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Abstract

In cognitive radio Networks (CRNs), dynamic spectrum access allows (unlicensed) users to
identify and access unused channels opportunistically, thus improves spectrum utility. In this
paper, we address the user-channel allocation problem in multi-user multi-channel CRNs without
a prior knowledge of channel statistics. A reward of a channel is stochastic with unknown
distribution, and statistically different for each user. Each user either explores a channel to
learn the channel statistics, or exploits the channel with the highest expected reward based on
information collected so far. Further, a channel should be accessed exclusively by one user at
a time due to a collision. Using multi-armed bandit framework, we develop provably efficient

solutions whose computational complexities are linear to the number of users and channels.
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I Introduction

Since license-based spectrum management has suffered from low spectrum utilization, cognitive
radio networks (CRNs) have attracted much attention as a promising solution to current spec-
trum inefficiency [1]. In CRNs, unlicensed users (or secondary users) can access unused channels
that are licensed to primary users. Dynamic spectrum access allows (secondary) users to identify
idle channels and use them opportunistically [2,3].

We consider multi-user multi-channel CRNs where channels are orthogonal and independent
of each other. Characteristic of a channel is represented by a reward, i.e., a good channel implies
a high expected reward!. A reward of a channel is stochastic with unknown distribution, and
statistically different for each user. We assume a slotted-time system where each user can access
at most one channel at a time slot. Although the channel information is unknown to users, users
can learn from their experiences. Every time each user either explores a channel to estimate
its expected reward value, or exploits the channel with the highest expected reward based on
information so far. Hence, a user faces the well-known exploration-exploitation tradeoff.

This can be formulated as a class of multi-armed bandit (MAB) problems [4-7], which are a
framework for sequential decision problems considering the exploration-exploitation tradeoff. In
single-user MAB problems, a player (or a user) chooses an arm (i.e., a channel) at each time slot,
and receives a reward from the chosen arm. An MAB policy decides which arm to play to get
the best (total) reward given observations in previous time slots. The performance metric for
evaluating a policy is regret, which is the accumulated difference between the highest expected
reward and that achieved by the policy. In stochastic MAB problems, the rewards are assumed
to be an i.i.d. process with unknown distribution and bounded support. The authors of [4] have
shown that the regret of stochastic MAB grows at least logarithmically over time. In [5], the
authors have proposed an index-based policy for stochastic MAB using upper confidence bound
(UCB) called UCBI, and shown that the expected regret of UCB1 algorithm grows at most
logarithmically. On the other hand, adversarial MAB problems consider non-stochastic rewards.
In [6], the authors have proposed a policy for adversarial MAB called EXP3 of which regret is
sub-linear. In [7], the authors have suggested that decision making problems in CR networks
can be formulated using the MAB framework.

In multi-user scenarios where multiple users access channels at the same time, a channel
should be accessed exclusively by one user at a time due to a collision. This multi-user scenario
can be formulated as combinatorial MAB problems [8-16], where the total reward received by
playing multiple arms is either the sum of rewards from played arms (linear rewards) or a function
of reward vector (non-linear rewards). In [9], a combinatorial MAB problem with non-linear
rewards is studied and applied to several applications such as online advertising. In [10], the
authors consider a combinatorial MAB problem with linear rewards and apply it to applications

such as maximum weighted matching and shortest path. In this paper, we are interested in a

!For an example, a reward can be signal-to-noise rate or the bandwidth of the channel.



combinatorial (stochastic) MAB problem with linear rewards in multi-user scenarios.

The authors of [11-13] have proposed distributed solutions to MAB problem when the reward
from an arm is statistically identical for all the players. They showed that the regret grows
logarithmically over time under the proposed policies. For the scenarios where the reward from
an arm is statistically different for each player, the problem can be modeled as a weighted
bipartite graph with two disjoint sets of players and arms, and the objective is to find an
optimal matching (i.e., a maximum weighted matching) with expected reward as weight on edge
(player, arm) [14-16]. In this case, the regret of a policy is defined as accumulated total reward
achieved by playing an optimal matching minus that achieved by the policy. In [14], the authors
have proposed a centralized algorithm, under which a central agent finds a maximum weighted
matching with UCB indices at each time using Hungarian algorithm, whose computational
complexity is O(N K (N + K)?) where N and K are the number of players and arms, respectively.
In [15], the authors have proposed a decentralized algorithm, under which players participate
to the Bertsekas auction algorithm whenever it needs to recompute a matching. It converges
to an optimal matching with UCB index with convergence time of O(N? - max; j i k/€), where
ik is the expected reward of arm k for user ¢ and € > 0. Although the policies of 14, 15]
achieve logarithmic growth of the regret, they have high-order computational complexity to
find the maximum weighted matching. In [16], the authors are interested in finding a stable
and orthogonal matching rather than an optimal matching. Although the proposed distributed
algorithm has low computational complexity O(K), it does not guarantee the logarithmic growth
of the expected regret.

In this paper, we study the multi-user MAB problem where reward statistics are different for
each user-channel pair. Each user has no prior knowledge about channel rewards, and estimates
the mean reward of each channel by exploring it. A channel can be accessed by at most one
user at a time, otherwise a collision occurs and none gets reward for the channel. The procedure
of our algorithms are motivated by [17,18| in that a time slot is divided into a scheduling slot
to control collisions and a transmission slot to access the chosen channels. We develop low-
complexity learning algorithms for opportunistic spectrum access in multi-user multi-channel
cognitive radio networks. To the best of our knowledge, these are the first algorithms that have
linear complexity and achieve asymptotic optimality. Our contribution can be summarized as

follows.
e We develop linear-complexity solutions to multi-user multi-armed bandit problems.

e We show that our proposed algorithms achieve logarithmic growth of the total expected

regret with respect to time ¢.
e We verify the performance of our algorithms through simulations.

The rest of paper is organized as follows. In Section II, we describe the system model and

problem formulation. In Sections III, we propose low-complexity learning algorithm which can
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Figure 1: System model with complete bipartite graph. The maximum weighted matching is

marked by circles.

be applied not only to bipartite graph but also to general graph, and evaluate its performance.
In Section IV, we propose another low-complexity algorithm which takes the advantage of a
property of bipartite graph, thus can further improve the performance. In Section V, we verify

our results through simulations, and in Section VI, we conclude our work.

II System Model

We consider a cognitive radio network of N (secondary) users and K orthogonal channels with
K > N. We assume a slotted-time system, where each user can access at most one channel
in a time slot. If more than one user accesses the same channel at the same time, then all the
conflicting users receive no reward from that channel due to a collision. At time slot ¢, if user
i accesses channel k exclusively, then it receives a reward (e.g., SNR or bandwidth) denoted by
X k(t), which is a random variable that is i.i.d. across time and has an arbitrary distribution
with bounded support. Without loss of generality, we assume that X ;(t) lies in between 0
and 1 with a mean p; ;. We assume that each user has no priori knowledge of X, x(t), and
can only observe the returned reward. Let Z; 1 (t) denote the actual reward that user i receives
from channel k at time ¢. If user i accesses channel k£ at time slot ¢ without a collision, then
Zi 1(t) = X (t), and otherwise Z; 1,(t) = 0.

Let £ = {1,..., K} denote the set of channels (or equivalently the set of actions of users),
and z;(t) € K denote an action of user ¢ at time slot ¢, i.e., user i accesses channel z;(t) at time
slot t. We denote its vector x(t) as schedule at time t. Then, the history of users i by time slot
tis Hi(t) = {(zi(1), Zi w1y (1)), s (@i(t), Ziyry (1)} With H;(0) = 0. A policy m; = (mi(t))§24

for user i is a sequence of maps m;(t) : H;(t — 1) — K that specifies the channel to access at



time slot ¢ given the history seen by the user i. Let M be the set of feasible schedules such
that M = {a = (a1,...,an) : a; € K,a; # a; for i # j}, which is equivalent to the set of all
(maximal) matchings in bipartite graph G = (N U K, E), where N and K are the sets of users
and channels, respectively, and E is the set of edges (i,k) for all i € N/ and k € K. Let a*
denote an optimal matching (i.e., an maximum weighted matching in G) with expected rewards

ik as weights on edges such that

N
a" € arg maXZuwi. (1)
acM T
Fig. 1 illustrates an example of our model with complete bipartite graph G = (N U K, E).
There are two users Ul and U2 (N = 2), and three channels C1, C2, and C3 (K = 3). The
matrix shows the expected rewards of each user-channel pair, and the optimal matching is
a* = (aj,ad) = (1,3).

Since ;1 are unknown parameters, a policy 7 cannot achieve the optimal performance every
time. We consider a regret, which is the difference between the total reward from an optimal
matching and that from the non-optimal matching. Let R, (7T") denote the expected total regret
by time slot T" under policy :

N T

Ra(T) =Ty piar = > > > E[Xia()l{x(t) = a}], (2)
i=1 aeM t=1 i=1

where I{-} is an indicator function which is 1 if the event in {-} is true, and 0, otherwise. The

objective is to minimize the expected total regret. It is known that the logarithmic growth of

expected regret with respect to time is asymptotically optimal [8].

IIT Uniform Sampling Algorithm

In this section, we develop low-complexity learning algorithm which can be applied to combi-
natorial MAB with more general graph as well as bipartite graph. We first describe our low-
complexity scheme, and then we evaluate the performance of our proposed scheme and show

that it is asymptotically optimal.

3.1 Uniform sampling algorithm

We assume that reward X;;(t) € [0,1] of channel k to user i is a normalized i.i.d. random
process. Initially, mean reward p; j is unknown but user ¢ can learn the mean reward of channel
k by empirically trying the channel and observing the returned rewards. Let fi; (¢) denote the
empirical mean of returned rewards for (user ¢, channel k) pair by time slot ¢, and let 7; (%)
denote the number of times that user ¢ is successfully matched with channel k& by time slot ¢. If
Tik(t) — 0o as t — oo, then fi; — p;p from the law of large numbers. Let x(t) € M denote

the schedule at time slot ¢, where x;(t) indicates the channel that is matched with user i. At



Scheduling slot Transmission slot

Control phase Decision phase

Figure 2: Structure of a time-slot.

the end of time slot ¢, user ¢ updates fi; ;(t) and 7; () for channel k = z;(t) based on returned

reward X ,(t) as

Ry (E=1) 73,5 (1) +X; 5 (2) for k = z;(t)

ik (t) = el (3)
flig(t — 1), for k # x;(t).

. Tie(t—1)+1, for k=x;(t)

Tik(t) = (4)

Tik(t —1), for k # x;(t).
For user i’s channel k, we assign an UCB index

(N +1)logt

Li(t) == fig(t—1) + Fr =D

()

where [T =

max{1,-}. It is known that, under single user scenario (N = 1), if the user plays the
channel with the highest value of UCB index at each time slot, the regret grows logarithmically
with respect to time [5]. Under multi-user scenarios, finding the maximum weighted matching
with UCB indices at each time slot achieves asymptotic optimality, which, however, has high-
order computational complexity [14]. We tackle the problem by developing a linear-complexity
algorithm that guarantees the logarithmic growth of the regret.

We start with the description of time structure which is motivated by [17,18]. A time slot is
divided into a scheduling slot and a transmission slot, and the scheduling slot is further divided
into a control phase and a decision phase as shown in Fig. 2. Now we explain our Uniform

sampling algorithm (also see Algorithm 1).

e In the control phase (lines 1 of Algorithm 1), we select a matching m(¢) € M uniformly

at random, which is called as a candidate matching.

e In the decision phase (line 2-3 of Algorithm 1), we compute the total sum of chosen
UCB indices from candidate matching m(¢) and that of the previous schedule x(t — 1),
and select the one with higher value as new schedule x(t). Let V(a;I(t)) := 25\;1 I o, (1),
which is a value function that evaluates matchings through the index value. Then, the

schedule x(t) can be written as

x(t) € argmax V(a;I(t)).
ac{m(t),x(t—1)}



e During the transmission slot, each user i accesses channel k if x;(t) = k and gets

reward X ;(t). Then it updates fi; (t) and 7; 5 (t) according to (3) and (4).

Algorithm 1 Uniform sampling.
At the beginning of each time slot ¢

[

: Select m(t) € M uniformly at random
: Caleulate I; p,, (1) (t) and I; ;1) (t) for all i
+ X(t) € argmaXac rm(h) x(t—1)y V (a;1(2))
/* make transmissions with schedule x(¢) */
: Update fi; 5(t) and 7; x(t) for all (i, k) with k = x;(t)

w N

[

While the procedure appears to be similar to that of Q-CSMA [17], we aim to minimize
the accumulated regret rather than queue stability, and develop novel techniques to evaluate
its performance. The complexity of the algorithm can be obtained as follows. In the control
phase, arbitrary matching is selected uniformly at random, which takes O(1) time. In the
decision phase, each user calculates UCB indices for at most two channels: one in the candidate
matching and/or one in the previous schedule, which can be done in parallel and takes O(1)
time. A central agent collects the indicies, which takes O(N) time, and selects schedule x(t) by
comparing V(m(t);I(¢)) and V(x(t — 1);I(¢)), which takes O(N) time. After the transmission,
an update of fi; ;(t) and 7; ;(t) is necessary at each user i for channel k = x;(t), which takes
O(1) time. Thus, the total computational complexity of Uniform sampling is O(N).

The idea of reducing complexity in uniform sampling can be applied to other MAB problems
such as combinatorial MAB with more general graph rather than bipartite graph. Given graph
G = (V,E), where V and E are the sets of nodes and edges, respectively, it is known that
playing the maximum weighted matching with UCB index as a weight on each edge at each time
slot achieves logarithmic growth of regret with respect to time [10]. Computational complexity
of finding a maximum weighted matching in general graph is O(V2E) [19]. This polynomial

complexity can be improved to linear complexity using our uniform sampling.

3.2 Performance evaluation

We now evaluate the performance of uniform sampling algorithm and show that it achieves
the logarithmic growth of expected total regret with respect to time t. We first decompose
the regret into the maximum non-optimality gap which will be defined later and the expected
number of times that non-optimal matchings scheduled, and then show that the expected number
of exploration to non-optimal matchings is bounded. The challenge of showing the latter comes
from the procedure of selecting a schedule, i.e., sampling a candidate matching and comparing
it to the previous schedule. When we select a schedule with the maximum weighted matching,
the value of non-optimal matching a (i.e., V(a;I(¢))) will be compared with the value of optimal

matching a* (i.e., V(a*;I(¢))). In contrast, when we ’'sample’ a candidate matching, there



is a positive probability that both the candidate matching and the previous schedule are a
non-optimal matching, thus we should take into account the comparison between the values of
non-optimal matchings. We start by defining some notations.

Let us define A} := V(a*; ) — V(a; ), which is the expected regret of matching a and de-
noted by non-optimality gap of matching a. Let AY . := mingo+ A} and A}, = maxXasax A
denote the minimum and maximum non-optimality gap, respectively. Let 7,(7") denote the
number of times that matching a is scheduled by time T ie,. 7a(t) = 3., I{x(s) = a}. We
denote the cardinality of a set by |- |.

The following lemma provides an upper bound on the regret for any policy [14].

Lemma 1 For any policy m, the expected total regret defined in (2) is upper-bounded as
Ra(T) < Ay > E[R
a#a*

Proof: We can rewrite the expected total regret under policy m as

N T N
=T iy — 30 S B X (01{x(t) = a)]
=1

aeM t=1 i=1

T N
= Y Y E ;X (O)x(1) = a)]

aeM t=1 i=1

T N
= > Y N EMx(t) = a}] (piar — pia,)

aceM t=1 i=1

:Z<E g:ma uw)-

aeM i=1

Then, we can upper-bound R,(T') as
Ra(T) < Ay > E[R
a#a*
The following proposition is one of our main contributions.

Proposition 1 Under uniform sampling, the expected number of exploration to non-optimal

matchings is upper-bounded as

4N?(N +1)logT
> B0 < (M- M1+ ) (BEEED 1) ko
a#a* min

Z1)-(IM|—2)-N72 1) Nr2
where Cy = [M(IM] — 2) ((MERIMEDNE 1) g 0 = ) (DN 4 1),

Suppose that, for non-optimal matching a, V(a;I(¢)) > V(a*;I(¢)). It implies that at least
one of the following events occurs. 1) In a*, at least one of actual means is underestimated, 2)

in a, at least one of actual means is overestimated, and 3) a needs to be explored. From the



Chernoff-Hoeffding bound [20], the probability that each case of 1) and 2) occurs at time slot ¢
can be bounded by Nt~2. We show that, as non-optimal matching a is scheduled more (i.e., a
is sufficiently explored), the matching a satisfies V(a;I(t)) < V(a*;I(t)) with high probability,
and the probability that x(¢) = a* approaches to 1.

We first show that the probability of underestimation of optimal matching a* or overestima-

tion of non-optimal matching a gets smaller.

AN2(N+1)logt
(A7

mzn)

Lemma 2 Suppose that a non-optimal matching a is scheduled more than [ -‘ times
by time slot t. Then, the probability that the total sum of UCB indices from a is greater than

that from an optimal matching a* is less than 2Nt~2, i.e.,
P (V(a;I(t)) > V(a*;1(t))) < 2Nt 2.

Proof: We let [i; . » denote average reward after user ¢ by accessing channel % for 7 times, and
(N+1)logt AN2(N+1)logt
S ( ml7l)2

Non-optimal matching a has been scheduled for 7,(t) > [, which implies that each edge (z,ai)

let ¢; s = denote the interval of confidence bound at time ¢. Let [ = [

satisfies 7; 4, (t) > [ for all . Comparing with the value function of optimal matching a*,

]I{V(a'I(t)) > V(a*;I(t))}

N
H{Z i 15750, (T—1) +c— 1,740, (t— 1) > Z :uza i ax (t=1) +C— 1,7, *(t—l))}
=1 =1

N N
< (s q: s 1s) > i (;
H{K;?%fNQZIWM *ontn) 2 0<53T%2;V<ti21<m,aws; o) o
)t 1 t—1 t—1 N
SO NDID BN Z H{Z (Brassi + o) 2 Y (tiar,s; + )
s1=I SN= lslfl =1
N
=D D 1 DITH D' SUTEUIRES ST AR
s1=1 SN= 151_1 sN_l =1 =1

where equality (A) comes from the definition of V' (-;I(¢)) and (5), and inequality (B) can be
obtained by summing the indicator functions for alll < sq,...,sy <t—land1 < s},..., sy <t—1,
which can be further extended to the last inequality. Let us denote the event Zl]\; 1 (a8 +
Cts;) > vazl(ﬂw;ﬁ; + ¢t,s;) by Z and consider the following 2V + 1 events:

A Hiax,s! < Hiar — Cshs 1 <i<N,

Bi : ﬂi,ai,si Z Hi,a; + Ct,si» 1 S ? S N7
N N N
D SIS SIS S

Suppose that event Z occurs; I{Z} = 1. If Zfil I{A;} = 0, then Zfil fia;,s; + Zfil Cts; >
Zi]\il ,&i,a;,s; + Zf\il Ct,s > Z@]L Wiar, where the first inequality comes from the occurrence of

event Z and the second inequality comes from the non-occurrence of events {A4;}. If Zf\il {B;} =



0, then Zfil Wia; + 22?;1 Ctys; > Zfil flia;.s; + Zf\il ¢ts;- Thus if none of events A; and B;
occur, then by combining the two inequalities, we have ZZ]\L | Mia; + 225\; 1 Csy > ZZ]\L 1 Mia?s
i.e,, [{C} = 1. Hence, at least one of the above 2N + 1 events must occur. Again, we note that
the probability of each event A; and B; can be bounded by the Chernoff-Hoeffding bound [20]

as

P (ﬂi,a:,s; < Hiar — Ct,si) < t72(N+1)7
P (,&i,ai,si > Hi,a; + Ct,si) < t_Z(N—H)a

respectively. Also, the probability of event C' equals 0 if s; > {W

m’Ln)

-‘, because
N N N
0> Z :U'z',a;.* - Z Mia; — 2 Z Ct,s;
i—1 i=1 i=1
N
:Z:ui,a _Z/’Lzal 22 N+1 logt
Z;l
> Z Hiar — Z Mia; — mm
=1

where the last inequality comes from the fact that AY . < mingzq+ Zl]\i 1(Mz‘,a;‘ — Wia;). This
implies that the probability that event Z occurs is no greater than Ef\;l(]? (A;) +P(B;)). By

taking expectation over (6), we can obtain
(% 1(t)))
t

t N N
..y (Zm R >)
_ =1

s1=1 SN:1 /1:1 35\771 =1
t t t t

< Y 2Nt
s1=1 SN:]_s’l:l 33\,:1

Now we show that the number of exploration to non-optimal matching is bounded and we
have the proposition.

Proof of Proposition 1: We classify the case into two exclusive subcases. Let T” is the
smallest time slot that satisfies 7a(7") > [W—‘ for all a # a*, which denotes the time
when all non-optimal matchings are sufficiently explored. If some non-optimal matching is not
sufficiently scheduled, we may have 77 > T'. We divide the set of all matchings M into the set
of non-optimal matchings denoted by M?° and the set of optimal matchings denoted by M?*,
ie., M= M°UM*.

(1) When 7" < T : Letl = [4]\[2&\2‘%—" At time slot ¢, let S(¢) denote the set of

m’Ln)
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Figure 3: Matching a” is scheduled [y, ;,, times during (T5,,—1, T ].

non-optimal matchings that are sufficiently scheduled with 7,(¢) > [, and S(¢) denote the set
of non-optimal matchings that are insufficiently scheduled with 7,(t) < I. Let M (< M| —1)
denote the number of non-optimal matchings, and let M° = {a',a?,...,aM}. Let T}, denote
the smallest time at which matching a™ sufficiently scheduled, i.e., 7an (T},) = . Without loss of
generality, we assume 71 < Tp < --- < Tpy = T". For a”, let I, ,,, denote the number of time
slots that a™ is scheduled in (T,,—1, T},), as shown in Fig. 3. Note that >y, = for all n.

Then, we have

T/
> ()=, > I{x(t)=a}
acMe acMeo t=1

M-1 T7L+1

=IM+> > > Ix(t)=a}. (7)
n=1 t=Ty+1 ac5(T;,)

In the last equality, the first term denote the total number of schedules for non-optimal matchings
up to !, which can be obtained by summing [, ,, of black arrows in Fig. 3. The second term
denotes the total number of time slots that each non-optimal matching a is scheduled after it is
sufficiently scheduled, denoted by blue arrows in Fig. 3. The second term can be bounded by the
maximum number of time slots that matching a € S(T},) can be played during (7T},, T}, +1]. Note
that S(T;,) US(T;,) UM* = M. We compute the probability of the second term by dividing the

10



event x(t) = a into three subcases based on x(t — 1) as

> P(x(t)=a)
acS(T,)
Z x(t—1) e M*)P(x(t — 1) € M*) (8)
acS(T,
+ P(x(t) =a|x(t—1) € S(T,)) P (x(t — 1) € S(Ty)) (9)
aES(Tn
+ Y P al|x(t—1)eS(T,)P(x(t—1) € S(Ty)). (10)
acS(Ty)

The first term (8) can be bounded as

> P(x(t)=a|x(t—1) € M)P(x(t - 1) € M¥)

< Y Pm(t) =a V(aI®) > Vi 1(#) P (x(t - 1) € M)

aGS(Tn

< Y P ) > V(a*:1(1))

acS(Tn)

< [S(T,)| - 2Nt~2, (11)

where the last inequality comes from Lemma 5, and the result holds for all t € (T}, T;,+1]. The

second term (9) can be bounded by

> P(x(t)=a|x(t—1) € S(T,)P(x(t — 1) € S(Tn))

<P(x(t—1) € S(T,)), (12)

for all t € (T},, Ty+1]. Now we obtain the bound of the third term (10).

Y P(x(t)=a|x(t—1) € S(T)) P (x(t—1) € S(Tp))
acS(Ty)
Z T,) | x(t—1) =a) -P(x(t — 1) = a).
acS(T,

We further divide the conditional probability as, for a € S(7T},) and some a* € M*,
P(x(t) € S(T,) | x(t — 1) = a)
=P (x(t) € S(T,) | x(t—1)=a,m(t) = a*) ‘P (m(t) = a¥)
+P(x(t) € S(T,) | x(t — 1) = a,m(t) # a*) - P(m(t) # a*)

<P (x(t) € S(Tp,) | x(t — 1) = a,m(t) = a*) - ‘M1’+1 ‘M/’\/z_yl
=P(V(a;I(t)) > V(a"I(t))) - M1/1+1.|/“/‘/\M—’1

1 _ M| -1
Sﬁ'QNt2+1. ’M|

11



where the last inequality comes from Lemma 5. Hence, we can obtain an upper bound as

Y P(x(t)=alx(t—1)€S(T,))P(x(t—1) € S(Ty))

aGE(Tn)
M| -1 1 _
< ) Px(t-1)=a) ||/‘Vl\ +’M|-2Nt2, (13)
aGS(Tn)
for all t € (T}, Ty
Letting « | =1 and combining (11), (12), and (13), we have
M|
Y Px()=a)
acS(Ty)
1 2
<P(x(t—1) e S(T)) + [ I1S(Tn)| + ——- Tl 2Nt +a Y P(x(t-1)=a).

acS(Ty)

Letting A := <|§(Tn)| + L ‘> - 2N, the inequality can be extended in a recursive manner for
t € (T, Th41] as

> P(x(t)=a) <P(x(t—1) € S(Tn) + At~

+a (IP’ (x(t—2) € S(Tp)) + A(t — 1)

By extending it down to T},, we can obtain

> P(x(t) =a)

acS(Ty)

<P(x(t—1) € S(T,)) + aP (x(t = 2) € S(Ty)) + - - - + "R (x(T, + 1) € S(T,))  (14)

+ A (t72 + O[(t — 1)72 4o+ at*Tnfl(Tn + 1)72) (15>
S P(x(Ty) =a). (16)
acS(Ty)

Now we compute Z;‘F:ﬁ“ > acs(r,) P (x(t) = a). By summing up (14) over t € (T}, Ty 41], we
have

Tni1

> (P(x(t—1) € S(Tn) + P (x(t — 2) € S(Tn)) + - - + o' WP (x(T,, + 1) € S(Tn)))
t:Tn;;lJrl Thy1—t
= D Y o -E[{x(t) € S(Tw)}]

t=T,+1 s=0

1 T7L+ 1

E| > Ix(t)eS(Tw)}

t=Th+1

M
1= aE Z ls’”“] ’ (17)

Ls=n+1

12



where Z o n +1 lsn41 is shown as black arrows in Fig. 3. Similarly, we take the sum of (15) over
(Tn7 Tn—‘rl] )

Tn+l
YA T tat—1) P+ o, +1)7)
t=Tp+1
Tnyr Tpy1—t

=A Z Z af - t7?

t=Tn+1 s=0

1 2
<A - — 18
- l1—-a ©6 (18)

Also, the last term (16) can be summed as

n+1
Yoo Y P(x(T) = a)
t=Tn+1 acS(Ty)
Trt1
< Z ot~ Tn
t=Tn+1
1

< 1
“1-a’ (19)

since Zae?(Tn) P(x(T,) =a) < 1.
Combining (17), (18), and (19), and from « = MIZL e have

n+l

2 2 F

<m- | (150 >|+M14|) Al [fj -

=n+1

Finally, we have

> R [f(T)]

aeMe

-
= > Y P =

acMe t=1
M—-1 Thi1
=IM+> > >
n=1 t=Tn+1 aeS(T,)
L2 M1

<lM+\M![ ZIS )| +E

M— M
E E s n+1
n=1 s=n+

(M—2)N772 1 N7r2
<IM M-1)| — — 1
<IN+ M >< : o),




where the last inequality comes from the following facts.

M-1 M-1
a (M —1)(M —2)
W) X5 Z . o0
M-1 M M-1 n M-1
> a1 = <N i=1uM-1). (21)
n=1 s=n+1 n=1 s= n=1
Therefore, we have
AN?(N 4+ 1)1log T
> El@)] < (M- p0Mi+ D (P e e
ae Mo (Amzn)
where ) = |[M|(M| —2) ((Ilel).égﬁrz).Nﬂz N 1>.

Further, we have »° (0 E[7a(T) — 7a(T")] = ZtT:T,H Y acre P (x(t) = a), and divided
P (x(t) = a) into three subcases depending on the previous schedule and the candidate matching

that can yield a non-optimal matching as

T
Z Z P(x(t) =
t=T'+1acM?°
T

= > ( > Px(t—1)=a)P(m(t) € M*)P(V(a,I(t)) > V(a*,1(t)))

t=T"+1 “aeMe°

+ ) P(x(t—1)=a")P(m(t) =a)P(V(a I(t)) > V(a*,I(t)))

acMe
+ ) P(x(t—1) )P(m(t)éM"))
acMe°
T
<3 ( 3 P(V(aI(t) > V(a*,I(1) + P (m(t) € M) 3 P(x(t—n:a)). (23)
t=T'+1 “aeMe° aeMo

From the Lemma 5, we have P (V (a, I(t)) > V(a*,1(t))) < 2Nt 2foralla € M° and P (m(t) € M°) <

V‘Vt‘ |1 Let o = % we have

—1)-2Nt 2 a Y P(x(t—1)= )> (24)

aeMo

Al
> ('M'
_;T: <|M|—1 2N§ast2+atT > P (x( ):a))

< |p (MDA - 1), o (25)

where inequality (A) can be obtained by extending (24) in a recursive manner.

Therefore, combining (22) and (25) together, we have

S E [fa(T)] < (IM] — 1)(M] +1) (
a#a*

4N?(N +1)logT
(Afin)?

min

+ 1) + C1 + Cy, (26)
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where Cy = [M](|M] - 2) (WM=GHEINT 1) and €, = |m] (IMEINE 4 1),

(2) When 7" > T: Let | = {w-‘. Let S(t) denote the set of matchings a with

min

7a(t) > I, and S(t) denote the set of matchings with 75(¢) < . Let [S| and |S| denote the
size of the set S(T) and S(T), respectively. Let {a! a2 ...,alSl} denote the set of non-optimal
matchings which are sufficiently scheduled with 7an(7T) > [, and let T,, denote the time at
which matching a™ sufficiently scheduled, 7an(7},) = I. Without loss of generality, we assume
Ty <Tp < ... <Tg. By time slot T', S(T) is non-empty. It is clear that }_,cg¢r) Ta(T") < 1|S].

Thus, we can write

acMe
= ) EfDI+ Y E[f(D)
acS(T) acS(T)
T
<USI+ DD P(x(t) =a)
=1 a3
(A) - — [/ (8] = 1)N=? 1 Nr?
<IUS| +1[S SI(=— i+ — 41
it + 81+ i) | (V=28 o 2 B )
_ = [+ |M|(S] 1)) Nx?
1 M] = 1+ M) + ) | EHMIOSL = D) N (27)
6| M|
where inequality (A) can be obtained as the proof of the case when 7" < T.
From (26) and (27), we have
AN?(N +1)logT
Z E [7a(T)] < (IM|=1)(IM| +1) ( ((Aj ))20g + 1) +Cp + Oy,
a#a* min
where Oy = [M|(IM] — 2) (<|M'*1>'(§W|'*2>'N”2 n 1) and Cy = | M| (M + 1). m

Lemma 1 and Proposition 1 lead to the following result.

Theorem 1 Under uniform sampling, the expected total regret Ry(T) by time T is upper

bounded as

4N?(N +1)logT
(A

nnn)Q

where Cy = [M[(|M] —2) <(|M‘_1).6(Ij\\44|‘_2)w7r2 + 1) and Cy = |M| ((‘Ml_Sl)NH + 1)'

Ru(T) < Aoz ((]M| -H(M|+1)- < + 1) +C1 + Cg), (28)

The theorem shows that regret Ry(7') of uniform sampling is upper bounded by O(logT)),
which is asymptotically optimal [8]. We highlight that it is the first scheme that achieves
O(log T') regret with linear complexity.

IV  Greedy Algorithm in Randomized Orders

In this section, we first introduce a greedy algorithm that maps an order to a matching, and

then describe our another low-complexity scheme that users the structure of bipartite graph
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and improves the regret performance of uniform sampling. We evaluate the performance of our

proposed scheme, and show that it also achieves asymptotic optimality with respect to time.

4.1 Greedy algorithm

We consider the orders that can be mapped to a matching through a greedy algorithm, which
will be used later in our scheme. We define an order o as a sequence of users (o1, ...,on) such
that o; € {1,..., N}, 0; # o; for any i # j (i.e., a permutation of {1,..., N}), where o; = i implies
that user i is j-th in the order. Let O denote the set of all orders (permutations) of N users.
We now consider a greedy matching greedy (o) that maps each order o to a matching
a under some weight Y. Given weight Y and order o, it allows user o; to select channel
Ao, = ArgMaXpei(g) Yo, k» Where K(G) denotes the set of channels in G. A tie is broken in a
predefined deterministic manner. Then we consider an induced graph GX by removing user oy,
@oy, and all edges connected to o1 and a,, from GY = G. The next user oz selects channel a,,
with the maximum weight in the induced graph g‘} , and yields g‘?}f by removing oz, a,,, and

their associated edges. The procedure repeats following the order o as shown in Algorithm 2.

Algorithm 2 Greedy matching algorithm greedyY (o).
Input: G = (N UK, E), weight Y, order o

: for j=1to N do

=

1 4 05

a; <— arg manelC((jJY) Y;’,k

2
3
4
5: ,C’;;il obtained by removing 4, a;, and all edges connected to ¢ and a; from Q_JY
6: end for

7

: return a;

We consider the greedy matchings with Y = {y; 1.}, from which an order o is mapped to a set
of channels a° := greedy” (o). Note that different orders may yield the same greedy matching.
Let Mg :={a®: o € O} denote the set of all possible greedy matchings with weight of actual
means {1} Let us define value function V (a; ) := SN | fii 4,, which can be used to evaluate
a matching. An optimal matching a* can be written as a* € argmax, V(a;u). We show the

following lemma.
Lemma 3 The set Mq of all greedy matchings includes an optimal matching, i.e., a* € Mg.

Lemma 3 implies that there exists an order o such that V(greedy”(o); u) = V(a*;pn). We
prove it by exploiting the fact that in the optimal matching a*, at least one user must play its
best channel (i.e., the channel with the highest actual mean). Let S; denote the set of users
who are associated with their best channel in the optimal matching a*. We show the following

lemma.
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Lemma 4 In bipartite graph G, Sy is not empty.

Proof: We assume without loss of generality that the graph G is symmetric complete bipartite
graph with N = K. For non-symmetric or incomplete bipartite graphs, we can construct such
a graph by adding additional users and by setting zero weight to originally non-existing edges.
Suppose that S; is empty, i.e., no user plays its best channel in the optimal matching of G. Let
k¥ denote user i’s best channel. Given G = (N UK, E), we consider subgraph ¢’ = (N UK, E’),
where E’ consists of edges (i,a}) with its (non-negative) weight and edges (i, k) with their
weight multiplied by —1 (i.e., non-positive weight) for all 7. Since no user plays its best channel,
each user has exactly two edges (one with non-negative weight and another with non-positive
weight). Then, graph G’ has the same number of vertices and edges of 2N, and there exist at
least one alternating cycle C' [21]. The cycle should have a negative weight sum since the sum of
incoming and outgoing edges of each user is always less than or equal to zero. This implies that
we can improve the weight sum by replacing all edges {(4,a})} N C with edges of C'\ {(4,a})}.
This contradicts that a* is an optimal matching. |

Proof of Lemma 3: We prove the lemma by constructing an order o* given an optimal
matching a*. By Lemma 4, S is not empty, and we let the users in S; to have the earliest
order. Note that the order within S is not important under our greedy algorithm since each
user will choose a different channel in a*. Let Gy denote (bipartite) subgraph obtained by
excluding all users in S; and all assigned channels and corresponding edges. Let S} denote the
set of users playing their best channel in subgraph Gs. Note that the induced matching a*|g, is
also an optimal matching in subgraph G, (otherwise, we can easily show that a* is not optimal
in G), and from Lemma 4, we can find that S} is also not empty. We let the users in S} to be
in the group with the second earliest order. Repeating the procedure, we can obtain an order
o* that yields a* through greedy algorithm. |

Using Lemma 3, we can find an optimal matching through an exhaustive search over the or-
ders. By finding the order o* with the maximum value function o* € argmax,co V (greedy”(o); ),
we can obtain an optimal matching a* = greedy*(o*). However, it requires searching over all

N! permutations. In the following, we develop a search algorithm with lower complexity.

4.2 Greedy algorithm in randomized orders

The results of Section 4.1 cannot be directly used since the channel statistics are unknown a
priori. Thus, we apply the same approach in Section III, i.e., storing the history as (3) and (4),
and scheduling with UCB indices as (5) instead of actual means.

Now we explain our GreedY in Randomized Orders (GYRO), which is shown in Algorithm 3.
GYRO has the same time structure and procedure as uniform sampling except for the way to
select candidate matching in the control phase. It selects an order o(t) € O uniformly at random,
and then maps o(t) to matching m(t) by using greedy matching algorithm with weight Y = I(¢).

Note that while uniform sampling selects m(¢) uniformly at random in M, GYRO selects m(t)
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from Mg asymptotically. This will result in a noticeable performance improvement. We show
that GYRO outperforms uniform sampling, in particular with larger network size, through

simulations in Section V.

Algorithm 3 GreedY in Randomized Orders (GYRO).
At the beginning of each time slot ¢

1: Select o(t) € O uniformly at random
2: Calculate I; ;,(t) for all (i, k)
3: m(t) < greedy'® (o)
4: x(t) € argmaXae (m(s) x(t—1)y V (a;1(2))
/* make transmissions with schedule x(t) */
5: Update fi; 1 (t) and 7; ,(t) for all (i, k) with k = x;(¢)

The computational complexity of GYRO can be obtained as follows. In control phase,
each user calculates UCB indices for all channels in parallel, which takes O(K) time. A central
agent collects the indices, which takes O(N) times, and selects an order uniformly at random.
Given the indices and the order, the agent determines candidate matching m(t), which takes
O(N) time. In decision phase, the agent selects schedule x(t) by comparing V (m(¢);I(¢)) and
V(x(t—1);1I(¢)), which can be done in O(N) time. The final schedule x(#) is distributed to each
user in O(N) time. After the transmission, an update of fi; (t) and 7; ;(t) is necessary at each
user ¢ for channel k = z;(t), which takes O(1) time. Thus, the total computational complexity
of GYRO is O(K) for K > N.

4.3 Performance evaluation

We now show that it achieves the logarithmic growth of expected total regret with respect to

time ¢, and improves the performance of uniform sampling. We start with some notations.

Let us define 3 := min; ,, a.0>Mi,ai{l’L7;7a? — Wi, }, which is the minimum mean gap among
users such that Hia® > Hig, I & matching a given an order o. Let 4, = minaq0 oy, and
Apin, = min{A¥ . . mingep 09, }. Let O* denote the set of orders such that greedy*(o) = a*,

which is not empty by Lemma 3.

Proposition 2 Under GYRO, the expected number of exploration to non-optimal matchings is

upper-bounded as

> E[a(D)] < (JM] = (NI +1) - A2
a#a*

min

ANZ(N + 1) logT
( (N +1)log +1>+C1+CQ,

where Cy = NI(|JM|—2) (W (1+ %)+ 1), and Cy = 3% (M (1 n |<]9V*;|> n 1).

Suppose that in control phase, given o(t) = o, non-greedy matching a # greedy* (o) is picked

as candidate matching m(¢). It implies that at least one of the following events occurs. 1)
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In a® = greedy” (o), at least one of actual means is underestimated where a wins a® in the
greedy comparison, 2) in a, at least one of actual means is overestimated, and 3) a non-greedy
matching needs to be explored (i.e., some index excessively increases). From the Chernoff-
Hoeffding bound [20], the probability that each case of 1) and 2) occurs at time slot ¢ can
be bounded by Nt~2. Further, if a non-greedy matching is played for a sufficient number of
times, then the matching does not need to be explored with high probability. This implies that
after non-optimal matchings are scheduled sufficiently, m(¢) = a* with positive probability, and
the probability that V(a;I(t)) < V(a*;I(t)) is close to 1. It implies that there is a positive
probability that an optimal matching is scheduled and then it remains scheduled with high
probability, which provides the bound.

We first show some lemmas which is used to prove Proposition 2.

AN2(N+1)logt
AQ

min

Lemma 5 Suppose that a non-optimal matching a is scheduled more than [ -‘ times
by time slot t. Then, the probability that the total sum of UCB indices from a is greater than

that from an optimal matching a* is less than 2Nt~2, i.e.,
P(V(a;I(t)) > V(a*;1(t))) < 2Nt~ 2.

We omit its proof since it can be shown similarly as the proof of Lemma 5. Note that
Lemma 6 Let a; = argmax, V(a;I(t)) denote a matching with highest UCB index at time slot

t. Then, there exists an order 6; € O which results in ay, i.e., 6; € arg max, greedy'™ (o).

We omit its proof since it can be shown similarly as the proof of Lemma 3.

4N2(]Av2+1)logt" I

min

Lemma 7 Consider matching a that has been scheduled sufficiently 7o(t) > [
an order o such that a # greedyt(o) is chosen in the control phase at time slot t, then the

probability that a is picked as candidate matching m(t) is less than 2Nt2, i.e.,
P (m(t) = a | o(t) = 0,a # greedy” (o)) < 2Nt~ 2.

Further, if Ta(t) > {W—‘ for all matchings a # a*, then

min

. NI—|O*] |o* B
P(n(t) #a%) < IO o) - pyve2

Proof: For given o and a # a® = greedy" (o), since m(t) = greedy'™ (o), if m(t) = a,
there exist at least one user i such that p;a, < piqee and I, (t) > Iw?(t). Let fi; ;, » denote

(N+1)logt
s

average reward for user ¢ by playing channel £ for 7 times, and let ¢; s = denote

2
the confidence bound at time ¢. Further, let [ = {W

scheduled for 7,(t) > [, each edge (i, a;) should satisfy 7; 4, () > [ for all 7. Then, for a # a°, we

—‘. Since matching a has been
have
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I{greedy"™ (o) = a}
<I{Iiq(t) > I a2 (t) and 14, < Miao for some i}

< Y L) > Le®)

ifi,a; SHi a9

(A) N R

= j{: Wi 50, (t-1) T Co13 0 (1-1) = Bia2 7, po(t—1) T Ct—17, o (t-1)}
. 7 ()
41,0, Hi a0

) o (29)
< E , H{ max (:ui,ai,si + thl,si) 2> 1min (:ui,a‘?,s’. + Ct—l,s’.)}

) I<s;<t O<si<t (A i
ViHi,a; Sl"i,a? 4

(B) t—1 t—1

< Z Z Z Wi a0 + Ct—1,8 2 Rigo s + 1,60}

Ufhi,ay Sﬂi,a? si=l si=1

t t
= Z Z Z ]I{ﬂi7ai7si + sy 2 ﬂi,a?ﬁ; + Ct,s;}a

Uili,a; SHi a0 Si=1si=1
where equality (A) comes from (5), and inequality (B) can be obtained by summing the indicator
functions for all | < s; <t —1and 1 < s, <t — 1, which can be further extended to the last
inequality.
We pay attention to the event fi; q; s, +Ct,s; = [l g0 s+t o for users ¢ such that Hia® = fhia;-

For those i, at least one of the following three events must occur.

A fligo s < Pia® — Cr sl

B : fiia;.; 2 Mija; + Ctos;i

Cit a2 < Hia; + 2Cts,-
If event A; does not occur, then fi;q; s, + ct5; > ,&Z-’a?rs; + Crs > Hia- If event B; does not
occur, then fi; q; + 2¢s; > fli,a;,5, + Ct,s;- Thus if both events A; and B; do not occur, then by
combining these two inequalities, we have p; o, + 2¢¢ 5, > Hi,a2 s which implies event C;. Hence,
at least one of the above events must occur. Note that the probability of events A; and B; can
be bounded by the Chernoff-Hoeffding bound [20] as,

P (gm?,s; < Wiae — Ct,s;) < t—2(N+1)’

P (ﬂi,ai,si > Wi a; + Ct,si) < t*Q(thl)’

4AN2(N+1)logt
2

min

respectively. Also, the probability of event C; equals 0 if s; > { —‘, because

0> Mi,a‘;ﬁ’ — Mia; — 2Ct,si

N+ 1)logt
:Mﬁ_mm_2£44J4&
Si

Am'in

N

2 Hi,a? — Hia; —

> 0,
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where the last inequality comes from the fact that A,,;, < min;,, o >m,ai{:“i,a? — Wi, }- This
implies that for user ¢ with fi; 0o > f1;q,, the probability that the event fi; 4,5, +ct,s; > ,&i,ag,s; +
¢t¢, occurs is no greater than P (4;) + P(B;). By taking conditional expectation over (29), we

can obtain

i

E

=
I

a | o(t) = 0,a # greedy”(o))

t t
< A Z Z P (ﬂi,ai,si + cs; > /:Li,a?,s; + ct,sé)

2
Further, if 75(t) > {W-‘ for all matchings a # a*, using the above result, we can

min

obtain

P(m(t) #a") = Y P(m(t) # a" | ot) = o) P(o(t) = o)

ocO
< T Bt =0)+ 3 3 Bm(t)=a|off) = 0,a £ greedy(0)) - P (o(t) =
ogO* ocO* a#a*

where the first inequality holds, since, for o € O* and a # a*, we have greedy* (o) = a* and thus
P(m(t) =a|o(t) =0) =P (m(t) = a | o(t) = 0,a # greedy” (o)), and the last inequality holds
since the order is chosen uniformly at random from N! permutations (i.e., P (o(t) = o) = +;)
and the number of non-optimal matchings is no greater than |M| — 1. |
Proof of Proposition 2: The procedure of showing the proposition is the same as the proof
of Proposition 1 except for obtaining the bound of (10). This difference comes from the way
to select a candidate matching under uniform sampling and GYRO. Therefore, we omit the
description of notations used in the proof, and begin with obtaining the bound of (10) when
T <T.
(1) When 7" < T :

P(x(t) =a|x(t—1) € 5(Ty)) - P(x(t — 1) € S(T3,))
S(Ty)
= Z P(X(t) € S(Ty,) | x(t—1) :a) P(x(t—1)=a).
acS(Ty,)

Note that for a; = argmax,c, V(a;1(t)), there exists 6; € O such that greedy'®(o;) = a,
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from Lemma 6. We further divide the conditional probability using o; as

P (x(t) € S(Tn) | x(t — 1) = a)
— P (x(t) € 5(T) | x(t — 1) = a,0(t) = &) - B (o(t) = o)
T+ P (x(t) € 5(T,) | x(t—1) =a,0(t) £ 6,) - P(o(t) £ o)
i 1 N!—1
<P (x(t) € S(Tp) | x(t—1):a,o(t):ot)-ﬁ+1- i
Note that o, leads to a; and V(a;; I(t)) > V(a;I(¢)) for all a at time ¢, which implies that x(¢) =
a; regardless of x(t — 1). Hence, P (x(t) € S(T5,) | x(t — 1) = a,0(t) = 0¢) = P (a; € S(T5)),

where

P (a; € S(T, (a € argmax V (a’; I(t )))

a’'eM

\M wM

) = V(2% 1(1)))

< ! (Tn)\'QNfz,

where the last inequality holds since the matchings in S(7},) are sufficiently scheduled (Lemma 5).

Hence, we can obtain an upper bound as

> P(x(t)=a|x(t—1) € S(Tn)) P (x(t—1) € S(Tn))

acS(Tyn)

< Z P(x(t—1)=a) [N;V_‘l + % P (x(t) € S(Tp,) | x(t — 1) =a,0(t) = o)
acS(Ty)

< Y Px(t-1)=a) [N;V_,l b IS 2Nt2] , (30)
acS(Ty)

for all ¢ € (Tp,, Tn41]. Letting o := 2571 and combining (11), (12), and (30), we have

> P(x(t) =

acS(Ty)
<P(x(t—1) € S(T,)) + (1+>|S( Dl2NE2 40 S P(x(t—1) =a).
acS(T,)

The inequality can be extended in a recursive manner as in the proof of Proposition 1 except
for letting A := (14 35) [S(Ty)| - 2N, and we have, from (17), (18), and (19),

Thnt1

2. X

t=Tn+1acS(T,)

IM]-1 9
1 7 1
l - .
|:Z s,n+1 +A 1-—a 6+1—Oé
s=n+1
1\ N=2 ZM
s=n-+1
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Finally, we have

> E [fa(T)]

aeMe

-
= > D Px()=

aceMo t=1
M-1 Tn+1

=IM+> > >

n=1 t=T,+1ae5(T,)

N2 Mol M-1 M

<lM+N![<1+) ZS WHE|DY S > lani +(M—1)]
n=1 n=1 s=n+1
— 2)N7?
<lM+N'(M—1)<<1+ Nl) )W+l+1>,
where the last inequality comes from (20) and (21).
Therefore, with M = |M| — 1, we have
. AN?(N +1)log T
Z E [7a(T)] < (IM| = 1)(N!+1) ( ( AT )log + 1> + (1, (31)

ae Mo

where C1 = N!(|M| — 2) ((1 + %) w + 1).

Further, we have 3,0 E[7a(T) — 7a(T")] = ZthT/H Y ac e P (x(t) = a), which can be
upper bounded as (23). From the Lemma 5, we have P (V(a,I(t)) > V(a*,I(t))) < 2Nt~ 2 for
all a € M°, and from the Lemma 7, we have P (m(t) € M°) < Y= lO & ‘2(|M\ —1)Nt=2.

Note that |O*| > 0 from the Lemma 3. Let v = N!Y\,‘loﬂ, we have
T
> Y i -
t=T"4+1 a#a*
T ](’)*
< ) ( > (M| —1)- 2Nt +a ) P(x(t—1) =a) (32)
t=T"+1 a#a*
07| 2 =T
<Y (115 - 2NZoﬁt Lot T Y B (x(
T+1 a#a*
N! * —1
<o ((1+5) ), )

where equality (A) can be obtained by extending (32) in a recursive manner.

Therefore, combining (31) and (33) together, we have

AN2(N +1)log T
ZE \My—l)(N'Jrl)( (Aj )1og +1>+Cl+02, (34)

a#a* min

where Cy = NU(M| ~2) ((1+ ) A2V 1) and € = 3% ((1+ [§) SR8 4 1),
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(2) When 77 > T: We omit the description of notations used in the proof, which is the same

as in the proof of Proposition 1. We can write

Y Ef[fa(T)]

aeMo
= Y EfD+ Y Ef()
acS(7T) acS(T)
T
<US|+ > P(x(t) =a)
t=1 ac9
(%)l\ﬁ\ +1|S| + N!|S| [(1 + ]\1”> (‘S_Gl)Nﬂz +1+ 1}
= (M| -1+ N!S]) + N!|S| [<1+]3”>W+1], (35)

where inequality (A) can be obtained as the proof of the case when 77 < T'. From (35) and (34),

we have

Y E[fa(D)] < (M| - 1)(N! +1)

<4N2(N +1)logT
a#a*

A2

min

+1>+Cl+027

where Ch = N!(|JM]|—-2) ((1 + %) M + 1) and Cy = |gi| ((1+ ‘%') M + 1>'
|

Lemma 1 and Proposition 2 lead to the following result.

Theorem 2 Under GYRO, the expected total regret Rayro(T) by time T' is upper bounded as

4N?(N +1)logT
A2

min

Revro(T) < A% ((\M\ )N+ 1) ( + 1) + O+ 02>, (36)

where Cy = NY(IM|-2) (Y (14 ) 1), and €y = 5 (W52 (14 1G11) 1),

The theorem shows that regret Rgyro(7T) of GYRO is upper bounded by O(logT"), which

is asymptotically optimal.

V Simulation results

We have shown that under our algorithms of uniform sampling and GYRO, the expected regret
grows logarithmically with respect to time. In this section, we demonstrate the performance
of our algorithms through simulations. We consider N = 5 users and K = 10 channels. If
user-channels pair (i, k) is played, then user i receives a binary reward drawn from Bernoulli
distribution with mean p; j, which is drawn uniformly at random between [0,1]. Simulation runs
for T = 10° time slots, and results are averaged over 20 repetitions.

We compare our algorithms (i.e., uniform sampling labeled as Uniform in Fig. 4 and GYRO)

with a well-known MaxWeight that solves the maximum weighted bipartite matching problem
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(b) Incomplete bipartite graph.

Figure 4: Average of total regrets with respect to time slots.
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Figure 5: Average of total regrets at 7' = 10° with respect to the number of channels.

at each time slot, i.e., x(t) € argmax,ca V(a;I(t)). MaxWeight can be implemented using
brute-force search or Hungarian algorithm [22] whose computational complexities are O(K™)
and O((N + K)3), respectively. Note that the complexities of uniform sampling algorithm and
GYRO are O(N) and O(K), respectively.

We consider two bipartite graph: one complete bipartite graph as shown in Fig. 1 (i.e.,
there are NK edges with p;; > 0), and one incomplete bipartite graph where each user i has
6 channels with p; ; > 0 out of 10 channels. Fig. 4 shows the total regrets of three algorithms
over time. In Fig. 4(a), the results from the complete graph are shown, and in Fig. 4(b), the
results from the incomplete graph are shown. As expected, the regret grows logarithmically over
time. Further, in both cases, the regret of uniform sampling is distinctly worse than GYRO.
Interestingly, in some cases, GYRO outperforms MaxWeight, in which case MaxWeight explores
non-optimal matchings more frequently than GYRO.

Now we show that the performance gaps between uniform sampling and GYRO enlarge
with respect to the size of network. The number of users is fixed with N = 5, and the num-
ber of channels varies from K = 5 to 20. Simulation runs for 7 = 10° time slots, and the
regret is captured at 7' = 10°. The result is averaged over 20 repetitions. As seen in Fig. 5,
GYRO distinctly outperforms uniform sampling, and it is comparable with MaxWeight. Note
that since the regret is affected by both channel statistics (i.e., y1; %) and the number of channels,

the optimal regret does not linearly increase with the number of channels.
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VI Conclusion

In this paper, we develop low-complexity learning algorithms for opportunistic spectrum access
in multi-user multi-channel cognitive radio networks, and show that they achieves the expected
total regret growing at most logarithmically with respect to time. Through numerical sim-
ulations, we verify our results, and compare the performance with the well-known maximum
weighted matching algorithm at each time slot. The idea of reducing complexity can be applied

to other learning problems and remains as a future work.
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