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Abstract—Federated Learning with Cloud-Edge Collaboration (FL-CEC) has emerged as a cutting-edge paradigm in distributed
learning. Efficient resource investment incentive mechanisms are crucial to encouraging clients in FL-CEC to contribute the necessary
data and computational resources for training. However, existing studies are inadequate in meeting the incentive design requirements
under multi-level information-sharing scenarios. Moreover, current works often rely on specific functional relationships between
resource investment and global model accuracy. To bridge these gaps, this paper investigates the incentive problem for data and
computational resource investment under multi-level information-sharing levels. We design a resource investment incentive mechanism
based on a weighted potential game without depending on any specific functional relationship between data investment and model
accuracy. Furthermore, we propose four algorithms to solve resource investment strategies for different levels of information sharing.
The complexity and convergence rates of the proposed algorithms are thoroughly analyzed. Finally, we construct a simulation
incentive platform on Aliyun. Extensive evaluations demonstrate that the proposed scheme effectively enhances social welfare, and
improves collaborative training accuracy and efficiency.
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1 Introduction

W ith the emergence of the Cloud-Edge Collabora-
tion (CEC) architecture, distributed learning under a

multi-dimensional CEC framework has gradually become a
prominent research area. Among these, Federated Learning
with CEC (FL-CEC) has evolved into a cutting-edge dis-
tributed learning paradigm [2]. FL-CEC has shown promising
application prospects in various fields, such as the Industrial
Internet of Things (IIoT), biomedicine, and the financial
industry [3], [4]. In FL-CEC, edge nodes collect data from
end devices and determine the strategies for data and com-
putational resource input to participate in the local training
process of the model. The cloud server acts as the coordination
center, responsible for distributing model parameters to the
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edge nodes and aggregating the model updates obtained from
the local training at the edge nodes, thereby realizing iterative
optimization of the global model [5]. However, the lack of
appropriate incentive mechanisms may lead to selfish behavior
among devices in FL-CEC, as they might be unwilling to
invest the required data and computational resources due to
concerns about resource consumption [6].

Efficient incentives for resource input are crucial to en-
couraging FL-CEC participants to contribute the necessary
data and computational resources actively. However, design-
ing efficient resource input incentive mechanisms faces two key
challenges. First, the level of information sharing among edge
devices varies, ranging from full to no sharing. For example,
clients may only share limited decision variable information
(such as resource input strategies), or they may make inde-
pendent decisions about resource input in a distributed envi-
ronment without sharing any decision variables or parameter
information. This variation increases the difficulty of model-
ing and solving for reasonable resource input strategies [4].
Second, due to network fluctuations and dynamic changes in
the participants’ available computational and data resources,
the overhead of collaborative training may vary dynamically.

Existing research on FL-CEC incentives has focused on
customer input evaluation [7], [8], fairness [9], personalized in-
centives [10], privacy overhead compensation [11], [12], hitch-
hike prevention, and social welfare maximization [13]–[16].
However, current studies are insufficient to address the in-
centive design requirements under multi-level information-
sharing challenges. Most existing work assumes that training
participants will disclose sensitive information, such as train-
ing costs and unit model performance gains, to evaluate better
and incentivize resource inputs and formulate strategies to
maximize individual benefits. Yet, in real FL-CEC scenarios,
participants may be reluctant to disclose such information due
to privacy concerns. In addition, existing research lacks com-
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prehensive consideration of the actual relationship between
resource input and model accuracy. Most existing work relies
on optimization methods and assumes an explicit relationship
between specific resource inputs and global model accuracy.
However, since model accuracy changes dynamically with
the training process, the actual form of this relationship is
often unknown. Therefore, existing incentive designs may not
accurately reflect the actual resource contributions of training
participants.

To bridge these gaps, we investigate the resource input
incentive problem under multi-level information sharing. Con-
sidering the advantages of game theory in characterizing
multi-agent interactions, we leverage potential game theory
[17] to design a resource input incentive mechanism based on a
weighted potential game1. This mechanism aims to encourage
edge devices to contribute reasonable data and computational
resources, balancing improvements in model accuracy with
training overhead, thereby enhancing social welfare.

Technically, we propose four algorithms to solve resource
input strategies following different levels of information shar-
ing and resource dynamics. Under global information sharing,
we introduce a Centralized algorithm based on Generalized
Benders Decomposition (CGBD) to derive near-optimal re-
source input strategies. In scenarios where only resource input
strategy information is shared, we propose a distributed algo-
rithm based on Dynamic Best Response (DBR) for weighted
potential games to achieve resource input strategies under
Nash equilibrium (NE), a stable state in which no player
can improve their utility by unilaterally changing their strat-
egy. Under no information sharing and dynamically changing
available resources, we propose a distributed algorithm based
on Multi-Agent Stochastic Learning (MASL), which uses an
adaptive search of the strategy vector to learn near-optimal
resource input strategies. Furthermore, in no-information-
sharing scenarios and aiming to ensure strict convergence
rate guarantees in non-stationary environments, we propose a
Multi-Agent Decentralized Policy Gradient (MAD-PG) algo-
rithm that integrates value function evaluation and strategy
function updates to improve the stability of resource input
strategies. Finally, we deploy a simulation incentive platform
using Aliyun Elastic Compute Service (ECS).

The main contributions are summarized as follows:

• Through pre-experiments, we explore the potential
relationship between data input and the accuracy of
the trained global model. We propose an incentive
mechanism based on a weighted potential game and
construct a multi-variable potential function to char-
acterize the interactions among training participants,
without assuming any specific functional relationship
between data input and model accuracy.

• The proposed CGBD algorithm ensures theoretically
near-optimal resource investment strategies through
centralized potential function optimization. In con-
trast, the DBR algorithm achieves low-complexity
strategy solutions via distributed best response, requir-

1. A type of non-cooperative game where a weighted potential
function exists, ensuring that the change in individual utility resulting
from a player’s strategy adjustment can be linearly mapped to the
change in the potential function, thereby guaranteeing the existence
of a pure strategy Nash equilibrium [1]

ing only decision information sharing2. Additionally,
the MASL and MAD-PG algorithms leverage stochas-
tic learning and policy gradients, respectively, to ad-
dress strategy optimization in complex scenarios with
no information sharing and dynamic environmental
changes. Theoretical analyses validate the complexity
and convergence of the proposed algorithms.

• We develop an incentive platform using Aliyun ECS,
enabling clients to decide their resource inputs au-
tonomously. Moreover, we design and implement a
smart contract prototype on the platform to realize
automated and credible incentive delivery.

• Extensive experimental results based on the real plat-
form and datasets demonstrate that, compared to
existing baselines, the proposed scheme effectively im-
proves overall social welfare and enhances collaborative
training accuracy and efficiency.

Paper Organization. Section 2 summarizes relevant
work. Section 3 describes the system model. Section 4 presents
our designed incentive mechanism. Section 5 proposes four
algorithms suitable for three levels of information sharing.
Section 6 describes the designed platform and evaluates the
experiments. Section 7 concludes this paper.
2 Related work
In the realm of collaborative distributed training in CEC,
scholars have applied contract theory, game theory, and auc-
tion theory to design adaptive incentive mechanisms. For
instance, in the edge-end cooperative federated learning sce-
nario, Le et al. [18] and Yuan et al. [19] employed auction
theory to maximize social welfare and minimize energy costs,
respectively, by converting the incentives between edge servers
and mobile devices into auction problems. Deng et al. [20]
proposed an auction-based quality-aware incentive mechanism
to enhance the training efficiency of FL-CEC. Ng et al. [21]
adopted evolutionary game theory to model the dynamic
selection process of data owners in their engagement with
training clients. Similarly, Khan et al. [22] modeled the inter-
action between the central server and the wireless devices as
a two-layer Stackelberg game to incentivize clients to invest
resources in training. Lastly, Ding et al. [23] designed an
adaptive incentive mechanism based on contract theory to
balance model performance and incentive cost. Other mecha-
nisms focused on maximizing social welfare by analyzing client
interactions in competitive markets [9], [24]. Furthermore,
blockchain and smart contracts have been utilized to provide
trusted incentives [25], [26]. For instance, scholars have used
blockchain-based reputation records and smart contract-based
mechanisms to guarantee trusted and automatic distribution
of incentives [10], [13]. There are also several other incen-
tives designed to improve collaborative training by rationally
assessing a client’s resource contribution [7], [8], building
personalized models [27], maximizing social welfare [14]–[16],
and compensating for privacy expenses [11], [12]. For example,
Yu et al. [9] investigated the impact of authenticity and market
competition on incentive design in CEC multiparty machine
learning. Additionally, Tang et al. [15] proposed a public good-
based incentive mechanism to motivate clients to provide
more computational resources but overlooked the amount of
local data clients should invest in training. Chen et al. [28]

2. The source code is available at https://github.com/sato-kenji-
dby/PFLlib-Framework.
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addressed the problem of hitchhiking between clients through
rational profit distribution and Multi-player Multi-action Zero
Determinant (MMZD) but did not guarantee credible incen-
tives for collaborative training. Furthermore, Zhang et al. [14]
considered a client’s long-term involvement to determine the
optimal data input strategy. However, their mechanism relied
on the assumption of a data-accuracy function specific to a
model type. In summary, the aforementioned incentive designs
either assume a specific functional relationship between data
input and model accuracy [14]–[16] or overlook the diversity
in the degree of information sharing. Consequently, these
incentive mechanisms do not apply to dynamic distributed
training scenarios under CEC.

On the other hand, reinforcement learning (RL)-based
approaches exhibited potential in distributed training with
CEC, such as RL-driven blockchain adaptive sharding mecha-
nisms [29]. Zhang et al. [30] proposed a Multi-Agent Reinforce-
ment Learning (MARL) framework for federated learning,
which optimizes processing latency and model accuracy by
selecting high-quality clients. Guo et al. [31] presented a
centralized RL-based approach that improves the accuracy of
training models by adaptively adjusting the size of the subset
of participants and the training batch’s size. Similarly, Zhang
et al. [32] developed a MARL algorithm for FL-CEC that
reduces energy consumption and accelerates the convergence
of training by efficiently allocating training participants and
managing resources. Moreover, Zhan et al. [33] proposed
a centralized RL-based approach that instructs clients to
adaptively invest computational resources to minimize the
total overhead of training, which includes the weighting of
training time and energy consumption. In resource-limited
systems, Zheng et al. [34] proposed an algorithm based on the
deep deterministic policy gradient (DDPG) to balance energy
consumption and the accuracy of trained models. In contrast
to existing RL-based approaches to improve collaborative
training in FL-CEC, we integrate incentive design, automated
execution of incentives, and trustworthy guarantees in the
context of information sharing across various degrees.

In summary, our work is distinctive because: (1) we con-
sider the dynamics of available resources and training over-
head in FL-CEC, as well as the challenges of incentivizing
resource contributions under varying levels of information
sharing; (2) we construct an innovative incentive mechanism
based on a weighted potential game, without relying on any
specific data-accuracy function; (3) we propose four algo-
rithms to address the resource input strategy problem under
different levels of information sharing. These algorithms solve
multi-variable complex potential functions without depending
on a specific data-accuracy function relationship.

3 System Model

This section provides an overview of the system, including the
payoffs obtained through co-training, the impact of data re-
source input on accuracy, and the training overhead involved.

3.1 Overview

We consider a FL-CEC framework, illustrated in Fig 1, com-
prising a cloud server (model aggregation node) and multi-

Fig. 1: Overview of FL-CEC, illustrating the interactions among edge
servers, i.e., clients, the cloud server, and the incentive mechanism based
on smart contracts. The training workflow includes 1) edge servers collect-
ing local data; 2) the cloud server distributing the global model; 3) edge
servers training the model using local data; and 4) the trained updates are
uploaded and aggregated by the cloud server.

ple edge servers (clients).3 We denote the set of clients as
O = {oi}i∈N , where N is the set of clients’ identification
numbers. Each client possesses computational and data re-
sources. Specifically, let Si denote client oi’s local dataset with
|Si| as its size, and let F

(m)
i denote the total computational

resource of oi. To participate in co-training, oi must contribute
at least Dmin|Si| data, where 0 < Dmin ≤ 1, otherwise the
global model will be unavailable to oi. During co-training,
clients decide what proportion of their available data and
computational resources to use, to maximize individual rev-
enue. After training, each client oi signs a smart contract
and receives corresponding benefits based on the incentives
designed. The detailed mechanism is provided in Section. 4.1
- 4.2.

The co-training process can be divided into several stages,
detailed below, and the corresponding time overheads. 1)
Model downloading: Each client oi downloads the global
model from the model aggregation node, which costs oi an
average time represented by T

(1)
i . 2) Local training: Each

client oi selects a portion of the dataset, i.e., the di|Si|
data volume and the fi computational resources to perform
local training and obtain a locally updated model. Denoting
the weight of the global model as w, then the local loss
function [1] of oi, denoted as Li(w), can be calculated as
Li(w) = 1

|Si|
∑

x
(k)
i ∈Si

l
(
w, x

(k)
i

)
, where x

(k)
i means the kth

data sample in Si, and l(w, x
(k)
i ) is the loss on w and x

(k)
i .

oi’s average time spent on local training can be calculated
as T

(2)
i (di, fi) = ηidi|Si|

fi
, where ηi is the computational

intensity, presenting the computational resources required for
processing a unit amount of samples. 3) Model uploading:
Each client oi uploads the updated local model wi to the
model aggregation node, which costs oi an average time
represented by T

(3)
i . 4) Model aggregation: The model

aggregation node updates the global model using the FedAvg
algorithm [35], with the loss [1] calculated as

L(w) =

|N |∑
i=1

[
di|Si|∑|N |

k=1 dk|Sk|
]Li(w). (1)

Therefore, to ensure efficiency, completion of the training
process within the designated deadline τ is specified such that

3. As edge servers and cloud servers play crucial roles in FL-CEC,
we focus on interactions between the edge nodes and the cloud node
in our discussion, without expanding on the end-edge data collection
process.



IEEE TRANSACTIONS ON COMPUTERS, VOL. , NO. , NOV 2025 4

T
(1)
i + T

(2)
i (di, fi) + T

(3)
i ≤ τ holds for each client.

3.2 Training Revenue

Based on the decision di for data input, client oi submits
data of amount di|Si| to obtain a highly accurate global
model. Let d−i = {dj}j 6=i,j∈N denote the tuple of data
input strategies for all clients except oi. The loss of model
accuracy for oi can be expressed as A (di,d−i), where a
lower value of A (di,d−i) indicates higher model accuracy
[14], [15]. Specifically, the data-accuracy function P (di,d−i)

4

can be expressed as the difference between the value of model
accuracy loss A(0) when not involved in training and the
accuracy loss after inputting data for training [14], [15], i.e.,
P (di,d−i) = A(0) − A (di,d−i). Therefore, the revenue
earned by oi from the global model can be expressed as
piP (di,d−i), where pi > 0 is defined as oi’s profit factor, i.e.,
the revenue earned by oi from a unit improvement in global
model performance [36].

In cases where the loss function L(w) exhibits strong
convexity and all client data is independently and identically
distributed (IID), P (di,d−i) grows as di|Si| increases, but
at a diminishing rate [15]. Building on these observations and
prior research [14], [37], we assume that the first and second
derivatives of the data-accuracy function

∂P (di,d−i)

∂di
≥ 0,

∂2P (di,d−i)

∂d2i
≤ 0. (2)

Similarly, when client data is not independently and identi-
cally distributed (non-IID), we assume that P (di,d−i) satis-
fies ∂P (di,d−i)

∂di
≥ 0.

To assess the impact of di on P (di,d−i), we conduct ex-
periments with classical models such as ResNet-18, AlexNet,
Densenet, and MobileNet in the CIFAR-10, FMNIST, SVHN,
and EuroSat datasets [38], [39]. Specifically, the “ResNet-
CIFAR10” curve highlights the performance improvement
achieved with increasing data input in a highly complex visual
dataset, with analogous patterns observed for “DenseNet-
EuroSat”, “AlexNet-FMNIST” and “MobileNet-SVHN”. The
preliminary results shown in Fig 2- 3 confirm the above
assumption.

3.3 Data-Accuracy Function

Non-convex function. In scenarios where the client data
distribution is uneven or the data quality is unstable,
the assumption of convexity for the data-accuracy function
P (di,d−i) is no longer valid. Therefore, we extend P (di,d−i)
to account for the non-convex case, i.e.,

P (d′i,d−i)− P (di,d−i) ≥ 0,∀d′i ≥ di, d
′
i, di ∈ R. (3)

The properties above suggest that, in most cases of client data
distribution, a larger amount of data input by the client leads
to higher accuracy of the global model, even when the data
distribution is uneven or the data quality is unstable.

Implicit function. Explicitly capturing the correlation
between the amount of data {di,d−i} invested by the client
and the accuracy of the global model P (di,d−i) may be
difficult, particularly in practical co-training environments
where the data-accuracy function is often implicit.4. The global model accuracy is not only dependent on di,d−i, but
also on the number of training iterations and data quality, which are
considered as system constants here when analyzing the functional
relationship between di,d−i and P (di,d−i) [14].
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Fig. 2: Relationship between data input and accuracy with the amount
of data input {|Sk

i |}i∈N ∈ [2000, 20000], and data inputs for all clients
except oi fixed at di′ = 0.5, where di′ ∈ d−i.

(a) |N | = 2 (b) |N | = 5

Fig. 3: Data input vs. accuracy under the non-IID setting, where each
client holds 3000 samples. For 2-client setups (k = 1 ∼ 5), Client 1 holds
labels k/2 ∼ k, and Client 0’s labels are proportional (e.g., k = 10: [0],
[0, 1, 2, 3]). For 5-client setups (k = 6 ∼ 10), Clients 1 ∼4 follow a Dirichlet
distribution (α = 0.5), and Client 0’s labels are proportional.

3.4 Training Overhead
Clients participating in the training process must not only
provide data and computational resources but also face var-
ious types of training overheads, such as privacy overheads,
computational energy overheads, and communication energy
overheads [4]. Our focus is on the energy consumption and
communication overhead of the training process. The en-
ergy consumption overhead can be calculated as Ecomp

i =
κf2

i ηidi|Si| [4], [33], where κ represents the effective capaci-
tance of the computing chip, ηi is the energy factor. Addition-
ally, the communication energy consumption can be expressed
as Ecomm

i = EDLT
(1)
i + EULT

(3)
i , where EDL and EUL

denote the communication overhead per unit time of the client
during the model download and upload phases, respectively.
Thus, the training overhead of client oi can be calculated as 5

4 Incentive Mechanism Design
In this section, we present an incentive mechanism based on
payoff redistribution and model clients’ interactions as a non-
cooperated game, specifically, a weighted potential game.

4.1 Mechanism Design
The goal of the mechanism is to encourage each client to par-
ticipate in training with the optimal resource input strategy
and collaboratively enhance the performance of the global
model. Based on payoff redistribution, the client oi with less
resource input will transfer a portion of its revenue to the
client oj with more resource input according to specific rules.
Definition 1 (Payoff Redistribution). We define γ as the
incentive intensity, representing the price per unit of input
resource. The payoff redistribution that client oi receives from
client oj is denoted as ri,j and can be expressed as follows:

5. In the FL-CEC, communication overhead is impacted by the
wireless access method and network architecture [5]. Meanwhile,
training overhead may dynamically change due to network fluctua-
tions and variations in the computational and data resources available
to clients.
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ri,j = γ (ri − rj) , (4)
where ri , di|Si| + λfi measures oi’s resource input, with a
constant λ > 0 unifying resource units. Thus, the total payoff
redistribution received by oi is Ri =

∑
j∈N ri,j .

Under the proposed incentive mechanism, the payoff of
client oi integrates the model accuracy revenue, energy over-
head, and payoff redistribution, and can be represented as:
Ci(πi,π−i) = piP (di,d−i)−$eEi +Ri

= piP (di,d−i)−$e

(
κf2

i ηidi|Si|+ E
(comm)
i

)
+

∑
j∈N

ri,j , (5)

where $e is the energy consumption coefficient, πi = {di, fi}
represents the resource input strategy for client oi, and π−i =
{πj}j 6=i,j∈N represents the tuple of strategies for all other
clients except oi. Therefore, the social welfare of the entire
system is

∑
i∈N Ci(πi,π−i).

The mechanism above aims to encourage each client to
invest data and computing resources to enhance the perfor-
mance of the global model while fulfilling individual rational-
ity, computational efficiency, and budget balance. We provide
the following definitions for these three properties.
Definition 2 (Individual Rationality). Individual Rationality
(IR) implies that the utility of any client at a Nash equilibrium
{πNE

i ,πNE
−i } is non-negative, i.e., Ci(π

NE
i ,πNE

−i ) ≥ 0.

Definition 3 (Computational Efficiency). Computational Ef-
ficiency (CE) indicates that the incentive mechanism should
have a manageable computational complexity and be executed
efficiently in polynomial time.

Definition 4 (Budget Balance). Budget Balance (BB) im-
plies that incentives are self-sustaining without external incen-
tives. That is, the total amount of payoff redistribution is zero,
i.e.,

∑
i∈N Ri = 0.

4.2 Prototype Design
To ensure automatic and trustworthy execution of the payoff
redistribution between clients without the involvement of a
third party, we designed a prototype based on smart contracts,
as shown in Fig 4. The smart contract automatically executes
the payoff redistribution ri,j , thereby preventing malicious
behavior of refusing to do so. Additionally, the smart contract
records the redistribution results to the blockchain, estab-
lishing a trustworthy incentive mechanism. In case of client
disputes, these recorded results can be used as a basis for
arbitration and enforced.

As illustrated in Fig 4, the smart contract process consists
of three steps. Firstly, each oi is registered into the smart
contract and simultaneously makes a margin deposit denomi-
nated in Ethereum virtual currency by invoking the Deposit()
function6. After the training phase, the client oi submits its
optimal resource input configuration {d∗i , f∗

i } to the smart
contract by invoking the ContributeSubmit() function7.
Subsequently, the smart contract computes the payoff through
the CalculatePayoff() function, redistributes it through the
PayoffRedistribution() function, and returns the margin
proportionally. With the proposed mechanism, the proceeds’

6. Functions defined in the smart contract can be interacted with
by external applications in Ethereum through the application binary
interface (ABI) [1].

7. The authenticity of {d∗i , f∗
i } submitted by the client can be con-

firmed by the Trusted Execution Environment (TEE), a penalization
mechanism, or past gradient contributions, which are beyond the
scope of this work [1].

Smart Contract

Block i-1
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Block i
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Blockchain

1

  2
       Sign

2

1

    3

Fig. 4: Prototype Based on Smart Contracts.

redistribution is automatically and credibly executed without
the involvement of any third party, while the optimal resource
input strategy {d∗i , f∗

i } is recorded on the local blockchain
by invoking the ProfileRecord() function to ensure the
traceability of the payoff redistribution.
4.3 Weighted Potential Game Model
Given its ability to represent interactions among distributed
clients, we employ game theory to analyze the optimal re-
source inputs of the clients. We model the interaction among
clients as a non-cooperative game and further prove that it is
a weighted potential game.

Each client oi determines its resource input strategy πi =
{di, fi} to maximize its payoff, taking into account the other
clients’ strategies π−i, which can be formalized as

max
πi

Ci(πi,π−i)

C
(1)
i : di ∈ [Dmin, 1],

C
(2)
i : fi ∈ [F

(1)
i , . . . , F

(m)
i ],

C
(3)
i : T

(1)
i + T

(2)
i (di, fi) + T

(3)
i ≤ τ,

(6)

where C
(1)
i and C

(2)
i ensure the feasibility of the resource

strategy, and C
(3)
i stipulates that the average time oi spent

on training must not exceed a given duration τ .
Then, the game G can be formalized as G = {O,π, C},

where π is the set of strategies for all clients, and C is the set
of utility functions {Ci(πi,π−i)}i∈N .
Definition 5 (Nash equilibrium and ε-Nash equilibrium).
A strategy profile π∗ = {π∗

i }i∈N is the Nash equilibrium
(NE) of a game G if no client oi can increase its utility by
unilaterally deviating from its strategy, i.e. Ci(π

∗
i ,π

∗
−i) ≥

Ci(πi,π
∗
−i),∀πi,∀i ∈ N , or an ε-Nash equilibrium π∗ if no

oi can increase its payoff by ε by unilaterally deviating from its
own strategy, i.e., Ci(π

∗
i ,π

∗
−i) ≥ Ci(πi,π

∗
−i)−ε,∀πi,∀i ∈ N .

4.4 Existence of Nash Equilibrium (NE)
Definition 6 (Potential game and potential function). A
potential game is a special type of non-cooperative game, in
which the impact of changes in any player’s strategy on its
payoff can be mapped to the variation of a global value, which
thereby defines a potential function [17]. Any set of resource
input strategies that locally maximizes the potential function
represents a strategy under the NE8.
Definition 7 (Weighted potential game). A game G is clas-
sified as a weighted potential game if there exists a potential
function U(πi,π−i) that satisfies the following equation for
all clients, i.e., zi [U(πi,π−i)−U(π′

i,π−i)] = Ci(πi,π−i)−
Ci(π

′
i,π−i), where zi represents a positive scaling factor.

NE strategy always exists in a weighted potential game [17]
with a bounded potential function, as the change in

8. The theory of potential games states that if a properly con-
structed potential function exists in a non-cooperative game, it can
measure the impact of players’ strategy changes on the overall system
value (potential value) [17]. The process of achieving NE in the game
corresponds to the process of the potential function reaching its local
optimum.
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Ci(πi,π−i) resulting from strategy bias for any client oi is
proportional to the change in U(πi,π−i), with the positive
scaling factor zi.
Theorem 1 (Weighted potential game). The game G is a
weighted potential game with the potential function given by
(7), which guarantees the existence of a pure strategy NE in
the game G.

U(π) = P (di,d−i)−
∑
i∈N

[
$eκf

2
i ηidi|Si|
pi

− (n− 1)γri
pi

]
.

(7)

Proof. Refer to Appendix for the detailed proof.

5 Algorithm Design
In this section, we propose algorithms to address each of the
three levels of information sharing. These algorithms aim to
solve for the near-optimal resource input strategy.

5.1 Centralized Algorithm CGBD
To address the case of full information sharing among clients,
we propose the Centralized Generalized Benders Decomposi-
tion (CGBD) algorithm. As previously mentioned, solving for
a potential game’s Nash equilibrium involves finding the po-
tential function’s global maximums. Therefore, we formalize
the problem as follows:

max
π

U(π)

s.t. C(1)
i , C

(2)
i , C

(3)
i ,∀i ∈ N ,

(8)

where π = {πi = {di, fi}}i∈N is the set of strategies for
all clients. The problem (8) is a Mixed-integer Nonlinear Pro-
gramming (MINLP) problem for any data-accuracy function
P (di,d−i) mentioned in Section 3.2, where the presence of
the f2

i term makes it non-convex. However, if fi is fixed while
P (di,d−i) is a convex function, then (8) can be transformed
into a convex problem.

To solve (8) in a way that ensures near optimality, we
propose the CGBD algorithm, which does not depend on any
exact form of the data-precision function. Through CGBD,
(8) can be decomposed into a primal problem and a master
problem, as shown in (9) and (11), which can be solved
alternatively. Denoting the number of iterations as k, the
primal Problem can be expressed as follows:

min
d
−U(d,f (k−1))

s.t. di ∈ Xi, ∀i ∈ N ,

T
(1)
i + T

(2)
i (di, f

(k−1)
i ) + T

(3)
i ≤ τ, ∀i ∈ N ,

(9)

where Xi , [Dmin, 1]. According to Lemma 1, (9) is a
convex problem. By solving (9), we can obtain the optimal
value−U(d(k),f (k−1)) and Lagrange multiplier vectors u(k).
Therefore, the Lagrangian function of (9) can be represented
as L∗

(
d(k),f ,u(k)

)
= U

(
d(k),f

)
+ u(k)TG

(
d(k),f

)
,

where G
(
d(k),f

)
= {T (1)

i + T
(2)
i (d

(k)
i , fi) + T

(3)
i − τ}i∈N .

It is important to note that not all f (k−1) lead to a feasible
primal problem. If problem (9) is not feasible at particular
values of f (k−1), we consider the following problem:

min
{d,ζ}

ζ

s.t. G
(
d,f (k−1)

)
≤ ζ,d ∈ X , ζ ≥ 0,

(10)

where X = X1 × · · · × X|N |, di ∈ Xi. Specifically, ζ > 0
indicates that problem (9) is infeasible, otherwise it is feasible.
By solving (10), we can also obtain its Lagrange multiplier

vector λ(k), which yields a Lagrangian function for (10), i.e.,
L∗

(
d(k),f ,λ(k)

)
= λ(k)T

(
G

(
d(k),f

)
− ζ

)
.

Let V(k)
fea and I(k)inf denote the set of feasible and infeasible

iteration indices, respectively. Then, the master Problem can
be represented as:

min
{f ,ϕ}

ϕ

s.t. ϕ ≥ L∗
(
d(k)
v ,f ,u(k)

v

)
, ∀v ∈ V(k)

fea,u
(k) � 0,

0 ≥ L∗

(
d(k)
v ,f ,λ(k)

v

)
, ∀v ∈ I(k)inf ,f ∈ F ,

(11)

where F = F1 × · · · × F|N |, fi ∈ Fi , [F
(1)
i , . . . , F

(m)
i ].

V(k)
fea and I(k)inf are dynamically updated in each iteration.

By alternatively solving the primal problem (9) and the
master problem (11) until the upper bound UB(k) and the
lower bound LB(k) satisfy the convergence condition, i.e.
UB(k) − LB(k) ≤ ε, where ε is the precision error, we can
obtain the global solution to problem (8). The complete run-
ning process of CGBD is presented in Algorithm 1. Lemma 1
analyzes the convexity of (9) (proof omitted for simplicity).
Lemma 1 (Convexity Analysis). For any f (k−1) ∈ F , the
primal problem defined in (9) is a convex problem.

As per Lemma 1 (proof can be found in [1]), d(k) and u(k)

can be acquired, and the corresponding value of the objective
function −U(d(k),f (k−1)) can have a precision error within
δ > 0 [40]. Since problems (9) and (10) possess similar
structures, the interior point method (IP) [40] can be also
employed. The master problem defined in (11) is a mixed-
integer programming (MIP) problem, which is tackled by
enumerating the feasible values of f (k) in this work. Here
we directly present several lemmas regarding the convergence,
optimality, and computational complexity of CGBD [1].
Lemma 2 (Termination within a finite number of iterations).
The CGBD algorithm terminates in a finite number of steps
for any given ε > 0, even if ε = 0.

Lemma 3 (Near-optimality). The CGBD algorithm yields a
solution (δ + ε)-optimal for the optimization problem (8).

Lemma 4 (Complexity Analysis). When solving the master
problem using the enumeration method, the computational
complexity of Algorithm 1 is O(Im|N |), where I ≤ K. When
solving the master problem using the IP method, the computa-
tional complexity of Algorithm 1 is O

(√
|N |m log

(
|N |m

δ

))
.

The proofs of Lemma 1 to Lemma 4 can be found in [1]. It
is worth noting that CGBD can theoretically achieve a near-
optimal solution for the resource allocation strategy. However,
CGBD requires complete sharing of resource investment strate-
gies πi, i ∈ N , profit factor pi, i ∈ N , energy consumption
factor ηi, i ∈ N , and other information among all clients to
perform centralized optimization. Therefore, CGBD is appli-
cable to scenarios with full global information sharing.
5.2 Distributed Algorithm DBR
As demonstrated in Lemma 3, CGBD can result in (δ + ε)-
optimal solutions. However, its execution requires centralized
controllers and depends on global information sharing, which
can be problematic for distributed clients. To address this
issue and enable client autonomous decision-making in co-
training scenarios with limited information sharing, we pro-
pose a distributed algorithm called dynamic best response
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Algorithm 1: Centralized algorithm based on gen-
eralized Benders decomposition (CGBD)

Input: Iteration index k = 0, precision error ε,
UB(0) =∞, LB(0) = −∞, and f (0) ∈ F .

Output: Near-global solution πNE = {d∗,f∗}.
1 while UB(k) − LB(k) > ε and k < K do
2 k ← k + 1;
3 if primal problem (9) is feasible then
4 Solve (9) with f (k−1) to obtain d

(k)
v , u(k)

v ,
L∗(d

(k)
v ,f ,u

(k)
v );

5 else
6 Solve problem (10) to obtain d

(k)
v , u(k)

v , and
L∗

(
d
(k)
v ,f ,λ

(k)
v

)
;

7 UB(k) ← min{UB(k−1),U(d(k),f (k−1))};
8 Solve the master problem (11) to obtain f (k), ϕ∗;
9 Update the lower bound LB(k) ← ϕ∗.

10 Return the global solution πNE = {d∗,f∗}.

(DBR) for weighted potential games, as introduced in [41].
The definition of best response is provided below.
Definition 8 (Dynamic best response for weighted potential
games). Given other clients’ strategies, π−i, oi determines its
best response (BR) as the resource investment strategy that
maximizes its gains in this stage, which is expressed as

π′
i = arg max

di∈Xi,fi∈Fi

Ci (πi,π−i) . (12)

The GBD-based algorithm can be utilized to obtain the
best response of oi by solving (12), which has a similar
structure to (8). Then, by iteratively updating the players’
strategies to the best responses, the Nash equilibrium of
the potential game can be realized in finite steps [17]. The
procedure of DBR is presented in Algorithm 2.

Notably, the difference between DBR and CGBD lies in
the fact that DBR enables clients to autonomously determine
their resource input πNE without relying on a centralized
parameter server, requiring only the resource input decision
information of the clients. This is because the best-response
strategy solution for each client does not depend on the cost
information of other clients. As shown in Algorithm 2, solving
the best-response strategy for DBR only requires sharing the
decision information of the clients. In other words, DBR is
suitable for scenarios where only partial information is shared.
Additionally, even if P (di,d−i) is non-convex, DBR can still
obtain a resource input strategy under Nash equilibrium as
long as (6) still satisfies the properties of the potential game.

As the convergence of BR-based algorithms has already
been established [17], we focus solely on the computational
complexity of Algorithm 2. Compared to CGBD, the com-
plexity of DBR is reduced from exponential to polynomial,
specifically, O(TL|N |m), where, T ≤ H and L ≤ I.
Theorem 2 (Individual rationality, budget balance, and
computational efficiency.). The proposed incentive mechanism
satisfies the conditions of individual rationality (IR), budget
balance (BB), and computational efficiency (CE).

Proof. Refer to Appendix for the detailed proof.
5.3 Multi-Agent Stochastic Learning Algorithm
As discussed in Section 5.2, the DBR algorithm can achieve
NE in polynomial time in a distributed manner, relying solely

Algorithm 2: Distributed algorithm based on dy-
namic best response (DBR)

Input: {π(0)
i }i∈N , where d

(0)
i = Dmin, f

(0)
i = F

(m)
i ,

decision time slot t← 0.
Output: Resource input strategy profile of Nash

equilibrium πNE .
1 while t < H do
2 t← t+ 1;
3 Calculate each client oi’s best response π′

i with GBD
algorithm;

4 if π′
i 6= π

[t−1]
i then

5 Update oi’s strategy π
[t]
i ← π′

i;
6 if no client changes resource input strategy then
7 break;

8 return πNE = {d∗,f∗}.

on the sharing of decision-making information among clients.
However, in real-world CEC training scenarios, clients may
still hesitate to share it. Moreover, if the data distribution
among clients is non-uniform, it may be difficult to identify
an explicit data-accuracy function P (di,d−i) that accurately
captures its correlation with {di,d−i}. Furthermore, network
fluctuations and changes in computational and data resources
owned by clients may cause dynamic variations in the training
overhead. All these challenges necessitate adaptive incen-
tive algorithms suitable for real co-training in information-
unshared and dynamic environments.

Fortunately, distributed stochastic learning, the algorithm
that enables game players to achieve the NE in a dynamic
environment [42], provides a promising solution to the afore-
mentioned challenges. Therefore, we propose a Multi-Agent
Stochastic Learning (MASL) algorithm, which can obtain
approximately optimal resource contribution strategies in a
distributed manner within dynamic environments. This is
achieved without prior knowledge of the data-accuracy function
and without the need to share resource contribution strategies
with other clients, making it suitable for scenarios where
information is not shared.

In Algorithm 3, the resource input strategy for each
client {π̂t

n}t∈T is discrete. Specifically, π̂t
n , {d̂tn, f t

n}, where
d̂tn ∈ {Dmin, Dmin + e, . . . , Dmin + qe}, with e ∈ R as
the step interval, Dmin + qe < 1, q ∈ N, and P (di,d−i)
being implicit. At each time slot t ∈ T , the client oi deter-
mines its resource inputs based on its strategy probability
vector wt

n , {wt
n,π̂n
}π̂n∈An

, where An is the space of on’s
strategy. Subsequently, on updates its probability vector to
wt+1

n with the corresponding reward, Ctn(π̂t
n), obtained from

the dynamic training environment at the (t + 1)th time slot.
Here, lrtn = bHn (Ctn(π̂t

n)) represents an adaptive step size
that varies with the time slot, where b ∈ [0, 1] is the learning
rate, and Hn(·) is a function that maps the reward Ctn(π̂t

n) to
interval [−1, 1], with ςπ̂t

n
as a unit vector whose π̂t

nth element
is 1. The sampling probability of the optimal resource input
policy, π̂t

n, for each on is increased if it yields higher rewards.
Following multiple rounds of client-environment interactions,
this probability of π̂NE

n is updated to one.

Theorem 3 (Convergence rate). The number of iterations
required for MASL to reduce UW 0 −UWNE

to 1
|T | of its origi-

nal value is log |T |
log ρ̄ . Here, ρ̄ represents the average convergence

rate, W , {wn}n∈N , and WNE , {wNE
n }n∈N denotes the
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Algorithm 3: Multi-agent stochastic learning
Input: Time slot t← 0, each client on’s strategy

probability vector wt
n = ( 1

V
, . . . , 1

V
), where

V = (q + 1)m.
Output: Near-optimal strategy probability vector

WNE , {wNE
n }n∈N .

1 while t = 1, 2, . . . , |T | and there are still client adjusting
their resource input strategies do

2 Each client on decides the resource input strategy
π̂t
n = {d̂tn, f t

n} according wt
n.

3 Each client on evaluates its respective reward Ctn
according to (5).

4 Each client on updates the strategy probability
vector wt

n: wt+1
n = wt

n + lrt(ςπ̂t
n
−wt

n).

5 Return WNE , {wNE
n }n∈N .

strategy probability vector under NE. The expectation of the
potential function is defined as follows:
UW = Eπ̂∼W ,θ∼η[U(π̂, θ)]) = Σ

π̂∈A
Eθ∼η[U(π̂, θ)] Π

n∈N
wn,π̂n ,

(13)
where π̂ , {π̂n}n∈N , A , {An}n∈N , θ represents the
environmental parameter, and η signifies its distribution.

Proof. Refer to Appendix for the detailed proof.

5.4 Multi-Agent Decentralized Algorithm Based on Policy
Gradient MAD-PG
Although MASL is suitable for scenarios without information
sharing, its reliance on stochastic updates may lead to slow
convergence in rapidly changing environments. Fortunately,
techniques like importance sampling from off-policy enable
an agent to better leverage the experience in episodic tasks
[4], [43]. To ensure fast decision-making and reduce the num-
ber of iterations in highly dynamic settings, we propose a
multi-agent decentralized algorithm based on policy gradient
(MAD-PG). As detailed in Algorithm 4, MAD-PG is based
on the policy gradient method, combining value function
evaluation and policy function updates to achieve rapid and
robust convergence in non-stationary environments. Next, we
introduce the concept of average reward potential games, key
properties of MAD-PG.
Definition 9 (Average reward potential games). An average
reward potential game is a subset of an average reward Markov
potential game (AMPG), in which there is a potential function
Φ(·) that holds the property that
Φ(Wi,W−i)− Φ(W ′

i ,W−i) = ρ
Wi,W−i

i − ρ
W ′

i ,W−i

i , (14)

where ρWi , lim inf
T→∞

1
T Eπ̂∼W ,θ∼η[

T−1
Σ
t=0

Ci(π̂i, π̂−i, θ)] is the
long-term average reward9.

To quantify the process of approaching the NE of the
game, we define the Nash-gap and Nash-regret as

Nash-Gap(t) , max
i

max
Wi

(RWi,W
t
−i

i −RW t
i ,W

t
−i

i ),

Nash-Regret(T ) ,
1

T

T−1

Σ
t=0

Nash-Gap(t),

Nash-Regret∗(T ) ,
1

T

T−1

Σ
t=0

[Nash-Gap(t)]2.

(15)

It is apparent that, with Nash-Regret(T ) ≤ ε, the
ε-Nash equilibrium can be achieved by selecting t∗ =
arg mint Nash-Gap(t) and W = W t∗ .

9. In this work, ρŴi = Eπ̂∼W ,θ∼η [Ci(π̂, θ)]. Moreover, the potential
function Φ is equivalent to U , as defined in Section 5.3. For consis-
tency, we denote ρŴi as RŴ

i .

Algorithm 4: Multi-agent decentralized algorithm
based on policy gradient

Input: {αt
i}i∈N , {βt

i}i∈N , oi’s action space Ai, buffer
size M , batch size N , the parameters for
strategy function network (πi), ω0

i , and value
function network (Vi), ξ0i , and the buffers Bi

initialized, the decision step t← 0.
Output: The strategy set πNE .

1 while t < T do
2 Each oi sample projected an action at

i ∈ Ai with its
probability πi(a

t
i, ω

t
i).

3 Each oi observes its utility Ct
i.

4 Each oi replaces the oldest record in Bi with
(at

i, πi(a
t
i, ω

t
i),Ct

i).
5 Each oi randomly selects N records from Bi.
6 Each oi updates its strategy function by

ωt+1
i ← ωt

i + βt
i

N

Σ
j=1

(Ctj
i − Vi(ξ

t
i))

∇ωi
πi(a

tj
i ,ωt

i)

πi(a
tj
i ,ω

tj
i )

.

7 Each oi updates its value function by

ξt+1
i ← ξti+αt

i

N

Σ
j=1

(Ctj
i −Vi(ξ

t
i))

πi(a
tj
i ,ωt

i)

πi(a
tj
i ,ω

tj
i )
∇ξiV (ξti)).

8 t← t+ 1.
9 Return πNE , {arg maxai πi(ai, w

t
i)}i∈N ;

Lemma 5. Suppose a function f is bounded below and L-
smooth, i.e., ||∇fθ(ω) − ∇fθ(ω′)||2 ≤ L||ω − ω′||2, where θ
is a random variable following a distribution given by η.Then,
if we use stochastic gradient descent with a constant step size
α small enough, i.e., ωk+1 = ωk − α∇ωfθk |ωk , the error at
iteration t is O( 1√

tα
).

Proof. Please refer to Appendix.
Theorem 4 (Bounded Nash-Regret analysis for MAD-PG’s
convergence). Suppose the environment has an LU -smooth
potential function U(·) and bounded variance for the reward
functions. Let the learning rate of the policy function network
be β = 1

LU
, and the learning rate of the value function network

be a constant α. Define the lower bound of the strategy proba-
bility as pmin. When running Algorithm 4, the Nash-Regret

is bounded by O
(

1
pmin

√
Tα

)
.

Proof. Please refer to Appendix.
In Algorithm 4, the strategy function networks {πi}i∈N

have parameter sets {ωt
i}i∈N to model the probability distri-

butions of clients’ resource input strategies, which can be in
continuous or discrete spaces. Each client oi has a value func-
tion network Vi(ξ

t
i) to estimate the expected reward under the

current strategy. At each time step t ∈ T , client oi samples
an action ati (corresponding to a resource input strategy)
according to πi(a

t
i, ω

t
i), observes the immediate reward Cti ,

and stores the tuple (ati, πi(a
t
i, ω

t
i), Cti ) into its local buffer Bi.

Subsequently, N records are randomly selected from Bi to
update the strategy and value function networks using impor-
tance sampling and actor-critic methods. As the probability
of selecting high-reward strategies increases with iterations,
the approximate optimal strategy should correspond to the
point with the highest long-term average reward. When the
strategy distributions of each client gradually stabilize, their
corresponding long-term average rewards and the potential
function extrema ensure that the strategies remain at or near
the approximate Nash Equilibrium.

6 Experiments and Results
In this section, we conduct experiments and implement a
platform using Aliyun ECS.
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TABLE I EXPERIMENT SETTINGS

Parameters Values
pi N(1000, 200)
|Si| N(4× 103, 0.8× 103)
fi N(3× 109, 0.6× 109) Hz
κ [2× 10−28, 5× 10−27]

CPU cycles per sample 5× 106

Time constraint τ N(500, 100)

6.1 Experimental Settings and Baselines
We conduct simulation experiments using a Dell server (In-
tel(R) Xeon(R) CPU E5-2630 v4@2.20GHz and 128GB RAM,
with Ubuntu 18.04.6 as the operating system) to evaluate the
performance of the proposed mechanism in terms of social wel-
fare and convergence rate. To avoid restricting the proposed
mechanism to a specific model-dataset combination, we utilize
the accuracy loss function [15], [37] that has been widely
employed in previous literature. We consider the following
state-of-the-art baselines10:

• DBR Without Payoff Redistribution (WPR) [15]: The
clients receive revenue solely from the performance of
the global model, and the incentive does not involve
the payoff redistribution term.

• DBR with Greedy Computation Allocation,
(GCA) [28]: The clients greedily invest computational
resources based on a linear multiple of the amount of
data resources invested to meet the time constraint.

• Finite Improvement Property based Scheme
(FIP) [44]: In this scheme, the Nash equilibrium
is achieved through a finite set of update strategies.
Unlike DBR, the data resource input variables under
the FIP scheme are highly discrete.

• Optimal Resource Scheme (ALL-In): Each client pro-
vides all local data and computational resources re-
gardless of training time constraints. 11

• Better Response with inertia dynamics (BRI) [45]:
This approach is model-free, meaning it does not make
assumptions about the utility function. However, an
amount of repetitive sampling of resource input strate-
gies is required.

6.2 Smart Contract-Based Incentive Platform on Aliyun
We design and implement a prototype to evaluate the pro-
posed mechanism’s performance regarding real-world training
efficiency. Specifically, a small simulation platform consist-
ing of ten client instances and one model aggregation node
instance equipped with 2.5GHz and 32vCPU is constructed
using Aliyun ECS, as depicted in Fig. 5. We use the Py-
torch 1.13.1 framework and CUDA 11.3 to co-train using
three real model-dataset combinations, including ResNet18-
MNIST, AlexNet-CIFAR10, and GoogleNet-SVHN. To ensure
a fair comparison between different baseline schemes, a fixed
total number of data samples is maintained for each model-
dataset type in the local training stage. The computation

10. The comparisons between the proposed algorithms and the
baselines are equitable as the total payoff redistribution in all schemes
is zero and no supplementary incentives are introduced.

11. Since the value of the potential function and resource input
strategy are fixed under this scheme, ALL-In lacks the dynamic
interaction process of the potential game. Therefore, it is used as a
comparison scheme for co-training performance, and only analyzed in
the accuracy and training efficiency experiments.

Fig. 5: Incentive Results of the Smart Contract based Prototype
Implemented on Aliyun ECS.

resource allocation is primarily on GPUs by setting the appli-
cation clock using the NVIDIA System Management Interface
(Nvidia-semi-ac).

Furthermore, we implement a customized incentive pro-
totype on the private blockchain of Ethereum, based on the
smart contract prototype designed in section 4.2. The pro-
totype is written in 41 lines of Solidity and facilitates data
interaction between the client and the smart contract through
Web3 API, and real-time querying using web3.eth API.
6.3 Performance Analysis and Evaluation
Fig. 6 depicts the dynamic potential function value under
various schemes. We observe that all schemes converge to
the NE of the weighted potential game. CGBD achieves the
highest potential function value with a relatively small gap
with DBR. This result validates the proposed mechanism’s
effectiveness, which provides a fair payoff redistribution and
develops a more efficient resource input strategy for each
client.

Fig. 7 demonstrates the dynamic process of client pay-
off under DBR. In each iteration, DBR enables clients to
autonomously determine their optimal amount of data and
computational resource inputs. After approximately 25 it-
erations, the clients’ returns gradually converge to a Nash
equilibrium. Notably, DBR achieves the Nash equilibrium in
a distributed manner and is suitable for co-training scenarios
where information about resource input strategies is shared.

Fig. 8 displays the social welfare under different schemes.
CGBD achieves the highest social welfare, followed by DBR.
This is because CGBD and DBR steer the client’s resource
investment strategy towards the optimal direction by redis-
tributing payoffs, thereby promoting higher social welfare
compared to WPR. Furthermore, FIP can only provide a sub-
optimal resource investment strategy with a limited strategy
space. Compared to GCA, DBR improves social welfare by
approximately 18.4%. This is because, although GCA can
satisfy the training time constraint, it determines the amount
of computational resource inputs using a greedy approach,
resulting in a suboptimal solution for the strategy.

Fig. 9 and Fig. 10 depict the effect of incentive inten-
sity on social welfare under DBR and MAD-PG, respec-
tively. As shown, when the incentive intensity increases from
4.78× 10−10 to 1.13× 10−8, social welfare initially increases
and then decreases. This demonstrates that a single increase
in incentive intensity does not always improve social welfare.
This is because while a higher incentive intensity may moti-
vate the client to invest more resources in improving the global
model accuracy, it also increases training overhead. Addition-
ally, the optimal incentive intensity varies depending on the
algorithm’s characteristics. Moreover, even when evaluating
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under DBR.

Fig. 13: Dynamic Convergence
Process of Value of Potential
Function at Different Learning
Rates under MASL.

MAD-PG’s performance based on the strategy profile with the
highest probability, social welfare still experiences significant
fluctuations during the near-convergence period due to MAD-
PG’s persistent exploration characteristic.

Fig. 11 demonstrates the impact of different incentive
intensities on social welfare under other schemes. Since WPR
does not redistribute payoffs, incentive intensity does not
affect WPR. The figure shows that for all schemes except
WPR, social welfare initially increases and then decreases
with increasing incentive intensity, which supports the re-
sults in Fig. 9 and Fig. 10. Additionally, DBR achieves the
highest social welfare through payoff redistribution and pre-
cise resource investment strategies compared to the baseline
schemes. Furthermore, MASL slightly outperforms MAD-PG,
and both achieve excellent social welfare close to FIP without
sharing any information.

Fig. 12 depicts the joint effect of energy consumption coef-
ficient and incentive intensity on social welfare under the DBR
algorithm. The figure also shows a similar non-monotonic
effect of the incentive intensity on social welfare. Additionally,
as the energy consumption coefficient increases, social welfare
decreases, demonstrating the non-negligible impact of training
overhead on social welfare. By combining the results of Fig. 11
and Fig. 12, it can be observed that appropriate values of
incentive intensity maximize social welfare.

Fig. 13 demonstrates the convergence process of the po-
tential function under MASL, where each client adjusts its
resource input strategy solely through reward feedback with-
out sharing any strategy information among clients. Fig. 18
illustrates the dynamic process of the payoff of five clients
when the number of clients N is 10 under MASL. It can be
observed that, unlike Fig. 6, the convergence process of the
potential function of MASL exhibits more drastic fluctuations
caused by the rapid update of the resource input strategy
in a dynamic environment. However, Fig. 13 indicates that
MASL still achieves potential function values close to DBR
despite the dynamic environment, demonstrating that MASL
can effectively adapt to the dynamic environment and achieve
adaptive incentives without shared decision information.

Fig. 14 illustrates the convergence of data resource in-
vestment strategy d1 and computational resource investment

strategy f1 for client 1 during the operation of MASL. In-
terestingly, increased computational resource investment does
not always enhance overall social welfare, as it also implies
higher training costs. It can be observed from the figure that,
despite the lack of information sharing among clients, they
can still improve social welfare by adaptively updating their
resource investment strategies during the MASL operation.

From a microscopic perspective, fig. 15-16 illustrate the
evolution of strategies dynamics of clients under the proposed
incentive mechanism. As the unit model performance gain
coefficient of Client1 increases, other clients’ resource input
initially rises and stabilizes. This is because when p1 increases,
Client1 is motivated to invest more data to improve model
accuracy, driven by the prospect of higher returns. Other
clients benefit from the accuracy improvement. This indicates
that the incentive mechanism effectively encourages resource
investment, enhancing overall social welfare. Subsequently,
due to diminishing marginal returns, the resource input of
other clients tends to stabilize. The results in Fig. 17 clearly
illustrate the impact of $e on the average data contribution d̄.
As $e increases, d̄ consistently decreases across all schemes,
reflecting that a higher $e discourages clients from investing
data resources. Notably, WPR experiences a sharp decline
in data contribution when $e ≥ 2.5. In contrast, MASL
and MAD-PG maintain higher d̄ even under no informa-
tion sharing, demonstrating the effectiveness of the proposed
mechanism in incentivizing data contributions, even at higher
$e values.

Fig. 19 examines the impact of the number of clients N
on the average payoff. The average payoff is computed as
the social welfare averaged over the number of clients. In
this experiment, the average data size of the clients remains
constant, resulting in a linear increase in total data input with
the number of clients. As depicted in the figure, the average
gain of clients increases as the number of clients increases from
4 to 15, but the growth rate slows down. This is because more
data input enhances the accuracy performance of the global
model, thereby increasing the client’s gain from the global
model. However, as data input continues to increase, there is
a diminishing marginal utility of accuracy growth, and linear
gain growth cannot be sustained, which is consistent with the
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Fig. 14: Convergence Process of
Client 1’s Resource Input Strat-
egy.

Fig. 15: Impact of pi on the
Computational Resources Input
varies Across Clients.

Fig. 16: Impact of pi on the
Data Contributions From Differ-
ent Clients.

Fig. 17: Impact of $e on Aver-
age Data Contribution d̄.

Fig. 18: Dynamic Process of
Clients’ Payoffs.

Fig. 19: Impact of Number of
Clients on Average Revenue.

Fig. 20: Effect of Learning
Rate on Convergence Speed un-
der MASL.

Fig. 21: Social Welfare of MASL
Compared to DBR and MAD-
PG.

Fig. 22: Running Time among
MASL, MAD-PG, and DBR for
Different Number of Clients.

Fig. 23: Training Loss of Dif-
ferent Schemes on ResNet18-
MNIST.

Fig. 24: Training Loss of
Different Schemes on AlexNet-
CIFAR10.

Fig. 25: Accuracy Performance
of Different Schemes on Different
Model-Datasets.

marginal effect of co-training.
Fig. 20 illustrates the impact of different learning rates on

the convergence rate of MASL. The figure demonstrates that
the effect of the learning rate on the MASL convergence rate is
nonlinear, and a learning rate of 1×10−6 results in a relatively
fast and stable convergence rate, which is consistent with the
results of Fig. 13.

Fig. 21 displays the social welfare of different schemes in
a dynamic co-training environment. The DBR algorithm is
executed with information sharing among all clients, while
MASL, MAD-PG, and BRI are without information sharing.
In a dynamic collaborative environment, the same resource
input strategy may result in different benefits due to the
changing training overhead. The figure shows that even with-
out shared information and a highly dynamic environment,
MASL and MAD-PG achieve social welfare close to that of
DBR. Moreover, although MASL requires more iterations to
converge than MAD-PG, it achieves higher social welfare with
a smaller variance at convergence. Additionally, compared to
the BRI algorithm, which also does not require information
sharing, MASL improves social welfare by about 15.6%. The
results in Fig. 21 demonstrate that MASL can achieve excel-
lent social welfare while realizing adaptive incentives even in
a dynamic environment without shared information.

Fig. 22 displays the running time of the proposed MASL,
MAD-PG, and DBR algorithms on the hardware platform and
software environment described in Section 6.1. As the size of
the clients grows from 2 to 25, the operation time of all al-
gorithms increases accordingly. However, the running time of
MASL is lower than that of DBR, and significantly lower than
that of MAD-PG. This advantage becomes more pronounced

as the number of clients increases. For instance, when there
are 25 clients, MASL reduces the running time by up to 39.8%
compared to DBR and even 90.4% compared to MAD-PG.
The number of clients has less impact on the running time
of the MASL algorithm compared to DBR since it does not
require clients to exchange resource input strategies. Instead,
clients obtain reward feedback directly from the environment
and adaptively update the probability vector of the strategy
to learn the near-optimal resource input strategy. In contrast,
MAD-PG’s deep-learning-based characteristics require high
parallel computing performance and more iterations on up-
dating parameters, even if it can sample less experience. As a
result, when the frequency of interaction with the environment
is high, MASL has a temporal advantage over MAD-PG.

Figs. 23 to 25 demonstrate the training efficiency and accu-
racy performance of the different schemes on real models and
datasets. The results demonstrate that DBR improves both
training efficiency and accuracy in comparison to FIP, WPR,
and GCA. For instance, on ResNet18-MINIST, DBR enhances
accuracy by 7.7% over WPR. Among all schemes, DBR’s
performance is closest to that of ALL-In. However, ALL-In
overlooks training overhead, which restricts its application in
resource-limited FL-CEC. Also, DBR compensates the client
rationally through payoff redistribution, incentivizing them
to invest more resources in achieving fast convergence and
high accuracy. It is worth mentioning that on the AlexNet-
CIFAR10 pair, MASL outperforms DBR in terms of both ac-
curacy and training efficiency, albeit slightly. This is because,
although MASL has a smaller search dimension than DBR in
terms of the decision variable of data resource input, it is more
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adaptive to fluctuations in training overhead in dynamic envi-
ronments. Therefore, MASL may perform slightly better than
DBR in such environments. This also explains the reason why
MAD-PG’s performance is below that of MASL, which is con-
sistent with the results in Fig. 21. Moreover, despite the ab-
sence of clients’ strategy information sharing, MASL achieves
accuracy and training efficiency comparable to DBR on two
model-dataset combinations, namely ResNet18-MINIST and
GoogleNet-SVHN. In general, the DBR and MASL algorithms
significantly enhance the accuracy performance of the trained
global model compared to other baselines.

7 Conclusions
In this work, we design a novel incentive mechanism for FL-
CEC and construct a multi-variable potential function based
on a weighted potential game to describe the interaction
of resource investment strategies. To handle the challenges
of diversified information-sharing levels and environmental
dynamics, we propose four algorithms: a GBD-based algo-
rithm, a weighted potential game best-response algorithm, a
distributed stochastic learning algorithm, and a policy gradi-
ent based algorithm, to solve for near-optimal resource input
strategies. We analyze the convergence and complexity of the
proposed algorithms. Furthermore, we develop an incentive
platform using the Aliyun ECS, enabling automated incentive
distribution through smart contracts. Extensive evaluation
results demonstrate that the proposed scheme effectively en-
hances social welfare and improves the performance of col-
laborative training compared to baselines. In future work, we
plan to integrate privacy-preserving protocols in FL to meet
clients’ data security and privacy needs.
8 Appendix
8.1 Proof of Theorem 1
Proof. Suppose oi changes its strategy from πi = {di, fi} to
π′
i = {d′i, f ′

i}, while the tuple of strategies for the other clients
π−i remains unchanged. In this case, the potential function
takes the form U(π′), where
U(π′) = P

(
d′i,d−i

)
− $eκf

′2
i ηid

′
i|Si|

pi
+ (n− 1)

γri
pi

−
∑

j∈N ,j 6=i

$eκf
2
j ηidj |Sj |
pi

+ (n− 1)
∑

j∈N ,j 6=i

γrj
pj

.
(16)

By subtracting (16) from (7), we obtain
U(π)−U(π′)

=
P (d′i,d−i)

pi
− P (di,d−i)

pi
+

$eκf
′2
i ηid

′
i|Si|

pi
− $eκf

2
i ηidi|Si|
pi

+ (n− 1)(
γr′i
pi
− γri

pi
)

=
1

pi

[
Ci(πi,π−i)− Ci(π

′
i,π−i)

]
,

(17)
which completes the proof of Theorem 1.
8.2 Proof of Theorem 2
Proof. Given π̃i = {Dmin, fi} for i ∈ N and pi, we can easily
determine some γ so that Ci(π̃i,π−i) remains non-negative.
Under Nash equilibrium, it follows that Ci(πNE

i ,πNE
−i ) ≥

Ci(π̃i,π−i) ≥ 0, thereby satisfying individual rationality. As
per (4),

∑
i∈N Ri = 0, indicating that the proposed mech-

anism satisfies budget balance without external incentives.
Additionally, as stated earlier, the computational complexity
of Algorithm 2 is O(TL|N |m), ensuring a polynomial time

execution for the incentives. Hence, the proposed mechanism
is computationally efficient.

8.3 Proof of Theorem 3
Proof. Given other clients’ strategy probability vectors W−n,
when on select strategy π̂n, the expectation of on’s payoff can
be computed by using (5) as follows:

RW−n
n (π̂n) = Eπ̂−n∼W−n,θ∼η[Cn(π̂n, π̂−n, θ)]

=
∑

π̂−n∈A−n

Eθ∼η[Cn(π̂n, π̂−n, θ)]
∏
n′ 6=n

wn′,π̂n′ ,
(18)

where wn′,π̂n′ is on′ ’s probability of selecting the strategy π̂n′ .
Correspondingly, the expected value of the potential function
for it can be calculated as

UW−n
n (π̂n) = Eπ̂−n∼W−n,θ∼η[U(π̂n, π̂−n, θ)]. (19)

Using (19) and the convergence theorem [42] and
with Hn(·) = γn(·), we can calculate the differ-
ence in the expectation of the potential function
between two-time slots as UW t+1 − UW t

=

b Σ
n∈N

(γnCovπ̂n∼W t
n
[UW t

−n
n (π̂n) ,R

W t
−n

n (π̂n)] ).
Given the weighted potential game 12, Theorem 1 implies
UW t+1

− UW t

= b Σ
n∈N

γnpnVarπ̂n∼W t
n
[UW t

−n
n (π̂n)]. (20)

With (20), the average convergence rate ρ̄ can be computed as
ρ̄ =

√
ρt=0ρt→∞, where ρt is defined as:

ρt =
UW t+1

− UWNE

UW t − UWNE
= 1 +

UW t+1

− UW t

UW t − UWNE

= 1 +
b Σ
n∈N

γnpn(Eπ̂n∼W t
n
[(UW t

−n
n (π̂n))

2]− (UW t

)2

UW t − UWNE +O(b)
.

(21)

Using w0
n,π̂n

= 1
(q+1)m , we can compute ρ0 as:

ρ0 = 1 +
b

2(q + 1)NmN Σ
π̂∈A

(U(π̂)− UWNE )
Σ

n∈N
γnpn

Σ
π̂n,π̂′

n∈An

( Σ
π̂−n∈A−n

(U(π̂n, π̂−n)−U(π̂′
n, π̂−n)))

2.

(22)

When t → ∞, we can assume, for simplicity, that
lim
t→∞

wn,π̂NE
n

(t) = 1 − ε and lim
t→∞

wn,π̂n 6=π̂NE
n

(t) = ε
(q+1)m−1 ,

where ε→ 0+. Then

ρ∞ ≈ 1 + b
Σ

n∈N
γnpn Σ

π̂n∈An

(UWNE
−n

n (π̂n)− UWNE

)2

Σ
n∈N

Σ
π̂n∈An

(UWNE
−n

n (π̂n)− UWNE )
. (23)

Consequently, we can determine the number of iterations
required for MASL to reduce UW 0 − UWNE

to 1
|T | times its

original value as log |T |
log ρ̄ , which completes the proof.

8.4 Proof of Lemma 5
Proof. Since f is L-smooth, we have

Eθ∼η

[
fθ(ω

k+1)
]
≤ fθk (ω

k)− α||∇ωfθk |ωk ||22

+ α2L

2
Eθ∼η

[
||∇ωfθ|ωk ||22

]
.

(24)

Then there is
t

Σ
k=1

(α− α2L

2
)Eθ∼η

[
||∇ωfθ|ωk ||2

]
≤

t

Σ
k=1

Eθ∼η

[
fθ(ω

k−1)
]

−
t

Σ
k=1

Eθ∼η

[
fθ(ω

k)
]
,

(25)which indicates
min

k=0,1,...,t−1
Eθ∼η

[
||∇ωfθ|ωk ||2

]
≤

Eθ∼η

[
fθ(ω

0)− fθ(ω
∗)
]

k(α− α2 L
2
)

,

(26)
12. Our proposed MASL algorithm is also applicable to ordinal

potential games, where U(π) > U(π′) ⇔ Ci(πi,π−i) > Ci(π
′
i,π−i).

This property indicates a positive covariance between them.
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where ω∗ is the optimal value that minimizes f .
With ( 26), an O( 1√

tα
)-stationary point exists among the t

iterations.

8.5 Proof of Theorem 5.4
Proof. Denote W ∗,t

i as oi’s optimal strategy probability vec-
tor and W̃ t as that updated with real gradient. For conve-
nience, let client oi have the largest Nash gap. Then according
to the work [ [46] Theorem 1], we have
Nash-regret∗unbiased(T ) =

1

T

T−1

Σ
t=0

(RW
∗,t
i ,W̃−i

i −RW̃
i )2 ≤ 32LUCU

T
(27)where CU = maxW ,W ′ |U(W )− U(W ′)|. Hence,

Nash-regret(T ) = 1

T

T−1

Σ
t=0
|RW

∗,t
i ,W t

−i

i −RW t

i |

≤ 1

T

T−1

Σ
t=0

(|RW
∗,t
i ,W t

−i

i −RW̃ t
i ,W

t
−i

i |+ |RW̃ t
i ,W

t
−i

i −RW t

i |)

≤
√

32LUCU

T
+

1

T

T−1

Σ
t=0
|RW̃ t

i −RW t

i |,
(28)

where W t is the strategy learned from the sampled gradient.
RW̃ t+1

i −R
W t+1

i ,W t+1
−i

i =

〈
Ai

W t+1

, W̃i
t+1 −W t+1

i

〉
≤ κ||W̃i

t+1 −W t+1
i ||1 ≤ κβ||g̃ti − ĝti ||1,

(29)

where the expectation of advantage function is de-
fined as Ai

W
(π̂i) , RW−i

i (π̂i) − RŴ
i , with κ ,

maxi,W minb∈R ||Ai
W

+ b||∞, which evaluates its deviation.
If the strategy π̂i is selected N times in a batch, then
||g̃ti − ĝti ||1 ≤

Amax

pmin
max
π̂i

|Ai
W t

(π̂i)− Ci,π̂i + R̂
W t

i (ξt)|

≤ Amax

pmin
max
π̂i

(|RW−i

i (π̂i)− Ci,π̂i |+ |R
W t

i − R̂W t

i (ξt)|,
(30)

where Ci,π̂i
, 1

N

N
Σ

k=1
Ci(π̂i, π̂−i,k, θk) and and R̂W t

i (ξt)

is the estimated long-term average reward at time
slot t with parameter ξt. The upper bound of vari-
ance due to the dynamic environment is defined as
σ2 , maxi maxπ̂i,W−i

Varπ̂−i∼W−i,θ∼η[Ci(π̂i, π̂−i, θ)], Ci,π̂i

almost follows a normal distribution with variance less than
σ2

N , with a large N according to the central limit the-
orem. Additionally, with Lemma 5 and taking fθ(ξ

t) =
(Ci(π̂t

n, π̂
t
−n, θ)− R̂W t

i (ξt))2 with some L, in this case,
Eθ∼η

[
||g̃ti − ĝti ||1

]
≤ Amax

pmin
(

σ√
N

+O( 1√
tα

)). (31)

Otherwise, ||g̃ti − ĝti ||1 ≤ Amax

pmin
maxπ̂i

|Ai
W t

(π̂i)| ≤ κAmax

pmin
.

In conclusion,

Eθ∼η[Nash-Regret(T )] ≤ O(
√

1

T
) +O( 1

pmin
)

+O( 1

pmin

√
Tα

) = O( 1

pmin

√
Tα

).

(32)

Although this proof is for the exact potential game with
discrete action spaces, it also applies to weighted potential
games or some ordinal potential games even with continuous
action space similarly.
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