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Abstract—Federated learning (FL) addresses privacy concerns
by training models without sharing raw data, overcoming the
limitations of traditional machine learning paradigms. However,
the rise of smart applications has accentuated the heterogeneity
in data and devices, which presents significant challenges for FL.
In particular, data skewness among participants can compromise
model accuracy, while diverse device capabilities lead to aggrega-
tion bottlenecks, causing severe model congestion. In this article,
we introduce Spread+, a hierarchical system that enhances FL by
organizing clients into clusters and delegating model aggregation
to edge devices, thus mitigating these challenges. Spread+ leverages
hedonic coalition formation game to optimize customer organi-
zation and adaptive algorithms to regulate aggregation intervals
within and across clusters. Moreover, it refines the aggregation
algorithm to boost model accuracy. Our experiments demonstrate
that Spread+ significantly alleviates the central aggregation bot-
tleneck and surpasses mainstream benchmarks, achieving per-
formance improvements of 49.58% over FAVG and 22.78% over
Ring-allreduce.

Index Terms—Federated learning, edge computing, communi-
cation efficiency, model aggregation, scalability, tiering.

I. INTRODUCTION

THE rapid advancement in communication technologies
and the proliferation of intelligent devices are generating

unprecedented volumes of data at the network edge. Traditional
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machine learning frameworks, which typically centralize data
for processing, are increasingly inadequate in managing this
influx efficiently. This centralization not only burdens network
capacity, increases communication costs, and prolongs model
training times, but also poses significant challenges for latency-
sensitive applications such as autonomous driving and real-time
healthcare. Furthermore, consolidating data processing in one
location increases privacy risks, increasing the potential for
unauthorized information disclosure and complicating the ad-
herence to stringent data security regulations [2]. Addressing
these challenges is crucial for maximizing the potential of edge
computing while safeguarding user privacy and ensuring real-
time responsiveness in critical applications.

The rise of edge computing and increasing data privacy
concerns have spurred the adoption of the FL paradigm, which
facilitates collaborative data-oriented tasks without the need to
upload raw data. In FL, the parameter server (PS) architecture is
widely utilized, where distributed servers train datasets locally
and exchange updates—typically gradients—with centralized
parameter servers. This architecture allows for the distribution
of model training computation across various workers, thereby
reducing overall training time. However, while PS servers effec-
tively aggregate and centralize models, they are less impacted
by congestion compared to model training computation, often
due to worker shortages in data centers. In scenarios involving
numerous edge devices, the operational nodes significantly out-
number the data center capacities. Each device handles relatively
small data quantities, leading to delays in model aggregation that
can extend beyond the computation time for model training.
This aggregation congestion can subsequently delay the overall
model training process. To address these issues, researchers have
proposed communication scheduling strategies to streamline
model updates and alleviate aggregation congestion [3].

Several studies have explored gossip learning (GL) [4], a
decentralized method where workers share models only with
their neighbors. Research indicates that inadequate model syn-
chronization per iteration significantly degrades training quality
in GL, particularly as the number of workers increases [5].
This is due to the ad hoc nature of GL, which can diminish
model accuracy and synchronization across the network [6].
In contrast, the hierarchical architecture effectively enhances
synchronization and reduces aggregation congestion [7].

However, challenges persist, particularly with Non-IID data
distribution among clients, which is common in practical sce-
narios. Inappropriate clustering techniques can exacerbate data
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unevenness, leading to decreased accuracy and slower conver-
gence in federated learning models [8]. Recent studies have
dissected the problem of forming clusters by dissecting the
problem of forming clusters by customers into a kind of hedonic
coalition formation (HCF) game [9], [10], but they tend to
ignore the communication congestion problem in the formation
of clusters in the pursuit of model performance.

To address data heterogeneity, minimize model aggregation
congestion, and ensure efficient task execution, we introduce
Spread+, a hierarchical framework for distributed model aggre-
gation. Spread+ utilizes a cloud server as the federated learn-
ing (FL) coordinator and organizes edge devices into clusters,
designating selected devices as cluster heads. This structuring
deviates from the parameter server (PS) architecture by dele-
gating model aggregation to specific workers, thereby reduc-
ing congestion. Unlike the gossip learning (GL) architecture,
Spread+ implements structured model aggregation to maintain
high training quality.

Developing such an architecture, however, presents two pri-
mary challenges: (1) Constructing clusters to balance accuracy
with communication efficiency amidst Non-IID data. This in-
volves grouping clients with similar data distributions to reduce
data heterogeneity and selecting cluster heads based on an
analysis of communication overhead. (2) Implementing model
training within a tiered system to effectively minimize model
aggregation congestion. To address this, we have developed an
adaptive runtime algorithm that manages model synchronization
both within clusters (between cluster heads and edge devices)
and across clusters (between the cloud server and cluster heads).
This algorithm aims to reduce congestion during aggregation
and shorten the overall duration of model training.

In summary, the contributions of this paper are:
First, We address the scalability issues prevalent in exist-

ing ML systems when applied to FL applications. Our study
highlights the significant delays caused by congestion when
combining models and demonstrates that an inappropriate clus-
ter organization strategy reduces the effectiveness of training
(Sections II-A, II-B).

Second, We introduce Spread+, a distributed architecture
that decentralizes model aggregation to improve scalability and
efficiency. This includes a directed clustering algorithm, which
formalizes the clustering problem as a hedonic coalition game.
Additionally, it features a modular design for runtime operations
and an adaptive algorithm to fine-tune training parameters,
with verified convergence results (Sections III, III-B, III-D,
and IV-A).

Third, We present a fully functional system developed using
Google’s FL framework, extensively evaluated in simulated
environments and real-world settings using actual smartphone
data. Additionally, we provide two case studies showcasing the
practical application of Spread+ (Sections V, VI, and VII).

Compared with the previous conference version of our
work [1], this journal paper presents three significant enhance-
ments: 1) By formalizing the problem as a hedonic coalition
game, we have optimized the cluster organization strategy,
thereby enhancing the hierarchical architecture. 2) We expanded
the experimental scope by including four additional baselines,

Fig. 1. The impact of model aggregation.

providing a more comprehensive evaluation. 3) We illustrate the
system’s practical applicability through two new case studies:
“Smart Object Detection for Self-Driving Cars” and “Fault De-
tection in Industrial Equipment.” These additions demonstrate
the feasibility and practical utility of our system.

II. BACKGROUND AND MOTIVATION

A. Worker Scaling and Aggregation Congestion

We conducted targeted experiments to assess two critical
aspects: 1) congestion-related delays during model aggregation
and 2) model accuracy degradation due to insufficient model
synchronization. These experiments used 251 Amazon EC2
instances, in which CNNs were trained using the CIFAR-10
dataset.

In Fig. 1(a), we divide the convergence time of the model into
computation time and communication time. Training with 1000
workers took 4.57 days, consisting of 3.7 days for computation
and 0.87 days for aggregation. When the number of workers
increased to 5000, the computation time decreased to 0.79 days,
but the aggregation time rose dramatically to 7.94 days. This
illustrates that while the addition of more workers reduces
computation time, it leads to longer durations due to server
aggregation congestion. Fig. 1(b) analyzes training quality with
different worker counts and aggregation intervals. For example,
with 3000 workers and a fully synchronized federated learning
(FL) model at an aggregation interval of one, training lasted
7.12 days and achieved an accuracy of 92% (global loss of 0.4).
However, increasing the interval to 50 reduced the training time
to 3.76 days, but also decreased the accuracy to 80% (global loss
of 0.92). Due to less frequent model synchronization, longer
aggregation intervals minimize congestion but lower training
accuracy.

B. Potential Approach and Problems

A potential solution to the communication congestion prob-
lem is to organize workers into clusters, creating a tiered system
structure. We continued our experiments around cluster organi-
zation strategies.

In Fig. 2, Random refers to clusters formed randomly among
clients with equal probability, while Weight refers to clusters
based on data possession. In addition, we tried to manually
organize the formation of the groups to maximize the similarity
of the data among the clients. After several rounds of attempts,
the curve that yields the most optimal outcomes is the Potential
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Fig. 2. The impact of cluster organization strategy.

Fig. 3. The implementation of FL platform.

curve. Fig. 2(a) shows that the Random and Weight methods
have become less accurate than FL, indicating a worsening of
the non-IID problem. Instead, potential indicates an increase
in precision, suggesting that cluster arrangement can improve
training results. Fig. 2(b) shows the challenges of maximizing
training efficiency. Although Potential has improved accuracy,
it takes longer to train than FL, and communication conges-
tion reduces efficiency. Thus, a clustering algorithm that solves
Non-IID problems and improves communication is essential.
These measurements provide further clarification for our design
concepts described in Section III.

C. The Current FL System

Google has established a functional FL platform using an open
source TensorFlow Federated (TFF). Also, an example FL sys-
tem was presented that performs model training by coordinating
edge devices [11], see Fig. 3.

TFF exploits the well-developed ML systems TensorFlow and
TensorFlow Lite. TFF consists of two layers: 1) The Federated
Core Layer: TensorFlow and TensorFlow Lite are tailored for FL
applications by this layer. Robustly typed functional program-
ming is combined with distributed communication operators,
TensorFlow, and TensorFlow Lite. Federated algorithm cus-
tomization is made easier by integrating fundamental interfaces.
2) High-level interfaces for the integration of the ML model into
the TFF ecosystem are provided by the FL layer. There are three
primary classes in it: a) Models: These interfaces enable update
management, including aggregation, and model incorporation.
b) Datasets: Training data is processed effectively by these
interfaces. c) Building Federated Computation constructs fed-
erated computations related to training. Through the FL layer’s
interfaces, FL application developers can effectively carry out
fundamental FL tasks without diving into FL algorithms.

A FL system consists of worker nodes and a server. The
Aggregator arranges worker execution, the Selector oversees
server-worker connections, and the Master Aggregator controls
the aggregation process in FL. The FL Runtime handles train-
ing operations, and the Example Store handles training data
management on the worker side. Utilizing TFF’s FL layer, as
shown in Fig. 3, simplifies FL system setup. ”Clusters” and
”cluster heads” are not included in FL. The learning step and
aggregation interval are examples of static training parameters.
Spread+ enhances these and related algorithms.

III. DESIGN

A. Overview

Spread+ features a hierarchical design, illustrated in Fig. 4(a),
comprising a cloud server, multiple cluster heads, and many
workers. Each worker is equipped with local data and an indi-
vidual model known as the edge model. Similarly, each cluster
head possesses a model called the cluster model. Before training,
the system employs a directed cluster organization algorithm to
merge workers with comparable data distributions. The training
proceeds iteratively, where workers update their models using
local data and the edge model through an optimization function.
Within Spread+, cluster heads periodically perform intra-cluster
aggregation. The period between successive intra-cluster aggre-
gations is termed the intra-cluster aggregation interval, denoted
as k1; The server performs inter-cluster aggregation at regular
intervals, termed the inter-cluster aggregation interval, denoted
as k2.

The key steps in the training process are listed below 1) The
Server initiates cluster construction; 2) The server calculates
both intra/inter-cluster aggregation intervals k1 and k2, sub-
sequently sending k1, k2, and the global model to the cluster
heads; 3) Cluster heads align their cluster models with the
global model and dispatch k1 and the cluster model to their
subordinate workers; 4) Workers adjust their edge models to
match the received cluster model, then perform k1 iterations for
edge model updates before sending the edge model back to their
cluster head; 5) After receiving edge models from all subordinate
workers, a cluster head conducts intra-cluster aggregation to
combine the edge models of its workers and then sends the
revised cluster model back to them; 6) Following k2 intra-cluster
aggregation cycles, cluster heads forward the cluster model to the
server, which then performs inter-cluster aggregation to refresh
the global model. These steps are reiterated until the global
model reaches convergence.

B. Hedonic Coalition Formation Game

1) Problem Formulation: In an HCF game with player(Also
known as a worker) set N = {n1, n2, . . ., nN}, C ⊆ N �= ∅ is
called a coalition on N . An HCF structure of N is a collection
Γ = {C1, C2, . . ., CM} such that

⋃M
i=1 C

i = N . And for any
ni, nj ,Ci ∩ Cj = ∅. These players are then organized as a graph
G = (N ,L), where L is the set of links. A link (ni, nj) ∈ L
represents the connection of worker ni and nj . The degree
sequence of the graph G is denoted as {di}Ni=1.

Authorized licensed use limited to: Wuhan University. Downloaded on April 24,2025 at 07:53:23 UTC from IEEE Xplore.  Restrictions apply. 



704 IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 36, NO. 4, APRIL 2025

Fig. 4. The overview of training architecture.

1)Player Payoff: In an HCF game, each player participating in
a coalition would expect to receive a positive payoff. The payoff
of player ni in coalition Cj is the difference between the error
obtained from its local model and the error obtained from the
coalition mode, which is formalized as

Ri(C
j) = erri(ωi)− erri(ω

j) (1)

2)Individual Rationality: Individual rationality states that an
individual always chooses the action that maximizes its utility.
We assume that each player always tends to join the coalition
with the highest payoff in each round, i.e., the coalition chosen
by player ni satisfies

Ri(C
j) ≥ Ri(C

k), ∀Ck ∈ Γ, j �= k (2)

3)Joining Rule: Considering the overall payoff, players can-
not join their preferred coalition at will. Player ni can be incor-
porated into the coalition Cj only if the worker gains a positive
benefit from joining and the utility of existing participants in
the coalition does not decrease. This condition can be formally
expressed as:{

Ri(C
j ∪ i) > Ri({i})

Rα(C
j ∪ i) ≥ Rα(C

j), ∀α ∈ Cj (3)

4)Communications Condition: In practice, due to the dif-
ferences in network conditions, there exist some workers that
cannot communicate with each other, in other words, graph G is
not a complete graph.

2) Directed Cluster Formation Algorithm: In the case where
G is not a complete graph, organizing workers into clusters
prioritizes whether the cluster head can communicate properly
with the workers in the cluster. Therefore, in order to construct a
hierarchical federated learning architecture based on HCF game,
it is necessary to ensure that at least one central node in the
divided subgraph can be directly connected to other nodes, i.e.,
the subgraph is a star-shaped cluster graph.

This star-shaped cluster partitioning problem is NP-hard,
considering similarity in cluster partitioning, connectivity in

cluster head selection and combinatorial optimization problem
to minimize communication overhead. It can be proved by
transforming the problem into the vertex-cover problem [12].
A similar problem has been studied by several works [13],
[14]. Due to the impracticality of identifying the global optimal
solution within polynomial time, we present a heuristic solution
called directed cluster organization algorithm.

At the beginning of each iteration, we choose the point with
the highest degree as the potential cluster head according to
the ranking of degree sequence. Nodes with high degree can
better cover the surrounding leaf nodes, thus speeding up cluster
construction. The node and its neighbor nodes (or clusters) are
selected into the candidate set N∗. Upon the formation of the
star-shaped cluster, multiple central nodes may exist, necessi-
tating the selection of the most appropriate node to function as
the cluster head. The end-to-end bandwidth from worker ni and
worker nj is denoted as bij . To simplify the problem, we assume
that bij = bji. When workers ni and nj cannot communicate
with each other, bij equals 0. Model aggregation is a proce-
dure that entails a swift averaging operation. The duration of
the averaging operation executed by workers can be regarded
as consistent for a specific model and its corresponding model
aggregation algorithm. Let vj represents the time taken by the
cluster head hj for model averaging.

We proceed to evaluate the additional costs associated with
model aggregation at cluster heads. Let Q represent the size of
the model. For each intra-cluster aggregation, the cluster head
hj , gathers the edge models from its workers, calculates their
average to update the cluster model, and subsequently distributes
this updated cluster model back to the workers. The computation
and communication overhead of the cluster head hj of Cj is:

lj(C
j) =

∑
k∈Cj

2Q

bjk
+ vj (4)

The pseudo code provided in Algorithm 1 presents a clear
and concise outline of our method for creating directed clusters.
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Algorithm 1: HCF() Pseudo Code.

During the initialization phase, as indicated in line 1, each
worker forms an individual alliance and maintains a flag variable
to indicate whether it has joined a cluster. Only workers with
a flag value of 0 will make an effort to join a cluster. At the
start of each iteration, the current cluster selects the cluster head
based on the cost ordering of communication and computation,
and goes through a process to obtain the cluster model for
that iteration. The updated cluster structure information is then
distributed to the workers. Traversing the neighboring nodes of
the worker is prioritized with the largest degree in order to be
able to speed up the cluster formation. On the basis of assurances
of communication availability, each worker that has not joined
a cluster assesses the unjoined clusters based on their estimated
expected error, which is derived from the cluster model. The
process is depicted in lines 10 to 11. Subsequently, they evaluate
whether affiliating with the alliance that has the lowest joining
error will yield superior benefits in comparison to local training.
According to lines 12 to 13, a worker will only join the cluster if
it results in a favorable outcome and does not decrease the overall
satisfaction of the existing members. The cluster configuration
is updated after all players have made their final selections. This
process may require multiple iterations until the cluster structure
achieves a state of stability.

3) The Model Aggregation Algorithm: FedAVG is one of the
most widely used FL aggregation algorithms. However, this
simple weighted average aggregation algorithm may produce
suboptimal results and affect the convergence speed when faced
with non-IID data. Therefore, we consider an optimized general
framework FedNova [15], which deals with the deviation of the
size and distribution of the local training data by correcting the
model, in other words, it can have better model accuracy and
convergence speed under the influence of Non-IID data. And its
generality means this can support optimization methods such as
momentum acceleration [16], adding proximal terms [17], etc.,
and these are also in our future work plan.

Consider ω, ωj , and ωj
i as the global model, the cluster model

forCj , and the edge model for workernj
i , respectively. DefineDj

and Dj
i as the dataset in cluster Cj , and the dataset in worker nj

i .

The weight of the worker nj
i is denoted by pji =

|Dj
i |

|Dj | , while the

weight of the cluster Cj is denoted by pj = |Dj |
|D| . The number

of local iterations for worker nj
i is denoted by τ ji , while the

number of iterations for cluster j is denoted by τ j . We express
the edge loss F j

i (ω) =
∑

i∈Dj
i
fi(ω) in the edge device nj

i , and
the cluster loss is formalized as follows:

F j(ω) =

⎛
⎝∑

i∈Cj

pji τ
j
i

⎞
⎠ ∑

i∈Cj

pjiF
j
i (ω)

τ ji
(5)

The global loss is formalized as follows:

F (ω) =

⎛
⎝∑

j∈C
pjτ j

⎞
⎠∑

j∈C

pjF j(ω)

τ j
(6)

If t represents the count of local updates and ∇F (ω) symbol-
izes the gradient, the parameter update rule can be articulated as
ω(t) = ω(t− 1)− η∇F (ω(t− 1)).

C. Runtime Adaptive Model Aggregation

1) The Model Training Problem: Training duration and qual-
ity (specifically, accuracy) stand as the primary metrics for
assessing a model training system. Spread+, as an ML system,
is designed to expedite model training while simultaneously
upholding superior training quality. Detailed in Section II-A,
it is evident that fully synchronous SGD is capable of attain-
ing the utmost training accuracy. The challenge that Spread+
encounters is minimizing the time required for model training
while still attaining an accuracy level comparable to that of fully
synchronous SGD.

2) Jointly Analyzing Runtime and Error-Convergence: In
this subsection, we jointly analyze the runtime and error-
convergence of Spread+.

Runtime analyzing: Define ζi,jτ1,τ2
as the computation duration

for worker i in Cluster j when computing τ1-th iteration of
τ2-th inter-cluster aggregation period. The variable ζi,jτ1,τ2

are
i.i.d. random variables following the probability distributionFY .
Denote Y as the maximum value in a set of N i.i.d. variables.
The delay in communication, a random variable denoted by P ,
arises during the synchronizing of the model with its headers.
The aggregate time required for node i in cluster j to complete
τ2-th k1 iteration is determined by

Zi,j
τ2

= ζi,j1,τ2
+ ζi,j2,τ2

+ · · ·+ ζi,jk1,τ2
(7)

The completion time for the τ2-th intra-cluster aggregations of
cluster j is given by

ζjτ2 = max{Z1,j
τ2

, Z2,j
τ2

, . . ., Z
|Cj |,j
τ2 }+ P (8)

The completion time for the k2 intra-cluster aggregations of
cluster j is given by

Zj = ζj1 + ζj2 + · · ·+ ζjk2
(9)
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Once every cluster has finalized k2 intra-cluster aggregations,
an inter-cluster aggregation is initiated. Therefore, the overall
time needed to complete an inter-cluster aggregation is:

T = max{Z1, Z2, . . ., ZM}+ P (10)

E(T ) = Z +
P

k2
+

P

k1k2
(11)

Joint analysis with error-convergence: we integrate run-
time analysis with error-convergence analysis specifically for
Spread+. The essential theoretical assumptions for this are de-
tailed in Section IV-A.

Theorem 1: In the context of Spread+, given Assumption 1, if
the learning rate fulfills the conditionηρ+ η2ρ2k2(k2 − 1) ≤ 1,
with Y and D as constants, the initial model parameter w0,
then after total T wall-clock time, the minimal expected squared
gradient norm within T time interval will be bounded by

2F (xt)

ηT

(
Y +

P

k2
+

P

k1k2

)
+

ηρk1σ
2

n
+ η2ρ2k1σ

2(k2 − 1)

(12)

where ρ represents the Lipschitz constant of the objective func-
tion, and σ2 is indicative of the variance limit of mini-batch
stochastic gradients.

The proof of Theorem 1 has similarities to the convergence
proofs of local-update SGD algorithms, as discussed in [18]

Theorem 2: For Spread+, following Assumptions 1, the
optimization error’s upper bound at time T , as expressed in (12),
is minimized when the intra-cluster aggregation interval k1 and
the inter-cluster aggregation interval k2 are aligned according to
the subsequent equations:

k1 =
2Pn2F (xt)

Tησ2(1− nηρ)2
− 1 (13)

k2 =
2PnF (xt)(1− nηρ)

η2ρσ2T (1− nηρ)2 − 2nη2ρF (xt)
(14)

The proof is straightforward by setting the derivative of (12) to
0.

3) The Adaptive Aggregation Interval Algorithm: To opti-
mize the true function loss relative to wall-clock time, thereby
reducing the model training duration while maintaining accuracy
comparable to fully synchronous SGD (proved in [18]). The
pivotal question here is the strategy for progressively shortening
the aggregation intervals to optimize the function loss with
respect to wall-clock time.

According to the analysis in Section III-C2, we can approxi-
mate intra-cluster aggregation interval k1 as follow:

k1 ≈ 2Pn2F (xt)

Tησ2(1− nηρ)2
(15)

We have the intra-cluster aggregation interval kj1:

kj1 =

⌈
k01

F j(ωj)

F j(ω0)

⌉
(16)

where k01 is the initial intra-cluster aggregation interval, F j and
ωj are the cluster loss function and the real-time cluster model
of cluster Cj , respectively.

Algorithm 2: AAI() Pseudo Code.

Suggested by ADACOMM [18], the following global aggre-
gation interval update rule can maximize the global function

loss with respect to wall-clock time: k = �k0
√

F (ω)
F (ω0)

�, where

k0 is the initial global aggregation interval, F is the global loss
function, ω0 is the initial global model and ω is the real-time
global model. Once the global aggregation interval is estab-
lished, the ensuing task involves striking a balance between
intra and inter-cluster aggregation intervals. It’s observed that
not only does maximizing global function loss per wall-clock
time accelerate model training and preserve training quality,
but enhancing cluster function loss per wall-clock time within
each cluster contributes similarly. Thus, we have the intra-cluster
aggregation interval kj1 of cluster Cj :

kj1 =

⌈
k01

√
F j(ωj)

F j(ω0)

⌉
(17)

where k01 is the initial intra-cluster aggregation interval, F j and
ωj are the cluster loss function and the real-time cluster model
of cluster Cj , respectively.

Based on the formula in (14), the optimal inter-cluster ag-
gregation interval k2 can be calculated when provided with the
global function loss (F (ω)), the communication delay P , and
the variance associated with mini-batch stochastic gradients.
Variables like F (ω), F j(ωj) (function loss within individual
clusters), stochastic gradients, and the communication delay P
are readily measurable during the training process. The remain-
ing task involves determining the initial value of the intra-cluster
aggregation interval, denoted as k01 . To estimate this parameter,
we employ a heuristic approach, conducting a simple grid search.
This involves trying out different values for k01 , each tested over
one or two training epochs.

We introduce an adaptive aggregation interval (AAI) algo-
rithm, as outlined in Algorithm 2, which utilizes the aforemen-
tioned adjustment strategy. Following an inter-cluster aggrega-
tion by the SA, both the global model and the inter/intra-cluster
aggregation intervals are recalculated. Subsequently, the server
forwards the global model to the cluster heads and workers
and awaits the return of the cluster loss from the cluster heads
(line 2). The server then recalculates the global loss using the
cluster losses it has received (line 3). In the final step, the server
calculates the intra/inter-cluster aggregation intervals for each
cluster based on the equations in (17) and (14), detailed in lines 4
through 9.
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D. A Modular Design for Runtime Training

The runtime adaption system of Spread+ is based on the FL
system and follows a modular design as shown in Fig. 4(b). We
explain the key modules here.

Parameter Controller: Spread+ utilizes a parameter con-
troller at the server, responsible for adjusting the intra and
inter-cluster aggregation intervals based on the current training
state. This training state is a specialized data structure that logs
the overall function loss as well as the cluster-specific function
loss for each cluster. Instead of employing static aggregation
intervals, Spread+ adopts a dynamic approach. The parameter
controller, after each inter-cluster aggregation, collects the train-
ing state data and then applies an adaptive aggregation interval
algorithm (elaborated in Section III-C). This process is essential
for calculating the intra and inter-cluster aggregation intervals.
Following this calculation, it formulates an FL plan. An FL plan
is a data structure that records aggregation intervals.

Server Aggregator (SA): The SA is located in the server and
has three main functions. Initially, it focuses on calculating the
global function loss by gathering the cluster loss. This data
is then used by the SA to determine the global loss, forming
the training state that is subsequently relayed to the parameter
controller. Second, upon receipt of the cluster models from the
cluster heads, the SA employs a model aggregation algorithm
to refresh the global model. Lastly, the SA is responsible for
dispatching the newly updated global model along with the FL
to the cluster heads. This action is crucial for overseeing the
execution of the training tasks within each cluster head.

Cluster Aggregator (CA): Spread+ incorporates a CA at each
cluster head, which performs three essential functions: 1) It
calculates the cluster loss using the edge loss gathered from
workers, and then transmits this cluster loss to the SA; 2) Upon
receiving the edge models from its workers, the CA executes
a model aggregation algorithm to refresh the cluster model; 3)
The CA directs the workers to carry out the training tasks by
dispatching both the cluster model and the FL plan to them.

FL Runtime: Spread+ utilizes an FL runtime in every worker
to carry out the training tasks. Each worker, upon receiving an FL
plan and a cluster model, undertakes a set number of iterations
as defined by the intra-cluster aggregation interval, using its
local data. During this process, it calculates the edge loss and
subsequently sends these findings back to its respective cluster
head.

Example Store: Applications in the workers make their data
available to FL runtime as an example store.

IV. THEORETICAL ANALYSIS

A. Convergence Analysis

In this section, we prove the convergence of Spread+ system.
For the purpose of the analysis, we make the following as-

sumption about the loss function.
Assumption 1: (Convex) For any edge device nj

i : 1) F j
i (ω)

is convex; 2) F j
i (ω) is ρ-Lipschitz; and 3) F j

i (ω) is β-smooth.
From Assumption 1, It is straightforward F (ω) is convex,

ρ-Lipschitz and β-smooth. We define gradient divergence:

Definition 1: (Gradient Divergence) For any device nj
i and

ω, we define δi as an upper bound of ‖∇F j
i (ω)−∇F j(ω)‖,

and Δj as an upper bound of ‖∇F j(ω)−∇F (ω)‖, i.e.,

‖∇F j
i (ω)−∇F j(ω)‖ ≤ δi

‖∇F j(ω)−∇F (ω)‖ ≤ Δj (18)

We arrive at the overall gradient divergence, denoted as δ =
1
|D|

∑N
i=1 |Dj

i |δi, and Δ = 1
|D|

∑R
j=1 |Dj |Δj . The total number

of iterations, represented by T , is subdivided into P global in-
tervals, each encompassing k1k2 in length. At the conclusion of
each global interval, inter-cluster aggregation is executed. For
the analysis of convergence, we introduce a reference parameter
sequence ω̂p(t) for each global interval [p]. These parameters
sequences are updated using the centralized gradient descent
method previously mentioned, meaning, for the global interval
[p], starting from ω((p− 1)k1k2) at step (p− 1)k1k2, the pa-
rameters are updated following this rule:

ω̂p(t) = ω̂p(t− 1)− η∇F (ω̂p(t− 1)) (19)

Lemma 1: (Proved in work [19]) For any global interval
[p], assuming t ∈ [p], k1 and k2 have an upper bound K, i.e.,
k1 ≤ K, k2 ≤ K, we have

‖ω(t)−ω̂p(t)‖ ≤ h(K2,Δ)+
1

2
(K2+K−1)(K + 1)h(K, δ)

(20)

where h(x, υ) = υ
β ((ηβ + 1)x − 1)− ηυx.

Lemma 2: (Proved in work [20]). With Assumption 1, define
the upper bound of the weight gap as R, then the convergence
upper bound of FAVG with an aggregation interval τ after T
iterations is given by:

F (w(T ))− F (w∗) ≤ 1

T (ηγ − ρR
τε2 )

(21)

when the following conditions are satisfied: 1)η ≤ 1
β ; 2) ηγ −

ρR
τε2 > 0; 3) F (ω̂p(t))− F (ω∗) ≥ ε for all t and p for which
ω̂p(t) is defined; and 4) F (ω(T ))− F (ω∗) ≥ ε, where ε >

0, γ = (1− βη
2 )minp

1
‖F (ω̂p((p−1)k1k2))−F (ω∗)‖ .

Theorem 3: (Convex) The convergence upper bound for
Spread+ after T iterations is given by

F (ω(T ))− F (ω∗) ≤ 1

T (ηϕ− ρG(K2)
K2ε2 )

(22)

when the following conditions are satisfied: 1)η ≤ 1
β ; 2) ηϕ−

ρG(K2)
K2ε2 > 0; 3) F (ω̂p(t))− F (ω∗) ≥ ε for all t and p for

which ω̂p(t) is defined; and 4) F (ω(T ))− F (ω∗) ≥ ε, where
ε > 0, γ = (1− βη

2 )minp
1

‖F (ω̂ p
((p− 1)k1k2))− F (ω∗)‖.

Proof: Since k1 ≤ K and k2 ≤ K, we have

γ ≥ min
p

1

‖F (ω̂p((p− 1)K2))− F (ω∗)‖ = ϕ (23)

Then, by substituting R in Lemma 2 with the upper bound of
the weight gap for Spread+ G(K2), we prove this theorem.

We provide the convergence analysis of Spread+ and prove
O( 1√

T
) convergence rate in T iterations under the assumption

of non-convex.
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Assumption 2: (Non-Convex) For any edge device nj
i : 1)

F j
i (ω) is non-convex; 2)F j

i (ω) is ρ-Lipschitz; and 3) F j
i (ω) is

β-smooth.
Assumption 3: (Non-IID data) Bounded gradient dissim-

ilarity: there exist constants G ≥ 0 and B ≥ 1 such that
1
N

∑N
i=1 ‖∇fi(ω)‖2 ≤ G2 +B2‖∇f(ω)‖2, ∀x.

Lemma 3: (Proved in work [19]) For any global interval
[p], assuming t ∈ [p], k1 and k2 have an upper bound K, i.e.,
k1 ≤ K, k2 ≤ K, we have

‖ω(t)−ω̂p(t)‖≤h(K2,Δ)+(K2(1+ηβ)k+k2+1)h(K, δ)

= σ2 (24)

where h(x, υ) = υ
β ((ηβ + 1)x − 1)− ηυx.

Lemma 4: (Proved in work [21]) For each communication
round t, the gap between EF (ω(t+ 1))− F (ω(t)) is bounded
as below, where EF (ω(t+ 1)) is the expectation of F (ω(T +
1)) with respect to the mini-batch.

EF (ω(t+ 1))−F (ω(t)) ≤
(
βη2

2
K2B2− η

2

)
E‖∇F (ω(t))‖2

+
βη2

2
(β2K4η2 +K2G2 +K2σ2)

+
η

2
(1 +K2)β2η2K2 (25)

Theorem 4: In Non-IID settings, under Lemmas 1 and 2,
given the number of local updates K, after T iterations, the
expected average-squared gradients of F (ω) is upper bounded
as:

1

T

T∑
t=1

E‖∇F (ω(T ))‖2 ≤ 4[F (ω1)− F (ω∗)]
ηT

+ 8βηK2(G2 + σ2 + 1) (26)

when the learning rate satisfies η ≤
min{ 1

2βK2B2 ,
√
G2+σ2

βK , 2
(1+K2)β }

Proof: We set the coefficient of the secondary item
E‖∇F (ω(T )‖2 to −η

4 . The inequality of (26) still holds when
η satisfying the following equations(

βη2

2
K2B2 − η

2

)
≤ −η

4
(27)

Solving the above inequality yields the following range of η:

η ≤ 1

2βK2B2
(28)

Under the setting of the learning rate η according to (28), the
inequality (25) can be transformed into:

EF (ω(t+ 1))− F (ω(t)) ≤ −η

4
E‖∇F (ω(t))‖2

+
βη2

2
(β2K4η2 +K2G2 +K2σ2)

+
η3

2
(1 +K2)β2K2 (29)

In order to establish the convergence rate of Spread+, we
impose an additional constraint on the value of η:

β2K4η2 ≤ K2G2 +K2σ2 (30)

Then we get another range of η:

η ≤
√
G2 + σ2

βK
(31)

Equation (29) can be simplified as:

EF (ω(t+ 1))− F (ω(t)) ≤ − η

4
E‖∇F (ω(t))‖2

+ βη2K2(G2 + σ2)

+
η3

2
(1 +K2)β2K2

(32)

In order to achieve a better convergence rate, it is necessary
to eliminate the term of η3 by introducing a constrain on η, i.e.,

η3

2
(1 +K2)β2K2 ≤ βη2K2 (33)

which indicates that η should satisfy the following condition:

η ≤ 2

(1 +K2)β
(34)

Now, according to (32) and (34), we have:

EF (ω(t+ 1))− F (ω(t)) ≤ − η

4
E‖∇F (ω(t))‖2

+ 2βη2K2(G2 + σ2 + 1)

(35)

Having rearranged the term E‖∇F (ω(T )‖2 on the left-hand
side of the inequality and dividing both sides of (35) by η

4 , we
can add the both sides over iteration t=1 to T. Then, the average
value of E‖∇F (ω(T )‖2 can be bounded, which directly reveals
the convergence rate of the training, i.e.,

1

T

T∑
t=1

E‖∇F (ω(T ))‖2 ≤ 4[F (ω1)− F (ω∗)]
ηT

+ 8βηK2(G2 + σ2 + 1) (36)

The proof is completed.
Corollary 1: For sufficiently large T, with a fixed η =√

F (ω1)−F (ω∗)
2TβK2(G2+σ2+1) , we have

1

T

T∑
t=1

E‖∇F (ω(T ))‖2 � O

(
1√
T

)
(37)

where � denotes order inequality, i.e., less than or equal to up
to a constant factor.

Proof: According to (26), we define a new objective f(η) =
4[F (ω(T ))−F (ω∗)]

ηT + 8βηK2(G2 + σ2 + 1). Let f ′(η) = 0. We
can get:

η =

√
F (ω1)− F (ω∗)

2TβK2(G2 + σ2 + 1)
(38)
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Considering all the above ranges of η in (28)(31)(34), we get
final range of η is:

η ≤ min

{
1

2βK2B2
,

√
G2 + σ2

βK
,

2

(1 +K2)β

}
(39)

When T satisfies the following range:

T ≥ max

{
2[F (ω1)− F (ω∗)]βK2B4

G2 + σ2 + 1
,

[F (ω1)− F (ω∗)]β
2(G2 + σ2 + 1)(G2 + σ2)

,

[F (ω1)− F (ω∗)]β(1 +K2)

8K2(G2 + σ2 + 1)

}
(40)

We can get the upper bound of f(η):

f(η) ≥
√

32[F (ω1)− F (ω∗)]βK2(G2 + σ2 + 1)

T
(41)

We get the result of the convergence:

1

T

T∑
t=1

E‖∇F (ω(T ))‖2 � O(
1√
T
) :

1

T

T∑
t=1

E‖∇F (ω(T ))‖2 ≤
√

32[F (ω1)− F (ω∗)]βK2(G2 + σ2 + 1)

T
(42)

The convergence analysis is topology independent for both
convex and non-convex assumptions, due to the fact that updates
from all workers are always collected when the global model is
aggregated.

B. Privacy Analysis

As with traditional centralized federated learning, hierarchi-
cally trained workers only share parameter/gradient updates, and
the data they occupy does not leave the local area. In centralized
federated learning, the model update uploaded by worker i to
the central server j is defined as Δ(i,j), then the central server

contains the information of the client is defined as
⋃N

i=1 Δ(i,j).
In the hierarchical architecture, for the sake of discussion,

we consider the centralized central server j as the cluster head,
which performs the model aggregation operation and then up-
loads the model update Δ(j,J) to the server J . As described in
Section III-B2, the aggregation operation can be regarded as a
fast averaging process, in which case Δ(j,J) does not disclose
to J any attributes about the worker, instead this means that

Δ(j,J) ⊂
N⋃
i=1

Δ(i,j) (43)

Therefore, the hierarchical architecture does not reduce the
privacy-preserving nature of federated learning. However, the
same shortcoming as conventional federated learning, it is dif-
ficult to cope with model inversion attacks [22], [23], i.e., there

may be attackers who use model updates to steal privacy, and
future research will be conducted in this area as well.

V. IMPLEMENTATION

We implement a Spread+ prototype based on the current FL
system and TensorFlow Federated (TFF) (see Section II-C). We
implement the Spread+ server on the Amazon cloud, and the
cluster head and worker on the Raspberry Pi 4 Model B.

The Spread+ server: Upon receiving a training request, the
Spread+ server utilizes the Selector module within the FL system
to gather worker-specific details (like bandwidth and location).
This information is then used to execute the cluster construc-
tion algorithm. Additionally, the Selector is adapted to manage
network connections between the server and the cluster heads.

The Spread+ server’s server aggregator (SA) module is an
extension of the FL server’s Master Aggregator, tasked with
conducting inter-cluster aggregation. A unique feature of the SA,
compared to the Master Aggregator, is its ability to accumulate
training state data, encompassing edge loss, cluster loss, and
global loss for each aggregation.

Executing the report_local_outputs method in TFF,
this functionality is realized. While the FL training parameters
are predetermined and remain constant throughout the training
process, Spread+ dynamically computes these parameters dur-
ing runtime. Spread+ includes additional training parameters,
such as the intra/inter-cluster aggregation rate, which are not
found in the standard FL system. These new parameters are
incorporated into the tf.variable data structure in TFF,
which stores the training parameters. The parameter controller
in Spread+ adjusts the training parameters by altering the val-
ues in tf.variable based on the results from the adaptive
algorithm. This approach facilitates the modification of training
parameters in real-time.

The cluster head: The Aggregator module offers an interface
that can accept a list of workers and training parameters from the
master aggregator. We utilize this interface, inputting the cluster
list and FL plan, to effectively implement the CA. Additionally,
Spread+ enhances the selector module present in the FL server,
extending its capabilities to the worker level. This modification is
aimed at efficiently managing the network connections between
the cluster head and the workers.

The worker: In Spread+, the roles fulfilled by workers mirror
those in the FL system. To this end, Spread+ directly utilizes the
FL Runtime and the Example Store modules, which are integral
components of the FL system’s worker framework.

VI. EVALUATION

A. Evaluation Setup

Platform: In this experiment, we focus on performance com-
parisons of different systems, ignoring real-world latency for
now. The outcomes are independent of the hardware and instead
rely solely on the system itself. Therefore, we use a cluster of
servers equipped with 16 NVIDIA GeForce RTX 3080 GPUs
and create multiple VMs in the cluster for our experiments. (The
same results are obtained even if real-world hardware is used in
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the experiments). Experiments considering real-world applica-
tion scenarios are discussed in Section VII. In configuring the
network for workers, we utilize a publicly available smartphone
trace dataset [6], which includes bandwidth data for hundreds of
smartphones. The bandwidth ranges from 1 Mbps to 12 Mbps.

Dataset and Model: Regarding the training dataset, we chose
CIFAR-10 [24], which comprises 60,000 color images, each
32x32 in size, distributed across 10 classes. It includes 50,000
images for training and 10,000 for testing. The system perfor-
mance is evaluated under both IID and Non-IID data scenarios.
In the IID case, images from all 10 CIFAR-10 classes are
randomly distributed across workers, ensuring an IID dataset.
For the Non-IID case, each worker is allocated data from a subset
of classes, with x < 10 classes per worker to measure Non-IID
distribution. A smaller x indicates a higher degree of Non-IID.
We use 3-class, 6-class, and 9-class Non-IID to represent high,
medium, and low Non-IID levels, respectively. In the Non-IID
scenario, each worker receives images from 6 CIFAR-10 classes,
resulting in a Non-IID distribution. The system’s effectiveness
is tested using a VGG16 [25], which comprises approximately
138 M parameters and has a size of 93 MB.

Baselines: In the analysis, we evaluated the performance of
the newly proposed Spread+ architecture against various model
training strategies. These include 1) a standard FL system that
incorporates FedAvg [26] for its model aggregation algorithm;
2) The Ring-allreduce architecture [27], which is a decentralized
system. In this setup, workers exchange updates directly using
an all-reduce scheme. The participating workers are organized
in a circular fashion, where each worker forwards its updated
model to the next in a clockwise direction and receives updates
from the preceding one. 3) FedNAG [28], a FL system with
nesterov accelerated gradient. 4) HierFAVG [7], a three-tier
system that employs FedAvg as the model aggregation algo-
rithm. 5)pFedMo [29], a personalized Federated Learning with
contrastive momentum algorithm. 6) Spread [1], previous work,
lacks a directed cluster organization algorithm and optimization
of the model aggregation algorithm.

Training and Control Parameters: In evaluations, we set the
batch sizeB = 16 and the learning rate η = 0.01 (which we find
works well through evaluations). Unless otherwise specified,
we set the number of workers as 64, and the employed data
distribution is 6-class Non-IID.

B. Overall Performance

1) Training Job Completion Time: Our initial investigation
focuses on the enhancement Spread+ brings to the completion
time of training jobs. We tracked the progression of global
loss for various methods, including Spread+, FedAVG, Ring-
allreduce, FedNAG, HierFAVG, pFedMo and Spread, through-
out the training, as illustrated in Fig. 5(a). It’s important to
note that the model is considered converged, signifying the
completion of the training job, once the global loss stabilizes.
Observations show that Spread+ has significantly faster global
loss reduction compared to the other methods, followed by
Spread, pFedMo and HierFAVG, suggesting that the hierar-
chical framework has the ability for fast convergence, while

Fig. 5. Convergence speed versus the wall-clock time.

Fig. 6. Convergence speed versus communication round.

TABLE I
THE NEEDED COMMUNICATION ROUND

pFedMo is indeed effective in utilizing personalized momen-
tum acceleration to process Non-IID data and thus accelerate
convergence. Fig. 5(b) depicts the completion times of the train-
ing job. Spread+ outperforms other methods, completing train-
ing in 85.14 minutes, a 49.58% improvement over FedAVG’s
168.85 minutes, and 22.78% faster than pFedMo’s 110.25 min-
utes. While pFedMo benefits from momentum acceleration, its
aggregation end faces congestion, leading to communication
inefficiencies that slow overall training. In contrast, Spread+’s
hierarchical structure resolves aggregation congestion and miti-
gates the negative effects of Non-IID data, achieving the fastest
training completion time.

Fig. 6 shows the convergence state in terms of the communica-
tion round, providing more details. A faster convergence speed in
terms of communication rounds means a better training quality
for each iteration. In Fig. 6(a), considering the convergence
speed in terms of communication round, HierFAVG, FedAVG,
and FedNAG have a fast speed, after it Spread+, and Ring-
allreduce is the slowest. Table I shows the number of communi-
cation rounds required for the convergence of the five systems,
highlighting that systems with a ring structure need more rounds
for model synchronization, indicating poorer training quality
per iteration. Fig. 6(b) shows that most communication rounds
in Spread+ take about 1.4 minutes, whereas FedAVG takes 2 to
2.5 minutes due to communication congestion. While HierFAVG
and FedNAG with momentum acceleration are effective, there is
still room for optimization. Spread+ efficiently balances work-
load distribution in model aggregation with synchronization
frequency.

2) Training Accuracy: We shift focus to examine how
Spread+ enhances training accuracy, a crucial indicator of an ML
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Fig. 7. The accuracy of the training model.

system’s training quality. The F1 score is utilized for assessing
training accuracy. The complete training process over time is
depicted in Fig. 7(a). Due to limitations in model aggregation
algorithms and slower synchronization rates, both FedAVG and
Ring-allreduce exhibit prolonged training durations without sig-
nificantly improving accuracy. Relative to FedAVG, the hierar-
chical structure of HierFAVG improves the accuracy by about
1.8% and reduces the training time by 44%. Similarly, pFedMo
improves accuracy by about 4% and reduces training time by
30.1% through personalized momentum acceleration optimiza-
tion. spread+ does not have a significant accuracy advantage over
pFedMo, but achieves and maintains maximal accuracy faster.
Fig. 7(b) illustrates the global and intra-cluster aggregation inter-
vals over time. Notably, both intervals shrink to a minimum as the
model training ends. This confirms the conclusion that frequent
aggregation contributes to lower function loss and enhanced
training quality.

3) System Scalability: Now we investigate the scalability of
the system with Spread+. Fig. 8(a) plots the overall training
time with different systems under different numbers of workers.
We note that for FedAVG, the model training time decreases
with the number of workers when the number of workers is less
than 32, and the training time starts to increase significantly
when the number of workers increases. pFedMo exhibits strong
performance even with 128 workers, though convergence time
increases beyond this point. Nonetheless, its improvements re-
main significant compared to FedAVG and Ring-allreduce. In
contrast, hierarchical architectures like HierFAVG and Spread+
excel with larger worker counts but are less efficient with fewer
workers due to the overhead of constructing the hierarchy.
However, at 256 workers, Spread+ achieves a training time of
69.65 minutes, a 3.34× speedup over FedAVG, which takes
232.64 minutes.

As shown in Fig. 8(b), Spread+ outperforms other systems in
terms of scalability. It presents a detailed comparison of the com-
putational and communication times of each framework. With
an increase in the number of workers, the computational time
in FL systems decreases, as more workers participate in train-
ing the model. In contrast, the communication time increases,
particularly for non-hierarchical frameworks like FedAVG and
pFedMo, due to severe communication congestion as the number
of workers grows.

Fig. 8(c) and (d) show convergence speed and accuracy of
each framework. The convergence speed is defined as the time
when the loss reduction rate significantly slows down, with a

shorter time indicating faster convergence. Spread+ shows sub-
optimal performance with fewer workers but outperforms other
hierarchical frameworks when the worker count exceeds 64, as
they are hindered by Non-IID data, leading to slower conver-
gence and lower accuracy. Momentum-based frameworks like
pFedMo and FedNAG suffer from communication congestion
and perform poorly. In contrast, Spread+ effectively mitigates
both communication congestion and Non-IID issues, ensuring
superior scalability.

C. Sensitivity Analysis

1) Adaptability to Heterogeneity: We now evaluate the
adaptability of Spread+ to different levels of worker heterogene-
ity. We define the degree of heterogeneity among workers as

follows: H =
∑N

i vi

N min{v1,v2,...,vN} , where vi are the iterations that
worker ni can process per unit of time.

Fig. 9 illustrates the variation in convergence time across three
policies, considering different degrees of worker heterogeneity.
As depicted in Fig. 9, with an increase in the degree of het-
erogeneity from 1 to 3.2, the convergence time for FedAVG
increases by 11.72%, 3.08 times greater than Ring-allreduce
(3.8%) and 2.74 times higher than Spread+ (4.28%). FedNAG
and HierFAVG see increases of 7.7% and 5.2%, respectively.
FedAVG and FedNAG are significantly affected by high het-
erogeneity, as their protocols require all workers to wait for
the slowest one during aggregation, making convergence time
dependent on the slowest participant. In contrast, pFedMo mit-
igates this with momentum acceleration, achieving relatively
good performance despite slow workers. Spread+, however,
isolates the impact of slow workers to intra-cluster aggregation,
allowing it to effectively handle heterogeneity and maintain the
shortest convergence time.

2) Robustness Against Data Distribution: We focus on the
impact of data distribution. Fig. 10 presents the test precision
in relation to the number of communication rounds in both the
IID and the non-IID data distribution scenarios. We observe that
Spread+ achieves high training accuracy of up to 91% under both
IID and low Non-IID conditions. Under IID data conditions,
Spread+ converges after approximately 900 communication
rounds, which represents a 64.8% reduction compared to high
IID scenarios. This indicates that when applied to IID data,
Spread+ significantly optimizes communication congestion.

3) Effectiveness of Cluster Construction: We assess the ef-
ficiency of cluster construction in Spread+, specifically ana-
lyzing how it compares to strategies employing a fixed size
for clusters. Fig. 11 illustrates the breakdown of communi-
cation and computation times for various cluster construction
approaches. Spread+ surpasses fixed-size cluster strategies with
a performance improvement ranging from 2.53 to 3.04 times.
This advantage is attributed to the fact that smaller clusters lead
to a higher number of clusters, causing congestion at the server
during inter-cluster aggregation. Conversely, larger clusters tend
to create congestion at the cluster head during intra-cluster
aggregation. Spread+ adeptly manages the communication ca-
pabilities of workers and strikes a balance between cluster size
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Fig. 8. The scalability of different ML systems.

Fig. 9. Heterogeneity.

Fig. 10. Data distribution.

Fig. 11. Cluster strategy.

and the total number of clusters, thus significantly boosting
performance.

4) Effectiveness of Adaptive Aggregation Interval: We scru-
tinize the efficacy of Spread+’s adaptive aggregation interval
strategy. Spread+ is compared with systems that use the static
intra-cluster aggregation interval k1 and the inter-cluster aggre-
gation interval k2. Spread + demonstrates significantly higher
accuracy compared to systems with larger global intervals and
substantially reduces training time compared to those with
smaller global intervals in Table II. These findings confirm the
effectiveness of the adaptive aggregation interval strategy in
Spread+.

VII. CASE STUDIES

In an FL setting, workers may not contribute resources as con-
sistently as distributed servers in cloud environments. Spread+

TABLE II
AGGREGATION INTERVAL

currently does not account for this variability. We aim to develop
mechanisms to adapt cluster construction and training parame-
ters in real time based on worker engagement. To address po-
tential cluster head failures, we plan to implement a reselection
strategy. Additionally, Spread+ servers face a single point of
failure risk, which can be efficiently mitigated using solutions
like Zookeeper [30].

A. Smart Object Detection for Self-Driving Cars

We present a case study using Spread+ for a smart object
detection application in autonomous cars. Following the setup
in [31], we use the BelgiumTSC [32] dataset, which includes
7,000+ images and 11,219 bounding boxes for over 2,000 traffic
signs. The system simulates 12 Raspberry Pi devices, each
generating 5 threads to emulate 60 vehicles, each assigned
Non-IID preprocessed data. The A100 blade server acts as the
cloud server, and the cluster comprises three GeForce RTX3080
GPUs with 10 GB memory each.

The system is deployed in a simulated vehicle network to train
the object detection model. During training, clusters are formed
based on data distribution similarity, followed by intra-cluster
aggregation, and after several inter-cluster aggregation rounds,
the model is sent to the server for global aggregation. As shown
in Fig. 12, the system converges to 94.32% accuracy in 10.8 min-
utes with 10 ms E2E latency, and 88.9% accuracy in 16.54 min-
utes with 15 ms latency. While existing networks fail to meet
real-time requirements for self-driving cars, 6 G could address
this [31]. Despite this, our system shows rapid training and stable
convergence. Post-training, randomly selected cars are tested
with traffic signs, and performance is evaluated using precision,
recall, and F1 score. The results in Table III demonstrate the
system’s robustness under varying latency conditions. For a
delay of 10 ms, the F1 score is 0.928, indicating high detection
accuracy. Even with a delay of 15 ms, the system maintains
reliable performance with an F1 score of 0.871. This highlights
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Fig. 12. End-to-end operations of Spread+ in the smart object detection
system.

TABLE III
RECOGNITION PERFORMANCE

the adaptability of the system to real-time 6 G scenarios where
low-latency and high-accuracy detection are essential.

B. Industrial Equipment Fault Detection Application

We deployed Spread+ in a fault prediction system at an
aluminum plant, monitoring bearings from four industrial ma-
chines: Straightening Machine, Slitting Line Disc Shear, Over-
head Crane, and Air Cushion Furnace. The system setup includes
an A100 blade server as the cloud, two GeForce RTX3080 GPUs
with 10 GB memory as the cluster head, and the data centers
of the four machines as workers. Following the data collection
setup in [33], sensors on each bearing collect vibration signals
and temperature data. Vibration is measured by eight PCB
353B33 accelerometers (vertical and horizontal), while four
thermocouples on the bearing’s outer ring measure temperature.
The data from the four workers is Non-IID distributed, making
model accuracy in FL challenging.

Our system was tested over a two-month period to gather
sufficient sensor data. The data was preprocessed by data centers,
and a temporal convolutional network (TCN) was used for model
training. Spread+ operates with a cluster comprising four work-
ers and two cluster heads. Using adaptive model aggregation
intervals, the cluster heads transmit the aggregated model to
the server for global synchronization. The system predicts the
remaining useful life (RUL) of bearings in real-time, supported
by periodic data cleaning (every 5–10 minutes) for model tuning.
This efficiency is enabled by the hierarchical architecture. As
illustrated in Fig. 13, the prediction accuracy is high. After 1.5
months of operation, the RUL of a unit bearing decreased by
5% around 16:00, and the system successfully issued an alert
10 minutes in advance. Spread+ consistently maintains training
accuracy, even with non-IID data.

Fig. 13. End-to-end operations of the Spread+ system in an industrial equip-
ment fault detection scenario.

VIII. RELATED WORK AND LIMITATION

To minimize model training time, there are a set of trade-offs
for various reality constraints.

To reduce model training workload: Compressing ML models
to remove non-critical parameters has been extensively studied.
Minimizing FL communication overhead is a major research
topic. Transmitting compressed model parameters reduces up-
date bits. Quantization and sparsification are common com-
pression methods. Quantized algorithms reduce model updates
to fewer bits. [34] modified FedAvg to compress uploaded
parameters using distributed Adam optimization. Since sparse
algorithms eliminate most elements, communication traffic is
greatly reduced. Tang et al. [35] developed a sparse algorithm
for client-peer interaction and a gossip matrix generation method
to optimize bandwidth usage. Li et al. [36] enhanced Top-k
compression with control algorithms, resulting in better com-
pression ratio and more balanced computing and communication
efforts. Additionally, Su et al. [37] improved communica-
tion efficiency and addressed unreliable FL transmissions by
combining model compression, forward error correction, and
retransmission. These model compression technologies can help
Spread+ accelerate ML model training.

To mitigate the communication overhead: Some studies have
pointed out that a centralized PS can become a bottleneck,
as model updates lead to intense communication congestion.
A prominent solution is adopting a ring structure to allevi-
ate this congestion [38], with allreduce as its practical imple-
mentation [39]. Additional approaches include communication
scheduling, model compression, and balancing trade-offs be-
tween accuracy and communication [40]. Spread+ addresses
communication overhead effectively through the deployment of
a tiered architectural design.

To reduce data heterogeneity: Personalized FL [41] shows
its advantages in solving the problem of poor convergence of
heterogeneous data. Among these studies, there are on how
to construct personalized clusters in order to enhance the
performance of collaborative training between clients.
FedAMP [42] and FedFomo [43] utilize loss similarity
and parameter similarity, respectively, to encourage pairwise
collaboration between similar clients, but their communication
efficiency is not as efficient as it should be due to the limitation
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of one-to-one pairing. [44] proposes a learning-to-collaborate
framework and aims at identifying the non-overlapping
collaboration coalitions via a Pareto optimization approach. [45]
allows dynamic coalition formation between organizations and
constructs a simple distributed merge and split coalition
formation algorithm.

To optimize FL in a hierarchical framework: Yoga [46] was
designed as an efficient hierarchical framework, using the maxi-
mum matching algorithm to generate appropriate layer-by-layer
model aggregation strategies for the client. Hiflash [47] uti-
lizes reinforcement learning and integrates algorithms such as
adaptive staleness control and heterogeneous-awareness, which
improve model accuracy and reduce communication overhead.
A recent work [48], on the other hand, alleviates overall compu-
tational and communication burdens by partitioning the global
model into disjoint submodels. Spread+, however, addresses
the issue starting from the cluster construction strategy and
synchronization mechanism. Using a game-theoretic approach
for cluster formation, Spread+ mitigates the impact of Non-IID
data. It further improves communication efficiency by employ-
ing intra-cluster synchronization and inter-cluster asynchronous
communication.

Limitation: Considering that many existing personalized fed-
erated learning approaches incorporate momentum acceleration
and similar techniques, the aggregation algorithm proposed in
this paper still has potential for further optimization. For in-
stance, iterative algorithms with momentum acceleration could
be integrated to enhance model convergence speed. Addition-
ally, as discussed in Section IV-A, Spread+ currently lacks
defense mechanisms against model inversion attacks. Address-
ing this limitation represents a promising direction for future
work.

IX. CONCLUSION

Our study analyzed scalability in ML systems, revealing
delays from model aggregation congestion. To address this,
we developed Spread+, a tiered architecture that decentralizes
aggregation to edge devices. It includes a novel tiered structuring
algorithm, runtime modules, and an adaptive training parameter
algorithm. Performance is enhanced by directed cluster orga-
nization and an efficient aggregation algorithm. A functional
system based on the FL framework demonstrates its practical
efficacy.
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