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ABSTRACT

Wireless communication is an increasingly ubiquitous and impor-
tant aspect of the digital ecosystem. In the face of rapid growth
in the population of Internet of Things reached 4+ billion devices
in 2014, and is expected to continue to grow, reaching 25 billion
by 2020, the limited capacity of radio spectrum is likely to reach
saturation. In this paper, we show that evolutionary pressures in
CR societies necessarily drive the emergence of more advanced
sensing capabilities, and correspondingly more sophisticated mod-
els of resource sharing. We put forth four evolutionary stages for
CR societies, based on well-established biological analogues, and
demonstrate that at each stage of CR evolution, a subpopulation
that is able to engage more advanced sensing capabilities and co-
use strategies is able to better extract greater utility from spectrum
resources. In this manner, we see that each stage of CR evolu-
tion prepares the way for the next: the present societies of non-
foragers facilitate the emergence of foragers; foragers give way to
contention-sensing rational CR societies; these, in turn, will likely
facilitate the emergence of sociality. Each evolutionary stage is
enabled by advances in sensory capabilities, and gives rise to new
sophisticated resource sharing schemes that yield more efficient
utilization of radio spectrum for secondary users, regardless of pri-
mary user activity.
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1 INTRODUCTION

Opportunities afforded by cheaper hardware, more ubiquitous wire-
less services, and increased demand for end-user applications, to
gether have led to rapid population growth in the Internet of things
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(IoT). This trend is expected to significantly impact device coexis-
tence due to limited spectrum availability. Although IoT most of-
ten is thought of as low power sensors with limited hardware capa-
bilities, the need to support Big Data transmission is inevitable. As
wireless devices become more sophisticated, Dynamic Spectrum
Access (DSA) networks [15] using Cognitive Radio (CR) technol-
ogy offers a potential solution to relieve over-crowded wireless
channels as has been argued in [40], [45], [66], [14].

Current spectrum assignment policies have resulted in subopti-
mal use of spectral resources [55]—over-utilization in some bands
and under-utilization in others [3, 23, 24]. Few segments of spec-
trum remain for new services, and yet, the licensed spectrum ap-
pears to be underutilized. The reason for this apparent paradox is
that licensed (“primary”) users are idle within their bands for sig-
nificant fraction of time [22] leaving behind a “spectrum hole” [31].
This phenomenon has motivated spectrum policy reforms by the
U.S. Federal Communications Commission (FCC), including DSA.
The objective of DSA—resolving suboptimal spectral resource utili-
zation—is to be realized through recently proposed Cognitive Ra-
dio (CR) concepts [1, 39]. CR nodes dynamically identify and op-
portunistically forage for unused spectrum bands, adjusting trans-
mission/reception parameters accordingly [1, 7, 15, 16, 25, 29].

The most important constraint on spectrum foraging is that CR
nodes must not interfere with the primary user who is the license
holder of the band; that is, upon the primary user’s return, CRs
must switch to another band. Modulo this constraint, multiple
CR networks operated by a multitude of WSPs compete with each
other as secondary users (SUs) of limited spectrum, seeking effi-
ciency and quality of service (QoS). Although the FCC reforms “al-
low unlimited numbers of unlicensed [secondary] users to share
frequencies”, it “does not provide any right to protection from in-
terference” [23, 24]. Since there are many secondary users, each
SU’s selection of band and decision to transmit, potentially impacts
other secondary users, whose channel bandwidth degrades when
greater numbers of SUs share a channel.

Taken together, channel scarcity, usage dynamism, and “no right
to protection from interference” present serious challenges to self-
coexistence and performance for CR units in secondary DSA net-
works [5, 12, 26, 51]. Given that CR networks in DSA environments



are autonomous and (at least in theory) capable of sensing, learn-
ing, and adaptation, they may evolve over time, much as humans
and other social animal species have in analogous contexts of re-
source sharing/conflict [9, 27, 28, 61]. Mapping the most plausible
evolutionary trajectories of IoT CR societies is subject of inquiry
in the present work.

2 PRIOR WORK

Given that the FCC’s open access paradigm only mandates that sec-
ondary users (SUs) do not interfere with primary user (PU) trans-
mission, most prior research has focused on the interaction of PUs
with SUs. In particular, spectrum sensing has been applied in this
context, to detect primary user arrival and departure (see [65] for a
survey of results). By sensing spectrum holes (frequencies where
the primary user is presently inactive), secondary users can find
bands that are available for opportunistic use [57]. While many
researchers have developed solutions for spectrum sensing [31, 64,
65] in the context of PU-SU dynamics, relatively few researchers
have looked at the implications and issues surrounding SU-SU in-
teractions (see [62, 67]). Non-cooperative game theory has been
used extensively in prior work, to describe the competition be-
tween secondary users over a limited amount of resources [42, 52].
Unfortunately (see Xu et. al., and others), a frequent limitation of
these approaches is that the game is repeatedly played for just one
step [63].

Computer science research on resource allocation in networks
recognizes the potential relevance of knowledge on resource use
in human and animal societies; for a recent survey of bio-socially
inspired approaches, see [21, 38, 41], and books [43, 60]. There has
been considerable prior work seeking to apply models of animal
foraging strategies (and derivative theories of marginal use) to the
design of protocols in the Internet [36, 44, 58], towards routing and
management in mobile ad-hoc networks [8, 11, 13, 20, 34, 35, 49],
within sensor networks [6, 10, 30, 50], and now most recently, in
the domain of cognitive radio (CR) networks [2, 19, 37, 47, 48]. Pre-
vious bio-inspired approaches have depended on inductive anal-
yses of biosocial foraging, wherein idealized formal models are
proposed for animal societies (e.g. termites, ants, birds, bacteria,
etc.)—a strategy whose weakness was recognized long ago [54].
These inductively derived models of resource consumption were
then applied to the design of networking protocols, e.g. termites
[49], ants [46], birds [18], bacteria [11] etc. In assuming an induc-
tively derived model of behavior, previous bio-inspired advances
assume a basic level of coordination, namely that the individuals
in the networked society abide by a parametrized set of rules of
resource-sharing that have been agreed upon beforehand. As such,
these approaches fail to recognize the long-term evolutionary op-
timization processes that underlie and give rise to the observed
structural patterns of co-use within specific instances of bio-social
collectivities—our perspective here precisely addresses this omis-
sion.

3 OUR APPROACH

In this paper, we evaluate the hypothesis that CR evolution could
plausibly be expected to parallel the evolution of animal species in
conditions of resource sharing and conflict [28, 61]. Towards this,

we put forward four successively more sophisticated biologically
inspired evolutionary stages of CR capabilities: non-foraging, for-
aging, contention-sensing, and sociality. The four stages are listed
briefly below, and described at length in the next section.

e Evolutionary Stage 1: “Consuming”. SUs are always
consuming bandwidth in some spectrum hole, and auto-
nomously decide when to switch channels (e.g. when a
PU arrives).

e Evolutionary Stage 2: “Foraging”. SUs can either con-
sume a channel’s bandwidth or be silent (“forage”). They
autonomously decide when to transition between these
two states and when to switch channels.

e Evolutionary Stage 3: “Contention-Sensing”. SUs can
estimate the number of other SUs that are concurrently
consuming the channel. This environmental data biases

their decision on when to transition between forage/consume

states and when to switch channels.

e Evolutionary Stage 4: “Sociality”. SUs can sense some
characteristics of other SUs that are concurrently consum-
ing the channel. This social data biases their decision on
when to transition between forage/consume states and when
to switch channels.

First, we develop a general parametric behavioral model which
encompasses the four evolutionary stages above; for each stage,
a concrete instance of CR society can be obtained by specializing
this general model.

The resulting CR societies and their associated strategies are
then rendered as parametrized non-cooperative mixed-strategy
games, extending the ideas put forth by Tan et al. [56]. In contrast
to formal analysis of repeated one step game play [63], our evalu-
ation here is based on simulation experiments that determine the
performance profiles of secondary users who continuously apply
the prescribed strategies over long time intervals.

Finally, by considering heterogeneous societies consisting of two
different types of SUs (a majority with more primitive capabilities,
and a minority with more advanced capabilities), we quantify the
anticipated evolutionary pressures in SU societies facing resource
challenges. This makes it possible to deduce the plausibility of
the above 4-stage evolutionary trajectory for distributed uncoor-
dinated CR societies, under the standard assumption that its con-
stituent individuals seek to maximize their utility [4, 32].

4 MATHEMATICAL MODEL

In our model, SUs are either consuming or foraging, and transi-
tion stochastically between these two states. Depending on the
evolutionary stage being considered, transition probabilities may
be fixed, or biased over time by instantaneous environmental and
social factors.

We assume a discrete time stochastic system of n secondary
users S = {z1, 29, ..., zp} and m orthogonal spectrum bands 8 =
{b1, b2, ..., by} in which individuals operate according to a two-
state finite state machine (FSM) shown in Figure 1 (following [59]).
The FSM consists of two states Q = {q¢, q f} and one state variable,
the band of interest (BoI) which takes a time varying value b € 8.

State g, represents a “consume” state, during which the SU is
transmitting in the BoL; g represents a “forage” state, during which
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Figure 1: A general behavioral finite state machine for SUs.

the SU is tuned to a Bol but it is not consuming any bandwidth.
To keep track of instantaneous state, we introduce a time indexed
function

ye S = {qr.qc) (1)
where y;(z) indicates the state of SU z at time ¢. At time ¢, each
SU z € 8§ is either foraging or consuming some band p;(z) € B;
this implicitly defines a set of time-indexed maps

pt:S— 8

assigning SUs to bands. At time ¢, each SU z € S faces a decision
to switch states. If z is consuming at time ¢ (i.e. y;(z) = q.), then
att+ 1:
e With probability P, it switches to a new band p;+1(2)
chosen uniformly at random, and starts foraging.
e With probability Pcc = 1 — Py, it continues to consume
its present band p;+1(z) = p(z).
If z is foraging at time ¢ (i.e. yz(2z) = qy), thenat ¢ + 1:
o With probability Py, it starts consuming its present band
pr+1(z) = pit(2).
o With probability Pry = 1 — Py, it switches to a new band
pr+1(z) chosen uniformly at random, and continues for-
aging.

4.1 Behavioral Models

The above mathematical model can be specialized to capture four
evolutionary stages of SU capabilities, non-foraging, foraging,
contention-sensing, and sociality, discussed in the following sub-
sections.

4.1.1  Evolutionary Stage 1: “Non-foraging”. In this stage, SUs
are always consuming bandwidth in some spectrum hole, and au-
tonomously decide when to switch channels (e.g. when a PU ar-
rives). This model is widely used in cognitive radio literature (see
e.g. [56], [59, 63]).

A stage 1 behavioral model is obtained by tying Pr. = 1 (and
hence Pyy = 0), yielding the FSM of figure 2 in which the SU will
switch directly between bands and, essentially, consume continu-
ously. We refer to this concrete stage 1 society as Non-Foraging
(NF).

4.1.2  Evolutionary Stage 2: “Foraging”. In this stage, SUs can
either consume a channel’s bandwidth or be silent (“forage”) and
autonomously decide when to transition between these two states
and when to switch channels. A stage 2 behavioral model is ob-
tained by allowing Pr,. (and hence Pgr) to be set to any value in
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Figure 2: A behavioral finite state machine for SUs in stage 1.

the interval [0, 1], so that SU’s can inhabit the forage state rather
than continuously consume. We refer to this concrete stage 2 be-
havioral model as Foraging-Blind (FB).

4.1.3  Evolutionary Stage 3: “Contention-Sensing”. In this stage,
SUs can estimate the number of other SUs that are concurrently
consuming the channel, and this environmental data (which in
practice may be obtained at the physical or MAC layers) biases
their decision on when to transition between forage/consume states
and when to switch channels. Having richer capabilities of this
stage, SUs are faced with a range of new spectrum co-use etiquettes,
based on the manner in which they react to knowledge of their
physical environment.

Foraging with Contention-Sensing is a behavioral model for
Stage 3 SUs, obtained by allowing the transition probabilities
Pge,Pep € [0,1] to be biased by contention level in the band of
interest:

e (z) = Ip7 (p(2)) Ny Hge)l. (2)

Rather than assuming that an SU z is able to measure the pre-
cise number 114 (z) of other SUs consuming p(z), we only require
that it be able to determine whether the band’s occupancy is “low”
ur(z) < tor “high” uy(z) > t (for the fixed system-wide inte-
ger threshold parameter 7). If the band has high occupancy, the
FSM probabilities are biased by a system-wide parameter € € [0, 1],
making it less likely to be in the consume state and more likely to
be in forage state; the reverse bias is manifested when bands have
low occupancy (see Figure 3).

We consider three different etiquettes determined by the choice
of z:

e In the Foraging-Rational (FR) etiquette, each FR con-
sumer is aware of the number of resources m and con-
sumers n, taking the rational estimate of the threshold oc-
cupancy 7 = .

e In the Foraging-Apathetic (FA) etiquette, each FA con-
sumer takes 7 > 7. and is thus apathetic to the presence
of co-users.

e In the Foraging-Intolerant (FI) etiquette, each FI con-

sumer takes 7 = 0 and is thus intolerant to contention.

The choice of the variable € and 7 serve to control how ratio-
nal, intolerant, or apathetic secondary users are to contention with
other SUs at a spectrum hole. If € is high or 7 is low, the SUs will be
more discriminating and thus spend more time scanning for low
occupancy bands, and will be more reluctant to leave low occu-
pancy bands.
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Figure 3: Behavioral FSMs for SUs in stage 3.

4.1.4  Evolutionary Stage 4: “Sociality”. In this stage, each SU is
additionally capable of sensing some characteristics of the other co-
consumers of its current Bol, and this social data biases its decision
on when to transition between forage/consume states and when
to switch channels. Having richer capabilities at this stage, SUs
are faced with a range of new spectrum co-use etiquettes, based
on the manner in which they react to knowledge of their social
environment.

Towards analyzing the fundamental implications of sociality,
we assume that stage 4 SUs have a single differentiating charac-
teristic y, and an enhanced sensing capability yi}(z) by which they
estimate the number of the co-consumers that share the same char-
acteristic value. For example, if y represented vendor, then each
SU would be assumed capable of estimating the number of co-
consumers in the band that are from its own vendor. Other candi-
dates for y might be organizational affiliation, task, network car-
rier, etc. — the precise choice is not material to the arguments that
follow. Determining such contention levels could be implemented
in a distributed manner or through a centralized entity [31, 64, 65,
67] the details of which are beyond the scope of this paper.

In this work, we consider one concrete etiquette governing how
an SU z chooses to react to the knowledge 4} (z) of their social en-
vironment, splitting based on diversity. In the Diversified (D)
behavioral model for Stage 4 SUs, a population S of n SUs splits
into two independent subsystems based on the value of the char-
acteristics y (see Figure 4). For simplicity, in this work, we assume
that

x:S—{0,1}
is binary-valued. Each SU z is assumed to have intrinsic charac-
teristic y(z), and can measure the number of co-consumers of its
band of interest that share the characteristic value:

1i(2) = o7 (pe(2) Ny ge) 0 x T (x(2)]- 3)

If the n SUs are sharing m channels each with bandwidth B,
the system splits into two independent subsystems: Sp = {s €
S | x(s) = 0} consuming m bands, each of capacity @B, and
81 = {s € S| x(s) = 1} consuming m bands, each of capacity
%B. Figure 4 shows a system of 8 SUs (where 4 have character-
istic y = 0 and 4 have y = 1) and m = 3 bands of capacity B.
The system undergoes a 2-way split, yielding two subsystems of

N SUs m bands of cap B

OOOOOOOO

band
IS SN EE—
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Figure 4: 2-way splitting of consumers/resources.

half the scale (in terms of the number of SUs and channel capac-
ity). The characteristic y plays a central role in the differentiation
of SUs, making it possible for splitting to occur.

4.2 Benefit, Costs, and Net Utility

Since benefit is only obtained when an SU z is in the consume state
qc, the total system utility is captured by

Wy = Z ke (i)R (ke (1)) 4
i=1

where

ke(D) = 1p7 () N y7* (ge)] 5)
and
GZPZ

d
R(F) L B logy (14 22—
2y GayPy + o

(6)

This definition of benefit (6) is drawn from information theoretic
considerations (i.e. Shannon’s formula [53]), and is consistent with
a significant body of prior work on spectrum sharing [17]. In ex-
pression (6), the transmission power for SU z (resp. y) are denoted
P, (resp. Py); B is the channel bandwidth; G, represents the chan-
nel gain for the transmissions by z, G, represents the channel
gain for the transmission between z and y, and w is the power
level of the ambient white Gaussian noise. To isolate the impact of
the proposed paradigms, here we do not consider path losses, and
consider a homogeneous network wherein all SUs send (to a base
station) at the same power P and experience the channel gain G.

When an SU switches transmission bands on entering (or re-
entering) g, transmitter reconfiguration is required. We assume
this to be an expensive operation compared to the receiver recon-
figurations required upon entering (or re-entering) q- To capture
this, our model charges each SU a fixed cost ¢ whenever it switches
transmission bands by moving from the forage state gy to the con-
sume state g.. Function M; captures the number of SUs charged
for switching at time ¢ > 2

My ={s €S |y-1(s) = qr Aye(s) = qc} (7)
so the switching cost paid by the system at time ¢ is
Ct = C|Mt| (8)

and the instantaneous average utility (per SU) at time ¢ is

I = %(Wt - Cy) )



and the average utility (per SU per unit time) up to time T is

1T
Ur == It. 10
T T;t (10)

Note that even though the SUs that are in the forage state are ex-
cluded from W, the utility function implicitly incorporates a zero
reward for each SU in the forage state since in (9), the quantity
(W; = Cy) is divided by n, the total number of SUs in the system.

Remark: We note that given the performance metric incorpo-
rates switching cost as a kind of disutility, the utility Ur measured
in this way is only useful in making relative assessments. That
is, one may use Ur to make inferences about the relative perfor-
mance of behavioral scheme A versus B in different regimes, but
the absolute numerical values of Ut are not directly interpretable
in isolation.

4.3 Emergence and Evolutionary Pressures

To understand evolutionary pressures on the emergence of new SU
capabilities and etiquettes, we evaluate a range of heterogeneous
CR societies in which each SU follows one of two distinct behav-
ioral models. The heterogeneous society (X, Y), one in which an
SUs operate according to model Y, while (1 — «)n operate accord-
ing to model X1, where X, Y are one of e.g. NF, FB, FR, FI, FA,, etc.
and 0 < a < 1. By varying « from 0 to 1, we can evaluate the in-
centives for or against the emergence of a subsociety following be-
havioral model Y within an ambient society following behavioral
model X.

5 EXPERIMENTAL RESULTS

We use a stochastic discrete event simulator [33] to obtain utility
measurements for different SU societies over time. Typically, in
the graphs below, each plotted data point is an experiment, which
is repeated for 10 independent trials. Error bars indicate the stan-
dard deviation of the measured value. Consumers transition asyn-
chronously according to the appropriate previously defined finite
state machines (FSM). To facilitate comparison with the work of
Tan and others [56, 59] in many experiments, we use the same
parameter values as these previous researchers. These values are
listed in Table 1 below:

Table 1: Baseline Parameters

Parameter ‘ Description ‘ Value ‘
n Number of SUs 30
m Number of bands 5
P, Transmission power of node z 4W
B Capacity per band 20 MHz
C Switching cost 0.3-B
Pre Prob. of commencing consume 0.12
Pey Prob. of commencing foraging 0.21
€ Bias based on occupancy 5%
T Rational occupancy threshold n/m

!Note that (X, Y) is equivalent to (Y, X )14, we limit this ambiguity by adopting
the ordering convention that Y is at least as advanced as X (in terms of evolutionary
stages and corresponding SU capabilities).

5.1 The Emergence of (Blind) Foraging

To begin, we describe the circumstances under which foraging ca-
pabilities might plausibly emerge within societies of non-foragers
and show that this etiquette shift is related to population size. Fig-
ure 5 shows the utility achieved in a (NF, FB)g.1 society where
10% of the population is foraging and 90% is not. We see that when
the population grows (but resources are held constant at the base-
line values listed in Table 1) there is a critical size at which a blind
foraging strategy (FB) outperforms non-foraging behavior (NF). In
the specific experiment we conducted, this breakpoint occurred at
n = 220.

When n <« 220, the adoption of foraging behavior is penal-
ized, and hence is expected to be selected against in evolutionary
terms. This phenomenon is seen in Figure 6, which considers a
population of n = 30 SUs, of which |30 - «] are blind foragers
(while the rest are non-foragers); all other experiment parameters
are set as specified in the baseline (see Table 1). We see that for
low values of @ (e.g. when the first forager emerges) the utility at-
tained by the foraging minority subpopulation (2.9) is significantly
smaller than that which is enjoyed by non-foraging majority sub-
population (6.5). The dotted curves in Figure 6 represent a system
in which the primary user decides to return to the band 30% of
the time. We can see that even with primary user interruption,
non-foragers continue to outperform as the foraging population
emerges.

In contrast, when n > 220, the adoption of foraging behavior
is systemically rewarded, and hence is expected to be selected in
evolutionary terms. This phenomenon is seen in Figure 7, which
considers a population of n = 300 SUs, of which [« - 300] are
blind foragers (and the rest are non-foragers). We see that for low
values of «, in particular, at the moment when the first foragers
emerge, the utility attained by the foraging minority subpopula-
tion is greater (-0.13) than that enjoyed by non-foragers (-0.31)2.
As long as @ < 0.55, foraging outperforms non-foraging. When
n = 400 this critical « value rises from 0.55 to 0.85. Thus, the
longer a growing society waits to move from non-foraging to forag-
ing behavior, the more a widespread change of behavior promises
to be in the rational self-interest of individuals therein.

Regardless of n, monotonic positive first derivatives with re-
spect to a (Figures 6 and 7) imply a differential increase in utility
for both non-foragers and foragers. From this we may conclude
that once foraging behavior arises, each individual (regardless of
their behavior model) experiences an increase in utility if a greater
percentage of the population adopts the foraging model. This pos-
itive differential (in populations greater than a critical threshold
size), is evidence of the evolutionary pressure towards the emer-
gence and widespread adoption of foraging behavior in CR soci-
eties of non-foragers.

5.2 The Emergence of Sensing and Rationality

We describe the circumstances in which contention-sensing ca-
pabilities (i.e. the FR behavioral model) might plausibly emerge
within societies of blind foragers and show that foraging-rational
etiquette is advantageous to the first deviating SU in a population

2See remark at the end of section 4.2 concerning interpretations of utility.
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size of 30 and continuous to be advantageous as the size of follow-
ers grows. In Figure 8, we consider a population of n = 30 SUs,
of which [30 - ] are sensing their environment and responding
according to the rational etiquette (FR), while the rest are blind
foragers (FB). We see that for low values of § (e.g. when the first
rational forager appears) the utility attained by FR nodes is sig-
nificantly greater (11.0) than the mean utility attained by blind
foragers (7.6). This systemic reward is experimental evidence of
evolutionary pressure towards the emergence of sensing capabil-
ities and rational etiquettes in CR societies of blind foragers. As
B increases, each SU that changes behavior from blind foraging to
rational foraging experiences a benefit (albeit at the expense of ev-
eryone else, as implied by the monotonic negative first derivatives
with respect to ). The observation continues to hold in a system
where the primary user decides to return to the band 30% of the
time (dotted line in Figure 8).

As the population size n increases, foraging-rational continues
to outperform foraging-blind in terms of utility and is expected
to be selected in evolutionary terms. Figure 9 shows the utility
achieved in a (FB, FR).1 society where 10% of the population is
sensing and following a rational etiquette while 90% is foraging
blindly. We see that the subpopulation that follows a rational eti-
quette consistently outperforms the larger ambient population of
blind foragers at all population sizes. We also see that as the pop-
ulation grows (but resources are held constant) the relative advan-
tage of the FR model increases. For example, when n = 30 the
advantage was 145% (11.0/7.6); by the time the population grows
to n = 300 the minority’s advantage from using the FR model
(compared to the ambient population using the FB model), is 250%
(0.5/0.2). This indicates that the evolutionary pressure to adoption
a rational sensing model increases as the total population grows
larger. The above analysis demonstrates that at some scale, there
will be evolutionary pressure to transition from foraging blindly to
foraging in a rational manner based on band occupancy sensing.

5.2.1 Dynamic Estimation of Population Size. In FR societies,
the etiquette of “rationality” mandates that each SU set its occu-
pancy threshold to 7 = n/m, and thus requires each SU to know
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Figure 7: The rise of foraging among non-
foragers (n = 300)

(through offline knowledge) both the size of the population n and
the number of resources m. This can be a problematic assumption
in growing SU societies. Here we consider a dynamic estimation
scheme for n based on random sampling of channel occupancies.
Estimation scheme. Each SU dynamically estimates the total
number of consumers 71 over a time window A by taking:

| Al
ne=m- < ;}llt—&z)

iy

and then setting its threshold occupancy level to 7; = L. Fig-
ure 10 shows that such dynamic estimation of population sizes is
successful in quickly converging to the performance of systems
that are pre-configured with offline knowledge about the true pop-
ulation size n. The dynamic FR scheme has the advantage that it
requires less startup configuration and can be used in situations
where the population size is either unknown or time varying.

5.3 Alternative Etiquettes in Societies with
Sensing

In what follows, we consider the evolutionary pressure for or against
the emergence of sub-populations that deviate from the rational
etiquette, within an FR society. We show that foraging-intolerant
(FI) and foraging-apathetic (FA) strategies are not advantageous
in a foraging-rational (FR) society and will be selected against in
evolutionary terms. Recall that “rationality” of FR behavior is de-
fined in terms of SUs taking the threshold occupancy 7 = n/m
(where n may be dynamically estimated as described in the previ-
ous section). Here we consider extreme deviations from this value.
For simplicity, we consider two cases: first, the “Apathetic” eti-
quette, in which the threshold is taken to be much higher than
rational 7 = 2n/m; second, we consider the emergence of “Intoler-
ant” etiquette, in which 7 = 0. These two alternative etiquettes are
treated in subsections (a) and (b) below, respectively. As we shall
see, based on evolutionary considerations, neither is expected to
emerge.
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Figure 8: The emergence of sensing and ra-

tionality. ing populations.

The Etiquette of Apathy. Figure 11 shows the change in utility for
rational and apathetic societies as the proportion of apathetic con-
sumers increases. As can be seen, regardless of their proportion
within the population, apathetic SUs do not gain any advantage
over rational consumers (7.5) by choosing a higher than rational
threshold.

The Etiquette of Intolerance. In the intolerant etiquette, an SU
chooses to set their occupancy threshold 7 to be lower than ratio-
nal. Here we consider the extreme case, when 7 = 0.

As the population grows to a certain size, foraging-intolerant
continues to be selected agains in evolutionary terms. Figure 13
shows the utility achieved in a (FR, FI)g.1 society where 10% of
the population is following an intolerant etiquette while 90% is
foraging rationally. We see that a rational etiquette consistently
outperforms the minority of intolerant foragers at all population
sizes. We also see that as the population grows (but resources are
held constant) the relative advantage of the FR model over the FI
model, increases. For example, when n = 30 the advantage was
210% (7.6/3.4); by the time the population grows to n = 300 the
minority’s advantage from using the FR model (compared to the
ambient population using the FI model), is 4500% (0.45/0.01). This
indicates that the evolutionary pressure against an intolerance eti-
quette increases as the total population grows larger. The above
analysis demonstrates beyond some scale, there will be significant
evolutionary pressure against deviations from rational etiquette.
We note that in the baseline experiment (see Figure 12), the utility
for FI does eventually exceed FR but only after a very substantial
fraction of the population has switched to FI behavior, n > 0.9.
This threshold exhibits a significant evolutionary barrier against
transitions from FR to FI. We note the same behavior in a system
where the primary user decides to return to the band 30% of the
time (see dotted curves in Figure 12).

The structural explanation for why the transition to FI is im-
peded can be best understood by examining Figure 14. Here we
consider a minor perturbation of the baseline experiment settings
(see Table 1). Specifically, we consider a society of 29 standard

Figure 9: The merits of rationality in grow-

Figure 10: FR with dynamic estimate of
population size.

FR nodes (who set rational threshold 7 = n/m = 30/5 = 6), to-
gether with one non-standard deviant player who chooses to set
their threshold 7 autonomously. The graph shows what the utility
of the deviant player is (compared to the utility of the law-abiding
standard FR majority), for each possible nonstandard setting of 7
that might be used. Utilities obtained when 7 = 0 (intolerant) and
7 = 12 (apathetic) are consistent with figure 12 and figure 11 for
low values of 17 and ¢ respectively. What we see is that any unilat-
eral deviation from the rationally determined value may result in
a performance penalty and never yields an advantage.

5.4 The Emergence of Diversity for Subdivision

In this section, we consider the potential benefits of SU diversity,
assuming that CR nodes each have an intrinsic characteristic y,
which can be sensed, and used to implement splitting. We show
that emergence of SU diversity in the splitting context is only ben-
eficial for specific population sizes. There are of course countless
other ways in which diversity could be harnessed socially—here
we consider whether splitting, by itself, presents enough advan-
tages to predict the plausible emergence of SU diversity. In effect,
we view splitting as the analogue of ecological niche formation in
the CR domain. The question we are asking then is: Does niche
formation produce advantages which would justify the emergence
of species diversity y among CRs?

How is the benefit obtained by splitting impacted by the sys-
tem’s size? Figure 15 shows the performance advantage of split-
ting a society of n nodes into two societies of n/2 nodes each re-
ceiving m bands of capacity B/2 (normalized by the performance
attained in societies which do not choose to split). For example,
when m = 10 and B = 20 there is a critical value of system size
n = 80 beyond which splitting yields a marginal advantage — but
this advantage which is maximal (9% at n = 120) vanishes for
n > 80. The same qualitative behavior is seen for other exper-
iment settings (m = 15 and m = 5), albeit with different local
maxima and rates of asymptotic convergence to 1. We conclude
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Figure 14: A non-standard forager in an FR society.

that splitting only makes sense in a critical range of society size-
if a society is too small, or too large, no benefit is derived from
splitting.

6 CONCLUSIONS

In this paper, we considered an evolutionary sequence of increas-
ingly sophisticated capabilities for CR nodes in societies of sec-
ondary users of radio spectrum as the IoT population adjusts to
saturated resources.

We showed that:

e In a society of SUs which are constantly consuming (stage
1), when the capability to forage for spectrum emerges,
there is an evolutionary pressure for a subpopulation to
switch to a foraging etiquette, and this subpopulation is
expected to grow. This was shown in Section 5.1.

Proportion of FI consumers (among FR) 1

Figure 12: The disincentives to intolerance

Number of consumers

Figure 13: Disincentives to intolerance in
growing populations.

Relative advantage of a 2-way split

40 60 80 100 120 140 160 180 200 220
Number of consumers

Figure 15: Benefit of a single 2-way split versus society
size.

We saw that at a critical population size it becomes advantageous
(with respect to utility) for an SU to unilaterally adopt the more ad-
vanced strategy. This “first conversion” acts as a seed, since any in-
crease in the fraction of SUs following the new strategy yields a dif-
ferential improvement in the utility of all SUs (regardless of strat-
egy) thus driving the “upgrading” of the entire population. Next,
we saw that:

e In a society of foraging SUs (stage 2), when the capabil-
ity to sense channel characteristics emerges, there is an
evolutionary pressure for a subpopulation to bias transi-
tion probabilities accordingly to rational expectations of
contention levels. This was shown in Section 5.2.

Regardless of population size, we saw that it becomes advanta-
geous (with respect to utility) for an SU to unilaterally adopt the
more advanced strategy.

e Ina population of contention sensing foragers, it is not ad-
vantageous for a subpopulation to deviate from the ratio-
nal contention threshold by adopting an attitude of apathy
or intolerance to contention. This was seen in Section 5.3.



Additionally, in Section 5.2.1 we demonstrated that the ra-
tional threshold can be estimated dynamically by the SUs,
making FR viable in growing populations.

Although many etiquettes based on sociality are conceivable,
here we considered one based on splitting.

e Division based on a boolean differentiating characteristic
is marginally profitable up to a certain population sizes;
larger diverse societies do not profit by splitting into ho-
mogeneous subsocieties. This was seen in Section 5.4.

In practice of course, the evolutionary selection of device capa-
bilities and behavioral strategies arises from consumer pressure on
manufacturers to deliver increased bandwidth for a rapidly grow-
ing IoT device population. Taken together, the projections pre-
sented in this paper determine a quantifiably plausible evolution-
ary trajectory for IoT devices adopting cognitive radio capabilities
(and corresponding behavioral strategies) that one might expect to
see implemented by manufacturers as they compete for increasing
numbers of consumers with increasing bandwidth requirements.

6.1 Future Work

We seek to ascertain the extent to which the phenomena reported
in this paper are replicable in real hardware testbed of software-
defined radio systems. Our plan is to experiment with the different
evolutionary stages using ns-3 in conjunction with different chan-
nel models to provide more insight into the practical implications
of the evolutionary stages. In addition, we plan to experiment with
actual IoT nodes that utilize a low power microcontroller with the
capability to switch the Wi-Fi channel to study the evolution be-
havior experimentally.

The general question on whether the emergence of CR diversity
is evolutionarily selected for remains open. Answering it requires
deeper exploration of social structures by which CR societies might
harness node diversity in a manner that benefits its members. The
study of more complex social structures supported by differentia-
tion and sensing is an area of active research.
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