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Abstract

In millimeter wave (mmWave) systems, it is challenging to ensure the reliable connectivity of
communication due to the high sensitivity to the presence of blockages. In order to improve the robust-
ness of mmWave systems under the presence of random blockages, multiple reconfigurable intelligent
surfaces (RISs) are deployed to enhance the spatial diversity gain, and robust beamforming is then
designed based on a stochastic optimization for minimizing the maximum outage probability among
multiple users to ensure fairness. Under the stochastic optimization framework, we adopt the stochastic
majorization—minimization (SMM) method and the stochastic successive convex approximation (SSCA)
method to construct deterministic surrogate problems at each iteration for new channel realizations,
and to obtain closed-form solutions of the precoding matrix at the base station (BS) and the passive
beamforming vectors at the RISs. Both stochastic optimization methods are proved to converge to the
set of stationary points of the original stochastic problems. Finally, simulation results show that the
proposed robust beamforming in RIS-aided systems can effectively compensate for the performance
loss caused by the presence of random blockages, especially when the blockage probability is high,

compared with benchmark solutions.
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I. INTRODUCTION

Millimeter wave (mmWave) communication is expected to be a promising technology to meet
the growing demand for data rate in current and future wireless networks due to the abundant
spectrum available at high frequencies. High frequency communication inevitably has severe
attenuation, but this can be compensated by an array of reasonable size containing a large number
of antennas due to the small wavelength [I]]. In addition, the high-directional beams of large
arrays are capable of mitigating the inter-user interference. However, mmWave communication
systems suffer from high penetration loss [2]]-[4]. Hence, mmWave systems are much more
susceptible to the presence of spatial blockages than sub-6 GHz systems, and the reliability of
the communication links for the entire network cannot always be guaranteed [2/]-[4]].

In particular, spatial blockages can be divided into static blockages (e.g., buildings and other
immobile fixtures), dynamic blockages (e.g., humans, vehicles, or moving obstructions) and
self-blockages (e.g., hand blocking of the user itself and blockage from other body parts). Some
statistical models are established to characterize the properties of the random dynamic blockages
and self-blockages [3]-[5)]. The authors of [6]] have developed a distance-dependent blockage
probability model, in which the probability of link blocking increases exponentially with the link
length. Furthermore, and proposed a mechanism to predict the blockage probability via
machine learning. When the blockage probability is obtained, some robust beamforming design
strategies have been proposed in the recent literature [9], [10] to address channel uncertainties
caused by the presence of random blockages. Specifically, the authors of [9] proposed a worst-
case robust beamforming design for application to coordinated multipoint (CoMP) systems
in which all possible combinations of blockage patterns were considered. Due to the high
computational complexity of the ergodic method in [9], an outage-minimum strategy based
on a stochastic optimization method was proposed for CoMP systems in [10] to improve the
robustness of mmWave systems. The idea of adopting multiple base stations (BSs) in CoMP
systems is effective to compensate for the performance loss caused by the presence of random
blockages by exploiting spatial diversity gains. However, this will incur excessive hardware

cost and power consumption. Another promising scheme proposed in is to deploy cost-



efficient reconfigurable intelligent surfaces (RISs) in mmWave systems to create an alternative
communication link via the RISs.

Due to the promising advantages in terms of providing energy- and spectral-efficient com-
munications, RISs have attracted extensive research attention from both academia and industry
[12]-[15]. An RIS is a thin surface consisting of nearly-passive and reconfigurable reflecting
elements, which reflects the impinging radio waves without adopting radio frequency (RF) chains.
The passive elements on the RIS can be tuned to alter their electromagnetic response such that
the signals reflected from an RIS can be constructively superimposed to enhance the signal power
at the intended receiver or destructively combined to avoid the information leakage to undesired
receivers. These characteristics make RISs appealing to be applied in various communication
systems as shown in [16]. For instance, RISs can be applied in single-cell multiple-input and
multiple-output (MIMO) systems [17]-[21]], multicell MIMO communications [22]], simultaneous
wireless information and power transfer (SWIPT) systems [17]], [23]], secure communications
[24], mmWave systems [23]-[28] and THz systems [29], [30].

Although the performance advantages of deploying an RIS in mmWave systems have been
demonstrated in recent contributions, there still exist major open problems to solve. The authors
of [26] only considered the BS-RIS-user channels and assumed that the direct BS-user commu-
nication links were completely blocked by obstacles. However, this assumption only applies to
the case of static blockages with outage probability of 1, but not to the case of dynamic blockage
with outage probability varying between 0 and 1 [2]-[4]]. The numerical results in showed
that the gain from additional reflection channels could compensate for the performance loss
caused by the presence of random blockages, but the impact of blockages was not considered
in the beamforming design. Most recently, we have considered the robust beamforming design
for RIS-aided mmWave communication systems in [11]] by taking the random blockages into
consideration. However, the objective function therein is to minimize the sum outage probability,

which cannot ensure the fairness for all the users.

A. Novelty and contributions

Against the above background, this paper proposes a robust transmission strategy in an RIS-
aided mmWave communication system to deal with the channel uncertainties caused by the
random blockages while ensuring the fairness among the users. Some common approaches to

handle the imperfect and partial CSI problem are the outage constrained robust optimization



and the worst-case robust optimization techniques [31]. However, both of them still need the
estimation of the instantaneous CSI, and the worst-case robust method is conservative and
hence suboptimal due to the low probability of occurrence for the worst case. An alternative
approach is to design the robust beamforming by optimizing the statistical performance under a
stochastic optimization framework in which only the long-term CSI is required. In what follows,
we propose a maximum outage probability minimization problem to be solved by using the
stochastic optimization framework.

Specifically, the main contributions of this work are summarized as follows:

« To the best of our knowledge, this is the first work exploring the robust beamforming design
for an RIS-aided downlink multiuser mmWave system with the knowledge of long-term CSI
and blockage probability. Specifically, our optimization objective in this work is to minimize
the maximum outage probability of all the users. Different from the sum outage probability
minimization problem in [I0], [11]], the min-max outage probability objective can ensure
the quality of service (QoS) performance for the worst-case user in the downlink multiuser
system. Due to the non-differentiable objective function, the stochastic gradient descent
(SGD) method adopted in [10], cannot be directly applied. To resolve this problem,
two more general and powerful stochastic optimization frameworks are adopted to jointly
optimize the active precoding at the BS and the passive beamforming at the RISs.

o The single user case is firstly considered to obtain insights for the robust beamforming
design by minimizing the outage probability in the presence of long-term CSI and ran-
dom blockages. Due to the non-deterministic expression of the probability function in the
objective function, we replace it with an expectation function over the long-term CSI and
blockage probability. Then, the inner step function in the expectation is approximated by a
smooth function which is twice differentiable for the precoding at the BS and the passive
beamforming at the RISs, respectively. The resulting expectation optimization problem is
solved by adopting the stochastic majorization—minimization (SMM) method in which an
upper bound surrogate function of the original differentiable function is constructed for a
new channel realization at each iteration. The constructed surrogate problem has closed-
form solutions and is computationally efficient. We prove that the proposed SMM method is
guaranteed to converge to the set of stationary points of the original expectation minimization
problem.

o The robust beamforming for a more general multiuser case is designed by solving a maxi-



mum outage probability minimization problem. To tackle the non-differentiability of the max
objective function, we firstly replace it with its log-sum-exp upper bound. The stochastic
successive convex approximation (SSCA) method is then adopted, which has more flexibility
in the choice of the surrogate function than the SMM method, and generates closed-form
solutions at each iteration. Furthermore, we prove that the final solution generated by
the iterative algorithm is guaranteed to converge to the stationary point of the original
expectation minimization problem.

o We demonstrate through numerical results that the proposed robust beamforming algorithm
outperforms its non-robust counterpart and the robust beamforming in conventional RIS-free
systems both in terms of maximum outage probability and minimum effective rate if the
blockage probability is high. Moreover, deploying multiple small-size RISs is shown to be
more effective than deploying a single large-size RIS in terms of improving the performance

of the worst-case user.

The remainder of this paper is organized as follows. Section II introduces the system model.
The outage probability minimization problem is formulated for a single-user case in Section III.
Section IV further investigates the min-max outage probability problem for the multiuser system.
Finally, Sections VI and VII report the numerical results and conclusions, respectively.
Notations: The following mathematical notations and symbols are used throughout this paper.
Vectors and matrices are denoted by boldface lowercase letters and boldface uppercase letters,
respectively. The symbols X*, XT, X!, and ||X||» denote the conjugate, transpose, Hermitian
(conjugate transpose), Frobenius norm of matrix X, respectively. The symbol ||x||» denotes 2-
norm of vector x. The symbols Tr{-}, Re{-}, |-|, A(-), and Z(-) denote the trace, real part,
modulus, eigenvalue, and angle of a complex number, respectively. diag(x) is a diagonal matrix
with the entries of x on its main diagonal. [x],, means the m-th element of the vector x. The
Kronecker product between two matrices X and Y is denoted by X ® Y. X > Ymeans that
X —Y is positive semidefinite. Additionally, the symbol C denotes complex field, R represents
real field, and j = \/—1 is the imaginary unit. The inner product (e, e) : CM>*N x CM*N 5 R
is defined as (X,Y) = R{Tr{X"Y}}.
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Fig. 1: Multiple RIS-aided mmWave communication system.

II. SYSTEM MODEL
A. Signal Model

As shown in Fig. [Il we consider an RIS-aided downlink mmWave communication system. In
order to ensure high QoS for the users in the presence of random blockages, U RISs, each of
which has M passive antennas, are deployed to assist the communication from the BS equipped
with IV active antennas to K single-antenna users (denoted by K £ {1,..., K}). The RISs are
assumed to be connected to controllers that exchange control information with the BS through
dedicated channels [17], [22]. The baseband transmitted signal at the BS is x = F's, where
s € CE*1 ~ GN(0,1) is the Gaussian data symbol vector and F = [f}, ..., fx] € CV*K denotes
the full-digital beamforming matrix. The baseband transmit power is limited to the total transmit
power P,,... Hence, F belongs to the set 8; = {F | ||F||%< P }-

Let hy,, € CV1, H, € CM*V and h,; € CM*! denote the channels of the BS-user £,
BS-RIS wu, and RIS w-user £ links, respectively. Then, the received signal intended to the k-th
user is expressed as

U
Ui = (hgk +) hﬁkEuHu) X + ng, (1)

u=1

where 1, ~ CN(0, o) is the additive white Gaussian noise (AWGN), and E,, = (diag([e(u—1)r+1, - - - » €unr])
is the reflection coefficient matrix (also known as the passive beamforming matrix) of the u-th
RIS. Element €(,_1)ps4m is the unit modulus coefficient of the m-th phase shift at the u-th RIS,
and ¢ € [0, 1] indicates the reflection efficiency. Here, it is assumed that ( = 1 for investigation

of the performance upper bound of RIS.



Furthermore, after defining the compact matrices hy, = [hil;, ... hy,]" and H = [HY, ... Hp|",

diag(hihH
we obtain the equivalent channel G = g(Hk) € CWM+)xN petween the BS and the
hy,
k-th user. The corresponding equivalent reflection coefficient vector is givenby e = [e1, ..., eyt €

CWM+1)x1 which belongs to the set 8, = {e | le,|?= 1,1 <m < UM, eypr1 = 1}. Then, (D)

can be rewritten into a compact form as
yr = e"GyFs + ny, (2)

and the corresponding achievable signal-to-interference-plus-noise ratio (SINR) is

e'Gfy|?
L (Fe) = ot ()
> iz €GP 40}

B. Channel Model

It is important to mention that the perfect instantaneous CSI of a mmWave system is difficult
to obtain due to the passive implementation of the RIS reflecting elements. More specifically,
estimating the full instantaneous CSI for all links would inevitably require a large training
overhead. In this work, since the channel modeling of the RIS-related links is the same as the
traditional wireless channel modeling [32]], we adopt a Saleh-Valenzuela (SV) channel model
[33] to characterize the mmWave channels where only the large-scale fading characteristics is
required during the transmission design. In particular, it is assumed that the uniform planar array
(UPA) is deployed on the BS and each RIS. The steering vector of the UPA is a (¢, ¢) in which
©(¢) denotes the azimuth (elevation) AoD and the angle-of-arrival (AoA) of the transceivers.
We assume that there are Ly, ;, L, ; and Ly, sparse scatterers for the BS-user %, the RIS u-user
k and the BS-RIS w« links, respectively, and each of the scatterers comprises / subpaths. Thus,

the mmWave channels can be expressed as

Ly,
o AoD AOD AoD AoD
hb,k = 9 (@b k,00 Pb.k 0 IL E 91 g <Pb ki Pb k,l,z) ,Vk, “4)
bk =]
i=1
. AoD AoD AoD AoD
h, = go (‘Pu k00 Puk, 0 IL E E 9 ‘Pu ki uklz) , Vk, Vu, %)
wh 1 =1
. AoA [ AoA AoD AoD
Hu—go (‘PuOv uO) (SObo ) bO)
Lb u I

ST ghra (b o) a (oA o) v (©)
b,u

=1 i=1



where, by denoting an arbitrary element ¢ € {(b, k), (u, k), (b,u) }vx v then gia (0257, ¢25°)

is the line-of-sight (LoS) component with fading coefficient following the distribution g§ ~
CN(0, ¢ 10%), where ({ = 745 1s the power fraction that corresponds to the Rician factor &,
and PL is the distance-dependent large-scale fading model. The remaining paths are the line-of-
sight (NLoS) components whose fading coefficients follow the distribution gﬁi ~ CN(0, ¢} 10%)
with power fraction (/' = 7

We assume that the user’s locations are quasi-static over milliseconds or even seconds. There-
fore, the large-scale fading characteristic parameters, such as the distance-dependent path loss,
the numbers of clusters, their power fraction, the cluster central angles and angular beamspreads,
change relatively slowly and can be perfectly known by the BS. However, the instantaneous
CSI, given by {hy,;, h, ;, H,}lI, vary during the transmission due to the rapidly varying small-
scale fading coefficients {gg, g;{i}, AoDs and AoAs according to an ergodic stationary process.
These AoDs and AoAs can be generated according to a Gaussian distribution, whose expectation
values are the cluster central angles and variance values are the angular spreads [34]].

Based on the fact that the communication links in the mmWave frequency band are sensitive
to the presence of blockages, most existing contributions considered a worst-case scenario where
the BS-user links are completely blocked by the obstacles during the whole transmission, while
the RIS-related links are not affected by blockages since the locations of the RISs can be
appropriately chosen to ensure line-of-sight transmission. However, this assumption may be
impractical in many scenarios. Traditionally, blockage effects are incorporated into the shadowing
model, along with reflections, scattering, and diffraction [5]. In contrast, we adopt a recently
proposed probabilistic model [10]] to characterize the channel uncertainties caused by the presence
of random blockages. In particular, by introducing the blockage parameters wy; € {0,1},0 <

[ < Ly, Vk € X, which are random variables following a Bernoulli distribution with a blockage

probability of py, the channels in @) for the BS-user links are modified to

1 Ly I
. b,k AoD AoD b,k AoD AoD
hy, , =wk 09" @ (Sﬁb,k,m b,k,O) + \/; E Wl E :91,1' a (Sob,k,z,ia b,k,l,z’) , Vk, (7)
=1 i—1

Analytical results show that the probability of link blocking increases exponentially with the link

length [3]], thus we adopt a distance-dependent blockage probability model given by px(dy) =

'"With the knowledge of long-term large-scale fading characteristic parameters, each sample of {hy, 1, hy x, H,} can be

obtained by generating {g¢, glq,i}, AoDs and AoAs according to their Gaussian distribution.



max(0, 1 — e~doutditbout) \where physical distance parameter d;, between the BS and user k can

be extracted from the estimated CSI by the BS, and parameters a,,; and b,,; are fit from the

data [6].

C. Problem Formulation

To account for the presence of random blockages and to enhance the QoS of the users, we
design a robust beamforming by minimizing the maximum outage probability among all users

over the random CSI. The formulated optimization problem is given by

min max Pr{T; (F,e) < w} (8a)
st. Fes§; (8b)
e <., (8¢)

where the outage probability Pr{I';, (F,e) < 7} is the probability that the SINR I';, (F, e) of the
user k is less than the SINR reliability threshold ~; for all possible realizations of the random
channel G =[Gy, ..., Gg|.

Compared with the sum outage probability minimization problem in [L1]], the objective func-
tion in (8) can ensure the fairness among the users. However, due to the min-max function, the
objective function is not smooth or differentiable, and the algorithms in cannot be directly

applied.

III. SINGLE-USER SYSTEM

In this section, we consider a single-user system model in order to obtain some design insights.

By setting K = 1 and dropping the user index, Problem () is simplified to

nigin Pr{l (f,e) <~} (9a)
s.tt. fe Sf (9b)
ec 8. 9¢)

A. Problem Reformulation

The probability Pr{I' (f,e) < ~} has no closed-form expression and thus the problem in

@) is prohibitively challenging to be solved directly. An alternative solution is to replace the
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probability function with an equivalent expectation function, i.e., Pr{I'(f,e) < 7} = Eg[Ir<,]
where <, is the step function of the event I' < «. By doing so, various stochastic programming
techniques can be used. However, the step function is discontinuous, and the existing stochastic
programming methods cannot be directly applied.

To resolve this issue, we approximate the step function with a smooth approximating function

1

)= e

(10)

where x = v — [" and 0 is the smooth parameter controlling the approximation error.

By defining f (f,e|G) = u (yo? — |e"Gf|?), a convenient approximation of Problem () is

min_ g(f.e|G) = E[f (£,e|G)]. (1)

fESf,eESe

B. Stochastic Majorization-Minimization Method

A simple approach for solving the above problem is the sample average approximation (SAA)
method. However, the SAA method is computationally prohibitive since it requires large-sized
memory storage due to the fact that the solution obtained at each iteration is calculated by
averaging over a large number of channel realizations. To overcome these difficulties, we adopt
the widely used SMM [33]] (also known as stochastic successive minimization [36]) method in
which a well-chosen upper bound approximation of the function f(f,e|G) for a new channel
sample is constructed at each iteration and the solution is obtained on the average of the new
channel sample and the others generated in previous iterations.

The standard of constructing the upper bound approximation function of f(f, e|G) is to make
the corresponding surrogate problem easy to solve and even obtain the closed-form solutions. In
particular, denote x € {f, e} that belongs to S, € {S;, 8.}, the surrogate function f(x,x""'|G)

1

of f(x|G) around any feasible point x*~! needs to satisfy the following assumptions [36].

Assumption A

(A1): f (x,x""!|G) is continuous in x for ¥x'~' € §,.

(A2) : f(x1 x7YG) = F(xTHG),vx ! € 8,
(A3) : f(x,x1G) > f(x|G),vx,x" ' €8,.
(A4) : f'(x'7YG;d) = f (x'7YG;d), for all X'~ € 8, and feasible directions Vd at x' .
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f(x*"'|G;d) defines the directional derivative of f(x'~!|G) in the direction d and is given by

fXTT 4 MIG) - fxTNG)
< :

The Assumptions (A2)-(A3) indicate that the surrogate function f(x,x"!|G) is a locally

' i1 . _ 1

upper bound of the original function f(x|G) around the feasible point x'~!. Assumption (A4) is
a derivative consistency condition. To ensure the convergence of the SMM algorithm, we further
make the following assumptions [36].

Assumption B
(B1) : The feasible set S, and channel realizations are bounded.

(B2) : The functions f(x,x''|G) and f(x|G), their derivatives, and their second-order
derivatives are uniformly bounded.
Since the variables f and e are highly coupled with each other, we adopt an alternating

optimization (AO) method to update them. Based on the above assumptions, the variables f and

e are updated by solving the following two SMM subproblems:

£ —argmln —Zf f,£71|GY), (12)
and
- z 1
e" —arggrélslz Zf [ (13)

Here, G', G2, ... are some independent samples of the random equivalent channel G. f (f, fi=|G)
is a surrogate function corresponding to f when e is given, while f (e, e "!|G) is the corre-
sponding surrogate function of e with given f.

1) Optimizing f: First, we construct f (f,f"~'|G’) satisfying Assumptions A and B, which

is shown in the following lemma.

Lemma 1 For the twice differentiable function f(f|G"), we construct its second-order upper

bound approximation around any fixed £'=, which is given by
F(£,£71G7) = 2Re {dj;Hf} + ot |£|[2+const’, (14)
where

d} =m} —aff" ", (15a)
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_96—9xi

mi — : Gi,He’i—lei—LHGifi—l’ (15b)
! (1+ e0a)?

= 702 _ |ei—17HGifi—l|2’ (15¢)

g0 i—1,H i (vi,H ji—12
oszEPmam\e TG'GH e T (15d)
consts = f(F'|GY) + || £][2—2Re {mj;Hfi—l} . (15¢)

Proof: See Appendix [Al [ |
By using (I4) and ignoring constants, the subproblem in (I2)) for updating f is formulated as

: RS i,H LS 2

?611%1;1 2Re{g;df f}+g2af||f||2. (16)

Problem (16) is convex and can be solved by computing its Lagrange function given by

n

B 1 iH
L(f,k) = 2Re {n de f} Zaf||f||2+“ (15~ Prnaz) » a7

i=1
where x > 0 is a Lagrange multiplier associated with the power constraint. By setting 0L(f) /0f* =

0, the globally optimal solution of f at the n-th iteration is derived as

f" = dZ 18
K+ 5 Zz 1 Z ( )
Also, (I8) must satisfy the power constraint, Wthh ylelds

1
BEL G, o
("f‘|’n2i:10‘f)

Based on the fact that the left hand side of (I9) is a decreasing function of x, we obtain the

following closed-form solution
T HZZ’ 1 4513 < Py,

-1 n ;
= ). dY%,
T e e (20)

P,
Hznmaéb H2 ZZ 1 df’ OtherWISe

The first option in (20) is based on x = 0. The second option is due to the fact that there must

£ =

exist a k > 0 that (I9) holds with equality.
2) Optimizing e: As for the update of e with given f, we first construct a surrogate function

corresponding to e in the following lemma.

Lemma 2 For the twice differentiable function f (e|G"), we construct its second-order upper

i—1

bound approximation around any feasible €', which is given by

f(e,e!|G') = 2Re {d}Me} + const., 21)
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where

d: =m’ —ale !, (22a)
i —fe 0" ipi—lpi—1,HviH i—1
m, = ——— GG e (22b)
(1 + e—"mz)
2 ‘ . .
al = E(UM + 1)|FHHGHHGH 2 (22¢)
const, = f('|G") +2(UM + 1)a. — 2Re {m}"e’ '} . (22d)

Proof: The proof of Lemma 2] is similar to that of Lemma [Il and hence omitted for brevity.
|
By substituting (2I)) into the objective function of subproblem (I3) and ignoring constants,
we obtain:
1 e .
min 2Re {ﬁ ; dgHe} . (23)
The globally optimal solution of the above problem is given by

S EET )

where [-|,, means the m-th element of vector, j £ /=1 is the imaginary unit, / (-) denotes the

angle of a complex number, and exp {j/ ()} is an element-wise operation.

C. Algorithm Development
Under the SMM framework, closed-form solutions of f in (Z0) and of e in (24) at each

iteration are obtained. Such simple closed-form solutions can greatly reduce the computational
complexity. Algorithm [Il summarizes the proposed robust beamforming design based on the
SMM-based outage probability minimum problem for RIS-aided single-user mmWave systems
in which the BS-user links experience random blockages. The proposed algorithm is referred
to as SMM-OutMin. Note that the convergence speed of the SMM-based algorithm might be
affected by the tightness of the upper bounds in Lemma [I] and Lemma 2] thus SQUAREM
is adopted to accelerate the SMM-based algorithm. Denote by F' (f”) and F'(e") the objective
function values of Problem (16) and Problem (23)) in the n-th iteration, respectively. Ps(-) is
an operation mapped to nonlinear constraint set. For the power constraint set 87, Ps(-) can be
Ps(x) = ﬁ ||/£2||2- For the unit-modulus constraint set S, Ps(-) can be element-wise operation,
ie., Pg(x) = j/(x). Steps 10 to 13 and steps 21 to 24 are used to maintain the convergence

property of the objective function values.
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Algorithm 1 SMM-OutMin Algorithm

Initialize: Initialize f* € 8; and €° € .. Set n = 1.

1: repeat

2:
3:

4.

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26: until ||F (f") —

Obtain the sample channel G™.
Set e = e" 1.

Obtain f; according to (20) based on f*~ 1.
Obtain f, according to (20) based on f;.

j1 - f1 - fn—l'

Jo=56(L—-£i —j.
w = — a2
[l2[]2

7 = —Py(f"1 — 2wj; + wjy).
while |F(f") — F(f*7Y)|< |F(f*1) — F(f*~?)| do
w=(w—1)/2.
" = —Ps(f"! — 2wj; + wijs).
end while
Set f =f".
Obtain e; according to (24) based on e" .
Obtain e, according to (24) based on e;.
j1=e —e" L.
Jo=e—e —]i.

w— Lz
[i2ll2

e" = —Ps(e" ! — 2wj; + wijy).

while |F(e") — F(e" V) |<|F(e"!) — F(e"?)| do

w=(w-1)/2.

e" = —Ps(e" ! — 2wj; + wijy).
end while
n=n+ 1.

F (") ||~ 0 and ||F (") — F (e"" ') ||o— 0.
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1) Convergence analysis: The convergence of Algorithm [Ilis given in the following theorem.

Theorem 1 Suppose Assumptions A and B are satisfied. Then the sequence of the solutions
obtained in each iteration of Algorithm [I| converge to the set of stationary points of Problem

(1) almost surely.

Proof: See Appendix [

2) Complexity analysis: The computational complexity for updating f” and e” at each iteration
mainly depends on the computation of 20) and (24)), respectively. In particular, due to the
update rule in {} 7", o, 1 dY, Yo7 dL}, only {af, d’,d}} needs to be calculated at the n-th

iteration. Therefore, the approximate complexity of each iteration is given by O(4UM N +12N).

IV. MULTIUSER SYSTEM

In this section, we consider the general multiuser setup and solve Problem (8)). Problem (8) is
more challenging than problem (9)) due to the non-differentiable objective function. Furthermore,
the complex objective function complicates the use of the SMM algorithm, thus we extend the

SMM method to a general algorithm to solve Problem (8]).

A. Problem Reformulation

We first approximate the probability function in the original Problem (8] by using the expec-
tation of the smooth function in (I0). By defining f;, (F,e|G) = u (e"G,FY,F!G}le + v.07),
in which Y, is a diagonal matrix whose diagonal entry is 7, except in the k-th diagonal element
that is —1, the approximate objective function is maxyex E [ fx (F, e|G)|. However, the obtained
function is still intractable since the maximization operation couples fi,Vk and the different
channel states due to the expectation operation. This issue motivates us to use the following

Jensen inequality

maxE [, (F. elG)] < E {rlgla% i (P, e\Gﬂ | (25)
due to the fact that the max function maxgeq{z1,...,2x} is convex [3§].

Furthermore, the non-differentiable max function, maxyex fi (F, e|G), is approximated by

adopting a smooth log—sum—exp upper-bound

Ill;leaﬁz(fk (F,B‘G) ~ F(F,G|G)
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— (Y e { L Feic) ), 26)

kex
where © > 0 is a smoothing parameter satisfying

max fi (F,e|G) < F (F,e|G) < max f; (F,e|G) + l log (|X]) . (27)
keX keX 1

When p is chosen appropriately, the smooth approximation of Problem (8] is approximately

reformulated as

min G (F,e|G) = E[F (F,e|G)]. (28)

FESfﬁESe
B. Stochastic Successive Convex Approximation Method

Similar to Problem (II)), Problem (28] can still be solved by adopting the SMM method.
However, the function F' (F, e|G) in 26) is much more complex and its second-order derivative,
which is necessary to construct the upper bound surrogate function of F (F,e|G) as shown in
Appendix [A] is not easy to be calculated. Furthermore, the coefficient of the second-order term in
the final upper-bound surrogate function of F'(F, e|G) (043} in (I4)) can be quite loose, resulting
in a very slow convergence rate of the SMM algorithm.

Therefore, in this section, we adopt a flexible SSCA method to address the above issues. The
surrogate functions employed by the SSCA method do not need to be an upper bound of the
original function but they need only to preserve the first-order property of the original function.
Accordingly, the surrogate functions need to satisfy Assumption B and the following assumptions
[40].

Assumption C
(C1): F (x,x"'|G) is strongly convex in x for Vx'~' € §,.
(C2): F(x',x"G) = F(x''G),vx"! €8,.
(C3) : Vi F(x 1 xYG) = V, F(x'YG), vx,x' ! € 8,.
Assumption C cannot ensure that the sequences of the approximate objective values are
monotonically decreasing at each iteration. Nevertheless, to guarantee convergence, the variables
can be updated by choosing an appropriate step size at each iteration that yields a sufficient

decrease of the objective value. Based on the above assumptions, we choose the proximal

gradient-like approximation to construct the surrogate function, which is
i

F (x,x'G) =F (x"'G) + Vi (X MG) T (x —x1) + %Hx —x"H 3 (29)

where 7¢ can be any positive number.
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1) Optimizing f: By using (29), we construct a surrogate function as
F(F,FG)
= F(FG) + Tr (VFF (FG)" (F - FH)) +Tr (VF*F (FG)" (Fr - Fi‘l’*)>
Ti i
+ IR -

=F (F7'G) +2) LRe{Tr (T, F"Glle e MGLF - F))} + %HF —F2
keX
— 2Re {Tr <P§;HF>} + %||F||§+cons1i, (30)
for F around the fixed Fi~! when e is given.

The parameters in (30) are as follows

. s
Py =Wj—5F" 31
! / 9 ) (31a)
Wi => 1Gle e IGLE I, (31b)
kex
exp {%fk (Fi_l,ei_l\Gi)} — e
k= . . . ot 3 c
2 kex OXP {%fk (F’_l,el—1|GZ)} (14 e%)
ol = e IGLF I PG e ! 02, G14)
’ = : T i i, Hyni—
consl’ = F (F"!|G) +§||F )5 —2Re {Tr (WfHF 1)} (31e)

By using (30), the subproblem of Problem (28) corresponding to F at the n-th iteration is

formulated as

min —ZF JFiGY). (32)

FeSr N

The method to solve Problem (32)) is the same as that of solving Problem (L6), thus we directly

provide the global minimizer of Problem (32)) as

Sn S 17—2 Zz 1 ) i max

Pmaz Z .
ERVA = AT > P%,  otherwise.
2) Optimizing e: Furthermore, with fixed F, the subproblem of Problem (28) corresponding

to e at the n-th iteration is

min —ZF e 1|Gr (34)

ec8,
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where I (e,e''|G’) = 2Re {pife} + cons2’, and

)

p.=w' — %ei_l, (35a)

wo= Y LG F T FT G (35b)
keX

cons2’ = F (" '|G') + 7/ (UM + 1) — 2Re {w’'e’ "'} (35¢)

Finally, the minimizer of Problem (34) is

e" = exp {jz ((Z pi) / [Z p:i,] ) } : (36)

C. Algorithm development

The simple closed-form solutions of f in (33) and of e in (36) can greatly reduce the com-
putational complexity. Algorithm [2] summarizes the proposed SSCA-based robust beamforming
design for RIS-aided multiuser mmWave systems in which the BS-user links experience random

blockages. The proposed algorithm is referred to as SSCA-OutMin.

Algorithm 2 SSCA-OutMin Algorithm
Initialize: Initialize F° € 8§ and €” € .. Set n = 0.

1: repeat

22 n=n-+1.

3:  Obtain the sample channel G".

4  Calculate F" according to (33).

5. Update F" = "1 4 &7 (17“" _ F"‘1>.
6:  Calculate € according to (36).

7. Update €" = e" ! 4 £7 (e” — e 1).

g: until ||[F" — F"~!||2— 0 and ||e" — e"!||;— 0.

1) Step-size selection: It is worth noting that the approximation in (30) has the same form as
that in (I4). However, 7 in the SSCA method can be any positive number, and F' (F, Fi~!|G)
might no longer be a global upper bound of F' (F|G). In this case, the step sizes £} and £ need

to be carefully chosen to ensure convergence.
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As an example, we take & to illustrate the update rule, which is a line-search (also called
Armijo step-size) rule: Consider §Joc >0 and ¢ 7,c05 € (0,1). Let £} be the largest element in
{S?Ctz’f}t:0717___ such that

F(F"-1+§;z (ﬁ" . F"‘1>> < F(F™) + 00 60T (VFF(F"—l)T (1?“" - F"‘1>) .37

Theorem 2 If {5}‘}n:1,2 is chosen according to the line-search rule, then

goos

lim |[F" — F*!|| = 0.
n—oo

Proof: See Theorem 7 in [41]. [ |

2) Convergence analysis: The convergence of Algorithm [2]is given in the following theorem.

Theorem 3 Suppose Assumptions B and C are satisfied. Then every limit point of the iterations

generated by Algorithm 2] is a stationary point of Problem (28) almost surely.

Proof: See Appendix [

3) Complexity analysis: The computational complexity for updating f” and e” at each iteration
mainly depend on the computation of (33) and (36)), respectively. In particular, only {P}‘, p’}
needs to be calculated at the n-th iteration. Therefore, the approximate complexity of each
iteration is given by O((K + 2)2UMN + UMK + NK + (N + 2)K? + 2N).

4) Initial point: Problem 28] has, in general, multiple local minima points due to the non-
convex unit-modulus constraint and e € &.. The accurate selection of the initial points in
Algorithm 2| plays an important role for the convergence speed and the quality of the obtained
local solution. To that end, we first initialize e to maximize the minimum equivalent total channel
gain, resulting in the following optimization problem

0 : H0()2
= GY|2. 38
e’ = argmax min|le"Gyll; (38)

Problem (38) can be efficiently solved by using the SDR method as follows

mEax t (39a)
s.t. Tr{GYGYME} > t,Vk € K (39b)
E - 0,rank(E) = 1, [E},;,,, = 1, Vm, (39¢)

where E = ee!! and ¢ is an auxiliary variable.
Furthermore, F is initialized by using the maximum-ratio transmission (MRT) method as

FO _p GOeO

mMmax i1 .—~n 01l 40
1Goe0] “0
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RIS 2:(50m, 7/6)

BS: (0 m, 0) RIS 1: (50 m, 0)

Fig. 2: The simulated system setup.

V. NUMERICAL RESULTS AND DISCUSSION
A. Simulation setup

In this section, we numerically evaluate the performance of the proposed algorithms. All
experiments are performed on a PC with a 1.99 GHz 17-8550U CPU and 16 GB RAM. We
adopt a polar coordinate to describe the simulated system setup as shown in Fig. Bl where the
BS is located at (0 m, 0), and the two RISs are deployed in the locations (50 m, 0) and (50 m,
7/6) which are close to the users. The users are randomly placed in a range with polar diameter
dr €[50 m, 80 m] and polar angle ¢ € [0,7/6], where dj is used to calculate the distance-
dependent blockage probability. The large-scale fading, reported in urban micro (UMi)-street
canyon scenario [42], is modeled as PL = 32.4 + 201og;,(f.) + 10alog,o(D) + £ in dB with
link distance D (in meters), path loss exponent «, and log-normal shadowing & ~ CN(0, O’?)
where a? denotes the log-normal shadowing variance. The mmWave system operates on carrier
frequency f. = 28 GHz and bandwidth 20 MHz. Since the macro-scattering environment between
the BS and the users are complex, only NLoS clusters are assumed to exist in the BS-user links,
i.e., the Rician factor is x = 0. The parameter settings in PL of NLoS are a = 3.5 and o¢ = 8.2
dB [42]. In practice, the RISs can be installed such that the BS-RIS links and the RIS-user
links are blockage-free. Thus, the channels in (5)) and (6) contain only LoS cluster with a Rician
factor K — oo. The parameters in PL of LoS are @ = 2 and o = 4 dB according to [42].
Unless stated otherwise, we assume Ly, = L, = Ly, = 5 and I = 20. The transmit power
limit of the BS is P,,,. = 30 dBm and the noise power at each user is a% =...= a%{ = —-94
dBm. For simplicity, we consider an equal blockage probability, px; = priock, VK, [, and an equal
target SINR, v = 7, = ... = 7k, which yields the target rate Ri,, = log,(1 + 7). The smooth

_ 1 1
parameters are chosen to be ¢ = YT and (1 = {505

To evaluate the performance of the proposed stochastic optimization algorithms, we consider
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the following benchmark schemes. 1) SMRT: In this scheme, the active precoding is updated
by using stochastic maximum-ratio transmission (SMRT), that is F*"+! = HL_ZZ’:L;—C?;'EM@ .
The passive beamforming is still updated by using the SMM or SSCA methods. 2) NoRIS: In
this case, no RIS is employed and the optimal active precoding is obtained by using the SMM or
SSCA methods. 3) No-robust: In this scheme, the beamforming is designed by using the SMM
or SSCA methods by taking into account the random small-scale parameters while assuming
Polock = 0. 4) Imperfect CSI: In this scheme, the beamforming is designed by using the SMM
or SSCA methods based on the imperfect CSI of cluster central angles. In specific, we assume
that the modulus of the cluster central angle estimation error is 0.01. 5) SAA: In this scheme,
we generate 300 independent channel realizations in advance, the solutions at each iteration is
the average over these 300 channel samples, and the surrogate function used at each iteration is
obtained by adopting the MM or SCA methods. We take the beamforming design in the single-
user case as an example. By modifying Problems (I2)) and (13)), the beamforming designed by

using the SAA-MM method is updated as follows
300

n—1 z
f* = arg?elg} —BOOZf f f |G (41)
and
300
— e~ 1 z 42
e" = argmin 3oozf GY) (42)

In order to demonstrate the robustness of the proposed algorithms, we consider two perfor-
mance metrics: the outage probability and the effective rate. In particular, the outage probability
of each user is calculated by averaging over 1000 independent channel realizations. The corre-
sponding effective rate of the k-th user is defined as R.g ; = E[log,(1+T4(F,e))] if [ (F,e) > v

and R.g = 0 otherwise.

B. Convergence

Fig. (3] investigates the convergence behavior of the considered stochastic optimization algo-
rithms. For comparison, we consider a single-user case containing RIS 1 in Fig. 2l and the other
parameters are given in Fig. Bl In Fig. 3l the coordinate value on the y-axis is the objective
value of Problem (I6) or (32), and not the actual outage probability of the original problem. It
is observed from Fig. 3] that the SMM and SSCA algorithms are characterized by an oscillatory

convergence which depends on the random channel generations at each iteration. On the other
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Fig. 3: Convergence behavior of different algorithms, when N =8, M =128, K =1, U =1,
and R, = 0.5 bps/Hz.

TABLE I: Comparison of the CPU time

Algorithms | The CPU time (sec) per iteration The CPU time (sec)

SMM 0.0025 1.8750
SSCA 0.0042 4.6719
SAA 0.3557 20.9844

hand, using 300 channel realizations for each iteration leads to the monotonic convergence of the
SAA algorithm when adopting a monotonically decreasing surrogate function for each channel
realization. Although the SAA algorithm requires the least number of iterations to converge,
it is much more computationally demanding than the other two algorithms. This fact can be
observed in Table I which compares the CPU time consumption of each iteration and total CPU
time consumption of iteration convergence for the three considered algorithms. Theoretically, the
computational complexity of each iteration of the SAA algorithm is 300 times higher than that
of the SMM or SAA algorithms, because at each iteration of the SAA algorithm, each parameter

needs to be calculated 300 times for all channel realizations.

C. Single-user system
We consider a single-user system containing RIS 1 in Fig. [2] with the target rate of R, = 0.5
bps/Hz. Fig. [l illustrates the performance of different algorithms as a function of the blockage

probability. First, it can be seen that SMM-based beamforming in the RIS-aided mmWave system
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of M = 64 outperforms the NoRIS scheme when pyoc > 0.1. The main reason is that the direct
BS-user channel may be much stronger than the cascaded BS-RIS-user channel as the latter
experiences the double path loss effect, which is significant if the path-loss is large. Therefore,
when the blockage probability is small (ppox < 0.1), the BS tends to allocate the transmit
power to the stronger direct path, thus reducing the contribution of the RIS to the system
performance. However, by increasing the number of reflecting elements at the RIS to M = 128,
our proposed SMM algorithm outperforms the NoRIS system in the whole blockage probability
region (i.e., 0 < ppoek < 1). The reason is that the RIS-aided reflecting channels starts to
compensate for the performance loss caused by the blockages when ppjox = 0. In addition, it
can be seen that the performance of the SMM-based beamforming is the same as that of the
SAA-based beamforming. Last but not least, compared with the No-robust RIS-aided scenario
and the scheme with imperfect CSI, the robust RIS beamforming can significantly compensate
for the performance loss caused by the presence of random blockages.

Fig. [3 shows the impact of the size of the RIS and the size of the antenna array at the BS on
the outage probability by using the SMM algorithm. It can be observed from Fig.[3(a) that when
BS is equipped with N = 8 antennas, the RIS plays a significant role in guaranteeing the desired
user’s QoS and improving the system robustness with increased number of reflection elements
(M : 64 — 256). In other words, a large-size RIS with M > 224 can still reduce the outage
probability to about 0.1, even if the direct channel is completely blocked. Finally in Fig. Blb) we
observe that increasing the number of transmit antennas (/N : 8 — 64) has the same ability to
reduce the outage probability as increasing the number of reflection elements (M : 64 — 256),

except when the direct channel is completely blocked.

D. Multiuser system

In this section, we consider a multiuser system with /' = 3 users, in which the target rate
is Riarg = 0.1 bps/Hz. As we can see from Fig. [6(a), compared with the No-robust RIS-aided
scenario, the robust beamforming in the RIS-aided scheme in a multiuser system can efficiently
improve the maximum outage probability. In addition, different from the single-user system of
M = 128, the RIS-aided setup outperforms the NoRIS scheme only when pyac > 0.2. This
fact is consistent with the observation of M = 64 in Fig. [ (a), that is, the performance gain
of an RIS starts to manifest when pyocc = 0.2. Further increasing the number of RISs and the

size of each RIS can reduce the maximum outage probability in the whole blockage probability
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Fig. 4. Comparison of outage probability and effective rate as a function of the blockage

probability pyioec for N =8, K =1, U = 1, and Ryu, = 0.5 bps/Hz.

region (i.e., 0 < ppock < 1). Although the improvement in the performance in terms of the
maximum outage probability of the large-size RIS beamforming in Fig. [6la) is slightly weak,
the enhancement of the corresponding minimum effective rate shown in Fig. [6b) is apparent.
Specifically, the minimum effective rate of the robust designs is better than that of the non-robust
schemes. Moreover, the contribution of the RIS in improving the minimum effective rate is also
apparent for the almost blockage probability region (i.e., ppiock < 0.8). Finally, we observe that

multiple RISs with a relatively small size can improve the worst-case user’s performance, and

outperform the performance offered by a single RIS with large size, especially in the multi-user
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Fig. 5: Comparison of outage probability as a function of M with fixed N = 8 and of N with
fixed M =128, when K =1, U =1, and Ry,; = 0.5 bps/Hz.

scenario. This is because the optimal deployment of multiple RISs can provide more spatial
diversity for users who are far away from the RIS, thus improving the system performance.
Finally, Fig. [7] investigates the performance as a function of the number of users. For a fair
comparison, we consider the setup N = 32, M = 128 and U = 2. Compared with the NoRIS
scheme, the contribution of multiple RISs in reducing the maximum outage probability shown
in Fig. []] decreases as the increase of K. When K > 5, the RIS scheme cannot guarantee the

QoS performance of the worst-case user due to the high outage probability.
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VI. CONCLUSIONS

In this work, we have improved the reliability of a mmWave system in the presence of random
blockages by employing multiple RISs and designing the corresponding robust beamforming. In
order to reduce the system outage, we have formulated and solved a maximum outage probability
minimization problem which belongs to the family of stochastic optimization problems . More
precisely, we have taken into account the statistical CSI and the blockage probability, and have
solved the formulated optimization problem by adopting a stochastic optimization framework.

Closed-form solutions have been derived at each iteration by adopting the SMM and SSCA
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methods. The two proposed stochastic methods are guaranteed to converge to the set of stationary
points of the original stochastic problems. Selected numerical results have demonstrated the
performance gain in terms of outage probability and effective rate of the RIS-aided mmWave

systems in the presence of random blockages.

APPENDIX A

THE PROOF OF LEMMA [1]

In this subsection, G* is dropped for simplicity, i.e., f (f|G?) is replaced by f (f). Since f (f)
is twice differentiable, we propose a second-order approximation to upper bound f (f) at any

fixed point £~

fE) <f(E£77)
= (£7) + 2Re {m(F = £7) f 4+ (£ £ My(F - £, 3)

where mjc and M} are to be designed to satisfy Assumption A.

Assumptions (A1) and (A2) are readily satisfied. Assumption (A4) is a derivative consistency
condition. Denote f € 8, then the directional derivative of f (f,f~!) at f~! with direction
f—f1is

2Re {mj;H(E - fi—l)} . (44)
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The corresponding directional derivative of f (f) is
—fe= i—1,HiH i—1 i—1He (f piel
7_22Re{f HgiHgi-lg ’G(f—f )} (45)
(1+e0=")
where z° is given in (I3d).
Assumption (A4) is satisfied only when @4) and (@3] are equal, yielding
i fe i H i~ i—1,H~igi—1
m; = ————G"e' e G (46)
(1+e02")
In order for Assumption (A3) to hold, it is sufficient to show that f (f, f"=1) is an upper bound
for each linear cut in any direction. In particular, let f = fi= 4+ ¢(f — £i=1), V¢ € [0, 1], we need

to show
FE7 e = 07) < 7 (67Y) + 26Re {m} (F = £} + €2(F - ) MG (F - £7).
(47)
Define L(¢) = f(£~! + &(f — £71)) and 1(€) = vo? — e WIGH(E + £(f — £171)) 2. @D
holds if the second-order derivative of L(£) is no more than that of the right hand side of (7).

The corresponding sufficient condition can be formulated as

*L(¢ 5 e i (F i
85(2 ) < 2Tr [(f —FHIM(F - £71) | (48)
Before deriving the expression of 9?L(£)/0&2, we calculate the first-order derivative of L(€),
as follows
oL
OLE) _ yeopvalce), 49)
23
where (&) = %, Vel(€) = —2Re{q"(f — £ 1)}, and q = GiHe e LHGI(fi! +
§F— ).
Then, the second-order derivative is derived as
PLE) 2 T —01(¢) T
e g(E)VEL(E) — 09(E)Vl(€) (Vel (€)™ +2 (L + 7)) g(Vl(€) (9(E)Vel(E))
(50)
where V21(€) = —2Re{(f — f=1)1O(f — fi~!)} and © = ¢G'Mlei~le! M IG,
(5Q) is rewritten as a quadratic form of t = f— fi=1 as follows
H
2 t t
7L _ P , (51)

0¢? t t
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where
H

®=g©)2(1+e"ge)-0)| ||| —seLco

* *

q q

Furthermore, we also manipulate the right hand side of ([@8) into the same form as in (5)), as

follows
H .
t I® M, 0 t
! - (52)

t* 0 I® Mjc’ t*

Combining (31 and (32)), the sufficient condition in #8)) is equivalent to
H - H '
t t t I M 0 t
o < @ | ,

t* t* t* 0 IeoM;' t*

which can be satisfied when M} satisfies
I® M} 0
0 IToM;"

P <

For convenience, we select M = 4T = A (®) I. Then, f(£.£71) in @3) is designed to be
F .6
=/ (£71) + 2Re {mf (£ — £71) } + al | — £
= 2Re {d?;Hf} + o |[£]|54-const’,

where dj;H, oz} and Const’} are defined in Lemma[Il The deterministic expression of Ay, (®) is

difficult to obtain, therefore we derive the upper bound shown as follows

A (@)
(1) 1Mo
(1 e O) (A [ | 1
q* . I * |
S H
- g(g))\min (IZ ® 9) - eg(g)Amm . .

2
®2) 4 (1 4 ¢=0©) g2(¢) a2

®3) 0%
< S lldllz



<— )\max( Z Z ‘ Z Z ) | | ,}/( )| |2

(pS) 92 max|el lHGszH i— 1|2

The above inequalities are due to the following mathematical properties:

(p1): A and B are Hermitian matrices: Apax(A) + Amax(B) > Anax (A + B) .

(p2): A is rank one: A\yax(A) = Tr[A], Auin(A) = 0 [43].

(p3): (1 +e7%9) ¢g%(&) < 6%/8, where the equality holds when {(§) = 0.

(p4): A is positive semidefinite with maximum eigenvalue \,.,(A) and B is positive semidef-
inite: Tr [AB] < \jax(A)Tr [B] .

(p5): Power constraint: ||[£=2 + ~v(f — £71)||2< Ppuao.

Hence, the proof is completed.

APPENDIX B

THE PROOF OF THEOREM (1]

Define the random functions
= % zn: [ (x|GY), (53)
Z f (6 x71GY). (54)
To state the convergence result, we need the following lemmas.

Lemma 3 Suppose Assumptions A and B are satisfied and define a limit point X of a subsequence

{x"1}52,, then there exists uniformly continuous functions g(x) and §(x) such that

9(x) = lim ¢"(x) = E[f (x|G)],¥x € &, (55)
g(x) = lim g™ (x™), (56)
§lx) = lim §™(x),¥x € &, (57)
§(x) = lim §™ (x™). (58)

Proof: First, it follows that f (x, G) is bounded for Vx € §, and all channel realizations
due to the assumption (B2), and therefore, (33) holds by using the strong law of large num-

bers [44]. Also, the families of functions {¢"i(x)} are equicontinuous and bounded over a
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compact set 8§, due to the assumption (B2) and the use of mean value theorem. Thus, by

restricting to a subsequence, we have (36). Furthermore, the families of functions {§"(x)}

are also equicontinuous and bounded over a compact set S, due to the assumption (B2) that

|V f(x,x"1, G)]| is bounded. Hence the ArzelA -Ascoli theorem [43] implies that, by restrict-

ing to a subsequence, there exists a uniformly continuous function §(x) such that (37) and (58)

hold. |
On the other hand, the update rule of Algorithm 1 leads the following lemma.

Lemma 4 lim, ... |¢"(x") — ¢"(x")|= 0, almost surely.

Proof: The proof of Lemma Ml is the same with that of ( [36], Lemma 1) and is omitted for
conciseness. |

Assumption (A3) implies that §"i (x) > ¢"i(x),Vx € 8,. combining it with (33) and (37), we
obtain

9(x) > g(x),Vx € 8. (59)
Moreover, combining Lemma (4] with (36) and (38), it yields
9(x) = g(x). (60)

Then, (39) and (60) imply that X is a minimizer of function §(x) — g(x), hence the first-order
optimality condition satisfies

Vi(%) — Vg(x) = 0. 61)

Due to the fact that X is the limit point of Problem (I2) or Problem (13), we have §(x) <

g(x),Vx € 8,, which implies that
(Vi(x),x — %) > 0,,Vx € 8,. (62)
Combining this with (&Il), we obtain
(Vg(%),x — %) > 0,,Vx € 8, (63)

which means that the directional derivative of the objective function ¢g(x) is non-negative for
every feasible direction at X. Recalling that x € {f, e} and defining the limit points {f, &}, (&3)

is equivalent to
<Vg(f'),f — f’> > 0,Vf € &y,
(Vg(e),e —e) >0,Ve € 8..
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Therefore, according to [41]], {f, e} is a stationary point of Problem (IT) due to the regularity
of g(-).

APPENDIX C

THE PROOF OF THEOREM [1I

Define the random functions
= %ZH:F (x|G"), (64)
Z F(x,x7!|GY). (65)
To state the convergence result, we need the following lemmas.

Lemma 5 Suppose Assumptions B and C are satisfied and define a limit point X of a subsequence

{x"1}52,, then there exists uniformly continuous functions G(x) and G(x) such that

G(x) = lim G"(x) = E[F (x|G)], Vx € §,, (66)
G(R) = lim G (x"), (67)
G(x) = Tim G"i (x),Vx € 8,, (63)
G(x) = Tim G" (x™). (69)

Proof: The proof of Lemma [3 is the same with that of Lemma [3] and is omitted for brevity.
]

On the other hand, x™ is the minimizer of G™ (x), thus
G (x") < GMi(x),Vx € 8, (70)

Assuming j — oo, and combining (@8) and (&9), we obtain G(X) < G(x),Vx € 8,, which

implies that its first-order optimality condition satisfies
<Vé(x),x - >—<> >0, ¥x €8, 1)
By combining (7ZI) and Assumption (C3), we finally obtain

(VG(x),x —x) >0,,Vx € 8,. (72)
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Since that x € {F, e}, we define the limit points {F,&}, (Z2) is then equivalent to

(VG(F),F —F) > 0,VF € 8,
(VG(e),e —e) > 0,Ve € 8..

Therefore, according to [41]], {F, e} is a stationary point of Problem (28] due to the regularity
of G(-).
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