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Abstract— We consider the problem of distributed joint
source-channel coding of correlated Gaussian sources over a
Gaussian Multiple Access Channel (MAC). There may be side
information at the encoders and/or at the decoder. First we
specialize a general result in [16] to obtain sufficient conditions
for reliable transmission over a Gaussian MAC. This system
does not satisfy the source channel separation. Thus, next we
study and compare three joint source channel coding schemes
available in literature.
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tributed joint source-channel coding.

I. INTRODUCTION AND SURVEY

Sensor networks are used in a wide variety of applications,
the most common being the spatio-temporal monitoring of
a random field [2] and the detection of change in its statis-
tics [20]. Sensor networks are characterized by inexpensive
sensing nodes with limited battery power and storage and
hence limited computing and communication capabilities [2].
These sensor nodes need to transmit their observations to a
fusion center which uses this data to estimate the sensed
random field. Since transmission is very energy intensive, it
is important to minimize it.

The sensor nodes transmit their observations to the fusion
center (or a cluster head) usually over a Multiple Access
Channel (MAC) ([3], [20]). Often the received symbol is a
super-position of the transmitted symbols corrupted by Ad-
ditive White Gaussian Noise (AWGN). This then is the well
known Gaussian MAC (GMAC). This channel is interesting
from a practical as well as a theoretical perspective. Also
the sensor nodes can be modeled as discrete or continuous
sources. For continuous sources, Gaussian distribution is
particularly useful. This for example can happen if the
sensor nodes are sampling a Gaussian random field. In the
application of detection of change, it is often the detection
of change in the mean of the sensor observation with the
sensor observation noise being Gaussian ([20]). Thus, in this
paper we focus on transmission of Gaussian sources over a
GMAC.

In the following we survey the related literature. Cover,
El Gamal and Salehi [4] provided sufficient conditions for
transmitting losslessly discrete correlated observations over
a discrete MAC. They also show that unlike for independent
sources, the source-channel separation does not hold. How-
ever the single letter characterization of the capacity region

obtained in [4] is only a sufficient condition. Indeed Duek [6]
proved that the conditions given in [4] are only sufficient and
may not be necessary. A related paper on this problem is [1].
The results of [4] have been extended in [19] to the system
with side information and distortion.

The distributed Gaussian source coding problem is dis-
cussed in [12], [21]. The exact rate region for two users is
provided in [21].

A Gaussian sensor network in distributed and collaborative
setting is studied in [10]. The authors show that it is better to
compress the local estimates than to compress the raw data.
In [14] it is shown that feed back increases the capacity of a
GMAC. GMAC under received power constraints is studied
in [7] and it is shown that the source-channel separation holds
in this case. A GMAC with lossy transmission of discrete
sources and side information is studied in [16]. The GMAC
with correlated jointly Gaussian input is studied in [15] and
the edge capacities obtained are similar to the expressions
in [14]. In [11] one necessary and two sufficient conditions
for transmitting a jointly Gaussian source over a GMAC
are provided. The authors prove that the (uncoded) amplify
and forward scheme is optimal below a certain SNR. This
SNR is a function of the correlation between the sources.
In [8] the authors discuss a joint source channel coding
scheme over a MAC and show the scaling behavior for
the Gaussian channel. Actually their problem is closer to
the Gaussian CEO problem [13]. The new element is that
the coded observations are transmitted through a multiple
access channel. The scaling laws for the problem without
side information are discussed in [9] and it is shown that the
standard practice of separating source coding from channel
coding may require exponential increase in bandwidth, as
the number of sensors increases. A lower bound on best
achievable distortion as a function of the number of sensors,
total transmit power, the number of degrees of the underlying
process and the spatio-temporal communication bandwidth is
obtained.

This paper makes the following contributions. From our
general results in [16] we obtain explicit conditions for trans-
mission of correlated Gaussian sources with given distortion
over a GMAC. Also we compare the two schemes in [11]
with a separation based scheme. We explicitly show that
the amplify and forward scheme in [11] is not optimal at



high SNR. Furthermore, for this scheme, it may not be
optimal to use all the power. Also, from our general results
we recover a sufficient condition for transmission provided
in [11] without proof. Furthermore we provide the results
with side information also.

The paper is organized as follows. Sufficient conditions
for transmission of continuous correlated sources over a
continuous MAC are given in Section II. The transmission of
Gaussian sources on a Gaussian MAC is discussed in Sec-
tion III. Different joint source-channel coding schemes for
transmission are studied and their asymptotic performances
are compared. In Section IV optimal power allocation to
minimize the sum of the distortions for the three schemes
is obtained. Section V summarizes the results.

II. CORRELATED SOURCES OVER A MAC

In this section we state a general result obtained for
transmission of continuous alphabet sources over a con-
tinuous alphabet MAC with side information. This result
was obtained in [16] and is a generalization of the result
presented in [19]. In the next section we specialize it to
Gaussian sources and a Gaussian MAC. We present the
result for two sources. However it is available for more
than two sources in [16]. Source ¢ generates an iid sequence
{Uin,n > 1},i = 1,2. The outputs Uy,, and Us,, may have
dependence. The MAC is assumed to be memoryless. Its
transition function is f(y|x1,x2) where x; and x4 are the
channel inputs and y is the channel output. At time n, the
encoder ¢ also has iid side information {Z;;,k < n},i =
1,2 available to it. The decoder at the receiver has side
information {Zy,,n > 1},{Z2,,n > 1} and {Z,,,n > 1}
available causally.

We are interested in knowing if for given average trans-
mit power constraints Py, P>, at the encoders 1 and 2
respectively, it is possible to transmit {Ui,, Us,,n > 1}
over the channel with given distortions (Dy, Ds). For sim-
plicity we assume that (Uy,Us, Z1,Z5,7Z) has a density
f(uy,ug, 21, 22, z). Also distortion functions are assumed to
be bounded. The following theorem holds ([16]).

Theorem 1: A source (Up,Usz) can be communicated
in a distributed fashion over a continuous alphabet MAC
f(y|z1, 22) with distortions (D7, D3) if we can find random
variables Wy, W5, X1, X5, such that

1. f(U17U2721,22,Z,w17w27$1»$2ay) =
f(ul,U2,21,ZQ,Z)f(’w1|U1,Zl)f(w2|u2722)

f(@1|wr) f(z2|ws) f(yl21, 22).
2. For any given € > 0 there exists an N > 0 and for any
n > N, a decoder fp : Wi x W3 x Z' X Z2J x Z" —
(U xUg) such that 1 B [Z? d(Uij,Uij)} < Dite,i=1,2
and the constraints
I(Ul;W1|W27Z1,Z2,Z) < I(Xl;Y‘X27W2,Z1,Z2,Z)7
I(UQ;W2|W1,Z1,Z2,Z) < [(XQ;Y‘Xl,Wl,Zl,ZQ,Z),
(1)
I(Ul,UQ;W17W2|Zl,Z2,Z) < [(Xl,XQ;Y|Zl,Z2,Z).

are satisfied along with the prescribed transmit power con-
straints E[X?] < Py, i =1,2. U;, Zi, Z, Wi, X, Y, U;
are the sets in which U;, Z;, Z, W, X;, Y, Ul take values.
|
We specialize this result to the Gaussian sources and
GMAC in the next section.The main problem in applying
the result in the above theorem in specific examples is to
obtain a good coding scheme. Thus we will also study the
performance of three coding schemes. In this paper we will
mostly consider the system without side information Z;, Zs,
Z. Then the inequalities in (1) become

I(Ul;W1|W2) < I(Xl;Y‘X27W2)7
I(Uz; Wa[Wh) < I(X2: Y| Xy, Wh), 2
I(Ul,UQ;Wl,WQ) < [(Xl,XQ;Y).

It has been shown in [16] that under our conditions
I(Xl;Y|X2,W2) S I(Xl,Y|X2) and I(XQ;Y‘X17W1) S
I(X27Y|X1)

III. GAUSSIAN SOURCES OVER GAUSSIAN MAC

In a Gaussian MAC the channel output Y,, at time n is
given by Y, = X1n + Xop + N, where Xy, and X, are
the channel inputs at time n and N,, is a Gaussian random
variable independent of Xy, and Xa,, with E[N,] = 0
and var(N,,) = 0. We will also assume that (Uy,,, Usy,) is
jointly Gaussian with mean zero, variances o, i = 1,2 and
correlation p. The distortion measure will be Mean Square
Error (MSE). This does violate the boundedness of distortion
measure assumed in Theorem 1. However, if we modify MSE
as E[min(d, (U;—U;)?)] with d very large (w.r.t 2) the error
induced in the distortion measure will be insignificant.

It is shown in [16] that I(X1;Y|X5), I(X2;Y|X1) and
I(X1, X2;Y) are maximized by zero mean Gaussian ran-
dom variables (X7, X2) with variances P; and P». Also if
correlation between X; and X5 is p then the conditions in
(2) become (using the relaxation mentioned below (2))

Pi(1—
I(Uy; Wy |[W3) < 0.51og {1 + 1(29)] ’
ON
Py(1— 3
I(Us; Wa|W1) < 0.5log {1 + 2(29)] B
ON
Py + Py +2p/PP.
I(Uy, Uz; Wi, W) < 0.51og {1 ot 2;’ 2pm} .
N

In the rest of the paper we consider three specific coding
schemes to obtain Wy, Wa, X7, X5 where (W7q, Ws) satisfy
the distortion constraints in the Theorem and (X7, X5) are
jointly Gaussian with an appropriate p such that (3) is
satisfied. These coding schemes have been available before.
Our purpose is to compare their performance.

A. Amplify and forward scheme

In the amplify and forward (AF) scheme the channel
codes X; are just scaled source symbols U;. Since (Uy, Us)
are themselves jointly Gaussian, (X7, X5) will be jointly
Gaussian and retain the dependence of inputs (Uy, Us). The
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Joint source channel coding

scaling is done to ensure E[X;%] = P;,i = 1, 2. For a single
user case this coding is optimal [5]. At the decoder inputs Uy
and U, are directly estimated from Y as U; = E[U;|Y],i =
1,2. Because U; and Y are jointly Gaussian this estimate
is linear and also satisfies the Minimum Mean Square Error
(MMSE) and Maximum Likelihood (ML) criteria. Thus the
MMSE distortion for this encoding-decoding scheme is

12 [Pg(l —p?) + O'NQ]

D, = , 4

! P1+P2+2p\/P1P2+0N2 ()
2 P(1— 2 2

Dy = 02 [ 1( P )+UN] (5)

Pl + P2 + 2p\/P1P2 + O'N2 '

Since encoding and decoding require minimum processing
and delay in this scheme, if it satisfies the distortion bounds
D;, it should be the scheme to implement. This scheme has
been studied in [11] and found to be optimal below a certain
SNR for two-user symmetric case (Py = P»,01 = 09, D1 =
D»). However unlike for single user case, in this case user
1 acts as interference for user 2 (and vice versa). Thus one
should not expect this scheme to be optimal under high SNR
case. We will show that this is indeed true.

B. Separation based approach

In separation based (SB) approach (Fig. 1) the jointly
Gaussian sources are vector quantized to W' and W3
The quantized outputs are Slepian-Wolf encoded [18]. This
produces code words, which are (asymptotically) indepen-
dent. These independent code words are encoded to capacity
achieving Gaussian channel codes (X7, X7') with correlation
p = 0. This is a very natural scheme and has been considered
by various authors ([4], [5], [17]).

Since source-channel separation does not hold for this
system, this scheme is not expected to be optimal. However
we will see later that this scheme may perform almost as well
as the best joint source-channel coding scheme available. Of

course, from practical point of view, this scheme is preferable
to a joint source-channel coding scheme with comparable
performance.

C. Joint source-channel coding

The optimal scheme for this system is a joint source-
channel coding (JSC) scheme (Fig. 2) which provides
(X7, X%) to be jointly Gaussian with high correlation.
Therefore, here we draw on the results in [11] and [21].
From [21] we can obtain a vector quantizer providing
W and W3 jointly Gaussian and satisfying the distortion
constraints. Alternatively we can use the coding in [11] to
obtain (Uy,Us, W1, Ws) (approximately) jointly Gaussian
with covariance matrix given in (6). In (6) R, and Ro are
the rates of the vector quantizers to quantize U; and Uy and
p = py/(1—272R1)(1 —2-2R2), In this coding (Fig. 2)
since X; is obtained from W, by scaling, p is also the
correlation between X and Xs.

We obtain the (R;, Rs) needed in (6) from (3). From

I(Ul; W1|W2) = H(W1|W2) - H(W1|W2, Ul),
and the fact that the Markov chain
W1 — U1 — U2 — W2 hOldS,

condition

H(W1|W2, Ul) = H(W1|U1) and

I(Uy; Wi |[Wa) = 0.51og [(1 — p?)22F ] .
Thus from (3) we need

P,
Ry < 05log {1 " )

Similarly, we also need
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P, 1
<0. 2 -
Rs < 0.5log {0N2+(1ﬁ2)}’and ®)
24 P+ Py +25V/PiP
Ry + Ry < 0.5log [“N + (ifﬁj);f ! 2]. ©)

The inequalities (7)-(9) are the same as in [11]. Thus we
recover the conditions in [11] from our general result (1).
The estimation of Uy, Uy from Wy, W, gives the conditions
for existence of auxiliary random variables (WW/;,W5) for
distortions Dy and D

D1 Z ’UCLT(U1|W1,W2) =
0.122—2R1 [1 _ p2 (1 _ 2—2R2)]
(1—=p%)

(10)

Dy > var(Us|Wy, Wa) =
02227202 [1 — p? (1 — 27201)]
(1—=7%) ‘
The lower bound is achieved for U; = E[U;|Wy, Wa),i =
1, 2. The minimum distortion is obtained when p is such that

the sum rate is met with equality in (9). For the symmetric
case at the minimum distortion, R = Ry = R.

Y

D. Asymptotic performance of the three schemes

We compare the performance of the three schemes. Even
though the AF and the JSC schemes have been studied
in [11], their performance have not been compared. For
simplicity we consider the symmetric case: P; = P, = P,
01 =0y =0, Dy = Dy = D. We will denote the SNR £
by S.

1) Amplify and forward scheme: Consider the AF scheme.
From (4)

o [S(1-p?) +1]

b(s) = 25(1+p) +1

12)

Thus D(S) decreases to @ strictly monotonically at
rate O(1) as S — oo. Hence we find that even as the channel
SNR increases the distortion in the AF scheme does not go
to zero. As we commented before, this happens because as
S — oo the interference from the other user also increases.
Next we consider the performance at low SNR. Then

a*(1+p)?

D(S)—o%|
T 5o025(1+p) + 1

S =o(1+p)?

13)

lim
S5—0

Thus, D(S) — o2 at rate O(S) as S — 0 .

2) Separation based scheme: Consider the SB scheme at
High SNR. From [21] if each source is encoded with rate R
then it can be decoded at the decoder with distortion

D2 _ 2—4R<1 _ ,02) 4 p22—8R. (14)

At high SNR, from the capacity result for independent inputs,
we have R < 0.25log S ([5]). Then from (14) we obtain

ot(1—p?) o'p
D > \/ +
- S 52
and this lower bound is achievable. As S — oo, this lower
bound approaches zero at rate O(v/S). Thus this scheme
outperforms AF at high SNR.
At low SNR, R ~ % and hence from (14)

2

15)

D > p*ot2745 4 62(1 — p?)27%5, (16)

Thus D — o2 at rate O(S?) as S — 0 at high p and at
rate O(S) at small p. Therefore we expect that at low SNR,
at high p this scheme will be worse than AF but at low p it
will be comparable.

3) Joint source-channel coding: Consider the JSC
scheme. In the high SNR region we assume that p = p
since R = R; = Ry are sufficiently large. Then from (8)
R ~ 0.251og [%} and the distortion can be approximated
by
1—p

28 -
Therefore, D — 0 as S — oo at rate O(v/S). This rate of
convergence is same as for the separation based scheme.
However, the RHS in (15) is greater than that of (17) and
at low p the two are close. Thus at high SNR JSC always
outperforms SB but the improvement is small for low p.

D~ o? amn

S(1+5) log(l—p)
4

At low SNR R ~
D from (10) we get

and evaluating

522~ (1 — 21— \/ﬁz—g))
V=72

where S = S(1 + p). Therefore D — o2 as S — 0 at rate
O(S?) at high p and at rate O(S) at low p. These rates are
same as that for SB. In fact, dividing the expression for D
at low SNR for SB by that for JSC, we can show that the
two distortions tend to o2 at the same rate for all p .

The necessary conditions (NC) to be able to transmit on
the GMAC with distortion (D, D) for the symmetric case
are ([11])

D =

(18)



o?[S(1-p*)+1]

T25(+p) 1 for S < 1fp2;
D > 19)
1—p2
02,/725((1;)))4_1 , for S > 71—/);)2'

The above three schemes along with (19) are compared
below using exact computations. Figs 3-5 show the distortion
as a function of SNR for unit variance jointly Gaussian
sources with correlations p = 0.1, 0.5 and 0.75.
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Fig. 3. SNR vs distortion performance for p = .1

SMR vs Distortion performance
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Fig. 4. SNR vs distortion performance for p = .5

From these plots we confirm our theoretical conclusions
provided above. In particular we obtain that:
(1) AF is close to necessary conditions and hence optimal (as
shown in [11]) at low SNR. The other two schemes perform

3MR vs Distartion performance

Distortion

Fig. 5. SNR vs distortion performance for p = .75

worse at low SNR.

(i) SB and JSC schemes perform better than AF at high
SNRs.

(iii) JSC scheme performs better than SB scheme in general.
(iv) Performance of SB and JSC are close for low p and for
high p at low SNR.

4) Performance with side information: The asymptotic
results can be extended to the case with side-information only
at the decoder. Let the side information random variables be
Z1 = alUs + ny, Zos = bU; + no, where n; and no are zero
mean unit variance Gaussian random variables independent
of Uy and U, and independent of each other. The constants
a and b can be considered as side channel SNR.

Each of the above schemes can be directly extended to
this case by using the same encoders as above (i.e., without
side information (Z;,Z5)). But at the decoder use side
information (Z7, Zs) also.

For AF scheme, X; is a scaled version of U; and at the
decoder U; = E[U;|Y, Z1, Z5],i = 1,2. Then the distortion
D is given in (20).

At high SNR the minimum distortion in (20) approaches

a*(1-p)
24+ 02(1 = p)(a? +b?)
side information case. However this limit is lower than for
the no-side information case.

For JSC scheme, we obtain " and X7
from U;® as before. At the decoder we obtain
(Wpr, W) that is jointly typical with Y. Then
we obtain (U, U2) from (Wr,Wg,ZZ)) as
Ur = E[UMWr,WZ,ZP Z3] which under our
assumptions becomes E[Uik\VVAlk, ng, Tk, Zoxl, 1 =
1,2, k=1,2...n.

The comparison of the three schemes with side channel
SNR a = b =1 and p = 0.5 is shown in Fig 6. As before
AF is the best at low SNR but performs worse than the other
schemes at high SNR. JSC scheme performs better than the

which is strictly positive, as in no-

Wwnr



o [(1= p)(P + a0®0%) + 0]

D>
T 0% +2P(1+p) + (1 — p?) [Po2(a® + b?)] + 020% [a® + b + a?b?(1 — p?)]

(20)

SB scheme at high SNR. Comparing these results with those
in Fig 4 provide the value of the side information.

SMR ve Distartion performance with side information (a=b=1)
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Fig. 6. SNR vs distortion with side information for p = .5

We have been able to improve the performance of SB and
JSC schemes in this setup by exploiting the side information
Zy and Zs at the encoders also, even though this side
information is directly not available at the encoders. Our
work on this is still in progress. This along with the results
on side information at the encoders will be reported later.

IV. OPTIMAL POWER ALLOCATION

Till now we studied the performance of the three coding
schemes for given average powers P; and P». The question
arises if indeed it is optimal to expand the whole of P, and
P, or one could do better by using lower average powers.
In this section, using the performance obtained in previous
sections we address this issue.

Without loss of generality we take the sources with unit
variance (when they have different variances, by scaling we
can reduce the problem to equal, unit variance case). Also,
let 03 = 1. The objective is to find for the three schemes,
the minimum distortion for the given power constraints P;
and P, and also the optimal powers.

A. Amplify and forward scheme

For the AF, we find powers a* and b* that minimize

b(l1—p?)+1
w1 Dy +weDy = w
11 22 1a+b+2\/ﬁp+1
a(l—p?)+1

w 21
2a1b+2vabp+ 1 @D

subject to
a< P1 and b < PQ

where wy,ws are given positive weights.

Unlike for a single user case, the optimal powers a* and
b* may not be equal to P; and P, respectively. Therefore,
we solve this optimization problem using the Kuhn-Tucker
first order conditions. In the following we also study the
qualitative behavior of the cost function to get more insight
into the problem.

From Section III(D) for symmetric case we know that D
strictly decreases as a function of P. Hence then for w; =
wo, a* = b* = P. In general, if we use powers a and b,
then

b)(1—p?) _ 1—p?
D1+D2>(a+ )( p)Z r_y o,
a+b+2vVabp — 1+p

The second inequality follows because a + b > 2v/ab and
equality is achieved only if a = b. The first inequality will
tend to equality if a or b — oo . Thus for large P; and P,
a* = b*. The minimum D, + D4 approaches the lower bound
1—pas P, and P, — oo . However if we keep a fixed and
increase b then the first lower bound starts increasing after
sometimes. Thus if P; is fixed and Ps is increased, b* will
not keep increasing.

From (21) we find that D; is monotonically decreasing
with a. Next fix a and vary b. If @ and b are large compared
to 1 and if @ < b then D = 1 — p2. Thus D; is insensitive
to b if 1 < a < b. This can be interpreted as follows. At
high b the noise can be neglected and when 1 < a < b at
the decoder Us is available accurately and Y will be close
to Us. Thus E[U1|Us] will be close E[U;|Y] and the mean
square error E |(Uy — Uy)?| ~ 1 — p2. By symmetry, same
follows for Dy when 1 <€ b < a.

Next considgr the case where 1 < b < a. Then

b(1—
D, ~ M=)
a
with b irrespective of p. This may be because the interference
effect of Uy dominates as b increases.

. Here D; is sensitive to b and increases

We illustrate by a few examples.

Example 1. Consider p = 0.5 and w; = we = 1. For
various values of P, P» the optimal solution is given in
Table I for the symmetric case. We see that for the symmetric
case, the minimum distortion is achieved when the power
constraints are equal. Also as power increases the distortion
tends to 1 — p = 0.5.

Next consider the case where P; is fixed and P is
varying. The optimal values of a*,b* and D are provided
in Table II. In this case b* can be less than P,. This
happens because when a is fixed, D; + D, as a function



TABLE I
POWER ALLOCATION FOR THE SYMMETRIC CASE

Py Py | a” b* | Dmin = D1+ Do
1 1 1 1 0.8750
5 5 5 5 0.5937
10 10 10 10 0.5484
50 50 50 50 0.5099
100 100 100 100 0.5050

of b, is strictly decreasing in the interval [0, ¢) and strictly
increasing in (¢, co) where

= (140°)+/(1492)2 +4ap2 (1—p2)[a(1—p?)+2]
2v/ap(1—p?)
Then b = c is the unique global minimum of D; + Dy for
a given a. For p = .5 and @ = 10, ¢ = 17.01 as can be
observed from Table II. Table II also shows that for P, >
Py, a* = P, and the optimum b* is obtained at ¢ for a* =
P

TABLE I
POWER ALLOCATION FOR THE ASYMMETRIC CASE

P | Py | a® b* Dpin
10 1 10 1 0.6760
10 5 10 5 0.5743
10 | 20 | 10 | 17.01 | 0.5422
10 | 50 | 10 | 17.01 | 0.5422

When w; # wsy, even when P; = P,, the optimal a,b
may be less than P;. For p = 0.5,w; = 0.4 and ws = 0.6,
the optimal point is obtained in Table III.

TABLE III
POWER ALLOCATION WITH DIFFERENT WEIGHTS

Py P a” b* | Dmin = w1D1 +w2Do
1 1 1 1 0.4375
5 5 4.69 5 0.2968
10 10 5.69 10 0.2707
100 100 | 29.9 100 0.2395

B. Separation based scheme

For the SB scheme, X, X, are independent zero mean
Gaussian random variables. The capacity region for this case
monotonically increases with P;, P,. Thus, the distortion
Dy + D, will be minimized at the powers (a*,b*) =
(P, Ps).

C. Joint source-channel coding

The optimization problem for the JSC scheme is:
Minimize

032721 — (1 — 272Re)]
1— 2

03272021 — (1 - 2]
~2

+ -

(22)

Subject to

1
R1 S 0.510g <a+ ~2>,
IL—p

1
Ry < 0.510g <b—|— ~2> R
I—p

1 a+b+2Vabp
1—7p2 1-—p2 ’
aSPl,bSPQ.

Ri1 4+ Ry < 0.5log

From the constraints we find that Ry, Ry and R; + Rs
are monotonically increasing in a,b and p. Hence these
are maximized at (a,b) = (P, P). Also the objective
function is monotonically decreasing in R; and Ry (the
first derivative of the objective function is negative for all
non-negative(R1, Rz)). Hence the minimum distortion is
achieved at powers (Py, P»).

Let p = 0.5 and 0% = 05 = 0%, = 1 with varying P, and
Ps5. The results are shown in Table IV and it is observed that
Dy + D5 is minimized at the powers (a,b) = (Py, P2) for
JSC. Comparing Table IV with the results in Tables I and
IT we see that for P, = P, = 1 (0dB SNR) AF provides
less distortion while for P, = P, = 10 (10dB SNR) JSC
provides less distortion.

TABLE IV
POWER ALLOCATION FOR JSC SCHEME

P | Py [ a" | b p Dmin
1 1 1 1 0.2398 | 0.9720
5 5 5 5 0.3798 | 0.4553
10 10 10 10 | 0.4160 | 0.3217
10 20 10 | 20 | 0.4314 | 0.2645
10 50 10 | 50 | 0.4504 | 0.1927

V. CONCLUSIONS

We have specialized a general result discussed in [16] to
the Gaussian sources and the Gaussian MAC. We analyze
three joint source-channel coding schemes available in the
literature and compare their distortion performance. We
prove that the amplify and forward scheme is sub-optimal
at high SNR’s. Cases with side information at the decoder
are addressed. We also provide optimum power allocation
policies for the three schemes.
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