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Abstract—We venture beyond the “listen-before-talk” strategy data link control information is available in many practica
that is common in many traditional cognitive radio access systems, e.g., power control feedback in CDMA cellular sys-
schemes. We exploit the bi-directional nature of most primey tems [5], channel quality indicator (CQI) feedback in HSDPA

communication systems. By intelligently choosing their tansmis- . .
sion parameters based on the observation of primary user (PU [2) ACK/NACK feedback in cellular and WiFi networks [5],

communications, secondary users (SUs) in a cognitive netwo  [6], [7], and the carrier-to-interference-and-noisead€INR)
can achieve higher spectrum usage while limiting their intefer-  report in WIMAX [8]. Such feedback information from the

ence to the PU. Specifically, we propose that the SUs listentoe  PU receiver can serve as a good indicator of the actual (often

PU’s feedback channel to assess their interference on theiprary ; ; ;
receiver (PU-Rx), and adjust radio power accordingly to saisfy agglr.t:gatfetc:]) lrl‘:r)lsact of the_ StL.J |n|t.erll‘erence on the reception
the PU’s interference constraint. We investigate both ceméalized quallty or the communication finx.

and distributed power control algorithms without active PU
cooperation. We show that the PU feedback information inhegnt

in many two-way primary systems can be used as important
coordination sighal among multiple SUs to distributively achieve 6

a joint performance guarantee on the primary receiver's quaity —DATA PACKETS
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overlay of cognitive radio networks over the spectrum othhig SU_TX\' SU-Tx

priority primary user systems has attracted a high level of
research interests. Most existing works apply the listefoite-
talk (LBT) concept that relies on spectrum sensing (e.g., Fig. 1. Using PU feedback in multi-SU systems.
[1], [2], [3]). LBT requires secondary users (SUs) to detect
the presence or absence of primary user (PU) signals befor&ig. 1 provides a simple illustration where SUs can overhear
channel access. The recent TV white space prototype testthg feedback from the PU-Rx to the PU transmitter (PU-
by the FCC found that most LBT-based devices do not degraf). This feedback information enables a SU to observe the
TV receiver quality [4]. This finding represents a major gigt performance of PU-Rx (affected by one or more SUs), and
for the cognitive radio concept. Though conceptually senpladjust its own access parameters accordingly. The benéfits o
LBT relies solely on the sensing of primary transmissionsing such link level feedback information are multi-fol$
signals instead of the actual receiver performance. It enables explicit protection on the PU-Rx through feedbac
Because it focuses on the transmitter rather than the mgeivnonitoring, especially in the presence of multiple SUS; Iii
LBT needs to be conservative to protect PU against Sdcilitatesdistributed access contraf multiple SUs; (iii) It
interference. First, it has to assume the worst case fadipgrmits different levels of interaction between PUs and;SUs
environment; For instance, the threshold for the LBT dewvicéiv) It leads to more efficient spectrum usage through lermi
was set at 30dB below the DTV reception threshold in th@) It is robust and adaptive to changes due to network load
FCC TV white space testing [4]. Second, it has to consid8uctuation and radio environment dynamics.
the aggregated interference at the primary receiver (PU-Rx The proposed new framework requires that cognitive radio
from multiple potential SU devices. Third, it does not allovbe smart enough to receive and decode link control infor-
SU systems to explore the extra capacity when a PU systamgtion from the primary network that has strict interferenc
not fully loaded, can tolerate more interference (e.gQuigh constraint. Such a framework is particularly suitable fases
forward error correction, spread spectrum). On the othedhawhere both primary and secondary networks belong to the
LBT may also be too aggressive under the well known hiddesame operator or interest group. In particular, secondary
node environment. networks of lower priority opportunistically access speot
In order to overcome the limitations of LBT, we advocateominally but not fully occupied by (legacy) PUs of higher
a different framework that incorporates the inherent feeth QoS/access priorities. The DARPA XG project is one such ex-
information in typicakwo-way PU communication links. Such ample where secondary cognitive radios access undeeuatiliz



spectrum of legacy primary users. Another example involvesternal interference price/compensation to adjust m#ns
cognitive femto cells attempting to access cellular speatr power in a distributed way for nodes in multihop wireless
(of the same service provider). Such applications offearclenetworks. They also provided convergence analysis through
incentives for PUs to conditionally allow cognitive SU asse super-modular game theory. In [12], a joint optimization
and to permit more flexible and aggressive spectrum sharipgoblem on flow rate at transport layer and transmit power
often without regulatory changes. Practically, they reguiat physical layer is studied, advocating the use of layering
cognitive radio networks to flexibly adapt to dynamic chdnnas optimization decomposition to achieve maximum network
environment and to effectively cooperate in spectrum sigari utility. However, message (either Lagrange multiplier be t

We focus on decentralized control of SUs in order toesource constraints or external interference price) ipgss
accommodate more general applications for which centralmong different nodes is generally required for both works
ized control may not be feasible (e.g. ad hoc networks). [h1], [12]. The above works assume static channel models,
other cases, the cost to retrofit existing infrastructuithee and thus should be performed in the same time scale as the
hardware or software, could be expensive, time consuming,ahannel fading process.
disruptive. Such situations call for distributed intedlig SU There also exist works with random channel models. For
access protocols. example, centralized power control with outage probahikt

As a concrete step toward this goal, we study a primaguirement under Rayleigh and log-normal fading channeds ha
system with an outage probability requirement. The PU paiogen considered in [13], [14]. In [15], various Q0S optimiza
exchange 1-bit outage feedback information that can be ovéon problems were formulated and solved using geometric
heard and exploited by (multiple) SUs. The objective of therogramming for Rayleigh fading models for multiple users.
SUs is to maximize the total spectrum utility while satiskyi However, the distributed algorithm therein requires mgesa
the outage probability constraint set by the PU operator fpassing among users.
allowing SU access. The challenge is to achieve this goal inMost related is the work using power control to mitigate
a distributed manner by utilizing the 1-bit outage feedbatk the interference on PUs while maximizing the spectrum usage
the absence of PU cooperation, central controller/monitor of SUs. For example, in [16], the authors applied dynamic
SU information exchange. programming to allocate transmit power over multiple priyna

Our contributions are as follows: 1) we propose a novehannels to maximize the average sum-rate of SUs. The PUs
framework for cognitive spectrum access under PU link dqualiconsidered therein are either busy or idle. In [17], the arsgth
constraint based on PU-Rx feedbacks; 2) we formulate theoposed to adjust the SU transmit power based on the spec-
cognitive spectrum utilization problem as a convex optamiz trum sensing results. In essence, these works fall into Bie L
tion problem through practical approximation, and derige icategory. In [18], the authors proposed an auction base@pow
closed-form solution; 3) we present a distributed accesgepo allocation framework for a group of spread spectrum user
control algorithm for individual SUs without explicit ceat to share spectrum with an interference temperature camistra
control or information exchange; 4) we present performaneg¢ a fixed measurement point, in which a central controller
bounds as well as heuristic algorithms to tackle dynam{manager) is required to collect bids from distributed aser
changes in the system or the environment; and 5) we show thaf19], Centralized joint beamforming and power controlswa
our scheme provides a decentralized access control diternastudied for SUs with multiple antennas. In [20], the authors
to the well known interference temperature control proldemformulated a power allocation game which considers both the
interference temperature constraint at the PUs and the QoS
requirement at the SUs. Monitoring stations are required to

Our work differs from preceding works on power controteport the value of the dual variable at every iteration Fairt
in at least one of the following aspects: 1) our system dopsoposed distributed algorithms. In our preliminary wo2& ],
not require a centralized control or an interference monitove presented results on using the PU ACK/NACK information
Instead, it depends explicitly on the inherent PU link fesxly to maximize the utility of a single SU. In this paper, we focus
2) SUs are not required to exchange information amomgm multiple SUs.
themselves, thereby significantly reducing the overhead co There are also power control algorithms for cognitive radio
and protocol level complexity; 3) our goal is to maximizealot networks to achieve efficient and fair usage on the common
SU spectrum utility instead of each SU utility while joiniynd  spectrum resources without explicit protection constraim
distributively satisfying the outage requirement of the.PU the PU QoS (e.g., [22]). In our problem setting, the PUs

Distributed power control for cellular systems has beemve stringent requirement and do not participate in thegpow
studied extensively. For example, in [9], the authors gtddihe control algorithm.
convergence of a simple distributed power control algarith
to a feasible solution that satisfies the target SIR requérém
for each user. The authors of [10] proposed a frameworkWe consider the scenario in which multiple SUs are al-
for the joint optimization on cell selection and power cohtr lowed to share the spectrum designated for a PU network in
algorithm for cellular uplinks. For wireless multihop netsks, a non-intrusive manner. The non-intrusiveness has twi-fol
the authors in [11] proposed using both power price amdeanings. First, PU, with a higher spectrum access prjority

II. RELATED WORK

IIl. SYSTEM MODEL AND BASIC ASSUMPTIONS



is allowed to set the permissible level of interference aie assume that the PU protection requiremewas declared
disruption from SU transmissions. This level of interfezen a priori to the SUs. In the optimum closed form solutigg,is
is controllable, which can be used by the PU networks #ssumed to be known. However, in our distributed algorithm,
set a price for SU access. Second, the legacy PUs do ngtis unknown to SUs.
actively cooperate with SUs, i.e., such a SU overlay reguire There clearly exists a trade-off between the signal quality
no change to PU system software/hardware. Deploymentaafthe PU-Rx characterized by its outage probability and the
such SU networks is faster, less disruptive, and less costlyspectrum utilization of the SUs. A desired trade-off can be
We consider a PU link comprising two network nodeachieved by choosing an appropriate value foto allow
that communicate using a forward link and reverse linkatisfactory QoS at the PU-Rx while still receiving maximum
The forward link delivers primary traffic data from the PUpossible compensation from SUs that were permitted to acces
Tx to the PU-Rx, while the reverse link carries feedbadke bandwidth for communications.
control information from the PU-Rx to the PU-Tx. We denote T enable PU QoS protection, we exploit the feedback from
the transmit power of the PU-Tx aB. For the cognitive the py-Rx to the PU-Tx. In particular, the PU-Rx sends 1-bit
network, we considen/ secondary transmitters (SU-TX's).feedback to the PU-Tx, indicating whether an outage (i.e.,
that are geographically spread around the PU nodes. Letc ) happened in the last time slot. This information
P =[Py, Py] denote the transmit powers of thé¢ SUS. can be overheard (with potential error) by all SUs. Based on
The SUs adapt their access of the shared spectral band ongifih feedback information, SUs then make learned decisions
forward link through power control. For convenience here, Wipn their transmit powers in a distributed manner to satiséy t
further assume that the primary channel utilization istetht py gutage probability.
The intelligent SUs have synchronized their spectrum &Cces\ye assume that SUs are deployed without coordination.

to the time-slot clock by, e.g., listening to the timing pilo ey may not be aware of one another and cannot exchange
the broadcast control channel of the PUs (e.g., [23]). information. This scenario is likely, especially whéh < P,
To determine the interference level at the PU-Rx due {gnich, s typical in cognitive radio networks. Therefore, we

SuU transmissions,. le7; be the large-scale processing gai'F’ocus on cases where SUs are separated widely, as shown
between the SU-Txand the PU-Rx. LeF; denote the random Figure 1. SUs cannot communicate with each other and

small-scale channel fading gain due to multipath and migbili 5,5, "6 ot generate interference to each other, although

Note that the special index @f= 0 denotes the transmissiony,qir interference at the PU-Rx aggregates. When SUs can

from the PU-Tx. We consider cases in whicly remains ihierfere/communicate with each other, existing literaton
almost unchanged whilg; varies from slot to slot. We assume,

i t-siaht radio t o ; ) " access and power control can be applied.
a non-line-of-sight radio transmission environment amathg . .
transmitters and the PU-Rx. For example, the PU-RX is To quantify the spectral utility of SUs, we assume that the

mobile device located in a hot spot in urban areas. In thu"si'._lIIIty function of the SU pair can be characterized Byg(1+

\v a Ravleiah fadi h | model wH iP;), whereh; is a given constant reflecting the impacts such
case, we can apply a kayleigh facding channel moget, whgre,, o modulation, interference level, and transmission rasfge
follows independent exponential distribution with unit ane

. .. the SU pair. It is clear that this utility definition is reldtéo
Thus, the received power at the PU-Rx from Sland its the information rate that can be reliably conveyed onithe
average are, respectively,

SU link. We also impose a physical limit on the transmission

P,G;F;, and E[PzGZFz] = P,G;. (1) power, P; < Ppax,t=1,--- , M.
Let Ny be the white Gaussian noise power at the PU-Rx. The
(random) signal-to-interference-noise-ratio (SINR) et PU- IV. SECONDARY POWER CONTROL ALGORITHMS
Rx as a result of the fading channel environment is:
PyGoFy For the SUs, the objective here is to maximize the total
~ (2) utility of all SU pairs while satisfying the PU outage reasir

No +Zij\i1 PGiF; ment. Challenges are multi-folds: 1) PU is oblivious to SU
Even in the absence of SUs, random channel fading rendacsivities and only reports its own outage; 2) SUs do not
zero outage impossible. In this case, based on the expahergkchange information among themselves; 3) Dynamic PU/SU
distribution of Fj, the outage probability of the PU-Rx is  traffic activities require adaptive SU access algorithms.

Noven To achieve our objective, we first formulate our problem
PoGo )- () as a convex optimization problem and derive its closed-form
solution. We then propose a distributed algorithm which can
d';\pproximate the optimal solution without the aid of either
a central controller or information exchange among SUs.

e present heuristic schemes to address the dynamics of
SU systems. Finally, we study the connection between the
traditional interference temperature constraint and adage
Pr[y < wp] <. (4) probability constraint.

no =1 — exp(—

where~,;, is the desired SINR value.

To maintain its quality of service (QoS), the PU woul
require its outage probability in the presence of SUs to st
below a certain threshold, denoted hy wheren > ng to
allow secondary access. This constraint is expressed as:



A. Constrained Optimization for SU Power Control The dual function of the primal problem (8) is:

Our objective is to maximiZ(_e the total SU utility gnqler t_he q(\) =inf L(Y, )
PU outage probability constraint. The formal descriptien i Y

M (10)
M
imi _ b = inf(—y; + Alog(1 + bie”")) — Alog()
maximize  fo(P) = Z;log(l + hiP;) 5) iy,
subjectto  Prly < yu] < 1. For A > 1, the minimum ofinf,, (—y; + Alog(1 + b;e¥?)) is

For the Rayleigh fading channel, the outage probabilityhat tattalned uniquely at:

PU-Rx for a given SU transmit power vect®ris [13]: yi () = —log((A — 1)by), i=1,---, M. (11)

NO’Yth)ﬁ <1 PiGi’Yth>1 On the other hand, i\ < 1, we have the minimum asoo.

Priy < qin] =1 = exp(— PyGo PG Therefore, the dual of the primal problem (8) is:

o ) _ (6) maximize  ¢(\)
To simplify the notations, we define: = (1 — ny)/(1 — n), biect t N
which can be interpreted as the relative margin to accommo- subject to -4

date SU transmissions. Clearly, we expact> 1. We also Clearly, there exists & such that the constraint is satisfied

(12)

defineb; = % which quantifies the unit interference effectith strict inequality (by settingy; = 0,: = 1,---, M).
from SU-Tx: to the PU-Rx. Then, we have the followingHence, by Slater’s condition, the strong duality holds arel t
constraint onP = [Py, - -+, Pyl duality gap is zero between the dual and primal optimum. The
M optimal power control can then be expressed as:
[Ta+0:P) < ) 1
. P =1,---, M 13
=1 i (A* _ 1)bz’ ? ’ ’ ’ ( )

which is an upper bound on a posynomial function I®f

However, the feasible set defined by (7) is non-convex. Thus,

the optimization problem in (5) is nonlinear and non-convedua! problem. _ ,
When h;P; > 1 (at high SINR), we can approximate From (13), we observe thaP’b; is a constant fori =

the utility function by log(h;P;). Therefore, the objective 1, -~-» M. In other words, at the optimal point, each SU
function is 3", log(hi) + log(P;). Henceforth, without loss generates the same amount of average interference at the PU-

of optimality, we can ignore constantd;}. Adopting the Rx. Because the optimal solution is obtained when the outage
technique of geometric programming [24], we can performRfobability constraint is tight, we have:

Juhere \* = argmax..;¢(\*) is the optimal solution to the

variable transformationy; = log(P;),7 = 1,---, M. Denot- LoptM 1
ing Y = [y1,---,ya]”, the resulting optimization becomes B =——i=1-, M (14)
minimize _ i } The corresponding optimal Lagrange multiplier }s =
Y — Yi 8 (p'/M —1)~1 + 1. We note that while the above closed-form
- (®) solution does not consider the maximum transmission power

subjectto > "log (1 + bie?) <log p. constraintP,,.y, it can be easily incorporated.
[

The objective function in (8) is linear iy, and the constraint C. Distributed Algorithm

function is convex inY (its Hessian matrix is a diagonal To apply the closed-form solution of (14), we need a central
matrix of positive elements). As a result, we now have (8) ascantroller or a database that tracks and broadcasts thearumb
convex optimization problem which can be solved numencalbf active SUs, M, and PU’s own outage probabilityy. Such
with efficiency in a centralized manner and may be amenakiesystem may not be practical because of infrastructure cost
to a distributed implementation. or the difficulty to set up a control channel to exchange
B. Closed-Form Solution channel information among SUs. Hence, we wish to derive

A closed form solution to (8) starts with the Lagrang%e edésbgf; :ﬁ?ornggimsm that can utiize the inherent PU

function with a multiplierA = 0: Recall that the PU-Rx transmits a 1-bit indicator to the PU-

M M , Tx to signify whether the SINR at the PU-Rx falls below the
LY, 2) = - Z% +A (Z log(1 + bie™) — IOg(“)> required SINR threshold in each time slot. Such information
=t =t reflects the reception quality at the PU-Rx, and can be used to
infer the aggregated interference from all SUs to the PU-Rx
on the forward link.
Note that the objective function is separable and the op-

M
— —Z%+/\(—10g(77)+10g(13r[7<%h]))- timization variables are only coupled through the outage
= N probability constraint. Therefore, we apply the decomjmsi

= Z (AMlog(1 + be¥) —y;) — Xog(p) 9)
i=1



method of Lagrange relaxation of the coupling constraif},[2 In addition, because of the maximum power constraint on
and adopt the subgradient method to solve the dual probl&uds, we have

(12). So long as we find the optimal dual variablewe can
obtain the optimal power control solution through (13).c®in
q(A) is affine in A, a subgradient of it aA is:

M
l9(k)| <> log(1 + Pmaxb) — log(n),

=1

g = —log(n) + log(Prly < vu)]), (15) i.e., the subgradient af()\) is bounded. Furthermore, for a
system with a finite number of SUs, i.84 < oo, the distance

wherelog(Pr[y < v:]) is determined by the primal variablepetween the initial value\(0) and \* is bounded by
vectorY*(\) whose componentg (\)s are found from (11).

In short, the subgradient is equal to the residual of the IA(0) — A*| < A(0) +

constraint expressed in the convex form of the optimization pt/M -1
problem (8). We present the distributed power control (DPC)
algorithm below.

+1 < o0. (20)

According to Theorem 46 of [26], we have, for arbitrary
0 >0,

Algorithm 1 Distributed Power Control (DPC) klggo Pr{A(k) = A"| > 6] = 0.
L Initialize: k = 0, A(0) > 1, Pi(0) = x5 With this convergence result, and the fact that the mininife

2: Observe: for thek-th updating period withl" time slots, record w\ : . *
Ny, the number of outage events during time glét — 1)7" + L(Y,A") is unique, the convergence &f(k) to P follows.

1, kT). U
3: Eystinlate: _ In practical systems, we need to choose a fiifit® obtain a
A(k) = {%V/T if N =0, (16) good estimate on the subgradienty¢h). We provide a bound
7 Otherwise on T such that the gap te(\*) from the noisy subgradient
4: Update: update method is within a given range. First, we need the

following lemma.

Al +1) = M) + alk)(~ log(m) +log(a(k))), Lemma 1:Let g(k) be a noisy unbiased subgradientof)

P;(k+ 1) = min (ﬁ,ﬂnax) , (7 at \(k), whereE|g(k)|? is bounded. Let a random sequence
Ak +1) = 1)bs g(k) satisfy the following conditions:
wherea(k) is any positive step size satisfying: 1) There exists & such thatE|g(k)|2 <G
< > 2) |E((9(k) — g(k))IA(R))| < e
a(k)” < oo, Za(k‘) =00 (18)  3) There exists aRk such that/\(k) — \*| < R almost
=0 =0 surely.

5: Go to Step 2. Then, for the following update:

One main concern of the DPC algorithm is tifatlog(n) + Ak +1) = A(k) + a(k)3(k),
log(7j(k)) is a noisy andcbiased estimate of the SUbgradient'wherea(k) >0, and "% a(k)? < oo, 3, a(k) = oo, we
y i=0 ’ i=0 - !

For convenience, defingk) € Vq(A(k)), as the subgradient - : .
at A(k). We next prove the convergence property of thréave the following error bound holds for its valge\(k)):

algorithm asT" — oo, as well as provide an error bound on lim max (¢* — Eq(\(1))) < eR.
finite 7. k—00 i=0,--- ,k -
Proposition 1:In Alg. 1, P;(k) — P; almost surely when Proof: From conditions 2) and 3), we have the inequality
T — oo andk — co.
Proof: We prove this result by showing that the Lagrange (E (g(k) — g(k”A(k))) (A(k) —X*) <eR. (21)

multiplier A(k) converges to\* almost surely. Given the

independent Rayleigh fading assumption, the outage esenThen we have
independent across time. By the strong law of large numbers, .12
whenT — oo, 7j(k) converges to the outage probability almost B (l/\(k +1) =X |/\(k))

surelyt. Consequently, =E (|A(k) + a(k)g(k) — X*[*|A(k))
R B =[A(k) = X** + 2a(k)E (§(k)|A(K)) (A(k) =A%)
E[_ 10g(77) + log(n(k))] - g(k) (19) + a(k)QE (|g(k)|2|/\(k))
In other words,— log(n) + log(/(k)) is a (noisy) unbiased <IA(R) = A * = 2ax(q* — q(A(k))) + eR
subgradient of;(\) at A\(k) whenT — oc. + a(k)’E (|g(k:)|2|/\(k:)) ,

IWhen T — oo, P(Nx = 0) — 0, and thus the truncation in (16) is Where the last inequality follows from (21) and the defimtio
immaterial. of the subgradienE (g(k)) (A(k) — \*) < g(A(k)) — g(\*).



Take expectation with regard to(k) and apply recursion where we apply a well-known upper bound function on the

on k. Using E|§(k)|?> < G, we get Q-function. To satisfy the accuracy requirement, we—l%t:
E(\(k+1) - /\*|2) 5 ar_1d exp(— ﬁ) £, leading to an upper bound on
N required’” as:
<E (]M0) =A%) =23 _a(i) (¢" = Ba(A(0))) pu_ _32(1—p)log(e)
i=0 pe '
k . w .
19 Za(i)(é‘R) LGP Z a(i)?. Hence, withT > T", we can guarantee that of our algorithm

is as good ag* within a range of:R. The above bound on

=0 T provides us an estimate of the scale of its value, though it
Then we have may be relatively loose. In practic& = 100 appears to be
k k sufficient for obtaining a good error margin, and therefare i
> a(i) (¢" — Eq(A(i))) < R2+2Z i)eR+G* "a(i)®. used in all our simulations.
= =0 D. Dynamic Secondary User Systems
Therefore, With random arrivals and depart f SUs, diff t SU
partures o s, differen s
R+ G2YF ali)? can have different values of upon the initialization of its
ax (¢" —Eq(A(2))) < 25 ;(Z_) +eR. subgradient method. Denote thih SU’s local version of\
' =0 as \;. When \;s differ, the observed violation in the outage
When the step sizeu(k) is chosen such that it is squargProbability constraint is no longer the subgradientf). In
summable but not summable, the lemma stands. 7 this case\; may be trapped on the boundary of the feasible

The result described in Lemma 1 shows that with a moget, which generates transmit powers that satisfy the eutag
erately noisy and biased replacement for the true subgradigrobability constraint, but not optimal. This problem nfests
the proposed update method for the dual variabfinds the in cognitive radio networks because the PU does not coaperat
dual optimum within a moderate range. For the DPC, withnd we do not assume a central controller.
our truncation on the estimate of outage probability in (16) To solve this problem caused by the dynamic nature of SUs,
we haveE (log(7}) — log(n)) to be always bounded. Thus, theve propose to modify the distributed algorithm heuristical
first condition is satisfied. With a practical maximum and o limit the effect of its long term memory (initial point). &
minimun? power constraint, together with similar argumer@ssume that SUs follow the same timing update, i.e., they
in (20), the third condition in Lemma 1 is satisfied. Next w&an only join or depart the system at the start or the end
reason that witi” sufficiently large, the second condition inof any updating period(k — 1)T" + 1,kT]. This condition
Lemma 1 is also satisfied. For notational convenience, defig@n be satisfied by synchronizing with the timing clock of
p = Pr[y < ~u]; and let a random variabl& denote the the primary systems. Suppose that the SUiTjoins the
estimated outage probability. First, note that #or> 10, the spectrum sharing network at updating perigd At the k-th
distribution of Z, f(z), can be very well approximated by aupdating period, it keeps a record on previous observations

Gaussian distribution with meagnand variancé’@. Then, 7(j),j = max(k+1—-W,t;),--- k, whereW denotes the
we have fors < p, record length. The modified algorithm can then update

k
B (log(2) — log(p)) N =X+ S al)(og(i(z)) — log(n)),

p+0 )
= [ togz) ~ tosto) f2(2): smmax(T1 Wit .
: where )\, is a preset value and(j) is the step size, both
+/ (log(z) —log(p)) fz(2)d= known to all SUs. Note that the algorithm does not require
|==pl>3 5 the SU to be aware of other SU activities, or a global clock
< max (| 1og( )| |1og(er )|) Pr[|Z — p| < 4] k. We call this modified algorithm “finite-horizon distribute
p p power control (FDPC)”.
1 In FDPC update, when all active SUs have remained active
1 log(=) —1 Pr[|Z - ) '
omax (' og(p)l; [los(7) Og(p)') il pl >4l longer thaniV, their local versions ok become the same. This
) 9 behavior approximates the true subgradient method whée th
S; + [log(p)| Pr[|Z — p| > 8] + O(5%) SUs discard their old observations in updating. In addijtion
S 52T ) the larger the value ofi’, the longer time it takes for all SUs
SE + eXP(—m) +0(67), to reach an agreement. However, there exists less fluctuatio

(22) in the updating process.
There is a tradeoff in choosing(j). On one hand, more

2A minimum power constraint means that if the required powsesraller recent gpdate prowdes petter information. Hem@) should
than the minimum threshold, the SU does not transmit. be an increasing function. One the other hand, too much



(6]

emphasis on recent information can lead to large update flu %

tuation and poor convergence. As a practical compromise, \ 250 sU2 —

leta(j) be a constant. Simulation results positively affirm suc 2o q

a choice, and we are investigating the convergence prope °

of the proposed algorithm under different choices of step.si | ™™ PU-TX 75072
The FDPC algorithm requires a memory at each SU to sto

its observation record. Alternatively, we can also adopt & 500 SU-4 — - ]

iterative algorithm by adding a forgetting factor to remove % wooUm:metegooo 3000 3000 10000

the storage requirement. Let< g < 1. Each SU updates via

Ai(k +1) = BAi(k) + a(log(7(k)) — log(n))- (24)

Whenk — oo, the effect of the initial discrepancy on the local

copies of\ vanishes. Herej ~ 1 is a design parameter thatrha constraint is equivalent to

balances the convergence speed and the sub-optimalitydboun

when\; (k) stabilizes. With a properly choseh performance M —PyGolog(1 — 1)

results similar to those of the FDPC algorithm have been ZPiGi = Yin — No. (29)
observed. =1

SU-1 ¢

iy

w

N

number of SUs

H
[

OO

Fig. 2. User locations. Fig. 3. SU dynamics

Note that this approximation is conservative in terms of
V. INTERFERENCETEMPERATURE protecting the PU-Rx. This is a convex optimization prohlem
In cognitive radio networks, interference temperatureirfor €asy to solve numerically. Similarly, we can obtain a more
terference power) is often used as a PU protection metic, (eaggressive SU utility optimization problem when we apply
[18], [20]). In this section, we explore the relationshipveeen the following lower bound as the constraint:
the interference temperature and the outage probability fo M
Rayleigh channel model. It serves two goals: 1) it provides Zpigi < MPO_GO, (30)
upper/lower bounds on the performance of the original opti- =1 I—n mn
m|zat|o_n pro blem (5), "?md thus can be used fo evaluate OurEq. (29) and (30) are average interference power consiraint
approximation, and 2) it shows our proposed scheme can 88 : L .
: . Iven such a constraint, the existing power control alhomi
applied to the well-known interference temperature pnaoble

: . . ither require a central controller, or a measurement devic
Define the certainty-equivalent SINR at the PU-Rx as [13i'o—located with the PU-Rx updates the price of violating the

- PyGo (25) constraint (e.g., [20]) for multiple SUs. In contrast, outage-
NO"‘Z?ilPiGi’ based algorithm relies only on the inherent 1-bit feedback
) ) ) ) from the PU-Rx. Thus, one can transform the average interfer
which can be interpreted as the SINR by assuming fading-frgfce temperature constraint into a more conservative eutag
channels with fixed”; = 1. As in [13], the certainty-equivalent ;.o aijity constraint using the CEM model. Our distritsiite

SINR margin (CEM) is defined as.c /7. power control algorithm can then be applied in the absence of
Following a similar approach, we obtain the upper and oW iroller/monitors.

bounds on the outage probability that includes the effect of
Gaussian noise (ignored in [13]). An upper bound is: V1. SIMULATION RESULTS

Yee

Prly < ] <1—e (_L). (26) In this section, we present simulation results for our pro-
TSkl = *PUTCEM posed power control algorithms. We set up a system with
and a lower bound is: m_ultiple SUs and one PU pe_lir with their locations s_hown_in
1 N Fig. 2. For SUs, only transmitters are shown. The simulation
1—(1 =101+ == — Jth 0)*1 < Prly <] (27) parameters are set ag: = 10%, Ny = —100dBm, Py =
CEM  RGo 330BM, Prax = 330BM, M =4, G; = d; *,i =0,1,--- 4,
When the PU outage probability constraint is low (e.g., lesshered; is the distance from transmittérto the PU-Rx, and
than 10%), both the lower and upper bounds are fairly tighty,, = 6.
Therefore, we can approximate the original problem (5) bX )
replacing the outage probability with its upper/lower bdun A Gap to the Optimum
Applying the upper bound on the outage constraint trans-We first compare the total utility achieved by the certainty-

forms the optimization problem into equivalent model (both upper bound and lower bound approx-
M imations) and the closed-form solution. We vary the locatio
maximize Zlog(l + hiP) of the PU-Rx b_y moving it along the line shown in Fig. 2. The

= (28) Value ofd varies from 50 meters to 750 meters. The smaller

) 1 the value ofdy, the stronger the primary signal strength at the
subjectto 1 —exp(—zg) <7 PU-Rx, and thus the smaller the value @f With a larger
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Fig. 5. Simulation results for DPC algorithm

margin on the outage probability— 7o, the total SU utility 10. The results are shown in Fig. 6. We can observe that

increas_es (as the PU-Rx moves closer to the PU-Tx). . the performance achieved by the proposed FDPC algorithm
In Fig. 4, we observe that the SU performance obtaingQ, aches the optimal total SU utility closely. In additio
using our closed-form solution is almost indistinguisteatd the outage probability perceived by the PU-RX is below the

those of the upper and lower bound approximation using (294 straint) — 10% most of the time. We also plot the update
and (30), respectively. Therefore, our approximation ghtti ogress of the local copies of Lagrange multiplien Fig. 6.

o . r
for the original problem (5). In addition, one can conve@Ve can observe that the proposed FDPC algorithm is capable

t_he interference temperature pr(_)blem to_ our prol_JIer_n W'H} synchronizing multiple SU updates and track the optimal
litter performance difference (while adopting our distited 5,6 given sufficient time. The fluctuations around theropti
scheme). line is the result of the noisy observation used to estinfage t
subgradient and the use of a constant (non-diminishing) ste

size.
Next, we present simulation results for the proposed DPC

algorithm. The distance from the PU-Rx to its transmitter i
set asdp = 500 meters, with the corresponding valuemf=
1.9%. In the simulation, we set initial point of as)\y = 100,
which is large enough such that SUs start with a small trainsr
power, and thus do not cause abrupt distortion on PU Qc
We choose the step sizasa(k) = 20/vk, andT = 100.
Considering a packet length ofris, the value ofT" means
that the frequency of the SU power control is about 10Hz. Tt
simulation results are shown in Fig. 5. We can observe tt
the algorithm converges well with an acceptable converger 5 0.05
speed. The transmit powers of SUs @&0, 18.0, 17.7, 28.2] 20

dBm whenk = 10000. This shows that the transmit power rm Ny
of a SU depends on its distance to the PU-Rx. Specifical % 5000 10000 ° 5000 10000 %0 5000 10000
SU-Tx’s that are far away from the PU-Rx can transmit wit time k time k time k

high powers. The spectrum utility is more efficient than the
LBT approach with which SUs only transmit when the PU-Tx
transmission signal is sensed to be absent.

B. Distributed Power Control for Static Systems
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Fig. 6. Performance of FDPC algorithm.

We also test FDPC's performance when SUs cannot cor-

C. Distributed Power Control for Dynamic Systems rectly decode all feedback packets. In the simulation, we
To studyv th f f th d algorithm i %sumg_that each_SU decodes a PU feedback pa_cket with a
0 sty ™e periormance of The proposec agorrim In bability of 0.95 independently. A SU can only estimate th

dynamic system, we set up a simulation where the num - ) .
of active SUs varies over time, as shown in Fig. 3. Ead}/tage probability perceived by the PU-Rx using the colyect

SU applies the FDPC update algorithm of Sec. IV-D tgecoded feedback packets. In this case, SUs have different
adjust its local parameteh;, and to control its transmit estimates of the outage probability. Results are shown in

power accordingly. We set the parameters of the algorith t'h7. I\D/\l/Je ;:andgbslfr\;ﬁ that dur}[der t{\z_;fmperfectscij)servatlont
as \g = 100, W = 1024, and use a constant step siz e eedback, the updates at dilrerence S are no

synchronous, and have larger fluctuations. Neverthelbss, t

3simulation results show better convergence behavioratdr) = ¢/vk p_ropo.sed algorithm ena_-bles the SUs to follow correct Upgat'
thana(k) = ¢/k, wherec is a positive constant. directions most of the time. We also observe from simulation
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Fig. 7. Performance of FDPC algorithm with control packesslo

that the total SU utility achieved is close to that withoutg
decoding errors. Furthermore, the outage probability twaim

is well satisfied. [11]

VII. CONCLUSIONS

We presented a novel access framework for cognitive radi@]
networks based explicitly on inherent PU link feedback info
mation. This structure represents a significant shift frove t
widely studied LBT strategy. Because the PU-Rx link fee#tba¢13]
provides (partial) information with respect to the totalpact
on the PU link quality from the aggregated interference bf al
SUs, the new framework can provide explicit protection op4]
the PU-Rx in the presence of multiple SUs, which may be
geographically separated and do not communicate.

We considered one specific scenario where the SUs perfdmsi
distributed power control based on the 1-bit outage infdiona
from the PU-Rx. We showed that the proposed distributeg
SU power control mechanism can maximize the total utility
while satisfying the predetermined PU-Rx outage condtrain
This optimized SU power control is achieved without PLBH]
cooperation, central controller/monitor, or inter-SU sege [18]
passing. We also developed heuristic algorithms that eaok tr
dynamic change in the system or the wireless environmefit;
We also provided a decentralized alternative to the wellkkno
centralized interference temperature control problem. 20]

In future works, we plan to generalize our framework t[)
include the more general cases in which both PU and SUs
are adaptive. Additionally, we would also like to analyzelan
develop in-depth understanding on the SU performance un e}
different security constraints. We are particularly isted in
assessing the tradeoff between the security concerns and 48!
reward of adopting unencrypted link control feedback by the
PUs. We shall also investigate different PU system feedbadk3]
and evaluate the convergence property of the proposedsheuri
tic algorithms in a dynamic system. [24]
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