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Abstract—The emergency of federated learning (FL) enables distributed data owners to collaboratively build a global model without

sharing their raw data, which creates a new business chance for building data market. However, in practical FL scenarios, the hardware

conditions and data resources of the participant clients can vary significantly, leading to different positive/negative effects on the FL

performance, where the client selection problem becomes crucial. To this end, we propose AUCTION, an Automated and qUality-

aware Client selecTION framework for efficient FL, which can evaluate the learning quality of clients and select them automatically with

quality-awareness for a given FL task within a limited budget. To design AUCTION, multiple factors such as data size, data quality, and

learning budget that can affect the learning performance should be properly balanced. It is nontrivial since their impacts on the FL

model are intricate and unquantifiable. Therefore, AUCTION is designed to encode the client selection policy into a neural network and

employ reinforcement learning to automatically learn client selection policies based on the observed client status and feedback

rewards quantified by the federated learning performance. In particular, the policy network is built upon an encoder-decoder deep

neural network with an attention mechanism, which can adapt to dynamic changes of the number of candidate clients and make

sequential client selection actions to reduce the learning space significantly. Extensive experiments are carried out based on real-world

datasets and well-known learning models to demonstrate the efficiency, robustness, and scalability of AUCTION.

Index Terms—Federated learning, distributed system, client selection, data quality, reinforcement learning
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1 INTRODUCTION

THE fast proliferation of mobile edge devices results in the
rapid growth of data generated at the edge, which pro-

motes the advancement of modern artificial intelligent appli-
cations [1], [2], [3], [4]. However, due to the privacy issues [5]
and prohibitive data transmission costs [6], the traditional
mechanism that gathers extensive data at the cloud for

centralized model training is often inaccessible. To fully
exploit the data without leaking privacy, a new learning par-
adigm has emerged, namely federated learning (FL) [7],
which enables mobile edge devices to collaboratively learn a
global model without sharing their raw data. In FL, distrib-
uted devices train the global model locally using their own
data, and then commit the model updates to the server for
model aggregation. The aggregated model updates are used
to update the global model, which is then returned to each
device for the next round of iteration. In this way, the global
model can be learned iteratively in a distributed and pri-
vacy-preservingmanner.

Despite the tremendous potential in privacy preservation,
FL still faces technical challenges in achieving satisfying
learning quality. Particularly, unlike the training at the data
center with unconstrained resources and sufficient data [8],
[9], distributed devices that participate in FL are typically
resource-constrained and heterogeneous in terms of both
hardware conditions and data resources, which can affect the
learning performance dramatically. For instance, due to the
sensor defects and environmental constraints, the mislabeled
and non-independent and identically distributed (non-IID)
data are often collected at mobile devices, resulting in diverse
local learning qualities. However, inclusively aggregating
low-quality model updates can deteriorate the global model
quality reversely, which has been verified by our field experi-
ments. Therefore, client selection, i.e., selecting appropriate
mobile devices from candidate clients to participate in
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distributed learning, becomes crucial for high-quality feder-
ated learning.

Recently, a few existing works have proposed client
selection methods for federated learning [10], [11], [12], [13].
Specifically, the scheme in [10] selects clients based on their
computational capacities and channel conditions to reduce
the model training time of FL. In work [11], Wang et al. pro-
posed to exclude clients with irrelevant model updates to
reduce the communication overhead. Wang et al. proposed
a client selection strategy for FL to speed up the conver-
gence of non-IID data training [12]. However, existing client
selection schemes mainly focus on clients’ computation/
communication capacities or local data size/distribution,
but the data quality of individual clients and how they
affect the learning performance of the global model are
rarely considered, which however is of paramount impor-
tance for FL performance. Differently, we comprehensively
investigate the individual quality of clients including data
size, data distribution, and mislabeling issues, and study
the client selection problem to optimize the FL performance,
which can bridge the gap to tackle the challenges in achiev-
ing satisfying distributed learning quality.

In this paper, we consider an FL platform on the data
market, where the machine learning model for different
intelligent services is submitted to the platform with a bud-
get. There are a set of mobile devices with labeled data sam-
ples willing to collaboratively train the model if a certain
price can be paid back. The functionality of the FL platform
is to select a subset of clients to participate in distributed
model training without exceeding the budget, where the
learning quality and the claimed price of the individual cli-
ent are considered simultaneously to optimize the FL per-
formance. However, designing a highly efficient client
selection scheme is technically challenging due to the fol-
lowing reasons. First, due to data privacy concerns, the raw
data of each client is inaccessible, posing challenges to the
data quality characterization of each client. Second, even if
the data quality can be achieved via a privacy-preserving
manner, the learning quality of individual clients can be
affected by multiple factors, such as data size, data quality.
It is difficult to quantify these factors by a numerical indi-
vidual learning quality value due to the complicated train-
ing process. In addition, considering the uninterpretable
property of model training and model update aggregation,
it is also intractable to comprehend how these quality-influ-
encing factors of each client will affect the aggregated global
model. Third, there exist a large set of client selection combi-
nations, especially under the large-scale FL scenarios. Con-
sequently, finding the optimal client selection scheme
involves a huge searching space, the time complexity of
which is non-polynomial and cannot satisfy the real-time
requirement.

To this end, we propose AUCTION, an Automated and
qUality-aware Client selecTION framework to optimize the
FL performance with addressing the above challenges.
Functionally, AUCTION can utilize the current monitoring
information of clients and historical model training records
to automatically learn client selection policies, based on
which the selection decisions can be made in real time
under a specific scenario. In particular, after disclosing the
significance of data size and data quality on individual

learning accuracy by pilot FL experiments, we adopt the
data size and data quality of clients as the driving factors to
characterize their importance to the global model aggrega-
tion. Empowered by the reinforcement learning (RL) tech-
nique, AUCTION encodes the client selection policy into a
neural network as the agent, which takes the data size, data
quality, and claimed price of each client as inputs and out-
puts a subset of clients selected within the budget. Then, the
policy network observes the FL performance of the selected
clients and gradually optimizes its client selection policy
using the policy gradient algorithm. The policy network is
based on the encoder-decoder architecture, in which the
encoder network employs the attention mechanism to trans-
form the client information inputs into embedding vectors,
and the decoder network can make sequential client selec-
tion decisions based on the embeddings from the encoder.
The merits of the encoder-decoder network design are two-
fold. First, caused by the dynamics of the FL environment,
the number of participating clients can vary with time while
the encoder-decoder network can ably adapt to the number
variation. Second, sequential decisions are made in the net-
work which can significantly reduce the RL searching space
and facilitate the training process of the policy network.

We evaluateAUCTIONwith real-world datasets including
MNIST, Fashion-MNIST (FMNIST), CIFAR-10, and CIFAR-
100, as well as widely known learning models including
Multi-layer Perceptron (MLP), LeNet-5, MobileNet, and
ResNet-18, respectively. Extensive experiments are carried
out under various FL settings and the results demonstrate the
efficacy of AUCTION. Particularly, compared to competitive
benchmarks, significant performance gains can be achieved
by the proposedAUCTIONwhen there exist clients with low-
quality data samples. Moreover, with our comprehensive
evaluations, the advantages of AUCTION in terms of robust-
ness adapting to different learning tasks and scalability fitting
to various FL settings, are corroborated.

We highlight our major contributions as follows.

� With pilot experiments, we disclose the importance
of individual data quality on FL model accuracy,
motivated by which we investigate the quality-aware
client selection problem for FL services to deal with
the defective data issues at distributed clients. The
problem is crucial in practical FL scenarios, but to
our best knowledge, is rarely seen in the literature.

� We propose AUCTION, an RL-based client selection
framework, to automatically learn high-efficient and
quality-aware client selection policies. In AUCTION,
we devise a policy network based on the encoder-
decoder architecture, which can adapt to dynamic
changes in the number of FL clients, and make
sequential client selection decisions to reduce the RL
searching space significantly.

� We implement AUCTION and conduct extensive
data-driven experiments to evaluate its performance.
Compared with state-of-the-art client selection meth-
ods, AUCTION can significantly enhance the FL per-
formance for different learning tasks under various
FL settings.

The remainder of this paper is organized as follows. We
describe the system scenario and give the problem definition
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in Section 2. To achieve the solution direction, we conduct
data-driven analysis in Section 3. In Section 4, we present the
design overview of AUCTION with highlighting the design
challenges and introducing the RL model for client selection
in FL. We elaborate on the design of the policy network in
AUCTION in Section 5, and carry out extensive experiments
to evaluate the performance of AUCTION in Section 6. Sec-
tion 7 surveys the related studies. Finally, Section 8 con-
cludes this paper and directs the future work.

2 SYSTEM DESCRIPTION AND PROBLEM

DEFINITION

In this section, we first describe the FL system by detailing
the architecture and workflow, and then we define the client
selection problem in the system.

2.1 System Description

The mechanism of FL can enable the fusion of distributed
data without sacrificing privacy, where the establishment of
an FL platform is important to guarantee learning perfor-
mance. As shown in Fig. 1, in this paper, we focus on a typi-
cal FL services market, where there are one FL platform and
a set of clients in the alliance. Users can submit FL tasks to
the FL platformwith a certain budget for recruiting clients to
accomplish them. For a given FL task, there exist N clients
denoted by C ¼ fC1; C2; . . . ; Cng, willing to participate in the
distributed learning with a claimed price fb1; b2; . . . ; bng, and
each client Ci has a set of private local data samples Di rele-
vant to the FL task. It is worth noting that, the training sam-
ples of some clients may be mislabeled or non-IID, which is
very common in practice but can affect the learning perfor-
mance significantly. Therefore, to achieve satisfying FL per-
formance, the platform needs to select an optimal subset of
clients from C within the budget B for the given FL task. The
selected clients can collaboratively train the FL model using
their local data samples and then receive their declared pay-
ments. The systemworks as follows:

1) Task initialization. A learning task is submitted to the
FL platform, and there is a limited budget B which
can be used to recruit clients to update the parame-
ters ww of the global learning model based on their
local training results.

2) Client initialization. The set of clients C that are will-
ing to participate in the task, i.e., candidate clients,
report their client-side information and prices, which
will be used for the client selection in the next step.

3) Client selection. The FL platform conducts client selec-
tion to choose a subset of participants from the can-
didate clients, and then delivers the initial global
model ww0 to the selected participating clients.

4) Local training. In each round r, based on the global
model wwr, each participating client conducts model
training individually by using the local data set Di,
the training results of which can be used to update
the local model parameters wwr

i . Specifically, for each
data sample j 2 Di at the client, we can define a loss
function of the global model, denoted by fjðwwr

i Þ, and
the local training process is to minimize the local
loss function Fiðwwr

i Þ on the training data set Di,
which is defined as

Fiðwwr
i Þ ¼

1

jDij
X
j2Di

fjðwwr
i Þ: (1)

At first, the local parameters wwr
i are initialized to the

value ofwwr, and then are gradually updated using the
gradient-descent update rule on the local loss function
Fiðwwr

i Þ. After local training, the updated local model
parameters wwr

i of each participant are uploaded to the
FL platform for the globalmodel aggregation.

5) Global aggregation. The FL platform aggregates the
received local model parameters from participating
clients using the classical Federated Averaging algo-
rithm [7]

wwrþ1 ¼
PN

i¼1 diww
r
iPN

i¼1 di
; (2)

where di ¼ jDij is the number of data samples used
by participating client Ci for local training. Then, the
updated global model parameters wwrþ1 are sent back
to all participants for the next round of iteration (pro-
ceeding to step 4)).

6) Learning finishing. The FL process ends when the test
accuracy of the global model reaches a target learn-
ing accuracy.

2.2 Problem Definition

In this paper, we focus on the client selection process, in
which the FL platform aims to select a subset of clients
within the limited budget, such that they can collaboratively
train the global model using the local data with maximizing
the global model accuracy. Formally, our client selection
problem in the FL services market can be cast as follows.

Definition 1 (The Client Selection Problem). For a given
learning task with a set of candidate clients C and learning bud-
get B, how to select a subset of clients Cs � C within the budget
B, such that the accuracy of the global model achieved via their
collaborative training, can be maximized?

To address the above Client Selection Problem, we need to
characterize the impact of each candidate client on the global
model. However, due to the intricate process of individual

Fig. 1. A typical federated learning services market.
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model training and model aggregation, it is infeasible to
model this impactmathematically. Therefore, in the next sec-
tion, we conduct data-driven analysis to explore the factors
at each client that can affect the global model quality, to
inspire our client selection solution.

3 DATA DRIVEN ANALYSIS AND OBSERVATIONS

In this section, to explore the influencing factors at partici-
pating clients, we build an FL platform with 10 clients and
adopt the practical learning models of MLP, LeNet-5 [14],
and ResNet-18 [15] which are respectively trained with the
well-known image datasets MNIST [16], FMNIST [17], and
CIFAR-10 [18], to carry out data-driven experiments.

3.1 Impact of Data Size

In the real FL services market, the participating clients are
usually heterogeneous in terms of hardware conditions,
which results in different amounts of data that can be used for
training the local model. To explore the impact of data size on
the global model, we vary the amount of data used for train-
ing at each client, and evaluate the test accuracy of the indi-
vidual client model and the global model. Particularly, Fig. 2a
shows the average test accuracy of individualmodels of 10 cli-
ents after 5 epochs, and Fig. 2b shows the test accuracy of the
globalmodel after 30 rounds of federated learning. From both
figures, we can observe that the data size of participating cli-
ents can affect the learning accuracy of the individual model
and the global model significantly since both figures have a
clear increasing trend with data size. For instance, given the
date size of 200 and 600, the individualmodel accuracy can be
increased from 66% to 83%, 54% to 68%, and 15% to 26%, for
the learning models of MLP, LeNet-5, and ResNet-18, respec-
tively, and the global model accuracy can be increased from
85% to 91%, 66% to 73%, and 42% to 51%, respectively.

3.2 Impact of Data Quality

The variations in data quality among clients are also com-
mon in practical FL systems, where typical cases are the
existence of mislabeled and non-IID data samples in client

datasets. To examine the impact of data quality on the
global model, we vary the mislabel rate and non-IID level of
client data samples, and evaluate the test accuracy of the
individual model and global model. In specific, Fig. 3a
shows the average test accuracy of individual client models
under different mislabel rates after 5 epochs, and we can
observe that mislabeled data samples can deteriorate the
individual learning performance significantly, especially
when the mislabel rate becomes large. For instance, for the
learning task of MLP and LeNet-5, when the mislabel rate
increases from 40% to 80%, the learning accuracy can drop
dramatically from 73% to 26%, and 61% to 20%, respec-
tively. Likewise, Fig. 3b shows the test accuracy of the
global model after 30 rounds of federated learning, where
we vary the number of clients with 70% of mislabeled data
among 10 participating clients. It can be easily seen that the
global learning performance also degrades with the misla-
beled data samples. Fig. 4a shows the average test accuracy
of individual client models under different non-IID levels,
where we fix the training data size as 600 and vary the num-
ber of data label classes in client datasets. We can observe
that the skewed data distributions can degrade the learning
performance significantly. For example, for the learning task
of MLPMNIST, when the dataset has only one class of label,
the accuracy can only reach 10% after 5 epochs, while the
accuracy can reach 80% when the data distribution is bal-
anced. The same observation can also be achieved from
Fig. 4b, where we vary the number of clients with one label
class data among 10 participating clients. Therefore, we can
conclude that the data quality of participating clients has a
significant impact on the FL performance, and it is of para-
mount importance to select clients with high-quality (cor-
rectly labeled and evenly distributed) data samples to
reduce the side impact of poor datasets.

3.3 Unquantifiable Factor Impacts

Given the importance of data size and data quality at clients,
it is usually beneficial to model the impacts of these factors
on the FL performance, which can be the basis for optimiza-
tion algorithm design to select appropriate clients. With dif-
ferent data sizes and mislabel rates, Figs. 5 and 6 show the
average individual learning accuracy and the global learning
accuracy, respectively, and we can have two important
observations. First, for each learning model, the relationship
between the data size/quality and the final achieved model
accuracy seems to be unquantifiable. For instance, for each
column or row, the variation is uneven, and the variation
pattern is quite different from columns/rows. It means that
the created model can hardly capture the impacts of these
factors precisely. Second, for different learning models, the
impacts of these factors also differentiate from each other.

Fig. 2. Impact of data size on FL.

Fig. 3. Impact of mislabeled data on FL.

Fig. 4. Impact of skewed data on FL.
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For instance, compared to the learning model of MNIST and
FMNIST, CIFAR-10 is more sensitive to the data size and
data quality since both the individual and global learning
accuracy deteriorates dramatically when the data size
becomes small or there are mislabeled data samples. There-
fore, it is difficult to mathematically create one single model
to represent the factor impacts for different learning tasks.
This uninterpretable property of impacts poses technical
challenges in designing high-quality client selection algo-
rithms, since candidate clients cannot be quantitatively
evaluated.

The sophisticated interrelationships among data size,
data quality, and acquired model accuracy motivate us to
adopt modern machine learning techniques to automati-
cally learn task-specific client selection strategies. RL is an
important unsupervised learning method that can automati-
cally make decisions based on the policy learned by the
agent interacting with the environment. The agent first
observes the environment state and performs an action
according to the policy, which is a mapping between states
and actions. Performing the action, the agent then receives a
reward, based on which the agent optimizes its policy with
the aim of maximizing the expected reward. To this end, in
what follows, we propose AUCTION, which employs the
RL framework and a neural network to learn specific char-
acteristics of a given learning task and select optimal partici-
pating clients by creating satisfying trade-offs among data
size, data quality, and price of each candidate client.

4 DESIGN OF AUCTION

In this section, we first highlight the technical challenges that
AUCTION has to deal with. Then, we present the design
overview of our proposed AUCTION, and finally we detail
the RL framework used in the design ofAUCTION.

4.1 Design Challenges

The design of AUCTION faces the following significant
challenges:

� Inaccessible Data Quality: Due to the data privacy con-
cern, it is usually infeasible to directly access the raw

data on each client. Therefore, it is essential to cap-
ture the data quality features of each client in a pri-
vacy-preserving manner;

� Variable Number of Candidate Clients: In the real-world
FL services market, the number of clients that are
willing to participate in a given FL task is dynamic
and unpredictable. Therefore, the offline trained
decision model should be adaptive to the dynamic
changes in the number of candidate clients, which is
challenging since the input of a neural network usu-
ally needs to be a fixed size;

� Exponential Searching Space: The space of feasible cli-
ent selection combinations grows exponentially with
the number of FL clients. Therefore, there exists a
huge searching space for the learning algorithm to
make the optimal client selection decision, especially
when the number of candidate clients becomes large.

4.2 Design Overview

Inspired by the approaches proposed in [19], [20] that tackle
combinatorial optimization problems with RL, we adopt the
RL architecture to train the client selection agent by interact-
ing with the environment. Particularly, as shown in Fig. 7,
AUCTION first collects the clients’ status information from
the FL services market, and the agent then takes a client
selection action on the environment. Afterwards, the selected
clients train the FL model collaboratively and the training
performance is returned to the agent as a reward. Finally,
AUCTION uses this reward to update the agent policy to
enhance its performance. The process runs iteratively until
the agent can make satisfying client selection decisions in
accordance with the dynamic environments.

To improve the intelligence of the client selection agent, we
devise a neural network, namely policy network, as the client
selection agent, which takes the FL clients state as inputs and
outputs a client selection action. The state captures the status
of candidate clients for a given FL task, including the data
quality, data size, and the claimed price, while the action
determines which clients are selected to participate in the
task. To copewith the dynamic changes in the number of can-
didate clients and reduce the searching space of the RL algo-
rithm, the policy network is designed as an encoder-decoder
structure, where the encoder maps the status of each client to
vector representations, based on which the decoder then gen-
erates an output of selected clients accordingly.

4.3 Reinforcement Learning Model

We devise the following RL model to tackle the client selec-
tion problem. The components of the RL model including
state, action, reward, and policy are defined as follows.

Fig. 5. Individual learning accuracy (%) versus data size and data quality.

Fig. 6. Global learning accuracy (%) versus data size and data quality.

Fig. 7. An overview of the proposed AUCTION.
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1) State: The state ss ¼ fxx1; xx2; . . . ; xxng consists of the fea-
tures of all candidate clients for a given learning task. To
facilitate high-quality client selection within a limited bud-
get, following the principles in Section 3, we set the features
xxi of each client Ci as a 4-dimensional vector represented by
xxi ¼ fdi; qli; qdi ; big, where di are the number of data samples
used for training, qli and qdi are the data quality in terms of
data labels and data distribution, respectively, and bi is the
required price (i.e., payment) for client Ci to complete the
learning task.

It should be noted that, due to privacy issues, it is infea-
sible to access the raw data of training samples at clients
and measure the data quality (e.g., mislabel rate, data dis-
tribution) directly. In this paper, we propose a simple but
efficient method to characterize the data quality of each cli-
ent. In particular, the FL platform usually maintains a
small set of test data to evaluate the quality of FL models.
Therefore, to characterize the data label quality of each cli-
ent, the FL platform first trains the global model using the
test dataset, and then the trained global model is used to
evaluate the loss for the data samples in each client data-
set. Although the trained model is not sufficient to predict
the correct labels of client data samples, we find that there
is a strong correlation between the mislabel rate and the
test loss. Consequently, we adopt the loss of the global
model on the local dataset of each client Ci to represent the
data label quality qli. To characterize the skewness of cli-
ent’s data distribution, each candidate client first indepen-
dently trains the initial global model downloaded from the
FL platform using a small subset of its local data, and then
commits the local model to the FL platform for evaluation.
It is verified that the loss of each local model on the test
dataset of the FL platform is closely related to the skew-
ness of client’s data distribution, where a more skewed
data distribution is reflected by a larger loss value. There-
fore, we use the loss of the local model of each client Ci on
the test dataset of the FL platform to represent the data
distribution quality qdi .

1

2) Action: Given a set of candidate clients C with size N ,
the client selection agent needs to select a subset of clients
without exceeding the budget B. The full space of client
selection actions can be as large as Oð2NÞ, which grows
exponentially with the number of candidate clients in the
FL services market. The large combinatorial action space
can complicate the RL training process dramatically. To
deal with it, we employ sequential actions to make client
selection decisions one by one. For each sequential action
that selects one client from at most N candidate clients, the
action space can be reduced to OðNÞ, and a sequence of
such actions can finish the client selection process.

3) Reward: The goal of the client selection policy is to
make the global model quickly converge to be accurate and
reliable via the collaborative training of the selected clients.
Therefore, we set the reward r to be

r ¼
XR
j¼0

�accj ; (3)

where accj is the test accuracy achieved by the global model
on the test dataset of the FL platform after round j, � is a
constant that makes reward r grow with the test accuracy
(� ¼ 64 in our setting), and R is the total number of rounds
of the entire FL process.

4) Policy:We define a feasible action of the client selection
aa ¼ ða1; . . . ; ai; . . .Þ as a subset of the candidate clients,
where ai 2 fC1; C2; . . . ; Cng and

P
ai2aa bi � B. The policy

network of AUCTION defines a stochastic client selection
policy pðaajss;BÞ for selecting a feasible action aa given a state
ss and learning budget B. That is, the policy network takes
any state and learning budget as inputs and outputs a feasi-
ble client selection action.

5 DESIGN OF POLICY NETWORK

In this section, we elaborate on the design of the policy net-
work in AUCTION. Particularly, we first detail the encoder-
decoder architecture design of the network, and then
describe its training process in the system.

5.1 Encoder-Decoder Policy Network

As shown in Fig. 8, the policy network of AUCTION is an
attention-based deep neural model that consists of the
encoder and decoder networks. In the encoder network, the
raw level features of clients are first transformed to vector
representations, based on which the decoder network makes
sequential decisions on client selections.

5.1.1 Encoder Network

In the encoder network, the Client Embedding layer first trans-
forms the 4-dimensional input features xxi into initial
dh-dimensional (we set dh ¼ 128 in our implementation)
embeddings hh

ð0Þ
i via a linear projection: hh

ð0Þ
i ¼WWxxxi þ bbx,

whereWWx and bbx are learnable parameters. Next, the embed-
dings are updated through L attention layers, each of which
produces embeddings hh

ðlÞ
i for l 2 f1; . . . ; Lg.

Following the encoder architecture of Transformer [21],
each attention layer consists of a multi-head attention
(MHA) layer and a fully connected feed-forward (FF) layer,
each of which adds a skip-connection and batch normaliza-
tion (BN) [20]

Fig. 8. The architecture of the policy network.

1. The additional cost raised by the data quality characterization
process is acceptable since only quite a small part of data is used, and
this is a one-shot process performed offline before FL.
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bhhi ¼ BNlðhhðl�1Þi þMHAl
iðhhðl�1Þ1 ; . . . ; hhðl�1Þn ÞÞ; (4)

hh
ðlÞ
i ¼ BNlðbhhi þ FFlðbhhiÞÞ: (5)

The MHA layer consists of M attention heads running in
parallel, and the MHA value for each client Ci is calculated
based on the output of each head hha

im

MHAiðhh1; . . . ; hhnÞ ¼
XM
m¼1

WWO
mhh

a
im; (6)

where WWO
m is a learnable parameter matrix. Specifically,

given a client embedding hhi, the value of hh
a
im is computed by

the self-attentionmechanism (we omit them for readability)

hha
i ¼ AttentionðWWQ

e hhi;WW
K
e hhi;WW

V
e hhiÞ; (7)

Attentionðqqi; kki; vviÞ ¼
XN
j¼1

vvjSoftmax

 
qqTi kkjffiffiffiffiffi
dk
p

!
; (8)

SoftmaxðaijÞ ¼ expðaijÞPN
j0¼1 expðaij0 Þ

; (9)

where WWQ
e , WW

K
e , and WWV

e are learnable parameter matrices,
the query qqi, key kki, and value vvi for each client Ci are com-
puted by projecting the same embedding hhi, and dk is the
dimension of the query/key vector.

The feed-forward (FF) value is calculated by two linear
transformations with ReLu activation

FFðbhhiÞ ¼ ReLuðbhhiWW
F
0 þ bbF0 ÞWWF

1 þ bbF1 ; (10)

whereWWF
0 , bb

F
0 ,WW

F
1 , and bbF1 are learnable parameters.

5.1.2 Decoder Network

Based on the embeddings from the encoder, the decoder out-
puts one selected client at at the time t, and the sequential cli-
ent selection results can be achieved until the learning budget
is used up. For the decoder architecture, it consists of a multi-
head attention layer and a single-head attention layer [20].
The value of the multi-head attention layer ddð0Þ is calculated
by the multi-head attention mechanism. Specifically, taking
the outputs of the encoder, i.e., the final client embeddings
hh
ðLÞ
i as inputs, the decoder first computes an aggregated

embedding �hhðLÞ ¼ 1
N

PN
i¼1 hh

ðLÞ
i . To improve the efficiency, we

only calculate a single query qqs for each head from the aggre-
gated embedding �hhðLÞ, while computing the key kki and value
vvi from the client embeddings hh

ðLÞ
i

qqs ¼WWQ
d
�hhðLÞ; kki ¼WWK

d hh
ðLÞ
i ; vvi ¼WWV

d hh
ðLÞ
i ; (11)

where WWQ
d , WW

K
d , and WWV

d are learnable parameter matrices.
To make sure the selected clients are not repeated and the
required payment does not exceed the learning budget, we
define an attention mask hti 2 f0; 1g at time t for each client
Ci 2 C. Let aat�1 ¼ ða1; a2; . . . ; at�1Þ represents the clients that
have been selected at time t� 1, and Bt�1 denote the
remaining budget, i.e., Bt�1 ¼ B�PCi2aat�1 bi. We define

hti ¼
1; if Ci =2 aat�1 and bi � Bt�1;
0; otherwise:

�
(12)

Then, we compute the weight msj, and mask clients that can-
not be selected at time t, i.e.,

msj ¼
qqTs kkjffiffiffiffi

dk
p ; if htj ¼ 1;

�1; otherwise:

(
(13)

Finally, the multi-head attention value ddð0Þ can be calculated
using Equation (6) based on the output value of each head
ddð0Þm , where

ddð0Þm ¼
XN
j¼1

vvjSoftmaxðmsjÞ: (14)

To compute the probability pti of selecting client Ci at time
t, the multi-head attention layer is followed by an attention
layer with a single attention head. Specifically, we compute
the query qq and key kki from the multi-head attention value
ddð0Þ and the client embedding hh

ðLÞ
i , respectively. That is

qq ¼WWQ
p dd
ð0Þ; kki ¼WWK

p hh
ðLÞ
i ; (15)

where WWQ
p and WWK

p are learnable parameter matrices.
Then we compute weight mi for each client and clip the
result within ½�C;C� using tanh (we set C ¼ 10 in our
implementation)

mi ¼ C � tanhðqqT kkiffiffiffiffi
dk
p Þ; if hti ¼ 1;

�1; otherwise:

(
(16)

The probability pti of selecting client Ci at time t can be cal-
culated using a softmax

pti ¼ pðat ¼ Cijss; aa1:t�1; Bt�1Þ ¼ expðmiÞPN
j¼1 expðmjÞ

: (17)

Finally, the decoder selects one participating client at at time
t according to the probabilities ðpt1; pt2; . . . ; ptnÞ.

5.2 Training the Policy Network

The parameters of the policy network uu are the concatena-
tion of the encoder and decoder learnable parameters. The
goal of training is to optimize the parameters uu of the sto-
chastic policy puuðaajss;BÞ with a given input set of clients
with state ss, i.e., assigning larger probabilities to the client
selection strategies with high learning performance (i.e.,
with high reward). To this end, we use the policy-gradient
method to optimize the parameters of the policy network as
follows. For a given learning task, the client selection agent
first observes the state ss of the FL services market environ-
ment, i.e., the features xxi ¼ fdi; qli; qdi ; big of each candidate
client Ci. Specifically, the data quality features qli and qdi can
be acquired according to the approach described in Sec-
tion 4.3 in a privacy-preserving way. The data size feature
di is available during distributed model training, and the
price feature bi for each client is also public for the FL plat-
form. Then, the client selection agent chooses an action
sequence aa based on the policy puuðaajss; BÞ. For the action
conduction, the FL services market will select the clients in
aa to participate in the model training. Specifically, in each
round, each selected client Ci trains the global model with
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di local data samples and commits the model updates to the
FL platform for aggregation. As a result, the global model is
iteratively updated with the aggregated model updates and
the training process terminates after a certain number of
rounds. Subsequently, the agent evaluates the global model
and acquires a reward r.

Afterwards, the policy network can be updated based on
the ðstate; action; rewardÞ conditions, and the training objec-
tive is to maximize the expected reward

JðuujssÞ ¼ Eaa�puuð�jss;BÞrðaajssÞ; (18)

where rðaajssÞ is the reward after performing action aa at state
ss. We adopt the REINFORCE algorithm [22] to optimize J ,
whose parameters uu are gradually optimized by gradient
descent:

ruuJðuujssÞ ¼ Eaa�puuð�jss;BÞ½ðrðaajssÞ � bðssÞÞruulogpuuðaajss;BÞ�;
(19)

where bðssÞ denotes a baseline function that is independent
of aa to reduce the gradient variance and hence accelerate
the training process. In this paper, we define bðssÞ as the
reward of an action from a greedy rollout [20] of the policy
defined by the best model so far. That is, the value of bðssÞ is
obtained by selecting the action with maximum probability
greedily. In this way, the policy model is trained to improve
progressively, since rðaajssÞ � bðssÞ is positive if the reward of
the client selection action aa is better than the greedy rollout,
making actions to be reinforced.

Algorithm 1. REINFORCE-Based Training Algorithm

Input: (1) training set SS; (2) number of training epochs E; (3)
batch size Bs; (4) learning budget B.

Output: the parameters uu of the policy network.
Initialize policy network parameters uu;
for epoch ¼ 1; . . . ; E do
for each j 2 f1; . . . ; Bsg do
ssj  SampleStatusðSSÞ;
aaj  SampleRolloutðssj;puuðssj; BÞÞ;
aabj  GreedyRolloutðssj;puuðssj; BÞÞ;
Conduct aaj and aabj, and compute rðaajjssjÞ and rðaabjjssjÞ,
respectively;

end
Compute rJ  1

Bs

PBs
j¼1ðrðaajjssjÞ � rðaabjjssjÞÞruulogpuuðaajjssj; BÞ;

uu Adamðuu;rJÞ;
end
return uu

The details of our training algorithm are described in
Algorithm 1. First, we randomly generate a training set SS,
where each sample ssj 2 SS represents a state of the FL serv-
ices market, and the features of the candidate clients in ssj are
randomly generated from a uniform distribution (details are
shown in Section 6). Taking the training set SS, the number of
training epochs E, the batch sizeBs, and the learning budget
B as inputs, the algorithm outputs the updated parameters uu
of the policy network afterE epochs. In each epoch, the algo-
rithm takes a batch of Bs samples from SS, and for each sam-
ple ssj, the agent first takes samples from policy puuðssj; BÞ to
obtain a feasible action aaj, and then greedily selects the action

aabj. Afterwards, the FL services market conducts action aaj
and aabj, and computes reward rðaajjssjÞ and rðaabjjssjÞ, respec-
tively. Finally, the algorithm computes the gradient rJ and
updates uu using the Adam optimizer [23].

6 PERFORMANCE EVALUATION

In this section, we conduct extensive experiments to evaluate
the performance of AUCTION. Particularly, we first describe
the evaluationmethodologywith experiment setup, learning
task setup, hyperparameter settings, and benchmark design.
Then, we demonstrate the training process of the client selec-
tion agent and carry out the overall performance compari-
son. Finally, we present the client selection process of
AUCTION, investigate the impact of the learning budget and
examine the scalability ofAUCTION.

6.1 Evaluation Methodology

Experiment Setup. We build an experimental FL services
market with real-world learning tasks to emulate misla-
beled and non-IID scenarios and implement AUCTION as
the client selection agent for the FL platform. We first emu-
late the entire FL process on the server under various sce-
narios where the emulated candidate clients have different
training data size, mislabel rate, and data distribution, and
train the client selection model of AUCTION offline through
interacting with the experimental FL services market. Then
with the trained client selection model, we evaluate the per-
formance of AUCTION with varying the quality-affecting
factors of candidate clients.

Learning Tasks. We evaluate the performance of AUC-
TION on four FL learning tasks: 1) MLP MNIST. The Multi-
layer Perceptron (MLP) model2 is trained with the MNIST
dataset [16], which is a dataset of handwritten digits with 10
classes, 60 thousand training data samples, and 10 thousand
testing data samples. 2) LeNet-5 FMNIST. The LeNet-5
model [14] is trained with the Fashion-MNIST (FMNIST)
dataset [17], which is a dataset of Zalando’s fashion article
images with 10 classes, 60 thousand training data samples,
and 10 thousand testing data samples. 3) MobileNet CIFAR-
10. The MobileNet model [24] is trained with the CIFAR-10
dataset [18], which consists of 50 thousand training images
and 10 thousand testing images in 10 classes. 4) ResNet-18
CIFAR-100. The ResNet-18 model [15] is trained with the
CIFAR-100 dataset, which is similar to the CIFAR-10 data-
set, except that it has 100 classes each containing 500 train-
ing images and 100 testing images.

Hyperparameters. In the policy network, we use L ¼ 3
attention layers in the encoder, each of which consists of a
multi-head attention layer withM ¼ 8 attention heads and a
fully connected feed-forward layer with one 512-dimen-
sional hidden sublayer. Likewise, the multi-head attention
layer in the decoder network has M ¼ 8 attention heads. In
Algorithm 1, we set the batch size Bs ¼ 8, and use a learning
rate of 10�3 for the Adam optimizer. During the training pro-
cess of the policy network, we randomly generate a training
set SS with 3200 training data samples for each learning task.
For each sample, the number of candidate clients is fixed,

2. It has two hidden layers with 50 neurons each using ReLu activa-
tions, and the output layer uses a softmax function.
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and the features of clients are randomly generated. Specifi-
cally, among the candidate clients, a random 50% of them
have mislabeled training data samples, and a random 50%
of them have randomly generated non-IID data distribu-
tion. Besides, for the MLP MNIST and LeNet-5 FMNIST
tasks, the data size of clients is generated uniformly within
the range [100,1000], while for the MobileNet CIFAR-10 and
ResNet-18 CIFAR-100 tasks, the range is [300,3000]. The
price of clients is generated uniformly within the range
[1,3] for all tasks. Moreover, to achieve the data quality
features of each client in a privacy-preserving manner, we
set the FL platform to train the global model with the test
dataset for 5 epochs to evaluate client local data label qual-
ity, and set each client to randomly select 100 data samples
from its local data set to train the global model for 5 epochs
(30 epochs for the ResNet-18 CIFAR-100 task) to character-
ize the skewness of client’s data distribution. Note that, in
the performance evaluation of AUCTION, the features of
candidate clients, including training data size, price, misla-
bel rate, and data distribution, are generated with the same
settings, but the testing features combinations are not
appeared in the training data set.

Benchmarks. The performance of AUCTION is com-
pared with the following four benchmark client selection
approaches:

� Greedy: It greedily selects clients with high quality
and low price based on the value of qi=bi, where qi
and bi are the quality and price of client Ci, respec-
tively. Here, we utilize a heuristic method to charac-
terize the quality of each client, i.e., qi ¼ di � acci,
where di is the training data size and acci is the test
accuracy of the pre-trained local model of each client
Ci (each client uses a small subset of local data to
train the global model which is committed to the FL
platform for evaluation). The greedy-based approach
is widely used for quality-aware budgeted incentive
mechanisms in recent researches, e.g., [25], [26].

� POW-D: It prefers the clients with larger local loss,
which is a biased client selection scheme proposed
in [27]. In each round, the FL platform sends the cur-
rent global model to candidate clients which com-
pute and send back their local loss, and then the FL
platform selects clients in the order of the local loss
values within the learning budget.

� Random: It randomly selects a subset of clients within
the learning budget B, which is widely used in state-
of-the-art researches (e.g., [7], [28], [29]).

� Price first: It prioritizes the clients with low prices for
a given learning task, the aim of which is to select as
many clients as possible within the limited budget.

6.2 The Agent Training Process

Fig. 9 showsthe training process of the client selection agent
on four FL tasks, where the number of candidate clients is
fixed to 50 and the learning budgetB of each task is set to 10.
The experiment settings follow the description in Section 6.1,
and the reward refers to the mean reward within a mini-
batch. In addition, for the MLP MNIST task and the LeNet-5
FMNIST task, the total number of rounds of the entire emu-
lated FL process R is set to 5, while for theMobileNet CIFAR-
10 task and the ResNet-18 CIFAR-100 task, we setR ¼ 20. We
can observe that, for each learning task, the training reward
can converge fast to a stable and high value after training a
few hundreds of mini-batches. It demonstrates that with the
design of AUCTION, the agent can learn how to make the
optimal client selection strategy intelligently.

6.3 Performance Comparison

With adopting the trained model, we then compare the per-
formance of AUCTION with the benchmarks. Particularly,
we emulate an FL services market with 20 candidate clients
for each learning task, where the features of the candidate cli-
ents follow the description in Section 6.1. With a learning
budget of 10, Fig. 10 shows the accuracy of each learning task
by adopting different client selection strategies. We can
observe that for all learning tasks, our proposed AUCTION
can outperform other benchmarks significantly. Taking the
MobileNet CIFAR-10 task as an example, after 30 learning
rounds, the Greedy, POW-D, Random, and Price first mecha-
nisms can only achieve an accuracy score of 37%, 30%, 23%,
and 35%, respectively, while AUCTION can achieve a score
of 49%, improving the performance by 32%, 63%, 113%, and
40%, respectively. Additionally, to demonstrate the robust-
ness of our proposedAUCTION, we evaluate its performance
in the FL services market with large-scale candidate clients.
Fig. 11 shows the learning performance of each task with 50
candidate clients. Likewise, the features of the candidate cli-
ents follow the description in Section 6.1, and the learning
budget of each task is set to 10. We can observe that AUC-
TION still works well in large-scale client scenarios, outper-
forming other benchmarks significantly. Moreover, it can be
seen that for almost all learning tasks, the Greedymechanism
performs better than other mechanisms, since the effects of
data size, data quality, and price are simultaneously consid-
ered during client selection. It demonstrates that the factors
of data size, data quality, and price are all paramount to the
learning performance, and AUCTION can ably achieve a sat-
isfying trade-off among themwith superior performance.

6.4 Client Selection Process

To better understand how AUCTION selects clients to out-
perform other schemes, taking the LeNet-5 FMNIST task as

Fig. 9. The training process of the client selection agent.
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an example, we plot the client selection results of AUCTION
and Greedy in Fig. 12. In this experiment, there are 50 candi-
date clients with a learning budget of 20, and the local data
samples of each client are correctly labeled but half of the cli-
ents have randomly generated non-IID data distributions.
The features of the clients selected byAUCTION and Greedy
are summarized in Table 1. We can observe that, AUCTION
selects 9 clients to participate in the learning task with
achieving a 77:1% accuracy3 score, while Greedy selects 11
participating clients but inversely achieves a score of 71:4%.
Furthermore, the average data size of the clients selected by
Greedy is larger than AUCTION and the average price is
lower, but the average KLD value4 of the selected clients is
relatively larger. It means that the Greedymechanism priori-
tizes clients with high data size and low price, while AUC-
TION emphasizes more importance on the data quality,
which can achieve better performance. Therefore, as shown
in Fig. 12b, the clientswith large data size, low price, but rela-
tively skewed data distribution can be improperly selected
by the Greedy mechanism. However, the non-IID data can
deteriorate the FL performance significantly, resulting in the
suboptimal performance of the Greedy mechanism. In con-
trast, AUCTION can intelligently learn how to make trade-
offs among data size, data quality, and price, with selecting
appropriate clients through RL training.

Then, to fairly compare the client selection scheme of
AUCTION and POW-D, we set the price of each client to be
the same as 2, and then plot their client selection results in
Fig. 13 and summarize the features of their selected clients

in Table 2. Likewise, there are 50 candidate clients, half of
which have mislabeled data samples and half of which have
non-IID data distributions. We can observe that AUCTION
gives more preference to the clients with large training data
size, less mislabeled data, and small KLD values, while
POW-D priorities the clients with large training data size
and high mislabel rate. The reason lies in that larger training
data size and higher mislabel rate can result in larger local
loss, while POW-D prefers clients with larger local loss.
However, mislabeled and skewed data can degrade the FL
performance significantly, and that is why AUCTION is
able to achieve 71:4% accuracy while POW-D can only
achieve an accuracy of 43:7%.

6.5 Impact of Budget

In this subsection, we further explore the impact of the
learning budget. With 40 available candidate clients, Fig. 14
shows the performance of the LeNet-5 FMNIST task when
there are different learning budgets. We can make the fol-
lowing two major statements. First, our proposed AUC-
TION can outperform other benchmarks in all settings. For

Fig. 10. Performance comparison with 20 candidate clients.

Fig. 11. Performance comparison with 50 candidate clients.

Fig. 12. The client selection results of AUCTION and Greedy without
mislabeled samples.

3. The average accuracy of 30 FL rounds.
4. We use the Kullback–Leibler divergence (KLD) between client’s

local data distribution and the uniform distribution to reflect the non-
IID degree of each client, where the KLD values are larger for more
skewed data distributions.
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instance, when the learning budget is 5, after 30 rounds,
AUCTION can achieve an accuracy of 81%, but the achieved
values are less than 70% for other benchmarks. Besides,
AUCTION converges faster than other benchmarks, since it
takes fewer rounds to reach the same target model accuracy,
being able to save much training cost and the learning bud-
get. Second, the performance gap between AUCTION and
other benchmarks becomes more significant when the learn-
ing budget is smaller. It happens since the performance of
the benchmarks can improve as the learning budget
increases, while AUCTION can consistently maintain rela-
tively high performance even with a relatively small budget.
For example, when the learning budget increases from 5 to
20, after 30 rounds, the performance of the Price first mecha-
nism improves from 57% to 73%, while the performance of
AUCTION can stabilize at 83%. It means that AUCTION can
complete federated learning tasks with less budget, which
is beneficial for its practical usage.

6.6 Scalability

In this subsection, we demonstrate the scalability of our pro-
posed AUCTION by evaluating its online client selection per-
formance when adopting different agents which are trained
offline with a various number of emulated candidate clients.
Fig. 15 shows the average accuracy of the LeNet-5 FMNIST
task for 30 rounds of training when using different client
selection models including our proposed AUCTION and
other benchmarks, where ‘ours-10’ represents the AUCTION
modelwhich is trained offlinewith 10 emulated candidate cli-
ents. Specifically, we train the AUCTION agents offline using
[10,50] emulated candidate clients respectively, and then eval-
uate their client selection performance online with a various
number of candidate clients ranging from 10 to 50, where the
learning budget is set to 10. We can observe that the trained
AUCTION models can perform well with good scalability
when the number of online candidate clients varies. For exam-
ple, the trained model ‘ours-50’ can achieve an average

accuracy score of 68:8%, 71:5%, 76:9%, 77:7%, and 75:3%,
respectively,when there are 10, 20, 30, 40, and 50 online candi-
date clients, outperforming other benchmarks significantly.
Similar observations can also be obtained for otherAUCTION
models. It demonstrates that AUCTION can be excellent in
scalability to keep pace with the dynamics of the available
candidate clients, and this feature is important for AUCTION
to be extensively adopted in the practical FL servicesmarket.

7 RELATED WORK

Recently, FL has attracted significant research attention,
including communication efficiency enhancement [30], [31],
[32], privacy protection [33], [34], incentive mechanism [35],
[36], usage in applications [37], [38], etc. In this section, we
focus on two aspects, i.e., FL performance enhancement and
client selection, which are highly related to our study.

7.1 FL Performance Enhancement

In order to enhance the FL performance, various optimization
methods have been developed in the fields of algorithm opti-
mization [28], [39], [40], [41], attack defense [42], [43], [44],
[45], etc. For example, Liu et al. proposed Momentum Feder-
ated Learning that uses Momentum Gradient Descent in the
local update step to accelerate the convergence of FL [39]. A
new stochastic algorithm SCAFFOLD proposed in [28]
employs variance reduction to overcome the client gradient
dissimilarity problem caused by the heterogeneous data,
which could yield faster convergence. In [40], Li et al. pro-
posed FedProx, a federated optimization algorithm, which
enables better heterogeneity and learning performance by
allowing variable learning workloads across clients. Addi-
tionally, Reddi et al. proposed a variety of optimizationmeth-
ods, which demonstrated that adaptive optimizers can be
powerful tools in improving the performance of FL [41]. In
addition to the algorithm optimization for FL, other
researches are dedicated to robust FL via defending attacks
frommalicious clients. For example, Li et al. proposed a spec-
tral anomaly detection-based framework for FL, which can
detect and removemaliciousmodel updates from adversarial
clients to eliminate their negative impact [42]. Moreover,
other works such as [46] proposed a control algorithm for FL
to balance the trade-off between local update and global
aggregation in order tominimize the learning loss.

7.2 FL Client Selection

Client selection is also an effective way to improve the perfor-
mance of FL. In this regard, various client selection poli-
cies [10], [11], [12], [13], [47], [48] have been proposed to
optimize the selection number, training time, or communica-
tion overhead of FL. For example, Nishio et al. proposed a

Fig. 13. The client selection results of AUCTION and POW-D with identi-
cal price.

TABLE 2
Features of Selected Clients: AUCTION and POW-D

Selected Clients AUCTION POW-D

Number 10 10
Avg. data size 608 796
Avg.mislabel rate 4.4% 40.4%
Avg. KLD value 0.09 0.99
Avg. accuracy 71.4% 43.7%

TABLE 1
Features of Selected Clients: AUCTION and Greedy

Selected Clients AUCTION Greedy

Number 9 11
Avg. data size 649 688
Avg. KLD value 0 0.27
Avg. price 2.17 1.76
Avg. accuracy 77.1% 71.4%
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resource-aware selection scheme, which selects clients based
on their computation/communication resources to maximize
the number of participants within resource constraints [10].
Xu et al. proposed a long-term client selection and bandwidth
allocation scheme depending on client’s wireless channel con-
dition and remaining battery to maximize the long-term
learning performance [49]. To minimize the training latency,
Xia et al. proposed a multi-armed bandit-based framework
for online client scheduling, which can learn to schedule cli-
ents online in FL trainingwithoutwireless channel state infor-
mation and client statistical characteristics [47]. To reduce the
communication overhead of FL, Wang et al. proposed a
scheme to identify the clients with irrelevant model updates
trained over client-specific or biased data, and preclude those
clients from uploading their updates [11]. Considering the
possible unavailability of clients caused by the computation/
communication outages, Mohammed et al. devised an online
selection algorithm that selects a fixed of R clients from
dynamic candidate clients to cope with the stochastic process
of incoming candidate clients [13]. Considering the selection
fairness of clients,Huang et al. designed a fairness-guaranteed
algorithm to select the clients within the limited bandwidth
which focused on the tradeoff between training efficiency and
fairness [48]. However, these algorithms pay less attention to
the data quality of clients (e.g., the mislabeling or non-IID
issue for distributed data), which is rather important for FL
performance.

Empowered by modern machine learning techniques, a
few state-of-the-art researches have leveraged RL techni-
ques for FL client selection, which learn to select candidate
clients via interacting with the FL environment. For exam-
ple, Wang et al. designed a DRL-based agent that applies

the double Deep Q-learning Network (DDQN) algorithm to
select participating clients for FL, the goal of which is to
counterbalance the bias from different non-IID data while
minimizing the communication rounds of FL training [12].
Furthermore, a few incentive mechanisms also proposed to
use RL to incentivize and select clients to participate in FL.
For instance, Jiao et al. proposed a deep RL-based auction
mechanism to encourage and select data owners to partici-
pate in FL, with considering the data size, data distribution,
and wireless channel demand of each client [50].

Nevertheless, there is no existing research that investi-
gates the data quality (including the issues of mislabeled
and non-IID local data) of individual clients and focuses
on the client selection problem to optimize the learning
performance. Besides, the existing RL-based approaches
cannot cope with the dynamic changes in the number of
FL clients, restraining their usage in real-world FL sys-
tems. In contrast, we disclose the importance of data qual-
ity on FL performance and propose a quality-aware client
selection scheme. It takes into account the data size, the
issues of data mislabeling and non-IID distribution, as
well as the learning budget, simultaneously, which can
bridge the gap. Moreover, our proposed AUCTION pro-
vides a scalable client selection agent, which can automati-
cally learn client selection policies applying to variable
client scales and make more efficient and flexible client
selection decisions in practical FL systems.

8 CONCLUSION

In this paper, we have proposed AUCTION, an automated
and quality-aware client selection framework that employs
machine learning techniques to select participants for effi-
cient FL. The proposed AUCTION has encoded the client
selection policy into an attention-based neural network, and
used RL to gradually improve the policy performance via
interacting with the FL platform. The client selection policy
has taken multiple features of clients into consideration,
including the training data size, data quality, and learning
price, which are significant to the learning performance.
Extensive experiments have been carried out and the results
have demonstrated that the proposed AUCTION can be
adaptive to different learning tasks with efficacy, robustness,
and scalability, which paves the path for its wide application
in practical FL systems. For our future work, we will con-
sider the communication cost and computing latency of each
client, and integrate these features into AUCTION to further
expand its client selection functionality.

Fig. 14. Impact of budget.

Fig. 15. Accuracy (%) of LeNet-5 FMNISTachieved by adopting different
client selection models.
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