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Abstract

In cross-device federated learning (FL) [1], a machine learning model is developed
by leveraging communication between a central server and numerous edge device
clients. In practical scenarios, the ability of these edge devices to consistently re-
lay updates can vary significantly. Consequently, some devices may communicate
more frequently than others. This paper explores strategies for forming groups of
active clients to enhance the accuracy of the server model. Specifically, we examine
the case where these groups are organized and activated cyclically. We address the
open question of whether leveraging the heterogeneity in communication capabilities
by allowing certain clients to be part of multiple groups is beneficial. Our theoreti-
cal convergence analysis and experimental results show that enabling clients to join
multiple groups significantly improves accuracy. We also show empirically that uti-
lizing local data partitioning does not cause significant performance loss, while it can
have huge benefits like reducing local computation and power utilisation as well as
reduced training times. The proposed strategies have the potential to boost the ef-
fectiveness of cross-device FL in environments with heterogeneous communication
capabilities.
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Chapter 1

Introduction

Federated Learning (FL) has emerged as a revolutionary paradigm, enabling a myr-
iad of devices to collaboratively learn a shared prediction model while keeping the
training data decentralized, private, and secure. This learning framework, charac-
terized by its distributed nature, hinges on the orchestration of a central server that
aggregates model updates from clients that have trained models on local data. Such
a structure ensures that sensitive information remains on the clients’ devices, thus
aligning with the principles of privacy by design and minimizing potential attack sur-
faces [2, 3]. Originally conceptualized for mobile devices (McMahan et al., 2017),
FL’s applicability has seen an expansive growth across domains, from healthcare to
finance, due to its inherent capability to learn from diverse and distributed datasets
without compromising user privacy.

The quintessential process in FL involves clients performing local computations on
their private data and the server aggregating these updates to enhance the global
model. However, the conventional approach assumes either complete or random
participation of clients in each round, which may not align with practical scenarios
where clients are available only under certain conditions, such as when devices are
idle or connected to a non-metered network [4]. Moreover, the inherent non-IID
nature of data across clients presents ad- ditional challenges, potentially leading to
skewed model training and biased global models [5, 6].

Client devices typically connect to the server via wireless communication links, re-
sulting in highly varied communication quality. This variability arises from the dif-
ferences in the devices themselves and their locations. For instance, a client device
situated near the server can transmit data more reliably and with lower power con-
sumption.

The interaction between numerous client devices and the server exemplifies mas-
sive multiple access. Consequently, simultaneous transmissions from multiple active
devices may interfere with each other, reducing the chances that updates are success-
fully received by the server. Therefore, it is often advantageous to schedule trans-
missions to maximize the number of successful updates. This scheduling involves
grouping clients, with each group becoming active in a cyclic manner.
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1.1 Motivation

Imagine a scenario where a fleet of autonomous drones is being trained to recognize
various objects in real-time. These drones are scattered across a vast area with dif-
fering levels of connectivity and computational capabilities. Some drones, located
closer to communication hubs, can frequently send and receive updates, while oth-
ers, in more remote areas, struggle with intermittent connections. In such a dynamic
and heterogeneous environment, ensuring that the machine learning model used by
these drones is accurate and up-to-date becomes a significant challenge. This in-
tuitive example highlights the complexities and the need for effective strategies to
manage and optimize communication between a central server and numerous, varied
edge devices.

Addressing the heterogeneity in communication capabilities is crucial for the broader
adoption and success of federated learning (FL) in real-world applications. With the
proliferation of IoT devices, smart sensors, and mobile devices, FL presents an op-
portunity to harness distributed data while preserving privacy. However, the variabil-
ity in devices’ communication abilities can lead to inefficiencies and degraded model
performance if not properly managed. Developing strategies that allow for effective
partial participation of clients, leveraging their varying communication capacities,
can substantially enhance model accuracy and reliability. Tackling this problem not
only pushes the boundaries of FL but also ensures that the technology can be ro-
bustly applied in diverse and challenging environments, from smart cities to remote
monitoring systems.

1.2 Contribution

In this paper, we explore cyclic overlapping participation strategies where clients
can be active in multiple groups. We address two primary questions: (Q1) Should
clients compute updates based on their entire data set when they are active in multiple
groups? (Q2) Given a data-splitting strategy, how many groups should clients be
associated with?

To tackle (Q1), we conducted an experimental study, revealing that the performance
between updates based on data splitting and the full data is comparable, with a max-
imum difference of 1.5% over the experiments. This suggests data splitting is a
desirable strategy to reduce computational requirements at the clients

For (Q2), we analyzed the convergence of FedAvg with cyclic participation, where
clients can join multiple groups. Guided by our findings for (Q1), we focused on
client updates derived from subsets of their local data, varying by the active group.
Our analysis shows a clear relationship with the partial participation strategy. Specif-
ically, we found:
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• Expanding group size by adding clients also present in other groups reduces
performance.

• Increasing the number of groups and allowing clients to participate in multiple
groups can enhance performance.

We validated our analysis through additional experiments, which clearly demonstrate
the potential benefits of assigning clients to multiple groups. Notably, we observed
gains up to 4% in test accuracy for the standard image classification tasks on the
CIFAR10/100 dataset using Resnet18 model.
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Chapter 2

Related Work

In the realm of federated learning (FL), the commonly deployed Federated Averag-
ing (FedAvg)[1] and its derivatives [7, 8] have been the cornerstone of optimization
strategies. They traditionally rely on either full or uniform partial client participation.
Yet, real-world applications reflect a scenario where client availability adheres to a
cyclic pattern, driven by local conditions such as device battery life, network access,
and privacy considerations. One study [9] offers the first theoretical exploration of
FedAvg’s convergence with cyclic client participation, suggesting that under certain
conditions, cyclic participation could enhance convergence rates compared to the tra-
ditional uniform approach. Another investigation delves into block-cyclic structures
within convex SGD updates [5], common in federated settings with temporally var-
ied device characteristics. The study reveals that while a block-cyclic pattern may
impede SGD performance, employing a pluralistic averaging method could circum-
vent these issues, allowing for performance on par with non-cyclic, i.i.d. sampling.
A further exploration [10] considers the inherent data challenges in FL, where unbal-
anced and non-i.i.d. data exhibit a block-cyclic distribution across clients, leading to
biases in the global model. To mitigate this, the study proposes their versions of plu-
ralistic models, demonstrating improved accuracy and robustness over conventional
methods.

One body of work [11] has shifted the perspective from a block-cyclic model to a
more fluid one, depicting client data availability as a mixture of distributions varying
between different times of the day, such as daytime and nighttime. This approach,
encapsulated in the Federated Expectation-Maximization algorithm with Temporal
priors (FedTEM), acknowledges the dynamic nature of client activity and adapts the
training process to these shifts. Parallel to this, the concept of multi-server federated
learning [12] has been explored as a means to alleviate communication constraints
inherent in single-server setups. In scenarios where regional servers’ coverage areas
overlap, clients in these zones benefit from an enriched model obtained from the
amalgamation of regional models.

A lot of work has been proposed to tackle statistical heterogeneity [13, 14, 15] and
system heterogeneity [16, 17, 18]. However, the explicit consideration of commu-
nication heterogeneity between clients makes this work stand apart—an aspect that
previous studies have not incorporated into their analyses. By focusing on tackling
varying client communication capabilities, our research aims to bridge the gap and
provide deeper insights into the effects of client overlap on the convergence and effi-
cacy of federated learning models.
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Chapter 3

Proposed Methodology

3.1 Problem Formulation

Consider a federated learning system with M clients. Each client m ∈ [M ] has
access to a local dataset Bm ⊂ Xi with Bm ∩ Bm′ = ∅, m ̸= m′, and is associated
with the local empirical risk

Fm(w) =
1

|Bm|
∑
ξ∈Bm

ℓ(w, ξ), w ∈ Rd, (3.1)

where ℓ(w, ξ) is the local loss function for the model w ∈ Rd and data sample ξ. We
assume that each client has a common loss function. The optimization task for the
system is then given by

min
w∈Rd

F (w) :=
1

M

M∑
m=1

Fm(w). (3.2)

Optimization proceeds by distinct communication rounds, with each round corre-
sponding to a different set of active clients. We consider the scenario where clients
are associated with one or more groups σ(1), . . . , σ(K). The groups are activated
in a cyclic fashion: in communication round r = 1, 2, . . ., group σ(r mod K) is
active.

Client m ∈ [M ] may be associated with one or more groups. In the case client m
is associated with more than one group, only a portion of its data set is accessible in
each communication round. In particular, when client m is active in group σ(k), k ∈
{j : m ∈ σ(j)}, it has access to the data set Bm,k ⊂ Bm satisfying⋃

j:m∈σ(j)

Bm,j = Bm,

Bm,k ∩ Bm,k′ = ∅, k ̸= k′, k, k′ ∈ {j : m ∈ σ(j)}. (3.3)

We denote the local risk of client m in group k ∈ {j : m ∈ σ(j)} by

Fm,k(w) =
1

|Bm,k|
∑

ξ∈Bm,k

ℓ(w, ξ), w ∈ Rd. (3.4)
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Algorithm 1 Federated Learning with Overlapping Client Groups

1: Input: Global Model w(1,0), total cycles I , total groups K
2: Output: Global Model w(I+1,0)

3: Create K groups of clients by selecting ⌊M
K
⌋ distinct clients per group and sample

T clients from group 1.
4: Cycle = GenerateCycle(M, K, T)
5: for i ∈ [I] do
6: for k ∈ |Cycle| do
7: Initialise clients of the group with a subset of data Bm,k ⊆ Bm
8: Send global model w(i,k−1) to clients in σ(k)
9: for each client m ∈ σ(k) in parallel do

10: w
(i+1,0)
m,k ← LocalUpdate(m,w(i,k−1))

11: end for
12: w(i,k) ← 1

|σ(k)|
∑

m∈σ(k) w
(i+1,0)
m,k

13:
14: if k == |Cycle| then
15: w(i+1,0) = w(i,k)

16: k ← 0
17: i← i+ 1
18: end if
19: end for
20: end for

1: Function GENERATECYCLE(M,K, T )
2: if K ≤ 0 or K > M then
3: return []
4: b← ⌊M/K⌋
5: groups← Create b non-overlapping groups of size K each
6: common clients← randomly sample T clients from groups[0]

if CycleStructure = MoreClientsPerGroup then
for i ∈ [1, total groups) do

7: Add common clients to groups[i]
8: return groups

else if CycleStructure = MoreGroups then
9: reserve← []

10: for i ∈ [1, total groups) do
11: shifted clients← randomly sample T clients from groups[i]
12: groups[i]← common clients ∪ (groups[i] \ shifted clients)
13: reserve = reserve ∪ shifted clients
14: while |reserve| > 0 do
15: Select a subset from reserve of size min(|reserve|, b − T ) to form

new group
16: reserve← reserve \ new group
17: new group← new group ∪ common clients
18: groups← groups ∪ {new group}
19: return groups

12



Notation Description
M Number of clients in the federated learning system

m ∈ [M ] Index of a client
Bm Local dataset of client m

Fm(w) Local empirical risk of client m
ℓ(w, ξ) Local loss function for model w and data sample ξ
w ∈ Rd Model parameter vector
F (w) Global objective function to minimize

σ(1), . . . , σ(K) Groups of clients
r Communication round
Bm,k Subset of the local dataset accessible by client m in group σ(k)

Fm,k(w) Local risk of client m in group k
n = r mod K Current active group in communication round r

w(i,n−1) Current global iterate at the beginning of communication round r

w
(i,n)
m Local iterate of client m after local update

w(i,n) Updated global iterate after server update

Table 3.1: Notation Table

As a consequence, we have

F (w) =
1

M

K∑
k=1

∑
m∈σ(k)

|Bm,k|
|Bm|

Fm,k(w). (3.5)

Let n = r mod K and r = (i − 1)K + n, where i denotes the cycle. Commu-
nication round r then consists of the following steps (additional details are provided
in Alg. 1):

(i) Client local update: client m ∈ σ(n) receives the current global iterate from
the server w(i,n−1), where w(i,0) = w(i−1,K). The local iterate is then updated
via FedAvg based on the full local gradient on the active data set (Option 1) or
via local training with shuffled data (Option 2).

(ii) Server update: the server receives local iterates from each client in group σ(n)
and computes the updated global iterate

w(i,n) =
1

|σ(n)|
∑

m∈σ(n)

w(i,n)
m . (3.6)

A summary of the algorithm is provided in Algorithm 1. The notations used are
summarised in Table 3.1.
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3.2 Data Partitioning among Clients

Data partitioning is a critical step in FL, as it determines how data is distributed
among clients. In our methodology, we use the Dirichlet distribution to partition
the dataset among clients. This approach allows for flexible and controllable data
heterogeneity, which is essential for simulating real-world scenarios.

Dirichlet Distribution Implementation: We apply the Dirichlet distribution to allocate
data samples to clients, ensuring that each client receives a unique subset of the
data. The parameter alpha controls the degree of heterogeneity, with lower values
resulting in more heterogeneous data distributions. Data partitioning is implemented
by processing both training and testing datasets, ensuring balanced and representative
data splits across clients.

3.3 Data Splitting for Multi-group Participation

When clients participate in multiple groups, it is crucial to manage their data effec-
tively to prevent performance degradation. We propose a data splitting strategy where
each client splits its data into subsets corresponding to the groups they participate in.

Strategy for Data Splitting: Clients divide their local dataset into non-overlapping
subsets, each associated with a specific group. This ensures that clients do not train
on the same data multiple times within a cycle, maintaining data diversity and re-
ducing overfitting. Our experiments show that this approach yields comparable or
improved performance compared to training on the entire dataset.

3.4 Simulation of Group-Cyclic Participation:

The real-life setting of our work involves group-cyclic client participation, which
was simulated for the purpose of our experiments. This setup ensures that clients
participate in different groups cyclically over multiple communication rounds.

Clients are scheduled to participate in a cyclic fashion, joining different groups in
each cycle. This approach replicates real-world scenarios where clients may not be
consistently available, enhancing the robustness of the FL framework.

14



Chapter 4

Theoretical Analysis of Partial Participation Strategies

In this Chapter, we analyze the impact of partial participation strategies. To obtain a
clear relationship between the performance of the federated learning system and the
participation strategies, we focus on federated gradient descent (Option Local GD in
Alg. 1). We verify our theoretical conclusions with numerical experiments in Sec. ??
based on local training with minibatches, widely used in the context of deep neural
networks.

4.1 Convergence Theorem

In order to analyze the convergence of FedAvg, we impose the following standard
assumptions.

Assumption 1. The local objective functions Fm,k, k ∈ {j : m ∈ σ(j)} are L-
smooth. Moreover, there exists a constant C > 0 such that

∥∇ℓ(w, ξ)∥ ≤ C, w ∈ Rd, ξ ∈ Bm, m = 1, . . . ,M. (4.1)

Assumption 2. For some µ > 0, the global objective F satisfies

1

2
∥∇F (w)∥2 ≥ µ(F (w)− min

w′∈Rd
F (w′)), ∀w ∈ Rd. (4.2)

Assumption 3. There exists a constant α ≥ 0 such that∥∥∥∥∥∥ 1

|σ(k)|
∑

m∈σ(k)

∇Fm(w)−∇F (w)

∥∥∥∥∥∥ ≤ α, ∀w ∈ Rd, k = 1, . . . , K. (4.3)

We note that that, with the exception of bounded gradients in Assumption 1, the
same assumptions are also considered in [?].

Theorem 1. Let Assumptions 1, 2, and 3 hold. Then, for sufficiently small step-size
η > 0,

F (w(K,0))− F ∗ ≤ (F (w(0,0))− F ∗)(1− ηMµ)K +
1

Mµ

(
U2
1/2 + Lη3V1

)
, (4.4)
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where

U1 =
K∑
k=1

k−1∑
j=1

L
∑

m∈σ(k)

|Bm,k|
|Bm|

 k−1∏
j′=j+1

1 + ηL
∑

m∈σ(j′)

|Bm,j′ |
|Bm|


·

C
∑

m∈σ(j)

(
1− |Bm,j|

|Bm|

)
+ |σ(j)|α

 , (4.5)

and

V1 = K
K∑
k=1

(k − 1)
k−1∑
j=1

L2

 ∑
m∈σ(k)

|Bm,k|
|Bm|

2 k−1∏
j′=j+1

1 + ηL
∑

m∈σ(j′)

|Bm,j′|
|Bm|

2
·

2|σ(j)|
∑

m∈σ(j)

(
1− |Bm,j|

|Bm|

)2

+ 4|σ(j)|2α2

 . (4.6)

Before presenting the proof of Theorem 1, we establish preliminary lemmas
bounding the change in the server iterate over one cycle. The proofs of the lemmas
are available in the appendix of the supplementary material.

Lemma 1. Suppose Assumption 1 holds and iterates w(i,k) are obtained via Al-
gorithm 2 (Option LocalGD). Then,

w(i,K) −w(i,0) = −η
K∑
k=1

q(i,k) + η2r(i,0), (4.7)

r(i,0) =
K∑
k=1

k−1∑
j=1

S(i,k)

(
k−1∏

j′=j+1

(I − ηS(i,j′))

)
q(i,j). (4.8)

q(i,k) =
∑

m∈σ(k)

|Bm,k|
|Bm|

Fm,k(w
(i,0)), S(i,k) =

∑
m∈σ(k)

|Bm,k|
|Bm|

H
(i,k)
m,k , (4.9)

(4.10)

and we apply the convention

a∏
j′=a+1

(I − ηS(i,j′)) = 1, a ∈ N>0. (4.11)
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Lemma 2. Suppose Assumptions 1 and 3 hold. Then,

∥r(i,0)∥ ≤ K
∑
k=1

k−1∑
j=1

L
∑

m∈σ(k)

|Bm,k|
|Bm|

 k−1∏
j′=j+1

1 + ηL
∑

m∈σ(j′)

|Bm,j′|
|Bm|


·

C
∑

m∈σ(j)

(
1− |Bm,j|

|Bm|

)
|α + σ(j)|+ σ(j)∥∇F(w(i,0))∥

 . (4.12)

Lemma 3. Suppose Assumptions 1 and 3 hold. Then,

∥r(i,0)∥2 ≤ K
∑
k=1

(k − 1)
k−1∑
j=1

L2

 ∑
m∈σ(k)

|Bm,k|
|Bm|

2 k−1∏
j′=j+1

1 + ηL
∑

m∈σ(j′)

|Bm,j′ |
|Bm|

2

·

2σ(j)
∑

m∈σ(j)

(
1− |Bm,j|

|Bm|

)2

|α2 + ∥∇F(w(i,0))∥2|

 . (4.13)

Proof. A detailed proof is provided in the Appendix in the supplementary mate-
rials. As F (w) is L-smooth,

F (w(i+1,0))− F (w(i,0)) ≤ ⟨∇F (w(i,0)),w(i+1,0) −w(i,0)⟩+ L

2
∥w(i+1,0) −w(i,0)∥2.

(19)

By Lemma 1,

⟨∇F (w(i,0)),w(i+1,0) −w(i,0)⟩ ≤ ⟨∇F (w(i,0)),−ηM∇F (w(i,0)) + η2r(i,0)⟩
≤ −ηM∥∇F (w(i,0))∥2 + η2∥∇F (w(i,0))∥∥r(i,0)∥.

(20)

Write

∥r(i,0)∥ = U1 + U2∥∇F (w(i,0))∥,
∥r(i,0)∥2 = V1 + V2∥∇F (w(i,0))∥2. (21)

Hence,

⟨∇F (w(i,0)),w(i+1,0) −w(i,0)⟩ ≤ −ηM∥∇F (w(i,0))∥2 + η2∥∇F (w(i,0))∥(U1 + U2∥∇F (w(i,0))∥)

≤ −
(
ηM − η2U2 −

η2

2

)
∥∇F (w(i,0))∥2 + η2U2

2

2
.

(22)
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We also have

L

2
∥w(i+1,0) −w(i,0)∥2 ≤ Lη4M2∥∇F (w(i,0))∥2 + Lη4(V1 + ∥∇F (w(i,0))∥2V2).

(23)

As such,

F (w(i+1,0))− F (w(i,0)) ≤
(
η2

2
+ η2U2 − ηM + Lη4V2

)
∥∇F (w(i,0))∥2 + η2U2

2

2
+ Lη4V1.

(24)

Note that for η sufficiently small,

−ηM +
η2

2
+ η4U2 + Lη4M2 + Lη2V2 ≤ −

1

2
ηM. (25)

This implies that

F (w(i+1,0))− F (w(i,0)) ≤ −ηMµ(F (w(i,0))− F ∗) +
η2U2

2

2
+ Lη4V1. (26)

Unrolling, we obtain

F (w(K,0))− F ∗ ≤ (F (w(0,0))− F ∗)(1− ηMµ)K +
1

ηMµ

(
η2U2

2

2
+ Lη4V1

)
,

(27)

as required.

4.2 Impact of Partial Participation Strategies

For sufficiently small η > 0, the dominating term in Theorem 1 depending on the
partial participation strategy is proportional to U2

1 . As a consequence, we now in-
vestigate the impact of the partial participation strategy on U1. To gain insight, we
consider the following four scenarios:

Scenario 1:

• [Number of Clients:] M ,

• [Number of Groups:] K,
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• [Clients per Group:] M/K,

• [Partial Participation Strategy:] Each client is active in exactly one group.

In this scenario, U1 in Theorem 1 is given by

U
(1)
1 =

K∑
k=1

k−1∑
j=1

ML

K

(
K∏

j′=j+1

(
1 + η

LM

K

))
Mα

K
(4.14)

Scenario 2:

• [Number of Clients:] M ,

• [Number of Groups:] K,

• [Clients per Group:] M/K clients in group 1, M/K + 1 in group j ̸= 1,

• [Partial Participation Strategy:] A client in group K is present in all
groups. As such, the size of the groups j ̸= K is M/K + 1 clients.

In this scenario, U1 in Theorem 1 is given by

U
(2)
1 =

K−1∑
k=1

k−1∑
j=1

L

(
M

K
+

1

K

)( K∏
j′=j+1

(
1 + ηL

(
M

K
+

1

K

)))

·
(
C

(
1− 1

K

)
+ α

(
M

K
+ 1

))
+

K−1∑
j=1

(
LM

K
− 1 +

1

K

)( K−1∏
j′=j+1

(
1 + ηL

(
M

K
+

1

K

)))

·
(
C

(
1− 1

K

)
+

(
M

K
+ 1

)
α

)
(4.15)

Scenario 3:

• [Number of Clients:] M ,

• [Number of Groups:] K + 1,

• [Clients per Group:] M/K,
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• [Partial Participation Strategy:] A set of K groups are first constructed as
in Scenario 1. In group k, M/K2 clients from group k − 1 are also associated
(M/K2 clients from group K are associated with group 1). In order to ensure
there are M/K clients per group, M/K2 clients from each group are removed
and associated instead to a new group with index K + 1. Except for clients in
group K + 1, each client is therefore associated with two groups.

In this scenario, U1 in Theorem 1 is given by

U
(3)
1 =

K∑
j=1

L

(
M

K
− M

2K2

)( K∏
j′=j+1

(
1 + ηL

(
M

K
− M

2K2

)))(
CM

2K2
+

M

K
α

)

+
K∑
k=1

k−1∑
j=1

LM

K

(
k−1∏

j′=j+1

(
1 + η

(
M

K
− M

2K2

)))(
CM

2K2
+

M

K
α

)
(4.16)

Scenario 4:

• [Number of Clients:] M ,

• [Number of Groups:] K + 1,

• [Clients per Group:] M/K,

• [Partial Participation Strategy:] A set of K groups are first constructed
as in Scenario 1. In group k, M/K2 common clients from group 1 are also
associated. To ensure M/K clients per group, in groups k = 2, . . . , K, M/K2

clients are removed and instead associated with group indexed by K + 1. The
common clients in groups k = 1, . . . , K are then also associated with group
K + 1, yielding M/K clients for each group.

In this scenario, U1 in Theorem 1 is given by

U
(4)
1 =

K+1∑
k=1

k−1∑
j=1

L

(
M

K
− M

K2
+

M

(K + 1)K2

)( k−1∏
j′=j+1

(
1 + ηL

(
M

K
− M

K2
+

M

(K + 1)K2

)))

·
(
CM

K2

(
1− 1

K + 1

)
+

M

K
α

)
(4.17)

An illustrative comparison of U1 in each scenario is given in Fig. 4.1. The scenarios
considered in the study are summarised in Table. 4.1. An inspection of the quantities
U

(j)
1 , j = 1, . . . , 4 and Fig. 4.1 yields the following observations:
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Figure 4.1: Plot of U1 for varying number of groups K in Scenario 1. Parameters:
M = 10000, α = 2, C = 1, L = 1, η = 0.00001.

(i) Adding additional clients to groups reduces performance. Observe that
U

(1)
1 (Scenario 1) is strictly smaller than U

(2)
1 (Scenario 2).

(ii) For a small number of groups K, associating clients to multiple groups
reduces performance.

(iii) For a sufficiently large number of groups K, associating clients to multiple
groups does not lead to performance degradation.

(iv) Associating a client with K +1 groups improves performance over associ-
ating a client with 2 groups. Observe in Fig. 4.1 that U (4)

1 is strictly smaller
than U

(3)
1 .

Scenario Number of Clients Number of Groups Clients per Group
Scenario 1 M K M/K
Scenario 2 M K M/K in group 1, M/K + 1 in group j ̸= 1
Scenario 3 M K + 1 M/K
Scenario 4 M K + 1 M/K

Table 4.1: Summary of Scenarios
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Chapter 5

Experimental Results

5.1 Implementation Setup

We evaluated Algorithm 1 (Option ShuffledSGD) by implementing various partial
participation strategies in a standard image classification task, specifically train-
ing the CNN ResNet-18 model on the CIFAR-10 and CIFAR-100 datasets. These
datasets include 50,000 training images and 10,000 test images, which were dis-
tributed among clients according to the Dirichlet distribution DirK (α). The param-
eter α defines the heterogeneity of data among clients, ranging from α = 0.1 (high
heterogeneity) to α = 100 (homogeneity). The entire dataset, both training and testing
images, was partitioned among clients using the Dirichlet distribution. Each client’s
data subset was further divided into training and testing sets in an 80:20 ratio.

Client-side training utilized the shuffledSGD with momentum optimization. The
learning rate on the client side was systematically reduced, being halved after every
one-fifth of the remaining training rounds. Hyper-parameter selections were based
on exhaustive grid search experiments.

Given the balanced nature of both local and global datasets, model performance was
assessed using top-1 test accuracy. The test accuracy for each cycle was determined
by averaging the individual accuracies of all models trained in that cycle.

5.2 Impact of Data Splitting on Global Model Accuracy

In Section 2, the problem formulation describes a client affiliated with multiple
groups updating based on only a subset of the local data. To validate this approach,
we compared its performance against a scenario where the client updates using the
entire local dataset.

figure 5.3 display the top-1 test accuracy for both data splitting (using a subset of the
local dataset) and the complete local dataset (full data) for the CIFAR datasets. This
experiment was conducted across various levels of client heterogeneity, defined by α
values ranging from 0.1 (highly heterogeneous) to 100 (homogeneous). The numbers
in parentheses indicate the count of clients shared between consecutive groups.
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The results show that the performance difference between data splitting and full data
updates is minimal, with a maximum variance of 1.5% across experiments. This indi-
cates that data splitting is an effective strategy for reducing computational demands
on clients. Additionally, increasing the number of clients associated with multiple
groups (i.e., enhancing overlaps between client groups) can lead to substantial per-
formance gains, reaching up to 4%.

5.2.1 Partial Participation Strategies

Fig. 5.1 and Fig. 5.2 plots the global test accuracy for different partiap participation
strategies. We focus on Scenario 2 and Scenario 4 detailed in Chapter 4, correspond-
ing to introducing overlapping groups via increasing the group size (Scenario 2) and
increasing the number of groups while maintaining the group size (Scenario 4).

We observe that introducing overlapping groups by increasing the number of clients
per group leads to performance improvements only when the client data sets are
highly homogeneous. In the case of heterogeneous local data, a performance reduc-
tion leads to a reduction in the accuracy.

In the case where the number of groups is increased, we observe that the test accu-
racy is consistently improved. This observation holds both for heterogeneous and
homogeneous client data sets. We also observe that increasing the number of groups
leads to improved performance over increasing the number of clients per group.
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(a)Dirichlet parameter = 0.1 (b) Dirichlet parameter = 0.5

(c) Dirichlet parameter = 1.0 (d) Dirichlet parameter = 100.0

Figure 5.1: Performance of the global model subject to the proposed grouping strate-
gies vs the number of cycles elapsed, with varying degrees of overlaps and data
heterogeneity. The solid lines denote the strategy wherein we increase the number
of groups to accommodate the common clients while maintaining a constant group
size. The dashed lines correspond to the other proposed strategy, where the common
clients are simply injected into every other group. The values in the brackets depict
the number of clients that are common between the first group and every other group.
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(a) α = 0.1 (b) α = 0.5

(c) α = 1.0 (d) α = 100.0

Figure 5.2: Performance of the global model subject to the proposed grouping strate-
gies vs the number of cycles elapsed, with varying degrees of overlaps and data het-
erogeneity for Resnet-18 model trained on CIFAR-10 dataset. The solid lines denote
the strategy wherein we increase the number of groups to accommodate the common
clients while maintaining a constant group size. The dashed lines correspond to the
other proposed strategy, where the common clients are simply injected into every
other group.
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(a) α = 0.1 (b) α = 0.5

(c) α = 1.0 (d) α = 100.0

Figure 5.3: The figures show the top-1 test accuracy of the global model vs the
number of cycles elapsed for Resnet-18 model trained on CIFAR-10 dataset. The
solid curves depict the runs when clients participate with their full dataset, while for
the runs corresponding to the dashed curves, the dataset of the common clients was
partitioned such that every client goes through their entire dataset exactly once in the
course of one cycle. The values in the brackets correspond to the number of clients
common between adjacent client groups.
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Chapter 6

Concluson

In this paper, we explored the impact of client heterogeneity in communication ca-
pabilities on federated learning (FL) performance. We specifically focused on strate-
gies for grouping clients and the effects of allowing clients to participate in multiple
groups. Our findings indicate that, while traditional methods often assume single-
group participation per client, leveraging multi-group participation can lead to sub-
stantial accuracy improvements in cross-device FL scenarios.

Our theoretical analysis provided insights into the convergence behavior of the pro-
posed strategies, establishing the conditions under which multi-group participation
can be beneficial. Experimentation on standard image classification tasks using the
CIFAR-10 and CIFAR-100 datasets demonstrated that clients updating on subsets of
their data within multiple groups outperformed those updating on their entire dataset.
These results held across varying degrees of data heterogeneity, reinforcing the via-
bility of our approach.

We identified two key questions and provided answers through empirical and theo-
retical analysis:

1) Clients participating in multiple groups should train on subsets of their data, as
opposed to the entire dataset, to avoid performance degradation.

2) Increasing the number of groups while allowing clients to participate in multiple
groups can improve performance, especially when the client data is heterogeneous.

In cross-device FL, devices may have significantly different communication re- sources.
This can arise either from the devices themselves or their location rel- ative to the
server. In this case, it may be desirable for some clients to commu- nicate updates
more frequently than others. In this paper, we studied partial participation strategies
where clients can be associated with multiple groups, and groups are activated in a
cyclic fashion. We showed that in many scenar- ios increasing the number of clients
associated with multiple groups can lead to significant performance improvements.
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Chapter 7

Future Scope

The scope for future work in this domain is vast, with several promising directions
to further enhance the effectiveness of federated learning in heterogeneous commu-
nication environments. Some potential areas of exploration include:

1) Dynamic Group Formation: Investigate adaptive strategies for dynamically form-
ing and reconfiguring client groups based on real-time communication capabilities
and data characteristics. This can help optimize resource usage and improve model
convergence rates.

2) Advanced Data Partitioning: Explore more sophisticated data partitioning tech-
niques that account for data distribution and relevance, potentially leveraging clus-
tering and sampling methods to enhance local training efficiency and global model
accuracy.

3) Exploring the impact of Federated Learning Algorithms that mitigate data hetero-
geneity: Overlapping groups in a way try to mitigate data heterogeneity by reducing
the inter-group heterogeneity. Several algorithms have been proposed to mitigate
the problems arising from data heterogeneity in FL, such as [7, 8], and it would be
interesting to see how they play with our setup.

4) Security and Privacy: Investigate the implications of multi-group participation on
data privacy and security. Develop robust mechanisms to ensure that the proposed
strategies do not inadvertently compromise client data or make the system more vul-
nerable to attacks.

5) Real-world Applications: Validate the proposed strategies in real-world scenarios,
such as smart cities, healthcare, and IoT networks, where communication capabili-
ties and data distributions are inherently heterogeneous. This can provide practical
insights and further refine the strategies for specific application domains.

6) Scalability: Assess the scalability of the proposed methods in large-scale feder-
ated learning deployments with thousands or millions of clients. Address challenges
related to communication overhead, computational load balancing, and efficient co-
ordination among clients and the server.

By addressing these areas, future research can build on the foundations laid in this
paper, pushing the boundaries of what is possible with federated learning in hetero-
geneous environments and paving the way for more robust, efficient, and practical
deployment of FL systems.
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