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Abstract—In cognitive radio (CR) networks with multiple-
input multiple-output (MIMO) links, secondary users (SUs)
can exploit “spectrum holes” in the space domain to access
the spectrum allocated to a primary system. However, they
need to suppress the interference caused to primary users
(PUs), as the secondary system should be transparent to the
primary system. In this paper, we study the optimal seconday-
link beamforming pattern that balances between the SU’s
throughput and the interference it causes to PUs. In particlar,
we aim to maximize the throughput of the SU, while keeping
the interference temperature at the primary receivers belav a
certain threshold.

Unlike traditional MIMO systems, SUs may not have
the luxury of knowing the channel state information (CSl)
on the links to PUs. This presents a key challenge for a
secondary transmitter to steer interference away from pri-
mary receivers. In this paper, we consider three scenarios,
namely when the secondary transmitter has complete, par-
tial, or no knowledge about the channels to the primary
receivers. In particular, when complete CSI is not availabé,
the interference-temperature constraints are to be satiséd
with high probability, thus resulting in chance constraints that
are typically hard to deal with. Our contribution is fourfol d.
First, by analyzing the distributional characteristics of MIMO
channels, we propose a unified homogeneous quadratically
constrained quadratic program (QCQP) formulation that can
be applied to all three scenarios, in which different levelsof
CSI knowledge give rise to either deterministic or probabilstic
interference-temperature constraints. The homogeneous QQP
formulation, though non-convex, is amenable to semidefingt
programming (SDP) relaxation methods. Secondly, we show
that the SDP relaxation admits no gap when the number
of primary links is no larger than two. A polynomial-time
algorithm is presented to compute the optimal solution to tle
QCQP problem efficiently. Thirdly, we propose a randomized
polynomial-time algorithm for constructing a near-optimal
solution to the QCQP problem when there are more than
two primary links. Finally, we show that when the secondary
transmitter has no CSI on the links to primary receivers, the
optimal solution to the QCQP problem can be found by a
simple matrix eigenvalue-eigenvector computation, whictcan
be done much more efficiently than solving the QCQP directly.
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nite programming

Cognitive radio (CR), which allows secondary users (SUs)
to opportunistically utilize the frequency spectrum anigjly
assigned to licensed primary users (PUs), is a promising
approach to alleviate spectrum scarcity [1]. In CR networks
with single-antenna nodes, SUs can transmit only when it
detects a spectrum hole in either time or frequency domain,
so as to avoid causing harmful interference to PUs [2], [3].
Such schemes, however, only work when the primary system
severely underutilizes the assigned spectrum. Otherwise,
the secondary system would not have adequate chances to
access the wireless channel.

Recent development in multiple-input multiple-output
(MIMO) antenna techniques opens up a new dimension,
namely space, for co-channel users to coexist without
causing severe interference to each other [4]. Indeed, in
CR networks where stations are equipped with multiple
antennae, SUs can transmit at the same time as the PUs
through space-domain signal processing. The nature of CR
networks gives rise to several challenging issues that do no
exist in traditional MIMO systems. First, SUs are solely
responsible for suppressing the interference they cause to
PU receivers, as the primary system should not be aware of
the existence of the secondary system. That is, we cannot
rely on the PUs to do receiver-side interference cancefiati
Secondly, SUs may not have the luxury of knowing the
channel state information (CSI) on the links to PUs, as the
primary system would not deliberately provide their chdnne
estimation to the secondary system. This imposes difficulty
on transmitter-side pre-interference cancellation atiads:
mitters. It is therefore necessary to revisit space-domain
signal processing in the context of MIMO CR networks. In
particular, SUs need to configure their beamforming pastern
in a way that balances between their own throughput and
the interference they cause to PUs.

Multi-antenna CR networks were recently studied in [5]-
[7]. Assuming that CSI on all links is perfectly known
to the SUs, [5] formulates the SU beamforming problem
as a non-convex optimization problem. A semi-distributed
algorithm is proposed to obtain a local optimal solution
to the problem. On the other hand, [7] assumes that the
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this idealistic assumption, an opportunistic orthogaeali
tion scheme is proposed. In [6], Zhang and Liang studied



capacity-achieving transmit spatial spectrum for a single eigenvalue-eigenvector computation. That is, there is
SU, assuming that the SU has full CSI and there is no no need to solve the QCQP problem in this case.
interference from PUs to the SU. Insightful solution method \ye should emphasize that the incomplete CSI here is not
are proposed to provide better intuition that may not b@ pe confused with that in [8]—[10], where it is assumed that
obtainable from a numerical optimization perspective. The SU knows the CSI on all links, except that there may be
issue of imperfect CSI estimation is considered in [8lgncertainty in the channel estimation. Robust optimizatio
[10] for multiple-input single-output (MISO) CR networks.techniques are employed in these papers to deal with the
Therein, robust optimization problems are formulated igorst-case channel realization. The case where only channe
ensure the service qualities for both SUs and PUs aggistics is known to the SU transmitter is also studied in
satisfactory in the worst case. [10]. This is similar to a special case of the third scenario
In this paper, we study the problem of optimal secondargensidered in our paper, when the receivers have only one
link beamforming. Specifically, we aim to maximize theantenna.
throughput of the SU under the constraint that the inter- The rest of this paper is organized as follows. The system
ference to PU receivers is below a certain threshold. Hodel is described in Section II. In Section I, we formelat
contrast to the previous work [5]-[7], we consider threghe SU beamforming problem as a series of homogeneous
practical scenarios: (1) when the SU transmitter knowgCQP problems for different scenarios. The SDP relaxations
both the channel matrices from it to PU receivers and tkg these homogeneous QCQP problems are then introduced
beamforming patterns at PU receivers; (2) when the SH Section IV. In Section V, a polynomial-time algorithm for
transmitter does not know the beamformer at PU receivefgiding an optimal solution to the QCQP problem when the
(3) when the secondary transmitter knows neither the chafumber of primary users is no larger than two is presented.
nel matrices to PU receivers nor the beamforming patteris Section VI, we propose a randomized polynomial-time
at PU receivers. Note that the deterministic interferencgtgorithm to find a near-optimal beamforming solution when
temperature constraints could be too stringent if the Sidere are more than two PUs. In Section VII, the perfor-

does not have full CSI (which is the case in the second afthnce of the proposed schemes is evaluated via simulations.
third scenarios), as the SU will need to consider the worstinally, the paper is concluded in Section VIII.

case channel realization when configuring the beamformer.
Fortunately, many wireless applications can tolerate -occa
sional dips in the service quality. In order to have a more
efficient utilization of the spectrum, we can take advantage System Setup

of this opportunity and replace the deterministic constsai In this paper, we consider a CR network in which a

by probabilistic mtt_erference constraints (also referted secondary user intends to share the spectrum with a primary
as chance constraints). Chance constraints, however, are

typically tougher to deal with than deterministic constiai tsg/stergsgcgli':ilstlc:}ge?(tﬂ;ngirrllmatrﬁ/eIln:<§. 0\2/: d S‘:a”r:;%u?i a
The contribution of this paper is fourfold: b y 9 brop Pp

multiple-secondary-link scenario in Section VIII. In the

« We propose a unified homogeneous quadratically cosequel, we use the subscript to denote the secondary
strained quadratic program (QCQP) formulation thdink and the subscript to denote thek!” primary link.
can be applied to all three scenarios mentioned abovet Mg (or Ng) and My (or Ni) denote the number of
In particular, the homogeneous QCQP formulatiotransmit (or receive) antennae of the secondary and primary
can accommodate both deterministic and probabilistioks, respectively. We usdls s € CNs*Ms to denote
interference-temperature constraints. the channel matrix from the secondary transmitter to the

« The QCQP formulation, though non-convex, isecondary receiver,ad; s € CN-*Ms Hg ) € CNs*Mx
amenable to semidefinite programming (SDP) relaand Hy ; € CN:=*Mi to denote the channel matrices
ation methods. We show that the SDP relaxation admit®m the secondary transmitter to tk€ primary receiver,
no gap with the true optimal solution when the numbdrom the k** primary transmitter to the secondary receiver,
of PUs is no larger than two. A polynomial-timeand from the;!* primary transmitter to thek!” primary
algorithm is presented to compute the optimal solutiareceiver, respectively. We assume a Rayleigh fading aid ric
efficiently. scattering environment, so that the entries of the channel

o When there are more than two PUs, we propose a ranatrices are independently and identically distributadi()
domized polynomial-time algorithm that can produce eomplex Gaussian random variables with zero mean and unit
provably near-optimal solution. Numerical results showariance. As pointed out in [11], [12], in an interference-
that the solution produced by our algorithm almodimited environment, each active link should only transmit
achieves the optimal value. one data stream at a time to avoid excessive interference

o In the third scenario where the SU transmitter know® other links. In this case, we use scalats and z;, to
neither the channel matrices nor the beamformer dénote the transmitted signals by the secondary transmitte
PU receivers, we show that the optimal solution caand thek!” primary transmitter, respectively. Without loss
be obtained very efficiently through a simple matrixf generality, suppose tha{|zs|?] = 1 andE[|z;|?] = 1.

Il. SYSTEM MODEL



Let tg and rs denote the beamforming vectors at thare known to all stations. It is also reasonable to assume
secondary transmitter and receiver, respectively. Likewi that the secondary user knows its own chanHg) g at
let t;,, andr; be the beamforming vectors at the primary both transmitter and receiver sides. Moreover, the secgnda
transmitter and receiver. In particular, we hdig |2 = Ps  receiver can estimat®ls ,t, for all k by overhearing the
and|t;||3 = Pk, wherePs and P, are the transmit power transmission of primary transmitters.
of the secondary and the'" primary links, respectively. In practice, however, the secondary transmitter may not
Without loss of generality, we normalize the receive bearknow the CSI on the links between primary receivers,
forming vectors so thalirs||3 = 1 and |rx||3 = 1. Then, because primary receivers would not purposely provide CSI
the received signal at the secondary receiver after receteethe secondary system. In this paper, we are interested in

beamforming is the following three different scenarios:

K Scenario 1: The secondary transmitter has perfect knowl-
Ys = s/as,srgﬂs,stsxs-i-z Vasri Hg ptpap+ring, edge of the Vef:tOHkH.,Srk' . L

1 This scenario corresponds to a time division duplex

where as s and ag; denote the path losses from thd TDD) system in which channels are reciprocal and the

secondary transmitter to the secondary receiver and frem fifimary receivers use the same beamforming vectors for
k" primary transmitter to the secondary receiver respeke(-)th reception and transmission. In this case, the secpndar
tively, andng ~ CA’(0, NoI) denotes a circular COmp|extransm|tter can estimatl}/qr;, by overhearing the trans-

additive Gaussian noise vector at the secondary receiger. 'RISSION Of_ primary receivers. _
such, the signal to interference and noise ratio (SINR) ofrenario 2: The secondary transmitter know; s but not

the secondary link is given by Tr. ) ) )
) This scenario corresponds to a TDD system in which
N Oés,s|r§Hs,sts| primary receivers do not use the beamforming veatpr
g = T
Zszl OZS,k|I'§IHS,ktk|2 + Irsli2No for transmission.

" 9 Scenario 3: The secondary transmitter has no knowledge
_ aSaS|rS HS,StS| 1 aboutH;“s andry.

Zszl Qs k ]rgH&ktk ]2 + No ' This scenario corresponds to the case where the secondary
The secondary link's transmission causes an interférglée::/aesr no way to estimate the channel from the primary

ence signal,/a; st H, stszs at the output of thek!” ) ) .
primary receiver, resulting in an interference power of Note that in both Scenarios 2 and 3, constraints (2b) are

C)ék,S|I‘kHHk75t5|2, where ay, s is the path loss from the tnho I(l)nf?ehr ngl ‘?'def'r_‘ed- Indete_d,ftortf;\]ny glveg,c}he vtalue Of'tt
secondary transmitter to theé” primary receiver. € elt-hand-side 1S uncertain 1o the seconaary transmi

Before leaving this subsection, we emphasize that cham?gl the reqh_zatlgns afj and/og)H;“s are L:nknown.tThetLe-t th
matrices on different links are independent. Furtherntbie, Ore, arevision IS necessary. ne way Is to guarantee taa

beamforming vectors; andr; are solely determined by constralr(;tilare a_lll\;]vays Szit'Sf'ed l;egardlless doLthe reiaiEat
the channels between the nodes in the primary system,oélsrk and Hy, 5. Then, (2b) can be replaced by

the secondary system is. transparent to the primary system. .« Oék.,s|rkHHk,st5|2 < e Vk=1,.. K (3)
Therefore,t;, andr;, are independent aH;, s, Hg ¢, and R _
Hg ;. where the maximization is taken owey for Scenario 2, and

overr, andH;, ¢ for Scenario 3.
Besides the worst-case guarantee, in practical applica-

B. Objective and Assumptions . . .
) P tions, we may allow the interference to exceed a certain

In this paper, we aim to find for the secondary link theyresholde;, with a small outage probabilit§.. In this case,
optimal beamforming vectotts; andrs so that the SINR on (21 can be replaced by

the secondary link is maximized, while the interference to )
primary link k is below a tolerable thresholg.. Mathemat- Pr {ak,5|erk,5ts| < ek} >1—204 Vk=1,... K,

ically, this can be formulated as the following optimizatio (4)
problem: where the probability is taken ovey, for Scenario 2, and
s (2a) overr;, andH;, g for Scenario 3. Note that (4) is equivalent
ts,rs s to (3) whend, = 0 for all k.
S.t. ak75|erk75t5|2 < € Vk = 1,...,K(2b)
Itsll < Ps,maz (2c) c. Distribution ofr,

where Ps .4, IS the maximum transmission power of the In this subsection, we discuss the probability distributio
secondary link. Throughout this paper, we assume thatthe beamforming vector; at PU receivers. The results
the path lossesvs s, ask, aks, and oy ; do not vary will be useful later when we address the chance constraints
significantly within the time period of interest, and hence (4).



As mentionedyry is solely determined by the channelghe columns off{(_k) are independent, as they are related

between primary nodes. Consider the matrix to channel matrices on different links. Moreover, for a give
N t;, we haveh; ~ CN(0, oy ;||t;|131), thus implying that
H = [VoriHets... vOrHests, h; has independent entries. Being the transmit precoding
X -7\/0<k,KHk,KtK} vector of thej*" primary link, t; is typically a function of
= [hy,...,hy,... hg], H, ; and is independent dfl;, ;. This justifies the validity

] ) of Assumption 2.
whereay ; is the path loss from thg!® PU transmitter to _ e N -
3 » By Assumption 2, we can writél_) asH_;) = HA,

tbe k'™ PU receiver, an(hl,...,ﬁK are thg columns of h

H, which are independent of each other. #t_;, be the where

N x (K —1) matrix obtained by deleting the" column A = diag(yagil[till2s - vamr1lltr—1ll2:

of H. Then, in general, the vectey, takes the form Jariatltesllz, - varEltx ),
ry = B Wihy,

) andH is an N, x (K —1) matrix with independent standard

whereg, = m is a normalization factor that ensures{iompkex Gaussian eptries. LEt = UAV?H pe the SVD of
Ire]l2 = 1 andk“kszis a random Hermitian matrix that is H- !t is known thatU and V are isotropically distributed

independent of;. In particular, we havéW, — I for the Unitary matriced and thatU, V, A are independent [13].

matched-filter (MF) receiver, Proposition 1. r;, has the same distribution as a normalized

W,=1- ﬁ(_k)(ﬂf{k)ﬁ(_k))*lﬂf_k) (6) complex Gaussian vector as long as the random Hermitian

) _ matrix W, is unitarily invariant3
for the zero-forcing (ZF) receiver, and

o ~H 1 Proof: Being a unitarily invariant matrixW; can be
Wi = (- H{p) + NoD) (7) decomposed a¥,, = SDS¥, whereS is an isotropically
for the minimum-mean-squared-error (MMSE) receiver. Belistributed unitary matrix independent of the diagonalnrat
fore proceeding, let us state a definition and introduce tD [15]. Thus, we can writer, = —S25"hi_ gince

assumptions . [[SDSHhy|[3" ~
P ) the distribution ofh, is rotationally invariant anday, is

Definition 1. A random vectorx is called a normalized independent o8, S¥hy, has the same distribution &s,. It
complex Gaussian vectorif = ZL” wherez ~ CN(0,T). follows thatr, has the same distribution as
2
In parti_cular,_HxHQ =L A_no_rmalized _complex Gaussian SDh, Dhy,
vector is an isotropically distributed unit vector — = —.
ISDhy[l3  [[Dhy|f3

Assumption 1. The k' column ofH, i.e., hy, has the o . Dh. - o
same distribution asix, wherex is a normalized complex Upon conditioning orhy, andD, Toh 2 'S @ deterministic
Gaussian vector, and is a scaling factor. unit vector. Since multiplying any deterministic unit verct

. . ) . by an isotropically distributed unitary matrix results in a
Assumption 1 is valid for most practical MIMO systems;gqgpically distributed unit vector [15], the unit vecto,

Consger the singular value decomposition (SVDHO{ . = s jsotropically distributed for the giveh;, and D. Since
UAV'™, whereU and V are unitary matrices containingns holds for any realizations df, andD, it follows that
the left and right singular vectors, respectively, ads a . is isotropically distributed, and therefore has the same
diagonal matrix containing the singular values. It is knowgistripution as a normalized complex Gaussian vectom
that the columns ofU and V have the same distribution

as a normalized complex Gaussian vector [13]. In the cagerollary 1. r;, has the same distribution as a normalized
of single-user precoding, it is optimal to séf to be complex Gaussian Gaussian vector when an MF, ZF, or
proportional tovy, the right singular vector correspondingMMSE receiver is deployed.

to the maximum singular valug; [14]. As a resulth; is

proportional toA;u;, whereu; is the left singular vector Proof: To prove Corollary 1, all we need is to show that
corresponding to the maximum singular value. Hence, AW}, is unitarily invariant for MF, ZF, and MMSE receivers.
sumption 1 is valid. It can also be shown that the assumptiés this is trivial in the MF case, wher®; = I, we will

is valid when linear multiuser precoding is deployed.  focus on the cases with ZF and MMSE receivers.

For ZF receivers, upon substitutid,_,, = HA in (6),

Assumption 2. The entries of{(,k) are independent com-
plex Gaussian random variables.

Assumption 2 is in general valid. Indeed, itis obvious that 2A unitary matrix is said to be isotropically distributed i iprobability

density is unchanged when premultiplied by a deterministitary matrix.

1A unit vector is said to be isotropically distributed if itégjually likely 3A random Hermitian matriXW is called unitarily invariant if the joint

to point in any direction in the complex space. In other wottle vector distribution of its entries equals that WG for any unitary matrix
is uniformly distributed on a complex unit sphere. G independent oW.



we have B. Homogeneous QCQP Formulation in Scenario 2
W, — I-UARAHA)AHTH

: A(AHR\V-LXH\{7H
U - AATA)ATUT. In Scenario 2, the realization af, is not known to the
SinceU is an isotropically distributed unitary matrix, it hassecondary transmitter. In order to have a more efficient
the same distribution a6 U for any unitary matrixG that utilization of the spectrum, we can exploit the distribatio
is independent olJ. Therefore,W,, is unitarily invariant. Of rx and consider the probabilistic interference constraints
In the case of MMSE, (7) can be written &%, =

_ o vl e H 2 €Lk

U(T + NoI)-LU", whereT = AVAA2VA is a Hermi- Eg{\rk Hests| < = S} >1-0, Vk=1,.. K
tian matrix. SinceU is an isotropically distributed unitary ’ (10)
matrix, Wy is unitarily invariant. To tackle the constraints in (10), we need the following

B lemma:

Lemmal. Letr € C" be a normalized complex Gaussian
I1l. OPTIMAL BEAMFORMING AS HOMOGENEOUS vector, i.e.,r = %, wherez ~ CN(0,1) is a standard
QCQP complex Gaussian vector. Latc C" be an arbitrary vector,

and let¢ > 0,6 € (0,1) be arbitrary scalars. Then, we have
In this section, we show that the optimal SU beamforming ¢

problems that arise in the three scenarios discussed iPr {|r'ul> <(}>1-6 <= [ju|< —

Section Il can all be formulated as quadratically consedin 1—gn=t

q.“adfa“c programming (QCQP)_probIems. To bggln, Ie_t l15:'roof: Since the distribution ofr is rotationally invari-

simplify Problem (2) by exploiting the properties of its ) .
: . . . ant, we may assume without loss of generality that

optimal receive beamforming solutiary. Observe that the T h h

variablerg appears only in the objective function of Problen{HUHQ’ 0,0y O} - Ihen, we have

i i imi 2 2
(2).. Th_us, for any givertg, the opt|malx?s that maximizes Pr{’rHu‘ < C} _ Pr{HuII§ ) Hr]l\ < C}
~vs is simply an MMSE receiver [16] given by r
ri(ts) = fs® 'Hs sts, ® = Pr{<||u|§—<>uzh!2gczw[zlif}v
where & = ZkK:I OzsykﬂsyktktkHHgk + Nol, and =2
Bg = 1 is a normalization factor that ensuredvhere []; denotes thei’” entry of a vector. Note that
° o s stslla " ? has th distributi 2 h
ek (bs)l2 = 1. Zi?g |[z):|” has the same distribution #)(2(”_1)., where
Upon substitutingr (ts) into vs (see (1)), we obtain x> is the standard real chi-square random variable \2d|th
vs = asstdHY (@ THgsts = t7Atg, where A = degrees of freedom. Moreover, it is independent|of; |,

as,sHYE 3@ 'Hgs. In particular, we can eliminate theWhich has the same distribution 3s3. Hence, we have

variable rg from Problem (2) and replace the objective o2 B 9 9 9
function with the quadratic forn% Ats. Prr{‘r ul” < C} =Pr {(HUHQ —Oxz < <X2(n71)}
_ p [ 02013 ¢
X3/2 ~((n—-1)

A. Homogeneous QCQP Formulation in Scenario 1

) Now, let
Now, recall that the secondary transmitter has perfect

knowledge ofHﬁSrk in Scenario 1. With the optimalg 7 b — ot (a+b—1)! i atb—1—j
given in (8), Problem (2) becomes ala,b) = Z jla+b-1 —j)!a (1-a)
Jj=a
max t7 Ats (9a) ) ) ) ) (11)
ts be the regularized incomplete beta function. It is known tha
st. tiQits <1  Vk=1,...,K, (9b) the random variable
tgtS < PS,maza (9C) X%(nfl)/2(n - 1)
Fopno1)2=

where Q; = “22H/ r,ri’H; s are Hermitian positive X3/2

. SV k. ’ ’ .
semidefinite matrices. Problem (9) is a homogeneous QC@Hliows the so-calledr-distribution with (2(n — 1),2) de-
where both the objective function and inequality constsingrees of freedom, whose cumulative distribution function

are quadratic without linear terms. (CDF) is given byPr{Fy, _1)2 < 2} = I ;1. (n —
In subsequent subsections, we will show that similar h “1). Upon working out the summation inzfiii)xﬁe obtain

mogeneous QCQP problems can be formulated for Scenarios
2 and 3, withQ}, in (9b) replaced by some suitable matrices P E < (n—1)x et
Q? and Q}, respectively. B2 S 7} = (n—1)z+1 '



Thus, we conclude that or equivalently,

Prr{’rHu‘QSQ}Zl—(S tiQits <1 Vk=1,...,K, (15)
[ull3 - ¢ whereQ} = %25 Jog L 1. Thus, the optimal beamforming
= Pr {F2(n—1)a2 < m} <4 vectortg in Scenario 3 can be found by solving the QCQP
ull2/¢ — 1 n—1 problem (9a), (15) and (9c).
— (272) <6 We would like to emphasize that if the worst-case in-
Ilull2/¢ terference temperature constraints (3) are to be satigfied i
— [ul]2 < %, Scenario 3, i.e.d, = 0, then the only feasible solution is
1—07n—1 ts = 0. That is, the secondary transmitter can never transmit
which completes the proof. W under the overly stringent constraints. On the other hand, b
By Lemma 1, we can rewrite the chance constraints (18)Jowing a small outage probability, the secondary link
as can transmit on the same spectrum as the primary system.
) 1 € 2) Closed-Form Solution: Here, we show that the op-
IHstsllz < ——=—7 Vk=1,... K, timal t5 in Scenario 3 can be found very efficiently by a
1—6," s simple eigenvalue-eigenvector computation. Indeed,robse
which of course are equivalent to that the constraints (14) and (9c) can be combined to yield
Hoo the single constraint
tg Qits <1 Vk=1,...,K, (12)
2 . €1 €K
where T [ts]]2 S)\:mm{alyslog%"“’ozK_Slog(%’Ps’mm}'
Qi = kiakjsHkHSHhs. . ' . ’ .K .
€L ’ Thus, the optimal beamforming problem in Scenario 3,

In particular, the optimal beamforming vectoy in Scenario Which is given by
(ch;m be found by solving the QCQP problem (9a), (12) and max tH At
C). s
2
As mentioned earlier, whef, = 0, the chance constraints st [[tsllz < A,
(10) are equivalent to the worst-case constraints (3). iB1 ths reduced to the problem of finding the largest eigenvalue of
case, we hav€)? = 0‘6’15 H sHj 5. A and its associated eigenvector. Specifically,vebe the
eigenvector ofA corresponding to the largest eigenvalue.
Then, the optimal solution to (16) is simph} = VAv.
Sﬂ'ote that there is no need to solve any QCQP in this case.

(16)

C. Homogeneous QCQP Formulation and Closed-Form
lution in Scenario 3

1) Homogeneous QCQP: In Scenario 3, bothr; and
H,_ s are unknown to the secondary transmitter. Similar to IV. SDP RELAXATION
Scenario 2, we consider the following probabilistic inéssf

o We have shown in the last section that the optimal beam-
ence constraints:

forming solution can be efficiently obtained by a simple
Pr {]rkHHk,sts\Q < €k } > 1-0 Vk=1,..., K_eigenva_lue-eigenvgctor computation in Scena_rio 3. Howeve
i Hy, s Qg,s to obtain the optimal solutions for Scenarios 1 and 2,

) ) _(_13)_ homogeneous QCQP problems of the following form have
Since r;, and Hy ¢ are independent, upon cond|t|0n|nglO be solved:

on r;, we see thatr,’fHk,sts is a complex Gaussian
random variable with mean 0 and varianfes||3. Note max t Atg (17a)
that the conditional distribution of’Hj sts is inde-
pendent ofr,. It follows that uncorfditionally, we have St t§Qurts <1 Vhk=1,.. K, (17b)
v Hy sts ~ CN(0,|ts]|3). In particular, the random t§ts < P maa- (17c¢)
variable [rf H,, sts|* follows an exponential distribution
with parameterw. Note that this result holds as long
asry is a unit-lengt?h vector, regardless of its distribution.

Here, Q) is equal toQ} and Q? in Scenarios 1 and
2, respectively. Unfortunately, since Problem (17) ineslv
maximizinga convex function over an intersection &f+ 1

Since ellipsoids, it is NP-hard in general [17]. In this sectiorg w
" 2 €k €k show how Problem (17) can be tackled using semidefinite
< =1- - . .
rk,fr)lrk,s {|r’“ Hk’sts‘ - ak,s} 1-exp ( ak7s||ts|§> " programming (SDP) relaxation methods.
it follows that the chance constraints in (13) can be written 1© Pegin, observe thati Qts = tr(QX) for any matrix
as Q, where X = tgtf is a rank one Hermitian positive
62 < €k Vk=1,... K, (14) semidefinite matrix. Thus, by relaxing the rank constraint

Oék.,Slog% rank(X) = 1, we obtain the following SDP relaxation of



Problem (17): solution to (17) can be constructed from an optimal solution
f(18)i I ial time.
max  tr(AX) (18a) ° (18) in polynomial time

Xxz0 Proposition 2 establishes the existence of polynomiagtim

s.t. tr(QrX) <1 Vk=1,...,K, (18b) algorithms for constructing optimal solutions to (17) when
tr(X) < Ps maz- (18c) K < 2. In subsections V-A and V-B, we describe two such
algorithms—one for the case whefé = 1, and the other

The dual of (18) is given by for the case wherd{ = 2. Both of them are based on the

K following decomposition theorem of Huang et al. [19], [20]:
min > Yk + Psmazyr 1 (19a) : . . :
Y1y YK YK 41 Pt Theorem 1. Suppose thdZ is a Hermitian positive semidef-
K inite matrix of rank R, and\ andB are two given Hermitian
S.t. Zkak +yrxs1I— A =0, (19b) matrices. Then, there is a rank-one decompositionZof
pt namely,Z = 3% | 2,27, such thatz” Az, = “2%) and

yp >0 Vk=1,...,K+1.(19¢c) z"Bz, = @ forall » =1,2,..., R. Moreover, such a

It is known that SDP problems are convex and can be Solvg(acomposmon can be found in polynomial time.

in polynomial time using standard interior-point methods We refer the interested readers to [20] for the proof. To be
[18]. Moreover, if we can find a rank-one optimal solutiorself-contained, the algorithm for computing the decomposi
to (18), then we can extract from it an optimal solutiotion guaranteed by Theorem 1, which runs in polynomial
to the original QCQP problem (17). In this case, therdéme, is given in Algorithm 1.

is no gap between the optimal value of (17) and that of . )

(18), and Problems (17) and (18) are equivalent. Of courde, OPtimal Rank-One Solution wheii = 1

the SDP relaxation (18) is in general not equivalent to When K = 1, there are two quadratic constraints in (17),
the QCQP problem (17), as we have discarded the rangmely,t§Qits < 1 andtfts < P mq.. Let X* be an
constraintrank(X) = 1. In the next two sections, we arbitrary optimal solution to (18), which can be obtained in
will discuss how to recover a rank-one solution from apolynomial time by standard interior-point algorithms. We
optimal solution to (18). Before proceeding, however, ket tnow show how to construct a rank-one solution to (18) from
introduce the following lemma, which will be useful for ourX*. By Theorem 1, we can find a rank-one decomposition

later discussions. X* = Zle t,t2 such that
Lemma?2. Both (18) and its dual (19) satisfy the Slater 1 Qut, — tr(Q1X*) and tHt. — tr(X*)
condition, i.e., they are strictly feasible. roelbr = R T T TR

We omit the proof here due to page limit. vr=1,...,R, (21)

Remark 1. Since both (18) and (19) are strictly feawhere R is the rank ofX*. Now, choose an arbitrary,,
sible, a pair of primal and dual feasible solutionsayt;, and lett = v/Rt;. From (21) and the fact thax*
(X*5 (Y1, - -+, ¥ky)) to (18) and (19) is optimal if and only is feasible for (18), we have

if the following complementarity conditions hold: F7QuE = tr(QuEEY) = tr(QiX") < 1

r <X* <Z VE Qi+ vl - A)) _0, (208) and  £4% = 0r(@7) = (X)) < Psman. (22)

k=1 Thus, we conclude from (22) th&t* is a rank-one feasible
yr (tr(QeX*) —1) =0  Vk=1,...,K,(20b) solution to (18).

Vi1 (tr(X*) = Psmaz) = 0. (20c) Now, from the complementarity conditions in (20), we
have
V. OPTIMAL RANK-ONE SOLUTION WHEN K < 2 tr (X* (47 Q1 +y51— A))
R
As it turns out, when there are no more than two primary — Ztr (6,45 (47 Q1 + 31— A)) = 0.

links (i.e., whenK < 2), there is no gap between the ot

optimal value of the SDP relaxation (18) and that of thg. . .

original QCQP problem (17). Moreover, a rank-one optim %‘?fetgl(%*f?fli ﬁ)) tﬁ % ?gr (Tlgki)’ INe h;ve

solution to (18), and hence an optimal solution to (17§'hisT i:npililes ltha%[btr (B (7 Qu + 31— A)) o n

can be found in polynomial time. Specifically, we havec1 similar fashion. sincet Y1 %EHyQ_ A X .and

the following proposition, which follows directly from the ™ 2.5 . r(Q . ) = M,I;(Ql )

results of Huang et al. [19], [20]: br(te”) :Mtr(X ), we havey; (tr.(Qltt ) - 1) . 0
and y3 (tr(§87) — Ps,mas) = 0. This, together with the

Proposition 2. The homogeneous QCQP probléhY) can feasibility conditions in (22), leads to the conclusionttha

be solved exactly in polynomial time when the number tife rank-one matrixt? is an optimal solution to (18), and

primary links K is at most 2. In particular, an optimal t is an optimal solution to (17).



Note thatt can be computed in polynomial time, as
both X* and the decompositio’k* = Y%  t,t can be
computed in polynomial time.

Algorithm 1 Algorithm for computing the decomposition
guaranteed by Theorem 1

Input: Hermitian matricesA andB, and Hermitian positive B. Optimal Rank-One Solution whet = 2

Output: Z = Zf;lzrzf’, a rank-one decomposition of

10:
11:
12:
13:
14:
15:

16:
17:
18:

19:
20:
21:

22:

23:
24:

25:
26:
27:
28:
29:

: Compute an arbitrary rank-one decomposition]

semidefinite matrixZ with R = rank(Z). . . .
rank(Z) When K = 2, there are three quadratic constraints in

H H H
H " w(AZ) _H ~ (BZ) (17), namely,tg Qits < 1, tgQots < 1 andtgts <
Z_sulch th;}zt Az, = =3~ 2, Bz, = ==, for P5 maz- In the following, we show how to construct a rank-
=Dt one solution from an arbitrary optimal solutidd* to (18)

two different cases.

1) At least one congtraint in (18) is non-binding
at optimality: Without loss of generality, suppose that

P1,P2,-..,pr Such thatZ = Y% p,p# using,
for example, Cholesky factorization.

: Letr =1. . 2 . .
) reperat tr(Q:X*) < 1 is the non-binding constraint, while
if (pH Ap, — tr(éZ))(p?Apj B tr(gz)) > 0 for all tr(QaX )_ <1 andtr(X*) < Pg 4, Can be elther bmdmg
o or non-binding. Due to the complementarity conditions
j=r+1,...,R then
.: (20b), we must haveg; = 0. Now, construct via Theorem
A= P 1, a rank-one decompositiok* = Z L t,.t2 such that
else HOot. — tr(QzX ) andt7t, = tr(X f 1,...,R
Letl € {r +1,..., R} be such tha(pAp, — tr Qztr an orr= :
“(‘gz))(leApl _ tr(AZ)) <0. Since tr(Q1X*) = Z tHQ1 . there must exist an
Determiney such tha(pr—t-'ypl)HA(pr-t-’Ypl) — re{l,...,R}such thattﬁQ t, < “(Qix QXY Without loss
WAZ) (] 4 42), of generality, assume that= 1 and lett = v/Rt;. By the
qr .= PrEIPL and setp, := —2R-fPL same argument as in the preceding subsection, the following
end if 4y? 1472 feasible conditions and complementarity conditions hold:
if 7= R — 1 then (QuEt?) < 1, t2(E87) < Popmas,
en(c]ipif:: b tr (EEH (171 Q1 +35Qa +y31 — A)) =0,
;o1 Yo (tr(QQEEH) - 1) =0, v (tr(EEH) - Psﬂmam) =0.
until r = R -1 {Comment We have now found apjoreover, we havetr(Qt87) = R - tr(Qt:tf) <

decompositionZ = Z ", a,q/ such thatqf Aq, = tr(Qi1X*) < 1 andy; (tr(Qt8#) — 1) = 0 sincey; = 0.

w AZ) -} Hence,tt” is an optimal rank-one solution to (18) ahds
Let r=1 an optimal solution to (17).
repeat 2) All constraints in (18) are binding at optimality:
: r(BZ r(BZ
if (a'Ba, — 22 (q/'Bq; — “B2) > 0 for all \when all constraints are binding, we hawgQ;X*) =
J=r+1..., Rthen tr(QeX*) = 1 and tr(X*) = PSWH Then, we have
Zr = Ar tr((Q1 — Q2)X*) = tr((Q2 — ps DX*) = 0. In
else this case, we construct, again via Theorem 1, a rank-one

Let! € {r + 1, , R} be such thatq” Aq, — « _ R H
tr(BZ))( Bq - tr(BZ)) 0. decompositionX* = >"'" | t,t;" such that

Compute the arguments;l .= arg(qf Aq;) and t7 (Q1 — Qu)t, = tr ((Q1 — Q2)X") -0 (23)

as = arg(q”Bq;) and the modulusm = R

la’Bq|, and determiney such that(q’Bq, — and

2B2)) 42+ 279 sin(az—an )y+af Ba— @ = ((Q - —I) X)

0. tH(QQ— L I>t = ? Poimes =0

Setw = 'yei(o‘1+”/2). " PS,maw " R

z, = 9t and selq; = —dtoA . (24)

T V12 V1+y2 forr =1,..., R. Sincetr(Q;X*) = 1, there must exist an

end if re{1,...,R},sayr = 1, such thatr(Qt;t, ") = s > 0.
if =R —1then Lett = % and consequently we hawe(Q,;tt?) = 1.
enffif': - This, together with (23) and (24), leads tq(Q,tt") = 1

andtr(tt?) = Ps ... Hence,tt? is a feasible solution,

until r = 1 — 1 and the complementarity conditions in (20b) are satisfied.

Furthermore, sincéy; Q1 + y3Q2 + y53I — A) = 0, we see
that tr (887 (y7 Q1 + ¥3Q2 + y3I1— A)) = 0. Hence, we
conclude thatt” is an optimal rank-one solution to (18),



andt is an optimal solution to the QCQP problem (17)can decompos@k as Qk = Z‘j‘:l ki (fk3)H for some
Moreover,t can be computed in polynomial time. fki ¢ CMs, '

In order to study the quality of the solution returned by
Algorithm 2, we need the following lemmata:
When K > 3, there may not exist any rank-one optimal
solution to the SDP (18). Moreover, the QCQP problem (1kpmma3. Let o > 0 be given. Consider the events
is NP-hard in general, and hence it is unlikely that we can K u
extract, in polynomial time, an optimal solution to it from A,; = {¢7£% (£M)H¢ > off)3}, A= U U Agj,
an optimal solution to the SDP (18). However, as we shall k=1 j=1
see, we can generate a provably near-optimal solution to thﬁeref’w’

: . is obtained from the rank-one decomposition of
QCQP problem (17) from an optimal solution to the SD%k (see Fact 2). Then, we have

VI. RANK-ONE SOLUTION WHEN K > 3

(18) using a very simple randomized procedure.
To begin, letX* be an optimal solution to the SDP Pr
(18). DefineQgx41 = 5——1I, so that constraint (9c) is

PS,rnam

equivalent tothKHts < 1. Consider the randomized
procedure outlined in Algorithm 2 for generating a feasibl@ro‘zf,: }Cf, A does . not take place, then we have
solution to (17) fromX*. Algorithm 2 can be viewed asé £ (£)¢ < aff J_H% foral k =1,....,K + 1 and

a generalization of the procedure developed by Nemirovski= 1, - - - #- This implies that

et al. [17] for handlingeal homogeneous QCQP problems. R Hu o Hu .

Our goal now is to show that Algorithm 2 indeed returns a €7 Qi = > €7 (F¥) e <a> |43

feasible solution to (17). In fact, we will prove in Theorem 2 j=1 j=1

that the solution returned by Algorithm 2 is not only feasibl Vk=1,...,K +1. (25)

to (17), but is also likely to be a good one, in the sense that “ B2 AN ~

has an objective value that is close to the optimal valueef thﬁ)te.thalfzjzl [£%]3 = tr(QkI){f tr(Qg) < 1. Hence,
QCQP problem (17). We note that such a phenomenon dgy) implies thatmax; <p<x+1£7 Q€ < o when A does
also be observed from our simulations, as will be explain&®t ke place. This completes the proof. u
in the next section.

1<k<K+1°

max  7Qué > a} < Pr{A}.

Lemmad4. (Hoeffding’s Inequality, Complex Version) Let
X1,...,X,, be independent complex-valued random vari-
Ubles withEX; = 0 and | X;| < a; fori =1,...,n. Then,

Algorithm 2 Generate a feasible solution to (17) from a
optimal solutionX* to (18)

Input: An optimal solutionX* to the SDP (18).

Output: A feasible solutiont to (17). Pr{

for any 8 > 0, we have
1: DecomposeX* = A” A, whereA € CMs*Ms | et
A = AAAT and Q, = AQ,AF, wherek =

2% >5}§4e"p<‘4nan%)’

i=1
1,...,K + 1. It can be shown thatr(A) = tr(AX*) Where |[a]> denotes thel;-norm of the vectora =
andtr(Qk) =tr(QrX*) < 1. _ R [ay, ... aan]T'
2: Find an unitary matriXJ that diagonalizeg\, i.e., A =
UH AU is a diagonal matrix. Sef), = U7 Q,U.
3: Let £ be an Mg x 1 random vector whose entries
are independently and uniformly distributed on the un

Proof: Let X/* and X/ be the real and imaginary parts
of X;, respectively. Then, we havBX? = EX/ = 0,
W(ﬂ <a; and|X}| <a; fori=1,...,n, and

circle in the complex plane. In other words, we have n
[€]; = %, whered; is uniformly distributed between Pr ZXi >p
0 and2r. =1
4: Returnt = ———L— AfU¢ as the solution. - 8 " 8
maxy 7 QpE, < Pr XR > — » +Pr XI > — 7.
Vs, €7 Que < ; f> 5 ; >%
Before we introduce and prove Theorem 2, let us note tﬂ—ge deS|.red result then fqllovys from_ an application of the
real version of the Hoeffding inequality [21]. |

following facts:

Fact 1. [19] There exists an optimal solution to ProblemN We are now ready to present Theorem 2. It extends

(18) with rank & < K + T, where K + 1 is the number of emirovski et al’s result in [17], which is concerned with
guadratic constraints. Moreover, such an optimal solutioreal homogeneous QCQP problems, to the caseoofplex

can be found in polynomial time. P]omogeneous QCQP problems.

Fact 2. We haverank(Qj) = rank(Qy) < p := Theorem 2. The vectort returned by Algorithm 2 is well
min{v/K + 1, Mg} for k =1,... K 4+ 1. In particular, we defined and is a feasible solution to ProbléhT). Moreover,
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for any a > 0, we have show in the next section, the approximate solution is nearly
o optimal most of the time.
{tHAt >~ (AX*)} >1— 4(K + 1)pexp (_Z) ,

(26) VIlI. NUMERICAL SIMULATIONS
where p = min{v/K + 1, Mg}. In particular, with proba-
bility at least1 — 4(K + 1)# exp (—9), the objective value
of the solution returned by Algorithm 2 is at Iealstnmes
the optimal value of the QCQP problem (17).

In this section, the performance of the proposed algo-
rithms are evaluated through simulations. Throughout this
section, we assume that all stations are equipped with 4 an-
tennae. The wireless fading channel is Rayleigh distrihute
Proof: We first prove thatt is well defined, i.e., and path loss exponentequals 4. The length of the secondary
maxy<p<x4+1 &Y ng > (. To see this, note th&tHng = link is 10 meters, and’s ,,,q, iS chosen in such a way that
EHUMT AQLATUE = t7Qut, wheret = A"U¢. Since the average SNR received by each antenna at the secondary
Qx+1 > 0,it foIIows thatmaxi <p<x+1 t” Qyt, and hence receiver is 10dB, if there is no interference. We also assume
maxy<p<x4+1 &Y Q.¢, must be strictly larger than zero.  that all primary users transmit at pow&% ... Likewise,

Now, observe that the transmit beamforming vectog of primary uselk are set
1 to be the dominant right singular vectorHf, .. Meanwhile,
t7Qut = #fHUHAQkAHUﬁ the primary receivers use MMSE beamforming vectors, as
) maxy é Qit given in Subsection II-C. Unless otherwise stat&djs set
= — Q< to 1% for all k¥ in Scenarios 2 and 3. Each point in the
maxy, 7 Q. figures is an average of 50000 independent simulation runs.
fork=1,..., K+ 1. It follows thatt is a feasible solution
to (17). A K—2
Next, we compute
1 N We first investigate a network with one secondary link and
t At = — ¢ A¢ two primary links. The primary links are placed such that
maxy, §7Qi¢ the distances between the secondary transmitter and the two
= %H(g — %tr(AX*), primary receivers are 15 and 13 meters, respectively, while
maxy, EH Q€ maxy T Q€ the distances between the secondary receiver and the two

primary transmitters are 12.4 and 12.7 meters. As discussed
in previous sections, the optimal beamforming soluttgn
can be found in polynomial time in this case.

In Fig. 1, the optimal SINRy; = (t%)" At% (in dB

Pr{ max gH(ng > a} < 4(K + Dpexp (_%) ' scale) is plotted against,, when f\,—ko varies from 0 to 10

where the second equality is due to the fact tAatis a
diagonal matrix and[¢];|*> = 1 fori = 1,..., Ms. Hence,
to prove the bound in (26), it suffices to show that

1<k<K+1 dB for all k. It is not surprising to see that; increases with
N (27)  the increase of the tolerable interferengeat the primary
Now, by Lemma 3, we haV@f{man "QuE > a} = receivers. Meanwhile, the more channel information at the
Pr{A} < Zk Pr{A};}. Moreover, SmCéE{[ lilfF)} = secondary transmitter, the higher the SINR at the secondary
0 and|[¢]; [fka] | = |[£*9);] for i = 1,..., Mg, we have receiver, especially when, is low. Noticeably, the SINR
. gap between the three scenarios narrows whencreases.
Pr{Ay;} = Pr{lc""| > \/a||fkj|\2} This is because when the primary users can tolerate higher

Ms

> lElE

i=1

o interference levels, the secondary user can spend less effo
= Pr{ > \/_||fk7|2} < 4dexp (_Z) in eliminating interference to the primary users. Hence, th
advantage of knowindI; ¢ andr; becomes less obvious.

by Lemma 4. This establishes (27) and hence the bound irFig. 2 illustrates the tradeoff between the optimal SINR
(26). ~& of the secondary link and the outage probability of

Finally, the last statement in the theorem follows from thhe primary links. It is not surprising that in both Scenario
observation thatr(AX*) is an upper bound on the optimal2 and 3, the secondary link can achieve a higher SINR when
value of the QCQP problem (17), as (18) is a relaxation @fe primary links can tolerate a higher outage probability.
(17). This completes the proof of Theorem 2. |

Before leaving this section, we emphasize that the optimal
beamforming vectoty can always be found efficiently in K =4
Scenario 3 through a matrix eigenvalue-eigenvector com-We now simulate a network with one secondary link and
putation, regardless of the number of primary links. Ifour primary links. The distance between the secondary
Scenarios 1 and 2, however, the optimal solution can bransmitter and the four primary receivers are 20, 18, 15
obtained in polynomial time only wheR is no larger than and 13 meters, while that between the secondary receiver
two. Otherwise, we can only find an approximate solutioand the four primary transmitters are 16, 14, 12.4 and
in polynomial time via Algorithm 2. Fortunately, as we will13.2 meters, respectively. With four primary links, only
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Fig. 2. Tradeoff between SINR and outage probabififywhene, /No =  Fig. 4. Tradeoff between SINR and outage probabififywhene;, /Ny =
5dB and K = 2. 5dB and K = 4.

approximate solutions can be obtained in polynomial time A Grid Network with 9 Primary Links
in Scenarios 1 and 2, as discussed in Section VI.

In Fig. 3, the randomized algorithm in Algorithm 2 is In this subsection, we consider a network with 9 primary
carried out to obtain the beamforming vector in Scenaridisks arranged in a 70-by-40 meter grid as shown in Fig. 5.
1 and 2. The optimal beamforming vector in Scenario Bhe length of each link is equal to 10 meters. The secondary
is obtained through an eigenvalue-eigenvector compuratidink is randomly placed in the area. In Fig. 6, SINR at the
For comparison, we also plot the optimal value of the SD#econdary receiver is plotted agairfgt. Each point in the
relaxation (18), which is an upper bound on the maximugurve is an average of 20000 independent secondary-link
achievable SINR. As the figure shows, the randomizglacements.
algorithm performs very close to the optimum. The achieved Again, the figure shows that Algorithm 2 performs very
SINR almost overlaps with the upper bound of the optimalose to the optimum. The achieved SINR almost overlaps
SINR. Meanwhile, similar conclusions drawn from Fig. lwith the upper bound of its optimal value. With full CSI,
also apply here. Scenario 1 can achieve a much higher SINR than Scenarios

The tradeoff between? anddy, in the four primary link 2 and 3, especially whes, is small. The better performance,
case is illustrated in Fig. 4. Recall that in Scenario 3, tHeowever, comes at a price. In practical systems where full
only feasible solution when;, = 0 is tg = 0. Fortunately, CSI is not available, one has to resort to the schemes
the achievable SINR in Scenario 3 increases rapidly with developed for Scenarios 2 and 3 to achieve the maximum
as long asy, > 0, as shown in both Fig. 1 and 3. SINR.
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40— : e ———> algorithm (Algorithm 2) as established in Section VI and
its practical performance as demonstrated in Section VII.

This can be attributed to the fact that the main theoretical

30 ' ‘ result in Section VI, namely Theorem 2, only provides
a worst-caseguarantee on the performance of Algorithm
2. In other words, the guarantee is valid regardless of

20— —> —> g g

the distribution of the input data. However, in the setting
of MIMO CR networks, the input data follow a specific
10 probability distribution, and the worst-case instance mety
arise too frequently. It would be interesting to see whether
one can obtain better theoretical guarantees by performing
oﬁo 20 3ﬁ0 50 60_?0 a probabilistic analysisof the performance of Algorithm 2
(see [22] and the references therein for related work).
—> Aprimarylink 5o far, we have considered one secondary link only.
However, the proposed schemes can be easily extended to
Fig. 5. Placement of 9 primary links. a multiple-secondary-link system with the aid of medium-
access-control (MAC). Suppose that there is a narrowband
busy-tone channel in addition to the data-transmission-cha
nel. When a secondary link wishes to transmit a packet,
it first senses the channel to see whether there is another
$ secondary link transmitting. If not, it sends a short busy
| tone on the busy-tone channel to reserve the airtime. Other
secondary links, upon hearing the busy tone, will keep silen
during the airtime reserved by the transmitting link. Havin
successfully reserved the airtime, the link will then start
transmit its data packet on the data-transmission channel.
In case more than one secondary transmitter sends busy
tones at the same time, a collision has occurred on the
busy-tone channel and the secondary transmitters will each
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T © ﬁ;’;‘:rvsgusn'ygn the optimal SINR ] wait for a random time period before attempting again. By
5 ‘ ‘ ‘ ‘ doing so, it is guaranteed that there is only one secondary
0 2 ¢ eI, (6B) 6 8 10 link transmitting data packets at a time, and the proposed
optimal beamforming methods can be applied. For practical
Fig. 6. SINR at the secondary receiver vs,/No when K = 9. implementation, we can adopt the random-access protocols

in IEEE 802.11 wireless local area networks (WLANS), such

as RTS/CTS DCEF, to coordinate the contention on the busy-
VIIl. CONCLUSIONS ANDDISCUSSIONS tone channel.
Note that multiple secondary links can also coexist with-
t the aid of a MAC protocol by properly configuring their
Meamforming vectors, preferably in a distributed manner.
this case, secondary links interfere with each other, and
us the optimal beamforming problem becomes much more

In this paper, we considered optimal secondary-lin&
beamforming in MIMO CR networks when the secondar,
transmitter has complete, partial, or no channel knowled
on the links to primary receivers. We proposed a unifiei
h_omogeneou§ Q(.:QP formula_t!on f(_)rall three scenarios wi allenging. We will address this problem in our future
either deterministic or probabilistic interference-teargture

. ; research.
constraints. In Scenario 3, the QCQP problem reduces to a
matrix eigenvalue-eigenvector computation problem, Wwhic
can be solved very efficiently. For Scenarios 1 and 2, we
approached the QCQP problem by SDP relaxation. Notablyi] S. Haykin, “Cognitive Radio: Brain~Empowered WireleSsmmu-
the SDP relaxation admits no gap with the true optimal nications,” [IEEE Journal on Selected Areas in Communicatjord.

| hen th than © . links. In this,. 23 0 2 pp. 201-220, 2005,
value when .ere are no mor.e an V_VO primary links. in thi ] J. M. Peha, “Sharing Spectrum Through Spectrum PolicjoiRe
case, the optimal beamforming solution can be computed in and Cognitive Radio,’Proceedings of the IEEE/ol. 97, no. 4, pp.

polynomial time. When the number of primary users exceeds  708-719, 2009. , ,
3] R. Tandra, S. M. Mishra, and A. Sahai, “What is a Spectruafetand

two, we proposed a randomized polynqm|al-t|me_algorlthnji What Does it Take to Recognize One®roceedings of the IEEE
that can construct a provably near-optimal solution to the vol. 97, no. 5, pp. 824-848, 2009.
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