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Abstract— Transceiver designs have been a key issue in
guaranteeing the performance of multiple-input multiple-output
(MIMO) relay systems, which are, however, often subject to
imperfect channel state information (CSI). In this paper, we
aim to design a robust MIMO transceiver for nonregenerative
MIMO relay systems against imperfect CSI from a worst-
case robust perspective. Specifically, we formulate the robust
transceiver design, under the minimum mean-squared error
(MMSE) criterion, as a minimax problem. Then, by decomposing
the minimax problem into two subproblems with respect to the
relay precoder and destination equalizer, respectively, we show
that the optimal solution to each subproblem has a favorable
channel-diagonalizing structure under some mild conditions.
Based on this finding, we transform the two complex-matrix
subproblems into their equivalent scalar forms, both of which
are proven to be convex and can be efficiently solved by our
proposed methods. We further propose an alternating algorithm
to jointly optimize the precoder and equalizer that only requires
scalar operations. Finally, the effectiveness of the proposed robust
design is verified by simulation results.

Index Terms— Multiple-input multiple-output (MIMO) relay
systems, minimum mean-squared error (MMSE), worst-case
transceiver design, imperfect channel state information (CSI).

I. INTRODUCTION

In recent years, relaying techniques have gained a remark-
able interest from both academic and industrial fields, due to
the fact that relay-assisted systems can provide more reliable
link quality and also expand the coverage compared to the
direct transmission scheme [1], [2]. Such benefits can be
greatly enhanced by incorporating multiple-input multiple-
output (MIMO) techniques, leading to so-called MIMO relay-
ing [3], [4]. In general, there are mainly two classes of relaying
strategies: regenerative and nonregenerative ones, where the
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regenerative strategy decodes and re-encodes relayed signals,
whereas the nonregenerative relaying simply performs linear
processing on the received signals and retransmits them to
the destination. Compared with the regenerative strategy, the
nonregenerative relaying receives more attention because of
its simplicity and easy implementation.

The full potential of MIMO relaying depends on proper
transceiver designs exploiting available channel state informa-
tion (CSI), which has been a focus of a number of recent
works [5]-[11]. In particular, the optimal relay precoder that
maximizes the mutual information (MI) has been investigated
independently in [5] and [6], and the mean-squared error
(MSE) based transceiver design has been well studied in [7]
and [8]. Apart from the MI and MSE criteria, relay designs
aiming to maximize the signal-to-noise-ratio (SNR) were
also discussed in [8] and [9]. Recently a unified framework
accommodating many commonly used design objectives was
developed in [10] for nonregenerative MIMO relay systems.
Revealed in most of the above works is an interesting phe-
nomenon that the eigenmode transmission is often optimal,
just as in traditional point-to-point MIMO systems, and the
channel is diagonalized by the transceiver. With this important
conclusion, the original matrix-variable transceiver design can
be simplified into a much simpler power allocation problem.

A common assumption made in the aforementioned works
is that CSI is perfectly known by the transceiver. In practical
systems, due to many factors such as quantized feedback, feed-
back delay and channel estimation errors, one can only access
imperfect CSI in general, which often results in considerable
performance degradation. In order to alleviate the impact of
imperfect CSI, it is necessary to design robust transceivers
taking the imperfection of CSI into account. In the literature,
there are generally two classes of imperfect CSI models
widely used for robust designs: the stochastic and deterministic
models. The stochastic model [12]-[21] assumes that the
instantaneous values of CSI are unknown but its statistics,
such as mean or/and covariance, are known, where the robust
design usually uses the average or outage performance as the
design objective. In contrast, the deterministic model [22]—[32]
makes no presumption on the distribution of CSI uncertainties
and assumes that the instantaneous value of CSI, although
unknown, lies in a known set of possible values, e.g., a norm
ball. In this case, the design goal is often to optimize the
worst-case performance and achieve the so-called worst-case
robustness.

Under the stochastic imperfect CSI model, the robust
transceiver design for point-to-point MIMO systems has been



well established in [12]-[14]. The authors in [15]-[20] further
developed a robust transceiver for nonregenerative MIMO
relay systems with statistical CSI errors. An interesting finding
made by most of these studies is that the optimal statistically
robust transceiver diagonalizes the channel, as it does under
the perfect CSI case. On the other hand, the worst-case robust
design based on the deterministic model has been considered
for a direct MIMO transmission in [22]-[24], where the
authors proved that eigenmode transmission is still optimal
for some specific design objectives, e.g., worst-case SNR [22]
or MSE with fixed receivers or equalizers [23], [24]. In light
of these existing findings, it is natural to consider whether this
favorable property still holds in nonregenerative MIMO relay
systems with deterministic imperfect CSI. So far as we know,
this question has not been answered in the literature.

In this paper, we investigate a robust transceiver design
for a two-hop nonregenerative MIMO relay system in the
presence of deterministic imperfect CSI. Adopting worst-case
robustness, we formulate the robust transceiver design as a
minimax problem in order to achieve the minimum worst-case
MSE. Our main contributions are summarized as follows:

o We first decompose the minimax problem into two sub-
problems with respect to the relay precoder and destina-
tion equalizer, and show that the optimal robust precoder
and equalizer have a channel-diagonalizing structure un-
der some mild conditions. This conclusion is a non-trivial
generalization of the result with regard to the robust
transceiver for point-to-point MIMO systems in [24]. The
introduction of relay node leads to a more complicated
objective function and power constraint, and thus makes
it difficult to characterize the inherent structure of the
precoder and equalizer.

o Built on the channel-diagonalizing structure, we further
show that the robust relay precoder and destination equal-
izer optimization can be equivalently transformed into
two convex scalar-valued problems, respectively. We then
propose efficient numerical methods to find the optimal
solution to both problems.

o In light of the favorable structure of robust transceiver and
the related power allocation problems, we devise an alter-
nating algorithm to jointly optimize the robust transceiver
which simply requires scalar operations and converges
with only a few iterations. Simulation results show that
our proposed robust transceiver design outperforms the
non-robust schemes by considerable gains in terms of
both MSE and bit-error-rate (BER).

We would like to point out that, different from a recent work
[31] where a similar topic was studied, we find the channel-
diagonalizing structure of robust transceiver which provides
an important insight into the robust design. In addition, based
on this structural knowledge, we also propose an efficient
alternating algorithm that only relies on scalar operations.
The paper is organized as follows. A system model for
nonregenrative MIMO relaying is introduced in Section II.
In Section III, we study the optimal structure of worst-
case robust transceiver for nonregenerative MIMO relaying.
We then investigate the transceiver design based on scalar
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Fig. 1.

A nonregenerative MIMO relay system.

optimization in Section I'V. Simulation results are presented in
Section V and some concluding remarks are given in Section
VI

Notation: We denote matrices and vectors by uppercase
and lowercase boldface letters, respectively. AT AH A1
and Af represent the transpose, conjugate transpose, inverse
and pseudo inverse of matrix A, respectively. We use vec(A),
rank(A), tr(A) and R(A) to denote the vectorization, rank,
trace and range space of A, respectively. A = 0 or A > 0
means the matrix A is positive semidefinite or definite. (A); ;
denotes the (ith, jth) element of A. The spectral norm and
Frobenius norm of A are denoted by ||All2 and [|A|F,
respectively. The Euclidean norm of vector a is represented
by ||a||. diag{a} denotes a diagonal matrix whose diagonals
are the elements of a and blkdiag{A,B} stands for a block
diagonal matrix with diagonals being A and B. R™*"™ and
C™*™ denote the ensemble of all n x m real and complex
matrices, respectively. 1 denotes the all-ones vector. Notations
®, R(-) and E{-} represent the Kronecker product, the real
part of a complex number and the expectation operation,
respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a dual-hop nonregenerative MIMO relay sys-
tem shown in Fig. 1, where the source node has N, antennas,
the relay node is equipped with N, antennas, and the destina-
tion node has N, antennas. The direct link between the source
and destination nodes is assumed to be sufficiently weak so
that it can be ignored. At the first hop, the symbol vector
s € CNs with E{ss’} = I is transmitted to the relay node.
The received signal y,, € CN* at the relay can be expressed

by
Re ]
yr = FHST‘S +n, = Hys +n, (D

where P, is the source transmit power, H,, € CN->xNs
represents the source-relay channel, H, = ,/%Ijlsr is the

equivalent source-relay channel and n,. € Cr is the additive
white Gaussian noise (AWGN) vector at the relay node with
zero mean and covariance matrix R,,, = o2I. At the second
hop, the relay multiplies the received signal y, by a precoding
matrix F,, € CN~*Nr_ The power constraint imposed on F.,
is

u(F.(H, HE + 2I)FF) < P, 2)

T

where P, is the total transmit power at the relay. After
forwarding the signal x, = F,y, from the relay to the
destination, the received signal y; € CN¢ at the destination is

Ya = HrdFrHsrs + HrdFrnr + ng (3)



where H,; € CVeXNr denotes the relay-destination channel
and ng € CNe is the AWGN vector at the destination node
with zero mean and covariance matrix R,,, = 031. At the
destination node, a linear equalizer G € CN=xNa ig ysed to
estimate the transmit signal s from yg4, i.e. § = Gyy. To
design proper relay precoder F,. and destination equalizer G,
we adopt MSE between s and § as the performance metric,
which is given by

MSE = E {||§ - SHQ}
= Eon,ny {H(GHTdF,.HST ~I)s + GH,,F,n, + GndHQ}

= |GH,¢F,H,, — I||?: + Uir ”GHrdFrHi“ + Uid ||GH?~“ .
“4)

In general, it is reasonable to expect that perfect CSI at the
receiver (CSIR) is available with the aid of training signals,
whereas accurate CSI at the transmitter (CSIT) is difficult to
obtain due to, for instance, the existence of quantization and
feedback errors. Therefore, for the nonregenerative relaying,
we assume that the relay node knows the perfect source-relay
channel H,, but has only imperfect information about the
relay-destination channel H,.;. Note that this assumption has
also been widely adopted in a number of recent works such as
[16]-[18], [25], [30], [31], [33]. To characterize the uncertainty
of the relay-destination channel, we adopt a commonly used
deterministic imperfect CSI model [22]-[32] assuming that
the exact channel lies in the neighborhood of the estimated or
feedback channel. In accordance with this model, the actual
H,.; can be expressed by

Hrd :Hrd + A’I‘d7 Ard S &rd (5)
where H, .4 represents the mismatched channel, A,.; represents
the channel error and &, 2 {A,q : [|A4]lF < €74} denotes
a spherical channel uncertainty region.

To provide robustness against the deterministic channel un-
certainty characterized by (5), one needs to guarantee the MSE
performance for all channel realizations within the uncertainty
region, which can be achieved by optimizing the worst-case
MSE. Thereby, the robust design problem is formulated as

min max ||G(H,q + A,4)F,H,, —I||%

7‘7G Ard

+ 0721r ||G(I:ITd + ATd)FT”% + 0-72101 ||G||2F
subject to  tr(F, (H,, HZ + o2 'FF) < P,

[AdllF < €ra- (6)
The difficulty in solving such a problem is twofold: 1) the
minimax problem contains actually two problems, i.e., the
inner maximization and the outer minimization; 2) the problem
is inherently nonconvex in either F,. and G or A, ;. Further-
more, our robust design is much more difficult than that in
[24] which considered only a point-to-point MIMO system. As
will be shown later, the more complicated objective function
and power constraint present new challenges in solving the
problem.

III. OPTIMAL STRUCTURE OF ROBUST MMSE
TRANSCEIVER

From this section, we will investigate a tractable method
to handle the non-convex problem (6). As the first step,
we shall study the optimal structure of relay precoder F',
and destination equalizer G in this section. This structural
knowledge will be utilized to simplify the original matrix-
variable problem into simpler scalar-valued problems in the
next section.

To achieve this goal, we first introduce a slack variable ¢
and separate the problem (6) into two subproblems, one for
the precoder F,. and one for the equalizer G, respectively. Let
us first consider the subproblem optimizing F,. with G fixed

minimize ¢
F,t

subject to ||G(I:ITd + A,.q)F,H,, —I||%

+op |G+ Ag)F, |7 <t

VArd : ||Ard||F < €rd

u(F,(H,HY + 02 DFY) <P, (7)
As can be observed, the problem (7) is still difficult to solve
due to two facts: 1) the robust constraint in (7) contains in fact
an infinite number of constraints; 2) the variables are complex
matrices. To overcome these difficulties, in the following
we show that the optimal precoder F, admits a favorable
channel-diagonalizing structure under some mild conditions,
which paves the path to simplifying the intractable complex-
matrix problem (7). Before stating our result, we would like
to introduce some notations that will be used later.

Denote the singular value decompositions (SVDs) of ma-
trices H,, and H,y with H,, = U, %, VI and
H,., = U;leE;leVhHrd, respectively. Let Ay, =~ € RN:xNs
and A;w € RN+*Ns be diagonal matrices whose diagonals are
the largest IV, singular values of Hy, and I:Ird, respectively,
ie. Yer,1 = > YsrN. and Yrd,1 = > Yrd,N,-
Denote the SVDs of F,. and G with F,, = Uy X fT,V}f and
G = nggi , respectively, where the matrices 3¢, and X,
can be written as

As 0
S = { Ofr 0] and 2, = [A, 0]

®)
with Ay, = diag{[fr1, -, frn.]T} and A, =
diag{[g1, - ,gn.]*} being real diagonal matrices.! The
following theorem reveals the optimal structure of F,.
Theorem 1: Let G be fixed with U, = V3, and V, =
Uj, . Then, Uy =V; and Vy = Uy, are optimal for
the subproblem (7).
Proof: See Appendix 1. [ ]
Now we have obtained the structure of optimal F,. to the
subproblem (7) for fixed G. In the next, we also consider the
subproblem optimizing the equalizer G with F,. fixed, which

"'Without loss of generality, we assume N, > N, Ng > N, rank(F;.) <
N, and rank(G) < N in our paper.



is given by

e 2 2
migimize ¢+ o Gl

subject to || G(H,q + A,q)F,H,, —I||%
+ UELT ||G(I:Ird + Ard)Fr”%“ § t
VAT'd : ||A7'd||F S €rd- (9)

Interestingly, the similar channel-diagonalizing structure also
holds for the optimal equalizer G, as stated in the following
theorem.

Theorem 2: Let F,. be fixed with Uy,
Uy,,. Then, U; =V, and V, = U;er
subproblem (9).

Proof: The above theorem can be proved using the
similar reasoning as Theorem 1. Please refer to Appendix II
for the detailed proof. ]

Remark 1: Theorem 1 implies that the optimal relay pre-
coder F, diagonalizes both source-relay and relay-destination
channels if G is fixed with a specified structure. On the
other hand, Theorem 2 shows that the optimal destination
equalizer G also diagonalizes the relay-destination channel
when F,. satisfies certain requirements. Note that both results
in Theorems 1 and 2 are non-trivial generalizations of the
conclusions for point-to-point MIMO systems in [24], as our
work considers both the relay-destination and source-relay
channels, which leads to a much more complicated objective
function and power constraint, compared with the one-hop
channel model in [24]. With the structural knowledge of
F, and G, we can convert the subproblems (7) and (9) to
equivalent power allocation problems, as will be evidenced
in the next section. Moreover, we stress that the conditions
in the two theorems are complementary in the sense that the
conclusion in Theorem 1 is exactly the condition in Theorem 2
and vice versa. As will be shown later, this property is
quite desirable to devise an alternating algorithm via scalar
computation only, thus simplifying the original problem (6) to
a great extent.

=V; and Vy =
are optimal for the

IV. ROBUST TRANSCEIVER DESIGN EXPLOITING SCALAR
OPTIMIZATION

The channel-diagonalizing structure of F,. and G, revealed
by Theorems 1 and 2, provides an important insight into the ro-
bust transceiver design. With this conclusion, the subproblems
(7) and (9) can be simplified to power allocation problems that
are much easier to solve.2 We denote the ith diagonal of A,
Ay, A; and A; with g;, fri, Vers and g4, respectively.
The followmg theorem provides the equivalent scalar forms of
the problems (7) and (9), respectively.

Theorem 3: Given that G is fixed with Uy
Vy =1;

=V, and
,» the problem (7) is equivalent to the following

2Recall that in the proof of Theorems 1 and 2, the subproblems (7) and
(9) can be both transformed into SDP. However, the computational load of
solving SDP is very high since it involves complex-matrix operations.

convex form:

N 4 22,2 2
. = M((Q[Yrd,ifri_ ) J'_O-rng}/rdz rz)_Urgz ri
minimize
fr,if%?SNs i=1 B (gz) rz_ Tgi rz
2
+/1’€rd

subject to f?l < u/ﬁfm, 1<i<N;

Ns
S el 490 <P (10)
1=1

where g; = GiVsr,i and g?n,i = (0—3 + 737,7i)man{gJ2}, j =
1,---,N,.

Given that F,. is fixed with Uy = Vﬁ and Vy =Uy,_,
the problem (9) is equivalent to the followmg convex problem:

§ 1ll00asfis = D+ oigitafts) = ot
mlmmlze
95 1<1<Ns i=1 H = gz (f'r 1) 0r9 zf?,z
+ pery +og Zg?
i=1

subject to g? < u/f,‘i, 1<1¢< Ny (11)
where f,; = f,ivsri and f2, = max;{f?} = max;{(f,)? +
0-7% 31}’ i=1,--- 7Ns-

Proof: See Appendix III [ ]

As a consequence of Theorem 3, the complex-matrix sub-
problems (7) and (9) now can be simplified into the scalar
problems (10) and (11), respectively, with G or F, being
fixed with a certain structure. Moreover, both (10) and (11)
are proved to be convex problems, meaning that they can
be efficiently solved via a plenty of useful tools in convex
optimization. With a closer look at these two problems, we
find that they both have a specific structure that can be
utilized to devise efficient numerical algorithms based on,
e.g., decomposition methods [34]. Such a method has the
properties of easy implementation and parallel computation
and thus will be our main focus in the following. Notice that
the problem (11) is simpler than (10) due to the lack of sum
power constraint, so we are going to solve (11) first and later
come to (10).

A. Scalar Based Algorithm for Robust Equalizer Optimization

By using the primal decomposition method [34], we de-
compose the problem (11) into Ng convex subproblems given
by

minimize ;(g;)
92<p/f2,
AM((gi'yrdﬂj; i ) + 0391277%(11 722) —o? gz rz
M= gl(f’l"l) - rgi rz

+049; (12)
fori=1,---, Ny and one master problem expressed by
Ns
e . A * 2
minimize = i + €. 13
nim ; CADEXTEN(E)

where (1) is the optimal value of (12).



sy (1) = (7 Vraifrs — 12 + 02 (g0 2V i S2) ()2 (97)% + 02 £2,(9)%) + 02 f2,(97)? 16)
' (= (f,.)%(g7)? —oszz(gz) )2
sue (1) :—((gmd,if{»,i—l)“ff?( P20 fR ()2 (90)? + 02 £20(97)2) + 02 2, (g1)?
‘ (1= (f.0)2(g7)% = 02 f2:(97)?)?
_ N[Qf((fr )2+ 0 R Vrd, ~ /. z](fr,igi — [Vrd,i) @ (18)
2,97 (1 — (fm-) (97)% — o2 f7,(97)%)? I3

Then, our proposed numerical algorithm for solving the
problem (11) consists of the following two steps:

1) Solving the N, subproblems in (12). Due to the convexity
of the subproblems in (12), the optimal ¢; can be achieved by
performing bi-section search within the interval [0, /i/ fin).
The gradient of 1;(g;), which is required by the bi-section
method, can be obtained as

: 1(gi (1) + 02 f2)Vai — ) (fr i

- ﬂ%’d,i)

i\gdi) — — 2 7
vilos) (1 — (fm) gi - U%fziQ?)Q

+202g;. (14)

2) Solving the master problem (13). The master problem
(13) can also be solved by the bi-section method via exploiting
its convexity. It is easy to find that the optimal value of (11)
is upper bounded by Ny, thus the initial search interval for p
s [0, Ns/€2,]. Moreover, the subsequent proposition gives a
subgradient of ¢(u).

Proposition 1: A subgradient of ¢(u) is

st

where sy+(p) is a subgradient of ¥} (n) and it follows
1) If g* # fW and g
16). "
2)If g} # ¥ and g} =

)+ e,d (15)

«(p) is calculated by

then

) = a7)

) If g =

f
vr (1
f” and g} # ?F, then s+ (1) is given by (18).

) 1f g; = Y2 = Y then
2 2
o Pyrd,i &
syr(p) = 1 TR 19)
Proof: See Appendix IV. ]

Now we summarize the detailed algorithm solving the
scalar problem (11) in Algorithm 1. Note that the global
optimality of this algorithm is guaranteed due to the fact
that the problem (11) is convex [34]. One advantage of the
proposed algorithm is its intrinsic parallel mechanism. For
example, in the third step, the root of v;(g;) = 0 for each
i can be searched independently, which can be efficiently
implemented in practice.

Algorithm 1 for solving the problem (11)

1: Initialize the iteration number n = 0; set the maximum
number of iterations Np,x and the precision €; p, =
0,y = NS/€%da 1= (fa + Hp)/2-

2: Repeat

n = n+1; find the root ofw;(gi) =0fori=1,---
using bi-section method;

s N,

4:  Calculate s4 () with (15);
5. If sg(p) <O, then pg = p, else pup = w3
6: Until n > Nyax o1 tp — pig < €.

B. Scalar Based Algorithm for Robust Precoder Optimization

We now consider the scalar optimization of F, in (10).
Compared to the problem (11), the major difficulty lies in the
coupling constraint Y%, f2,(024+42, ;) < P;. To handle this,
we adopt the primal-primal decomposition [34], and decom-
pose the problem (10) into /N, subproblems, one secondary
master problem, and one master problem. Specifically, we first
introduce auxiliary variables p;, ¢« = 1,---, Ng, to simplify
the problem (10) as

N, /
. (g5 vrdifri — )2—&—0?927de ”) a?g? 3
minimize 3
el i p— (9212 — orgi f2
+ pery
subject to f” < u/gml, ffz(o +’Ysrz) pi, i=1,---, N
(20)

Zpi S Pr-
i=1

Then, the subproblem, each for i = 1,--- , N, is given by

minimize ¢;(fr;)
A:u“((gi’deﬂf"‘i - ) +Uzgz2’>/3dz Ez) _Urgz 'r'z
= (gz) rz - ng rz

2

SubjeCt to rz — /’L/gm L0 f’r"L(J +A/5r1) <pl

which is obtained by fixing p;, 1 < ¢ < Ny and p. Then, the
secondary master problem is

minimize
n=>0

NS
d(p,p) £ ci(p,u) +pely  (22)
=1



where ¢} (p, ) denotes the optimal value of (21) under a given

p=[p1, - ,pn.]T. Finally, the master problem is given by
minimize d*(p)
p
N
subject to Y p; < P, (23)
i=1

where d*(p) is the optimal value of (22). Based on the above
procedure, we now show the three steps of our proposed
algorithm for solving the problem (10) as follows: 1) Solving
the Vs subproblems (21). Fortunately, we find each of these
subproblems admits a closed-form solution, as shown in
Proposition 2.

2) Solving the secondary master problem (22). This problem
can be solved using the bi-section method. The initial interval
is 1 € [0, Ns/€%,;] and a subgradient of d(p, ;1) with respect
to p is provided in Proposition 2.

3) Solving the master problem (23). The subgradient pro-
jection method is ready for solving this problem. To be more
specific, the solution is searched with the following expression:

(p[n] — aln]sq- (p[n]))o

where n is the iteration index, «[n] is the search stepsize,
sq- (p[n]) is a subgradient of d*(p) at p[n] and []g stands
for the projection onto the set @ = {p : 17p < P.}. It
was pointed out in [35] that p = [y]g can be expressed as
the water-filling form p; = max{vy; — &, 0}, Vi, where £ > 0
represents the water level satisfying 17p < P,.

Proposition 2: The optimal solution to the problem (21) is

£, =min { il (02 2. I G 17rd, ]

pn+1] = (24)

9:/(((9)* + 029D %) } (25)
and a subgradient of d(p, ) with respect to p is
Z Sex (1) + €24 (26)

where s+ (i) has the following form
DI fry # 225 and f, #
given by (27).
2) It fr; #

I . -
CAEETrE then s.:(p) is

and f:l = /m, then
Ser (1) = 0.

and f7; #

(28)

I fr = 2
given by (29).

HIf L= gﬁ and f;; = \/((]/)2/%, then

2
’Yrd,i
Ser (1) = T

W’ then s.x(u) is

(30)

The ith element of a subgradient of d*(p) is given as
follows

D If fr, #

ST +7 - , then

(sa=(P))i =0 €2y

then

DI S =\ [orter and [ # e

(Sd* (p )1
W f (902 + 0292 Vrai — 93 (90 ff s — 1 Yrd.i)
2

[
(0F + 22 ) [ = () (f7)% = 0-291 (f7)%)?
(32)

3If f, = \/“3‘*{)’;3,' = \/(q 42, then

%d.igi
(sa=(P))i = — 4

(33)

where p* is the solution to the problem (22).
Proof: See Appendix V. [ ]
Based on the decomposition method we proposed above
and Proposition 2, we make a summary on the algorithm for
solving the problem (10) in Algorithm 2.

Algorithm 2 for solving the problem (10)

1: Initialize the outer iteration number nq, = 0 and inner
iteration number n;, = 0; set the maximum number of
outer iterations Npyaxout, iNNEr iterations Npyaxin and the
precision ¢; set the initial p[0].

2: Repeat

3 o =0, iy = Ny /€y 1= (Ha + f1)/2, 1in = 03

4:  While pp — p1g > € or nip < Npaxin

5: Nin = Nin + 1; calculate f* fori =1,---, N, from
(25);

6: Calculate sq(p) with (26);

7: If sq(p) <0, then pg = pu, else up = 3

8: End while

9: Calculate sg«(p[nou]) according to (31)-(33);

10 Update p using pnow + 1] = (p[rou)

a[Nout)Sd= (P[Nout])) 05 Mout = Nout + 13
11: Until 7oy > Niaxout OF |d* (P[ow+1])—d* (P[now])| < €.

C. Iterative Algorithm for Joint Robust Transceiver Optimiza-
tion

Up till now, we have addressed the matrix-valued subprob-
lems (7) and (9) using simple scalar based algorithms. There-
fore, the remaining work is to apply the alternating algorithm
to deal with the original non-convex minimax problem (6),
i.e, optimizing one of F, and G with the other fixed at one
time. To be more specific, we can set the initial point F,. with
Vi, dZ fTUﬁIS _, then according to Theorem 3, the optimization
of G is equivalent to the scalar problem (11), which has
been solved by Algorithm 1. As the resulting G must satisfy
U, =V, and V, = U;, 2 it follows from Theorem 3
that the problem of 0pt1m1z1ng F,. can be transformed into
the power allocation problem (10) that can be solved with
Algorithm 2. As a summary, the details of the proposed
alternating algorithm are given in Algorithm 3.

Now we would like to prove that the above alternating
algorithm always converges. For the i-th iteration (z > 1) of
Algorithm 3, let us denote the optimized relay precoder and
destination equalizer with F% and G, which are obtained
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ser(p) = e v - (27
‘ (1= (g2 (7)) = o2g? (f7,)%)?
se (1) :_((f:,ﬂrd,iQ; - 1)2 + U?Q?’Vzd,i( 7-,@')2)(( :7)2(9;)2 + 0'3( :,0291‘2) + U?( :,i)2gi2
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g?n,i :L(/‘ - (9;)2( :L)2 - 0391'2( :,i)Q)z

Algorithm 3 for solving the problem (6) based on scalar
optimization

1: Initialize the iteration number n = 0; set the maxi-
mum number of iterations Np.x and the precision ¢;
select MSE,.wx > 0; choose an N, x N, matrix F, =
UfTEfTV]Ic{ such that Ufr = Vi],rd, Vfr = Uhsr and
Yl R0 +92.) = Pr.
Repeat

n=n+1; fix {f.,} and update {g;} with Algorithm 1;

Fix {g;} and update {f,;} with Algorithm 2;

MSE ¢ = MSEjy; update MSE,ey, with new {f,;} and
{9i};
6: Until n > Ny.x or MSEgy — MSEew < €.
7 F, =V, B,U[ and G =V, 2,07 .

T rd

based on the optimized power allocation and the optimal
channel-diagonalizing structure shown in Theorems 1 and 2.
The MSE objective value corresponding to (F(ﬁ),G(i)) is
denoted by MSE;). Then, in the first step of the (i + 1)-th
iteration, we fix F,, = F\”) and minimize the MSE objective,
which results in an optimal solution of G = G(*1). Denoting
the MSE value corresponding to (F{”, GG+1) with MSE/(Z-),
we must have MSE/@) < MSE(; since G minimizes
the MSE objective function when F, = st). In the second
step of the (i + 1)-th iteration, we fix G = GU*D and
minimize th¢ MSE objective to obtain an optimal solution
of F, = FU'Y. Letting MSE ;1) be the MSE value cor-
responding to (FU™) GE+D), similarly, it is easy to verify
that MSE ;1) < MSE/(i) and hence MSE(; 1) < MSE(.
Therefore, by applying Algorithm 3, the MSE value is mono-
tonically decreasing with each iteration. Since the MSE value
is lower bounded by zero, it follows that Algorithm 3 does
converge.

Remark 2: By fixing the structure of the initial relay pre-
coder, we can alternatively update the destination equalizer
and relay precoder by solving scalar-valued power allocation
problems according to Theorem 3. In addition, the constraint
on Xy is used to guarantee the feasibility of the initial
F,.. Although there are many possible choices for initializing
power allocation matrix 3y , we find via simulations that
the converging value of Algorithm 3 is insensitive to initial
values of 3¢ while the algorithm convergence speed depends

on the specific initialization for X . We will show detailed
simulation results on the convergence issue in Section V.
We also would like to note that the convergence condition
n > Npnax could be redundant when [V, is set to a sufficiently
large value. Nevertheless, this condition can be useful when
the system designer would like to terminate the algorithm
with a fixed and small number of iterations which will be
convenient for practical implementation.

Remark 3: The alternating algorithm we used in this paper
is a popular and efficient method to deal with difficult non-
convex optimization problems with coupled variables. By al-
ternatingly solving tractable convex subproblems, it is possible
to obtain a high-quality solution to the original complicated
non-convex problem. Although the solution achieved by this
algorithm is generally locally optimal, it can still provide a
significant gain over the non-robust scheme in the presence
of norm-bounded CSI uncertainties, as verified by simulation
results in Section V.

V. SIMULATION RESULTS

In this section, we investigate the performance of the
proposed robust transceiver design under a three-node MIMO
relay system. We adopt independent and identically distributed
(i.i.d.) Rayleigh fading as the channel model for both hops.
The transmit power at both source and relay nodes is set to
1, i.e., P, = P, = 1. The non-robust scheme in [7] is used as
a benchmark for comparison. We concern about the average
worst-case MSE and BER performance, which is interpreted
as the MSE/BER for a given transceiver in the worst-case
channel averaged over different channel realizations, i.e., H,
and H,,. The worst-case channel is found by solving the
following problem:

maxmize
[ArallF<era

N 2
HG(Hrd + Ard)FrHsr - IHF
2 2 2 2

+anr F+0nd HG”F
(34)

This problem is in general non-convex, but we are still able
to achieve its optimal solution, which is given in Appendix
VI. We define €2, = p|H,q4||%, where p € [0,1) is a
metric for evaluating the size of CSI uncertainties. Fig. 2
shows the worst-case MSE performance of the robust and
non-robust transceiver designs versus different SNRs at the
destination (defined by SNR; = P, /03). The number of

’G(I:Ird + Ard)Fr
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Fig. 2. Worst-case MSE versus SNR; with different p (Ns = N, = Ng =
2, SNR,. = 15 dB).
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Fig. 3. Worst-case MSE versus different p (Ns = N, = Ng = 2, SNRy =
SNR, = 15 dB).

antennas of all three nodes is 2. The SNR at the relay node
(defined by SNR, = P,/0?) is set to 15 dB. It can be
seen that when the size of CSI uncertainties p is fixed, the
performance advantage of the robust scheme over the non-
robust one increases gradually. On the other hand, if we fix
SNR, the gap between these two schemes grows as p becomes
larger. We can observe this phenomenon more clearly in Fig.
3, where SNR,; and SNR,. are set with 15 dB. From these two
figures, we find that the performance gain of robust transceiver
design is evident with the existence of CSI errors.

In Fig. 4, we compare the worst-case BER of robust
and non-robust designs. We adopt binary phase shift keying
(BPSK) modulation and fix the SNR at the relay with 15
dB. The number of antennas at the source and destination
is 2 and the relay has 3 antennas. It can be found that when
the size of CSI uncertainties p is relatively small, the robust
scheme outperforms the non-robust one in both medium and
high SNR regions. And the gain becomes obvious in the whole
SNR region when p is larger. In Fig. 5, we set SNR; with 15
dB. The worst-case BER of the robust design performs better
than the non-robust one with different p, and its superiority
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Fig. 4. Worst-case BER versus SNR; with different p (Ns = Ng =

2, N, =3, SNR, = 15 dB).
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Fig. 5. Worst-case BER versus different p (Ns = Ng = 2, N, = 3, SNR,
= SNRy = 15 dB).

becomes more evident as p increases.

In Figs. 6 and 7, we investigate the performance of the
proposed robust design under different antenna configurations.
It can be observed that the advantage of robust design over
the conventional non-robust one becomes more evident when
the number of antennas increases.

Finally, we investigate the convergence behavior of our
proposed iterative algorithm (Algorithm 3) in Figs. 8 and 9,
where the notation “random” denotes that the diagonals of
the initial 3 are randomly generated and notation “equal”
means that the initial X, has the same diagonals, i.e.,

fri = m, 1 =1,---, Ns. From these results,
we observe the following phenomena: 1) The MSE value
gradually decreases with each iteration; 2) The two different
initialization schemes converge to the same value; 3) The
proposed alternating algorithm has a fast convergence speed,

especially when we let 3¢ have equal diagonals.

VI. CONCLUSIONS

In this paper, we studied a worst-case MMSE transceiver
design for nonregenerative MIMO relay systems. After de-
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coupling the original non-convex optimization problem into
two subproblems, we proved that the optimal solution to each
subproblem has an interesting channel-diagonalizing structure
under some mild conditions, which is the first main result
— o nomrobust N =N,=3 N =4 of our work. In light of this conclusion, we proposed an
—o— robust N_=N =3 N =4 efficient alternating algorithm to address the worst-case robust
| | —o— non-robust N_=N =4 N =5 transceiver design. The proposed robust algorithm involves
: i —6o— robust N.=N,=4 N =5 simple scalar operations and has guaranteed convergence.
Simulation results show that the algorithm outperforms the
non-robust counterpart by a significant gain and also converges
with a fast speed.
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APPENDIX I
PROOF OF THEOREM 1

As mentioned before, the main intricacy of the problem (7)
lies in the constraint with respect to the channel uncertainty
Fig. 7. Worst-case BER performance with different antenna numbers (p = Ayq. Thus, we need to transform the problem (7) into an
0.04). equivalent form which is irrelevant to A, first. Concerning
the left-hand side (LHS) of the first constraint, which can be
expressed by

SNR (dB)

N 2 N 2
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Fig. 8.  Convergence behavior of Algorithm 3 with different initial 3¢, *”T’ + rérd” : (35
(Ns = N, = Ny = 4, SNR,. =15 dB, p = 0.1). ..

Note that we have used the condition Uy, =V}, and V, =

U; . in (a), while in (b), we have introduced two new matrices



F, = V}ff F,U,. and A,; = U}{I A,4V; . The variables
rd rd rd

n, I’ and 9,4 in (c) are defined by
vee(%,%;, B, %), —1I)
onrvec(EgEhrdf‘r)

8rq = Vec(Ard).

1'1 — 2£¢FZ ® 29
o nv-Fz ® X,

(36)

Therefore, the first constraint of (7) now becomes | +

I‘(?TdH2 < t, which, by using Schur’s Complement [36],
amounts to

|: t (n + I‘grd)H

o > ST:ST<T.

(37

Then, by applying S-lemma [37], (37) is equivalent to the
following linear matrix inequality (LMI):

t—pey 0
n I T|=o0 (38)
o TH u

Based on the above LMI and some matrix manipulations, we
can convert the problem (7) to

mlnlmlze t

Bt
t—pe, ()" 0
subject to n I 'l =0
0 (THH  ul
H i
]j vec (F,A,) “ 0 (39)
vec(F, . Ap) I

where 17“; is the upper left N, x N, submatrix of ¥, n/, T
and A, are given by

;_ |[vec(AgAy, F Ay o I) - |Aher ( DT ® A,
onTvec(A A F S on, (F,)T ® A,
A= (AF, <t DE @

Therefore, we have equivalently transformed the original in-
tractable problem to a semi-definite programming (SDP).

In the sequel, we will show that there exists a diagonal
F; among the solution set of the problem (39). Let = J’i, €
RNs*Ns '} = 1,...,2Ns be a diagonal matrix whose diag-
onals are either 1 or -1. By replacing F; in 'y’ and Z' with
=L F +EF . we have

, vec(AyA; E ]?‘;E Ap,, - 1)
M= = On, vec(A Ahrd o3

. _
_ Vec(‘—'N (AgA d rAhsi/_ I)‘:]]\CIS) — Ty
On, Vec(Eff, A AhrdFT.EJ’f,s)
p— o/ p—

ry - [ ShEE o)

= O’nTEII\“/S( DTEN, @A,

_[BE A, (F)TEE @BF AER] _ v
= ke Tk ok A =k | = TLT

on, BN, (F,) BN, @ Ey AER,

(41)

where T = blkdlag{E ® ._]’Q ® B} } and we use

© ]’f,S)Q Iand E N A A ~ with A being diagonal.
Thus, the two constraints in (39) are equivalent to

1 0 O [t—pe, () o][1 0 O
0T 0 n I I'||loT o
0 0T 0 (rHH uIf |0 0 T
t—pey (n=)” 0
= | g I cl =0
0 (rg)?
1 0 P. vecH (F7A,)
0 E]@S@Eﬁb vec(F,.Ap) I
y 1 0
0 Ef ®EL
=k W=k
_ . ]?C—k vec” (En FILEN Ay) “ 0 (42)
vec(Ey FLEN Ay) 1

indicating that = ]’f, F’ = N also belongs to the solution set.
Since the set deﬁned by the LMI is convex, the matrix

Ns

Dy, = (1/2Ne) S 2k FLEk | as a convex combination

of =} F/Ek | should also be a feasible solution. Moreover,
it has been proved in [37] that the matrix Dy, is diagonal and
satisfies (Dg, )i, = (]?"T)”7 t=1,---, N,. Hence, we arrive
at the conclusion that there must exist a diagonal solution to (7)
which is achieved by setting Uy, =V; and Vy =Uy,,.

APPENDIX II
PROOF OF THEOREM 2

The LHS of the first constraint in the problem (9) can be
expressed as

G(ﬁrd + Ard)FrHsr

2
x F,
F

2 N
1| 402 e+ AL

2
G(U, B VE 4 AU RS, V- IHF

2
+02 |, = Vi AU s V|

2
IV G, = VI 4 AU, S, S, - IHF

2
O'TQLT ‘V’Il{rG(Uﬁmzﬁ,‘dng+ATd)Uf7‘Efr » 43)

where (a) follows the condition Vy = Uy and (b) holds
since the Frobenius norm is unitary invariable. From the
condition Uy, =V ,» We can transform (43) into

Gy, T, -T+GA +0 >
. o~ 2
+GA7‘dzf,,. H
F
[ vee(GE, 2y — 1) =L e6 |,
T onvee @35 200 | T o, zT oG
. 2
=|x+Ydq (44)




where Ef = EfTEh = [Af
VH GU;, . A,q = U AV,
we define Vanables X and 'S by

0N X ( ]
er = vec(A, ), and

B Vec(GEhrdEf( -1
N Jnrvec(GE;WEfr)

>, 0 G
fr . 45
UnTE?T @G

Therefore, the problem (9) is equivalent to

minimize t+ o2 ||GHF
G.8,q,t
subject o ||x + Y 8,42 <t, |04l < €ra (46)

With similar techniques used in the proof of Theorem 1, it is
not difficult to convert (46) to

minimize ¢+ Uidt’
G/, t,t',u
t—ue2, (xHH o0
subject to x’ I Y'| =0
0 (YHH  uI
t/ vecH (G)
. =0 47
[vec(G’) I - “7)

where G/ is the left N, x N, sub-matrix of G, x’ and Y’ are
given by

Af:\ 2 G’

On,. A'f'/' & G’
(48)

o - [vec(G’AhrdAf; -1

] dY' =
o vec(G/A;, A fr)] an

Subsequently, we prove that there must exist a diagonal G/
among the optimal solution set. By replacing G’ in x’, Y’
and vec(G') with 2 G'Ef, , we have

s s Lyd I

=k Qr=k AL
o - [vec(._.N G'Ey A

on,vec(EN G'EE A; Ay)

B lvec(Ek, (G'A;

according to the LMI in (47), it immediately follows that

1 0 o [t—pe, )2 o0][1 0 o
0T O x/ I Y/||o T o0
0 0T 0 (YHH uIl [0 0 T
t—ué?d (xg)” 0
=1 xk I YZ| =0
0 (Yo u
(1 0 t/ vec (G/)
0 Ef ® E]’ff vec(G/) I
1 0
0 Ef ®EL
r ’ Himk (V= k
_ t e ENGEN) Lo s0)
Vec(._.NG &) I

implying that 2§ G'Ef _lies in the solution set. As the LMI
defined in (47) is a convex set, the linear combination D¢, =

(1/2N- )Zk 1 :1’\“, G’._.J’\C, should also belong to this set. As
D¢, is d1agonal matrix satisfying (Dg/ )i = (G’)” [37],

the optimal G’ can be diagonal which is achieved by setting

Uy =V, and V, =U; .
APPENDIX III

PROOF OF THEOREM 3

With Theorem 1, we obtain an equivalent form for the
first constraint of the problem (39) as (51). After performing
some row and column permutations, the above LMI can be
transformed into blkdiag{Y,®} > 0, where Y and © are

given by
t—pz, 0 (¢ I 0.
Y — 0 pl & |, © = blkdiag [aT ”}
¢ @7 I q iz,
(52)
where we let
C :[glfyrdﬂfr,l - 17 o agNﬂ’Yrd,str,NS - 17
T
JrQl’Yrd,lfr,la 5 0rgNYrd,N, f'r,Ns]
and
P :[diag{[fr,lgla T 7fr,ngN5]T}7
diag{[grfr,lgla T 7O'rfr,NSgNS]T}]
with g; = giVsri and 8ij = [friVsrijs orfrigs]T,1 < i <

Ns,j # i. It can be readily found that ® > 0 leads to
> (frivsrigi)? + 07 (frig;)®,i # j. By using Schur’s
Complement [36], we find Y > 0 is equivalent to

vec(Ef G'EE ) = (49) - o
t—pe,— ¢ —(Te
7| = 0. (53)
where T = blkdiag{E}, ©® Zf ,Ef ® EF }. Therefore ®¢ ul — 2P
t— pe?, vec! (AgA; Ap Ap, —T) onvec” (AgA; Ag,) 0
VeC(AQAfLTdAfrAhsr — I) I 0 Af,,,AhS,,. ® Ag -0 (51)
am‘vec(AgA;lmAfr) 0 1 onAs @A, |~
0 Afv‘Ahsr ® Ag O'nTAfT ® Ag 'LLI



Then, by applying generalized Schur’s Complement [38] on
(53), we obtain

t—perg —¢T¢—¢T@T (Wl - @@7)T@¢ >0,
[I— (pI— 227)(pl - 287)7)®¢ = 0,

pl — d®T - 0. (54)

In fact, pl — ®d”7 = (0 amounts to o> (f,"l-g;)2 +
02(frigi)?, Vi. If the equality does not hold for any i, then
we can convert the problem (39) to

minimize

N
wofr i, 1<i<N. Z(pl(fr,zaﬂ) + /LE,?,d
fril<iSNe —

1> (frig:)® +02(frag:)?, 1 <i< N,

1% 2 (fr,i’}’sr,igj)Q + Uf(fr,igj)2a 1 7é .7
N,

fo,i(af + %QM‘) <P

i=1

subject to

(55)

!
M((gi’Yv-d,z‘fr,i_1)2+Uv2-g?'7r§d,if'rg-,i)_o'ag?f?-,i

where ©;(fri, 1) = n—(9))2f2,—02g2f2, /

Without loss of generality, we assume that pu = ( fr,kgk)2 +

02(frrgr)? for a certain k. Then, based on (54), we have

(grrantrr = Vgpfrr + 02giveanfi, =0 and t — peZ; —
N, 2

i il fris i) — U?:"Yfr,k > 0. Now (39) becomes

N. 5
minimize E ©il fras 1) + 4 1€
. w\J T2 2 2 rd
Fri 1<i<N, o
o fri,1<0< =10k r + ’Ysr’k

> (frivsris)® + op(frig;)?, Visj

N
fo,i(ag +95) < Pr.
i=1

subject to

(56)

Meanwhile, as j1 — (frx0z)? + 02 (frkgr)?, it follows from

: Ysr,k
the second equation of (54) that f,, — PP Cr- )

Therefore, the nominator and denominator of oy (frk, 1)

2 2 P

o Vsr,k Vsr,k
tend to L. ( — - ) and y— 35—
o242, 1 Viak(Var i t07) K Viak (Ve to2)’

limit on the boundary, we can extend (56) to

minimize
o fr iy 1<i<N

N,
> @il fris ) + pery
i=1
1> (frivsrigy)® + o2 (frig5)s Vi, j

NS
fo,i(gf + %ZM‘) <P

i=1

subject to

(57

without losing any optimality.
The convexity of the objective function can be proved by
constructing the following function:

GO, frois 1) =[(Vrasi + 00)gi fri — 1% + 02 (Yrai + 0:)% 62 2,
— pud?. (58)

It can be readily shown that ¢(d;, fr 4, ) is convex with fixed
8i- As O*G(8iy fr.i 1)/ 007 = 2((fr09,)* + o2 (fri90)* = 1)
&(0s, fra, 1) is concave in ¢; with fixed (f,;, ) when p >
(fri9:)* + 02(fr.i9:)%. With some involved calculations, we
find that the maximum value of ¢(d;, f,;, 1) with respect to
§; for fixed (fr;, 1) equals to o;(fr4, 1t). As the convexity is
preserved under the maximization operation [38], we conclude
that @, (fr;, pt) is convex. Thereby, the scalar problem (11) is
convex. The second part of Theorem 3, involving the scalar
optimization of G, can be proved by using similar approaches.
Due to the limited space, we omit the proof here.

APPENDIX IV
PROOF OF PROPOSITION 1

A subgradient of v (p) with respect 1 is given by [34]

0 % ;k’ *a ;2_ ~72n
s (1) = w(agu u)+ai ((g)aﬂu/f )
_ Wulgip)  of
- o 2 e

where o is the optimal dual variable associated with the
constraint (g;)? < p/f2 and satisfies the Karush-Kuhn—
Tucker (KKT) conditions:

respectively, and the limit of ¢y (fr, 1) on the boundary of ai > 0,07 ((g7)? - N/Jggm) =0 (60)
’ . 2 .
b= Fragi)? + 02 ki) 1S sz Thus, by using the 01310 10/0lg: +2077 =0. (6D
2lgi (F7.)*+02 2 ) Vrai—Fr N vrai=Fr.:9:) 5. -
i(gir i) _ (n=(F] 297 =212 ,97)? t20agi 90 F G e, (62)
391 o _2 ’Yrd,i’Ygrﬁifr,i 2 2 * I
(Yori (4 givra i fr )+ 029ira,i Fr.i)? + 2049, 9i \ (F)2 4022,
0, g # ¥
wlor ()2 02 £2 Dveai—Fu ) (Wra.i—fri9t) 2 « _ VB I
=T ()@ o2 (e BRI SRV AT T (63)
Vs (@224 ) o . A _ I
4 — 0y, 9; = fm A G2 402r2,
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Note that when the optimal g; = /W, we have KKT conditions as follows:
x 7 _ Vsr,i ~
% = T, T Fmaharen ad ilen ) X = 0N ((f53)? = 1/ Gmi) =0 (66)
.,AV,/,JIT1T1 * * * \2 _ . 2 2 _
equals 1:&;5;2”}7;1;;;;’; Hence, 0;(gi, it)/0gi vE 20,07 ((fr)” —pi/ (07 +75.4) =0 (67)
is given by (62). Then, by using (60)—(62), we obtain Oci(fris ) /O frilpru=pz, + 20"+ V) ;=0 (68)

as (63). Since %ﬁf’“) can be calculated by (64), sy (u)
is obtained immediately by substituting (63) and (64) into
(59), which is readily shown to be the same as (16)-(19) in
Proposition 1.

APPENDIX V
PROOF OF PROPOSITION 2

It is easy to find that ¢;(f,;) have two stationary points:
fri = 9:/(((9:)* + 0292)vrai) and fr; = pypa,i/g;- Recall
that a feasible f,; should satisfy the constraints f.; <
VI/Gmi and fri <y /pif(024+92)

fri < min{//Gmi, /pi/ (02 +72.,)} = 7. Thus, the
optimal solution to the problem (21) must belong to the set
{9:/(((9:)*+029%) Vra,i), HYra,i/ ;> 7} Denote the minimum
stationary point with fT,li and the maximum one with fT(QZ),
then from (69), we have ¢;(f,.;) > 0 when ff,,li) < fri < fm- ,
and ¢;(fr;) < 0if fr; < f(l) or fr; > fr(%) Hence, if
T< S
7. Otherwise, the optimal solution is fr(yll-).
same as (25) in Proposition 2.

A subgradient of ¢} (x) with respect to p can be computed
by

or equivalently,

the optimal solution to the problem (21) should be
This is exactly the

. * * )2 _ 52
ci(fr s t) +Xﬁ(( i)t = 1 G i) 65)

where \* is the optimal Lagrange multiplier associated with
the constraint (f;";)*> < p/gs, ; and can be obtained by the

where v* is the optimal Lagrange multiplier associated with
the constraint (f;)*> < p;/(0? + ~2,;). With similar tech-
niques used in (62) we obtain (69). Then, usin*g (66)-(69),

we can calculate \* as (70). In addition, 67“) can be

obtained by (71). By substituting (70) and (71) 1nto (65), we
obtain (27)-(30).
To find a subgradient of d*(p), one requires the optimal

v*, which can be computed by (72). Then, (sq(p)); =
—v* (0} + 72, ;) which is identical to (31)-(33).

APPENDIX VI
COMPUTING WORST-CASE CHANNELS FOR A GIVEN
TRANSCEIVER

By utilizing some matrix manipulations and noticing that
optimal A,.; is achieved on the boundary, the problem (34) is
converted to the following trust region subproblem [39]:
S (-RT ®8)8,q — 2R{d" 6,4}  (73)

minimize
” [ H =€rd

where 8,4 = vec(A,4), R = F,.H, HLF? + 52 F . FH,

S = GG and d = vec(GH(GHrdF H,, — I)HgF,{i
afLTGHGHrdFrF,{{). It was proved in [39] that §,4 is a
global optimal solution of the problem (34) if and only if

the following conditions are satisfied:

(-RT®@S+wDdqg=d,-RT@S+wT>0,|d.4] =e€ra
(74)

where w* is the optimal Lagrange multiplier associated with
the constraint ||d,.4|| = €,q4. Note that the dual problem of (34)



’ - ’ -
e ( F* (S ivra,igi =) Hon () 200901 (9:) ()2 Hor gl (fr ) ) +orgl (F74)° L L
Oeilfris) _ (= (92 (772202 (£7.)%)° LT Wrtet?
O 0 S S
’ i T (g +ore?
0 ri 7 2+n, i
’
" WL ()2 0202 Yrdi—9:) gy f =1 Yra i) x *
= = and —E—
v AT R ety 7 E I L ARV 2= i R LR R Vg crweer 72)
- ’
’de,i(”f91‘2+(9i)2) * Pi — ©r
4 ’ mET N ot TV (92 ele?
can be formulated as the following SDP form: [9] B. Khoshnevis, W. Yu, and R. Adve, “Grassmannian beamforming for
MIMO amplify-and-forward relaying,” IEEE J. Sel. Areas Commun.,
maxmize t vol. 26, no. 8, pp. 1397-1407, Oct. 2008.
w,t [10] Y. Rong, X. Tang, and Y. Hua, “A unified framework for optimizing lin-
) —RT QS +wl d ear nonregenerative multicarrier MIMO relay communication systems,”
subject to d e ¢ = 0. (75) IEEE Trans. Signal Process., vol. 57, no. 12, pp. 4837-4851, Dec. 2009.
Werq [11] W. Xu, X. Dong, and W.-S. Lu, “Joint precoding optimization for mul-
. . . . tiuser multi-antenna relaying downlinks using quadratic programming,”
Hence, we can obtain the .optlm*al w* with numerlcal.tools such IEEE Trans. Commun., vol. 59, no. 5, pp. 1228-1235, May 2011.
as SeDuMi. After obtaining w*, all we need to do is to solve  [12] S. A. Jafar and A. Goldsmith, “Transmitter optimization and optimality
(74) to achieve 8,.4. It is evident that if “RT®S +w* = 0, of beamforming for multiple antenna systems,” IEEE Trans. Wireless
d,4 has a unique solution (—R” ® S +w*I)~!d. On the other Commun., vol. 3, no. 4, pp. 1165-1175, Jul. 2004. o
hand. wh RT S “T > 0. th ti 163 t . [13] A. M. Tulino, A. Lozano, and S. Verdd, “Capacity-achieving input
an . when — &®@S+w™l =~ 0, the optimal 9,4 1s not unique, covariance for single-user multi-antenna channels,” IEEE Trans. Wireless
and it can be expressed by 0,q = (—RT ®S + W*I)Td + ﬂf, Commun., vol. 5, no. 2, pp. 662-671, Mar. 2006.
where f is an arbitrary vector chosen from the right null space  [14] 13’1- Ding _atflld_ S. Df~ Bl(és;in, ;M:IMOdminIign;gnTtOtal 1\;135 tlraglsceiver
_nT % . esign with imperfect at both ends,” rans. Signal Process.,
of R. ® S + w*l, a.nd B € R is selected such that the vol. 57, no. 3, pp. 1141-1150, Mar. 2009,
constraint [|§,q|| = €,4 is met. [15] C. Xing, S. Ma, and Y.-C. Wu, “Robust joint design of linear relay
precoder and destination equalizer for dual-hop amplify-and-forward
MIMO relay systems,” IEEE Trans. Signal Process., vol. 58, no. 4, pp.
ACKNOWLEDGEMENT 2273-2283, Apr. 2010.
. e~ [16] R. Mo, J. Lin, Y. H. Chew, and W. H. Chin, “Relay precoder design
The authors would like to tha'nk Pr'Of' Zhi Ding and Prof. for non-regenerative MIMO relay networks with imperfect channel state
Bernard C. Levy for helpful discussions. The authors also information,” in Proc. ICC 2010, Cape Town, South Africa, May 2010,
thank the editor and anonymous reviewers for their valuable IéP- 1-5. q ; 1 oot
. . . [17] C.Jeong, H.-M. Kim, H.-K. Song, and I.-M. Kim, “Relay precoding for
Commems al.ld suggestions, which have greatly 1mproved the non-regenerative MIMO relay systems with partial CSI in the presence
quality of this paper. of interferers,” IEEE Trans. Wireless Commun., vol. 11, no. 4, pp. 1521—
1531, Apr. 2012.
[18] C. Jeong, B. Seo, S. R. Lee, H-M. Kim, and I.-M. Kim, “Relay
REFERENCES precoding for non-regenerative MIMO relay systems with partial CSI
feedback,” IEEE Trans. Wireless C ., vol. 11, no. 5, pp. 1698-

[1] J. N. Laneman, D. N. C. Tse, and G. W. Wornell, “Cooperative diversity 1711, May 2012. rans. Jretess: Sommun PP
in wireless networks: Efficient protocols and outage behavior,” /IEEE [19] C X’in S. Ma. Z. Fei. Y.-C. Wu. and H. V. Poor. “A seneral robust
Trans. Inf. Theory, vol. 50, no. 12, pp. 3062-3080, Dec. 2004. Tt e e Tor multihon amolifseand.fonrmd. MIMO

[2] G. Kramer, M. Gastpar, and P. Gupta, “Cooperative strategies and 1r;ear trz?ns'tcelvir’ IE?II':%I; or ;r.lu U_l I(,)p ampit yl_agl_ orwsar 1196
capacity theorems for relay networks,” IEEE Trans. Inf. Theory, vol. ﬁzgglnﬁ:bz%n;;’ rans. Stgnat Frocess., vol. 5%, 10. 2, pp- a
51, no. 9, pp. 3037-3063, Sep. 2005. 201 W X .d X .D “Optimized lavine strat ith

[3] B. Wang, J. Zhang, and A. Host-Madsen, “On the capacity of MIMO (20] - AU an . .ong., P 1mlz§ onejway‘ re’:lylng Strategy .Wl
relay channels,” IEEE Trans. Inf. Theory, vol. 51, no. 1, pp. 29-43, Jan. outdated CSI quantization for spatial multiplexing,” IEEE Trans. Signal
2005 ’ ’ ’ ’ ’ ’ Process., vol. 60, no. 8, pp. 4458-4464, Aug. 2012.

[4] S. Jin, M. R. McKay, C. Zhong, and K.-K. Wong, “Ergodic capacity [21] H. .Sh.en,.W. Xu, aqd C. Zhao, “Efﬁcwr,l’t.Jomt ‘transmlt and receive
analysis of amplify-and-forward MIMO dual-hop systems,” IEEE Trans. optimization for multiuser MIMO systems,” in Proc. IEEE WCNC, Paris,
Inf. Theory, vol. 56, no. 5, pp. 2204-2224, May 2010. France, Apr. 2012, pp. 125-130. o

[5] X. Tang and Y. Hua, “Optimal design of non-regenerative MIMO [22] J Wang and D. P. Palomar, V’\forst—case robusF MIMO transmission with
wireless relays,” IEEE Trans. Wireless Commun., vol. 6, no. 4, pp. 1398— imperfect channel knowledge,” IEEE Trans. Signal Process., vol. 57, no.
1407, Apr. 2007. 8, pp. 3086-3100, Aug. 2009. . .

[6] O.Mufioz-Medina, J. Vidal, and A. Agustin, “Linear transceiver design ~ [23] Y. Guo and B. C. Levy, “Worst-case MSE prec?fler design for imper-
in nonregenerative relays with channel state information,” IEEE Trans. fectly known MIMO communications channels,” IEEE Trans. Signal
Signal Process., vol. 55, no. 6, pp. 2593-2604, Jun. 2007. Process., vol. 53, no. 8, pp. 2918-2930, Aug. 2005.

[71 W. Guan and H. Luo, “Joint MMSE transceiver design in non- [24] J. Wang and M. Bengtsson, “Joint optimization of the worst-case robust
regenerative MIMO relay systems,” IEEE Commun. Lett., vol. 12, no. MMSE MIMO transceiver,” IEEE Signal Process. Lett., vol. 18, no. 5,
7, pp. 517-519, Jul. 2008. pp- 295-298, May 2011.

[8] A. S. Behbahani, R. Merched, and A. M. Eltawil, “Optimizations of a  [25] G. Zheng, K.-K. Wong, A. Paulraj, and B. Ottersten, “Robust

MIMO relay network,” IEEE Trans. Signal Process.,
5062-5073, Oct. 2008.

vol. 56, no. 10, pp.

collaborative-relay beamforming,” IEEE Trans. Signal Process., vol. 57,
no. 8, pp. 3130-3143, Aug. 2009.



[26] B. K. Chalise and L. Vandendorpe, “MIMO relay design for multipoint-
to-multipoint communications with imperfect channel state information,”
IEEE Trans. Signal Process., vol. 57, no. 7, pp. 2785-2796, Jul. 2009.
B. K. Chalise and L. Vandendorpe, “Optimization of MIMO relays
for multipoint-to-multipoint communications: Nonrobust and robust de-
signs,” IEEE Trans. Signal Process., vol. 58, no. 12, pp. 6355-6368,
Dec. 2010.

D. Ponukumati, F. Gao, and L. Fan, “Robust general rank precoding
design for amplify-and-forward relay network,” in Proc. Globecom 2010,
Miami, USA, Dec. 2010, pp. 1-5.

P. Ubaidulla and A. Chockalingam, “Relay precoder optimization in
MIMO relay networks with imperfect CS1,” IEEE Trans. Signal Process.,
vol. 59, no. 11, pp. 5473-5484, Nov. 2011.

M. Tao and R. Wang, “Robust relay beamforming for two-way relay
networks,” IEEE Commun. Lett., vol. 16, no. 7, pp. 1052-1055, Jul.
2012.

Q. Sun and L. Li, “Robust transceiver optimization for non-regenerative
MIMO relay systems,” in Proc. IEEE Wireless Personal Multimedia
Commun. (WPMC2012), Taipei, Taiwan, Sep. 24-27, 2012, pp. 483—
487.

Y. Liu and A. Petropulu, “QoS guarantees in AF relay networks with
multiple source-destination pairs in the presence of imperfect CS1,” [EEE
Trans. Wireless Commun., vol. 12, no. 9, pp. 4225-4235, Sep. 2013.
Z. Wang, W. Chen, F. Gao, and J. Li, “Capacity performance of relay
beamformings for MIMO multirelay networks with imperfect R-D CSI
at relays,” IEEE Trans. Veh. Technol., vol. 60, no. 6, pp. 2608-2619,
Jul. 2011.

D. P. Palomar and M. Chiang, “A tutorial on decomposition methods
for network utility maximization,” IEEE J. Sel. Areas Commun., vol. 24,
no. 8, pp. 1439-1451, Aug. 2006.

D. P. Palomar, M. Bengtsson, and B. Ottersten, “Minimum BER linear
transceivers for MIMO channels via primal decomposition,” I[EEE Trans.
Signal Process., vol. 53, no. 8, pp. 2866-2882, Aug. 2005.

R. A. Horn and C. R. Johnson, Matrix Analysis. New York: Cambridge
University Press, 1985.

Y. C. Eldar and N. Merhav, “A competitive minimax approach to robust
estimation of random parameters,” IEEE Trans. Signal Process., vol. 52,
no. 7, pp. 1931-1946, Jul. 2004.

S. Boyd and L. Vandenberghe, Convex Optimization. Cambridge, U.K.:
Cambridge University Press, 2004.

D. M. Gay, “Computing optimal locally constrained steps,” SIAM J. Sci.
Stat. Comput., vol. 2, no. 2, pp. 186-197, Jun. 1981.

(27]

[28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

Hong Shen (S’11) received the B.E. and M.S.
degrees in information engineering from the South-
east University, Nanjing, China, in 2009 and 2011,
respectively. He is currently working towards the
Ph.D. degree in information and communication en-
gineering with the National Mobile Communications
Research Laboratory, Southeast University, Nanjing,
China. During his doctoral studies, he has conducted
cooperative research with the Department of Electri-
cal and Computer Engineering, University of Davis,
CA, USA. His research interests include multiple-
input-multiple-output systems, optimization in wireless communications, and
source localization in wireless sensor networks.

‘ Jiaheng Wang (S’08-M’10) received the Ph.D.
degree in electrical engineering from the Hong Kong
University of Science and Technology, Hong Kong,
‘ in 2010. He received the B.E. and M.S. degrees
‘ ’ from the Southeast University, Nanjing, China, in
| ‘ 2001 and 2006, respectively. From 2010 to 2011,
&} 1 he was with the Signal Processing Laboratory, AC-
1 CESS Linnaeus Center, KTH Royal Institute of
| ‘ Technology, Stockholm, Sweden. He is currently an
f—_ ~ = Associate Professor at the National Mobile Commu-
nications Research Laboratory, Southeast University,
Nanjing, China. His research interests mainly include optimization in signal
processing, wireless communications and networks.

Wei Xu (S’07-M’09) received his B.Sc. degree in
Electrical Engineering in 2003 and his M.S. and
Ph.D. degrees in Communication and Information
Engineering in 2006 and 2009, respectively, all from
Southeast University, Nanjing, China. He is cur-
rently an Associate Professor at the National Mobile
Communications Research Lab (NCRL), Southeast
University. Between 2009 and 2010, he was a post-
doctoral research fellow with the Department of
Electrical and Computer Engineering, University of
Victoria, Canada.

Dr. Xu is an Editor of the IEEE COMMUNICATIONS LETTERS. He has
been involved in Technical Program Committees for many international
conferences including /EEE Global Communications Conference (Globecom),
IEEE Wireless Communications and Networking Conference (WCNC), IEEE
Vehicular Technology Conference (VIC), etc. He has coauthored more than
60 papers and had over 10 patents pending. He was a co-recipient of
the best paper award of the IEEE International Symposium on Microwave,
Antenna, Propagation, and EMC Technologies for Wireless Communications
(MAPE). He was elected Core Team Member of the Jiangsu Innovation Team
in 2012. His research interests include communication theory, cooperative
communications, and signal processing and optimization theory for wireless
communications.

Yue Rong (S°03-M’06-SM’11) received the Ph.D.
degree (summa cum laude) in electrical engineer-
ing from the Darmstadt University of Technology,
Darmstadt, Germany, in 2005.

He was a Post-Doctoral Researcher with the
Department of Electrical Engineering, University
of California, Riverside, from February 2006 to
November 2007. Since December 2007, he has been
with the Department of Electrical and Computer
Engineering, Curtin University, Bentley, Australia,
where he is currently an Associate Professor. His
research interests include signal processing for communications, wireless
communications, underwater acoustic communications, applications of linear
algebra and optimization methods, and statistical and array signal processing.

Dr. Rong was a recipient of the Best Paper Award at the 2011 International
Conference on Wireless Communications and Signal Processing, the Best
Paper Award at the 2010 Asia-Pacific Conference on Communications, and
the Young Researcher of the Year Award of the Faculty of Science and
Engineering at Curtin University in 2010. He is an Editor of the IEEE WIRE-
LESS COMMUNICATIONS LETTERS, a Guest Editor of the IEEE JOURNAL
ON SELECTED AREAS IN COMMUNICATIONS special issue on theories and
methods for advanced wireless relays, and was a TPC Member for the IEEE
ICC, WCSP, IWCMC, and ChinaCom.

Chunming Zhao (M’93) received the B.S. and
M.S. degrees from Nanjing Institute of Posts and
Telecommunications, in 1982 and 1984, respectively.
In 1993, he received his Ph.D. degree from the
Department of Electrical and Electronic Engineer-
ing, University of Kaiserslautern, Germany. He has
been a Postdoctoral Researcher at National Mobile
Communications Research Lab., Southeast Univer-
sity, China, where he is currently a professor and
vice director of the Lab. He has managed several
key projects of Chinese Communications High Tech.
Program and was awarded as “excellent researcher” from Ministry of Science
and Technology, China. He also won the First Prize of National Technique
Invention of China in 2011. His research interests include communication
theory, coding/decoding, mobile communications, and VLSI design.



	Introduction
	System Model and Problem Formulation
	Optimal Structure of Robust MMSE Transceiver
	Robust Transceiver Design Exploiting Scalar Optimization
	Scalar Based Algorithm for Robust Equalizer Optimization
	Scalar Based Algorithm for Robust Precoder Optimization
	Iterative Algorithm for Joint Robust Transceiver Optimization

	Simulation Results
	Conclusions
	Appendix I: Proof of Theorem 1
	Appendix II: Proof of Theorem 2
	Appendix III: Proof of Theorem 3
	Appendix IV: Proof of Proposition 1
	Appendix V: Proof of Proposition 2
	Appendix VI: Computing Worst-case Channels for A Given Transceiver
	References
	Biographies
	Hong Shen
	Jiaheng Wang
	Wei Xu
	Yue Rong
	Chunming Zhao


