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Abstract—Prime design goals for next generation wireless
networks to support emerging applications are spectral effi-
ciency and low operational cost. Among a gamut of technical
solutions, cognitive approaches have long been perceived as a
catalyst of above goals by facilitating the coexistence of primary
and secondary users by means of efficient dynamic spectrum
management. Whilst most available techniques today essentially
are opportunistic in nature, a truly cognitive device needs to
exhibit a certain degree of intelligence to draw optimum decisions
based on prior observations and anticipated actions. Said intel-
ligence however comes along with a high complexity and poor
convergence, which currently prevents any viable deployment
of cognitive networks. We thus introduce an emerging and
largely unexplored concept of docitive networks where nodes
effectively teach other nodes with the prime aim to reduce
cognitive complexity, speed up the learning process and draw
better and more reliable decisions. To this end, we review
some important concepts borrowed from the machine learning
community for both centralized and decentralized systems, in
order to position the emerging docitive with known cognitive
approaches. Finally, we validate introduced concepts in the con-
text of a primary digital television system dynamically coexisting
with IEEE 802.22 secondary networks. For this scenario, we
demonstrate the superiority of various unprecedented docitive
over known opportunistic/cognitive algorithms.

I. INTRODUCTION

pectrum itself is not scarce. The spectral sub-5GHz region

over which networking between wireless devices is facil-
itated at reasonable costs, however, is. Not only is it highly
congested, but also used fairly inefficiently as of today [1]. A
variety of techniques at physical, medium access and network-
ing layers have hence emerged over past decades, which aim at
improving upon this efficiency. One promising approach relies
on cognition, a fairly abstract concept in itself, applicable to
virtually al layers, algorithms and technologies[2]. Cognition,
from “cognoscere” = “to know” in Latin, is generally defined
as “a process involved in gaining knowledge and comprehen-
sion, including thinking, knowing, remembering, judging, and
problem solving”. Promising humerous advantages over static
or opportunistic approaches, cognition has been the focus of
numerous disciplines in the past, such as biology, biomedicine,
telecommunications, computer science, etc.

Whilst a rigorous and ubiquitous quantification of intel-
ligence is still an open problem, it is generally recognized
that intelligence is impacted by the degree of observation, the
ability to learn, the amount of memory, among others. These
concepts have been investigated by the artificia intelligence
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and machine learning communities, which propose numer-
ous cognitive approaches capable of finding optimal decision
policies in extremely dynamical scenarios characterized by
only one decision maker. However, the wireless setting in
general and the cognitive radio scenario in particular are not
always characterized by a node centralizing the radio resource
management (RRM) decision process.

As a matter of fact, there has been lately a clear trend to-
wards decentralizing RRM functionalities, as it is the case for
|EEE P1900.4 standardization efforts [3]. The implications of
learning in decentralized settings are till not fully understood
even by the machine learning community and constitute an
ongoing research line referred to as “multi-agent learning”.
The underlying interactive learning processes of the different
nodes generate oscillating behaviors, which not aways reach
an equilibrium. The dynamics of learning may be long and
complex in terms of required operations and memory, with
complexity increasing with an increasing observation space.
Other drawbacks are the slow rate of convergence and poor
scalability, which essentially prevent these techniques from
being used in dynamic large-scale decentralized systems [4].

Even as cognition and learning have received a considerable
interest from various communities in the past, the process of
knowledge transfer, i.e. teaching, over the wireless medium
however has received fairly little attention to date. We thusaim
at introducing an emerging framework referred to as docitive
radios, from “docere” = “to teach” in Latin, which relates to
radios (or general networking entities) which teach other ra-
dios. These radios are not (only) supposed to teach end-results
(e.g. in form of “I sense the spectrum to be occupied”), but
rather elements of the methods of getting there. This concept
mimics well our society-driven pupil-teacher paradigm which
generally acknowledges that inferior teachers teach end-result
whereas good teachers facilitate learning. It will be shown
to capitalize on the advantages but, most importantly, mitigate
major parts of above-mentioned drawbacks of purely cognitive
radios.

Whilst applicable to a variety of problems in communica-
tions, we will assume coexistence of a single primary system
with several secondary systems. We will apply said docitive
techniques to RRM algorithms of the secondary systems
dynamic spectrum management suites. More specifically, to
demonstrate the superiority of docitive over cognitive tech-
niques, we have chosen to concentrate on a cognitive power
alocation strategy, such that capacity in secondary systems is
maximized, without jeopardizing the primary system.

Generaly, concepts and mathematical techniques related
to cognition stem from the artificial intelligence and game
theory communities [4], [5]. The teaching process, on the other



hand, involves transmission over the wireless medium which
is core to the wireless communications community. It also
requires cooperation between nodes which has successfully
been used in al of the prior mentioned communities. The
docitive approach thus constitutes a centroid of techniques and
algorithms previously developed in these and other communi-
ties. Important and unprecedented questions thus arise when
applied to dynamic spectrum management, part of which will
be dealt within this paper.

To this end, the paper is structured as follows. In Section I,
we summarize the main cognitive algorithms that have been
applied to RRM for wireless networks; to the best of the
authors' knowledge, they refer to scenarios where a centralized
node is in charge of managing radio resources. This is why,
in Section I11, we focus on a scenario where the intelligence
is delivered to and thus distributed among multiple nodes,
we introduce and rationalize the concept of docition and its
application to wireless networks as a paradigm to improve the
learning capabilities of distributed networks. In Section 1V, we
apply the introduced paradigms to the IEEE 802.22 standard
for Wireless Regional Area Networks (WRANS) and demon-
strate their superiority. Finaly, we conclude by highlighting
pertinent open research issues in Section V.

Il1. PERTINENT COGNITIVE ALGORITHMS

A high-level operational cycle of cognitive radiosintroduced
in [6] is depicted in Figure 1 (upper-left) which, in the context
of RRM, relies on the following elements:

« Acquisition. The acquisition unit provides quintessential
information of the surrounding environment, such as
spectrum occupancy or interference temperature. This
data can be obtained by means of numerous meth-
ods, such as sensing performed by the node itself
and/or in conjunction with spatially adjacent cooperating
nodes; docitive information from neighboring nodes or
databases; etc.

« Intelligent Decision. The core of a cognitive radio is
without doubt the intelligent decision engine, which
typicaly learns from past experiences gathered from
e.g. dynamics of interference or statistics of spectra
occupancy. Based on some intelligent algorithms, it then
draws decisions on choice of band and resource block,
transmission power, etc.

« Action. With the decision taken, an important aspect of
the cognitive radio is to ensure that the intelligent deci-
sions are being carried out, which is typically handled by
a suitably reconfigurable software defined radio (SDR),
some policy enforcement protocols, among others.

We will henceforth concentrate on the intelligent decision
engine which, according to a verba definition coined by
Haykin [2], needs to draw intelligent decisions by learning
the dynamics of the environment, taking into account past
and present system states, learning from its own policies, and
generally using long term benefit estimations. In mathematical
terms, this can be formulated as a Markov decision process
(MDP).

More precisely, an MDP is a discrete time stochastic
control process which provides a mathematical framework
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for modeling centralized decision-making in situations where
outcomes are partly random and partly under the control of
a decision maker. It is defined based on a finite state set
S = {s(1),...,s(¢q)}. At each time step ¢, the controller
observes the system’s current state (e.g. occupancy of the
spectrum, signal to noise and interference ratio (SINR), etc.)
and selects an action (e.g. transmit, not transmit, transmission
parameters, etc.), which is executed by being applied as input
to the system. L et us assume that s(7) is the observed state, and
that the action is selected from afinite set of admissible actions
A ={a(1),...,a(m)}. When the central node executes action
a(k) € A, the system’s state at the next step changes from s(7)
to s(j), with a state transition probability P; ;. We further
assume that the application of action a(k) in state s(i) incurs
an immediate cost ¢(i, k). The objective of the MDP is to find
a policy that minimizes the cost of each state [4].

In the machine learning literature, two ways have been
identified to solve MDPs. The first one is an analytica
model-based approach, which relies on the knowledge of the
state transition probability function between two states after
executing a certain action. The second one, in turn, does
not rely on this previous knowledge making it a model-free
approach; it is based on reinforcement learning (RL). RL is
a family of learning approaches which is mainly concerned
with the development of algorithms that automatically learn
the properties of the environment and adapt their behavior to
them by means os trial and error. This allows it to gather
experience on the run, and to be able to adapt to the temporal
dynamics of the system. Numerous embodiments of RL exist
(Q-learning, temporal difference, SARSA, etc.) [7] where we
concentrate on Q-Learning, which in its very nature is suited
for dynamical wireless systems [8].

Q-Learning works by estimating a Q-function, the Q-values
Q(s,a) of which, for each state-action pair, are stored in
a Q-table. The value Q(s,a) is defined to be the expected
discounted sum of future cost obtained by taking action a from
state s and following an optimal policy thereafter. Once these
values have been learned, the optimal action from any state
is the one with the highest Q-value. After being initialized to
arbitrary numbers, Q-values are estimated on the run, on the
basis of experience as follows [9]: 1) from the current state s,
select an action a, which will cause a receipt of an immediate
cost and arrival at a next state s'; 2) update Q(s,a) based
upon this experience; and 3) go to step 1). More details are
given in Algorithm 1.



Algorithm 1 Q-Learning.

Initialize:
foreachs € S,a € Ado
initialize the Q-value representation mechanism Q(s, a)
end for
evaluate the starting state s(i) € S
Learning:
loop
generate a random number r between 0 and 1
if (r <e) then
select action randomly
else
select the action a(k) € A characterized by the minimum
Q-value
end if
execute a(k)
receive an immediate cost c(z, k)
observe the next state s = s(4)
update the table entry as follows: )
Q(87 a’) — Q(87 a) + oc[c + ’ymina Q(S 7a) - Q(87 a’)]
s(i) = s(4)
end loop

The prime advantages of this approach are that Q-Learning
learns from past and current experiences, draws intelligent
decisions, and it can be demonstrated that in case of complete
information it is able to find an optimal policy for making
decisionsin adynamical system. Most importantly, however, it
is aso able to find sufficiently well performing policies under
partial knowledge, which is often the case in many real world
problems. The resulting formal model is called a Partially
Observable Markov Decision Process (POMDP) [10], [11].

A dlightly extended taxonomy of the one briefly discussed
in this section is depicted in Figure 2.

I11. PRIMER ON DOCITIVE NETWORKS

As illustrated in Figure 1, the canonical cognitive cycle is
advantageously extended by the following element:
« Docition. It is realized by means of an entity which
facilitates knowledge dissemination and propagation with
the non-trivial aim to facilitate learning.

It is inspired by the so-far-successful problem based learning
(PBL) concept used at schools in our society. In PBL, teachers
are encouraged to be coaches and not information givers with
the aim to have pupils work as ateam using critical thinking to
synthesize and apply knowledge; apprehend through dialogue,
guestioning, reciprocal teaching, and mentoring.
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Fig. 2. Taxonomy of pertinent cognitive approaches.

Translated back to the wireless setting, this implies a
distributed approach where nodes share potentially differing
amounts of intelligence acquired on the run. This, in turn, is
expected to sharpen and speed up the learning process. Any
achieved gains, however, need to be gauged against the over-
head incurred due to the exchange of docitive information. The
range of application scenarios is vast, including infrastructure-
less cognitive radio networks, novel cellular systems such as
femtocells, etc. The distributed learning and teaching paradigm
applied to these novel networking architectures, however,
raises unprecedented questions, where we first concentrate on
learning and subsequently on teaching issues.

Asfor distributed |earning approaches, the characteristics of
the decentralized scenarios are as follows. (1) the intelligent
decisions are made by multiple intelligent and uncoordinated
nodes; (2) the nodes partially observes the overall scenario;
and (3) their inputs to the intelligent decision process are
different from node to node since they come from spatially
distributed sources of information. Multiple nodes have thus
to distributively learn an optimal policy to achieve a common
objective. Known as “multi-agent learning” problem, it can
be solved by means of distributed RL approaches such as
distributed Q-learning. However, in this field many problems
gtill remain open — even for machine learning experts. The
main challenge is how to ensure that individual decisions of
the nodes result in jointly optimal decisions for the group,
considering that the standard convergence proof for Q-learning
does not hold in this case as the transition model depends on
the unknown policy of the other learning nodes.

In principle, it is possible to treat the distributed cognitive
radio network as a centralized one, where each node has
complete information about the other nodes and learns the
optimal joint policy using standard RL techniques. However,
both the state and action spaces scale exponentialy with the
number of nodes, rendering this approach infeasible for most
problems. Alternatively, we can let each node learn its policy
independently of the other nodes, but then the transition model
depends on the policy of the other learning nodes, which
may result in oscillatory behaviors and in slow speed of
convergence to prior set targets [12]. This introduces game-
theoretic issues to the learning process, which are not yet fully
understood [13].

As for teaching approaches, some early contributions in
literature [14] suggest that the performances of a decentralized
learning system can be improved by using cooperation among
learners in a variety of ways. A node e.g. can take advantage
of the exchange of information and expert knowledge from
other nodes [14], the so-called docitive nodes. Depending on
the degree of docition among nodes, we consider in this paper
the following cases:

« No Docition. Nodes do not cooperate, ignore the actions
and rewards of the other nodes in the system and learn
their strategies independently. The standard convergence
proof for Q-learning does not hold in this case. In
particular, each agent’s adaptation to the environment can
change the environment itself in away that may make the
other nodes' adaptationsinvalid. Despite that, this method
has been applied successfully in multiple cases [11], [12].
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« Startup Docition. Daocitive radios teach their policies to
any newcomers joining the network. In this case, again,
each node learns independently; however, when a new
node joins the network, instead of learning from scratch
how to act in the surrounding environment, it learns the
policies already acquired by more expert neighbors. Gains
are expected due to a high correlation in the environments
of adjacent expert and newcomer nodes.

« Adaptive Docition. Daocitive radios here share policies,
based on performances. The nodes cooperate by exchang-
ing information about the performances of their learning
processes, e.g. the variance of the oscillation with respect
to the target, the speed of convergence, etc. Based on this
information, each node may learn from expert neighbors
who are performing better, i.e. are more intelligent.

« Perfect Docition. The multi-user system can be regarded
as an intelligent system in which each joint action is
represented as a single action. The optimal Q-values for
the joint actions can be learned using standard centralized
Q-learning. In order to apply this approach, a central
controller should model the MDP and communicate to
each node its individual actions. Alternatively, all nodes
should model the complete MDP separately and select
their individual actions; in this case, no communication
is needed between the nodes but they al have to observe
the joint action and all individual rewards. Although this
approach leads to the optimal solution, it isinfeasible for
problems with many nodes since the joint action space,
which is exponential in the number of nodes, becomes
intractable. This is why it will not be analyzed in the
next section.

The degree of cooperation, and thus the overhead, augments
with an increasing degree of docition. The optimum operating
point hence depends on the system architecture, performance
requirements, etc. A summary of the taxonomy introduced in
this section is shown in Figure 3.

IV. DocITIVE RADIOS FOR |EEE 802.22 COEXISTENCE

We evaluate the proposed docitive framework in the context
of |EEE 802.22 standard specifications for WRANS systems.
The primary system is characterized by a DTV broadcasting
station (hereafter primary BS), working at 615 MHz, located
in the center of a circular cell, and severa DTV receivers

(hereafter primary receivers) randomly located in the DTV'’s
coverage area. The primary BS transmits at Ppry=1 MW
(90 dBm) effective radiated power (ERP) with an antenna
height of 500 m.

The secondary WRAN cell, with radius rsg, operates in
the same channel as the primary system, and consists of a
point-to-multipoint wireless air interface whereby a secondary
BS manages the medium access of the associated M secon-
dary users (SUs). Since the IEEE 802.22 standard relies on
orthogonal frequency division multiple access (OFDMA)/ time
division multiple access (TDMA), we consider the simplifying
hypothesisthat the WRAN BS assigns at any time all the avail-
able OFDMA subchannels in the 6 MHz channel bandwidth
to one SU which results in only one SU transmitting at any
time from one WRAN cell. The secondary BSs antenna height
is 75 m. The secondary users are located randomly around the
secondary BS, which is in charge of alocating a transmission
power level to them. The ! = 20 available power levelsfor SUs
range from —80 dBm and 29.84 dBm ERP. With respect to the
propagation models among nodes we consider the international
telecommunication union recommendation (ITU-R) P1546-1,
where the lognormal shadowing parameter is fixed at 5.54 dB.
We consider that the WRAN systems switch on randomly due
to varying traffic requirements in the given geographical area.
We study the effect of interference generated by the SU uplink
transmissions onto the primary DTV system.

Considering that the secondary system is unaware of the
position of the passive primary receivers, the SUs have to
operate far enough from the primary BS in order not to
cause harmful interference with the primary system. In IEEE
802.22, a protection region is defined around the primary
BS as a geographical limit where the primary receivers must
not receive harmful interference. To investigate the gains due
to docition, we consider self-organized SU power control
approach which maintains the interference at the protection
contour below a given threshold. This is to guarantee that the
aggregated interference at the primary receiversis even lower.

The system scenario is depicted in Figure 4, where the
secondary system consists of multiple tiers of secondary
cells located around the boundary of the keep-out region. In
the following, we will refer to the tangent point where the
n—th secondary BS coverage area and the protection contour
intersect as the control point X,,. For these points, interference
needs to be controlled. In our system, the multiple nodes with
distributed learning and docitive capabilities are the secondary
BSs. We identify the system state, action, associated cost and
the next state, to apply docition in the context of decentralized
Q-Learning to this scenario:

o State. As the system uses a decentralized Q-learning
agorithm, the state is defined based on the local views
of each WRAN system. The system state of node n at
time t is defined as:

sy ={I[" di'} @

wheren € {1,2,..., N} isthe WRAN cell index. I}* €
I represents a binary indicator to specify whether the
secondary system is generating an aggregated interference
above or below the threshold of the primary receivers.
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Fig. 4. Docitive scenario composed of a DTV cell and WRAN cells.

This measure is based on the instantaneous SINR value
computed or estimated at the control point of the n—th
WRAN cell. d} € D, where D = {1,2,...,d}, indicates
an approximate distance between the secondary user and
the protection contour. This information is supposed to be
reported by the SUs to the secondary BS together with
the spectrum sensing information during the collaborative
spectrum sensing procedure [15].

« Actions. The set of possible actions is the set P of power
levels that the secondary BS can assign to the i—th SU.

o Cost. The cost ¢} assesses the immediate return incurred
due to the assignment of action « at state s. The consid-
ered cost function is:

¢ = (SINR? — SIN Ryp,)? )

where SIN R} is the instantaneous SINR in the control
point of WRAN cell n and SIN Rt is the threshold
of 23 dB defined by the Federal Communication Com-
mission (FCC) for DTV receivers. Q-learning aims to
minimize this cost, so that the SINR at the control points
is SIN Rry, which guarantees that interference at the
primary receivers is below the threshold.

« Next State. The state transition from one state to another
is determined by the power alocation of the secondary
user.

The starting point for the docitive investigations are the
results presented in [11]. Here, the authors analyze a cognitive
approach based on independent learners and demonstrate its
superiority with respect to other opportunistic approaches. The
reason is that the cognitive approach is capable of capturing
and adapting to the dynamics of the environment, depending
on multiple factors such as shadowing, variable number of
WRAN systems that randomly switch on and off, etc. We now
compare the performance of (1) no docition, i.e. independent
distributed learning; (2) startup docition, i.e. radios sharing
their policies to newcomers; and (3) adaptive docition, i.e. ra
dios sharing policies based on performance criteria.
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Fig. 5. Convergence of the average SINR at the control point w.rt. the
specified target of 23 dB.

The agorithm of startup docition is implemented in such
a way that when a WRAN system switches on, it is able to
acquire the whole Q-table of its closest neighbor. The rationale
behind this algorithm is that each node does not have to learn
its policy on its own, but rather can start learning from its
neighbor’s policy. The proximity of the two nodes guarantees
that the system states of the two nodes are typically correlated
and so their decision policies.

On the other hand, the adaptive docition is implemented
periodically, so that each secondary system can acquire signif-
icant rows of the Q-table of the neighbor that, at any moment,
is experiencing best results. The performance of the learning
process of each learning node is analyzed by comparing the
variance of the SINR at the corresponding control point with
respect to the target of STN R7;,=23 dB. The communication
overhead of the proposed schemes consists in the transmission
of the Q-table at start-up and in the periodic transmissions of
its rows. Based on [11], a Q-table consists of 480 bytes and
each row of 80 bytes; such a small overhead is natively sup-
ported by typical inter-basestation control planes. For instance,
| EEE 802.22 supportsinter-basestation communication [16] by
means of the Co-Existence Beacon Protocol (CBP).

Figure 5 shows the convergence curves of one of the
secondary WRAN systems for the three docitive approaches.
It can be observed that the docitive paradigms clearly speed
up the learning process with respect to the case of independent
learners. In particular, if we tolerate a margin of 1 dB in the
algorithms' convergence, adaptive docition needs 900 learning
iterations to achieve convergence, startup docition 10,900 and
no docition 14,700 iterations. The achieved gain in speed of
convergence is thus an improvement by an order of magnitude
when adaptive docition is used.

Asfor the performancein terms of precision, i.e. oscillations
around the target SINR, Figure 6 depicts the complementary
cumulative distribution function (CCDF) of the variance of
the SINR at the control point with respect to the set target of
SIN R7,=23 dB. It can be observed that due to the distribu-
tion of intelligence among interactive learners the paradigm of
docition stabilizes the oscillations by reducing the variance of
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Fig. 6. CCDF of the variance of the SINR at the control point with respect
to the specified target.

the SINR with respect to the specified target. More precisely,
at an example target outage of 1 %, we observe that adaptive
docition is about twice as good as startup docition and by
several orders of magnitude better than no docition.

Finally, we have utilized the entropy as one possible mea-
sure to quantify the “intelligence” of a cognitive algorithm
where a cleverer algorithm increases the order at the reference
point and hence decreases the entropy measured there. For the
three cases, we respectively obtained an entropy of 3.67 (no
docition), 3.01 (startup docition) and 2.73 (adaptive docition).
An increase in intelligence i.e. a gradient of more than 34%
is observed between different degrees of intelligence.

V. CONCLUDING REMARKS

Docitive radios and networks emphasize on the teaching
mechanisms and capabilities of truly cognitive networks. It is
understood to be a general framework encompassing prior and
emerging mechanisms in this domain. Whilst the exchange
of end-results among cooperatively sensing nodes has been
explored in the wireless communications community and
the joint learning via exchange of states has been of very
recent interest in the machine learning community, no viable
framework is available to date which quantifies the gains of a
docitive system operating in a wireless setting.

The aim of this paper was therefore to introduce a working
taxonomy for docitive systems and position them rigorously
w.r.t. opportunistic and cognitive systems. We have demon-
strated that benefits by order(s) of magnitude can be achieved
if nodes teach other nodes so that the genera cognitive learn-
ing process is improved. Notably, applied to the example of a
DTV system coexisting with |EEE 802.22 WRAN networks,
we have shown that docition applied at startup as well as
continuously on the run yields significant gains in terms of
convergence speed and precision.

Dueto its completely distributed nature and only a provision
of a low-bandwidth cooperating interface, the docitive ap-
proach may thus be of greatest interest to developing cognitive
radio standards. Examples of such standards are IEEE P1900,
802.22, 802.16h, 802.11y; ETSI TC RRS; ITU-R WP 1B, 5A;

etc, which increasingly rely on distributed and cognitive de-
ployments. Also femto networks and emerging 3GPP systems
may benefit from docition, as the X2 interface can be readily
used to exchange low-bandwidth docitive information.

Numerous interesting problems emerge across various com-
munitiesin the context of docitive radios. For instance, from an
information theoretical point of view, one of the core problems
is how to quantify the degree of intelligence of a cognitive
algorithm. With thisinformation at hand, intelligence gradients
can be established where docition should primarily happen
aong the strongest gradient. This would also alow one to
quantify the tradeoff between providing docitive information
versus the cost to deliver it via the wireless interface. Some
other pertinent questions encompassing also the physical and
medium access control layers are how much information
should be taught, can it be encoded such that learning radios
with differing degrees of intelligence can profit from a single
multicast transmission, how much feedback is needed, how
often should be taught, etc?

We believe that we just touched upon the tip of an iceberg as
preliminary investigations have shown that docitive networks
are a true facilitator for utmost efficient management and
utilization of scarce spectral resources and thus an enabler
for emerging as well as unprecedented wireless applications.
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