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Abstract—Spectrum sharing is critical to addressing spectrum
shortages driven by the rapid growth in mobile users and data
traffic. Interference mitigation poses a significant challenge to
realize efficient and fair spectrum resource allocation in dynamic
environments. In this paper, we introduce an efficient fair
probabilistic multi-armed bandit (EFP-MAB) algorithm, which
optimizes the concurrent link transmission schedules to enhance
coexisting networks’ throughput, by exploiting interference can-
cellation techniques. We provide a comprehensive performance
analysis of EFP-MAB, deriving a bound on its expected regret.
The expected regret of EFP-MAB improves by O(+/K log(T))
compared to the state-of-the-art FP-OFU algorithm, where T
is the time horizon and K is the number of meta-arms. The
computational complexity of EFP-MAB is poly(N, K ), where N
represents the number of arms, marking a significant efficiency
improvement over the FP-OFU algorithm, which lacks polyno-
mial time global optimality guarantees. Extensive simulations in a
heterogeneous technology coexistence scenario demonstrate that
EFP-MAB significantly outperforms FP-OFU in both expected
regret and efficiency.

Index Terms—Spectrum sharing, online learning, multi-armed
bandit, fairness, efficiency.

I. INTRODUCTION

The rapid growth in mobile users and their data demands
has placed significant strain on next-generation wireless net-
works. A key challenge in addressing this issue lies in the
limited availability of spectrum resources. Spectrum sharing
has emerged as a promising solution to optimize spectrum uti-
lization across diverse applications. Two prominent use cases
illustrate the potential of spectrum sharing, as outlined below.
(1) 5G Heterogeneous Networks (HetNets), which involve
sharing licensed spectrum among different network technolo-
gies within a 5G network, such as macrocells and small cells.
HetNet, introduced in the 3rd Generation Partnership Project
(3GPP) Release 12 [1], enables various types of small cells to
coexist while overlapping with macrocell networks in the same
location and using the same spectrum band. (2) Heterogeneous
Technology Coexistence, which focuses on sharing unlicensed
spectrum among various wireless technologies, including Wi-
Fi, LTE, and 5G, to enhance network capacity and coverage.
For example, 3GPP has proposed extending LTE License
Assisted Access (LAA) [2] and 5G New Radio (NR) [3] to
operate in the 5 GHz unlicensed spectrum, which is widely
utilized by Wi-Fi. Other examples include IoT and cellular
networks coexistence [4], and Wi-Fi/Bluetooth/ZigBee coex-
istence [5].

One of the critical challenges in efficiently sharing spectrum
resources is to mitigate the mutual interference among differ-
ent networks using the same band (e.g., between macrocells
and small cells in HetNets, or LTE-LAA and Wi-Fi) [6]. The
prevalent approach has been interference avoidance, which
allocates different resource blocks to different networks’ users,
including scheduling them in different sub-carriers or time
slots [7], [8]. For spectrum sharing in unlicensed bands, listen-
before-talk (LBT) [2] has been introduced in the medium
access control (MAC) layer of LTE-LAA and 5G unlicensed
NR networks, similar to carrier sense multiple access with
collision avoidance (CSMA/CA) [9] in Wi-Fi systems. These
protocols require networks to sense the shared channel and
transmit only if the detected energy level is below a predefined
threshold. Despite their widespread applications, a significant
limitation of interference avoidance-based spectrum-sharing
resource allocation mechanisms is their low spectrum uti-
lization efficiency. In addition, fairness is another key issue
incurred by existing spectrum sharing paradigms. For example,
in LAA/Wi-Fi coexistence scenarios, Wi-Fi performance can
be severely degraded in the presence of LAA [10], [11]. This
occurs because Wi-Fi frequently defers to LAA transmissions,
leaving limited opportunities for Wi-Fi to transmit. The im-
balance arises from the asymmetric carrier sensing parameter
settings between Wi-Fi and LAA networks, which often result
in the LAA networks dominating the shared spectrum.

Recently, physical-layer interference cancellation (IC) tech-
niques have been proposed as promising alternatives to inter-
ference avoidance. For example, multiple-input and multiple-
output (MIMO) [12] and successive interference cancellation
(SIC) [13] enable two or more links to transmit simultaneously
in the same frequency, while canceling out their interference.
IC techniques have been shown to significantly enhance the
performance of homogeneous wireless (e.g., Wi-Fi, cellular
networks, etc [14], [15]), but also adopted to mitigate the
interference across heterogeneous network protocols (e.g., Wi-
Fi/ZigBee coexistence [16], LAA/Wi-Fi coexistence [13]).

Existing approaches to resource allocation in spectrum-
sharing applications can be divided into either offline optimiza-
tion [17] or online learning techniques [18], [19]. However,
these methods have notable limitations. Offline optimization
cannot easily adapt to the dynamic changes of wireless chan-
nels (e.g., due to fading or user mobility), as offline training-
based channel/link quality estimation incurs high overhead.



On the other hand, online learning-based resource allocation
algorithms (such as Multi-armed bandit (MAB) or Deep
Reinforcement Learning (DRL)) dynamically interact with the
wireless environment and optimize the policy on-the-fly [20],
[21]. While DRL approaches can make real-time decisions,
they often suffer from slow convergence [22] and lack reliable
performance guarantees. Recently, several works also studied
fair resource allocation under the MAB framework, with
applications to network optimization [23], [24] or spectrum
coexistence [25]-[27]. Specifically, Guo et. al. proposed a fair
probabilistic MAB framework for online resource scheduling
in spectrum sharing with interference cancellation techniques
[25], [27]. A unique challenge of modeling and solving this
problem is the combinatorial nature of multiple concurrent
transmitting sets (arms), whose rewards structure is non-linear
and depends on the combination itself. Therefore, previous
fair MAB schemes are either not applicable to our problem
[23], [24] , or incur significant regret and computational
overheads [25], [27], which makes them difficult to be adopted
in practice.

In reality, resource allocation or scheduling in shared
spectrum applications often has stringent latency require-
ments, making efficiency a critical consideration. For in-
stance, scheduling for ultra-reliable low-latency communica-
tions (URLLC) in 5G systems is 1 ms [7]. Additionally,
real-world channel conditions remain highly correlated only
within the channel coherence time, which is less than 50
ms at 5.9 GHz in rural and suburban environments [28].
Hence, it is essential to design efficient resource allocation
or scheduling algorithms that can adapt to channel dynamics
in real-time, thereby enhancing the performance of spectrum-
sharing systems.

A. Contributions

To address the above requirements and challenges, in this
work, we propose an efficient fair probabilistic multi-armed
bandit (EFP-MAB) algorithm, which has significant practical
applicability in resource allocation across various spectrum-
sharing applications, including addressing fairness concern in
NR/LAA/Wi-Fi heterogeneous network coexistence [2], [3].
Unlike traditional MAB frameworks, which deterministically
select the optimal arm upon convergence, EFP-MAB selects
each arm probabilistically to ensure that fairness requirements
are met. EFP-MAB is a novel and generalized fair probabilistic
MAB framework that incorporates arm fairness either as
an objective or a constraint, while also supporting a more
comprehensive combinatorial structure with dependent arm
rewards. Our main contributions are summarized as follows:

(1) We introduce an efficient fair probabilistic MAB (EFP-
MAB) algorithm, which incorporates either a max-min fairness
objective or fairness constraints that enforce a minimum
selection fraction for each arm.

(2) We analyze the regret of EFP-MAB. For the max-min
fairness version of EFP-MAB, we derive a sublinear upper
bound of O(y/ KT log(T)) for the expected regret, where T
is the time horizon and K is the number of meta-arms. For the

fairness constraints version of EFP-MAB, we obtain an upper
bound O(N+/KTlog(T)) for the expected regret, where N
represents the number of arms. Notably, the expected regret
of EFP-MAB achieves an improvement of O(y/K log(T))
compared to the state-of-the-art FP-OFU algorithm [27].

(3) The computational complexity of EFP-MAB is
poly(N, K), a significant improvement in efficiency compared
to the FP-OFU algorithm, which lacks polynomial time global
optimality guarantees.

(4) We conduct extensive simulations to evaluate the per-
formance of EFP-MAB in the context of heterogeneous tech-
nology coexistence and compare it with the state-of-the-art
baseline FP-OFU algorithm. The results demonstrate that
EFP-MAB significantly outperforms the baseline in terms of
expected regret and efficiency. Our algorithm can achieve ms-
level run time, which is applicable to real-time online spectrum
resource allocation.

II. RELATED WORK

The authors in [29] addressed the joint resource allocation
problem in 5G HetNets, incorporating both user-level and
cell-level fairness. However, their solution relied on offline
optimizations, which introduce significant overhead and delays
due to the need to collect necessary information (e.g., channel
conditions) beforehand. Similarly, the work in [30] focused
on high-mobility scenarios in 5G HetNets, proposing a deep
reinforcement learning-based resource allocation algorithm to
configure time-division duplex patterns. However, this ap-
proach overlooks fairness in its modeling. In [18], authors
applied reinforcement learning techniques to tune contention
window size for both LTE and Wi-Fi nodes in LTE/Wi-Fi
coexistence scenarios. Both approaches in [18], [30] lack
theoretical performance guarantees and complexity analysis.

Most existing bandit algorithms with fairness considerations
focus exclusively on either fairness objectives or fairness
constraints, rather than addressing both. For instance, [24]
proposed fair MAB algorithms that ensure each arm is selected
at least a pre-specified fraction of the time, while Maxmin
UCB, introduced in [31] integrates a max-min fairness objec-
tive into the UCB algorithm. Furthermore, most existing bandit
algorithms such as UCB [32] and Maxmin UCB [31], converge
to deterministically selecting an optimal arm over time. In
contrast, Guo et al. [27] introduced the Fair Probabilistic
Optimism in the Face of Uncertainty (FP-OFU) algorithm,
which incorporates both a max-min fairness objective and
fairness constraints that enforce a minimum selection fraction
for each arm. The idea of probabilistically selecting arms, as
introduced in [27] and this work, has been similarly applied in
the traditional fair MAB problem [24], combinatorial sleeping
bandits with fairness constraints [23], and combinatorial ban-
dits with probabilistically triggered arms [33]. However, FP-
OFU suffers from a high-order expected regret with respect
to the number of meta-arms and lacks polynomial-time global
optimality guarantees.



III. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

We consider a spectrum sharing system where N individual
links share the same frequency band in a common geographi-
cal area, as illustrated in Fig. 1(a). The downlink transmissions
from BS3 to UE,,, and BS, to UE,, are referred to as link m
and link n, respectively. A Concurrent Transmitting Set (CTS)
consists of one or more links scheduled for simultaneous
transmission. For instance, in Fig. 1(a), CTS 2 includes link
m and link n. When CTS 2 is scheduled for transmission,
each UE in this CTS receives the signal from its intended
transmitter (illustrated by black solid arrows) while experi-
encing interference from other links in the CTS at the same
time (indicated by red dashed arrows). Various IC techniques
can be applied to mitigate the interference (either fully or
partially). In general, the throughput of each link in a CTS is
a function of the SINR, which depends on the CTS topology
and channels. However, since the channels are assumed to
be unknown, the performance of each link under each CTS
must be learned from data. We assume there are K CTSes
in total, as shown Fig. 1(b), the objective of the spectrum
sharing system is to determine an optimal scheduling policy
that maximizes the overall spectrum efficiency (e.g., long-
term network throughput), while balancing individual link-
level fairness across all time slots.
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(a) System Model: N links in total(b) Frequency-time representation of
sharing the same frequency band.  the scheduling problem.

Fig. 1: System model of spectrum sharing system that allows
concurrent transmissions scheduling.

B. Problem Formulation

In this paper, we model the CTS scheduling problem in the
aforementioned spectrum sharing systems using a multi-armed
bandit (MAB) approach. Traditional MAB algorithms, such as
the Upper Confidence Bound (UCB) algorithm [32], are not
inherently designed with fairness considerations. Furthermore,
deterministically selecting a single CTS for transmission in
each slot may incur fairness issues for individual links. To
address these challenges, we formulate a fair probabilistic
MAB problem. This approach extends the traditional MAB
framework by incorporating fairness either as part of the ob-
jective function or as constraints, achieved by probabilistically
selecting each arm. For the fairness objective, we adopt the
max-min fairness criterion [34], [35], a widely used metric
in wireless networking that ensures fair resource allocation

among competing links. Regarding fairness constraints, we
enforce a minimum transmission requirement for each link,
ensuring that each link is transmitted at least a specified
number of times over the total transmission period.

We consider a discrete-time system consisting of 7' time
steps and denote A" = {1,2,--- | N} as the set of all individ-
ual links (referred to as arms). In time step ¢(1 < ¢ < T), a
CTS (referred to as a meta-arm) is probabilistically selected
according to the meta-arm selection vector p;, where p;;
represents the probability of selecting meta-arm ¢ in time
step t. A meta-arm represents an association of one or more
arms. We denote a meta-arm as A and an arm as a. Let F
represent the feasible set of all meta-arms, and K denote the
number of meta-arms in F. When meta-arm A is selected
in time step ¢, the learning agent receives rewards (A, a,t)
(e.g., success packet delivery or not, which is binary) for
all arms @ € N. The reward r(A,a,t) is assumed to be
randomly sampled from an unknown distribution D4 ,, which
depends on both the arm a and meta-arm A. Furthermore,
we assume that {r(A4,a,t):1 <t < T} are independent and
identically distributed (i.i.d.). The two problems (max-min
fairness objective and fairness constraints) are formulated
respectively in the following sections.

1) Max-min Fairness Objective: Given a meta-arm A € F,
let g(A,a) denote the true mean reward for arm a (which
represents the successful decoding probability of a link), where
a € N.If arm a is not associated with meta-arm A, we denote
g(A,a) = 0. If the environment (g(4, a)) acF,aen is known
in advance, the optimal meta-arm selection vector p can be
determined by solving the max-min optimization problem:

Opt-min : max f(p)
P
st. 0<p; <1i€lK] )
Z bi = 17
1,1€[K]

where f(p) = minaeN{Zie[K] (pi X g(Ai,a))}, p; repre-
sents the i-th element of p, and A; denote the i-th meta-arm.
The objective function >, 4 (pi x g(A;,a)) represents the
total long-term throughput of link (i.e., arm) a.

Let §(A;,a,t) denote the empirical average reward of arm
a € N up to t. The number of times meta-arm A; has
been selected by ¢, denoted as n:(A4;), is given by n:(4;) =
23:1 I(c, = A;), where ¢, is the index of meta-arm selected
in time step 7, [(E) = 1 if predicate E is true, and equal to
0 otherwise. The empirical average reward G(A;, a,t) is com-
puted as g(4;,a,t) = mZizl (e, = A))r(4;,a,71).
During the learning process, the agent explores all meta-
arms to obtain more accurate estimates of §(A;,a,t) while
simultaneously trying to make the best possible decisions
based on currently available information. Both exploration and
exploitation can lead to a cumulative reward compared to the
optimal probabilistic selection that would be chosen if the
environment {g(4;,a) : Vi € [K],a € N'} were known in
advance. This difference is referred to as regret. The objective
of the learning agent is to minimize this incurred regret.



The regret for Opt-min is defined as follows [27]:

!
~

Ry = (Ilréi/\r};r(bt,a,t) - (Ilréijl\r};r(ct,a, t), 2)

where (b;)7_; is an i.i.d. sequence of meta-arms drawn from
p*, the optimal solution of Opt-min in Equation (1); (¢;)7_;
is the sequence of meta-arms chosen by the learning agent
during the learning process.

Accordingly, the expected regret is defined as

S
S

E[Rr] = E[anéi}}; r(bra,t)] - Elmin t:zl (e, a,t)], (3)

where the expectation is taken over the following sources of
randomness: (1) (b;)Z_;; (2) (¢¢)i; (3) rewards r sampled
from the environment.

2) Total Reward Maximization Subject To Fairness Con-
straints: We model the fairness constraint for each arm as a
targeted minimum selection fraction, denoted by d, for arm
a. If the environment (g(A, a)) acF.aen is known in advance,
the optimal selection vector p can be determined by solving
the following optimization problem:

Opt-cons : max Z Z pi X g(Ai,a ))

aeN i€[K]
st. 0<p; <15 ¢ [K],

S =t @)

1,1€[K]

> (pi xU(Eaa

1€[K]

) = da,Ya €N,

where E, 4, represents the event that arm a is associated with
meta-arm A;.
The regret for Opt-cons is defined as follows [27]:

T T
RT = Z Zr(btaaat) - Z Zr(ct,a,t), (5)

a€N t=1 a€N t=1

where (b;)L_; and (c;)_
in Equation (2).
The expected regret is defined to be

ZZ (by,a,t)] ZZ r(cg, a,t)]. (6)

aeN t=1 a€N t=1

; retain similar meanings as defined

Remark 1: For Opt-cons, in addition to regret, fairness
constraint violation must also be analyzed. However, our
proposed EFP-MAP algorithm guarantees no violations of the
fairness constraints, as the optimization variable p; always
remains within its feasible set. Consequently, details regarding
this performance metric are omitted in this paper. Refer to [27]
for a detailed formulation of fairness constraint violations.

IV. EFFICIENT FAIR PROBABILISTIC MULTI-ARMED
BANDIT ALGORITHM

To address the above formulated problems, we propose
an efficient fair probabilistic multi-armed bandit (EFP-MAB)
algorithm and analyze its performance in this section.

The procedures of EFP-MAB algorithm are outlined in Alg.
1. The core idea of EFP-MAB is to construct a rectangular
confidence interval for each combination of meta-arm A and
arm a based on the empirical mean reward. To achieve this,
the algorithm maintains two key variables for each meta-arm
A and arm n at time step ¢: nt(A) and §(A, a,t), as described
in Step 1. For 1 <t < T, the algorithm calculates the upper
confidence bound of arm a under meta-arm A, denoted as
g(A, a,t), as the sum of its empirical mean G(A,a,t — 1)
and its confidence interval %, as shown in Step
3. EFP-MAB computes the meta-arm selection vector py
based on either the max-min fairness objective or total reward
maximization subject to fairness constraints, as indicated in
Steps 5 and 7, respectively. Specifically, in Step 5, with the
goal of the max-min fairness objective, Oracle; is defined as:

Oracles ((9(A; a,t)) AeF.aen) = arg max Ui(p,gt), (1
pPc/

where Fj is the feasible set of Opt-min in Equation (1),
g: € [0,1)5*N is the matrix of UCBs for all meta-arms
and arms at time step ¢, with element §;, representing
the upper confidence bound for arm @ under meta-arm A;,
Ul(pagt) = Milgen Zie[K] (pi X Q(Ai,a,t)). In Step 7,
with the goal of total reward maximization subject to fairness
constraints, Oracles is defined as:

Oracley((g(A, a,t)) aeF,aen) = arg max Us(p,g:), (8)
pEefa

where Fj is the feasible set of Opt-cons in Equation (4),
Uz2(P,&t) = D uen ZiE[K] (pi x g(Ai,a,t)). In Step 9, the
algorithm samples a meta-arm A based on the categorical dis-
tribution of p;. The selected meta-arm is played, the rewards
of all arms are observed, n:(A) and all §(4,a,t), YVa € N
are updated in Step 10.

The performance of the EFP-MAB algorithm is analyzed
separately for the max-min fairness objective and total reward
maximization subject to fairness constraints in the following
sections.

A. Performance Analysis under Max-min Fairness Objective

We start by analyzing EFP-MAB for the max-min fairness
objective. The standard MAB analysis methodology can not be
directly applied to the analysis of the EFP-MAB algorithm, as
traditional MAB is typically analyzed based on a discrete arm
space. In contrast, the approach proposed in this work and in
[27] is analyzed in terms of a continuous space defined by the
meta-arm selection vector p. Unlike [27], this work employs
an upper confidence bound for each arm, with the random
variable p appearing in the bounds of the utility functions, as
shown in Equations (11) and (12). This introduces additional
challenges to the analysis compared to [27].



Algorithm 1 Efficient Fair Probabilistic Multi-armed Bandit
(EFP-MAB) Algorithm

1: For each meta-arm A and each arm a, maintain: (1)
variable n:(A) as the number of times meta-arm A is
played until ¢, initially 0; (2) variable §(A,a,t) as the
empirical mean of arm a’s reward under meta-arm A until
t, initially O.

2: for t=1to T do

3:  For each meta-arm A and each arm a, set g(A4,a,t) =

s (A lo
min{g(A,a,t —1) + #f(&, 1}

4:  if Max-min fairness objective is considered then
5: p: = Oracle((9(4, a,t)) ac F,aen)
. else if Total reward maximization subject to fairness
constraints is considered then
p: = Oraclez(((A, a,1)) A r.aen)
end if
Sample out a meta-arm A based on the categorical
distribution of p;
10  Play meta-arm A, observe the rewards of all arms, and
update n;(A) and all §(A4,a,t), Va € N.
11: end for

Theorem 1. For EFP-MAB algorithm, if the max-min fairness
objective is considered, YT > 0, the expected regret E[Rr]

defined in Equation (3) is upper bounded by O (/KT log(T)).

Remark 2: The most closely related state-of-the-art algo-
rithm to EFP-MAB is the FP-OFU algorithm proposed in
[27]. Under the max-min fairness objective, the expected
regret of FP-OFU is O(K+/Tlog(T)), EFP-MAB achieves
an improvement of O(/K log(T')) for the expected regret.
Refer to Section VII-A in Appendix for the detailed Proof of
Theorem 1.

B. Performance Analysis under Total Reward Maximization
Subject to Fairness Constraints

We next analyze EFP-MAB for total reward maximization
subject to fairness constraints.

Theorem 2. For EFP-MAB algorithm, if the total reward
maximization subject to fairness constraints is considered,
VT > 0, the expected regret E[Ry) defined in Equation (6)
is upper bounded by O(N /KT log(T)).

Remark 3: Under the total reward maximization subject
to fairness constraints, the expected regret of FP-OFU is
O(NK+/T1og(T)) [27], EFP-MAB achieves an improvement
of O(y/Klog(T)) for the expected regret. Refer to Section
VII-B in Appendix for the detailed Proof of Theorem 2.

C. Analysis of Computational Complexity

As mentioned earlier, the most closely related state-of-the-
art algorithm to EFP-MAB is the FP-OFU algorithm proposed
in [27]. We highlight the key improvements that EFP-MAB
introduces in solving the associated optimization problems
compared to FP-OFU. In FP-OFU, both the online Opt-min

and Opt-cons problems are non-convex and non-linear, as their
objective functions involve the product of two optimization
variables, p and g. For such optimization problems, only
local optima are generally obtainable, as finding global optima
remains a challenging open problem in the literature. Addition-
ally, the online Opt-cons in FP-OFU includes a complex non-
linear constraint stemming from the elliptic confidence interval
of g. In contrast, EFP-MAB simplifies these challenges by
first computing the upper confidence bound (UCB) of g
before addressing the optimization problems in Oracle; and
Oracle,, thereby reducing p to the sole optimization variable.
Moreover, EFP-MAB uses rectangular confidence intervals for
g, simplifying the constraint structure. These modifications
transform Oracle; and Oracley into linear programming prob-
lems, enabling the use of standard convex solvers to efficiently
obtain global optimal solutions.

To compare their computational complexity numerically,
note that both p (a 1 x K vector) and g (a K x N matrix) are
optimization variables in FP-OFU, there are K + K x N opti-
mization variables in FP-OFU. As the optimization problems
in FP-OFU are non-convex and non-linear, we do not have
polynomial-time global optimality guarantees. In contrast,
EFP-MAB treats p as the sole optimization variable, and both
Oracle; and Oracle; in EFP-MAB are linear programming
problems with K optimization variables and N constraints,
the computational complexity of EFP-MAB is poly(N, K).
This distinction makes EFP-MAB significantly more scalable
and suitable for scenarios with larger K.

V. SIMULATION RESULTS

A. Simulation Setup

We evaluate the performance of EFP-MAB algorithm under
the heterogeneous technology coexistence of LTE, NR (5G),
and Wi-Fi, where there are N LTE/NR/Wi-Fi links in total
sharing the same channel in the 5 GHz unlicensed band within
the same geographical area. Without loss of generality, we
focus on downlink transmissions (i.e., LTE/NR BS to UE, Wi-
Fi AP to STA), as the proposed approach can similarly be
extended to uplink transmissions. To enhance overall spectrum
efficiency, we assume concurrent transmissions are permitted
in the MAC layer protocol of the coexisting technologies and
adopt successive interference cancellation (SIC) to cancel out
interference when decoding desired signals.

We simulate 100 randomized LTE/NR/Wi-Fi coexistence
topologies, each consisting of N = 4 links. The nodes within
each topology are uniformly distributed across a 100m x 100m
area. Rayleigh channel model is considered. The successful
decoding SINR threshold is set to 10 dB. As demonstrated in
[27], the FP-OFU algorithm outperforms other baseline meth-
ods (e.g., UCB, Maxmin UCB [31], FP-ETC [27]) in terms
of regret. Therefore, in this paper, we focus on comparing the
performance of our proposed EFP-MAB algorithm against the
state-of-the-art FP-OFU algorithm [27].



B. EFP-MAB with Max-min Fairness objective

We show the performance of EFP-MAB algorithm with
max-min fairness objective in the following.

Fig. 2 illustrates the expected regret of EFP-MAB and
FP-OFU algorithms for 8 CTSes (K = 8) and 10 CTSes
(KX = 10) . These K CTSes are selected as follows:
CTS; = {link 1}, CTSy; = {link 2}, CTS; = {link 3},
and CTS; = {link 4} are always included; the remaining
K — 4 CTSes are randomly chosen from the remaining
feasible set of CTSes for each topology. The results show that
the EFP-MAB algorithm consistently achieves significantly
lower regret than FP-OFU in both scenarios. This outcome
aligns with theoretical expectations, as the expected regret
of EFP-MAB is O(\/KTlog(T)), as derived in Equation
(32), which is asymptotically lower than the expected regret
O(K+/T1og(T)) of FP-OFU.
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Fig. 2: Expected regret vs time step
Fig. 3 depicts the cumulative distribution functions (CDFs)

of the minimum link throughput for EFP-MAB and FP-OFU
under K = 8 and K = 10, across the 100 random topologies.
The results indicate that EFP-MAB slightly outperforms FP-
OFU when K = 8, while both algorithms perform comparably
when K = 10. This difference arises because the feasible set
for p; is smaller for K = 8 compared to K = 10. Addition-
ally, in FP-OFU, g; is also an optimization variable, which
complicates the search for the optimal p. Moreover, both
algorithms generally achieve higher minimum link throughput
as the K value increases.
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Fig. 3: CDF of minimum link throughput.

The CDFs of Jain fairness index (JFI) [36] for EFP-MAB
and FP-OFU under K = 8 and K = 10 are illustrated in
Fig. 4. A larger JFI indicates better link-level fairness. The

Due to hardware limitation, we were able to complete the FP-OFU
simulations within a feasible time frame only for K values up to 10 under
100 LTE/NR/Wi-Fi coexistence topologies.

results show that both algorithms achieve higher JFI values
as K increases. This improvement is attributed to the larger
feasible set of p; at higher K, which facilitates finding the
global optimum. Consistent with the observations in Fig. 3,
EFP-MAB slightly outperforms FP-OFU when K = 8.
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Fig. 4: CDF of Jain fairness index (JFI).
C. EFP-MAB with Fairness Constraints

We evaluate the performance of EFP-MAB algorithm with
fairness constraints in the following. Fig. 5 presents the
expected regret of EFP-MAB and FP-OFU algorithms for
K = 8 and K = 10. We set the minimum selection
fraction for each link as 0.3 in the simulation. The re-
sults demonstrate that the EFP-MAB algorithm consistently
outperforms the baseline FP-OFU in both scenarios. This
aligns with theoretical predictions, as the expected regret
of EFP-MAB is O(N /KT log(T)), as derived in Equation
(44), which is asymptotically lower than the expected regret
O(NK+/Tlog(T)) of FP-OFU.
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Fig. 5: Expected regret vs time step ¢.
D. Computational Complexity

We implemented the FP-OFU and EFP-MAB algorithms in
MATLAB and conducted simulations on a desktop equipped
with an Intel 19-10900K CPU. Fig. 6 displays the average
running time per time step for both algorithms under the
max-min fairness objective and total reward maximization
with fairness constraints. The results show that the average
running time of the FP-OFU algorithm increases rapidly with
the number of meta-arms. In contrast, the average running time
for EFP-MAB grows slowly with the number of meta-arms,
consistent with the analysis in Section IV-C. Specifically, the
average running time for EFP-MAB remains under 20ms (in
the order of 10ms when K = 15, whereas it is approximately 2
seconds (in the order of seconds) for FP-OFU. This highlights
the significantly better computational efficiency of EFP-MAB
compared to FP-OFU. The run time of 20ms can be further



reduced when the EFP-MAB algorithm is executed on higher-
capability hardware in practical scenarios.
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Fig. 6: Average running time per time step.

VI. CONCLUSION AND FUTURE WORK

Spectrum sharing is a key enabler for addressing spectrum
shortages caused by the rapid growth in mobile users and data
traffic. In this paper, we introduce the efficient fair probabilistic
multi-armed bandit (EFP-MAB) algorithm to tackle fairness
concerns among distinct networks in the shared spectrum
while enhancing the efficiency of resource allocation algo-
rithms. We provide a comprehensive performance analysis,
focusing on its expected regret and computational complexity,
and conduct extensive simulations in a heterogeneous tech-
nology coexistence scenario to evaluate its performance. Both
theoretical analysis and simulation results demonstrate that
EFP-MAB significantly outperforms the state-of-the-art FP-
OFU algorithm in terms of expected regret and efficiency.

As part of our future work, we plan to implement the EFP-
MAB algorithm on a real testbed. Additionally, we will ex-
plore non-stationary rewards and consider a stochastic number
of arms, where an arm may become inactive with a certain
probability.

VII. APPENDIX

A. Proof of Theorem 1

Proof: For a meta-arm A; € F and a € N, define
the clean event &, := J9(Aisat — 1) — g(Ai,a)| <

,(%} and define & = Njc(k],acn&i,a- representing
the intersection of all clean events. By applying the Hoeffding
Inequality (as described in Equation (1.5) of [37]), it follows
that

2
Pr(ia) 21— 71 )
Using the Union bound, the probability of £ can be lower
bounded as:

Pr&)>1- Y Pr(&a) > QJJYK

Vi,Va

10)

For any p € F; and any arm a € N, define h,(p,g) =
iclK] (pi x g(A;,a)), where g € [0,1]%*N is the matrix
containing the true mean rewards for all meta-arm and arm
combinations. Let h,(p,8:,,) be defined similarly using the

empirical means: ha(P,&ra) = Dicr) (i X §(Aisa,t)).

Consequently, the utility functions under true means and
empirical means are defined as:

Ul(p7 g) = gé%ha(pagL (11)
Ur(p, &) = mif ha(p; &.0)- (12)

The clean event ¢ occurs with high probability, as shown

in Equation (10). Now, we bound ’ha(p,g) — ha(p,gt,l,a)|
when the clean event £ holds,
|ha(P,8) — ha(P,&i-1.0)]
= Z (pig(Aiva’)) - Z (pig(Aiza’t_l))
i€[K] i€[K]
= Z pilg(Ai,a) — §(Ai,a,t —1)] (13)
i€[K]
210g T)
<2 P A AT
1€[K] T~ 1 + L

Following Lemma 3 from [27] and setting X(a) =

ha(D81-1.0)— Lic i) Piy iyt and Y (a) = ha(p, 8),
we can conclude that for all a € N, X (a) < Y'(a). Therefore,

we have:

mln{h P, &i—1,a)

Nt — 1

< i a .
1 } = gl%{h (pag)}
LE[K]

(14)
Since the term -, x pi % has no dependence

on arm a, Equation (14) can be rewritten as:

. . . 2log(T)
— a - a b S 'L T AN . 4
min{ha(p, & -1.)} — min{ha(p, )} g}:qp A 1
(15)

This can be equivalently expressed as:

210g T)
Z MN¢— )+1

1

Ui(p;gt-1) — U1(p; 8) (16)

where we recall the expressions for Uy (p, g:—1) and U (p, g)
from Equations (11) and (12).

Similarly, applying Lemma 3 from [27] with X(a) =
ha (p, g) and Y(CL) = ha (p, gt—l,a)+ZiE[K] Di %,
we obtain that for all a € N, X (a) < Y (a). Following the
same reasoning, we can derive the following bound:

21log(T)
<2

Ui(p,g) — (A + 1

Ui(p, 8t—1) (17)

Combining Equation (16) and Equation (17), we obtain

2log(T)
g};p,/iml a1 1

Next, we proceed to bound ‘ha(p7 8ta) — ha(p,gt_17a)|:

|Ui(p,g) — Ur(p, &t-1)



|ha(p7 gt,a) - hll(pv gt—l,a)|

= Z (pig(Ai,a,t)) — Z (pig(Ai,a,t — 1))
i€[K i€[K]
=3 p1|g Ai,a,t) — §(Ai,a,t —1)] (19)
i€[K]
21og T)
< Z _co8tl)
ie[K) ne—1(A4;) + 1’

where (a) is due to the relationship between g(A;,a,t) and
§(A;,a,t — 1) as shown in line 3 of Algorithm I.

Following the same reasoning from Equation (13) to Equa-
tion (17), we obtain

21og(T)
Ne—1 A)-i-l.

<) »

i€[K]

|Ux(p. &) — Ur(p, &i-1) (20)

Combining Equation (18) and Equation (20), we derive:

21og(T)

Ve8| <2 3 piy| 5T

ic€[K]

|U1(p,g) — @1

Let us define R} = Zthl(Ul(p*,g) — U1(pt,g)). When
the clean event ¢ happens, the difference Uy (p*, g)—Ui (pt, 8)
can be bounded as:

Ui(p™,8) = Ui(p, 8)
0" ) - Ui (peog)
Ui(pe) - Ui(perg) @)
(d) 2log(T
<22§;:<] ﬁi)ll’
where (b) holds since given p*, Ui(p*,g) =
mingen he(P*,g), and Va, h.(p*,g) is monotonically

increasing with respect to g, each element in g is less than
or equal to g; due to the clean event £ happening and line 3
of Algorithm 1; (c) holds because p; is the optimal solution
of Oracle;(g;); (d) is due to Equation (21).

Next, we relate Rr to Rlle by bounding the two terms
in Equation (2). For the first term, applying the Hoeffding’s
inequality, we obtain that Va € A/, with probability at least
1— 1

T2

~T Y pig < +/Tlog(2T). (23)

1€[K]

T
Zr(bt,a t)
t—1

By applying the union bound, we obtain that with proba-
bility at least 1 — Tz

< +/Tlog(2T).

(24)

T
1 E r(bt, a,t)
(l
NS

—Tmin Y pig(Ai,a)

i€[K]

For the second term of Equation (2), applying Azuma’s
Inequality?, we obtain that Ya € N, with probability at least

1- 24,
T T
> r(Acat) = >0 D prig(Aisa)| < 44/Tlog(2T).  (25)
t=1 t=1 ic[K]

Using Union bound, we obtain that with probability at least
1-— N
T2

T
iréij{ler(Act,a,t) 7(5%1}{1/’2 Z pt,ig(Ai,a)| < 44/Tlog(2T).

t=1 t=1 ic[K]

(26)

Define the event n =

{Equation (24) and Equation (26) hold}. The complement of

1 is denoted as 7). Applying the union bound, we obtain that

%,]\27 . Recall that

event ¢ happens with high probability. When the events ¢ and
1 both occur, the regret R can be bounded as:

T T
Rr = géijl\qf;r(bt,a, t) — géij\r}Zr(ct,a, t)

mlnz Z pt,ig(Ai, a)

t=1i€[K

< T'min > pig(Aia) -
i€[K]

+ /Tlog(2T) +4\/T10g (27)
()

27

< Tf(p Zpt ) + O(\/Tlog(T))
< Tf Zf pt) + O(v/Tlog(T))

= RY* + O(\/Tlog(T)),

where f(p) = mlnaGN{Zze[K (p7 x g(A,a ))} in (e), ()
follows from Lemma 4 of [27].

Next, we bound E[RT(¢ N n)]. From Equation (22) and
the definition of Rgl, we have

E[R7'1(¢ N n)] = E[I(§ Nn) Z (U(p",8) — Ui (P, 8))]

< E[Z(Ul(p*, g) = Ui(p:, )] (28)
t=1
21og(T)

< QIE —_ .

ZZ (A 11
now show __how to bound the term

2log(T

[Zt 1 X[k Pt nt_l(gfgi))-s-ﬂ Note that

ne(A;) — m—1(4;) = (e, = A;). Also, p,; represents
the probability of selecting meta-arm A; at time step f.
Therefore, we have

E[H(Ct = Ai)|7'lt—1] = Pt,i, (29)

where 7‘[,:71 = {pt', Cty (T(Actm(%t ) aeN}t/ 1°

2The application of Azuma’s inequality to the second term of Equation (2)
is justified by the reasoning provided in the Proof of Theorem 4 in Ref. [27]



Plugging Equation (29) into Equation (28), we have

2log(T
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nT(A)\/W
s+ 1

> Vnr(A)]
i€[K]

< E[2y/21log(T)VKT) = log(T)KT),
where (1) is because that given H;_1, Vi € [K],n;—1(4;) is
fixed and not a random variable.
Therefore, from Equations (28) and (30), we can conclude
that E[RYM (¢ N 7)) < O(\/log(T)KT).
Using Equation (27), we get:

E[RrI(€ )] < E [RPIEND)] + O(y/Tlog(T))
< O(/1og(T)KT) + O(\/T log(T))
< O(/1og(T)KT).

Applying the Union bound, we have Pr(§ Nn) > 1 —

Il
M~

E[H(Ct = Al)

o
m
3
-
Il
—

smﬁmm

€1V

2} — 2K By averaging over all events, E[R7] can be upper
bounded as:
E[Rr] < E[RrI(§ N )] + E[RrI(E Nn)]
2N  2NK
< O(VRTiogM) +7- (55 + 205) 32
< O(v/ KT log(T)).

B. Proof of Theorem 2

Proof: The proof of Theorem 2 follows a structure similar
to that of Theorem 1. To avoid redundancy, we focus on
highlighting the differences.

For all 7 € [K] and a € N, we define the clean event
i & and function h,(p,g) analogously to Theorem 1.
Equation (10) remains valid. Given the difference in the
objective function in Theorem 1, we define the following
utility functions tailored for total reward maximization under
fairness constraints:

Ua(p,g) = Y ha(p,8),p € P2, (33)
aeN
Uz(p,&t) = Y ha(P,8ta)s P € Fo. (34)

aeEN

Since h,(p,g) is linear with respect to p and g, Equation

(13) holds. For any p € JF5, and noting that the term
> ie(k) Pi % is independent of arm a in Equation
(13), we derive the following bound:
. 21og(T)
‘U2(P:g) - U2(Pagt—1)’ <N Z pi m (35)
1€[K]
Similarly, Equation (19) still applies, leading to:
_ . 21og(T)
Uz(p, —Ux(p,gi—1)| <N it| ——————. (36
|U2(p, &) — Ua(p, &i—1)| S (A1 (36)

1€[K]

By combining Equation (35) and Equation (36), we obtain:

21og(T)

ne—1(A;) +1° @7

|U2(p, &) — Uz(p, &) <2N D ps
1€[K]
Using similar reasoning to that in Equation (22), when the
clean event £ happens, we can further derive

« 2log(T)
U- Us( ) <2N i
2(p ,g) 2 pi7 Z P, T

7. (38)
i€[K] 1 ) +1

Next, we proceed to bound the two terms in Equation (5).
For the first term, applying the Hoeffding’s inequality, we find
that Va € A/, with probability at least 1 — %, Equation (23)
holds. By applying the Union bound, we obtain that at least
with probability 1 — &,

T
ZZr(bt,at TZ ZPL (A;,a)| < Ny/Tlog(2T).
a€N t=1 aeN i€[K]

(39)

For the second term of Equation (5), applying Azuma’s
Inequality, we obtain that Ya € N, with probability at least
1-— TQ, Equation (25) holds. Using Umon bound, we further
obtain that with probability at least 1 —

> > (A 30D prig(Asa)

Cty aa t) -
aeN t=1 a€N t=1ic[K] (40)
< 4N+/Tlog(2T).
Define the event n =

{Equation (39) and Equation (40) hold}. The complement of
1 is denoted as 7. Applying the union bound, We conclude

that event n occurs w1th probablhty at least 1 — T— Recall
2NK
)-

When the events & and 5 both occur, similary to Equatlon
(27), the regret Ry in Equation (5) can be bounded as:

Rr = Z Zr(bt,aﬂf) — Z Zr(ct7a7t)

aeN t=1 aeN t=1
<7y Zpl ZZangAz,a @1
aeNic[K aeN t=1ic[K
+ N+/Tlog(2T) + 4N+/T log(2T)
< R7? + O(N\/Tlog(T)),

where RJ? = Zthl(Ug(p*,g) —Uz(pt, 8))-



Next, we bound E[RY?1(¢ N n)]. From Equation (38) and

the

definition of Rgz, we have

T
E[RP2I(E N )] =E[I(ENn) Y (Ua2(p",8) — Us(pr, 8))]
t=1
Z (U2(p”, 8) — U2(pt, 8))] (42)
t=1
2log(T)
< 2NE Z Z Pt,i w]
t=14e[K
By Equation (30), it follows that:
E[R721(§ )] < O(N/log(T)KT). (43)

Following a similar reasoning in Equation (31) and Equation
(32), E[R7] in Equation (6) can be upper bounded as:
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E[Rr] < O(N+/log(T)KT).
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