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6  Abstract—This paper addresses the problem of amplify-
7 and-forward (AF) relaying for multiple-input-multiple-output
8 (MIMO) multiuser relay networks, where each source transmits
9 multiple data streams to its corresponding destination with the
10 assistance of multiple relays. Assuming realistic imperfect chan-
11 nel state information (CSI) of all the source-relay and relay—
12 destination links, we propose a robust optimization framework
13 for the joint design of the source transmit precoders (TPCs),
14 relay AF matrices and receive filters. Specifically, two well-
15 known CSI error models are considered, namely, the statistical
16 and the norm-bounded error models. We commence by consid-
17 ering the problem of minimizing the maximum per-stream mean
18 square error (MSE) subject to the source and relay power con-
19 straints (min—-max problem). Then, the statistically robust and
20 worst-case robust versions of this problem, which take into ac-
21 count the statistical and norm-bounded CSI errors, respectively,
22 are formulated. Both of the resultant optimization problems
23 are nonconvex (semi-infinite in the worst-case robust design).
24 Therefore, algorithmic solutions having proven convergence and
25 tractable complexity are proposed by resorting to the iterative
26 block coordinate update approach along with matrix transforma-
27 tion and convex conic optimization techniques. We then consider
28 the problem of minimizing the maximum per-relay power subject
29 to the quality-of-service (QoS) constraints for each stream and
30 the source power constraints (QoS problem). Specifically, an ef-
31 ficient initial feasibility search algorithm is proposed based on
32 the relationship between the feasibility check and the min-max
33 problems. Our simulation results show that the proposed joint
34 transceiver design is capable of achieving improved robustness
35 against different types of CSI errors when compared with non-
36 robust approaches.

37 Index Terms—Amplify-and-forward (AF) relaying, channel
38 state information (CSI) error, convex optimization, multiple-input
39 multiple-output (MIMO), multiuser, robust transceiver design.
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I. INTRODUCTION 40

OOPERATIVE relaying [1] is capable of improving the 42
communication link between the source and destination 43
nodes, in the context of wireless standards such as those of the 44
Long-Term Evolution Advanced [2], Worldwide Interoperabil- 45
ity for Microwave Access (WiMAX) [3], and fifth-generation 46
networks [4]. Relaying strategies may be classified as amplify- 47
and-forward (AF) and decode-and-forward (DF) techniques. 48
The AF relaying technique imposes lower signal processing 49
complexity and latency; therefore, it is preferred in many 50
operational applications [5] and is the focus of our attention 51
in this paper. 52
Recently, multiple-input—multiple-output (MIMO) AF relay- 53
ing designed for multiuser networks has attracted considerable 54
interest [6]-[11]. In typical wireless multiuser networks, the 55
amount of spectral resources available to each user decreases 56
with an increase in the density of users sharing the channel, 57
hence imposing a degradation on the quality of service (QoS) 58
of each user. MIMO AF relaying is emerging as a promising 59
technique of mitigating this fundamental limitation. By exploit- 60
ing the so-called distributed spatial multiplexing [5] at the mul- 61
tiantenna assisted relays, it allows multiple source/destination 62
pairs to communicate concurrently at an acceptable QoS over 63
the same physical channel [5]. The relay matrix optimiza- 64
tion has been extensively studied in a single-antenna assisted 65
multiuser framework, under different design criteria (see, e.g., 66
[6]-[10]), where each source/destination is equipped with a sin- 67
gle antenna. In general, finding the optimal relay matrix in these 68
design approaches is deemed challenging because the resultant 69
optimization problems are typically nonconvex. Hence, existing 70
algorithms have relied on convex approximation techniques, 71
e.g., semi-definite relaxation (SDR) [9], [10] and second- 72
order cone programming (SOCP) approximation [7], [8], in 73
order to obtain approximate solutions to the original design 74
problems. 75
Again, the given contributions focus on single-antenna mul- 76
tiuser networks. However, wireless standards aim for the pro- 77
motion of mobile broadband multimedia services with an 78
enhanced data rate and QoS, where parallel streams corre- 79
sponding to different service types can be transmitted simul- 80
taneously by each source using multiple antennas [11]. This 81
aspiration has led to a strong interest in the study of cooperative 82
relaying in a MIMO multiuser framework, where multiple 83
antennas are employed by all the sources (S), relays (R), and 84

0018-9545 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



85 destinations (D). The joint transceiver design' is more challeng-
86 ing than the relay matrix design of the single-antenna scenario,
87 but it provides further performance benefits. Prior contributions
88 [6]-[10], [12], [13] are therefore not readily extendable to this
89 more general case. At the time of this writing, the literature
90 of the joint transceiver design for MIMO multiuser relaying
91 networks is still limited. To be specific, in [14], global objective
92 functions such as the sum power of the interference received
93 at all the destinations and the sum mean square error (MSE)
94 of all the estimated data streams are minimized by adopting
95 the alternating minimization approach of [15], where only a
96 single design variable is updated at each iteration based on the
97 SDR technique of [16]. However, the use of global objective
98 functions is not readily applicable to multimedia applications
99 supporting several types of services, each characterized by
100 a specific QoS requirement. To overcome this problem, in
101 [17], the objective of minimizing the total source and relay
102 power subject to a minimum signal-to-noise-plus-interference
103 ratio (SINR) requirement for each S—D link is considered. To
104 this end, a two-level iterative algorithm is proposed, which
105 also involves SDR. Since the main goal of [17] was that of
106 achieving a high spatial diversity gain to improve the attainable
107 transmission integrity, the number of data streams transmitted
108 by each source in this setting is limited to one [17].

109 The efficacy of the joint transceiver design in [14] and
110 [17] relies on the idealized simplifying assumption of perfect
111 channel state information (CSI) for all the S—R and R—D
112 links. In practice, acquiring perfect or even accurate channel
113 estimates at a central processing node is quite challenging. This
114 is primarily due to the combined effects of various sources
115 of imperfections, such as the affordable channel estimation
116 complexities and the limited quantized feedback and feedback
117 delays [18], [19]. The performance of the previous methods
118 may hence be substantially degraded in the presence of realistic
119 CSI errors. In view of this, robust transceiver designs, which
120 explicitly take into account the effects of CSI errors, are highly
121 desirable. Depending on the assumptions concerning the CSI
122 errors, robust designs fall into two major categories, namely,
123 statistically robust [18] and worst-case robust designs [19].
124 The former class models the CSI errors as random variables
125 with certain statistical distributions (e.g., Gaussian distribu-
126 tions), and robustness is achieved by optimizing the average
127 performance over all the CSI error realizations; the latter family
128 assumes that the CSI errors belong to some predefined bounded
129 uncertainty regions, such as norm-bounded regions, and opti-
130 mizes the worst-case performance for all the possible CSI errors
131 within the region.

132 As a further contribution, we study the joint transceiver
133 design in a more general MIMO multiuser relay network,
134 where multiple S—D pairs communicate with the assistance of
135 multiple relays, and each source transmits multiple parallel data
136 streams to its corresponding destination. Assuming realistic
137 imperfect CSI for all the S—R and R—D links, we propose a
138 new robust optimization framework for minimizing the max-
139 imum per-stream MSE subject to the source and relay power

'We use “transceiver design” to collectively denote the design of the source
TPCs, relay AF matrices, and receive filters.
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constraints, which is termed as the min—-max problem. In the 140
proposed framework, we aim for solving both the statistically 141
robust and worst-case robust versions of the min—max problem, 142
which take into account either the statistical CSI errors or 143
the norm-bounded CSI errors, respectively, while maintaining 144
tractable computational complexity. Furthermore, to strictly 145
satisfy the QoS specifications of all the data streams, we sub- 146
sequently consider the problem of minimizing the maximum 147
per-relay power, subject to the QoS constraints of all the data 148
streams and to the source power constraints, which is referred 149
to as the QoS problem. Against this background, the main 150
contributions of this paper are threefold. 151

—_

* With the statistically robust min—max problem for the 152
Jjoint transceiver design being nonconvex, an algorithmic 153
solution having proven convergence is proposed by in- 154
voking the iterative block coordinate update approach 155
of [20] while relying on both matrix transformation and 156
convex conic optimization techniques. The proposed iter- 157
ative algorithm successively solves in a circular manner 158
three subproblems corresponding to the source transmit 159
precoders (TPCs), relay AF matrices, and receive filters, 160
respectively. We show that the receive filter subproblem 161
yields a closed-form solution, whereas the other two 162
subproblems can be transformed to convex quadratically 163
constrained linear programs (QCLPs). Then, each QCLP 164
can subsequently be reformulated as a efficiently solvable 165
SOCP. 166

* The worst-case robust min—-max problem is both non- 167
convex and semi-infinite. To overcome these challenges, 168
we first present a generalized version of the so-called S 169
lemma given in [21], based on which each subproblem 170
can be exactly reformulated as a semi-definite program 171
(SDP) with only linear matrix inequality (LMI) con- 172
straints. This results in an iterative algorithmic solution 173
involving several SDPs. 174

* The QoS-based transceiver optimization is more chal- 175
lenging than that of the min—max problem because it is 176
difficult to find a feasible initialization. Hence, our major 177
contribution here is to propose an efficient procedure for 178
finding a feasible starting point for the iterative QoS- 179
based optimization algorithm, provided that there exits 180
one; otherwise, the procedure also returns a certificate of 181
infeasibility. 182

—

—_

[u—

The remainder of this paper is organized as follows. 183
Section II introduces our system model and the modeling of CSI 184
errors. The robust joint transceiver design problems are also 185
formulated here. In Sections III and IV, iterative algorithms are 186
proposed for solving the min—max problem both under the sta- 187
tistical and the norm-bounded CSI error models, respectively. 188
The QoS problem is dealt with in Section V. Our numerical 189
results are reported in Section VI. This paper is then concluded 190
in Section VIIL. 191

Notations: Boldface uppercase (lowercase) letters represent 192
matrices (vectors), and normal letters denote scalars. (-)*, (-)T, 193
(), and (-)~! denote the conjugate, transpose, Hermitian 194
transpose, and inverse, respectively. ||-|| corresponds to the 195
Euclidean norm of a vector, whereas |||z and ||-||s denote the 196

ju—
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Fig. 1. MIMO multiuser multirelay one-way network with each source
transmitting multiple data streams to its corresponding destination.

197 Frobenius norm and the spectral norm of a matrix, respectively.
198 Furthermore, Tr(-), vec(-), and ® denote the matrix trace, the
199 vectorization, and the Kronecker product, respectively. R >V
200 and CM*N denote the spaces of M x N matrices with real
201 and complex entries, respectively. Iy represents the N x N
202 identity matrix. E{-} denotes the statistical expectation. R{-}
203 and {-} denote the real and imaginary parts of a scalar,
204 respectively.

205 II. SYSTEM MODEL AND PROBLEM FORMULATION

206  We consider a MIMO multiuser relaying network, where M
207 AF relay nodes assist the one-way communication between
208 K S—D pairs, as shown in Fig. 1, where all the nodes are
209 equipped with multiple antennas. Specifically, the kth S and
210 D, respectively, employ Ng ;. and Np j antennas for k € =
211 {1,2,..., K}, whereas the mth R employs Ng,, antennas
212 for m € M = {1,..., M}. All the relays operate under the
213 half-duplex AF protocol, where the data transmission from
214 the sources to their destinations is completed in two stages.
215 In the first stage, all the sources transmit their signals to the
216 relays concurrently, whereas in the second stage, the relays
217 apply linear processing to the received signals and forward the
218 resultant signals to all the destinations. We assume that no direct
219 links are available between the sources and destinations due to
220 the severe attenuation.

221 A narrow-band flat-fading radio propagation model is con-
222 sidered, where we denote the channel matrix between the
223 kth S and the mth R by H,,, 1, € CNr.m*Nsk and the chan-
224 nel matrix between the mth R and the kth D by Gy ., €
225 CNo.exNrom et g, 2 [Sk1s---, sk.a,)T denote the informa-
226 tion symbols to be transmitted by the kth S at a given time
227 instant, where dy, < min{Ng j, Np } is the number of inde-
228 pendent data streams. The symbols are modeled as independent
229 random variables with a zero mean and unit variance; hence,
230 E{sksf} =1I,4,. The kth S applies a linear vector of fj,; €
231 CNs+*1 for mapping the [th data stream to its Ngj anten-
232 nas for I € Dy = {1,...,dy}, thus forming a linear TPC of
233 Fy = [fr1,- .., fr.a,] € CVsxxde The transmit power is thus
234 given by Tr(FyF) < Pinax where P is the maximum
235 affordable power of the kth S. Let ng ,, € CVrn ! be the

spatially white additive noise vector at the mth R, with a zero 236
mean and covariance matrix of E{ng ,,nf .} = of , Ing . 237
After the first stage of transmission, the signal received at the 238
mth R is given by 239
K
ZR,m = ZHm,kask + nNR,m. ()
k=1

Each R applies a linear matrix W, € CNrm*Nrom (0 zp ) 240

and forwards the resultant signal 241
K
'Rm = szR,m = Z WmHm,kaSk + WmnR,m (2)
k=1

to all the destinations at a power of 242

K
Prom = Z”WmHm,kaRH%‘ + U%{,mllme%- 3)
k=1

Let npj denote the spatially white additive noise vector 243
at the kth D with a zero mean and covariance matrix of 244
E{npnf,} =0 . In, .. The kth D observes the following 245

signal after the second stage of transmission: 246
K M
Y = Z Z Gk7meHm7quSq
qg=1m=1

M
+ Z GimWmhrm +0pr (4)

m=1

where subscript ¢ is now used for indexing the sources. To 247
estimate the [th data stream received from its corresponding 248
source, the kth D applies a linear vector uy; to the received 249
signal, thus forming a receive filter Uy = [ug1,..., W q,] € 250
CNp.kxdi Specifically, the estimated information symbols are 251
given by 5, ; = ug ¥k, which can be expressed as 252

M
. H
Skq = uy, E Gim W Hp, 1f5 1550

m=1

desired data stream

M dp.
+ uk7l Gk,mw'rnHm,k fk,psk,p
m=1 p=1,p#l

interstream interference

K M
H
+ Z Uy Z Gk,meHm,quSq

q=1,q#k m=1
interuser interference
M
1GrmW a 5
+ ukJ k;m YV mIR m + ukJnD,k . ( )
m=1 v

receiver noise

enhanced noise from relays

Throughout this paper, we also make the following common 253
assumptions concerning the statistical properties of the signals. 254

Al) The information symbols transmitted from different S 255
are uncorrelated, i.e., we have E{sksﬁ{} =0Vk,m € K 256
and k # m. 257



258 A2) The information symbols s, the relay noise ng ,,, and the
259 receiver noise np ; are mutually statistically independent
260 Vk,l € Kand m € M.

261 A. QoS Metric

262 We adopt the MSE as the QoS metric for each estimated data
263 stream. The major advantage of using the MSE is to make our
264 design problem tractable, which has been well justified in the
265 AF relay matrix design literature [22], [23] and in the references
266 therein. In fact, the links between the MSE and other classic
267 criteria such as the bit error rate (BER) and the SINR have
268 been well established in [22], [24]. Specifically, it has been
269 shown that an improvement in MSE will naturally lead to a
270 reduced BER.

271 The MSE of the Ith estimated data stream received at the kth
272 D is defined as

ert =E{|850 — sua*}- (6)

273 Substituting (5) into (6), and using assumptions Al and A2, we
274 obtain

M 2
H E T
ukvl kaWmHm,ka - ekJ

€kl =
m=1
K M 2
+ > > Grm W H,  Fy
q=1,q#k m=1
M 2
+ > 0 [0 G Wan||™ + 0B [l (D)
m=1

275 where ey, ; € R4 1 is a vector with all zero entries except the
276 Ith entry, which is equal to one.

277 B. CSI Error Model

278  In typical relaying scenarios, the CSI of both the S—R and
279 R—D links, which is available at the central processing node, is
280 contaminated by channel estimation errors and by the quantized
281 feedback, and is outdated due to feedback delays. To model
282 these CSI errors, let us characterize the true but unknown
283 channels as

Hm,k = I:Im,k + AHm,k’v Gk,,m = Gk’,m + AGk,m (8)

284 where I:Im’ 1 and G k,m. respectively, denote the estimated S—R
285 and R—D channels, whereas AH,, , and AGy, ,,, capture the
286 corresponding channel uncertainties [8], [9]. In what follows,
287 we consider two popular techniques of modeling the channel
288 uncertainties.
289 1) Statistical Error Model: In this model, we assume that
290 the elements of AH,, ; and AGy, ., are zero-mean complex
291 Gaussian random variables. Specifically, based onthe Kronecker
292 model [18], [25], they can, in general, be written as

AH,, =52 AHY 0% 9)

m,

AGpm =24, ?mAG};{m\I:g/k ? (10)
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TABLE I
EQUIVALENT NOTATIONS USED IN THE SUBSEQUENT ANALYSIS

| Notations | Definitions |
gk m kawm
Wm.k WmHm,k
ukz,m q}{:]kal
Hom ok H,, 1 Fi
Thq 22{71 Gk.mwmﬂm.qu

where ¥y, and Xg, ,, are the row correlation matrices, 293
whereas Wy, , and ¥, . are the column correlation matrices, 294
all being positive definite. The entries of AH}Y , and AG)Y, 295
are independently and identically distributed (i.i.d.) complex 296
Gaussian random variables with a zero mean and unit variance.? 297
This model is suitable when the CSI errors are dominated by the 298
channel estimation errors. 299

2) Norm-Bounded Error Model: When the CSI is subject 300
to quantization errors due to the limited-rate feedback, it can 301
no longer be accurately characterized by the given statistical 302
model. Instead, AH,,, , and AGy, ,,, are considered to assume 303
values from the following norm-bounded sets [19]: 304

Hm,k = {AHm,k : HAHm,k”F < 77m,k} (11)
gk,m £ {AGk,m : HAGk,m”F S fk,m} (12)

where 1, , > 0 and &, > 0 specify the radii of the uncer- 305
tainty regions, thus reflecting the degree of uncertainties. The 306
benefits of such an error model have been well justified in the 307
literature of robust relay optimization (see, e.g., [8], [9], and 308
[26]). The determination of the radii of the uncertainty regions 309
has also been discussed in [19]. 310

Throughout this paper, we assume that the magnitudes of 311
the CSI errors are significantly lower than those of the chan- 312
nel estimates; therefore, the third- and higher-order terms in 313
AH,, ; and AGy , are neglected in our subsequent analysis. 314
We also introduce in Table I some useful notations to simplify 315
our exposition. 316

Substituting (8) into (7) and applying the aforementioned 317
assumptions, the per-stream MSE in the presence of CSI errors 318
can be expressed as 319

Ek,l (AH, AGk)
M
u,f{ﬂ'k,k + Z uﬁlAGk,me’ka

m=1

~
~

2

+ 0 gl

M
H T
+ E Ukylgk,mAHm,ka_ek,l
m=1
K

M
+ ulnghq + Z uglAGk,me,qu

m=1

q=1,q#k
M

+ Z ulglgk,mAquFq

m=1

2

M
+ 3" 0k [0 Gl + wf AGL W | (13)

m=1

2The superscript “W” simply refers to the spatially white or uncorrelated
nature of these random variables.
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320 We now observe that the per-stream MSE becomes uncertain in
321 AH,, ;, V(m, k) € M x K and AGy, ., Ym € M. Therefore,
322 we introduce the following compact notations for convenience:

AGy £ (AGg1, ..., AGry) €Gr 2 G X - X G

AHé (AHl,l,...,AHMJ() cH éHl,l X e X HM,K-

323 For subsequent derivations, the dependence of ¢, ; on AH and
324 AGy, is made explicit in (13).

325  The kth relay’s transmit power in the presence of CSI errors
326 canalso be explicitly expressed as Pg ., (AH,, ), where AH,,, £

327 (AHp1, -, AHp k) € Hon = Hint X -+ X Hon ke«

328 C. Problem Formulation

329 In contrast to the prior advances [6]-[8], [14], [22] found
330 in the relay optimization literature, where certain global ob-
331 jective functions are minimized subject to power constraints
332 at the sources and relays, we formulate the following robust
333 design problems under the explicit consideration of QoS. Let
334 us commence by introducing the following unified operation:

A Eaxf(AX), AXisrandom
UL (AX)} = Arr)l(aﬁf (AX), AX is deterministic
€

(14)
335 where AX € CM*N and f(-) : CM*N — R. Depending on
336 the specific assumptions concerning AX, ¢/{-} either computes
337 the expectation of f(AX) over the ensemble of realizations
338 AX or maximizes f (AX) for all AX within some bounded
339 set X'. This notation will be useful and convenient for char-
340 acterizing the per-stream MSE of (13) and the relay’s power
341 Pr m(AH,,) for different types of CSI errors in a unified form
342 in our subsequent analysis.
343 1) Min—Max Problem: For notational convenience, we
344 define F 2 (Fy,...,Fg), W= (Wy,...,Wy), and U £
345 (Uq,...,Uk), which collects the corresponding design vari-
346 ables. In this problem, we jointly design {F, W, U} with the
347 goal of minimizing the maximum per-stream MSE subject to
348 the source and relay power constraints. This problem pertains
349 to the design of energy-efficient relay networks, where there is a
350 strict constraint on the affordable power consumption. Based on
351 the notation in (14), it can be expressed in the following unified
352 form, which is denoted M (PR):

Qi max kU {en (AH, AGy,)} (15a)
st U{Prm(AH)Y < pmPr Yme M (15b)
Tr(FyFi) < P& Vke K (15¢)

353 where {kg,; > 0:Vk € K,1 € Dy} is a set of weights assigned
354 to the different data streams for maintaining fairness among
355 them, Py is the common maximum affordable transmit power
356 of all the relays, and {p,,, > 0:Vm € M} is a set of coeffi-
357 cients specifying the individual power of each relay.

358  2) QoS Problem: The second strategy, which serves as a
359 complement to the given min—max problem, aims for minimiz-
360 ing the maximum per-relay power, while strictly satisfying the

QoS constraints for all the data streams and all the source power 361
constraints. Specifically, this problem, which is denoted Q(), 362

can be formulated as 363
. 1
Flin max p—mu {Pr,m(AH,,)} (16a)
st Ufens (AH,AGy)} < - VkeK,le Dy
Rkl
(16b)
Tr (F//Fy) < P VkeK (16¢)

where v denotes a common QoS target for all the data streams. 364
The following remark is of interest. 365
Remark 1: The major difference between the min—-max and 366

QoS problems is that solving the QoS problem is not always 367

feasible. This is because the per-stream MSE imposed by the 368

interstream and interuser interference [cf. (13)] cannot be made 369

arbitrarily small by simply increasing the transmit power. By 370

contrast, solving the min—max problem is always feasible since 371

it relies on its “best effort” to improve the QoS for all the data 372

streams at limited power consumption. Both problem formu- 373

lations are nonconvex and in general NP-hard. These issues 374

motivate the pursuit of a tractable but suboptimal solution to 375

the design problems considered. 376

III. STATISTICALLY ROBUST TRANSCEIVER DESIGN 377
FOR THE MIN-MAX PROBLEM 378

Here, we propose an algorithmic solution to the min—max 379
problem of (15) in the presence of the statistical CSI errors of 380
Section II-B1. The corresponding statistically robust version of 381

(15) can be formulated as 382
FHX}&IIHU ngllc?z}e(Dk ko ik (172)
st. Prum <pmPr YmeM (17b)
Tr (FFy) < P VkeK (17¢)
where we have 383
Zky = Eanac, {6k (AH,AGy)}
Pr.m £ Eam,, {Pr,m(AHy)} (18)

To further exploit the structure of (17), we have to compute the 384
expectations in (18), which we refer to as the averaged MSE 385
and relay power, respectively. By exploiting the independence 386

3In fact, the min-max problem M(Pg) and the QoS problem Q(v)
are the so-called inverse problems, i.e., we have v = M[Q(~)] and Pr =
Q[M(PRr)]. The proof follows a similar argument to that of [27, Th. 3].
However, as shown in the subsequent analysis, the proposed algorithm cannot
guarantee finding the global optimum of the design problems. Therefore,
monotonic convergence cannot be guaranteed, which is formally stated as
Pr > P} % M(Pr) < M(P})and~y >+ # Q(y) < Q(+'). Dueto the
lack of the monotonicity, a 1-D binary search algorithm is unable to solve Q(~y)
via a sequence of M (Pg) evaluations. Consequently, a formal inverse problem
definition is not stated in this paper.



387 of AH,, i, and AGy, ,, in (13), the per-stream MSE averaged
388 over the channel uncertainties can be expanded as

Eri= u,ﬁ{l (Tk,kTgk + Ry) up, — 2R {ungk,kek,z} +1

K M
+> > E{uf | AGL Wi jF FUWE AGH w1}

q=1m=1 7
K M
+3° 3 E{uf i mAH,, FFIAHE G wy )
qg=1m=1 7

M
+ > 0 E{uf | AGL W, WEAGY, u,,} (19)
m=1

I3

389 where we have

K M
H 2 H 2
Ry = Z TroTrq+ Z oR,mGkmGr,m + 0D kL -
q=1,q7#k m=1

(20)

390 To compute the expectations in (19), we rely on the results of
391 [28, (10)] to obtain

I = | E{AGr Wi (FFIWE AGH, up,

=Tr (Wi oF FYWE U6, ) ul B, w21

392 Similarly, Z5 and Z3 can be simplified to
I, =Tr (FqF?‘I’Hm,q) ukH,lgk,mEHm,,qgﬁ,nuk,z (22)
Iy =Tr (W, WU, )ul Ba, . a. (23)

393 Based on (21)—(23), the averaged MSE in (19) is therefore
394 equivalent to

Ekl = uf’l (Tk,kaHJC + Ry + Q) ugy
— 2R {u Trrers} +1 (24)

395 where
K M
33" (10 W WL ) B
g=1m=1
+Tr (FF) Wy, ) gk,mEHm,qgﬁm)
M
+ Y of T (W, Wilg, )3, .. (25)
m=1

396 After careful inspection, it is interesting to find that g ; is
397 convex with respect to each block of its variables F, W, and
398 U, although not jointly convex in all the design variables.
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The averaged relay power P, can be derived as 399
K
P = (To(FIHE  WHW,, 1, F})
k=1
+ T (FFf ) T (WHW,Sh,,.,) )
+ 0 Tr (W, W) (26)

and the convexity of ﬁR,m in each of F and W is immediate. 400

A. Iterative Joint Transceiver Optimization 401

It is worthwhile noting that the inner pointwise maximization 402
in (17a) preserves the partial convexity of £ ;. Substituting 403
(24) and (26) back into (17), the latter is shown to possess a 404
so-called block multiconvex structure [20], which implies that 405
the problem is convex in each block of variables, although in 406
general not jointly convex in all the variables. 407

Motivated by the given property, we propose an algorithmic 408
solution for the joint transceiver optimization based on the 409
block coordinate update approach, which updates the three 410
blocks of design variables, one at a time while fixing the 411
values associated with the remaining blocks. In this way, three 412
subproblems can be derived from (17), with each updating F', 413
‘W, and U, respectively. Each subproblem can be transformed 414
into a convex one, which is computationally much simpler 415
than directly finding the optimal solution to the original joint 416
problem (if at all possible). Since solving for each block at 417
the current iteration depends on the values of the other blocks 418
gleaned from the previous iteration, this method in effect can be 419
recognized as a joint optimization approach in terms of both the 420
underlying theory [15], [20] and the related applications [14], 421
[17]. We now proceed by analyzing each of these subproblems. 422

1) Receive Filter Design: It can be observed in (19) that 423
€k, in (17a) only depends on the corresponding linear vector 424
uy;, whereas the constraints (17b) and (17c) do not involve 425
uy;. Hence, for a fixed F and W, the optimal uy; can be 426
obtained independently and in parallel for different (%, [) values 427

by equating the following complex gradient to zero: 428
Vuz’lgkvl =0. 27

The resultant optimal solution of (27) is the Wiener filter, i.e., 429

—1
uy = (Tk7kaH7k + Ry + Qk) Tk,kek',l- (28)

2) Source TPC Design: We then solve our problem for the 430
TPC F, while keeping W and U fixed. For better exposi- 431
tion of our solution, we can rewrite (17) after some matrix 432
manipulations, explicitly in terms of F' as given in (29), shown 433
at the bottom of the next page, where Ej, ;= ey el |, nrm = 434

pmPr — 0f Tt (W, W), and 435
M
agvl 2 ugl Z O‘%{’m (Tr (WmWZ‘I’Gk,m) Ekam
m=1
+GhmGl ) + 0B Ing, [Wea + 1. (30)

The solution to the problem (29) is not straightforward; hence, 436
we transform it into a more tractable form. To this end, we 437
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438 introduce the new variables of fj, = vec (Fy) € CNs:kdrx1

439 Vk € K and define the following quantities that are independent
440 of £, Vk € K:

M
A’f:(l]é ZIdk@ <ZW
m=1

H
+ Tr(u Ba, we) Wi ¥, Wik

HEr iU Wy

H H
+Tr (0! ,GrmZn,, , Gk mk1) Ou,, , >

(€29)
M
ab! = vec (Z nguﬁmEk,l) (32)
m=1
AZ?k = Idk oY (Wg,kwm,k + Tr (Wgw'rnEHm,k) “I’Hm,k) .
(33)

441 It may be readily verified that A]f(ll and AJ", are positive
442 definite matrices. Then, we invoke the followmg identities, i.e.,

443 Tr (ABA) = vec (A)" (1@ B) vec (A) and Tr (AB) =
444 vec (B)" vec (A), for transforming both the objective (29a)
445 and the constraints (29b)—(29c) into quadratic expressions of

to external optimization solvers, such as SeduMi [30] and 454
MOSEK [31]. To gain further insights into this procedure, we 455
show in Appendix A that the problem (34) can be equivalently 456
transformed into a standard SOCP that is directly solvable by 457
a generic external optimization solver based on the interior- 458
point method. Therefore, the SOCP form bypasses the tedious 459
translation by the parser/solvers for every problem instance in 460
real-time computation. 461

3) Relay AF Matrix Design: To solve for the relay AF ma- 462
trices, we follow a similar procedure to that used for the source 463
TPC design. However, here we introduce a new variable, which 464
vertically concatenates all the vectorized relay AF matrices, 465
yielding 466

w1 vec (W)

[I>
[I>

(35)

W vec (W]\/[)

along with the following quantities, which are independent 467
of w: 468

K
446 f}., and finally reach the following equivalent formulation: "
k y geq {Bllc,z} =S [, HE,) © U B ildrn)]  (36)
. migl t (34a) mne =1
st
! K % . bg’in £ vec (ungk me k) (37)
s Yo erakle, —on{fab') 4 abt < L L&
q=1 Kkl BS,m Z |:T]."(llk lsz 'muk l)Hm qu q ® \I’Gk m
Vk e K,l € Dy, (34b) q=1
K . +TI‘(F§I\I’HM‘QFQ) Egmq(@uk’mEk’luk,m
m <
;fk At <nrm Ym e M (34¢) + af{,mTr (ukH,zsz,muk,l) Iy, ®¥g, .
= 2 H
f'fy < PYY ke K (34d) oI, © @5 Erithim) (38)
byl £ of 41 3
447 where ¢ is an auxiliary variable. Problem (34) by definition is a 4 Dk e[+ X (39)
448 convex separable inhomogeneous QCLP [16]. This class of op- 2 « T
L B;.. = I
449 timization problems can be handled by the recently developed 5 TR, mANi o + 1; (H"”’kﬂm’k
450 parser/solvers, such as CVX [29] where the built-in parser is a
451 capable of verifying the convexity of the optimization problem 4+ Tr (Fka Uy k) P k) ® Ing,
452 (in user-specified forms) and then, of automatically transform- ' " ’
453 ing it into a standard form; the latter may then be forwarded (40)
K M M M
: HyH 94H k.l
min | max {Z‘; Zl Zle (FIWE UL B iy n Wi gF ) — 2123?{Tr (Bx i Wi 1 Fi) } + ag
g=1m=1n= m=
K M
+ Z Z Tr k\Ile,me,qu) Tr (uf’lEGk‘mukJ)
g=1m=1
K M
Z Z (Fiwy, Fo) Tr (v, GrmZn,, ,Ghmk.) } (292)
K
s.t. Z Tr( < AWEW, H,, g+ Tr (WEW,, B, ) \IIHk)Fk) < NRom, YmEM (29b)
Tr (Fk Fk) < PR, Vkek (29¢c)



469 where B¥' is a block matrix with its (m,n)th block de-
470 fined earlier. Then, using the identities Tr (A?BCD#) =

471 vec (A)" (DT@B)vec(C), Tr(A"BA) =vec(A)” (12 B)
472 vec (A), and Tr (AT B) = vec (B)" vect (A), we can formu-
473 late the following optimization problem:

mi? t (41a)
) M
st. wiBPlw — Z 2R {nggfn} Z wHB“
m=1 m=1
b’”<—VleDk,keK (41b)
Kkl
wgBamwm < pmPr VYm e M. (41¢)

474 It may be readily shown that Bk’l, Blg fn and Bs ,, are all

475 positive definite matrices and that (41) is also a convex sepa-
476 rable inhomogeneous QCLP. Using a similar approach to the
477 one derived in Appendix A, the SOCP formulation of (41)
478 can readily be obtained. The details of the transformation are
479 therefore omitted for brevity.

480 B. Algorithm and Properties

481 We assume that there exists a central processing node, which,
482 upon collecting the channel estimates {Hm k» Gk mVm €
483 M,k € K} and the covariance matrices of the CSI errors
484 {Zw,, .. By > Y, 0 Gy, Ym € M,k € K}, optimizes
485 all the design variables and sends them back to the
486 corresponding nodes. The iterative procedure listed in
487 Algorithm 1 therefore should be implemented in a centralized
488 manner, where {F(), W) TU®} and t(¥) represent the set of
489 design variables and the objective value in (17a), respectively,
490 at the sth iteration. A simple termination criterion can be
491 [t() — t(=1)| < ¢, where ¢ > 0 is a predefined threshold. In the
492 following, we shall analyze both the convergence properties
493 and the complexity of the proposed algorithm.

494 1) Convergence: Provided that there is a feasible initializa-
495 tion for Algorithm 1, the solution to each subproblem is glob-
496 ally optimal. As a result, the sequence of the objective values
497 in (17a) is monotonically nonincreasing as the iteration index
498 1 increases. Since the maximum per-stream MSE is bounded
499 from below (at least) by zero, the sequence of the objective
500 values must converge by invoking the monotonic convergence
501 theorem.

502 2) Complexity: When the number of antennas at the sources
503 and relays, ie., Ngj and Ng,,, have the same order of
504 magnitude, the complexity of Algorithm 1 is dominated by the
505 SOCP of (62), which is detailed in Appendix A, as it involves
506 all the constraints of the original problem (17). To simplify
507 the complexity analysis, we assume that Ng ;, = Ng, and dj, =
508 d Yk € KC. In (62), the total number of design variables is
509 Niotal = N3K + 14+ K2d+ KM. The size of the second-
510 order cones (SOCs) in the constraints (62b)—(62g) is given
511by (N2 + 1)dK(K — 1), (N2 + 1)dK, (K +2)dK, (N3 +
512 1)KM, (K + 1)M, and (NZ + 1)K, respectively. Therefore,
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the total dimension of all the SOCs in these constraints can 513
be shown to be Dsocp = O(NZdK? + N3 MK). It has been 514
shown in [32] that problem (62) can be solved most efficiently 515
using the primal—dual interior-point method at worst-case com- 516
plexity on the order of O(N2,,,D) if no special structure in 517
the problem data is exploited. The computational complexity of 518
Algorithm 1 is therefore on the order of O(N§), O(K?°), and 519
O(M?3) in the individual parameters Ng, K and M, respec 520
tively. In practice, however, we find that the matrices A ! and 521
Am,C in (31) and (33), respectively, exhibit a significant level of 522
sparsity, which allows solving the SOCP more efficiently. In our 523
simulations, we therefore measured the CPU time required for 524
solving (62) for different values of Ng, K, and M (the results 525
are not reported due to the space limitation) and found that 526
the orders of complexity obtained empirically are significantly 527
lower than those of the given worst-case analysis. Empirically, 528
we found these to be around O(N3-%), O(K'7), and O(M'3). 529

Algorithm 1 Iterative Algorithm for Statistically Robust
Min-Max Problem

Initialization:
1: Set the iteration index 7 =0, F(O)

530
Pém]?xINs wxdy s 331

Wk € Kand Wi = [2eli Ty,  vm e M 532

2: repeat 533
3:  Compute u,(c . Y'VEeK, 1 € Dy, using the Wiener filter 534
(28) in parallel 535

Compute F(H'l) Vk € K by solving the SOCP (62); 536

4:

5: Compute W, (D) Y e M by solving the SOCP (41); 537
6: i+ i+1; 538
7: until [t — 1= Dl<e 539

IV. WORST-CASE ROBUST TRANSCEIVER DESIGN 540
FOR THE MIN-MAX PROBLEM 541

Here, we consider the joint transceiver design problem under 542
min-max formulation of (15) and the norm-bounded CSI error 543
model of Section II-B2. To this end, based on the notation in 544

(14), we explicitly rewrite this problem as 545
i AH,AG 42
L A (AH, AGy) (42a)

VAHeH,AGr€eGy
st. Prm (AH,,) < ppPrVm € M,AH,, € H,,

(42b)
Tr (Fk Fk) <P Vk ek (42c)
whose epigraph form can be expressed as 546
min ¢t (43a)
F,W,U
s.t. Ekl(AH AGk) < —Vk‘ e K,l € Dy,
Kkl
AH € H,AGy, € Gy (43b)

PR,m (AHm) < meR Vm € M, AH,, € H,,
(43¢)

Tr (Fy Fi) < PYPVEk € K (43d)
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547 where ¢ is an auxiliary variable. As compared with the sta-
548 tistically robust version of (17), problem (43) now encounters
549 two major challenges, namely the nonconvexity and the semi-
550 infinite nature of the constraints (43b) and (43c), which render
551 the optimization problem mathematically intractable. In what
552 follows, we derive a solution to address these calamities.

553 A. lterative Joint Transceiver Optimization

554  To overcome the first difficulty, we still rely on the iterative
555 block coordinate update approach described in Section III;
556 however, the three resultant subproblems are semi-infinite due
557 to the continuous but bounded channel uncertainties in (43b)
558 and (43c). To handle the semi-infiniteness, an equivalent refor-
559 mulation of these constraints as LMI will be derived by using
560 certain matrix transformation techniques and by exploiting an
561 extended version of the S-lemma of [21]. In turn, such LMI
562 will convert each of the subproblems into an equivalent SDP
563 [33] efficiently solvable by interior-point methods [34].

564 1) Receive Filter Design: In this subproblem, we have to
565 minimize ¢ in (43a) with respect to uy, ; subject to the constraint
566 (43b). To transform this constraint into an equivalent LMI, the
567 following lemma is presented, which is an extended version of
568 the one in [21].

569 Lemma 1 (Extension of S-lemma [21]): Let A(x)=
570 A (x), B(x) = ¥ (x), {Dr(x)}Y_,, and {B;}_, be ma-
571 trices with appropriate dimensions, where A(x), X(x), and
572 {Dg(x)}i_, are affine functions of x. The following semi-
573 infinite matrix inequality:

(A(X) + g: BkaDk(X)>

k=1

N H
X (A(x) + ZBkHCka(x)> < B(x) (44)
k=1
574 holds for all ||Cklls < px,k=1,..., N if and only if there

575 exist nonnegative scalars 7y, ..., 7y satisfying (45), shown at
576 the bottom of the page.

A simplified version of Lemma 1, which considers only 577
a single uncertainty block, i.e., NV =1, can be traced back 578
to [35], whereas a further related corollary is derived in 579
[21, Proposition 2]. Lemma 1 extends this result to the case 580
of multiple uncertainty blocks, i.e., K > 1; the proof which 581
follows similar steps as in [21] is omitted owing to the space 582

limitation. 583
Upon using Lemma 1, the constraint (43b) can equivalently 584
be reformulated as follows. 585

Proposition 1: There exist nonnegative values of Tﬁl € 586
RM>1 and 711, € REM*1 capable of ensuring that the semi- 587
infinite constraint (43b) is equivalent to the matrix inequality 588
in (46), shown at the bottom of the page, where we have 589
Ny £ Zf\le Ng,m, Ns = Zszl Ng 1, and the operator (x) 590

denotes the Khatri—-Rao product (blockwise Kronecker product) 591

[36]. In (46), ©}.; and @} ; are defined as 592
€107 @y
6, = : B £ 47)
&k O UNI,K‘I’%K

whereas Oy, ;, @1, ;, and 0}, ; are defined in (71) of Appendix B. 593
Proof: See Appendix B. W 594
Using (46), the subproblem formulated for uy, ; can be equiv- 595
alently recast as 596

min t st 48)

Qi = 0.
t’uk«l""i,l""i,l

With fixed F and W, (46) depends affinely on the design 597
variables {t,uy;, 7%, 78, }. Therefore, (48) is a convex SDP 598
of the LMI form [331, which is efficiently solvable by existing 599
optimization tools based on the interior-point method. Since the 600
uy, ; for different values of (k,1) are independent of each other, 601
they can be updated in parallel by solving (48) for different & 602
and [. 603

2) Source TPC Design: We now have to solve problem (43) 604
for F by fixing U and W. The solution is formulated in the 605
following proposition. 606

_ N -
Y(x)— > 7By By A(x) 0 e 0
k=1
AT(x) I p1D{ (%) pnD (%)
0 plDl(X) I 0 =0 (45)
L 0 pNDN(X) 0 tee TNI |
ﬁ - 1T7‘S,l - 1T7‘I;il 0, 01xNp N 01x NNy
' —~H —=H
Q A 01?,1 Id+NR+ND,k ek,l q)k,l -0 46)
k’l - ONDV;,V.NRxl ek,l diag (Tgl) * IND‘;CNR ONDVkNRXNsNR -
ONg Ng x1 B ONg Ny x Np, 4 Ni diag (T}iz) * IngNg



607  Proposition 2: The subproblem of optimizing the TPCs F
608 can be formulated as the following SDP:

min t (49a)
t,F,TiJ,TEYZ,T?”
st. Qri>=0VkeK,leDy (49b)
P,>0VmeM (49c¢)
max H
Ps’k £ =0Vke K
£ INS.kdk
(494d)
609 where we have
meR - ]-TTEn t{;{ 01><NSNR,m
Pm é tm I Tm t 0
ONgNR mx1 77Hn diag (75,) * I
(50)
610 with 78, € RX*1, T, (F) 2 [TF ..., T" ], and
vec (WmI:Im,kFl)
tm = R (51
vec (WmHmKFK)
or,mvec (W)
OZ:;; dgNR,m *Ns,k NrR,m
Tos 2 Fl oW, (52)
O(Zf:k+1 quR,erN}?(,m) XNs k NR,m
611 Proof: Since F is involved in all the constraints of the

612 original problem (43), in the following, we will transform each
613 of these constraints into tractable forms.

614  First, note that (43b) has already been reformulated as (46),
615 which is a trilinear function of F, W, and U. By fixing the
616 values of W and U, it essentially becomes an LMI in F'.

617  Then, to deal with the semi-infinite constraint of the relay
618 power (43c), we can express PR ,, as follows based on the
619 definitions in (51):

2
PRm:

s

K
trn + Z Tm,khm,k:
k=1

(53)

620 Substituting (53) into (43c) and again applying Lemma 1, (43c)
621 can be equivalently recast as the matrix inequality (49¢), whose
622 left-hand side is bilinear in W,,, and F, which is an LMI in F
623 when W, is fixed.

624  Finally, (43d) can be expressed as ||fy | < Pgip, which can
625 be equivalently recast as (49d) by using the Schur complement
626 rule of [33]. The SDP form (49) is then readily obtained. |
627 3) Relay AF Matrix Design: Since the constraint (49d) is
628 independent of the relay AF matrices W, this subproblem is
629 equivalent to

(49b), (49¢).

min t s.t.
W, TS TR T

(54)

630 The given problem becomes a standard SDP in W by noting
631 that Qj; and P, in (49b) and (49c¢), respectively, are LMIs in
632 W, provided that the other design variables are kept fixed.
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The convergence analysis of the overall iterative algorithm, 633
which solves problems (48), (49), and (54) with the aid of the 634
block coordinate approach, is similar to that in Section III-B 635
and therefore omitted for brevity. One slight difference from 636

Algorithm 1 is that we initialize F\) =  /PE#¥In; , xa, Yk € 637

KC and Uéo) = T4, xNg , Vk € K, and the iterative algorithm will 638
start by solving for the optimal WE}J. Solving (49) imposes a 639
worst-case complexity on the order of O(NZ,,,Dspp), where 640
Dgpp represents the total dimensionality of the semi-definite 641
cones in constraints (49b)—(49d). Comparing the SDP formu- 642
lation of (49) derived for the norm-bounded CSI errors and the 643
SOCP formulation in (62) deduced for the statistical CSI errors, 644
the total dimensionality of (49) is seen to be significantly larger 645
than that of (62). 646

V. TRANSCEIVER DESIGN FOR THE QUALITY-OF-SERVICE 647
PROBLEM 648

Here, we turn our attention to the joint transceiver design for 649
the QoS problem (16). Following the same approaches as in 650
Sections III and IV, the solution to the QoS problem can also 651
be obtained by adopting the block coordinate update method. 652
Since the derivations of the corresponding subproblems and 653
algorithms are similar to those in Sections III and IV deduced 654
for the min—max problem, we hereby only present the main 655
results. 656

A. QoS Problem Under Statistical CSI Errors 657

1) Receive Filter Design: An optimal uy; can be obtained 658
by minimizing g5 ;(AH, AGy) with respect to uy;, which 659
yields exactly the same solution as the Wiener filter in (28). 660

2) Source TPC Design: The specific subproblem of finding 661

the optimal F' can be solved by the following QCLP: 662
in t 55
W o
= Y
H Akl H_k,|1 k,l
.. q;fq Afie, —2m {gflal !} 4+ b < .
Vk € K,l € Dy (55b)
K
S EANS <k, YmeM (55¢)
k=1
Tr(FyFi) < P8 Vkek (55d)
where 1 ., £ ot — O’%{’mTI‘(Wng). 663
3) Relay AF Matrix Design: The optimal W can be found 664
by solving 665
mi? t (56a)
M
st. wiBPlw — Z 2R {wgbgfn}
m=1

M
+ 3 wiBh w, +0f! < Hl vk, 1
m=1 k.l
(56b)

Wng,me < pmt Vm e M. (56¢)
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666 B. QoS Problem under Norm-Bounded CSI Errors

667 1) Receive Filter Design: The optimal uy; can be obtained
668 from (48).

669 2) Source TPC Design: The optimal F can be obtained as
670 the solution to the following SDP:

min t (57a)
t,F,Tiyl,Tzvl,‘rfn
st. Qp, =0 VkeK,leDy (57b)
P,>=0 YmeM (57¢)
max H
Ps’k i =0 VkekK

fy Ing di

(57d)

671 where Q}CJ is obtained from Qj; in (46) upon replacing ¢ by
672 7y in the top-left entry (1,1). Similarly, P’ can be obtained by
673 substituting Pg with ¢ in the (1,1)th entry of P, in (50).

674  3) Relay AF Matrix Design: The optimal relay AF matrices
675 are obtained by solving

(57b), (57c). (58)

min t s.t.

g h
t,W,‘rk,l,‘rle

676 C. Initial Feasibility Search Algorithm

677  An important aspect of solving the given QoS problem is to
678 find a feasible initial point. Indeed, it has been observed that,
679 if the iterative algorithm is initialized with a random (possibly
680 infeasible) point, the algorithm may fail at the first iteration.
681 Finding a feasible initial point of a nonconvex problem, such
682 as our QoS problem (16), is in general NP-hard. All these
683 considerations motivate the study of an efficient initial feasibil-
684 ity search algorithm, which finds a reasonably “good” starting
685 point for the QoS problem of (16).

686  Motivated by the “phase I’ approach in general optimization
687 theory [33], we formulate the feasibility check problem for the
688 QoS problem as follows:

FI%HU s (59a)
st KU {8;@7[ (AH7 AGk)} <sVkeK,leD

(59b)

Tr (FyFi) < PYY VkeK (59¢)

689 where s is a slack variable, which represents an abstract mea-
690 sure for the violation of the constraint (16b). The given problem
691 can be solved iteratively using the block coordinate approach
692 until the objective value s converges or the maximum affordable
693 number of iterations is reached. If, at the (n + 1)* iteration,
694 s("*1) meets the QoS target , then the procedure successfully
695 finds a feasible initial point; otherwise, we claim that the QoS
696 problem is infeasible. In this case, it is necessary to adjust ~y
697 or to drop the services of certain users by incorporating an
698 admission control procedure, which, however, is beyond the
699 scope of this paper.

Interestingly, (59) can be reformulated as 700
Quin o max ke U {er (AH, AGy)} (60a)
st. U{Prm (AH,,)} < pn PR Vme M (60b)
Tr (FyFi) < PYY VkeK (60c)

where we have P3° — oo, which is equivalent to removing the 701
constraint on the relay’s transmit power. In fact, (60) becomes 702
exactly the same as the min—max problem of (15) upon setting 703
Pr = Pg°. We therefore propose an efficient iterative feasibil- 704
ity search algorithm, which is listed as Algorithm 2, based on 705
the connection between the feasibility check and the min—max 706
problems. 707

Algorithm 2 Iterative Initial Feasibility Search Algorithm for
the QoS problems

1: repeat 708
2: Solve one cycle of the problem (60) and denote the 709

current objective value by 4(+1); 710
3: Verify if Y0+ < 4, and if so, stop the algorithm; 711
4. i1+ 1; 712
5: until Termination criterion is satisfied, e.g., W(i) — ﬁ/(i’l)| 713

< e; or the maximum allowed number of iteration is 714
reached. 715

Based on the definition of ¢/{-} in (14), Algorithm 2 is ap- 716
plicable to the QoS problems associated with both types of CSI 717
errors considered. Furthermore, Algorithm 2 indeed provides a 718
feasible initial point for the QoS problem if it exists. Otherwise, 719
it provides a certificate of infeasibility if 4(t1) > ~ after a few 720
iterations. Then, the QoS problem is deemed infeasible in this 721
case, and the admission control procedure may deny the access 722
of certain users. 723

VI. SIMULATION EXPERIMENTS AND DISCUSSIONS 724

This section presents our Monte Carlo simulation results for 725
verifying the resilience of the proposed transceiver optimization 726
algorithms against CSI errors. In all simulations, we assume 727
that there are K =2 S—D pairs, which communicate with 728
the assistance of M = 2 relays. Each node is equipped with 729
Ns = Nrm = Npji =3 antennas Vk € IC,m € M. Each 730
source transmits 2 independent quadrature phase-shift keying 731
(QPSK) modulated data streams to its corresponding destina- 732
tion, i.e., dy =2 Vk € K. Equal noise variances of cr]%’k = 733
aﬁ’m are assumed. The maximum source and relay transmit 734
power is normalized to one, i.e., we have P§'v* =1 VEk € K 735
and p,, Pr = 1, Vm € M. Equal weights of Iikl are assigned 736
to the different data streams, unless otherwise stated. The chan- 737
nels are assumed to be flat fading, with the coefficients given 738
by i.i.d. zero-mean unit-variance complex Gaussian random 739
variables. The signal-to-noise ratios (SNRs) at the relays and 740
the destinations are defined as SNRg ., £ pyax/ |NR7ma§’m| 741
and SNRp ; = PR**/|Np 0%, , |, respectively. The optimiza- 742
tion solver MOSEK [31] is used for solving each optimization 743
problem. 744
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statistical CSI errors.

745 A. Performance Evaluation Under Statistical CSI Errors

746 We first evaluate the performance of the iterative algorithm
747 proposed in Section III under statistical CSI errors. The
748 channel correlation matrices in (9) and (10) are obtained by
749 the widely employed exponential model of [37]. Specifically,
750 their entries are given by [Zy, ,]i; = [Za,.,.Ji; = o7
751 and [\I’Hm,k]i,j = [\I’Gk,m]i,j = Ugﬁ‘i_j‘, i, J € {1,2, 3}, where
752 « and [ are the correlation coefficients, and Ug denotes
753 the variance of the CSI errors. The available channel
754 estimates I:ImJg and kam are generated according to

755 I:ImJC ~ CN(ONR,mXNS,k’ ((1 —Og)/Ug)sz,k X \Ilgmk) and

156 G ~ CN Oy, v s (1 - 02) [ 02) S, ©UE, ),
757 respectively, such that the entries of the true channel matrices
758 have unit variances. We compare the robust transceiver
759 design proposed in Algorithm 1 to the 1) nonrobust design,
760 which differs from the robust design in that it assumes
761 ¥y, , =Xq,,, =0 and ¥y, =¥q, =0, ie., it neglects
762 the effects of the CSI errors; 2) perfect CSI case, where the
763 true channel matrices H,, ;, and Gy, are used instead of the
764 estimates I:ImJC and Ghm in Algorithm 1 and where there
765 are no CSI errors, i.e., we have ¥y, , =Yg, , =0 and
766 ¥y, , = ¥q, ,, = 0. The curves labeled “optimal MSE”
767 correspond to the value of the objective function in (17a) after
768 optimization by Algorithm 1. In all the simulation figures, the
769 MSEs of the different approaches are calculated by averaging
770 the squared error between the transmitted and estimated
771 experimental data symbols over 1000 independent CSI error
772 realizations and 10 000 QPSK symbols for each realization.

773 As a prelude to the presentation of our main simulation re-
774 sults in the following, the convergence behavior of Algorithm 1
775 is presented for different CSI error variances, It can be observed
776 in Fig, 2 that in all cases, the proposed algorithm can converge
777 within a reasonable number of iterations, Therefore, in our ex-
778 perimental work, we set the number of iterations to a fixed value
779 of 5, and the resultant performance gains will be discussed in
780 the following.
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(a) Maximum per-stream MSE. (b) Sum MSE (SNRR ,, = SNRp ; = SNR,
a=F=0.5).

1) Experiment A.1 (MSE Performance): In Fig. 3(a), the 781
maximum per-stream MSE among all the data streams is shown 782
as a function of the SNR for different values of CSI error vari- 783
ance. It is observed that the proposed robust design approach 784
achieves better resilience against the CSI errors than the non- 785
robust design approach. The performance gains become more 786
evident in the medium-to-high SNR range. For the nonrobust 787
design, degradations are observed because the MSE obtained 788
at high SNRs is dominated by the interference, rather than by 789
the noise. Therefore, the relays are confined to relatively low 790
transmit power in order to control the interference. This, in turn, 791
leads to performance degradation imposed by the CSI errors. In 792
contrast, the proposed robust design is capable of compensating 793
for the extra interference imposed by the CSI errors, thereby 794
demonstrating its superiority over its nonrobust counterpart. 795
Furthermore, we observe that the “Optimal MSE” and our 796
simulation results tally well, which justifies the approximations 797
invoked in calculating the per-stream MSE in (13). In addition 798
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799 to the per-stream performance, the overall system performance*

800 quantified in terms of the sum MSE of different approaches
801 is examined in Fig. 3(b), where a similar trend to that of
802 Fig. 3(a) can be observed.

803 The MSE performance associated with a limited number
804 of feedback bits is also studied. To this end, we assume that
805 each user is equipped with a codebook that is optimized using
806 the generalized Lloyd algorithm of vector quantization (GLA-
807 VQ) [38]. Each user then quantizes the channel vector, and
808 the corresponding codebook index is fed back to the central
809 processing unit. The results presented in Fig. 4 show that the
810 proposed algorithm significantly outperformed the nonrobust
811 one for the different number of quantization bits considered.
812 2) Experiment A.2 (Data Stream Fairness): Next, we exam-
813 ine the accuracy of the proposed robust design in providing
814 weighted fairness for the different data streams. To this end,
815 we set the weights for the different data streams to be k11 =
816 ka1 = 1/3 and K12 : koo = 1/6. Fig. 5 shows the MSE of
817 each data stream for different values of the error variance.
818 Comparing the two methods, the robust design approach results
819 in significantly better weighted fairness than the nonrobust one.
820 In particular, the MSEs obtained are strictly inversely propor-
821 tional to the predefined weights. This feature is particularly
822 desirable for multimedia communications, where the streams
823 corresponding to different service types may have different
824 priorities.

825  3) Experiment A.3 (Effects of Channel Correlation): The
826 effects of channel correlations on the MSE performance of
827 the different approaches are investigated in Fig. 6. It can be
828 observed that the performance of all the approaches is degraded
829 as the correlation factor o increases. While the robust design

4Note that the objective of portraying the sum MSE performance is to
validate whether the proposed robust design approach can also achieve a perfor-
mance gain over the nonrobust approach in terms of its overall performance. In
fact, the sum MSE performance can be optimized by solving a design problem
with the sum MSE being the objective function.
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Fig. 5. Comparison of the per-stream MSEs of the robust and nonrobust

design approaches (SNRR ,, = SNRp ; = 15dB, and o = 8 = 0.5).
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830 shows consistent performance gains over its nonrobust one as-
831 sociated with different o and 02, the discrepancies between the
832 two approaches tend to become less significant with an increase
833 in «. This is because the achievable spatial multiplexing gain is
834 reduced by a higher channel correlation; therefore, the robust
835 design can only attain a limited performance improvement in
836 the presence of high channel correlations.

837 B. Performance Evaluation Under Norm-Bounded CSI Errors

838 Here, we evaluate the performance of the proposed worst
839 case design approach in Section V for the min—max problem
840 under norm-bounded CSI errors. Similar to that given earlier,
841 we compare the proposed robust design approach both to the
842 nonrobust approach and to the perfect CSI scenario. We note
843 that the power of each relay is a function of AH,,,. According
844 to the worst-case robust design philosophy, the maximum relay
845 transmit power has to be bounded by the power budget, whereas
846 the average relay transmit power may become significantly
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lower than that of the nonrobust design. To facilitate a fair 847
comparison of the different approaches, we therefore assume 848
the absence of CSI errors for the S—R links, i.e., we have 849
AH,, ; = 0. For the R—D links, we consider the uncertainty 850
regions with equal radius, i.e., we have & ,,, =7 Vk € IC,m € 851
M. To determine the worst-case per-stream MSE, we generate 852
5000 independent realizations of the CSI errors. For each re- 853
alization, we evaluate the maximum per-stream MSE averaged 854
over 1000 QPSK symbols and random Gaussian noise. Then, 855
the worst-case per-stream MSE is obtained by selecting the 856
largest one among all the realizations. 857

1) Experiment B.1 (MSE Performance): The worst-case per- 858
stream MSE and the worst-case sum MSE are reported in 859
Fig. 7 as a function of the SNR. Three sizes of the uncertainty 860
region are considered, i.e., r = 0.05, » = 0.1, and r = 0.15. 861
Focusing on the first case, it can be seen that the performance 862
achieved by our robust design approach first monotonically 863
decreases as the SNR increases and then subsequently remains 864
approximately constant at high-SNR values. This is primarily 865
because, at low SNR, the main source of error in the estimation 866
of the data streams is the channel noise. At high SNR, the 867
channel noise is no longer a concern, and the MSE is dominated 868
by the CSI errors. Observe also in Fig. 7 that for r = 0.1 869
and » = 0.15, the MSE is clearly higher, although it presents 870
a similar trend to the case of » = 0.5. The performance gain 871
achieved by the robust design also becomes more noticeable 872
for these larger sizes of the uncertainty regions. 873

2) Experiment B.2 (Relay Power Consumption): Next, we 874
investigate the performance of the approach proposed in 875
Section VI for the QoS problem under the norm-bounded CSI 876
errors. The maximum per-relay transmit power is plotted in 877
Fig. 8 as a function of the QoS target  for different sizes of 878
uncertainty regions. As expected, it can be observed that the 879
relay power for all cases decreases as the QoS target is relaxed. 830
An important observation from this figure is that, when the size 881
of uncertainty region is large, the required relay transmit power 832
becomes significantly higher than the perfect CSI case. From an 883
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for SNR = 5 dB.

884 energy-efficient design perspective, this is not desirable, which
885 motivates the consideration of the min—-max design in such
886 applications.

887 3) Experiment B.3 (CDF of Per-stream MSE): Finally, we
888 evaluate how consistently the QoS constraints of all the data
889 streams can be satisfied by the proposed design approach for
890 the QoS problem. In this experiment, the CSI errors of both the
891 S—R and R—D links are taken into consideration and generated
892 according to the i.i.d. zero-mean complex Gaussian distribution
893 with a variance of 02 = 0.001. Then, the probability that the
894 CSI errors are bounded by the predefined radius r can be
895 formulated as [9, Sec. IV-C]

Pr{ el <72} = Pr{llgeml® <2}
B 1 7<N2 r2>
AP

TG

896 where I'(-) and (-, -), respectively, denote the complete and
897 lower incomplete Gamma functions. Given the required bound-
898 ing probability of, e.g., 90% in the simulation, the radius r
899 can be numerically determined from (61). Fig. 9 shows the
900 cumulative distribution functions (cdfs) of the MSE of each
901 data stream using both the robust and nonrobust design meth-
902 ods. As expected, the proposed robust method ensures that
903 the MSE of each data stream never exceeds the QoS target
904 shown as the vertical black solid line in Fig. 9. By contrast,
905 for the nonrobust design, the MSE frequently violates the QoS
906 target, namely for more than 60% of the realizations. Based on
907 these observations, we conclude that the proposed robust design
908 approach outperforms its nonrobust counterpart in satisfying
909 the QoS constraints for all the data streams.

(61)

910 VII. CONCLUSION

911 Jointly optimized source TPCs, AF relay matrices, and re-
912 ceive filters were designed by considering two different types

of objective functions with specific QoS consideration in the 913
presence of CSI errors in both the S—R and R—D links. To 914
this end, a pair of practical CSI error models, namely, the 915
statistical and the norm-bounded models were considered. Ac- 916
cordingly, the robust transceiver design approach was formu- 917
lated to minimize the maximum per-stream MSE subject to 918
the source and relay power constraints (min—max problem). 919
To solve the nonconvex optimization problems formulated, an 920
iterative solution based on the block coordinate update algo- 921
rithm was proposed, which involves a sequence of convex conic 922
optimization problems. The proposed algorithm generated a 923
convergent sequence of objective function values. The problem 924
of relay power minimization subject to specific QoS constraints 925
and to source power constraints was also studied. An efficient 926
feasibility search algorithm was proposed by studying the link 927
between the feasibility check and the min—max problems. Our 928
simulation results demonstrate a significant enhancement in 929
the performance of the proposed robust approaches over the 930

conventional nonrobust approaches. 931
APPENDIX A 932

TRANSFORMATION OF (34) INTO A STANDARD 933
SECOND-ORDER CONE PROGRAMMING 938

By exploiting the separable structure of (34) and the proper- 936

ties of quadratic terms, the problem can be recast as 937
min t 62a
i (62a)

{)\k,l}ﬁ{om}
1/2
s.L. (A’fé) £l < AR
Vg, k € KK,q # k,l € Dy, (62b)
ki \1/2 ki Y2 g k.l
(Al,'k) fi. — <A1,k) a || < Ay
Vk e K,l € Dy, (62¢)
H ~1 ¢
HAk,lHQ_ (ag,l) (A’ff@) ag,l+ a’?f’l < —
k1
Vk e K,l € Dy, (62d)

|(A5) 26| < 05 vk e KKome M (620)

1607 < \/MRom Ym € M (62f)
16,1 < /P2 vk € K (62¢)
where \*! = [/\]f’la . ~7>\§él]T,9m =07, .. .,GQ]T, and t are 938

auxiliary variables. The main difficulty in solving this problem 939
is with (62d), which is a so-called hyperbolic constraint [32], 940
whereas the remaining constraints are already in the form 941

of SOC. 942
To tackle (62d), we observe that, for any x and y, z < 0, the 943
following equation holds: 944

x| < yz <= H [ ] H <y+z. (63)

2
Yy—z



945 We can apply (63) to transform (62d) into

20k
| —
L

AR 1okl ok 1
1K) A2 —ag

< L () (At ekt

k.l

(64)

946 Therefore, substituting (62d) by (64), we can see that (62) is in
947 the form of a standard SOCP.

948 APPENDIX B
940 PROOF OF PROPOSITION 1
951 First, we define T = [Tx1,...,Trx] and Gi =

952 [or,1Gk 1s - - -, Or.M Gk, M ]. We exploit the fact that, for any
953 vectors {ay, }IV_,, the following identity holds:

I[al,...,a%]|"

N

> laxl? =

k=1

(65)
954 The per-stream MSE (13) can be subsequently expressed as

M
H H
€kl = u,c)lTk;_‘_ E uMAka [)’\777171]5‘17 ey

W, kFk]
m=1
K M
§ : H
20 {0“231 a2 W1 Gkem
q=1m=1 o
2

x AH, (Fq,0, S

’t

q+1
M
H
+1> [olxzmINRyyp,uk’lAGk’me,
m= p=1

2

IXZ :| uﬁlgk +U]23)k||ukH,l. (66)
p= 7n+1 R,p

955 Upon applying the identity vec’ (ABC) = vec(B)T(C ®
956 AT) to (66), we arrive at

2
ekt = |[uf Tr—&f, + ng}mcl m+ZhT Dy,
Mm 1 )
+[ufiGi + Y el ol + [lovauly|” ©7)

m=1

957 where h,, x £ vec(AH,, 1) and g ,, = vec(AGy ,,, ) denote the
17,

958 vectorized CSI errors, €5, | = [0 -1, ,el .0 K
T 1><Zt:1 dy? "k 1X2t7k+1

959 and the following matrices have also been introduced:

cyr, 2 (Wi aF1) @ uj ..., Wi kFx) @ uj ] (68)

kil & *
CQ,m — OND kNR NLXZ'/YL 1 NR,p 5 Wm ® ukJ
0
Np, kNRmXZp S NR,p:| (69)
kil A T *
Dm’q B OIVSJJI\/YRJW><Z:;1:_11 dt’ Fq ® (gk7muk’l)
0 . 70
Ns g Nrmx 31 q+1dt:| (70)
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Again, by exploiting the property in (65), we can write (67) in 960

a more compact form as follows: 961
erg = || [wf, Tr — &0l ,Gr, op puf]
0.1
+ Z gk ,m Cl m C2 m> OND kNR,m X ND, k]
m=1 ek,l
K 2
Z mq7ONR7nNS qXNRJ’_ND k}
m=1 : @k L
m.q
(71)
Substituting (71) into (43b), we can express (43b) as 962
O+ ngme’”+ Z Zh%q%’q
m=1 m_lq 1
H
x| Ora + Z &m0 + Z ZhT,q‘Pi“nlq <t
m=1 m=1qg=1
(72)

where the uncertain blocks h,, , and gy, should satisfy 963
Hhm,kHS - Hh S = ||gk,mH S Nk,m» 964
respectively. Through a direct application of Lemma 1, (72) can 965
readily be recast as (46) where the nonnegativity of ’TkG, ; and TE) ; 966
has been implicitly included in the positive semi-definite nature 967
of Q1. 968
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6  Abstract—This paper addresses the problem of amplify-
7 and-forward (AF) relaying for multiple-input-multiple-output
8 (MIMO) multiuser relay networks, where each source transmits
9 multiple data streams to its corresponding destination with the
10 assistance of multiple relays. Assuming realistic imperfect chan-
11 nel state information (CSI) of all the source-relay and relay—
12 destination links, we propose a robust optimization framework
13 for the joint design of the source transmit precoders (TPCs),
14 relay AF matrices and receive filters. Specifically, two well-
15 known CSI error models are considered, namely, the statistical
16 and the norm-bounded error models. We commence by consid-
17 ering the problem of minimizing the maximum per-stream mean
18 square error (MSE) subject to the source and relay power con-
19 straints (min—-max problem). Then, the statistically robust and
20 worst-case robust versions of this problem, which take into ac-
21 count the statistical and norm-bounded CSI errors, respectively,
22 are formulated. Both of the resultant optimization problems
23 are nonconvex (semi-infinite in the worst-case robust design).
24 Therefore, algorithmic solutions having proven convergence and
25 tractable complexity are proposed by resorting to the iterative
26 block coordinate update approach along with matrix transforma-
27 tion and convex conic optimization techniques. We then consider
28 the problem of minimizing the maximum per-relay power subject
29 to the quality-of-service (QoS) constraints for each stream and
30 the source power constraints (QoS problem). Specifically, an ef-
31 ficient initial feasibility search algorithm is proposed based on
32 the relationship between the feasibility check and the min-max
33 problems. Our simulation results show that the proposed joint
34 transceiver design is capable of achieving improved robustness
35 against different types of CSI errors when compared with non-
36 robust approaches.
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38 state information (CSI) error, convex optimization, multiple-input
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1. INTRODUCTION 40

OOPERATIVE relaying [1] is capable of improving the 42
communication link between the source and destination 43
nodes, in the context of wireless standards such as those of the 44
Long-Term Evolution Advanced [2], Worldwide Interoperabil- 45
ity for Microwave Access (WiMAX) [3], and fifth-generation 46
networks [4]. Relaying strategies may be classified as amplify- 47
and-forward (AF) and decode-and-forward (DF) techniques. 48
The AF relaying technique imposes lower signal processing 49
complexity and latency; therefore, it is preferred in many 50
operational applications [5] and is the focus of our attention 51
in this paper. 52
Recently, multiple-input—multiple-output (MIMO) AF relay- 53
ing designed for multiuser networks has attracted considerable 54
interest [6]-[11]. In typical wireless multiuser networks, the 55
amount of spectral resources available to each user decreases 56
with an increase in the density of users sharing the channel, 57
hence imposing a degradation on the quality of service (QoS) 58
of each user. MIMO AF relaying is emerging as a promising 59
technique of mitigating this fundamental limitation. By exploit- 60
ing the so-called distributed spatial multiplexing [5] at the mul- 61
tiantenna assisted relays, it allows multiple source/destination 62
pairs to communicate concurrently at an acceptable QoS over 63
the same physical channel [5]. The relay matrix optimiza- 64
tion has been extensively studied in a single-antenna assisted 65
multiuser framework, under different design criteria (see, e.g., 66
[6]-[10]), where each source/destination is equipped with a sin- 67
gle antenna. In general, finding the optimal relay matrix in these 68
design approaches is deemed challenging because the resultant 69
optimization problems are typically nonconvex. Hence, existing 70
algorithms have relied on convex approximation techniques, 71
e.g., semi-definite relaxation (SDR) [9], [10] and second- 72
order cone programming (SOCP) approximation [7], [8], in 73
order to obtain approximate solutions to the original design 74
problems. 75
Again, the given contributions focus on single-antenna mul- 76
tiuser networks. However, wireless standards aim for the pro- 77
motion of mobile broadband multimedia services with an 78
enhanced data rate and QoS, where parallel streams corre- 79
sponding to different service types can be transmitted simul- 80
taneously by each source using multiple antennas [11]. This 81
aspiration has led to a strong interest in the study of cooperative 82
relaying in a MIMO multiuser framework, where multiple 83
antennas are employed by all the sources (S), relays (R), and 84
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85 destinations (D). The joint transceiver design' is more challeng-
86 ing than the relay matrix design of the single-antenna scenario,
87 but it provides further performance benefits. Prior contributions
88 [6]-[10], [12], [13] are therefore not readily extendable to this
89 more general case. At the time of this writing, the literature
90 of the joint transceiver design for MIMO multiuser relaying
91 networks is still limited. To be specific, in [14], global objective
92 functions such as the sum power of the interference received
93 at all the destinations and the sum mean square error (MSE)
94 of all the estimated data streams are minimized by adopting
95 the alternating minimization approach of [15], where only a
96 single design variable is updated at each iteration based on the
97 SDR technique of [16]. However, the use of global objective
98 functions is not readily applicable to multimedia applications
99 supporting several types of services, each characterized by
100 a specific QoS requirement. To overcome this problem, in
101 [17], the objective of minimizing the total source and relay
102 power subject to a minimum signal-to-noise-plus-interference
103 ratio (SINR) requirement for each S—D link is considered. To
104 this end, a two-level iterative algorithm is proposed, which
105 also involves SDR. Since the main goal of [17] was that of
106 achieving a high spatial diversity gain to improve the attainable
107 transmission integrity, the number of data streams transmitted
108 by each source in this setting is limited to one [17].

109 The efficacy of the joint transceiver design in [14] and
110 [17] relies on the idealized simplifying assumption of perfect
111 channel state information (CSI) for all the S—R and R—D
112 links. In practice, acquiring perfect or even accurate channel
113 estimates at a central processing node is quite challenging. This
114 is primarily due to the combined effects of various sources
115 of imperfections, such as the affordable channel estimation
116 complexities and the limited quantized feedback and feedback
117 delays [18], [19]. The performance of the previous methods
118 may hence be substantially degraded in the presence of realistic
119 CSI errors. In view of this, robust transceiver designs, which
120 explicitly take into account the effects of CSI errors, are highly
121 desirable. Depending on the assumptions concerning the CSI
122 errors, robust designs fall into two major categories, namely,
123 statistically robust [18] and worst-case robust designs [19].
124 The former class models the CSI errors as random variables
125 with certain statistical distributions (e.g., Gaussian distribu-
126 tions), and robustness is achieved by optimizing the average
127 performance over all the CSI error realizations; the latter family
128 assumes that the CSI errors belong to some predefined bounded
129 uncertainty regions, such as norm-bounded regions, and opti-
130 mizes the worst-case performance for all the possible CSI errors
131 within the region.

132 As a further contribution, we study the joint transceiver
133 design in a more general MIMO multiuser relay network,
134 where multiple S—D pairs communicate with the assistance of
135 multiple relays, and each source transmits multiple parallel data
136 streams to its corresponding destination. Assuming realistic
137 imperfect CSI for all the S—R and R—D links, we propose a
138 new robust optimization framework for minimizing the max-
139 imum per-stream MSE subject to the source and relay power

'We use “transceiver design” to collectively denote the design of the source
TPCs, relay AF matrices, and receive filters.
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constraints, which is termed as the min—max problem. In the 140
proposed framework, we aim for solving both the statistically 141
robust and worst-case robust versions of the min—max problem, 142
which take into account either the statistical CSI errors or 143
the norm-bounded CSI errors, respectively, while maintaining 144
tractable computational complexity. Furthermore, to strictly 145
satisfy the QoS specifications of all the data streams, we sub- 146
sequently consider the problem of minimizing the maximum 147
per-relay power, subject to the QoS constraints of all the data 148
streams and to the source power constraints, which is referred 149
to as the QoS problem. Against this background, the main 150
contributions of this paper are threefold. 151

* With the statistically robust min—-max problem for the 152
Jjoint transceiver design being nonconvex, an algorithmic 153
solution having proven convergence is proposed by in- 154
voking the iterative block coordinate update approach 155
of [20] while relying on both matrix transformation and 156
convex conic optimization techniques. The proposed iter- 157
ative algorithm successively solves in a circular manner 158
three subproblems corresponding to the source transmit 159
precoders (TPCs), relay AF matrices, and receive filters, 160
respectively. We show that the receive filter subproblem 161
yields a closed-form solution, whereas the other two 162
subproblems can be transformed to convex quadratically 163
constrained linear programs (QCLPs). Then, each QCLP 164
can subsequently be reformulated as a efficiently solvable 165
SOCP. 166

* The worst-case robust min—-max problem is both non- 167
convex and semi-infinite. To overcome these challenges, 168
we first present a generalized version of the so-called S 169
lemma given in [21], based on which each subproblem 170
can be exactly reformulated as a semi-definite program 171
(SDP) with only linear matrix inequality (LMI) con- 172
straints. This results in an iterative algorithmic solution 173
involving several SDPs. 174

* The QoS-based transceiver optimization is more chal- 175
lenging than that of the min—-max problem because it is 176
difficult to find a feasible initialization. Hence, our major 177
contribution here is to propose an efficient procedure for 178
finding a feasible starting point for the iterative QoS- 179
based optimization algorithm, provided that there exits 180
one; otherwise, the procedure also returns a certificate of 181
infeasibility. 182

The remainder of this paper is organized as follows. 183
Section II introduces our system model and the modeling of CSI 184
errors. The robust joint transceiver design problems are also 185
formulated here. In Sections III and IV, iterative algorithms are 186
proposed for solving the min—max problem both under the sta- 187
tistical and the norm-bounded CSI error models, respectively. 188
The QoS problem is dealt with in Section V. Our numerical 189
results are reported in Section VI. This paper is then concluded 190
in Section VII. 191

Notations: Boldface uppercase (lowercase) letters represent 192
matrices (vectors), and normal letters denote scalars. (-)*, (-)T, 193
(), and (-)~! denote the conjugate, transpose, Hermitian 194
transpose, and inverse, respectively. ||-|| corresponds to the 195
Euclidean norm of a vector, whereas ||-|| 7 and ||| s denote the 196
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Fig. 1. MIMO multiuser multirelay one-way network with each source
transmitting multiple data streams to its corresponding destination.

197 Frobenius norm and the spectral norm of a matrix, respectively.
198 Furthermore, Tr(-), vec(:), and ® denote the matrix trace, the
199 vectorization, and the Kronecker product, respectively. RM*N
200 and CM*N denote the spaces of M x N matrices with real
201 and complex entries, respectively. Iy represents the N x N
202 identity matrix. E{-} denotes the statistical expectation. R{-}
203 and {-} denote the real and imaginary parts of a scalar,
204 respectively.

205 II. SYSTEM MODEL AND PROBLEM FORMULATION

206  We consider a MIMO multiuser relaying network, where M
207 AF relay nodes assist the one-way communication between
208 K S—D pairs, as shown in Fig. 1, where all the nodes are
209 equipped with multiple antennas. Specifically, the kth S and
210 D, respectively, employ Nsj and Np j antennas for k € K £
211 {1,2,..., K}, whereas the mth R employs Ng ,, antennas
212 for m € M = {1,..., M}. All the relays operate under the
213 half-duplex AF protocol, where the data transmission from
214 the sources to their destinations is completed in two stages.
215 In the first stage, all the sources transmit their signals to the
216 relays concurrently, whereas in the second stage, the relays
217 apply linear processing to the received signals and forward the
218 resultant signals to all the destinations. We assume that no direct
219 links are available between the sources and destinations due to
220 the severe attenuation.

221 A narrow-band flat-fading radio propagation model is con-
222 sidered, where we denote the channel matrix between the
223 kth S and the mth R by H,,, 1, € CNrm*Nsk and the chan-
224 nel matrix between the mth R and the kth D by Gy ., €
225 CNo*Nrom | Let 5 2 [sg1,. .., 8k.a,] 7 denote the informa-
226 tion symbols to be transmitted by the kth S at a given time
227 instant, where dy, < min{Ng j, Np } is the number of inde-
228 pendent data streams. The symbols are modeled as independent
229 random variables with a zero mean and unit variance; hence,
230 E{sysf} = 1,,. The kth S applies a linear vector of fy; €
231 CNs+*1 for mapping the /th data stream to its Ngj anten-
232 nas for [ € Dy = {1,...,dy}, thus forming a linear TPC of
233 Fy = [fr1,- .-, fra,] € CVsxxde The transmit power is thus
234 given by Tr(F,FH) < P, where PSR is the maximum
235 affordable power of the kth S. Let ng ,, € CNr.mx1 pe the

spatially white additive noise vector at the mth R, with a zero 236
mean and covariance matrix of E{ng ,,n{ .} = of , Ing .. 237

After the first stage of transmission, the signal received at the 238
mth R is given by 239

K
ZRm = 3 Hp 1 Frsi + ng . (1)
k=1

Each R applies a linear matrix W,,, € CVr.m*Nrm o ZR,m 240

and forwards the resultant signal 241
K
TR,m = WmZR,m = Z WmHm,k:stk + WmnR,m (2)
k=1
to all the destinations at a power of 242
K
Prm = Y Wi Hp bFiRI[% + 0k Wiz 3)
k=1

Let np; denote the spatially white additive noise vector 243
at the kth D with a zero mean and covariance matrix of 244
E{npnf ,} = o3 . In, . The kth D observes the following 245

signal after the second stage of transmission: 246
K M
Ye = Z Z Gk,meHm,quSq
qg=1m=1
M
+ ) GemWongm +0p s (4)
m=1

where subscript ¢ is now used for indexing the sources. To 247
estimate the [th data stream received from its corresponding 248
source, the kth D applies a linear vector uy; to the received 249
signal, thus forming a receive filter Uy, = [ug 1,. .., Wk q,] € 250
CNo.xxdk  Specifically, the estimated information symbols are 251

given by 55, ; = uﬁ ¥k, which can be expressed as 252
M
5 H Z
Skl = Ug Gk,meHm,kfk,ZSk,l
m=1

desired data stream

M dy,
+ uk,l Gk,meHm,k fk,psk',p
m=1 p=1,p#l

interstream interference
M

K
+ Y uf) > G W H,,  Fys,

q=1,q#k m=1

interuser interference
M

+ Z u;ﬁ{sz,menR,m + u;ﬁ{lHD,k . )
——

m=1 X X
receiver noise

enhanced noise from relays

Throughout this paper, we also make the following common 253
assumptions concerning the statistical properties of the signals. 254

Al) The information symbols transmitted from different S 255
are uncorrelated, i.e., we have E{s;s7} = 0 Vk,m € K 256
and k # m. 257



258 A2) The information symbols s, the relay noise ng ,, and the
259 receiver noise np ; are mutually statistically independent
260 Vk,l € K and m € M.

261 A. QoS Metric

262 We adopt the MSE as the QoS metric for each estimated data
263 stream. The major advantage of using the MSE is to make our
264 design problem tractable, which has been well justified in the
265 AF relay matrix design literature [22], [23] and in the references
266 therein. In fact, the links between the MSE and other classic
267 criteria such as the bit error rate (BER) and the SINR have
268 been well established in [22], [24]. Specifically, it has been
269 shown that an improvement in MSE will naturally lead to a
270 reduced BER.

271  The MSE of the /th estimated data stream received at the kth
272 D is defined as

eng = E{|850 — sua*}- (6)

273 Substituting (5) into (6), and using assumptions Al and A2, we
274 obtain

M 2
H T
eed = |0y > Grm Wi Hy o Fi — e
m=1
K M 2
H
+ >0 |uf)D G W H,  Fy
q=1,q#k m=1
M )
2 H 2 2
+ Z OR,m Huk,sz,meH +op i lluedll” (D
m=1

275 where ey, ; € R4 *1 is a vector with all zero entries except the
276 lth entry, which is equal to one.

2771 B. CSI Error Model

278  In typical relaying scenarios, the CSI of both the S—R and
279 R—D links, which is available at the central processing node, is
280 contaminated by channel estimation errors and by the quantized
281 feedback, and is outdated due to feedback delays. To model
282 these CSI errors, let us characterize the true but unknown
283 channels as

Hm,k = I:Im,k + AHm,ka Gk,m = Gk,m + AGk,m (8)

284 where PAIm, 1 and G %,m. respectively, denote the estimated S—R
285 and R—D channels, whereas AH,, ;, and AGy, ,,, capture the
286 corresponding channel uncertainties [8], [9]. In what follows,
287 we consider two popular techniques of modeling the channel
288 uncertainties.

289 1) Statistical Error Model: In this model, we assume that
290 the elements of AH,, ;, and AGy, ., are zero-mean complex
291 Gaussian random variables. Specifically, based onthe Kronecker
292 model [18], [25], they can, in general, be written as

AH,, :zg/j AHY ¥ Il{/jk 9)

AGym =3¢ AGY, 8% (10)
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TABLE 1
EQUIVALENT NOTATIONS USED IN THE SUBSEQUENT ANALYSIS

[ Notations | Definitions |
gk‘m Gk‘/mw'm
Wm,k W‘mHm.k‘
Hon k H,, 1 Fg
Tk.q ZA[ Gls mmem qu
where ¥y, and Xg, ,, are the row correlation matrices, 293
whereas \IIH . and ¥ ».m are the column correlation matrices, 294

all being posmve definite. The entries of AHW m.k and AG m 295
are independently and identically distributed (1 i.d.) complex 296
Gaussian random variables with a zero mean and unit variance.? 297
This model is suitable when the CSI errors are dominated by the 298
channel estimation errors. 299

2) Norm-Bounded Error Model: When the CSI is subject 300
to quantization errors due to the limited-rate feedback, it can 301
no longer be accurately characterized by the given statistical 302
model. Instead, AH,, ;, and AGy, ,,, are considered to assume 303
values from the following norm-bounded sets [19]: 304

Hm,k é {AHm,k : ||AHm,kHF S 777n,k} (11)
Gem 2 {AGkm  [AGEm|F < &km} (12)

where 7, 1, > 0 and & ,,, > 0 specify the radii of the uncer- 305
tainty regions, thus reflecting the degree of uncertainties. The 306
benefits of such an error model have been well justified in the 307
literature of robust relay optimization (see, e.g., [8], [9], and 308
[26]). The determination of the radii of the uncertainty regions 309
has also been discussed in [19]. 310

Throughout this paper, we assume that the magnitudes of 311
the CSI errors are significantly lower than those of the chan- 312
nel estimates; therefore, the third- and higher-order terms in 313
AH,, i, and AGy, ,,, are neglected in our subsequent analysis. 314
We also introduce in Table I some useful notations to simplify 315
our exposition. 316

Substituting (8) into (7) and applying the aforementioned 317
assumptions, the per-stream MSE in the presence of CSI errors 318

can be expressed as 319
81€7l (AH, AGk)
M
L H H
~ ukJTk,k' + Z ukJAGk,me,ka
m=1
M 2
H T 2 2
+ Z W Grm AHy o Fr —ep ||+ op g luel
m=1
K M
T B AGh W F
+ kgt Uy AGgmWm gl
q=1,q#k m=1
M 2
H
+ Z w1 Gr,mAHm  Fq
m=1
M
2 H H 2
+ 3 0% [0l Ghm + 0l AGL W [* . (13)
m=1

2The superscript “W” simply refers to the spatially white or uncorrelated
nature of these random variables.
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320 We now observe that the per-stream MSE becomes uncertain in
321 AH,, 1, ¥Y(m, k) € M x K and AGy,_,,, Vm € M. Therefore,
322 we introduce the following compact notations for convenience:

AGk £ (AGk71,...,AGk7M) € Gy, éng PR % gk,M
AHé (AHl,la-”yAHM,K) cH éHl,l X oo X HM,K-

323 For subsequent derivations, the dependence of €5 ; on AH and
324 AGy, is made explicit in (13).

325 The kth relay’s transmit power in the presence of CSI errors
326 can also be explicitly expressed as Pr ,, (AH,,, ), where AH,,, £

327 (AHp 1y, AHyy i) € Hon = Hing X -+ X Hon k-

328 C. Problem Formulation

329 In contrast to the prior advances [6]-[8], [14], [22] found
330 in the relay optimization literature, where certain global ob-
331 jective functions are minimized subject to power constraints
332 at the sources and relays, we formulate the following robust
333 design problems under the explicit consideration of QoS. Let
334 us commence by introducing the following unified operation:

A Eaxf(AX), AXisrandom
UL (AX)} = max, f(AX), AX isdeterministic
€

14
335 where AX € CM*N and f(-) : CM*N — R. Depending on
336 the specific assumptions concerning AX, U/{-} either computes
337 the expectation of f(AX) over the ensemble of realizations
338 AX or maximizes f (AX) for all AX within some bounded
339 set X'. This notation will be useful and convenient for char-
340 acterizing the per-stream MSE of (13) and the relay’s power
341 Pr m(AH,,) for different types of CSI errors in a unified form
342 in our subsequent analysis.
343 1) Min—-Max Problem: For notational convenience, we
344 define F 2 (Fy,...,Fg), W= (Wy,...,Wy), and U £
345 (Uy, ..., Uk), which collects the corresponding design vari-
346 ables. In this problem, we jointly design {F, W, U} with the
347 goal of minimizing the maximum per-stream MSE subject to
348 the source and relay power constraints. This problem pertains
349 to the design of energy-efficient relay networks, where there is a
350 strict constraint on the affordable power consumption. Based on
351 the notation in (14), it can be expressed in the following unified
352 form, which is denoted M (Pg):

i AH, A 1
FWU  Vkek 1eD, fald {en (AH, AGy)} (153)
st. U{Prm(AH,,)} < pmPr Yme M (15b)
Te(F{Fr) < PEY Vkek (15¢)

353 where {kx; > 0:Vk € K, € Dy} is a set of weights assigned
354 to the different data streams for maintaining fairness among
355 them, Py is the common maximum affordable transmit power
356 of all the relays, and {p,,, > 0:Vm € M} is a set of coeffi-
357 cients specifying the individual power of each relay.

358 2) QoS Problem: The second strategy, which serves as a
359 complement to the given min—max problem, aims for minimiz-
360 ing the maximum per-relay power, while strictly satisfying the

QoS constraints for all the data streams and all the source power 361
constraints.> Specifically, this problem, which is denoted Q(), 362

can be formulated as 363
. 1
Fin, max EU {Pr,m(AH,,)} (162)
st U{er (AH,AGy)} < Kl Vk € K,1 € Dy,
k,l
(16b)
Tr (FyFi) < PYY Vkek (16¢)

where v denotes a common QoS target for all the data streams. 364
The following remark is of interest. 365
Remark 1: The major difference between the min—max and 366

QoS problems is that solving the QoS problem is not always 367

feasible. This is because the per-stream MSE imposed by the 368

interstream and interuser interference [cf. (13)] cannot be made 369

arbitrarily small by simply increasing the transmit power. By 370

contrast, solving the min—max problem is always feasible since 371

it relies on its “best effort” to improve the QoS for all the data 372

streams at limited power consumption. Both problem formu- 373

lations are nonconvex and in general NP-hard. These issues 374

motivate the pursuit of a tractable but suboptimal solution to 375

the design problems considered. 376

III. STATISTICALLY ROBUST TRANSCEIVER DESIGN 377
FOR THE MIN-MAX PROBLEM 378

Here, we propose an algorithmic solution to the min—max 379
problem of (15) in the presence of the statistical CSI errors of 380
Section II-B1. The corresponding statistically robust version of 381

(15) can be formulated as 382
FH\}\IIHU nglc%)e(m ik ik (172)
st. Prom < pmPr VYm e M (17b)
Tr (F{Fy) < PP VkeK  (170)
where we have 383
Zr1 = Eamac, {er: (AH,AGy)}
Pr.m £ Ean,, {Pr.m(AH,,)} . (18)

To further exploit the structure of (17), we have to compute the 384
expectations in (18), which we refer to as the averaged MSE 385
and relay power, respectively. By exploiting the independence 386

3In fact, the min-max problem M(Pg) and the QoS problem Q(v)
are the so-called inverse problems, i.e., we have v = M[Q(v)] and Pg =
O[M(Pr)]. The proof follows a similar argument to that of [27, Th. 3].
However, as shown in the subsequent analysis, the proposed algorithm cannot
guarantee finding the global optimum of the design problems. Therefore,
monotonic convergence cannot be guaranteed, which is formally stated as
Pr > P}, # M(Pr) < M(P})andy > " # Q(v) < Q(7'). Dueto the
lack of the monotonicity, a 1-D binary search algorithm is unable to solve Q(~y)
via a sequence of M (PR ) evaluations. Consequently, a formal inverse problem
definition is not stated in this paper.



387 of AH,, ;, and AGy, ,, in (13), the per-stream MSE averaged
388 over the channel uncertainties can be expanded as

k1= u,{?{l (Tk,kaH’k + Rk) Ug; — 2% {u,{?flTk,kekyl} +1

K M
+Z Z E {uklilAGkvmesquFqHW’rI;IL,qAGgmuk,l}
q=1m=1 P
K M
+3 Y E{uf,GimAH,, FFIARY G up )}
q=1m=1 >
M
+ Y 02 E{ul\AGL W, WIAGH, ui} (19)
m=1
I3

389 where we have

K M
Ry = Z T}C’quH,q + Z U%{,mgk,mng,m + O—]ZD,kIdk'

q=1,q#k m=1

(20)

390 To compute the expectations in (19), we rely on the results of
391 [28, (10)] to obtain

Iy = uf | E{AGr Wi (F FIWE AGH L uy,

=Tr Wi, F FIWE We, Yol Za, w21

392 Similarly, 7> and Z5 can be simplified to
Iy = Tr (F,F O, )0 GrmEn, Gl murs  (22)
Iy =Tr (W, WHEe, Yu Za,, uk (23)

393 Based on (21)—(23), the averaged MSE in (19) is therefore
394 equivalent to

€kl = ukHJ (Tk,kaI{k + Ry + Qk) ug
—2R{u Thrers}+1 (24)

395 where

K M
Qk = Z Z (TI‘ (Wm»quFé{Wg,q\IIGk,m) sz,m
g=1m=1

+ Tr (FqFf\I’Hqu> gk,mEHm7qng,m)

M
+ Y of T (W Wi¥G, )5, .

m=1

(25)

396 After careful inspection, it is interesting to find that gj; is
397 convex with respect to each block of its variables F, W, and
398 U, although not jointly convex in all the design variables.
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The averaged relay power PR, can be derived as 399
K
Prm =Y (Tr(FkH b2, WHIW,, H,, ,Fy)
k=1
+ Tr (FxFf @y, ) Tr (WHW,S,.,) )
+ 0f Tt (W, W) (26)

and the convexity of FRM in each of F and W is immediate. 400

A. Iterative Joint Transceiver Optimization 401

It is worthwhile noting that the inner pointwise maximization 402
in (17a) preserves the partial convexity of ;. Substituting 403
(24) and (26) back into (17), the latter is shown to possess a 404
so-called block multiconvex structure [20], which implies that 405
the problem is convex in each block of variables, although in 406
general not jointly convex in all the variables. 407

Motivated by the given property, we propose an algorithmic 408
solution for the joint transceiver optimization based on the 409
block coordinate update approach, which updates the three 410
blocks of design variables, one at a time while fixing the 411
values associated with the remaining blocks. In this way, three 412
subproblems can be derived from (17), with each updating F', 413
W, and U, respectively. Each subproblem can be transformed 414
into a convex one, which is computationally much simpler 415
than directly finding the optimal solution to the original joint 416
problem (if at all possible). Since solving for each block at 417
the current iteration depends on the values of the other blocks 418
gleaned from the previous iteration, this method in effect can be 419
recognized as a joint optimization approach in terms of both the 420
underlying theory [15], [20] and the related applications [14], 421
[17]. We now proceed by analyzing each of these subproblems. 422

1) Receive Filter Design: It can be observed in (19) that 423
€k, in (17a) only depends on the corresponding linear vector 424
uy,;, whereas the constraints (17b) and (17c) do not involve 425
uy;. Hence, for a fixed F and W, the optimal uy; can be 426
obtained independently and in parallel for different (k, 1) values 427

by equating the following complex gradient to zero: 428
Vuzﬁk»l =0. 27

The resultant optimal solution of (27) is the Wiener filter, i.e., 429
Uy = (Tk,kT}Zk + Ry + 916)71 Tk k€, (28)

2) Source TPC Design: We then solve our problem for the 430
TPC F, while keeping W and U fixed. For better exposi- 431
tion of our solution, we can rewrite (17) after some matrix 432
manipulations, explicitly in terms of F as given in (29), shown 433
at the bottom of the next page, where Ej. ;£ ey e |, nr.m = 434

pmPr — 0f Tt (W, W), and 435
M
ag’l = ukHJ Z Ulgi,m (Tr (meg\IJGk,m) EGk,m
m=1
+gk,mng,m) + bk Ing, [wes + 1. (30)

The solution to the problem (29) is not straightforward; hence, 436
we transform it into a more tractable form. To this end, we 437
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438 introduce the new variables of fj, £ vec (Fy) € CNswdrx1

439 Yk € K and define the following quantities that are independent
440 of f, Vk € K:

M M
k,l A H H
Al»q: ZIdk@ Zwm,quk7mEk,luk,nwn,q
m=1 n=1
H H
+ Tr(ug Ba, . u6) Wi 1 %6, Wk

+ Tr (uglgk,mzﬁm,q ggmuk,z) Uy, ., )

(31
M
af! = vec (Z Wﬁvku,{mek,l) (32)
m=1
AZ,Lk = Idk ® (WyHn,ka,k +Tr (WngEHm.k) ‘IIHm,k) :
(33)

441 It may be readily verified that Akfl and A", are positive
442 definite matrices. Then, we invoke the followmg identities, i.e.,
443 Tr (A#BA) = vec (A)” (I1® B)vec(A) and Tr (AFB) =

to external optimization solvers, such as SeduMi [30] and 454
MOSEK [31]. To gain further insights into this procedure, we 455
show in Appendix A that the problem (34) can be equivalently 456
transformed into a standard SOCP that is directly solvable by 457
a generic external optimization solver based on the interior- 458
point method. Therefore, the SOCP form bypasses the tedious 459
translation by the parser/solvers for every problem instance in 460
real-time computation. 461

3) Relay AF Matrix Design: To solve for the relay AF ma- 462
trices, we follow a similar procedure to that used for the source 463
TPC design. However, here we introduce a new variable, which 464
vertically concatenates all the vectorized relay AF matrices, 465
yielding 466

w1 vec (W7)

(>
(>

(35)

Wpr vec (W]w)

along with the following quantities, which are independent 467

444 vec (B)" vec (A), for transforming both the objective (29a) of w: 468
445 and the constraints (29b)—(29c¢) into quadratic expressions of K
446 f}., and finally reach the following equivalent formulation: N
k 4 8¢ BE] =D ML) © U B M) G6)
£ Hllfl:l ‘ t (343) q=1
et t b’” 2 vee U EHE ) (37)
st SofrAbg, o {efal ) +ab < — o
= Kkl B3, éz {Tr(ukH’lEGk7nluk,l)'Hm’q'HZ%q ®¥q, .
Vk € K,1 € Dy, (34b) a=1
K . +Tr (Ff\Ime)qu) 2£m‘q ®u£{mEk’luk,m]
AV < Ym e M 34
kZ:l HATE <R Ym0 (34c) + 02 Tr (ug{lsz;uk,l) Iy, ®¥c, .
2
£, < P2 VEe K (34d) + 0 INe o @ UL B il m) (38)
. . . L Vil 2 62 el + 1 (39)
447 where t is an auxiliary variable. Problem (34) by definition is a ' ' K
448 convex separable inhomogeneous QCLP [16]. This class of op- a | 2 * T
A Bsn = I
449 timization problems can be handled by the recently developed 5 TR,m Nem ; (Hm*k’Hm’k
450 parser/solvers, such as CVX [29] where the built-in parser is B
451 capable of verifying the convexity of the optimization problem 4+ Tr (F kF;I;I \Ilan) Eligm k) @ Ing,.
452 (in user-specified forms) and then, of automatically transform- '
453 ing it into a standard form; the latter may then be forwarded (40)
K M M M
mbln Vke]C leDk { ; mz::l nz::l r Wmﬂuk,m kaluk»nwmq Q) mzzjl §R{ I‘( k,luk,mwm,k k)} + Qg
K M
+ N T (FIWE Wa, Wi iFy) Tr (uf! B, uk)
g=1m=1
K M
3D T ) T G | a9
S.t. ( ( kW W,. Hm kT Tr (W W,. EHm k) \pHm,k)Fk) < MR, m ) VYm e M (29b)
=1
( Fi) < PO, VkeK (29¢)



469 where B! is a block matrix with its (m,n)th block de-
470 fined earlier. Then, using the identities Tr (AH BCD# ) =

471 vec (A)" (DT ®@B)vec(C), Tr(A"BA) =vec(A)” (12 B)
472 vec (A), and Tr (AB) = vec (B)" vect (A), we can formu-
473 late the following optimization problem:

(41a)

M
st. wiBPlw — Z 2R {wgbgin} Z WHBkl
m=1

t
lg—VleDk,keIC
Kik,1

H
WmBS,me S meR

ol (41b)

Ym € M. (41¢0)

474 It may be readily shown that B}, B};,’fw and Bs ,, are all
475 positive definite matrices and that (41) is also a convex sepa-
476 rable inhomogeneous QCLP. Using a similar approach to the
477 one derived in Appendix A, the SOCP formulation of (41)
478 can readily be obtained. The details of the transformation are
479 therefore omitted for brevity.

480 B. Algorithm and Properties

481  We assume that there exists a central processing node, which,
482 upon collecting the channel estimates {ﬂm,k, ka Vm €
483 M,k € K} and the covariance matrices of the CSI errors
484 {Zu,, ., By Y, 0 Yay., Ym € M,k € K}, optimizes
485 all the design variables and sends them back to the
486 corresponding nodes. The iterative procedure listed in
487 Algorithm 1 therefore should be implemented in a centralized
488 manner, where {F(), W) U®} and t(*) represent the set of
489 design variables and the objective value in (17a), respectively,
490 at the ith iteration. A simple termination criterion can be
491 [t) — $(=1)| < ¢, where ¢ > 0 is a predefined threshold. In the
492 following, we shall analyze both the convergence properties
493 and the complexity of the proposed algorithm.

494 1) Convergence: Provided that there is a feasible initializa-
495 tion for Algorithm 1, the solution to each subproblem is glob-
496 ally optimal. As a result, the sequence of the objective values
497 in (17a) is monotonically nonincreasing as the iteration index
498 ¢ increases. Since the maximum per-stream MSE is bounded
499 from below (at least) by zero, the sequence of the objective
500 values must converge by invoking the monotonic convergence
501 theorem.

502 2) Complexity: When the number of antennas at the sources
503 and relays, ie., Ngj and Ng,,, have the same order of
504 magnitude, the complexity of Algorithm 1 is dominated by the
505 SOCP of (62), which is detailed in Appendix A, as it involves
506 all the constraints of the original problem (17). To simplify
507 the complexity analysis, we assume that Ng = Ng, and dj, =
508 d Yk € K. In (62), the total number of design variables is
509 Niotal = N3K + 1 + K2d + KM. The size of the second-
510 order cones (SOCs) in the constraints (62b)—(62g) is given
511 by (N2 + 1)dK (K —1), (N2 +1)dK, (K +2)dK, (N2 +
512 1)KM, (K +1)M, and (N3 + 1)K, respectively. Therefore,
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the total dimension of all the SOCs in these constraints can 513
be shown to be Dsocp = O(NZdK? + N3MK). It has been 514
shown in [32] that problem (62) can be solved most efficiently 515
using the primal—dual interior-point method at worst-case com- 516
plexity on the order of O(N2,,, D) if no special structure in 517
the problem data is exploited. The computational complexity of 518
Algorithm 1 is therefore on the order of O(N$), O(K°), and 519
O(M?3) in the individual parameters Ns, K and M, respec- 520
tively. In practice, however, we find that the matrices A ! and 521
Amk in (31) and (33), respectively, exhibit a significant level of 522
sparsity, which allows solving the SOCP more efficiently. In our 523
simulations, we therefore measured the CPU time required for 524
solving (62) for different values of Ng, K, and M (the results 525
are not reported due to the space limitation) and found that 526
the orders of complexity obtained empirically are significantly 527
lower than those of the given worst-case analysis. Empirically, 528
we found these to be around O(Ng-6), O(K17), and O(M*3). 529

Algorithm 1 Iterative Algorithm for Statistically Robust
Min-Max Problem

Initialization:
1: Set the iteration index i = 0, F(O)

530
PénI?XINS wxdys 331

Vk € K and Wiy = T{}’gir;)INR,,,L,Vm eM 532

2: repeat 533
3: Compute u,, () ke K, € Dy, using the Wiener filter 534
(28) in parallel 535

Compute F{"™) Vk € K by solving the SOCP (62); 536

4
5. Compute W§,f ) ¥m € M by solving the SOCP (41); 537
6 141+ 1 538
7 — 0] < ¢

: until [¢(?) 539

IV. WORST-CASE ROBUST TRANSCEIVER DESIGN 540
FOR THE MIN-MAX PROBLEM 541

Here, we consider the joint transceiver design problem under 542
min-max formulation of (15) and the norm-bounded CSI error 543
model of Section II-B2. To this end, based on the notation in 544

(14), we explicitly rewrite this problem as 545
i , AH, A 42
an}sllnu Vkerlrcl%ng, ik 1€k (  AG) (422)

VAHEH,AGreGy
st. Prn, (AH,,) < ppPrRVYm € M,AH,,, € H,,

(42b)
Tr (F,C F;) < P& vVk e K (42¢c)
whose epigraph form can be expressed as 546
Frr‘}%,nU t (43a)
t
S.t. Epy (AH, AGy) < ?Vk e K,l € Dy,

k.l

AH € H,AGy € Gi (43b)

Pr.m (AH,,) < pp PrYm € M, AH,, € H,,
(43c¢)

Tr (FyFr) < PP VE €K (43d)
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547 where t is an auxiliary variable. As compared with the sta-
548 tistically robust version of (17), problem (43) now encounters
549 two major challenges, namely the nonconvexity and the semi-
550 infinite nature of the constraints (43b) and (43c), which render
551 the optimization problem mathematically intractable. In what
552 follows, we derive a solution to address these calamities.

553 A. lterative Joint Transceiver Optimization

554  To overcome the first difficulty, we still rely on the iterative
555 block coordinate update approach described in Section III;
556 however, the three resultant subproblems are semi-infinite due
557 to the continuous but bounded channel uncertainties in (43b)
558 and (43c). To handle the semi-infiniteness, an equivalent refor-
559 mulation of these constraints as LMI will be derived by using
560 certain matrix transformation techniques and by exploiting an
561 extended version of the S-lemma of [21]. In turn, such LMI
562 will convert each of the subproblems into an equivalent SDP
563 [33] efficiently solvable by interior-point methods [34].

564 1) Receive Filter Design: In this subproblem, we have to
565 minimize ¢ in (43a) with respect to uy ; subject to the constraint
566 (43b). To transform this constraint into an equivalent LMI, the
567 following lemma is presented, which is an extended version of
568 the one in [21].

569 Lemma 1 (Extension of S-lemma [21]): Let A(x)=
570 A (x), B(x) = ¥ (x), {Dp(x)}Y_,, and {B;}_, be ma-
571 trices with appropriate dimensions, where A(x), ¥(x), and
572 {Dg(x)}i_, are affine functions of x. The following semi-
573 infinite matrix inequality:

(A(x) + i\’: BkaDk(X)>

k=1
N "

X <A(x) + ZBkHCka(X)> =X(x) 44
k=1

574 holds for all ||Cylls < pr,k =1,..., N if and only if there
575 exist nonnegative scalars 71, ..., 7y satisfying (45), shown at

A simplified version of Lemma 1, which considers only 577
a single uncertainty block, i.e., NV =1, can be traced back 578
to [35], whereas a further related corollary is derived in 579
[21, Proposition 2]. Lemma 1 extends this result to the case 580
of multiple uncertainty blocks, i.e., K > 1; the proof which 581
follows similar steps as in [21] is omitted owing to the space 582

limitation. 583
Upon using Lemma 1, the constraint (43b) can equivalently 584
be reformulated as follows. 585

Proposition 1: There exist nonnegative values of TSZ € 586

RM>1 and 711, € REM*L capable of ensuring that the semi- 587

infinite constraint (43b) is equivalent to the matrix inequality 588
in (46), shown at the bottom of the page, where we have 589
Ng 25 M  Niom, Ns2 32| Nsi, and the operator (%) 590
denotes the Khatri-Rao product (blockwise Kronecker product) 591

[36]. In (46), B4, ; and 5;675 are defined as 592
100! nl,lq”fji
CINE : RIWE 47)
Ep O} UJVI,K‘I”XZK

whereas Oy, ;, @, ;, and 8}, ; are defined in (71) of Appendix B. 593
Proof: See Appendix B. W 594
Using (46), the subproblem formulated for uy, ; can be equiv- 595
alently recast as 596

(48)

min t st
t,uk,z,‘l'z,l,‘l';l

Qi >~ 0.
With fixed F and W, (46) depends affinely on the design 597
variables {¢, ukJ,T%’l,TZJ}. Therefore, (48) is a convex SDP 598
of the LMI form [33], which is efficiently solvable by existing 599
optimization tools based on the interior-point method. Since the 600
uy,; for different values of (k, 1) are independent of each other, 601
they can be updated in parallel by solving (48) for different £k 602
and [. 603

2) Source TPC Design: We now have to solve problem (43) 604
for F by fixing U and W. The solution is formulated in the 605

576 the bottom of the page. following proposition. 606
_ N ;
E(X)f Z TkBkHBk A(X) 0 s 0
k=1
A (x) I p1D{ (x) pnDR (%)
0 p1D1(x) 71 0 =0 (45)
L 0 pnDn(x) 0 e ™I |
ﬁ - 1T7’;§; —-177}, 01, O01%Np VR 01xNsNR
' —H =H
Q A ellcq,l Id+NR+ND,k ek,l q’k,l <0 46)
kb= OnNp  Nrx1 ST diag (’7‘?1) * Inp o Ng ONp i NrxNsNr -
O Ng Ny x1 o, ONsNrxNp.i N diag (TI;;IJ) * Ing Ng



607  Proposition 2: The subproblem of optimizing the TPCs F
608 can be formulated as the following SDP:

min t (49a)
t’FVTi,PTz,l’TgL
st. Qi >=0VkeK,leDy (49b)
P, >0YmeM (49¢)
max H
PS £ =0Vk e
£y Ing vds,
(49d)
609 where we have
pmPr — 177D, t/ 01xNs N, m
Pm £ tm 1 Tm >~ 0
ONg N x1 Tﬁ diag (15,) = I
(50)
610 with 75, € R®*! T (F) £ [TL |,..., T;";%K]T, and
vec (WmI:IWkFl)
b 2 ; (51)
vec (WmHm,KFK)
or,mvec (Wy,)
OZ:;; dgNr,m xNs k NrR,m
Tor = FI @ W, (52)
O(Zfzk+1 dy Ni,m+NZ ) ¥ Ns i Nitm
611 Proof: Since F is involved in all the constraints of the

612 original problem (43), in the following, we will transform each
613 of these constraints into tractable forms.

614  First, note that (43b) has already been reformulated as (46),
615 which is a trilinear function of F, W, and U. By fixing the
616 values of W and U, it essentially becomes an LMI in F.

617 Then, to deal with the semi-infinite constraint of the relay
618 power (43c), we can express PR ., as follows based on the
619 definitions in (51):

K

tm + Z qu,khm,k
k=1

Prm = (53)

620 Substituting (53) into (43c) and again applying Lemma 1, (43c)
621 can be equivalently recast as the matrix inequality (49c), whose
622 left-hand side is bilinear in W,,, and F, which is an LMI in F
623 when W, is fixed.

624  Finally, (43d) can be expressed as ||f;, | < Pgip, which can
625 be equivalently recast as (49d) by using the Schur complement
626 rule of [33]. The SDP form (49) is then readily obtained. |
627 3) Relay AF Matrix Design: Since the constraint (49d) is
628 independent of the relay AF matrices W, this subproblem is
629 equivalent to

(49b), (49c¢). (54)

min t st
LW, T§ TR LT

630 The given problem becomes a standard SDP in W by noting
631 that Qy; and P, in (49b) and (49c¢), respectively, are LMIs in
632 W, provided that the other design variables are kept fixed.
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The convergence analysis of the overall iterative algorithm, 633
which solves problems (48), (49), and (54) with the aid of the 634
block coordinate approach, is similar to that in Section III-B 635
and therefore omitted for brevity. One slight difference from 636

Algorithm 1 is that we initialize F\") =  /PmaxIy 4 VK € 637

K and Ulio) = 14, xNg , VK € K, and the iterative algorithm will 638

start by solving for the optimal Wfﬁ). Solving (49) imposes a 639
worst-case complexity on the order of O(N2,,,Dspp), where 640
Dgpp represents the total dimensionality of the semi-definite 641
cones in constraints (49b)—(49d). Comparing the SDP formu- 642
lation of (49) derived for the norm-bounded CSI errors and the 643
SOCP formulation in (62) deduced for the statistical CSI errors, 644
the total dimensionality of (49) is seen to be significantly larger 645
than that of (62). 646

V. TRANSCEIVER DESIGN FOR THE QUALITY-OF-SERVICE 647
PROBLEM 648

Here, we turn our attention to the joint transceiver design for 649
the QoS problem (16). Following the same approaches as in 650
Sections IIT and IV, the solution to the QoS problem can also 651
be obtained by adopting the block coordinate update method. 652
Since the derivations of the corresponding subproblems and 653
algorithms are similar to those in Sections III and IV deduced 654
for the min—-max problem, we hereby only present the main 655
results. 656

A. QoS Problem Under Statistical CSI Errors 657

1) Receive Filter Design: An optimal uy; can be obtained 658
by minimizing g ;(AH, AGy) with respect to uy,, which 659
yields exactly the same solution as the Wiener filter in (28). 660

2) Source TPC Design: The specific subproblem of finding 661

the optimal F' can be solved by the following QCLP: 662
rglil t (55a)
= v
oo erale - o {efabt el <
S qz:; q ,q1q gy taz’ < Kot
Vk € K,l € Dy (55b)
K
S HIADE <k, YmeM (55¢)
k=1
Te(F{Fy) < P& Vkek (55d)
where 11 ., £ pmt’ — 0, Tr(W, W) 663
3) Relay AF Matrix Design: The optimal W can be found 664
by solving 665
mi? t (56a)

M
s.t. WHB’f’lW - Z 2R {wﬁb’;fn}
m=1

M
D
m=1 ’
(56b)

wng,,mwm < pmt VYm e M. (56¢)
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666 B. QoS Problem under Norm-Bounded CSI Errors

667 1) Receive Filter Design: The optimal uy; can be obtained
668 from (48).

669 2) Source TPC Design: The optimal F can be obtained as
670 the solution to the following SDP:

min t (57a)
t,F,Ti,l,T;l,Tfn
st. Q=0 VkeK,leDy (57b)
P/, -0 YmeM (57¢)
max H
PS,k £ =0 Vkek

fx INS,kdk

(57d)

671 where Q. , is obtained from Qy, ; in (46) upon replacing t by
672 vy in the tdp—left entry (1,1). Similarly, P/ can be obtained by
673 substituting Pr with ¢ in the (1,1)th entry of P, in (50).

674  3) Relay AF Matrix Design: The optimal relay AF matrices
675 are obtained by solving

(57b), (57c¢). (58)

min t s.t.
g h
tvwv"'k,zv"'k,z

676 C. Initial Feasibility Search Algorithm

677  An important aspect of solving the given QoS problem is to
678 find a feasible initial point. Indeed, it has been observed that,
679 if the iterative algorithm is initialized with a random (possibly
680 infeasible) point, the algorithm may fail at the first iteration.
681 Finding a feasible initial point of a nonconvex problem, such
682 as our QoS problem (16), is in general NP-hard. All these
683 considerations motivate the study of an efficient initial feasibil-
684 ity search algorithm, which finds a reasonably “good” starting
685 point for the QoS problem of (16).

686  Motivated by the “phase I’ approach in general optimization
687 theory [33], we formulate the feasibility check problem for the
688 QoS problem as follows:

min s (59a)
F,W,U
S.t. kg U {EkJ (AH, AGk)} <sVkeK,leD
(59b)
Tr (F{Fi) < PYY VkeK (59¢)

689 where s is a slack variable, which represents an abstract mea-
690 sure for the violation of the constraint (16b). The given problem
691 can be solved iteratively using the block coordinate approach
692 until the objective value s converges or the maximum affordable
693 number of iterations is reached. If, at the (n + l)st iteration,
694 5("+1) meets the QoS target 7, then the procedure successfully
695 finds a feasible initial point; otherwise, we claim that the QoS
696 problem is infeasible. In this case, it is necessary to adjust v
697 or to drop the services of certain users by incorporating an
698 admission control procedure, which, however, is beyond the
699 scope of this paper.

Interestingly, (59) can be reformulated as 700
FH‘}\lan nglC%)e(Dk kiU {ek, (AH, AGy)} (60a)
st. U{Prm (AH,,)} < pnPR° Vme M  (60b)
Tr (FYFr) < PP VkeK (60c)

where we have P;° — oo, which is equivalent to removing the 701
constraint on the relay’s transmit power. In fact, (60) becomes 702
exactly the same as the min—max problem of (15) upon setting 703
Pr = Pg°. We therefore propose an efficient iterative feasibil- 704
ity search algorithm, which is listed as Algorithm 2, based on 705
the connection between the feasibility check and the min—max 706
problems. 707

Algorithm 2 Iterative Initial Feasibility Search Algorithm for
the QoS problems

1: repeat 708
2: Solve one cycle of the problem (60) and denote the 709

current objective value by 4(+1); 710
3: Verify if ’y(”l) < 7, and if so, stop the algorithm; 711
4: 141+ 1; 712
5: until Termination criterion is satisfied, e.g., | — 401|713

< ¢; or the maximum allowed number of iteration is 714
reached. 715

Based on the definition of ¢{-} in (14), Algorithm 2 is ap- 716
plicable to the QoS problems associated with both types of CSI 717
errors considered. Furthermore, Algorithm 2 indeed provides a 718
feasible initial point for the QoS problem if it exists. Otherwise, 719
it provides a certificate of infeasibility if 4(**1) > ~ after a few 720
iterations. Then, the QoS problem is deemed infeasible in this 721
case, and the admission control procedure may deny the access 722
of certain users. 723

VI. SIMULATION EXPERIMENTS AND DISCUSSIONS 724

This section presents our Monte Carlo simulation results for 725
verifying the resilience of the proposed transceiver optimization 726
algorithms against CSI errors. In all simulations, we assume 727
that there are K =2 S—D pairs, which communicate with 728
the assistance of M = 2 relays. Each node is equipped with 729
Ns = Nrm = Np,,x, =3 antennas Vk € IC,m € M. Each 730
source transmits 2 independent quadrature phase-shift keying 731
(QPSK) modulated data streams to its corresponding destina- 732
tion, i.e., dy =2 Vk € K. Equal noise variances of (7]237,C =733
O’%Lm are assumed. The maximum source and relay transmit 734
power is normalized to one, i.e., we have PS“},?X =1VkeK 135
and p,, Pr = 1, Vm € M. Equal weights of x;, ; are assigned 736
to the different data streams, unless otherwise stated. The chan- 737
nels are assumed to be flat fading, with the coefficients given 738
by i.i.d. zero-mean unit-variance complex Gaussian random 739
variables. The signal-to-noise ratios (SNRs) at the relays and 740
the destinations are defined as SNRR ,,, = Pnax/ |NRmOR | 741
and SNRp, ;, £ PR /|Np 02 |, respectively. The optimiza- 742
tion solver MOSEK [31] is used for solving each optimization 743
problem. 744
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Fig. 2. Convergence behavior of the proposed iterative algorithm with

statistical CSI errors.

745 A. Performance Evaluation Under Statistical CSI Errors

746 We first evaluate the performance of the iterative algorithm
747 proposed in Section III under statistical CSI errors. The
748 channel correlation matrices in (9) and (10) are obtained by
749 the widely employed exponential model of [37]. Specifically,
750 their entries are given by [Zp, ,]i; = [Za,,.Ji; = o7
75t and Wy, Ji;=a,.,.]i;j= 028,45 € {1,2,3}, where
752 a and [ are the correlation coefficients, and ag denotes
753 the variance of the CSI errors. The available channel

754 estimates H,, ; and Gy, are generated according to
755 Hm,k ~ CN(ONR,m XNs ks ((1 _UZ)/Ug)EHm,k ® ‘I’gmk) and

756 Gk,m ~ CN(OND,k XNR,m > ((1 - 0’3) / Uz) EGk,m ® \I’gkm)’
757 respectively, such that the entries of the true channel matrices
758 have unit variances. We compare the robust transceiver
759 design proposed in Algorithm 1 to the 1) nonrobust design,
760 which differs from the robust design in that it assumes
761 ¥n,, , =XG,,, =0 and ¥y, =¥q, =0, ie., it neglects
762 the effects of the CSI errors; 2) perfect CSI case, where the
763 true channel matrices H,, , and Gy, ., are used instead of the
764 estimates I:ImJ€ and Gk’m in Algorithm 1 and where there
765 are no CSI errors, ie., we have ¥y, , =Xg, , =0 and
766 ¥y, , = ¥q, ,, = 0. The curves labeled “optimal MSE”
767 correspond to the value of the objective function in (17a) after
768 optimization by Algorithm 1. In all the simulation figures, the
769 MSEs of the different approaches are calculated by averaging
770 the squared error between the transmitted and estimated
771 experimental data symbols over 1000 independent CSI error
772 realizations and 10 000 QPSK symbols for each realization.
773 As a prelude to the presentation of our main simulation re-
774 sults in the following, the convergence behavior of Algorithm 1
775 is presented for different CSI error variances, It can be observed
776 in Fig, 2 that in all cases, the proposed algorithm can converge
777 within a reasonable number of iterations, Therefore, in our ex-
778 perimental work, we set the number of iterations to a fixed value
779 of 5, and the resultant performance gains will be discussed in
780 the following.
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Fig. 3. MSE performance of different design approaches versus SNR.

(a) Maximum per-stream MSE. (b) Sum MSE (SNRg ,, = SNRp ; = SNR,
a=p5=0.5).

1) Experiment A.1 (MSE Performance): In Fig. 3(a), the 781
maximum per-stream MSE among all the data streams is shown 782
as a function of the SNR for different values of CSI error vari- 783
ance. It is observed that the proposed robust design approach 784
achieves better resilience against the CSI errors than the non- 785
robust design approach. The performance gains become more 786
evident in the medium-to-high SNR range. For the nonrobust 787
design, degradations are observed because the MSE obtained 788
at high SNRs is dominated by the interference, rather than by 789
the noise. Therefore, the relays are confined to relatively low 790
transmit power in order to control the interference. This, in turn, 791
leads to performance degradation imposed by the CSI errors. In 792
contrast, the proposed robust design is capable of compensating 793
for the extra interference imposed by the CSI errors, thereby 794
demonstrating its superiority over its nonrobust counterpart. 795
Furthermore, we observe that the “Optimal MSE” and our 796
simulation results tally well, which justifies the approximations 797
invoked in calculating the per-stream MSE in (13). In addition 798
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Fig. 5. Comparison of the per-stream MSEs of the robust and nonrobust
Fig. 4.  Per-stream MSE performance with the optimized codebook based on  design approaches (SNRR ,;, = SNRp = 15dB, and a = 3 = 0.5).
the GLA-VQ. (B = 8 corresponds to 02 = 0.334, and B = 12 corresponds to
2 _
o =0.175)

799 to the per-stream performance, the overall system performance®
800 quantified in terms of the sum MSE of different approaches
801 is examined in Fig. 3(b), where a similar trend to that of
802 Fig. 3(a) can be observed.
803 The MSE performance associated with a limited number
804 of feedback bits is also studied. To this end, we assume that
805 each user is equipped with a codebook that is optimized using
806 the generalized Lloyd algorithm of vector quantization (GLA-
807 VQ) [38]. Each user then quantizes the channel vector, and
808 the corresponding codebook index is fed back to the central
809 processing unit. The results presented in Fig. 4 show that the
810 proposed algorithm significantly outperformed the nonrobust R
811 one for the different number of quantization bits considered. B 201 —5—Robust design
812 2) Experiment A.2 (Data Stream Fairness): Next, we exam- ‘ . ‘ ~©-~Non-robust design
813 ine the accuracy of the proposed robust design in providing 0o o1 02 03 04 05 06 07 08 09
. . . . Channel correlation factor o
814 weighted fairness for the different data streams. To this end, @)
815 we set the weights for the different data streams to be k11 = :
816 ko1 = 1/3 and k12 : koo = 1/6. Fig. 5 shows the MSE of 02=0.1
817 each data stream for different values of the error variance. ‘
818 Comparing the two methods, the robust design approach results
819 in significantly better weighted fairness than the nonrobust one.
820 In particular, the MSEs obtained are strictly inversely propor-
821 tional to the predefined weights. This feature is particularly
822 desirable for multimedia communications, where the streams
823 corresponding to different service types may have different
824 priorities.
825  3) Experiment A.3 (Effects of Channel Correlation): The
826 effects of channel correlations on the MSE performance of
827 the different approaches are investigated in Fig. 6. It can be
828 observed that the performance of all the approaches is degraded
829 as the correlation factor o increases. While the robust design

Maximum Per-Stream MSE

Sum MSE

—&— Robust design
--<{»- Non-Robust design

0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
Channel correlation factor o

4Note that the objective of portraying the sum MSE performance is to
validate whether the proposed robust design approach can also achieve a perfor-
mance gain over the nonrobust approach in terms of its overall performance. In ~ Fig. 6. MSE performance of different design approaches versus correlation
fact, the sum MSE performance can be optimized by solving a design problem  factor of the source-relay channels. (a) Per-stream MSE. (b) Sum MSE
with the sum MSE being the objective function. (SNRR,,n» = SNRp 3, = 10dB, and 3 = 0.45).
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Fig. 7. MSE performance of different design approaches versus SNR.

(a) Worst-case per-stream MSE. (b) Worst-case sum MSE.

830 shows consistent performance gains over its nonrobust one as-
831 sociated with different o and 03, the discrepancies between the
832 two approaches tend to become less significant with an increase
833 in «. This is because the achievable spatial multiplexing gain is
834 reduced by a higher channel correlation; therefore, the robust
835 design can only attain a limited performance improvement in
836 the presence of high channel correlations.

837 B. Performance Evaluation Under Norm-Bounded CSI Errors

838  Here, we evaluate the performance of the proposed worst
839 case design approach in Section V for the min—max problem
840 under norm-bounded CSI errors. Similar to that given earlier,
841 we compare the proposed robust design approach both to the
842 nonrobust approach and to the perfect CSI scenario. We note
843 that the power of each relay is a function of AH,,,. According
844 to the worst-case robust design philosophy, the maximum relay
845 transmit power has to be bounded by the power budget, whereas
846 the average relay transmit power may become significantly

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY

10 T T :
¢ —©—r=0.1
—B&—r=0.05
—A—I’=0.01
@ —#— Perfect CSI
2
o
£ o
§ 4
g 7
=
>
©
o
@
o)
o -1
£ 10 ]
2 1}
£
3 R
=
0.2 0.25 0.3 0.35 0.4
QoS target y
Fig. 8. Maximum relay transmit power versus QoS targets with different

uncertainty sizes of the CSI errors.

lower than that of the nonrobust design. To facilitate a fair 847
comparison of the different approaches, we therefore assume 848
the absence of CSI errors for the S—R links, i.e., we have 849
AH,, ; = 0. For the R—D links, we consider the uncertainty 850
regions with equal radius, i.e., we have & ,, =7 Vk € K, m € 851
M. To determine the worst-case per-stream MSE, we generate 852
5000 independent realizations of the CSI errors. For each re- 853
alization, we evaluate the maximum per-stream MSE averaged 854
over 1000 QPSK symbols and random Gaussian noise. Then, 855
the worst-case per-stream MSE is obtained by selecting the 856
largest one among all the realizations. 857

1) Experiment B.1 (MSE Performance): The worst-case per- 858
stream MSE and the worst-case sum MSE are reported in 859
Fig. 7 as a function of the SNR. Three sizes of the uncertainty 860
region are considered, i.e., r = 0.05, » = 0.1, and r = 0.15. 861
Focusing on the first case, it can be seen that the performance 862
achieved by our robust design approach first monotonically 863
decreases as the SNR increases and then subsequently remains 864
approximately constant at high-SNR values. This is primarily 865
because, at low SNR, the main source of error in the estimation 866
of the data streams is the channel noise. At high SNR, the 867
channel noise is no longer a concern, and the MSE is dominated 868
by the CSI errors. Observe also in Fig. 7 that for » = 0.1 869
and r = 0.15, the MSE is clearly higher, although it presents 870
a similar trend to the case of r» = 0.5. The performance gain 871
achieved by the robust design also becomes more noticeable 872
for these larger sizes of the uncertainty regions. 873

2) Experiment B.2 (Relay Power Consumption): Next, we 874
investigate the performance of the approach proposed in 875
Section VI for the QoS problem under the norm-bounded CSI 876
errors. The maximum per-relay transmit power is plotted in 877
Fig. 8 as a function of the QoS target  for different sizes of 878
uncertainty regions. As expected, it can be observed that the 879
relay power for all cases decreases as the QoS target is relaxed. 880
An important observation from this figure is that, when the size 881
of uncertainty region is large, the required relay transmit power 882
becomes significantly higher than the perfect CSI case. From an 883
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Fig.9. CDFs of per-stream MSEs using the robust and nonrobust approaches

for SNR = 5 dB.

884 energy-efficient design perspective, this is not desirable, which
885 motivates the consideration of the min—-max design in such
886 applications.

887 3) Experiment B.3 (CDF of Per-stream MSE): Finally, we
888 evaluate how consistently the QoS constraints of all the data
889 streams can be satisfied by the proposed design approach for
890 the QoS problem. In this experiment, the CSI errors of both the
891 S—R and R—D links are taken into consideration and generated
892 according to the i.i.d. zero-mean complex Gaussian distribution
893 with a variance of 02 = 0.001. Then, the probability that the
894 CSI errors are bounded by the predefined radius r can be
895 formulated as [9, Sec. IV-C]

P1"{||hm,k||2 < 7"2} = Pr{||gk7mH2 < r2}
B 1 N2 2
()

896 where I'(-) and ~(-,-), respectively, denote the complete and
897 lower incomplete Gamma functions. Given the required bound-
898 ing probability of, e.g., 90% in the simulation, the radius r
899 can be numerically determined from (61). Fig. 9 shows the
900 cumulative distribution functions (cdfs) of the MSE of each
901 data stream using both the robust and nonrobust design meth-
902 ods. As expected, the proposed robust method ensures that
903 the MSE of each data stream never exceeds the QoS target
904 shown as the vertical black solid line in Fig. 9. By contrast,
905 for the nonrobust design, the MSE frequently violates the QoS
906 target, namely for more than 60% of the realizations. Based on
907 these observations, we conclude that the proposed robust design
908 approach outperforms its nonrobust counterpart in satisfying
909 the QoS constraints for all the data streams.

(61)

910 VII. CONCLUSION

911  Jointly optimized source TPCs, AF relay matrices, and re-
912 ceive filters were designed by considering two different types

of objective functions with specific QoS consideration in the 913
presence of CSI errors in both the S—R and R—D links. To 914
this end, a pair of practical CSI error models, namely, the 915
statistical and the norm-bounded models were considered. Ac- 916
cordingly, the robust transceiver design approach was formu- 917
lated to minimize the maximum per-stream MSE subject to 918
the source and relay power constraints (min—max problem). 919
To solve the nonconvex optimization problems formulated, an 920
iterative solution based on the block coordinate update algo- 921
rithm was proposed, which involves a sequence of convex conic 922
optimization problems. The proposed algorithm generated a 923
convergent sequence of objective function values. The problem 924
of relay power minimization subject to specific QoS constraints 925
and to source power constraints was also studied. An efficient 926
feasibility search algorithm was proposed by studying the link 927
between the feasibility check and the min—max problems. Our 928
simulation results demonstrate a significant enhancement in 929
the performance of the proposed robust approaches over the 930

conventional nonrobust approaches. 931
APPENDIX A 932

TRANSFORMATION OF (34) INTO A STANDARD 933
SECOND-ORDER CONE PROGRAMMING 938

By exploiting the separable structure of (34) and the proper- 936

ties of quadratic terms, the problem can be recast as 937

min t (62a)

t#{fk‘}x
{)‘k,l}’{om}
1/2
st [[(af) | < A
Vg, k € K,q #k,l € Dy (62b)
ki \1/2 ki Y2 gy kil
(Al,k) £, — (Al,k) ay || < A
Vk e K,l € Dy (62¢)
H -1 t

I () (k) bt et <

’ Rkl

Vk e K,l € Dy (62d)

(A e <op vk ecmem @2

107 < \/1R;m Ym € M (62f)

£ ]| < /P2 VE € K (62g)
where AL = [\B1 )\l;(’l}T, 0" = [0, ...,07", and t are 938

auxiliary variables. The main difficulty in solving this problem 939
is with (62d), which is a so-called hyperbolic constraint [32], 940
whereas the remaining constraints are already in the form 941

of SOC. 942
To tackle (62d), we observe that, for any x and y, z < 0, the 943
following equation holds: 944

2
||x||2§yz<:>H[ y—xz ]Hgy—&—z. (63)



945 We can apply (63) to transform (62d) into
ZAk’l
H _
k,l k,l
wr o+ (a8) (aT)

t A TA Y,
() (k)
Rkl ’

"1 (64)

946 Therefore, substituting (62d) by (64), we can see that (62) is in
947 the form of a standard SOCP.

948 APPENDIX B
930 PROOF OF PROPOSITION 1
951 First, we define Ty = [Tka,...,Trx) and Gy =

952 [orR,1 Gk 1; - - -, 0Rr,M Gk Mm). We exploit the fact that, for any
953 vectors {ay }1_,, the following identity holds:

ol 2
D> llaxl* = || [af...an ][
k=1

954 The per-stream MSE (13) can be subsequently expressed as

(65)

M
H H
€kl = uk.lek—F E ukJAGk,m [Wm,lFl, c..

7Wm,KFK]
m=1
K M
H
+§ : § :{lezq dtvuk,lgk,m
t=1
g=1m=1
2

X AH, Fy, 0, s

t

q+1
M
2 H
+ |:01><Z"L1NR ,uk’ZAGk,me,
m=1 p=1 P

2

0, R ]uglgk + ot lluf,. (66)
p= ‘m+1 P

955 Upon applying the identity vec! (ABC) = vec(B)T(C ®
956 AT) to (66), we arrive at

M 2
MoHm _r T kol Z T Tkl
€kl = uk,lTk — €L, + E gk,mc m T hm qu q
m=1 m,
M 2
H T okl H |2
u, G + E 8tmCam| + ||UD7kuk,lH (67)
m=1

957 where h,,, x £ vec(AH,, 1) and gy, ,, = vec(AGy ) denote the
958 vectorized CSI errors, € ; 2[0, k-1, ,€L, 0 —x T
’ [ IXZt:I dy? kD 1xzt k1 ]

’
t

959 and the following matrices have also been introduced:

CYl 2 [WmiF1) @uj,..., Wa kFr)@uj,] (68)

Cl;:im = :OND,kNRvaZ:;ll N’ W, ® uZ,z
- OND 4 NR. mxzp . NR,p] (69)
Dyl = _ONS,C,NR,mef: a0 Fa® (G Wk )
A d] : (70)
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Again, by exploiting the property in (65), we can write (67) in 960

a more compact form as follows: 961
Ek,l = [uﬁlTk — €, ui’,z?k,aD,ku/ﬁz]
01,
M
+ Z [Cl m’C2 m’OND,kNR,m,XND,k]
m=1
ehl
M K 2
+ Zh [Dfn q’ONR‘7nNS‘q><NR+ND,k]
m=1qg=1 o
m,q
(71)
Substituting (71) into (43b), we can express (43b) as 962
B+ ngme’”+ Z thnﬁfnfq
m=1qg=1
H
S CIRS S R S S A I
m=1qg=1
(72)

where the uncertain blocks h,, ; and g, should satisfy 963
b klls = Bkl < Emp and [|8k,mlls = [I8k,mll < Mk m» 964
respectively. Through a direct application of Lemma 1, (72) can 965
readily be recast as (46) where the nonnegativity of ’ch,;" ; and 'rk}.l, ; 966
has been implicitly included in the positive semi-definite nature 967
of Q1. 968
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