
On the GaussianK-description problem under
symmetric distortion constraints
Chao Tian

AT&T Labs-Research
Florham Park, NJ 07932, USA.

tian@research.att.com

Soheil Mohajer Suhas Diggavi
Ecole Polytechnique F́ed́erale de Lausanne (EPFL)

Lausanne, Switzerland, CH 1015
Email: {soheil.mohajer, suhas.diggavi}@epfl.ch

Abstract—We consider multiple description (MD) coding for
the Gaussian source under the symmetric mean squared error
distortion constraints. With focus on the three description prob-
lem, we provide inner and outer bounds for the rate region,
between which the gap can be bounded by some small constants.

At the heart of this result is a novel lower bound for the
sum rate, which is derived through generalization of the well-
known bounding technique by Ozarow. In contrast to the original
method, we expand the probability space by more than one
(instead of only one) random variable, and further impose a
particular Markov structure on them. The outer bound is then
established by applying this technique to several bounding planes
of the rate region. For the inner bound, we consider a simple
scheme of combining successive refinement coding and lossless
multilevel diversity coding (MLD). Both the inner and outer
bounds can be written as the intersection of ten half spaces with
matching normal directions, and thus can be easily compared.
The small gap between them, where the boundary of the MD rate
region clearly resides, suggests the surprising competitiveness of
this simple achievability scheme. The geometric structure of the
MLD rate region provides important guidelines as to the normal
directions of the outer bound hyperplanes, which demonstrates
an intimate connection between MD and MLD coding. These
results can be generalized and improved in various ways which
are also discussed.

I. I NTRODUCTION

In the multiple description (MD) problem, a source is
encoded into several descriptions such that any subset of them
can be used to reconstruct the source with certain specified
quality. The problem is well motivated by source transmission
over network with path failure or packet network with loss,
since there exists uncertainty as to which transmissions (or
packets) are received successfully by the receiver.

Even in the seemingly simple situation with two descrip-
tions, the only solved case is the quadratic Gaussian problem
[1], for which the achievable region in [2] is tight. Zhang
and Berger showed that this achievable region is however not
tight in general [3], and a complete characterization of the
rate-distortion (R-D) region has not been found. In [4][5],an
achievable rate was provided for the symmetric case with many
(> 2) descriptions. Wang and Viswanath [6], [7] generalized
the scalar MD problem to vector Gaussian source with many
descriptions, and tight sum rate lower bound was established
for certain cases with onlytwo levels of distortion constraints.

In this work, we focus on the three description scalar Gaus-
sian problem under symmetric quadratic distortion constraints,

and provide both inner and outer bounds to the rate region.
At the heart of the result is a novel lower bound for the
sum rate, which is the first lower bound with more than
two levels of distortion constraints to appear in the literature,
to the best of our knowledge. We derive this lower bound
by generalizing Ozarow’s technique in treating the Gaussian
two-description problem. More specifically, we expand the
probability space of the problem by more than one auxiliary
random variable, and impose certain Markov structure on
these random variables. Ozarow’s technique has been applied
to various problems besides the MD problem [1], [6], [7],
for example, the results on multi-terminal source coding by
Wagner and Anantharam [8], and the joint source channel
coding problem with bandwidth expansion by Reznicet al.
[9]. However, in all these previous works the probability space
was expanded by only one additional auxiliary random vari-
able, which appears insufficient for the generalK-description
problem in consideration.

A simple inner bound is considered in this paper by com-
bining successive refinement (SR) coding [10] and lossless
multilevel diversity (MLD) coding [11], [12], which was in
fact considered previously by Zamir and Yeung [13] in a
slightly different context; we shall refer to this scheme asthe
SR-MLD scheme. This scheme provides an achievable region
with the same geometric structure as the rate region of the
MLD coding problem, which can be written as the intersection
of ten half spaces. With this inner bound in mind, we derive ten
lower bounds for the bounding planes of the MD rate region.
The resulting outer bound is shown to differ from the inner
bound by some small universal constants independent of the
specific distortion constraints.

This result can be further improved in several ways. It
can be generalized to any number of descriptions under
symmetric distortion constraints, as well as asymmetric dis-
tortion constraints. We shall discuss certain aspects of these
improvements and generalizations.

II. N OTATION AND PROBLEM DEFINITION

Let {X(i)}i=1,2,... be a memoryless and stationary Gaus-
sian source with zero-mean and unit-variance. The vector
X(1),X(2), ...,X(n) will be denoted asXn. The mean
squared error (MSE) distortiond(xn, yn) = 1

n

∑n

i=1(x(i) −
y(i))2 will be used. We adopt the notation in [12]. A length-n



block of the source samples is encoded into three descriptions.
Let v be a vector in{0, 1}3, and denote thei-th component
of v by vi. Define

Ωα
3 = {v ∈ {0, 1}K : |v| = α}, α = 1, 2, 3 (1)

where |v| is the Hamming weight ofv, and defineΩ3 =
⋃3

α=1 Ωα
3 . We have

Ω3 = Ω1
3 ∪ Ω2

3 ∪ Ω3
3

= {100, 010, 001} ∪ {110, 101, 011} ∪ {111}. (2)

Decoderv, v ∈ Ω3 has access to the|v| descriptions in the
set Gv = {i : vi = 1}. The symmetric distortion constraints
are given such that any decoderv can reconstruct the source to
satisfy a certain distortionD|v|, i.e., the distortion constraint
depends only on the number of descriptions the decoder has
access to, but not the particular combination of descriptions.
The notationIk is used to denote the set{1, 2, ..., k}.

Formally, an(n,M1,M2,M3, (∆v ,v ∈ Ω3)) code is de-
fined by encoding functionsSi and decoding functionsTv

Si : R
n → IMi

, i = 1, 2, 3,

Tv :
∏

i∈Gv

IMi
→ R

n, v ∈ Ω3,

and

∆v = Ed(Xn, Tv(Si(X
n), i ∈ Gv)), v ∈ Ω3, (3)

whereE is the expectation operator.
A rate triple (R1, R2, R3) is (D1,D2,D3)-achievable if

for every ǫ > 0, there exists for sufficiently largen an
(n,M1,M2,M3, (∆v ,v ∈ Ω3)) code such that

1

n
log Mi ≤ Ri + ǫ, i = 1, 2, 3, ∆v ≤ D|v| + ǫ, v ∈ Ω3.

We are interested in the collection of all the(D1,D2,D3)-
achievable rate triples, which is denoted asR(D), whereD =
(D1,D2,D3).

III. T HE SR-MLD CODING SCHEME RATE REGION

The symmetric MLD coding problem was considered in
[11], which can roughly be described in the context we are
considering as follows.

Three independent sourcesV1, V2 and V3 are observed at
the encoder, and encoded into three descriptions. The decoders
T100, T010 andT001, which are called the first level decoders,
should reconstructV1 losslessly in the Shannon sense, the
decodersT110, T101 andT011 should reconstruct(V1, V2), and
decoderT111 should reconstruct(V1, V2, V3).

The achievable rate region was characterized in [11] for this
coding problem, which can be written as

Ri ≥ H1, i = 1, 2, 3, (4)

Ri + Rj ≥ 2H1 + H2, i 6= j, i, j ∈ {1, 2, 3}, (5)

2Ri + Rj + Rk ≥ 4H1 + 2H2 + H3,

i 6= j 6= k, i, k, j ∈ {1, 2, 3}, (6)

R1 + R2 + R3 ≥ 3H1 +
3

2
H2 + H3. (7)
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Fig. 1. A typicalR̂(D) .

whereHi , H(Vi) for i = 1, 2, 3. The coding scheme has
two effective steps for each sourceVi: 1) the source vector
V n

i is encoded (independently of other sources) into a stream
Bi of rate approximatelyHi, 2) this stream is mapped by
three hash functions (similar to binning) into hash indices, one
for each description, and the hash indices are written into the
descriptions. It is easily seen that there exists hash functions
such that with a set of descriptions, as long as the sum rate
of the hash functions for eachBi is larger thanHi, these
descriptions can be used to jointly decodeBi and subsequently
recoverV n

i losslessly in the usual Shannon sense.
Consider now constructing the bitstreamBi using thei-th

layer of a successive refinement code for the Gaussian source,
to satisfy distortion constraintDi, for i = 1, 2, 3. Since the
Gaussian source is successively refinable [10], the following
rate ofBi is achievable

Ĥi =
1

2
log

Di−1

Di

, i = 1, 2, 3. (8)

whereD0 , 1. Clearly the result [11], i.e., (4)-(7), implies that
the following rate region, denoted aŝR(D), is achievable for
the MD problem.

Ri ≥
1

2
log

1

D1
, i = 1, 2, 3, (9)

Ri + Rj ≥ 1

2
log

1

D1D2
, i 6= j, i, j ∈ {1, 2, 3}, (10)

2Ri + Rj + Rk ≥ 1

2
log

1

D2
1D2D3

,

i 6= j 6= k, i, k, j ∈ {1, 2, 3}, (11)

R1 + R2 + R3 ≥ 1

4
log

1

D3
1D2D

2
3

. (12)

Formally we have the following theorem.
Theorem 1: R̂(D) ⊆ R(D).



This theorem is also implied by the result in [13], though
the problem considered there is defined to be more restrictive:
the reconstructions by decodersTv , |v| = k, are exactly the
same for any fixed valuek. In Fig. 1, we show a typical rate
region of the lossless MLD coding problem, which clearly
bears the same geometric structure asR̂(D). This region is
a polytope with ten faces, and our plan is to derive an outer
bound which is also a polytope with ten faces of matching
normal directions.

IV. A SUM RATE LOWER BOUND

We first provide a lemma that will be useful for proving the
outer bound.

Lemma 1: Let Si, i ∈ {1, 2, 3} be a set of encoding
functions such that there exist decoding functions to satisfy
the distortion constraintsD. Let Yb = X + Nb and Ya =
X + Na + Nb, whereNa and Nb are mutually independent
Gaussian random variables independent of the Gaussian source
X, with varianceσ2

a and σ2
b , respectively. Then by defining

σ2
b = db andσ2

a + σ2
b = da, we have

I(Si, i ∈ Gv ;Y n
a ) ≥ n

2
log

1 + da

D|v| + da

, (13)

and

I(Si, i ∈ Gv ;Y n
b ) − I(Si, i ∈ Gv ;Y n

a )

≥ n

2
log

(1 + db)(D|v| + da)

(1 + da)(D|v| + db)
. (14)

Note that clearly Lemma 1 holds true whenever0 ≤ db ≤
da. Next we proceed to prove this lemma.

Proof of Lemma 1: DefineZa = Na +Nb andZb = Nb.
To proof the first statement, we consider the following chain
of inequalities

I(Si, i ∈ Gv ;Y n
a )

= nh(Ya) − h(Y n
a |Si, i ∈ Gv)

= nh(Ya) − h(Xn + Zn
a |Si, i ∈ Gv)

= nh(Ya) − h(Xn + Zn
a − X̂n

v |Si, i ∈ Gv)

(a)

≥ nh(Ya) − h(Xn + Zn
a − X̂n

v)

(b)

≥ nh(Ya) −
n

∑

i=1

h[X(i) + Za(i) − X̂v(i)]

(c)

≥ nh(Ya)

−
n

∑

i=1

1

2
log

{

(2πe)E[(X(i) + Za(i) − X̂v(i))2]
}

= nh(Ya) −
n

∑

i=1

1

2
log

[

(2πe)(Ed(X(i), X̂v(i)) + da)
]

,

whereX̂n
v is the reconstruction with descriptionsSi, i ∈ Gv ,

and its i-th position is denoted aŝXv(i). The inequality (a)
is because conditioning reduces entropy, (b) is because of the
chain rule for differential entropy and the fact conditioning
reduces entropy, and (c) is because Gaussian distribution

maximizes the differential entropy for a given second moment.
Sincelog(·) is a concave function, we have

n
∑

i=1

1

2
log

[

(2πe)(Ed(X(i), X̂v(i)) + da)
]

≤ n

2
log

(

Ed(Xn, X̂n
v) + da

)

.

And it follows

I(Si, i ∈ Gv ;Y n
a )

≥ nh(Ya) − n

2
log

(

Ed(Xn, X̂n
v) + da

)

≥ nh(Ya) − n

2
log

(

D|v| + da

)

=
n

2
log

1 + da

D|v| + da

,

which is the first claim.
To prove the second claim, we write the following

I(Si, i ∈ Gv ;Y n
b ) − I(Si, i ∈ Gv ;Y n

a )

= nh(Yb) − nh(Ya)

+ h(Y n
a |Si, i ∈ Gv) − h(Y n

b |Si, i ∈ Gv).

For the latter two terms, we have

h(Y n
a |Si, i ∈ Gv) − h(Y n

b |Si, i ∈ Gv)

(a)
= h(Y n

a |Si, i ∈ Gv) − h(Y n
b |Nn

a , {Si, i ∈ Gv})
(b)
= h(Y n

a |Si, i ∈ Gv) − h(Y n
a |Nn

a , {Si, i ∈ Gv})
= I(Y n

a ;Nn
a |Si, i ∈ Gv),

where (a) is becauseNn
a is independent ofY n

b and {Si, i ∈
Gv}; (b) is by the definition ofYa. Continuing along this line,
we have

I(Y n
a ;Nn

a |Si, i ∈ Gv)

(a)
= h(Nn

a ) − h(Nn
a |Xn + Nn

a + Nn
b , {Si, i ∈ Gv})

= h(Nn
a ) − h(Nn

a |Xn + Nn
b + Nn

a , X̂n
v , {Si, , i ∈ Gv})

(b)

≥ h(Nn
a ) − h(Nn

a |Xn − X̂n
v + Nn

a + Nn
b )

(c)

≥
n

∑

i=1

(

h(Na(i)) − h(Na(i)|X(i) − X̂v(i) + Na(i) + Nb(i)
)

=

n
∑

i=1

I(Na(i);X(i) − X̂v(i) + Nb(i) + Na(i))

(d)

≥
n

∑

i=1

1

2
log

Ed(X(i), X̂v(i)) + da

Ed(X(i), X̂v(i)) + db

(e)

≥ n

2
log

D|v| + da

D|v| + db

,

where (a) is becauseNa is independent ofSi, i ∈ Gv ; (b)
is because conditioning reduces entropy; (c) is by applying
the chain rule, and the facts thatNn

a is an i.i.d. sequence and
conditioning reduces entropy; (d) is by applying the mutual
information game result (see page 263, [14]) that Gaussian
noise is the worst additive noise under a variance constraint,



and takingNa(i) as channel input; finally (e) is due to the
convexity and monotonicity oflog x+da

x+db

in x ∈ (0,∞) when
da ≥ db ≥ 0. This completes the proof for the second claim.

A similar line of argument was used in [6] to derive an lower
bound for a system with two levels of distortion constraints.
However, Lemma 1 generalizes that result since there exists
only one auxiliary random variable in the setting of [6], and
we have two auxiliary random variablesYa andYb.

Next we prove the following theorem, which in fact provides
a set of lower bounds to the sum rate.

Theorem 2:

R1 + R2 + R3 ≥ 3

2
log

1 + d1

D1 + d1

+
3

4
log

(1 + d2)(D2 + d1)

(1 + d1)(D2 + d2)
+

1

2
log

(D3 + d2)

(1 + d2)D3
, (15)

for any d1 ≥ d2 ≥ 0.
Proof: Define Y2 = X + N2 and Y1 = X + N1 + N2,

whereN1 andN2 are mutually independent Gaussian random
variables independent of the Gaussian sourceX, with variance
σ2

1 and σ2
2 , respectively. Defineσ2

2 = d2, σ2
1 + σ2

2 = d1. We
start with the following chain of inequalities

n(R1 + R2 + R3)

(a)

≥ H(S1) + H(S2) + H(S3) − H(S1S2S3|Xn)

(b)
= H(S1) + H(S2) + H(S3) − H(S1S2S3|Xn)

− 1

2
[H(S1S2) + H(S2S3) + H(S1S3)]

+
1

2
[H(S1S2) + H(S2S3) + H(S1S3)]

− H(S1S2S3) + H(S1S2S3) , Ȟ3, (16)

where (a) is becauseSi, i = 1, 2, 3, are deterministic functions
of Xn; (b) is by adding and subtracting the same term.

The next step is essential for establishing the lower bound,
which differs signigicantly from the technique of [1] and [6]
in that we now utilize the two auxiliary random variablesY1

andY2. Consider the following quantity

H́3 =

{

H(S1|Y n
1 ) + H(S2|Y n

1 ) + H(S3|Y n
1 )

−1

2
[H(S1S2|Y n

1 ) + H(S2S3|Y n
1 ) + H(S1S3|Y n

1 )]

}

+

{

1

2
[H(S1S2|Y n

2 ) + H(S2S3|Y n
2 ) + H(S1S3|Y n

2 )]

− H(S1S2S3|Y n
2 )

}

. (17)

It is seen thatH́3 ≥ 0, because each brace in (17) is
nonnegative by applying the conditional version of Han’s

inequality [14]. Thus it follows

n(R1 + R2 + R3) ≥ Ȟ3 − H́3

= I(S1;Y
n
1 ) + I(S2;Y

n
1 ) + I(S3;Y

n
1 )

+
1

2
[I(S1S2;Y

n
2 ) − I(S1S2;Y

n
1 )]

+
1

2
[I(S2S3;Y

n
2 ) − I(S2S3;Y

n
1 )]

+
1

2
[I(S1S3;Y

n
2 ) − I(S1S3;Y

n
1 )]

+ [I(S1S2S3;X
n) − I(S1S2S3;Y

n
2 )]. (18)

Clearly we can now apply the first statement in Lemma 1
to the first three terms in (18), and the second statement in
Lemma 1 to the first three brackets in (18). For the last bracket,
let σ2

b = 0 and σ2
a = σ2

2 in Lemma 1, then again the second
statement can be applied. Summarizing these bounds gives the
claimed result.

This lower bound on the sum rate is quite powerful, since
we can choose arbitrarily validd1 and d2 and it remains a
lower bound. One could maximize this lower bound, however
without a matching inner bound, solving this rather involved
optimization problem offers little insight. Instead, we shall
choose some specific values in the next section ford1 and
d2, which indeed provides insightful results.

V. A N OUTER BOUND TO THE RATE REGION

Let R(D, d1, d2) be the set of rate triples(R1, R2, R3)
satisfying (15) and the following conditions

Ri ≥
1

2
log

1

D1
, i = 1, 2, 3, (19)

Ri + Rj ≥ 1

2
log

(1 + d1)(D2 + d1)

(D1 + d1)2D2
, i 6= j, i, j ∈ {1, 2, 3},

(20)

2Ri + Rj + Rk

≥ 1

2
log

(1 + d1)
2(1 + d2)(D2 + d1)

2(D3 + d2)

(D1 + d1)4(D2 + d2)2D3
,

i 6= j 6= k, i, k, j ∈ {1, 2, 3} (21)

We have the following theorem.
Theorem 3: R(D, d1, d2) ⊇ R(D) for any d1 ≥ d2 ≥ 0.

Proof: It is clear (19) is by the conventional rate distortion
theorem. To get (20), we write

n(Ri + Rj) ≥ H(Si) + H(Sj) − H(SiSj |Xn) (22)
(a)

≥ H(Si) + H(Sj) − H(SiSj) + H(SiSj) − H(SiSj |Xn)

− [H(Si|Y n
1 ) + H(Sj |Y n

1 ) − H(SiSj |Y n
1 )] (23)

= I(Si;Y
n
1 ) + I(Sj ;Y

n
1 ) + [I(SiSj ;X

n) − I(SiSj ;Y
n
1 )],

(24)

where (a) is adding and subtracting the same term, and the fact
Si and Sj is deterministic givenXn and I(Si;Sj |Y n

1 ) ≥ 0.
We can now apply Lemma 1 to (24), and reach the claimed



bound. For the only remaining bound, we write

n(2Ri + Rj + Rk) ≥ 2H(Si) + H(Sj) + H(Sk)

≥ 2H(Si) + H(Sj) + H(Sk) − H(SiSj) − H(SiSk)

+ H(SiSj) + H(SiSk) − H(SiSjSk) + H(SiSjSk)

− [H(Si|Y n
1 ) + H(Sj |Y n

1 ) − H(SiSj |Y n
1 )]

− [H(Si|Y n
1 ) + H(Sk|Y n

1 ) − H(SiSk|Y n
1 )]

− [H(SiSj |Y n
2 ) + H(SiSk|Y n

2 ) − H(SiSjSk|Y n
2 )]

− H(S1S2S3|Xn), (25)

where the brackets are nonnegative due to the nonnegativeness
of I(Si;Sj |Y n

1 ), I(Si;Sk|Y n
1 ) andI(SiSj ;SiSk|Y n

2 ), respec-
tively. Through some algebra, we arrive at

n(2Ri + Rj + Rk)

≥ 2I(Si;Y
n
1 ) + I(Sj ;Y

n
1 ) + 2I(Sk;Y n

1 )

+ [I(SiSj ;Y
n
2 ) − I(SiSj ;Y

n
1 )]

+ [I(SiSk;Y n
2 ) − I(SiSk;Y n

1 )]

+ [I(SiSjSk;Xn) − I(SiSjSk;Y n
2 )], (26)

to which Lemma 1 can again be applied, and this completes
the proof.

Next we consider specializing the above outer bound by a
particular choice ofd1 andd2. Without loss of generality we
may assumeD1 ≥ D2 ≥ D3. Thusd1 = D1 and d2 = D2

are a valid choice, and subsequently we have

Ri + Rj ≥ 1

2
log

(1 + D1)(D2 + D1)

(2D1)2D2

(a)

≥ 1

2
log

1

4D1D2
,

(27)

where (a) is by the fact1 + D1 ≥ D1 and D2 + D1 ≥ D1.
For the other bound we have

2Ri + Rj + Rk

≥ 1

2
log

(1 + D1)
2(1 + D2)(D2 + D1)

2(D3 + D2)

(2D1)4(2D2)2D3

≥ 1

2
log

1

64D2
1D2D3

(28)

Finally, for the sum rate we arrive at the following expression
using a similar argument

R1 + R2 + R3 ≥ 1

4
log

1

29D3
1D2D

2
3

. (29)

We are interested in the Euclidean distance between the
inner bound and the tightest outer bound along a certain
directionu = (u1, u2, u3). More precisely, we define

δu = min
(R1,R2,R3)∈R̂(D)

u1R1 + u2R2 + u3R3

‖u‖

− max
d1,d2:d1≥d2≥0

[

min
(R1,R2,R3)∈R(D,d1,d2)

u1R1 + u2R2 + u3R3

‖u‖

]

,

(30)

where‖u‖ is Euclidean norm ofu.

By the proceeding calculation and Theorem 1, we have

δu = 0, u ∈ {(1, 0, 0), (0, 1, 0), (0, 0, 1)} (31)

δu ≤ 1√
2
≈ 0.7071, u ∈ {(1, 1, 0), (0, 1, 1), (1, 0, 1)}

(32)

δu ≤
√

3√
2
≈ 1.2247, u ∈ {(2, 1, 1), (1, 2, 1), (1, 1, 2)}

(33)

δ1,1,1 ≤ 3
√

3

4
≈ 1.2990. (34)

Thus the simple SR-MLD scheme is in fact not very far
away from optimality, since it is within a small constant of the
outer bound. This illustrates the surprising competitiveness of
this simple scheme.

VI. I MPROVEMENTS AND GENERALIZATIONS

We have improved and generalized the results given here in
several ways.

• By using another inner bound based on a generalization
of the multilayer coding scheme for the symmetric MD
problem in [5], we can significantly reduce the distance
between the inner and outer bounds for the three descrip-
tion cases, i.e., reduce the upper bounding constants on
quantities defined similarly asδu but for the improved
inner bound. This improved result is illustrated in Fig. 2.

• The sum rate result can be generalized to any number
of descriptions. In fact, we obtain a result that bound the
(symmetric rate) individual rate distortion function within
one bit for the general GaussianK description problem
[15].

• In [16] we formulate the asymmetric lossless MLD
coding problem, and provide a complete solution for the
three description case. Combining this result with the
bounding technique here, we have obtained an approx-
imate characterization for the asymmetric Gaussian MD
problem.

• For the generalK description problem, approximate char-
acterization of the rate region is obtained by combining
the lower bounding technique and theα-resolution result
given in [12].

• Similar results can be derived for general sources under
the mean squared error distortion measure.

These generalizations and improvements will be presented
at other venues, and are not given here in detail. Instead,
we have chosen to illustrate the underlying principles for the
simplest non-trivial case in this paper.

The main contribution of our work can be understood as
two-fold. The first is a general lower bounding technique
which requires expanding the probability space by more than
one auxiliary random variable. It appears that the random
variables with the given Markov structure suite well with the
multiple description problem. However, it is conceivable that
for other information theoretical problems other structures may
be more suitable. The second contribution is an illustration of
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Fig. 2. The outer bound is drawn in bold lines, and the improvedinner
bound in dashed line. The Euclidean distances between corresponding planes
are also given.

the philosophical guideline that there usually exists intimate
relation between a lossy (Gaussian) source coding problem
and its lossless counterpart. Moreover, a system based on a
separation of lossy quantization and the lossless source coding
component usually provides competitive performance, though
it may not be optimal. Indeed, the SR-MLD scheme is exactly
such a system. It will be interesting to investigate whether
similar phenomenon occur for other information theoretic
network source coding problems.
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