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Abstract—Federated Learning (FL) is a promising distributed
machine learning framework that allows collaborative learning
of a global model across decentralized devices without up-
loading their local data. However, in real-world FL scenar-
ios, the conventional synchronous FL mechanism suffers from
inefficient training caused by slow-speed devices, commonly
known as stragglers, especially in heterogeneous communication
environments. Though asynchronous FL effectively tackles the
efficiency challenge, it induces substantial system overheads and
model degradation. Striking for a balance, semi-asynchronous
FL has gained increasing attention, while still suffering from
the open challenge of stale models, where newly arrived updates
are calculated based on outdated weights that easily hurt the
convergence of the global model. In this paper, we present
SEAFL, a novel FL framework designed to mitigate both the
straggler and the stale model challenges in semi-asynchronous
FL. SEAFL dynamically assigns weights to uploaded models
during aggregation based on their staleness and importance to the
current global model. We theoretically analyze the convergence
rate of SEAFL and further enhance the training efficiency with
an extended variant that allows partial training on slower devices,
enabling them to contribute to global aggregation while reducing
excessive waiting times. We evaluate the effectiveness of SEAFL
through extensive experiments on three benchmark datasets. The
experimental results demonstrate that SEAFL outperforms its
closest counterpart by up to ∼22% in terms of the wall-clock
training time required to achieve target accuracy.

Index Terms—Federated Learning, System Heterogeneity,
Asynchronous Federated Learning, Partial Training

I. INTRODUCTION

In recent years, the proliferation of edge devices has resulted

in a significant surge in distributed data generation that can

be leveraged for machine learning and smart applications.

However, with the introduction of stringent laws and regu-

lations such as the GDPR [1] in 2018, traditional methods

based on data aggregation into a centralized data center raise

serious privacy concerns and become increasingly unfeasible.

As a promising alternative, Federated Learning (FL) [2] has

emerged to enable collaborative model training without the
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need of transferring raw data. FL leverages distributed user

data while preserving privacy by exchanging the gradients or

model updates of participating devices. Due to its superior

privacy implications, FL has been applied in diverse areas

such as natural language processing [3], computer vision [4],

healthcare [5], and human activity recognition [6].

Traditional FL [2] training typically relies on a parameter

server to orchestrate the training process across devices using a

synchronous mechanism. This synchronous training approach

involves multiple rounds, each comprising the following steps.

Initially, the server chooses a subset of devices and broadcasts

the global model to them. Then, local training is performed on

each selected device using its own data. Subsequently, each

device sends the model updates back to the server. Finally,

the server aggregates the received updates to produce a new

global model once all chosen devices finish the aforementioned

steps. Despite its efficiency and ease of implementation, the

synchronous mechanism is susceptible to stragglers (slow

devices), which can significantly prolong the training process

[7], particularly when dealing with heterogeneous devices [8],

[9]. This could severely impact training efficiency as powerful

devices may remain inactive while the server waits for strag-

glers [10], posing critical challenges that greatly hinder the

scalability of synchronous FL methods in large-scale cross-

device scenarios.

To tackle these limitations, recent studies have introduced

asynchronous FL (AFL) [5], [10]–[12], allowing the server

to aggregate uploaded models without waiting for stragglers,

which may instead contribute to future aggregation rounds.

In fully AFL such as FedAsync [11], the server initiates the

global model aggregation immediately upon receiving a single

model update. Although this approach alleviates the straggler

issue, it introduces stale model updates, leading to slower

convergence and accuracy degradation [13]. Additionally, it

incurs significant computational overhead due to excessive

server aggregation.

As a compromise, semi-asynchronous FL methods [5], [10],

[14], [15] buffer a specified number of local updates for

aggregation in each round, as illustrated in Fig. 1. Once

receiving a sufficient number (i.e., 3 for the example in
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Fig. 1: The working process of synchronous, asynchronous, and semi-asynchronous FL algorithms.

Fig. 1) of updates, the server updates the global model without

waiting for slower devices (i.e., Device 2 in the first round).

Those devices failing to participate in the aggregation can

continue their training to completion and potentially contribute

to future aggregation. Some approaches [10], [15] discard local

updates from slower devices based on a staleness threshold,

resulting in wasted training efforts. Excluding them would also

impede the convergence of the global model and delay the

training process. To let slower devices contribute to the global

aggregation while accounting for the staleness of their up-

dates, existing semi-asynchronous FL methods leverage static

polynomial formulas [5], [16] or simple attention mechanisms

[17]. However, they are limited in their abilities to determine

and dynamically adjust the significance of received updates

during aggregation, resulting in suboptimal training efficiency

and model accuracy.

To fill this gap, we propose a novel staleness-aware semi-

asynchronous FL framework (SEAFL), to effectively and

efficiently learn from devices with heterogeneous system

characteristics. Based on empirical insights, SEAFL strikes

for an optimal balance between involving more devices to

contribute to global aggregations and reducing aggregation

overheads. Moreover, having identified that the contribution

of each device’s local updates on the global model varies

with their staleness across rounds, SEAFL dynamically assigns

weights to local updates during aggregation to ensure efficient

collaborative learning in heterogeneous environments. The

essence of SEAFL lies in an adaptive weight aggregation

mechanism to address the stale model problem by considering

both the staleness of the received model updates and their

similarity to the current global model. In contrast to prior

work, our method emphasizes the importance of local updates

according to the current global model which effectively accel-

erates model convergence. Additionally, to enhance training

efficiency, we introduce a variant, SEAFL2, which further

reduces the training time by enabling partial training on

straggler devices. To demonstrate the efficacy of SEAFL, we

conduct extensive experiments on three benchmark datasets,

comparing our approach with existing state-of-the-art (SOTA)

FL methods. Results demonstrate that SEAFL significantly

outperforms the SOTA FL approaches, especially its closest

counterpart, FedBuff, by reducing the wall-clock training time

required to achieve target accuracy, for up to ∼22%.

Our key contributions are summarized as follows:

• We investigate the impacts of local update staleness,

buffer size, and importance of local updates in asyn-

chronous FL training.

• We introduce SEAFL, a novel staleness-aware semi-

asynchronous FL framework that adaptively assigns

weights to local updates while considering their staleness

and importance to the current global model.

• We empirically show the effectiveness of SEAFL, which

outperforms other SOTA FL methods in terms of reducing

the wall-clock training time required to achieve target

accuracy.

• We present a theoretical analysis of the convergence

behavior of the proposed SEAFL algorithm.

• In addition, to improve training efficiency, we propose a

variant of SEAFL, SEAFL2, that enables partial training

on slower devices, allowing them to contribute to the

global aggregation process and to reduce the excessive

waiting time.

The rest of this paper is structured as follows. We review

related work in Section II. Section III provides our preliminary

insights. Section IV outlines the problem formulation and

the design of our proposed SEAFL framework. A theoretical

convergence analysis is presented in Section V. The experi-

mental settings and results are given in Section VI. Finally,

Section VII concludes the paper.

II. RELATED WORK

A. Synchronous Federated Learning

A plethora of FL approaches [2] have been proposed to

jointly train a global model by leveraging distributed user data.

Many of them [2], [18] rely on a synchronous mechanism

for aggregating models on the server. However, this approach

requires the server to wait for all selected devices to transmit

their model updates before performing aggregation, which has

proven inefficient due to the presence of stragglers. As the

number of devices increases and system heterogeneity grows,

the probability of encountering straggler effects also rises.

This issue significantly impedes the scalability of synchronous

FL. Existing work tackles system heterogeneity and statis-

tical heterogeneity separately. Several approaches, including

regularization [18], personalization [19], [20], clustering [21],

[22], and device selection [8], [23], have been proposed
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in the literature to tackle statistical heterogeneity. However,

these approaches lack the capability to dynamically adjust the

significance of diverse models and instead focus solely on the

synchronous mechanism.

Three different strategies are introduced in the literature to

tackle system heterogeneity within the synchronous mecha-

nism. Firstly, some methods focus on scheduling appropriate

devices for local training while considering their computa-

tional and communication capabilities to achieve load balance

and mitigate inefficiencies caused by stragglers [8], [24].

However, this type of approaches may reduce the participation

frequency of less powerful devices, leading to decreased

accuracy. Secondly, techniques such as pruning [25] or dropout

[26] are leveraged during training, resulting in lossy compres-

sion and reduced accuracy. Thirdly, the clustering approach

[27] groups devices with similar capacities into clusters and

utilizes a hierarchical architecture [28] for model aggregation.

Although these approaches aim to optimize the synchronous

mechanism, they often suffer from low efficiency and may

lead to significant accuracy degradation due to statistical

heterogeneity.

B. Asynchronous and Semi-asynchronous FL

To address the system heterogeneity, AFL [5], [11] facili-

tates global model aggregation without the need to wait for all

devices. In AFL, aggregation can be performed immediately

upon receiving an update from any device [11], [17] or when

multiple updates are buffered [5], [15], [29]. In FedAsync [11],

the server employs a mixing hyperparameter α to determine

the weight allocated to the newly arrived model update based

on that of the fastest device during the aggregation. In fully

AFL [11], [17], the aggregation process is no longer delayed

by slower devices. Upon finishing their local training, their

model updates may be based on an earlier version of the global

model compared to those of faster devices. However, outdated

uploaded models from stale devices may revert the global

model to a previous state, significantly reducing accuracy [17].

Furthermore, it incurs excessive computation overhead due to

frequent aggregation on the server.

Hence, the semi-asynchronous FL was introduced as a trade-

off between synchronous and asynchronous FL. It alleviates

the excessive computation overhead and privacy concerns

by buffering a certain number of local updates instead of

aggregating them immediately. Wu et al. proposed SAFA [10],

which categorizes devices according to their training status

to enhance convergence performance. It discards stale model

updates based on a hyperparameter called lag tolerance. FedSA
[30] introduced a two-phase FL training process, employing a

large number of epochs during the initial training phase, and

then switching to a reduced number of local epochs in the

convergence phase. It adjusted the number of local training

epochs in each round according to the device’s staleness.

Fedbuff [5] enables secure aggregation by keeping a predefined

number of local updates in a secure buffer before aggregation.

Liu et al. proposed FedASMU, [15] a reinforcement learning

approach to dynamically choose a time slot for triggering

server-side aggregation. However, it incurs additional compu-

tation overhead on both the device and server side.

Recent work, EAFL [14], introduced gradient similarity-

based clustering and a two-stage aggregation strategy to ad-

dress data and system heterogeneity issues in asynchronous

FL. Nevertheless, it relies on a predefined number of clusters,

which is challenging to determine without knowing the actual

data distributions across devices, thus limiting flexibility and

adaptability. Most of prior pursuits [5], [11] did not impose

any staleness limitations on device updates, resulting in stale

model updates that hinder the convergence of the final model.

Furthermore, it does not perform well in cases of low data het-

erogeneity while incurring additional computation overhead.

Unlike existing approaches, we introduce a semi-asynchronous

FL framework, i.e., SEAFL, to tackle system heterogeneity.

SEAFL dynamically adjusts weights to the received model

updates according to their staleness and importance during

global aggregation to minimize loss and improve accuracy.

Moreover, our approach facilitates partial training on slower

devices, enabling them to contribute to the global aggregation.

III. PRELIMINARY INSIGHTS

In this section, we conduct preliminary experiments to

analyze the impact of buffer size, model staleness, and the

significance of local model updates to the global aggregation

on semi-asynchronous FL training.

Our experimental setup involves 100 devices utilizing the

MNIST dataset to train a LeNet-5 model. We simulate a non-

IID distribution using the Dirichlet distribution [31] with a

concentration parameter 0.3. Each device trains the model

using 600 training samples. AFL is most suitable for scenarios

where a few devices exhibit significantly slower training

speeds, leading to a heavy-tailed distribution of local training

speeds. To simulate this scenario in our testbed, we randomly

generate idle period durations for each device after completing

an epoch. These durations are sampled from a Zipf distribution

[32] with parameter s = 1.7 and a maximum length of 60

seconds. In the synchronous mode, the server chooses 20

devices for training in each round. We vary the values of buffer

size (K) and staleness limit (β) in a semi-asynchronous FL

setting, and plot the results in Fig. 2. We have the following

observations.

Buffer size. In AFL, the buffer size refers to the number of

updates the server will wait before triggering the aggregation

process. When the buffer size is set to 1, the server operates

in fully asynchronous mode and immediately performs ag-

gregation upon receiving any update. For instance, FedAsync
[11] and ASO-Fed [17] are designed to work in this fully

asynchronous mode. On the contrary, when the buffer size

is equal to the number of devices selected for each round, the

training reverts to the synchronous mode, similar to traditional

FedAvg [2]. In this scenario, the server waits for all the chosen

devices to upload their updates before starting the aggregation

process.

We measure the elapsed wall-clock time as a performance

metric while varying the number of updates needed before
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(a) Varying the buffer size (K) (b) Varying the limit of staleness (β) (c) Effects of local updates importance

Fig. 2: Illustration of the impacts of buffer size, staleness limit, and importance of local updates on asynchronous FL, where

γt indicates staleness factors, and st denotes the importance of updates.

the server starts aggregation. Fig. 2a clearly illustrates that the

fully asynchronous approach, which immediately commences

aggregation upon the arrival of a single update, failed to

achieve convergence. This is because each device uses only

600 samples, and the server frequently aggregates model

updates from faster devices. Consequently, when updates from

considerably slower devices finally arrive, they are based on

significantly outdated models. Moreover, the presence of a

non-IID data distribution further exacerbates this issue.

On the other hand, synchronous FL did achieve conver-

gence; however, it required a significantly longer wall-clock

time. This indicates the well-known straggler issue, where the

server is forced to wait for slower devices in each round. In

our experiments, aggregating a minimum of 10 device updates

yields the optimal outcome, taking only 209 seconds to reach

a target accuracy of 96%.

Model staleness. The staleness of devices refers to the

number of rounds that have passed since the device last

received the global model from the server. We vary the

staleness limit to observe its impact on the wall-clock time

required to reach convergence. Intuitively, it may not be ideal

to impose excessive restrictions when waiting for devices that

are only slightly behind. Conversely, we must also be cautious

not to incorporate devices that are excessively stale, as their

models may be significantly out of sync with the majority. As

depicted in Fig. 2b, the results of our preliminary experiments

conducted on the MNIST dataset with K = 10 appear to

confirm our intuition, indicating that the staleness limit of

10 provides the best performance. The notable difference in

performance reveals that achieving a target accuracy of 96%

required 778 seconds with a staleness limit of 1, whereas

it only took 357 seconds with a staleness limit of 10. The

choice of staleness limit significantly impacts the wall-clock

time required to reach a target accuracy in asynchronous FL.

Importance of uploaded models. In AFL, multiple devices

are training simultaneously using different versions of the

global model. Their updates, when used for aggregation,

may not equally contribute to or even be beneficial for the

global model convergence. We measure the importance of each

TABLE I: Notations and Descriptions
Symbol Description
D the complete dataset
Dk the local dataset of device k
N the number of devices
K the buffer size of device updates
E the number of local training epoch
t the current communication round
Sk the staleness of device k’s update
α staleness weight

γk
t the staleness factor for device k’s update at round t

skt the importance of device k’s update at round t
μ similarity weight
β staleness limit
Θ the cosine similarity between two vectors
pk the weight assign to device k updates during aggregation

received update relative to the current global model, to be

outlined in Section IV. Intuitively, if the aggregation weight

of each update is set to be proportional to the contribution

of the device, the performance can be further improved.

Fig. 2c illustrates that incorporating the significance of local

updates reduces the wall-clock time to achieve the target

accuracy to 210 seconds, compared to 278 seconds without

this consideration.

Insight: The performance of semi-asynchronous FL is

greatly impacted by the buffer size and the stateless limit.

In addition, not all local updates contribute equally for global

optimization, calling for a weighting scheme that adaptively

assigns weights to received updates based on their significance

degrees for global aggregation.

Inspired by the aforementioned observations and insights,

we have designed a staleness-aware semi-asynchronous FL

framework with an adaptive weight aggregation mechanism

called SEAFL. It dynamically assigns weights to received

updates based on their staleness and importance degrees. The

specifics of SEAFL will be described in the next section.

IV. SYSTEM DESIGN

A. Problem Formulation

In this section, we present the formulation of the FL training

problem in a simplified setting. For clarity, we provide a
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list of key notations frequently used throughout this paper

in Table I. Consider a group of N devices collaborating in

a federated learning process to train a shared model and

determine an optimal set of parameters that minimize the

global loss function:

min
w

F (w)
Δ
=

N∑
k=1

pkFk(w) (1)

Here, device k has a local dataset Dk, D =
∑N

k=1 Dk,

and pk = |Dk|
|D| . Subsequently, the local objective function of

device k is defined as the empirical loss computed over its

local dataset, Dk:

Fk(w) =
1

|Dk|
Dk∑

jk=1

fjk(w;xjk , yjk) (2)

where |Dk| represents the number of local samples on each

device. Each device trains the model independently on its local

dataset and transmits the model updates back to the server.

The most widely used synchronous FL algorithm FedAvg [2]

aggregates received local model updates after each round to

produce the new global model as:

wg
t+1 ←

M∑
k=1

pkFk(w) (3)

Here, M is the number of devices selected for training in

each round. It naively assigns weights (pk) to device updates

while aggregating based on the percentage of each device

samples among the total number of samples in each round.

However, this straightforward weight allocation scheme fails

to account for the staleness and significance of model updates

in asynchronous FL training scenarios. Consequently, it leads

to a degradation in the accuracy of the global model, especially

when dealing with stragglers and non-IID data distributions.

B. Adaptive Weight Aggregation

In this section, we present the proposed SEAFL with an

adaptive weighted aggregation mechanism that dynamically

allocates weight to each received update based on their stal-

eness, and the importance of each update compared to the

current global model. The primary design objective of SEAFL
is to optimize the wall-clock training time required for an FL

task to achieve a target accuracy, rather than focusing on the

total number of communication rounds. We have identified key

influential factors affecting AFL training through preliminary

experiments and subsequently use these factors to assign

weights to received updates adaptively during aggregation.

Staleness factor. In AFL training, slower devices that ob-

tained the global model from the server several rounds earlier

are prone to have outdated updates. As a result, their model

updates may not significantly contribute to the aggregation

process in terms of quality, resulting in slower convergence

of the global model. Therefore, the weight allocated to these

outdated updates should be reduced during aggregation. As

the staleness of an update increases, its aggregation weight

Algorithm 1: SEAFL
Input: N: Number of available clients, K: buffer size,

β: staleness limit, E: local training epochs, η:

local learning rate, B: local mini-batch size, α:

staleness factor , μ: similarity factor.

Output: wT : The global model at Round T;

Server Initializes: Initialize t = 0, wg
0 ;

Server Executes:
for t = 0, 1, 2,..., T − 1 do

Server chooses a subset St of N devices at random;

Broadcast wg
t to all selected clients;

flag = 0;

while flag ≤ K do
Server receives local model updates from

clients wk
t ;

Server stores received updates into the buffer;

flag +=1;

end
Server evaluates γk

t by Eq. (4);

Server calculates skt by Eq. (5);

Server determines pkt by Eq. (6);

Server aggregates parameters in K:

wg
t+1 ← ∑K

k=1 p
k
tw

k
t ;

Server updates the global model:

wg
t+1 ← (1− ϑ)wg

t + ϑwnew
t ;

Server sends wg
t+1 to the K newly updated clients;

end
ClientUpdate:

Client k receives global model parameter wg
t ;

wk
t ← wg

t ;

for each client k ∈ St in parallel do
for each local epoch l = 1, 2, . . . , E do

for each batch b in Bk do
wk

t+1 = wk
t − ηΔf(wk

t ; b);
end

end
end
Upload wk

t+1 to the server;

should also be correspondingly diminished. Since SEAFL
synchronously waits for devices that exceed the staleness

threshold, their staleness will always remain below that thresh-

old. More specifically, let t denote the ongoing round at the

server, and tk represent the round in which device k last

obtained its model from the server. The staleness of device

k’s update is computed as t − tk. We measure the staleness

of each update using the following staleness function, which

will be used for adjusting the aggregation weights:

γk
t = α · β

(t− tk) + β
(4)

Here, t − tk = Sk represents the staleness of device k’s

update, β is the staleness limit which follows Sk ≤ β, and α
serves as a hyperparameter controlling the significance of the

staleness factor in the aggregation process.
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Fig. 3: Left: The traditional AsyncFL architecture where the server initiates aggregation upon receiving the required number

of local updates. Right: The proposed SEAFL2 allows partial training on slower devices, enabling them to contribute to global

aggregation. The server will notify slower devices to send their updates immediately after exceeding the staleness limit.

Importance of updates. From our preliminary experiments,

it is evident that considering staleness alone does not yield

optimal results. To improve the SEAFL performance further,

we introduce the concept of incorporating the importance of

local updates relative to the current global model. Specifically,

we prioritize local updates that demonstrate higher similarity

to the current global model and consequently assign them a

higher weight. Mathematically, two methods can be utilized

to assess the similarity between two vectors quantitatively.

The first method involves computing the dot product, which

considers both the magnitude and the angle between the

vectors. In contrast, cosine similarity offers an alternative

by focusing exclusively on the angle between the vectors.

In SEAFL, we utilize cosine similarity, represented as skt ,

to measure the similarity between two vectors quantitatively.

A lower value of skt indicates less similarity between the

two vectors. We normalize skt values to [0, 1] by computing

(Θ + 1)/2 instead. The significance of the update received

from device k at global round t is therefore defined as:

skt = μ · Θ(Δk
t , w

g
t ) + 1

2
(5)

Similar to the staleness factor, we introduce another hy-

perparameter μ, serving as another tuning knob to control

the importance of each update during aggregation. After

computing both influential factors, and considering that each

device k executes E training epochs on its local dataset Dk,

the aggregation weight for each device can be determined as

follows:

pkt =
|Dk|
|D| (γ

k
t + skt ) (6)

in which D represents the collection of all data samples utilized

by the participating devices K in the current round. The

server normalizes all pkt so that their sum equals 1, and then

aggregates the K parameters from the buffer as follows:

wnew
t ←

K∑
k=1

pktw
k
t (7)

After acquiring wnew
t , the server employs a weighted aver-

aging strategy to update the global model:

wg
t+1 ← (1− ϑ)wg

t + ϑwnew
t (8)

where the hyper-parameter ϑ ∈ (0, 1). The server then trans-

mits the updated global model wg
t+1 to the newly updated de-

vice for the upcoming round of local training. The pseudocode

of SEAFL is shown in Algorithm 1.

C. Partial Training

In the design of SEAFL, we acknowledge that the adaptive

weighted aggregation mechanism by itself may not provide op-

timal outcomes in terms of wall-clock training time, especially

when compared to the total number of rounds. This issue arises

when a few significantly slower devices exceed the staleness

threshold, potentially becoming stragglers and resulting in an

extended training time needed to reach the target accuracy.

Unlike existing works [5], [15] addressing the AFL challenges,

which require all devices to complete an equal number of local

epochs for each update regardless of device heterogeneity, the

proposed SEAFL2 enables partial training on slower devices.

Moreover, some existing approaches [10], [15] discard local

updates that exceed a predefined staleness limit, resulting in

wasted training efforts and slower devices being unable to

contribute to the global aggregation which may impede the

model’s convergence.

To alleviate the negative impacts of these stragglers, the

server in SEAFL2 notifies all devices that exceed the staleness

limit. Upon receiving such a notification, devices refrain from

advancing to the next epoch of local training. Instead, they
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immediately transmit their local model updates upon complet-

ing the ongoing training epoch. This proves beneficial for the

server when dealing with slower devices, as it eliminates the

need to wait for the completion of all local epochs on those

devices. Rather, the server only needs to wait for the ongoing

epoch to finish.

Fig. 3 illustrates how the server notifies stale devices to

send their updates immediately. The buffer size and staleness

limit discussed in Section III remain applicable in SEAFL2.

The server continuously waits to receive a requisite number

of device updates. However, with the partial training strategy,

it also monitors whether any devices exceed the staleness

limit. If such scenarios arise, the server will send notifications

to these devices. These notifications introduce an additional

round trip between the server and devices with stale updates.

After receiving the notification, these devices will transmit

their model updates immediately upon finishing their current

training epoch.

V. THEORETICAL ANALYSIS

We consider the following theoretical context to analyze

SEAFL’s convergence behavior. In each round t ∈ T , the

server chooses M devices from a pool of N devices. Each

device k executes E epochs of training on its local dataset

Dk, utilizing the model wk
tk

received from the server in

round tk. During each local training epoch i ∈ [0, E], the

local model wk
tk,i+1 is updated using an SGD optimizer

with a learning rate ηil and a batch size B. This process

can be expressed as wk
tk,i+1 = wk

tk
− ηilg(w

k
tk,i

), where the

gradient g(wk
tk,i

) = ∇fk(w
k
tk,i

,Dk). The server commences

the aggregation process once K devices have reported. We

first outline the key assumptions necessary to present our

theoretical analysis on the convergence of SEAFL, listed in

the following.

Assumption 1. (Lipschitz gradient) The objective
function of each device fk is L-smooth. Thus fk has
Lipschitz continuous gradients with constant L > 0, i.e.,
‖∇fk(w)−∇fk(w

′)‖ ≤ L‖w − w′‖.

Assumption 2. (Unbiased local gradient) For each
device the stochastic gradient ∇fk(w; ξ) is unbiased, i.e.,
E[fk(w; ξ] = ∇fk(w).

Assumption 3. (Uniformly bounded local gradient) The
expected squared norm of stochastic gradients is uniformly
bounded, i.e., E‖∇fk(w; ξ‖2 ≤ G2 for all k = 1, · · · ,K and
t = 1, · · · , T − 1.

Assumption 4. (Bounded local gradients) Let ξ be a
sample drawn uniformly at random from the local data of the
k-th device. The variance of the stochastic gradients for each
device is constrained as follows: Eξ‖fk(w; ξ)−fk(w)‖2 ≤ σ2

k

for k = 1, · · · ,K. We then define σ2
l :=

∑K
k=1

|Dk|
|D| σ

2
k.

Algorithm 2: SEAFL2

Input: N: Number of available clients, K: buffer size,

β: staleness limit, E: local training epochs, η:

local learning rate, B: local mini-batch size, α:

staleness factor , μ: similarity factor.

Output: wT : The global model at Round T;

Server Initializes: Initialize t = 0, wg
0 ;

Server Executes:
for t = 0, 1, 2,..., T − 1 do

Server chooses a subset St of N devices at random;

Broadcast wg
t to all selected clients;

flag = 0;

while flag ≤ K do
Server receives local model updates from

clients wk
t ;

Server stores received updates into the buffer;

flag +=1;

end
for each client k ∈ St do

if client k’s update exceed β then
Send a notification to client k;

end
Server evaluates γk

t by Eq. (4);

Server calculates skt by Eq. (5);

Server determines pkt by Eq. (6);

Server aggregates parameters in K:

wg
t+1 ← ∑K

k=1 p
k
tw

k
t ;

Server updates the global model:

wg
t+1 ← (1− ϑ)wg

t + ϑwnew
t ;

Server sends wg
t+1 to the K newly updated clients;

end
ClientUpdate:

Client k receives global model parameter wg
t ;

wk
t ← wg

t ;

for each client k ∈ St in parallel do
for each local epoch l = 1, 2, . . . , E do

for each batch b in Bk do
wk

t+1 = wk
t − ηΔf(wk

t ; b);
end
if k receives a notification then

Finish the current epoch;

Send wk
t+1 to the server immediately;

else
Continue training remaining epochs;

end
end
Upload wk

t+1 to the server;

Assumption 5. (Bounded gradient dissimilarity) For any
device k and parameter w, we denote δk as the upper bound
for ‖fk(w) − f(w)‖2, i.e., ‖fk(w)− f(w)‖2 ≤ δ2k. We then
define δ2g :=

∑K
k=1

|Dk|
|D| δ

2
k.

SEAFL can be characterized as an asynchronous aggregation
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problem that incorporates buffered updates, a concept

previously addressed in FedBuff [5]. Additionally, SEAFL’s

partial training strategy also guarantees a staleness limit to

device updates as mentioned in Section IV. Furthermore, we

mathematically define a staleness factor that leverages the

devices’s staleness to modify the weights assigned to each

gradient. By incorporating the importance factor, we establish

Lemma 1 regarding the weights assigned to each gradient.

Lemma 1. Given the hyperparameters associated with
the staleness factor and importance factor, α and μ, the
aggregation weight pkt for each gradient can be bounded
within the interval pkt ∈ [α2 dk, (α+ μ)dk] where dk = |Dk|

|D| .

We can simplify Lemma 1 by ignoring the denominator

term since it does not influence the convergence proof.

Consequently, we can derive the convergence rate of SEAFL
as follows:

Theorem 1 (Convergence rate) Based on Assumptions 1
to 4 and Lemma 1, the convergence rate of SEAFL can be
formulated as follows:

1

T

T−1∑
t=0

E‖∇f(wt)‖2 ≤ 2(f(w0)− f(w∗))
Ω(E)TK

+ 6K(α+ μ)2λ(d)L2Qφ(E)(K2β2 + 1)σ2

+
φ(E)L

KΩ(E)
(α+ μ)σ2

l

(9)

where Ω(E) =
∑E

i=1 n
i
l , λ(d) =

∑K
j=1 d

2
j ,

φ(E) =
∑E

i=1(η
i
l)

2, and σ2 = (α+ μ)σ2
l + (α+ μ)σ2

g +G2.

To achieve the upper bound on convergence, the relationship
between K and nl must satisfy the following condition:

4(α+ μ)

α2λ(d)
Kηil ≤

1

L
(10)

Proof. Following the conventional method for proving con-

vergence in federated learning algorithms, such as in [5],

which handles non-convex objective function, our proof begins

by applying the smoothness Assumption 1. This allows us to

establish an upper bound for f(wt+1) as follows:

f(wt+1) ≤ f(wt)−
∑
k∈K

pkt (∇f(wt),Δtk)

+
L

2
‖
∑
k∈K

pktΔtk‖2
(11)

where Δtk =
∑E

i=1 n
i
l∇fk

(
wk

tk,i

)
.

Then, as presented in Eq. (7), SEAFL evaluates the staleness

factor for each gradient. It incorporates a new aggregation

mechanism that generalizes the scenario considered in FedBuff
[5], where equal weights are assigned during aggregation.

Specifically, we outline our proof in three parts.

Initially, we derive the upper bound for three crucial com-

ponents. According to Assumptions 3, 4, 5, and Lemma 1, we

establish a bound on the expectation of the stochastic gradient

E‖∇fk(w
k
tk,i

,Dk)‖ of device k by σ2 = (α + μ)σ2
l + (α +

μ)σ2
g+G2. Next, we prove the upper bound for staleness-aware

gradient divergence by utilizing Assumption 1 and including

a zero term in the decomposition E‖∑K
k=1 p

k
t (∇fk(wt) −

fk(w
k
tk
))‖2 is 6K

∑K
k=1(p

k
t )

2
∑K

k=1 L
2Qφ(E)(K2β2+1)σ2.

Finally, we establish a bound on E‖∑k∈K pktΔtk‖2 by em-

ploying Lemma 1 and Assumption 5.
Then, incorporating these derived components into Eq.

(11), we manipulate the equation to derive the specific

upper bound for E[f(wt)]. To eliminate the term containing

E‖∇fk(w
k
tk
)‖2, we aim to make the upper bound of its

coefficient to 0, i.e., −K
2

(∑K
k=1(p

k
t )

2
)
+

LK2E(ni
l)

2

2 pkt ≤ 0.

Therefore, based on Lemma 1, we obtain Eq. (10). Finally,

with the simplified right-hand side of Eq. (11), We compute

the summation from 1 to T and reorganize the equation to

obtain Eq. (9).

We present Corollary 1, which is based on Theorem 1:

Corollary 1. In accordance with the convergence rate
established in Theorem 1, when nl is a constant value and
satisfies the conditions in Eq. (10), i.e., nl =

1√
TKE

, then, we
derive for a sufficiently large T:

1

T

T−1∑
t=0

E‖∇f(wt)‖2 ≤ O
(
(f(w0)− f(w∗))√

TKE

)

+O
(
EK2β2σ2

T

)
+O

(
Eσ2

T

)

+O
(

σ2
l

K
√
TKE

)
(12)

where σ2 = (α+ μ)σ2
l + (α+ μ)σ2

g +G2.

The proof of this corollary is excluded due to space limi-

tations. Our theoretical analysis allows us to highlight several

critical observations regarding the key factors influencing

convergence.
The staleness limit β. The effect of the staleness limit on

convergence diminishes at a rate of 1/T , as indicated by

the second term in Eq. (12). A large staleness limit is not

preferable due to its contribution to an increase in the second

term. Nevertheless, we can modify the buffer size to mitigate

its influence on the convergence rate.
The buffer size K. The first term of Eq. (12) indicates that as

the buffer size K increases, there is a rapid decrease in the loss

towards the optimal value. However, the impact of the variance

σ2 can be increased, thus enhancing the gradient drift during

training. Furthermore, a large staleness limit β results in server

aggregation incorporating outdated updates while waiting for

more devices, which negatively affect convergence. As a result,

we anticipate K ∈ (1,M ], where M should not be excessively

large.
In contrast to related approaches such as FedBuff [5],

SEAFL represents a more generalized framework of semi-
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Fig. 4: Elapsed wall-clock time required to reach target accuracy for different combinations of α and μ.

asynchronous aggregation techniques with buffered updates.

SEAFL’s convergence rate naturally degenerates into Theorem

1 in [5] by setting consistent weights pkt = 1
K for gradients in

the server aggregation process.

VI. PERFORMANCE EVALUATION

In this section, we present the experimental comparison

of SEAFL with three state-of-the-art approaches across three

commonly used datasets to validate its effectiveness.

A. Experimental Setup

Datasets and Models. The experiments are conducted over

different image classification tasks using three popular bench-

mark datasets i.e., EMNIST [33], CIFAR-10 [34], and CINIC-

10 [35]. The data distributed across each device exhibits

a non-IID pattern, generated from a Dirichlet distribution

with a concentration parameter of 5 for all datasets. In our

experiments, we consider LeNet-5 [36] model for EMNIST,

ResNet-18 [37] for CIFAR-10, and VGG-16 [38] for CINIC-

10.

Baselines Methods. To demonstrate the performance of

SEAFL, we compare it against three state-of-the-art (SOTA)

FL approaches: (i) FedAvg [2], which is a synchronous feder-

ated learning approach; (ii) FedBuff [5], a semi-asynchronous

method for federated learning; and (iii) FedAsync [11], the

standard asynchronous federated learning approach.

Implementation. We have implemented SEAFL using the

open-source research framework PLATO [32]. This framework

supports the emulation of asynchronous FL training and pro-

vides the ability to measure the elapsed wall-clock time during

an FL training session. We assume 100 devices are available

for all experiments and up to 20% of them are sampled

randomly in each communication round for the synchronous

mode. In all experiments, we set ϑ = 0.8, and epochs E = 5.

All experiments are performed on a server equipped with

an NVIDIA GeForce RTX 3080 Ti GPU. We used Pareto

distribution to simulate heavy-tailed client speed.

Evaluation Metrics. Existing works typically evaluate

performance based solely on metrics such as the number

of gradients, updates, or communication rounds required to

reach a target accuracy. However, these metrics may not

accurately reflect real-world training time due to the nature of

asynchronous FL, where the communication round index can

advance whenever a single device reports to the server. As a

result, these metrics often fail to reflect the actual wall-clock

time needed to achieve target accuracy. Hence, we consider the

elapsed wall-clock time required to reach a target accuracy on

the test set, rather than the number of rounds.

B. Results and Analysis

Effect of hyperparameters. Initially, we run a large number

of experiments to figure out the optimal combination of

hyperparameters α and μ, crucial for our adaptive weight

aggregation mechanism. We explore values ranging from 0

to 10 for both α and μ. Fig. 4 illustrates the comparison of

various representative pairs of values for α and μ. In general,

the combination of α = 3 and μ = 1 provided a modest

performance improvement compared to other value pairs.

SEAFL vs. baselines. We compare the performance of

SEAFL (without partial training) with baseline methods. In

Fig. 5, we present the wall-clock training time required to

achieve a target accuracy for each dataset. It is evident that

FedAsync completely failed to converge in all cases. This is

attributed to its aggressive strategy of immediately aggregating

the fastest device update upon arrival, as well as the design

of its own aggregation algorithm. SEAFL consistently outper-

formed the synchronous FL baseline, FedAvg, in terms of the

wall-clock training times needed to reach target accuracy for

all datasets.

As FedBuff does not impose any restriction on staleness,

it effectively operates with an ∞ staleness limit. Therefore,

we conducted experiments with all three scenarios: SEAFL
with a staleness limit of 10, SEAFL with an ∞ staleness

limit, and FedBuff. From Fig. 5, we can see that, SEAFL
performed very similarly while having an ∞ staleness limit.

This is attributed to the fact that the majority of the aggregated

device updates are not too stale. However, both approaches

suffer from accuracy degradation for a few rounds when

stale devices eventually arrive. In contrast, SEAFL exhibits

superior performance across all datasets with a staleness limit

of 10, especially with EMNIST. These experiments support the

intuition that imposing a reasonable staleness limit provides
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Fig. 5: Elapsed wall-clock time required to reach target accuracy for SEAFL (without partial training), FedBuff, FedAsync, and

FedAvg. SEAFL converges faster to reach target accuracy and consistently outperforms other baselines.

(a) SEAFL2 with staleness limit of 3 vs.
baselines

(b) SEAFL2 with staleness limit of 12 vs.
baselines

Fig. 6: Performance comparison of SEAFL2 and baseline

methods.

benefits in terms of wall-clock time, even while accommodat-

ing slower devices.

SEAFL2 vs. baselines. In this series of experiments, we

activate the partial training mechanism in SEAFL and measure

the resulting training durations. Our findings are depicted in

Fig. 6. With a low staleness limit of 3, SEAFL2 enabled the

server to promptly notify devices upon reaching the staleness

limit while working with the CIFAR-10 dataset. In this sce-

nario, SEAFL2 has clearly shown its advantages: it achieved

50% accuracy in only 745 seconds, and reached 70% accuracy

in 1105 seconds. In contrast, its closest rival, FedBuff, required

905 seconds to achieve 50% and 1341 seconds to achieve 70%.

This indicates that SEAFL2 achieved a performance advantage

of up to 22% compared to FedBuff.
We experimented with a higher staleness limit of 12 using

the CINIC-10 dataset to observe the performance of SEAFL2.

Fig. 6b depicts that it initially progresses similarly to FedBuff,
and only shows a slight advantage as convergence approaches

completion. With the CINIC-10 dataset, where each device

utilized only 3% of the total samples for training compared to

10% with CIFAR-10, this observation suggests that a staleness

limit of ∞ may not be detrimental at all if local training

finishes quickly and there is a high turnover rate to new

devices. Consequently, in such scenarios, the performance

benefit of SEAFL2 over FedBuff may decrease, as the impacts

of partial training on stale devices become less impactful.

However, in contrast to FedAsync and FedAvg, it is evident

that SEAFL2 exhibits a significant performance advantage with

both datasets.

Finally, it is important to highlight that, unlike the fully

asynchronous operation with an ∞ staleness limit employed

in FedBuff, a finite staleness limit offers a well-established and

appealing theoretical property: guaranteed convergence during

training [39]. Despite the consistent convergence of FedBuff
in our experiments, having a theoretical guarantee provides

further assurance.

VII. CONCLUSION

In this work, we designed a novel staleness-aware semi-

asynchronous FL framework, i.e., SEAFL, to address the

straggler and excessive computation overhead issues of syn-

chronous and asynchronous FL. SEAFL adaptively assigns

weights to local updates during aggregation, considering both

the staleness of received model updates and their similarity to

the current global model. Additionally, we proposed SEAFL2

to further enhance the training efficiency, facilitating partial

training on slower devices. SEAFL2 allows straggler devices

to contribute to global aggregation and reduces the overall
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waiting time. Experimental results demonstrated significant

advantages of SEAFL over state-of-the-art synchronous and

asynchronous counterparts in terms of the convergence time

required to achieve target accuracy. Moreover, we provided the

theoretical convergence analysis of our proposed approach. In

the future, we plan to extend SEAFL by incorporating adaptive

partial training to dynamically adjust local model sizes using

sub-model extraction techniques tailored to devices’ real-time

resource capabilities.
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