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Abstract

Asynchronous Federated Learning (AFL) is acclaimed for ac-
celerating collaborative training on heterogeneous systems
by eliminating the wait for stragglers. While current solu-
tions focus on improving convergence amidst update delays,
they neglect how delayed aggregation fosters free-riding at-
tacks, allowing malicious clients to easily extract the global
model without contribution. This behavior results in signif-
icant fairness issues and performance degradation. To ad-
dress this challenge, we propose OPTION, the first online
pricing strategy tailored to mitigate free-riding in AFL. OP-
TION establishes an economic model in which access to
model updates is purchased using credits earned from veri-
fied contributions. Specifically, OPTION values each model
update according to its marginal performance gain and train-
ing cost, and subsequently necessitates a download fee from
each client based on the Hotelling model to prevent zero-cost
acquisition. Moreover, OPTION rewards clients for success-
ful updates under non-arbitrage constraints, effectively bal-
ancing individual utility and task budget. To maximize the
average model performance while satisfying these conditions,
OPTION leverages the Lyapunov drift framework and a prob-
abilistic sampling-based algorithm to optimize the pricing pa-
rameters. Extensive experimental results on three real-world
datasets demonstrate that OPTION effectively mitigates free-
riding attacks in AFL, increases the number of valid updates
by at least 23.97%, and achieves a model accuracy improve-
ment of at least 3.01% compared to state-of-the-art baselines.

Introduction
Federated Learning (FL) enables collaborative model train-
ing with decentralized data while preserving privacy. How-
ever, its deployment is challenged by client heterogeneity,
a problem especially pronounced in wireless environments
such as the Internet of Things, with its diverse computation
resources, or mobile health, where user participation varies
(Kairouz et al. 2021; Wang et al. 2022). In recent years,
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Asynchronous Federated Learning (AFL) has emerged, al-
lowing clients to participate in aggregation asynchronously,
enabling the server to proceed without waiting for slower
clients (Xu et al. 2023). Despite its advantages, AFL’s asyn-
chronous and decentralized nature exposes it to security
threats, particularly free-riding attacks. In these attacks, ma-
licious or non-cooperative clients obtain the global model
without contributing valuable parameters (Wang et al. 2024;
Zhang et al. 2021), which not only undermines the model’s
performance but also exacerbates fairness and motivation
challenges (Fraboni, Vidal, and Lorenzi 2021).

Current research on free-riding primarily focuses on Syn-
chronous FL (SFL) and regulates client behavior through in-
centive mechanisms. For instance, (Zhang, Ma, and Chen
2022) employed game theory to study client behavior and
discourage free-riders after detecting attacks. Additionally,
(Tang, Peng, and Wong 2024) developed a blockchain-based
incentive mechanism that accelerates convergence speed by
rewarding participating clients. Although these approaches
mitigate free-riding to some extent in SFL, they inherently
assume that the server dominates global aggregation. There-
fore, existing work on free-riding in SFL is not applicable to
scenarios, where clients update parameters online.

Different from SFL, AFL typically provides clients with
greater flexibility in determining the timing and frequency
of model updates. Preventing free-riding in AFL still faces
the following significant challenges.
• Non-periodical aggregation. In AFL, clients asyn-

chronously upload their local updates, facing partici-
pation costs that fluctuate in real time with volatile
network conditions where available upload bandwidth
can plummet unexpectedly, and connections may suf-
fer from severe packet loss and jitter (Korhonen and
Wang 2005). This dual unpredictability renders existing
incentive mechanisms, which often rely on synchronous
rounds or static pricing, largely ineffective (Deng et al.
2021; Zhang, Lin, and Zhang 2022; Wang et al. 2021;
Zhu et al. 2023). Therefore, developing a mechanism that
can dynamically price contributions in this unpredictable
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environment is a critical open problem.
• Divergent model versions. Existing methods focus on

maximizing the global model performance in SFL (Shi
et al. 2024). Although the server publishes a same global
model, the update cost varies across clients due to dif-
ferences in their local model versions in AFL. This dis-
parity presents a significant challenge for pricing, as the
value provided to each client is difficult to quantify. Ex-
tensive economic research suggests that sustainable de-
velopment can only be achieved by maximizing social
utility (Asheim, Mitra, and Tungodden 2017). Therefore,
it is essential to monitor the performance of each client’s
local model, which introduces additional optimization
objectives and increases computational complexity.

• Long-term coupled constraints. Another fundamental
challenge is satisfying the coupled, long-term constraints
of individual rationality (Tang and Wong 2021) and bud-
get balance (Su et al. 2022). The budget is fixed for the
entire training horizon, not per-round, creating tempo-
ral interdependencies that couple all payment decisions.
This structure, along with the need to deter free-riding,
makes the online allocation problem exceptionally dif-
ficult. Consequently, finding a mechanism with strong
performance guarantees, let alone proving its optimality,
represents a significant hurdle.

With this in mind, we propose a novel Online Pricing
sTrategy for parameter informatION, named OPTION,
which prices the global model at different aggregation
rounds to eliminate potential free-riding behavior in AFL.
Specifically, OPTION divides the finite aggregation period
into multiple aggregation rounds and employ the Hotelling
model to determine download fees for accessing the global
model. Regarding asynchronous updating, OPTION con-
siders the heterogeneous update costs arising from differ-
ent versions of local models, effectively reducing the unfair
profits and eliminating free-riders in the AFL system. Addi-
tionally, OPTION rewards clients who successfully upload
model parameters under a non-arbitrage constraint, incen-
tivizing participation while balancing individual client util-
ities. To maximize model performance under these condi-
tions, OPTION builts an online algorithm, which employs
the Lyapunov drift framework and probabilistic sampling to
optimize the strategy in dynamic wireless networks.

Our main contributions are summarized as follows.

• Methodologically, we propose an online pricing strategy
to eliminate free-riders in AFL. To the best of our knowl-
edge, this is the first study to focus on free-riding in AFL.
We establish a non-arbitrage constraint based on the law
of one price while simultaneously ensuring individual ra-
tionality and budget balance, and employ the block coor-
dinate descent method to optimize the pricing strategy.

• Theoretically, we devise virtual queues to accommodate
the dynamic costs in AFL and prove the convergence of
the queue lengths. In particular, we derive a closed-form
solution for the optimal pricing policy in the bi-convex
case and extend our approach to non-convex scenarios
using a saturation function. Furthermore, we analyze the

computational overhead of our proposed algorithm, OP-
TION, and prove its polynomial-time complexity.

• Experimentally, we conduct extensive experiments on
three real-world datasets, including comparisons against
three baselines. The detailed results indicate that OP-
TION not only maintains system’s budget balance but
also increases the gradient update amount for clients in
AFL by at least 23.97%, shorts the execution time by
75.42%, and reduces average model accuracy loss by up
to 3.01% compared with state-of-the-art baselines.

Related Work
In this section, we analyze two aspects of defense strategies
for free-riding: detection and defense.

Free-riding attack detection
Free-riding attack detection is an essential issue in exten-
sive FL applications, such as medical FL (Ottun et al. 2022),
Internet of Things (Wang et al. 2021). For instance, (Lin,
Du, and Liu 2019) proposed a detection method based on
the deep auto-encoding Gaussian mixture model to identify
abnormal model parameters. On this basis, (Xu et al. 2022)
designed a client reputation based approach to identify free-
riders by evaluating their contributions to the global model.

Although the above methods can identify free-riders in
SFL, they are unsuitable for AFL due to its variable up-
date frequency and unbalanced parameter information. In
this paper, we integrate attack detection with online incen-
tive strategies to eliminate free-riders in the AFL system.

Free-riding attack defense
Incentive mechanisms are frequently employed to mitigate
the negative externalities caused by selfish clients in FL
(Zhan et al. 2021). For example, (Hu and Gong 2020) de-
signed an incentive mechanism based on game theory, which
models the interaction between selfish clients and servers
as a two-stage Stackelberg game and solves the equilibrium
of the game to compensate for client’s privacy costs. Fur-
thermore, (Murhekar et al. 2023) analyzed the Nash equi-
librium of collaborative training between clients and derived
the equilibrium solution through dynamics. To maximize so-
cial welfare, they also designed a budget balanced incentive
mechanism to reward clients for their updates.

The above mechanisms hold potential for addressing free-
riding issues in SFL but is not applicable to AFL due to their
inability to tackle the challenges of multiple gradient ver-
sions and dynamic communication environment. Contrarily,
OPTION is designed to overcome these limitations. It intro-
duces an online optimization framework to AFL, ensuring
that our online pricing strategy can adapt to changing and
complex aggregation scenarios.

Problem Formulation
In this section, we first model AFL and client utility, and
then we formalize the optimal pricing problem.
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Figure 1: The system model of OPTION.

System Model
AFL procedure The AFL system consists of a central
server and a set of clients N = {1, 2, · · · , N}. As shown
in Figure 1, asynchronous aggregation runs within a discrete
time range consisting of multiple rounds in set T (Chen,
Sun, and Jin 2019). In round t, the server broadcasts the
global model parameters ωt to the selected clients, and each
client initializes the local model with the received parame-
ters. Each client n ∈ N updates it’s local model based on the
gradient of the regularized loss function l(ωt

n) as follows:

gtn = ∇l(ωt
n) + κgt−1

n , (1)

where gt−1
n is the local gradient of client n in round t −

1, and κ is the decay coefficient (Zheng et al. 2017). The
gradients gt−1

n that were not transmitted in previous rounds
are aggregated with the current gradient. We define st =
{st1, · · · , stN} as the transmission provisioning indicator of
the central server, where stn = 1 represents that client n is
selected in round t, and stn = 0 otherwise.

After local training, client n transmits its local gradient to
the central server according to the aggregation provisioning.
Then, client n initializes local gradient as gtn = 0, if client n
transmit its gradient. Here, we use the Holtling model ∆vtn
to represent the version difference between global model
ωt and local model ωt

n (Long et al. 2024), where vtn =
{1, · · · , T} represents the version of the global model held
by client n at round t.

Client utility In each round, the utilities of the clients
participating in gradient uploads are influenced by training
costs ct = {ct1, · · · , ctN}, model download payment pt =
{pt1, · · · , ptN}, and upload rewards rt = {rt1, · · · , rtN}, de-
fined as ut

n(ct,pt, rt). The transmission cost is an exoge-
nous variable of the uplink (Yu et al. 2010), while the down-
load costs and upload rewards are endogenous variables
specified by OPTION. It is necessary to ensure that the util-
ity of clients’ update gradients is non-negative.
Definition 1. (Individual Rationality) In each round t, indi-
vidual rationality is satisfied if and only if for any selected
client n participating in the model update, there is

ut
n(ct,pt, rt) ≥ 0. (2)

Since local training and transmission incur costs, satisfy-
ing individual rationality requires that rewards exceed pay-
ments. According to (Tang and Wong 2021), the setting of
rewards needs to consider the balance of system budget.

Definition 2. (Budget Balance) Given the task budget B for
model updates, budget balance means that B covers the gap
between payments ptn and rewards rtn, i.e.,

B −
∑
t∈T

∑
n∈N

(
rtn − ptn

)
≥ 0. (3)

Non-arbitrage Pricing Problem

In addition to individual rationality and budget balance, we
also consider the non-arbitrage constraint, which prevents
clients from gaining benefits through free-riding. According
to the law of one price (Fackler and Goodwin 2001), the
non-arbitrage constraint requires that the payment for clients
to download the model equals updating cost. That is to say,
there is no cost lower than pt for client n ∈ N to obtain the
global model ωt+1 in the next round.

Definition 3. (Non-arbitrage Pricing) Given update cost in
the market Mt (∆vtn) of client n in round t, non-arbitrage
pricing is satisfied if and only if

ptn −Mt

(
∆vtn

)
≥ 0. (4)

Taking incentive compatibility into account (Ding, Gao,
and Huang 2023), we are unable to mandate clients to dis-
close their truth update costs. Instead, the required update
costs Mt (∆vtn) can be estimated based on the improvement
in the model’s test accuracy (See Appendix). We focus on
social performance, measured by each client’s local model
performance. We define Et(st) as the global model perfor-
mance for each round, and vtn as the model version for each
client. The pricing problem in AFL can be formulated as

P1 : min
p,r,s

FT ≜
∑
n∈N

ET
n (s,p, r), (5a)

s.t. ptn −Mt

(
∆vtn

)
≥ 0, ∀n ∈ N , (5b)

ut
n(ct,pt, rt) ≥ 0, ∀n ∈ N , (5c)

B −
∑
t∈T

∑
n∈N

(
rtn − ptn

)
≥ 0, (5d)

where the term ET
n (s,p, r) in Eq. (5a) is the loss of the

model that the client n received from the server in round T .
Our objective function FT balances two competing goals:
1) learning a high-quality model sequence (maximizing
Et(st)), and 2) ensuring the system efficiently delivers these
models to clients to minimize model staleness. This pre-
vents a scenario where a high-quality model is generated but
rarely used by clients in a timely manner. In problem P1,
we define tensor p = [p1, · · · ,pT ], r = [r1, · · · , rT ] and
s = [s1, · · · , sT ] for convenience. P1 is a mixed-integer
nonlinear optimization problem, where exact solutions are
computationally prohibitive and impractical for aggregation.
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Design of OPTION
We first construct an online optimization to approximate P1.
Then, we obtain a suboptimal solution using a greedy algo-
rithm, analyze the performance of the pricing strategy, and
derive a closed form solution under linear conditions.

Online Pricing and Queue Stability
We use an online optimization framework to address the
challenges posed by long-term individual rationality and no
arbitrage constraints. We outline the global model’s long-
term performance evolution, transform individual rational-
ity constraints into a queue stability problem, and present
approximate per-round solutions.

Convergence of AFL. To analyze the changes of Eq. (5a)
in each round, we approximate model performance using the
upper bound of convergence error. Let∇l(x) denote the gra-
dient of the function at point x, we make the following typ-
ical assumptions, as outlined in (Li et al. 2020) and (Chen
et al. 2020).

Assumption 1. For all aggregated parameters x and y of
the global model, we assume:
• (L-smoothness) There exists a Lipschitz constant L > 0

that satisfies ∥∇l(x)−∇l(y)∥ ≤ L∥x− y∥;
• (ε-strongly convexity) There exists a constant ε > 0 that

satisfies l(x)− l(y) ≥ ⟨∇l(y),x− y⟩ + ε
2∥x− y∥2;

• (Bounded gradient divergence) There exists a constant ρ,
such that E

[
∥gtn∥2

]
≤ L∥∇l(ω)∥2ρ2, and there exists

ϱ > 0 such that∇l(ω)⊤E [gtn] ≥ ϱ∥∇l(ω)∥2.
With Assumption 1, we can obtain the convergence upper

bound of AFL process, as stated in the following theorem.
Theorem 1. Under Assumption 1, the convergence error of
AFL after T rounds is upper bounded by

E
[
l(ωT )− l(ω∗)

]
≤ ET (sT ) :=

T−1∏
t=0

[
1− 2εη̂t

(
η̂tρ2LS2

2
− ϱ

∑
n∈N

stnP
[
ht
n = 1

])]
×
[
l(ω0)− l(ω∗)

]
,

(6)

where η̂t = max{ηtn|n ∈ N} and S = maxt∈T
∑

n∈N stn.
The Boolean variable ht

n ∈ {0, 1} indicates whether client
n uploads parameters in round t, where ht

n = 1 represents
that gtn is uploaded and 0 represents that gtn is not uploaded.

Evolution of model performance. Regarding the changes
in global model performance after each aggregation round,
based on Theorem 1, we have the following conclusion.
Corollary 1. If there exists ξ ≤ 0 such that

∑
n∈N ptn ≥ ξ

and ηtn < ηt := 2ϱξ
Lρ2S2 [max{λt

n|n ∈ N}]
−1, we can repre-

sent the evolution of Eq. (5a) from round t to t+ 1 as

Ft+1 = Ft − Et(st)
∑
n∈N

θt+1
n (pt+1, rt+1)

×

[
1− 2εη̂t

(
η̂tρ2LS2

2
− ϱ

∑
n∈N

stnP
[
ht
n = 1

])]
,

(7)

where η := min{ηtn, |n ∈ N , t ∈ [0, T − 1]} and η̂ :=

max{ηt, |t ∈ [0, T − 1]}. The term θtn(p, r) in Eq. (7) is
the probability that the client n receives the global model
parameters in round t, satisfying θtn(pt, rt) = P [vtn = t].

Based on Eq. (7), we observe that the model performance
in round t + 1 is influenced by the participation rate. In an
asynchronous system, a client n may suffer from network
delays or computational straggling, causing it to work on
a stale model version (i.e., vtn < t). Therefore, optimizing
Ft+1 can be achieved by optimizing

∑
n∈N P [vtn = t], as

shown in Eq. (7).

Optimization problem in round t. We transform the bud-
get balance in Eq. (5d), individual rationality in Eq. (5c), and
Non-arbitrage constraint in Eq. (5b) into a queue stability
problem to design pricing.

• (Utility queue) For the individual utility of client n, Γ0
n =

max{0,−u0
n(c0,p0, r0)} and

Γt+1
n = max

{
0,Γt

n − ut
n(ct,pt, rt)

}
, ∀t ∈ T . (8)

Eq. (8) calculates the distance between the utility of dif-
ferent clients and individual rationality in each round.

• (Budget queue) To satisfy the budget balance, we first
define the average budget as B̄ = B

T , and then use a
queue to capture excess expenditures in each round as

Λt+1 = max

{
0,Λt − B̄ +

∑
n∈N

(
rtn − ptn

)}
. (9)

• (Arbitrage queue) To satisfy the non-arbitrage constraint,
we further define the arbitrage queue. The length of the
queue captures the potential free-riding probability as

Θt+1
n = Θt

n +
∑
n∈N
|ptn −Mt

(
∆vtn

)
|. (10)

The above queues characterize the cumulative violation
of constraints Eqs. (5b) - (5d). This means that by ensur-
ing the stability of these queues, the solution to the opti-
mization problem will adhere to these constraints over time,
despite occasional violations in individual periods. There-
fore, we use Lyapunov drift framework to approximate P1

and handle the constraints by adding penalty terms. Simi-
lar to (Han et al. 2023), we define a constant µ to indicate
the importance of the target compared to queue stability. For
each round of model training, we simultaneously optimize
the download pricing pt

n at round t and the upload pricing
rt+1
n from the previous round to achieve the optimal model

performance at round t + 1. Combining Eqs. (8) - (10), we
approximate P1 as the following Lyapunov optimization:

P2 : min
p,r,s

µ [Ft+1 − Ft]−
∑
n∈N

Γt
nu

t
n(ct,pt, rt)

+
∑
n∈N

Θt
n|ptn −Mt

(
∆vtn

)
|

+ Λt

[∑
n∈N

(
rtn − ptn

)
− B̄

]
, ∀t ∈ T .

(11)
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Algorithm 1: Online pricing and client selection
Input: N , T , c, L, S, ϱ, and ρ
Output: p, r, s

1: Initialize Λt ← U , Θt ← U , Γt
n ← U, n ∈ N .

2: for t = 0 : T − 1 do
3: Obtain pt by solving Problem P2 under st = 1N .
4: for each n in N do
5: Compute stn according to Eq. (12).
6: Sample xt

n following Bernoulli distribution (stn).
7: if xt

n = 1 then
8: Transmit the global model parameters ωt to

client n and set vtn = t.
9: else

10: Set gt+1
n = gtn.

11: end if
12: end for
13: Obtain rt by solving Problem P2.
14: end for

In Problem P2, our goal is to jointly optimize the global
model performance and queue stability based on the weight
coefficient µ. In each round, we set the pricing based on
the real-time system status. Since P2 is a non-linear mixed-
integer programming problem, it is difficult to solve directly.

Download Payment and Client Selection
To address this challenge, we employ an alternating opti-
mization. In each round, we first optimize model pricing
based on the real-time system state to ensure queue stability.
Once the model pricing is determined, we further optimize
the client selection strategy using a greedy algorithm to en-
hance the global model performance for the next round. To
this end, we propose the online pricing and client selection
algorithm. As shown in Algorithm 1, we initialize the queue
length with a constant U (line 1). In round t, we use alternat-
ing optimization and a greedy algorithm to determine down-
load pricing, upload pricing, and device selection.

Download payment. To ensure continuous improvement
in queue stability, we temporarily assume st = 1N to opti-
mize pt. In round t, we sequentially optimize model config-
urations pt and rt to improve P2 (line 2), enhancing the ex-
pectation of satisfying long-term individual rationality, bud-
get balance, and non-arbitrage constraints.

Client selection. Even with known p, P2 remains a non-
linear integer programming problem and is NP-hard. To ad-
dress this issue, we introduce a greedy client selection algo-
rithm. The heuristic of the algorithm is based on the prin-
ciple that efficient clients contribute to model performance
improvement. Specifically, we consider Holtling line ∆vtn
and cost ctn of each client, and greedily allocate selection
probabilities. In line 5, we use the Softmax function to de-
termine the selection probability for client n as

P
[
stn = 1

]
=

exp (−∆vtn − ctn)∑
m∈N exp (−∆vtn − ctm)

. (12)

Based on the determined value of stn, Algorithm 1 decides
the global model broadcasting decision and model aggrega-

tion in lines 6-10. At the end of round t, each client updates
queue Λt, Θt, and Γt

n, n ∈ N for subsequent rounds.
The construction of Eq. (12) is based on the following

reasons: 1) OPTION increases the selection probability for
clients with lower update costs. Lower communication costs
save the budget, allowing more flexibility for subsequent
optimization and budget balancing. Thus, we prioritize se-
lecting clients with lower update costs based on the current
round’s cost c. 2) OPTION assigns a higher selection prob-
ability to clients with older model versions to reduce the un-
fairness in client selection, addressing the non-IID problem.
3) OPTION uses the Softmax function to calculate selection
probability, effectively handling unbounded input parame-
ters, i.e., model version and communication cost.

Theoretical Analysis of OPTION
In this section, we analyze the violation of Eqs. (5b) - (5d),
the closed-form solution of the optimal pricing, and the con-
vergence and overhead of OPTION when solving P2.

Assumption 2. Similar to (Wang et al. 2023), we first
make the assumption about the upper bound of convergence
error. We assume that the convergence error K(pd,pu, t)
has an upper bound D.
Theorem 2. When Assumption 2 holds, there exists a bound
on constraint violation of of Eq. (5b) - (5d) for round t as

O
(√

1
T 2 + 1

T −
1
T

)
, i.e, there exists a positive number k

such that ∀t ∈ [0, T − 1],∑
n∈N

Γt
n + Λt

n +Θt
n ≤ k

(√
1

T 2
+

1

T
− 1

T

)
. (13)

Closed-form solution We now derive the closed-form so-
lution for lines 3 and 5 in Algorithm 1 to improve the ef-
ficiency of solving P2 under linear utilities. For nonlin-
ear ut

n(ct,pt, rt), we can still obtain the pricing strategy
through a linear search over P1. We define the utility of
client n in round t is

ut
n(ct,pt, rt) := α

(
rt+1
n − ptn

)
+ xt

nc
t
n, (14)

where α is a positive coefficient. Then the probability of the
client n uploading local parameters in round t is

P
[
ht
n = 1

]
:=

ut
n(ct,pt, rt)− umin

β
, (15)

where β is the normalization coefficient, which can be com-
puted by empirical formula β = umax − umin (umax =
αrt+1

n + xt
nc

t
n and umin = B̄ −Mt (∆vtn)). Eq. (15) im-

plies that clients with higher expected utility are more likely
to upload gradients.

Based on Eq. (14), the second derivative of Eq. (11) with
respect to pt is positive. Thus, P2 is convex with respect to
ptn. Similarly, the objective and constraints are linear with re-
spect to rtn, indicating that the problem P2 is convex in these
variables. Therefore, P2 is biconvex. Based on the above as-
sumptions, we can directly calculate the client’s reward and
the download payment for the next round upon receiving the
parameters, as stated in the following theorem.
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Theorem 3. Given st+1
n = 1, the optimal solution to ptn is

ptn =
1

µα2Gt

[
α∑

n∈N αΓt
n − Λt +Θt

]2 (
αΓt

n − Λt
)
,

(16)
and the optimal solution to rtn is

rtn =

√
µptnGt

αΓt
n − Λt

+
ctn +Mt (∆vtn)− B̄

α
. (17)

where Gt = Et − 2εϱη̂tEt

∑
n∈N stnP [ht

n = 1] +

ε(η̂t)2ρ2LS2Et.

Extension to non-convex objective. To further refine our
predictive model, we now consider the case where Assump-
tion 1 does not hold.. We introduce a weight κn > 0 for
each client n, which can represent factors such as its dataset
size (κn = |Dn|), data quality, or other importance metrics.
The Et of a selection vector st is then determined by the
cumulative weight of its members, which is adapted as:

Et(st) = Emax

(
1− e−γ

∑
n∈N κns

t
n

)
, (18)

where Emax is the optimal performance when ωt = ω∗.
By setting κn = |Dn|, the scheduler will naturally prioritize
clients with larger datasets, aligning the selection strategy
with the principles of methods like FedAvg.

Proposition 1. The computational complexity of OPTION
is O(TN2) when Et is computed via Eq. (7), but increases
to O(TN3) under Eq. (18) due to client-specific weighting.

Performance Evaluation
Experiment Setup
Datasets and settings. We use three standard real-world
datasets to evaluate performance of OPTION, which are
widely used in AFL related research work: (1) MNIST
(Deng 2012), (2) CIFAR-10 (Krizhevsky, Hinton et al.
2009), and (3) CINIC-10 (Darlow et al. 2018).

We configure an AFL platform with 80 clients and a cen-
tral server (N = 80), assigning a total budget B = 40000
and a per-round update cost B̄ = 200. Following (Wang
et al. 2023), we set a variable transmission cost c for each
client, following a normal distribution ctn ∼ N [1, 100]. We
determine the constant parameters in the convergence error
through gradient updating and considered the influence of
different penalty coefficients (µ = 0.01 or µ = 0.001). We
evaluate the linear utility of each client and set α = 0.5 and
β = 5. More specific parameter settings are detailed in the
Appendix. Experiments were performed on a machine with
an NVIDIA GTX 1080 Ti GPU, an Intel Core i9-12900K
CPU, and 32 GB RAM.

Baselines. We compare our approach with three baselines:

• NCX-OPTION: is an extended model based on the non-
convex objective function in Eq. (18), where the pricing
strategy is solved using block coordinate descent.

(a) UTYLength, µ = 0.01 (b) UTYLength, µ = 0.001

(c) BUDLength, µ = 0.01 (d) BUDLength, µ = 0.001

Figure 2: Queue length over aggregation rounds.

• FRAD: a mechanism for detecting free-riding attacks in
SFL, leveraging client contributions and reputation to en-
sure system robustness (Wang et al. 2024).

• ANALYTICS: a method that balances payments and FL
model accuracy loss by rewarding clients with analytic
monetary incentives (Wang, Zheng, and Duan 2024).

• OIMAF: the only existing AFL incentive mechanism,
which ensures individual rationality based on clients’
contributions in real-time (Li et al. 2024).

Metrics. We use three types of metrics to compare OP-
TION with baselines: (1) The length of the utility queue
(UTYLength) and the budget queue (BUDLength), rep-
resenting the constraint violation degree of the optimiza-
tion problem; (2) The number of devices not uploading up-
dates (Offline device), which is determined by the number
of clients that satisfy individual rationality and no arbitrage
constraints; (3) Average test accuracy (Avg-ACC), global
test accuracy (Gl-ACC) and training loss of AFL model.

Experimental Results
Queue length of constraints Figures 2(a) and 2(b) depict
the UTYLength under four strategies. In Figures 2(a) and
2(b), the UTYLength of all strategies increases monotoni-
cally with µ. This is because 1

µ can be seen as a punitive fac-
tor that constrains individual rationality. After training, the
UTYLength of OPTION is equal to 0, while the UTYLength
of FRAD is less ideal. This phenomenon occurs primarily
because FRAD’s reward strategy relies on reputation theory
and cannot adaptively adjust pricing based on historical data.
In contrast, OPTION maximizes the long-term individual ra-
tionality through stable utility queue.
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(a) (b) (c) (d)

Figure 3: Effectiveness and overhead analysis: (a) sum of the violation of non-arbitrage constraint; (b) offline device; (c) global
test accuracy on CIFAR-10; (d) cumulative calculation time of pricing strategy.

Pricing Methods
MNIST CIFAR-10 CINIC-10

Gl-Acc. (%) Avg-Acc. (%) Gl-Acc. (%) Avg-Acc. (%) Gl-Acc. (%) Avg-ACC. (%)
OPTION 93.76 ± 0.31 93.41 ± 0.25 85.25 ± 0.45 81.65 ± 0.52 40.95 ± 1.12 32.90 ± 1.34
NCX-OPTION 91.27 ± 0.42 91.43 ± 0.38 82.33 ± 0.61 75.73 ± 0.73 42.47 ± 0.98 33.77 ± 1.05
FRAD 90.93 ± 0.55 87.59 ± 0.67 78.35 ± 0.88 68.74 ± 0.91 24.49 ± 2.01 23.92 ± 2.62
OIMAF 92.42 ± 0.33 89.87 ± 0.41 81.08 ± 0.59 73.34 ± 0.77 36.92 ± 1.21 29.33 ± 1.45
ANALYTICS 91.90 ± 0.39 90.68 ± 0.44 72.21 ± 0.71 69.32 ± 0.85 31.63 ± 1.33 27.50 ± 1.51

Table 1: Model performance in AFL system (Accuracy in %).

Figures 2(c) and 2(d) provide illustrations of BUDLength.
From Figure 2(c), we observe that both OPTION and
OIMAF ensure the stability of the budget queue within a
given training round, as the queue length does not infinitely
change over time. However, in any round of the two graphs,
the budget deficit of OIMAF is significantly higher than our
OPTION. As shown in Figure 2(d), although OPTION’s
queue length did not fully converge by the final round,
the constraint violation remained below 5. In contrast, the
BUDLength of baselines exceed at least 20.

Free-riding mitigation and overhead analysis Figure
3(a) plots the aggregate arbitrage queue length, which in-
dicates the difficulty of free-riding. OPTION consistently
maintains queue stability, reflecting its ability to create an
arbitrage-free environment, whereas the baseline’s queue
fluctuates, allowing for potential free-riding. Figures 3(b)
depict the average number of offline devices. It is evident
that update frequency of the client is relatively high in
OPTION, with the next best online pricing improving by
23.97%. Consequently, OPTION exhibits the best global
model accuracy and rapid convergence, as illustrated in Fig-
ure 3(c). Regarding computational overhead in Figure 3(d),
OPTION simplifies the calculation process using a closed-
form solution, thereby reducing the computation time of its
strategy by 75.42% and 85.78% compared to FRAD and
OIMAF, respectively.

Average model performance Table 1 presents the perfor-
mance analysis of OPTION and its extended models based
on the non-convex objective function in Eq. (18) on three
real-world datasets. It is evident that OPTION outperforms
the baselines on three datasets, with an improvement of at
most 10.91% in global test accuracy. The main reason be-

hind this phenomenon is that OPTION uses queue stability
to characterize accumulated constraint violations, which im-
proves the update probability of clients and thus achieves
higher average model performance. Table 1 shows the aver-
age performance of client models at round 200. Unlike the
global model, this is influenced by the parameter download
status and is more meaningful for AFL. Experimental data
in Table 1 aslo show that OPTION improves the Avg-ACC
by at least 3.01%. The improvement is attributed not only to
the higher final accuracy but also to the inclusion of training
performance in the optimization objective (Eq. (5a)), which
benefits clients that did not fully participate in updates. Fur-
thermore, the non-linear extension of OPTION achieved the
highest average accuracy on the CINIC-10 dataset, which
demonstrates the effectiveness of using Eq. (18) as the ob-
jective function for the alternating optimization.

Conclusion
In this paper, we have proposed a novel online pricing strat-
egy tailored for AFL systems, named OPTION, to elimi-
nate potential free-riding behavior during model aggregation
rounds. OPTION required clients to pay a model download
fee based on the Hotelling model, ensuring fairness within
the system. Additionally, it compensated clients who suc-
cessfully uploaded model updates under non-arbitrage con-
straints, balancing the individual utility and the training of
local model. To optimize the pricing strategy and maxi-
mize model performance, an online optimization algorithm
was introduced, which utilized the Lyapunov drift frame-
work and a probabilistic sampling-based greedy algorithm.
Extensive experimental results on three real-world datasets
demonstrated that OPTION effectively reduced the number
of free riders while improving model accuracy.
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