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Abstract—Distributed spectrum allocation in Cognitive Radio
(CR) systems requires each Secondary User (SU) to learn the
optimal spectrum policy which maximizes the network performance while minimizing the impact to the Primary Users (PUs).
To this aim, each SU must rely on local sensing information
which however can be biased by interference and fading effects
on the received signal. Thus, if each SU works in isolation,
the convergence to the system-wide optimal policy can not be
guaranteed. In this paper, we formulate the spectrum allocation
problem as a cooperative learning task in which each SU can
learn the spectrum availability of each channel and share such
knowledge with the other SUs. We propose a correlation model
through which different SUs can leverage the experience of
other nodes, and we integrate it into a distributed channel
allocation scheme. At the same time, we investigate mechanisms
to bound the cooperation overhead based on the performance of
the distributed learning process. Simulation results confirm the
ability of the cooperative learning scheme in providing higher
sensing accuracy and convergence time when compared with noncooperative spectrum allocation schemes for CR networks.

I. I NTRODUCTION
Recent advances in Software Defined Radio (SDR) platforms have opened the door to a new generation of wireless
devices where most of the functionalities are implemented
by software and thus reconfigurable on-the-fly. Among such
functionalities, spectrum reconfigurability has attracted a considerable interest from academic and industrial research due to
the possibility to solve the spectrum scarcity problem through
Opportunistic Spectrum Access (OSA) mechanisms. Cognitive
Radio (CR) networks constitute the enabling technology to
achieve OSA systems [1]. The architecture of a CR network
consists of two main components: a primary system, composed
of Primary Users (PU) which are the licensed owner of the
spectrum, and a secondary system, composed by Secondary
Users (SUs) which can opportunistically access the licensed
spectrum but must not cause any interference to the PUs.
Due to this constraint, spectrum allocation for SUs is a nontrivial problem involving at the same time exploration, uncertainty and competition issues. First, each SU must identify
a PU-free channel where to transmit at each time, which
means it must explore the licensed spectrum band in order
to acquire knowledge of the availability of each channel.
Sensing techniques are used at the physical layer to detect
the presence of PUs on each channel [2]. However, the
information provided by the sensing process can be biased

by physical propagation effects (e.g. fading, shadowing), thus
adding some ”uncertainty” to the selection process. Second,
each SU must compete with other SUs in order to share the
available spectrum resources.
The highly dynamic nature of spectrum conditions and the
absence of a central controller of the secondary system make
the spectrum allocation problem in CR networks quite difficult
to be solved using traditional optimization techniques [1].
For this reason, there is an increasing interest in distributed
Machine Learning (ML) techniques [3] which allow each SU
to learn the optimal spectrum allocation policy that maximizes
a system utility function, i.e. the cumulative throughput. Some
recent works investigate the parallelism between the multiarmed bandit problem in ML theory and the spectrum allocation problem in CR networks [4] [5] [6] [9]. In some cases, the
authors provide some interesting bounds on the performance
of their learning-based selection algorithms [5] [6]. However,
if each SU works in isolation, the system might converge to
suboptimal solutions due the fact that each agent has a local
and possibly biased vision of the environment.
In this paper, we look at the spectrum allocation problem from
a different perspective. We formulate the spectrum allocation
problem as a collaborative learning process in which the SUs
can share information in order to enlarge the training set
available to the learning algorithm. We consider a realistic
formulation of the CR environment by taking into account
the issues of: PU interference, SU interference and sensing
accuracy. We integrate the cooperative learning scheme with
correlation models which allows a SU to take benefit of
the learning experience of another SU, by considering the
locality of each vision of the environment. By introducing
the cooperation factor into the learning process, we attempt to
answer these questions: Can the cooperation process improve
the accuracy of learning in presence of incorrect sensing?
Can the cooperation process reduce the amount of exploration
required from each SU? At the same time, we know that
the cooperation process might introduce a significant cost in
terms of network overhead required for its implementation. For
this purpose, another fundamental question we address in this
paper is: How can we bound the cooperation overhead without
affecting the performance of the learning scheme? At the best
of our knowledge, this is one of the few papers investigating
all together the issues of cooperation, learning and competition
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in the CR spectrum allocation problem.
The paper is organized as follows. In Section II we review
existing proposals to solve the spectrum allocation problem in
CR networks based on ML techniques. Section III discusses
the system model and the problem formulation. The collaborative spectrum learning scheme is described in Section IV.
Simulation results are provided in Section V. Conclusions and
Future works follow in Section VI.
II. R ELATED W ORKS
Machine Learning (ML) techniques constitute a promising
although not well investigated approach to implement adaptive
decision making strategies in CR networks. In [3] we have
discussed the application of reinforcement learning algorithms
for protocol design in CR systems, and we have shown how
the spectrum allocation problem can be formulated through
a distributed learning problem [9]. Similarly to the approach
followed in this paper, there are some recent works [4] [5]
[6] which investigate the parallelism between the multi-armed
bandit problem and the spectrum allocation problem in CR
networks. Some fundamental results on the multi-armed bandit
problems are provided in [7] [8]. In [4], the authors propose
to use Upper Confidence Bound (UCB) policies to allow a
cognitive node to decide the spectrum to use at each slot, for a
network scenario composed by a single CR node. The authors
of [5] [6] extend the analysis by also considering the impact of
interference from SU s. To this aim, they propose distributed
channel allocation strategy for SU s which are demonstrated
to minimize the cumulative regret over time. However, both
[5] [6] consider a special case of the allocation problem when
the number of SU s is lower than the available channels, and
thus interference-free allocation can be guaranteed. Compared
to the previous works, we provide these novel contributions:
(i) we model the case of incorrect sensing caused by spatialcorrelated shadowing, (ii) we consider a realistic network
model with an arbitrary number of P U s and SU s and (iii)
we propose collaborative learning algorithms to improve the
accuracy and convergence of the spectrum selection process,
and we empirically evaluate their performance.
III. N ETWORK M ODEL AND A RCHITECTURE
We consider a network model composed of N Primary
Users (P U ), which transmits on N different channels of the
licensed band, and K secondary users (SU ). Each SU is
equipped with a spectrum-agile transceiver, through which it
can sense and access the licensed band in an opportunistic
way. Without loss of generality, we assume the time is divided
into discrete slots t=0,1,2,.... At each slot, spectrum j, with
0 ≤ j < N can be occupied by P Uj with probability θj .
However, the values of θ0≤j<N are unknown to the SU s,

which must learn them in order to minimize the interference
caused to the P U s. To this aim, we assume that each SU , e.g.
SUi divides the time slot in four periods, as shown in Figure
1. In the following, we describe the operations performed by
SUi in each period.
1) Decision Period. The SUi decides the channel to use
for the next transmission, i.e. channel j and communicates
such information to the SU receiver on the Common Control
Channel (CCC). Then, both SU sender and receiver tune their
radio agile interface to channel j. The policy function: π i
decides the channel to be used by SUi at each slot.
2) Sensing Period. The SUi senses channel j for an interval
ts to detect the presence of P Uj on the channel. As a result,
the SUi must choose between the two hypothesis: H0 (i.e.
channel j is currently free) and H1 (i.e. channel j is currently
occupied by a PU). Conversely to most of the cited papers,
we do not assume perfect sensing and we model the accuracy
of sensing through the probability of correct detection (i.e.
Pd ) and the probability of false positive (i.e. Pf ) [2]. Based
on such values, the SUi will decide for H1 with probability
P i,j (H1 ) equal to:
P i,j (H1 ) = θk · Pdi,j + (1 − θk ) · Pfi,j

(1)

The exact value of Pdi,j and Pfi,j depends on the locations of
SUi and P Uj and on the channel propagation characteristics in
between. In this paper, we model the impact of the shadowing
fading on the received signal through the well-known lognormal path loss model, also considering the spatial correlation
among sensing observations at different locations. To this aim,
we use the correlation function proposed in [10]:
Corr(Si , Sk ) = e− dcorr ·ln2
d

(2)

where d is the distance between Si and Sk and dcorr is the
uncorrelation distance (e.g. 20m in an urban environment).
3) Transmission Period. If channel j is found free, than the
SUi accesses the channel by using the CSMA/CA scheme
and transmits the data to the SU receiver. In case of successful transmission, it receives an ACK message from the
receiver. Otherwise, in case of PU interference, it receives a
NACK message. We assume that a SU is able to distinguish
between interference caused by P U s or by other SU s. This
is reasonable if cyclo-stationary or filter-matching techniques
are implemented at the physical layer [2]. At the end of the
transmission period, the SUi computes a numerical reward
xi,j
t which reflects the outcome of the communication process
for node SUi and channel j.
4) Communication Period. After its transmission period, SUi
broadcasts the reward xi,j
t on the CCC, and updates its current
policy π i based on the local reward and on the rewards
received from other SU s.
For our purpose, we are interested in allocating the K users
over the N channels in a distributed way in order to: maximize the expected number of successful transmissions in the
network while minimizing the interference to the P U s. This
is equivalent in determining the policies which minimize the
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cumulated expected regret over time. Let E[Xtπ ] the expected
total reward after t slots produced by the current policy π.
∗
Analogously, let E[Xtπ ] the expected total reward produced
by the optimal policy allocation π ∗ . Then, the regret Rt
is defined as the loss in performance due to selection of
suboptimal actions in t slots:
∗

Rt = E[Xtπ ] − E[Xtπ ]

(3)

spectrum availability of each channel j by using the scheme
in Section IV-C. Then, it can update the spectrum selection
policy π i to choose the channel to be used for the next slot.
The channel selection scheme should take into account the
spectrum availability of each channel (provided by the UCB
value) and the interference from other SU s. To this aim, in
Section IV-D we propose different formulations of π i , based
on deterministic or probabilistic channel selection approaches.

IV. M ACHINE L EARNING BASED S PECTRUM S ELECTION
We formulate the problem of spectrum selection as a special
instance of the distributed multi-armed bandit problem [7] [8],
where we have a set of K learning agents (i.e. the SU s in the
network). At each step, each agent must choose one of the
N available channels, e.g. channel j. After its transmission
period, each agent SUi receives a binary reward xi,j
t which is
defined as follows:

0 if PU-interfered slot
=
(4)
xi,j
t
1 otherwise
A slot is considered PU-interfered for SUi if: (i) it finds
channel j busy during the sensing period OR (ii) it receives a
NACK message from the SU receiver. Otherwise, SUi receives
a positive reward. Note that in this formulation we do not take
into account the interference from other SU s in the reward
process. Instead, we propose to tackle separately the PU- and
SU- interference problem through a 2-step approach:
Step 1) First, we make each SUi learn the values of θj , for
each channel 0 ≤ j < N . To this aim, we allow nodes to
cooperate and share the rewards received at each slot in order
to: (i) improve the accuracy of learning by reducing the impact
of imperfect sensing on local observation and (ii) speed up the
convergence of the learning process by reducing the amount
of exploration required from each node.
Step 2) Then, we design distributed randomized policies π i
based on the spectrum availability of each channel j (i.e. θj ).
The randomization process allows to reduce the impact of selfinterference caused by the secondary system.
Algorithm 1 shows the main steps of the cooperative learning process. We assume that each SUi records the rewards
received for each channel j in a vector: X i,j . After a transmission slot on channel j, SUi receives a reward xi,j
t , adds such
value to X i,j and assigns to it a numerical weight 0 ≤ wti,j ≤
1, which quantifies the relevance of the received reward in the
learning process of SUi . The weight assignment scheme is
described in Section IV-A. During the communication period,
SUi can decide to share its own experience with the other
SUs. This is done by broadcasting a REWARD message
on the CCC, including the values of j and xi,j
t . To reduce
the network overhead, each SUi broadcasts its REWARD
message with probability piREW , which is computed by each
SUi through the scheme described in Section IV-B. When
receiving a REWARD message from node SUk with the reward
for channel m, SUi computes the weight xi,m
value xk,m
t
t
associated to the reward, and updates its X i,m and W i,m
vectors accordingly. Through the X i,j and W i,j vectors, SUi
can estimate the Upper Confidence Bounds (UCB) on the

Algorithm 1 Cooperative Learning Algorithm for SUi
Decision Period:
Decide channel j based on π i through Equation 15 or 16
Sensing Period:
Sense channel j and decides between H0 and H1
Transmission Period:
if decision = H0 then
Transmit DATA and waits for ACK/NACK
if NACK received then
Set reward xi,j
t =0
else
Set reward xi,j
t =1
end if
else
Set reward xi,j
t =0
end if
Compute wti,j through
 Equations 5-7
i,j
i,j  i,j
xt
Update X i,j = X i,j xi,j
t and XL = XL
Update W i,j = W i,j wti,j
Communication Period:
Broadcast REWARD={j, E(i, j)} on the CCC
for each received REWARD={m, E(k, m)} from SUk do
Compute wti,m throughEquations 5-8
Update X i,m = X i,m xi,m
t
Update W i,m = W i,m wti,m
Update UCB index B i,m through Equations 10-13
end for

A. Weight Computation
Each time SUi receives a reward xk,m
from agent SUk for
t
channel m, it adds it to X i,m , and computes the weight wti,m
as follows:
(5)
wti,m = E(k, m) · C(i, k)
Here, the first factor i.e. 0 ≤ E(k, m) ≤ 1 is a function
which measures the actual knowledge of spectrum conditions
of channel m from node SUk . For this reason, we call it the
expertise value and it is included into the REWARD message
broadcasted by SUk . The second factor, i.e. 0 ≤ C(i, k) ≤ 1
is a function which defines the degree of similarity between
the vision of SUi and SUk . Basically, it quantifies how much
expertise of SUk can be transferred to SUi , considering the
spatial correlation between the two nodes. In case of local
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rewards, i.e. rewards received after the transmission period of
node SUi , we set C(i, i) = 1, i.e. the weight wti,j is a function
of the expertise function of node SUi only.
In our approach, we bound the expertise value e.g. E(k, m)
to the variance of the received experienced by SUk after each
transmission on channel m, based on the intuitive idea that
high variances in the received rewards can be an indicator of
a faded channel. To this aim, we consider XLk,m as the subset
of X k,m corresponding to local rewards (i.e. not received from
other nodes) and we compute the confidence interval of XLk,m :

S2
k,m
(6)
= tn−1,1− α2 ·
CI
q
where S 2 is the sample variance of XLk,m , q is the number of
samples in XLk,m and tn−1,1− α2 is the value of the t-student
for a given value of accuracy (95% in our experiments). The
higher is the variance in the received rewards, the lower should
be the expertise of a node. Thus:
E(k, m) = min{1 − CI k,m , 1}

(7)

Analogously, 0 ≤ C(i, k) ≤ 1 is a function which measures
the spatial correlation between SUi and SUk . Since close
SU s might experience correlated shadowing effects due to the
presence of obstacles between the SU and the P U transmitter,
we assign higher weights to samples received from far nodes,
based on the function of correlation defined by Equation 2:
C(i, k) = 1 −

Corr(SUi , SUk )
∀h ∈ {0, ..., K − 1}
max(Corr(SUi , SUh ))
(8)

B. Reward Broadcasting Scheme
At each cooperation period, SUi broadcasts a REWARD
i,j
message with this format: < xi,j
t , E(i, j) > where xt is the
last reward received on channel j and E(i, j) is the expertise of
SUi on channel j. It is easy to see that the network overhead
in terms of messages sent after t slots is equal to t · K. A
natural way to reduce such overhead without affecting the
performance of the collaborative learning scheme is to provide
a metric to quantify the relevance of information contained in
each REWARD message. If a message is not considered relevant
for the scope of the distributed learning process, then SUi
can avoid to transmit it. In our case, the relevance of each
REWARD message (i.e. piREW ) can be expressed by comparing
the expertise of Si on channel j, i.e. E(i, j) with the average
expertise of its neighbors, i.e. E(j) as follows:
piREW = min{1,

E(i, j)
E(j)

}

(9)

SUi computes the relevance of each REWARD and decides to
broadcast it with probability piREW during the communication
period. It is easy to see that if a SU has lower expertise on
a given channel than its neighbors than it will be discouraged
from broadcasting its reward, thus reducing the overhead involved by the cooperation process. We discuss the performance
of such approach in Section V-C.

C. Upper Confidence Bound (UCB) indexes
In classical multi-armed bandit problem, the Upper Confidence Bound (UCB) indexes are used to represent the average
reward associated to each arm [4] [8]. Here, we use the UCB
indexes to represent the spatial availability of each channel j
for each SUi (i.e B i,j ). Using the general definition in [4] [8],
B i,j values are defined as follows:
B i,j = T i,j + Ai,j

(10)

values and Ai,j is an
where T i,j is the mean of the xi,j
t
upper bias added to the mean. As a main difference with
the formulation of the UCB policies in [4], here we take
into account the weight wti,j associated to each xi,j
t . Let
n = |X i,j |. Thus, we define W i,j as follows:
W i,j

=

n


wti,j

(11)

t=0

Analogously, we denote with T i,j the average mean availability of channel j for SUi :
n
xi,j · wti,j
T i,j = t=0 t
(12)
W i,j
The upper confidence bias is defined as:

α · ln(t)
Ai,j =
(13)
W i,j
D. Channel Selection
In this section we describe how the channel selection policy
is decided for each node SUi (i.e. π i ). We consider two
types of policies: (i) a deterministic policy, through which the
SUi attempt to minimize the impact on P U s (but without
maximizing their own performance) and (ii) a randomized
policy, through which the SUi attempt to maximize the
probability of successful transmission while considering the
spectrum availability of each channel.
Deterministic Policy. In this case, we do not consider the
impact of interference from other SU s operating in the same
channel. We analyze first this (ideal) scenario to evaluate the
performance of the learning process in terms of cumulative
regret over time. In fact, it is easy to see that under the
assumption of SU-free interference the best policy for each SU
consists in selecting the channel O that provides the highest
availability, i.e. O = argmaxj θj . Thus:
∗

E[X π ] = K · t · θO

(14)

In order to converge to the best policy, each SUi must select
the channel providing the highest UCB index, i.e.:
π i = argmaxj B i,j 0 ≤ j < N

(15)

Randomized Policy. In this case, we take into account the
interferences caused by SU s operating in the same channel.
We highlight that the regret function can not be formulated for
∗
the general case, because we need a close form of E[X π ].
Here, we propose an heuristic solution which randomizes the
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The average reward over time is shown for K=10.

channel selection based on the spectrum availability of each
channel j, which is reflected by the value of Bti,j . More
specifically, each SUi defines a probabilistic distribution π i
over the set of available channels N , where the probability to
select channel j is given by:
eB
π i (j) = N

i,j

m=0

eB i,m

(16)

V. P ERFORMANCE E VALUATION
In this section, we evaluate the performance of the cooperative learning scheme described in Section IV. We consider a
CR network composed by 10 P U s (i.e. N =10) and a variable
number of SUs, randomly distributed in an area of 1000x1000
m2 . We consider the following PU probability of transmission
on each slot: θ = {1.0, 0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1}.
Moreover, we model the presence of obstacles in between the
P U s and the SU s and the effect of correlated shadowing as in
[10]. As a result, each SUi experiences different values of Pdi,j
and Pfi,j , on each channel j. Each result shown in this analysis
is computed as the average of 100 runs. In the following, we
evaluate the performance of the cooperative learning scheme
under three different analysis:
• Regret Analysis. We analyze the ability of the cooperative
learning scheme in discovering the best policy for each
SU . To this aim, we analyze the regret and the convergence time of the cooperative learning scheme when
the deterministic policy (Equation 15) is used and the
interference from SU s is temporary neglected.
• Throughput Analysis. We evaluate the performance of the
randomized selection policy (Equation 16) when both the
interference from SU s and from P U s are modeled.
• Overhead Analysis. We evaluate the overhead introduced
by our cooperation scheme, and the tradeoff between
cooperation overhead and accuracy of learning through
the optimization scheme described in Section IV-B.
A. Regret Analysis
In Figure 2 we show the average reward over time (expressed in slot numbers) received by each SU after the
transmission period. We consider a configuration with 10

SU s. We compare four different spectrum selection schemes:
(i) a Random scheme, which chooses a channel randomly
among the N available at each slot (ii) a -Greedy scheme,
which chooses the channel providing the highest mean reward
with probability 1- and performs random exploration with
probability  (0.2 in our experiments), (iii) an Upper Confidence Bound (UCB) scheme which implements the classical
UCB indexes proposed in [4], and (iv) a Cooperative Upper
Confidence Bound (CUCB) scheme which is our proposal
described in Section IV. Both the UCB and CUCB schemes
use the deterministic spectrum policy given by Equation 15. As
expected, the Random policy produces the worst performance
due to the fact that channel selection does not take into account
the spectrum availability. The UCB scheme enhances both
the Random and the Greedy schemes, but it still suffers of
suboptimal selection due to the fact that individual sensing
might be biased by sensing errors. Instead, the CUCB scheme
allows to mitigate the impact of sensing errors through the
weight system described in Section IV-A. As a result, the
CUCB scheme guarantees the highest probability to select
PU-free channels, and thus minimizes the impact on P U s
transmissions. In Figure 3(a) we show the cumulative regret
over time for the four evaluated schemes. In our configuration,
the optimal policy π ∗ consists in selecting channel 9 with
θ9 =0.9. Figure 3(a) confirms the ability of the CUCB scheme
in reducing the impact of suboptimal action selection from the
SU s.
B. Throughput Analysis
In Figure 3(b) we show the average probability of successful
transmission per slot over time (on the x-axis), for the case
K=10. A transmission from SUi on channel j is considered
successful if: (i) it does not experience interference from P Uj
or from other SU operating on the same channel AND (ii)
SUi receives an ACK message. We assume that the SU s
implement a CSMA/CA protocol at MAC Layer, and that
the transmission period is slotted. Thus, multiple SU s might
share the same channel during the transmission period. We
consider three spectrum selection schemes: (i) a pure Random
selection scheme, (ii) our CUCB scheme with deterministic
policy (Equation 15) and (ii) our CUCB scheme with randomized policy (Equation 16). As before, the pure Random
selection scheme provides the lowest performance due to the
interference from P U s. The CUCB scheme with deterministic
policy guarantees much better P U s detection but suffers of
interference from other SU s, due to the fact the all the SUi
will select channel 9 for their operations. The CUCB scheme
with randomized policy takes into account both P U s and
SU s interference, and thus provides the highest probability
of successful transmission. Figure 3(c) shows the network
throughput of the three protocols for different values of K
(on the x-axis). From Figure 3(c) we can see that the CUCB
scheme with deterministic policy enhances the pure Random
scheme for values of K < 10, while it is the opposite for
K > 10 due to the MAC collisions caused by SU interference.
Instead, the CUCB scheme with randomized policy combines
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In this paper we have addressed the problem of distributed
spectrum selection in CR networks in presence of imperfect
sensing from the SU s. We have formulated the problem as
a cooperative learning process, through which each SU can
learn the spectrum occupancy of each channel and share such
knowledge with the other SU s. Then, we have integrated the
spectrum information in a distributed spectrum selection policy
which takes into account the interference from P U s and from
other SU s. Future works will include: analytical estimation of
the convergence time of the cooperative learning scheme and
its implementation on a SDR platform.
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the advantages of the previous two approaches, and thus it
provides the highest throughput for all the values of K.
C. Overhead Analysis
In Figure 4 we show the network throughput over time (on
the x-y axis) for two configurations of the CUCB scheme: (i) a
configuration which implements the optimization scheme for
overhead reduction described in Section IV-B (Optimization
ON) and (ii) a configuration in which each SUi broadcasts
its REWARD message during the communication process (Optimization OFF). In the same Figure, we show the communication overhead computed as cumulative number of REWARD
messages sent in the network (on the x-y2 axis). We consider
a network scenario with K=10. We place the SU s so that 3 of
them experience high shadowing on the received P U signal
while the remaining 7 SU s experience error-free sensing.
Since the high faded SU s will experience high variance in
the received rewards when compared with their neighbors,
they will suppress the transmissions of the REWARD messages
when the optimization scheme is used. This is confirmed by
Figure 4, which shows the overhead reduction provided by
the optimization scheme. Moreover, Figure 4 shows that such
reduction does not come at expense of the performance of the
learning scheme, since the curves of the network throughput
for the two configurations are almost overlapped.
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