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Abstract—We investigate efficient channel learning and opportunity utilization problem in cognitive radio networks (CRN).
We find that the sensing order of multiple channels and channel
accessing policy play a critical role in designing effective and
efficient scheme to maximize the throughput. Leveraging this
important finding, we propose a near optimal online channel
access policy. We prove that, our policy can converge to an
optimal point in a guaranteed probability. Further, we design a
computational efficient channel access policy, integrating optimal
stopping theory and multi-armed bandit policy effectively. The
computational complexity is reduced from O(KN K ) to O(K),
where N is the number of channels, and K is the maximum number of sensing/probing times in each procedure. Our simulation
results validate our policy, showing at least 40% performance
improvement over statistically optimal but fixed policy.

I. I NTRODUCTION
In cognitive radio networks, effective channel utilization
plays an important role in improving system performance.
Existing schemes can be classiﬁed into two categories based
on whether channel statistics are known as a prior or not.
On one hand, optimal stopping theory (OSP) [1]–[6] has
been applied in dynamic spectrum access if the channel
statistics information is available, making decision according
to instantaneous observation. On the other hand, when there
is no prior knowledge, the MAB (multi-armed bandit theory)
[7]–[12] is used to tackle this problem, achieving a tradeoff
between channel exploration and exploitation. It is naturally
and widely believed that, these two theoretical paradigms are
sufﬁcient to tackle online channel access problem.
However, there is still a gap between these two paradigms,
which makes the learning and utilizing processes difﬁcult.
Optimal stopping theory focuses on the current observation
of channel states. Comparing the observations with some
statistic results, the OSP theory will lead to an optimized
threshold-based channel sequential sensing/probing and accessing (SSPA) strategy. What left the end user to do is
selecting a time to stop sensing/probing and then accessing
the channel. Different from optimal stopping theory, the MAB
framework reﬁnes the statistical results using every instantaneous observation, and at every timeslot selects a channel to
sense/access based on channel statistics. It is proved that MAB
based approaches often lead to optimal ﬁxed channel accessing
in a large time horizon.
To tackle above issues, we formulate this as an observation
V.S statistics problem in time scale. It is different from the

conventional channel exploitation and exploration tradeoff
problem. At each step, the observation is not only accounted
for statistics, it might be also a direct stimulus for next
step decision, i.e., whether to use current channel for data
transmission with the observed channel quality or to further
observe another channel. Moreover, the learning and utilization process can be seamless integrated together for efﬁcient
spectrum access. In other words, there is no ﬁx borderline
between exploration and exploitation processes in our scheme,
we integrate both processes in a more intelligent and adaptive
way. In this way, the time constraints in transmission and
stochastic behavior in channel states can be solved in a uniﬁed
theoretic framework.
Notice that, due to the time cost and resource constraints
in the learning process, obtaining a complete channel statistics
distribution is difﬁcult. With only limited knowledge, the OSP
theory framework is not workable if it is not revised, and the
optimal decision might be difﬁcult to reach. In this work, we
ﬁrst propose a myopic algorithm. Although the algorithm may
not always converge to the optimal solution, we do have the
following important insight when designing the algorithm. We
note that sensing order indeed plays important role for online
channel access policy. Order can also be leveraged for building
an efﬁcient channel learning and opportunity ﬁnding scheme.
Leveraging this insight, we present a conﬁdence interval
estimation (CIE)-based learning policy, which achieves a near
optimal balance for exploration and exploitation. Further, we
build an OSP in MAB approach, seamlessly integrating the
two paradigm in an efﬁcient and effective channel learning
and utilizing scheme. To the best of our knowledge, it is the
ﬁrst work on integrating OSP and MAB in one framework
for solving the spectrum access problem. The computational
overhead and time cost are considered in this investigation,
which are important extensions for both MAB and OSP
theoretical framework.
The contribution of this paper is three folds.
Firstly, we ﬁnd that the sensing order of multiple channels and channel accessing policy play a critical role in
designing effective and efﬁcient scheme to maximize the
overall throughput. With appropriate sensing order, current
observations can be leveraged for opportunistic access and
reducing the computational overhead.
Secondly, we present a near optimal learning policy using
conﬁdence interval estimation, which provide an efﬁcient and
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II. S YSTEM M ODEL AND P ROBLEM F ORMULATION
Consider a cognitive radio network with potential channel
set Ω = {1, 2, . . . , N }. Each cognitive user is operated in
constant access time (CAT) mode [1]. The access time T for
channel observation and data transmission is a constant. Such
CAT scheme has been widely used for theoretical analysis in
many wireless communication studies [2] [3] [10]. We denote
each communication session as an epoch.
The channel state consists of two elements: availability and
quality. Denote ai (j) as the availability of channel i in the j th
epoch. Availability state is ai (j) ∈ {0, 1}, where ai (j) = 0
indicates the primary user is transmitting over channel i in j th
epoch, and vice versa, ai (j) = 1. We assume that the channel
idle probability θi ∈ [0, 1] (i ∈ Ω) is not known to user as
a prior, but can be available through learning. The channel
quality is characterized by the instantaneous received signal
noise ratio (SNR) q, which corresponds to a transmit rate
ln (1 + q) nats/s (1 nat is deﬁned as log2 e(≈ 1.443)bits).
We consider a typical multipath propagation environment (i.e.,
Rayleigh fading), and thus the received instantaneous SNR is
distributed exponentially [5] [13], and the p.d.f is given by
1 − γq
e ,
γ



Online learning of optimal sequential channel sensing, probing and accessing

effective balance between channel exploration and exploitation. We’ve proved that, our proposed policy converges to
optimal SSPA strategy with guaranteed probability.
Thirdly, we present a computational efﬁcient policy with
slight performance loss, reducing the complexity from
O(KN K ) to O(K), where N is the number of channels, and
K is the maximum number of sensing/probing times in a SSPA
process.
The rest of the paper is organized as follows. In Section
II, we brieﬂy present the system model and problem formulation. Section III describes our two algorithms separately. Our
numerical simulation results are presented in Section IV. We
conclude our paper in Section V.

p(q) =

   

q>0

Where γ is the average received SNR. Denote qi (j) as
the quality of channel i in j th epoch, and qi (j) is under
exponential distribution with mean value γi . Note that, the
exact value of γi is also not known to user as a prior.
Naturally, the duration T is smaller than channel coherence
time but much shorter than the sojourn time of primary user
activities. It is reasonable to consider that the channel state
is stable during T . As the interval time between epochs is
relatively long in multi-user networks (as discussed in [1]),
the channel states are independent in each epoch. This basic
assumption is consistent with previous studies such as [3] [5]
[8] [10].
The online learning process of SSPA is shown in Fig.1.
In SSPA, user could sense/probe/access only one channel at
a time. At the start of epoch j, user needs to determine


a SSPA strategy ψ(j),
π (j). The sensing order ψ(j)
=
(s1 (j), s2 (j), . . . , sK (j)), which is a permutation of channels,
determining the channel sensing/probing order in epoch j.
While the accessing rule π (j) = (Γ1 (j), Γ2 (j), . . . , ΓK (j))
is a sequence of SNR threshold, which helps determining
whether to access the channel for transmission or not. Ac
cording to strategy ψ(j),
π (j), the SSPA procedure of epoch
j proceeds step by step as follows. Note that, each channel
sensing/probing process in an epoch means a step. First, user
senses channel s1 (j) to acquire channel availability as1 (j) (j).
If as1 (j) (j) = 1 (i.e., channel is idle), user further probes
the channel, acquiring instantaneous received SNR qs1 (j) (j).
After that, the user would compare qs1 (j) (j) with the ﬁrst
access threshold Γ1 (j) in π (j) to determine whether to access
the channel or go on SSPA process. If the channel is busy,
user needs to wait for a constant channel probing time before
switching to next channel. Such scheme is introduced for
transceiver synchronization [4]. As a result, each step costs
a constant time τ . Then, the maximum number
of steps

one could take in one epoch is K = min N,  Tτ  , where
· represents round-down function. When user decides to
access channel for data transmission after k th channel sens-

ing/probing, the immediate throughput reward is




r(j) = ck ln 1 + qsk (j) (j) = (1 − kβ) ln 1 + qsk (j) (j)
(1)
Where β = Tτ is the normalized observation cost, and ck =
1 − kβ denotes the normalized remaining transmission time
at step k. The actual throughput can be easily obtained by
scaling our reward with a constant lnT2 .
We deﬁne the deterministic learning policy χ to be a map
 π . Determinfrom observation history F to SSPA strategy ψ,

ing a SSPA strategy ψ, π  in each epoch includes: 1) selecting
K channels from channel set Ω, 2) arranging the order of the
selected K channels for sequential channel sensing/probing,
and 3) obtaining the accessing rule for channel accessing.
Our main goal is to devise a learning policy guiding the
system converging to the throughput-optimal SSPA strategy.
Meanwhile, we need the cost on learning as small as possible.
In the rest of this paper, we denote χ the learning policy and
 π  as the joint SSPA strategy, in which ψ
 is the sensing
ψ,
order and π is the accessing rule.
III. C OMPUTATIONAL E FFICIENT P OLICY: A N OSP
MAB A PPROACH

IN

To reduce the computational complexity, we consider a
decoupling approach where in each epoch, the joint decisionmaking process is separated into two phases: sensing order
selection and accessing rule derivation. We formulate the
sensing order selection across epochs as a multi-armed bandit
problem, and obtain the accessing rule using optimal stopping
theory. We call this decoupling approach as ‘OSP in MAB’.
In this learning policy, the user just needs to calculate the
accessing rule of the selected order in each epoch, thus the
computational complexity is greatly decreased.
A. Algorithm Description
We consider each sensing order as an arm, and the order
selection problem across epochs is formulated as a multiarmed bandit problem. At each epoch, user chooses an arm
according to the historical reward statistics, obtaining the
immediate throughput reward as well as reﬁning the statistics.
During an epoch, ﬁnding the optimal SSPA strategy under the
 is formulated as an optimal stopping
chosen sensing order ψ
 


 θ̂,
problem. The accessing rule π ψ,
γ̂
that maximizes the
immediate throughout in current epoch is derived by backward
deduction.
1) Order Selection Across Epochs: In each epoch, user
selects a sensing order and proceeds SSPA according to
the corresponding optimal accessing rule (the acquisition of
accessing rule is introduced in Section III-A2). The reward
is recorded for achieving optimal sensing order. Always, we
need to select the currently best sensing order to maximize
immediate reward. Note that, there is still a need to carefully
explore other suboptimal orders to improve overall throughput.
We leverage the UCB1 [14] approach in order to achieve
a proper balance between exploitation and exploration. Two
m (1 ≤ m ≤ M ): μ̂m (j)
variables are used for each order ψ

m
is the average value of all the observed rewards of order ψ
o
m
up to the epoch j, and nm (j) is the number of times that ψ
having been chosen up to epoch j. They are both initialized
to zero and updated according to the following rules:
 μ̂m (j−1)no (j−1)+rm (j)
m
m is selected
, if order ψ
no
m (j−1)+1
μ̂m (j) =
else
μ̂m (j − 1),
(2)

o
m is selected
n
(j
−
1)
+
1,
if
order
ψ
m
nom (j) =
nom (j − 1),
else
(3)
At the very beginning, each order is chosen only once. As
the progress goes on, one would always choose the order with
highest index μ̂um (j) in the j th epoch. Where
μ̂um (j) = μ̂m (j) + rmax

2 ln j
nom (j)

(4)

is composed of two items deﬁning the exploration vs. exploitation trade-off [14]. The maximum achievable immediate reward in one epoch is given by rmax = (1 − β) log (1 + qmax ).
The ﬁrst item in Equ.(4) is the average throughput μ̂m (j) up to
epoch j. The second item is related to the size of the one sided
conﬁdence interval (according to Chernoff-Hoeffding Bounds)
for the average reward. In summary, the sensing order with
higher average reward μ̂m (j) as well as smaller nom (j) has
the higher priority to be selected. As the enumerator 2 ln j
increases sub-linearly with epoch j, there is a tendency for
user in favor of the sensing order with the highest average
reward as time goes by.
2) Accessing Rule in One Epoch: As the sensing order

determined by
ψ(j)
= (s1 (j), s2 (j), . . . , sK (j)) has been


Equ.(4), given the current statistics θ̂, γ̂ , the accessing rule
π (j) = (Γ1 (j), Γ2 (j), . . . , ΓK (j)) that maximizes immediate
throughput reward can then be derived by backward deduction.
Then, the SSPA in current epoch is carried out as follows: sequentially sense/probe channels according to channel sequence
(s1 (j), s2 (j), . . . , sK (j)), and access channel sk (j) (1 ≤ k ≤
K) when the observed channel quality qsk (j) (j) ≥ Γk (j).
The complete procedure of OSP in MAB approach is then
listed in Fig.2.
B. Complexity Analysis
As shown in Fig.2, since user needs only to calculate
the optimal stopping rule for the given sensing order, the
computational complexity is O (K). Comparing with CIEbased learning policy, the computational complexity is greatly
reduced.
However, such computational beneﬁt comes at the cost of
higher storage overhead. The OSP in MAB learning policy
needs to record two variables for each possible sensing order
and four variables
 each channel statistics, thus the storage
 for
overhead is O N K .
Moreover, as we stated before, the OSP in MAB policy is
a compromised approach that decouples the joint optimization
into two phases, and the two phases are optimized separately.

Algorithm OSP in MAB
1: j = 0; for all 1 ≤ m ≤ M : μ̂m = 0, nom = 0; for all
1 ≤ i ≤ N : θ̂i = 0, nsi = 0, γ̂i = 0, npi = 0
2: Sense and probe channels sequentially, guarantee that all
channels are probed at least one time
p
3: Update θ̂i , nsi , γ̂i , ni accordingly
4: for j = 1 : M do
j
5:
Select order ψ




j , π ψ
j , θ̂,
6:
Proceed SSPA with ψ
γ̂ 

11:

Update μ̂m , nom , θ̂i , nsi , γ̂i , npi accordingly
end for
for j = M + 1 : L do

m that maximizes μ̂m +
Select order ψ(j)
= ψ
2 log j
rmax
no
m



m , π ψ
m , 
Proceed SSPA with ψ
θ̂, γ̂ 

12:
13:

Update μ̂m , nom , θ̂i , nsi , γ̂i , npi accordingly
end for

7:
8:
9:
10:

Fig. 2.

Algorithm on OSP in MAB Policy

It is hard to prove the optimality of the approach. However,
although strict proof on the optimality is not available, we have
done extensive simulation, ﬁnding that the performance of the
OSP in MAB learning policy is close to that of CIE-based
learning policy.
IV. S IMULATION

AND

P ERFORMANCE A NALYSIS

In this section, we evaluate the proposed algorithm via
simulation and make performance analysis on the achieved
results.
A. Throughput Gain of Diversity Exploitation
Before investigating the performance of the proposed learning policy, we show ﬁrst the throughput gap between the
mechanisms with diversity exploitation and without diversity
exploitation when channel statistics are known. For scheme
without diversity exploitation, user chooses only one channel
in each slot. Speciﬁcally, user senses/probes a chosen channel
in each epoch. If the channel is idle then the user will transmit
data with the maximum achievable rate. Otherwise, wait until
the next epoch. Such communication model is considered in
[7]–[12]. We now consider that user could always choose
the channel with the highest expected capacity in each slot,
thus leading to the maximum achievable throughput without
diversity exploitation. We call this method statically optimal
scheme. For diversity exploitation, we consider the SSPA strategy. User sequentially senses/probes multiple channels in each
epoch. Each sensing/probing costs a normalized time, β = Tτ .
Note that, the SSPA always proceeds with optimal sensing
order and accessing rule, which is derived by appealing to
optimal stopping theory.
The throughput gain is deﬁned as the ratio of the throughput
in our optimal SSPA strategy and the statically optimalscheme,

which is shown in Fig.3. The result is derived from 100 groups
of independent parameters. In each group, the channel idle
probability is randomly generated in the range of [0, 1] and the
average received SNR is generated in the range of [5, 15]dB.
Comparing with the static scheme, the SSPA strategy could
achieve appreciable throughput gain, fully exploiting channel
diversity. It is clear that such diversity gain increases when
N increases or β decreases. This is reasonable, since more
channels would lead more instantaneous channel quality diversity, meanwhile, a higher β value indicates a higher cost
for diversity exploitation. It is shown that even when β is
very high, i.e., β = 0.05 (i.e. T = 1s when τ = 50ms), the
SSPA strategy could outperform static scheme about 40% in
throughput when N = 10. In the following subsection, we
evaluate the proposed policies that attain channel diversity by
learning when channel statistics are unknown.
B. Performance of Online Learning of SSPA
In this subsection, we consider the channel statistics are
unknown, and evaluate the performance of our proposed
learning policies. Five policies are considered for performance comparison. They are myopic policy, CIE-based online
learning policy, OSP in MAB policy, genie-based policy and
order optimal single index policy. The genie-based policy is a
reference, which uses the optimal SSPA strategy derived from
full channel statistical information, and obtain the maximum
throughput. The order optimal single index policy is presented
by Lai et al. in [7]. Such learning policy has been proved to be
order optimal when without considering diversity exploitation,
i.e., user only senses/probes one channel in each slot.
Our experiment settings are as follows. We ﬁrst run the
experiment 100 rounds independently. Each round consists of
5000 decision epochs. Similarly, the channel idle probability
is randomly generated in range [0, 1] and the average received
SNR is generated in range [5, 15]dB. At the very begining of
each decision epoch, the channel availability as well as channel
instantaneous quality (i.e. SNR) are generated independently
according to statistical parameters in current round. We run
the ﬁve policies under the same environment respectively. The
parameters in the simulations are as follows: the number of
channel N = 5, normalized sensing/probing cost β = 0.05, δ
in CIE policy is set to 0.01.
Then, we derive the regret of all the four policies (except
genie-based policy) by comparing their obtained accumulated
throughput with genie-based policy. The regret is shown in
Fig.4. Moreover, the averaged regret per epoch which deﬁned
as ρ(L)
L is also depicted in Fig.5. It is clearly shown in these
two ﬁgures that the order optimal single index policy performs
poor in respect of throughput per unit time. As shown in Fig.5,
even when L = 5000, there exists a constant throughput gap
between the optimal SSPA strategy and order optimal single
index policy. Similar to the regret of order optimal single
index policy, the regret of myopic policy is also approximately
linearly increased with epoch number L. The main reason
is that, the myopic policy converges to a sub-optimal SSPA
strategy, leading to a constant gap on throughput. It is obvious
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that our proposed two policies: CIE-based online learning
policy and OSP in MAB policy, perform well. The regret is
sub-linearly increased with L. Generally speaking, the CIEbased online learning policy slightly outperforms OSP in MAB
policy in respect of system throughput. However, the OSP in
MAB policy would be more favorable in practical design for
lower computational complexity.
V. C ONCLUSION
In this work, channel learning and opportunity utilization
problem is considered with the resource constraints and timing
cost. We ﬁnd that the channel sensing order and accessing rule
is important for maximizing overall throughput. We leverage
it to design a low computation complexity algorithm. With
appropriate sensing order, observations can be leveraged for
opportunistic access and reduce the computational overhead.
The CIE-based method can achieve an efﬁcient and effective
balance between channel exploration and exploitation. It converges to optimal SSPA strategy with guaranteed probability.
However, the CIE-based method is in high computational
complexity. The OSP-MAB based method can signiﬁcantly
reduce the complexity in computation, and there is slight
performance loss. Also, the storage complexity increases, but
it is acceptable.
In future work, we are to improve the overall network
performance in presence of multiple access contention from
secondary users should also be seriously considered. Also, we
are to implement our policy to cognitive radio platform, such
as USRP [15], and provide a working system for validation.
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