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The Capacity Region of the Gaussian Multiple-Input
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Abstract—The Gaussian multiple-input multiple-output
(MIMO) broadcast channel (BC) is considered. The dirty-paper
coding (DPC) rate region is shown to coincide with the capacity re-
gion. To that end, a new notion of an enhanced broadcast channel
is introduced and is used jointly with the entropy power inequality,
to show that a superposition of Gaussian codes is optimal for the
degraded vector broadcast channel and that DPC is optimal
for the nondegraded case. Furthermore, the capacity region is
characterized under a wide range of input constraints, accounting,
as special cases, for the total power and the per-antenna power
constraints.

Index Terms—Broadcast channel, capacity region, dirty-paper
coding (DPC), enhanced channel, entropy power inequality,
Minkowski’s inequality, multiple-antenna.

I. INTRODUCTION

E consider a Gaussian multiple-input multiple-output
W(MIMO) broadcast channel (BC) and find the capacity
region of this channel. The transmitter is required to send in-
dependent messages to m receivers. We assume that the trans-
mitter has ¢ transmit antennas and user ¢, 2 = 1,2,...,m has
r; receive antennas. Initially, we assume that there is an average
total power limitation P at the transmitter. However, as will be
made clear in the following section, our capacity results can be
easily extended to a much broader set of input constraints and in
general, we can consider any input constraint such that the input
covariance matrix belongs to a compact set of positive semidef-
inite matrices. The Gaussian BC is an additive noise channel
and each time sample can be represented using the following
expression:

y, = Hix +n;, 1=1,2,....m (1)

where
e z is a real input vector of size ¢ X 1. Under an average
total power limitation P at the transmitter, we require that
E[z"z] < P. Under an input covariance constraint, we
will require that E[zz?] < S for some S = 0 (where
<, X, >, and >~ denote partial ordering between symmetric
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matrices where B > A means that (B — A) is a positive
semidefinite matrix).

* y, is a real output vector, received by user i, =
1,2,...,m. This is a vector of size r; X 1 (the vec-
tors g, are not necessarily of the same size).

* H, is afixed, real gain matrix imposed on user . This is a
matrix of size r; X t. The gain matrices are fixed and are
perfectly known at the transmitter and at all receivers.

e n; is a real Gaussian random vector with zero mean and
a covariance matrix N; = E[n;nT] = 0. No additional
structure is imposed on H; or N;, except that N; must be
strictly positive definite, for: = 1,2,...,m.

We shall refer to the channel in (1) as the General MIMO BC
(GMBC). Note that complex MIMO BCs can be easily accom-
modated by representing all complex vectors and matrices using
real vectors and matrices having twice and four times (for ma-
trices) the number of elements, corresponding to real and imag-
inary entries.

In this paper, we find the capacity region of the BC in expres-
sion (1) under various input constraints. In particular, we will
consider the average total power constraint and the input covari-
ance constraint. This model and our results are quite relevant to
many applications in wireless communications such as cellular
systems [17], [18], [23].

In general, the capacity region of the BC is still unknown.
There is a single-letter expression for an achievable rate re-
gion due to Marton [15], but it is unknown whether it coin-
cides with the capacity region. Nevertheless, for some special
cases, a single-letter formula for the capacity region does exist
[9]-[11], [14] and coincides with the Marton region [15]. One
such case is the degraded BC (see [10, pp. 418-428]) where
the channel input and outputs form a Markov chain. Since the
capacity region of the BC depends only on its conditional mar-
ginal distributions Py; |y (see [10, p. 422]), it turns out that when
the BC defined by (1) is scalar (¢t = ry = -+ = 1, = 1),
it is a degraded BC. Furthermore, it was shown by Bergmans
[1] that for the scalar Gaussian BC, using a superposition of
random Gaussian codes is optimal. Interestingly, the optimality
of Gaussian coding for this case was not deduced directly from
the informational formula, as the optimization over all input dis-
tributions is not trivial. Instead, the entropy power inequality
(EPI) [1], [3] is used. Unfortunately, in general, the channel
given by expression (1) is not degraded. To make matters worse,
even when this channel is degraded but not scalar, Bergmans’
proof does not directly extend to the vector case. In Section III,
we recount Bermans’ proof for the vector channel and show
where the extension to the degraded vector Gaussian BC fails.
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Recent years have seen intensive work on the Gaussian
MIMO BC. Caire and Shamai [7] were among the first to pay
attention to this channel and were the first to suggest using
dirty-paper coding (DPC) for transmitting over this channel.
DPC is based on Costa’s [8], [12], [28] results for coding
for a channel with both additive Gaussian noise and additive
Gaussian interference, where the interference is noncausally
known at the transmitter but not at the receiver. Costa observed
that under an input power constraint, the effect of the inter-
ference can be completely canceled out. Using this coding
technique, each user can precode his own information, based
on the signals of the users following it [7], [20], [22], [27]
(for some arbitrary ordering of the users) and treating their
respective signals as noncausally known interference.

Caire and Shamai [7] investigated a two-user MIMO BC with
an arbitrary number of antennas at the transmitter and one an-
tenna at each of the receivers. For that channel, it was shown
through direct calculation that DPC achieves the sum capacity
(or maximum throughput as it was called in [7]). Hence, it was
shown that for rate pairs that obtain the channel’s sum capacity,
DPC is optimal. Their main tool was the Sato upper bound [16]
(or the cooperative upper bound).

Following the work by Caire and Shamai, new papers ap-
peared [20], [22], [27] which expanded the maximum through-
put claim in [7] to the case of any number of users and arbi-
trary number of antennas at each receiver. Again, the Sato upper
bound played a major role. In [27], Yu and Cioffi construct a
coding and decoding scheme for the cooperative channel relying
on the ideas of DPC and generalized decision feedback equal-
ization. A different approach is taken in [20], [22]. To overcome
the difficulty of expanding the calculations of the maximum
throughput in [7] to more than two users, each equipped with
more than one antenna, the idea of MAC-BC duality [13], [20],
[22] was used.

Another step toward characterizing the capacity region of the
MIMO BC is reported in [21] and [19]. Both works show that
if Gaussian coding is optimal for the Gaussian degraded vector
BC, then the DPC rate region is also the capacity region. To
substantiate this claim, the Sato upper bound was replaced with
the degraded same marginals (DSM) bound in [21]. Indeed,
the authors conjecture that Gaussian coding is optimal for the
Gaussian degraded vector BC. However, as indicated above, the
proof of this conjecture is not trivial, as Bergmans’ [1] proof
cannot be directly applied.

In a conference version of this work [24], we reported a proof
of this conjecture and thus, along with the DSM bound [19],
[21], we have shown that the DPC rate region is indeed the ca-
pacity region of the MIMO BC. Here, we provide a more cohe-
sive view. We derive the results on first principles, not hinging
on any of the above existing results (the multiple-access channel
(MAC)-BC duality [20], [22] and the DSM upper bound [19],
[21]). This not only provides a more complete and self-con-
tained view, but it significantly enhances the insight into this
problem and its associated properties.

The main contribution of this work is the notion of an
enhanced channel. The introduction of an enhanced channel
allowed us to use the entropy power inequality, as done for
the scalar case by Bergmans’, to prove that Gaussian coding
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is optimal for the vector degraded BC. We show that instead
of proving the optimality of Gaussian coding for the degraded
vector channel, we can prove it for a set of enhanced degraded
vector channels, for which, unlike the original degraded vector
channel, we can directly extend Bergmans’ [1] proof.

Another unique result is our ability to characterize the ca-
pacity region of the MIMO BC under channel input constraints
other than the total power constraint. In particular, in Section II,
we show that we can characterize the capacity region of the
MIMO BC which input is constrained to have a covariance ma-
trix S that lies in a compact set. This allows us to characterize the
capacity region for various scenarios; for example, the per-an-
tenna power constraint. In this sense, our result parallels a result
reported in [26] for the sum capacity of the MIMO BC under
per-antenna power constraints.

This paper is structured as follows.

1) In Section II, we introduce two subclasses of the MIMO
BC: the aligned and degraded MIMO BC (ADBC) and the
aligned MIMO BC (AMBC). We also prove that the ca-
pacity region of the MIMO BC under a total power con-
straint on the input can be easily deduced from the capacity
region of the same channel under a covariance constraint
on the input.

2) Next, in Section III, we find and prove the capacity region
of the ADBC under a covariance matrix constraint and total
power constraint on the input.

3) Using the result for the ADBC, we extend the proof of the
capacity region to AMBCs in Section IV.

4) Finally, in Section V, we further extend our results and
find the capacity region of the Gaussian MIMO BC defined
in (1).

II. PRELIMINARIES

A. Subclasses of the Gaussian MIMO BC (the ADBC and
AMBC)

In (1), we presented the GMBC. However, we will initially
find it simpler to contend with two subclasses of this channel
and then broaden the scope of our results and write the capacity
for the GMBC.

The first subclass we will consider is the ADBC. We say that
the MIMO BC is aligned if the number of transmit antennas is
equal to the number of receive antennas at each of the receivers
(t =7 = --+ = ry) and if the gain matrices are all identity
matrices (Hy = --- = H,,, = I). Furthermore, we require that
this subclass will be degraded and assume that the additive noise
vector covariance matrices at each of the receivers are ordered
such that 0 < N; < Ny <X -.- X N,,,. Taking into account
the fact that the capacity region of BCs (in general) depends on
the marginal distributions Py;|x, we may assume without loss
of generality that a time sample of an ADBC is given by the
following expression:

yi=z+» n;, i=12...m )
j=1

where y, and z are real vectors of size t X 1 and where n;, i =
1,...,m are independent and memoryless real Gaussian noise
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increments such that N; = E [ﬁiﬁiT] = N, — N,;_; (where we
define Ng = Ozyy).

The second subclass we address is a generalization
of the ADBC which we will refer to as the Aligned
MIMO BC (AMBC). The AMBC is also aligned (that is,
t=ri=---=rp,and Hy = --- = H,, = I), but we do
not require that the channel will be degraded. In other words,
we no longer require that the additive noise vectors covariance
matrices N; will exhibit any order between them. A time
sample of an AMBC is given by the following expression:

Y, =T+mn,; 1=1,2,....m 3)

where ¥, and z are real vectors of size ¢ X 1 and where n;, i =
1,...,m are memoryless real Gaussian noise vectors such that
E[n,nzT] = N, - 0t><t'

In the case where the gain matrices of the GMBC (the channel
given in (1)), H;, are square and invertible, it is readily shown
that the capacity region of the GMBC can be inferred from that
of the AMBC by multiplying each of the channel outputs y, by
H; ! However, a problem arises when the gain matrices are no
longer square or invertible. In Section V (see proof of Theorem
5), we show that the capacity region of the GMBC with non-
square or noninvertible gain matrices can be obtained by a limit
process on the capacity region of an AMBC along the following
steps. First, we decompose the channel using singular-value de-
composition (SVD), into a channel with square gain matrices.
Then, we add a small perturbation to some of the gain entries
and take a limit process on those entries. Thus, we simulate the
fact that the gain matrices of the original channel are not square
or not invertible. After adding the perturbations, the gain ma-
trices are invertible and an equivalent AMBC can be readily es-
tablished. Therefore, the greater part of this paper (Sections III
and IV) will be devoted to characterizing the capacity regions
of the ADBC and AMBC.

B. The Covariance Matrix Constraint

1) Substituting the Total Power Constraint With the Matrix
Covariance Constraint: As mentioned in the Introduction, our
final goal is to give a characterization of the capacity region of
the GMBC under a total power constraint, P. Nonetheless, our
initial characterization of this region will be given for a covari-
ance matrix constraint, § > 0, such that E[zz”] < S. We show
here that we can extend this constraint to the case where the
input covariance matrix must lie in a compact set S (matrices are
elements in a metric space where the metric distance between A
and B is defined by the Frobenius norm: tr{(A—B)(A—B)T}.
A compact set in this space is defined in a standard manner, see
[5, pp. 45-51]). The total power constraint is just one example
of a compact set constraint as the set S = {S| tr{S} < P} isa
compact set.

Denote by R = (Ry, Ry, ..., Ry) a given rate vector. We
use C(n,8, R,¢) to denote a codebook that maps a set of
m message indices Wy,..., W, W; € {1,....e"f} i =
1,...,m onto an input word (a real matrix of size ¢ x n), where
the maximum-likelihood (ML) decoder at each of the receivers
decodes the appropriate message index with an average prob-
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ability of decoding error no greater than e. Furthermore, the
codewords are such that

|
|

1
5= e"ER’ = Z _
XeC(n,S,R,e;)

A rate vector R is said to be achievable under a matrix covari-
ance constraint S, if there exists an infinite sequence of code-
books, C(n;,S;, R, €;), i = 1,2, ... 00, with increasing lengths
n;, rate vectors R, matrices S; < S, and decreasing probabil-
ities of error ¢;, such that ¢; — 0 as ¢ — oo. Similarly, a rate
vector R is said to be achievable with a matrix covariance con-
straint that lies in a compact set S if §; € S for all s.

For a given covariance matrix constraint S,
C(8,Ni_m,H: ) denotes the capacity region of
the GMBC under a covariance constraint and is defined
by the closure of the set of all achievable rates under a
covariance constraint S. Similarly, C(S, N1, m,H1,. m) and
C(P,Ni,. . m.Hi, ) denote the capacity region under a
compact set constraint S and a total power constraint P. Note
that

C(P Nl,...,m7H1,...,m)
= C(S = {S|tr{s} S P}7N1,...,m7H1 m)

The justification for characterizing the capacity regions under a
covariance matrix constraint instead of a total power constraint
is made clear by the next lemma. However, prior to giving this
lemma we must first give the following definition.

Definition 1 (Contiguity of the Capacity Region With Respect
to §): We say that the capacity region C(S, N1, H1 . .m)
is contiguous with respect to (w.r.t.) S if for every ¢ > 0,
we can find a 6 > 0 such that the e-ball around a rate vector
R € C(S + 41, N,y ., H ) also contains a rate vector

R* € C(S,Ny. . Hi, ) forall0 <6 <.

As one might expect, the capacity regions that will be defined
in the following sections will all be contiguous w.r.t. S.

Lemma 1: Assume that S is a compact set of positive
semidefinite matrices. If C(S, N1, ., H1 ) is contiguous
w.r.t. S, then

follows from the definition of those regions. Therefore, we only
need to prove the inclusion in the reverse direction. We will
prove that every rate vector

R = (R17 LR Rm) € C(SaNl,...,m7H1,..

m)

alsoliesinC(S,N1,__ ,H1, ) forsome SsuchthatS € S.

Ifindeed R € C(S, N1, m,H1, _m),then there exists anin-
finite sequence of codebooks C'(n;,S;, R, €;), i =1,2,...,00
with rate vectors R and decreasing probabilities of error, €;, such
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that ;, — 0 as ¢ — co. As S is a compact set in a metric space,
for any infinite sequence of points in S there must be a subse-
quence that converges to a point Sy € S. Hence, for any arbi-
trarily small § > 0, we can find an increasing subsequence (k)
such that Si(k) < 8o+ 6I,Vk > 0.

In other words, if R € C(S,N1,... m,H1,.. m). foranyé > 0,
we can find a sequence of codebooks C(ny,So + 6I, R, €),
with 8y € S, which achieve arbitrarily small error probabilities.
Therefore, for every § > 0, R € C(So + 61, N, ~H

__________ m) With respect
to S, we conclude that every e-ball around R contains vec-
tors which lie in C(S¢,Ni,. m,H1, . m) and therefore,
R must be a limit point of C(So,Ni1, . m.Hi ) As
C(80,Ni1, . m,H: ) isaclosed set by definition, we con-

m)- O

clude that R € C(So,/Nl _____ m;Hl
Lemma 1 can be easily applied to the total power constraint,
as stated in the following.

.....

Corollary 1: The capacity region under a total power con-
straint is given by

C(P7 Nl,...,m7H1,...,m) =
tr{S}<P

Proof: The proof is a direct result of Lemma 1 where the
compact set is defined as S = {S|tr{S} < P}. O

2) The Capacity Region Under a Noninvertible Covariance
Matrix Constraint: We differentiate between the case where the
covariance matrix constraint S is strictly positive definite (and
hence invertible), and the case where it is positive semidefinite
but noninvertible, |S| = 0. It turns out that for an aligned MIMO
BC (either an ADBC or an AMBC) with a noninvertible co-
variance matrix constraint |S| = 0, we can define an equiva-
lent aligned MIMO BC (either an ADBC or an AMBC), with
a smaller number of transmit and receive antennas and with a
covariance matrix constraint which is strictly positive definite.
Thus, when proving the converse of the capacity regions of the
ADBC and AMBC, we will need only to concentrate on the
cases where S is strictly positive. A formal presentation of the
above argument is given in the following lemma.

Lemma 2: Consider an AMBC with ¢ transmit antennas,
noise covariance matrices Ny,...,N,,, and a covariance
matrix constraint S, such that rank(S) = rg < ¢. Then we
have the following.

1) There exists an AMBC, with rg antennas and with noise
covariance matrices N;, ¢ = 1,2...,m which has the
same capacity region (as the original AMBC) under a co-
variance matrix constraint S, of rank rg. Furthermqre, if
N, < --- X N,, (the channel is an ADBC), then N; =<
--- X N,, (i.e., the equivalent channel is also an ADBC).

2) In the equivalent channel we have

S = [Ors X (t—rg) I'r‘s er] AS [Ors X (t—rg) ITS er] T

No=NS - (N?) (N2) (NP). i=12.m

where Ag and Ug are defined as the eigenvalue and eigen-
vector matrices (unitary matrices) of S = UgAsU § such
that Ag has all its nonzero values on the bottom right
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A

of the diagonal. Ni*, NZ and N¢ are matrices of sizes

t—rg) X (t—rg),(t —rg) X rsg and rg X rg such that
( ) % ( ), ( )
N} NB
T ) 1
USMUSZ((N?)T Nf)'

Proof: see Appendix L. O

III. THE CAPACITY REGION OF THE ADBC

In this section, we characterize the capacity region of the
ADBC given in (2). As mentioned in the Introduction, even
though this channel is degraded and we have a single-letter for-
mula for its capacity region, proving that Gaussian inputs are
optimal is not trivial. In the following subsections, we give moti-
vations, present intermediate results, and finally, state and prove
our result for the capacity region of the ADBC.

We begin by defining the achievable rate region due to
Gaussian coding under a covariance matrix constraint § > 0.
Note that as the channel is degraded, there is no point in using
DPC [7], [8], [20], [22], [27].

It is well known that for any covariance matrix input
constraint S and a set of semidefinite matrices B; > 0
(i=1,---m)suchthat ) ;" B; < 8, itis possible to achieve
the following rates:

where
~ 1 ~ —1 ~
RlG(Bl,...,m,NL...,m) =3 log|N; (By+ Ny)|
‘ (Zf:l B; + Zf=1 Nl)

‘(Zf:_f B; + Zf:l Nf)
k=2.3,...,m. (5

~ 1
RI?(BI ...,m7N1,...,m) = 5 log

The coding scheme that achieves the above rates uses a super-
position of Gaussian codes with covariance matrices B;, and
successive decoding at the receivers. The Gaussian rate region
is defined as follows.

Definition 2 (Gaussian Rate Region of an ADBC): Let S be a
positive semidefinite matrix. Then, the Gaussian rate region of
an ADBC under a covariance matrix constraint S is given by

:{(

Our goal is to show that R%(S, ]Vl,___,m) is indeed the ca-
pacity region or the ADBC.

RO (By.. N1y RG (B N1 ) \ }

st. S=Y" B;»>0, B; >0, Vi=1,...,m
(6)

A. Motivation: A Direct Application of Bergmans’ Proof to the
ADBC and its Pitfalls

Before proving that RY(S, N 1,..,m) is the capacity region,
we explain why Bergmans’ [1] proof for the scalar Gaussian BC
does not directly extend to the vector case (the ADBC). This
subsection is intended to give the reader an idea of why and
where the direct application of Bergmans’ proof fails and how
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we intend to overcome this problem. For the interest of con-
ciseness, only a sketch of Bergmans’ proof will be given here.
Furthermore, Bergmans’ approach will only be presented for the
two-users case.

We wish to show, using Bergmans’ line of thought, that
R (8, N1 ) is also the capacity region. Assume, in contrast,
that there is an achievable rate pair (R;, R>) which lies outside
RE(S, N, ). Then, we can find a pair of matrices By and
B, = S — Bj such that

Ry > R?(B1,2~,N1,2)
and
Ry > R§(31,27N1,2)- @)

Let Wy and W» denote the massage indices of the users. Further-
more, let X, Y, and Y5 denote the channel input and channel
outputs matrices over a block of n samples. Let Z; and Z de-
note the additive noise such that Y; = X; + Z; and Y, =
Y1 + Z,. Note that Z; and Z, are ¢ x n random matrices
the columns of which are independent Gaussian random vectors
with covariance matrices N 1 and N 2, respectively. In addition
71 and 75 are independent of X, W1, and Wy. As Wy and W,
are independent we can use Fano’s inequality to write

Ry

IN

1 =
gf(Wl; Y1|[W2) + 6(n)
and
1 =
R, < EI(WQ; Y2)+6(n) (®)
where §(n) — 0 as n — oo. For the sake of brevity, in the
following we ignore §(n) (in the rigorous proof given in the

following subsections §(n) in not ignored).
Therefore, by Fano’s inequality (8) and by (7), we may write

1 =
EI(WLY”WZ)

1 = 1 =
=—H(Y1|W3) — ;H(Y1|W17W2)

n

1 = 1 ~
;H(Y1|W2) ~5 log(|2mreN1])
>Ry > RlG(B1,2,N1,2)

1 ~ 1 ~
=3 log(|2re(By + N1)|) — 510g(|27reN1|)

and hence,

1 __= 1 -
EH(Y1|W2) Z 510g(|27T6(B1 —|—N1)|)

Next, we lower-bound 2 H (Y »|W>) using the EPL The EPI
(see [10, pp. 496-497]) lower-bounds the entropy of the sum of
two independent vectors with a function of the entropies of each
of the vectors. As Ys, =Y + Z, where Z5 is independent of
Y1 and W, we can use the EPI to bound %H (Y 5|W5) in the
following manner:

1 = 1 = =

—H(Y|Wy) = —H(Y Zo|W.

T H(Y2[W2) = -— H(Y1 + Z25|W2)
> llog <et.27H(711V2) + et.QTH(72)>
-2
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> Zlog(|2me(By + Ny)|7 + [21eN,|7).

DN | =

As|K 1|7 +|K,|? < |Ki+K|* forany ¢ x t positive semidef-
inite matrices, K, Ko (Minkowski’s inequality—see [10, p.
505]), we have

1 == 1 =~ % = 1
—H(Y[W2) > J log (‘27re(B1 TN+ |27reN2|7>
< %log <‘27re(Bl + N+ NQ) ?>

with equality in the second inequality, if and only if B; + N,
and N are proportional. ~

If By + N is proportional to N, we can rewrite the above
result such that

1 = 1 . -
“H(Y2IW2) 2 S log(12ne(By + N1+ N2)) ()

and by (8), (7), and (9), we can write

1 = 1 = 1 =
—H(YQ) == —I(WQ;YQ) —|— —H(Y2|W2)
n n n
1 prmy
> Ry + EH(Y2|W2)

. 1 =
> ch(Bu,Nl,z) + ﬁH(Y2|W2)
1 - -
= §log(|27re(S—|— N, + Ny)|)
1 ~ ~ 1 ey
— 510g(|27T6(B1 +N1 + N2)|) + EH(Y2|W2)

> —log(|2me(S + N1 + N>)|).

N | =

However, the above result contradicts the upper bound on the
entropy of a covariance limited random variable. Therefore, if
we can find matrices By and B, = S — Bj such that B; + N is
proportional to N5 and such that Rf < R; and RZG < R,, then
(R1, Ry) cannot be an achievable pair. Yet, we cannot always
find such matrices, By and B,. ~

In the scalar case, By + N is always proportional to N5 and,
therefore, by Bergmans’ proof we see that all points that lie out-
side the Gaussian rate region cannot be attained. Unfortunately,
in the vector case By + N and N5 are not necessarily propor-
tional and, therefore, we cannot directly apply Bergmans’ proof
in the ADBC case.

In order to circumvent this problem, we will introduce, later,
a new ADBC that we will refer to as the enhanced channel.
For every rate pair (R, R2) which lies outside the Gaussian
rate region of the original channel, we will define a different
enhanced channel. The enhanced channel will be defined such
that its capacity region will contain that of the original channel
(hence the name) and such that (R;, Ry) will also lie outside the
Gaussian region of the enhanced channel. Yet, we will show that
for the enhanced channel, we can find B; and B, = S— B such
that the proportionality condition will hold. Therefore, we will
be able to show that every rate pair (R;, R») that lies outside the
Gaussian rate region, is not achievable in its respective enhanced
channel, and therefore, neither in the original channel.
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B. ADBC—Dsefinitions and Intermediate Results

Before turning to prove the main result of this section, we will
first need to give some definitions and intermediate results. We
begin with the definition of an optimal Gaussian rate vector and
the realizing matrices of that vector.

Definition 3: We say that the rate vector R = (Ry,..., R,,)
is an optimal Gaussian rate vector under a covariance ma-
trix constraint 8, if B € RY(S,Ny, . m) and if there
is no other rate vector R* € R%(S,N;i._,,) such that
,...,m and such that at least one of the
inequalities is strict. We say that the set of positive semidef-
inite matrices By, B, ..., B,, such that ). B; < S, are
realizing matrices of an optimal Gaussian rate vector if
(RY(Bu,..,

Rg(Bl,...,mz Nl,...,m))

is an optimal Gaussian rate vector.

The following lemma allows us to associate points that do
not lie in the Gaussian rate region with optimal Gaussian rate
vectors.

Lemma 3: Let R = (Ry, Ra, ..., Ry,) be arate vector satis-
fying
R¢ RE(S,N1_ )
Ri>0, VYi=1,....m-1
R, > 0.
Then, there is a strictly positive scalar b > 0, and realizing
matrices of an optimal Gaussian rate vector By, ..., B}  such
that
R; > RE(B, . Ni..m) i=1,...,m—1
Ry > RS(BY. _,..N1..m)+0. (10)
Proof: see Appendix II. O

In general, there is no known closed form solution for the
realizing matrices of an optimal Gaussian rate vector. However,
we can state the following two simple lemmas:

Lemma 4: Let B7,..., B} be realizing matrices of an op-
timal Gaussian rate vector under a covariance matrix constraint
S > 0.Then, § = > 1", B].

Proof: We note that of all users, only the Gaussian achiev-

able rate of user m, RSL(Bl,___,m, N. . .m), is a function of B,,
such that
~ ‘Bm—i_z 1= 1
RSL(B m;Nl,....m>_
‘Z = 1

Therefore, as BT, ..., B, are realizing matrices of an optimal
Gaussian rate vector, given the set of m — 1 matrices, B; =
Bii=1,. ,m—1, B, is the choice of B,,, which maximizes
RG @ (By..m, N1 m)- However, as B,, < S — > ' B and
as |B| > |A| when B =) A >0 and B # A, RS is maximized
when B,, =S8 -Y"" B;. O

Asa result of the precedmg lemma, we can see that the rates of
any optimal Gaussian rate vector may be written as a function of
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only m — 1 matrices BY, ..., B, _;, and the covariance matrix
constraint S. For this reason, we modify our notation of the rate
functions, RS, and write RS (B1,...m-1,8, N 1,...,m) instead of
RZG(BL___, N 1..m)- The rates are calculated usmg (5) and
assigning B,,, = S' > B,L. Furthermore, given an optimal
Gaussian rate vector

(RG(B*m 1 Svivl,...,m)y
Rg(Bl,...,m—Lsa Nl,...,m))

the realizing matrices of an optimal Gaussian rate vector,
Bi,....B; |8 - Z;’;_llB* can be represented as the

m—1 i

solution of the following optimization problem:

maximize Rﬁ(B;[,.._,m—L,S,ﬁl,...,m)
By,...,B,, 1
such that R¥(B1, . m-1,8 N1, ) Ry 20,
i=1,...,m—1 (11
Bj = Opys, j:17...,m—1

m—1
Z B, <8S.
=1

The following lemma states necessary Karush—Kuhn—Tucker
(KKT) conditions on the realizing matrices of an optimal
Gaussian rate vector.

Lemma 5: Assume that S > 0,4 (strictly positive) and let
Bj,... B, _, solve the problem in (11). In addition, define

* =8 — 3" " B} and assume that BY, # 0,. Then, the
following necessary KKT conditions hold:

Oixe = Z (’Y’i : VBkR?(BI,...,m—17S7 fvl,---,”’b))

=1

+%0k—%om ..m—=1 (12)
wherey; > 0,i=1,...,m—1,and~,, = 1 and where Oy, > 0
(k =1,...,m) are positive semidefinite ¢ x ¢ matrices such that
tr{B}0}} = 0. Furthermore, the partial gradients are given by
(13) at the top of the following page.

Proof: For every [, the functions RIG are differentiable
w.r.t. B;(B; > 0). Thus, the gradients in (13) are the stan-
dard gradients of the log det functions. The KKT necessary con-
ditions that appear in (12) are the standard ones (see [2, Secs.
5.1-5.4, pp. 270-312] and [4, pp. 241-248]). However, as the
problem is not convex, we need to show that some set of con-
straint qualifications (CQs) hold in order to prove the existence
of Lagrange multipliers (see [2, Sec. 5.4, pp 302-312,]). Hence,
we demanded here that B, =8 — >/ ' BY + 044 in order
to satisfy the CQs. As the proof that these CQs are satisfied is
rather technical, we defer the rest of the proof to Appendix IV.[1

Next, we introduce a class of enhanced channels. This class of
channels has at least one element that has several surprising and
fundamental properties derived below. These properties form
the basis of our capacity results.
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_ 1
1 X .
HELB4 M) - (SB YL N) L 1<i<i<m
-1
~ 1 l N .
Vs RE(Br, n 8., =4 3 (SicaBit N)) Lsi=l<m g3
0, 1<l<j<m
-1
-1 I X .
—% (Zi:lBi—i—Zi:lN’i) , 1<j<m,l=m
Definition 4: (Enhanced Channel) We say that an ADIISC 3) Rate Preservation and Optimality Preservation
with noise increment covariance matrices (N 1,N 9, N )
is an enhanced version of another ADBC with noise increment
. . x X X . !/
covariance matrices (N1, No, ..., N,,) if R¢ ( Tm N, m) = RY{ ( Tm?Nlm) ,
' Vk=1,..., m  (16)
Vi=1,...,m.

22:5’; = iﬁfﬁ
j=1 j=1

Similarly, we say that an AMBC with noise covariance matrices

(N,N,,...,N! ) is an enhanced version of another AMBC
with noise covariance matrices (N1, No,...,N,) if
N. =< N;, Vi=1,...,m.

Clearly, the capacity region of the original channel is con-
tained within that of the enhanced channel. Furthermore, as

|[A+ B+ A| _|A+ B|
|[B+A| — |B]
when A = 0, A > 0,and B >~ 0,
RiG(Bl.,....m7fv1,...,m) < RiG(Bl,...,m7N/1,....m>7 Vi
and therefore
RE(S, N1 .m) CRE(S,NY__,.).

We can now state a crucial observation, connecting the def-
inition of the optimal Gaussian rate vector and the enhanced
channel.

Theorem 1: Consider an ADBC with positive semidefinite
noise increment covariance matrices (N1, ..., N,,) such that
N1 > 0. Let B] , B” be realizing matrices of an optimal
Gaussian rate vector under an average transmit covariance ma-
trix constraint § > 0. Then, there e)/usts an elnhanced ADBC
with noise increment covariances (N, ..., N, ) such that the
following properties hold.

1) Enhanced Channel:

0«3 ¥

k
Z Ve=1,....,m. (14

2) Proportionality: There exist a, > 0, k =1,...,m —1
such that
k L _,
Qg (ZBT—i_ZNt) =N;., Vek=1,....m—-1
=1 =1
(15)

B

o are realizing matrices of an optimal
Gaussian rate vector in the enhanced channel as well.
Proof: Assume that BY, ..., B, are realizing matrices of
an optimal Gaussian rate vector under a strictly positive-defi-
nite covariance matrix constraint S > 0. If B, ..., B} are all
strictly positive (B} = 0), by the KKT conditions in Lemma 5
we know that O; = 0, Vi (as tr{B;O;} = 0) and by manipu-
lating (11) itis possible to show that the proportionality property
already holds for our original channel and hence the proof of the
theorem is almost trivial for this case.

Loosely speaking, for the more general case where B} = 0,
we can create an enhanced channel by subtracting a matrix A; =
0 from the noise covariance matrix of user ¢ such that the new
noise covariance matrix is given by N, = (3% =1 N; i) — A
However, A; is chosen such that

-1

i—1 i
ZB;-FZN]' Brzotxr
7j=1 Jj=1

This choice of A; ensures that the noise covariance of user ¢ is
modified only in those directions where, effectively, no informa-
tion is being sent to that user and hence, using the same power
allocation matrices B’; , the rate of user ¢ remains the same in
the enhanced channel as in the original channel. This process
is repeated for all users. Using Lemma 5, it is possible to show
that there exists a choice of matrices A; such that the resultant
channel is a valid ADBC and such that the proportionality prop-
erty holds. In the following we give a rigorous proof of this ar-
gument.

We divide our proof into two. Initially, we will assume that
B! # 044 Vi = 1,...,m (note that the matrices B} can still
have null eigenvalues). In this case, we actually assume that
there is a strictly positive rate to each of the users (this is a
simple observation from the Gaussian rate functions, (5)). Later,
we give a simple argument that will allow us to expand the proof
to any possible optimal Gaussian rate vector.

B:k 7é0t><t7 Vi = 1,...,7’77,

As B +# 0;x+, Lemma 5 holds. Therefore, by plugging the
expression for the partial gradients (13) into the m — 1 equations
in (12) and subtracting equation k + 1 from the kth equation

Authorized licensed use limited to: Stanford University. Downloaded on January 4, 2010 at 00:26 from |IEEE Xplore. Restrictions apply.



WEINGARTEN et al.: THE CAPACITY REGION OF THE GAUSSIAN MULTIPLE-INPUT MULTIPLE-OUTPUT BROADCAST CHANNEL

(except for k = m — 1 where the expression is taken as is), we
obtain the following m — 1 equations:

i=1 i=1
k Eoo\T!
:W%ZE+ZM>+Q
=1 1=1
k=1, m—1 (17)
We now use the assumption that B} # 0,4 = 1,...,m to
show that -; are strictly positive and that 0 < % <1Vk=
1,...,m—1.Asy, =1 > 0, we can see that for k = m — 1,

the left hand side of (17) is strictly positive deﬁnlte (recall that
in the Introduction we assumed that N = 21 1 Ni = 0Vk
in order to limit ourselves to the case where all users have fi-
nite rates). Furthermore, as B}, ; # 0,rank(0,, 1) < t, as
otherwise, we would have had tr{B,,_,0,,_1} > 0 (in con-
tradiction to Lemma 5). Therefore, the matrix O,,,_; must have
a zero eigenvalue and hence, 7,,_1 must be strictly positive, as
otherwise the right-hand side and hence the left-hand side of
(17) would have had a zero eigenvalue (and the left-hand side
would not be strictly positive). We can repeat the above argu-
ments forall k = 1,...,m — 1 in expression (17) and conclude
thaty, > 0Ve =1,...,m — 1.

Next, let z be an eigenvector corresponding to a zero eigen-
value of Oy, (which has some zero eigenvalues because we
assume that B] # 0Vi = 1,...,m). We have

k+1

-1
ZT Vk+1 (ZB + ZN) +Ok+1 z

k1 !
-1

ZBZ‘+ZM> +0 |z (18)
1 i=1

Butas B A when B = A > 0, we know that

-1

) (5

i=1

A -1
B3N
This means that (18) can hold only if

Vi <1,

Vk4+1

0<

As both B} and O; are positive semidefinite and as
tr{B;0;} = 0 (Lemma 5), we must have B} - O; = 0;x;.
Taking into account the fact that «; in (17) are strictly pos-
itive such that 0 < "/Zil < 1Vk = 1,...,m — 1 and that
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B’ - O; = 0;x;, we can use Lemma 10 in Appendix V to show
that there exists an ~erllhanceq channel with noise increment
covariance matrices N, ..., N, such that

and such that

k
i=1

Do
’Ek lB

i=1

and where N, = Z 1 N. = ZL
By (19) we can write

and, therefore, the proportionality property holds for the en-
hanced channel. By (20), we may write

Y B+ YL N;
Y B+ YL N
S B+ Y,

2§E+zﬂﬁ
= R¢(B} Ny ), Vk=1

o

=
3
Il

1
5 IOg

1
= §log

and, therefore, the rate preservation property holds.

To complete the proof for the case where B # 0 Vi, we still
need to show that B, ..., B} are also realizing matrices of an
optimal Gaussian rate vector in the enhanced channel. For that
purpose, we observe that it is sufficient to show that

R*, —sup{R €R|(RY,... R, _ 1,Rm)eRG(S,Jir’l,___,m)}.

1)

To show that this is indeed a sufficient condition for
optimality, we note that if there were another vector
(Ry,...,Rm_1,Rn) € RY(S, N _____ m) such that R; >
R:Yi = 1,...,m where the mequahty/ was strict for at least
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one of the elements, then by Lemma 8 in Appendix II we would
be able to find a rate vector

for some € > 0, contradicting (21). We proceed to show that
indeed (21) holds. For any set of matrices By, .. ., B,, such that
>, B; < S we have

m m g/
. 1 ‘Zi:lBi+Zi:1 N;
R,Ci(Bl ..... mle,. m) = 510g me1 m !
i1 Bit+ X i_ N,
1 i
S _log 1 . ~ /
Yiei Bi+ XL Ni

Hence, as Y ;- B; =

1., 1%, 1, the set
minimizes | Y7 B; + Y7, N; I| over all sequences of
semidefinite matrices By, ..., B,, such that ;" 'B, < 8§
and such that Rg’(Bl,___,m,N'1 ) = RIVE=1,... m—1.
As |A + B|7 > |A|7 + |B|7 for positive semideﬁnite txt
matrices A and B (Minkowski’s inequality [10, p. 505]), we
may write

S, it is enough to show that given
of realizing matrices BJ,..., B

m—1 m t
~_/
> Bi+) N,
=1 i=1
1
m—1 m—1 , t , 1
~ ~ t
i=1 =1
1
m—2 m—1 , B , 1
2 pr N S|t
:etRm—l Bz+ E Nz +‘Nm
i=1 i=1
1
m—2 m—2 t 1 1
2 p* ~/ ~/ % ~/ |7
Zet m B’L+ § N1 +Nm,—1 +Nm
i=1 i=1
1
m—3 m—2 , t , 1
2 p* 2 px ~ ~ t
= etRm—l 6tR7n 2 E Bi + NL + ‘Nm—l
=1 1=1
1
+|N,,
1
m—3 m—3 t 1
2 = * ~/ T
Zethnf1 etR'n—Q E B1_|_ E N1 _|_‘Nm/_2
i1=1 i=1

i=1

where the inequalities hold with equality if and only if N ; 11
~77
is proportional to (Zle B; + Zle N, forallk = 1,...,
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m — 1. However, we have shown that this proportionality prop-
erty holds for B, ..., B} . Therefore, if we assign B] instead
of B;, we obtain the lower bound given by the last line in the pre-
ceding equation. Thus, we have shown that indeed B7, ..., B,
minimize | Y7 ' B, + Y7 N i/| and, therefore, are realizing
matrices of an optimal Gaussian rate vector in the enhanced
channel.

B »0,Yi=1,...,m

Finally, we expand the proof to all possible sets of realizing
matrices of an optimal Gaussian rate vector B7, ..., B, . Note
that some of the matrices B} may be zero. Letn < m denote the
number of nonzero matrices B}, and let k(i) fori = 1,...,n
be the index function of the nonzero matrices such that B, k(i) 7
O4x¢ Vi = 1,...,n and such that k(i + 1) > k(z),Vi=1...
n—1. We can define a compact channel which is also an ADBC
with the same covariance matrix constraint S and with noise
increment covariance matrices N 1y N such that

J=k(i—1)+1

where we define £(0) = 0. Similarly, we define B:,....B,

such that

Note that ﬁl, . ,ﬁn are realizing matrices of an optimal
Gaussian rate vector in the compact channel and achieve the
same rates (nonzero rates) as in the original channel. Since B; #
0,2=1,...,n,and S = 0, we can use the above proof to show
that Theorem 1 holds for the compact channel.

We can now define an enhanced version of the original
channel using the construction implied by Theorem 1 for the
case of nonzero B;. Since Theorem 1 holds for the compact
channel, we know that there exists an enhanced compact
channel N
hold. We now deﬁne an enhanced version N 1re-- ,N of the
original channel as follows:

..... N for which the results of the theorem

_, /Bz i < k(1)
N; = Nk oy Vie k(). k) 2D
0, otherwise
where k(k=1(i)) = i (ifi € {k(j),j = 1,...,n}) and where

Bi > 0Vi=1,...,k(1) are chosen such that Zk(l Gi=1

and such that

0<(Zﬂl> sz:N Vi=1,...,k(1) - 1.

AsYY_ N;»0Vj=1,...,m,itis possible to find such f3;.
To verify that this is an enhanced versron of the orig-
inal channel we need to show that 3" j=1 N < i1 N;,
Vi =1,..., m. For the case of 1 < ¢ < k( ) we observe
that by the deﬁnltlon of (3; this equality holds. For the case of
k(1) < i < m, we define d = max{l = 1,...,nlk(l) < i}.
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Due to (22) and the definitions of the compact and the enhanced
compact channels we can now write

i d d
YN =Y N <Y,
j=1 i=1

||
||M:;

) —{k( )yeeoymb.

To verify that proportionality property holds for the channel
defined in (22), we need to show that

for some nonnegative «;’s. We consider three cases.
1) If i < k(1) then, as B} = 0Vi < k(1) and by (22) we can

write
i i, i,
> Bj+) N, DN,
j=1 j=1 j=1
i ~_/
> B | Ny
j=1
~/ ~/
=fitaNy =N,
where «; = Bitr

DB
2) Ifi > k(1 )and(z—i—l)gé{k() .....

3)Ifi2k()andz+1€{k() ..... k(n)} then, as B}
0Vi ¢ {k(1),...,k(n)} and by (22) we can write

i i , k(d) k(d) ,
o (> B+ N;j|=a;|> Bj+> N,

j=1 j=1 j=1 j=1
d ) d »
=ai| D Bi+) N,

7j=1 7j=1

~/ ~_/
= Nd+1 = NL+1

for some «; > 0.

Finally, we note that the optimality of the rates in the en-
hanced channel is a result of the proportionality property (as was
shown for the case of B} # 0 using the Minkowski inequality)
and the rate preservation property holds for this version since
it holds for the enhanced compact channel and since for user
with B} = 0 the Gaussian rate is always zero (regardless of the
user’s noise matrix). O

C. ADBC—Main Result

We can now use Lemma 3 and Theorem 1 that were presented
in the previous subsection to prove that R% (S, N 1,...,m) is the
capacity region. Our approach will be similar to Bergmans’ but
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this time we will be able to circumvent the pitfalls that we en-
countered in the direct application of Bergmans’ proof (Subsec-
tion I1I-A) by applying his proof to the enhanced channel instead
of the original channel, and utilizing the proportionality prop-
erty which holds for that channel. Before we turn to the proof,
we formally state the main result.

Theorem 2: Let C(S, N 1,...,m) denote the capacity region of

the ADBC under a covariance matrix constraint S > 0. Then

C(S,Ny. .m)= RG(S Ni . )

have RG(S,IVL_,@ C m)
to show that C(S, N1, .,) C RE(S, N1, .m)- We will treat
separately the cases where the covariance matrix constraint S is
strictly positive definite (i.e., S > 0) and the case where S is
positive semidefinite (i.e., S > 0) such that |S| = 0. We will
first consider the case S > 0.

S>>0

We shall use a contradiction argument and assume that
there exists an achievable rate vector R = (Ry,...,R,,) ¢
RY(S, N1, _.m). We will initially assume that R; > 0Vi =
1,...,m and later, we will use a simple argument to extend the
proof to all nonnegative rates R; > 0V: =1,...,m.

S>0,R; >0, Vi:

Since R ¢ RY(S, Ni . m) and R, > 0 (by our assumption
R; > 0. The case of R,, > 0 may include the case of R,,, =0
and therefore it is treated separately), we know by Lemma 3 that
there exist realizing matrices of an optimal Gaussian rate vector

Bi,...,B;, such that
Ry ZR?(‘B* m7N1....7m)7 z:l,, ,m—l
Rm Z R’r(r;t(Bl,...,m Nlm) + b

for some b > 0. Since we assume that S > 0, we know
by Theorem 1 that for every set of realizing matrices of an
optimal Gaussian rate Vector B,,...,B,,, there exists an en-
hanced ADBC, N, Lye-- N , such that the proportionality and
rate preservation properties hold By the rate preservation prop-
erty, we have Rf(Bl,___,mJVl,__,m) = RiG(Bl,___,mJV/l _____ m)-
Therefore, we can rewrite the precediing expression as follows:

Rl Z RIG(B;,...,m7N1, -m ) RG(B yeeey? 1,...,m)
Rm 1 > Rm I(BT,...,m7J~V1,---,m) = RTCr;z—l(BT, .,m N .,m)
oy 2 RG(BY i Nim) +b= RE(B] . Ny )+D.
(23)

Let W;(i = 1,...,m) denote the index of the message sent
to user 4 and let Y; be a matrix of size ¢ X n denoting the signal
received by user ¢ (in n time samples). By Fano’s inequality and
the fact that the W;’s are independent, we know that there is a
sufficiently large n such that we can find a codebook of length-n
codewords and for which

Ry < —I(WiY;) + =—b

2-m

S|
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1 =
< —I(WiYilWigq, ..., W)
n
1
4+ —>b,i=1,....m—1
2-m
1 = 1
n 2-m

LetY’;, i = 1,...m denote the enhanced channel | outputs of
each of the receiving users. As (W;, ..., W,,) — Y/, — Y,
form a Markov chain, we can use the data processing theorem
to rewrite (24) as follows:

— 1
Ry < —I(Wi;Y'i\Wigq,..., W) + —b,
1=1,....m—1
1 = 1
Ry € ~I(Wy; Yn) + 5—b. (25)
n 2-m

Thus, in (23) and (25), we have shifted the problem from the
original channel to the enhanced channel. However, as the pro-
portionality property holds for the enhanced channel, we can
use Bergmans’ approach to prove a contradiction. Next, we ba-
sically repeat Bergmans’ steps, as they were presented in [1] and
Subsection III-A.

By (25) and (23) we can write

1 = 1
—I(Wy; Y"1 [Wa, oo, Wi )+ o——b
n 2-m

:_H(Y/1|W27 -~7Wm)__H(Y,1|W17'">Wm)+—b
n n 2-m
1 = =/ 1
_ = 7 _ - _
=~ H(Y|Wa, ... Wy) - log (‘2mN1D+2_mb
>RE(B] Ny )
1 " </ 1 </
—ilog (‘27‘(’6 (B1 +N1)D - ilog (‘271'€N1 )
Thus,
—HY "\ |Wa, ..., W)
1 =t 1
> ~log (’27re (.B1 +N1>D -~ 5b. (6)

We may write Y’s = Y’y + Z'5 where Z/5 is a random
Gaussian matrix with independent columns and independent
of both Y’; and the messages (W71, ..., W,,). Each column in
7y has~1\lformal distribution with zero mean and a covariance
matrix N,. Next, we use the EPI to lower-bound the entropy
of the sum of two independent vectors with a function of the
entropies of each of the vectors as follows:

1 o
—H((Y/ 3 |Wa, ..., Wy,
—H (| Wa, . W)

Y
| =
—

@]

0F]
S

o
:l\)
=

=

=

w

=

3

+

o
=

N

(&)
'

\Y
|
—
@]
0F]
~_
S
3
&)
—
o]
—%
+
2
o
~—
)
)
3
F‘C‘
+
o
3
2
v
~
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1 N -
> Elog <‘27re (B’lk +Nll)’ + |27reN12|%)
1
— b.
2-m-t

27

Bl}t by the proportionality property in Theorem 1, we know that
N, is proportional to (B} + N;) and therefore,

o NN
2re (Bi+N,) | +2meNy |t =2 (Bi+ N, +N,)|

Thus, we may write

> %log (‘%e (B’{ + N, +N’2)D - ﬁb. (28)

Again, we can use (25) and (23) and write

1 = 1
_I(WQ;Y/2|W37 R Wm) +5—0b

n 2-m

> R5(B],.
1 N -
= §log (‘2’”6 (B’{ + B + Nll +N12) D
1 - -
~3 log (‘271’6 (B}k —I—N/l + N;) ‘) .
Combining the expression above and (28) we get
1 et
_H(Y12|W37 sy Wm)
n
1 " . - 2
> ~log (‘27re (B1 +B,+ N, +N2) D 2
2 2-m
We continue to calculate 2 H (ﬁﬁWiH? .oy Wy, fori > 2 by

using the above argumentation and by alternating between the
EPI and Fano’s inequality. Thus, for the rmnth iteration we get

where the equality follows from the fact that > ., B; = S
(Lemma 4). However, the above expression cannot hold due to
the upper bound on the entropy of a covariance limited random
vector, as follows:

IN

1 1 — =
~HY',)<=SN H{,,,;
D HOT) €03 H (V)

11
Egglog<

IN

pr— pr— T
2me - E [Y’m_,iY’m_,i }

)
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IN

1 1 — —= T
—log ( 2we - — F {Y’m [ }
2 n

1 ULy
510g(27re- (S—I—;Nz)‘)

where Wm#- is the ith column of the random matrix Y7,,,. The
second inequality is due to the optimality of the entropy of the
Gaussian distribution. The third inequality is due to the con-
cavity (N) of the log det function, and the last inequality is due

to the fact that = E [Wm?i] <8+ N  and the fact that
|B| > |A|if B> A > 0.

Thus, we have contradicted our initial assumption and proved
that all rate vectors R = (Ry,...,R,) ¢ RY(S, N, )
such that R; > 0, Vi = 1,...,m, are not achievable. To com-
plete the proof for § > 0, we now treat the case where the re-
quirements on the rates are R; > 0,7 = 1,...,m instead of
strict inequalities.

S+~0, R, >0Vi:

Assume that R ¢ RY(S,N__,,) such that R; > 0
Vi = 1,...,m is an achievable rate. Let n < m denote
the number of strictly positive elements in R and let k(),
1 =1,...,n be the index function of those elements such that
k(i +1)> k(i),i=1,...,n—1. We define the compact rate
vector R = (Ri(1),- -+ Rin)). Similarly, we define a com-
pact n-user ADBC, with noise increment covariance matrices

IN

~

k(3)
Ni: Z Nj, VL:L,’I?,
J=k(i—1)+1

(where we assign k(0) = 0) and the same covariance matrix
constraint. Clearly, as R was achievable in the original ADBC,
so is the compact rate vector R® achievable in the compact
ADBC. Furthermore, since R ¢ RY(S,N1,_._ ), then also

RC ¢ RG(S,N 1....n)- Therefore, in the compact channel we
have an “alleged” achievable rate vector which lies outside the
Gaussian rate region. However, in the compact channel, this
vector is element-wise strictly positive and we can apply the
above proof to contradict our initial argument.

To complete the proof, we proceed and consider the case
where the covariance matrix constraint S is such that § > 0
and |S| = 0.

§>0,|8 =0:

If S is not (strictly) positive definite, by Lemma 2 we know
that there exists an equivalent ADBC with less transmit an-

tennas, noise increment covariance matrjces N,,...,N,,, and
an input covariance matrix coqstraint, S > 0, with the exact
same capacity region. Because S is strictly positive definite, the
above proof could be applied to the equivalent channel to show
that its capacity region coincides with its Gaussian rate region,
ie.,

Moreover, it is possible to show that when S is not strictly pos-
itive definite
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Therefore, we have shown that the functional rate region
RY(S,N;..,.) coincides with the operational rate region

C(S,N1, ) forall § > 0. O

Next, in the following corollary we extend the result of The-
orem 2 to the case of the total power constraint.

S»0
s.t.
tr{S}<P

Proof: As RG(S’,NL m) is contiguous w.r.t. S, the
corollary follows immediately by Lemma 1. O
D. An ADBC Example

The following example illustrates the result stated in The-
orem 1. In this example, we consider a two-user ADBC under
a covariance matrix input constraint, where the transmitter and
each of the receivers have two antennas such that

(05 0.18
7 o018 07

: 02 —0.1
N2 = (—0.1 10 )

106
S_<0.6 2)'

The boundary of the Gaussian region R¢ (S, N 1,2) is plotted
~/
using a solid line in Fig. 1. Two additional curves (R% (8, N ,)

3

and

and RE(S,N 11/_2)) are plotted. These curves are boundaries of
Gaussian regioﬁs of enhanced channels which were obtained for
two different points on the solid curve.

The boundary of RY(S, N 11’2), illustrated by the dashed
curve, was calculated with respect to point (R}, Rj) =
(0.08992,0.51314) on the solid curve. The power allocation
that achieves this point is given by

0.00004

/ —0.00217
B ~ (—0.00217 )

0.12353
and

B,—S-B,

The dashed line corresponds to the boundary of a Gaussian
region of an enhanced version of the original channel
RG(S,NIM), the noise increment covariances of which
are given By

N~ 0.04896  0.00762
1™ 1 0.00762  0.63412

and
~/ ~ ~ ~ /
N,=N;+N,—N,.
As predicted by Theorem 1, we can see that for the
point (R}, R) ~ (0.08992,0.51314) on the boundary of
RE(S,N 1,2), there exists an enhanced version of the original
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Gaussian rate region, R (S, Nlﬂz), (= capacity region) of a two user 2 x 2 ADBC

0.7 T T

0.6

ki
‘Y,
‘

R (nats/symbol)

RE(S,NY,)

T T

1.5 2 25

Ry (nats/symbol)

Fig. 1. Tllustration of the results of Theorem 1.

channel which is also an ADBC and such that the boundary of
its Gaussian region is tangential to that of the original channel
at (R}, R}). In fact, in this case, the dashed line intersects with
the solid line for all rates R; < R/ and upper bounds the solid
line for all Ry > R]. Furthermore, one can easily check that
the proportionality property holds such that (B}, + N /1) x N /2

The second curve, the boundary of R% (S, N 1,2) given by the
dotted line, was computed with respect to point (R}, Ry) =
(0.63773,0.44765) on the solid curve. The power allocation
that achieves this point is given by

0.0000024
B'll ~ (

—0.00196
—0.00196

1.63764
and

B, =S - Bj.
The dotted line corresponds to the boundary of a Gaussian

region of an enhanced version of the original channel

~ I . . . .
R%(S,N;,), the noise increment covariances of which
are given by

N//N 0.25033 0.08974
1™ 10.08974 0.66737

and

N;’ ~ <0.44504 0.15605) _

~10.15605 4.09780

Again, we see that the prediction of Theorem 1 holds.
The solid and the dotted curves are tangential at (R, R}) =

(0.63773,0.44765) and one can easily check that (B +IV/1,) x

~_/1
2-

IV. THE CAPACITY REGION OF THE AMBC

In this section, we build on Theorem 2 in order to charac-
terize the capacity region of the aligned (not necessarily de-
graded) MIMO BC. This result is particularly interesting in light
of the fact that there is no single-letter formula for the capacity
region, as the AMBC is not necessarily degraded. In addition, a
coding scheme consisting of a superposition of Gaussian codes
along with successive decoding cannot work when the channel
is not degraded. Therefore, following the work of Caire and
Shamai [7], we suggest an achievable rate region based on DPC.
In [7], [20], [27], [22], it was shown that DPC achieves the
sum capacity of the channel. In this section, we show that DPC
along with time sharing covers the entire capacity region of the
AMBC.

In [19], [21], the authors used the DSM bound to show that if
Gaussian coding is optimal for the vector degraded BC (where
we do not necessarily have r; = ¢t and H; = I), then the DPC
rate region is also the capacity region of the GMBC. In the pre-
vious section, we have shown that Gaussian coding is optimal
for the ADBC. This result can be extended to the general vector
degraded BC using a limit process on the noise variances of
some of the receive antennas of some of the users, in a similar
manner to what is done in the next section. In [24], we used the
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results of [19], [21], and the result presented in the previous sec-
tion to prove the converse of the GMBC. However, as the tight-
ness of the DSM bound was established only under a total power
constraint E[zTz] < P, the capacity result for the GMBC in
[24] only holds under these input constraints. In this paper, we
take a different approach which is a natural and simple exten-
sion of Theorem 2, and which does not rely on the DSM bound
presented in [19], [21]. In the following, we are able to give a
general result which is true under any compact covariance set
constraint on the input E[zzT] € S.

In the following subsections, we present the DPC region, give
intermediate results, and provide a full characterization of the
capacity region of the AMBC.

A. AMBC—DPC Rate Region

The dirty-paper encoder performs successive precoding of the
users’ information in a predetermined order. In order to define
this order, we use 7 as a permutation function which permutes
the set {1,...,m} suchthatw (i) € {1,...,m}Vi=1,...,m
and 7 (i) # 7(j) Vi # j. Note that this ensures that 7! exists.

Given an average transmit covariance matrix limitation
E[zz™] < S, a permutation function 7 and a set of posi-
tive semidefinite matrices B1,Bs,...,B,, (B, = 0Vk €
1,...,m), such that 3" | B; < S, the following rates are
achievable in the AMBC using a DPC scheme [7], [20], [22],

[27]

Rk<R ,1(k)(7T,B17 ,m7N1 _____ m) VkEl,...,m
where
RPPC(’” Bl,....mle,...,m)
Zi‘: B.y)+ N,
i=1m(i) (1)
(29)

and where 7! is the inverse permutation such that

7~ Yw(i)) = 4. Note that RPPC(W, By _.,Ni __m) is
not the rate of the (physical) /th user but rather the rate of the
m — [ + 1th user in line to be encoded. We can now define the
DPC achievable rate region of an AMBC.

Definition 5 (DPC Rate Region of an AMBC): Let S
be a positive semidefinite matrix. The DPC rate region,
RPPC(S, N, ..), of an AMBC with a covariance matrix
constraint S is defined by the convex closure:

RPPC(S, N, ) = conv { J R""C(r, 8, Nl,___,m)} (30)
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where RPPC (7, 8, N1 ,,)is givenin (31) at the bottom of the
page.
Note that for an ADBC

where 77 is the identity permutation such that 7;(i) = i and
where N; = N; — N, {,i=1,...,m (and where Ny = 0).

In Section IV-C, we prove that RPPC(S, N _,,) is indeed the
capacity region.

B. AMBC—Intermediate Results

We first note that not all points on the boundary of
RPPC(S, N, _,,) can be directly obtained using a DPC
scheme, but rather, only through time-sharing between rate
points that can be obtained using DPC. Therefore, unlike the
ADBC case, we do not use a similar notion to the optimal
Gaussian rate vector, as not all boundary points can be imme-
diately characterized as a solution of an optimization problem
(such as in the ADBC case). Instead, as the DPC region
RPPC(S, N1 ..m), is convex by definition, we use supporting
hyperplanes (see [4, pp. 46-50]) in order to define this region.
In this subsection, we present supporting lemmas and a crucial
observation that is made in Theorem 3 that will help us in the
next subsection to prove that RPPC(S, Ny ) is indeed the
capacity region of the AMBC.

Given a sequence of scalars ¥ = (71, ...,7m) and a scalar b,
we say that the set {R = (R1,...,Ry) | > i, viR; = b} isa
supporting hyperplane of a closed and bounded set X C R™, if
Yo iR <bV(Ry,...,Ry) € X, with equality for at least
one rate vector (R1,...,R,,) € X. Note that as X is closed
and bounded, maxpc y Z’f:l v;R; exists for any vector ¥ =
(Y1, --,7vm). Hence, for any vector 7, we can find a supporting
hyperplane for the set X

Before stating the main result of this subsection, we present
and prove two auxiliary lemmas.

Lemma 6: Let R* = (R¢,...,R%) ¢ RPFC(S, Ny )
be a rate vector such that R > 0V: = 1,...,m. Then, there
exists a constant b > 0 and a vector 7 = (71, . . ., ¥m) such that
v; > 0Ve = 1,...,m and where not all y; are zero, such that the
hyperplane {(Ry,...,Ry)| Y i, v:Ri = b} is a supporting

and separating hyperplane for which

> YiRi <bV(Ry,...,Rm) € RPTO(S, Ny )  (32)

and for which

w€ell
where II is the collection of all possible permutations of the Z viRY > b (33)
ordered set {1, ..., m},conv is the convex closure operator and P '
Ri = REFS,L) (7[--,B1,...,m,-, Nl,...,m) Vi = 17 -, M
RPPC(7,8,N1 ) =14 (Ri1,...,R,) for some B, ..., B,, such that 3D

S —

Zr:llBiioandBiiOViZL...,m
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where (32) holds with equality for at least one point in
RPPC(S Ny ).

Proof: As ’RDPC(S' N, ) is aclosed and convex set
and (R§,...,R%) is a point which lies outside that set, we
can use the separating hyperplane theorem (see [4, Pt. I, Ch. 2,
pp. 46-50]) to show that there exists a supporting hyperplane
which strictly separates RPT€(S, N, _.)and (RS,...,R}).
In other words, there is a vector ¥ = (71. ...,7¥m)T, and a con-
stant b such that (32) and (33) hold. We need to show that we
can find a vector 4 with nonnegative elements and a nonnega-
tive scalar b.

Assume, in contrast, that v, < 0 for some k € {1,...,m}
and that R* = (Rj,..., R},) maximizes ). v;R; overall

R=(Ry,...,Rp) € RPPC(S,N1 ).

We note that for all vectors R € RPYC(S, N, ) also

(Rh"'7Rk71707Rk+17"'7R ) RDPC(S’ Nl ..... )

(see Corollary 5 in Appendix III). Therefore, as v, < 0, the
vector which optimizes Z;’;l ~; R; must be such that R;, = 0.
Thus, we conclude that R} = 0. Consequently, choosing i, =
0, will also lead to a supporting and separating hyperplane since
it can only increase > ., v; R¢ (as R¢ are all nonnegative), and

does not affect the optimization of Y., v; R; over all

as otherwise, 2* would not have been optimal for the original
choice of 7. Moreover, we know that at least one of the ele-
ments of 7 is strictly positive due to the strict separation im-
plied by the separating hyperplane theorem. Finally, as we have
shown that we can find a supporting and separating hyperplane
with a vector 7 that contains only nonnegative elements, and as
RPPC(S,N1,._.m) contains only nonnegative vectors,

= _maXx

max Z%R > 0. O

Lemma 7: Lety = (y1,.-.,%vm) be a vector with nonnega-
tive entries and let n, 1 < n < m be the number of strictly pos-
itive elements in the vector. Furthermore, let k(¢),i = 1,...,n
denote the index function of those elements such that k(7),i =
1,...,n, points to strictly positive entries of the vector 4 and
such that k(i4+1) > k(i)Vi =1,...,n—1. Consider an AMBC
with m users and noise covariance matrices N1, ..., ,N,, and
define a compact AMBC with n users and noise covariance ma-

trices given by N; = Ny(;y, @ = 1,...,n. Then
RPPC(rr, By N1 m

BlTif(eDZ:’y i (7TI 1,..., AV, )

= max Y @ RPTGEL B, Ny n) GH)

B, .~€D ;]
where
D:{(B17...7 m)|Bi>0, Vi=1,...,m and ZB <S}
=1
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@:{(Bl,...,BnNBiio, Vi=1,...,n and ZBijS}
1=1

and where 77 is an identity permutation function over the set
{1,...,n}.

Proof: Let B;,i = 1,...,m, be the optimizing ma-
trices of the optimization problem on the left-hand side of
(34). Furthermore, let R} = RDPFC (7rI,B* o N1 m)
Vi = 1,...,m. We claim that if v = 0(i € {1 .,m})
then R} = 0 and BZ = 0¢x¢. To show this, we observe that
we can always modify the choice of B;’s to increase the DPC
rates RPY(nr, By, N1, .m) for i’s which correspond
to 7; > 0 at the expense of DPC rates for users which cor-
respond to v; = 0, without violating the matrix constraint S
(see Lemma 9 in Appendix III). This will only increase the
target function Y"1~ v RPYC(7r, By, N1,__m), since the
rates we reduce are multiplied by 7; = 0 and the rates we
increase are multiplied by +; > 0. Thus, we have shown that
if v, = 0, then R} = 0. Furthermore, by the definition of the
rates RDPC(m,BL m: N1 __m) it is easy to show that as
B; - 0Vj

if and only if B; = 0. Therefore if 7; = 0, then B = O¢xt-
We can now define B =B, i=1,...,n. Itiseasy to

see that
* A
RPPC(m,B* m,Nl _____ m) RDPC(W Bly___J”Nl,....n)
and therefore,
LRDPC B, N1 .
B P, S BN
_AmaX ka 7rI>BI,...,n7jv1,..-,n)

On the other hand, we can show that thergkposite inequality
also holds for the above expression. Let B, ,i = 1,...,n,
be the optimizing solution of the optimization problem on the
right-hand side of (34). Define

i€ {k(1),...,

otherwise

B = {f() k(n)}

where k~! is the inverse of the index function such that
k(k=Y(i)) = 4. It is easy to see that

A Kk ~

RPPC(WI-,BX{,*_ Ni..m)= RDPC(WI7B1 Ni..»)

Lm? L,no

and, therefore,
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= max Z’yk(z 7T1 B1 Nln) U
.m€D

The following theorem brings to bare a relation between the
ideas of a supporting hyperplane and the enhanced channel. This
theorem is a natural extension of Theorem 1 to the AMBC case
and plays a similar role in the proof of the capacity region of the
AMBC to the role played by Theorem 1 in the ADBC case.

Theorem 3: Consider an AMBC with noise covari-
ance matrices (Ni,...,N,,) and an average transmit
covariance matrix constraint § = 0. Define 7; to be

the identity permutation, 7r(i) = ¢ Vi = 1,...,m. If
{(Ry,...,Rp) | i~ viR; = b} is a supporting hyper-
plane of the rate region RDPC(WI,&NL__M) such that

0<vm < < YmyYm > 0and b > 0, then there ex-

isgs/ an enhzllnced ADBC with noise increment covariances

(Ny,...,N,,) such that the following properties hold.
Enhanced Channel:

k
0<Y N, <N, Vk=1,....m.
=1

Supporting Hyperplane Preservation:

fi | S =)

is also a supporting hyperplane of the rate region
~/
RG(Sle,...,m)'
Proof: To prove the lemma, we will investi-

gate the properties of the gradients of the DPC rates,
RPPC(nr,B1. m, N1, .m),at the point where the rate region
RPPC(nr, 8, N, ) and the hyperplane

{R1 ‘ny 7_b}

touch (as {(Ry, ..., Ry) | Yoie, viR; = b} is a supporting hy-
perplane, there must be such a common rate vector). Let R* =

(R%,..., R, be that rate vector and let BY, ..., B}, be a se-
quence of positive semidefinite matrices such that ;" | B} <
S and such that

DPC *
R; (WL Bl

By the definition of the supporting hyperplane, we know that
the scalar b and the sequence of matrices B7, ..., B’ are the
solution of the following optimization problem:

=1

B.,....B,

such that B; > 0,

=1

Vi=1,...
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We now note that of all
RBLPC(TI7Bl,...,mle,...,m) is
is given by

1 = 1,...,m, only
a function of B,, and

RPYC(r1, By, s N1,..m)

‘Bm—i— (Zm !B, ) —I—Nm‘
(St B)+Na|

Therefore, we can use the fact that |[B|] > |A| for
any positive semidefinite matrices A and B such that
B > A > 0and B # A to show that for a given se-
quence of m — 1 matrices, Bi,...,B,_1, the weighted
sum Yy RPPC(n, By m7N1 _____ m) is maximized
by setting B,, = S — Y.I* B (due to the constraint
>, B; < 8). Therefore, B = 8 — Y7, " B and the
matrices Bj,...,B,, | are the solutlon of the following
optimization problem.

4
9 %8

m
maximize E 'yiR?PC(m, By .-1,8 Ni__m)

i=1
B, ....B,,_
such that B; > 0, Vi=1,....m—1

m—1
> Bi=S§ (35)
i=1

where

R?PC( Bl ..... m— 17S Nl ..... m)

and where B,,, = 8-> B Note that the above optimiza-
tion problem differs from the previous one in that the optimiza-
tion is done over m — 1 matrices instead of m matrices.

The objective function in (35) is differentiable over B; > 0V
and its partial gradients are given by

<Z%RDPC(7TI B . m-1,8 Ny, ))

Let

= {(B17'~-7Bm,—1)|Bi >0 Viand ZB7 < S}

denote the optimization region of the problem in (35). As the
objective function in (35) is continuously differentiable over an
open set that contains X and as X’ is nonempty and convex, the
optimal solution of (35), B}, ..., B _;, must observe the fol-
lowing necessary KKT conditions (note that as the optimization
problem in (35) does not contain any inequality constraints,

there is no need to examine any constraint qualifications, as
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in Theorem 1. See also Appendix IV and [2, Sec. 5.4, pp.
302-312])

m— J
Oyxt = %Z (ZB;*-i-Nj)
1=k

=1

7—1
Vit (Z B} +
=1

-1

-1

1 1

VE=1,...,m—1
where Oy, = 0 is a positive semidefinte ¢ X ¢ matrix are such
that tr{B O} = 0VEk. Note that as Oy, > 0 and By, > 0,
the fact that tr{B;O} = 0 implies that By, - Oy, = 0;x;. By
subtracting equation k + 1 from the kth equation (except for

k = m — 1, where the expression is taken as is), we obtain the
following m — 1

. -1
Vr+1 (ZBT +Nk+1> + O 41

L\3|>i

J+1

i=1
k -1
= 7 (ZB:+Nk> +0,, k=1,...,m—1.
i=1

(37
We now treat separately the case where v; > 0 for all © =
1,...,m and the case where for some ¢ = 1,...,m,vy; = 0.
We start with the case of v; > 0Vi. Once we have proved the
lemma under the assumption that y; > O forallz = 1,...,m,

we will be able to use a simple argument to extend this result to
the more general case.

v >0,Vi=1,...,m

As we assume thaty; < --- < 7, (this assumption was made
in Theorem 3) and as B; - O; = 0Vi, we can use Lemma 10 in
Appendix V to show that there exists an enhanf:el:d ADBC with
noise increment covariance matrices Ny, ..., N, , such that

. —1
Vi+1 <Z B, + Nk+1> +Op11

=1
k+1
= Vh41 (ZB +ZN>
. k _1
= Vk (ZBZ + ZNZ)
=1 =1

-1

k
k (ZBi+Nk> + Oy
=1

-1

(38)

and such that
|0, Bi+ Ny
IS5 B+ Nyl

. . ~_/
|zle +21‘1N|

IS B+ Y Ny
Vek=1,...,m. (39)

By the expressions of REPC 29), RkG (5), and (39), we can
see that

% _ pDPC *
Ry, = Ry (leBl,...,

« ~_/
= RE(B1 N1

e N1 ), VE=1,...,m. (40)
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We now complete the proof for the case where v; > 0 Vi =
1,...,m by showing that {(R1,...,Ry) | Yoiei v 1—b}1S
also a supporting hyperplane of the rate region R (S, N .,m)
and intersects with it at R*. For that purpose, it is sufﬁ01ent to
show that

m ~ /
Z’W . R?(Bl,...,m:Nl,...,m)

is maximized when B; = B}, i = 1,...,m. For that reason,
we define
k
Ap =) (B - B))
i=1
k ko
K, = Z B; + ZNi
k+1

T, _ZB*+ZN

and rewrite the difference between the weighted sums as fol-
lows:

s -/ ks " ~/
Z’%R?(‘BI,,WLN - ZfY’iR?(Bl,...,m7N1,...,m)
i=1

11 11

]zk 1B + 5N

=> - —1 og
k=1

IN
=2
=

|
:

— Yet1 - 5 log
R S S
:mil <7k'110g7|Ak+Kk|—7k 1 “lo |Ak+Tk|>
= 2 K| 2 T ]
m—1

1

where the inequality results from the fact that

m ., m m .,
NS Sw
=1 =1 =1

?,.
Il
—

1 _1 ,i
— V41 - ilog TkQAka 241

) (41)

because

i=1 i=1
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By (38), we know that T,:l = VZLK k_,l. Therefore, we may
write (42) at the bottom of the page. As 0 < ’Y::l < 1, by the
concavity ([)) of the log det function and Jensen’s inequality,
each of the summands in the last equality are negative and there-
fore, we may write

for all positive semidefinite matrices B; with power covariance
constraint S. This completes the proof of the lemma for the case
v; > 0Vi.

v >0Vi=1,...,m

Finally, we expand the proof to the case of any set of nonneg-
ative scalars 1, ..., vm, where at least one of them is strictly
positive. The method we will apply here is very similar to the
one used in the proof of Theorem 1. Let n, 1 < n < m denote
the number of strictly positive scalars 7;, ¢ = 1,...,m. Since
we assume that y; < --- < 7,,, it is clear that v; = 0Vi =
1,....m—mnandy > 0Vi = m—n+1,...,m We can
now define a compact channel which is also an AMBC with the
same covarlance matrlx constraint S and with noise covariance
matrices N Toeons N such that

N;=Nitm_n, 1=1,...,n.

Similarly, we define a compact hyperplane

{(ﬁlv"an Z'—Yl-l-m—nﬁz:b}
=1

By Lemma 7, we conclude that

) eR"

{(Rl, R ) eR” Z'Yi+m—nfz1‘,:b}

i=1
is a supporting hyperplane of RPTC (7, S, N 1,..n), Where @
is now the identity permutation over the set {1/ ,n}. There-

fore, we can use the preceding proof for the case where v; are
strictly positive to show that the theorem holds for the compact
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channel. That is, we can find an /enhancg(; ADBC, with noise

increment covariance matrices N, ..., N, such that

{(R Z%-{—m n z—b}

2~ !
is a supporting hyperplane of R%(S,N, ).
We now define an enhanced ADBC for the original channel
using the enhanced ADBC of the compact channel. The noise
increment covariance matrices N, 1r-- N are defined as fol-

) € R

lows:
sl
N;: éifv17 i<m-—n
Ni—(m—n)? V'L >m—n
where 5; > 0,7 = 1,...,k(1), are chosen such that

Zk(l B; = 1 and such that
0< (Z ﬁb> ]V

AsN; >~ 0Vj =1,...,m,itispossible to find such ;. Clearly,
we have defined an enhanced ADBC for the original channel.
Furthermore, as {(R1,...,R,) € R"|Z? 1 Yitm—nRi = b}

is a supporting hyperplane of R (S, N _n)> We can use
Lemma 7 to show that {(R1, ..., Ry) € Rm| ZL 1 ViR = b}

is a supporting hyperplane of R (S, N1,...,m)- O

C. AMBC—Main Result

We can now use Theorem 3 and the capacity region result of
the ADBC (Theorem 2) to prove that RPPC(S, Ny ) is the
capacity region of the AMBC. Before we turn to the proof, we
formally state the main result of this section.

Theorem 4: Let C(S, N1, ) denote the capacity region of
the AMBC under a covariance matrix constraint $ > 0. Then
C(S,Ni_.m)=RPYC(S,N1 ).

Proof: To prove Theorem 4, we will use Theorem 3
to show that for every rate vector, R®, which lies outside
RPPC(S, N, _ _..), we can find an enhanced ADBC, whose
capacity region does not contain R*. However, due to the first
statement of Theorem 3, the capacity region of the enhanced

k=1
Yk
m—1 1 <'ch+1 10g
= 2 5kt
- o log 'YZ:I(

EFI |
K PAK? +1

1 1
K, AK, T +1)+ (1-

EFE
T KIAK? + T

Ve+1

+ (1 7k+1) log|I|>

"/Zil) ID

1
—Met1 g log

)

(42)
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channel outer bounds that of the original channel, and there-
fore, R* cannot be an achievable rate vector. Just as in the
proof of Theorem 2, we treat separately the cases S > 0 and
S = 0, |S| = 0. We first treat the case where S > 0 and then
broaden the scope of the proof to all § > 0.

S>0:

Let (R{,...,R%) be a rate vector with nonnegative ele-
ments which lies outside the rate region RPFPC(S, N1 ).
By Lemma 6, we know that there is a supporting and separating
hyperplane {(R1,...,R,) € R™| Y1, viR; = b} where
viyt = 1,...,m are nonnegative and at least one of the
elements is positive.

Let 75 be a permutation on the set {1, .. .,
elements of ¥ such that v, (iy1) > Vr-(i) Vi = 1, -,
We observe that as

m} that orders the
- 1.
RDPC(’R—’TN S: Nl,...,m

andas {(Ri,...,Ry) € R™| X" v;R; = b} is a supporting
hyperplane of RPPC(S, N1 ), we can write

) C RPPC(S, N1, _m)

v =

< =
< ma Swmeb
ROPE S Ny i
Furthermore, as {(R1,...,Rn) € R™| >, viR; = b} is

also a separating hyperplane, we can also write

Em:’}/iR? >b> b

=1

and therefore, {(R1,...,Ry) € R™| X7 viR; = b} is
a supporting and separating hyperplane for the rate region
RPPC(75, 8, N1 _.m).

Note that, in general, my may be any one of the possible
permutations. Therefore, to prove the last statement, we ex-
ploited the fact that RPYC(S, N ) is the convex hull of the
union over all DPC rate regions RPPC(n, 8, N1 ), where
the union is taken over all possible DPC precoding orders.

For brevity, we will assume in the following that y; < --- <
Ym or alternatively, that 75 = 7. If that is not the case, we
can always reorder the indices of the users such that this rela-
tion will hold. From the above, we know that {(R1, ..., Ry) €
R™| >, viR; = b’} is a supporting and separatlng hyper-
plane ofRDPC(r— =nr,8,N1,m). By Theorem 3, we know
that there exi§t,s an enhanced ADBC whose Gaussian rate re-
gion R4 (S, N 1,...,m) lies under the supporting hyperplane and
hence, (RS, ..., R%) ¢ RE(S,N} ). However, by The-
orem 2, we know that the Gaussian rate region of the enhanced
ADBGC is also the capacity region. Therefore, we conclude that
(R%,...,R%) must lie outside the capacity region of the en-
hanced ADBC.

To complete the proof for the case S > 0, we recall that
the capacity region of the enhanced ADBC contains that of
the original channel and therefore, (RY, ..., R% ) must lie out-
side the capacity region of the original AMBC. As this is true
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for all rate vectors which lie outside RPFC(S, Ny ), we
conclude that C(S, N1, .,) C C RPPC(S N 1,...,m). However,
m)isa set of achievable rates and therefore,

C(SaNl,...,m) 2 RDPC(57 Nl,...,m)-

S*0:

Following the same ideas that appeared in the proof of The-
orem 2, we broaden the scope of our proof to the case of any
S > 0.If S is not (strictly) positive definite, by Lemma 2, we
know that there exists an equivalent AMBC with less transmit
antennas, noise covariance matrices N Toeons N m» and an input
covariance matrix constAralnt S' > 0 with the exact same ca-
pacity region. Because S is strictly positive definite, the above
proof (for the case of § > 0) could be applied to the equivalent
channel to show that its capacity region is equal to its DPC rate
region, RPPC(8, N1 _,,,). Moreover, it is possible to show that
when S is not strictly positive definite, RPPC(S, N1 ..m) =
RPPC(S, N1, . .n). Hence, RPYC(S, N ,,) coincides with
the capacity region of the AMBC for all S > 0. ]

The following corollary extends the result of Theorem 4 to
the case of the total power constraint.

Corollary 3: LetC(P, N+, ) denote the capacity region of
the AMBC under a total power constraint P > (. Then

Proof: As RPYC(S,N; __,,) is contiguous w.r.t. S, the
corollary follows immediately by Lemma 1. O

D. AMBC Example

The following example illustrates the statements of The-
orem 3. In this example, we consider a two-user nondegraded
AMBC under a covariance matrix input constraint, where the
transmitter and each of the receivers have four antennas such
that

5.20425  2.96515 3.31237 —0.67287
N, ~ 2.96515 8.40350  2.15397 0.51274
3.31237 2.15397 4.01902 —1.23370
—0.67287 0.51274 —1.23370 1.15827
5.24564 —3.80767 —1.49311 3.69896
Ny ~ —3.80767  8.28347 2.97520 —5.87397
—1.49311  2.97520 2.39828 —4.53655
3.69896 —5.87397 —4.53655 10.10308
and
4.93783 —0.78695 —3.16956  3.35222
S ~ —0.78695 3.32543 —2.51664 —0.12348
—3.16956 —2.51664 5.08241 —2.40199
3.35222  —0.12348 —2.40199 2.92163

The boundary of the DPC region, RPYC(S, Ny 5) is illus-
trated by a solid curve in Fig. 2. The dotted line, in the same
graph, corresponds to the hyperplane {(R1, R2)|3 - Ry + 1 -
Ry = 2.01574}. In addition, we plotted a dashed curve, corre-
sponding to the boundary of the Gaussian region of an enhanced
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Gaussian rate region, R”FC (S, N 5), (= capacity region) of a two user 4 x 4 AMBC

2.5 T T

Supporting Hyperplane

T T T

E, RE(S, N/1,2)

£ —
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N
N
N
RPPC(S,Ny ) NN
N
05 [~ AN i
N
N
N
N
N
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N
0 1 1 1 1 1 N

0 0.5 1 1.5 2 2.5 3

R; (nats/symbol)

Fig. 2. Illustration of the results of Theorem 3.

and degraded version of the above AMBC with noise increment
covariances

1.41956  —0.68733  0.01387 0.03833
N! | —0.68733 1.66279 —0.03823  0.29121
1= 0.01387 —0.03823 0.25974 —0.27691
0.03833 0.29121 —0.27691 0.76268

and
3.37933 —1.71534 —0.64685 1.92184
N! | —1.71534  2.20204 0.30836  —0.69681
27 1 —0.64685 0.30836 0.48250 —0.91193
1.92184 —0.69681 —0.91193 2.57291

As predicted by Theorem 3, we can see from Fig. 2 that for the
given hyperplane, we can find an enhanced and degraded ver-
sion of the channel such that its Gaussian region is supported
by the same hyperplane. Furthermore, in relation to the proof of
this lemma, we note that the hyperplane and both curves inter-
sect at (Rq, R2) = (0.79656,1.61746).

V. EXTENSION TO THE GENERAL MIMO BC

We now consider the GMBC (expression (1)) which, un-
like the ADBC and AMBC, is characterized by both the
noise covariance matrices, Ny,...,N,,, and gain matrices,
H,,... H,, Wewill prove that the DPC rate region [7], [20],
[22], [27] of this channel coincides with the capacity region.

A. GMBC—DPC Rate Region

We begin by characterizing the DPC rate region of the
GMBC. Given an average transmit covariance matrix limi-
tation E[zz”] < 8, a permutation function 7, and a set of

positive semidefinite matrices By, B, ..., B, (B = 0Vk €
1,...,m), such that " | B; < S, the following rates are
achievable in the GMBC using a DPC scheme [7], [20], [22],
[27]:

Rk S ngl(ik)(ﬂ-7B1,...,m7N1 m7H1,...,m)7 Vk € 17 L

IRERE)

where

RPPC(W,B1,...,m,N1 ,
L ’(Hw(l) (25:1 Bﬂ(i)) H )+ Nw(z)>‘

5 108
2 -1 T
’(Hw(w (X121 Bew) Hry + Na)
Vi=1,...,m. (43)
We now define the DPC achievable rate region of a GMBC.

Definition 6 (DPC Rate-Region of a GMBC): Let S
be a positive semidefinite matrix. The DPC rate region,

7

constraint S, is defined by the following convex closure:

RDPC(S7 Nl,...,m7 Hl,...,m)

= conv { U RPPC(7, 8, Nl,...,myHl,...,m)} (44)

mell

where RPPC(r, 8, N, ., Hi _.)isgivenin (45) at the top
of the following page.
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R; = RDE( )( _____
for some B1,...,B,, such that

Sy B 0amdB; = 0Vi=1,... m

(45)

B. GMBC—Main Result
In the following, we extend the result of Theorem 4 and prove

that RPPC(S, Ny, H1. ) is the capacity region. We first
formalize this result in the following theorem.

Theorem 5: Let C(S,N1, ., H1 . .,) denote the capacity
region of the GMBC under a covariance matrix constraint S >
0. Then

.....

(S7N1,. 7H1,...,m) _RDPC(S7N1, ,m7H1 ..... m)
Proof: As
RDPC(S7 Nl,...,m7 Hl,...,m) c C(S7 Nl,...,m7 Hl,...,m)

we need only to show that

We do that in two steps. In the first step, we use the SVD to
rewrite the original MIMO BC (1) as a MIMO BC with square
gain matrices of sizes ¢ X ¢. In the second step, we add a small
perturbation to some of the entries of the gain matrices such
that they will be invertible and such that their capacity region
is enlarged. As the gain matrices are invertible, we will be able
to infer the capacity region of the new channel from that of an
equivalent AMBC. We will complete the proof by showing that
the capacity region of the original MIMO BC can be obtained
by a limit process on the capacity region of the perturbed MIMO
BC.

For the first step of our proof, we will consider a sequence of
variants of the GMBC which preserve both the DPC rate region
and the capacity region of the original GMBC.

As a reminder, the channel we are considering is given by

yL:H,ia:+n7;:U7;A7;Via:+m, 1=1,2,...,m (46)
where U;A;V; is the singular value decomposition of H; and
where U; and V'; are unitary matrices of sizes r; X r; and ¢ X ¢
and A; is a diagonal matrix of size r; X t. We assume, without
loss of generality, that the singular values of A; are arranged
in rising order such that all nonzero singular values are located
on the lower right corner of A;. That is, Ai(x_s4r, 1) > 0,
Vk € {t —ry, + 1,...,t} and all other elements of A; are
zero and where 15, = rank(A;). Therefore, the first (r; — 74,)
rows of A; are zero.

We multiply the channel outputs at each of the users by U LT
As this manipulation is a reversible one, it has no effect on the
capacity region of the channel. Furthermore, the DPC rate re-
gion remains the same. We now get the following channel:

Y, = A;Vx +nl, 1=1,2,... (47)

,m

where E[n/n}"] = UT N;U; = N;. Next, we rewrite N, such

that
N* NP
Ni:((N{;)T N;C>7 i=1,....,m

where N,'L-A7 N;B, and Néc are of sizes (r; —rp,) X
(ri —ra,) X Ta,,and 75, X 75,. We define
I<7'i—TAi)X<7'i—TAi) 0(1’7-—rAi)><rA1.
D; = B\T 1, A\~ .
-(WE) (M) D

We now create a new variation of the channel by multiplying
the received vector of each user by its appropriate D,

(Ti _TAi)‘r

=AVz+ D)= H/z+n!,

i=1,2,....m

(48)

where the second equality is a consequence of having (r; —7x,)
zero rows at the top of A;. As D; is a reversible transformation,
the capacity and DPC rate regions remain unchanged for this
new channel. Furthermore

A
T T _ N; 0
N//il = Eln/ ! "1 = D; N’D < 0 Ngc) (49)

is block diagonal with N QA and N glc of sizes (r; — ry,) X
(r; —ra,) and rp, X A, on the diagonal. Therefore, as n! is
a Gaussian vector, the noise at the first (r; — 75,) antennas is
independent of the noise at the other r,, antennas.

As the first r; — 75, rows in H are all zero such that

0(’!’1'—’!“7)><t
H;/:( " )

K2

it is clear that the first r; — r,, receive antennas at each user
are not affected by the transmitted signal. Furthermore, as the
noise vector at these antennas is independent of the noise at the
other 75, antennas (by the structure of the covariance matrix
N7 (49)), it is clear that the first 7; — r,, antennas (in (48)) do
not play a role in the ML receiver. Hence, we may remove these
antennas altogether, without any effect on the capacity region. In
addition, due to the block-diagonal structure of the matrix N 2’,
removing the first r; — 75, antennas will not affect the DPC rate
region as well, as is shown in the following equation:

RPTC(m, By, NY 0 HY )
’Hw@ (Z] 1B7r(1)) HN (4) +N7_(,

’Hm (Z92iBais)) Hi

+N7‘(z
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BT
‘Hw(z ZJ 1B7r(g)) Hw(z) +N7‘(z

BT el
‘ (i) (Z Bm)) i) Nz
= RPPC(W'/Bl,...,m7Nlllc:...,m7Hl’ﬁ....m)

Alternatively, adding zero rows to H at its top (or alter-
natively, adding zero rows at the top of A;) and appropriately
adding receive antennas with independent (of the other an-
tennas) Gaussian noise will also preserve the capacity and DPC
rate regions.

Therefore, we may write yet another variant of the channel,
this time with ¢ transmit antennas and ¢ receive antennas for each
user

@Z:Hix+ﬁi7 7;:1727...77’71 (50)
where H i = fL V; and where ]\, is at x t diagonal matrix with
the first ¢ — 75, elements on the diagonal equal to zero and the
other r,, equal to the r,,-elements on the lower right diagonal
of A; such that

A~ 07
Aimm) = {Ai(m—t+m,m)7 t—

1<m <t —ry,
A, <m < L.

Again,

LA
N =(N 0
1 — 0 NI./C
LA
is block diagonal where N is of size (t —74,) X (t — 74, ) and
again both the capacity and DPC regions are preserved.
To complete the proof of Theorem 5, it is sufficient to show

that

RDPC(S N

To that end, we proceed with the second step of our proof and
define a new channel, which this time, does not preserve the
capacity region

9, =Hz+n, i=12...m (51)
where #; = #; and H; = ():L + afi)V,L- for some @ > 0. T'isa
t x t diagonal matrix such that

v 17
Ii(m,n) = {07

Note that the last 75, rows of H ; are identical to those of
H . Therefore, as the ML receiver of the channel in (50) only
observes the lower 7, antennas, any codebook and ML receiver

m=mn<1—1ry,
otherwise. )
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designed for the channel in (50) will achieve the exact same
results in the channel given in (51). Thus, it is clear that

Additionally, note that H; is invertible and multiplying each

receive vector by H w111 yield an AMBC with the same DPC
and capacity regions as that of the channel in (51). As the DPC
and capacity regions of an AMBC coincide (Theorem 4), we can
write

o Hym),  Ya>0. (52)
We now make use of the fact that we can choose « arbitrarily
and note that due to the contiguity of the log det function over

positive definite matrices, we have

where the convergence is uniform over all positive semidefinite
matrices B; such that Y~ B; < S. Thus, by the uniform con-
vergence property and by (52), it is clear that for every ¢ > 0

and every rate vector R € C(S, N 1., H 1 .m), the e-ball
around R contains a vector R’ € RDPC(S’ N1 _____ mo Hy m)
Therefore,
C(S7 fvl,...,'m; fIl, ,m)
C closure {’RDPC(S N1 _____ 1311 _____ m) -
However, as R°PC(S, Ny .. H;.. )} is closed
C(S. N1 m.Hi ) CRPPOS, Ny Hy ). O

We finalize this section by extending the result of Theorem 5
to the case of the total power constraint, as stated in the fol-
lowing corollary.

Corollary 4: LetC(P,N1, _m,H1, ) denote the capacity
region of the GMBC under a total power constraint, P > 0.
Then

C(P7N1....,m7H1,.. m) = U RDPC(S7Nl,...,m7H1,....m)
S>0
n-{ss't}'gp
Proof: AsRPYC(S, N1 ,u,H1 ) iscontiguous w.r.t.
S, the corollary follows immediately by Lemma 1. O

We can easily derive the capacity region under a per-antenna
power constraint by replacing the constraint tr{S} < P with
the set of constraints S(k W< P(k=1,..., t) in the pre-
ceding corollary. S, 1y is the kth element on the diagonal of S
and Py, is the power constraint on the kth transmit antenna.
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VI. SUMMARY

We have characterized the capacity region of the Gaussian
multiple-input multiple-output (MIMO) broadcast channel
(BC) and proved that it coincides with the dirty-paper coding
(DPC) rate region. We have shown this for a wide range of
input constraints such as the average total power constraint and
the input covariance constraint. In general, our results apply to
any input constraint such that the input covariance matrix lies
in a compact set of positive semidefinite matrices.

For that purpose, we have introduced a new notion of an en-
hanced channel. Using the enhanced channel, we were able to
modify Bergmans’ proof [1] to give a converse for the capacity
region of an aligned and degraded Gaussian vector BC (ADBC).
The modification was based on the fact that Bergmans’ proof
could be directly extended to the vector case when instead of
the original one, an enhanced channel was considered. By as-
sociating an ADBC with points on the boundary of the DPC
region of an aligned (and not necessarily degraded) MIMO BC
(AMBC), we were able to extend our converse to the AMBC
and then, to the general Gaussian MIMO BC. We suspect that
the enhanced channel might find use beyond this paper.

In this paper, we considered the case where only private mes-
sages are sent to all users. In [25], we obtained some results
for the case where in addition to private messages, a common
message is sent. Other aspects of the Gaussian MIMO BC are
reviewed in [6].

APPENDIX |
PROOF OF LEMMA 2

Proof: We define an intermediate and equivalent channel
with ¢ antennas at the transmitter and each of the receivers by
multiplying each of the receive vectors y;, t = 1,...,mby U, §
The new channel takes the following form:

ULy, =Usz+Ugn; =2’ +n), =y,

where there is a matrix power constraint 8’ = U gS Us = As
on the input vector #’, and additive real Gaussian noise vectors
with covariance matrices N; = E[n/n/"] = USN,Us. As this
transformation is invertible, the capacity region of the interme-
diate channel is exactly the same as that of the original BC.

To accommodate future calculations, we define the sub ma-
trices: N, N and N© of sizes (t—rg)x (t—rg), (t—rg)xrg
and rg X rg, respectively, such that

A B
N, =ULN,Us = <(1\jf\%)T xc) i=1,...,m.
Note that N f and N ? are symmetric and positive semidefinite.

We now recall that we assumed that S is not full ranked and
that the first ¢ — rg values on the diagonal of Ag are zero and
the rest are strictly positive. Therefore, no signal will be trans-
mitted through the first ¢ —rg input elements of the intermediate
channel (53). Notice that the users on the receiving ends, receive
pure channel noise on the first t — rg receiving antennas. Hence,
each user can use the signal on first £ — rg antennas to cancel
out the effect of the noise on the rest of the antennas such that
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the resultant accumulated noise in the first £ — rg antennas will
be de-correlated from that of the other rg antennas. Hence, we
can define a second intermediate channel such that

/" / / /
Yy, = Dbyl = Diﬂ? + I)Z’I'LZ
- +n§/ —— +ng/7

i=1,...,m(54)
where
Iorg)x(t—rs)

O(tfrs) XTg
D. = T -1
=i )

and where the third equality follows from the fact that no signal
is sent through the first t —rg transmit antennas. Again, since the
transformation is invertible, the capacity region of the channel
in (54) is identical to that of (53) and to that of the original
ADBC/AMBC. Furthermore, the noise is still Gaussian and the
matrix power constraint remains Ag.

One can verify that the resultant noise covariance at the zth
output of channel (54) is given by
N/ = D;,N'D!

2

N 0
= T -1 .
(o ey ) )

Howeyver, because the noise vectors are Gaussian, the fact that
the noise at the first {—rg receive antennas (at each user) are un-
correlated with the noise at the other g antennas means that the
first £ — rg channel output signals are statistically independent
of the other rg output signals. Moreover, since only the latter
rg signals carry the information, the decoder can disregard the
first 1,...,t — rg receive antenna signals for each user without
suffering any degradation in the code’s performance (because
these signals have no effect on the decision made by the ML or
maximum a posteriori probability (MAP) decoder).

Thus, we define a new equivalent AMBC with only rg
transmit antennas such that

9, = E'Yy = Ex" +E'n! =z+n,, i=1,...,m (55)
where B/ = [0rg x (t—rg) Irgxrg] and where Z is a vector of
size rg X 1 and a full ranked input covariance constraint S =
E!AsE!T. The additive noise 7; is a real Gaussian vector with
a covariance matrix N; = N¢ — (N?)T(N)~1(NP).

As removing the first {—rg receive antennas did not cause any
degradation in performance, it is clear that any codebook that
was designed for channel (54) can be modified (chop off the first
rg channel inputs) to work in channel (55) with the same results.
It is also clear that every codebook that was designed to work in
(55), will also work, with some minor modifications (pad with
zeros the first £ — rg inputs), in the intermediate channel (54)
with the exact same results. Therefore, (55) and (54) have the
same capacity region and hence our equivalent channel (55) will
have the same capacity region as the original ADBC/AMBC.

_ Finally, we need to show that if N, X ... X N,,, then
N; < ..- X N,,. Assume that indeed N; < --- < N,,,. It
is easily shown that N| < --- < N’ where N are the noise
covariances of the intermediate channel (53). We will need to
show that N; 41 —N; = 0,¢=1,...,m — L. For that purpose,

’
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we define D} = E'D,. Note that Dn/, is the estimation error
of the optimal minimum mean-squared eror (MMSE) estimator
of the last rg elements of the noise vector given the first ¢ — 75
elements of the vector n}. We now write N; — N;_1 as follows:

N;-N, ,=D/NyD})" - D,_,N;_(D_ 1>T

= D; 71(D;)T _DI 1N ( i— 1)T
+Di(N; — Ni_;)(D)"
As N} < ... < N’ , the last summand in the last equality is

semidefinite positive. Furthermore, D’ N'._,(D’_,)7 is the
covariance matrix of the estimation error of the optimal esti-
mator of the last rg elements of the noise vector n)_, given the
first £ — rs elements of the vector n,_; while D'N’_, (D)7 is
a covariance matrix of an estimation error of a nonoptimal es-

timator. Therefore, D;N;_(D;)" — D;_N;_,(D;_;)* >0
and we conclude that if Ny < --- < N,,, then N,+1 —N,; »
0,i=1,...,m—1. 0

APPENDIX II
PROOF OF LEMMA 3

In order to prove this statement, we introduce the following
lemma:
Lemma 8: Assume that

(Rl,...,Rk_l,Rk,Rk_H,...,R )ER (S N17___7m).

1) If R, >0, k=1,...,m—1 then forevery 0 < 6 < Ry, there
exists an € > 0 such that

(Ri,...,

2)If Ry > 0,k = 2,...,m, then for every 0 < ¢ < Ry,
there exists an ¢ > 0 such that

(Ri,...,Ri—1+ €, Ry — 6, Riy1, Riya, - -, Rin)
€ RE(S,N1...m)
3) (R},...,R!))€ RE(S,N1,_ ), forall 0 < R, < R;,
1 =1,...,m

Proof: If (Ry,...,Ry) € RY(S,N1...m), then we can
find positive semidefinite matrices By, . . ., B,, such thatindeed
R, = RZG(BL___,m,NL__,m)Vi (defined in (5)) and such that
>, Bi < 8. By replacing By, and By with (1 — a)By,
and Bjy41 + aBj where 0 < a < 1 and by relying on the
fact that |[B| > |A|if B = A > 0and B # A, it is easy
to obtain the first result. Note that our new set of matrices still
observes the covariance constraint S. The proof of the second
statement is almost identical but instead, we replace By_1 and
By, with By, _1+aBy, and (1—«)By. The last statement is easily
proved by recursively using the first statement in an increasing
order of users k. The last user’s rate, RS (B1 _ m,N1...m),
can be arbitrarily reduced by replacing B,,, with o’ B,,, where
0<a <1 O

We can now turn to prove Lemma 3.
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Proof: We use induction on the number of receiving users
m. The case of m =1 is a single-user channel with a noise
covariance matrix N;. If, in the single-user channel (R;) ¢
R%(S,N,), then Ry > C (channel capacity) and, therefore,
there is a scalar b > 0 such that Ry = C + b.

Next, we assume that the statement is correct for £ < m users,
where m > 1 and prove that it must be true for k& = m users.
We assume that R = (Ry,...,R,) ¢ RY(S,N1._ ) and
distinguish between two cases:

Case 1: In the m — l-user channel (Rq,...,R,,_1)€

RG(S’JVL___ m—1)- In this case, we choose the rate vector
R* = (Ry,...,Rp_1, R})) where

R:, = max{R,|(Ry,...,Rm_1,R.) € R%(S,N1._.m)}

(the set is not empty because (Ry,...,R;_1,0) €
RE(S, N 1,.,m) and as RE is a closed set, the maximum
exists). R* is an optimal Gaussian rate vector as otherwise, we
could have found a rate vector

R =(Ry,R},....R,) € RE(S,Ny )

with R, > R! Vi and with a strict inequality for some i. By
iteratively using the first statement of Lemma 8 on R/, we could
have shown that there is a vector R,, = (R1,...,Rm—1, Rm)

such that R,,, > R, > R,. However, as this 1mphes that

R, < max{R, |(Ry,...,Rm_1,R.) € RE(S, N1 _m)}

(in contradiction to the definition of R*), we conclude that R*
is indeed an optimal Gaussian rate vector. Finally, R}, is strictly
smaller than R, (R}, < R,,) as, otherwise, by the third state-

ment of Lemma 8 we would have had R = (Ry,...,Rn) €
RG(S7 Nl ..... m)

Case 2: In the m — l-user channel (Ry,...,Rp,—1) ¢
RG(S,NL___,m_l). By our induction assumption we know

that there must exist an optimal Gaussian rate vector
(Ry,...,R!,_;)in the m — 1-user channel such that R; > R}
Vi = 1,...,m — 1. Therefore, we choose

R =(R},...,R, 1,0) € RE(8, N1 ).

The fact that R’ exists in RE(S, N 1,..,m) is readily shown
by using the same choice of reahzlng matrices as in
the m — 1-user channel and B,, = 0;y;. Furthermore,
R = (Ry,...,R,, 4,0) is an optimal Guassian rate vector
in the m-user channel as, otherwise, we could have used the
second statement of Lemma 8 to show that (RY,. .., r_1) 1S
not an optimal Gaussian rate vector in the m — 1-user channel.
As we assume that R,, is strictly larger than 0, the proof is
complete. O

APPENDIX IIT
EXTENSION OF LEMMA 8 TO THE AMBC CASE

As our proof of Lemma 8 does not depend on the degraded-
ness of the noise covariance matrices N;, we can automatically
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extend it to the AMBC case. The following lemma and corollary
formalize this extension.

Lemma 9: Let w be an m-user permutation function. If
(Ry,...

7Rm) S RDPC(Wv Sle,...,m)

and Ry > 0 for some k € 1,...,m, then, for every ¢ €
(0, Rr(k)], there exists an € > 0, such that

(RT7 s 7R:(n) € RDPC(W7 37 Nl,...,m)
and
(RY™,...,R;) € RDPC(W S,Ni. . .m)
where
Ry(ky — 0, 1=k
:r(z): Rr(k+1)+e i=k+1<m
Ry, otherwise
Ry — 0, i=k
;‘Ei): Rﬂ-( 1y te i=k—1>1
Ry, otherwise.
Proof: The proof is identical to the proofs of

statements in Lemma 8 where
the functions R;(Bi . m N1, ) are replaced by
RPYC(7, By, m Nl,...,m)~ O

Corollary 5: Define the rate vector R = (Ry,..., R,,) and
let R = (R},..., R.,) be any rate vector such that 0 < R/ <
R;,¥Yi=1,...,m. Then we have the following.

HIf R € RPP°(xr,8,Ny_ _,), then R €

RPPC(7, 8, N1 m).
2) IfRe’RDPC(S Ni._). then R € RPPC(S, Ny ).
Proof: The proof of the first statement is a simple result of
a recursive application of Lemma 9. To prove the second state-
ment, we note that as RPPC(S, N 1,..,m) 1S convex, it is suffi-
cient to show that forall k = 1,...,m

the first and second

(Ri,...,Ri—1,0,Rps1,..., Ry) € RPPC(S,N1__,).

Moreover, as every pointin RPPC(S, Ny ,,,) isaconvex com-
bination of points in RPPC (7,8, N1 ,,), we need only to
show that if

(RT,...,RL) € RPPC(n,8,N1__ )
then
(RT,....Rf_,0,R},,....R) € RPPC(x, 8, N1 ).
However, this is a trivial case of the first statement. O

APPENDIX IV
PROOF OF LEMMA 5

As the optimization problem in (11) is not convex, we may
not assume automatically that the KKT conditions apply in this
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case. Therefore, we must make sure that a set of CQs hold here
such that the existence of the KKT conditions is guarantied.
Before we examine the appropriate CQs, we first rewrite the
problem in (11) in a general form, using the same notation as
in [2], and establish a weaker set of conditions (the Fritz John
conditions), instead of the KKT conditions

minimize f(x)
subjectto  g;(z) <0, i=1,....,m—1
rzedk

where the vector z € R™~D7* ig created by the con-
catenation of the rows of B; through B,,_;. f(z) =
—RE (B, m-1,8, N1 _m) is the objective function and
gi(x) = R — RG(31 1,S,IV17___7m) are the inequality
constraints. The set X is the set of vectors over which the opti-
mization is done and is givenby & = X1NAN---NA,,,_1NAs
where fors = 1,...,m — 1

X; = {row concatenation of (By,...,B,,_1)| B; > O1x+}

and where

Xs. = {row concatenation of (By, ..., B

m—1
)Y B; =<8
j=1

As f and g; are continuously differentiable over an open set
that contains X', the enhanced Fritz John optimality conditions
[2, Sec. 5.2, pp. 281-287] hold here (in [2], f and g; are required
to be continuously differentiable over R(m—1-t*, However, the
proof of these conditions goes through with no modification if
f and g; are continuously differentiable over an open set that
contains X). Therefore, for a local minimum, £*, we can write

)+ ZuJng

where p; > Oforall j = 0,1,...,m — 1 and where N (z*) is
the normal cone of X at £* (see [2, Sec. 4.6, pp. 248-254]). As
X; Vi and X, are nonempty convex sets such that ri(X;)N---N
ri(Xm—1) N ri(Xx) is not empty (where ri(X) is the relative
interior of the set X’ as defined in [4, p. 23]), we can write (see
[2, Problem 4.23, p. 267])

— | moV iz € Nx(z*)  (56)

N‘Y(ﬁ?*) = N/Yl ($*> =+ .-
=T (z7)" +

+ Nmel(z*) + NXE (‘T*)
ot T,y (287)" + T (27)°

where Ty (z*)* is the polar cone of the tangent cone of X" at
z* denoted by Ty (z*) (see [2, Sec. 4.6, pp. 248-254]) and the
second equality is due to the convexity of the sets X; and Xy
(and hence, =* is a regular point with respect to these sets). The
sum of two vector sets F; and Fs is defined as F; + Fo =
{fi+fol f1 € Frand f, € Fo}.

In order to characterize the normal cones and tangent
cones in our case, we first need to define the zero eigen-
value matrix Vg. Consider a positive semidefinite matrix
B of size t x t and let rg denote the rank of B (i.e.,
rg = rank(B)). Furthermore, let v2 be the eigenvectors
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of B such that for 1 = 1,2,...,t — rpg, 'v? correspond to

zero eigenvalues. Then, Vg = (vBoB .. .| 'vtB_TB). Note
that Vg is a matrix of size ¢ X (¢t — rg). Assume that
z* is the row concatenation of the semidefinite matrices
(Bi,...,B;, ;) and d is the row concatenation of the sym-
metric matrices (L, ..., Ly,—_1). It is not difficult to show that
1fVB*LVB* = O¢xt thend €Ty (z*) (i=1,....m—1)
and if VB;(Z’“ "L;)Vp: < 0., thend € Ty, (z*), where
we define By, = § — 377", 1B*
As the sets A; and A, are convex, we have

Ny, (%) = T, (27)"
and

NXE (‘T*) = TXE (x*)*

(i.e., «* is a regular point). Consequently, one can show that

Ny, (2¥)N A
C {row concatenation of the negative semidefinite
t x t matrices (—My,...,—M,, 1)|M; = 0,
tr{M;B;} =0, M; =0j #1}
and
Ny (z")N A
C {row concatenation of the positive semidefinite
t x tmatrices (M1,... . M,,_1)|M; =---
=M, =M, ~0,tr{M,, B } =0}

where A is defined as the set of all vectors created by the row
concatenation of m — 1 symmetric matrices of size ¢t x ¢ (i.e.,
= { row concatenation of (Al, LA )| Aj =at xt
symmetrlc matrix Vj = 1,...,m — 1}).
As the right-hand side of (56) is a row concatenation of sym-
metric matrices, we can write

m—1
[ moV @)+ D 0V | € Nuy (@) 0+
7j=1

+Ny,  (8)NA+ Ny (2")N A

or alternatively

m—1
poVf(@*)+ > piVai(x)
j=1
= row concatenation of (M; — M,,,,.... M,,_1 — M,,)
for some set of positive semidefinite  matrices

(Ml7 ooy M, 1, M,,) such that tr{M;B’} = 0 for
1 = 1,...,m. Equation (12) is simply a restatement of the
precedlng equation by assigning the appropriate objective
function and the inequality constraints, assigning O; = 2M;
and where p; = v; fore =1,...,m — 1 and o = v, = 1.
To complete the proof we need to show that (56) holds with
o = 1. For that purpose, we will use the fact that every point
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in X is regular (as X is nonempty and convex, see [2, Sec. 4.6])
and we will show that the constraint qualifications denoted by
CQ5ain [2, Sec. 5.4, pp. 248-254] hold. More specifically, we
will show that there exists a point

de Ny(z*)* =Ty (z¥) =Ty, ()N -NTy, _, (")NTr, (%)

such that Vg;(z*)Td < 0 Vi = 1,...,m — 1 (where the

equality Ny (z*)* = Ty (z*) is a direct result of Proposition
4.6.3 in [2]).
We now translate these CQs to our case. Let z, =

t—rpg
> st i ﬂz'v “ for some choice of scalars 3; and assume

that the local minimum z* is the row concatenation of the

matrices (B7, ..., B, _,) and d is the row concatenation of the
matrices (L1, ..., L,,—1). We need to show that there exists a

set of matrices Ly, ..., L,,_1 such that
1) if rp; <t(k=1,...,m— 1), then 2l Lyz; > 0 for
every choice of scalars g3; such that z;, # 0;
2) if rp- < t, then zfz(zy:ll L;)zI < 0 for every choice
of scalars 3; such that z,, # 0;

,...,mfl)
1)T} > 07

-(Ll,...,Lm_ Vi=1,...,m—1.

The first two items ensure that the row concatenation of

(L1,...,Ly—1) lie in Ny(2*)* and the last ensures that
Vgi(z*)Td < 0 Vi.

For that purpose, we suggest a set of matrices L7, ..., L’ _;
of the form

Li=-Bi+— > Bj+wB,, i=1..m-1

m
JFE,j<m
(57

for some o; > 0,2 = 1,...,m — 1. We begin by checking
the first condition. As 2z, is a linear combination of orthogonal
eigenvectors corresponding to null eigenvalues of B}, we can
write

T Rp* T Rp*
2, Bz + aizy, B, 2y

As Bf = 0 (z = 1,...,m), it is clear from the preceding
equatlon that I L} z;, > 0. Assume that for some 25 # 0 we
get z] L} z;, = 0. This can only occur if z ,szk =0Vj #k.
This implies that z{ (37", Bj)zx = 2} Sz; = 0. However,
we assume that S - 0, and therefore, for any 2 # 0, 2] Szy >
0. Thus, we have proved that the first condition holds for any
choice of a; > 0.

To prove that the second condition holds for L7,..., L _,,
we note that when rg+ <t

m—1
zg(ZLZ‘)z :zg(——S B, +Za1 >m
i=1

2
=—"2082,<0
m
for every choice of 3; such that z,,, # 0.
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Next, we need to show that we can choose the scalars a; > 0
such that the third condition is met. Using the explicit expres-
sion for the rate gradients (13), we can rewrite the directional
gradient of the «+th rate as follows:

tI‘{VRG(Bx{ S-,fvl,...,m—l) ° (LIV"?L:n—l)T}

yeeym—17

- tr{vB.RG(B*{

3 2

i=1
i —1
1 ~
— By +N L;
+ tr 2(; [+ z)> :
i—1 B
= tr {VBjR?(B;,...,m—lvs7 Nl,...,m—l) ’ L;}

%

—1
+tr %(Z( }*+N,)>

=1

* 1 *
x| -Bi+— > B

J#ii<m

. —1
1 21: * A *

=1

In general, we observe that the expression above for the :th
rate depends only on Ly, . . ., L;, or alternatively, on vy, . . . , o;.
Therefore, we will set the values of «; recursively such that «;
will be a function of a;, j = 1,...,% — 1. We observe that
for ¢ = 1, the first summand in the last equality in the above
expression does not exist. Furthermore, note that as B}, # 0 is
positive semidefinite and nonzero (this is one of the assumptions
of the lemma) and as (3>°;_, (B} + N;))~! is strictly positive
definite, the last summand is always positive and could be made
arbitrarily large by choosing a1 to be large enough. Therefore,
we choose a; to be large enough such that the entire expression
is positive for ¢ = 1. For ¢ = 2, again, the last summand can
be made arbitrarily large by choosing as to be large enough.
Thus, we can recursively choose «; such that this expression is
positive forall 2 = 1,...,m — 1.

APPENDIX V
PROOF OF (19) AND (20)

In order to prove (19) and (20) we rely on the following
lemma.

Lemma 10: Let B; and O; be positive semidefinite ¢ x ¢
matrices such that B;-O; = 0;; Vi = 1,...,mandlet N; = 0
be strictly positive definite ¢ X ¢ matrices V2 = 1, ..., m. If for
alk =1,...,m

-1

k
V41 (Z B; + Nk+1> + Okq1

i=1

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 52, NO. 9, SEPTEMBER 2006

. -1
:'Vk(ZBi+Nk> + O (58)

i=1

for some 0 < 71 < -+ < v, then we can find a set of £ X ¢
matrices 0 < N'1 < ..o < N:n such that N,'L- < N,;Vi =

1,...,mand such thatforall k = 1,...,m
% -1
Vh+1 (Z B; + Nk+1) + Ok11
i=1 ) o
= Vk+1 <Z B; + N;chl)
i=1

. 1
— ()
=1
k —1
=k <ZBL' +Nk> + Oy
im1

(59)

Furthermore

IS0 Bi+Ni| _ |SF | B+ Ny

kle N - k*lB N/ ? Vk:l
|Zi:1 it k| |Zi:l it k|

PIIRIR

Before proving the lemma we first present and prove two aux-
iliary results.

Lemmall: LetB = 0,X = 0and O > 0bet x £ symmetric
matrices such that B - O = 0;4; and let « be a strictly positive
scalar. Then the following statements hold:

DaB+X)"'+0=aB+X)"! where X = X' =

X'+210)" =0
2) 1B+X| _|BiX'|
x| X )
Proof: To prove the first statement, we will show that

(B+X)'+10)'=B+X
(0%

where X' is as defined in the first statement. For that purpose
we write

<(B +X)7'+ éo) B

- ((B+X)1 <I+(B+X)10>>_1—B+B

(07

where in (a) and (b) weused B- O = O - B = 0;y;.
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We can now prove the second statement. As

(B+X)'=B+X)'+ éo

we can write
|B + X'| B 1]
X' X' (B+X)|
_ 1]
|(B + X' - B)(B + X')—1|
_ 1
I - B(B+ X"
_ 1]
[I-B((B+X)'+10)|
() I
|[I — B(B+ X)~ 1
_ |B+X]|
X
where, once again, in (a) we used B - O = 04y. O
Lemma 12: Let X1 = 0,X5 = 0,B; = 0,B, > 0, and
O> = 0 be t x t symmetric matrices such that By - Os = 0;x4.
If for some scalar 0 < o« < 1
(Bi+X5) ' +0:=a(B1 + X1)™"
then the following two statements hold:
1) (B1+X5) 1402 = (B1+X35) ™! for some X satisfying
X, = X, = X,.

2) |B1+Bx+Xa| _ |B1+BZ+X5|
[Bi+X2] T [Bi+X5]

Proof.' Define K = (Bl + )(2)_1 + 02. As 02 > 0,
we know that K~ < (B1 + X3). As0 < a < 1 and
(Bl +X2)71 + 02 = Oé(Bl +X1)71, we have (Bl +X1) <
K1< (B1 + X3). Therefore, by choosing X = K'-B
we have Xy > X'2 > X1 and we can write

(Bi+X5) '=K= (B +X5)" ' + 0.

By the above equation we may write
|Bi + B> + X3| _ |Bo(B1 + X3)~' +1
|B1 + X5 1|
B |B2 ((B1 +Xo)7t+ 02) +I|
1|
_|Ba(Bi+ Xy) t 1
]
_|B1+ B+ X;|
|B1 + X

We now turn to prove Lemma 10.

Proof: For brevity, we rewrite expression (58) with some

notational modifications. For k = 1,...,m — 1 define
& -1
L, = B; + N1 + Op41
(; Ve+1

-1

k
Ry =y (ZBi + Nk) + Ox.
i=1

(60)
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By (58), we have
1
Lk: Rk7 Vk:l,...,m—l. (61)
Ve+1
We need to show that
A ~1
L= (Z Bi + N;c-l—l)
=1
A —1
Tk /
= B, +N
Ve+1 (; k)
1
= R., Vk=1,...m-1 (62)
Ye+1
for some matrices N, ..., N such that N < N, Vi and such
that0 < N} < --- < N, . Furthermore, we need to show that
for these matrices, N, ..., N/ , we have
k k
|Ei:1Bi+Nk| — |Zi:1B’i+N;c| _ m
SIS Bi+ Nel |5 Bi+ Ny )

We use induction on k and begin by exploring (60) and (61)
fork = 1. AsO; = 0 and as By - O; = 0, by Lemma 11,
we can replace Ry with y; (B + N})~! where 0 < N7 < N;.
Furthermore, by the same lemma we have

|B1 + N _ |B1+N/1|
|Ny| N

Since 2 > 1, by Lemma 12, Ly can be replaced by (B +
N’)~1 such that N} < N, < N, and in addition

|B, + B> + N3| _ |By + By + Nj|
By + N, |B, + N3

and, therefore, (62) holds for £ = 1 and (63) holds for k = 1, 2.

Next, we assume that (62) holds for £ = 1,...,n for some
1 < n < m with matrices N7,..., N, _; such that N <
N;Vi=1,...,n+1landsuchthat0 < N} < --- < N, .,
and prove that (62) must hold for K = 1,...,n + 1 and (63)
holds for k = 1,...,n + 2 with matrices N7, ... ,N:LH such
that N) < N;Vi=1,...,n+2andsuchthat0 < N} < --- <
N/, 4o For that purpose, we define

n
Q=) Bi+ N
=1
As O, 11 = 0and as B,, 11 - O,,11 = Oy, we can use Lemma
11 to rewrite the expression for R,, 11 in (60) as follows:

(64)

Roi1 = Yns1(Bos1 + Q)7 + Oni
= Ypt1(Bns1 + Q) 7t

where Q' < @ and where Q' = (Q_1 +3 1+1 O,.1)" ! How-
ever, by (64) and (60), we may write Q' =L, ' Furthermore,
by our induction assumption, (62) holds for £ = n and, there-

fore, we may write

(65)

Q’ZLEIZZBWN:@H'

i=1

(66)
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more, by the same lemma we have

and thus we have shown that (62) holds for k = 1,...,
and that (63) holds for k =1,...,n+ 2. O
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Thus, by (66), (65), (60), and (61) we may write

n+1 -1 1
Ln+1 = Z Bl + Nn+2 + On+2
i=1 Tn+2
~ n+1 -1
n+1
= B, + N/
Ynt2 Z n+1
1
= R, ..
Tn+2 *

As O, 42 > Oandas z”“ < 1, we can use Lemma 12 to rewrite
the above expression as follows:

n+1 -1
Ly = Z B; + N;H-Z
i=1
~ n+1 -1
n+1 !
=2t (N g N,
Tn+2 Z +
1
= Rn+1-
Yn+2

> N, . Further-

| Sty Bi+ Nogo| _
| 20 Bi 4 Nogo

|Z"+2B +Nn+2|
|Z"+1B +Nn+2|

n—+1
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