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Abstract— Encoding correlated sources at separate encoders
has been studied extensively from the perspective of asymptoti-
cally long block codes. The associated error exponents are known
for the case of lossless source coding. In this paper, we introduce
a novel technique for deriving achievable error exponents for
lossy source coding problems, where the original sources need
to be reconstructed to within some fidelity. As an example, we
show how to apply our technique to determine achievable error
exponents for the Berger-Yeung problem.

I. I NTRODUCTION

Since the pioneering work of Slepian and Wolf [1], dis-
tributed or multiterminal source coding has been studied
extensively. Thanks to new converse techniques, the sum-
rate-distortion functions, and in some cases rate regions, of
previously open multiterminal source coding problems have
been completely characterized [2], [3]. These results have
concerned lossy source coding problems, in which one is
interested in compressing a source or sources with some
fidelity.

In lossy distributed source coding, a standard way to show
a rate region is achievable is to divide the procedure into
two stages. In the first, we vector quantize the observations
and in the second use a technique known as binning to
further reduce the rate. The latter stage is due to an insight
by Slepian and Wolf, who used a random hashing argument
to show that a decoder can invert the hashing functions
with high probability. The rate regions reflect the asymptotic
performance of codes as the blocklength increases. In practice,
however, large blocklengths introduce complexity and delay.
Thus, the performance of such codes for finite blocklengths
are also of interest.

Haroutunian introduced the problem of source coding ex-
ponents in lossy multiterminal source coding problems [8].
He then presented exponents for systems considered by Kaspi
and Berger [9], as well as by Berger and Yeung [10]. Unfortu-
nately, his results did not take into account the binning stage,
so the exponents for the rest of the rate region remains open
[11]. For the lossless source coding problem, error exponents
have been studied to address these second order issues [4] [5]
[6]. These studies amount to a study of the performance of
the binning strategy if no quantization were done.

The difficulty in giving exponents (let alone tight ones) is
how to interface between these two stages. When exponents

are not a concern, there are two approaches to generate an
interface. The first is a “super letter” coding strategy [12],
in which blocks of the outputs from the quantization stage
are treated as single source symbols and collected together
for binning. The second approach, introduced by Berger [13]
and Tung [14], is called the Markov lemma approach, in
which one shows the output of the quantization stage is jointly
typical with the source or sources, and then uses the properties
of typical sequences to argue that the binning stage will be
successful.

In this work, we analyze the second approach and present
a novel technique for getting achievable exponents in lossy
multiterminal source coding problems. We first review the
Markov lemma, which gives an asymptotic result on the
transitive property of typical sequences. Previous proofs have
not been concerned with the convergence rate, and therefore
have only shown that the convergence decays at least inversely
with the blocklength [13]. We derive a bound on the rate of
convergence of the Markov lemma. We show that it decays
at least exponentially with the blocklength. As a result, our
approach gives achievable exponents for all points achievable
by the Berger-Tung inner bound [13], [14]. As an application,
we present achievable exponents for the problem considered
by Berger and Yeung [10].

II. D EFINITIONS AND NOTATION

We begin by defining the notion of typicality we will use.
All random variables are discrete and are represented by
capital lettersX, Y, Z, etc. Each random variable takes values
in a finite setX ,Y,Z. The cardinality of a setX is denoted
|X |. To simplify notation, we sometimes shorten the Cartesian
product of two setsX ,Y from X × Y to XY. Finally, for
x ∈ X and a random vectorXn, N(x; Xn) refers to the
number of times the symbolx appears in the sequence. That
is N(x;Xn) =

∑
i 1{Xi=x}. Although it is a slight abuse of

notation, for random variablesX,Y , we usep(x, y) to mean
P (X = x, Y = y).

Definition 1: Consider a distributionp(·, ·). A pair of se-
quences(xn, yn) are jointly δ-typical (denoted(xn, yn) ∈
Tn(δ)) if for all (a, b) ∈ XY they satisfy

n−1|N(a, b; xn, yn)− np(a, b)| < δ

|XY| (1)



This is often called strong typicality in the literature [13].
Some of our error exponents will involve the binary

Kullback-Leibler divergence.
Definition 2: The binary Kullback-Leibler divergence be-

tween two binary probability distributions(p, 1 − p) and
(q, 1− q) is

D(p‖q) = p log
p

q
+ (1− p) log

1− p

1− q
. (2)

The following property about jointlyδ-typical sequences
will prove useful.

Lemma 1:Consider a function gn(xn, yn) =
1
n

∑n
i=1 g(xi, yi). If X, Y have law p(·, ·) and

(xn, yn) ∈ Tn(δ), then

gn(xn, yn) ≤ Eg(X, Y ) + δ max
a,b

g(a, b). (3)

Proof: The proof follows by reexpressinggn(xn, yn) in
terms of our counting functions and applying the definition of
δ-typical sequences. Doing so gives

gn(xn, yn) =
1
n

n∑

i=1

g(xi, yi) (4)

=
∑

a,b

g(a, b)
N(a, b; xn, yn)

n
(5)

≤
∑

a,b

g(a, b)
(

p(a, b) +
δ

|XY|
)

(6)

= Eg(X,Y ) + δ max
a,b

g(a, b). (7)

III. M ARKOV LEMMA

Typical sequences have been used to prove achievable
results in both source and channel coding. There are two com-
mon notions of typical sequences. One notion of typicality has
been to assume that the empirical entropy rate of a sequence is
“close” to an actual entropy rate for some distribution on the
sequences. For this version, a version of the weak law of large
numbers show that random sequences that are stationary and
ergodic become typical with high probability as the sequence
length increases, which is called the asymptotic equipartition
property. The second notion of typicality is to assume that the
empirical probabilities match the probabilities for some model.
A pair of sequences that satisfy such a property on their joint
distribution are called jointly typical. One can show that pairs
of sequences generated by i.i.d. distributions are jointly typical
with high probability as the sequence length increases.

In distributed systems, one would like typical sequences
generated at different sites to be jointly typical with each other.
However, the following example, taken from [13], shows that
typicality is not transitive.

Example 1:Let xn, yn, and zn each ben-length binary
sequences. Suppose we choose to model each as an i.i.d.
sequence such that the joint probability at any index is
p(x, y, z) = 1

8 . Then, we construct an example in which both
(xn, yn) and (yn, zn) are each jointly typical, but(xn, zn)

is not. Let xn be a sequence of alternating 0s and 1s,yn a
sequence of alternating 00s and 11s, andzn = xn. Ignoring
integer effects,(1, 1), (1, 0), (0, 1), and(0, 0) show up equal
number of times in(xn, yn) and(yn, zn), so these are always
jointly typical for n = 4k. Since(0, 1) and (1, 0) never show
up in (xn, zn), it is not jointly typical for an appropriately
chosen distance between the empirical and model probabilities.

One might notice that the problem with the above example
is that the above sequences can be arbitrary and need not
conform to the probability model given. Returning to that
example, ifxn and yn were realizations of random vectors
Xn and Y n observing the structure of the above model,
standard arguments show that given that a sequence(Y n, zn)
were jointly typical, (Xn, zn) would be typical with high
probability as the sequence length increases. In fact, this holds
for any situation in whichp(x, y, z) = p(x)p(y|x)p(z|y). For
this reason, the above fact is known as the Markov lemma.
However, known arguments have only shown that probability
(Xn, zn) is not typical decays asn−1.

A. Berger’s Markov Lemma

Berger introduces the Markov lemma in [13] as a condition
under which joint typicality is transitive. Here is a variation of
Berger’s version. Our statement is identical to his if we were
to allow ε = 0. For this case, however, Berger only shows that
the probability of not being jointly typical decays inversely
with the blocklength. Given the extra slack ofε > 0, we show
that the probability of not being jointly typical goes down
exponentially in the blocklength.

Lemma 2:SupposeX ↔ Y ↔ Z and that X =
(X1, . . . , Xn) and Y = (Y1, . . . , Yn) are such that each
(Xk, Yk) is distributed independently of all others according
to p(x, y) =

∑
z p(x, y, z). Then for allδ, ε > 0,

P

(
X,z ∈ Tn(|X |(δ + ε))

∣∣∣∣(Y , z) ∈ Tn(δ)
)

≥ 1− 2|XZ| exp
{
−nD

(
ε|Z|−1 + 1

2

∥∥∥∥
1
2

)}
. (8)

Proof: Following identical arguments to Berger, we get
that

np(x, z)− δ|Z|−1

< E[N(x, z; X, z)|(Y , z) ∈ Tn(δ)] <

np(x, z) + δ|Z|−1.

Now, let X̃ be such thatX̃k = Xk for k 6= i and X̃i is an
independent copy ofXi. Then, for alli, x, z, we have that

|N(x, z; X, z)−N(x, z; X̃, z)| ≤ 1,

almost surely. Since we have satisfied the assumptions neces-
sary for [15, eq. (2.4.16)] to hold, we have

P

(
N(x, z;X, z)− np(x, z) ≥ n(δ + ε)|Z|−1

∣∣∣∣(Y , z) ∈ Tn(δ)
)

≤ exp
{
−nD

(
ε|Z|−1 + 1

2

∥∥∥∥
1
2

)}
. (9)



By symmetry we have that

P

(
|N(x, z; X, z)− np(x, z)| ≥ n(δ + ε)|Z|−1

∣∣∣∣(Y , z) ∈ Tn(δ)
)

≤ 2 exp
{
−nD

(
ε|Z|−1 + 1

2

∥∥∥∥
1
2

)}
.

(10)

Invoking the definition of joint typicality and applying the
union bound gives us

P (X,z ∈ Tn(|X |(δ + ε))|(Y , z) ∈ Tn(δ))

≤ 2|XZ| exp
{
−nD

(
ε|Z|−1 + 1

2

∥∥∥∥
1
2

)}
. (11)

The lemma follows immediately.
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Fig. 1. Generalized Markov Lemma

B. Generalized Markov Lemma

While the above result is useful in the Wyner-Ziv problem,
it has limited application elsewhere. We now present a gen-
eralized Markov lemma that turns out to be useful in proving
achievability results for general multiterminal source coding
problems. Berger [13] and Tung [14] call their version the
extended Markov lemma. Housewright [12] shows a similar
type of Markov lemma even though he does not describe it
in those terms, and Oohama [16] shows a version for the
Gaussian case. The following version most closely resembles
the one proved by Han and Kobayashi [17].

Once again, our primary goal is to establish that the proba-
bility joint typicality is not satisfied goes down exponentially
with the blocklength. The only difference is that now, we are
extending our setup to multiple encoders, as seen in Figure 1.
We now state the result.

Theorem 1:Let Uk be discrete auxiliary random variables
with the property that

P (X1 = x1, U1 = u1, . . . , XM = xM , UM = uM ) =

P (X1 = x1, . . . , XM = xM )
M∏

k=1

P (Uk = uk|Xk = xk)

(12)

Let {Ũn
k (l)}Lk

l=1 be a set of lengthn random vectors, where the
Ũn

k (l) are mutually independent random vectors of lengthn
with each component i.i.d. according to the distributionp(uk).
Then there exist functionsφk : Xn

k → {1, . . . , Lk} such that,
for Ûn

k = Ũn
k (φk(Xn

k )),

P ((Xn
1 , . . . , Xn

M , Ûn
1 , . . . , Ûn

M ) /∈ Tn(δ))

≤2|X1 · · · UM | exp
{
−nD

(
δ/|X1 · · · UM |+ 1

2

∥∥∥∥
1
2

)}

+
M∑

i=1

exp{−n(E0(ρi, p(Xi, Ui))− ρiRi)}, (13)

for −1 < ρi < 0. Further, whenRk = log Lk

n > I(Xk;Uk),
there existsρk ∈ (−1, 0) for whichE0(ρk, p(Xk, Uk))−ρkRk

is positive.
Proof: The following observation about sequences of the

auxiliary random variables is central to our proof.
Lemma 3:Let (X1(i), . . . , XM (i), U1(i), . . . , UM (i)) be

i.i.d. in i with the joint distribution given in (12). Then

P ((Xn
1 , . . . , Xn

M , Un
1 , . . . , Un

M ) /∈ Tn(δ))

≤ 2|X1...UM | exp
{
−nD

(
δ/|X1 · · · UM |+ 1

2

∥∥∥∥
1
2

)}
.

(14)

Proof: To simplify notation, define Z(i) =
(X1(i), . . . , XM (i), U1(i), . . . , UM (i)). Note that they
are i.i.d. ThenZn = (Xn

1 , . . . , Xn
M , Un

1 , . . . , Un
M ). Now,

let Z̃n be such thatZ̃(k) = Z(k) for k 6= i, and Z̃(i) is
an independent copy ofZ(i). Then, we know that for all
a ∈ |X1 · · · UM | and all i,

|N(a; Zn)−N(a; Z̃n)| ≤ 1

almost surely. Then the Azuma-Hoeffding-Bennett inequalities
[15, eq. (2.4.16)] imply that for alla ∈ X1 · · · UM and β =
δ/|X1 · · · UM |

P (|N(a;Xn
1 , . . . , Xn

M , Un
1 , . . . , Un

M )− np(a)| ≥ nβ)

≤ 2 exp
{
−nD

(
β + 1

2

∥∥∥∥
1
2

)}
. (15)

By the definition of jointδ-typicality and applying the union
bound, we get (14).

The remaining terms come from the fact that our functions
need to approximate this structure. We can show how this
works using a forbidden codeword argument, as seen in [18]
and [12].

The forbidden codeword idea is as follows. Let each source
Xk pass through a discrete memoryless channel (DMC)

P (Uk = uk|Xk = xk), (16)

based on the joint probability given in (12). Suppose that,
in addition to sourceXk, Encoder−k also has access to the
output of the DMCXk passes through. If this channel output
were an additional codeword in our codebook, we would
always select it, and joint typicality would follow immediately
from Lemma 3. However, this codeword is forbidden because



the codebook must be defined before the source can be
observed. Thus, we will show that we can select codewords
from our original codebooks that are at least as likely to be
jointly δ-typical as the forbidden codewords. We will find the
probability that the forbidden codewords are more likely to be
jointly δ-typical is less than

M∑

i=1

exp{−n(E0(ρi, p(Xi, Ui))− ρiRi)}. (17)

Thus, the probability that the functionsφk will not yield
sequences that are jointlyδ-typical with the Xn

k sequences
will be upper bounded by the sum of (14) and (17).

We now specify functionsφk that result in this. To simplify
notation, we define

γk(ũn
k (l)) = P ((Xn

1 , . . . , Xn
M , Un

1 , . . . , Un
k−1,

ũn
k (l), ûn

k+1, . . . , û
n
M ) /∈ Tn(δ)|Xn

k ), (18)

which is anXn
k -measurable random variable. This is a slight

abuse of notation since forγk(Un
k ), the expectation would

be taken overUn
k . Using this notation, our functionsφk are

defined as

φk(Xn
k ) = arg min

l:1≤l≤Lk

γk(ũn
k (l)) (19)

With this definition for our encoder functions, we now state
the following lemma.

Lemma 4:For theφk defined as in (19) and̂un
k = φk(Xn

k ),

P ((Xn
1 , . . . , Xn

M , ûn
1 , . . . , ûn

M ) /∈ Tn(δ))
≤ P ((Xn

1 , . . . , Xn
M , Un

1 , . . . , Un
M ) /∈ Tn(δ))

+
M∑

i=1

P (γk(ûn
k ) > γk(Un

k )) (20)

Proof: Observe that

P ((Xn
1 , . . . , Xn

M , ûn
1 , . . . , ûn

M ) /∈ Tn(δ))
= E[γ1(ûn

1 )] (21)

= E[γ1(ûn
1 )1{γ1(ûn

1 )≤γ1(Un
1 )}]

+ E[γ1(ûn
1 )1{γ1(ûn

1 )>γ1(Un
1 )}] (22)

≤ E[γ1(Un
1 )1{γ1(ûn

1 )≤γ1(Un
1 )}]

+ E[γ1(ûn
1 )1{γ1(ûn

1 )>γ1(Un
1 )}] (23)

≤ E[γ1(Un
1 )] + E[1{γ1(ûn

1 )>γ1(Un
1 )}] (24)

= E[γ2(ûn
2 )] + P (γ1(ûn

1 ) > γ1(Un
1 )), (25)

where (21) follows from successive conditioning, (22) by
linearity of expectation, (23) from the event on the indicator
function, (24) since the indicator function andγ1 are bounded
by 1 almost surely, and (25) from the definition ofγ2(·).
The result follows by induction since we can apply the same
arguments to show that

E[γk(ûn
k )] ≤ E[γk(ûn

k+1)] + P (γk(ûn
k ) > γk(Un

k )) (26)

and noting thatE[γn(Un
n )] is the same as the left hand side

of (14).

We now take the expectation over the codebook ensemble,
denoting itEC . Since we have the bound (14), all we need is
to show that

P (γk(Ûn
k ) > γk(Un

k )) ≤ exp{−n(E0(ρi, p(Xi, Ui))−ρiRi)}
(27)

and that these go to 0 whenRk = log Lk

n > I(Xk; Uk). The
latter is well known (see e.g. [19], [18], [12]), and the former
is shown below.

ECP (γk(ûn
k ) > γk(Un

k ))

=
∑

ũn
k (l′),

1≤l′≤Lk

Lk∏

l=1

pn(ũn
k (l))

∑
xn,un

k

pn(un
k , xn

k )1Ak
(28)

=
∑

ũn
k (l′),

1≤l′≤Lk

Lk∏

l=1

pn(ũn
k (l))

∑
xn,un

k

pn(un
k )pn(xn

k |un
k )1Ak

,

(29)

where Ak = {γk(un
k ) ≤ γk(ũn

k (m)), ∀m}. For fixed xn
k ,

Hölder’s inequality implies that

ECP (γk(ûn
k ) > γk(Un

k ))

≤
∑
xn

∑

ũn
k (l′),

1≤l′≤Lk

Lk∏

l=1

pn(ũn
k (l))

·

(∑
un

k
pn(un

k )pn(xn
k |un

k )1/(1+ρ)
)1+ρ

(∑
un

k
pn(un

k )1Ak

)ρ , (30)

for −1 < ρ < 0. Since(·)−ρ in convex-∩, we have

ECP (γk(ûn
k ) > γk(Un

k ))

≤
∑

xn

(∑
un

k
pn(un

k )pn(xn
k |un

k )1/(1+ρ)
)1+ρ

(
∑

ũn
k (l′),

1≤l′≤Lk

∏Lk

l=1 pn(ũn
k (l))

∑
un

k
pn(un

k )1Ak

)ρ . (31)

Since the marginals are all the same, symmetry allows us to
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simplify this expression to

ECP (γk(ûn
k ) > γk(Un

k ))

≤
∑
xn


∑

un
k

pn(un
k )pn(xn

k |un
k )1/(1+ρ)




1+ρ (
1

Lk + 1

)−ρ

(32)

≤
∑
xn


∑

un
k

pn(un
k )pn(xn

k |un
k )1/(1+ρ)




1+ρ (
1

Lk

)−ρ

(33)

=
∑
xn


∑

un
k

pn(un
k )pn(xn

k |un
k )1/(1+ρ)




1+ρ

enρRk (34)

=


∑

x

(∑
uk

p(uk)p(xk|uk)1/(1+ρ)

)1+ρ



n

enρRk

(35)

= exp{−n(E0(ρ, p(Xk, Uk))− ρRk)}, (36)

where E0(ρ, p(Xk, Uk)) =
− log

(∑
x

(∑
uk

p(uk)p(xk|uk)1/(1+ρ)
)1+ρ

)
.

Finally, combining (14), (20), and (36) gives us (13).

IV. A PPLICATION TO BERGER-YEUNG PROBLEM

We now consider a problem considered by Berger and
Yeung [10], which has the structure depicted in Figure 2. In
this problem, there are two correlated sources,{Xk} and{Yk},
at separate and non-interacting encoders. As the blocklength
gets large, the decoder is interested in reconstructing{Xk}
perfectly and to approximate{Yk} to within some distortionD
for a given distortion functiond. For a distortionD, Berger and
Yeung characterized the rate-region for this problem(Rx, Ry)
as

1) X ↔ Y ↔ Z for an auxiliary random variableZ ∈ Z,
2) Ŷ (X, Z) exists such thatEd(Y, Ŷ ) ≤ D,
3) Rx ≥ H(X|Z), Ry ≥ I(Y ;Z|X), and Rx + Ry ≥

H(X) + I(Y ;Z|X),
4) |Z| ≤ |Y|+ 2.

We are interested in the probability that a code fails to meet
these requirements for any finite blocklength. That is, we are
interested in the eventB(α), where

B(α)c = {dn(Y n, Ŷ n) ≤ D + α,Xn = X̂n}. (37)

For interesting results,α > 0.
Theorem 2:Let (Rx, Ry, D) be an achievable point in the

region of the Berger-Yeung problem. Then, given anyα, ε > 0,
then there exists a sequence of Berger-Yeung codes with rate
(Rx, Ry) + (ε, ε) such that

lim inf
n→∞

− 1
n

log P (B(α))

≥ max
δ≤min{α/Dmax,
ε/ max{cx,cz}}

max
p(z|y):Ed(Y,Ŷ )≤D

min
{

Rx + Ry −H(X)− I(Y ;Z|X)− cδ,

D

(
δ/|XYZ|+ 1

2

∥∥∥∥
1
2

) }
, (38)

where cx = maxx log 1
p(x) , cz = maxz log 1

p(z) , cxz =
maxx,z log 1

p(x,z) , and c = cx + cz + cxz. Proof: Our
encoding procedure consists of two phases: a quantization
phase followed by a binning phase.In the quantization phase,
the encoder forXn does nothing to the source since we are
interested in perfect reconstruction. The encoder forY n, on
the other hand, follows the following quantization procedure.
Using enR̃ codewords generated i.i.d. by distributionp(zn) =∏

p(zi), we generate the outputZn(Y n). By the generalized
Markov lemma given in Theorem 1, we know that there exists
an encoding rule such that the probability this output will not
be jointly δ-typical with our sources has probability at most

P ((Xn,Y n, Zn(Y n)) /∈ Tn(δ))

≤ 2|XYZ|e−nD( δ/|XYZ|+1
2 ‖ 1

2 )

+ e−n(E0(ρ,p(Y,Z))−ρR̃), (39)

where−1 < ρ < 0. Note that we can makẽR large enough
so that the first term in (39) dominates. Further, if we let
δ ≤ α/Dmax, whereDmax = maxy,ŷ d(y, ŷ), then this is the
probability our target distortion is not met.

The second encoding phase is binning. In this stage, the
encoder forXn selects en(H(X)+ε)

enRx
δ-typical sequences of

p(xn) independently and randomly for each ofenRx bins. It
then finds the bin containingXn or declares an error. For the
encoder forY n, we selecten(I(Y ;Z)+ε)

enRy
typical sequences of

p(zn) independently and randomly for each ofenRy bins. It
then finds the bin containingZn(Y n) or declares an error.
We require thatRx ≤ H(X) + ε and Ry ≤ I(Y ; Z) + ε for
the bins to be nonempty. Assuming there were no error in the
quantization stage, the probability that each encoder declares
an error is [13]

P (Xn not found|Xn ∈ Tn(δ)) ≤ exp
{
−en(ε−cxδ)

}
, (40)

P (Zn(Y n) not found|Zn(Y n) ∈ Tn(δ))

≤ exp
{
−en(ε−czδ)

}
, (41)

where cx = maxx log 1
p(x) , cz = maxz log 1

p(z) . Thus, we
requireε > δ max{cx, cz}.

The decoder receives the bin indices from the two encoders
and must decipher which pair of codewords was sent by the



encoders. If there is only one pair of codewords that are jointly
typical in the product bin, then the decoder can identify them.
Otherwise, it declares an error. Because each typical sequence
was selected independently and randomly for the bins, a union
bound argument gives a bound for the error probability as

P (E2) ≤ en(H(X)+ε)

enRx
· en(I(Y ;Z)+ε)

enRy

· |xn, zn ∈ Tn(δ)|
|xn ∈ Tn(δ)||zn ∈ Tn(δ)| (42)

≤ e−n(Rx+Ry−H(X)−I(Y ;Z|X)−2ε−cδ) (43)

since |xn ∈ Tn(δ)| ≥ en(H(X)+δcx), |zn ∈ Tn(δ)| ≥
en(H(Z)+δcz), |xn, zn ∈ Tn(δ)| ≤ en(H(X,Z)+δcxz) and where
c = cx + cz + cxz, I(Y ; Z) = I(X, Y ; Z), and where
cxz = maxx,z log 1

p(x,z) .
The total error probability is bounded by the sum of (39),

(40), (41), and (43). Making̃R large enough so that the first
term on the right-hand side of (39) dominates and noting that
(40) and (41) are doubly exponential gives us our result.

V. D ISCUSSION

We have demonstrated a novel technique for deriving
achievable source coding error exponents in multiterminal
source coding problems. Whenever the Berger-Tung inner
bound is tight, this approach gives a lower bound on the
achievable exponent. However, the typical sequence approach
appears to be a little coarse when compared to the more elegant
results of lossless source coding. Berger gave some general
results on this for the point-to-point problem [7, pp. 194-198].
Unfortunately, the binning argument precludes using such an
argument in our case. Still, one would like to determine the
tightest possible exponents for this problem. Another issue for
future consideration is lower bounds to our error probability.
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