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Abstract—Federated learning (FL) is a distributed learning framework
that enables multiple client devices to collaborate with a central server
for model training while protecting against data leakage risks. A critical
issue in FL is optimally allocating training resources such as training
data and client computing power. The server aims at 1) a higher model
quality by allocating more training data and 2) a shorter training time
by allocating a higher CPU-cycle frequency. However, more training
resources also imply higher energy costs for clients and thus call for
higher rewards from the server. We study incentive-based resource
allocation for FL to maximize social welfare. This differs from prior work
in assuming multiple servers and joint consideration of model accuracy,
training time, and energy cost. To address the challenges of asym-
metric information, we propose an iterative double auction algorithm
that approximates maximal social welfare, accompanied by a pricing
rule that ensures incentives for all participants. We provide rigorous
mathematical proofs showing the convergence and economic properties
of the proposed approach. We also conducted simulations to study
the performance of the proposed approach and the impacts of various
factors.

1 INTRODUCTION

The rapid development of edge devices, such as smart
mobile devices, has led to an exponential growth of intel-
ligent applications. A common way to utilize massive data
generated by these applications is to upload the data to the
cloud for model training. However, this way of data uti-
lization has become increasingly challenging with growing
privacy concerns such as those outlined in the General Data
Protection Regulation (GDPR).

Federated Learning (FL) [1] is a new decentralized learn-
ing framework that allows multiple client devices to train
a shared global model without compromising their data
privacy. The FL learning process consists of four main steps:
download, local update, upload, and aggregation (Fig. 1).
Each participating client device gets the latest global model
from the central server in the download step. Taking the
downloaded model as its local model, each client then trains
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@ Local update step: each client device
updates local model based on its own
data through stochastic gradient descent.

Fig. 1: Schematic Diagram of Federated Learning Process

its local model using its own data and computing power in
the local update step. The updated model is uploaded to the
central server during the upload step. Finally, the central
server aggregates the uploaded model updates to form a
new global model. This process is repeated until the global
model achieves the desired quality.

Because FL demands training resources (e.g., training
data and computing power) from clients, it is crucial to
design effective incentive schemes [2] that motivate clients
to participate in the training tasks actively. This challenge is
especially acute in real-world deployments such as mobile
crowdsourcing, edge computing with Internet of Things
(IoT) devices, and cross-silo enterprise FL, where partici-
pating devices are highly heterogeneous in computational
capability, communication bandwidth, and energy budget.
For example, a battery-constrained IoT sensor has very
different cost constraints and willingness to participate than
a well-powered workstation. Without a carefully designed
incentive mechanism, rational self-interested clients may
withhold data or computing resources, leading to degraded
model quality. A typical design introduces a reward sys-
tem that offers monetary compensation to clients based
on their training contributions and costs. This study uses
model quality and training performance as contributions
and energy consumption as cost metrics. Poor model quality
can result from inadequate training data or heterogene-
ity among training datasets, where non-independent and
identically distributed (non-1ID) data may not converge
to a certain accuracy [3]. Client devices can drag down



training performance with inferior computational capabil-
ities, poor network conditions, or excessive training data,
a phenomenon known as the straggler effect [4]. Moreover,
energy consumption incurs a cost, which is an issue, par-
ticularly for energy-constrained edge devices in the IoT sce-
nario. Incorporating these metrics in the incentive scheme is
crucial to motivating clients” contributions to the FL process
while ensuring high-accuracy global models.

There have been three main approaches to designing
incentive mechanisms for FL: contract theory [5], [6], [7],
[8], Stackelberg game [9], [10], [11], [12], and auction the-
ory [13], [14], [15], [16]. Compared with other alternatives,
the auction-based approach offers several advantages, such
as maximizing social welfare and selecting the most qual-
ified and motivated participants in the sealed market [2].
However, most existing auction-based approaches [13], [14],
[15] were designed for a one-to-many (one server versus
multiple clients) FL setup, where a single central server
acts as the seller and multiple client devices act as buyers.
When multiple servers coexist, many prior auction-based
approaches [17], [18], [19] constrained a client’s participation
in only one learning task, which effectively partitions all
clients into exclusive clusters. This setting leads to under-
utilization of the client’s training capacities. Similar to [16],
our setting of many-to-many FL allows multiple clients to
contribute to multiple global models simultaneously, which
creates an indirect interplay among servers through their
common use of some clients. This type of interplay had
been overlooked previously. This study differs from [16] and
all other approaches in jointly considering model quality,
training time, and energy cost.

In practice, FL deployments often exhibit a many-
to-many interaction pattern between model owners and
clients: multiple servers concurrently engage a shared pool
of client devices, and each client may participate in multiple
training processes. A representative example is a healthcare
network in which several research institutions each train
their own diagnostic models using data held by cooperating
medical providers. In such many-to-many settings, a one-
to-one assignment of clients to servers underutilizes client
resources and ignores the resource competition introduced
by sharing. Furthermore, the inputs required for comput-
ing the optimal allocation, including server utility func-
tions and client cost functions, are inherently private due
to competitive interests and confidentiality requirements.
Consequently, a centralized optimizer such as a genetic
algorithm (GA) is infeasible: it has no direct access to the
private information on which the optimization depends.
Auction theory addresses these challenges by design: the
pricing rule ensures that each participant’s rational self-
interest leads to the socially optimal outcome, with provable
guarantees on individual rationality, budget balance, incen-
tive compatibility, and economic efficiency. These practical
considerations motivate the adoption of an auction-based,
decentralized mechanism that handles asymmetric informa-
tion while jointly optimizing model accuracy, training time,
and energy consumption.

We summarize the main contributions of this paper as
follows.

e We introduce a system model incorporating two
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training resource types (training data and CPU-clock
frequency) and three performance metrics (model
quality, training time, and energy cost). No prior
work has jointly considered all these factors.

o We assume the presence of multiple FL servers and
allow them to share the training resources of a single
client. Only a few studies [20], [15], [16] considered
the same setting.

e We formulate the problem of social welfare maxi-
mization (SWM) by allocating the training resources
from clients to servers. We propose a solution to
SWM based on iterative double auction (IDA), where
servers declare their resource demands and clients
declare their resource provisions through bids in
each round of the auction. Accompanied by a pricing
rule, this approach is proven to converge to the
optimal solution while each participant sets up its
bid only to maximize its payoff.

e We provide rigorous proof to show the proposed
approach’s convergence and economic properties, in-
dividual rationality, budget balance, incentive com-
patibility, and economic efficiency.

The remainder of this paper is organized as follows.
Sec. 2 reviews previous studies relevant to our work. Sec. 3
presents the system model and formulates the problem. We
detail the proposed approach to resource allocation and
pricing rule in Sec. 4. Several important properties of the
proposed approach are analyzed in Sec. 5. We conducted a
series of experiments with the results presented in Sec. 6.
The last section concludes this work and lists some future
work.

2 RELATED WORK
2.1 Challenges of Federated Learning

FL presents unique challenges due to its utilization of non-
IID data from distributed devices, posing a high risk of data
contamination to the global model. Several studies [21], [3]
have investigated the impact of data heterogeneity on model
accuracy. Several studies [22], [23], [24] have addressed the
straggler effect, which may be rooted in the diversity of the
client’s computational capabilities and network conditions.
For IoT client devices, Dinh et al. [25] argued that data
heterogeneity affects energy consumption and convergence
time. Yang et al. [26] proposed an iterative algorithm to
minimize energy consumption. These findings underscore
the importance of energy-efficient resource allocation strate-
gies in FL, which contribute to developing sustainable and
effective FL systems.

2.2

Contract theory [5], [6], [7], [8] creates binding agreements
between the server and clients that specify rewards and
penalties for different participation and performance levels.
Contracts can be customized for each client, considering
their unique constraints and preferences. This approach
allows for clear expectations and rewards for clients and
thus ensures their active participation in the FL process. In
the context of contract theory, Kang et al. [5] introduced
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reputation-based participant selection and incentive mech-
anisms in FL to improve learning accuracy. Lim et al. [6]
proposed a hierarchical framework with contract-based re-
wards to facilitate FL in mobile crowdsensing environments.
Ding et al. [7] explored the impact of incomplete information
on server costs in contract-based incentive mechanisms. Lim
et al. [8] designed a multidimensional contract framework
for drone owners to truthfully report their types in a drone-
enabled FL. More recently, Wang et al. [27] proposed a
mechanism that applies contract theory to maximize a single
CVFL server’s utility while ensuring task convergence and
accuracy across multiple vehicle clusters. While this work is
effective at modeling bilateral agreements with information
asymmetry, it assumes a single server and thus does not ad-
dress multi-server competition or resource sharing between
different servers.

Another incentive mechanism design is based on the
Stackelberg game model [9], [11], [10], [12]. In this model,
the central server acting as a leader sets the rules of the
game, which typically determine how the rewards are al-
located to participating clients. On the other hand, clients
acting as followers strategically respond with their resource
contributions to the training task to maximize their pay-
offs. Despite the self-interested nature of the leader and
followers, this approach still aligns with the goals of the
FL process. The Stackelberg game model can be used to
analyze whether the interplay between participants reaches
a Stackelberg equilibrium, where no participant has an
incentive to deviate from the chosen strategy unilaterally.

Auction-based approaches [14], [13] prioritize social wel-
fare over individual payoff by selecting the most quali-
fied and motivated clients to participate. The selection re-
quires private information from all participants, but a well-
designed pricing rule can motivate participants to report
such information truthfully through the submitted bids. Jiao
et al. [14] presented an auction framework for FL to maxi-
mize social welfare through truthful bidding, with winners
determined by reinforcement learning. Thi Li et al. [13]
used a random auction strategy to minimize social cost in
FL auctions, guaranteeing approximate truthfulness while
participants” expected utilities are non-negative. Kim [28]
incorporated privacy levels into the cost calculation for IoT
devices in FL auctions, using the Vickrey-Clarke-Groves
mechanism to determine winners and payments while pre-
serving incentive compatibility. More recently, Zhang et
al. [29] proposed an auction-based incentive mechanism that
integrates communication path finding, jointly optimizing
both resource allocation and communication quality.

A comprehensive survey by Tu et al. [30] compared
all three paradigms and concluded that auction-based ap-
proaches are uniquely suited to multi-party settings where
participants have private information and social welfare
maximization is the design goal. Unlike contract theory
and Stackelberg game approaches, auction mechanisms nat-
urally handle asymmetric information from multiple com-
peting parties simultaneously and come with provable eco-
nomic guarantees on individual rationality, budget balance,
and incentive compatibility.

2.3 Many-to-Many Federated Learning

All studies mentioned in the previous subsection assumed
a single server with a single global model. When multiple
servers are present (each with a distinct learning model),
many existing studies [6], [18], [19] partitioned all clients
into disjoint groups, one for each training task. This treat-
ment renders the problem into multiple one-to-many FL
tasks, which does not fully utilize the client’s training re-
sources but avoids potential competition among servers for
the client’s training resources. Only a few studies [20], [15],
[16] have explored the potential of many-to-many FL, which
allows servers to share client resources in a non-exclusive
manner. These works are the most closely related to ours,
and we compare them in detail below and in Table 1.

Cho et al. [20] modeled the interaction between multi-
ple FL servers and clients as a multi-leader multi-follower
Stackelberg game and proposed an exact method for finding
the Stackelberg equilibrium. However, their work accounted
for clients’ training data but did not consider computing
power (CPU-cycle frequency) and energy costs. Further-
more, their work assumes complete information, applying
backward induction to obtain solutions. By contrast, IDA
operates under asymmetric information, thereby better pre-
serving participants’ privacy.

Mai et al. [15] proposed a double auction mechanism
for many-to-many FL that maximizes social welfare, with
FL tasks as buyers and data owners as sellers. However,
there are four important differences. First, the decision
variable in [15] is the model accuracy level that each data
owner contributes to each FL task, whereas our work allo-
cates training data size and CPU-cycle frequency — concrete,
measurable resources that directly determine both training
quality and energy consumption. Second, [15] does not
incorporate training time into the optimization objective at
all, which means their allocation may assign excessive work
to slow clients, exacerbating the straggler effect and causing
severe training delays in practice. In contrast, we explicitly
model training time as a component of server utility so
that the allocation actively penalizes assignments that cause
long training delays. Third, we provide a convergence rate
analysis for the proposed method (Sec. 5.1) while [15] does
not. Fourth, [15] does not jointly optimize training data,
computational frequency, and training time as we do, limit-
ing its applicability to settings where resource heterogeneity
is a key concern.

Chen and Yen [16] also studied many-to-many FL with a
regular (single-sided) auction mechanism, allocating train-
ing data from clients to servers to maximize social welfare
subject to a training time constraint. Our work differs from
[16] in the following points. First, we allocate both training
data and CPU-cycle frequency, while [16] treats CPU-cycle
frequency as fixed. Jointly optimizing both resources allows
IDA to achieve a better trade-off between model quality,
training time, and energy cost. Second, training time in [16]
is only a hard constraint (i.e., it must not exceed a threshold),
whereas in our formulation training time is embedded in
the server utility function as an objective, allowing the
allocation to continuously balance model quality against
training delay rather than simply capping it. Third, [16] uses
a regular auction where only clients submit bids, while we



use a double auction where both servers and clients submit
bids. Double auction is more appropriate for the many-
to-many setting because it allows servers to express their
demand-side preferences, leading to more efficient market
outcomes. Fourth, [16] uses ADMM as the solver, which re-
quires all participants to share their private parameters with
the auctioneer. IDA operates under asymmetric information
as each participant solves only its own local subproblem
without revealing private utility or cost functions. Fifth, we
consider energy cost as an explicit objective component,
whereas [16] does not model client energy consumption.
Table 1 summarizes the comparison.

TABLE 1: Comparison of Many-to-Many FL Incentive Mechanism
Studies

Feature [20] [15] [16] Ours
Method Stackel- Double Regular Double
berg game auction auction auction
Decision variable Data size ~ Acc.level Data size Data +
CPU freq.
Training time as objective v X Constr. v
only
Energy cost as objective X v X v
Asymmetric information X v X v
Proven convergence rate N/A X X v

3 SYSTEM MODEL AND PROBLEM FORMULATION

Multiple servers and clients participate in our multi-server
FL framework (Fig. 2). We use S = {1,2,--- ,s} and C' =
{1,2,---,c} to denote the sets of servers and clients in the
system, respectively. Servers and clients are self-interested
and make participation and contribution decisions inde-
pendently. Each server has its global model, which needs
the client’s training resource (training data and computing
power) for model training, and is willing to offer monetary
rewards to clients for the client’s training contributions.
The client’s contribution is gauged by model quality and
training time. On the other hand, clients incur energy costs
by allocating training resources to the server’s model train-
ing. Each client’s payoff is the reward it receives minus the
energy cost incurred. Since the client’s training resources are
limited, servers may need to compete with each other for the
client’s training contributions. We subsequently formulate
these factors as server utility functions, client cost functions,
and a social welfare maximization problem.

It is worth noting that our resource allocation frame-
work is designed as a pre-training phase that determines
the allocation plan (i.e., dataset size and CPU-cycle fre-
quency per client per server) before FL training begins.
The resulting allocation plan is then applied across all
rounds of the FL training process. One might consider re-
applying IDA before each FL round to adapt to changing
conditions. However, two fundamental challenges arise.
First, the accuracy model in our formulation captures the
final trained model quality as a function of total allocated
data, rather than the incremental improvement from a single
round, making it unsuitable as a per-round objective with-
out substantial modification. Second, reallocating data sizes
and CPU-cycle frequencies across rounds may disrupt the
convergence behavior of Fed Avg, whose guarantees assume
consistent client participation throughout training [1]. Ad-
dressing these challenges and extending the framework to

@ Aggregation step

global model

global model global model

central servers p=)
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Fig. 2: Multi-server Federated Learning Framework

fully dynamic, per-round resource allocation is therefore a
non-trivial and interesting direction for future work, which
we discuss in Sec. 7.

3.1 Server Utility

We consider two factors in defining server utility: model
accuracy and training time. Model accuracy is crucial for
many applications such as accident warning and prediction.
It is well known that model accuracy depends on the
quantity and quality of the training data [3]. Nevertheless,
we assume that the client’s datasets are independent and
identically distributed, so the amount of training data pos-
itively affects the model accuracy but exhibits diminishing
marginal contribution [9]. Let d; be the data size demanded
by server j € S from client device ¢ for j’s model training.
Our experimental results (shown in Fig. 3) suggested that
the expected model accuracy A; of server j can be defined
as

A; = BjIn <1+oj dej) + 9, 1)
ieC
where 3; > 0, 0; > 0, and 0 < «; < 1 are all model-
specific parameters. Specifically, y; represents the baseline
accuracy achievable with minimal data (i.e., the intercept of
the curve); o; controls the rate at which accuracy improves
with additional data, capturing the diminishing marginal
contribution effect; and 3; scales the overall magnitude
of the accuracy gain. These parameters are model-specific
and can be estimated empirically by fitting (1) to accuracy
measurements collected on a small held-out dataset, as
illustrated in Fig. 3 for the MNIST and CIFAR-10 datasets.
When v; = 0, (1) is consistent with the equation reported
by Zhan et al. [9], where A; = 5, log (1 +0; > ico dfj).
The training time for a server in the FL framework
includes the time required for downloading, uploading, and
locally updating the model. The time spent by each client 4
in downloading or uploading the model of server j is the
size of the data transmitted divided by the corresponding
transmission rate. We assume some model compression
approach such as gradient compression [33], which com-
presses the model into a sparse matrix and transmits only
gradients with values larger than a threshold. We assume
that the volume transmitted is a fraction of the original
model size w; and that the fraction is dfjrj < 1, where
r; € (0,1] is a model-dependent compression ratio repre-
senting the proportion of model parameters retained after
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Fig. 3: Accuracy measurements with fitted curves using two open image
datasets: MNIST [31] and CIFAR-10 [32]. We configured 10 clients with
datasets of both equal and unequal sizes. We employed FedAvg [1],
conducting training over 10 epochs with 300 iterations each, using a
batch size of 64.

compression (i.e., a smaller r; indicates higher compres-
sion). The value of r; depends on the sparsity threshold
applied in the compression scheme and can be tuned per
model. Thus, the communication time is:
peom _ ridiws |, ridii @
Rji Rij

where R;; and R;; are the downloading and uploading
transmission rates, respectively.

The time taken by each client for the local update step
depends on its computational resource and dataset size. Let
f# be client ¢'s CPU-cycle frequency for local update. The
time taken for the local update step can be expressed as
follows:

S
tcmp

ij fs

where 7; is a client-specific coefficient that captures the com-
puting efficiency of client i. The slowest client determines
the total training time T for server j, which could be the
bottleneck of the training process.

Tiv (3)

T; = max {t“’m + tcmp}
ieC

{Tjd” ridiw;  d3; } )
= max + —|— .

J 7,]
= R]z Rz] .fs E

5
Server j’s utility for a particular setting of d;; and f; for
all client ¢ is the value brought in by the model minus the
cost associated with the training time.
Uj({dfj}iECa {fis}iEC)
— p;ccAj _ P;TJ
_P§CC <ﬁj In <1 +0; Z dfj) + 'Yj) 5)
ieC
ptlme . rjdfjwj rjdfjwj + -4 dg i ’
J icC Rjz' Rij fs
where p}* and pg-ime represent the weights of the model
accuracy and training time, respectively, in the monetary
value and cost calculations. An appropriate setup of these
two terms allows server j to strike a trade-off between
model accuracy and training time.
3.2 Client Cost

Client cost comes from energy consumption for model
training, which consists of computation and communication
parts. The computation part depends on the amount of
training data and CPU-cycle frequency. We assume that
client ¢ € C decides to contribute an amount of training
data with size df; and CPU-cycle frequency f; to the model
training of each server j. Since servers and clients make
decisions independently, d; and f{ can differ from dj; and
., respectively.

It is known that energy consumption in CMOS circuits
is proportional to the quadratic supply voltage to the chip
[34]. Furthermore, it has been observed that the CPU-cycle
frequency is approximately linearly proportional to the volt-
age supply when operating at low voltage limits [34]. As a
result, the energy consumption of client 7 in computation
can be expressed as

cmp = K Z d fCQ (6)

JES

where £; is a coefficient for the effective capacitance in client
i. In reality, ;" contains a static part (i.e., idle power
consumption) that is independent of ff and the client’s
allocation decisions. Including this static term would add
a constant offset to the client cost function C;(+), which in
turn uniformly decreases the social welfare objective by a
fixed amount. However, since this constant does not affect
the gradient of the objective with respect to the decision
variables dj; and f{, the optimal allocation decisions remain
unchanged. Similarly, the pricing and reward rules and all
economic properties (individual rationality, budget balance,
and incentive compatibility) are unaffected. Therefore, we
omit the static part for simplicity without loss of generality.

On the other hand, the energy consumption by client
7 in communications is dominated by model uploading as
the energy consumption in reception is relatively small. It
depends on the client’s transmission power p;; and the
uploading time w;/R;;:

ridsiw;
e =S (U5 y ). %

JES



TABLE 2: Notation

For Each Server j

C Set of all clients
{dfj }icc  Request of dataset size to each client ¢

{ff}Yiec  Request of CPU-cycle frequency to each client ¢
Aj Model accuracy
oj Model accuracy parameter in (1)
T Compression ratio: fraction of model parameters trans-
mitted after gradient compression
R;; Transmission rate from client ¢
Rj; Transmission rate to client ¢
wj Size of the model parameter (in bits)
tﬁg\m Communication time with client 4
t; . P Computing time by client ¢
T; Total training time
0; Proportion of the slowest training time to the total
training time
Py Coefficient from model accuracy to monetary payoff
pgm‘e Coefficient from total training time to monetary cost
U;(+) Utility function
For Each Client ¢
S Set of all servers
{d{;}jes  Dataset size provided to each server j
° Setup of CPU-cycle frequency
T Coefficient for converting (d3; /f;’) to t;;np
K Coefficient for the effective capacitance
Dij Transmission power to server j
D; Maximal dataset size
firex Maximal CPU-cycle frequency
E™P Energy consumption due to computation

Energy consumption due to communication
Monetary cost per unit of energy consumption
Cost function

The client cost function counts the energy consumption in
computation and communication for the FL process:

i ({dfj}jesy ff)
=p; ¢ (B + E™)

=pi 8 | mi YA+ b

jJjeSs JeS

(’I“Jd ) 7 ®)

where p; ¢ is the monetary cost per unit of energy in client
i.
Table 2 lists the notation used in this paper.

3.3 Obijective: Social Welfare Maximization

As discussed earlier, servers improve global model accuracy
and training efficiency by acquiring more training data and
a higher CPU-cycle frequency from clients. By contrast,
clients reduce the number of training data and CPU-cycle
frequencies to minimize energy costs. These objectives cre-
ate a conflict of interest between the central servers and the
client devices. From a social perspective, the optimal solu-
tion lies in maximizing social welfare through efficient re-
source trading. To achieve this, a centralized market broker
plays a crucial role in determining the optimal sizes of train-
ing data df; and df;, as well as the CPU-cycle frequencies f;
and ff. We assume the centralized market broker maintains
a neutral stance in mediating these resource allocations.
This optimization process involves solving a social welfare
maximization (SWM) problem formulated as follows:

6
Definition 1. The social welfare maximization (SWM) problem
is

max

) S U{dsico {f Yiee) = > CilddS; Yies £,

o f2.dip 15 555 ieC
9)
s.t. dfj <D;,VieC,j€S, (10)
i< i vie O, 11
di; <di;,Vie C,j €S, (12)
< fEvieC, (13)
di;, f7,d, ff > 0,Vie Cj €8, (14)
where D; and f"™ are the maximum values of df; and ff,

respectively.

Egs. (10) and (11) ensure that clients operate within
their resource limits. Eq. (12) ensures that the dataset size
supplied by each client device satisfies the corresponding
dataset size requested by the central server, while constraint
(13) guarantees that the CPU-cycle frequency supplied by
each client device meets the corresponding CPU-cycle fre-
quency requested by the central server. Eq. (14) ensures that
all the supplies and provisions are non-negative.

As the maximum operation in (5) poses challenges, we
introduce the use of J;, the ratio of the slowest training time
to the total training time, to replace the maximum operation.
Specifically,

T; = max {tcom + tcmp}
ieC

~ oy {Emige )

ieC

(15)

Thus, server j’s utility function (5) can be expressed as

Uj({dfj}ie& {fzs}zec)

~ .acc s Ume TJdl]wJ Tsz]u] d;]
At <1n<1+ajZdij>> (5 Z( Rt R, TT
ieC ieC
(16)

It is worth noting that, with this definition, the objective
function of the SWM problem is concave, and the constraint
set is both compact and convex. Refer to the proofs in the
Appendix.

The quality of this approximation depends on ¢;, which
represents how dominant the slowest client is relative to
the total training time. When clients are homogeneous,
d; ~ 1/|C] and the approximation is exact by symmetry.
When one client is significantly slower than the others
(severe straggler effect), 6; — 1 and the approximation also
becomes tight, since the maximum is well-approximated by
the sum scaled by a factor close to 1. The approximation is
least accurate when J; takes intermediate values and client
times are moderately heterogeneous. In our simulations we
set §; = 0.3, which corresponds to a moderately heteroge-
neous scenario. We assess sensitivity to this parameter in
Sec. 6.5.

4 PROPOSED APPROACH
4.1 Social Welfare Optimum

The SWM problem possesses an optimal solution that can
be precisely characterized using the necessary and sufficient



Karush-Kuhn-Tucker (KKT) conditions. To proceed, we re-
lax the constraints and define the Lagrangian function of the
SWM problem as follows:

L1({d5; }Yiec,jes, { [ Vieo, {dij Yieo jes: { fi Viec,
{mijticc jes, {0itiec: {vijtiec jes, {witiec)

_ZU {d }1€Ca{f }ZGC ch({dzcj}JGS’flc)

jeS ieC (17)
= D> wiglds; = Di) = D 6i(f7 = S

i€eC jes eC
_ZZVU sz 2=,

i€C jES ieC

where 1135, 0;, v;5, and w; are Lagrange multipliers associated
with the constraints and must be non-negative. The KKT
conditions of the SWM problem that yield the optimal
primal variables d? f, df; and ff and the optimal dual
variables fi;;, 01, U;; and W; are given by the following set of
equations:

l]’

an({szj}z‘ec; {ff}zeC) N

%s —Vij = 0, (18)
) ods; )
oU; ({d5;Yico, {3}
]({ 13}86']2 {f } GC) _U:)z _ 0’ (19)
Ci({dfs}ies If
Whies: ), o0 g
ad,
Ci({dS:Yes, ) -
Widies 1) g, 1 g =, 1)
off
ieC jes
> 0u(fe = fr) =0 (23)
1eC
SN oi(ds; —di;) =0, (24)
ieC jes
Yoailfi-f)=0 (25)
ieC
df], f,dfj,f?ZO,WeC,jeS, (26)

According to the equations from (18) to (21), the optimal
solutions of d7}, f7, df; and f{ satisfy
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However, the broker cannot derive the optimal solution
to the SWM problem in practice. This is because evaluating
the server utility function set {U;({d3; }icc, {f{ }iec) | J €
S} and the client cost function set {C; ({d5; }ies, ff) | i € C}
need local information known only to the servers and
clients, respectively. The broker lacks access to this infor-
mation for various reasons, such as privacy and security

Server 1

®

| df;, dataset size

f, CPU frequency

¢{‘,, biding for dataset size ¢f, biding for CPU frequency

xpﬁ, biding for dataset size lll,f- biding for CPU frequency

I
' i,
v
Client 1

Fig. 4: An Overview of the Iterative Double Auction Framework

concerns [35]. Therefore, it is necessary to design an incen-
tive mechanism that addresses the information asymmetry
by encouraging servers and clients to truthfully report their
demands and supplies (in terms of dataset sizes and CPU-
cycle frequencies), respectively.

4.2 Iterative Double Auction (IDA)

To address the issue of asymmetric information, we pro-
pose using an iterative double auction (IDA) algorithm [36]
that allows the broker to extract hidden information from
sellers and buyers. As depicted in Fig. 4, the broker assists
multiple servers and clients to adjust their bids iteratively
to maximize individual payoffs and general social welfare.
Specifically, the broker solves an alternative optimization
problem to determine the optimal values of d7;, f7, dj;,
and ff. The values are then combined with approprlate
pricing rules, including payments for servers and rewards
for clients, to achieve the optimal solution for the original
SWM problem. We assume that all servers and clients com-
ply with their constraints and refrain from submitting bids
that exceed their capabilities. We also assume that all servers
and clients are price-takers, meaning that they submit bids as
their best responses to the broker announcements; bidders
do not anticipate the impact of their bids on the results in
the next iteration (in fact, they lack information for making
such an anticipation). In the following subsections, we will
elaborate on the allocation rule, the optimal pricing rules,
and the implementation of the IDA algorithm.

4.3 Resource Allocation

The IDA algorithm consists of two stages. In the first stage,
each server j € S submits a bid B = ({¢¢; }icc, {61 Vico)
to the broker as its demands of tramlng data and computing
power, where gbu and qu are the dataset size and the CPU-
cycle frequency it demands from client i. Meanwhile, each
clienti € C submits a bid Bf = {1/} Yiess wf) to the broker
as its supply of data and computatlonal resource, where 1/)
and 1/1{ are the dataset size and CPU-cycle frequency, re-
spectively, it supplies to server j. These bids are collectively
the input to the broker for resource allocation and pricing
rules. However, these bids may not reflect actual demands
and supplies.

With bids from all servers and clients, the broker per-
forms resource allocation, i.e., determining {dfj}iec, jes,
{fYieo, {d§; Yiec jes, and {f{ }iec. Inspired by previous
studies [37], we use the logarithmic function along with the



quadratic function to formulate the allocation rule, which
can obtain the same concave and convex properties of the
server utility function and the client cost function, respec-
tively.

Definition 2. The broker allocation (BA) problem is to

, 1 .
DWACTL RN

max
13 f3.d55, 15y jesiee

H-a Y (o - guls), @)

icC

where o € (0, 1) is a weighting factor for broker, subject to (10)
to (14).

The BA problem shares the constraints with the SWM
problem but features a distinct, strictly concave objective
function, ensuring a unique optimal solution. Since the BA
problem is also a convex optimization problem, we can use
the Lagrange function and the KKT conditions for optimiza-
tion. Accordingly, we define the corresponding Lagrange
function of the BA problem as follows:

Ly ({di;Yieojes: {fi Yieo: {d; Yo jes: { f{ Yieo
{1 Yieojes: {0iYiee, {Vi Yiec jes, {wiieo)

SRR () ey (sl

jesieC ieC
=30 iy (g = Di) = >0 (ff = )
jeSsieC ieC
- Z Z Vz{j (dfj - dfj) - ZW; (fF =10,
jeSieC ieC

(30)

where 17, 07, v;;, and w; are Lagrange multipliers associated
with the constraints and must be non-negative. By applying
the KKT conditions, we obtain the optimal values of the
primal variables cf‘fj, AZ-S, cz%, ff and the optimal values of
the dual variables /i, é;, v, &) through the following set

ij’
of equations:

d.
a2t — . =0 (31)
s vJ ’
ds;
o!
(1-—a)=-—a; =0, (32)
f:
oy — jiiy + vy =0, (33)
(L= )] ff =0+ &} =0, (34)
>3 i (dy - Di) =0, (35)
jesieC
>0 (fe - fm=) =0, (36)
eC
S (dey - dsy) =0, (37)
jesieC
Sai(fe-fr)=o, (38)
ieC
dyj, fr.d5y, ff > 0,¥ie C,j € S, (39)
5,07, 01, @) > 0,¥i € C,j € S. (40)
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By (31) and (32), the optimal allocation for the server side
can be obtained as follows:

~ d

{dfj =ali,
~ “ ¢f
fr=(-a)%.

Similarly, by (33) and (34), the optimal dataset size and CPU-
cycle frequency for the client side can be derived as follows:

(41)

de. — Py

S A (42)
fo= bz

ET (-

4.4 Optimal Pricing Rules

When solving the SWM or the BA problem, we do not
consider the payments from servers and the rewards to
clients. However, clients are willing to participate in the
training process only if they receive higher rewards to cover
their training costs. Accordingly, the broker needs to collect
server payments to offer clients rewards. Optimal pricing
determines the server’s payments and client’s rewards that
maximize their respective payoffs while aligning with the
optimal solution to the SWM problem.

First, we make the optimal solution to the BA problem
align with the solution to the SWM problem. Comparing
the two sets of KKT conditions of the SWM problem and
the BA problem, we observe that (18) to (21) differ from (31)
to (34), while the remaining conditions are identical. Thus,
the optimal solution to the BA problem is also the optimal
solution to the SWM problem if the server’s bids meet the
following conditions:

(ifj oU; ({dAfj}iEC'v{fq‘,s}iEC)

oty = A 20l o Tihee), )
¢f _ f2 6Uj({‘jfj}iec,{ff}iec)
¢ -« af; ’
and the client’s bids meet the following conditions:
d _ 1 0Ci({df;}ies.fS)
T ade, ade, ’
i ij ) 44
,(/)f N 1 301‘,({(1?,‘}]‘657)20) (44)
CT(-aff afs '

Next, we determine the payment rule to make (43)
the optimal server bids that maximize the server’s payoffs
defined below.

Definition 3. The server payoff maximization (SPM) problem is
defined as follows.

UJ' ({d:j}iec ’ {fig}z‘ec) - Pj <{¢?j}iec, {d)f}zEC’)a
(45)

max
{80!

where P;(B3) is server j's payment with respect to B3, such that

fj,@f >0,vieC,jeS.

The utility part U;(-) is determined by the broker’s re-
source allocation rule as in (41). Therefore, server j can only
lower Pj(-) by setting up Bj. Let B; = ({(ﬁgj}iec, {ff;f}ze())
be the optimal setting of B; that maximizes j’s payoff. To
find B j» we begin by taking the first-order derivatives of the

objective function (45) with respect to qﬁ‘fj and qﬁlf . Setting the



derivatives to zeros leads to the following two optimality
conditions:

oF; ({ﬂgfj}iea{ézf}iec) au; ({‘ifj}i607{ff}160> ods

- - : R !
99, od; a9g,’ (#0)
op; ({QS?j}iea {é{}iec*) oU; <{(jsj}i€C7 {ff}iec) afs
- = _ 2 (47)
o] of; o]

By applying the optimal solution (41) derived from the
BA problem and substituting it with the bids in (43), we
obtain the following expressions:

IP; ({qg%}iec, {éz}ie()) d. 1
= =a— - o0—
8¢d} ds, Ui

Py ({84 Yiec, {0 iec) .
99! B &

(49)

Then, the payment rule for server j can be expressed as

follows:
Py ({6 o {0/ hiec) = a Y0l + (1-a) Y of.
ieC
(50)

ieC
Finally, we determine the reward rule to make (44) the
optimal client bids that maximize the client’s payoffs. Let
Qi (Bf) be the reward to client 7 when client 7 submits B =
({T/)zg }JESa ) Each client aims to maximize its payoff by
setting up an optimal bid, which is defined as the client
payoff maximization (CPM) problem.

Definition 4. The client payoff maximization (CPM) problem is
defined as follows.

Qi ({v}jes vl)

max
TORTEN

such that Vg, Wl >0 vieCjeSs.

- C; ({dz?j}jesv fzc) ) (51)

Since C;(+) is determined by the broker’s resource alloca-
tion rule in (42), client ¢ can only find the optimal bid B that
maximizes Q;(BY). This is done by taking the first-order
derivatives of the objective function (51) with respect to z/J

and 1/) respectively, to obtain the following two optlmahty
conditions:
0Q: ({0 }es ) 0C: ({dhses, 75)  ads, )
o, B ads; ol
0Q; (‘{lzflj}jes,?/;{) B 9C; ({dfj}jes,ff) 8fic (53)
Z B oft ol

By applying the optimal solution (42) from the BA problem
and substituting it with the bids in (44), we obtain the

following expressions:
~1 ~7 2
- (/Lij - Vij) (“21 w)

. ) . j /Af
Qe ) _ b ) |

00 vl o
(54)
0 (thhess ) o, —(08) - (0 o)’
— 7 —U=-a) iy = :
o9] -yl -ayu

(55)

Then, the reward rule for client 7 is defined as follows:
A7 )2

a)p!

(=) @
Qi (W%hesﬂf) => s~ d” n (0; —w

jes Vi (1-

(56)

4.5 The Algorithm

After deriving the allocation rules (41) (42), along with the
payment rule (50) and the reward rule (56), the servers and
clients can determine their own optimal bids. This enables
the broker to achieve market equilibrium, maximizing social
welfare in a single round, given complete market informa-
tion that includes server utility functions (5) and client cost
functions (8). However, due to the information asymmetry
mentioned earlier, we can only employ an iterative algo-
rithm that gradually fine-tunes the market dynamics and
allows for convergence toward the desired outcome.

In each iteration of IDA, the broker announces the up-
dated dual variables, specifically the Lagrange multipliers
uw,ez, i; and w;. Subsequently, servers and clients deter-
mine their optimal bids by solving their respective SPM
and CPM problems. More specifically, each server j first
turns Uj(+) into a function of B} by replacing dj; and f;
in (5) with d and ff in (41), respectrvely Server j then
combines U, (BS) with P;(B3) given by (50) to solve the
SPM problem. The client part is similar. The optimal bids
are then submitted back to the broker to determine the
optimal resource allocation by (41) and (42) and uses the
results to update the Lagrange multipliers u;;, 0;,v;; and
w} following the primal-dual Lagrangian decomposition
approach [37]. Specifically, the broker performs the updates
using a gradient descent technique as follows:

oL
;@) o /.2.’0}

Hgj = max {ugj(t_l)

57)
:max{,u;]( +n(d" D;), 0},Vi60,j63,
9{(75) = ax{ﬁ"til) 77]01:2 0}
1 7 )
09; (58)
= max {0, -y (f — f2),0} vie €,
ng(t) = max {1/;]-“’_1) — 7]2[:,270}
Vi (59)
= rnax{l/;j(tfl) +n (dfj — dfj) ,O} VieC,j€8,
w;(t) = max {w/(t b naE?,O}

_max{ A 1)+n(fffff)70},Vi€C,

where 7 represents the step size and ¢ is the iteration count.
The broker stops the iteration process when all the sub-
mitted bids do not significantly differ from the previously
submitted ones (i.e., the difference is within some small ratio
€). Otherwise, the broker commences another iteration by
announcing the updated Lagrange multipliers. The above
process is shown in Algorithm 1.



Algorithm 1 Iterative Double Auction (IDA)
g0 i dTC]7 i
Initialize Lagrangian multiplier s,
Initialize iteration count ¢ = 0.
repeat
t+1t+1
Broker announces i (¢=1) 9’(t b, ’](tfl),wg(tfl).
Eachserver j € S solves the SPM problem and sends
= ({qgfj}iec, {(M}zec) to the broker
8: Each client ¢ € C' solves the CPM problem and sends
({wz; }ies. 7 to the broker
9: Broker computes d”7 257 dfj, f by (41) and (42).
10: Broker updates f1;; ® 9/(t) L O by (57) to (60).
11: until |(z® — 2~ 1)/3:“ 1)|§eforac— Z],QS ,],wf

Initialize d?
1 (0)

77,]

© o, /)

7(4}1

4.6 Computational and Communication Overhead

Each iteration of IDA involves s + ¢ independent opti-
mization subproblems: one SPM problem per server and
one CPM problem per client, each solved locally by the
respective participant. Each subproblem is a smooth, uncon-
strained optimization over a small number of variables (of
order c or s), solvable efficiently by standard gradient-based
methods. The broker’s update step requires only element-
wise gradient descent on the Lagrange multipliers, which
takes O(cs) operations.

Since all servers (resp. clients) solve their SPM (resp.
CPM) problems in parallel and both groups operate simulta-
neously, the per-iteration parallel time for the subproblems
is O(max(Pspm, Pcpm)), where Pspy and Pepy are the costs
of solving a single SPM and CPM problem, respectively. The
overall per-iteration parallel time complexity is therefore
O(max(Pspyp, Pcpm) + ¢s). The subproblem component is
independent of the number of servers s and clients c. The
broker’s update step scales as O(cs) with the number of
participants.

The communication overhead per iteration consists of:
(1) the broker sending each server j the 2c¢ multipliers
({vi;}iec and {w]}icc) it needs to solve its SPM problem,
and sending each client i the 2s + 2 multipliers ({1}, };es,
{Vi;}jes, 0;, and W) it needs to solve its CPM problem,
amounting to 2¢s + (2s + 2)c = 4c¢s + 2¢ values in total; (2)
each server j submitting its bid B; of size 2c scalars; and
(3) each client ¢ submitting its bid BC of size s + 1 scalars.
The total messages exchanged per iteration are therefore
O(cs), which is the same order as the number of decision
variables in the SWM problem and cannot be reduced in
general without sacrificing convergence. In our simulation
with s = 4 servers and ¢ = 4 to 12 clients, IDA converged in
3 to 8 iterations, resulting in a modest total communication
cost that is well within the capacity of typical network
infrastructures.

5 PROPERTIES OF THE PROPOSED APPROACH
5.1 Convergence Analysis

In this subsection, we derive the convergence rate of the
IDA algorithm. By the gradient updating rule (57 — 60), the
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dynamics of the dual variables are defined as follows:

e ()
o P =1 _ N (dfj - Di) , if g >0,
ij ij ij {0’ if M;j(t) =0,
[ max 1 (t)
; t t—1 n(ff— frex)y ) if 6" >0,
0 ()= 01" 0 = {0( R R )
s c (®)
. t t—1 n d_d ) if V/ >07
o (1) = v, =Y = { (a5 - ) 7 (63)
0, if v, =0,
- s 1oy, ifw >0,
) = ® e (= f) 64
w; (t) = w; w; 0, i w/(f) 0. (64)

We use the Lyapunov function to quantify the difference
between the optimal solution and the solution at iteration ¢:

V(O w) = 5 S (i — i)+ 2(9’—9)
/ESLEC IEC
SR DM CIELAEE S W
]ES:EC ZEC

(65)

We derive the convergence rate of the IDA algorithm
by analyzing the one-step improvement of the Lyapunov
function (65). We first note that this function achieves Lips-
chitz smoothness property since it is derived from the alge-
braic sum of square loss from system dynamics. The Lips-
chitz smoothness property is crucial as it ensures bounded
changes in the Lyapunov function concerning variations in
the dual variables. Mathematically, we have the Lipschitz
smoothness property as follows:

[VYNO) = VYN < LING =N, (66)
where X' = (/) 6’ /®) /(1)) denotes the vector of
dual variables at iteration ¢ and L represents a positive Lip-
schitz constant. Exploiting the Lipschitz smoothness prop-
erty (66) along with the gradient updating rule (57 — 60),
we find that the Lyapunov function exhibits the following
improvement in successive iterations

YD) —pNr) > ||W<X“>>||2 (67)

By applying the telescoping sum technique, we obtain

1 T-1
1(0)y n(T) > 1(k)\ 2
V) VN D) 2 g7 37 ITV )]

(68)

v

/(k) 2
oL o, [V,

As a result, we can deduce that

7(0)y _ n(T)
i [VVOEN] < \/2L<V<A ) =YX
0<k<T T

(69)

which guarantees that the IDA algorithm achieves the rate
of convergence O(—=). This convergence rate demonstrates
the efficiency of t e IDA algorithm in approaching the
optimal solution for the SWM problem.



5.2

Any participant in the proposed IDA framework is indi-
vidually rational if the participant’s payoff is always non-
negative.

Recall that the server’s utility functions are concave and
possess the property that U;(0,0) = 0 for all server j. There-
fore, we can apply the Lagrange’s Mean Value Theorem to
derive the following result:

Uj({dfj}ie& {ff}iec)

oU;({d3; }yieo {3 Yice) s oU;({d3; Ve, { f }ieo)
()db ¢ afz,s»

_ o Wil bico {fhice) | 5,00;({d bice: {7 iec)

Individual Rationality

> U;(0,0) + dj;

(70)

Considering the optimal bids (43) and the payment rule (50)
for servers, we obtain

c?fj 8Uj({6ifj};§ {ff}z‘ec) s an({cffj }gfi’ {ff}iec)
R ZZ K3
:C@gj +(1- a)¢¢f
= P({0; }icor {0] Yico)-

1)

This guarantees the consistent satisfaction of the following
inequalities:

U;j({d};Yieo, {fYiec) = Pi({68 Yiec, (6] Yiee) Vi € S, (72)

which implies non-negative payoffs of servers.

Similarly, the cost functions of clients are convex and
have the property that C;(0,0) = 0 for all client i. Therefore,
we can also employ the Lagrange’s Mean Value Theorem to
obtain the following result:

Ci({dS;}jes, f7)

0C;({ds;}jes f?) Agaci({dgj}j657fic)

< C4(0,0) + d;

ij ' ofe
:Czq_aci({dfj}jes, ) | 5. 0Ci({d5;}jes. [f)
) adlc] 7 af;(/ .

73)

By taking account of the optimal bids (44) and the reward
rule (56) of client devices, we can derive

it aci({dsj}jes,ff) N ffaci({dgj%jes,f;)
ods, aflc

(74)

= Qi({¥ }ies, o))
This ensures the consistent fulfillment of the following in-
equalities:

Ci{d5;}jes, f7) < Qi Yjes, 9)), Vi e C,
which implies non-negative payoffs of clients.

We thus conclude that all servers and clients get non-
negative payoffs by participating in the IDA framework.

(75)
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5.3 Budget Balance

The IDA framework ensures budget balance if the total pay-
ment collected from servers is not less than the total reward
offered to clients. This property ensures no additional in-
vestment from the broker to maintain a non-negative budget
throughout the entire procedure. To verify the broker’s
budget balance, we expand the payment rule (50) and the
reward rule (56) as follows:

ST Pi({6d iee A0 Yiee) = > Qi({vd Yies, v

jes ieC
R . ol — )2 0! — o2
=Y [adh + (- apaf + Pu 2l Gimo)
jESieC awij (1 —a)y;
(76)

Consequently, we substitute the above equation with the BA
optimum (41, 42) and apply the constraints (12, 13) in the BA
problem as follows:

> Pi({of Yiee {6 Yee) = - Qi({ud Yies v)

Jjes ieC

= 330 [+ otk iy = ) + 710 - 60
JES i€

>> > [Afjﬂéj +

jeSieC

fe6;] >o.
77)

It indicates that the total payment is sufficient to cover
the total reward. So, the IDA framework ensures budget
balance.

5.4 Incentive Compatibility

An action mechanism is incentive compatible if it is the best
strategy for all participants to bid truthfully, i.e., reveal
their hidden utility and cost functions. With the broker’s
announcement, servers and clients can solve their respective
payoff maximization problems. As participants are all price-
takers, they simply submit their bids to maximize their
respective payoffs considering the payment and reward
rules. With the submitted bids, the broker proceeds to solve
the BA problem, seeking a solution aligned with the SWM
problem. Through iterations, the hidden costs of clients and
the hidden utilities of servers in the SWM problem are
gradually revealed. By revealing these hidden factors, the it-
erative mechanism accurately reflects each participant’s true
preferences and contributions. This promotes an environ-
ment where participants are motivated to truthfully reveal
their preferences, as their bids directly influence resource
allocation, impacting their payoffs. On the other hand, if
participants choose not to bid truthfully, they risk receiving
suboptimal resource allocation, resulting in lower payoffs
for themselves. Deviation from truthfulness by participants
may undermine the efficiency of the resource allocation
process, potentially impeding their benefits within the FL
framework. Thus, the IDA framework ensures that partici-
pants are incentivized to provide accurate information and
engage actively in the FL process.



5.5 Economic Efficiency

In Sec. 5.1, we have shown that the proposed approach will
converge to some result that meets constraints (31) to (40).
In the previous subsection, we have shown that the hidden
costs of clients and the hidden utilities of servers in the SWM
problem are gradually revealed when clients and servers
submit their bids (i.e., their respective solutions to (45) and
(51)) as responses to given pricing and reward rules (50)
and (56). With revealed client costs and server utilities, the
broker can find a socially optimal solution that meets (9) to
(14). Therefore, the IDA framework will eventually lead to
a socially optimal solution, achieving economic efficiency.

6 EXPERIMENTAL RESULTS

We conducted a series of experiments for a numerical anal-
ysis of the proposed framework, including the convergence
and the impacts of the resource supply-demand ratio, model
value, energy cost, and time cost. We also compared the
performance of the proposed approach with competitive
methods. It is important to note that the simulations in this
section evaluate the resource allocation mechanism directly
through the analytical model (i.e., the utility, cost, and
social welfare functions defined in Sec. 3), without executing
FL training. This is sufficient because the allocation deci-
sions and their economic properties are fully determined
by the system model. FedAvg [1] was used separately in
Fig. 3 solely to generate empirical accuracy measurements
for fitting the accuracy model parameters, as described in
Sec. 3. We assumed 4 to 12 clients and 2 to 20 servers. The
transmissions between clients and servers were assumed
LoRA with transmission rates R;; and Rj; set to 50 Kbps
[38] and the client’s transmission power set to 20 dBm [39].
For each client 7, we set the maximum dataset size, D;, to
256 MB and CPU-cycle frequency, fi"**, to 240 MHz, based
on the specifications of the LoPy 4 [40]. We adopted the
SqueezeNet [41] as our DNN model with parameter w; in
each round. SqueezeNet offers AlexNet-level accuracy with
significantly fewer parameters, resulting in a model size of
less than 0.5 MB. We considered heterogeneous clients by
varying their computing efficiency (7; in (3)) and energy
efficiency (k; in (6)), where k; was in the range between 1le-
11 and 7e-11 [42]. Furthermore, we set the proportion of the
slowest training time compared to the total training time,
denoted as ¢§;, to 0.3. Table 3 summarizes the parameter
setting.

6.1 Convergence of IDA

We consider different settings of the step size 7 in the
gradient descent process. Fig. 5 illustrates the change in
social welfare as the iteration count of the IDA algorithm
increased. In all cases, the social welfare generally increased
with the number of iterations and eventually converged
to the maximum value. This trend confirms the economic
viability and convergence of the proposed IDA algorithm.
The step size affected the convergence rate but not the
achievable maximum social welfare. Generally speaking, a
larger step size leads to a quicker convergence of social wel-
fare. However, this faster convergence should be carefully
considered, as it might come at the expense of sacrificing
solution stability, as observed in the case of n = 0.5.
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TABLE 3: Simulation Settings

Parameter Unit  Default Value Range
Number of clients 4 [4,12]
Number of servers 4 [2, 20]
B in (1) 1.0 —
o in (1) 0.002 [0.001, 0.0025]
75 in (1) 0 —
r;in (2) 0.5 [0.3333, 0.8090]
wj in (2) MB 0.5 —
R;; in (2) Kbps 50 —
7; in (3) 1 [0.5, 2.0]
P in (5) 10 [5000, 15000]
pt;me in (5) 1 [0.5, 5]
K; in (6) le-11 [1le-11, 7e-11]
pij in (7) dBm 20 —
p; €in (8) 5000 [1000, 8000]
D; in (10) 256 —
frexin (11) MHz 240 —
45 in (16) 0.3 —
ain (29) 0.5 —
€ in Algorithm 1 0.01 —
n: step size in (57) to (60) 0.05 [0.03, 0.07]
x10%
Y R— B
2 i
T2
o i
3 ti ——1=0.03
u —%—n=0.05
1 i -4-7=0.07
-C-71=05
----Optimum
oL . . ; .
0 5 10 15 20

Number of Iterations

Fig. 5: Convergence of the IDA algorithm with different settings of n

6.2 Impacts of Resource Supply-Demand Ratio

We studied the impacts of the supply-demand ratio on
performance metrics by fixing the number of clients to
four and varying the number of servers from 1 to 20.
Fig. 6a shows the result of social welfare, where the so-
cial welfare increased as the number of servers increased
initially. However, increased participation eventually led to
diminishing returns in social welfare due to limited client
resources. To provide a clearer picture of the overall system
performance, we further analyzed the costs, the rewards,
and the payoffs of clients. The client costs increased with the
number of servers (Fig. 6b), and the client rewards (Fig. 6c)
exhibited the same trend but were slightly higher than
the costs. Consequently, client payoffs slightly increased
with increasing number of servers (Fig. 6d). Fig. 6e shows
how the average amount of data offered by each client,
d = Yicc > jesdi;/|C|, changed with the number of
servers. Recall that both the server’s utilities and the client’s
costs increase with d. When more servers were involved,
the server’s utilities were weighed more than the client’s
costs, so we can observe a trend of increasing d. However,
the server’s utilities increase logarithmically. In contrast, the
client’s costs increase linearly with d, so the increasing rate
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client cost, (c) client reward, (d) client payoff, (e) average dataset size,
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decreased when the total amount of client training data was
sufficient (i.e., with 12 or 8 clients). On the other hand, the
server’s utilities and the client’s costs also increased with
the average client CPU-cycle frequency f = > ;. f¢/|C].
Fig. 6f shows that f did not increase when more servers
were involved. This can be justified as the client’s costs
increase quadratically while the server’s utilities increase
only linearly with f. With a large number of clients (e.g., 12
clients), f decreased to maximize social welfare.

6.3

Next, we tested the impact of model value on social welfare.
We used a fixed setting with four clients and four servers.
These servers were set up with different o; values, rep-
resenting a scenario where different models had different
sensitivity to diminishing marginal contribution by dataset
size. We then examined the impact of the parameter for
model value, p3 in (5), which controls the trade-off between
model accuracy and training time in defining server j’s
utility.

As depicted in Fig. 7a, each server’s payoff increased
with the value of p5*. This is reasonable as a higher p%*
value brings in a higher server utility. For a fixed pj™ value,
a server with a higher o; value also had a higher payoff,
which is expected as a higher ¢; value implies a higher A4;(-)

value. We decomposed the server’s payoffs into the utility

Impact of Model Value
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part (Fig. 7b) and the payment part (Fig. 7c). The server’s
utilities exhibited the same trend as the server’s payoffs,
while the server’s payments also increased with p5*. Fig. 7d
demonstrates that the increase in server’s payoffs was due
to the increase of the valuation on the same amount of
training data (either through a larger pi* or a larger o;
value) because the amounts of training data were almost
unchanged as pj* increased (the difference was within

0.005).

6.4 Impact of Energy Cost
Client cost comes from energy consumption in our system
model. We thus systematically varied the cost per unit of
energy, p; ¢, from 1000 to 8000 with a step size of 1000
to observe the impact of energy cost. We considered four
servers and four clients with different effective capacitances:
(K1, K2, K3, kq) = (1x10711 3x 1071 5x 1071 7x 107 11),
As shown in Fig. 8a, the social welfare decreased as
the value of p;'® increased, which is expected. Fig. 8b
shows each client’s payoff. The client payoff was negatively
impacted by the increase in p;° and acted as a dimin-
ishing factor to the social welfare. However, each client’s
cost increased slightly, as illustrated in Fig. 8c. A deeper
inspection revealed that the IDA algorithm suppressed the
potentially linear increase of client cost due to increasing
p:"® by decreasing the total amount of training data (Fig. 8d)
and the CPU-cycle frequency (Fig. 8e). We highlight that
a client with a higher setting of x; (e.g., Client 4) faced
a greater computational burden and thus provided less
training data and lower CPU-cycle frequency. The price of
the cost suppression was the reduction of client rewards, as
shown in Fig. 8f.
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6.5 Impact of Time Cost

As indicated in (5), server utility U, (-) is adversely affected
by the cost of the training time 7. To study the impact of
time cost, we varied p?me as a way to change the weight
of time cost in utility evaluation. As expected, an increase
of p?me resulted in a decrease in social welfare (Fig. 9a).
Supporting this observation, Fig. 9b illustrated a trend of de-
crease in each server’s payoff as pg-ime increased. By contrast,
Fig. 9c shows that the client payoff exponentially increased
as p?me increased. This is because the IDA algorithm lin-
early increased the rewards to clients (Fig. 9d) and slightly
decreased the client costs (Fig. 9¢) when p;-ime increased to 3
or larger. Regarding the client costs, Fig. 9f shows that the
amount of training data did not change significantly, but the
CPU-cycle frequency increased to suppress the increase in
time cost as p;ime increased. Therefore, the increase in the
client’s payoff in Fig. 9c was mainly due to the server’s
compensations for the increase of the client’s energy cost
due to the rise of CPU-cycle frequency.

Note that varying pz-ime from 1 to 5 varies the effective
time-cost weight p?me - 0; from 0.3 to 1.5. Since the quali-
tative behavior of the system remains consistent across this
range, it is confirmed that the solution is not overly sensitive

to the choice of d;.
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6.6 Competitive Methods

We compared the performance of the IDA algorithm with
three competitive methods, including NSGA-II [43], PAM-
N, and PAM-S [44], [45], in terms of market social wel-
fare. NSGA-II is a population-based multi-objective GA that
searches for Pareto-optimal solutions by evolving a pop-
ulation of candidate allocations across generations. While
it can approximate good solutions relatively quickly, it re-
quires complete knowledge of all participants” utility and
cost functions. Since these are inherently private in our
setting, NSGA-II is not directly applicable; we include it
as a performance reference by assuming full information
is available to the algorithm. PAM-N is an auction-based
method that considers bids from participants but allocates
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TABLE 4: Comparison of Converged Social Welfare and Computation
Time

Method  Social Welfare (% of opt)  Time (s)
IDA 40,446.07 (100.0%) 3.09£0.16
NSGA-II 40,446.06 (100.0%) 0.26 £ 0.04
PAM-N 31,985.74 (79.1%) 1.18 £0.07
PAM-S 33,591.40 (83.1%) 0.81 + 0.06
Optimum 40,446.07 (100.0%) —

Time: mean =+ std over 9 trials (warm-up excluded).

resources based on a fixed iteration count rather than the
convergence of dual variables, which can lead to premature
or suboptimal termination. PAM-S adopts a Stackelberg
game approach, where clients act as leaders who declare
their bids first, followed by servers acting as followers who
decide their bids in each round. While PAM-S accounts for
strategic behavior, the sequential leader-follower structure
introduces an asymmetry that may disadvantage servers
and result in suboptimal social welfare.

Fig. 10 shows the convergence trajectories of all mech-
anisms, and Table 4 summarizes their converged social
welfare and computation time averaged over 10 trials. IDA
and NSGA-II both converged to the optimal social welfare
(40,446.07), after three and five iterations respectively, while
PAM-N and PAM-S converged to only 79.1% and 83.1% of
the optimum. The failure of PAM-N to reach the optimum
confirms that iteration-count-based termination is less ef-
fective than the dual-variable-driven convergence criterion
of IDA. The underperformance of PAM-S suggests that the
Stackelberg leader-follower asymmetry limits the achievable
social welfare compared to the symmetric double-auction
framework of IDA. In terms of computation time, NSGA-
II is the fastest (0.26 s), followed by PAM-S (0.81 s), PAM-
N (1.18 s), and IDA (3.09 s). The higher computation time
of IDA is attributable to the sequential execution of the
s + ¢ individual optimization subproblems via fmincon.
In practice, each server solves its SPM problem and each
client solves its CPM problem independently and in parallel,
so the per-iteration computation time is determined by the
slowest subproblem (rather than their sum). Crucially, un-
like NSGA-II, IDA achieves the same optimal social welfare
without requiring complete information from participants,
and its accompanying pricing rule provides provable guar-
antees of individual rationality and incentive compatibility
that no other compared method can offer.
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7 CONCLUSIONS AND FUTURE WORK

This study has addressed the allocation of training re-
sources, i.e., training data and CPU-cycle frequency, from
clients to multiple servers in FL. It differs from previous
studies in our joint consideration of model accuracy, training
time, and energy consumption. To maximize social welfare
in an asymmetric information market, we have proposed
an IDA mechanism where the broker motivates servers and
clients to submit bids that represent their true resource
demands and provisions while servers and clients set up
their bids only to maximize their respective payoffs. We
have analyzed the convergence of the IDA algorithm and
examined its desirable economic properties, including indi-
vidual rationality, budget balance, incentive compatibility,
and economic efficiency. We have conducted simulations to
observe how various factors, including the resource supply-
demand ratio, the model value, the energy cost, and the
time cost, affect social welfare. The simulation results also
demonstrate the superior performance of the IDA algorithm
over other competitive methods, including NSGA-II, PAM-
N, and PAM-S.

There are two possible directions for future work. One
is an online allocation rule to adaptively allocate resources
in scenarios where server utilities and client costs change
dynamically. The other is a decentralized and autonomous
mechanism to eliminate the role of the broker.
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