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INTRODUCTION
We consider the following robust beamform-
ing problem with interference temperature con-
straints in a cognitive radio network:

max
w∈CN

min
i=1,...,M

|hHi w|2/σ2
i

s.t. max
‖δj‖≤dj

|wH(aj + δj)|2 ≤ η2j , j = 1, . . . , J,

‖w‖ ≤ P,

• w ∈ CN is the beamforming vector;

• hi is the channel between SBS and the ith
SU;

• aj is the estimated channel vector between
the SBS and the jth PU;

• δj is the estimation error bounded by dj ;

• P 2 is the average transmit power.

The interference temperature condition is equiva-
lent to the following deterministic version:

dj‖w‖+ ‖aHj w‖ ≤ ηj , for j = 1, . . . , J.

Then, convert this problem into the real domain:

min
w∈R2N

max
i=1,...,M

wTGiw

s.t. dj‖w‖+ ‖aTj w‖ ≤ ηj , for j = 1, . . . , J,

‖w‖ ≤ P.

LPA-SD: LINEAR PROGRAMMING-ASSISTED SUBGRADIENT DECENT

We define
• fi(w) = wTGiw, i = 1, . . . ,M , and F (w) =

maxi=1,...,M fi(w);

• δ-active objective functions set: Iδ(w) :=
{i ∈ {1, . . . ,M} : fi(w) ≥ F (w)− δ};
• ε-active constraints set: Iε(w) := {j ∈
{1, . . . , J + 1} : gj(w) ≥ (1− ε)ηj};
• ε-tangent space at w: Tε(w) = {x ∈ R2N :
xT∇gj(w) = 0, j ∈ Iε(w)};
• projected gradient onto Tε(w): pi(w) = (I −
UUT )∇fi(w).

Then solve the following LP

max
t,λ

t

s.t. pi(w)T
∑

i∈Iδ(w)

λipi(w) ≥ t,

i ∈ Iδ(w), λ ∈ ∆|Iδ(w)|.

Find the Armijo-type stepsize,

θ̄ = max
l≥0
{θl : F (c(w − θld)) ≤ F (w)− γθlt∗},

where 0 < θ < 1 and 0 < γ ≤ 0.5. Here, c
is a scaling parameter to ensure the feasibility of
w̃ := w − θld.

EndStart

w, ε, δ
stopping
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find Iδ(w)
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if
‖d‖ > δ
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ε = ε/2

ADMM
Firstly, introducing the auxiliary and slackness
variables to split the constraints

min
w,t,x,y,z,u,v

t

s.t. ‖xi‖ − ui =
√
−t, i = 1, . . . ,M,

dj‖y‖+ ‖zj‖+ vj = ηj , j = 1, . . . , J,

xi = HT
i w, i = 1, . . . ,M,

y = w, zj = AT
j w, j = 1, . . . , J,

‖y‖ ≤ P, u ≥ 0, v ≥ 0.

Write down the augmented Lagrangian function
and apply the standard multi-block ADMM.

NUMERICAL RESULT

We generate the data as follows:
• hi ∼ CN (0, I) follows the standard complex

normal distribution;
• PU’s estimated channel aj ∼ CN (0, I/

√
N);

• noise variance σi = 1 for all users;
• the transmit power P = 1;
• the upper bounds of IT η = d + n, where
n ∼ U(0, 1) and d ∼ U(0, 1).

Besides, we randomly choose the same initial
point, and set the same stopping criterion as

|F (wk)− F (wk−5)|/|F (wk)| ≤ 10−4, k ≥ 5.

We repeat the tests 100 times and take the average.
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Figure 1: The worst SUs’ SNR and computation time
scale with N while M = 50 and J = 3.
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Figure 2: The worst SUs’ SNR and computation time
scale with M while N = 30 and J = 3

NUMERICAL RESULT
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Figure 3: Small-size robust MIMO: (1) M = 5, J = 3;
(2) N = 5, J = 3.


