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Abstract—Assuming full channel state information (CSI) at [5] and the references therein) and thenlinear designs (see
both transmitter (CSIT) and receiver (CSIR), we consider op- [6] and the references therein), corresponding to using a linear

timizing a nonlinear MIMO transceiver with (nonlinear) de- receiver or nonlinear) DF receiverAlth h the recent
cision feedback equalizer (DFE) with respect to some global eceiver or a (nonlinear) eceiverAlt oug € rece

cost function fo. Setting the receiver to be a minimum mean- work are _certalnly related to [3][4], they are based different
squared error (MMSE) DFE, the MIMO transceiver optimizaton ~ Mathematical tools.

problem reduces to optimizing a linear precoder. Based on the  While the DFE based nonlinear designs were originally
generalized triangular decomposition (GTD) and majorization  developed from a channel decomposition perspective [6], in this
theory, we prove that for any cost function fo the optimum ,a5ar e derive the nonlinear MIMO transceivers by solving an
precoder is of the same special structure and hence the original L . .
complicated matrix optimization problem can be significantly Opt'm'zat'on pmb"?m,w'th res_pect to some global cost funCF'on'
simplified to an optimization problem with scalar-valued variables. In doing so, we build interesting connections between the linear
Furthermore, if the cost function is specialized to the cases [5] and nonlinear designs within the unifying framework of
where the composite functionfo — exp is either Schur-convex majorization theory [7]. With a minimum mean-squared error
or Schur-concave, then the nonlinear transceiver design becomes(MMSE) DFE as the receiver, the optimum linear precoder is

exceedingly simple. In particular, whenf, —exp is Schur-convex, . . .
the optimum nonlinear transceiver design turns out to be the highly structured for an arbitrary cost functidis, based on

uniform channel decomposition (UCD) scheme; whenf, — exp Which the original complicated matrix optimization problem
is Schur-concave, the optimum nonlinear design degenerates tocan be significantly simplified to an optimization problem with

linear diagonal transmission. scalar-valued variables. Furthermore, we consider the special
Index Terms—MIMO transceiver optimization, generalized tri- oSt functions for which the composite functidig — exp is
angular decomposition, majorization theory, Schur-convex. either Schur-convex or Schur-concave. We show that vfigen

exp is Schur-convex, the optimum nonlinear transceiver design
turns out to be the uniform channel decomposition (UCD)
scheme [8]; whenfy — exp is Schur-concave, the optimum
In a slowly varying channel, the channel state informatiofonlinear design degenerates to linear diagonal transmission.
(CSI) can be accurately estimated at the receiver (CSIR),The rest of this paper is organized as follows. Section
and then the CSI is made available to the transmitter (CS'TD introduces the channel model and the closed-form rep-
via feedback or the reciprocal principle when time divisiofesentation of MMSE-DFE followed by the formulation of
duplex (TDD) is used. Using the full CSI, one may jointlthe precoder optimization problem. Section Il deals with the
optimize transmitter and receiver for high rate and reliablgrecoder optimization with respect to an arbitrary cost function
communication. The research on this topic can be traced bagk The specialization of the cost function to the cases where
to the seminal paper [1], which dealt with the joint transceivef, — exp is either Schur-convex or Schur-concave is discussed
design for a single-input single-output (SISO) inter-symb@h Section IV. Section V presents some interesting examples
interference (ISI) channel with pulse amplitude modulatiof cost function. Section VI gives the conclusion of this paper.
The paper [2] investigated the joint optimization of transmitter
and DF receiver for SISO systems. The papers [3] and [4] are ||, CHANNEL MODEL AND PROBLEM FORMULATION
arguably the pioneering work on transceiver design fo_r MIM " Channel Model
ISI channels, where the transceiver is optimized to minimize the ) o . )
trace and determinant of the mean-squared error (MSE) matri{Consider a communication system withy transmit and
based on dinear receiver [3] and aonlinear DF receiver [4], NRr reéceive antennas in a frequency flat fading channel. The
respectively. information symbol vectox 2 CL_’Sl is left-multiplied by a
Along with the increased interest in MIMO communicationdinéar precodeP 2 CrEL to obtains = Px 2 C" - which
much research effort has been made on the MIMO transceiletransmitted through the_T tran_sm|t antennas. At the receiver,
designs since the late 1990s. Two paradigms of transceidf Sampled baseband signal is
designs have been developed, namely, lthear designs (see y = HPX + n; 1)
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can always be scaled, we assume without loss of generalty Problem Formulation

that E[nn’] = I, whereE[] is the expectation(t)* stands for  |n this paper, we shall consider optimizing the precoder

conjugate transpose, aihds an identity matrix. We also assumeyith respect to a global performance measure subject to the

that E[xx*] = I. Hence the input power of the system is  oyerall input power constraint, which can be represented in the
Pt = E[ksk?] = Tr(PYP): (2) following generic form:

minimize To(fFMSE;Qg)
n decision feedback equalizer P

. (10)
e SIS subject to  Tr(PPY) = Pg

where the cost functioffio(FMSE;g) is chosen based on some

L n n L - | : Q[] VL
wrx L L J criterion of practical significance. By Lemma 2.4SE; =
“ ~ [R]% Hence we can reformulate (10) to be

minimize Ty [R]‘ﬁ
Fig. 1. Scheme of a MIMO Communication system with decision feedback P p

equalizer (DFE) receiver subject to | =QR (11)

) ] Tr(PPY) = Pg:
B. Nonllneér MIMO Transcelver.Based on MMSE_D,FE . To solve the above matrix variable optimization problem, we
We consider a MIMO transceiver structure given in Figurgeed the following mathematical concepts.
1, where the transceiver structure applies DFE to detect the
substreamsuccessivelyThe DFE consists of a feed-forwardp Majorization, Schur-convex Function, and GTD
matrix VW and astrictly upper triangular feed-backward matrix Definition 2.2: [7, 1.A.1] The vectora 2 RM is said to be
B. The blockQ[¢] stands for mapping the “analog” esnmat%dditivelymajc.Jri.zec; byb 2 R", denoted bya ~+ b, if
% to the closest constellation point which yields the “digital P ' M
estimatex. The “analog” estimat& can be written as pk:1 ap] = F,'i‘:l by lek<n; (12)
% =Wy j Bx A3) imai = izt bi;

L . . whereay; (bip) is theith largest element ah (b).
To simplity the system design and performance analysis, WEhefinition 2.3: The positive vectoa 2 R7 4 is multiplica-

invoke the usual assumption that= X. Then the error vector tively majorized byb 2 R, denoted bya ~¢ b, if
R iXx=(WYHP j (B+1)x+Wn; 4 Qi

o . Q=idm = Qeibm Lek<nm 13
and the MSE matrix i€ = E[(% i X)(X j X)¥]: for which the Toa o= g (13)
following lemma holds. (see, e.g., [8].) Clearly,a ~ 4 b if and only if exp(a) ~ £ exp(b).
Lemma 2.1:Let the QR decomposition of the augmented Definition 2.4: [7, 3.A.1] A real-valued function™ defined
matrix be? . on a setA R" is said to be Schur-convex oA if
HP ’ < N N
Ga =QR: ®) X“+y OnA > “(X)="(¥):
I (Nr+L)EL o _ . .
. , Similarly, ~ is said to be Schur-concave @ if
Partition Q into Q = g where@ 2 C"REL andQ 2 X“+y ONA D (). H):
CLEL The MSE matrix satisfiés The so-called generalized triangular decomposition (GTD)
‘2 theorem and its fast algorithm are established in [10].
E . D& (6)  Theorem 2.5 (GTD Theorem)et H 2 C™£" be a matrix

whereDg is a diagonal matrix with the same diagonaRsnd With rankK and singular valuesy;1 » Hi2 » 0 5 Hik >
the equality of (6) holds if the feed-forward and feed-backwafl There exists an upper triangular matifk 2 CKEK and
matrices are chosen to be semi-unitary matrice€ and P such thatH = QRP?Y if and
. . P 5
W = @Dpﬂl and B = DFielR Pl %) pr_ﬂy if the dlagqnal elements dR satisfyjrj ~ g e Here
. | . . . rj is a vector with the absolute values oftlement-wise.
The DFE corresponding to the matrices given in (7) is CallédJAn interesting special case of the GTD is the geometric mean

MMSE-DFE as it minimizes the MSE matrix. Indeed, th gsp 9

e " ) . > .
MMSE-DFE decomposes a MIMO channel irticsubchannels decomposition (GMD) which yields the upper triangular matrix

with output SINRs [9] R with equal d|agonalflements': 1
SINRi = —— j1=[RE i1 l=i=L; (8 or -
'~ MSE; ! =Rl i L =L ® [Rlii = »H > Hi 5 leieK (14

where MSE; = [E]J;; is the ith diagonal entry ofE. With =1

Gaussian codebooks, each subchannels are subject to Gaud$i is thegeometric mearof the nonzero singular values
interference-plus-noise, which have capacities of H. The existence of the GMD follows immediately from

Theorem 2.5 sincgnl "£ H.
R; = log(1 + SINR;) = log[R]3: (9)

4We denotex 2 R+ if x 2 [0; ).
2To make the QR decomposition unique, the diagondRois set positive. 5We have adopted the notation used in the original paper [6]. The notations
3By A , B, we mean thaiA j B is positive semidefinite. Q, R, andP are certainlynot the ones given in (5) or the precoder matrix.



Ill. PRECODEROPTIMIZATION FOR ARBITRARY COST
FUNCTION

Note that ¢, depengs orp and U. If we denotery;; the

ith largest element of [R]? iLzl, (21) can be rewritten more

In this section, we derive a general solution to the optimiz&xplicitly as

tion problem (11) as summarized in the following theorem.

Theorem 3.1:The solution to (11) has the fornkP =
V1 8>Y where Vi 2 C'TEK appears in the SVIH =
Un8n VY, and8 = diaqpﬁ), wherep 2 RY is the solution
to the optimization problem:

minimize [R]I
p: fRlig
subject to [R]ll;::"[Fvgt_],LL £ .
K
1+ Zapi 5Ll
1"p = Pg
p.o0;
fe “ (15)
where 1+ Z.p; i=l,1;:"'1 denotes an_-dimensional
vector whose firsiK elements ard + Z;p;, i = 1;::; K

followed by L j K ones. The semi-unitary matrix 2 C-£K
is obtained such that the matrR in the QR decomposition

HP ' UnBuE>Y |

L= | = QR (16)

has diagonaf[R]iig being the solution to (15).

o it
minimize fo [R]}
Q 2 . 1ejekil

U;pi[RIZ
; k
subjectto i I = o Gaii’
L —_ K 2
i=1 i1 = =1 Gai
1Tp = Py
p .0

Next, we show that the solution to (21) occurs whédn= V.
Denotef 4.jg and fp;g as the singular values dfl and
P, and both are in non-increasing ordering. By [7, Theorem
3.3.14], the singular values of the product of two matrieés
and P are multiplicatively majorized by the product of the
singular values oH andP. Thus,
Qk 2 Qk
i=1 Gi & _i=1 H iPi;

QK Qx

1G|_ i=1 Hlpla

(22)

lejieKijl
(23)

where the equality holds if and onlyd = V. Denotex;y 2
RK by

Xi 5 109( &) Vi » log( fipi); 1=i=K:

Proof: Let us denote the singular values of the effective

channelG , HP 2 C”RE'- as i1 - i

Gk+1 = i1 = gL = 0. ¢he singular values of the
augmented matriG, = HIP 2 c(Mr*+L)EL 510
C ql+ T leiek
ot L Ke<ieL )

Let 2 R be the vector consisting ofg_.j. Clearly g,

is invariant to the choice of~. However, > determines the

diagonal ofR as shown in the following lemma.
Lemma 3.1:There exists an> in (16) such thatG; = QR
with [R]ii, 1 = i = L, being the diagonal oR if and only if

filRlij’g " &, (18)

Thenx ~ 4y, andx =y if and only if U = V. It is easy
to provg,thaﬂog(l+exp(x)) is an increasing convex function.
Hence :<=1 log(1+exp(x;)) is a Schur-convex function of,
and we obtain

log(1 + exp(Xi)) =

i=1 i=1

lekeK;
(24)

log(1 + exp(yi));
and equivalently

1+ &)= @@+ fqp); l=keK
i=1 i=1

Since (23 =1+ G, (see (17)), it follows from (25) and (22)

that givenp, the feasible set of[R]%gl; is relaxed to the

(25)

In other words, when> goes over the whole Stiefel mamfoldmaxImal extent wheiJ = V. More precisely, ifp and[R]5

S(L;K) , Q2CHEK. Q'Q=1 ; (19)
the achievable set of the diagonal Bf given in (16) is
fr2Ctijr g G0 (20)

are feasible for som&J & Vy, they must also be feaS|bIe for
U = V. Hence the optimum solution occurs wheh= V.
With P =V 8>V,

ii= forleieK (26)

ﬁ;api;

Proof:.This lemma is a straightforward corollary of Theand (22) is simplified to be (15). The theorem is proveri
orem IIl.1 in [6]. It is worth emphasizing that the above proof does not make
Usingqithe above lemma, we can replace the constrajgify assumption orf,. Indeed, given the MMSE-DFE, the

HIP = QR in (11) by [R]11i33"[R]u_¢ e (233_ preceder matrix has the structuRe = V3 8>Y for any cost
function f.

p
Let P = U§>Y be the SVD, wher& = diag(" p). Note that  Gjyen p and the diagonal oR as the solution to (15), we

PPY is invariant to>. We can at this time remove from the oy need to calculate- such that the QR decomposition in
optimization problem an_d_ S|mpI|Iy (11) as (16) yields R with such a diagonal. Denotingo the unitary

minimize | [R]32 matrix whose firstK columns form>, we rewrite the second
UiplRE ¢, term of (16) as
subject to [R]Z3;::1; [RIZ, Ga (21) . o #
1Tp = P, I O UH8H[8:Okew ikl >¥: 27)
p. O 0 >o I



Calculate the GTD 4 HIP = QR yields R with equal diagonal elements.

In this caseL is not limited by the dimensionality dfl.
Proof: Based on Theorem 3.1, we start with the optimiza-
tion problem (15). LetR; , log[R]%. (In fact R; stands for

whereR has diagonaf[R]iig being the solution to (15). The the capacity of théth subchannel. See (9).) Equation (15) can
existence of such a decomposition follows from the fact thgk rewritten as

the singular values of,

J. Un8nI[8:0kew k)] = QsRPY; (28)
I

a minimize foI eiRi
1+ 2.pi lei=eK P g ~ 2 K ¢
3i= EHL ) (29) subjectto (Ry;:::;Re) ~+ flog(1+ £ .ipi)giz,;0;:::50
majorize f[R]iig (cf. the constraint of (15)). Letting-o = P p.oO 37)
v X
and hence>Y are form(id by the fII‘S,K rows of P5 and Note that f(x) and f(ix) have the same Schur-
Q= I O Qy: (30) corgvexity/a@ncavity. Thus, ify — exp is Schur-concave, then
0 >o ’ fo eiRi " is a Schur-concave function ¢R1;:::;R.). By
we obtain the QR decomposition (16). According to Lemm@efinition 2.4, th$ cost function is minimized when
2.1, the DFE feed-forward and feed-backward matrices are: R: = log(1+ Z.ipi) lei=K (38)
11— H .
W =@Di! and B=DiR i I; (31) 0 s K

where@® is the matrix consisting of the firstgr rows of Q (or which corresponds te> = [Ik 50K£(._iK)]T. For L > K,
Qa). there are subchannels with capad®y = 0, which is of course
meaningless. Therefore in this case it should be constrained
IV. SCHUR-CONVEX AND SCHUR-CONCAVE FUNCTIONS  thatL = K. Now (37) can be simplified to be

In this section we further specialize the cost function to the o n 1 o-
case wherdy is increasing in each argument and the composite miniiize fo w25
function fo —exp : R~ ¥ R is either Schur-convex or Schur- subjectto 1Tp = P (39)
concave. Here the composite function is defined as p.oO:

i ¢
fo—exp(x) , fo(e*1;eX2;:::;e"): (32) If fo—exp is Schur-convexfy ' eiRi s a Schur-convex

Such specialization leads to exceedingly simple solution to (1IN en
as shown in the following theorem.

Theorem 4.1:An optimal solutionP of the problem (11),
wheref, : R- ¥ R is a function increasing in each argument,
can be characterized as follows:

t If fo—exp is Schur-concave o, , fx 2 R- : x; ,

— 1 X 2 H .
Ri=R, T log(1+ §.ipi) for leie=L: (40)
i=1
Sincefy is an increasing function of each argument, we further
simplify (37) to be

11l . XLg, then P
P=Vh8 (33) maximize i<, log(1+ 2.pi)
! ;
where& = diag(Pp) with p 2 R¥ being the solution to subject to 1Tp = Pg (41)
In ., o p . O0:

minimize T —_— L - . .
p O T+ e The solution is the standard waterfilling power allocation given

subjectto 1Tp = Py G4 i (36). The semi-unitary matrix> is chosen such that the
p.o0; diagonal elements dR in (16) are equal, i.e.,
where i is theith largest singular values éfl. In this Aﬂ{, LR
caseL = K otherwise some argument & —exp should  [R];; = exp(R;) = L+ Bipi) ; forleieL:
be set to zero. k=1
t If o —exp is Schur-convex omRL, then (42)
_ y According to Lemma 3.1, such as exists. The theorem is
P=Vu8> (35)  proven. [ ]
where § = diag{pﬁ) with p 2 RK being obtained via Some comments on the connections between the nonlin-
standard waterfilling power allocation ear MIMO transceiver designs and the linear designs are in
-~ 1, order. For the first case in Theorem 4.1, the precdéer
1 . Vv orthogonalizes the MIMO channel into multiple eigen-
Pi= i3 ; lei=K; (36) H8 J pe o

2, subchannels and the power allocation applied to the subchan-
' P nels are given in (39). In this case, the optimal nonlinear
where,, is chosen such that :<=1 pi = Po. The semi- transceiver degenerates inlimear diagonal transmission. In

unitary matrix> is chosen so that the QR decompositiofact this transceiver design is the same as the first case in [5,



Theorem 1] where linear MIMO transceivers are considered. all fanctions
However, the condition here is that the composite function fo: ACR 5 R
To—exp be Schur-concave, while the condition in [5, Theorem S

1] is that fy be Schur-concave. The relationship between the

two conditions is shown in the following lemma. Schur-convex functm;ﬂm,_mcavc P

Lemma 4.2:If fy —exp is Schur-concave o, = fx 2
R":Xx; , ::: 5 XnQ, thenfy is Schur-concave ob,.

But the other direction is not true, i.efy being Schur-
concave doesot imply the Schur-concavity offy — exp,
as we will see counter-examples in Section V-A. Therefore,
if fo — exp is Schur-concave, then the optimum nonlinear functions such that functions such that
transceiver degenerates into a linear one, which performs a di-  fooexp is Schur-convex Jo o exp is Schur-concave
agonal transmission. However,fi is Schur-concave, then theFig. 2. The illustration of the sets of Schur-convex and Schur-concave
optimum linear transceiver must use a diagonal transmissiofunctions as well as the functions such tifatexp is Schur-convex and Schur-
but for the optimumnonlinear transceiver it may not be the concave function.
case.

nsider now th n in Theorem 4.1. . o . .
Consider no e second case eore o diagonal transmission. For the cost function tifigt- exp is

cost function such thakp —exp is Schur-convex, the optimum : e
nonlinear MIMO transceiver design is the same. To see th%chureonvexhowever, the system is optimized when the MSEs

relationship between Theorem 4.1 and [5, Theorem 1] ﬂ% substreams are made as “close” to each other as possible,
following lemma is useful [7, 3.8 é] ' " “for which case we obtaib. substreams with uniform MSEs.

Lemma 4.3:The composite functiofo(g(x1);:::9(Xn)) is
Schur-convex iffy : R™ ¥ R is Schur-convex and : R ¥ R V. EXAMPLES OF COST FUNCTIONS

is convex. A. Examples of Cost Function Leading to UCD

The other direction of Lemma 4.3 is not true, as we shall see : .
) . ) . We study some examples of cost functions for which UCD
counter examples in Section V-A. An immediate corollary of

Lemma 4.3 is thatf, — exp is Schur-convex iff, is Schur- Is the optimal solution. According to [5], all the following

convex. Therefore iff, is Schur-convex, which implies thatproblems can be formulated in terms of a Schur-convex cost

: : . . .__function f,.
the optimum linear transceiver uses non-diagonal transmission

according to [5, Theorem 1], thefig—exp is also Schur-convex, T Minimization of the maximum of the MSEs
but not vice versa. One of the major distinctions between the? Maximization of the harmonic mean of the SINRs
linear and nonlinear design is on the power allocation applied’ Maximization of the minimum of the SINRs
to the eigen-subchannels. For the nonlinear design, the standartl Minimization of the average BER
capacity-achieving waterfilling power allocation is applied, ~ T Minimization of the maximum of the BERs
. Hencefy —exp is also Schur-convex according to Lemma 4.3.
Pi = . i ;|2| : (43) Even for some Schurencavefunction fy, the compositefy —

] ] ) . exp is Schureonvex The following are some examples.
For the linear design, however, the power allocation is the 1) Minimization of the sum of MSE&he cost function is
MMSE waterfilling solution [5] '
T

- X
= . i A (44) fo(FMSEig) =  MSE;; (46)
i=1

Whi(.:h yield's suboptimal m“t‘?a' information. which is both Schur-cggcave and Schur-convex. The composite
Figure 2 illustrates the relationship between the sets of Sch

/ functi I th ts of functi Hnction fo—exp(x) = ;€™ is Schur-convex (but not Schur-
convexiconcave tunctions as wetl as the sets of functions SL&ﬂmave) since* is a convex function. Hence according to
that f —exp is Schur-convex/concave.

) Theorem 4.1, the optimum solution is the UCD scheme. Indeed,
From (42) and (9) we see that the nonlinear MIMO tran%’sing the relationshipMSE; = [R]i2 = exp(j R;), the cost
ceiver design yieldd. subchannels with the same capacity function "

1 X 2 c fo(fexp(ii Ri)g) = Xex (i Ri); (47)
Cuca = log(L+pi i) =T (45) otfexpli i)y . PLIRI);
i=1 =
whereC is the capacity the MIMO channel. We refer to thids minimized whenR; = ::: = R_ = C=L, whereC is the

MIMO transceiver design as the uniform channel decompb!/MO channel capacity. o
sition (UCD) scheme [8], as it uniformly decomposes, in an 2) Maximization of th5 proguct of SINRsThe objective

information lossless manner, a MIMO channel ilhitadentical function is to maximize :‘:l ﬁ i 1 . Hence the cost
subchannels. function to minimize is

Roughly speaking, for the cost function tifat-exp is Schur- N q
concave the system is optimized by making the MSEs of the fo(FMSEig) = i 1 il (48)

substreams as “spread out” as possible, for which we obtain =y MSE;



which is Schur-concav
function fo—exp(x) = j
convex. To prove this point, we note '[hat:‘=1 log(ei* j 1)
is Schur-concave, as the second order derivative:

@%log(e*j1) . & _
e i “9
Ip -

Qemiy =

Schur-concave. Therefork) — exp(X) = i
is Schur-convex.

- log(eixi 1) s
(e 1)

Hence exp

see [5, Lemma 8]). The compositel) Minimization of the ijghted sum of MSE$he cost
i—p (e § 1}is, however, Schur- function is fo(fFMSE;g) =

:;1 fiMSE;: The composite
function

fo(fexp(x)g) = fij exp(xi) (54)
i=1
is neither Schur-concave nor Schur-convex for gentfiad.
2) Maximization of the exponentially weiqﬁted product of
SINRs: The objective function to maximize is"—, SINR":

The cost function to minimize is

fo(FMSE;g) =  log((MSE! j 1)ifi):
i=1

(55)

B. Examples of Cost Function Leading to Diagonal Transmighe composite function

sion

The following are two examples of cost function for which
fo—exp is Schur-concave and the nonlinear design degenerates

to linear diagonal transmission.

fo—exp(X) =i  fijlog (exp(ixi) i 1) (56)
i=1

is neither Schur-concave nor Schur-convex for gengfigad).

1) Minimization of the exponentially weighted product of

MSESs: The cost function is

fo(FMSEig) =  MSE[":

i=1

(50)

Without loss of generality, it is assumed thak fi; = ::: =
fi_. The composite functiorfp —exp is

fiiXi
i=1

fo —exp(X) = exp (51)
. P, L . .
It is easy to prove that ;_, fijx; (assumingfi; = fij+1) is
a Schur—c;g)E,cave function dd. , X 2 R- 1 xy , 1:1:XL0,
SO is exp

VI. CONCLUSION

In this paper, we have studied optimizing precoder for the
nonlinear MIMO transceiver based on MMSE-DFE. We first
consider the general problem of minimizing some arbitrary
cost function subject to the overall input power constraint. It
is shown that the precoder matrix has some special structure
for any cost function, based on which the original complicated
matrix optimization problem is much simplified. Moreover,
the optimum nonlinear design degenerates to linear diagonal
transmission if the cost functiofy is such that the composite
fo—exp is Schur-concave. Ify is increasing in each argument
and fy — exp is Schur-convex, then the optimum nonlinear
transceiver design is the same, i.e., the uniform channel de-

:_:1 fiixi . In this case, the optimum nonlinearcomposition (UCD) scheme.

DFE based transceiver design degenerates to (linear) diagonal

transmission.

2) Maximization of the wgighted sum of SINRS1e objec-
tive function to maximize is :_=1 fi;SINR;; wherefi; « :;: =
fiL. Then the cost function to minimize is

1 |
fo(FMSEig) = i i:lﬂi MSE, | 1, (52)
and the composite functiofy —exp is
fo—exp(X) =i  fii(exp(ixi) i 1): (53)

i=1

It can be readily shown that the functidp—exp (X) (assuming
fi; = fij+1) is minimized whenx 2 D_. Note that forx 2 D

and fi; = fij+1, the derivative@fL;‘_p(x) = fijexp(ix;) is

increasing ini = 1;:::;L. By [7, Theorem 3.A.3]fo—exp (X)

is a Schur-concave function dp, .

C. Other Cost Functions
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