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Abstract—In this paper, we investigate the problem of dis-
tributed dynamic spectrum access with multiple secondary users
(SUs), where the availabilities of licensed channels are unknown
to SUs. If multiple SUs access the same channel simultaneously,
none of them would transmit successfully because of collision.
As a result, each SU has to learn unknown channel statistics
and coordinate with others based on its local observations. We
develop an online learning based channel access method, which
identifies the best channel quickly by using Thompson sampling
and orthogonalizes SUs on different channels efficiently without
prior information. Numerical results show that the proposed
method achieves the highest probability of identifying the best
channel compared to the existing ones.

Index Terms—Dynamic spectrum access, multi-armed bandit,
online learning.

I. INTRODUCTION

Emerging applications such as the Internet of Things and
smart manufacturing require more spectrum bands to support
the transmissions of thousands of wireless devices, which
consequently leads to spectrum scarcity [1], [2]. On the other
hand, actual measurements of spectrum usage reveal that a
large portion of the licensed spectrum is underutilized due to
static spectrum management policy. In contrast to the static
policy, dynamic spectrum access (DSA) allows unlicensed
secondary users (SUs), e.g., wireless sensor nodes, to oppor-
tunistically access licensed channels if they are not occupied
by licensed primary users (PUs) [3]. Therefore, the DSA is
considered as a promising solution to overcome the inefficient
utilization of spectrum and meet the transmission demands of
various wireless devices [4].

The availabilities of licensed channels are unknown to
SUs. To avoid causing interference to PUs, each SU has to
sense the channels before transmitting on them. SUs access
licensed channels only when the sensing results are idle.
Due to hardware limitations, each SU can only choose a
limited number of channels to sense per time slot [5], [6].
The historical sensing results are utilized to estimate the idle
probability of each channel. When multiple SUs access the
same channel simultaneously, a collision occurs and none of
the SUs transmit successfully at this slot. Thus, an efficient
collision avoidance mechanism is needed to coordinate the
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transmissions of SUs. The channel statistics learning and the
coordination among SUs directly impact the spectrum access
efficiency and the throughputs of SUs.

In the literature, such an online channel selection problem
falls into an online learning framework, referred to as multi-
player multi-armed bandit (MPMAB), where SUs are seen as
players facing a bandit machine with multiple arms. Each arm
represents a particular licensed channel with unknown channel
statistics. At each round, the player would pull an arm, which
represents the SU sensing a channel, and receives a reward
related to the state of the arm and the actions of other players.
Existing DSA schemes can be classified into two classes
according to whether there is communication between SUs:
centralized methods [7] and distributed methods [8]–[13]. For
the centralized methods, SUs report their sensing results to a
central controller at each slot. The central controller estimates
the idle probability of each channel and decides the sensing
and access action of each SU. The centralized methods ensure
that no collision occurs, but incur high communication costs.
For the distributed methods, each SU estimates the unknown
channel statistics and coordinates with others based on its local
observations. We focus on the distributed setting since it’s
more challenging than the centralized setting.

In [8], [9], SUs spend a finite number of slots on ran-
domly sensing licensed channels to estimate the unknown
channel idle probability. The total number of slots required for
random sensing depend on the idle probability gap between
two successive channels. In [10], an index method named
upper confidence bound (UCB) is employed to identify the
best channel without preliminary knowledge, which efficiently
balances the exploitation and exploration of licensed channels.
In [14], a modified UCB method is proposed to reduce the
number of slots of sensing suboptimal channels, which shows
better convergence than the classic UCB.

In [10], [11], a pre-agreement based coordination policy lets
SUs sense the estimated best channels in a round-robin fashion
to avoid collisions. To get rid of the pre-agreement, each SU
senses one of the estimated best channels based on a randomly
selected rank [12]. In [13], a collision avoidance mechanism
inspired by the game ‘Musical Chair’ is proposed to reduce the
number of collisions incurred by the rank policy, which lets
the SU continue to sense the same channel once it achieves a
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successful transmission on that channel. The above-mentioned
policies assume that the number of SUs is known in advance.
In a distributed scenario such as ad-hoc network, SUs may not
know how many other SUs are also sensing the channels. In
[8], the total number of SUs is estimated by using the number
of collisions encountered by SUs.

In this paper, we consider the multi-SU DSA problem in
a completely distributed scenario where there are no central
controller or pre-agreement for SUs. We propose an online
learning based channel access method, which utilizes Thomp-
son sampling to identify the best channel without preliminary
knowledge and orthogonalizes SUs on different channels with-
out knowing the total number of SUs. Numerical results show
that our proposed method outperforms the existing ones in
terms of identifying the best channel.

II. SYSTEM MODEL

We consider a slotted DSA network with time horizon T .
The licensed spectrum is divided into K = {1, 2, . . . ,K}
independent channels with equal bandwidth. Let ik(t) ∈ {0, 1}
denote the state of channel k in time slot t ∈ [1, T ], where
ik(t) = 1 represents channel k is idle and ik(t) = 0 represents
channel k is occupied by PUs. The state of channel k is
independently and identically distributed across time with idle
probability µk, i.e.,

ik(t) =

{
1, with µk,

0, with 1− µk.
(1)

Without loss of generality, we assume µ1 > µ2 > . . . > µK .
Let M denote the number of SUs and M ≤ K is assumed
to avoid congestion. Note that the idle probabilities of the
licensed channels are unknown to the SUs.

In any slot t, each SU m ∈ [1,M ] follows a sensing-
then-transmission procedure to avoid causing interference to
PUs. Specifically, each SU chooses a subset of the licensed
channels to sense at the beginning of each slot. If the sensed
channels are occupied, the SU does not access and waits
for the next slot. If the sensed channels are idle, the SU
transmits on the channels and receives an acknowledgment for
the transmitted packet at the end of the slot. Due to limited
hardware capabilities and power constraints, we assume that
each SU m can sense only one channel am,t ∈ K at slot t.
There is no prior protocol or information exchange among
the SUs. Each SU m estimates the unknown channel idle
probability by its local sensing observation iam,t

(t).
A collision occurs when more than one SU accesses the

same channel simultaneously and the SUs all fail to transmit
data. We denote the collision indicator of SU m at slot t as
ηm(t) ∈ {0, 1}, where ηm(t) = 1 represents a successful
transmission and ηm(t) = 0 represents that there exists a SU
m

′ ∈ [1,M ],m
′ 6= m that senses the same channel as SU m.

Thus, the multi-SU DSA can be formulated as an MPMAB
problem where the reward of SU m at slot t is defined as

rm(t) = iam,t
(t)ηm(t), (2)

which represents whether SU m transmits successfully.

In an ideal scenario where the channel idle probabilities are
known in advance and the M SUs always sense the M chan-
nels with the highest idle probabilities without collision, the
expected cumulative reward is given by T

∑M
k=1 µk. It’s clear

that no practical policy can achieve the ideal performance.
The regret of a policy is defined as the reward gap between
the ideal policy and the considered DSA policy,

R(T ) = T

M∑
k=1

µk −
T∑
t=1

M∑
m=1

E[rm(t)]. (3)

Regret R(T ) reflects the rate of convergence to the best
channels. The goal is to design a policy that minimizes the
regret under any given problem instance.

III. PROPOSED ALGORITHM

A. Best Channel Identification

Thompson sampling (TS) is an online learning algorithm
based on Bayesian theory, which shows empirically better
performance than the UCB methods [15]. The basic idea
of TS is to assume a prior distribution on the unknown
idle probability of each channel and at each slot, select a
channel according to its posterior probability of being the best
channel. Parameters of the corresponding posterior distribution
are updated by using the observed channel state. We improve
the classic TS by a top-two rule to identify the best channel
k∗ = argmaxk∈Kµk from the channel set K.

Each SU m represents its uncertainty about the idle
probability of channel k by a prior distribution fm,k =
Beta(Sm,k, Fm,k), the probability density function of which
is given by

fm,k(θk) =
Γ(Sm,k + Fm,k)

Γ(Sm,k)Γ(Fm,k)
θ
Sm,k−1
k (1− θk)Fm,k−1, (4)

where Γ is the Gamma function, Sm,k and Fm,k are parameters
of Beta distribution. The mean of fm,k is Sm,k

Sm,k+Fm,k
and

the variance is Sm,kFm,k

(Sm,k+Fm,k+1)(Sm,k+Fm,k)2
[16]. We denote

the posterior probability of channel k being optimal as αm,k,
which can be computed as

αm,k =

∫
θ∈R

fm,k(θ)
∏

j∈K,j 6=k

Fm,j(θ)dθ, (5)

where Fm,j(θ) is the cumulative distribution function of θj .
At each slot t, SU m draws a sample θk(t) from the

distribution fm,k, which is considered as an approximation
of the true idle probability µk, and senses the channel with
the largest sampling value,

am,t = argmax
k∈K

θk(t). (6)

Parameters of the distribution fm,am,t
are updated as

Sm,am,t
= Sm,am,t

+ iam,t
(t),

Fm,am,t
= Fm,am,t

+ 1− iam,t
(t). (7)

Note that Sm,k represents the total number of slots in which
channel k is sensed idle and Fm,k represents the total slots in
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which channel k is sensed occupied. Thus, according to the
law of large numbers, the mean of fm,k converges to the true
idle probability µk as the number of observations of channel
k increases to infinity,

lim
Sm,k+Fm,k→∞

Sm,k
Sm,k + Fm,k

= µk. (8)

Also, the variance of fm,k decreases to zero with the increas-
ing number of observations,

0 ≤ lim
Sm,k+Fm,k→∞

Sm,kFm,k
(Sm,k + Fm,k + 1)(Sm,k + Fm,k)2

≤ lim
Sm,k+Fm,k→∞

1

4(Sm,k + Fm,k + 1)
= 0. (9)

Thus, the true idle probability µk can be accurately estimated
by the sample θk(t) ∼ fm,k.

As more observations of channel k are gathered, the distri-
bution fm,k becomes tighter around the true idle probability
µk. Eq. (5) reveals that the posterior probability of the best
channel k∗ increases to 1 over time and the posterior prob-
abilities of others decrease to 0. Thus, we set a threshold δ
and once there exists a channel k̂ whose posterior probability
exceeds the threshold δ, i.e., αm,k̂ ≥ δ, we assume that k̂
is the best channel k∗. The probability of identifying the best
channel is at least δ with such a criterion, i.e., P(k̂ = k∗) ≥ δ.

For the classic TS, once channel k̂ is estimated with a
reasonably high posterior probability, it will be selected in
almost all the subsequent slots according to Eq. (6), resulting
in insufficient information collection of other channels and a
low convergence rate of αm,k̂. For example, if αm,k̂ = 0.95,
then the TS method senses a channel other than k̂ roughly
once every 20 slots. The distribution fm,k̂ is well centralized
around the idle probability µk̂ while the distributions of other
channels have large variances. The marginal utility of sensing
channel k̂ decreases with time.

To overcome the insufficient sensing of other channels, we
improve the classic TS by a top-two rule [17]. In each slot t,
SU m senses the estimated best channel I = argmaxk∈K θk(t)
with probability β. To avoid the algorithm focusing on one
channel, with probability 1 − β, SU m senses an alternative
channel J = argmaxk∈K,k 6=I θk(t), which is posterior optimal
except for channel I . On the one hand, the improved TS
allocates fraction β of slots to sensing the estimated best
channel k̂ to guarantee its estimation accuracy. On the other
hand, the improved TS allocates more slots to sensing the
channels that are difficult to distinguish from k̂ and fewer
slots to sensing the channels that are clearly inferior, which
facilitates the convergence of αm,k̂.

We use a simple numerical experiment to better explain
the insights of the improved TS. Consider a DSA network
with K = 3 channels. The corresponding idle probabilities
are 0.8, 0.5 and 0.2, respectively. The prior distribution of
channel k is fm,k = Beta(1, 1), ∀k ∈ K, which is the uniform
distribution on (0, 1). Fig. 1 shows the posterior distribution of
each channel when αm,1 ≥ 99.9%. The total slots required are
144, 166, 2329 and 115 for the random sensing, the modified
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Fig. 1: Posterior probability density function of each channel

UCB, the TS, and the improved TS, respectively. As is shown
in Fig. 1a, the random sensing gives each channel the same
chance to be selected, which wastes too many slots on sensing
clearly inferior channel 3. The modified UCB and the TS
spend almost all slots on sensing channel 1. The insufficient
observations of channel 2 and 3 lead to large variances of
distribution fm,2 and fm,3, which consequently results in
the low convergence rate of αm,1. Note that given the same
number of observations, it is more difficult to certify that
µ2 < µ1 than that µ3 < µ1, since µ2 is closer to µ1 and
the observations from channel 2 have higher variance than
the observations from channel 3. As is shown in Fig. 1d,
the improved TS spends more slots on sensing channel 2
compared to channel 3 since the former is more difficult to
distinguish from the best. Thus, the improved TS needs the
fewest slots to identify the best channel 1.

B. Coordination

Once the estimated best channel k̂ is determined, the
proposed channel access strategy enters a coordination phase,
where SU m senses channel k̂ at each slot. If SU m achieves
a successful transmission during the coordination phase, it
senses channel k̂ till the end of the time horizon. We call
this situation SU m locked on channel k̂. We consider two
circumstances that SU m may encounter during the coordi-
nation phase. One is that channel k̂ has already been locked
on by some SU. Thus, SU m keeps encountering collisions. It
excludes channel k̂ from the set K and continues to identify the
next best channel. The other is that SU m is the first one who
identifies channel k̂ as the best and others are still in the best
channel identification procedure. We derive the probability of
a SU other than m sensing channel k̂ and design the length
of the coordination phase accordingly.

Suppose that k̂ is also the best channel for a SU m
′ ∈

[1,M ],m
′ 6= m. During the best channel identification proce-
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dure, in any slot t, the probability of SU m
′

sensing channel
k̂ is given by [17]

P(am′ ,t = k̂) = αm′ ,k̂(β + (1− β)
∑
k 6=k̂

αm′ ,k

1− αm′ ,k

),

≥ αm′ ,k̂(β + (1− β)
(K − 1)(1− αm′ ,k̂)

K + αm′ ,k̂ − 2
),

(10)

where the second inequality is derived by using the Cauchy-
Schwarz inequality. The posterior probability αm′ ,k̂ increases
to δ as the slot goes on. The probability that both SU m and
m

′
identify k̂ as the best channel is at least δ2. Thus, in each

slot t, SU m assumes that a SU m
′

senses channel k̂ with
probability at least pmin, which is given by

pmin = δ3(β + (1− β)
(K − 1)(1− δ)
K + δ − 2

). (11)

Denote the total slots of the coordination phase as Tc. The
estimated idle probability of channel k̂ is denoted as µ̂k̂ =

Sm,k̂

Sm,k̂+Fm,k̂
. Tcµ̂k̂ is the estimated number of idle slots in the

coordination phase, i.e., the number of slots SU m accessing
channel k̂. SU m achieves a successful transmission only when
there are no other SUs accessing channel k̂ simultaneously. We
consider the case that k̂ is also the best channel for the other
M−1 SUs. Thus, with probability at most (1−pmin)M−1, the
M−1 SUs don’t access channel k̂ at each slot. The minimum
length of the coordination phase is given by

Tc = d (1− pmin)1−M

µ̂k̂
e. (12)

In a distributed DSA network, the number of SUs M may
not known a prior and is estimated by using the number
of collisions Cl and the number of idle slots Tl that SU
m encountered in the previous best channel identification
procedure [8],

M̂ = min(round(
log(Tl−Cl

Tl
)

log(1− 1/K)
+ 1),K), (13)

where M̂ is the estimated number of SUs. Once channel k̂ is
determined, SU m calculates Tc based on pmin, µ̂k̂ and M̂ .

C. TS based Channel Access

The proposed TS based channel access algorithm consists of
two phases: best channel identification phase and coordination
phase. In the best channel identification phase, each SU m
employs the improved TS to decide the sensing channel
am,t in each slot. If the posterior probability αm,k̂ of a
channel k̂ exceeds the threshold δ, SU m records channel
k̂ as the current best channel and calculates the length of
the coordination phase Tc as in (12). In the coordination
phase, SU m keeps sensing channel k̂. Once SU m achieves
a successful transmission, it senses channel k̂ till the end. If
SU m keeps encountering collisions during the coordination
phase. It excludes channel k̂ from the channel set K, i.e.,
K ← K \ {k̂}, and continues to learn the next best channel.

Algorithm 1 TS Based Channel Access Running at SU m

Input β, δ, pmin,K
1: initialize k̂ = 0, Tl = 0, Cl = 0, Sm,k = 1, Fm,k = 1
αm,k = 1

K for k ∈ K
2: for t = 1, 2, . . . , T do
3: if k̂ == 0 then
4: Sample θk(t) ∼ Beta(Sm,k, Fm,k), k ∈ K
5: Sample B ∼ Bernoulli(β)
6: if B == 1 then
7: am,t = I = argmaxk∈K θk(t)
8: else
9: am,t = J = argmaxk∈K,k 6=I θk(t)

10: end if
11: Observe iam,t

(t) and ηm(t)
12: Tl = Tl + iam,t

(t), Cl = Cl + ηm(t)
13: Update Sm,am,t and Fm,am,t as in (7)
14: Calculate αm,k for k ∈ K as in (5)
15: if maxk∈Kαm,k ≥ δ then
16: Set k̂ = argmaxk∈Kαm,k
17: Calculate M̂ and Tc as in (13) and (12)
18: end if
19: else
20: am,t = k̂, Tc = Tc − 1
21: Observe iam,t

(t) and ηm(t)
22: if ηm(t)==1 then
23: Lock on channel k̂ till the end
24: else if Tc == 0 then
25: K ← K \ {k̂}
26: Tl = 0, Cl = 0, k̂ = 0
27: end if
28: end if
29: end for

Details of the proposed TS based channel access algorithm are
summarized in Algorithm 1.

IV. NUMERICAL RESULTS

We present the numerical results in two simulation cases.
In case 1, we set the number of channels K = 10 with the
corresponding idle probabilities ranging from 0.08 to 0.85.
The idle probability gap between two successive channels is
set to 0.07, as required in [8]. In case 2, the idle probability of
each channel is sampled uniformly from (0, 1). In both cases,
there are M = 4 SUs. All numerical results are averaged over
5000 Monte Carlo simulations.

We compare the proposed TS based channel access (TSCA)
algorithm with the distributed learning with fairness (DLF)
[10], the Musical Chairs (MC) [8], and the modified MC
(MMC) [13] algorithms. The DLF and the MMC algorithms
utilize the UCB and the modified UCB for channel statistical
learning, respectively. They require the number of SUs M
known a prior for coordination. The MC algorithm lets the
SUs sense the channels randomly, which does not require prior
knowledge of M but requires the idle probability gap between
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Fig. 2: Probability of identifying the best channel as a function
of time slot for T = 1000.

channels to set the slots of random sensing. For our proposed
TSCA algorithm, we set β = 0.2 and δ = 0.85.

A. Posterior Probability

Fig. 2a shows the probability of identifying the best channel
as a function of the time slot in case 1 for T = 1000.
Specifically, the experiment illustrates the maximum posterior
probability maxk∈Kαm,k that each algorithm can achieve
within a given number of slots. More observations of channel
statistics are collected as the number of slots increases and the
idle probability of each channel can be accurately estimated.
Thus, the probabilities of all algorithms increase with time.
The proposed TSCA algorithm achieves the highest probability
of identifying the best channel. The DLF and the MMC
algorithms focus on sensing the current best channel at the cost
of refining their knowledge of other channels, which reduces
their confidence about the best channel. The MC algorithm
spends too many slots on sensing clearly inferior channels and
thus requires more slots to reach the same probability level as
the proposed TSCA algorithm.

Fig. 2b shows the probability of identifying the best channel
as a function of the time slot in case 2 for K = 10 and
T = 1000. The idle probability gap in case 2 is smaller than
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Fig. 3: Probability of identifying the best channel as a function
of channel number K for T = 1000 in case 2.
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Fig. 4: Regret as a function of time slot for T = 10000 and
K = 10.

that in case 1, resulting in increased difficulty in identifying the
best channel. The proposed TSCA algorithm allocates fewer
slots to sensing the channels that are far from optimal and more
slots to sensing the channels that are harder to distinguish from
the best. Thus, the proposed TSCA algorithm needs the fewest
slots to reach a given probability level as compared to others.
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Fig. 3 shows the probability of identifying the best channel
as a function of channel number K in case 2 for T = 1000.
Additional channels increase the exploration cost of each
algorithm. The information available per channel decreases
as the number of channels. Thus, the probabilities of the
algorithms decrease with K. The probability of the MC
algorithm decreases more rapidly than the other algorithms
since it gives each channel the same number of selections.
The proposed TSCA algorithm can fast exclude the clearly
inferior channels and shows the highest probability level.

B. Regret

Fig. 4a shows the regret as a function of the time slot in case
1 for T = 10000. The proposed TSCA algorithm achieves
the lowest regret since it can quickly identify the channels
with high idle probability and utilize them for transmission.
Due to random sensing, the regret of the MC algorithm grows
linearly in the initial learning phase and flattens out in the
subsequent coordination phase. Although the DLF and the
MMC algorithms can efficiently orthogonalize the SUs on
different channels with known M , they require more slots to
identify the best channel and thus show higher regrets than
the proposed TSCA algorithm.

Fig. 4b shows the regret as a function of the time slot in
case 2 for K = 10 and T = 10000. The trends are similar
to that in case 1 while the regret of each algorithm is higher
than that in case 1 due to the increased difficulty in identifying
the best one. The proposed TSCA algorithm yields the lowest
regret since it can orthogonalize the SUs on the identified best
channels quickly.

Fig. 5 shows the regret as a function of channel number K
in case 2 for T = 10000. Due to the additional exploration
cost, the algorithms require more slots to identify the best
channel. Thus, the regrets of the algorithms increase with
K. The proposed TSCA algorithm achieves the lowest regret

since it can fast exclude the clearly inferior channels. The
MC algorithm senses each channel randomly. The regret of it
increases rapidly with the number of channels.

V. CONCLUSION

In this paper, we studied the distributed DSA problem with
multiple SUs and proposed the TSCA algorithm to coordinate
the transmissions of the SUs. The proposed TSCA algorithm
allocates less effort to sensing clearly inferior channels and
more effort to sensing channels that are close to the best, which
identifies the best channel quickly without prior information.
Besides, the TSCA algorithm efficiently orthogonalizes the
SUs on different channels without requiring the number of
SUs known a prior. Numerical results show that the proposed
algorithm outperforms the state-of-the-art ones in terms of
identifying the best channel and regret.
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