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Abstract

Auction-based Federated Learning (AFL) is a bur-
geoning research area. However, existing bidding
strategies for AFL data consumers (DCs) primarily
focus on maximizing expected accumulated util-
ity, disregarding the more complex goal of revenue
maximization. They also only consider winning
bids, leading to biased estimates by overlooking in-
formation from losing bids. To address these is-
sues, we propose a Bias-free Revenue-maximizing
Federated bidding strategy for DCs in AFL (BR-
FEDBIDDER). Our theoretical exploration of the
relationships between Return on Investment (ROI),
bid costs, and utility, and their impact on overall
revenue underscores the complexity of maximiz-
ing revenue solely by prioritizing ROI enhance-
ment. Leveraging these insights, BR-FEDBIDDER
optimizes bid costs with any given ROI constraint.
In addition, we incorporate an auxiliary task of
winning probability estimation into the framework
to achieve bias-free learning by leveraging bid
records from historical bid requests, including both
winning and losing ones. Extensive experiments
on six widely used benchmark datasets show that
BR-FEDBIDDER outperforms eight state-of-the-
art methods, surpassing the best-performing base-
line by 5.66%, 6.08% and 2.44% in terms of the
total revenue, ROI, and test accuracy of the result-
ing FL models, respectively.

1 Introduction

Driven by stringent user privacy and data confidentiality re-
quirements, Federated Learning (FL) has recently garnered
substantial attention from both academic and industrial do-
mains [Liu et al., 2022; Liu et al., 2020; Yang et al., 2019].
With data owners (DOs), a.k.a. FL clients, being self-
interested entities that weigh a myriad of factors, ranging
from costs to potential utility gains, when deciding which FL
data consumer (DC) to collaborate with, the design of FL in-
centive mechanisms [Zhan et al., 2021; Khan et al., 2020] has
taken center stage. These mechanisms aim to incentivize DOs
to participate in FL through various rewarding strategies.

4991

Auction-based federated learning (AFL) is a pivotal do-
main in the field of FL incentive mechanism design, primar-
ily due to its potential to achieve both efficiency and fairness.
AFL methods can be classified into three categories based on
their primary emphasis: 1) DC-side methods, 2) auctioneer-
side methods, and 3) DO-side methods [Tang ef al., 2024b;
Tang et al., 2024a]. The DC-side methods focus on how
DC:s select and bid for DOs, with the aim of optimizing key
performance indicators (KPIs) while adhering to budgetary
constraints. The auctioneer-side methods explore the opti-
mization of DC-DO matching and pricing strategies, along
with the design of effective auction mechanisms. The overar-
ching goal is to achieve specific operational objectives, such
as maximizing social welfare or minimizing social costs for
the entire AFL ecosystem. Issues pertaining to DOs revolve
around determining the allocation of resources and setting re-
serve prices to maximize their profits.

Recently, increasing research attention [Tang and Yu,
2023c; Tang and Yu, 2023a; Tang and Yu, 2023b] has been
paid to DC-side issues, with optimal bidding methods emerg-
ing. Existing bidding strategies for DCs mainly focus on
utility maximization, while revenue maximization remains an
open research problem. This poses a challenge for DCs aim-
ing to maximize their revenues when bidding for DOs in a
competitive AFL marketplace.

In addition, optimal bidding in AFL involves a number of
subtasks, including utility estimation, bid cost estimation, and
winning price prediction. However, due to systemic differ-
ences in data distributions between the inference and training
spaces, existing AFL bidding methods suffer from sample se-
lection bias (SSB) [Yang et al., 2021]. They require labeled
data for supervised learning, but in the widely adopted gener-
alized second-price (GSP) auction mechanism, only the win-
ning DC can observe the actual utility of bid requests and
market price. As aresult, existing methods are only trained on
winning records, while making inferences on the full-volume
space with all bid records, leading to issues of SSB that sig-
nificantly weaken model performance and generalization.

To address this challenge, we propose the Bias-free
Revenue-maximizing Federated bidding strategy for DCs in
AFL (BR-FEDBIDDER). We start by exploring the theoret-
ical relationships between return on investment (ROI), bid
costs and utility, and how they collectively impact overall rev-
enue. Our analysis reveals that solely focusing on increasing
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ROI without considering bid costs might lead to sub-optimal
revenue. Based on these findings, we design a novel revenue-
maximizing bidding strategy that focuses on bid cost max-
imization with an acceptable ROI constraint. In addition,
we incorporate winning probability estimation as an auxil-
iary task into BR-FEDBIDDER to achieve bias-free learning
by leveraging the abundant unsuccessful bid records in the
full-volume historical bid request data, including both win-
ning and losing ones.

Extensive experiments on six benchmark datasets show
that BR-FEDBIDDER outperforms eight state-of-the-art ap-
proaches. On average, it achieves 5.66% higher total rev-
enue, 6.08% higher ROI, and 2.44% higher FL. model accu-
racy compared to the best baseline.

2 Related Works

Our research primarily aligns with the domain of bidding
strategy design for forward auction-based FL DCs. [Tang and
Yu, 2023c] proposed the first AFL DC bidding strategy, Fed-
Bidder. It considers the constraints of DCs’ budgets, the rele-
vance of DOs, and incorporates prior auction-related knowl-
edge (e.g., DO distribution, probability of the DC winning
the ongoing auction) into the design of bidding functions. It
demonstrates the critical roles played by accurate estimation
of DO utility, and the selection of an appropriate winning
function in determining the optimal bidding strategy. To deal
with the complex relationships among DCs during the auction
process, [Tang and Yu, 2023a] frames the AFL ecosystem as
a multi-agent system designed to nudge DCs to strategically
bid, steering the AFL ecosystem towards equilibria with de-
sirable overall system characteristics.

Nevertheless, existing methods focus on the utility, ignor-
ing how to optimize revenue. In addition, these methods are
faced with SSB issues. This paper bridges these important
research gaps.

3 Preliminaries

A typical AFL ecosystem involves three primary stakehold-
ers: 1) data owners (DOs), possessing potentially sensitive
but valuable data; 2) data consumers (DCs), seeking data for
collaboratively training Al models; and 3) an FL auctioneer
who is responsible for matching DOs with DCs. The auc-
tioneer initiates an auction, prompting interested DCs to bid
for a specific DO’s resources. Each DC determines its bid
value b based on its objectives, limitations and the perceived
utility of the DO’s resources. Subsequently, by employing an
auction mechanism (e.g., the generalised second-price auc-
tion (GSP)), the auctioneer determines the winning DC and
the amount it needs to pay. Upon depletion of eligible DOs,
the process concludes. Then, each DC commences FL. model
training with the recruited DOs.

Let IV denote the number of qualified bid requests in an
AFL ecosystem. Each bid request is a high-dimensional fea-
ture vector q following the identical independent distribution
(IID) from the prior distribution pg(q), with entries compris-
ing features related to the DO (e.g., the quantity of the auc-
tioned data samples, the identity of the DO). Then, each DC
estimates the potential utility of bid request q if it wins the
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corresponding auction, upon receiving the transmitted bid re-
quest from the auctioneer. Specifically, we use s(q) to de-
note the estimated utility of bid request g to the target DC.
Similar to g ~ pg(q), We denote the prior probability distri-
bution of s(q) as ps(s). Then, based on the estimated utility
s(q), the target DC calculates its bid price b; for bid request g
according to its adopted bidding strategy (i.e., bidding func-
tion b(s(q))). After collecting all the bid prices from DCs,
the auctioneer decides the corresponding market price z fol-
lowing the GSP auction mechanism, which follows a prior
distribution pz(z). Given the market price z and the corre-
sponding bid price b(s(q)), the probability of the target DC
winning the auction can be formulated as Wz (b(s(q)))). The
estimated cost of bid request g with bid price b(s(q)) is de-
noted as ¢(b(s(q))).

To ensure the equations in the upcoming sections are solv-
able, we make the following assumptions: 1) The estimated
utility of bid request g to the target DC is solely determined
by q. 2) The bidding strategy of the target DC is solely de-
termined by the estimated utility s(q). 3) The winning prob-
ability function is monotonically increasing with respect to
(w.r.t.) the bidding price, and is only influenced by the bid-
ding price. Then, we can conclude that bid request q influ-
ences the winning probability through the following chain:
q — s(q) = b(s(q)) = Wz(b(s(q))))-

Under the GSP setting, only winning DCs can observe the
utility of q and the corresponding market price, while other
DCs can observe their own respective bid prices. Therefore,
in the winning set H,, of each DC, each bid request record
is denoted as a quadruple (q,y, z,b) € H,,, where y is the
actual utility of bid request q. In the losing set H;, each record
is represented as a tuple (g, b) € Hj.

4 The Proposed Approach

In this section, we begin by formulating the overall revenue,
ROI and bid cost, and analysing their relationships. Building
on the analysis, we propose BR-FEDBIDDER. It is based on
the multi-task learning framework with winning probability
estimation as an auxiliary task to jointly model the utility es-
timation function and market price function, while avoiding
bias by employing both the winning set H,, and losing set Hj.

4.1 Relationship Analysis

The goal of the target DC is to maximize its overall revenue,
which can be reformulated as:

Overall_Revenue = Overall _ROI x OQverall_Cost, (1)

which means that the overall revenue of the target DC de-
pends on both the overall ROI and the overall bid cost. The
bid cost and estimated ROI of the target DC on bid request g
can be denoted as:

Cost(q) = E[Cost(b(s(q)))], ROI(g) = %W
2)

respectively. Here, ( represents the value of marginal utility,
signifying the unit price of auctioned data resources.

As shown in Eq. (2), the bid cost Cost(q) is affected by the
bid request g through the corresponding utility s(q), which
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means ¢ — s(q) — Cost(q). As a result, Eq. (2) can be
rewritten as:

_ E[Cost(b(s))], %
As shown in Eq. (3), both the bid cost and ROI are affected
by the estimated utility s. Therefore, it is essential to analyse
the relationship between the ROI and estimated utility, and
the bid cost and estimated utility.
1) Relationship between ROI and Utility: Suppose the
bid price is fixed and does not change with the estimated

utility, we obtain al3(§) = 0, M = 0, and

w = 0. Taking the derlvatlon of ROI w.r.t. the
estimated utility based on Eq. (3), we obtain:

OROI(s)
0s

Taking each part on the right side of Eq. (4) into considera-

tion, we obtain %5(5) > 0, which means that the ROI of

the bid request increases monotonically w.r.t. the correspond-

ing estimated utility. Thus, the bid request with higher utility
increases the ROI of the DC.

2) Relationship between Bid Cost and Utility: Let 5

be the minimum acceptable estimated utility of bid requests.
Then, we formulate the abridged bidding strategy as

b (s) {b(s), if 53,

0, ifs<s,’

Cost(s) ROI(s) = 3)

= Wz (b(s))E™[Cost(s)]¢. “

&)

where b(s) is the bid price for bid requests with the estimated
utility s > 5; 0 for the case s < 5. This implies the bidding
function opts not to bid for bid requests below the specified
utility threshold. Given N available bid requests, substituting
this abridged bidding function into Eq. (3) yields:

Overall_Cost(s JE[Cost(b(s))|ps(s)ds

(6)
= N/ [Cost(b(s))]ps(s)ds.

I[-] is an indicator function. Based on Eq. (6), we obtain:

00wverall Cost(s)
95 N
According to the definitions of each part on the right-hand

side of Eq. (7), we obtain %C‘m() < 0. Thus, the
overall bid cost monotonically decreases with the increase of
the estimated utility of bid requests, implying a cost reduction
with bid requests of higher estimated utility.

As shown above, ROI monotonically increases w.r.t. the
utility of the corresponding bid request when the bid price is
fixed. In this sense, higher ROI will generate better overall
revenue of the corresponding DC according to Eq. (1) when
the overall cost is fixed. However, as shown in Section 4.1,
the overall bid cost reduces with the increase of estimated
utility. The major reason for this is the number of higher-
utility bid requests tends to be limited in general, leading to
severe competition among the DCs. Such severe competition
tends to limit the total cost of bid requests with higher utility.

Thus, as the utility of bid requests increases, the overall bid
cost and overall ROI exhibit opposing trends. Consequently,

—NE[Cost(b(s))]ps(s). (N
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further examination is necessary to understand the relation-
ship between estimated utility and overall revenue, which is
the product of overall bid cost and overall ROL

3) Relationship between Revenue and Utility: Substitut-
ing the b*"(s) in Eq. (5) into Eq. (3) yields:

Owverall_ROI(3) = fo Wz (b(s))sps(s)ds . (8)
N [; E[Cost(b(s))]ps(s)ds

Substituting Overall_ROI(3) defined in Eq. (8) and
Overall_Cost(5) defined in Eq. (6) into Eq. (1) yields:

= [ v

The derivation of Overall_Revenue(s) w.r.t. § is:

Overall_Revenue(s s))sps(s)ds. (9)

00wverall_Revenue(s)
s

= —N(Wz(b(s))sps(s)ds. (10

According to the definition of each part on the right-hand

side of Eq. (10), we can get ao”em”é?;”e"“e@ < 0. This
means that the overall revenue decreases monotonically with
5. Therefore, a focus on higher-utility bid requests may re-
strict revenue improvement.

The above analysis shows that it is difficult to boost rev-
enue by focusing just on higher-utility bid requests and ignor-
ing the balance between the bid cost and ROI. To address this
issue, we propose the following revenue-maximizing bidding

strategy for the target DC.

4.2 Revenue-maximizing Bidding Strategy

The revenue-maximizing bidding strategy for the target DC
is formulated as:

b () = argmax Overall_Cost, s.t. Overall_.ROI >R,

)
where b©() is the bidding function, which transforms the
original revenue maximization problem into overall bid cost
maximization under a given ROI R. To obtain the optimal
bidding function b° () for the target DC, we suppose that if
each bid request g’s ROI is greater than R, the target DC’s
overall ROI is no less than R. Based on this assumption,
substituting the overall bid cost defined in Eq. (6) and ROI
defined in Eq. (3) into Eq. (11) yields:

b°() :argbr(r;axN E[Cost(b(s))|ps(s)ds

R ACOY
R E[Cost( ()]

(12)
>1,i€[l,N],

where s is the estimated utility of g. However, the ROI con-
dition defined in Eq. (12) is too stringent and cannot be met

in practice. Thus, we adopt €, = max(0, ) to relax this

requirement, where R, = % is the ROI associated

with s. Then, Eq. (12) is reformulated as:

() = argblg)lax N
< Wz(b(s))s
R ]E[C’ost(b(s))]

E[Cost(b(s))|ps(s)ds
13)

s.t. >1—es.
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Let C denote the hyperparameter for regularization. Then,
the loss function of b () defined in Eq. (13) is formulated as:

L(b(s))=—-N /(1 — Ces)E[Cost(b(s))]ps(s)ds, (14)

_ ¢ Wz(b(s))s

€s = max(0,1 — = X M) (15)

Eq. (14) and Eq. (15) indicate that the expected bid cost

E[Cost(b(s))], corresponding winning function Wz (b(s))

and estimated utility s of the bid request by the target DC de-

termine the optimal bidding function b° (). We discuss how
to obtain these three functions in the following sections.

Bid Cost & Winning Probability. Under GSP, the target
DC wins only if its bid price b(s) exceeds the correspond-
ing market price z. Moreover, if it wins, it pays z as the ac-
tual cost; otherwise, it pays nothing. Therefore, the bid cost
¢(b(s)) can be expressed as:

)z, ifb(s) > =,
Cost(b(s)) = {0, otherwise (16)
Then, as z ~ pz(z), we formulate c(b(s)) as:
b(s) +oo
E[Cost(b(s))] = / zpz(2)dz + / 0*pz(z)dz
0 b(s) a7

b(s)
= / z2pz(2)dz.
0

Given g, the probability of the target DC winning the auction
(i.e., Wz(b(s))) is defined as the probability that its bid price
b(s) exceeds the corresponding market price z:

b(s)
Wz(b(s)) = /0 pz(2)dz. (18)

Then, the cost estimation and winning function modeling are
transformed into the market price modeling. Therefore, the
optimal bidding function depends on the utility estimation
and market price modeling. It is intuitive to address these
two issues independently. However, they are interdependent.
On the one hand, as shown in [Tang and Yu, 2023c], esti-
mated utility and bid price are positively related. On the other
hand, under the GSP auction mechanism, the market price is
the highest bid price submitted by competing DCs. Thus,
the market price has a significant positive correlation with the
estimated utility of data resources in theory. This makes it
sub-optimal to perform these estimation tasks separately.

To deal with this issue, we design a multi-task learning-
based framework to jointly optimize the utility estimation and
market price modeling simultaneously, which is explained in
detail in the following section.

4.3 Multi-Task Learning-based Utility Estimation
& Market Price Modeling

The framework for jointly optimizing the utility estimation
and market price modeling consists of four main modules:
1) the interaction modeling module captures the high-order
interactions among features of bid requests for better-shared
bid request representations for the following modules; 2) the
utility estimation module performs the utility estimation task
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based on the shared feature representation; 3) the market price
modeling module executes the task of modeling market prices
by leveraging the shared feature; and 4) the winning proba-
bility prediction module predicts the winning probability of
a specific bid price based on the output of the market price
modeling module.

1) Interaction Modeling Module: To capture the non-
linear interaction patterns among features of bid requests,
we then utilize the hard parameter sharing method widely
adopted in multi-task learning approaches to further map the
representation g of each bid request into the shared represen-
tation vector ¢, i.e.:

q = form(q), (19)

where fsm(-) represents the mapping function (i.e., hard-
parameter sharing layers), and consists of a number of hid-
den layers, each of whose parameters are jointly trained by
the three tasks that come after.

2) Utility Estimation Module: Based on the shared fea-
ture representation ¢’ output by the upstream module, this
module formulates the utility estimation as a regression task,
which is defined as s(q) = fue(q') = s. fue(-) represents
the mapping function of the utility estimation module. Then,
the widely used squared error (SE) loss is adopted to train the
model:

1 2
Lue=—5 > (y—s(2) (20)

(q,y)€Hqy

where y is the actual utility of the bid request q.

3) Market Price Modeling Module: As bid prices are dis-
crete integers within a specific range under AFL, we incorpo-
rate a Softmax layer into this module to take the predicted
probability density of each possible market price value as the
market price distribution output result [Yang et al., 2021].
Specifically, given a market price z = k, the mapping func-
tion f,’jlp(-) first maps the representation g’ generated by the
interaction module to a score. Then, the normalized prob-
ability density p(z = k|q) is given by: p(z = k|q) =

exp(fr,,(q")
SITmer exp(fhp(a)
potential bid price. To train this module, the following loss
function is adopted:

Lmp=— Y logp(z|(g))). 1)

(g,2) EHy

, where b,,,,, represents the maximum

4) Winning Probability Prediction Module: Eq. (20)
and Eq. (21) show that only the winning cases are used for
the training of both the utility estimation task and the market
price modeling task. This might result in sample selection
biases. To deal with this problem, we take advantage of the
bid information generated under both the winning cases and
the losing cases in the multi-task learning framework, and in-
corporate the winning probability prediction as the auxiliary
task. As described above, the winning probability is defined
as the likelihood of the bid price b exceeding the correspond-
ing market price z. Given each market price probability den-
sity function p(z|(q))) obtained above, a specific bid price b’s
winning probability Wz (b(s)) is derived as:

b—1

Wz (b(s)|q) £ p(z <blg) = p(z=klg).  (22)
k=0



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

Then, we can directly obtain the winning probability of any
bid price b on the basis of the output of market price distribu-
tion p(z|q) in the market price modeling module according
to Eq. (22) without additional parameter.

However, under the GSP auction mechanism, the market
price is observable only when the DC successfully wins the
corresponding bid request by exceeding the market price.
Conversely, if the DC loses the auction, it is only aware that
the market price is equal to or greater than its bid price, repre-
sented as z > b. To ensure unbiased estimation, the proposed
winning probability prediction module is designed to max-
imize the likelihood of both winning and losing scenarios,
effectively utilizing the complete bid information available in
the entire inference space. Consequently, the loss function for
this module is formulated as:

Lyp = —log Z

(q,b)€Hy

— log Z

(q,b)€H;

= —log Z

(q,0)€Htrqin

== > (wlog(Wz(b(s)|q))

(q,b)€Hy

+ (1 —w)log[l — Wz(b(s)|q)]),

p(b > 2((q)))

p(b < z|(g

Wz (b(s)lg)]” — [1 — Wz (b(s)|a)]"~

(23)
where w = 1 if the DC wins q; otherwise, w = 0. H; =
H, N H;. Eq. (23) shows that L,,, is used to predict all
training samples’ winning probability.

The market price modeling module is trained across the en-
tire inference space to directly rectify the bias by introducing
the winning probability prediction as an auxiliary task into
the multi-task learning framework. Moreover, the utility es-
timation module is also able to execute bias-free training in-
directly via the shared representation, benefiting from multi-
task learning. In this sense, the sample selection bias issue
can be adequately mitigated by winning probability predic-
tion (i.e., the auxiliary task).

Overall Training Objective. The objective of the proposed
multi-task learning-based framework is the joint optimization
of both the utility estimation and market price modeling, tak-
ing advantage of the auxiliary winning probability predic-
tion. The overall training goal to be optimized is formu-
lated as the combination of all these losses described above:
L(0) = wye - Lye + Wmp - Limp + Weyp - Layp, Where 6 rep-
resents all the parameters involved in the multi-task learning
framework. Wy, Wy, and w,,, are hyperparameters used to
control the importance of different tasks.

4.4 Optimal Bidding Strategy for Data Consumers

After estimating the utility and modeling the market price
based on the multi-task learning framework, we can get
the predicted utility of each bid request, denoted as H =
{s1,"* ,Sm, ", }, where s, denotes the estimated util-
ity of bid request q,,. Then, the loss function defined in
Eq. (14) and (15) can be re-expressed as: L(b(s)) =
— > sen(l — Ces)E[Cost(b(s))], where €, is denoted as:

€s = max(0,1 — % X %) Based on Eq. (17),
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9L(b(s))

we get %(t(b(s))] =b(s)pz(b(s)). Then, OB
P P IUCEIC
(1 —T[es > 0]C(1 — g%)
e > 010 (02 (b(s) ~ g b= (b(s)))
(24)

As shown in Eq. (24), we need to define the detailed for-
mulation of the bidding strategy b(s). Following [Zhang
et al., 2014; Perlich et al., 2012; Zhang and Wang, 2015;
Ren et al., 2017], we adopt the following bidding function:
1) The linear bidding function b; (s) (BR-FEDBIDDER1):

b1(s) =w X s. (25)
2) The concave shape bidding function bs(s) (BR-

FEDBIDDER?2):
ba(s) = wiy/s + w3 — wa. (26)

Alg. 1 provides the learning process for optimizing w in the
bidding function. The complete learning procedure of BR-
FEDBIDDER is as follows: 1) Utilize the multi-task learning-
based framework to model the utility and market price of the
bid request being auctioned. 2) Estimate the bid cost and win-
ning probability using Eqgs. (17) and (18). 3) Optimize the
parameter of the bidding function following Alg. 1.

Algorithm 1 The learning procedure of parameter w in the
bidding function of BR-FEDBIDDER.

INPUT: Training Data H, the multi-task learning
framework, Learning rate 7,,
OUTPUT: Optimal bidding function v° ()

1: Select the bidding function defined in Eq. (25) or (26)
2: Initialize w of the selected bidding function

3: for training rounds do

4: fors e H do
5:
6

Get agg}z())) according to Eq. (24)

Get ag(s) according to the selected bidding function

9L(b(s)) 9b(s)

7 W —w — nwiab(s) 70
8: end for
9: end for

10: return b°()

5 Experimental Evaluation

5.1 Experiment Setup
Datasets. We conduct experimental evaluation using

commonly adopted datasets in FL studies, including
MNIST  (http://yann.lecun.com/exdb/mnist/), CIFAR-10
(https://www.cs.toronto.edu/kriz/cifar.html), Fashion-

MNIST (i.e., FMNIST) [Xiao et al., 2017], EMNIST-digits
(i.e., EMNIST-D), EMNIST-letters (i.e., EMNIST-L) [Co-
hen et al., 2017] and Kuzushiji-MNIST (i.e., KMNIST)
[Clanuwat et al., 2018]. The FL models used are the same as
those employed in [Tang and Yu, 2023c].
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Bud | Method MNIST CIFAR FMNIST EMNISTD EMNISTL KMNIST

Rev | ROI | Acc Rev | ROI | Acc Rev | ROI | Acc Rev | ROI | Acc Rev | ROI | Acc Rev | ROI | Acc

Const | 992 | 0.22 | 8477 | 9.53 | 0.21 | 45.00 | 11.38 | 0.25 | 73.57 | 11.44 | 0.25 | 82.72 | 7.73 | 0.17 | 7432 | 798 | 0.18 | 73.11

Rand | 11.03 | 0.23 | 84.65 | 12.10 | 0.25 | 44.95 | 11.60 | 0.23 | 74.78 | 12.15 | 0.25 | 8234 | 10.50 | 0.22 | 74.62 | 10.57 | 0.22 | 71.66

Bmub | 1040 | 0.21 | 85.06 | 11.04 | 0.22 | 45.79 | 11.94 | 0.25 | 74.74 | 11.61 | 0.24 | 82.78 | 9.06 | 0.19 | 74.57 | 9.63 | 0.20 | 75.61

Lin | 11.96 | 0.24 | 85.05 | 1334 | 0.27 | 46.66 | 14.02 | 0.29 | 7529 | 12.93 | 0.27 | 83.03 | 11.37 | 0.24 | 74.87 | 13.24 | 027 | 73.77

50 | BM | 14.12 | 0.29 | 85.01 | 14.63 | 0.30 | 46.58 | 14.92 | 0.31 | 7627 | 13.95 | 0.29 | 82.78 | 14.62 | 0.30 | 74.83 | 13.19 | 0.27 | 76.77

FBs | 1642 | 033 | 85.32 | 16.87 | 0.35 | 47.05 | 16.80 | 0.34 | 77.50 | 1541 | 0.32 | 83.55 | 16.42 | 034 | 75.17 | 16.19 | 0.34 | 76.37

FBc | 16.33 | 0.33 | 84.98 | 16.47 | 0.35 | 47.62 | 17.01 | 0.35 | 77.17 | 15.99 | 0.33 | 83.37 | 16.26 | 0.33 | 74.54 | 16.24 | 0.34 | 76.43

RLB | 17.31 | 0.35 | 85.83 | 16.97 | 0.34 | 47.86 | 17.62 | 0.36 | 77.77 | 16.42 | 0.34 | 83.60 | 16.80 | 0.34 | 74.91 | 17.81 | 0.36 | 77.38

FMRBI | 17.61 | 0.37 | 8749 | 17.26 | 0.36 | 49.51 | 17.63 | 0.36 | 78.91 | 16.91 | 0.35 | 84.86 | 17.13 | 0.35 | 75.42 | 17.87 | 0.38 | 78.68

FMRB2 | 17.65 | 0.36 | 87.86 | 17.20 | 0.35 | 49.98 | 17.67 | 0.37 | 79.60 | 16.77 | 0.36 | 84.78 | 17.12 | 0.35 | 75.66 | 18.08 | 0.38 | 78.78

Const | 14.13 | 0.10 | 85.27 | 1451 | 0.10 | 4553 | 14.07 | 0.10 | 74.27 | 12.20 | 0.08 | 82.80 | 12.05 | 0.08 | 7442 | 13.87 | 0.10 | 73.56

Rand | 13.88 | 0.10 | 85.04 | 13.41 | 0.09 | 45.50 | 15.54 | 0.11 | 74.89 | 12.82 | 0.09 | 82.61 | 10.23 | 0.07 | 74.86 | 16.36 | 0.11 | 72.68

Bmub | 17.05 | 0.11 | 8553 | 14.02 | 0.09 | 46.84 | 16.18 | 0.11 | 75.14 | 14.97 | 0.10 | 83.26 | 15.00 | 0.10 | 74.60 | 15.09 | 0.10 | 75.25

Lin | 1899 | 0.13 | 8558 | 1833 | 0.12 | 47.01 | 18.46 | 0.12 | 76.73 | 17.67 | 0.12 | 83.33 | 18.46 | 0.12 | 75.11 | 18.60 | 0.12 | 74.38

150 | BM | 2435 | 0.16 | 85.59 | 23.08 | 0.16 | 47.82 | 24.81 | 0.17 | 77.37 | 22.86 | 0.15 | 83.26 | 23.32 | 0.16 | 75.23 | 24.65 | 0.17 | 77.27

FBs | 37.81 | 025 | 85.88 | 35.73 | 0.24 | 48.17 | 37.75 | 0.25 | 77.83 | 35.28 | 0.24 | 83.93 | 35.80 | 0.24 | 7533 | 36.63 | 0.25 | 77.29

FBc | 41.78 | 0.28 | 85.76 | 39.94 | 0.27 | 48.86 | 42.89 | 0.29 | 77.46 | 39.07 | 0.26 | 83.72 | 40.00 | 0.27 | 75.22 | 40.19 | 0.27 | 76.55

RLB | 46.08 | 031 | 86.55 | 45.37 | 0.31 | 49.09 | 49.25 | 0.33 | 77.48 | 45.98 | 0.31 | 83.94 | 44.28 | 0.30 | 75.58 | 48.47 | 0.33 | 78.01

FMRBT | 50.31 | 0.34 | 87.81 | 47.64 | 0.32 | 50.50 | 51.10 | 0.35 | 78.92 | 4842 | 0.32 | 84.71 | 49.37 | 0.33 | 76.30 | 50.88 | 0.34 | 78.97

FMRB2 | 50.06 | 0.34 | 88.71 | 47.33 | 0.32 | 51.85 | 51.17 | 0.35 | 78.97 | 49.75 | 0.32 | 85.22 | 48.58 | 0.33 | 75.97 | 51.00 | 0.34 | 78.36

Const | 15.69 | 0.05 | 85.38 | 16.70 | 0.06 | 46.11 | 17.74 | 0.06 | 74.50 | 17.87 | 0.06 | 82.96 | 14.66 | 0.05 | 74.58 | 17.13 | 0.06 | 74.13

Rand | 2520 | 0.09 | 85.12 | 30.62 | 0.10 | 45.88 | 30.39 | 0.10 | 75.10 | 26.03 | 0.09 | 82.69 | 27.06 | 0.09 | 74.95 | 26.60 | 0.09 | 72.02

Bmub | 25.22 | 0.08 | 85.73 | 27.61 | 0.09 | 47.44 | 2847 | 0.10 | 75.13 | 26.12 | 0.09 | 83.13 | 25.73 | 0.09 | 74.79 | 27.18 | 0.09 | 74.69

Lin | 29.99 | 0.10 | 85.82 | 29.43 | 0.10 | 47.69 | 30.47 | 0.10 | 76.91 | 29.92 | 0.10 | 83.36 | 29.29 | 0.10 | 75.11 | 29.90 | 0.10 | 75.30

300 | BM | 39.03 | 0.13 | 86.25 | 36.77 | 0.12 | 48.63 | 37.28 | 0.12 | 78.19 | 36.61 | 0.12 | 83.13 | 36.61 | 0.12 | 75.41 | 36.61 | 0.12 | 77.80

FBs | 69.76 | 0.23 | 86.32 | 64.73 | 0.22 | 49.02 | 67.31 | 0.23 | 78.30 | 64.56 | 0.22 | 84.06 | 64.91 | 0.22 | 75.46 | 64.81 | 0.22 | 76.93

FBc | 72.08 | 0.24 | 86.19 | 68.07 | 0.23 | 48.91 | 72.88 | 0.25 | 78.07 | 68.23 | 0.23 | 83.98 | 67.00 | 0.22 | 75.67 | 67.31 | 0.23 | 76.18

RLB | 86.08 | 0.29 | 86.86 | 78.83 | 0.26 | 49.69 | 85.64 | 0.29 | 78.58 | 79.53 | 0.27 | 84.13 | 79.53 | 0.27 | 75.60 | 79.53 | 0.27 | 78.31

FMRBI | 93.05 | 0.31 | 88.08 | 85.18 | 0.29 | 51.75 | 92.61 | 0.31 | 79.99 | 85.95 | 0.29 | 8539 | 87.44 | 0.30 | 76.73 | 88.17 | 0.30 | 79.96

FMRB2 | 92.87 | 0.31 | 89.98 | 85.30 | 0.29 | 52.05 | 92.82 | 0.31 | 79.74 | 86.06 | 0.29 | 85.54 | 87.69 | 0.29 | 76.76 | 87.69 | 0.29 | 80.57

Table 1: Comparison results across different budget settings and datasets under the IID settings.
Comparison Methods. We compare the two variants of Bud Née(:::’td 1\%11)5; c211F /8\5 FI\:SNSI;Q‘T EI\%HISOT b E]\gﬁm Klgfffl‘q‘T

BR-FEDBIDDER: fmrb1 based on Eq. (25) and fmrb2 based Rand | 7480 | 20.15 | 6517 | 77.95 6577 | 6832
on Eq. (26) with eight established bidding approaches: Con- Bf;;‘b Z‘;;Zg ﬁj}é 22% 3233 2;:2‘5‘ 22:;2
stant Bid (Const) [Zhang er al., 2014], Randomly Gener- 50 Egl ;gg? %;(5)? gg?i ;gg? 2323 gggg
ated Bid (Rand) [Zhang ez al., 2021; Zhang et al., 2022], Be- FBe | 7548 | 2656 | 6579 | 7014 6928 | 6967
low Max Utility Bid (Bmub), Linear-Form Bid (Lin) [Per- RLB | 7620 | 2802 | 6643 79.66 70.15 70.11
. . 1 3s . FMRBI | 77.92 | 2995 | 67.19 30.62 70.80 7183
lich et al., 20121, Bidding Machine (BM) [Ren ez al., 20171, FMRB2 | 7778 | 2970 | 67.59 79.96 7111 72.90
and Reinforcement Learning-based Bid (RLB) [Cai ef al., Const [ 7503 | 23.24 | 65.16 7823 66.59 69.38
. . Rand | 7501 | 2280 | 65.29 78.12 65.79 68.55
2017] Detalls Of these methods can be found m [Tang and Bmub 75.49 23.75 65.68 78.34 67.30 69.16
Yu, 2023al. Moreover, we also include Fed-Bidder [Tang Lin ) 7570 | 27.08 | 65.89 78.65 68.63 69.05
. . 150 | BM | 7623 | 2833 | 6644 79.23 70.16 70.22
and Yu, 2023c¢] for comparison. Tailored for data consumers FBs | 7652 | 2948 | 6646 79.64 70.49 7078
; ; ; ; i ; FBc | 7594 | 2834 | 66.57 79.06 69.96 69.74
in AFL settings, Fe.d Bldder aims to competitively bl.d for min | vems | b | eeoe 2007 008 ol
data owners to maximize the utility. It offers two variants: FMRBI | 7820 | 3222 | 68.24 8124 71.25 72.18
one with a simple winning function, FedBidder-sim (FBs), ng‘igz 32(3); ;ﬁg; gggg 3};'32 Z;'zg Zggf
and the other with a complex winning function, Fed-Bidder- Rand | 7495 | 24.66 | 6540 78.10 65.95 68.69
Bmub | 7547 | 2599 | 65.83 78.50 67.79 69.85
com (FBc). Lin | 7603 | 2813 | 66.26 78.99 68.69 69.32
Experiment Scenarios. We compare BR-FEDBIDDER Sl I O e O Toes Lo T3
with baselines in two scenarios, each containing 10,000 DOs: II:EE ;g»ig 53‘3? ggg; ;gz? g?-gg ;8432
1) IID data: FOHOWlng [Tang and Yu, 20230], We assign se- FMRBI 79:50 32:89 68:34 81:73 7]:68 73:59
quential IDs to DOs and introduce Gaussian noise to the data FMRB2 | 80.27 | 32.51 | 69.40 81.99 72.93 72.52

resources of the first half of the population, creating low-
quality resources, while the second half remains unchanged
with high-quality data. Dataset sizes of various DOs vary
randomly from 500 to 5,000 samples. 2) Non-IID data: Fol-
lowing [Shi and Yu, 2023], one class (for datasets other than
EMNISTL) or six classes (for EMNISTL) is designated as
the minority class, assigned to the first 100 DOs. These DOs
possess images for all classes, while others exclusively have
images for the remaining classes. Each DO has 3,000 images.

Implementation Details. To gather historical AFL bidding
data, we employed a data accumulation approach, observing
the behaviors of 160 DCs and 10,000 DOs in four distinct set-
tings. In the first, each baseline bidding method was used by

Table 2: Accuracy (%) comparison under Non-IID scenarios.

one-eighth of the DCs. In the second, four strategies, includ-
ing BM, FBs, FBc, and RLB with Al techniques like BR-
FEDBIDDER, were adopted by three-sixteenths of the pop-
ulation each, while the remaining baselines were chosen by
one-sixteenth each. In tailored AFL settings, FBs and FBc
were favored. In the third setting, 50 DCs opted for FBs and
FBc, while 10 DCs selected each of the other six baselines. In
the fourth, 65 DCs chose FBs and FBc, with 5 DCs each for
the other six baselines. Using the GSP forward auction mech-
anism, we continuously monitored DC behaviors to gradually
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Method MNIST CIFAR-10 FMNIST EMNISTD EMNISTL KMNIST
IID | NIID | IID | NIID | IID [ NIID | ID | NIID | IID | NIID | IID | NIID
BR-FEDBIDDER 87.08 | 77.50 | 50.75 | 32.89 | 79.98 | 67.34 | 84.39 | 80.26 | 75.72 | 71.68 | 79.14 | 71.59
BR-FEDBIDDER-W | 85.98 | 77.27 | 49.14 | 32.53 | 79.74 | 65.40 | 82.54 | 77.27 | 73.76 | 70.93 | 77.56 | 71.52

Table 3: Ablation study results in terms of test accuracy (%) of the resulting FL. models.

accumulate data, compensating for the absence of a dedicated
AFL dataset.

To evaluate the effectiveness of BR-FEDBIDDER, we cre-
ate a group of ten FL DCs, each utilizing one of the afore-
mentioned bidding approaches to join the auction for each
bid request from the available FL DOs. Following [Tang and
Yu, 2023c], bid requests are delivered in chronological or-
der. Upon receiving a bid request, each DC derives its bid
price based on its adopted bidding strategy. Then, the auc-
tioneer gathers the bid prices, identifies the winner, and de-
termines the market price using the GSP auction mechanism.
The winning DC remits the market price to the DO, and the
data aligns with the winning DC for FL. model training. The
process concludes when there are no more bid requests or
when the budget is depleted.

Evaluation Metrics. Our study aims to optimize total rev-
enue while maintaining a satisfactory ROI for the data con-
sumer with the objective of achieving satisfactory FL model
performance. Therefore, we adopt the revenue (Rev), ROI
and the accuracy (Acc) of the FL. models as the evaluation
metrics.

5.2 Results and Discussion

To evaluate the performance of the proposed BR-
FEDBIDDER, we perform experiments on six datasets by
varying the budget among {50, 150,300} under the IID and
Non-IID scenarios. The results are shown in Tables 1 and 2.

Table 1 shows the comparison results for revenue, ROI,
and FL model accuracy under the IID scenario. Across
all six datasets and three budget settings, our proposed
BR-FEDBIDDER consistently outperforms baseline methods.
Specifically, compared to the best-performing baseline, BR-
FEDBIDDER achieves a 5.66% improvement in revenue. In
addition, BR-FEDBIDDER consistently achieves satisfactory
ROI, with a 6.08% improvement over the best-performing
baseline. These results demonstrate the efficacy of our ap-
proach in optimizing the revenue of data consumers while
ensuring a satisfactory ROI. The accuracy results in Table 1
align with the performance in revenue and ROI, with BR-
FEDBIDDER achieving a 2.01% improvement under the IID
scenario.

The comparative results under the Non-IID scenario can be
found in Table 2. It can be observed that under the Non-IID
scenario, the proposed method BR-FEDBIDDER consistently
outperforms existing methods in terms of FL. model accuracy.
In particular, on average, BR-FEDBIDDER achieves 2.87%
higher FL model accuracy compared to the best performance
achieved by baselines under the Non-IID data scenario. All
these results demonstrate the effectiveness of our approach
BR-FEDBIDDER in helping DCs optimize their key perfor-
mance indicators and bidding strategies for DOs under the
emerging AFL scenarios.
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Lin and Bmub typically outperform Const and Rand due to
their use of utility in the bidding process. However, Bmub
is less effective than Lin due to its inclusion of random-
ness. Meanwhile, the more advanced methods BM, FBs, FBc,
RLB, and BR-FEDBIDDER perform significantly better than
the simpler approaches. This is largely due to the inclusion of
winning probability estimation and the use of machine learn-
ing and reinforcement learning frameworks.

RLB and BR-FEDBIDDER both outperform BM, FBs, and
FBc, likely due to their direct consideration of bid cost and
available budget. While BM does consider market price dis-
tribution, it derives this distribution by marginalizing the pre-
diction of the market price density of each bid request, which
may lead to overfitting. In contrast, BR-FEDBIDDER obtains
the market price distribution by the predefined winning func-
tion, which helps predict the expectation of the bid cost more
accurately. While RLB uses dynamic programming to op-
timize its bidding process, its immediate reward setting can
lead to blindly bidding for data samples without considering
cost, which is not an issue with BR-FEDBIDDER.

Ablation Study. To compare the impact of using full-
volume bidding records versus only winning records, we
compare the performance of the BR-FEDBIDDER approach
with its variant, BR-FEDBIDDER-W. The key difference lies
in the loss function used in the winning probability prediction
module (Eq. (23)). BR-FEDBIDDER-W employs a modified
version of the loss function considering only winning records,
while BR-FEDBIDDER uses the entire bidding data. Table 3
displays the results of our experiments. We note that BR-
FEDBIDDER outperforms BR-FEDBIDDER-W consistently
across all six datasets, both under IID and NONIID settings.
This indicates that the auxiliary task allows training the model
on the entire inference space, thus effectively mitigating the
SSB issue, leading to significantly improved test accuracy.

6 Conclusions

This paper focuses on providing the optimal bidding strate-
gies for data consumers in the AFL ecosystem to guide them
in bidding for data owners in the competitive market so as to
maximize their revenue and improve FL. model accuracy by
proposing a novel revenue-maximizing bidding strategy (BR-
FEDBIDDER). This paper first theoretically explores the re-
lationships between Return on Investment (ROI) and utility,
as well as bid cost and utility, and their impact on overall rev-
enue, which highlights the challenge of revenue maximiza-
tion when solely prioritizing ROI enhancement without tak-
ing into account the impact of bid cost. Based on these find-
ings, BR-FEDBIDDER maximizes bid costs with a targeted
ROI constraint. In this process, it incorporates an ancillary
task of winning probability estimation into the framework to
achieve bias-free learning by leveraging bid records from the
entire volume of bid requests.
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