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Abstract—We consider the ability of a distributed randomized
network coding approach to multicast, to one or more receivers,
correlated sources over a network where compression may be re-
quired. We give, for two arbitrarily correlated sources in a gen-
eral network, upper bounds on the probability of decoding error
at each receiver, in terms of network parameters. In the special
case of a Slepian-Wolf source network consisting of a link from
each source to the receiver, our error exponents reduce to known
error exponents for linear Slepian-Wolf coding.

I. I NTRODUCTION

The achievable capacity of multicast networks with indepen-
dent sources employing network coding was given in [1]. Ref-
erence [3] showed how to achieve this capacity in a distributed
setting using randomized linear codes, and gave error bounds
for transmission of independent and linearly correlated sources.

This paper considers linear network coding in the context of a
distributed source coding problem, where compression may be
required to transmit information from correlated sources over a
network to one or more receivers. An example of such a prob-
lem is given in Figure 1.

We demonstrate that a distributed randomized network cod-
ing approach, an adaptation of that in [3], performs com-
pression when necessary in a multicast network, generalizing
known error exponents for linear Slepian-Wolf coding [2] in a
natural way. Specifically, for two arbitrarily correlated discrete
memoryless sources in a general network, we give error bounds
for minimum entropy and maximum a posteriori probability de-
coding at each receiver. In the special case of a Slepian-Wolf
source network consisting of one receiver connected directly by
a capacitated link to each source, our error exponents reduce to
the corresponding results for linear Slepian-Wolf coding. The
latter scenario may thus be considered a degenerate case of net-
work coding.

In this approach, all nodes other than the receiver nodes in-
dependently select random linear mappings from vectors of in-
put bits onto vectors of output bits. An illustration is given in
Figure 2. The receivers need only know the overall linear com-
bination of source processes in each of their incoming signals.
This information can be transmitted to the receivers by sending
a canonical basis through the network. The overhead of trans-
mitting these coefficients decreases with increasing length of
blocks over which the codes and network state are constant.
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Fig. 1. An example network with two correlated sourcesX1, X2 that can be
transmitted using distributed randomized network coding. The label on each
link represents the capacity of the link.
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Fig. 2. An example of distributed randomized network coding.Xn
1 andXn

2
are vectors of source bits being multicast to the receivers, and the matricesΥi

are matrices of random bits. The label on each link represents the signal being
carried on the link.

This distributed randomized network coding approach effec-
tively removes or adds redundancy in different parts of the net-
work depending on the available capacity. This is achieved
without knowledge of the source entropy rates at interior net-
work nodes. Compression is done simultaneously for multiple
receivers in a multicast session.

A. Overview
A brief overview of related work is given in Section I-B. In

Section II, we provide the coding and network model we use in
our analyses. We present our main result in Section III, and give
conclusions and some directions for further work in Section IV.

B. Related Work
Ahlswede et al. [1] showed that with network coding, as

symbol size approaches infinity, a source can multicast infor-
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mation at a rate approaching the smallest minimum cut be-
tween the source and any receiver. Li et al. [7] showed that
linear coding with finite symbol size is sufficient for multicast.
Koetter and Ḿedard [5] presented an algebraic framework for
network coding that extended previous results to arbitrary net-
works and robust networking, and proved the achievability with
time-invariant solutions of the min-cut max-flow bound for net-
works with delay and cycles. Ho et al. [3] introduced distributed
randomized network coding as an efficient, robust way to ap-
proach capacity in decentralized settings, giving error bounds
for independent and linearly correlated sources. Concurrent in-
dependent work by Sanders et al. [10] and Jaggi et al. [4] con-
sidered single-source multicast on acyclic delay-free graphs,
giving centralized deterministic and randomized polynomial-
time algorithms for finding network coding solutions over a
subgraph consisting of flow solutions to each receiver. The need
for vector coding solutions in some non-multicast problems
was considered by Rasala Lehman and Lehman [6], Médard
et al. [8] and Riis [9].

II. M ODEL

We represent a network as a directed graph. Discrete mem-
oryless random processes are observable at one or more source
nodes, and there are one or more receiver nodes. Themulticast
connection problem is to transmit all the source processes to
each of the receiver nodes.

Koetter and Medard [5] give an algebraic framework for net-
work coding which considers unit capacity links and indepen-
dent unit entropy rate sources. It is assumed that information is
transmitted as vectors of bits. The length of the vectors is equal
in all transmissions, and all links are assumed to be synchro-
nized with respect to the symbol timing. Linear coding is used,
which is sufficient for multicast [7]. The signal on each link is
a scalar linear combination, in a finite field, of incoming links’
signals and observable source processes.

We use a slightly different model that lends itself more natu-
rally to consideration of compressible and arbitrarily correlated
sources. Our network model allows for links with integer ca-
pacities and sources with integer bit rates. Randomized linear
network coding is done over vectors of bits in the finite field
of size two. This vector coding model can, for given vector
lengths, be brought into the scalar algebraic framework of [5]
by conceptually expanding each source into multiple sources
and each link into multiple links, such that each new source and
link corresponds to one bit in the code vectors. We describe this
scalar framework below, and use it to analyze the operation of
interior network nodes. Note however that the linear decoding
strategies of [5] do not apply when we consider compressible
and arbitrarily correlated sources.

Link l is an incident outgoing linkof nodev if v = tail(l),
and anincident incoming linkof v if v = head(l). We call an
incident outgoing link of a source node asource linkand an
incident incoming link of a receiver node aterminal link. Edge
l carries the random processY (l). A path is a subgraph of the
network consisting of a sequence of linkse1, . . . , ek such that
ei is an incident incoming link ofei+1, and each node is visited
at most once.

In the scalar linear codes of [5], the signalY (j) on a link
j is a linear combination of processesXi generated at node
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Fig. 3. Illustration of linear coding at a node.

v = tail(j) and signalsY (l) on incident incoming linksl. For
the delay-free case, this is represented by the equation

Y (j) =
∑

{i : Xi generated atv}
ai,jXi +

∑

{l : head(l) = v}

fl,jY (l)

an illustrated in Figure 3. For a network with link delays, each
link is assumed to have unit delay; links with longer delay are
modeled as links in series. The corresponding linear coding
equation is

Yt+1(j) =
∑

{i : Xi generated atv}
ai,jXit +

∑

{l : head(l) = v}

fl,jYt(l)

This equation, as with the random processes in the network, can
be represented algebraically in terms of a delay variableD:

Y (j)(D) =
∑

{i : Xi generated atv}
Dai,jXi(D) +

∑

{l : head(l) = v}

Dfl,jY (l)(D)

where

Xi(D) =
∞∑

t=0

Xi,tD
t

Y (j)(D) =
∞∑

t=0

Yt(j)Dt, Y0(j) = 0

The coefficients{ai,j , fl,j ∈ F2u} can be collected into ma-
tricesA = (ai,j) andF = (fl,j), whose structure is constrained
by the network. For acyclic graphs, we number the links ances-
trally, i.e. lower-numbered links upstream of higher-numbered
links, so matrixF is upper triangular with zeros on the diago-
nal.

We use the following notation:

• G =
{

(I − F )−1 in the acyclic delay-free case1

(I −DF )−1 in the case with delay2

• GH is the submatrix consisting of columns ofG corre-
sponding to links in setH

Matrix AG gives the transfer matrix from input processes to
signals on each link.

III. M AIN RESULT

We consider transmission of arbitrarily correlated sources in
a network by linear network coding, and show error bounds
on the probability of successful (non-linear) decoding at a re-
ceiver. Analogously to Slepian and Wolf [11], we consider

2The inverse exists sinceF is nilpotent.
3The inverse exists since the determinant is a nonzero polynomial inD.
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the problem of distributed encoding and joint decoding of two
sources whose output symbols in each unit time period are
drawn i.i.d. from the same joint distributionQ. The difference
is that in our problem, transmission occurs across a network
of intermediate nodes that perform linear transformations from
their inputs to their outputs. In the special case of a network
consisting of a set of parallel links, this reduces to the original
Slepian-Wolf problem.

An α-decoder (which may be a minimum entropy or maxi-
mum Q-probability decoder) [2] at the receiver maps a block
of received signals to the corresponding minimum entropy or
maximumQ-probability inputs. We derive the error probabil-
ity in terms of the block length when all non-receiver nodes in-
dependently and randomly choose vector linear mappings from
inputs to outputs.

The following theorem bounds the probability of successful
minimum entropy or maximum a posteriori probability decod-
ing at a receiver, for two sourcesX1 andX2 whose output val-
ues in each unit time period are drawn i.i.d. from the same joint
distributionQ. Denote byri the bit rate of sourceXi, and sup-
pose linear coding is done inF2 over vectors ofnr1 andnr2 bits
from each source respectively. Letm1 andm2 be the minimum
cut capacities between the receiver and each of the sources re-
spectively, and letm3 be the minimum cut capacity between
the receiver and both sources. We denote byL the maximum
source-receiver path length.

Theorem 1:For distributed randomized network coding of
arbitrarily correlated sourcesX1 andX2 over an arbitrary net-
work, the error probability is at most

∑3
i=1 pi

e, where

p1
e ≤ exp

{
− n min

X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m1(1− 1

n
log L)−H(X1|X2)

∣∣∣∣
+ )

+22r1+r2 log(n + 1)

}

p2
e ≤ exp

{
− n min

X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m2(1− 1

n
log L)−H(X2|X1)

∣∣∣∣
+ )

+2r1+2r2 log(n + 1)

}

p3
e ≤ exp

{
− n min

X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m3(1− 1

n
log L)−H(X1X2)

∣∣∣∣
+ )

+22r1+2r2 log(n + 1)

}

The error exponents

e1 = min
X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m1(1− 1

n
log L)−H(X1|X2)

∣∣∣∣
+ )

e2 = min
X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m2(1− 1

n
log L)−H(X2|X1)

∣∣∣∣
+ )

e3 = min
X1,X2

(
D(PX1X2 ||Q)

+
∣∣∣∣m3(1− 1

n
log L)−H(X1X2)

∣∣∣∣
+ )

generalize the Slepian-Wolf error exponents for linear cod-
ing [2]:

e1 = min
X1,X2

(
D(PX1X2 ||Q) + |R1 −H(X1|X2)|+

)

e2 = min
X1,X2

(
D(PX1X2 ||Q) + |R2 −H(X2|X1)|+

)

e3 = min
X1,X2

(
D(PX1X2 ||Q) + |R1 + R2 −H(X1X2)|+

)

whereRi is the rate of the code forXi.
Proof: Encoding in the network is represented by the

transfer matrixAGT specifying the mapping from the vector
of source signals[ X1 X2 ] ∈ Fn(r1+r2)

2 to the vectorz of
signals on the setT of terminal links incident to the receiver.
Our error analysis, using the method of types, is similar to that
in [2]. As there, the typePxi of a vectorxi ∈ Fnri

2 is the distri-
bution onF2 defined by the relative frequencies of the elements
of F2 in xi, and joint typesPx1x2 are analogously defined.

The α-decoder maps a vectorz of received signals
onto a vector inFn(r1+r2)

2 minimizing α(Px1x2) subject to
[ x1 x2 ]AGT = z. For a minimum entropy decoder,
α(Px1x2) ≡ H(Px1x2), while for a maximumQ-probability
decoder,α(Px1x2) ≡ − log Qn(x1x2). We consider three
types of errors: in the first type, the decoder has the correct
value forX2 but outputs the wrong value forX1; in the second,
the decoder has the correct value forX1 but outputs the wrong
value forX2; in the third, the decoder outputs wrong values for
bothX1 andX2. The error probability is upper bounded by the
sum of the probabilities of the three types of errors,

∑3
i=1 pi

e.
Defining the sets of types

Pi
n =




{PX1X̃1X2X̃2

| X̃1 6= X1, X̃2 = X2} i = 1
{PX1X̃1X2X̃2

| X̃1 = X1, X̃2 6= X2} i = 2
{PX1X̃1X2X̃2

| X̃1 6= X1, X̃2 6= X2} i = 3

whereX̃i ∈ Fnri
2 , and the sets of sequences

TX1X2 =
{
[ x1 x2 ] ∈ Fn(r1+r2)

2

∣∣ Px1x2 = PX1X2

}

TX̃1X̃2|X1X2
(x1x2) =

{
[ x̃1 x̃2 ] ∈ Fn(r1+r2)

2

∣∣
Px̃1x̃2x1x2 = PX̃1X̃2X1X2

}

we have

p1
e ≤

∑

P
X1X̃1X2X̃2

∈ P1
n :

α(P
X̃1X2

) ≤ α(PX1X2
)

∑
(x1, x2) ∈
TX1X2

Qn(x1x2)
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Pr
(
∃(x̃1, x̃2) ∈ TX̃1X̃2|X1X2

(x1x2)

s.t.[ x1 − x̃1 0 ]AGT = 0
)

≤
∑

P
X1X̃1X2X̃2

∈ P1
n :

α(P
X̃1X2

) ≤ α(PX1X2
)

∑
(x1, x2) ∈
TX1X2

Qn(x1x2)

min
{ ∑

(x̃1, x̃2) ∈
T

X̃1X̃2|X1X2
(x1x2)

Pr
(
[ x1 − x̃1 0 ]AGT = 0

)
, 1

}

Similarly,

p2
e ≤

∑

P
X1X̃1X2X̃2

∈ P2
n :

α(P
X1X̃2

) ≤ α(PX1X2
)

∑
(x1, x2) ∈
TX1X2

Qn(x1x2)

min
{ ∑

(x̃1, x̃2) ∈
T

X̃1X̃2|X1X2
(x1x2)

Pr
(
[ 0 x2 − x̃2 ]AGT = 0

)
, 1

}

p3
e ≤

∑

P
X1X̃1X2X̃2

∈ P3
n :

α(P
X̃1X̃2

) ≤ α(PX1X2
)

∑
(x1, x2) ∈
TX1X2

Qn(x1x2)

min
{ ∑

(x̃1, x̃2) ∈
T

X̃1X̃2|X1X2
(x1x2)

Pr
(
[ x1 − x̃1 x2 − x̃2 ]

AGT = 0
)
, 1

}

where the probabilities are taken over realizations of the net-
work transfer matrixAGT corresponding to the random net-
work code. The probabilities

P1 = Pr
(
[ x1 − x̃1 0 ]AGT = 0

)

P2 = Pr
(
[ 0 x2 − x̃2 ]AGT = 0

)

P3 = Pr
(
[ x1 − x̃1 x2 − x̃2 ]AGT = 0

)

for nonzerox1− x̃1,x2− x̃2 can be calculated for a given net-
work, or bounded in terms ofn and parameters of the network
as we will show later.

As in [2], we can apply some simple cardinality bounds

|P1
n| < (n + 1)2

2r1+r2

|P2
n| < (n + 1)2

r1+2r2

|P3
n| < (n + 1)2

2r1+2r2

|TX1X2 | ≤ exp{nH(X1X2)}
|TX̃1X̃2|X1X2

(x1x2)| ≤ exp{nH(X̃1X̃2|X1X2)}
and the identity

Qn(x1x2) = exp{−n(D(PX1X2 ||Q) + H(X1X2))},
(x1,x2) ∈ TX1X2 (1)

to obtain

p1
e ≤ exp

{
− n min

P
X1X̃1X2X̃2

∈ P1
n:

α(P
X̃1X2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X̃1|X1X2)
∣∣∣∣
+ )

+22r1+r2 log(n + 1)

}

p2
e ≤ exp

{
− n min

P
X1X̃1X2X̃2

∈ P2
n:

α(P
X1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P2 −H(X̃2|X1X2)
∣∣∣∣
+ )

+2r1+2r2 log(n + 1)

}

p3
e ≤ exp

{
− n min

P
X1X̃1X2X̃2

∈ P3
n:

α(P
X̃1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2|X1X2)
∣∣∣∣
+ )

+22r1+2r2 log(n + 1)

}
,

where the exponents and logs are taken to base 2.
For the minimum entropy decoder, we have

α(PX̃1X̃2
) ≤ α(PX1X2)

⇒





H(X̃1|X1X2) ≤ H(X̃1|X2) ≤ H(X1|X2)
for X2 = X̃2

H(X̃2|X1X2) ≤ H(X̃2|X1) ≤ H(X2|X1)
for X1 = X̃1

H(X̃1X̃2|X1X2) ≤ H(X̃1X̃2) ≤ H(X1X2)

which gives

p1
e ≤ exp

{
− n min

X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X1|X2)
∣∣∣∣
+ )

+22r1+r2 log(n + 1)

}
(2)

p2
e ≤ exp

{
− n min

X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P2 −H(X2|X1)
∣∣∣∣
+ )

+2r1+2r2 log(n + 1)

}
(3)

p3
e ≤ exp

{
− n min

X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X1X2)
∣∣∣∣
+ )

+22r1+2r2 log(n + 1)

}
. (4)
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We next show that these bounds also hold for the maximum
Q-probability decoder, for which, from (1),

α(PX̃1X̃2
) ≤ α(PX1X2)

⇒ D(PX̃1X̃2
||Q) + H(X̃1X̃2)

≤ D(PX1X2 ||Q) + H(X1X2). (5)

For i = 1, X̃2 = X2, and (5) gives

D(PX̃1X2
||Q) + H(X̃1|X2) ≤ D(PX1X2 ||Q) + H(X1|X2).

(6)
We show that

min
P

X1X̃1X2X̃2
∈ P1

n :

α(P
X̃1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X̃1|X1X2)
∣∣∣∣
+ )

≥ min
P

X1X̃1X2X̃2
∈ P1

n :

α(P
X̃1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X̃1|X2)
∣∣∣∣
+ )

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X1|X2)
∣∣∣∣
+ )

by considering two possible cases for anyX1, X̃1, X2 satisfy-
ing (6):

Case 1:− 1
n log P1 −H(X1|X2) < 0. Then

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P1 −H(X̃1|X2)
∣∣∣∣
+

≥ D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P1 −H(X1|X2)
∣∣∣∣
+

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X1|X2)
∣∣∣∣
+ )

Case 2:− 1
n log P1 −H(X1|X2) ≥ 0. Then

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P1 −H(X̃1|X2)
∣∣∣∣
+

≥ D(PX1X2 ||Q)− 1
n

log P1 −H(X̃1|X2)

≥ D(PX̃1X2
||Q)− 1

n
log P1 −H(X1|X2) by (6)

= D(PX̃1X2
||Q) +

∣∣∣∣−
1
n

log P1 −H(X1|X2)
∣∣∣∣
+

which gives

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P1 −H(X̃1|X2)
∣∣∣∣
+

≥ 1
2

[
D(PX1X2 ||Q) +

∣∣∣∣−
1
n

log P1 −H(X̃1|X2)
∣∣∣∣
+

+D(PX̃1X2
||Q) +

∣∣∣∣−
1
n

log P1 −H(X1|X2)
∣∣∣∣
+ ]

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P1 −H(X1|X2)
∣∣∣∣
+ )

.

A similar proof holds fori = 2.
For i = 3, we show that

min
P

X1X̃1X2X̃2
∈ P3

n :

α(P
X̃1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2|X1X2)
∣∣∣∣
+ )

≥ min
P

X1X̃1X2X̃2
∈ P3

n :

α(P
X̃1X̃2

) ≤ α(PX1X2
)

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2)
∣∣∣∣
+ )

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X1X2)
∣∣∣∣
+ )

by considering two possible cases for anyX1, X̃1, X2, X̃2 sat-
isfying (5):

Case 1:− 1
n log P3 −H(X1X2) < 0. Then

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2)
∣∣∣∣
+

≥ D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P3 −H(X1X2)
∣∣∣∣
+

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X1X2)
∣∣∣∣
+ )

Case 2:− 1
n log P3 −H(X1X2) ≥ 0. Then

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2)
∣∣∣∣
+

≥ D(PX1X2 ||Q)− 1
n

log P3 −H(X̃1X̃2)

≥ D(PX̃1X̃2
||Q)− 1

n
log P3 −H(X1X2) by (5)

= D(PX̃1X̃2
||Q) +

∣∣∣∣−
1
n

log P3 −H(X1X2)
∣∣∣∣
+

which gives

D(PX1X2 ||Q) +
∣∣∣∣−

1
n

log P3 −H(X̃1X̃2)
∣∣∣∣
+
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≥ 1
2

[
D(PX1X2 ||Q) +

∣∣∣∣−
1
n

log P3 −H(X̃1X̃2)
∣∣∣∣
+

+D(PX̃1X̃2
||Q) +

∣∣∣∣−
1
n

log P3 −H(X1X2)
∣∣∣∣
+ ]

≥ min
X1X2

(
D(PX1X2 ||Q)

+
∣∣∣∣−

1
n

log P3 −H(X1X2)
∣∣∣∣
+ )

.

Next we bound the probabilitiesPi in terms ofn and the
network parametersmi, i = 1, 2, the minimum cut capacity
between the receiver and sourceXi, m3, the minimum cut ca-
pacity between the receiver and both sources, andL, the max-
imum source-receiver path length. LetG1,G2, be subgraphs of
graphG consisting of all links downstream of sources 1 and 2
respectively, and letG3 be equal toG. It follows from the alge-
braic coding model of Section II that in a random linear network
code over an arbitrary network, any link which has at least one
nonzero incoming signal carries the zero signal with probability
1

2nc , wherec is the capacity of the link. This is the same as the
probability that a pair of distinct values for the link’s inputs are
mapped to the same output on the link.

For a given pair of distinct source values, letEl be the event
that the corresponding inputs to linkl are distinct, but the cor-
responding values onl are the same. LetE(G̃) be the event that
El occurs for some linkl on every source-receiver path in graph
G̃. Pi is then equal to the probability of eventE(Gi).

LetG′i, i = 1, 2, 3 be the graph consisting ofmi node-disjoint
paths, each consisting ofL links each of unit capacity. We show
by induction onmi thatPi is upper bounded by the probability
of eventE(G′i).

We letG̃ be the graphsGi,G′i, i = 1, 2, 3 in turn, and consider
any particular source-receiver pathPG̃ in G̃. We distinguish two
cases:

Case 1:El does not occur for any of the linksl on the path
PG̃ . In this case the eventE(G̃) occurs with probability 0.

Case 2: There exists some linkl̂ on the pathPG̃ for whichEl

occurs.
Thus, we havePr(E(G̃)) = Pr(case 2) Pr(E(G̃)|case 2).

SincePG′i has at least as many links asPGi , Pr(case 2 forG′i) ≥
Pr(case 2 for Gi). Therefore, if we can show that
Pr(E(G′i)|case 2) ≥ Pr(E(Gi)|case 2), the induction hypoth-
esisPr(E(G′i)) ≥ Pr(E(Gi)) follows.

Formi = 1, the hypothesis is true sincePr(E(G′i)|case 2) =
1. For mi > 1, in case 2, removing the link̂l leaves, forG′i,
the effective equivalent of a graph consisting ofmi − 1 node-
disjoint length-L paths, and, forGi, a graph of minimum cut at
leastmi − 1. The result follows from applying the induction
hypothesis to the resulting graphs.

Thus,Pr(E(G′i)) gives an upper bound on probabilityPi:

Pi ≤
(

1− (1− 1
2n

)L

)mi

≤
(

L

2n

)mi

.

Substituting this into the error bounds (2)-(4) gives the desired
results.

IV. CONCLUSION

We have shown that a distributed randomized network cod-
ing approach effectively compresses correlated sources within
a network, providing error bounds whose exponents generalize
corresponding results for linear Slepian-Wolf coding. This ran-
domized network coding approach carries over to any positive
number of sources, though we give here a detailed treatment
only of the case of two sources.

We give error bounds in terms of minimum cut capacities and
maximum source-receiver path length in a network. Bounds
in terms of other network parameters, e.g. the number of links
upstream of a receiver, or for particular network topologies, can
be obtained using similar means.

Further work includes extensions to non-uniform code distri-
butions, possibly chosen adaptively or with some rudimentary
coordination, to optimize different performance goals. Another
question concerns selective placement of randomized coding
nodes. The randomized and distributed nature of the approach
also leads us naturally to consider applications in network se-
curity.
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