics. We consider two metrics. (i) Accuracy: test accuracy
of the personalized models on local datasets; and (ii) Conver-
gence Time: wall-clock time of training till convergence.

B. Main Results

1) Accuracy: Table. II lists the accuracy (averaged over
clients) on five datasets. PACE achieves the highest accuracy
across all settings and datasets. Compared to synchronous
(FedAvg, FedProx) and asynchronous (FedAsync, FedBuff,
PORT, FedAC, ASAFL) FL baselines without personalization,
PACE improves the accuracy by up to 9.52% on EMNIST,
47.5% on CIFAR-10, 27.32% on CIFAR-100, 15.13% on
AGNews, and 22.88% on HARBox, which validates the need
for training personalized models in non-IID settings. The asyn-
chronous Co-PFL baselines (FedAMP-Async, pFedGraph-
Async, FedSaC-Async) underperform their synchronous coun-
terparts (FedAMP, pFedGraph, FedSaC), implying the non-
trivial challenges to incorporate asynchrony into Co-PFL (our
motivation). Our PACE outperforms these Co-PFL baselines
by at least 7.90%, 9.98%, 12.84%, 5.09% and 7.03% on the
five datasets, respectively, which shows that PACE enables
accurate, fine-grained collaboration with asynchronous clients.

2) Convergence Time vs. Accuracy: To further understand
the tradeoff between accuracy and convergence (measured in
wall-clock time), Fig. 3 plots the accuracy and normalized
convergence time (w.r.t FedAvg) of PACE and eight baselines,
including FedAvg (for normalization), three asynchronous FL
methods, two synchronous Co-PFL methods and their asyn-
chronous variants that yield the top accuracies. Other baselines
are omitted for clear visualization.

As expected, synchronous Co-PFL methods converge slower
than their asynchronous counterparts because they need to wait
for slow clients. As the first asynchronous Co-PFL scheme,
our PACE only requires 43.00%, 31.30%, 34.28%, 11.66%,



TABLE II: Accuracy of all methods (highest accuracy marked in bold).

Method EMNIST CIFAR-10 CIFAR-100 AGNews HARBox
#C =10 Dir(0.1) #C =2 Dir(0.1) #C =20 Dir(0.1) Dir(0.3) Real-world
FedAvg [29] 82.3840.35 84.981+0.23 45.3210.07 49.4040.07 23.77+0.14 26.56+0.50 72.2711.56 74.76+0.14
FedProx [30] 82.65i1,17 84.43i()‘16 46.08i0,45 51~07i1.56 23~34i0.63 26.55i027 67.97i0‘55 74.90io_09
FedAsync [17] 80.62+0.08 83.74+0.20 40.76+0.91 42.4540.44 20.1240.28 22.76+0.19 74.20+0.96 71.2841.42
FedBuff [24] 81.2441 19 84.4710.17 43.8940.17 47.8341.92 17.0440.34 23.1640.45 70.62+3.03 74.7210.70
PORT [18] 68.4340.01 81.67+0.19 32.48 1 ¢.75 39.2640.09 17.43410.25 22.26+0.25 64.9042 04 69.8541.16
FedAC [19] 83.36+0.42 84.6510.17 45.48+40.19 52.8140.47 20.61+0.07 24.0940.38 75.77+0.01 76.1440.15
ASAFL [25] 80.714+0.28 81.234+0.03 42.81+0.70 411241 54 10.1410.13 13.7910.30 61.5610.82 71.931+0.85
FedAMP [1] 80.704+0.31 76.1740.68 56.7140.31 69.5340.09 23.58+0.37 18.2940.18 73.5040.24 86.444.0.06
pFedGraph [2] 85.3240.01 81.7140.00 77.4340.09 76.80+0.03 22.8240.06 38.05+0.01 75.8540.12 85.5240.10
FedSaC [3] 85.54+0.31 81.71+0.09 77.63+0.20 76.5410.17 22.69+0.04 38.48+0.09 75.9540.07 85.47+0.19
Fed AMP-Async 16.77+0.41 38.9740.92 50.334+0.11 71.67+0.15 1.07+0.18 6.39+0.52 71.60+0.14 85.7040.10
pFedGraph-Async  72.6441 55 42.9849.20 59.9040.33 16.7041 38 4.80+0.25 3.9140.18 26.8340.14 45.844.9 48
FedSaC—Async 86.59i0,26 82.85i1_53 68.89i0,27 69.85i0,93 12~19i0.38 25.76i0,33 67.49i1‘72 80.26i0,82
PACE (Ours) 91.971013 90.75:1021 79.9810.05 81.651062 25031022 41.111011 76.6940.04 92.731020
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Fig. 4: Accuracy vs. convergence time of asynchronous Co-PFL methods.

and 21.37% of the convergence time compared to the fastest
Co-PFL baseline on the five datasets. PACE also converges
faster than FedAvg, the synchronous FL baseline, reducing
its convergence time to 22.81%, 19.12%, 24.97%, 9.37%
and 14.09% on the five datasets. Among the asynchronous
methods, our PACE is still the fastest on EMNIST, CIFAR-
100, and AGNews, and incurs a comparable convergence time
to FedAMP-Async and PORT on CIFAR-10 and HARBox.

In summary, when jointly comparing the convergence time
and accuracy against FedAvg on non-IID datasets, syn-
chronous Co-PFL methods improve accuracy and decrease
convergence time, but the reduction in convergence time is
marginal. Asynchronous FL baselines substantially shorten
the convergence time by allowing asynchronous model ag-
gregation, yet suffer from low accuracy. Naively extending
synchronous Co-PFL methods to incorporate asynchrony does
not necessarily improve the accuracy. In contrast, our PACE
explicitly orchestrates collaboration and asynchrony, thus no-
tably advancing the Pareto front between convergence time
and model accuracy.

C. Detailed Comparison of Asynchronous Co-PFL Methods

Fig. 4 presents the accuracy-convergence training curves of
PACE and three asynchronous Co-PFL methods. The accuracy
of the three asynchronous Co-PFL baselines show a noticeable
drop after the initial increase. This is because they do not
explicitly manage staleness during client collaboration. The
biased global model, coupled with misaligned update rounds,

TABLE III: Accuracy comparison when extending Co-PFL
methods with PACE and their naive asynchronous variants.

Method CIFAR-10 CIFAR-100 AGNews
etho Dir(0.1) Dir(0.1) Dir(0.3)
FedAMP-Async  71.67 6.39 71.60
FedAMP-PACE ~ 79.87(+8.20)  37.21(+30.82) 77.39(+5.79)
FedSaC-Async 69.85 25.76 67.49

FedSaC-PACE  81.58(+11.73) 40.97(+15.21) 76.87(+9.38)

leads to an inaccurate collaboration graph, and thus degraded
accuracy. Among these baselines, pFedGraph-Async suffers
the most severe accuracy drop. Although our PACE adopts the
same collaboration graph formulation as pFedGraph-Async, it
consistently achieves the highest accuracy and fastest conver-
gence, verifying the effectiveness of our design.

To show that our collaboration-aware staleness management
scheme generalizes to other Co-PFL formulations, we further
integrate PACE into FedAMP and FedSaC. As shown in
Table. III, when extending synchronous Co-PFL methods with
PACE, the resulting asynchronous versions drastically outper-
form the naive extentions (i.e., FedAMP-Async and FedSaC-
Async). On CIFAR-10, CIFAR-100, and AGNews, the gains
in accuracy are 8.20%, 30.82%, and 5.79% for FedAMP; and
11.73%, 15.21%, and 9.38% for FedSaC. These results show
the potential of PACE as a generic plug-in strategy to enhance
various Co-PFL schemes.
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Fig. 5: Contributions of individual components.

TABLE IV: Impact of similarity metrics on accuracy of PACE.

Cosine Inner product L1 Lo
EMNIST 90.7540.21 90.7840.01 90.86+0.06 90.83+0.01
CIFAR-10 81.654+0.62 82.6110.11 82.3340.14 82.404-0.30
CIFAR-100 41.114¢9.11 41.5840.10 41.3840.09 41.4040.08
AGNews 76‘69i0A04 76-97iOA06 76.92i0A07 77‘02i0,13
HARBox 92.73+0.20 93.131t0.20 93.0240.20 93.114+0.02

D. Ablation Studies

1) Contributions of Individual Components: Fig. 5 zooms
into the contributions of individual component in PACE,
by gradually adding modules into pFedGraph-Async, which
shares the same collaboration graph formulation with PACE.
The first bar is the accuracy of the naive asynchronous Co-
PFL. The second bar adds the buffer module (Sec. IV-A).
The third bar further adds the multicast module (Sec. IV-C).
The final bar shows the results after including staleness-aware
decay, which makes the full PACE (Sec. IV-B).

The buffer mechanism actively updates models and im-
proves the accuracy by 20.69%, 16.30%. The multicast mech-
anism further calibrates the collaboration graph, with another
accuracy improvement of 15.93%, 7.66%. With staleness-
aware decay, the received models provide accurate and up-to-
date updates to the buffers, enabling PACE to further increase
the accuracy by 28.33%, 13.24%.

2) Communication Overhead: The effectiveness of PACE
comes with extra communication due to its staleness-triggered
multicast (Sec. IV-C). As a quantitative comparison, PACE
incurs 1.03x, 1.01x, 1.01x, 1.04x, and 1.05x the commu-
nication frequency, including the count of model dispatch and
model multicast, of standard asynchronous FL baselines (i.e.,
FedAsync) on EMNIST, CIFAR-10, CIFAR-100, AGNews,
and HARBox, respectively. The marginally increased commu-
nication frequency is acceptable compared its contributions in
accuracy (see Sec. V-D1).

3) Impact of Similarity Metric: We adopt the cosine sim-
ilarity, which is widely used in Co-PFL, for the main exper-
iments (Sec. V-B). Yet the effectivenss of PACE is agnostic
to the similarity metric s(-,-). As an empirical verification,
we test the accuracy of PACE using Lj, Ly, and inner
product, three other similarity metrics in Co-PFL. As shown in
Table. IV, all the similarity metrics yield comparable accuracy.
PACE even achieves a slightly higher accuracy using other
similarity metrics.
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Fig. 6: Impact of hyperparmater \.

E. Hyperparameter Sensitivity

1) Impact of A: Fig. 6 studies hyperparameter sensitivity
of )\, which balances the regularization on local training (see
Eq. (4)). In PACE, we set A = 0.01, and tune A across
{0.001, 0.005,0.01,0.05,0.1,0.5} on CIFAR-10, CIFAR-100
and AGNews. PACE performs similarly across the six hyper-
parameter configurations.

2) Impact of ~: Fig. 7 presents the hyperparameter sen-
sitivity of ~, which determines the solution of collaboration
graph (see Eq. (2)). In PACE, we set v = 1.5, and tune ~y
across {1.1,1.3,1.5,1.7,1.9,2.1} on CIFAR-10, CIFAR-100
and AGNews. As is shown, PACE is robust to 7.

8
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Fig. 7: Impact of hyperparmater -.

VI. CONCLUSION

We proposed PACE, the first asynchronous framework for
collaboration-based personalized federated learning. PACE
jointly manages staleness in collaboration graph estimation
and personalized model aggregation through a collaboration-
aware buffer update and staleness-triggered model multicast.
Extensive experiments show that PACE achieves state-of-the-
art accuracy while significantly reducing convergence time,
making it a practical solution for efficient, personalized fed-
erated learning in real-world asynchronous environments.
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APPENDIX
A. Proof of Convergence Analysis

We analyze the convergence of PACE following the same
proof framework as FedAsync [17], which monitors the
change in the objective function F'(-) per asynchronous com-
munication round. However, FedAsync [17] only applies a
constant staleness-based decay «, whereas our PACE adopts a
fine-grained decay related to both staleness and collaboration.

Proof. Let F“4 be the objective F of all clients at round ¢
before local training, and F** be the objective F' at round
t before server aggregation. Our goal is to derive bounds on
E[Ft’L] — Y4 and E[Ft"’_l’A] _ &L

We first make the following assumptions.

Assumption 1. (Smoothness) The local objective F; of client
i is L-smooth, satisfying: |V F;(x) — VF;(y)| < L||lz — y||,
which can be reformulated as: F;(y) < F;(z) + (VF;(z),y —
z) + % lly — ||’

Assumption 2. (Unbiased gradient) The expectation of
stochastic gradient g;(0;;z) is an unbiased estimator of the
local gradient, satisfying: E,..p,g:(0;;2) = VF;(6;).

Assumption 3. (Bounded gradient) The expectation square
norm of stochastic gradient g;(0;;z) is bounded, satisfying:
llgi (055 2)|I* < G,

Assumption 4. (Bounded gradient variance) The vari-
ance of stochastic gradient g;(0;;z) is bounded, satisfying:

Assumptions 1 to 4 are commonly adopted in federated
learning [17], [37]. Unlike most asynchronous FL schemes
[17], [18], [24], PACE does not assume bounded staleness, as
its collaboration-based decay naturally diminishes as updates
accumulate (Sec. IV-B). For simplicity, let VF;(0;) be VF;,
and g;(6;; ) be g;.

EZNDi

Lemma 1. (Divergence during local training) We provide the
divergence of objective F during local training at round t:

9 2 20_2
B[FUH-F < S0y 01 Eegy (- IV P+ 222
(18)

Proof. Assume that at asynchronous round ¢, client ¢ starts
from local epoch uf, and ends at local epoch v}. Let U} be
[ul,vf], for client i at round ¢, there is:

1)

B[R — B S S, (CHEIVELS, o)) + LR gt

(b) ,€ 6 2 €
< Yeevt (FMEVE, g% + 5 (Bl VE[)] + o))

9 5 e (I VEL|? + L B[ V)2 + 02)

/ 19)
where (a) is by smoothness of F;(-) as in Assumption 1, (b)
is by Var(z) = E[z?] — (E[z])?, (c) is by Assumption 2.
Then the divergence of the overall objective F' is:

n 2 e 252
BPYH-F4 < S0, D () [V FL 22
(20)

I°]

O

Definition 1. (Model update heterogeneity) For arbitrary i, j,
given client model updates 0; and 0;, there exists 6 > 0,
satisfying ||0; — 6| < onEG/W;;.

Lemma 2. (Bounded local-global divergence) At round t,
the divergence between global model 9 and received local
model 0.” 7 satisfies:

||95_Ti - qﬁ” < Znemu{i} >

Proof. Note that collaboration-based decay «;; is propor-
tional to the collaboration intensity W;;. Consequently, we
can expand ¢! into combinations of received model updates
{¥r }rem,ugi)- Then we have:

K

nEG

mem;U{i}

s @D

t—T; t (@ t—T;

Hgi ¢1|| < ||01 Zwew u{i} Z«en Umwﬁ,w ”

(b) t—T;

= Zwen— u{i} ZWER U{ }Wn-r |0 f = %H

© nEG

= Z‘n’E‘A'iU{'L'} Zweﬂ:]u{i} Win

(22)

where (a) is by expanding ¢5, (b) is by [z +y|| < ||z[|+ [yl
(¢) is by Definition 1. O

Lemma 3. (Divergence during aggregation) We provide the
divergence of objective F' during aggregation at round t:
E[F'T0A] — P < 60’ EG/W; (23)
where W; = >omemufiy Win/lmi U {i}| is the averaged
collaboration relationship of models updating client 1i.

Proof. Given that only the buffer of client ¢ is updated, we
have: E[Fit+1A| - pt-L — R[FITH4]— AL By taking Lemma
2 into Lemma 2 of [38], we complete the proof.

O

Convergence of PACE. By putting Lemma 1 and Lemma 3
together, we have:
E[F** A —FbA < o EG/W,
+2 i Di ZeeUf((L Ln o )
(24)
We telescope Eq. (24) from round 0 to T — 1, and let
A=F0A E[FTA, and W = LS W , where i(t)
represents the clients received at round ¢. We get

—nIVE“|? +

24502 EGW’ +LEn?0? /n?
n—Ln?/2
(25)

Therefore, we prove that for an arbitrary constant € >
0, as T > 0, A > 0, Eq. (25) converges to ¢ when:
n < min(2, n2L€+2n262‘/7‘}?EG+2LE02). Consequently, when
the learning rate n satisfies the condition above, PACE con-
verges. If the learning rate 7 is set O(1/+/T), the convergence

rate of PACE is O(1/v/T). O

t,
T Zt o Pi ZeeUit IVF|1? <
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