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Federated Learning with NOMA Assisted by
Multiple Intelligent Reflecting Surfaces:
Latency Minimizing Optimization and Auction

Tra Huong Thi Le, Luiggi Cantos, Shashi Raj Pandey, Member, IEEE,
Hyundong Shin, Fellow, IEEE, and Yun Hee Kim, Senior Member, IEEE

Abstract—Federated learning (FL) has emerged as a promising
framework to exploit massive data generated by edge devices
in developing a common learning model while preserving the
privacy of local data. In implementing FL over wireless networks,
the participation of more devices is encouraged to alleviate the
training inefficiency due to irregular local data but it tends to in-
crease communication latency. To solve this problem, we address
non-orthogonal multiple access (NOMA) assisted by intelligent
reflecting surfaces (IRSs) to accommodate more devices and tailor
their channels favorably to the FL performance. For the FL
with IRS-NOMA, we minimize the total latency by reducing
the latency per training round dominated by local computation
and uplink communication through optimization of IRS-NOMA
strategies and improving the training efficiency under irregular
local data through active device selection. We then propose an
auction-based IRS allocation that utilizes the optimized total
latency for the valuation of the IRSs when multiple base stations
of different operators share their neighboring IRSs. Winner
determination (WD) and payment methods are devised with mul-
tiple bids on IRS subsets in a way of maximizing social welfare.
The results show that the proposed latency minimizing algorithm
outperforms the benchmarks by improving both communication
and training efficiency through device selection combined with
IRS-NOMA optimization. In addition, the auction mechanism
with the proposed WD outperforms the benchmarks, where the
social welfare is improved by constructing each bid with the
valuation on multiple IRSs and increasing the number of bids
submitted.

Index Terms—Auction, federated learning, intelligent reflecting
surfaces, non-orthogonal multiple access, device selection

I. INTRODUCTION

Federated learning (FL) has attracted prodigious attention
to exploit massive amounts of data generated by edge devices
in developing various intelligent services [1]-[5]. Instead of
sharing the data, the devices in FL share a common learning
model with a model owner that is updated through local
learning and model aggregation. As a result, FL ensures a
certain level of privacy protection to local data at the devices
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while alleviating the communication burden of uploading large
local data [4]. Therefore, FL, following its rise and maturation,
is envisioned to become popular with wide applications not
only in data-sensitive fields but also in distributive learning
and optimization fields for future 6G networks [1], [3]-[5].

These emerging FL applications include small-scale FL
scenarios where a single base station (BS) owns its learning
model for the tasks related its serving area or devices such as
edge computing and caching [2], dynamic traffic prediction for
intelligent autonomous vehicles [5], and collaborative channel
estimation [6] as well as large-scale FL scenarios where the
devices and BSs distributed in a large area share a common
learning model [7], [8]. When a delay-sensitive small-scale
FL application is implemented over a resource-limited wireless
network, the communication latency tends to come into promi-
nence in the overall FL performance [9]-[13]. In particular, for
FL under irregular local data distributions, it was observed that
collaboration of more devices is necessary to build a reliable
learning model faster [14]. However, initial studies on FL
over wireless networks have resorted to orthogonal multiple
access (OMA) schemes such as time division multiple access
(TDMA), frequency division multiple access (FDMA), and
orthogonal FDMA in aggregating the model parameters from
multiple devices over a wireless network, which have shown
the straggler effect dominated by a device suffering from a
weak channel [9]-[13].

On the other hand, promising radio technologies have been
suggested and investigated for 6G networks facing challenges
of massive connectivity and resource scarcity [4], [15], [16].
Non-orthogonal multiple access (NOMA) has been identified
as a viable multiple access candidate in supporting a large
number of devices [17]-[19]. Therefore, NOMA can improve
the convergence behavior of FL training under irregular local
data by allowing more devices than OMA [9]-[13]. Intelli-
gent reflecting surface (IRS), also known as reconfigurable
intelligent surface (RIS), has emerged as a cost-effective
performance booster that transforms propagation channels
favorable to the desired performance by controlling reflecting
components intelligently [15], [20], [21]. In particular when
the direct channel from a device to a model owner suffers
from blockages, an IRS can create a relay channel that enables
participation of the device and reduces the straggler effect due
to a weak channel observed in [9], [10].

Owing to the potential benefits of NOMA and IRS to FL, it
is valuable and imperative to integrate them for FL to improve
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Fig. 1: Motivations of IRS-NOMA for emerging FL applica-
tions.

the communication efficiency and thereby to reduce the total
training latency for emerging FL applications. Fig. 1 illustrates
two examples of emerging delay-sensitive FL applications,
edge computing and caching [2] and dynamic traffic prediction
[5], which are implemented without and with IRS-NOMA.
In [2], the popular contents related to a specific place for
augmented reality (AR) were predicted and cached proactively
through FL owned by the serving BS, where participation of
more users in FL is encouraged to improve user experience
by reducing the latency. In [5], dynamic traffic prediction
with unmanned aerial vehicles (UAVs) was identified as a key
application of FL, which requires a fast convergence of the
training model through participation of more UAVs. However,
the devices at users or UAVs that participate in FL can often
suffer from blockages due to the obstacles such as high-rise
buildings. With IRSs, more devices can communicate with the
BS by creating the relay channels superseding the weak or
unavailable direct channels. In the case, the BS, the model
owner, can have more options to choose devices to cope with
performance degradation caused by the heterogeneity of local
data. Furthermore, NOMA allows more devices to upload
their model in a given wireless resource, resulting in a faster
convergence in FL training. In this way, a combination of IRS
and NOMA reaps the benefits from both IRS and NOMA
techniques in a way of reducing the training latency under
a given performance requirement or improving the learning
performance under a delay constraint.

In this regard, this paper considers a delay-sensitive small-
scale FL built on an IRS-assisted NOMA network and opti-
mizes the network to improve a convergence behavior of the
FL training. Specifically, the IRS reflection, power allocation
and decoding order of NOMA, and active devices participating
in model aggregations are optimized to minimize the training
latency under irregular local data distributions. Noticing that
the FL performance of a BS can be improved by deploying
more IRSs at appropriate locations, we subsequently propose
a unique business model of an IRS provider that deploys
IRSs in a communication region and rents the IRSs to their
neighboring BSs to improve the performance of each BS’s FL
application. In a situation where the BSs compete one another
in utilizing the IRSs, it is desirable for the BSs to estimate the
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values of the neighboring IRSs on their performance so that
the IRS provider allocates the IRSs to the BSs based on their
valuation of the IRSs. However, there are some challenges in
allocating their IRSs to the BSs. Firstly, a BS may be self-
interested without considering the utilities of the IRS provider
and the other BSs. Secondly, a BS can cheat its valuation
on a subset of IRSs to get a lower payment on using them.
Thirdly, IRS allocation should be also beneficial to the BSs
to encourage them to rent the IRSs with the payments. In this
aspect, we address an IRS allocation problem to the designed
FL system for which we design an auction process [22] to
maximize a social welfare.

A. Related Works

1) IRS-assisted NOMA: IRS-assisted NOMA has been
studied extensively for the downlink to optimize various
performance metrics established for communication networks.
Specifically, joint optimization of the IRS reflection and power
allocation was studied without and with active beamforming
to minimize the transmit power [23], [24], to optimize the
sum rate [25], [26], to provide the physical layer security
[27], and to maximize the minimum rate [28]. Multiple
IRSs were also considered for the downlink NOMA in [29],
where one IRS assists only one device for the NOMA signal
constructed by two devices. The IRS-assisted uplink NOMA,
which is required for model aggregation in FL, has not been
studied as much as the downlink counterpart. Most studies
on the IRS-assisted uplink NOMA have aimed at sum rate
maximization [30]-[34] which optimizes IRS reflection only
since the maximum sum rate is achieved with the maximum
transmit power irrelevant of decoding order unless individual
rate constraints are imposed. An efficient integration of IRS
and NOMA for FL requires careful design considerations
based on fairness rather than sum rate to guarantee a timely
and successful transfer of the model parameters from each
collaborating device. Although latency minimization problems
were considered with IRS-assisted NOMA for mobile edge
computing, they are formulated under different communication
and computing scenarios by applying two-user NOMA for data
offloading [35], [36].

2) FL with uplink NOMA: Uplink NOMA was considered
for model aggregation in FL to improve the communication
latency, where the gradient compression of the model parame-
ters was uploaded to reduce the communication overhead [37].
Joint optimization of device scheduling and power allocation
was studied to maximize the weighted sum rate of uplink
NOMA for FL by taking into account the power capacity
of devices [38]. The FL with uplink NOMA combined with
wireless power transfer was proposed in [39], where the
NOMA parameters, processing rates of the BS and devices,
and accuracy of the FL training were optimized jointly to min-
imize a system cost in terms of the sum of energy consumption
and FL convergence latency. However, the heterogeneity of
local data was not considered in [39]. Our contribution lies in
designing an IRS-assisted uplink NOMA to further improve
the FL performance under the statistical heterogeneity in local
data sets.
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3) IRS-assisted FL: TRS-assisted FL was studied for over-
the-air computation (AirComp) which aggregates the model
parameters from multiple devices in signal waveforms by ex-
ploiting the superposition property of multiple access channels
[40]-[45]. The mean square error (MSE) of the model param-
eters aggregated over the air is the major design criterion in
these studies. The system parameters including IRS reflection
were optimized to minimize the MSE jointly with device
selection [40], [41] and maximize the number of participating
devices under the MSE constraint [42]. In [43]-[45], AirComp
for the model aggregation of FL was integrated with NOMA,
where NOMA was used for separate data communication [43],
[44] or for local model recovery by sending the symbols for
AirComp redundantly. Although AirComp and NOMA have
a similarity in power-domain sharing of wireless resources
among the devices, their usages are different in the objec-
tives and performance metrics. AirComp exhibits a lack of
flexibility by transmitting symbol types appropriate for model
aggregation over the air and hence requires a new air interface
and signal processing at both the BS and devices dedicated to
the FL operation. On the other hand, NOMA implementable
on top of an existing air interface is flexible in accommodating
diverse performance metrics and model aggregation methods
including model compression [37].

4) Auction-Based Resource Allocation: Due to the effi-
ciency in both process and outcome, auction is widely used
for resource allocation in wireless networks. For instance,
resource allocation among infrastructure providers, mobile
virtual network operators, and devices was formulated as two-
layer auction in [46]. Online auction based device-to-device
offloading was proposed in [47] by taking into account the
battery capacity of mobile devices. Randomized auction was
also leveraged in spectrum sharing for co-located mobile edge
computing [48]. To the best of the authors’ knowledge, there
exists no literature applying auction to the IRS allocation
problem, where multiple BSs compete with one another to
rent the IRSs installed by an IRS provider for the FL with
IRS-assisted uplink NOMA.

B. Contributions

Although the uplink NOMA and IRSs were addressed to
the FL individually, the synergy created by the two methods
has been rarely explored from the viewpoint of the FL perfor-
mance. In addition, multiple IRSs available in a region have
not been considered as a resource to be rented to the BSs
to improve their own FL tasks. In this regard, we consider
a service region of an IRS provider where multiple BSs of
different operators perform their own FL application through
uplink NOMA by utilizing mutually exclusive subsets of
the IRSs installed by the IRS provider. Each BS aims at
minimizing the total latency of its own FL training to attain
a certain test accuracy. To achieve the goal, two challenging
problems should be addressed and tackled; i) How should
each BS design the IRS-assisted NOMA to minimize the total
latency of FL? ii) How should the IRS provider allocate the
IRSs to the BSs when the BSs compete with each other?
The first problem designed by addressing several FL features
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in optimizing IRS reflection, power allocation of NOMA,
and device selection jointly is unique in the objective and
constraints, and has not been tackled yet in the IRS-assisted
NOMA literature. The second problem developed by a unique
business model is solved via an auction-based IRS allocation
mechanism to realize multiple FL tasks in a communication
efficient fashion. The main contributions of this paper are
summarized as follows:

o We first consider a small-scale FL scenario, where a BS
develops its own FL model with its devices of different
computing capabilities under irregular local data sets
as in [14], [49] and aggregates local models through
uplink NOMA assisted by a subset of multiple IRSs. In
this setup, we formulate the problem of minimizing the
total latency of the FL training subject to the individual
rate constraints, where the total latency is modeled by
the latency of one round of model aggregation and the
number of rounds up to a convergence estimated through
experiments taking into account local data distributions
in a convergence behavior of the FL.

o For the first problem, we propose to solve the problem
by minimizing the latency per round by optimizing IRS-
NOMA parameters for a given set of active devices and
searching for the best device set minimizing the total
latency computed with the minimized latency per round.
For IRS-NOMA optimization, we develop an alternating
optimization (AO) algorithm optimizing power allocation
of the devices and unit modulus reflection of the utilized
IRSs alternately, where successive convex approximation
(SCA) [50] is applied for power allocation problem
and semidefinite relaxation (SDR) [51] is applied for
IRS reflection optimization. For device selection, we
propose a low-complexity algorithm based on the Markov
chain approximation approach by designing an ergodic
Markov chain and the transition probabilities that make
the Markov chain converge to its stationary probabilities.

o Next, we consider an IRS allocation problem among
nearby BSs of different operators in a way of minimizing
the total latency of the FL task performed by each BS. For
the problem, we propose an incentive auction between
multiple BSs of different operators acting as bidders
and an IRS provider acting as a seller and also as an
auctioneer by adopting the inverse of the optimized total
latency as a bidding value. Each BS assesses the values
of the IRS subsets in improving its FL performance and
submits multiple bids to the auctioneer. At the auctioneer,
the winning IRS subsets are determined by adopting a
greedy algorithm in order to maximize the social welfare.
We also propose the payment scheme to achieve desirable
auction properties such as truthfulness and individual
rationality [22].

The rest of this paper is organized as follows. Section II
describes the network architecture, FL. model, and latency
of FL training with IRS-assisted NOMA. We first formulate
the total latency minimization problem for a single BS with
a given subset of IRSs, followed by the algorithms solving
the problem in Section III. An auction mechanism for IRS
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allocation is presented in Section IV with the proofs of
desirable auction properties. Numerical results for latency
minimization and IRS allocation are then provided in Section
V. Finally, conclusion is provided in Section VI

Notation: Vectors and matrices are denoted by boldface
lower-case and upper-case letters, respectively. The set of
n X m matrices is denoted by R™*™ for the real-valued entries
and by C"*™ for the complex-valued entries. The set of n xn
semidefinite positive matrices is represented by S’}. We use
diag(a) to represent the diagonal matrix with a diagonal vector
a, [a], to denote the nth entry of a vector a, and [A],, ., to
denote the (n,m)th entry of a matrix A.

II. SYSTEM MODEL
A. Network and Service Architecture

We consider a service region of an IRS provider, where
the IRS provider installs multiple IRSs to assist to assist
neighboring BSs in serving their intelligent devices. The BSs
are owned by different operators and utilize distinct frequency
bands licensed to their operators as in [52], [53]. Fig. 2(a)
illustrates an example of a service region with four BSs and
six IRSs. We denote the set of BSs by M, the set of IRSs
by £, and the set of intelligent devices working for BS m
by K for m € M. Each BS and each device are equipped
with a single antenna whilst each IRS consists of N reflecting
elements. The reflection vector of IRS [ is denoted by

¢ = (b1, Pi2, - i) T € CV¥E )

consists of the complex numbers of unit modulus as |¢;,| =1
forlc L% andn e N2 {1,2,--- ,N}.

The deployed IRSs are the resources for the BSs to enhance
their own FL applications as described in Fig. 2(b). An IRS
can serve up to a single BS through reflection optimization
but a BS can exploit multiple IRSs for its communication.
Henceforth, the BSs compete with one another to obtain their
favorable IRSs that improve the communication efficiency
during their FL. model training. We adopt an auction mecha-
nism to establish such interactions between the BSs and IRS
provider, which is performed in two stages. In the first stage,
each BS valuates IRS subset candidates by estimating the
minimum total latency achieved by IRS-assisted NOMA for
each candidate in FL training, and submits the bids to the IRS
provider. In the next stage, the IRS provider, based on the
bids from the BSs, determines the winner BS for each IRS
and informs the BSs to utilize their allocated IRSs.

B. FL model

We consider a small-scale FL. where each BS owns its
learning model specific to the task related to its service region
or its devices in the region. The task is assumed to be delay-
sensitive so that the model should be trained in a short time
with the devices available in the region. Thus, we assume that
the channel environment remains unchanged during the FL
training process. Prior to starting an FL session, each BS m
selects a set KC,,, C K2 of devices participating in the FL
session, which are referred to as active devices. Each device
k € K,, has a local data set D, = {(wmkd,ymkd)}dDgl’“,
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where ;4 and y,,,.4 are the d-th input and output of device
k, respectively, and D, is the number of data samples in the
local data set D,,,..

The training process of an FL algorithm is performed in a
way of solving the following optimization problem:

min F, (w,) (2)

W

where w,, is the global FL model generated by BS m and

D
a1 .
Fn(wm) = D,, Z Z F(Wm, @mkds Ymka) 3)

M k€ m d=1

is the global loss function computed with a loss function
fwm, @®mkd, Ymrq) and D, = Zke)cm D,,i.. The loss
function reflects the performance of the FL algorithm. During
the FL session, each device k € IC,,, updates its local model
by minimizing

Do
1
ka(wm) = D . E f(wmvxmkd7ymkd) (4)
mEg=1

whilst BS m updates the global model by aggregating the local
updates as

1
m ke

In this paper, each BS updates the model w,, for N,
training rounds', where each training round ¢ € {1,2,--- | N,.}
consists of the following procedure as in [54]:

i) Model broadcast: BS m broadcasts the current global
model w!, to the active devices.

ii) Local model update: Each active device initializes its lo-
cal model with the received global model as w! , , = w!,

and updates its local model with its local dataset D,.1 as

follows:
t t
Wink,j+1 = Pmkj nVFm]C|wm=lekd (6)
for j=0,1,--- 1, — 1, where |, represents the number

of local updates at the device assumed to be a fixed value,
7 is the learning rate, and V I}, is the gradient of
with respect to w,,. The gradient is performed on the
whole data set D,,;, if we use gradient descent, and on
the mini-batch Dy ;1 of size d,,;, sampled randomly from
Doni; if we use the stochastic gradient [55].

iii) Local model upload: The active devices upload w!, , =
Whop, to BS m.

iv) Model aggregation: The BS updates w’™! with the re-
ceived w! , as

t
t+1 _ Zkelcm Dinkwip
=

ZkEICm DTILk‘

'We use ‘training round” and ‘round’ interchangeably in this paper, which
correspond to one FL iteration consisting of model broadcast, local model
update, local model upload, and model aggregation.

w

)
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Fig. 2: (a) System model with 4 BSs (b) FL processes with an IRS provider.

TABLE I: Table of notations

[ Notation | Description
M;m Set of BSs; BS index
L] Set of IRSs; IRS index
N;n Number elements of IRS 1; element index
O1ns Din Phase shift of element n of IRS [; reflection of element n of IRS [
IC%Z; Km Set of total device of BS m; set of selected device of BS m
Dimks Dmk Local dataset of device k of BS m; size of D,
Dpmk; dmk Mini-batch; mini-batch size of the local update of device k of BS m
Dm; Dm Global dataset of BS m; size of Dy,
Fok; Fm Local loss function of device of BS m; global loss function
“"’:nk, s @m Local model of device k£ of BS m at round ¢; global weight of BS m
Sw; Ny Data size of local weight; number of training rounds
lu; m Number of local updates performed by the scheduled devices between two adjacent global aggregations; learning rate
Pmk’ Ymk Transmit power of device; signal to interference and noise ratio of device k € K, at BS m at ¢t-round
B 02 Uplink bandwidth; noise power density
hoks Vmis Fik Channel between BS and device; channel between BS and IRS; channel between BS and device
Tfrfk; 7595 W(Km) | Computation latency per round; communication latency per round; latency per round
Cr.; bl Subset of IRSs chosen for the ith bid of BS m; bidding price of C},
Jh Gm Winner indicator of the ith bid of BS m; payment of BS m if BS m wins

C. Latency Model

This paper assumes that the latency of each training round
consists of the device computation latency and uplink com-
munication latency. The computation latency at the BS for the
model aggregation is ignored due to the low complexity of
the model aggregation and the relatively stronger computation
capability of the BS. The downlink communication latency in
model broadcasting is also ignored since the transmit power
of the BS is much higher than the devices and the whole
downlink bandwidth is dedicated to broadcasting the global
model in general [55].

1) Device Computation Latency Model: We assume that the
local processing rate of device k € IC,,, is fixed during an FL
session. The computation latency for the local model update
in step ii) can be then obtained as

Tﬁfh _ dmkIuV’ (8)
lmk
where d,,; is the minibatch size defined in step ii), v is the
required CPU cycle for processing each sample, and ¢, is
the local processing-rate in unit of CPU-cycle per second.

2) Communication Latency Model: We employ the uplink

NOMA in step iii) so that the active devices upload their

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

model w’ , of data size S, to BS m simultaneously. The
communication latency incurred in step iii) is derived as
follows.

Let the channels between BS m and device k, between BS
m and IRS [, and between IRS [ and device k£ denoted by
Bmk € C, Uy € CV*1, and £, € CN*, respectively, which
hold the channel reciprocity. The received signal at BS m can
be expressed as

)

e Y

ke,

Dok + Z Pri®r | Sk + im + 1,
lEL’nl

where p,,;,; = diag(v.,i) £ is the relay channel from device
k to BS m via IRS [, £, is the IRS subset of BS m allocated
through the auction process later, n,, is the background noise
with mean zero and variance o2, and

=Y Y Prubisk

leLs, ke

m

(10)

is the interference from the unallocated IRSs. Since the IRS
reflection ¢, is independent of p? ,, for the unallocated IRSs
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le LS, i, can be modeled from the central limit theorem as
complex Gaussian with mean zero and variance

U?m = Z Z ||pmkl||2'

leLe, kEKm

Y

We further define the multi-IRS reflection vector

Pm = [¢17; ¢lj; e d),ZJ;Lm‘]T

and multi-IRS channel vector

(12)

Rk = [Prakt, Prkts " Ptz ] s (13)

corresponding to the allocated IRSs, where I; € L, and [; <
li+1. Then, (9) can be rewritten as

Zm = Z (ke + PPk )k + i+ M.
ke,

(14)

The BS decodes each device’s information from (14) through
successive interference cancellation (SIC). We denote the
decoding order as m,,(k) for the device k € K,,, where
mm (k) = n if the symbol of device k is decoded at the n-th
order in SIC process; mp, (k) < mp, (k') if device k is decoded
earlier than device k' at BS m. With perfect SIC, we have

~ 2
TYmk = 2 y

ilmk’ + Qoz;;hmk’ Pmk’ + U%L
(15)

with Ufn =g24 U?m, which leads to the achievable data rate
of device k € IC,;, with uplink bandwidth B, as follows:

kK ER 0, (k') > (k)

Rmk - Bu 10g2(1 + 7mk)- (16)

Therefore, the uplink communication delay incurred by device
k € K, in uploading the updated model to BS m is given by

Tk = S :
Rmk
3) Total Latency in Training: We consider the synchronous
model aggregation of FL so that the latency per training round
is determined by the slowest device among the active devices
in KC,,, as [55]

A7)

V() = Jnax (Toge + 18- (18)
On the other hand, it was observed that the convergence rate
increases linearly with the number of participating devices
when local data sets {D,,x }kex,, are independent and identi-
cally distributed (iid) [14] while the rate increases nonlinearly
when local data sets are non-iid [56]. From these observations,
the number of rounds required to attain a certain test accuracy
with an active device set /C,,, for the local data sets of a certain
non-iid level can be approximated to [12]

N = (w4 ) &

where GG and k depend on the non-iid level of local data sets
and test accuracy as observed in the convergence analysis
provided in Appendix. The parameters G and x are esti-
mated through the following experiments. Consider a group

19)
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of devices with their local data sets exhibiting a certain non-
iid level. The test accuracy in training a learning model
with K participating devices is obtained as the number of
training rounds increases with which the number N,.(K) of
training rounds to meet the specified test accuracy is obtained.
Performing this process with different K, we obtain multiple
sample points of (K,N,(K)) with which the parameters G
and x are estimated through curve fitting.

The total latency of FL at BS m to obtain a desired accuracy
is determined by multiplying the number of required training
rounds (19) and the latency per training round (18) as

Trotat (Kom) = (o) (n + 1) G (20)

Koml

when the channel is invariant over the training process.
The total latency (20) exhibits a trade-off in computation-
communication delay and training performance according to
the number of participating devices. The number of training
rounds required to achieve a given test accuracy is reduced
by increasing the number of participating devices. However,
more participating devices increase the latency per training
round by increasing the communication latency in serving a
more number of devices within a limited wireless resource.
In addition, a BS can have a more chance to reduce the
communication latency when more appropriate IRSs assist the
uplink NOMA. In this regard, this paper optimizes the system
resources available to each BS to minimize the total latency
of its FL training.

III. LATENCY MINIMIZING OPTIMIZATION

This section minimizes the total latency (20) of BS m
in attaining a certain model accuracy of its FL training by
assuming that an IRS subset £,, is allocated to the BS. This
optimization process is required for valuation on the IRS
subsets to design the IRS auction provided in the following
section. This optimization process is similar for all BSs, we
remove the BS index m in the following for the simplicity in
notation.

The total latency minimization problem for a BS assisted by
an IRS subset L is required to optimize the active device set K,
reflection vector of the IRS subset ¢, and NOMA parameters
such as transmission power p = [pr,, Py, -+ > Phyx,|” Of the
active devices k; € K subject to k; < k;+1 and decoding
order 7 = [m(k1), m(k2), -+ ,m(kx))]”. In the optimization,
we impose the individual rate constraints

Rk > Rmin7 kEek (21)

for the successful model uploading of the active devices. The
total latency minimization problem jointly optimizing the IRS-
NOMA parameters and active device set is then formulated as

1
BS-IRS : mgggq}l’ (li + |IC> G (22)
st. >’ +7nr, kek, (22a)
R, > Ruin, ke /C, (22b)
0<pr <pp™, kek, (22¢)



This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TVT.2023.3264202

ACCEPTED FOR IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. XX, NO. XX, XXX 2023 7

‘¢ln| = 1u ne N7 le £> (22d)
mell, (22¢)
K c K, (22f)

where I is the set of all possible decoding orders and A
is the set of all possible devices working for the BS.

The problem BS-IRS is challenging due to the constraints
entangled with the active device set K in particular. Thus, we
reformulate the problem BS-IRS in an equivalent form of two
nested problems, searching for the best active device set after
minimizing the latency-per-round for each active device set
candidate as follows:

. N 1
(PD) : min U*(K) (n + |’C|) G
s.t.  (22f), (23b)

where U*(K) is the optimized value of the latency-per-round
minimization problem for given K as

(23a)

PD: min v 24)
@,p,, ¥
s.t.  (22a) — (22e). (24a)
The solution of BS-IRS is given by

{@*(K), p*(K%), w*(K*), *(K*)}, where {¢*(K),p*(K),
7*(K), U*(K)} denotes the solution of (24) and K* denotes
the final solution of (23).

Next, we first propose an algorithm to solve problem (PI)
and then an algorithm for (PD) using the algorithm for (PI).

A. Latency-Per-Round Optimization

This subsection tackles problem (PI) for a given active
device set IC by optimizing power allocation p and IRS
reflection @ while employing a suboptimal decoding order
7 due to the formidable complexity in finding the optimal
decoding order obtained after optimizing p and @ for each of
|IC|! possible decoding orders. This paper considers up to o4
different decoding orders 7r;,l = 1,2,---, where the initial
decoding order 7y is obtained in descending order of the
maximally achievable channel power of each device when the
IRS reflection is optimized for that device as [28], [30]

max PR hy 4+ @l hy|? st (22d). (25)
The optimal value of (25) is given by x;'** = p}cna"mk +
S hilal? with [@l, = eIhmZhida) for n =
1,2---,N|L| so that w(k) < m(K') if x}?** > x}2**. The
decoding order ¢, for [ > 0 will be delineated later. For
the given decoding order 7r;, we solve problem (PI) through
alternating optimization (AO) of power allocation and IRS
reflection as follows.

1) Transmit Power Optimization: For given IRS reflection
¢ and decoding order 7, (PI) is reduced to

(PI1): min, U (26)
S
t — <] 1 k 2
S Bu(® —77) = ogo(1+ ), k€K, (26a)
Rmin
B <logy(1+ k), k€K, (26b)
0<pr <pp™, kek (26¢)
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Algorithm 1 SCA algorithm for power allocation

: Input: IRS reflection ¢
. Initialize p'”and ¥'¥. Set i = 0.
repeat
11+ 1
Obtain \I/gi) and pgi) by solving problem (P11b).
until (T — 00D <=¢) or (i > Ie)

(i

. Output: p° = p{” and ¥° = !

NN R RN

by using 75° = S,, /Ry, and Ry, = B, log,(1+4yk). We further
express

logy (1 + %) = Q(p) — Or(p), (27)

where Q(p) = 105 (3 (1) m (k) Xk Dk! +0?) and O (p) =

1085 (3w (kry > m(iy XarPi + 02) with Xy = [y + @7 hy|?.
Thus, problem (PI1) is rewritten as
(PIla): min W (26)
p,¥>0
Se
L =<0 - k 28
S Bu(‘l’ — T]zp) = k(p) @k(P)» € ]C; ( a)
Rmin
5 < (p) — Ok(p), kEK, (280)
u
0 <pp <pp™, kek, (28¢)

which is a difference of convex functions (DC) programming
known to be nonconvex. To find a local optimal solution, we
apply the successive convex approximation (SCA) algorithm
as

LI @
S ~ )
ot Q) (i-1)y < 0.k

s B, (U —77) k(P) +Or(p,ps ) <0k,
(29a)
Rmin ~ .
5~ (p) + Ox(p,pY) <0, kK, (29D)
0<pr<p™, keKk, (29¢)
where
Ok(p. p,) = Ok(p)s + VOL(P,) (P — D) (30)

is the first-order Taylor series approximation of ©(p) at
p = p, and psz_l) is the solution obtained at the previous
iteration. Since the left-hand-sides of (29a) and (29b) become
convex, problem (PIla) is a convex problem so that we can
solve the problem by using an existing convex optimization
solver like CVX [57]. The SCA algorithm for power allocation
is summarized in Algorithm 1 with a tolerance € and maximum
number I,., of SCA iterations.
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2) IRS Reflection Optimization: For given transmission
power p and decoding order 7, problem (PI) becomes

PI2) : i v 1
(P12) Juing (31)
s.t L<lo (I+%), kek (31a)
Lo Bu(\l’ — T]gp) = l0gy V&) )
Rmin
5 < logy(1 4+ 1), k€K, (31b)
|¢ln|:17 IGE, TLGN, (3lo)
which can be transformed as follows:
(PI2a) : vlggo v 3D
st up(V) <v(ep), k€K, (32a)
|¢ln|:1> ZEE, nEN7 (32b)
where
Bmin Siwc
up(¥) = max(2 Bu — 1,251 — 1) (33)
and
hl o+ hyl?
() = g o+ | D (34)

S rkysmh) [Pl P + s Pprs + 02

By defining @ = [7 1]” and § = p@" € sYI™, we
have
b + hi|* = " Crp = tr(C},S) (35)
with }
hih;, hih
C,. = | % k ‘K k] (36)
’ [h;;hf o |2

Problem (PI2) is then reformulated with S after relaxing
the rank-one constraint, i.e., rank(S) = 1, as

min )\
sesi1e w0

st g (W)( Z t(Cr S)pr + 02) < (CS)py, (37a)
w(k')>n(k)
Slpn=1 n=1,2--- ,N|L|+1,

(37)

(37b)

which is still non-convex due to constraint (37a). To handle
this problem, we decouple S and ¥ by employing the bisection
search method to find the maximum ¥ providing the feasible
solution of S. Specifically, for W,,;, = maxgex 7" and Wpax
is given by the optimal value ¥° obtained in Algorithm 1,

we initialize ¥ = ¥mint¥mex We then solve the feasibility
problem given by
(PI2b) find & esVIFH! (38a)
st (W) Y w(CrS)pr + ur (V)0
w(k")>m(k)
< u(CrS)px, k €K, (38b)

[S]n,n - 17 n = 1727 e ,N|£‘ + 1, (38C)

of which the feasible solution is denoted by Sg. While
updating ¥ through the bisection search method, we solve
(PI2b) until we find the maximum ¥ that produces the
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Algorithm 2 SDR-based algorithm for IRS reflection opti-
mization.

—_

: Input: transmission power p

2: Initialize W,,;, and V..

3: while V.. — Yin > € do

4 Solve problem (P12b) with ¥ = Zmint¥max
5. if problem (P12b) is feasible then

6: ST+ Sg.

7: Uohax 0.

8:  else

9: W oin .

10:  end if

11: end while

12: forc=1,2,--- ,C do

13:  Generate a Gaussian random vector © ~ CA(0, ST).
14:  Obtain a candidate solution

0@ = {eI 4@ =L@ lNicier = 1,2, N|L|}
15 Obtain the objective value ¥(©) of (P12a) with ¢ =
P,
16: end for
17: Find the best candidate ¢! = arg max;<.<c ¥(®.
18: Output: @ = ("

feasible solution ST = S+ If the solution ST is not rank-
one, we apply the Gaussian randomization process to obtain a
rank-one solution from ST as in [28]. The process generates
C random samples as

@) ~CN(0,8"), i=1,2,-.C (39)

to obtain feasible rank-one candidates as [28], [58]
&) = (348N =2@Inicier iy = 1,2 N|L|}. (40)

Among the rank-one candidates, we find the best candidate
minimizing ¥ in (PI2a). The overall IRS reflection optimiza-
tion process is summarized in Algorithm 2 which outputs the
optimized IRS reflection vector ¢f.

3) Overall Algorithm: The overall algorithm to solve
latency-per-round minimization problem (PI) is summarized
in Algorithm 3. For the given decoding order m;, AO of
power allocation and IRS reflection (from line 4 to line
9) is performed until the objective value \Ill(z) is converged
or the maximum number /40 of AO iterations is reached,
where U(p, ¢, 7) denotes the objective value computed with
(p, @, ). With the optimized p} and ¢} of the AO algorithm,
we validate the decoding order by computing the power of
each device’s reconfigured channel as

(7 #7) = [Pl hn + hi i | (41)
and updating the decoding order 7r;, 1 in descending order of
(41). The algorithm stops if either the decoding order 7r;
after optimization is not changed form 7r; before optimization
or the maximum number [,.; of decoding order updates is
reached. The final solution is given by the best outcome among
the decoding order candidates with which the AO of p and ¢
is performed.
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Algorithm 3 Algorithm for latency-per-round minimization.

Algorithm 4 MA-based algorithm for active device selection.

1: Input: active device set
2: Initialize 7 in descending order of x3'®*, ¥§ = oo, and
[ =0.
3: repeat
4:  Initialize p(©) = p™2*, () with 6;,, ~ U(0,27), and
and set iteration index ¢ = 0.

5:  repeat
6: 11+ 1.
7: Transmit power allocation: Given @~ and 7,

solve problem (P11) via Algorithm 1 with p{” =

pli=1 to obtain ¥° and p(® = p°.
8: IRS reflection optimization: Given p'*) and 7;, solve
problem (P12) via Algorithm 2 with ¥, = ¥° to
obtain () = .
9: Compute \I/( D=
10:  until (@) —
1n: I+ 1+1
12: Update ¥ = V), pr = p() and ¢} = (¥,
13:  Update 7r; in descending order of xx(p}, ¢}).
14: until (Tl'l = 71'[_1) or (I > I,q)
15: Find [* = arg mlin U,
16: Output: ¥* = U7, p* = pl, @

(p(i), Lp(i), ﬂ-l).
“ D <6 or > Ix0)

= P, T = =

For given decoding order 7r;, the AQO iteration (from line 4
to line 9) in Algorithm 3 produces the objective value \I/l(l) =

U(p™, ) ;) that satisfies \Ill(i) < \I/l(iH) from

U(pW, o, m) > W(pith, o) m)

) ) 42)
> \Ij(p(”rl)’ (p(wrl)?ﬂ.l)'

The first inequality results from Algorithm 1 and the second
inequality results from Algorithm 2. Thus, the AO algorithm
for the given decoding order 7r; guarantees a convergence to
a locally optimal solution. The overall algorithm selecting the
best outcome among those achieved with different decoding
orders also provides a locally optimal solution.

B. Active Device Selection

This subsection solves the active device selection problem
(PD) through the Markov approximation (MA) approach pro-
posed in [59]. A Markov approximation framework consists
of two steps, log-sum-exp approximation and design of a
problem-specific Markov chain. Let g € F denote a possible
candidate for the active device set, where F denotes the sample
space constructed by all possible nonempty subsets of A4/
with |F| = 2/K*"'l — 1. Following the framework, we aim to
obtain the optimal probability of choosing Kg € F as

exp (=0T} (Ks))
> rcer exp(—0T 1,4 (K))’
where o > 0 is a constant. However, it is challenging to
compute T3, ,(K) = ¥*(K)G (/1—1— Wll) with the optimal
value U*(K) for each K € F. Thus, we design a Markov

chain for the problem, in which the states are defined by
the feasible active device sets g with stationary probability

Pks = (43)
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1: Input: device set Kt g G

2: Initialize the current state as g = K and compute
T a1 (Ks) through Algorithm 3.

3: Setl=1.

4: while [ < [,,,, do

5. Choose K’ randomly such that Ky C Kg and || =

IKs| = 1.
6:  Compute the total latency T}, ., (K%) via Algorithm 3.

7Kt K¢ with probability dKcs—K;

Ks with probability 1 — qKcs—Kl
if 2"t == Kg then
: l+1+1
10:  else
11 Ks « Ks, T70(Ks) < T (Ks)-
12: =1
13:  end if

14: end while

15: Output: IC* K:S and total - total(K:S)

distribution {p,*CS,ICS € F}. Since the feasible candidates
will be time-shared according to pi- . when the Markov chain
converges, the candidates with low total latency will have high
probabilities and candidates are selected most of the time. It
was proven in [59] that for any probability distribution of
the product form pjy-_ given in (43), there exists at least one
time-reversible ergodic Markov chain of which the stationary
distribution is given by pj-_.

Let candidates g and K be states of time-reversible
ergodic Markov chain with stationary distribution py._ . To
allow a large degree of freedom in the algorithm design, the
following two assumptions are sufficient: 1) any two states are
reachable from each other, and 2) all g, K € F satisfy the
balanced equation:

PrslKks—Kl = PxrdK,—Ks (44)

where gxcg— ik, and gx, x4 are the transition probabilities
of Kg — K and K’y — Kg, respectively. Based on (44), we
have

_ exp(—T)
s =Kls = Trexp[=e(T 10 (Ks) = Tiga (K5))] 45)
o exp(—T1
UK —Ks = THexpl= Ty (K5)~Trorar (K5)]

where 7 is a constant. From this property, the MA-based
device selection algorithm is devised and summarized in
Algorithm 4 in which we allow Ky C Kg and |Kg| = |Kg|—
to satisfy the two assumptions and I, is the allowed number
of choosing the same candidate in sequence. The algorithm
outputs K* and the total latency T} total of FL training for the
solution of problem BS-IRS for a given IRS subset.

C. Complexity of Algorithms

For given K and L = |L|, the AO iteration in Algo-
rithm 3 (from line 4 to line 9) performs Algorithm 1 at
O(IsaK3) and Algorithm 2 at O(Ifeq(LN)*5) with Ieq
iterations of solving (PI2b) [28]. The complexity of Algorithm
3 performing AO up to I,.q times is upper bounded as
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O((IscaK? + Ifeq(LN)*5)1,.q). Thus, the total complex-
ity of Algorithm 4 is upper bounded as O((I eq K| +
Ttea(LN)5 ) 1oralma|K?Y|) since Algorithm 4 runs Algo-
rithm 3 up to | |1,,, iterations.

IV. AUCTION DESIGN FOR IRS ALLOCATION
A. IRS Auction Model

As described in Section II-A, an IRS provider provides the
IRSs for the BSs in proximity which are operating in distinct
frequency bands licensed to different service providers. An
IRS can associate with any connected BS. The BSs compete
with one another for the IRS-assisted FL, which is modeled
by an auction in this paper. In this proposed auction, an
IRS provider acting as a seller and also as an auctioneer
receives the bids from multiple BSs and decides the set of IRSs
allocated to each BS through the auction winner determination.
The auction process can be summarized as follows.

In Stage I, each BS evaluates the values of the IRS subsets
in assisting the FL training, and submits the bids for the IRS
subsets to the auctioneer. Each BS m can submit multiple
bids for different IRS subsets as B,, = {b%,}2"  where B,,
denotes the total number of bids submitted by BS m and b?, =
{LE by (LE )} is the ith bid of BS m consisting of IRS subset
L! and its bidding price b,,(L,). Here, the bidding price is
determined as b,,,(L!,) = I/I’t’;ta”an, where Tp7, ; 0i s the
total training latency of BS m with the help of £}, assessed by
Algorithm 4. It implies that an IRS subset with a longer total
training latency is less valuable. The set of all bids submitted to
the auctioneer is denoted by B = UMBm. In Stage II, based

on the bids submitted by the BSsr,n%he auctioneer determines
the winning BS of each IRS and the corresponding payment
so that the total social welfare is maximized.

After the auction results are released, each BS initiates its
FL session with the help of the allocated IRSs. Each BS
pays its assistant IRSs when the FL session ends. A BS
possibly bids untruthfully to achieve a higher utility which
may adversely affect the social welfare. To address this issue,
we propose the winner and payment determination methods
that force bidding with the true value to become a dominant
strategy for the BSs in the following.

B. Winner Determination

Let 7 = {J,i = 1,2,--- , B,,,m € M} denote the set
of the association/winner indicators, where J! = 1 if the
ith bid of BS m wins and J};n = 0, otherwise. The utility
Ui of bid b, = {L£! b, (L:))} is defined as the difference
between the valuation b,,(L¢)) and the payment ¢’ , if this
bid wins. Otherwise, the utility U¢, equals zero. The utility of
all BSs participating in the IRS auction is given by Ugs =
Do (bm (LL,) — q,)Ji, while the utility of the auctioneer
is given by the sum of payments of all winning bidders as
Uauct = 3, Ji.5, . The social welfare is the sum of utilities
of all BSs and the auctioneer, which is the sum of bidding
prices of all bidders. Based on the bids collected from the
BSs, the auctioneer determines the winning BS of each IRS
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Algorithm 5 Greedy algorithm for WDP.

1: while Ly #0 AND Y . Ji < |M| do
b (L3,)
[Ch.T+a

2. (m*,i*) = argmax
(m7i)

Jho=1.
by (L1,.) = 0,Vi € By
Ls+ LsULL..
Ly« Ly \ L.
for each bid {£%,,b,, (L)} do
if (LsN L, #0) then
Set b,, (L) =0
10: end if
11:  end for
12: end while

R A A

to maximize the social welfare. Thus, the winner determination
problem (WDP) can be formulated as

(WDP) : m;xxz T b (L) (46)
st Y Jh <1, meM, (46a)
=1
> gL <1, leL,  (46b)
(m,i): leLi,
Jh e {0,1}. (46¢)

where (46a) implies that each BS m can win at most one bid
while (46b) implies that each IRS [ can assist at most one BS.

We implement a polynomial-time greedy algorithm to obtain
an approximate optimal solution for the WDP with single-
minded bidders. The main idea of the greedy algorithm is to
allocate the IRS to the bidder with the highest normalized
value of the bid defined as \Ciﬁ where a is a constant
determined by the designer. The intuition here is that if a is
small, then the auctioneer will tend to choose the bid with
smaller |C! | as the winner, which make IRSs underutilized.
Meanwhile if a is larger, the worst case is selecting winner
based on the value of bid, which can be regarded as the second-
price auction. The details of the greedy algorithm are presented
in Algorithm 5.

Remark: The WDP (46) is formulated for a scenario where
the IRS provider deploys sufficient IRSs in supporting neigh-
boring BSs. Nonetheless, to support a small number of large
size IRSs more effectively, it can be modified by addressing a
virtual IRS concept. This concept divides an IRS into multiple
virtual IRSs constructed by disjoint subgroups of adjacent
elements. The WDP (46) is then formulated with virtual IRSs
acting as IRSs and is solved with Algorithm 5.

C. Payment Determination

The design of a pricing scheme is of critical importance to
achieving truthfulness. We adopt the procedure in [46] to de-
termine the payment for winning bidder b:, = {£¢  b,,,(L%)}
of BS m by taking into account the loss incurred by selecting
the winning bidder b%,. We consider each bid as a virtual
bidder. For the payment, we find new winning bidders by
running algorithm 5 after removing the winning bidder b,
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or equivalently with the set B\ {b%,} of bids for the input.
This output is denoted by J_,, —; which is referred to as
the bidder blocked by bidder b¢, since they cannot win when
bidder b?, participates in the auction. Let C*,, _, denote the
set of indices (m/,i’) correspondmg to the w1nn1ng bidders
blocked by bidder bin, i’ is the index of the winning bid of BS
m/ blocked by bidder b?,. Then, the greedy price for winning
bidder b?, is determined by

b (L >

—m, |

i,greedy __
o =

max 47)
(m’,i")ec*

In some cases, the resulting revenue of the IRS provider can
be even far from the optimal one. As an extreme case, the price
of each bidder is zero if the blocked bid set is empty for all
winners. To avoid this situation, the IRS provider introduces
the base price ¢"*® and charges the winning BS m the price
no less than the base price as follows:

q:‘n — InaX{qbase7 q:';lgreedy}' (48)

D. Properties

We define some economic attributes describing an auction
mechanism and then present important properties of the de-
signed auction mechanism for IRS allocation.

Definition 1. (Truthfulness) An auction mechanism is truthful
if and only if for every bidder b%, = {L% b, (L)} can
receive the highest utility when it reports true value.

To analyze the truthfulness of the proposed mechanism, we
first introduce the concepts of monotone and critical value as
follows:

Definition 2. (Monotonicity) The allocation scheme of an
auction is L-monotone if bid b:, {[, b (L)} is a
winning bidder, then all bidders wzth bl / >- bi, are also
winning bidders, where = denotes the preference of the bidders
defined as follows: {L" , by (L0} = {(LE, by (L1)))} when
bs (L2) > b (L3,) for [ L0, | = L3, | and |3, | < |L3,| for
bt (L10) = b (L)

Definition 3. (Critical value) For a given monotone alloca-
tion scheme, there exists a critical value G, of each bidder
{L8 by (LE )} such that b, (LE) > G, will be a winning
bidder while b,,(L:,) < §., is a losing bidder.

The critical value can be regarded as the minimum value
that a bidder should bid to obtain the requested IRS subset.
With the notion of monotonicity and critical value, we have
the following lemmas.

Lemma 1. An auction mechanism is truthful if the allocation
scheme is monotone and each winning bidder pays the critical
value.

Proof. The proof is immediate from Lemma 1 and Theorem
1 in [60]. O

We now prove that the winner determination algorithm 5 is
monotone and the payment determined for a winner BS is the
critical value of its bid.
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Lemma 2. The winner determination algorithm 5 is mono-
tone.

Proof. Algorithm 5 is monotone from line 2 since W >
b (L s ; y m/’
IU(H-a) when by, (L1,)) > by (LL) for |£8,| = |L£%,] and

L0 ,| < |LE | for by (LF ) = by (L1). It is clear that a BS
can increase its chance of winning by increasing its bid or
decreasing the number of desired IRSs. O

Lemma 3. ¢, is a critical value for each winning bidder

{L00m (L3}

Proof. We consider two cases of winning bidder

{Elm (l:'zm)}’ where b (‘Cin) S an or bm(‘cin) > q;n
Case 1: If bidder {L!,,b,,(L:,)} wins with bidding price

b (L1)) < ¢, we have either b,,, (L%,) < ¢"*¢ or b,,, (LE)) <

ghereedy I b, (L) < q'vgreedy we have b,,(L%) <

bt (ﬁ,,L/) :
max(ﬁznl rn’([’ EBt, W(M | + a). Thus, bidder
{LL,, bm (L)} cannot win the bid. If b,,, (L) < ¢b2*¢, bidder

{L£% by (LE)} can not attend the auction.

Case 2: If bidder {L¢ b, (L%,)} wins with bidding price
b (L1)) > ¢, we have either b,, (L%,) > ¢"*¢ or b,,, (LE)) >
q%:8*°°dY  Then, the bidder can attend the auction and becomes
the winner from line 2 of Algorithm 5. O

From Lemmas 1-3, we finally conclude that the proposed
mechanism with the critical value given by ¢!, = ¢’, is a
truthful mechanism.

E. Complexity and Convergence

The complexity of Algorithm 5 is dominated by finding the
maximum value of the normalized valuation (line 2) computed
at complexity O(Br) for the total number By of bids sub-
mitted by all the BSs. Thus, the complexity of Algorithm 5
5is given by O(]M|T log, Br) to find the maximum value
for M| BSs and is solvable in polynomial time. In addition,
since the number of submitted bids and the number of IRSs
are limited, the greedy algorithm for WDP converges.

V. PERFORMANCE EVALUATION

We first investigate the time latency of one training round
and the total latency of the FL with the proposed algorithms.
We then evaluate the performance of the proposed auction
scheme utilizing the optimized total latency for the bids.

A. Simulation Conditions

The training performance of the FL is evaluated with the
well-known learning task, handwritten digit classification us-
ing the MNIST dataset. The MNIST dataset consists of 60, 000
training images and 10,000 testing images of the 10 digits
[61]. To construct both iid and non-iid local training datasets,
we follow a method similar to that of [55] in allocating
3000 training images to each device after dividing the training
images of each digit into 20 shards of 300 images; Each device
is assigned 10 shards, where £ shards are from the same digit
and 10 — ¢ shards are from different digits for 0 < ¢ < 10.
We refer ¢ as the non-iid level since the irregularity of the
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Fig. 3: Test accuracy as a function of the number of learning
rounds when the datasets are (a) iid with & = 0, (b) non-iid
with £ = 5, (c) non-iid with £ = 7, and (d) non-iid with £ = 9.
TABLE II: Estimated values on G and « for the number of
rounds to attain 67% accuracy.

Non-iid level £E=0 E=2 &E=5 E=T £E=9
G 12.02 34.00 62.00 208.6 776.0
K 0.2436 0.0440 | -0.0024 | -0.0347 | -0.0370

local dataset increases as £ increases. For local training, each
device implements a feedforward neural network (FNN) with
one hidden layer of 64 neurons followed by ReLU activation.
Thus, the FNN consists of 50,890 weights in total which are
represented with S, = 3 Mbits. For each local training, we
set n = 0.01, d,,, = 128, and |, = 2 for the learning rate,
minibatch size, and number of model updates, respectively.
The computational latency is generated by following the model
in (8) with ,,x ~ Unif[5 x 108, 10°] CPU-cycles/second and
v = 6 x 10° CPU-cycles/sample.

To estimate GG and « for the total latency in (20), we investi-
gate the convergence behavior of the test accuracy in FL using
the local training datasets of different non-iid level ¢ in Fig.
3. Although the test accuracy is almost identical irrespective
of the number K of active devices for the iid datasets with
& = 0, a larger number K of active devices improves the
test accuracy more as the non-iid level ¢ increases. With the
results, we obtain G and x for different values of £ in Table
II, which will be employed for the total latency.

For the wireless network, we assume B,, = 10 MHz for the
uplink bandwidth of each BS in providing its own FL service
at a different frequency band, 02 = —124 dBm for the noise
power at the BS, Py = 100 mW for the maximum transmit
power of the device, and Ry,;, = 200 kbps for the minimum
required rate of each device. The channel models include
path loss and Rayleigh fading. The path loss at distance d
is modeled by L(d) = 1073d~ with path loss exponent «
[58], which is set to 4, 2.6, and 2.2 for the BS-device, IRS-
device, and BS-IRS links, respectively. The positions of the
nodes are specified on the (z,y) coordinates given in meters.

B. Performance with Latency Minimizing Algorithms

This subsection evaluates the latency and training perfor-
mances of the proposed algorithms for a single BS. The BS
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Fig. 4: Latency per training round as the number N of IRS
elements increases when L = 1.
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Fig. 5: Latency per training round as the number K of active
devices increases when N = 30.

is located at the origin and the IRSs are located at (20, —20),
(15,—25), and (25, —15), unless otherwise specified, which
are turned on in sequence according to the number L of IRSs.

For FL. with the IRS-assisted NOMA, the latency ¥ per
training round is provided in Fig. 4 as the number N of
IRS elements increases when L = 1 and two devices located
at (499,—491) and (358, —390) are active. In the figure,
PropAO denotes the results with the proposed algorithm 3
with I,.4 = 3 while NoIRS, RandIRS, RandOrdAO and
FixedOrdAO correspond to the results with a reduced form
of the proposed algorithm without IRS, with random IRS
phases, with a random decoding order, and with only the initial
decoding order (I,.; = 1), respectively. The training latency
decreases as the number N of IRS elements increases. The
proposed algorithm improves the latency by about 43 % when
compared with NoIRS. In addition, the channel-power based
decoding order (FixedOrdAQO) improves the performance com-
pared with random selection of a decoding order and PropAO
improves the latency of FixedOrdAO further through updating
the decoding order and selecting the best outcome.

Fig. 5 demonstrates the latency per training round as the
number K of active devices increases when the number of
IRSs is set to L = 0, 1, and 3 with N = 30. The devices
are uniformly distributed in the cell of radius » = 500 m. The
latency per round increases as the number of active devices
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Fig. 6: Total delay T},tq; in achieving 67 % accuracy as the
number K of active devices increases when L = 1 and N =
30.

increases since each device rate decreases by sharing the same
wireless resource and the worst-case device dominates the
performance. On the other hand, more IRSs reduce the latency
per round by transforming wireless channel environments
more suitable for the FL metric.

Fig. 6 provides the total delay T}, as the number K of
active devices increases with L = 1 and N = 30 as in Fig.
5 and the datasets with non-iid level ¢ in Table II are used.
When K is small, the total delay increases significantly as the
non-iid level ¢ increases. However, the total delay decreases
rapidly by increasing the number of active devices, which
reduces the number of training rounds required to obtain a
given accuracy level. The results reveal a tradeoff between
the learning efficiency improved by allowing more devices
in FL as observed in Fig. 3 and the communication delay
increased by allowing more devices as observed in Fig. 5.
Henceforth, there exists an optimal number of active devices
that minimizes the total delay for each non-iid level. For
instance, the optimal number of active devices is observed
to be about K = 6 and 19 for £ = 2 and 5, respectively.

We next provide the overall performance with active device
selection when L = 3, N = 10, and |K%| 20. We
provide the test accuracy with respect to the wallclock time
in Fig. 7 when the non-iid level is £ = 2 in Fig. 7(a) and
& = 7 in Fig. 7(b). Here, NOMA-PropUS denotes Algorithm
4 combined with Algorithm 3, where ¢ = 500 and I,,,, = 50.
NOMA-PFUS and NOMA-RandUS apply Algorithm 3 after
selecting K = 8§ active devices through the proportional fair
(PF) method [62] and in a random way, respectively. TDMA-
PropUS denotes TDMA with equal time allocation applying a
greedy device selection similar to Algorithm 4.

Fig. 7 shows that NOMA-PropUS outperforms the other
baseline schemes in both the convergence rate and converged
test accuracy. Specifically, NOMA-PropUS improves the test
accuracy at time 60 s by about 11 % over TDMA-PropUS
and by about 21 % over NOMA-RandUS/NOMA-PFUS when
& = 7 while by about 15 % over the other schemes when
& = 2. This improvement results from the fact that NOMA-
PropUS incorporates both the computation and communication
delays in device selection while NOMA-PFUS incorporates
only the communication delay and NOMA-RandUS does not
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Fig. 7: Test accuracy of different device selection policies as
the training time elapses: (a) £ =2 (b) £ = T.
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Fig. 8: Total delay of different device selection policies in
attaining the test accuracy of 67 %.

include either of them. The gain of NOMA-PropUS over
TDMA-PropUS is due to the advantage of NOMA over
TDMA in resource utilization.

The total delay Tj,,; to attain an accuracy in Fig. 7 is
provided in Fig. 8 when ¢ = 2 and ¢ = 7. The accuracy
is set to 67 %, which is the highest accuracy of NOMA-
RandUS when £ = 7. The results confirm that NOMA-PropUS
provides the lowest total delay by providing a better tradeoff
between the latency per round and the number of training
rounds required to achieve a given accuracy.

C. Performance with Auction

This subsection provides the performance of the proposed
auction with M = 4 BSs, |£%| = 10 IRSs each with N = 10
elements, and |[K%!| = 10 devices per BS, positioned as in
Fig. 9, unless stated otherwise. The number of bids submitted
by each BS is set to be identical for all BSs as B,,, = B and
the non-iid level of local datasets is set to £ = 7.

The social welfare with the proposed winner determina-
tion algorithm is shown as the number B of bids per BS
increases in Fig. 10 when the IRS subsets £!, in the bids
are constructed by changing the number of requested IRSs as
|£¢| = max(5—i,1) fori = 1,2, -, B. Fig. 10(a) compares
the performance of the proposed method and benchmarks
for multiple IRSs as in Fig. 9. OptWD denotes the optimal
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Fig. 10: Social welfare as the number B of bids increases
when the bids consist of the IRS subsets of nonuniform size:
(a) multiple IRSs and (b) virtual IRSs for a single IRS.

solution obtained by the exhaustive search, PropWD denotes
the proposed method using Algorithm 5 with ¢ = 160, and
RandWD denotes the random IRS selection. ConvNWD and
ConvUNWD are the greedy algorithms allocating the IRSs

with b? (L£%,) (without normalization) [46] and with %Tln
(with normalization), respectively. The social welfare increases
as the number B of bids increases since there are more chances
for selecting the winners with higher bid values. PropWD
provides the second-best social welfare following OptWD in
most cases. Fig. 10(b) provides the social welfare of the
proposed method with and without virtual IRS concept when
only a single IRS with 100 elements is available at location
(=50, 0) instead of multiple IRSs in Fig. 9. Virtual denotes the
results when 10 virtual IRSs with 10 elements created from a
single IRS are allocated while No Virtual denotes the results
when a single IRS is allocated. It is shown that the social
welfare can be improved substantially by constructing the
virtual IRSs when only a small number of IRSs are available.

We also compare the auction performance achieved with the
bids when the size of the IRS subsets is limited for practical
the implementation in Fig. 11. The social welfare of the
network is provided as the number B of bids increases in Fig.
11(a) and the corresponding numbers of satisfied BSs and allo-
cated IRSs are provided in Figs. 11(b) and 11(c), respectively.
Here, Single-IRS, Double-IRS, Mixed-IRS construct the IRS
subsets in the bids with |C,| = 1,|Cf,| = 2, and |C},| = 1 or 2,
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respectively. Fig. 11(a) shows that the social welfare improves
as the number of bids per BS increases since the auctioneer
has more opportunities to select the winning bids with higher
bid values. Single-IRS outperforms Double-IRS for a small
B while vice versa for a large B. Mixed-IRS lies between
the performances of Single-IRS and Double-IRS. When the
number of bids is small, Single-IRS provides a better social
welfare than Double-IRS since the IRS subsets desired by the
BSs can overlap each other for Double-IRS. As a result, all
BSs are not satisfied with Double-IRS when B < 2 although
all BSs are satisfied with Single-IRS as observed in Fig. 11(b).
When the number B of bids is larger than 3, the social welfare
attained with Double-IRS gets larger than that with Single-IRS
in Fig. 11(a) since more IRSs can be utilized with Double-IRS
as shown in Fig. 11(c). In addition, all BSs can obtain their
desired IRS subsets as shown in Fig. 11(b) when B > 3.

VI. CONCLUSION

This paper has considered a business model of an IRS
provider that deploys multiple IRSs to assist the FL appli-
cations of neighboring BSs of different operators employing
uplink NOMA. Our goal is to minimize the total training
latency of each BS by allocating IRSs and optimizing the
IRS and NOMA parameters. Firstly, assuming that a subset of
IRSs is allocated, we have proposed the algorithm optimizing
IRS reflection and power allocation jointly for a suboptimal
decoding order for NOMA to minimize the latency per round,
which is combined with the device selection to minimize the
total latency. Next, we have provided an auction mechanism
between an IRS provider and the BSs for IRS allocation
with the optimized total latency. For the auction, we have
proposed a greedy algorithm to solve the NP-hard winner
selection problem and payment scheme to ensures truthfulness,
individual rationality.

The results have shown that the proposed IRS-NOMA
optimization algorithm reduces the latency per round and
improves the FL performance when combined with device se-
lection. Specifically, it was observed that the proposed method
improves the test accuracy by about 11 % and reduces the total
delay by 57 % when compared with the TDMA counterpart
for a non-iid local data model. Finally, the effectiveness of the
proposed auction mechanism was demonstrated by showing
that the proposed winner determination outperforms the other
conventional algorithms. It was also observed that the social
welfare gets improved when a BS constructs a bid on multiple
IRSs and the number of bids submitted by a BS increases.

APPENDIX

We provide a convergence analysis of the FL. model owned
by a BS provided in Section II-B after ignoring the subscript
m denoting the BS index. The FL optimization problem (2)
with (3) is then expressed as

min | F(w) £ Zeka(w) ,
© kex
where ¢, = Dk/D with Fk(w) = Dik EdD:kl (w;xkd,ykd).
The analysis is obtained by using the results obtained in [14]
under the following assumptions.

(49)
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Assumption 1. Assume Fy,k € K are L-smooth; for all v
and w, Fi,(v) < Fy(w) + (v — w)TVF,(w) + 5[lv — w|?.

Assumption 2. Assume Fy, k € K are p-strongly convex; for
all v and w, Fy;(v) > Fi(w)+(v—w)T VFj(w)+ 4 lv—w]?.

Assumption 3. Let (xyt,y,,) be sampled randomly from
the local data of device k at time t. The variance of
stochastic gradients of device k at time t is bounded as

B[V F(wh, @rt, Yir) — VER(WL)IP] < 6 for k € K.

Assumption 4. The expected squared norm of stochas-
tic gradients at time t is uniformly bounded, i.e.,
E[[|VFr(wh, @re, yi) ] < G2, k € K.

Let F'*, F}', and w* denote the optimal solution of F', Fy,
and w, respectively. The optimality gap of the FL model is
given as follows.

Theorem 1. Let » = L/p, ¢ = max(8s,1,), and learning
rate n; = 2/(u(C +1)). The optimality gap of the FL is
derived as

E[F(w")] -
where B = Y, ciceisp + 6L + 8(l, — 1)G? with T =
F* =3 ek exly quantifying the non-iid level in local data.

O

2B
n

pal

F* = i (%2 + Bl — @) . (50)

Proof. The proof is immediate from Theorem 1 in [14].

For pu-strongly convex F, we have [w® — w*|? < %QQ
which makes (50) proportional to

o

Therefore, the number of training rounds required to meet a
tolerance error is approximated roughly to

Shex CRsatLY+I2G%+¢G?
N1y

(S

2 2 2
NT o Iug2 + Zk €rSp LY +2G + g2.

T

(52)

If we further assume equal participation of the devices as €, =

ﬁ and identical variance as <,f =2 for k € K, (52) becomes

1 g% | LY42G?
Kt T

N, oc (I, +1)G* + (53)

from Zke)c sigi I%Ig’ which complies with N,

(H + ﬁ) G in (19) formulated from the experimental results.
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