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Abstract— We considera point to point communication system
facing interfer encefr om other systems,with a particular focuson
the casewhen this interfer enceis undecodable.It is well known
that when the interfer ence is non-interactive, we can certainly
tr eat it as additional noise at the receiver and thereby achieve
certain rates. This paper askswhether any higher rates could be
achieved by exploiting knowledge of the interfer er's codebook.

The main contribution of this paper is to study the converse:
if the interfer ence is undecodable, then we cannot do better
than tr eating it as additional noise.This is proved for almost all
interfer encecodebookswhen viewedunder the random Gaussian
codebookmeasure.When the interfer encesignal is strong enough
to be decodable,then codebook knowledge can be exploited at
our receiver to allow higher rates to be achieved by appropriately
structuring our own codebooks.

Finally, we give an example of an interfer encecodebookthat
cannotbecompletelydecoded,but whoseknowledgeis still useful.
However, this interfer encecodebookis bad fr om the perspective
of the interfer er's own communication system.This leads us to
conjecture that when the interfer encesignal is undecodable,the
only interfer ence codebooksworth knowing are those that are
not worth using fr om the interfering system's point of view.

I . INTRODUCTION

We aremotivatedby theengineeringproblem(illustratedin
Figure1) of designinga point to point communicationsystem
(denotedsecondary)that has to operatein the presenceof
interferencefrom other (primary1) systems.We considerthe
casewhen the secondarysystemis sel�sh and only wantsto
maximize its communicationrate subject to a pre-speci�ed
transmitpower constraint.2 It doesnot careif by doing so it
causesharmful interferenceto the othersystems.3

ReceiverSender

Non-interactive Interference

Fig. 1. Wirelessinterferencenetwork

1Our terminologyrevealsour motivation's origin in the studyof cognitive
radio systems[1], [2] andopportunisticspectrumsharing[3].

2This correspondsto a spectrumsharing regime in which the relevant
regulation is expressedasan individual power constraint.

3Presumably, that concernis dealtwith at the regulatory level by limiting
the transmitpower of the secondarysystem.

It is known from [4] that the secondary user can
treat the interference4 from the primary user as addi-
tional noiseand achieve the correspondingAWGN capacity:
1
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´
, where ¯ Pp is the received interference

power, N is the receiver noise,and P is the received power
from our own transmitter. In particular, random Gaussian
coding combined with nearestneighbor decoding can be
used to achieve this, irrespective of the actual interference
codebook.

Wetakeparticularinterestin thecaseswhentheinterference
is undecodable:our receiver couldnot decodethe interference
codeword even if our transmitterwere off. Such a situation
canarisewhenever we areoutsidethe primary user's service
radiusandwe will modelit astheinterferencecodebook's rate
RI being larger than the relevant capacity 1
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.

Under this setupwe ask: Is thereany value for our system
to know thecodebookof the interferer?More comically, if an
industrial spy were willing to sell the interferer's codebook,
how muchwould we be willing to pay for it?

To answerthis, we assumethatboththesenderandreceiver
are aware of the interferencecodebook,but not the exact
interferencecodeword that was realized.We want to �nd the
maximumrateat which the sendercanconvey informationto
its receiver.

This paperis structuredas follows: After commentingon
related work in Section II, a precise information theoretic
formulation is given in SectionIII. The main converseresult
for the caseof a random Gaussianinterferer is proved in
SectionIV. We extendour resultsto thecaseof multiple inter-
ferersin SectionV andthe discussionof generalinterference
codebooksis done in SectionVI. We give someconcluding
remarksin SectionVII.

I I . CONTEXT AND RELATED WORK

The problem consideredin this paper comes from the
generalareaof spectrumsharing.For instance,two systems
tying to operatein the samefrequency bandwill face inter-
ferencefrom eachother, even if they have somegeographical
separation.A topic of signi�cant currentinterestis thecaseof
cognitive radios that can sensetheir surroundingsand adapt

4Here we assumethat the primary user is non-interactive: it doesnot try
to jam the secondary's transmissionsas it might in an AVC formulation.



their communicationstrategies accordingly. The questionad-
dressedhere is in what casesdoes it pay for the cognitive
radiosto adaptto the interferer's codebook?
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Fig. 2. The two user“cognitive radio channel”of [5].

Devroye,et.al. in [5] proposeaninterferencechannelmodel
(illustratedin Figure2) for cognitive radios,that they call the
cognitiveradiochannel. It is de�ned asaninterferencechannel
in which S2 hasknowledgeof the messageto be transmitted
by S1. This modelssituationsin which the cognitive radio
facesvery strong interferencefrom the primary and hence
candecodehis message.Using ideasfrom dirty papercoding
[6] they derive an achievable rate region in [5] for the
two usercognitive radio channel.More recently, Jovicic and
Viswanathin [7] have derived the maximumrate achievable
for thecognitive radiochannelundersomespecialinterference
regimes.

In this line of prior work, the main assumptionis that the
primary's messagecan be decodedby the secondaryuser.
Furthermore,the underlying values are `polite' in that the
secondaryusertriesto listento theprimaryfor awhile, decode
it and try to take advantageof the decodedmessagein a
way that doesnot causeharmful interferenceto the primary.
In contrast,we focus on the `rude' approachin which the
secondaryuserdoesnot careabout the successor failure of
the primary's message,but is willing to exploit whatever it
knows to its own advantage.

Another differenceis that we implicitly considerthe case
of secondaryusersthat are outside the service area of the
primary and so may not be able to decodethe primary at
all. An analogousquestionwith respectto detectionrather
than decoding has been treated in [8]–[10]. At low SNR,
the samplecomplexity of detectingthe presenceor absence
of a primary user's signal doesnot changesigni�cantly with
additionalknowledgeof the signal constellation(assumedto
be zero-mean).From a sample complexity point of view,
treatingtheprimarysignalasnoiseanddoinga simpleenergy
detectionis nearly optimal. The result heresuggeststhat the
samephilosophy appliesat thelevel of code-design— it is not
worth adaptingto the detailsof the primary codebookwhen
theprimarysignal's SNRis too low to decode.In a sense,this
validatesthecurrentassumptionthatgivenenoughgeographi-
cal separation,systemscanbedesignedindependentlyof each
otherandshouldonly endup seeingeachotherasnoise.

I I I . PROBLEM FORMULATION

The boxed areain Figure 3 shows the channelof interest.
The secondarytransmitter and receiver are referred to as

senderandreceiver respectively. For obviouspracticalreasons,
we make the half-duplex assumptionthat our sendercannot
receive and transmitat the sametime in the samefrequency
band.
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Fig. 3. Information theoreticproblemformulation

The channelof interestis expressedas:

Yi = X i + Si + Z i

whereX i andYi denotethe input andoutputof the channel,
Si is the interferenceand Z i is the receiver noiseat time i .
We assumethat the noiseprocess,interferenceand the input
are independentof eachother.

² Noiseprocess: White GaussianZ i » N (0; N ).
² Interference: RateRI , with codewordsuniformly chosen

from a (2nR I ; n) code book, Sn . Each codeword si =
(si 1; si 2; ¢¢¢; sin ) mustsatisfy:

1
n

nX

j =1

sij 2 · I ; i = 1; 2; ¢¢¢; 2nR I (1)

We assumethat RI > 1
2 log
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¢
, i.e., the interfer-

enceis undecodableeven whenthe senderis off.

For each block, we assumethat the interferencecode-
book Sn is revealed to both the senderand receiver and
thus the channel input is allowed to depend on the in-
terferencecodebook,but not on the interferencemessage.
Our goal is to send a messageW 2 f 1; 2; ¢¢¢; 2nR g to
the receiver in n uses of the channel.5 Thus we must
specify a (2nR ; n) code Cn , with codewords x(W ) =
(x1(W ); x2(W ); ¢¢¢; xn (W )) , W 2 f 1; 2; ¢¢¢2nR g satisfying
the power constraint 1

n

P n
i =1 x2i (W ) · P togetherwith a

decodingfunction gn : R n ! f 1; 2; ¢¢¢2nR g such that the
averageerror probability P (n )

e is low.

P (n )
e (Cn ; Sn ) =

1
2nR

2nR
X

i =1

Pr f gn (Y ) 6= i jX = x(i )g(2)

= Pr f gn (Y ) 6= W )g (3)

where it is assumedthat the messageW is uniformly dis-
tributed over f 1; 2; ¢¢¢2nR g and is independentof the inter-
ferencecodebookSn andthe noisesequenceZ.

The aim is to �nd the set of rates R, at which
P (n )

e (Cn ; Sn ) ! 0 as n ! 1 for some sequenceof

5Throughoutthis paperwe assumethattheinterferenceblocklengthis same
as the blocklengthusedby our encoder. All our resultsshouldeasilyextend
to the casewhenthe blocklengthsaredifferent.



encoder/decoderdesigns.From resultsin [4], it follows that
thesendercancommunicateatall ratesR < 1

2 log
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´

IV. MAIN RESULT

Trying to prove a conversefor all “reasonable”interference
codebooksis very tricky since there are silly interference
codebooksfor which we can in fact do better. Instead,we
considerthe productGaussianmeasureon the setof all inter-
ferencecodebookssatisfyingthe power constraintin (1), i.e.,
we assumethateachcoordinateof aninterferencecodeword is
generatedusing a Gaussiandistribution. Under this measure
we are interestedin the fraction of interferencecodebooks
for which the converseis true. We show that the probability
of the set of all interferencecodebooksthat are not worth
knowing can be madearbitrarily close to 1 for suf�ciently
large blocklength.

Theorem1: Considerthescalaradditivenoiseplusinterfer-
encechanneldiscussedin SectionIII. Fix RI > 1

2 log
¡
1 + I

N

¢

andR > 1
2 log
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´
. For every 0 < ± · 1, thereexists

some0 < ² · 1 andn0 > 0 suchthat, 8 n ¸ n0 we have

Pr
n

Sn : P (n )
e (Cn (Sn ); Sn ) ¸ ²

o
¸ 1 ¡ ± (4)

for any input codebook,Cn (Sn ). Here P (n )
e (Cn (Sn ); Sn ) is

the error probability (as given in (3)) when the encoderuses
Cn (Sn ) for transmitting the messageindex6. Here we are
assuminga product Gaussianmeasureon the interference
codebooks.

Proof: We prove this resultby contradiction.Supposethe
theoremwere false.Then,therewould exist some0 < ± · 1
suchthat 8 ² 2 (0; 1], 9 a sequenceof nk " 1 suchthat

Pr
n

Sn k : P (n k )
e (Cn k (Sn k ); Sn k ) < ²

o
¸ ± (5)

for someinput codebookCn k (Sn k ).
Now, partition the messageswithin interferencecodebook

Sn k into binsof size2n k ~R I , where ~RI = 1
2 log

¡
1 + I

N

¢
¡ ° for

somesmall ° > 0. Sincewe usea productGaussianmeasure
on the set of all power constrained(2n k R I ; nk ) interference
codebooks,the distribution of the codewords in eachof the
bins is alsoa productGaussiandistribution.

We now allow a genieto reveal the bin of the interference
codebookcontainingthe actualinterferencesequenceto both
the encoderand decoder. Call this thinned codebook ~Sn k .
Since the total numberof possibleinterferencesequencesis
reduced,the genie-aideddecoderperformsat leastaswell as
the original decoder. Therefore,we musthave

Pr
n

~Sn k : P (n k )
e (Cn k ( ~Sn k ); ~Sn k ) < ²

o
¸ ± (6)

Given the received channeloutput Y the genie-aidedre-
ceiver �rst decodesthe input codeword X . We can then
subtractthis decodedcodeword from Y to get an estimate
of interferenceplus noise S + Z. Now, we can decodethe

6It is importantto notethattheinput codebookcandependon theparticular
interferencecodebook.

interferencecodeword S from the estimateof S + Z using
nearestneighbordecoding.Hence,thegenie-aideddecodercan
get an estimateof the true codeword pair (X ; S). The error
probabilitycanbecomputedby unionboundingtheprobability
of the following two error events:

² E1: Thegenie-aideddecodermakesanerror in decoding
X from Y .

² E2: The thinnedinterferencecodebook,~Sn k , is badand
hencethe nearestneighbor decodermakes an error in
decodingS from S + Z.

Let An k denote the eventn
~Sn k : P (n k )

e (Cn k ( ~Sn k ); ~Sn k ) < ²
o

. From(6) we know that

Pr (An k ) ¸ ±. Now, let us focus on ~Sn k 2 An k . We know
that Pr (E1) · ² for all 0 < ² · 1.

Also, recall that ~RI < 1
2 log

¡
1 + I

N

¢
, and the distribution

of thecodewordsin ~Sn k is I.I.D. Gaussianwith averagepower
P. Therefore,for largeenoughnk and8 0 < ² · 1, An k must
containat leastonecodebook~Sn k which approachescapacity
for a point to point AWGN channelwith noisepower N , in
the sensethat, for this speci�c ~Sn k , Pr (E2) < ².

Therefore,the genie-aideddecoderdecodesthe pair (X ; S)
with error probability lessthanor equalto 2² for all 0 < ² ·
for somespeci�c thinnedinterferencecodebookin An k . This
shows that the ratepair ( ~RI ; R) is achievable for a Gaussian
MAC channel.Since R > 1

2 log
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N

¢
, by choosing °

suf�ciently small enough,the point ( ~RI ; R) canbe forced to
lie outsidethe two userGaussianMAC capacityregion. This
is a contradiction.

Therefore,the theoremis true.
Hencein this regime, knowing the interferencecodebookis
not useful.
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Fig. 4. The red line is the capacityof our noiseplus interferencechannel
as a function of the interferencerate R I . This is for the caseof a random
Gaussianinterferer

A. Whathappenswheninterferenceis decodable?

For rates RI < 1
2 log

¡
1 + I

N

¢
we can do better than

treatinginterferenceas noiseby exploiting the knowledgeof
the interferencecodebook.The red curve in Figure 4 gives
the capacityof our channelas a function of the interference
rate RI . When RI < 1

2 log
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¢
we can appealto the



converseof the GaussianMAC capacityregion andshow that
we cannotachieve rateshigher than thosegiven by the red
curve in Figure4. Herewe don't needa genieto help us out.

To show achievability we considerthe following cases:

² RI < 1
2 log

³
1 + I

P + N

´
: In this casewe can�rst decode

the interferencecodeword by treating our messageas
noiseandthendecodeour messageby cancelingout the
interferencecodeword.

² 1
2 log

³
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P + N

´
< RI < 1
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¢
: This corre-

spondsto the ramp in Figure 4. Pointson the ramp can
be achieved by using successive cancellationas in the
achievability of the GaussianMAC region. Speci�cally,
this canbeachievedby splitting our senderinto two users
(1 and2) with power ¸ andP ¡ ¸ for some0 · ¸ · P.
Then the decodercan �rst decodeuser 1 by treating
everything else as noise, then decodethe interference
by treating user 2 as noise and �nally we can decode
user2 seeingno interference.This schemewill achieve
pointsstrictly below therampin Figure4. Hencewe have
proved the capacityregion in Figure4.

V. EXTENSION TO MULTIPLE INTERFERERS

The result in Theorem 1 states that under the product
Gaussianmeasure,mostinterferencecodebooksarenot worth
knowing. However, there is no reasonto restrict to product
Gaussianmeasures.In this section we extend our result
to measuresformed by superpositionof product Gaussian
measures.

For instance,we can generatea 2nR I i codebook,Si , ac-
cording to the productGaussianmeasurewith averagepower
constraint I i for i = 1; 2. Here, RI = RI 1 + RI 2 and
I = I 1+ I 2. Now, wecanform the�nal codebookS = S1+ S2.
This imposesa measureon thesetof all rateRI with average
power constraintI .

If eachRI i is such that we cannotdecodea part of the
code treating the other as interference,then we can show
that most interferencecodebooksarenot worth knowing even
under this measure.That is, if RI 1 > 1
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,

RI 1 > 1
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´
andthesumrateRI = RI 1 + RI 2 >

1
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¢
then we are limited to treatinginterferenceas

noise for essentiallyall interferencecodebooks.This result
can be proved by the same argument as in the proof of
Theorem1 by use of a contradictionargument.We needto
considera genie, who thins both the codebooksSi appro-
priately and reveals the thinned list to both the encoderand
decoder. Using this genie-aideddecoderwe can show that,
if R > 1

2 log
³

1 + P
I + N

´
thena ratepoint outsidethe 3 user

GaussianMAC region is achievable,which leadsto thedesired
contradiction.

We canalsoextendthe sameargumentto measuresformed
by superpositionof K product Gaussianmeasures.In this
case,the interferencecodebookis formed by a sum of I.I.D.
random Gaussiancodebookswith rate RI k and power I k ,
whereRI =

P K
k=1 RI k and I =

P K
k=1 I k . Herewe consider

the casewhen the individual ratesare such that we cannot
decodeany subsetof the interferencecodewords by treating
the rest as noise, even when our transmitteris off. In this
case,if R > 1

2 log
³

1 + P
I + N

´
, then most of the interference

codebooksarenot worth knowing.
Consideringthesesuperpositionmeasuresis practicalwhen

the interferenceis comingfrom theuplink of a MAC channel,
i.e., from multiple Gaussianinterferers.Therefore,the con-
verseresult can be directly extendedto the caseof multiple
interferers.

VI . GENERAL DISCUSSION OF “ GOOD” CODES

Considerand interfererwith two receivers, receiver 1 with
Gaussiannoisepower N1 andreceiver 2 with Gaussiannoise
power N2. Let us assumethat N1 ¿ N2. We assumethat
the interferer usessuperpositioncoding to transmit at rates
RI 1 = 1

2 log
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1 + ®I
N 1

´
and RI 2 = 1
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1 + (1 ¡ ®) I
®I + N 2

´
for

some0 · ® · 1. To sendthe messageindex pair (i; j ) to
its receivers,the interferertakescodeword s1(i ) from the �rst
codebookandcodeword s2(j ) from the secondcodebookand
computesthe sum.He thensendsthis sumover the channel.

Given this interferersetup,thechannelseenby our receiver
can be written as Y = X + S1 + S2 + Z. If RI 1 + RI 2 >
1
2 log

¡
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N

¢
thenit is clearthat our receiver cannotdecode

all the interferenceeven when our senderis off. In this case
if N + P · N2, thenour receiver is lessnoisy thanthe worst
receiver of theinterferer's channel,i.e., receiver 2 in theabove
setup.Henceour receivercandecodeS2 treatingtheremaining
part of Y as noise. Then by subtractingS2 from Y our
receiver facesinterferencefrom S1 only, which haspower ®I .
Thereforeour sendercan transmitat R < 1

2 log
³

1 + P
®I + N

´

which is strictly higher than 1
2 log
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´
. Hencethis is

an examplewherewe cando betterthantreatinginterference
asnoise.This exampleshows that the result in Theorem1 is
not true for all interferencecodebooks.

Let's re-examine this code from a point to point channel
view for the interferer. For the given power constraint I ,
this code achieves a much lower rate than the capacity
1
2 log
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1 + I

N

¢
. Hence, this is a bad point to point channel

code, in that it usesa lot more power than is necessaryfor
the given rate.This badnessis the reasonwhy we candecode
a part of the codeword. From our proof point of view this
codebookis bad becauseit has very few cloud centersand
densecloudsaroundeachcloud center. Therefore,we cannot
thin this codebookasrequiredby the proof of Theorem1.

VI I . CONCLUDING REMARKS

In this paper we tried to addressthe important question
– “Is interferencelike noisewhen its codebookis known?”.
We have shown that, in the caseof a high rate(undecodable)
non-interactive interferer, we cannotdo betterthantreatingthe
interferenceasadditionalpower constrainednoise,evenwhen
its codebookis known. This result holds for essentiallyall
interferencecodebooksunderthe productGaussianmeasures.



We alsoveri�ed our resultfor othermeasures,like superposi-
tion of productGaussiancodebooks.

We have also shown by the example in Section VI that
thereexistssomeinterferencecodebooksthataregoodfor the
secondary, i.e., the secondarycan achieve higher rateswhen
the interfererusesthesecodebooks.

We concludeby proposingthe following conjecture
Conjecture1: If a interferencecodebookis “good” for the

secondaryuser from a rate point of view, then it must be a
badratecodefrom the interferer's point of view.
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