
IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL., NO., JUL. 2025 1

DySTop: Dynamic Staleness Control and Topology
Construction for Asynchronous Decentralized

Federated Learning
Yizhou Shi, Qianpiao Ma, Yan Xu, Junlong Zhou, Member, IEEE, Ming Hu, Member, IEEE,

Yunming Liao, Hongli Xu, Member, IEEE

Abstract—Federated Learning (FL) has emerged as a poten-
tial distributed learning paradigm that enables model training
on edge devices (i.e., workers) while preserving data privacy.
However, its reliance on a centralized server leads to limited
scalability. Decentralized federated learning (DFL) eliminates
the dependency on a centralized server by enabling peer-to-
peer model exchange. Existing DFL mechanisms mainly employ
synchronous communication, which may result in training inef-
ficiencies under heterogeneous and dynamic edge environments.
Although a few recent asynchronous DFL (ADFL) mechanisms
have been proposed to address these issues, they typically yield
stale model aggregation and frequent model transmission, leading
to degraded training performance on non-IID data and high
communication overhead. To overcome these issues, we present
DySTop, an innovative mechanism that jointly optimizes dynamic
staleness control and topology construction in ADFL. In each
round, multiple workers are activated, and a subset of their
neighbors is selected to transmit models for aggregation, followed
by local training. We provide a rigorous convergence analysis
for DySTop, theoretically revealing the quantitative relation-
ships between the convergence bound and key factors such as
maximum staleness, activating frequency, and data distribution
among workers. From the insights of the analysis, we propose
a worker activation algorithm (WAA) for staleness control
and a phase-aware topology construction algorithm (PTCA)
to reduce communication overhead and handle data non-IID.
Extensive evaluations through both large-scale simulations and
real-world testbed experiments demonstrate that our DySTop
reduces completion time by 46.7% and the communication
resource consumption by 48.3% compared to state-of-the-art
solutions, while maintaining the same model accuracy.

Index Terms—Decentralized federated learning, edge comput-
ing, asynchronous, staleness control, topology construction.

I. INTRODUCTION

RECENT advances in the Internet of Things (IoT) pro-
mote continuous generation of vast quantities of data

generated from physical environments [1]–[3]. Generally, this
data is sent to a remote cloud for processing, raising concerns
about potential privacy leakage and considerable latency. In
response, edge computing has evolved as a viable solution
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by distributing computation capacity to edge devices (i.e.,
workers) for accelerated local data processing. Furthermore,
it promotes the adoption of federated learning (FL), which
coordinates workers to perform distributed machine learning
[4] while preserving data privacy.

Traditional FL, also known as Centralized FL (CFL), com-
prises a set of workers and a centralized parameter server
(PS) [4]–[6]. These workers collaboratively train a global
model by performing local updates on their own datasets and
subsequently transmitting their model parameters to the PS.
The PS next aggregates these uploaded models and distributes
the aggregated model back to the workers for the subsequent
training round. This procedure usually maintains multiple
training rounds until model convergence. Though CFL is
a mature and widely used scheme, it comes with notable
limitations. First, its reliance on a star topology inherently
restricts system scalability. Second, frequent communication
between the PS and workers generates a substantial traffic
workload and creates a communication bottleneck at the PS,
posing a significant risk of a single point failure.

Decentralized federated learning (DFL) has emerged as a
solution to overcome the limitations of CFL [7]–[12]. In DFL,
each worker performs local model updating and transmits the
updated models to its neighbors through peer-to-peer (P2P)
communications. Since DFL does not rely on a centralized
PS, it can achieve high scalability and construct network
topology more flexibly. When a worker in the system fails,
it is only necessary for the affected workers to re-establish
P2P connections with other workers. Moreover, each worker
communicates with its neighbors, effectively distributing the
communication overhead that was originally borne solely by
the PS in CFL. Therefore, DFL is particularly suitable for
emerging IoT scenarios such as vehicular networks and UAV
clusters [17]. These environments naturally form decentral-
ized P2P networks and are often unsuitable for maintaining
long-term communication with a centralized remote server.
However, achieving high efficiency in DFL presents unique
challenges that need to be addressed.

• Edge Heterogeneity: Each worker interacts with hetero-
geneous neighbors with varying computational and com-
munication capabilities, data sizes, and physical locations
[18]. Therefore, the coordination required for training in
DFL is more complex compared with CFL.

• Edge Dynamic: The network topologies may change
over time due to intermittent connections among workers

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3667003

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on February 27,2026 at 11:24:24 UTC from IEEE Xplore.  Restrictions apply. 



SHI et al.: DYSTOP: DYNAMIC STALENESS CONTROL AND TOPOLOGY CONSTRUCTION FOR ASYNCHRONOUS DECENTRALIZED FEDERATED LEARNING 2

TABLE I: Comparison of different DFL mechanisms.

DFL Mechanisms
Handling Edge
Heterogeneity

Handling Edge
Dynamic

Communication
Consumption

Handling
Non-IID

Handling
Staleness

Synchronous

BrainTorrent [7] Poor Poor High Poor -
GossipFL [8] Poor Poor High Poor -
D-Cliques [9] Poor Poor Medium Good -

MATCHA [10] Poor Medium Low Poor -
L2PL [11] Poor Medium Low Poor -
FedHP [12] Poor Medium Low Good -

Asynchronous

HADFL [13] Good Poor High Poor Poor
AsyNG [14] Good Good Medium Good Poor
AsyDFL [15] Good Good Medium Good Poor

SA-ADFL [16] Good Good High Poor Medium
DySTop (Ours) Good Good Low Good Good

caused by their mobility [19]. Furthermore, a worker with
poor communication conditions may lead to disconnec-
tions for its neighbors.

• Communication Resource Constraint: On one hand,
since the absence of the PS, DFL typically requires more
training rounds to converge than CFL. On the other hand,
in DFL, each worker sends its model to multiple workers
rather than a single PS, resulting in more communication
resource consumption compared to CFL [8].

• Data Non-IID: The data collected on workers is often
not a uniform sample of the overall distribution, leading
to data non-independent-and-identically-distributed (non-
IID) [4], which degrades FL training. Even more criti-
cally, unlike the PS in CFL, which trains the global model
over all data, each worker in DFL may obtain models
trained over more biased data [14].

There are two communication schemes for DFL: syn-
chronous and asynchronous. Most of the existing DFL re-
searches adopt synchronous communication [7]–[12], where
each worker waits for all its neighbors to finish local model
updating and aggregates them with its own local model.
However, due to edge heterogeneity, workers are compelled to
wait for the slowest worker to complete its local updating and
model transferring, known as the straggler problem. Moreover,
edge dynamics may render synchronous DFL impractical, as
dynamic network conditions and potential disconnections can
lead to significant idle time while workers wait for model
transmissions from all neighbors in each round.

To handle heterogeneity and dynamics in edge networks,
the asynchronous DFL (ADFL) scheme [13]–[16] further
eliminates the synchronization barrier in synchronous DFL.
In ADFL, each worker is allowed to exchange models with its
neighbors at any time and aggregate models it has received so
far upon finishing previous local updating. Since a worker in
ADFL does not need to wait for all its neighbors to transmit
their latest local models, ADFL effectively addresses edge
heterogeneity and edge dynamics. However, the existence of
stragglers still causes different relative frequencies of workers
to perform asynchronous updating, which leads to staleness
concern [20]. Consequently, workers may aggregate the out-
of-date models from their neighbors, causing unsatisfactory
training performance [21]. To this end, our previous work
[16] SA-ADFL realizes dynamic staleness control for ADFL

by appropriately determining a worker to perform model
aggregation and transferring in each round. However, in SA-
ADFL, the determined worker sends its model to all neighbors
within its communication range, resulting in significant com-
munication and lacking fine-grained handling of data non-IID.

To address this, we propose DySTop, a novel mechanism
that performs Dynamic Staleness Control and Topology Con-
struction for ADFL. In each round, DySTop dynamically
activates multiple workers, each selecting a subset of its neigh-
bors and pulling their models for aggregation. We provide a
rigorous convergence analysis for DySTop, revealing the sig-
nificance of both staleness control and topology construction
in achieving satisfactory training performance. Guided by the
analysis, we design a worker activation algorithm to achieve
more effective staleness control than SA-ADFL, and a phase-
aware topology construction algorithm considering both com-
munication efficiency and data non-IID. The summarization of
different DFL mechanisms are shown in Table I.

Our main contributions to this paper are as follows:
• We propose DySTop, a dynamic staleness control and

topology construction mechanism for ADFL, and provide
its convergence analysis, theoretically revealing how the
convergence bound depends on factors such as maximum
staleness, activating frequency, and data distribution.

• Based on the convergence analysis, we formulate a
training time minimization problem for DySTop given
staleness and communication resource constraints, and
transform the problem into multiple per-round subprob-
lems by Lyapunov optimization.

• To solve the subproblems, we design a worker activation
algorithm (WAA) for staleness control and a phase-aware
topology construction algorithm (PTCA) for reducing
communication overhead and handling data non-IID.

• We conduct both large-scale simulations and real-world
testbed experiments to evaluate the performance of our
proposed mechanism and algorithms. Experimental re-
sults show that our algorithms can reduce completion
time by 46.7% and the communication resource con-
sumption by 48.3% under the same accuracy requirement
compared with the state-of-the-art mechanisms.

The rest of this paper is organized as follows. Section II
reviews the related works. Section III introduces the DySTop
mechanism and formulates the problem. Section IV provides
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the convergence analysis. The algorithms for DySTop are pro-
posed in Section V. The experimental results of the simulations
and testbeds are shown in Sections VI and VII, respectively.
Section VIII concludes this paper.

II. RELATED WORKS

The communication schemes of DFL determine how
workers perform local training and exchange models, and
can be categorized as either synchronous or asynchronous.
Most existing DFL studies adopt synchronous communication
schemes, which are reviewed in Section II-A. More recently,
a few DFL studies have explored asynchronous schemes, as
reviewed in Section II-B. Although asynchronous schemes can
improve resource utilization and reduce idle time, they intro-
duce model staleness. The techniques for mitigating staleness
in asynchronous FL are reviewed in Section II-C.

A. Communication Schemes of Synchronous DFL

In synchronous DFL, each worker waits for all its neighbors
to finish local model updating and performs model aggre-
gation. Therefore, it is important to construct an efficient
topology for model parameter transmission in DFL [22].
BrainTorrent [7] establishes a fully-connected DFL, requiring
each worker to share its local model with all others in each
round. However, it incurs heavy communication costs due to
the large volume of data transmissions. Partially connected
topologies reduce the communication overhead by enabling
each worker to exchange its local model only with its neigh-
boring workers. For example, GossipFL [8] creates a highly
sparsified topology, allowing each worker to transmit its local
model to only one peer in each round, realizing efficient
communication. D-Cliques [9] proposes a new topology where
workers are grouped into connected cliques based on data
distribution, which helps reduce gradient bias. Yet, previous
works tend to construct a fixed topology and ignore the edge
dynamic. Therefore, some works focus on re-constructing the
topology at regular intervals. For example, MATCHA [10]
employs matching decomposition to break down the base
topology into disjoint subgraphs, and samples a subset of
these subgraphs to construct a sparse topology in each round.
L2PL [11] proposes a reinforcement learning-based method
to dynamically construct an optimal sparse topology for each
round. FedHP [12] controls local updating frequency and
network topology adaptively to improve the overall learning
efficiency.

However, the above synchronous DFL mechanisms share
a common drawback: they force each worker to await the
completion of all other workers, i.e., the synchronization point,
before the subsequent round can begin. In edge heterogeneity
environments, this process results in slow convergence, since
the overall efficiency is dictated by the slowest worker.

B. Communication Schemes of Asynchronous DFL

A few studies have explored asynchronous communication
schemes for DFL, allowing workers to exchange models
whenever they finish local updating, instead of waiting for

the synchronization points. For example, HADFL [13] fa-
cilitates decentralized training on heterogeneous workers in
an asynchronous manner, with probabilistic participation in
model synchronization and aggregation in each round. AsyNG
[14] and AsyDFL [15] develop a joint optimization framework
integrating gradient pushing and neighbor selection to achieve
a communication-training trade-off in ADFL.

However, these ADFL studies overlook the staleness prob-
lem inherent in asynchronous communication. This oversight
results in highly stale models, which generate significant
deviation from current gradient trajectories and intensify the
detrimental effects of non-IID data.

C. Deal with Staleness in Asynchronous FL

As previously stated, staleness significantly impacts the
performance of asynchronous FL. Many asynchronous CFL
studies have focused on mitigating the negative effects of
staleness. For example, FedAsync [20] relieves the impact of
staleness on training by assigning smaller aggregation weights
to stale models. FedSA [21] employs a semi-asynchronous
mechanism where partial workers participate in each global
updating to control staleness. SAFA [23] tackles staleness
by simply discarding models that become excessively stale
during the training process. SC-AFL [24] restricts the staleness
degree within a certain bound by dynamically adjusting the
aggregated strategy in each round. ASO-Fed [25] deploys
dynamic learning rates for workers based on their participation
frequencies in global updating. Air-FedGA [26], [27] assigns
workers into groups to mitigate staleness. The authors in [28]
and [29] compensate for the gradients of stale models by
leveraging the approximate Taylor expansion.

However, the above staleness control methods primarily fo-
cus on asynchronous CFL scenarios, whereas staleness control
in ADFL is more complex and remains largely unexplored.
Our previous work SA-ADFL [16] controls staleness for
ADFL by determining a worker to perform model updating
and send its model to all neighbors in each round. However,
it incurs high communication overhead and lacks fine-grained
handling of data non-IID. In this paper, we propose DySTop, a
mechanism that dynamically activates multiple workers, each
selecting a subset of its neighbors and pulling their models for
aggregation, thereby reducing communication overhead and
effectively addressing data non-IID.

III. SYSTEM OVERVIEW AND PROBLEM FORMULATION

A. Preliminary for ADFL

We consider an asynchronous decentralized federated learn-
ing system, where a set of workers V = {v1, v2, · · · , vN}
is deployed to train local models. Given the inherent edge
dynamics that induce topological changes, we characterize
the time-varying network topology through a directed graph
Gt = (Vt, Et) per round t. The vertex set Vt tracks available
workers, and the edge set Et contains the links between
devices, with e(vi, vj) ∈ Et specifying the transfer path from
vi to vj . For worker vi, we define N i

t = {vj |e(vj , vi) ∈
Et, vj ∈ Vt} ∪ {vi} as its in-neighbors set that consists
of all workers with an in-coming link to vi include itself.
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Correspondingly, the out-neighbors set of vi at round t is
defined as N̂ i

t = {vj |e(vi, vj) ∈ Et, vj ∈ Vt} ∪ {vi}.
Each worker vi ∈ V conducts local training on its local

dataset Di =
⋃|Di|

k=1(X
k
i , y

k
i ) with size Di = |Di|, where Xk

i

denotes the feature vector of k-th sample and yki represents
the corresponding label. Let w be the model parameter. The
local loss function of worker vi is given by

Fi(w) ≜ Eξi∈Dif(w; ξi), (1)
where f(w; ξi) computes the loss on mini-batch over mini-
batch ξi drawn from local dataset Di. f(·; ·) accommodates
various loss formulations, e.g., cross-entropy, focal or hinge
loss. Define αi = Di

D as the relative data size of vi to the
total, the global loss function is defined as

F (w) ≜
∑
vi∈V

Di

D
Fi(w) =

∑
vi∈V

αiFi(w). (2)

The objective is to find the optimal parameter vector w∗ so
as to minimize F (w), i.e., w∗ = argminwF (w).

Inspired by [30], we divide the ADFL process into multiple
rounds, and we introduce t ∈ R = {1, 2, · · · , T} to indicate
the index of a round. At each round t, the local model of
worker vi is represented as wi

t. Due to the asynchronous updat-
ing mechanism and heterogeneous computational capabilities
across workers, the local model updates often span multiple
rounds. Let τ it denote the interval (called the staleness) be-
tween the latest starting-to-training round of vi and the current
round t. The local model at round t actually satisfies

wi
t = wi

t−τ it
. (3)

B. System overview of DySTop

We propose a dynamic staleness control and topology
construction mechanism for ADFL, called DySTop, which is
formally described in Alg. 1. DySTop mainly involves two key
roles, i.e., a set of workers and a coordinator. Periodically,
the coordinator acquires worker-specific status data such as
available bandwidth, model staleness, and data distribution,
which it then uses to determine worker activation and topology
construction strategies. Now we introduce the process of
DySTop on both the worker side and the coordinator side.

On the worker side (Lines 3-10), each worker maintains
two threads: an updating thread (Lines 4-7) and a pushing
thread (Lines 8-10). For updating thread, if worker vi receives
an EXECUTE message from the coordinator at round t and
has completed its local training of the current round, it sends
PULL message to its in-neighbor workers vj , ∀vj ∈ N i

t , then
each in-neighbors vj transmits its local model wj

t to vi. Next,
vi aggregates the pulled local models by

ŵi
t =

∑
vj∈N i

t

σi,j
t ·w

j
t =

∑
vj∈N i

t

σi,j
t ·w

j

t−τjt
. (4)

where σi,j
t is the aggregated weight of vj on the worker vi at

round t, calculated as σi,j
t = Dj/

∑
vj′∈N i

t
Dj′ . After model

aggregation, the worker vi performs local training as
wi

t+1 = ŵi
t − η∇Fi(ŵ

i
t; ξ

i
t). (5)

where η is the learning rate, and ∇Fi(ŵ
i
t; ξ

i
t) denotes the

stochastic gradient over mini-batch ξit . Meanwhile, at any time
receiving PULL message from the out-neighbor vj ∈ N̂ i

t , the
pushing thread of worker vi pushes its up-to-date local model,
which is formulated in Eq. (3).

Algorithm 1 Dynamic Staleness Control and Topology Con-
struction for ADFL (DySTop)

1: for t = 1 to T do
2: Processing at Each Device vi:
3: Updating Thread:
4: if Receive EXECUTE message and finish local training

then
5: Obtain wj

t of each device vj ∈ N i
t by sending PULL

message to its in-neighbors;
6: Aggregate local models to obtain ŵi

t by Eq. (4);
7: Update local model wi

t+1 by Eq. (5);
8: Pushing Thread:
9: if Receive PULL message from vj ∈ N̂ i

t then
10: Push local model wi

t−τ it
to vj ;

11: Processing at the Coordinator:
12: Determine active set At according to Alg. 2 to pull

models and perform aggregation;
13: Contruct network topology Gt according to Alg. 3;
14: Send EXECUTE message to vi ∈ At;
15: for each vi ∈ V do
16: Update staleness τ it+1 by Eq. (6);

On the coordinator side (Lines 11-16), at the beginning of
each round t, the coordinator determines a subset of workers
At ⊆ V (we call the active set) for aggregation at round t,
which will be elaborated in Alg. 2. Each worker vi is assigned
a binary indicator ait ∈ {0, 1}. That is, ait = 1 if vi is activated
for model aggregation at round t, and ait = 0 otherwise.
Then, the coordinator constructs the network topology Gt,
which will be elaborated in Alg. 3. Next, the coordinator sends
EXECUTE message to vi ∈ At, and updates staleness of each
worker vi ∈ V as

τ it+1 =
(
τ it + 1

)
(1− ait). (6)

That is, for worker vi ∈ At, the next round staleness τ it+1 is
reset to 0, while the staleness of all other workers increases.
To control the staleness of workers, we define a maximal
bound τbound, which all workers must satisfy τ it ≤ τbound.
Unlike prior work [21], [23], we do not treat τbound as a
hard constraint. Therefore, DySTop does not interrupt the local
training of stale workers or drop stale models whose staleness
exceeds τbound. Instead, we serve τbound as a soft reference
parameter to incentivize workers with higher staleness to be
prioritized for scheduling. This mechanism will be detailed in
Section V.

C. Problem Formulation

For DySTop, one problem is how to determine a proper
active set At at each round t, resulting in the process of model
training and transmission. Let Ht denote the duration of round
t. hi represents the local training time required for worker vi.
Then the time consumed by vi for local training at round t is
calculated as

hi,cmp
t = max

hi −
t−1∑

k=t−τ it

Hk, 0

 . (7)
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Let hi,j,comt denote the time consumed by the transmission of
the model from vj to vi at round t. Thus, the sum of training
and transmission time of the activated worker vi at round t is

Hi
t = hi,cmp

t + max
vj∈N i

t

{
hi,j,comt

}
. (8)

Therefore, the duration of round t is calculated as
Ht = max

vi∈At

{
Hi

t

}
. (9)

The other problem is how to construct a network topology
Gt for model transmission given communication resource
constraints. Specifically, let ci,jt ∈ {0, 1} indicate whether the
directed link from vj to vi is connected for model transmission
at round t. ci,jt = 1 if the link is connected, and otherwise
ci,jt = 0. Let b denote the bandwidth resource consumption
for transmitting one local model. Since both pulling models
and pushing models consume bandwidth, the bandwidth con-
sumption of worker vi at round t is

Bi
t =

(∑
vj∈N i

t

ci,jt +
∑

vk∈N̂ i
t

ck,it

)
· b. (10)

Unlike centralized FL, which always maintains a global
model in the PS, DFL has no real global model due to its fully
decentralized setting. Therefore, we define the global weighted
model at round t as

wt =
∑
vi∈V

Di

D
wi

t =
∑
vi∈V

αiw
i
t. (11)

Let a = {at|t ∈ [1, T ]} and c = {ct|t ∈ [1, T ]} denote
the worker activation and topology construction strategies
employed throughout the T rounds of training process, respec-
tively, where at = {ait|vi ∈ V} and ct = {ci,jt |vi, vj ∈ V}.
Our problem is formulated as

(P1) :min
a,c

T∑
t=1

Ht (12a)

s.t. F (wT ) ≤ ϵ, (12b)

τ it ≤ τbound, ∀vi ∈ V, t ∈ R, (12c)

Bi
t ≤ B̂i

t, ∀vi ∈ V, t ∈ R, (12d)

ait ∈ {0, 1}, ∀vi ∈ V, t ∈ R, (12e)

ci,jt ∈ {0, 1}, ∀vi, vj ∈ V, t ∈ R. (12f)
The inequality (12b) ensures the convergence of global loss
function after T rounds, where ϵ is the convergence threshold.
The set of inequalities (12c) represents that the staleness of
each worker cannot exceed the maximal bound τbound. The set
of inequalities (12d) represents that bandwidth allocation for
each worker should not exceed its bandwidth resource budget
B̂i

t , which is time-varying considering the dynamic network
condition. Our goal is to jointly optimize the worker activation
strategy a and topology construction strategy c to minimize
the overall training duration in DySTop, i.e., mina,c

∑T
t=1Ht.

IV. CONVERGENCE ANALYSIS

A. Assumptions

We use the following assumptions that are classical to the
analysis of the loss functions Fi(w), ∀vi ∈ V [15] [5] [31].

Assumption 1 (Smoothness): Fi(w) is L-smooth, i.e.,
∀w1,w2, Fi(w2) − Fi(w1) ≤ ⟨∇Fi(w1),w2 − w1⟩ +
L
2 ∥w2 −w1∥2.

Assumption 2 (Convexity): Fi(w) is µ-strongly convex, i.e.,
∀w1,w2, Fi(w2) − Fi(w1) ≥ ⟨∇Fi(w1),w2 − w1⟩ +
µ
2 ∥w2 −w1∥2.

Note that Assumption 2 holds for those models with convex
loss functions, like support vector machines and linear regres-
sion. Our mechanism can also work for models (e.g., CNN)
with non-convex loss functions, which is shown in Section VI.

B. Analysis of Convergence Bounds

To describe the data distribution among workers, we give the
following definitions, which are widely adopted in the existing
works [5] [31] [32].

Definition 1 (Gradient Divergence): For ∀vi,w, we define ξi
as the upper bound of the gradient divergence between the
dataset of worker vi and the globe dataset, i.e.,

∥∇F (w)−∇Fi(w)∥ ≤ ξi
Definition 2 (Local Gradient): w∗

i is the local optimal param-
eter vector on worker vi, then we define the expectation of its
random gradients on vi is

g∗i = E[∥∇Fi(w
∗
i ; ξi)∥2]

where ξi is a arbitrary sample on worker vi.

For simplicity, we denote the minimum of the global loss
function F as F ∗, short for F (w∗).

1) Convergence of Local Updating in One Round: We
begin by presenting the following Lemma 1, which details
the convergence of the local update in one round.

Lemma 1 : Taking η < µ
2L2 , by the local updating of Eq. (5),

it holds that
E[F (wi

t+1)]− F ∗ ≤ ρ(E[F (ŵi
t)]− F ∗) + δi,

where ρ = 1− µη, and δi = η
2 ξi + Lη2g∗i .

Proof. See Appendix A.

2) A key Lemma for Analysis: To simplify the expres-
sion, we define three sequences of matrices Xt, Y

j
t and Zt

for t ≥ 1, where Xt = diag(x1t , x
2
t , ..., x

N
t ) and Yj

t =
diag(y1,jt , y2,jt , ..., yN,j

t ), j ∈ [1, N ] are N × N diagonal
matrices. Zt = [z1t , z

2
t , ..., z

N
t ]⊤ is a N -dimensional vector.

In particular, if worker vi is not activated by the coordinator
at round t, i.e., vi /∈ At, then the i-th elements of Xt,
Yj

t and Zt are given by xit = 1, yi,jt = 0 and zit = 0,
respectively. xit and yi,jt satisfy θit = xit +

∑
vj∈N i

t
yi,jt ≤ 1.

We first state a key lemma for our statement. For convenience,
let ωj

t = t − τ jt − 1 ≥ 0, τmax = maxj,t{τ jt } and
θmax = maxi,t{θit}.

Lemma 2 : Let Qt be a sequence of matrices for t ≥ 0. If
Qt ≤ XtQt−1 +

∑
vj∈N i

t
Yj

tQ(ωj
t ) + Zt, then we have

QT ≤
T∏

t=0

PtQ0 +

T∑
t=0

∆t,

where Pt = diag(p1t , p
2
t , ..., p

N
t ) is a N ×N diagonal matrix

and each scalar component satisfies

pit =

{
θmax

1
1+τmax , if vi ∈ At

1, otherwise
.
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∆t is a M -dimensional vector satisfies the following recursive
relation:

∆t =

[0, 0, ..., 0]⊤, t = 0

(Xt +
∑

vj∈N i
t
Yj

t −E)
t−1∑
r=0

∆r + Zt, t ≥ 1.

E denotes the N ×N identity matrix, whose elements on the
main diagonal are 1 and all off-diagonal elements are 0.

Proof. See Appendix B.

3) Convergence Bound of DySTop: We next analyze
DySTop’s convergence bound with Lemma 1 and Lemma 2 in
the following Theorem 1. For clarity, we represent the weight
vector of all workers as A = [α1, ...αN ], where each vi’s
weight is αi = Di

D , denoting the relative data size to the
total. Since a global model does not exist in a decentralized
topology, we consider the weighted sum of of all local models,
that is wT =

∑
vi∈V

Di
D wi

T =
∑

vi∈V αiw
i
T .

Theorem 1 : w0 is the initial model on each worker. After
inter-cluster aggregation Eq. (4) is performed T times, the
weighted model wT satisfies

E[F (wT )]− F ∗ ≤
∑
vi∈V

αiρ
ψiT

1+τmax (F (w0)− F ∗)

+A

T∑
t=0

∆t,

where ψi denotes the activating frequency of worker vi, and
∆t meets the following recursive relation:

∆t =

[0, 0, ..., 0]⊤, t = 0

Wt

t−1∑
r=0

∆r + Zt, t ≥ 1.
(13)

where Wt = diag(w1
t , w

2
t , ..., w

N
t ) is a N×N diagonal matrix

and the scalar components satisfy

wi
t =

{
ρ, if vi ∈ At

1, otherwise
.

and Zt = [z1t , z
2
t , ..., z

N
t ]⊤ is a vector and the scalar compo-

nents satisfy

zit =

{∑
vj∈N i

t
σi,j
t δj , if vi ∈ At

0, otherwise
.

Proof. See Appendix C.

C. Discussions
We denote the convergence bound of DySTop in Theorem 1

as BoundT =
∑

vi∈V αiρ
ψiT

1+τmax (F (w0)−F ∗)+A
∑T

t=0 ∆t.
From this, we can derive several meaningful corollaries.

Corollary 1 : The convergence bound BoundT decreases as
the upper bound of staleness τmax decreases.

Corollary 2 : The convergence bound BoundT decreases as
the activating frequency ψi of each worker vi increases.

Corollary 3 : According to Eqs. (29) and (13), ∆t is partially
influenced by the data distribution. As the degree of data non-
IID among workers increases, the value of ξi for each worker
vi rises, leading to a high convergence bound BoundT .

Corollary 1 indicates that convergence performance can
be improved by controlling the maximum staleness during

training, ensuring it does not exceed a certain upper bound, i.e.,
τmax ≤ τbound. Corollary 2 suggests that increasing the num-
ber of activated workers |At| in each round can also improve
convergence performance. However, this does not necessarily
lead to a short convergence time, since each round’s com-
pletion time depends on the model aggregations and training
of all activated workers. Therefore, activating more workers
may prolong the duration of each round. Corollaries 1 and 2
highlight the importance of carefully determining the worker
set |At| to control staleness and accelerate convergence. From
Corollary 3, when the data distribution among workers is IID,
i.e., ξi = 0 for ∀vi ∈ V , the convergence performance of
DySTop can be further improved. In practice, however, data
is often non-IID for corollary workers. To address this, one
can design the training topology and select neighbors for each
activated worker such that the union of a worker and its
neighbors’ datasets approximates an IID distribution, thereby
enhancing training performance [9].

Corollaries 1-3 theoretically reveal the significance of both
staleness control and topology construction in achieving better
training performance, which will be elaborated in Section V.

V. ALGORITHM DESCRIPTION

A. Algorithm Overview

Tackling the problem P1 is a complex endeavor due to three
main challenges below:

• First, P1 is a round-coupled problem. The staleness
constraints of workers are coupled with worker activation
strategies across rounds.

• Second, based on Corollaries 1 and 2, there is a trade-
off between staleness control and convergence rate with
different activated workers, but it’s hard to quantify the
correlation between them.

• Third, based on Corollary 3, a lower degree of data non-
IID leads to faster convergence. However, communication
constraint forces us to select only a subset of neighbors,
and improper selection can conversely exacerbate the
degree of data non-IID.

To overcome these challenges, we first employ Lyapunov
optimization to decouple the challenging round-coupled opti-
mization problem into deterministic per-round subproblems.
This prevents cross-round decision coupling from compro-
mising global optimality. We further solve each per-round
subproblem in two steps. First, we devise a worker activation
algorithm (WAA) to determine the active set At in each round,
where we utilize Lyapunov drift-plus-penalty function to quan-
tify the trade-off between staleness control and convergence
rate. After that, we design a phase-aware topology construction
algorithm (PTCA) to dynamically adapt the topology Gt in
each round. We set individual strategies for different training
phases to reduce communication overhead and non-IID degree.

Fig. 1 shows a four-worker example to demonstrate the
workflow of DySTop. There is a network topology with 4
workers (V = {v1, v2, v3, v4}). At a certain round t, the
coordinator first collects the information of workers (e.g.,
current model staleness and estimated training time of the
workers) and performs WAA to determine the active set
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Fig. 1: Workflow Illustration of DySTop

At = {v3}. Next, the coordinator performs PTCA to construct
the topology and notifies workers to adapt their neighbors.
In our example, the directed communications of v1-v3 and
v2-v4 are removed. Instead, directed communications v2-v3
and v1-v4 are added. Then v3 pulls models from neighbors
v1 and v4 to perform aggregation with its own local model.
This workflow is executed in all rounds to solve the decoupled
subproblems.

B. Lyapunov Optimization Based Problem Transformation

The core idea of Lyapunov optimization is transforming the
staleness constraint into a queue stability problem. Following
this idea, For each worker vi, we create a staleness queue qit
to track the difference between its cumulative staleness up to
round t and the given upper bound of staleness τbound. qit is
updated by the following recurrence relation:

qit+1 = max{qit + τ it − τbound, 0}. (14)
where qi0 is initialized as 0. By employing Lyapunov optimiza-
tion theory, we can obtain Theorem 2 about P1 as follows,

Theorem 2 : Approximating P1 involves solving subproblem
P2 at each round t, ∀t ∈ R

(P2) : min
at,ct

∑
vi∈V

qit(τ
i
t − τbound) + V · Ĥt (15)

s.t. (12b)− (12f),
where Eq. (15) is a drift-plus-penalty function. Ĥt is computed
as Ht

HSync
, and HSync is the training time under synchronous

updating, which is determined by the slowest worker. V
serves as a trade-off factor, balancing the staleness queue
stabilization against the minimization of training duration.
The expected training duration obtained by solving P2 has
a minimum gap

T∑
t=1

E
[
Ĥt|Θt

]
≤ T · Γ

V
+ Ĥ∗, (16)

where Ĥ∗ represents the normalized training time under the
optimal strategies, and Γ is a positive constant.

Proof. See Appendix D.

The optimization objective of P2 is to independently de-
termine the worker activation strategy at and the topology
construction strategy ct for each round, aiming to minimize
the weighted sum of the workers’ current staleness deviation
and round duration.

C. Worker Activation Algorithm (WAA)

To address P2, we first propose the WAA to determine
the worker activation strategy at at each round, as described
in Alg. 2. The drift-plus-penalty function Eq. (15) provides
the quantification of the trade-off between staleness control
and single-round duration. In addition, Eq. (9) inspires us to
prioritize workers with smaller Hi

t , which can help control
staleness while reducing single-round duration Ht. Conse-
quently, the target of WAA is to minimize Eq. (15) by
activating an appropriate number of workers with smaller Hi

t .
At the beginning of each round t, we initialize the active set
At as empty, and set all ait ∈ at to 0 (Line 1). Then, we sort
workers in V in the ascending order of the sum of training
time and transmission time Hi

t , and the set of sorted workers
is denoted as Vsort (Line 2). Next, we sequentially add workers
from Vsort to At. For each progressively larger active set At,
up to the maximum worker count, we pre-update each worker’s
staleness and compute the corresponding value of Eq. (15),
denoted as SAt (Lines 3-5). The minimum value Smin and
the corresponding set A∗

t are recorded (Lines 6-8). Finally,
we set each ait whose worker is in A∗

t to 1 (Lines 9-10) and
return the worker activation strategy at (Line 11).

It is worth noting that the computational complexity of
WAA is dominated by the sorting operation in Line 2, reducing
the decision overhead to O(N logN). This ensures the coor-
dinator can make rapid scheduling decisions. To validate this
scalability, we measured the execution time of WAA across
varying numbers of workers. The results in Fig. 2 indicate that
the running time remains in the millisecond range even with
a large number of workers (e.g., 1000), and as the number
of workers increases, the growth in execution time aligns
consistently with the theoretical O(N logN) curve.
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Fig. 2: Latencies of performing WAA with different numbers
of workers.

D. Phase-aware Topology Construction Algorithm (PTCA)

We develop the PTCA to construct the network topology
by selecting neighbors for each activated worker vi ∈ At.
PTCA can adaptively partition the overall training process into
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Algorithm 2 Worker Activation Algorithm (WAA)

Input: Staleness degree τ it , ∀vi ∈ V , value of virtual queue
qit, ∀vi ∈ V , sum of training time and transmission time
Hi

t , ∀vi ∈ V
Output: The worker activation strategy at = {ait|vi ∈ V} at

round t
1: Initialize: At = ∅, ait = 0,∀ait ∈ at, Smin = +∞;
2: Vsort ← sort V in the ascending order of Hi

t ;
3: for K = 1 to N do
4: At = At ∪ Vsort [K];
5: SAt ← calculate Eq. (15) for given At;
6: if SAt < Smin then
7: Smin = SAt ;
8: A∗

t = At;
9: for each vi ∈ A∗

t do
10: ait = 1;
11: Return: at = {ait|vi ∈ V}.

two phases based on the model convergence status. Then, for
each phase, we independently design the strategy for selecting
neighbors based on different objectives.

1) Phase 1: Deal with Non-IID Data: In early training
phases, non-IID data significantly slows down model conver-
gence [33]. Motivated by [9], we pair workers with signifi-
cantly different data distributions as neighbors. This can help
their combined datasets better represent all classes, in turn
mitigating model divergence (an example is shown in Fig. 3).

Earth Mover’s Distance (EMD) [34] is a general measure
to quantify the difference of two datasets’ distributions. We
denote the EMD between vi and vj’s datasets Di and Dj as

EMD(Di,Dj) =
∑
ck∈C
∥D

k
i

Di
−
Dk

j

Dj
∥. (17)

where ck is the k-th class of the global dataset D and the set
C consists of classes of data in D. Dk

i represents the size of
the k-th class data in vi’s dataset Di. In addition, considering
the worker mobility and worker-to-worker distance’s influence
on model transmission, we also take physical distance into
account. Let Dist(vi, vj) denote the physical distance between
workers vi and vj . We define the priority for vi to select vj
as a neighbor as follows

p1(vi, vj) =
EMD(Di,Dj)

EMDmax
+

(
1− Dist(vi, vj)

Distmax

)
. (18)

where EMDmax and Distmax indicate the maximum EMD and
distance among workers.

2) Phase 2: Diverse Neighbors and Staleness Control: As
the training progresses, the impact of staleness increases [12],
[24]. At the same time, diverse neighbor selections play a
crucial role in enhancing accuracy [35]. Therefore, we design
the following priority for vi to select vj as a neighbor

p2(vi, vj) =

(
1− Pull(vi, vj)

t

)
1

1 + |τi − τj |
. (19)

where Pull(vi, vj) records the times of vi pulling models
from vj . The term

(
1− Pull(vi,vj)

t

)
encourages the selection

of workers with fewer pull requests, and the term 1
1+|τi−τj |

ensures that the staleness gap between workers is not too large.

IID Data Non-IID Data

Combined Dataset:

Fig. 3: A five-worker example of IID and non-IID scenarios,
where each color represents a different class of the dataset.
In the IID scenario (left), all classes are in equal proportions
on all workers, while in the non-IID scenario (right), each
worker has only one class. However, both scenarios’ combined
datasets of all workers represent the same distribution.
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Fig. 4: Comparison of different priority-based topology con-
struction strategies on non-IID datasets. Left: FMNIST; Right:
CIFAR-10.

3) Algorithm design for PTCA: Inspired by [36], we in-
troduce the relative training loss change rate ∆F̄t(K) to
automatically trigger phase transitions, which is defined as
follows,

∆F̄t(K) =
1

K

K∑
k=1

F̄t−k−1 − F̄t−k

F̄t−k−1
, (20)

where F̄t is the average of the latest losses from all workers
up to round t. ∆F̄t(K) represents the average loss change
over the past K rounds. When ∆F̄t(K) is larger than the
threshold κ, the model is actively learning features, and data
heterogeneity is the primary challenge. The algorithm executes
Phase 1 to align distributions. When ∆F̄t(K) < κ, the
training stabilizes, and the impact of stale models increases.
The algorithm automatically transitions to Phase 2 to impose
tighter staleness constraints and refine convergence.

The goal of our proposed PTCA is to determine the topology
construction strategy ct for each round t, which is formally
described in Alg. 3. Let Ci

t denote the workers within vi’s
communication range include itself at round t. To maximize
bandwidth utilization subject to each worker’s bandwidth bud-
get, Alg. 3 iteratively selects the highest-priority neighbor for
each activated worker vi ∈ At. This process continues until the
bandwidth of workers in Ci

t is fully consumed. Specifically, we
first initialize each worker’s in-neighbor and out-neighbor sets
as empty sets, and set all ci,jt ∈ ct to 0. Btmp is maintained
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to track the cumulative bandwidth consumption of all workers
(Line 1). Then, we calculate ∆F̄t(K) to determine the current
phase, and sort Ci

t in descending order of corresponding
priority for each activated worker (Lines 2-6). Next, for each
iteration (Lines 7-22), each worker vi ∈ At first confirms suffi-
cient bandwidth resources for model pulling (Lines 9-10), then
selects the top-ranked worker from sorted Ci

t with available
bandwidth for model transmission, and updates neighbor sets
and bandwidth consumption (Lines 11-18). PTCA terminates
iteration and returns ct when the total bandwidth consumption
remains unchanged between two consecutive iterations (Lines
19-23).

To verify the validation of our phase-aware strategy, we
compare our PTCA with three settings: 1) Phase 1-Only
(PTCA that only uses p1(vi, vj)), 2) Phase 2-Only (PTCA
that only uses p2(vi, vj)), 3) PTCA. Note that we set κ as
1 × 10−3. We experiment with 100 workers to train a CNN
model on FMNIST and ResNet-18 on CIFAR-10 with non-
IID data. We use a red vertical dashed line to represent
the phase transition point in PTCA, and Fig. 4 shows that
PTCA can adaptively switch to Phase 2 when the convergence
speed slows down in different scenarios. The results of the
experiment demonstrate that Phase 1-Only trains faster initially
but converges to lower accuracy, while Phase 2-Only trains
slower initially but achieves higher accuracy. The entire PTCA
method achieves both faster convergence and higher ultimate
accuracy compared to both the above two settings.
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Fig. 5: Latencies of performing PTCA with different numbers
of workers.

4) Discussion on the feasibility of PTCA at scale: The com-
plexity of PTCA is approximately O(N2 logN), stemming
from neighbor sorting and iterative link establishment under
bandwidth constraints. Scalability tests (as shown in Fig. 5)
indicate that the execution time of PTCA grows consistently
with this theoretical curve as the number of workers increases,
but still remains in the millisecond range, ensuring the real-
time topology construction per round. Moreover, although
computing pairwise EMD between all workers is computa-
tionally intensive, it is executed as a pre-processing offline
step. Consequently, this overhead does not affect the per-round
efficiency of the actual training process.

VI. SIMULATION EXPERIMENT

In this section, we simulate a large-scale DFL in mobile
edge network to verify the effectiveness of our proposed
mechanism and algorithms.

A. System Setup
1) Environment: We perform our simulations on a worksta-

tion with one Intel(R) Xeon(R) CPU and 4 NVIDIA GeForce

Algorithm 3 Phase-aware Topology Construction Algorithm
(PTCA)

Input: Active set At and lists of workers in vi’s communi-
cation range Ci

t , vi ∈ V
Output: The topology construction strategy ct =
{ci,jt |vi, vj ∈ V} at round t

1: Initialize: N i
t = N̂ i

t = ∅, Bi
t = 0, ∀vi ∈ V , Btmp = 0,

ci,jt = 0,∀ci,jt ∈ ct;
2: Calculate ∆F̄t(K) by Eq. (20);
3: if ∆F̄t(K) > κ then
4: Sort Ci

t in the descending order of p1(vi, vj), ∀vi ∈ At;
5: else
6: Sort Ci

t in the descending order of p2(vi, vj), ∀vi ∈ At;
7: while true do
8: for each vi ∈ At do
9: if Bi

t + b > B̂i
t then

10: continue;
11: while len(Ci

t) > 0 do
12: if BCit [0]

t + b > B̂
Cit [0]
t then

13: Ci
t = Ci

t − Ci
t [0];

14: else
15: c

i,Cit [0]
t = 1, N i

t ∪ {Ci
t [0]}, N̂

Cit [0]
t ∪ {vi};

16: Bi
t = Bi

t + b, BCit [0]
t = B

Cit [0]
t + b;

17: Ci
t = Ci

t − Ci
t [0];

18: break;
19: if Btmp −

∑
vi∈V B

i
t = 0 then

20: break;
21: else
22: Btmp =

∑
vi∈V B

i
t

23: Return: ct = {cit|vi, vj ∈ V}.

RTX 3090Ti GPUs with 24GB of video memory. The system
environment is CUDA v12.1, and cuDNN v8.9.2, We use
PyTorch to simulate a large-scale federated learning system
with 100 heterogeneous workers distributed randomly across
a 100m×100m region. Specifically, the model training time
is calculated by Hi = ζi

Di
|ξi| , where ζi is the training time

of one mini-batch on worker vi. We measure the actual
training time for one batch 100 times on our experimental
equipment. We then multiply this by a coefficient drawn from
a normal distribution to simulate the varying computational
capabilities of heterogeneous devices. For model transmis-
sion, we use Shannon Formula to simulate the transmission
rate ri,jt = b · log2

(
1 +

pj ·gi,jt
γ2

)
. Referring to [37], [38],

the channel gain gi,jt is exponentially distributed with mean
G0 · Dist(vi, vj)−4, where G0 = −43dB is the path-loss
constant at a reference distance of 1 m. The transmit power
pj is set to range between 10dBm and 20dBm, then we
multiply it by a fluctuation sampled from a normal distribution
for each worker’s transmit power. The noise power is set as
γ = 10−13 W and the bandwidth is set as b = 1MHz. To
simulate the dynamic network topology caused by worker
mobility, we adopt a random walk model [39]. At the end
of each round, each worker updates its location by moving a
random step (uniformly sampled from [0, 2]m) in a random

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3667003

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on February 27,2026 at 11:24:24 UTC from IEEE Xplore.  Restrictions apply. 



SHI et al.: DYSTOP: DYNAMIC STALENESS CONTROL AND TOPOLOGY CONSTRUCTION FOR ASYNCHRONOUS DECENTRALIZED FEDERATED LEARNING 10

IID Non-IID
Non-IID Level

0

100

200

300
Co

m
pl

et
ion

 T
im

e 
(s

)

MATCHA
AsyDFL
SA-ADFL
DySTop

IID Non-IID
Non-IID Level

0

50

100

Co
m

pl
et

ion
 T

im
e 

(×
10

0s
)

MATCHA
AsyDFL
SA-ADFL
DySTop

Fig. 6: Completion time varies with different non-IID levels
on the two datasets. Left: FMNIST; Right: CIFAR-10.
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Fig. 7: Completion time varies with different non-IID levels
on the two datasets. Left: CIFAR-100; Right: ImageNet-100.
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Fig. 8: Test Accuracy vs. Time on the two datasets (IID). Left:
FMNIST; Right: CIFAR-10.
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Fig. 9: Test Accuracy vs. Time on the two datasets (IID). Left:
CIFAR-100; Right: ImageNet-100.

direction. Each worker’s communication range is set to 20m,
and it automatically disconnects from its original neighbors
once they are out of range.

2) Datasets and Models: We select four classical bench-
mark datasets: FMNIST [40], CIFAR-10, CIFAR-100 [41],
and ImageNet-100 (a subset of ImageNet [42]). FMNIST
and CIFAR-10 are used for the 10-class classification tasks.
CIFAR-100 and ImageNet-100 are utilized for the more chal-
lenging 100-class classification tasks. Following [43], we use
the Dirichlet distribution Dir(ϕ) to simulate data heterogene-
ity. The parameter ϕ determines the level of distribution skew,
with smaller values indicating higher heterogeneity. In our
experiments, we set ϕ = 0.5 to represent non-IID conditions,
and use ϕ = 1.0 to approximate an IID setting. We also choose
four classical models, CNN [44], ResNet-18, ResNet-101 [45],
and GoogleNet [46], which are customized to adapt to the
corresponding datasets. The CNN is composed of two 5 × 5
convolution layers, two 2 × 2 max pooling layers, two fully-
connected layers, and one softmax layer for output. ResNet-
18 and ResNet-101 utilize residual blocks to facilitate deeper
architectures, with the latter extending the depth to 101 layers
for enhanced feature representation. GoogLeNet introduces
additional architectural complexity through Inception modules,
which parallelize multiple convolutional branches to capture
multi-scale spatial features.

3) DFL Training settings: To replicate a realistic decen-
tralized scenario, the parameters of each model are initialized
independently on their respective workers, rather than being
uniformly distributed by the coordinator. We ensure a fair
comparison across all investigated DFL methods by employing
a consistent SGD optimizer with a learning rate of 0.01 and
a momentum of 0.9. The local training is conducted with a
batch size of 32 and runs for 2 local epochs. The entire DFL
training process lasts for 400 rounds.

4) Benchmarks: We compare our DySTop mechanism with
the following DFL benchmarks.

• MATCHA [10]: A synchronous decentralized federated
learning mechanism that divides the base topology into
disjoint subgraphs and parallelizes inter-subgraphs com-
munication. Considering the synchronous mechanism and
sparse topology, we regard MATCHA as a lower bound
of communication overhead.

• AsyDFL [15]: An asynchronous decentralized federated
learning mechanism that incorporates neighbor selection
and model push to handle non-IID data and edge hetero-
geneity. However, it lacks staleness control techniques.

• SA-ADFL [16]: An asynchronous decentralized federated
learning mechanism that dynamically controls staleness,
where each worker pushes its model to all neighbors.

5) Performance Metrics: We employ four key metrics to
measure the performance of our proposed algorithms and
the benchmark. 1) Test Accuracy is calculated as the ratio
of correctly predicted data points by the model to the total
number of data points. We record the test accuracy across all
workers every 5 rounds and use the average of these recorded
values as our evaluation metric. 2) Communication Overhead
is calculated as the total bandwidth consumed by all workers
to reach a certain accuracy. 3) Completion time is adopted to
measure the time when convergence.

B. Evaluation Results

1) Performance Comparison with Benchmarks: Figs. 6-7
presents the completion time varying with different non-IID
levels for training on FMINST, CIFAR-10, CIFAR-100 and
ImageNet-100. As shown in these two figures, the completion
time by the four algorithms on the four datasets increases with
increasing non-IID level. For example, the completion time
of DySTop takes 152.20s and 156.89s, increasing by 3.08%,
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Fig. 10: Communication Overhead vs. Test Accuracy on the
two datasets (IID). Left: FMNIST; Right: CIFAR-10.
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Fig. 11: Training Loss vs. Time on the two datasets (IID). Left:
CIFAR-100; Right: ImageNet-100.
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Fig. 12: Test Accuracy vs. Time on the two datasets (Non-IID).
Left: FMNIST; Right: CIFAR-10.
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Fig. 13: Test Accuracy vs. Time on the two datasets (Non-IID).
Left: CIFAR-100; Right: ImageNet-100.
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Fig. 14: Communication Overhead vs. Test Accuracy on the
two datasets (Non-IID). Left: FMNIST; Right: CIFAR-10.
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Fig. 15: Communication Overhead vs. Test Accuracy on the
two datasets (Non-IID). Left: CIFAR-100; Right: ImageNet-
100.

for training CNN on FMNIST, whereas AsyDFL, SA-ADFL,
and MATCHA show larger increases of 13.78%, 13.14%, and
11.49%. The experiment results demonstrate that DySTop can
better deal with non-IID data, since DySTop dynamically con-
structs a topology considering non-IID data among workers.
Meanwhile, DySTop can always take the least completion time
in comparison with the other algorithms. For example, in the
non-IID settings, the completion times of DySTop, AsyDFL,
SA-ADFL, and MATCHA are 68,417s, 75,466s, 72,826s and
95,402s, respectively, for training ResNet-101 on CIFAR-100.
DySTop reduces the completion time by 9.34%, 6.05% and
28.29% compared with AsyDFL, SA-ADFL, and MATCHA,
respectively.

Figs. 8-15 illustrate the performance of DySTop versus
benchmarks in terms of test accuracy and communication
overhead on both IID and non-IID data settings. Firstly, as
the non-IID level increases, the performance of all algorithms
decreases. For example, by Fig. 8 and Fig. 12, for training
ResNet-18 on CIFAR-10, the model accuracy of DySTop
reaches 88.47% in the IID scenario but drops slightly to
85.18% under the non-IID settings after 20,000s. Secondly,
DySTop can achieve a faster convergence rate compared to
AsyDFL, SA-ADFL, and MATCHA. For instance, as shown

in Fig. 9, when taking 60,000s for training GoogLeNet on
ImageNet-100, DySTop achieves the test accuracy of 58.51%,
outperforming AsyDFL (48.43%), SA-ADFL (52.32%), and
MATCHA (45.30%). Thirdly, DySTop consumes less com-
munication overhead than asynchronous algorithms to achieve
the required accuracy. For example, when training GoogleNet
on ImageNet-100 (as shown in Fig. 15), the communication
overhead of DySTop is 37.51% and 22.05% less than that of
AsyDFL and SA-ADFL when reaching 40% accuracy. This
is because DySTop effectively constructs a sparse topology,
reducing the communication resources consumption while en-
suring accuracy. Also, when comparing with the synchronous
algorithm (MATCHA), DySTop still demonstrates higher com-
munication resource efficiency, reducing 25.26% communica-
tion overhead. Although the synchronous algorithm has less
communication frequency compared to asynchronous ones,
its stability is severely challenged by worker mobility, while
DySTop is designed to cope better with the dynamic move-
ment of workers. Consequently, DySTop can achieve the best
performance across all non-IID levels in non-convex scenarios.

2) The Impact of Staleness Constraint: Fig. 16 shows
average staleness degree varying with different settings of
staleness bound τbound in DySTop on the two datasets. As
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Fig. 16: Average staleness degree varies with different settings
of staleness bound in DySTop on the two datasets. Left:
CIFAR-10; Right: CIFAR-100.
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Fig. 17: Test Accuracy vs. Time on the two datasets with
various values of τbound. Left: CIFAR-10; Right: CIFAR-100.
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Fig. 18: Test Accuracy vs. Time on the two datasets with
various values of V . Left: CIFAR-10; Right: CIFAR-100.
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Fig. 19: Test Accuracy vs. Time on the two datasets with
various values of s. Left: CIFAR-10; Right: CIFAR-100.

shown in this figure, DySTop can always control the staleness
below τbound. That is, at the difference of staleness bounds
of 2, 5, 8, 10, and 15, DySTop can control average staleness
degrees as 1.90, 2.99, 3.76, 4.27, 5.30 on CIFAR-10 and 0.93,
1.72, 3.08, 4.97, 6.30 on CIFAR-100. Fig. 17 illustrates the
test accuracies with respect to the training time of various
values of τbound = {0, 2, 5, 8, 10, 15}. Among these settings,
τbound = 2 yields the highest accuracy, e.g., 45.69% when
training a ResNet-18 on CIFAR-100. When staleness is too
small (e.g., τbound = 0), the training process tends to become
synchronous, leading to idle computation resources and re-
duced accuracy (e.g., 43.46%). On the other hand, excessive
staleness (e.g., τbound = 15) may cause excessive staleness
and gradient divergence, which also decreases achieved accu-
racy (e.g., 38.56%).

3) The Impact of Control Parameter: Fig. 18 illustrates
the test accuracy with respect to the training time of the
control parameter V . A larger value of V places more im-
portance on reducing training time, while a smaller value
concentrates on staleness control. Based on the results, we
observe that the value of V influences the convergence rate.
For instance, after 25,000s of training ResNet-18 on the
CIFAR-100, the accuracy reaches to 45.29% at V = 100,
compared to the accuracies of 39.78%, 43.68%, 43.46%, when
V = 1, 10, 1000. Furthermore, the consumed training time of
DySTop to achieve 40% accuracy is 25,770s, 18,843s, 17,514s,
and 21,590s when V = 1, 10, 100, 1000. Note that similar
results are also observed on CIFAR-10. The results show that
V = 100 achieves the fastest convergence rate across various
FL training tasks. This is because the Lyapunov penalty term
is a dimensionless metric representing the relative training
acceleration compared to synchronous updates. Therefore, a
fixed control parameter appropriately tuned is effective across
different scenarios.
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Fig. 20: Communication overhead vs. Test Accuracy on the
two datasets with various numbers of neighbors. Left: CIFAR-
10; Right: CIFAR-100.

4) The Impact of Neighbors Number: To further investigate
the impact of varying neighbor numbers on worker training
performance. We select different sample sizes s as the number
of in-neighbors of each worker. The values of s are set as
⌈log2N⌉ = 7, ⌈ log2 N

2 ⌉ = 4 and ⌈2 log2N⌉ = 14. Fig. 19
shows the test accuracy with respect to the training time for
varying values of sample size s. As shown in this figure,
DySTop achieves model accuracies of 85.17%, 88.48%, and
89.37% on CIFAR-10, and 43.63%, 45.65%, and 46.03% on
CIFAR-100, when s = 4, 7, 14, respectively. This indicates
that a larger s value promotes the model convergence due to a
denser network topology. However, this phenomenon exhibits
diminishing returns, as the improvement in model accuracy
slows with increasing values of s. In Fig. 20, we compare
the communication overhead required for different sample
sizes s to achieve a target test accuracy. As shown in the
figure, pulling models from a larger number of neighboring
workers increases communication overhead. For example, to
achieve 80% and 40% accuracy respectively, DySTop con-
sumes bandwidth of 179GB, 130GB, and 261GB for training
on CIFAR-10, and 373GB, 474GB, and 788GB for training

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3667003

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NANJING UNIVERSITY OF SCIENCE AND TECHNOLOGY. Downloaded on February 27,2026 at 11:24:24 UTC from IEEE Xplore.  Restrictions apply. 



SHI et al.: DYSTOP: DYNAMIC STALENESS CONTROL AND TOPOLOGY CONSTRUCTION FOR ASYNCHRONOUS DECENTRALIZED FEDERATED LEARNING 13

TABLE II: Performance of DySTop under different phase transition thresholds κ on CIFAR-10 and CIFAR-100.

Threshold (κ) CIFAR-10 CIFAR-100
Trans. Round Con. Time (s) Acc. (%) Trans. Round Con. Time (s) Acc. (%)

1× 10−2 41 8,240 88.01 176 24,120 44.95
1× 10−3 91 6,811 88.51 286 21,877 45.47
1× 10−4 136 10,185 87.92 361 27,350 44.80

on CIFAR-100, when s = 4, 7, 14, respectively. This indicates
that a larger s inevitably leads to a growth in communication
overhead. Figs. 19-20 jointly illustrate that an appropriate
number of neighbors can significantly reduce communication
overhead while maintaining model accuracy.

5) The impact of threshold κ: In PTCA, we use a threshold
κ to control when PTCA transitions from Phase 1 to Phase 2. A
smaller κ allows PTCA to switch phases later, and vice versa.
We explore the impact of the value of κ. Table II records the
phase transition rounds, model convergence times, and final
accuracy under different κ values. A higher threshold (κ =
1× 10−2) switches to Phase 2 too early (e.g., at round 41 for
CIFAR-10). This shortens the rapid learning period of Phase
1, which slows down the overall convergence (increasing time
to 8,240s). On the other hand, a lower threshold (κ = 1 ×
10−4) delays the transition too much (e.g., to round 361 for
CIFAR-100). Staying in Phase 1 for too long also prolongs
the convergence time (increasing time to 27,350s). κ = 1 ×
10−3 provides the best balance, achieving the highest accuracy
(88.51% for CIFAR-10 and 45.47% for CIFAR-100) with the
shortest completion time. It is worth noting that the accuracy
variation imposed by varying the value of κ is slight.

VII. SYSTEM IMPLEMENTATION

In this section, we present a system implementation and
deploy several algorithms on this real testbed platform.

A. Testbed Setup

Similar to [47], we implement a real testbed platform
comprising one coordinator and 15 workers (labeled from
v1 to v15). Fig. 21 illustrates a snapshot of the hardware
devices in our testbed. Specifically, we set 4 Jetson Nano
devices, 4 Jetson Orin NX devices, 3 Jetson Orin Nano
devices, 3 Jetson Orin devices and 1 Jetson Xavier AGX
device as heterogeneous workers. A Dell T640 Server is set
as a coordinator. Detailed heterogeneous configurations are
shown in Table III. Devices above are connected via wireless
connection by a router, which is wired to the coordinator.
We use mpi4p package to achieve the model and information
transmission among workers and coordinators.

The testbed experiments are conducted with two lightweight
models designed for resource-constrained devices (i.e.,
SquezeeNet [48], MobileNet-V2 [49]) and two datasets
(SVHN [50] and CIFAR-100 [41]). SquezeeNet is trained on
SVHN, including 73,257 street view house numbers training
images and 26,032 test images. To adapt SqueezeNet for the
SVHN dataset, we adjust initial convolutional layer to have
96 output channels (with a 3×3 kernel, stride 1, and padding
1) and replace the original classifier. The new classifier now

Fig. 21: A snapshot of the implemented testbed.

TABLE III: Real Testbed Platform Settings

Type Device Component Num.

Worker

Jetson Nano 128-core Maxwell GPU 4
Jetson Orin Nano 1024-core Ampere GPU 3
Jetson Orin NX 1024-core Ampere GPU 4

Jetson Orin 2048-core Ampere GPU 3
Jetson Xavier AGX 512-core Volta GPU 1

Coordinator Dell T640 Server Intel Xeon Silver 4210R CPU 1

comprises a dropout layer, a 1×1 convolutional layer with 10
output channels (for the digit classes), a ReLU activation, and
an adaptive average pooling layer to reduce feature maps to
1×1. These changes allow SqueezeNet to effectively process
SVHN’s 3-channel images and classify them into 10 distinct
digit categories. MobileNet-V2 is trained on CIFAR-100,
consisting of 60,000 images for training and 10,000 for the test
across 100 classes. For the MobileNetV2 model, we modify
its initial convolutional layer and adjust the stride of certain
feature blocks to 1 to preserve more spatial information. Ad-
ditionally, we reconfigure the final convolutional layer within
the feature module and replace the classifier’s output layer
to match the 100 CIFAR-100 classes. Similar to simulation
experiments, we use the Dirichlet distribution to partition the
datasets, setting the non-IID levels to 0.5 and 1.0.

Additionally, to verify the superiority of DySTop on our real
testbed platform, we use the same benchmarks and metrics as
those in Section VI.

B. Testing Results

Fig. 22 presents the completion time to achieve certain
accuracies varying with different non-IID levels on the two
datasets SVHN and CIFAR-100, respectively. As shown in
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Fig. 22: Completion time varies with different non-IID levels
on the two datasets. Left: SVHN; Right: CIFAR-100.
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Fig. 23: Communication overhead varies with different non-
IID levels on the two datasets. Left: SVHN; Right: CIFAR-100.
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Fig. 24: Test Accuracy vs. Time on the two datasets (IID).
Left: SVHN; Right: CIFAR-100.
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Fig. 25: Training Loss vs. Time on the two datasets (IID). Left:
SVHN; Right: CIFAR-100.
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Fig. 26: Test Accuracy vs. Time on the two datasets (Non-IID).
Left: SVHN; Right: CIFAR-100.
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Fig. 27: Training Loss vs. Time on the two datasets (Non-IID).
Left: SVHN; Right: CIFAR-100.

the figure, DySTop can always take the least completion time
compared with the other algorithms. For example, for training
SqueezeNet on SVHN in IID scenario, the completion time
to achieve 80% accuracy of AsyDFL, SA-ADFL, MATCHA
and DySTop is 1079s, 1516s, 1865s, and 721s, respectively.
DySTop reduces the completion time by 33.17%, 52.44% and
61.34% compared with AsyDFL, SA-ADFL and MATCHA.
In addition, when training SqueezeNet on SVHN in non-IID
scenario, the completion time to achieve 70% accuracy of
AsyDFL, SA-ADFL, MATCHA and DySTop is 1445s, 1644s,
1969s and 1088s, respectively. DySTop reduces the comple-
tion time of AsyDFL, SA-ADFL and MATCHA by 24.71%,
33.82% and 44.73%. The experiment results demonstrate that
DySTop can better adapt to both the IID and non-IID scenarios
with less completion time for model convergence.

Fig. 23 compares the communication overhead by different
algorithms to achieve certain accuracies. As shown in the
figure, the DySTop consumes the least communication over-
head compared with the other two asynchronous algorithms.
Furthermore, for training MobileNet-V2 on IID CIFAR-100
to 50% accuracy, the DySTop significantly reduces the com-
munication overhead by 33.57% and 31.82%, compared with
AsyDFL and SA-ADFL. When training MobileNet-V2 on
non-IID CIFAR-100, the communication overhead of DySTop

is 33.92% and 33.38% less than that of AsyDFL and SA-
ADFL. From Figs. 22 and 23, although asynchronous DFL
approaches inherently have a much higher communication
frequency, DySTop still achieves faster model convergence
with tolerable communication overhead.

Figs. 24-27 show training process for IID and non-IID
scenarios, respectively. DySTop can always achieve a faster
convergence rate in both IID and non-IID settings, compared
with AsyDFL, SA-ADFL and MATCHA. For example, as
shown in Fig. 24, when training SqueezeNet on SVHN with
the IID setting, after 2000s of training, DySTop achieves
a stable test accuracy of 84.49%, outperforming AsyDFL
(82.01%), SA-ADFL (80.69%) and MATCHA (79.37%). For
the non-IID scenario shown in Fig. 26, after 6000s training
in MobileNet-V2 on CIFAR-100, DySTop achieves a stable
test accuracy of 52.18%, outperforming AsyDFL (51.84%),
SA-ADFL (51.21%) and MATCHA (46.61%). The experiment
results demonstrate that DySTop can still outperform under a
real test-bed platform.

Remark 1 : Compared to simulations, testbed experiments
show different relative performance among mechanisms.
MATCHA performs worse in the testbed mainly due to greater
device heterogeneity and fewer workers, which intensify the
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straggler effect and delay model aggregation, thus reducing
training efficiency.

VIII. CONCLUSION

In this paper, we have proposed DySTop, an innovative
asynchronous decentralized federated learning (ADFL) mech-
anism designed to overcome the limitations of the existing
synchronous DFL and asynchronous DFL mechanisms. In
each round, DySTop dynamically activates multiple workers,
each selecting a subset of its neighbors and pulling their
models for aggregation. We have proved the convergence
of DySTop, quantitatively revealing how key factors, such
as the maximum staleness, worker activation frequency, and
data distribution, affect the convergence bound of ADFL.
Guided by the analysis, we have designed a worker activation
algorithm to control staleness, and a phase-aware topology
construction algorithm to reduce communication overhead and
handle non-IID data. Extensive experiments on both simulation
and testbeds have demonstrated the superiority of DySTop.
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