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Abstract

Despite some promising results in federated learning using
game-theoretical methods, most existing studies mainly em-
ploy a one-level game in either a cooperative or competi-
tive environment, failing to capture the complex dynamics
among participants in practice. To address this issue, we
propose DualGFL, a novel Federated Learning framework
with a Dual-level Game in cooperative-competitive environ-
ments. DualGFL includes a lower-level hedonic game where
clients form coalitions and an upper-level multi-attribute auc-
tion game where coalitions bid for training participation. At
the lower-level DualGFL, we introduce a new auction-aware
utility function and propose a Pareto-optimal partitioning al-
gorithm to find a Pareto-optimal partition based on clients’
preference profiles. At the upper-level DualGFL, we formu-
late a multi-attribute auction game with resource constraints
and derive equilibrium bids to maximize coalitions’ winning
probabilities and profits. A greedy algorithm is proposed to
maximize the utility of the central server. Extensive experi-
ments on real-world datasets demonstrate DualGFL’s effec-
tiveness in improving both server utility and client utility.

Introduction
Federated learning enables decentralized model training
across edge devices without transmitting raw data to a cen-
tral server, which reduces resource costs during local train-
ing and model transmission while maintaining performance.
The conventional FedAvg approach (McMahan et al. 2017)
reduces communication overhead by scheduling a subset of
clients per training round. To address data and system het-
erogeneity and improve efficiency or performance (Chen
et al. 2024a; Jing et al. 2024), existing studies have explored
various techniques, such as statistical client selection (Chen,
Horvath, and Richtarik 2022; Zeng, Yan, and Zhang 2021;
Cao et al. 2022; Nguyen et al. 2021), heuristic client selec-
tion (Lai et al. 2021; Li et al. 2022), and optimization-based
approaches (Wang et al. 2019; Luo et al. 2021; Chen et al.
2024b).

In practical deployments, clients and servers have distinct
objectives: clients seek access to the latest global model and
potential monetary payoffs (Yang et al. 2023). In contrast,
servers aim to incentivize high-quality data contributions
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within budget limits (Zhang et al. 2023a; Zhang, Shen, and
Bai 2023). Robust incentive mechanisms are therefore es-
sential, and game theory offers a promising framework by
modeling strategic interactions among rational agents, im-
proving utilities (Arisdakessian et al. 2023; Wu et al. 2023)
and enhancing overall system efficiency (Charatsaris, Dia-
manti, and Papavassiliou 2023; Zhang et al. 2023b).

Existing game-theoretical approaches in federated learn-
ing often use one-level games, either in a purely cooperative
(Arisdakessian et al. 2023; Charatsaris, Diamanti, and Pa-
pavassiliou 2023) or competitive (Thi Le et al. 2021; Wu
et al. 2023; Mai et al. 2022; Hu et al. 2023; Lim et al. 2020)
setting, missing complex dynamics among participants in
practice. Additionally, current methods tend to improve ei-
ther client utility (Arisdakessian et al. 2023; Charatsaris,
Diamanti, and Papavassiliou 2023) or server utility (Zhang
et al. 2023a; Yang et al. 2023; Zhang et al. 2023b; Wang
et al. 2022), rarely addressing both simultaneously. This nar-
row focus limits their applicability in real-world, large-scale
federated learning scenarios, where both cooperative and
competitive dynamics are present, and the goals of the server
and clients must be balanced.

Given these limitations, we pose the question: Can we de-
sign a comprehensive game-theoretical framework for prac-
tical federated learning that benefits both the server’s and
clients’ utilities? To address the question above, we pro-
pose an innovative Federated Learning framework with a
Dual-level Game in cooperative-competitive environments,
namely DualGFL, which meets the following criteria:

1. Clients can autonomously decide whether to participate
in the training based on their utilities.

2. The server can autonomously select participants to opti-
mize its utility.

To achieve this goal, we leverage the hierarchical structure
in hierarchical federated learning (HFL) to develop a dual-
level game-theoretical framework with both cooperative and
competitive elements. In HFL, edge servers act as interme-
diaries between clients and the central server, aggregating
model updates from clients and transmitting the aggregated
model to the central server. This hierarchical structure helps
reduce communication overhead (Liu et al. 2020), manage
system heterogeneity (Abad et al. 2020; Briggs, Fan, and
Andras 2020), and enhance scalability (Wang et al. 2023).
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The main contributions can be summarized as follows:
(1) DualGFL is the first game-theoretical federated learn-

ing framework to implement a dual-level game structure. At
the lower level, a coalition formation game allows clients
to autonomously assess and choose edge servers to form
coalitions based on their preferences and utilities. At the
upper level, a competitive multi-attribute auction game en-
ables these coalitions to bid for participation in the training
process, with the central server determining the winners to
maximize its utility.

(2) Unlike existing single-level games, we introduce a
new utility function for clients that considers both coop-
erative and competitive dynamics. This auction-aware util-
ity function evaluates not only the payoff and cost in the
lower-level game but also the expected competitiveness in
the upper-level auction game.

(3) For efficient and dynamic coalition formation, we pro-
pose a Pareto-optimal partitioning (POP) algorithm to find
a Pareto-optimal partition based on clients’ preference pro-
files. POP leverages the central server for coalition forma-
tion, eliminating the need for client-to-client information ex-
change and achieving O(KN3) complexity.

(4) We propose a multi-attribute auction with resource
constraints for the upper-level game and provide the theo-
retical analysis of the equilibrium bid for each coalition.

Additionally, we formulate a score maximization problem
for the central server and propose a greedy algorithm with a
score-to-resource ratio to solve the coalition selection.

(5) Through experiments on real-world datasets, we eval-
uate the performance of DualGFL on the server’s and
clients’ utilities. Results demonstrate that DualGFL effec-
tively improves the clients’ averaged utility and significantly
increases the server’s utility while achieving better test ac-
curacy than baselines with single-level games.

Related Work
Incentive mechanisms, modeled through game theory, moti-
vate participants to engage and contribute high-quality data.
Existing approaches include the following.

Client-oriented methods mainly involve coalition for-
mation games where clients dynamically change coalitions
to maximize utility, such as increasing profits or reducing
training costs. For instance, A coalitional federated learn-
ing scheme has been proposed where clients form coalitions
via a client-to-client trust establishment mechanism (Aris-
dakessian et al. 2023). A joint optimization problem of the
user-to-edge-server association and the uplink power alloca-
tion is formulated in HFL, and a satisfaction equilibrium is
found to solve the partition problem (Charatsaris, Diamanti,
and Papavassiliou 2023). While effective in improving client
utility, these methods suffer from high communication over-
head and privacy concerns due to peer-to-peer exchanges.
Our DualGFL reduces communication overhead by utiliz-
ing a central server for coalition formation, eliminating the
need for extensive client-to-client exchanges.

Server-oriented methods aim to improve the server’s
utility by incentivizing clients’ data contribution and select-
ing high-quality clients. Auction games are used for client

selection in (Thi Le et al. 2021; Wu et al. 2023). Additional
studies explore double auction mechanisms in (Mai et al.
2022), multi-player simultaneous games in (Hu et al. 2023),
and private reward games in (Zhang et al. 2023a) to incen-
tivize data contributions, along with evolutionary games for
cooperation and latency minimization in (Yang et al. 2023;
Zhang et al. 2023b). Regarding games in HFL, mechanisms
like MaxQ (Li, Du, and Chen 2022) introduce matching
games to assign clients to edge servers based on mutual
preferences, and blockchain-based incentives in (Wang et al.
2022) provide public authority and fairness. However, these
methods focus on server utility without adequately balanc-
ing client incentives. Our DualGFL addresses this problem
by incorporating a dual-level game that simultaneously op-
timizes the utilities of both clients and the server.

Mixed methods are designed to serve the utilities of both
clients and the server, which is important for practical imple-
mentations. A Stackelberg game-based multifactor incentive
mechanism for federated learning (SGMFIFL) (Chen et al.
2023) is proposed to incentivize clients to provide more data
at low costs and allow clients to change their training strate-
gies adaptively. Similarly, a Stackelberg game and deep re-
inforcement learning are used to find the optimal strategies
for both clients and the server (Zhan et al. 2020). Existing
work has shown improved results in terms of clients’ and
the server’s utility. However, compared with server-oriented
methods, mixed methods are much less explored. Moreover,
even in HFL, existing work only adopts single-level games
in either competitive or cooperative environments, failing to
model the complex interactions of participants in practice.
In our work, DualGFL integrates both cooperative and com-
petitive dynamics through a dual-level game, enhancing the
hierarchical federated learning framework by comprehen-
sively addressing both server utility and client utility.

System Model
We introduce HFL (preliminary) followed by the cost model.

Hierarchical Federated Learning
In an HFL system, one central server,K edge servers, andN
clients collaboratively train a model. The central server ag-
gregates global models, while edge servers aggregate local
models from clients. Client i owns a private dataset Di =
{ξij | j = 1, 2, ..., |Di|} of size |Di|, with D =

⋃
i∈N Di

representing the overall data. The local loss function on
dataset Di is defined as Fi(x) := 1

|Di|
∑

ξij∈Di
Fi(x; ξ

i
j),

where x represents the model parameters. HFL systems aim
to find an optimal model parameter x to minimize the global
loss function f(x): minx f(x) :=

∑N
i=1 diFi(x), where

di = |Di|/|D| represents the proportion of data held by
client i, with

∑N
i=1 di = 1.

In HFL, edge servers relay model updates between clients
and the central server. Assume there are T global rounds
needed for model convergence. In each round, the train-
ing process includes model broadcasting, local training,
model transmission, and aggregation. The central server ran-
domly selects clients to participate in the t-th round, forming
the participant set M(t), and broadcasts the current global
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model parameters xt to edge servers. Edge servers relay pa-
rameters to selected clients who perform local training over
I iterations and send updated model parameters back to edge
servers. Edge servers aggregate local models and transmit
them to the central server, where global aggregation is per-
formed: xt+1 =

∑
i∈M(t) diy

i
t,I , where yit,I are the updated

model parameters from client i after I local iterations.

Cost Model
Model training in HFL involves both computation and com-
munication costs for clients. The computation cost is asso-
ciated with local data processing, while the communication
cost involves transmitting model updates to the edge server.
Formally, we define the computation cost as ci,cp = κaif

2
i ,

where κ is a coefficient based on the CPU architecture, ai
is the number of CPU cycles, and fi is the CPU clock fre-
quency (Zhang et al. 2018).

The communication cost depends on the coalition S that
client i is in. In this work, we consider a wireless environ-
ment as an exemplary application with the achievable uplink
transmission rate ri(S) = B log2(1 + pihi/N0), where B
denotes the bandwidth, pi and hi are the transmission power
and channel gain between client i and its edge server, andN0

denotes the noise power spectral density (Wu et al. 2023).
Hence, the communication cost is ci,cm(S) = |x|

ri(S) , where
|x| denotes the size of model updates. Therefore, the total
cost of client i is given by

Ci(S, θi) = ci,cp + θici,cm(S), (1)

where θi denotes the cost factor of client i. Note that al-
though we define Ci in the wireless scenario, our proposed
DualGFL can be generalized to any networking system by
customizing Ci for specific applications.

Dual-Level Game Federated Learning
Architecture
DualGFL consists of three hierarchies: clients, edge servers,
and the central server, and involves two-level games: a
lower-level coalition formation game and an upper-level
auction game. DualGFL includes four main components:
coalition formation, bidding, coalition selection, and feder-
ated training and payoff distribution, as shown in Figure 1.
In each training round, the following steps are executed. (1)
Coalition Formation: Clients calculate utilities of potential
coalitions and form preference profiles. These profiles are
submitted to the central server who finds a Pareto-optimal
(Aziz, Brandt, and Harrenstein 2013) partition that cannot
be improved to make one client better off without making
at least one client worse off. Each coalition contains one
edge server and several clients. (2) Bidding: Edge servers
place bids in the upper-level auction game to participate in
the training. (3) Coalition Selection: The central server se-
lects coalitions based on received bids. The winning bids are
determined by the predefined rules, and every client publicly
knows these rules in advance. (4) Federated Training and
Payoff Distribution: Selected coalitions receive the global
model, perform local training, and send aggregated updates
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Figure 1: DualGFL architecture.

to the central server. The central server then distributes pay-
offs to coalitions, which are further distributed to individual
members by the edge servers.

Lower-Level Coalition Formation Game
We introduce the hedonic game for coalition formation, pro-
pose an auction-aware utility function, and propose the POP
algorithm to find a Pareto-optimal partition.

Hedonic Game We formulate the lower-level coalition
formation game as a hedonic game where clients use a utility
function to evaluate their coalition preferences.
Definition 1. A hedonic game G is a pair (N ,R), where
N is a finite set of players and R = {Ri : i ∈ N} denotes
the preference profile of all the players. Here Ri denotes
the preference profile of player i and is defined by a binary,
complete, reflexive, and transitive preference relation ⪰i on
the set of coalitions that player i belongs to, i.e., Ni = {S ⊆
2N : i ∈ S}. The strict and indifference preference relations
are denoted by ≻i and ∼i, respectively.
Remark: In our setting, each valid coalition must contain
one and only one edge server. We also assume individual
rationality, meaning each client is at least as well off in a
coalition as they would be alone.

Clients aim to maximize their personal utility when
choosing a coalition. The utility function of client i in coali-
tion S is:

Ui(S) = Ri(S)− Ci(S, θi), (2)
where Ri(S) denotes the payoff from the coalition and
Ci(S, θi) is the training cost as defined in Equation (1).

Auction-Aware Preference Profile Generation Unlike
existing work on the design of the utility function for single-
level games (Arisdakessian et al. 2023), we propose a novel
auction-aware utility function, incorporating both lower-
level game payoffs and upper-level auction competitiveness.
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Based on this utility, we introduce an auction-aware prefer-
ence profile generation algorithm. Specifically, we first cal-
culate the auction-aware payoff Ri(S), which can be calcu-
lated by

Ri(S) = wi(S) · E(R(t)(S)), (3)

where E(R(t)(S)) is the expected total payoff for coalition
S and wi(S) = di∑

j∈S dj
represents the data contribution

proportion. E(R(t)(S)) is given by

E(R(t)(S)) = Pr(S ∈ M(t)) ·R(t)(S), (4)

where Pr(S ∈ M(t)) is the probability of coalition S being
selected and R(t)(S) denotes the true payoff.

Since other coalitions’ bids are unknown (Che 1993), we
estimate E(R(t)(S)) using historical earnings by exponen-
tial moving average (EMA):

R̂(t)(S) =

{
αeR̂

(t−1)(S)+(1−αe)R
(t)(S), if S∈M(t),

R̂(t−1)(S), otherwise,
(5)

where αe is the EMA coefficient. Then, the auction-aware
payoff Ri(S) and auction-aware utility Ui(S) are

Ri(S) =
diR̂

(t)(S)∑
j∈S dj

(6)

and

Ui(S) =
diR̂

(t)(S)∑
j∈S dj

− Ci(S, θi), (7)

respectively. The preference function Pi(S), based on utility
Ui(S), is

Pi(S) =

{
Ui(S), if S /∈ h(i),

0, otherwise,
(8)

where h(i) contains the coalitions that client i has joined
when the client requests to join a new partition. This func-
tion reduces candidate coalitions, lowering computational
complexity (Saad et al. 2011). Clients generate preference
profiles Ri by comparing coalitions using Pi(S), resulting
in: S ⪰i T ⇔ Pi(S) ≥ Pi(T ). To reduce the computation
complexity and without loss of generality, clients in Dual-
GFL must use ≻i and ∼i only in their preference profiles.

Pareto-Optimal Partitioning Algorithm The lower-level
hedonic game aims to find a Pareto-optimal partition π∗ of
disjoint coalitions. We propose the POP algorithm to achieve
the goal. We define a partition as follows.
Definition 2. A partition π = {S1, S2, ..., SK} of N con-
sists of K disjoint coalitions, where Sk ̸= ∅,

⋃K
k=1 |Sk| =

N , and Sk ∩ Sl = ∅ for k ̸= l. Let π(i) = {S ∈ π : i ∈ S}
be the coalition player i is in. Let

∏
(N ) denote the collec-

tion of all coalition structures in N .
Pareto dominance is defined as follows.

Definition 3. A partition π Pareto dominates π′ if π ⪰i

π′ for any player i and if π ≻j π
′ for at least one player

j. A partition π is Pareto-optimal if no partition π′ Pareto
dominates it.

Algorithm 1: Pareto-Optimal Partitioning (POP)
Input: Preference profiles R = {Ri : i ∈ N}
Output: Pareto-optimal partition π∗

1 Initialize R⊤ = R;
2 Initialize R⊥ by replacing all ≻ in R with ∼;
3 π∗ = PerfectPartition(N ,R⊥);
4 for i ∈ N do
5 while R⊥

i ̸= R⊤
i do

6 R′
i = Refine(R⊥

i ,R⊤
i );

7 R′ = (R⊥
1 , ...,R⊥

i−1,R′
i,R⊥

i+1, ...,R⊥
n );

8 π = PerfectPartition(N ,R′);
9 if π ̸= ∅ then

10 π∗ = π;
11 R⊥

i = R′
i;

12 else
13 R⊤

i = R⊥
i ;

Definition 4. Given a preference profile R, a partition π is
perfect if for any player i, π(i) is the most preferred coali-
tion, i.e., π(i) ⪰i S for any S ∈ Ni.

Perfect partitions, the best for all players, usually do not
exist in federated learning. However, Pareto optimality can
be obtained by finding the perfect partition on relaxed pref-
erence profile (Aziz, Brandt, and Harrenstein 2013).

We first present the following theorem that characterizes
the relationship between the perfect partition and the Pareto-
optimal partition. The detailed proof of Theorem 1 can be
found in (Aziz, Brandt, and Harrenstein 2013).
Theorem 1. (Pareto-Optimal Partition) Let (N ,R⊤) and
(N ,R⊥) represent hedonic games where R⊥ ≤ R⊤, which
means that R⊤ has some preferences that are more strict
than the ones in R⊥. Suppose π is a perfect partition for
R⊥. Then π is Pareto-optimal for R⊤ if and only if there
exists a preference profile R ∈ [R⊥,R⊤] such that
1. π is perfect for R, and
2. no partition is perfect for any R′ where R < R′ ≤ R⊤.

Based on Theorem 1 and preference refinement in (Aziz,
Brandt, and Harrenstein 2013), we propose the Pareto-
optimal partitioning (POP) algorithm that accepts clients’
preference profiles and assigns clients to edge servers to
form a Pareto-optimal partition, as shown in Algorithm 1.

Initially, POP sets R⊤ to be the original preference pro-
files and R⊥ to be the relaxed version where all ≻ are re-
placed with ∼. The initial perfect partition π∗ is computed
using the PerfectPartition function on R⊥, which is guar-
anteed to exist. The PerfectPartition function matches the
mutual preferences of edge servers and clients by shuffling
preferences and iterating through preferred clients, adding
them to coalitions if the edge server is the client’s top choice.

POP then iteratively refines each player’s preference pro-
file from R⊥ towards R⊤. The Refine function gradually
changes indifferences to strict preferences, and PerfectParti-
tion seeks a perfect partition for the current profile. If found,
the partition is updated. This iterative process ensures the
final partition π∗ is Pareto-optimal for R⊤.
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Refine and PerfectPartition Functions
Function Refine(R⊥

i ,R⊤
i ):

Replace one ∼ in R⊥
i with ≻ towards R⊤

i ;
Function PerfectPartition(N ,R):

Initialize π with empty lists for each edge server;
Shuffle edge server preferences and search order;
for each edge server do

for each client in server’s preference list do
if server is client’s top choice then

Add client to server’s coalition;
if all clients are allocated then

return π
else

return ∅

Discussion of POP: POP returns a Pareto-optimal par-
tition. Since initial π∗ always exists and there is no partition
perfect for R′ where R < R′ ≤ R⊤ when POP termi-
nates. Theorem 1 ensures that POP returns a Pareto-optimal
partition. All the Pareto-optimal partitions can be found by
changing the iteration order in line 4 of Algorithm 1. For
computational efficiency, we only use the first one found.

POP algorithm runs in polynomial time. The computa-
tional complexity of POP is dominated by its iterative pro-
cess and the PerfectPartition function. With N clients and
K edge servers, the PerfectPartition function operates with
O(KN) complexity due to nested loops. The outer loop runs
N times, and each iteration of the while loop could run up to
(N−1) times, leading to an overall complexity ofO(KN3).

Upper-Level Multi-Attribute Auction with
Resource Constraints
We introduce the multi-attribute auction model, derive equi-
librium bids to maximize coalition utility, and propose an
algorithm to solve the coalition selection problem.

Multi-Attribute Auction Model We formulate the com-
petition among coalitions for training participation as a pro-
curement auction, in which the central server is the buyer
and K coalitions are the suppliers. The auction proceeds
as follows: 1. Each supplier independently places a multi-
dimensional bid containing price, qualities, and resource re-
quests. 2. The buyer calculates a score for each bid and se-
lectsM winners based on the scores under the resource bud-
get. 3. Winning bids are formalized into contracts, and win-
ners must deliver according to their bids.

Specifically, the bid of coalition k is formulated as Bk =
(Pk,Qk, Ek), where Pk ∈ R+ denotes the price, Qk =
(qk1 , q

k
2 , ..., q

k
l ) ∈ Rl

+ denotes the quality vector where each
entry represents a nonmonetary attribute, such as data vol-
ume, data quality, and delivery time. Ek denotes the re-
source request and we use communication bandwidth as the
resource in this paper.

The score for each bid is calculated using a scoring rule
h : Rl+1 → R, designed to reflect the buyer’s preferences.
We use a quasi-linear scoring rule:

h(Pk,Qk) = QT
kα− Pk, (9)

where α = (α1, α2, ..., αl) ∈ Rl
+ are quality weights. The

buyer aims to select winners maximizing the total score,
while suppliers aim to maximize profits by optimal bids.

Equilibrium Bids of Coalitions In the auction, each sup-
plier’s profit is the difference between the price and the cost
if its bid wins. The utility of a supplier is

πk(Pk,Qk) =

{
Pk − Ck(Qk, θk), if xk = 1,

0, if xk = 0,
(10)

where Ck(Qk, θk) denotes the total cost to provide quali-
ties Qk with private cost factor θk and xk ∈ {0, 1} is the
winning indicator. The total cost Ck(Qk, θk) is the sum of
members’ costs: Ck(Qk, θk) =

∑
i∈S Ci(S, θi).

Suppliers aim to maximize profit by optimizing bids. Con-
sider that supplier S is one of the winners in the auction with
a score ψk to fulfill under the scoring rule h(·). We can for-
mulate the utility maximization problem for the supplier as

max
Pk,Qk

πk(Pk,Qk) (P1)

s.t. h(Pk,Qk) = ψk. (P1a)

This can be converted to an unconstrained problem:

max
Qk

QT
kα− Ck(Qk, θk)− ψk. (P2)

Based on the scoring auction theory (Che 1993), we give
the solution to Problem P2 in Theorem 2.
Theorem 2. (Equilibrium Bid) The multi-attribute auction
with a quasi-linear scoring rule has a unique and symmetric
equilibrium bid for each supplier, given by

Q∗
k(θk) = argmax

(
QT

kα− Ck(Qk, θk)
)
,

P ∗
k (θk) = Ck(Q

∗
k, θk) + P̃ (Q∗

k, θk). (11)

Here, P̃ denotes the profit calculated by

P̃ (Q∗
k, θk) =

∫ θ

θ

Cθ(Q
∗
k(t), t)

[
1− F (t)

1− F (θk)

]N−1

dt,

where θk is independently and identically distributed over
[θ, θ] and F (·) is the cumulative distribution function.

The optimal qualities Q∗
k(θk) are computed based on the

scoring rule, independent of the fulfillment score ψk. The
optimal price includes cost and additional profit based on
optimal qualities and cost factor distribution.

Score Maximization Problem The buyer aims to select
winners who can maximize the total score, that is:

max
{xk}

K∑
k=1

xk
(
QT

kα− Pk

)
(P3)

s.t.
K∑

k=1

xk =M,
K∑

k=1

xkEk ≤ Emax,

xk = {0, 1}, ∀k ∈ [1,K],

where M denotes the number of winners and Emax denotes
the bandwidth budget.
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Dataset Method Total
Score

Avg. Client
Quality

Avg. Coalition
Quality

Avg. Client
Utility

Test
Accuracy

FMNIST
(0.6)

FedAvg - 1198.19 (1x) 1198.19 (1x) 125.92 (1x) 91.14 %
FedAvgAuc - 1581.94 (1.32x) 1581.94 (1.32x) 206.59 (1.64x) 89.54%
FedAvgHed 13.97 (1x) 1179.91 (0.98x) 6702.52 (5.59x) 225.01 (1.79x) 91.15%
DualGFLStat 343.84 (24.60x) 1209.09 (1.01x) 7833.43 (6.54x) 272.71 (2.17x) 90.93%
DualGFL 544.87 (38.99x)* 1271.56 (1.06x) 12470.54 (10.41x) 483.06 (3.84x) 91.36%

FMNIST
(0.1)

FedAvg - 1201.88 (1x) 1201.88 (1x) 109.77 (1x) 88.26%
FedAvgAuc - 2208.00 (1.84x) 2208.00 (1.84x) 255.21 (2.33x) 88.08%
FedAvgHed 10.21 (1x) 1200.10 (1.00x) 6814.46 (5.67x) 217.62 (1.98x) 86.46%
DualGFLStat 331.71 (32.50x) 1225.99 (1.02x) 7917.18 (6.59x) 261.28 (2.38x) 88.12%
DualGFL 516.29 (50.58x) 1331.40 (1.11x) 12473.63 (10.38x) 447.59 (4.08x) 88.43%

EMNIST
(0.1)

FedAvg - 697.08 (1x) 697.08 (1x) 4.43 (1x) 82.86%
FedAvgAuc - 1392.56 (2.00x) 1392.56 (2.00x) 16.42 (3.71x) 74.92%
FedAvgHed 325.95 (1x) 698.88 (1.00x) 6968.68 (10.00x) 28.01 (6.33x) 83.22%
DualGFLStat 615.96 (1.89x) 702.11 (1.01x) 8062.36 (11.57x) 33.36 (7.54x) 82.67%
DualGFL 938.72 (2.88x) 820.74 (1.18x) 12293.74 (17.64x) 55.38 (12.51x) 83.72%

CIFAR10
(0.1)

FedAvg - 995.67 (1x) 995.67 (1x) 77.14 (1x) 73.50%
FedAvgAuc - 1857.13 (1.87x) 1857.13 (1.87x) 188.29 (2.44x) 73.93%
FedAvgHed 238.49 (1x) 983.21 (0.99x) 5513.51 (5.54x) 180.18 (2.34x) 66.30%
DualGFLStat 293.33 (1.23x) 1044.23 (1.05x) 6761.98 (6.79x) 230.57 (2.99x) 73.17%
DualGFL 488.18 (2.05x) 1161.65 (1.17x) 11240.82 (11.29x) 420.56 (5.45x) 75.17%

Table 1: Performance comparison between DualGFL and baselines. The best performance in each data configuration is in bold.
“Total Score” does not apply to FedAvg and FedAvgAuc. Except for the metric “Total Score”, FedAvg is used as the benchmark.
For the metric “Total Score”, FedAvgHed is the benchmark. The improvement ratio in parentheses, such as (38.99x), denotes
the improvement with respect to the benchmark. Our DualGFL significantly improves server utility and client utility.

Problem P3 is a 0-1 Knapsack problem with a cardinal-
ity and a resource constraint, which is NP-hard. We propose
a greedy algorithm with a score-to-resource ratio to solve
the problem. The algorithm involves two steps: 1. Calculate
the score-to-resource ratio for each supplier: QT

k α−Pk

Ek
, and

sort suppliers in descending order. 2. Select winners from the
sorted list until M suppliers are chosen or Emax is reached.
The algorithm’s computational complexity is dominated by
the sorting step, resulting in efficient O(K logK) complex-
ity, making it suitable for large-scale applications.

Experiments
Datasets and Predictive Model: We use the FMNIST
(Xiao, Rasul, and Vollgraf 2017), EMNIST (Cohen et al.
2017), and CIFAR10 (Krizhevsky and Hinton 2009) datasets
for image classification tasks. We implement a shallow con-
volution neural network with two convolution layers as the
classification model in (Panchal et al. 2023).

Data Heterogeneity: To simulate real-world data in HFL,
which is none independently and identically distributed
(non-I.I.D.), we use Dirichlet data partitioning (Panchal
et al. 2023) to partition original datasets into clients’ pri-
vate datasets. We set multiple data configurations: FMNIST
(0.1), FMNIST (0.6), EMNIST (0.1), and CIFAR10 (0.1),
where values in parenthesis denote the Dirichlet parameters.

Network Simulations: We randomly generate graphs to
simulate the network topology. Edge servers are placed in a
grid with 100 km intervals, and clients are randomly placed
within this grid. The maximum coalition size is constrained
by a hyperparameter |S|max.

Metrics: We evaluate DualGFL using: Test Accuracy:

Prediction accuracy on test data. Total Score: Total score
of winning coalitions. Average Coalition Quality: Average
quality of winning coalitions. Average Client Quality: Av-
erage quality of winning clients. Average Client Utility:
Average utility clients gain from participation. Higher val-
ues in each metric represent better performance. Results are
averaged over three runs with different random seeds.

Baselines: We compare our DualGFL with the follow-
ing baselines: FedAvg (McMahan et al. 2017): The num-
ber of selected clients is adjusted to approximate the num-
ber of winning clients in DualGFL. FedAvg Auction (Fe-
dAvgAuc) (Thi Le et al. 2021): Only the auction game is
applied to FedAvg, where clients place bids directly without
forming coalitions. FedAvg Hedonic (FedAvgHed) (Aris-
dakessian et al. 2023): Only the hedonic game is applied to
FedAvg, where clients form coalitions, and the central server
randomly selects coalitions. DualGFL Statistics (Dual-
GFLStat): A variant of DualGFL where winning coalitions
are randomly selected according to their normalized scores.

System Parameters: For FMNIST (0.6), FMNIST (0.1),
and CIFAR10 (0.1), we generate N = 50 clients and K = 9
edge servers, selecting M = 3 coalitions in each round. The
maximum coalition size is |S|max = 10. For EMNIST (0.1),
we generate N = 1000 clients and K = 100 edge servers,
selecting M = 5 coalitions in each round. The maximum
coalition size is |S|max = 15. Each experiment is conducted
in T = 250 rounds, and clients update the model for I =
3 epochs using the SGD optimizer with a learning rate of
0.01 and momentum of 0.9. The batch size is set to 32. The
central server uses data size as the quality metric.
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Figure 2: Training dynamics of key metrics. (a), (b), (c), and
(d) show the cumulative average of client quality, coalition
quality, client payoff, and client utility, respectively.

Experiment Results
DualGFL shows superior performance in server utility,
including total score, average client quality, and average
coalition quality. As shown in Table 1, DualGFL achieves
improvements of at least 2.05 times in total score, 1.06
times in average client quality, and 10.38 times in average
coalition quality. DualGFLStat shows improvement over Fe-
dAvgHed, indicating that score-based selection is superior to
random selection for high-quality participants.

DualGFL significantly outperforms baselines in client
utility. DualGFL provides the highest average client utility,
achieving improvement up to 12.51 times over FedAvg. This
significant improvement demonstrates DualGFL’s effective-
ness in enhancing client welfare. DualGFLStat achieves
the second-best performance, suggesting that clients benefit
more from participating in the dual-level game of DualGFL
than single-level game methods.

DualGFL outperforms the baselines in test accuracy
across all settings. Although accuracy improvement is not
the primary objective, DualGFL shows strong accuracy per-
formance, especially in the CIFAR10 (0.1) setting with high
data heterogeneity, achieving approximately a 1.7% im-
provement in accuracy due to the selection of higher-quality
coalitions and clients.

Evaluating Training Dynamics DualGFL significantly
improves server and client utility, as shown by key metrics
obtained at the end of the training in Table 1. To understand
the performance improvement, we present training dynam-
ics for key metrics in the FMNIST (0.1) setting in Figure 2.
Specifically, Figures 2(a), 2(b), 2(c), and 2(d) show the cu-
mulative average of client quality, coalition quality, client
payoff, and client utility during the training, respectively.
Shaded areas indicate variations across three runs.

DualGFL effectively enhances participant quality.
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Figure 3: Impact of max size |S|max on the performance of
the coalition selection. (a) and (b) show the performance of
DualGFL and DualGFLStat, respectively.

There are distinct tiers in average client quality and coali-
tion quality from Figure 2(a) and 2(b), with FedAvgAuc and
DualGFL consistently selecting better quality clients. De-
spite having the highest client quality, FedAvgAuc shows
low coalition quality due to the lack of coalition formation.

Clients gain higher payoffs by joining higher-quality
coalitions. The average client payoff stabilizes as training
progresses, as shown in Figure 2(c), with consistent differ-
ences among methods, which explains the stable and linear
increase in client utility as shown in Figure 2(d). The distri-
bution of client payoff mirrors coalition quality except for
FedAvgAuc, indicating clients benefit from participating in
high-quality coalitions.

Ablation Study: Increasing the maximum coalition size
|S|max affects the performance of DualGFL. We conduct an
ablation study on |S|max in FMNIST (0.1) setting. Smaller
values produce more uniformly sized coalitions. We tested
|S|max ∈ [6, 8, 10, 15]. Figure 3 shows normalized values
for the total score, average client quality, average coalition
quality, and average client utility across different |S|max.

Larger |S|max produces higher average coalition qual-
ity but lower client quality. Larger |S|max increases size
discrepancy among coalitions. Coalitions with size advan-
tage are prone to win the auction, leading to higher aver-
age coalition quality. However, larger coalitions attract more
“free riders” with lower quality, causing a decrease in av-
erage client quality but still increasing average client util-
ity. The total score peaks at |S|max = 8, balancing client
movement among coalitions and avoiding the Matthew ef-
fect, where larger coalitions have a dominant advantage.

Conclusion
We introduced DualGFL, the first federated learning frame-
work combining a dual-level game to enhance both server
and client utilities. The lower level uses a hedonic game for
coalition formation, where we proposed an auction-aware
utility function and a Pareto-optimal partitioning algorithm.
The upper level formulates a multi-attribute auction game
with resource constraints, deriving equilibrium bids and
solving a score maximization problem for the central server.
Experiments show that DualGFL consistently outperforms
single-game baseline models across various metrics.
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