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Abstract

We deal with centralized and distributed rate-constrained estimation of random signal vectors per-
formed using a network of wireless sensors (encoders) communicating with a fusion center (decoder). For
this context, we determine lower and upper bounds on the corresponding distortion-rate (D-R) function.
The nonachievable lower bound is obtained by considering centralized estimation with a single-sensor
which has available all observation data, and by determining the associated D-R function in closed-
form. Interestingly, this D-R function can be achieved using an estimate first compress afterwards (EC)
approach, where the sensor: i) forms the minimum mean-square error (MMSE) estimate for the signal of
interest; and ii) optimally (in the MSE sense) compresses and transmits it to the FC that reconstructs it.
We further derive a novel alternating scheme to numerically determine an achievable upper bound of the
D-R function for general distributed estimation using multiple sensors. The proposed algorithm tackles
an analytically intractable minimization problem, while it accounts for sensor data correlations. The
obtained upper bound is tighter than the one determined by having each sensor performing MSE optimal
encoding independently of the others. Numerical examples indicate that the algorithm performs well
and yields D-R upper bounds which are relatively tight with respect to analytical alternatives obtained

without taking into account the cross-correlations among sensor data.

T Manuscript received May 29, 2007; revised October 30, 2007; accepted December 19, 2007. Work in this paper was supported
by the USDoD ARO Grant No. W911NF-05-1-0283; and also through collaborative participation in the C&N Consortium
sponsored by the U. S. ARL under the CTA Program, Cooperative Agreement DAAD19-01-2-0011. The U. S. Government is
authorized to reproduce and distribute reprints for Government purposes notwithstanding any copyright notation thereon. The
editor coordinating the review of this paper and approving it for publication was Prof. Aleksandar Dogandzic.

* The authors are with the Dept. of Electrical and Computer Engineering, University of Minnesota, 200 Union Street SE,
Minneapolis, MN 55455. Tel/fax: (612)626-7781/625-4583; Emails: {schizas, georgios,nihar}QRece.umn.edu

January 17, 2008 DRAFT



EURASIP JOURNAL ON ADVANCES IN SIGNAL PROCESSING (TO APPEAR) 2

I. INTRODUCTION

Stringent bandwidth and energy constraints that wireless sensor networks (WSNs) must adhere to
motivate efficient compression and encoding schemes when estimating random signals or parameter
vectors of interest. In such networks, it is of paramount importance to determine bounds on the minimum
achievable distortion between the signal of interest and its estimate formed at the fusion center (FC) using
the encoded information transmitted by the sensors subject to rate constraints.

In the reconstruction scenario, the FC wishes to accurately reconstruct the sensor observations that
are transmitted to the FC in a compressed form. In the estimation scenario, the FC is interested in
accurately estimating an underlying random vector which is correlated with, but not equal to, the sensor
observations. Thus, the FC utilizes the compressed sensor data to estimate a vector parameter which is
conveyed implicitly by the sensor data. In a setup involving one sensor, single-letter characterizations of
the D-R function for both scenarios are known: the reconstruction scenario is the standard distortion-rate
problem [4, p. 336]; and the estimation one, also referred to as a rate-distortion problem with a remote
source, has also been determined [1, p. 78]. In the distributed setup, involving multiple sensors with
correlated observations, neither problem is well understood. The best analytical inner and outer bounds
for the D-R function for reconstruction can be found in [2] and [16]; see also [17] that determines the rate-
distortion region for a two-sensor setup. An iterative scheme has been developed in [6], which numerically
determines an achievable upper bound for distributed reconstruction but not for signal estimation. The
numerical D-R upper bound obtained by [6] is applicable when the signal to be reconstructed at the FC
coincides with the sensor observations. However, this is not the case in the estimation setup considered
here, where sensors observe a statistically perturbed version of the signal of interested that the FC wishes
to reconstruct.

For the general problem of estimating a parameter vector with analog-amplitude entries correlated
with sensor observations, most of the existing literature examines Gaussian data and Gaussian parameters.
Specifically, when each sensor observes a common scalar random parameter contaminated with Gaussian
noise, the D-R function for estimating this parameter has been determined in [3], [7]-[9], [15] to solve
the so called Gaussian CEO problem. D-R bounds for a linear-Gaussian data model have been derived
in [10] and [11] when the number of parameters equals the number of all scalar observations, with
one scalar observation per sensor. Under a similar setup [17] determines the rate-distortion region in
a two-sensor WSN. Another formulation was considered in [21], where each sensor has available a

vector of observations having the same length as the parameter vector; see also [14] where a two-sensor
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setup is considered. All existing formulations dealing with vectors of parameters and observations are
special cases of the general vector Gaussian CEO problem. In this paper, we pursue D-R analysis for
distributed estimation with WSNs, under the vector Gaussian CEO setup, without constraining the number
of observations in each sensor and/or the number of random parameters to be estimated.

We first determine in closed-form the D-R function for estimating a parameter vector when applying
rate-constrained encoding to the observation data collected by a single-sensor (Section III). Without
assuming that the number of parameters equals the number of observations, we prove that the optimal
scheme achieving the D-R function amounts to first computing the minimum mean-square error (MMSE)
estimate of the source at the sensor, and then optimally compressing at the sensor and reconstructing at
the FC the estimate via reverse water-filling (rwf). The D-R function for the single-sensor setup serves
as a non-achievable lower D-R bound for rate-constrained estimation in the multi-sensor setup. Next,
we develop an alternating scheme that numerically determines an achievable D-R upper bound for the
multi-sensor scenario (Section IV). Using this iterative algorithm we can tackle an analytically intractable
minimization problem and determine a D-R upper bound. Different from [6], which deals with WSN-
based distributed reconstruction, our approach aims at general estimation problems where the parameters
of interest are not directly observed at the sensors. Combining the lower bound of Section III with the
numerically determined upper bound of Section 1V, we specify a region where the D-R function for

distributed estimation lies in.

II. PROBLEM STATEMENT

With reference to Fig. 1 (a), consider a WSN comprising L sensors that communicate with an FC.
Each sensor, say the ith, observes an N; x 1 vector x;(¢) which is correlated with a p x 1 random signal
(parameter vector) of interest s(t), where ¢ denotes discrete time. Similar to [8], [11], [15], we assume
that:
(al) No information is exchanged among sensors and the links with the FC are noise-free.
(a2) The random vector s(t) is generated by a stationary Gaussian vector memoryless source with s(t) ~
N (0,%g;); the sensor data {x;(t)}L, adhere to the linear-Gaussian model x;(t) = H;s(t) + n;(t),
where n;(t) denotes additive white Gaussian noise (AWGN); i.e., n;(t) ~ N (0,02I); noise n;(t) is
uncorrelated across sensors, across time, and with s; and H; as well as (cross-) covariance matrices
Y5 Bg, and Xy, are known Vi, j € {1,...,L}.

Notice that (al) holds when sufficiently strong channel codes are employed to cope with channel

effects. Further, whiteness of n;(¢) and the zero-mean assumptions in (a2) are made without loss of
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generality. The linear model in (a2) is commonly encountered in estimation and in a number of cases
it even accurately approximates non-linear mappings; e.g., via a first-order Taylor expansion in target
tracking applications. Although confining ourselves to Gaussian vectors x;(¢) is of interest on its own,
following arguments similar to those in [1, p. 134], it can be shown that the D-R functions obtained
in this paper upper bound their counterparts for non-Gaussian sensor data x;(¢) with (cross)-covariance
matrices identical to those in (a2).

Blocks XZ(.") = {x;(t)}}_,, comprising n consecutive time instantiations of the vector x;(t), are
(n) — ¢(m) (x<n)), i=1,..., L. These encoded blocks

(n)

)

encoded per sensor to yield each encoder’s output u

’s are decoded to obtain an
(n)

7

are communicated through ideal orthogonal channels to the FC. There, u

estimate of s(™) := {s(t)}7_,, which we denote as ég{,z) CIR u(L")) = gg) =" ,x(L")), since u

(n)

is a function of x; 7. The subscript R signifies the rate constraint which is imposed through a bound
on the cardinality of the range of the sensor encoding functions; namely, the cardinality of the range of
fi(n) must be no larger than onfli where R; is the available rate at the encoder of the ith sensor. The
sum rate satisfies the constraint Zle R; < R, where R is the total rate available for the L sensors. It is
worth re-iterating, that this setup is precisely the vector Gaussian CEO problem in its most general form
without any restrictions on the number of observations /N; at the ¢th sensor, and the number of random
parameters p.

Under the sum rate constraint Z{;l R; < R, the ultimate goal is to determine the minimum possible
MSE distortion (1/n) > 1 E[||s(t) — 8gr(t)||?] for estimating s in the limit of infinite block-length n.
Such a (so called single-letter) characterization of the D-R function is available for the single-sensor case
(L = 1), but not for the distributed multi-sensor scenario. For this reason, our objective in this paper is

to derive (preferably tight) inner and outer bounds on the D-R function of the general vector CEO setup.

ITII. DISTORTION-RATE FOR CENTRALIZED ESTIMATION

We will first determine in closed form the D-R function for estimating s(t) in a single-sensor setup
and provide a scheme that achieves it. The single-letter characterization of the D-R function in this setup
allows us to drop the time index. Here, all observation data {x;}% | := x, whose dimensionality is N, are
available to a single sensor, and are related to the p x 1 parameter vector s according to the linear model
x = Hs+n. The D-R function in this setting provides a lower (non-achievable) bound on the MMSE that
can be achieved in a multi-sensor distributed setup, where each x; is observed and encoded by a different

sensor. Existing works treat the case N = p [5], [13], [19] and transform the D-R function with a remote
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Fig. 1. (a): Distributed setup; (b): Test channel for x Gaussian in a point-to-point link.

source to an ordinary reconstruction D-R problem; see also [18] which provides more general conditions
under which this transformation is possible. Other works deal with practical encoding-decoding schemes
using e.g., vector quantization [12]. However, here we look for the D-R function for general N and p,

in the linear-Gaussian model framework.

A. Background on D-R for Reconstruction

The D-R function for encoding x, which has probability density function (pdf) p(x), with rate R at

an individual sensor, and reconstructing it (in the MMSE sense) as x at the FC, is given by [4, p. 342]

Dy(R)= min E,zxllx—%[°], xeRY, xeR" (1)
ren2n
where the minimization is w.r.t. the conditional pdf p(X|x). Let ¥, = Q,A, QL denote the eigenvalue
decomposition of X,,, where A, = diag(A;1---Azn) and Ay 1 > - > Ay x> 0.

For x Gaussian, D,(R) can be determined by applying rwf to the pre-whitened vector x,, := QZx [4,
p. 348]. For a prescribed rate R, it turns out that 3 k such that the first k entries {x,,(i)}*_; of x,,, are
encoded and reconstructed independently from each other using rates {R; = 0.5log, (A;/d(k, R))}F_,,
where d(k, R) = (Hle )\m)l/k 2-2R/k. while the last N — k entries of x,, are assigned no rate; i.e.,
{R; =0}, and R = S°% | R;. The corresponding MMSE for encoding x,,(7), under a rate constraint
Ri, is D; := E[||xy(i) — Xy (9)||*] = d(k,R) when i = 1,...,k and D; = A\, ; wheni =k +1...,N.
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The resultant overall MMSE (D-R function) is
N
Dy(R) = Ell|lx = %||%] = Ellxw — %u[’] = kd(k, R) + ) Au 2)
i=k+1
where %, = QLx. Note that d(k, R) can be bounded as max({\;}1 . ;) < d(k, R) < min({\z:}F ).
Intuitively, d(k, R) is a threshold distortion determining which entries of x,, are assigned with nonzero
rate. The first & entries of x,, with variance \,; > d(k, R) are encoded with non-zero rate, but the last
N — k ones with variance \;; < d(k, R) are discarded in the encoding procedure (are set to zero).
Associated with the rwf principle is the so called test channel; see Fig. 1 (b) and e.g., [4, p. 345]. The
encoder’s MSE optimal output is u = Qi X +¢, where Q. is formed by the first k& columns of Q,, and
¢ models the distortion noise that results due to the rate-constrained encoding of x. The zero-mean AWGN
¢ is uncorrelated with x and its diagonal covariance matrix ¢ has entries [2gg]ii = Ae,iDi/(A2i — Dy).
The part of the test channel that takes as input u and outputs X, models the decoder. The reconstruction

x of x at the decoder output is

X = Qur®ru = Qu O QL i x + Q1 Oi( 3)

where ©j, is a diagonal matrix with non-zero entries @ = (A\pi — D)/ Az, 1 =1,... k.

B. D-R for Estimation

The D-R function for estimating source s given observation x (where the source and observation are
probabilistically drawn from the joint pdf p(x,s)) with rate R at an individual sensor, and reconstructing

it (in the MMSE sense) as Si at the FC is given by [1, p. 79]

Dy(R) = min  Epg,gllls —8r|*, s€RP, 8gcR? 4)
I (ch(;séil)XS)R
where the minimization is w.r.t. the conditional pdf p(Sg|x).

In order to achieve this D-R function, one might be tempted to first compress the observation x by
applying rwf at the sensor, without taking into account the data model relating s with x, and subsequently
use the reconstructed x to form the MMSE estimate §.. = E[s|x] at the FC. An alternative option would
be to first form the MMSE estimate § = E[s|x], encode the latter using rwf at the sensor by exploiting
only the covariance of §, and after decoding at the FC, obtain the reconstructed estimate S¢.. Referring
to the former option as Compress-Estimate (CFE) and to the latter as Estimate-Compress (EC), we

are interested in determining which one yields the smallest MSE under a rate constraint K. Another

interesting question is whether any of the CE and EC schemes enjoys MMSE optimality in the sense
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of achieving (4). With subscripts ce and ec corresponding to these two options, let us also define the
EITOTIS Sce := S — See and Se. := S — See.

For C'E, we depict in Fig. 2 (a) the test channel for encoding x via rwf, followed by MMSE estimation
of s based on x. Suppose that when applying rwf to x with prescribed rate R, the first k.. € {1,..., N}
components of x,, are assigned with non-zero rate and the rest are discarded. The MMSE optimal
encoder’s output for encoding x is then given, as in Section IIL.A, by u.. = Qf}kcﬁx-l-c ce- The covariance
matrix of ¢, has diagonal entries [3¢ . i = Ao iD/(Aei — D§¢) for i = 1,..., kee, where D§¢ :=
El(xu(i) — %u(i))?]. Recalling that D¢¢ = (Hfgl Am)l/kw 9-2R/kee when i = 1, ..., ke and DS =
Az,i» when ¢ = k. +1,..., N, the reconstructed x in C'E is [c.f. (3)]

X = Qu k.. OccQp . X + Qu .. OceCee (5)
where [Occlii = (A — D§)/Agi, for i = 1,... ke Letting X := QL% = [X] Oy (n_p.)]", with
X1 = @clekceX + ..., we have for the MMSE estimate

Sce = E[S|5{] = E[S|Q£§(] = E[S‘f{l] = 28i1271 X1 (6)

A
since Q7 is unitary and the last N — k., entries of % are useless for estimating s. We show in Appendix

A that the covariance matrix X3, ;.. := FE|[(s — 8c)(s — 8ce)?] of the estimation error .. is

Zéceéce — ZJss - Escfl Ejlv Ei“ls — ZJss - 2sx2x_112x5 + EstxAcngzzs (7)

X111

where A, := diag (Dfe/\;a X DfﬁA;%) Eqgs. (6) and (7) characterize fully the C'E scheme.

X— Elslx] —i—» g-:km —»?9—» O — Qg —»eci
i Cec 5

Fig. 2. (a): Test channel for the C'E scheme; (b): Test channel for the EC' scheme.

In Fig. 2 (b) we depict the test channel for the EC scheme. The MMSE estimate § = FE[s|x] is

followed by the test channel that results when applying rwf to a pre-whitened version of §, with rate R.
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Let X5 = ESzE;xlEES = QgAgQg be the eigenvalue decomposition for the covariance matrix of §,
where A; = diag(Ag1---Asp) and Agq > - > X5, > X5 o1 = -+ = As1 = 0, and p := rank(X,;)
denotes the rank of matrix X,. Suppose now that the first k.. € {1,...,p} entries of §,, = QIS are
assigned with non-zero rate and the rest are discarded. The MSE optimal encoder’s output is given by

Uee = QsTké + ¢, and the estimate S is

Sec = Qi OccQl s, 8+ Qs Occlee (8)

where Qg ;. . is formed by the first k.. columns of Q. For the k.. X k.. diagonal matrices ®.. and
... we have [Occlii = (Asi — D)/ Asi and [B¢, ¢ Ji = AsiDi/(Asq — Di°), where D :=
E[(8w(i) — éec’w(i))Q], and Sccy = QgTéec. Recall also, that D¢ = (Hle /\gﬁi)l/k
it =1,..., ke and D{¢ = XAy, for i = ke +1,...,p. Upon defining A.. := diag (ch---Dgc), the

2~ 2R/kec \when

covariance matrix of S.. is found in Appendix B as
¥s,5. = Bas — Ber Doy Bas + QeAccQl. ©)
The MMSE associated with C'E and EC is given, respectively, by [c.f. (7) and (9)]
Dee(R) :=tr(X5..5..) = Jo + €ce(R), and Deo(R) :=tr(X5,.5..) = Jo + €cc(R) (10)

where €..(R) = (2 Qe A QL X1s), €ce(R) := tI’(QgAecQg), and J, 1= tr(Xgs — Tsp DL Bps) is
the MMSE achieved when estimating s based on x, without source encoding (R — o0). Since J, is
common to both EC and C'E it is important to compare €..(R) with €..(R) in order to determine which
estimation scheme achieves the smallest MSE. The following theorem, proved in Appendix C, provides

such an asymptotic comparison.

Theorem 1: If under (al) and (a2), R > Ry, := 0.5 max {logy (([T6_; Az,i) /02°) ,logy (TT21 Xsii) /(Xs0)?) )
then e..(R) = 72 28/N and €ec(R) = 7927 28/0 where 1, o are constants not dependent on R.

An immediate consequence of Theorem 1 is that the MSE distortion for EC, namely D..(R), converges
as R — oo to J, with rate O(272f/7). The MSE distortion of C'E converges likewise, but with rate
0(2*2R/ N). Typically sensors acquire more observations, namely N, than the number of parameters of
interest p. Having N > p enables identifiability and improved MSE performance in estimating s. With
N > p it clearly holds that p < min(/V,p) < N. Then, the EC scheme approaches the lower bound J,
faster than C'E, implying a more efficient usage of the available rate R. This is intuitively reasonable
since C'E/ compresses X, taking into account only the covariance matrix ., which can result in using

part of the rate to compress components of x that are irrelevant (e.g., noise) to the estimation of s. On the
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contrary, the MMSE estimator S, in EC first extracts from x all the information pertinent to estimating
s, and then performs compression. In that way EC suppresses significant part of the noise and the rate
is allocated more efficiently.

Let us now examine now some special cases to gain more insight about Theorem 1.

Scalar model (p = 1, N = 1): Let x = hs + n, where h is fixed, while s,n are uncorrelated with
s~ N (0,02), n ~N (0,07), and 02 = h®0Z + o2. With 02 and o2 denoting the variances of 5c.

and S, respectively, we prove in Appendix D that

Proposition 1: If (al), (a2) hold and N = p = 1, then Ugm = O’%EC and hence the D-R functions
for EC and CFE are identical; i.e., Dec(R) = Dee(R).

Vector model (p =1, N > 1): With x = hs + n, we establish in Appendix E that:

Proposition 2: If (al), (a2) hold and R < Ry, := 0.5log, (1+ o2||h||?/o?), then ecc(R) = ecc(R),
and thus Dec(R) = Dee(R). For R > Ry, we have €ce(R) > €cc(R); therefore, Dee(R) > Dec(R)

which implies that EC uses more efficiently the available rate.

Matrix-vector model (N > 1, p > 1 and X, = 02I,): For this setup, we have X5, = 02H’ and
D = O‘?HHT +021. Letting H = UhZ]th be the SVD of H, where 3 is an IV X p diagonal matrix
3, = diag(op,1 -+ 0pp), we show in Appendix F that

Proposition 3: If (al), (a2) hold, N > p and R > Ry, with

1 £ o307, 105 /(07 ;0% +0?)
Ryp = =~ max { log, ( <1 + : ,log, . 2 (11)
2 { };[1 o (04", / (0} ,0% + 02)°)

then €ce(R) > €cc(R), implying that the EC is more rate efficient than CE. If N = p, and 3 1i,j € [1, p]
with i # j such that oy, ; # oy, j, then €ce(R) > €q.(R) and consequently Do.(R) > D..(R) VR € [0, 00).
Finally, if for N = p, it holds that o1 = ... = 0}, , then Dee(R) = Dec(R) VR € [0, 00).

Defining the signal-to-noise ratio (SNR) as SNR = tr(HX,;H”)/(No?), we compare in Fig. 3 (a,b)
the MMSE when estimating s using the CE and EC' schemes. With 3, = aglp, p=4and N = 40,
we observe that beyond a threshold rate, the distortion of EC' converges to J, faster than that of C'E,
which corroborates Theorem 1. Notice also that the gap between the EC' and C'E curves for SNR = 2

is larger than the gap for SNR = 4. This is true because as the noise power increases, the portion of the
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Fig. 3. D-R region for EC and C'E at SNR = 2 (a) and SNR = 4 (b).

rate allocated to noise terms in C'E increases accordingly. However, thanks to the MMSE estimator, £C
cancels part of the noise and utilizes the available rate more efficiently.

Our analysis so far raises the question whether EC' is MSE optimal. We have shown that this is the
case when estimating s with a given rate R without forcing any relationship between N and p. A related
claim has been reported in [13], [19] for N = p, but the extension to N # p is not obvious. To this end,
we prove in Appendix G that:

Theorem 2: Under (al) and (a2), the D-R function when estimating s based on x can be expressed as

Ds(R)= min  E[|s —8g|*| = E[lls — 8’| + min  E[||s —sz|?] (12)
p(8r(x) p(8r|8)
I(x;8r)<R I(88r)<R

where § = X, 3 1x is the MMSE estimator, and s — § is the corresponding MMSE.

Theorem 2 reveals that the optimal means of estimating s is to first form the optimal MMSE estimate §
and then apply optimal D-R encoding to this estimate. The lower bound on this distortion when R — oo,
is J, = E[||s — 8||%], which is intuitively appealing. The D-R function in (12) is achievable, because the
rightmost term in (12) corresponds to the D-R function for reconstructing the MMSE estimate § which

is known to be achievable using random coding; see e.g., [1, p. 66]. Theorem 2 implies an important
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separation result regarding estimation of (remote) Gaussian sources. Optimal estimation can be performed
by separately estimating the source s based on the observation x, and then compressing the estimate §
based only on the covariance of S. The important consequence of this result is that the total distortion
D(R) can be minimized after minimizing separately: i) the MSE distortion associated the estimation of
s based on x; and ii) the MSE distortion related to the compression/reconstruction task that is given by

the second term in the right hand side (RHS) of (12).

I'V. DISTORTION-RATE FOR DISTRIBUTED ESTIMATION

Let us now consider the D-R function for estimating s in a multi-sensor setup, under a total available
rate R which has to be shared among all sensors. Because analytical specification of the D-R function
in this case remains intractable, we will develop an alternating algorithm that numerically determines
an achievable upper bound for it. Combining this upper bound with the non-achievable lower bound
corresponding to an equivalent single-sensor setup, when applying the MMSE optimal EC scheme, will
provide a (hopefully tight) region where the D-R function lies in. For simplicity in exposition, we confine
ourselves to a two-sensor setup, but our results can be extended readily to any L > 2.

To this end, we consider the following single-letter characterization of the upper bound on the D-R
function

D(R) = min  Eysuyu s — 8r(w, uz)[?) (13)
p(us|x1),p(uz|x2),8r
I(x;u;,u2)<R

where the minimization is w.r.t. {p(u;|x;)}?_; and §g := 8gr(u1,us). Achievability of D(R) can be
established by readily extending to the vector case the scalar results in [3]. To carry out the minimization
in (13), we develop an alternating scheme whereby us is treated as side information that is available
at the decoder when optimizing (13) w.r.t. p(u;|x;) and Sg(u;, uz). The minimization is carried within
the class of Gaussian auxiliaries up, us. As a starting point, we assume that the side information u, is
the output of an optimal D-R encoder applied to xo for estimating s, without taking into account x;.
This initialization for uy is motivated by the Gaussianity of s and x2, as well as the single-sensor D-R
results in Section III-B. Since x5 is Gaussian, the side information will have the form (c.f. Section III.B)
uy = Qox2 + ¢4, where Q2 € RF2xN> and kg < N, due to the rate constrained encoding of xs. Recall
also that the ko x 1 vector ¢, is uncorrelated with x, and Gaussian; i.e., {; ~ N (0,X¢,,).

Based on 1 := [x] ul]T, which is the information that the decoder can have assuming infinite rate
at the first encoder, the optimal estimator for s is the MMSE one: § = E[s|x1,us] = stﬁlliqp =

Lix; + Lous, where Ly, Ly are p x Ny and p x ko matrices such that ZwEﬁ) = [L; Lg]. If S is
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the corresponding MSE, then s = § 4+ s, where § := s — § is uncorrelated with 1) and § due to the
orthogonality principle. Noticing also that Si(uj, us) is uncorrelated with § because it is a function of

x1 and ug, we obtain El||s — éR(ul,ug)HQ] = E[||s — éR(ul,ug)Hg] + E[||§H2], or,
E[|ls — 8g(u1,u2)|*] = E[||Lix1 — (8g(u1, uz) — Louy)||?] + E[||8]*]. (14)

Since x; and xo are correlated, and u; is stochastically related with x; through the conditional pdf
p(u1]|x1) we have the Markov chain (MC) (x2,u3) — x; — uj. Using MC properties, we obtain after
some simple algebra that I(x;uy,us) = Ro + I(x1;u1) — I(ug;uy), where Ry := I(x;uy) is the rate
consumed to form the side information ug; while the rate constraint in (13) becomes I(x;uy,uz) <
R < I(x1;u1) — I(u2;u1) < R — Ry := R;. The new signal of interest that we wish to reconstruct in

(14) is L;x;. Continuing, we prove in Appendix H that
I(xl;ul) = I(lel;ul) (15)

Using (15), we obtain I(x1;u;) — I(ug;uy) = I(Lix;;u;) — I(ug;uy), and from the RHS of the last
equation, we deduce the equivalent rate constraint /(Lixj;u;) — I(ug;u;) < R;. Combining the latter

with (14) and (13), we arrive at the D-R upper bound

D(Ry) = o, i E[|ILix1 — (8r(u1, up) — Lowa)|’] + E[[3]1%) (16)
I(Lixisun)—1 (uua) <Ry

through which we can determine an achievable D-R region, having available rate R; at the encoder and
side information uy at the decoder. Since x; and uy are jointly Gaussian, we can apply the Wyner-Ziv
result [20], which allows us to consider that uo is available both at the decoder and the encoder. This,

in turn, permits re-writing the first expectation in (16) as

) min E[HLle — (éR(ul, UQ) — L2u2)||2]. (17)
p(8r|Lix1,us2)
I(Lix1;8R|u2) <Ry

If 81 := E[Lix1|ug] = L12x1u22;21wu2 and §; is the corresponding MSE, then we can write Lyx; =
81 + 81. For the rate constraint in (17), we have

I(L1X1;§R|UQ) = I(L1X1 — él;éR — L2u2 — §1|UQ) = I(gl;éR — L2u2 — él) (18)

where the first equality holds because us is given; the second one holds since us is uncorrelated with
S1, due to the orthogonality principle; and likewise, uy can be uncorrelated with Sp12(ur,uz) =

Sr(ur,uz) — Lauy — 81, since Sp 12 is the reconstructed version of §; which is uncorrelated with us.
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Utilizing (17) and (18), we arrive at

E(Rl) = EH|§H2] + p(émir|l§ ) E||s1 — éR,lQ(UI,UQ)HQ]. (19)
I(5: ;51;,1122);1%1

Notice that the minimization term in (19) is the D-R function for reconstructing the MSE §; with rate
R;. Since s; is Gaussian, we can readily apply rwf to the pre-whitened vector Q;-Flél for determining
l:?(Rl) and the corresponding test channel that achieves l:)(Rl) (c.f. Section III.A). Through the latter,
and considering the eigenvalue decomposition 3z 5, = Qg diag(As, 1 - )\gl,p)le, we find that the first

encoder’s output that minimizes (13) given side information u, has the form

u = Qng,le1X1 +¢ = Qux1 +¢; (20)

where Qjz, r, denotes the first k1 columns of Qj,, k1 is the number of Qngél entries that are assigned
with non-zero rate, and Q; := QgThlel. The ki x 1 AWGN ¢; ~ N (0,X,¢,) is uncorrelated with
x1. Additionally, we have [¢ ¢, ]ii = A5, iD}/(As, i — D}), where D} = (Hf;l )\gl’i> R 9—2R:/k1 for
i=1,...,k, and Dl-1 = As, s when i = k; +1,..., p. This way, we are able to determine also p(u;|x;).

The reconstruction function has the form
R T -1 -1
sp(ur,u2) = Qz, 1, O1u1 — Q3, £, 01Q5, 4, L1y, X, 02 + L3y 4,3 us + Loug (21)

where [©1];; = (As,i — D!)/As, . and the corresponding MMSE is D(R;) = "_1 Dj + E[|s]1%.
Notice that due to the uncorrelatedness of ug with x; — E[x;|us], the vector §; can also be expressed as
§1 = E[s|x; — E[x1|ug]], and the MMSE estimate § can be rewritten as § = F[s|us]+ E[s|x; — E[x1|ug]].
Interestingly, it can be seen from (19) and the last expressions for §; and §, that the MSE optimal
approach for estimating s with side information us is exactly the £C scheme with the difference that in
the compression step we apply rwf to the part of the MMSE estimate S that is formed by the “innovation”
signal x; — E[x;|uz], namely E[s|x; — E[x;|uz]]. Note that the optimal encoder for sensor 1 in (20)
has the same structure as the one assumed for the side information us at the initialization step. Thus, we
can proceed as described earlier to determine the optimal encoder for sensor 2 after treating u; in (20)
as side information.

The approach in this subsection can be applied in an alternating fashion from sensor to sensor in order
to determine appropriate p(u;|x;), for i = 1,2, and Sg(uj, uy) that at best globally minimize (16). The
importance of the algorithm lies on the fact that it provides a way to numerically tackle (16) and determine
an achievable D-R upper bound when estimating s at the FC based on compressed sensor observations.

The conditional pdfs can be determined by finding the appropriate covariances X¢,¢,. Furthermore, by
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specifying the optimal Q; and Qs, we have a complete characterization of the encoders’ structure.
Relative to [6], the algorithm here can be applied to derive D-R upper bounds in general estimation
setups where the parameter vector s that the FC wishes to estimate-reconstruct based on compressed
sensor data, is observed at the sensors via x;’s. The scheme in [6] can be viewed as a special case of

the present one corresponding to x; = s. The resultant algorithm is summarized next.

Algorithm:
Initialize ng), Qg)), Eg?)cl, 222)42 by applying optimal D-R encoding to each sensor’s test channel in-

dependently. For a total rate R, generate M random increments {r(m)}M_,, such that 0 < r(m) < R

m=0>
and Z%zor(m) = R. Set R1(0) = R3(0) =0, and for j =1,...,M, set R(j) = Z{:OT(Z).
for 1 =1,2

i= mod (i,2) + 1 %The complementary index

Ro(j) = I(x; uz(.j )) % ugj ) is the side information provided by the ith sensor
Use ngfl), Zgél),R(‘j)jRo(j) to determine ng), Zgél and distortion D(R;(j))
from (20) and (21).
end
Update the matrices Ql(j), Eggl that result the smallest distortion D(Ry(5)), with | € [1,2]

Set Ri(j) = R(j) — I(x;u?) and R(j) = I(x;u?).

In Fig. 4, we plot the non-achievable lower bound which corresponds to one sensor having available the
entire x and using the optimal EC scheme. The same figure also depicts an achievable D-R upper bound
determined by letting the i-th sensor form its local estimate §; = Es|x;], and then apply optimal D-R
encoding to §;. If Sg 1 and Sg o are the reconstructed versions of S; and 89, respectively, then the decoder
at the FC forms the final estimate as §p = E[s|Sg 1, Sr,2]. We refer to this approach as the decoupled EC
scheme. We also plot the achievable D-R region determined numerically by the alternating algorithm. For
each rate, we keep the smallest distortion returned after 500 executions of the algorithm simulated with
Y =1, p=4, and N1 = Ny = 20, at SNR = 2. We observe that the proposed algorithm provides a
tighter upper bound for the achievable D-R region than the one obtained using the decoupled EC strategy.
This is expected since the proposed algorithm takes into account the cross-correlations among the sensor
data when determining the encoders, whereas the decoupled EC approach does not. This way the rate
wasted to encode redundant information is reduced. Using also the non-achievable lower bound (solid

line), we have effectively reduced the ‘uncertainty region’ where the D-R function lies.
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Fig. 4. Distortion-rate bounds for estimating s in a two-sensor setup, where SNR = 2, N1 = Ny = 20 and p = 4.

V. CONCLUSIONS

We derived inner and outer D-R bounds for the generalized Gaussian CEO problem. Specifically, we
determined the D-R function for estimating a random vector in a single-sensor setup and established
optimality of an estimate-first compress-afterwards (EC) approach along with the (sub)optimality of a
compress-first estimate-afterwards (CE) alternative. When it comes to estimation using multiple sensors,
the corresponding D-R function can be bounded from below using the single-sensor D-R function
achieved using the E'C' scheme. An alternating algorithm was also derived for determining numerically
an achievable D-R upper bound in the distributed multi-sensor setup. Simulations demonstrated that the
numerically determined upper bound is more tight than analytically found alternatives (cf. the decoupled
EC scheme), which is expected since the novel algorithm accounts for the cross-correlations among sensor
data during the design of the encoders.

Issues of interest not accounted by this paper’s analysis include general (possibly non-linear) dynamical

data models where the distribution of the observation data is no longer stationary or Gaussian.'
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APPENDIX
A. Proof of Equation (7)

Using (6) we find that the covariance matrix of S.. is given by 3; 3. = X — 255312?{ 3+, s. From

E1
the definition of X1, it also follows that

oo = BorQuk. Ocer B, = Ofe(Aur. + Be..c..) (22)
where A, .. denotes the first k.. diagonal entries of A,. Apparently, the k.. X k.. matrix Xz z, 1is
diagonal with entries [£z,5,)ii = [O%([Alii + [Bc..c..)i) = Aui — D§°. Let us define the diagonal
matrix D := diag(D{*, - - - ,D]C{;) and let Dze denote the upper left k.. x k. submatrix of D. We
then have 3,3, = Ay, — D} using which we can write

25112“_1' 2215 = EszQx,kcegce(Ax,kce - Diic)_l(acle,kceEzs

11
= B0 Quk. Ay; (Avk., —DF QL Tus. (23)

Let DY, —and A; y_i,, denote the lower right submatrix of D and A, respectively; and similarly,
let Qg n—., be formed by the last N — k.. columns of Q. Because the last N — k.. entries of Qfx
are not assigned any rate, we have DY, = Ay N, . Adding and subtracting from (23) the matrix
Y5 Qy, N*kceA;,%V—kceD?\?—kceQZ, N_kwEm and also adding the matrix 3,,, we arrive at the RHS of

7). O

B. Proof of Equation (9)

Starting from the definition of the covariance matrix of .., we have 3z_z.. 1= E[(s —8¢c)(s — 8ce)T ]| =

Yos — X5, — 25,5 T 2s,,5..- An expression that will prove useful result for our subsequent analysis is
S5 = Bls8’] = BB, Bas = Tss = QsAsQL (24)
Furthermore, we will use the (cross-)covariance matrices
Bt = Des Qo OecQiy,.

= Qs Asik,. OccQl .. (25)

5. = Qo O (Ask, +Ze.c.) Q.- (26)
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Substituting (25) and (26) into X35, , we obtain
25,5, = s + Qar, QQL 4. 27
where Q := ©2 (Agk.. +Xc.c..) —2A5k..Occ = Acck,. — Ask.., and A,cy,. denotes the kee X ke

upper left submatrix of A... Since Df¢ = A\ ; fori = kec+1,...,p, we have A 1 . = Aecp—k.., Where
Asp—i,. and Acc . denote the (p—Fkec) X (p—ke.) lower right submatrices of Az and A, respectively.

Adding and subtracting the matrix Qg ,—x.. Az — k“Q from (27), where Qg j,—.. is formed by the

$,p—kec

last p—k.. columns of Q3, we arrive at (9).

C. Proof of Theorem 1

Consider first the C'E scheme with k.. = N. In this case, the rwf threshold is given by
1/N
dee(N, R) = D§® = (H /\m) (c?)N=P)/No=2B/N =y — 1 N, (28)

Since for k.. = N all entries of Qfx are assigned with non-zero rate, we infer that d..(N, R) < o2, or,

(1/2) log, ((H As, ) ) ‘= Ree. (29)

Focusing on the EC' scheme for k.. = p, we have

1/p
dec(p, R D“=<HA“) 272l =1, p. (30)

equivalently

When k.. = p, all entries of Qgs are assigned with non-zero rate. The latter implies that d..(p, R) < A; ps

> (1/2)log, ((HA) ap );: Ree. 31)

If R > max(Rc, Rec), then we have k.. = N and k.. = p. Additionally, we can easily obtain

which translates into

A, = 2 2B/N ardiag( A7, AL N), Ae = diag(272/P a1, 0) (32)

where oy == ([]%_; /\x,i)l/N (e2)N=P)/N and ag == ([T7_, )\gyi)l/p. Since a1, a2, Qz, Qs and { N, ;i 1Y,
do not depend on R, it follows readily that e..(R) = tr(2:, Q. A QLX) = 712 2B/N and €ec(R) =

tr(QgAecQg) = 7,27 21/P where 71,2 are constants, not dependent on R. []

D. Proof of Proposition 1
For the CE scheme, A, = 0,;2272F = (h?02 4 02)~12721 while the variance of 3. is agce =

Jo+ (E[s2])2Ace = 02 — h202(02) 7! + h202 Ae; or, equivalently

o? — W00, ? + hPoi(h?o] +op) 27 2H, (33)

Sce
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Likewise, we have for the EC scheme that A., = 02272% = h20t0, 22728, while 0 = J, + A, or,

Ugec =02 — h20t0? + h20}(h202 + o2) 1272k, (34)

It then follows readily from (33) and (34) that 02 =03 . [

E. Proof of Proposition 2

Using the vector model x = hs + n, we can easily verify that A, = diag (62 + oZ||h[%, 02, ,0?)
and Q; = [qu1,** , Qs N], Where q;1 = (h/[/h]). In the CE scheme, if dee(kee, R) > o2 then only
the first entry of Q;‘fx is assigned with positive rate; while if dee(kee, R) < o2, then all the elements of
QJT:X are assigned with non-zero rate. Thus, k.. can be either 1, or, N. When k.. = 1, the rwf threshold
is given by de.(1,R) = (02||h||? + 02)272%. Because for k.. = 1 we must have de.(1, R) > o2, we
deduce that
R < (1/2)logy (1 + (o7 ||h]*)/0?) := Ry (35)

If R > Ry, we have k. = N and the threshold is de.(N, R) = (o2||[h||> 4 02)(1/N) (¢2) 171/ 9=2R/N
while the distortion term €..(R) = tr (stQxAcleZm) is given by

p22r, R < Ry,
B (@2 + o)) TV 2N R > Ry,

where 3 = o%||h||?(c2||h||> 4 02)~!. For the EC scheme, we obtain 02 = 02h” Q,A;'Q’h = §. Since

=

ce(R) = tr(0?hTQ,A..Q h) = (36)

in the FC scheme we compress the MMSE estimate 3, we have e..(R) = 272, ¥ R. The result now
follows immediately after direct comparison of €..(R) with €..(R) when R < R, and when R > Ry,

respectively. [J

FE. Proof of Proposition 3

From the matrix-vector model x = Hs-+n, it follows immediately that Q, = Uy, and A, = diag(a207, | +

2 2

2
[0} 7.”70—5

UIQW + 02,02,--- ,0?). The covariance of § can be written as Xz = 02V, X} (02,37

+02I)_1Zth. Furthermore, we can easily verify that Q; = V}, and

As = diag (050} 1) (0207, +0°) 71 oo (o507 ) (0207 , +0°) 71,0, ,0).

Focusing on the C'E scheme, we have ESxQxAcngﬁm = JﬁVhZ)fAceEth and the trace of the

4N

last matrix is e..(R) = 02 >%_ (03 ,D$) (0207 , + 0®) 2. When k.. = N, all the components in QI x

7

are assigned with non-zero rate and the rwf threshold is

p 1/N
dee(N, R) = D$® = (H(a%ii + 02)> (o2)N=P)/Ng=2R/N " — 1 N. (37)

s
i=1
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Notice also that d..(N, R) < o2 implies
o
> (1/2) log, (H(l + (030,371.)0—2)) = Ree. (38)
i=1
In the EC scheme, the trace of QgAecQg is equal to €c.(R) = tr(A¢c) = >0 D¢, When ke, = p,
the corresponding rwf threshold is given by
1/p

P
dec(p, R) = D = HUJM Uahl—i—a) ! o72R/e i=1,... p. (39)

The equality k.. = p is satisfied when dec(p, R) < (0507 (0307 , + 0?)~", which yields the rate

constraint 0 9
o? (62 .02+0
R> (1/2)log, | —5" nalohi%s £ 07T Ree. (40)
(O'h,p)p(o'h,p S +o )_p
Notice that when R > max(Rce, Rec), we have kee = N, ke = p, while
P P
cee(R) = 0io2 2 FIN(T [ ((020% ) > + 1)V D " af i(odoh ; +0%) 72, (41)
7=1 =1
€ee(R) = pota—2Rle H (o2of ; + o) )P, (42)

For N > p and after some algebralc manipulations, we conclude that for e..(R) > €..(R) to hold, we

must have
p —
> (1/2)logy ([ [(1 + (0207 )0 72)) + Np(2(N — p)) ' logy v := R, (43)
i=1
where )
v =[] orilon 0 + %)) _12 i(oh 02 +0%)72)7h
i=1

From the arithmetic mean-geometric mean inequality, we further deduce that v < 1, which in turn implies
that max(Ree, Ree) > R. Thus, €..(R) > €cc(R), when N > p and R > max(Rce, Rec). When N = p,
it follows readily from (41) and (42) that if o, = oy, for ¢ = 1,...,p, then e(R) = €.(R) VR;
otherwise, €.c(R) > €..(R) VR. O

G. Proof of Theorem 2

Using the orthogonality principle, we can write s = § + S, where S is independent of x; thus
Ellls - 3rl1°] = E[l8 - 8&/*] + E[]3]%] (44)
which stems directly from the fact that § and S are independent of s since they are functions of x. In
order to arrive at (12), it suffices to show that I(x;Sgr) = I(S;SR).
To this end, consider the SVD of X, = stSmVsm,
recall that p = rank(X,,), and we define the N x N matrix T := [(Q] X %;;)", Vo v |7, where

where Vg, is an IV X N unitary matrix. Further,
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V2, N—, contains the last N — p columns of V.. Note, that vT ET ONn_pxp- We will prove

sx,N—p

by contradiction that T is invertible. Suppose that there exists an N X 1 nonzero vector u such that

ul'T = 07 i.e., assume that u := [u] u?]7 satisfies

u{ QB2 +ui VL v, =0". (45)

If u; = 0, or, ug = 0, then (45) yields u V

that ul vZI Nep

v, =0T o, ulQf =, 3! = 07 respectively. Note

= 07 cannot be true for uy # 0 since VL is a full row rank matrix. Similarly,

st,N—p

QT 325 = 07 requires ul Q7 §p2sz = 07 which is impossible for u' # 07 because the columns
of Qg are orthogonal to the nullspace of > T . Consider next the case where both u; and up are
nonzero. Upon defining u] := ZsTng’pul and uj := Vg, y_,Up, it can be readily seen that u} and uj

are orthogonal; while u/ cannot be zero for u; # 0, since the columns of Qg , are orthogonal to the

nullspace of XL . Thus, from (45) we arrive at
(u) '35, + (up)" =0 (46)

which further implies that (u})T X ) = 0. Since X, is full rank the latter leads to a contradiction
which establishes that T is invertible.

Upon multiplying T with the observation vector x, we obtain

Tx = [( g:pxsxxx_xlx)T (VS:EN p )T]T: [(QTpé)T (VszN p )T]T (47)

where the second inequality in (47) holds because § = ES;EE;IIX. Further, the cross-correlation matrix

of QT S with st N—pX, is given by

Qng[éXT]VSLN—p = Qg:pzsxvsac,N—p = OpXN—p- (48)

The uncorrelatedness in (48) implies that the Gaussian vectors QT S and Vsm N—pX are independent.

Using the invertibility of T, we obtain

I(x;8g) = I(Tx; sR)—I(VmN ps SR)—i-I(Q ssR\stN 2X)-

Now, the optimal estimate §z can be independent of V. x without affecting the distortion, since

st,N—p

the second is uncorrelated with s and does not contain any information relevant to the estimation of s;

thus, we have that I(8z; VL x) = 0. Since QT § and VL x are independent, we obtain that

st,N—p st,N—p
I(Qf8:8rIVE, v %) = I(QT 8;8R), which implies that
I(X' sr) = 1(Qf ,8:8r) = I(Q 8;8r) + 1(QL,_,8:8rIQL 8) = 1(Q8;8r) = I(8;8r)  (49)

where the second equahty in (49) holds because Q! § offers no information for estimating s, and 8

8,p—p

and Q s are independent of Qs — ps (I
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H. Proof of Equation (15)
After expressing 2;; in terms of 3, » , X5, , Zu,u, We find that

Ly = (T, = Do D Bes) (Zser = B B B ) (50)
Let rank(H;) = p; and consider the SVD H; = UhlilhlV;l. Also, let Uy, := [Up, , Uy, _, | and

3k, 0, denote the upper left p; x p; diagonal submatrix of X, which contains the p; positive singular

values of H;. Based on these definitions, we can re-express the matrices inside the parentheses in (50)

as
Sorr — S D Sunrs = (s — Zsun D, S HT
= (zss — Y, 21:21u2 Equ)Vhl,mEhhm Uz;l,pl (51
and

Z]961961 - 211“2271 Eu2fr1 = Uh1,p1 EhluplvT (ESS - ESUQEil EUZS)VhlaplzhlvplUgl,Pl + 02Uh1U£1

U2 U2 hi,p1 U2U2

= Uy, diag(Q, 0”1y, —,) U}, (52)

where Q := Ehl’prgl o (Bss — s B, Bzs) Vi oy Bihy py + 021, Upon substituting (51) and (52)
into (50), we obtain
Li = (Zss — s Dui, Zins) Vi oy Sy s UL (53)

U2U2 hi,p1°

To proceed, we assume that rank(3s; — 3 suQZ;;uQZuQ s) = p. If this is not the case, we can use instead
as side information the random vector ug = ug + v, where v is white noise with very small power. In
so doing, we ensure that rank(L;) = p; and range(LT) = span(Uy, ,,). The next step is to show that
I(x1;u;) = I(Lix1;11). To this end, let L1 ¥, ., LT = Qp, Ay, Q:LF1 be the eigenvalue decomposition
of the matrix Llﬁxller{. As in Appendix G, we will consider the N; x Nj invertible matrix T; =
[(QL, ,,L1)" Up, N, —p,]" Multiplying T} with x;, we obtain T1x; = [(QF, , Lix1)” (U}, y, _, m)"]";
and based on the latter, we obtain

I(x1;u1) = I(T1x1511)
= I(Q,{l,pllela UZI,Nl_p1 ng;uy)
= I(Ufl,Nl_plnl; ug) + I(Qa,plLle; u1|U£17N1—p1n1)
= I(le,pquXl; uy) (54)

where (54) follows because: (i) vectors Uzl Ni—p, 1 and Q%I p1L1X1 are independent; and (ii) u; can

also be independent of Ugl Ni—p, 1 Without affecting the resulting distortion. Evaluating (54) in terms
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of the mutual information /(L;x1;u;), we find

I(Lyxy;up) = I(QF, Lixy;uyp)
_ T . T . T
= 1(QL, p, Lixi;ur) + 1(Qp, p—p, Lix1;w|Qp, , Lixy)
= 1(Q7, , Lixi;w) + h(w|QF, , Lnxt) — h(w|Q7F, , Inx1, QL , ,, Lixi)
= 1(Q7, ,, Lix1;w) (55)

where (55) follows since Qfl - P1L1X1 does not convey additional information about u;, beyond what

is provided by Q%hpllel. Combining (54) and (55), we conclude that I(x;;u1) = I(Lixg;up). O

Ioannis D. Schizas received the Diploma in Computer Engineering and Informatics with Honors from the

University of Patras, Patras, Greece, in 2004 and the M. Sc. degree in electrical and computer engineering

PLACE from the University of Minnesota, Minneapolis in 2007.
PHOTO Since August 2004, he has been working toward the Ph.D. degree with the Department of Electrical
HERE

and Computer Engineering, University of Minnesota, Minneapolis. His research interests lie in the areas

of communication theory, signal processing, and networking. His current research focuses on distributed

signal processing with wireless ad hoc and sensor networks, and distributed compression and source coding.

Georgios B. Giannakis received his Diploma in Electrical Engr. from the Ntl. Tech. Univ. of Athens,
Greece, 1981. From 1982 to 1986 he was with the Univ. of Southern California (USC), where he received

PLACE his MSc. in Electrical Engineering, 1983, MSc. in Mathematics, 1986, and Ph.D. in Electrical Engr., 1986.
PHOTO Since 1999 he has been a professor with the ECE Department at the Univ. of Minnesota, where he now
HERE

holds an ADC Chair in Wireless Telecommunications.

His general interests span the areas of communications, networking and statistical signal processing

- subjects on which he has published more than 250 journal papers, 450 conference papers, two edited books and two
upcoming research monographs on Space-Time Coding for Broadband Wireless Communications (Wiley 2006) and Ultra-
Wideband Wireless Communications (Cambridge Press 2007). Current research focuses on diversity techniques, complex-field
and space-time coding, multicarrier, cooperative wireless communications, cognitive radios, cross-layer designs, mobile ad hoc
networks, and wireless sensor networks.

G. B. Giannakis is the (co-) recipient of six paper awards from the IEEE Signal Processing (SP) and Communications Societies
including the G. Marconi Prize Paper Award in Wireless Communications. He also received Technical Achievement Awards from
the SP Society (2000), from EURASIP (2005), a Young Faculty Teaching Award and the G. W. Taylor Award for Distinguished

Research from the University of Minnesota. He has served the IEEE in a number of posts.

January 17, 2008 DRAFT



EURASIP JOURNAL ON ADVANCES IN SIGNAL PROCESSING (TO APPEAR) 24

Nihar Jindal received the B.S. degree in Electrical Engineering and Computer Science from U.C. Berkeley

in 1999, and the M.S. and Ph.D. degrees in Electrical Engineering from Stanford University in 2001

PLACE and 2004. He is an assistant professor in the Department of Electrical and Computer Engineering at
PHOTO the University of Minnesota. His industry experience includes summer internships at Intel Corporation,
HERE

Santa Clara, CA in 2000 and at Lucent Bell Labs, Holmdel, NJ in 2002. Dr. Jindal currently serves

as an Associate Editor for IEEE Transactions on Communications. Dr. Jindal’s research spans the fields

of information theory and wireless communication, with specific interests in multiple-antenna/multi-user channels, dynamic
resource allocation, and sensor and ad-hoc networks. Dr. Jindal was the recipient of the 2005 IEEE Communications Society
and Information Theory Society Joint Paper Award, and the University of Minnesota McKnight Land-Grant Professorship Award
in 2007.

January 17, 2008 DRAFT



