
1

FLamma: Adaptive Gamma-Based Game Theoretic
Framework for Fair Federated Learning
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Abstract—Federated Learning (FL) has gained prominence
as a decentralized machine learning paradigm, allowing clients
to collaboratively train a global model while preserving data
privacy. Despite its potential, FL faces significant challenges
in Internet of Things (IoT) heterogeneous environments, where
varying client resources and capabilities can undermine overall
system performance. Existing approaches primarily focus on
maximizing global model accuracy, often at the expense of
fairness among clients and system efficiency, particularly in non-
IID (non-Independent and Identically Distributed) settings. In
this paper, we introduce FLamma, a novel Federated Learning
framework based on an adaptive gamma-based Stackelberg
game, designed to address these limitations. FLamma defines
fairness as reducing both the variance of client accuracies and
the deviation of client contributions from the mean over time,
ensuring equitable participation and outcomes. Our framework
allows the server, acting as the leader, to adaptively adjust a decay
factor, while clients, acting as followers, optimally select their
numbers of local epochs to maximize their utility. Over time, the
server incrementally balances client influence, initially rewarding
higher-contributing clients and gradually leveling their impact,
driving the system toward a Stackelberg Equilibrium. This
strategic balancing not only improves fairness but also enhances
collaboration across a diverse set of clients in heterogeneous
or resource-variable environments. Extensive experiments on
both IID and non-IID datasets show that FLamma significantly
improves fairness—according to our defined metrics—without
compromising model performance or convergence speed, outper-
forming traditional FL baselines in IoT-relevant scenarios.

Index Terms—Federated Learning, Internet of Things, Game
Theory, Fairness, Data Heterogeneity

I. INTRODUCTION

Federated learning (FL) [1] enables collaborative model
training across large-scale Internet of Things (IoT) devices,
where vast numbers of distributed sensors, edge devices, and
embedded systems continuously generate data. By allowing
model training directly on resource-constrained IoT nodes,
FL helps preserve data privacy and reduces communication
overhead. Although numerous solutions have been proposed
to address notoriously well-known challenges from different
perspectives [2]–[7], these efforts often rely on the assumption
that IoT nodes are inherently motivated to participate actively,
which is far from practice. To establish an effective FL
system, it is crucial to attract and retain a large number of
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participating clients [8]. However, this is particularly chal-
lenging in heterogeneous IoT environments where devices
have varying capabilities, resources, and data distributions,
which may affect their willingness or abilities to contribute
effectively. Without appropriate incentives, high-performing
clients may lose motivation or become discouraged, resulting
in their reduced participation and, thus, compromised global
model performance in the FL system. Therefore, designing
effective incentive mechanisms is essential to ensure the active
and beneficial participation of the entire set of IoT devices
involved in FL.

This motivates the use of game theory [9] with incentive
mechanisms as a powerful tool for FL in heterogeneous
IoT environments. By leveraging game theory, we can tailor
incentives that align individual client objectives with the
collective goals of the learning network. This involves for-
mulating a payoff structure that rewards IoT devices based
on multiple factors, including their accuracy and consistency
in contributing to the global model. For example, devices
providing high-quality data or demonstrating consistent par-
ticipation can receive higher rewards, fostering a cooperative
and equitable environment. Additionally, by accounting for
client-specific limitations, such as computational power or
network stability, incentive schemes can be customized to
encourage low-resource IoT nodes to contribute effectively.
Furthermore, these game-theoretic strategies can dynamically
adjust to varying network conditions and client capabilities,
ensuring a robust and adaptive FL system that optimizes both
individual and collective outcomes. In this way, game theory
offers opportunities to not only enhance the efficiency of FL
but also ensure its scalability and fairness, making it viable
for diverse FL deployments.

However, previous investigations into game theory and
incentive mechanisms for FL have notable limitations. Many
focus on short-term incentives—such as fixed or utility-
proportional payments for resource usage or participa-
tion—without adapting to the evolving and variable contribu-
tions of clients over time [10], [11]. These approaches over-
look the dynamic interplay between client behavior, resource
availability, and participation frequency, which is especially
pronounced in IoT environments. Existing game-theoretic
models [12], [13] and non-game-theoretic methods [14] gen-
erally do not address long-term fairness or explicitly account
for temporal participation patterns, such as shifts in which
clients dominate the training process over multiple rounds.
As a result, some clients may disproportionately influence the
early stages of training, while others remain underrepresented,
leading to persistent disparities in both contribution and per-
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formance. Addressing these gaps is essential for sustaining
balanced engagement and maintaining high-quality global
models in heterogeneous IoT-based FL systems.

Our approach, FLamma (Federated Learning framework
based on an adaptive gamma-based Stackelberg game), ad-
dresses these shortcomings by explicitly modeling the co-
dependence between server policies and client strategies. Un-
like prior reweighting schemes [15], our decay factor gamma
(γ) is jointly optimized with client decisions on local epochs in
a leader–follower framework. This allows the server to reward
high-contributing IoT devices in the short term while gradually
normalizing their influence to prevent long-term dominance.
By adapting γ to evolving contributions and participation
patterns, FLamma ensures a fairer and more stable training
dynamic in heterogeneous IoT-based FL environments.

We design a novel utility function with dynamic allocation
coefficients that modulate each IoT device influence based on
both their historical and current engagement. The resulting
client–server interaction is formalized as a Stackelberg game,
for which we derive a Stackelberg equilibrium that charac-
terizes optimal strategies for both parties. By integrating the
decay factor into client selection and aggregation weights,
the framework adapts to temporal variations in participation,
improving fairness while maintaining both a theoretically sup-
ported competitive convergence rate and strong overall model
performance. In this way, FLamma addresses both immedi-
ate disparities and evolving imbalances, ensuring that initial
high contributions are recognized without allowing persistent
overrepresentation, resulting in a stable and equitable training
dynamic.

Through experimental validation, we demonstrate the effec-
tiveness of our approach in addressing these challenges and
enhancing FL performance in IoT environments. FLamma is
evaluated against FedAvg [1], FedProx [16], q-FFL [14], and
incentivization-based methods [12], [17]. We conduct exper-
iments on four benchmark datasets—CIFAR100, CIFAR10,
FMNIST, and MNIST—under both IID and Non-IID settings
using ResNet-18 and LeNet-5 models. In the high-skew data
distribution setting, FLamma improves accuracy over FedAvg
by 19.8% on MNIST, 26.8% on FMNIST, 88.4% on CIFAR10,
and 78.3% on CIFAR100. Compared with the closest counter-
part (IAFL) [17], it achieves gains of 2.2% on MNIST, 1.9%
on FMNIST, performs on par with CIFAR10, and outperforms
by 12.2% on CIFAR100. With respect to fairness across clients
at test time, FLamma reduces accuracy variance relative to
FedAvg by 91.6%, 89.8%, 78.8%, and 75.1% on MNIST,
FMNIST, CIFAR10, and CIFAR100, respectively. During the
learning process, CIFAR10 also achieves the lowest steady-
state contribution deviation, with reductions of 83% compared
to FedAvg, and 72% compared to the closest competing
method (IAFL), indicating substantially fairer participation
over the rounds.
We summarize our contributions as follows:

• We model the interaction between the server and its
clients using a Stackelberg game-theoretic framework,
where the server dynamically adjusts a decay factor, and
clients optimize their local epochs to maximize utility.
This approach achieves Stackelberg Equilibrium, promot-

ing fairness, balancing participation rates, and reducing
update variance and communication imbalance across
clients.

• The decay factor adapts to temporal variations in
client engagement, preventing over-contribution by cer-
tain clients and ensuring balanced participation through-
out the training process. This fosters a more fair and
collaborative learning environment, particularly suited for
dynamic IoT settings.

• We provide experimental validation results showing that
our approach achieves a fairer accuracy distribution
across clients and reduces contribution deviation from the
mean, while maintaining comparable or improved global
model performance. Our approach outperforms traditional
FL methods in fairness, participation balance, and overall
system performance.

• We provide a convergence analysis of our proposed
approach, demonstrating that it maintains competitive
convergence rates, and ensures timely model updates
without compromising accuracy or fairness.

II. BACKGROUND AND RELATED WORKS

In FL, many studies aim to improve collaborative training
under heterogeneous data and resource conditions, focusing
on three interconnected themes: incentive mechanisms, client
selection, and fairness in aggregation.
Incentive Mechanisms. Extensive research has explored
incentive mechanisms for FL, including game-theoretic,
contract-based, and reputation-driven approaches. Stackelberg
models have been used to allocate rewards based on model
quality or contribution [12], [18], while non-cooperative and
coalition games address device selection, cost efficiency, and
bias–variance trade-offs [19]–[21]. Other approaches incorpo-
rate hierarchical incentives, training-time rewards, or coalition
stability mechanisms [17], [22]–[24]. More recent frameworks
such as IncFL [25], hierarchical Stackelberg–reinforcement
learning [26], and FedTune-SGM [27] extend incentives to
model adoption and personalized fine-tuning. Despite these
advances, existing incentive mechanisms primarily focus on
participation or reward allocation rather than dynamically reg-
ulating each client’s influence during aggregation. In contrast,
FLamma integrates fairness directly into the training process
via a Stackelberg formulation, where the server adjusts a per-
round decay factor to continuously balance client contributions
and prevent long-term overrepresentation.
Contract-theoretic and reputation-based mechanisms have
been widely used in FL to incentivize participation when
client resources or data quality are private or uncertain [28]–
[30]. These approaches design contracts, pricing, and payment
schemes to balance cost, latency, and incentive compatibil-
ity [31], [32]. Reputation systems further encourage reliable
participation by leveraging historical behavior and dynamic
trust modeling [33]–[35]. Reinforcement learning methods
have also been applied to optimize incentive policies and
resource allocation [36], [37]. In contrast, FLamma regulates
client influence directly through a game-theoretic decay mech-
anism that dynamically adjusts contribution impact during
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training, improving fairness under resource variability and
participation uncertainty without relying on contract design,
reputation tracking, or learned incentive policies.
Client Selection and Fairness. Client selection aims to
balance performance, efficiency, and fairness in heterogeneous
IoT environments. Prior work has explored fairness-aware se-
lection and aggregation strategies. Donahue et al. [38] studied
egalitarian and proportional fairness, while FairFedCS [39]
and AdaFL [40] adjust participation probabilities over time.
FedFair3 [41], Eiffel [42], FairDPFL–SCS [43], PraFFL [44],
and F3 [45] improve fairness through adaptive selection,
personalization, or global penalty terms. Classical aggregation
methods such as Agnostic Federated Learning (AFL) [46], q-
FFL [14], and AdaFed [15] promote fairness by reweighting
client losses but rely on static or loss-driven weighting and do
not regulate long-term influence. In contrast, FLamma dynami-
cally controls client contributions using a game-theoretic decay
factor, enabling fairness over time rather than only correcting
instantaneous disparities. Unlike personalization approaches
that train client-specific models, FLamma maintains a single
global model and enforces fairness directly at the aggregation
level. Through its Stackelberg design, the server adapts a per-
round decay factor to limit dominance and balance participa-
tion throughout training.
Motivation: Ensuring fairness while maintaining efficiency re-
mains a key challenge in FL, particularly in heterogeneous and
resource-constrained IoT environments where clients differ in
resources, data quality, and availability. Existing approaches
either allocate influence proportional to contributions [12],
which risks persistent dominance by high-resource clients, or
enforce fairness objectives through loss-based weighting [14],
which may limit efficiency or fail to regulate long-term in-
fluence. This motivates the need for a dynamic and adaptive
mechanism that balances fairness and performance. To address
this, we propose FLamma, which introduces a decay factor to
regulate client influence over time. Unlike prior methods [12],
[47], FLamma initially allows high-contributing clients to
accelerate convergence but gradually attenuates their influ-
ence, preventing long-term dominance and promoting balanced
participation. The decay factor dynamically adjusts client
contributions based on alignment and training dynamics, while
clients independently select their local epochs to maximize
utility. This leader–follower design enables resource-aware
participation, reduces contribution imbalance, and improves
fairness while maintaining stable and efficient training across
heterogeneous IoT devices.

III. PRELIMINARIES

A. Federated Learning

The primary objective in FL is to minimize the global loss
across all participating clients. This global loss function, de-
noted as F (w), aggregates the local loss functions Fi(w) com-
puted on the individual datasets of each client. The objective
function is expressed as: argminw F (w) =

∑N
i=1 piFi(w),

where Fi(w) represents the local loss function for client i,
and pi is the weight associated with each client, calculated as
pi =

|Di|
|D| , with |Di| being the number of data points owned by

client i, and |D| being the total number of data points across
all clients.

B. Game Theory and Stackelberg Games

Game theory [9] models interactions among rational agents
whose payoffs depend on joint strategic choices. Each player
selects a strategy to maximize a utility of the form Ui =
Ri − Ci, where Ri represents the obtained benefit and Ci

the associated cost.
A Stackelberg game [48] is a hierarchical leader–follower
model in which:

• Leader: moves first by committing to a strategy.
• Followers: observe the leader’s action and respond with

their best-response strategies.
A Stackelberg equilibrium is reached when the leader chooses
a strategy that maximizes its utility while accounting for the
followers’ optimal responses. In our FL setting, the server
acts as the leader and clients as followers, with the formal
definitions of their utilities and decision variables introduced
later in Sec. IV.

IV. DESIGN OF FLamma

This section presents our proposed game-theoretic FL
framework.

A. Overview

In conventional FL, uncontrolled participation can cause
over-represented or misaligned clients to dominate the aggre-
gation. FLamma replaces the implicit uniform weight with an
adaptive term, γt · ωt

i · τi︸ ︷︷ ︸
FLamma weight

, where ωt
i measures alignment with

the global model, τi denotes local effort, and γt ∈ [0, 1] is a
server-controlled decay factor. By adjusting γt over rounds, the
server progressively normalizes contributions, preventing dom-
inance and improving fairness. Fig. 1 provides an overview of
the proposed workflow.

B. Game Strategy

FLamma models the interaction between server and clients
as a Stackelberg game [49]: the server (leader) selects the
decay factor γt, and each client i (follower) chooses its number
of local epochs τi to maximize its own utility. Both utilities
follow the standard benefit–cost structure commonly used in
FL incentive modeling.
Server Utility. Following the observation in [50] that het-
erogeneous updates bias convergence, FLamma incorporates
an alignment proxy ωt

i = 1 − ∥wt
i−wt∥

∥wt∥+ε , which increases
when a client’s update aligns well with the global di-
rection. The server’s per-round utility is U

(t)
server(γt, τ) =

η
∑N

i=1 s
t
ipiγtτiω

t
i − λtγ

2
t , where λt controls regularization

and gradually reduces the optimal γt, promoting fairness over
time.
Client Utility. Each client i solves

Ui(γt, τi) = γt ω
t
i τi − ci τ

2
i , (1)
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Fig. 1. Overview of FLamma, an adaptive gamma-based game theoretic framework for fair federated learning, where γ is adjusted over time to modulate
the influence of every client’s contribution along with training, avoiding overrepresentation or underrepresentation of clients.

where the first term reflects the contribution benefit, and the
second captures the computation cost associated with local
training. The cost parameter ci models system heterogeneity
through device-specific computation, energy, and communica-
tion constraints, enabling adaptive participation under hetero-
geneous device capabilities and availability.
Definition 1. Individual Rationality (IR). In our FL game, the
IR constraint ensures that each client’s utility in round t is
non-negative: Ui(γt, τi) ≥ 0, ∀i. This condition guarantees
that participating yields no loss for any client, so each has an
incentive to follow its utility-maximizing strategy as defined
in Eq. (1) rather than opting out of training.

C. Stackelberg Equilibrium

In the Stackelberg game, the server commits to the decay
factor γt, and the clients respond optimally by selecting the
number of local iterations τ∗i . Differentiating the client utility
Ui(γt, τi) = γt ω

t
i τi − ciτ

2
i with respect to τi gives ∂Ui

∂τi
=

γt ω
t
i − 2ci τi. Setting this to zero yields the unconstrained

maximizer τi =
γt ω

t
i

2ci
.

Lemma 1. The client utility function Ui(γt, τi) is concave with
respect to τi.
Proof. The second derivative is ∂2Ui

∂τ2
i

= −2ci < 0. Thus, Ui

is strictly concave in τi, ensuring a unique maximizer.
Lemma 2. Client utility is maximized at the optimal number
of local epochs τ∗i satisfying ∂Ui

∂τi
= 0.

Proof. Since Ui(γt, τi) is strictly concave in τi by Lemma 1,
its unique stationary point obtained from ∂Ui

∂τi
= 0 is a global

maximizer, which defines τ∗i .
Definition 2 (Best Response). For τi ∈ [τmin, τmax],
the best response of client i is Bi(γt) =
argmaxτi∈[τmin,τmax] Ui(γt, τi), which results the optimal lo-
cal epochs τ∗i = Bi(γt) = min

{
τmax, max

{
τmin,

γt ω
t
i

2ci

}}
.

Substituting τ∗i into the server utility yields U
(t)
server(γt) =

η
∑N

i=1 s
t
i pi γt τ

∗
i ωt

i − λt γ
2
t , 0 ≤ γt ≤ 1. Let At ≜

η
∑N

i=1 s
t
i pi τ

∗
i ωt

i ≥ 0, so the utility becomes: U (t)
server(γt) =

At γt−λt γ
2
t . Differentiating and enforcing the constraint gives

γ∗
t = min

{
1, max

{
0, At

2λt

}}
.

Lemma 3. The server utility is concave with respect to γt.
Proof. From the updated formulation, U

(t)
server(γt) = At γt −

λt γ
2
t : Since the second derivative is with respect to γt, At ≥

0 is constant, and we have: ∂2U(t)
server

∂γ2
t

= − 2λt. Since λt > 0

by definition, this derivative is negative, implying that U (t)
server

is concave in γt for all t. Therefore, γ∗
t maximizes the utility

function.
Definition 3 (Nash Equilibrium). A strategy profile τ∗ =
(τ∗1 , . . . , τ

∗
N ) is a Nash equilibrium if no client i can in-

crease its utility by unilaterally deviating from τ∗i . Formally,
Ui(γt, τ

∗
i ) ≥ Ui(γt, τi) ∀ τi, ∀ i.

Lemma 4. The client sub-game has at least one Nash equilib-
rium.
Proof. Each client’s utility function is given by Eq. (1), where
τi denotes the number of local epochs. From Lemma 1,
Ui(γt, τi) is concave in τi, and the strategy set τi ∈
[τmin, τmax] is compact and convex. The best-response map-
ping Bi(γt) = τ∗i is therefore continuous. By Rosen’s Fixed
Point Theorem [51], a continuous best-response mapping on a
compact, convex strategy space admits at least one fixed point.
Hence there exists a the strategy vector τ∗ = (τ∗1 , . . . , τ

∗
N )

such that τ∗i = Bi(γt) for all i. At this fixed point, no client
can increase its utility by unilaterally choosing a different τi,
so τ∗ is a Nash equilibrium of the client sub-game. Therefore,
the client sub-game admits at least one Nash equilibrium.
Given this context, we summarize Algorithm 1 as follows:

• Step 1. The server samples a subset of clients and
broadcasts the current global model and decay factor
(Lines 3–4).

• Step 2. Each selected client computes its best-response
epochs, performs local training, and sends its update to
the server (Lines 5–11).

• Step 3. The server evaluates client contribution proxies
and updates the decay factor γt using the equilibrium rule
(Lines 12–14).

• Step 4. The server aggregates updates using contribution-
aware FLamma weighting (Line 15).

• Step 5. The final global model is obtained after T rounds
(Line 16).
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Algorithm 1: FLamma: Adaptive γ-based Game The-
oretic Framework for Fair Federated Learning

Input : Initial global model w0, rounds T , base
learning rate η, client weights {pi},
participation size K, epoch bounds
τmin, τmax, client costs {ci}, stability
constant ε, regularizer λt

Output: Final global model wT

1 Initialize γ0 ∈ (0, 1];
2 for t = 0, 1, . . . , T − 1 do
3 Server (leader): sample a subset St of K clients;
4 broadcast (wt, γt, ω

t−1
i ) to all i ∈ St;

5 foreach i ∈ St do // in parallel
6 Client i (follower): set wt

i,0 ← wt;
7 compute best-response epochs

τ ti ← min
{
τmax, max

{
τmin,

γtω
t−1
i

2ci

}}
;

8 for e = 0, 1, . . . , τ ti − 1 do
9 sample mini-batch ξti,e;

10 wt
i,e+1 ← wt

i,e − η∇Fi(w
t
i,e; ξ

t
i,e);

11 send ∆wt
i ← wt

i,τt
i
− wt to server;

12 Server: compute alignment proxy
ωt
i ← 1− ∥wt

i−wt∥
∥wt∥+ε = 1− ∥∆wt

i∥
∥wt∥+ε , ∀i ∈ St;

13 compute At ← η
∑

i∈St
pi τ

t
i ω

t
i , γ

⋆
t ←

min
{
1, max

{
0, At

2λt

}}
;

14 set γt+1 ← γ⋆
t ;

15 Aggregation (FLamma-weighted):
wt+1 ← wt +

∑
i∈St

pi γt ω
t
i ∆wt

i .

16 return wT ;

Lemma 5. The equilibrium of the clients’ sub-game always
satisfies the IR constraint.
Proof. Consider an equilibrium τ∗, and let i be a client such
that: Ui(γt, τ

∗
i ) < 0. Now, substitute τ∗i with 0: Ui(γt, 0) =

0 > Ui(γt, τ
∗
i ). This contradicts the definition of Nash

equilibrium. Therefore, we have: Ui(γt, τ
∗
i ) ≥ 0 for all i.

How does FLamma respect fairness? As training progresses,
the server adaptively adjusts γt to reduce the influence of
consistently high-contributing clients and to strengthen the
impact of those with lower contributions. This dynamic scaling
balances client updates, prevents dominance, and mitigates
overfitting to data from stronger clients, leading to a more
uniform distribution of accuracy and contribution. Empirically,
this effect is reflected in FLamma’s reduction in accuracy vari-
ance (Table III) and contribution deviation (Fig. 2). By contin-
uously regulating contribution weights, FLamma ensures that
all clients—including resource-constrained or intermittently
available IoT devices—retain meaningful influence throughout
training, promoting fairness in both participation and model
outcomes.
Computational and Communication Overhead. FLamma in-
troduces minimal additional overhead beyond standard FL.
Computation. Each client computes its optimal local
epochs τ∗i via the closed-form best response τ∗i =

TABLE I
SENSITIVITY OF FLAMMA TO THE INITIAL DECAY FACTOR γ0 ON

CIFAR10 UNDER HIGH HETEROGENEITY (α = 0.5).

γ0 Acc (%) (at round 100) Acc (%) Variance Deviation

1.00 55.32 ± 0.71 59.82 ± 0.64 274.52 ± 4.85 15.11 ± 0.25
0.99 56.90 ± 0.65 60.21 ± 0.57 265.10 ± 2.41 10.50± 0.13
0.95 55.01 ± 0.62 58.03 ± 0.59 263.65 ± 4.47 10.12 ± 0.10
0.90 54.76 ± 0.72 57.74 ± 0.63 260.83 ± 5.32 9.87 ± 0.14
0.85 52.34 ± 0.78 54.21 ± 0.68 259.83 ± 3.22 9.79 ± 0.18

TABLE II
SENSITIVITY OF FLAMMA TO THE REGULARIZER λ ON CIFAR10 UNDER

HIGH HETEROGENEITY (α = 0.5), WITH γ0 = 0.99.

λ Acc (%) (at round 100) Acc (%) Variance Deviation

0.05 57.05 ± 0.66 60.10 ± 0.58 275.20 ± 3.60 13.44 ± 0.21
0.10 56.90 ± 0.65 60.21 ± 0.57 265.10 ± 2.41 10.50 ± 0.13
0.50 55.10 ± 0.60 58.80 ± 0.56 260.90 ± 3.40 10.22 ± 0.11

min{τmax,max{τmin,
γtω

t
i

2ci
}}, which requires only scalar

arithmetic. The server computes γ∗
t in closed form. Both

operations are O(1) and negligible compared to local SGD
updates and model aggregation, making them feasible even
for resource-constrained IoT devices.
Communication. FLamma broadcasts a single scalar decay
factor γt together with the global model, and clients compute
their optimal local epochs τ∗i locally without additional feed-
back. Thus, FLamma does not introduce extra communication
rounds, synchronization steps, or handshaking beyond standard
FL protocols such as FedAvg. The additional payload per
round is one scalar (O(1)), while model transmission requires
O(d) parameters. For realistic models where d≫ 1, this over-
head is negligible and does not increase overall communication
cost, bandwidth usage, or training latency, even in bandwidth-
constrained or high-latency IoT environments.
Contribution Refresh. FLamma refreshes contribution esti-
mates every 10 rounds to avoid staleness, incurring one addi-
tional local epoch per refresh. The relative overhead is T/10

τ ,
which is negligible in practice (e.g., ≈1% when T = 100,
τ = 1000). Importantly, FLamma remains adaptive because
the decay factor γt and client epochs τ ti are recomputed
every round, mitigating potential staleness effects. The refresh
interval is tunable and can be reduced or made adaptive in
highly dynamic environments.

V. CONVERGENCE ANALYSIS

We analyze FLamma under the standard FedAvg setting
[52]. Let γt ∈ [0, 1] denote the server’s decay factor at
round t and define the effective server step αt ≜ η γt, with
αmax ≜ sup1≤t≤T αt. For clarity of analysis, we consider
the normalized case ωt

i = 1. Since γt ∈ [0, 1] and τ ti ∈
[τmin, τmax], both the effective step size αt and accumulated
local updates are uniformly bounded. Consequently, the global
update magnitude remains controlled, and convergence guar-
antees hold despite dynamic fairness adjustments.
Let wt

i,e denote the local model of client i after completing
the e-th local epoch at round t, with wt

i,0 = wt. In each round
t, the server samples a set St of K clients. Each client i ∈ St

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2026.3712019

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

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

Authorized licensed use limited to: University of Louisiana at Lafayette. Downloaded on July 14,2026 at 16:44:46 UTC from IEEE Xplore.  Restrictions apply. 



6

FedAvg FedProx QFFL IncFL IAFL FLAMMA

0 20 40 60 80 100
Rounds

10

20

30

40

De
vi

at
io

n 
fro

m
 M

ea
n 

Co
nt

rib
ut

io
n

Low Skew ( =10)

0 20 40 60 80 100
Rounds

10

20

30

40

50

60

De
vi

at
io

n 
fro

m
 M

ea
n 

Co
nt

rib
ut

io
n

Medium Skew ( =1)

0 20 40 60 80 100
Rounds

10

20

30

40

50

60

70

De
vi

at
io

n 
fro

m
 M

ea
n 

Co
nt

rib
ut

io
n

High Skew ( =0.5)

Fig. 2. Comparison of client contribution deviation from the mean contribution over 100 rounds on the CIFAR10 dataset.
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Fig. 3. Effect of contribution-refresh frequency on global accuracy over 100
rounds. Refreshing every 10 rounds strikes the best trade-off between rapid
progress and stable performance; refreshing every 5 rounds accelerates early
gains but shows larger round-to-round fluctuations, while every 20 rounds
slows learning and yields lower final accuracy.

performs τ ti local epochs and returns its local model wt
i . The

server update is wt+1 = wt − αt

∑
i∈St

pi g
t
i , gti ≜ wt−wt

i

η ,
where η is the client SGD step size. Equivalently, if wt

i,0 = wt

and wt
i,e+1 = wt

i,e − η hi(w
t
i,e), then gti =

∑τt
i−1

e=0 hi(w
t
i,e),

where hi(·) is the stochastic gradient in Assumption 2.
Assumption 1 (Strong convexity and smoothness). For all
clients i and all w,w′ (where ⟨·, ·⟩ denotes the standard inner
product between two vectors):

(a) Fi(w
′) ≥ Fi(w) + ⟨∇Fi(w), w

′ − w⟩+ ρ

2
∥w′ − w∥2,

(b) ∥∇Fi(w)−∇Fi(w
′)∥ ≤ β ∥w − w′∥.

These imply that F (w) =
∑

i piFi(w) is ρ-strongly convex
and β-smooth.
Assumption 2 (Stochastic gradients). On client i at round
t, let hi(w

t
i) be an unbiased stochastic gradient of Fi at wt

i ,
with E

[
hi(w

t
i)
]
= ∇Fi(w

t
i), E

[
∥hi(w

t
i) − ∇Fi(w

t
i)∥2

]
≤

σ2
i , E

[
∥hi(w

t
i)∥2

]
≤ G2.

Assumption 3 (Bounded update variance with effective
step). Let the aggregation weights satisfy

∑
i∈St

pi =
1. Under bounded stochastic gradients and bounded local
epochs, the variance of the global update satisfies E∥wt+1 −
wt∥2 ≤ 4α2

t (τmax)
2 G2 ESt

[∑
i∈St

p2i

]
. Moreover, since∑

i∈St
p2i ≤

∑N
i=1 p

2
i for any subset St, E∥wt+1 − wt∥2 ≤

4α2
t (τmax)

2 G2
∑N

i=1 p
2
i .

Assumption 4 (Gradient heterogeneity). The variance of client
gradients around the global gradient is uniformly bounded:

ESt

[∑
i∈St

pi∥∇Fi(wt) − ∇F (wt)∥2
]
≤ ζ2, for some con-

stant ζ2 > 0 independent of round t.
Assumption 5 (Bounded local–global divergence). Given
Assumption 2 and bounded gradients, the divergence between
the local models and the global model at round t satis-
fies ESt

[∑
i∈St

pi ∥wt − wt
i∥2
]
≤ 4 η2 (τmax − 1)2 G2,

where τmax is the maximum local epochs, and G bounds
the stochastic gradient norms. The expectation is over client
sampling, mini-batch sampling, and any randomness in local
updates. Because τ ti is constrained by the client best-response
to lie within [τmin, τmax], the local–global divergence remains
uniformly bounded despite dynamic epoch selection.
Theorem (Convergence of FLamma). Let κ = β/ρ, ξ =
max{8κ, τmax}, choose η = 2

ρξ , and define the effec-
tive step αt = ηγt with αmax = supt αt. Let C =
4 (τmax)

2G2
∑N

i=1 p
2
i . Then

E[F (wT )]− F ∗ ≤ κ

T

(
2(Bα + α2

maxC)

ρ
+

ρ ξ

2
M

)
, (2)

where M = E∥w1 − w∗∥2 and Bα =
α2

max

ρ

(∑N
i=1 p

2
iσ

2
i + ζ2 + 6β

)
+4 η2(τmax− 1)2G2. The last

term bounds local–global model divergence (Assumption 5),
while C bounds global update magnitude (Assumption 3).
Proof. Following FedAvg [52], by Assumption 1 (strong
convexity and smoothness),

E∥wt+1 − w∗∥2 ≤ (1− αtρ)E∥wt − w∗∥2 + α2
max ζ

2

+ α2
max

N∑
i=1

p2iσ
2
i + 6β α2

max + 4 η2(τmax − 1)2 G2(3)

Applying Assumption 4 and αt ≤ αmax to the heterogeneity

term gives α2
t ESt

[∑
i∈St

pi
∥∥∇Fi(wt) − ∇F (wt)

∥∥2] ≤

α2
maxζ

2. Since F is β-smooth, F (wt+1) ≤ F (wt) +
⟨∇F (wt), wt+1−wt⟩+ β

2 ∥wt+1−wt∥2. Taking expectations
and summing over t = 1, . . . , T ,
T∑

t=1

E[F (wt+1)] ≤
T∑

t=1

E[F (wt)] +
T∑

t=1

E⟨∇F (wt), wt+1 − wt⟩

+
β

2

T∑
t=1

E∥wt+1 − wt∥2. (4)

The inner-product term produces the standard descent con-
tribution under strong convexity and smoothness, and can
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be bounded using the distance recursion in Eq. (3) together
with the smoothness inequality. The quadratic term is upper-
bounded by Assumption 3:

β

2

T∑
t=1

E∥wt+1−wt∥2 ≤
β

2
T α2

max C, C = 4 (τmax)
2 G2

N∑
i=1

p2i .

Combining these with Eq. (3), using η = 2
ρξ and the standard

relations E∥wt − w∗∥2 ≤ 2
ρ

(
E[F (wt)] − F ∗) and F (wT ) −

F ∗ ≤ β
2E∥wT −w∗∥2, and telescoping over t = 1, . . . , T (as

in [52]), we obtain

E[F (wT )]− F ∗ ≤ κ

T

(
2(Bα + α2

maxC)

ρ
+

ρ ξ

2
M

)
,

This completes the proof.This bound holds uniformly since ζ2

does not depend on the round index t.
In our method, the server scales updates using the effective
step αt = ηγt.

In the worst case where γt = 1, we have αmax = η, and the
bound reduces to standard FedAvg. As training progresses and
γt decreases, the effective step αt becomes smaller, reducing
variance and drift terms that scale with α2

t and improving
empirical stability. Since γt and τ ti are bounded, the update
magnitude remains controlled and convergence guarantees
remain valid under dynamic fairness adjustments. Although γt
and τ ti are dynamically generated by the game, they remain
explicitly bounded by design. Therefore, the effective step size
sequence {αt} is time-varying but uniformly bounded, which
satisfies the standard conditions for convergence in stochastic
optimization with variable step sizes. Since the fairness mech-
anism only scales aggregated updates and does not modify the
underlying gradient distributions, the heterogeneity bound ζ2

remains valid across all rounds, ensuring that the convergence
guarantees remain robust under dynamic fairness adjustments.

VI. EXPERIMENTS AND RESULTS

This section provides the specifics of our evaluation and
performance results, along with a discussion of the proposed
method.

A. Setup

Datasets. We evaluate FLamma using convolutional neu-
ral network (CNN) models, specifically ResNet-18 [53] and
LeNet-5 [54], on four widely used benchmark datasets:
MNIST [55], FashionMNIST [56], CIFAR10, and CIFAR100
[57]. Each dataset is tested under both independent and
identically distributed (IID) and non-IID settings, with non-
IID simulated at three skew levels: Low (α = 10), Medium
(α = 1), and High (α = 0.5). Here, α is the Dirichlet concen-
tration parameter controlling the degree of label distribution
skew among clients, where smaller values indicate greater
heterogeneity. Training is conducted for a maximum of 100
global rounds for MNIST and FMNIST, and 150 rounds for
CIFAR10 and CIFAR100.
Hyperparameter Sensitivity. We evaluate FLamma under dif-
ferent initial decay factors γ0 and regularizers λ under severe
heterogeneity (α = 0.5). Tables I and II show a clear

fairness–performance trade-off. The highlighted rows in the
tables are the FLamma setting values. Setting γ0 = 1.00
starts similarly to standard FL, while smaller values improve
fairness with gradual accuracy reduction, without instability.
Since γt ∈ [0, 1], updates are scaled but not eliminated,
ensuring continued convergence. Because γt is updated via
a bounded closed-form Stackelberg solution, its adjustment
remains smooth and adaptive, preventing instability. Sensitiv-
ity to λ shows that smaller values accelerate convergence but
increase imbalance, while larger values improve fairness at
modest accuracy cost. We select γ0 = 0.99 and λ = 0.1 as
they provide the best balance between accuracy, fairness, and
stability. We use a standard learning rate η = 0.001, and since
the effective step size αt = ηγt remains bounded, stability is
preserved across standard learning-rate ranges.
FL Baselines. We evaluate FLamma against representative FL
baselines, including FedAvg [1], FedProx [16], q-FFL [14], the
Incentive method (referred to in this paper as IncFL) [12], and
IAFL [17]. IncFL builds upon earlier incentive mechanisms
such as [36] and FiFl [58], extending them to model client
contributions more explicitly. FedAvg and FedProx serve as
standard FL baselines, q-FFL provides a fairness-oriented com-
parison, and IncFL/IAFL represent incentive-based methods.
These baselines capture the main FL challenges relevant to
assessing FLamma in IoT-oriented heterogeneous systems.

• FedAvg: This baseline serves as the simplest baseline
with random client selection without any specialized
mechanism to address client heterogeneity.

• FedProx: FedProx enhances the FedAvg algorithm by
incorporating a proximal term into the objective function.
This adjustment helps address the challenges posed by
non-IID data distributions, commonly encountered in FL.

• q-FFL: Improves fairness by weighting clients according
to their empirical losses. In contrast, FLamma uses a
game-theoretic decay factor γ that dynamically equalizes
client contributions over time.

• IncFL: This approach evaluates each client’s marginal
contribution to the global model, prioritizing clients
whose updates improve accuracy.

• IAFL: An incentive-aware method that provides differ-
entiated training-time model rewards at each FL iteration,
proportional to each client’s contribution.

By contrasting conventional, fairness-focused, and recent in-
centivization baselines, our evaluation provides a comprehen-
sive and relevant comparison aligned with modern develop-
ments in FL for heterogeneous IoT systems.

B. Evaluation Metrics

Our evaluation focuses on three key performance metrics:
Testing accuracy, accuracy variance, and contribution devia-
tion from the mean, which together assess the effectiveness,
fairness, and balance of the FL system in heterogeneous IoT
environments.
Testing Accuracy. Testing accuracy measures the overall per-
formance of the global model after aggregating local models,
expressed as the percentage of correct predictions.
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TABLE III
ACCURACY AND ACCURACY VARIANCE (MEAN ± STD) ACROSS SKEW LEVELS (IID, LOW α=10, MEDIUM α=1, HIGH α=0.5).

Dataset Setting FedAvg FedProx q-FFL IncFL IAFL FLamma

Acc(%) Var Acc(%) Var Acc(%) Var Acc(%) Var Acc(%) Var Acc(%) Var

MNIST
IID 98.1±0.24 5.7±0.9 98.2±0.36 5.5±0.9 98.3±0.27 5.2±0.7 94.2±0.64 5.9±0.8 98.5±0.22 2.1±0.6 98.7±0.16 1.2±0.5
Low (α=10) 98.0±0.26 14.0±0.5 98.1±0.28 12.1±0.6 98.0±0.57 13.5±0.4 97.2±0.34 13.5±0.5 98.9±0.18 10.1±0.3 98.8±0.19 2.5±0.3
Medium (α=1) 90.4±0.58 60.1±1.2 93.3±0.31 28.0±0.9 93.2±0.33 30.0±1.0 92.1±0.40 34.0±1.1 96.9±0.28 12.0±0.6 98.0±0.22 8.0±0.5
High (α=0.5) 80.3±0.74 143.0±1.8 88.1±0.44 63.1±1.2 86.4±0.48 68.0±1.3 85.2±0.53 72.0±1.4 94.1±0.36 20.0±0.7 96.2±0.30 12.0±0.6

FMNIST
IID 98.3±0.15 6.7±0.7 97.9±0.18 6.1±0.6 98.1±0.22 5.9±0.6 84.4±0.54 3.84±0.7 98.8±0.21 1.8±0.5 98.5±0.19 1.4±0.4
Low (α=10) 97.1±0.22 18.0±0.9 97.6±0.21 16.0±0.7 97.2±0.23 12.5±0.8 96.8±0.25 10.0±0.6 98.5±0.18 4.0±0.4 98.6±0.18 4.2±0.4
Medium (α=1) 85.2±0.65 119.0±2.2 94.1±0.27 70.4±1.4 93.4±0.39 38.3±1.6 88.5±0.42 62.1±1.5 96.1±0.26 20.2±0.8 97.0±0.24 14.1±0.6
High (α=0.5) 75.1±0.82 239.0±3.0 82.4±0.36 142.0±1.5 91.4±0.52 71.1±2.1 80.1±0.58 127.5±1.9 93.4±0.33 32.9±0.9 95.2±0.30 24.3±0.8

CIFAR10
IID 75.3±0.25 43.2±1.3 75.1±0.18 36.18±1.1 75.6±0.21 27.12±1.2 57.1±0.98 9.04±0.9 80.1±0.40 8.10±0.9 84.4±0.32 7.5±0.8
Low (α=10) 62.4±0.52 521.0±6.1 66.1±0.49 422.0±5.4 68.2±0.45 365.0±4.9 70.3±0.56 247.0±3.2 74.1±0.41 156.0±2.1 78.5±0.48 122.5±2.0
Medium (α=1) 40.1±0.73 921.0±7.2 45.2±0.68 788.0±6.5 48.5±0.61 607.0±5.6 52.0±0.70 428.0±3.9 60.2±0.55 261.0±2.6 65.3±0.62 202.4±2.5
High (α=0.5) 31.9±0.81 1253.0±8.1 38.4±0.74 1045.0±7.4 42.1±0.70 823.0±6.6 46.2±0.77 600.0±4.6 60.7±0.63 322.0±2.9 60.1±0.69 265.0±2.4

CIFAR100
IID 61.2±0.91 58.0±1.4 61.1±0.27 52.0±1.3 61.5±0.26 45.0±1.2 55.4±0.52 18.0±0.9 65.1±0.36 9.8±0.7 68.4±0.33 10.1±0.7
Low (α=10) 50.1±0.55 688.2±6.8 53.2±0.51 591.3±6.0 54.6±0.48 524.9±5.4 56.1±0.57 389.9±4.1 58.9±0.45 260.1±2.7 61.8±0.49 228.7±2.4
Medium (α=1) 35.4±0.78 1082.4±7.6 39.1±0.70 925.2±5.8 41.3±0.66 767.1±6.0 44.2±0.71 543.2±4.7 47.9±0.58 365.5±3.5 50.6±0.62 304.5±2.9
High (α=0.5) 25.3±0.90 1451.1±8.5 29.5±0.84 1280.5±7.8 32.4±0.79 982.6±6.8 35.1±0.85 720.5±5.2 40.2±0.69 423.9±3.2 45.1±0.74 361.4±2.8

Accuracy Variance. Accuracy variance measures the inconsis-
tency in performance across different clients. A lower accuracy
variance indicates that all clients achieve similar accuracy
levels, reflecting fairness in the learning process.
Contribution Deviation from Mean. This metric quantifies
the fairness of client participation by measuring the standard
deviation of individual client contributions from the mean
contribution across all clients. A lower value indicates that
client contributions are more evenly balanced, preventing over-
representation of certain clients and under-utilization of others.
The metric is data-independent, making the results comparable
across different datasets and training scenarios, and Fig. 2
illustrates the results for CIFAR10 as a representation.
Details of Experimental Setup. Each experiment was run 3
times to ensure correctness and accuracy. The experiments
were executed on a server equipped with an NVIDIA GeForce
RTX 3080Ti GPU, Intel(R) Core(TM) i9-109000X CPU, and
64G of RAM. We run both the server and clients on the same
machine in a simulated environment where the clients train
their local models for a number of local iterations on their own
data. Once completing their local iterations, they communicate
their updated weights to the server. This configuration is
validated by the fact that our evaluated performance metrics
are independent of the physical separation between the server
and its clients, reflecting typical IoT-based FL deployments.
Clients’ Contributions. Clients train for ten local iterations,
after which the server computes their contributions based on
the Euclidean distance between each client’s weights and the
global model. Clients whose weights are closer to the global
model receive higher contribution values (between 0 and 1),
while those farther away receive lower values. Contributions
are updated every ten global rounds and guide client selection
throughout training. As selected clients continue contributing,
a decay factor gradually reduces their contribution values over
time. We use LeNet-5 for MNIST and FMNIST, and ResNet-
18 for CIFAR10 and CIFAR100.
Decay Factor Adjustment. The decay factor plays a pivotal
role in balancing client contributions throughout the training
process. Initially set closer to 1, it allows for greater explo-
ration by ensuring all clients to have substantial impacts on

the global model updates during the early stages of training.
This is crucial for capturing general patterns from diverse
data distributions. As training progresses, the decay factor is
gradually reduced, diminishing the influence of each initial
high contributor and shifting focus toward low-contributing
clients.

C. Performance Results and Discussion

Performance under IID Data Split. As shown in Table III,
FLamma consistently outperforms the closest baselines, In-
cFL and IAFL, under IID settings. On CIFAR10, FLamma
improves accuracy from 80.1% (IAFL) to 84.4% and further
reduces variance from 8.10 to 7.5. Similar trends appear in
MNIST and FMNIST, where FLamma matches or slightly
surpasses IAFL in accuracy while achieving the lowest vari-
ance across all methods. On CIFAR100, FLamma improves
accuracy from 65.1% (IAFL) to 68.4% while maintaining
comparable fairness. These results demonstrate that even when
data is uniformly distributed, FLamma provides both compet-
itive accuracy and stronger fairness by minimizing accuracy
disparities across clients.
Performance under Non-IID Data Split. Under heterogeneous
data splits, FLamma shows even larger gains. On CIFAR10
(High skew), it improves accuracy from 46.2% (IncFL) to
60.1% (with IAFL achieving a comparable 60.7%), while
reducing variance from 600.0 to 265.0. In FMNIST, FLamma
boosts accuracy from 93.4% (IAFL) to 95.2% and reduces
variance from 32.9 to 24.3. Similarly, on MNIST, FLamma
raises accuracy from 94.1% (IAFL) to 96.2% while lowering
variance from 20.0 to 12.0. In CIFAR100, FLamma improves
accuracy from 40.2% (IAFL) to 45.1% and reduces variance
from 423.9 to 361.4. These results confirm FLamma’s ro-
bustness under severe heterogeneity, consistently enhancing
fairness while maintaining strong accuracy across all datasets.

VII. LIMITATION AND FUTURE WORK

Despite improving fairness and efficiency, FLamma has
several limitations. First, it relies on estimating client con-
tributions, which is challenging in heterogeneous IoT envi-
ronments. FLamma uses Euclidean distance between local

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2026.3712019

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

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

Authorized licensed use limited to: University of Louisiana at Lafayette. Downloaded on July 14,2026 at 16:44:46 UTC from IEEE Xplore.  Restrictions apply. 



9

and global models as an efficient proxy for contribution
quality. While computationally lightweight, this metric may be
less reliable under severe non-IID settings, where divergence
may reflect data heterogeneity rather than poor contribution.
More robust alternatives, such as gradient similarity or loss-
based metrics, could improve reliability. Second, no single
decay factor is optimal across all tasks, requiring task-specific
tuning. Future work may explore adaptive or learning-based
approaches, such as reinforcement learning, to dynamically
optimize hyperparameters under diverse IoT conditions. Third,
FLamma currently uses a fixed refresh interval for contribution
estimates. Although the framework remains adaptive through
per-round decay updates and client best responses, the refresh
interval is a tunable hyperparameter that must be specified by
the user and is not automatically adjusted. Future work may
investigate fully adaptive refresh strategies based on system
dynamics, such as variance- or participation-triggered updates,
to improve responsiveness in highly dynamic environments.

VIII. CONCLUSION

In this paper, we proposed an FL framework inspired by
Stackelberg game theory, which dynamically assigns local
training epochs and regulates client contributions through
a decay factor. The key innovation of our method is the
dynamic allocation of both local epochs and the decay factor
to incentivize clients to maximize their contributions while
preventing any device from dominating the updates, ensuring
balanced participation across all clients and promoting fairness
without undermining the overall learning process. To further
address fairness, FLamma dynamically assigns weights to
clients based on their proximity to the global model. By
gradually balancing the contributions of clients over time, it
promotes equity and enhances collaboration in heterogeneous
IoT environments. Our experimental results demonstrate that
FLamma significantly reduces the variance in accuracy among
clients compared to baseline methods and highlight FLamma’s
ability to harmonize client participation and maintain stable
learning despite variation in IoT device capabilities. Overall,
FLamma offers a scalable and practical solution to fairness
and efficiency challenges in FL, supporting deployment across
diverse real-world IoT settings.
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