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Abstract

Compressive sensing(CS) is an emerging £eld
that, under appropriateconditions,can signi£-
cantly reducethe numberof measurementsre-
quiredfor a given signal. In many applications,
one is interestedin multiple signals that may
bemeasuredin multiple CS-typemeasurements,
wherehereeachsignalcorrespondsto a sensing
“task”. In this paperwe proposea novel multi-
taskcompressive sensingframework basedon a
Bayesianformalism, wherea Dirichlet process
(DP) prior is employed, yielding a principled
meansof simultaneouslyinferring the appropri-
atesharingmechanismsaswell asCS inversion
for eachtask.A variationalBayesian(VB) infer-
encealgorithmis employed to estimatethe full
posterioron themodelparameters.

1. Intr oduction

Over the last two decadesresearchershave considered
sparsesignalrepresentationsin termsof orthonormalbasis
functions(e.g., thewavelet transform).For example,con-
sideranm-dimensionalreal-valuedsignalu andassumean
m £ m orthonormalbasismatrix ª ; we maythenexpress
u = ª µ, whereµ is anm-dimensionalcolumnvectorof
weightingcoef£cients. For mostnaturalsignalsthereex-
istsanorthonormalbasisª suchthatµ is sparse.Consider
now an approximationto u , û = ª µ̂, whereµ̂ approxi-
matesµ by retainingthe largestN coef£cientsandsetting
theremainingm ¡ N coef£cientsto zero;dueto theafore-
mentionedsparsenessproperties,jju ¡ û jj2 is typicallyvery
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small even for N ¿ m. Conventionaltechniquesrequire
oneto measurethem-dimensionalsignalu but £nallydis-
cardm ¡ N coef£cients(Charilaos,1999). This sample-
then-compressframework is often wastefulsincethe sig-
nal acquisitionis potentiallyexpensive, andonly a small
amountof dataN is eventually requiredfor the accurate
approximationû . Onemaythereforeconsiderthe follow-
ing fundamentalquestion:Is it possibleto directlymeasure
the informative part of the signal? Recentresearchin the
£eldof compressive sensingshows thatthis is indeedpos-
sible(Candes,2006)(Donoho,2006).

Exploiting the samesparsenesspropertiesof u employed
in transformcoding (u = ª µ with µ sparse),in com-
pressive sensingone measuresv = ©µ, wherev is an
n-dimensionalvectorwith n < m, and© is the n £ m
sensingmatrix. Thereareseveral ways in which © may
beconstituted,with thereaderreferredto (Donoho,2006)
for details. In mostcases© is representedas© = Tª ,
whereT is ann £ m matrix with componentsconstituted
randomly(Tsaig & Donoho,2006); hence,the CS mea-
surementscorrespondto projectionsof u with the rows
of T : v = T u = Tª µ = ©µ, which is an under-
determinedproblem. Assumingthe signalu is N -sparse
in ª , implying thatthecoef£cientsµ only haveN nonzero
values(Candes,2006)(Donoho,2006),Candµes, Romberg
and Tao in (Candeset al., 2006) show that, with over-
whelmingprobability, µ (andhenceu) is recoveredvia

min jjµjj l 1 ; s.t.; v = ©µ; (1)

if thenumberof CSmeasurementsn > C¢N ¢logm (C is a
smallconstant);if N is small(i.e., if u is highly compress-
ible in the basisª ) thenn ¿ m. In practicethe signal
u is not exactly sparse,but a largenumberof coef£cients
in thebasisª maybediscardedwith minimal error in re-
constructingu ; in thispracticalcasetheCSframework has
alsobeenshown to operateeffectively.
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The problem in (1) may be solved by linear program-
ming (S. Chen & Saunders,1999) and greedy algo-
rithms (Tropp & Gilbert, 2005)(Donohoet al., 2006). A
Bayesiancompressive sensing(BCS)methodologyis pro-
posedin (Ji etal.,2007b),by posingtheCSinversionprob-
lem asa linear-regressionproblemwith a sparsenessprior
on theregressionweightsµ. Oneadvantageof BCSis that
this framework maybeextendedto multi-taskcompressive
sensing(Ji et al., 2007a),in which eachCS measurement
v i = © i µi representsa sensing“task” andtheobjective is
to jointly invert for all f µ i gi =1 ;M , throughanappropriate
sharingof informationbetweentheM datacollections.In
multi-taskCS, onemay potentially reducethe numberof
measurementsrequiredfor eachtaskby exploiting thesta-
tistical relationshipsamongthe tasks,for example,“Dis-
tributedCompressedSensing”(DCS)(Baronet al., 2005),
anempiricalBayesianstrategy “SimultaneousSparseAp-
proximation” in (Wipf & Rao, 2007), and a hierarchical
Bayesianmodelfor multi-taskCS(Ji et al., 2007a).How-
ever, thesemulti-taskalgorithmsassumeall tasksareap-
propriatefor sharing,whichmaynot betruein many prac-
tical applications. In this paperwe introducea Dirichlet
process(DP) prior (West et al., 1994) to the hierarchical
BCS model,which cansimultaneouslyperformthe inver-
sion of the underlying signalsand infer the appropriate
sharing/clusteringstructureacrosstheM tasks.

As detailedbelow, an important property of DP for the
work presentedhere is that it provides a tool for semi-
parametricclustering (i.e., the number of clustersneed
not be set in advance). The DP-basedhierarchicalmodel
is employed to realizethe desiredpropertyof simultane-
ouslyclusteringandCSinversionof theM measurements
f v i gi =1 ;M . A variationalBayes(Blei & Jordan,2004)in-
ferencealgorithm is considered,yielding a full posterior
over themodelparametersµ i .

2. Multi-T askCSModeling with DP Priors

2.1.Multi-T askCSFormulation for Global Sharing

Let v i representtheCSmeasurementsassociatedwith task
i , andassumeatotalof M tasks.Thei -th CSmeasurement
mayberepresentedas

v i = © i µi + ² i ; (2)

wheretheCSmeasurementsv i arecharacterizedby ann i -
dimensionalrealvector, thesensingmatrix© i correspond-
ing to taski is of sizen i £ m, andµi is thesetof (sparse)
transformcoef£cientsassociatedwith task i . The j th co-
ef£cient of µ i is denotedµi;j . The residualerror vector
² i 2 Rn i is modeledasn i i:i:d: draws from a zero-mean
Gaussiandistribution with anunknown precision®0 (vari-
ance1=®0); the residualcorrespondsto theerror imposed
by settingthe small transformcoef£cientsexactly to zero

whenperformingtheCSinversion.

We imposea hierarchicalsparsenessprior on theparame-
tersµi , thelower level of which is

p(µi j®i ) =
mY

j =1

N (µi;j j0; ®¡ 1
i;j ); (3)

where®i;j is the j th componentof the vector®i . To im-
posesparseness,on a layer above a Gammahyperprior is
employedindependentlyon theprecisions®i;j . Thelikeli-
hoodfunction for theparametersµ i and®0, given theCS
measurementsv i , maybeexpressedas

p(v i jµi ; ®0) = (
2¼
®0

)¡ n i
2 exp(¡

®0

2
kv i ¡ © i µi k2

2): (4)

Concerningthe aforementionedhyperprior, for the multi-
taskCS modelproposedin (Ji et al., 2007a),the parame-
ters®i = ®, for i = 1; ¢¢¢; M , and® »

Q m
j =1 Ga(c;d).

In this framework the CS datafrom all M tasksareused
to jointly infer thehyper-parameters® (globalprocessing).
However, the assumptionin sucha settingis that it is ap-
propriateto employ all of the M tasksjointly to infer the
hyper-parameters.Onemay envision problemsfor which
the M tasksmay be clusteredinto several setsof tasks
(with the union of thesesetsconstitutingthe M tasks),
anddatasharingmayonly beappropriatewithin eachclus-
ter. Throughuseof theDirichlet process(DP) (Escobar&
West,1995)employedastheprior over ®i , we simultane-
ouslyclusterthemulti-taskCSdata,andwithin eachcluster
theCSinversionis performedjointly. Consequently, weno
longerneedassumethatall CSdatafrom theM tasksare
appropriatefor sharing.

2.2.Dirichlet Processfor ClusteredSharing

TheDirichlet process,denotedasDP(¸; G0), is ameasure
onmeasures,andis parameterizedby apositivescalingpa-
rameteŗ andthe basedistribution G0. Assumewe have
f ®i gi =1 ;M andeach®i is drawn identicallyfrom G, andG
itself is a randommeasuredrawn from aDirichlet process,

®i jG
iid» G; i = 1; ¢¢¢; M ;

G » DP(¸; G0); (5)

whereG0 is anon-atomicbasemeasure.

Sethuraman(Sethuraman,1994)providesanexplicit char-
acterizationof G in termsof a stick-breakingconstruction.
Considertwo in£nite collectionsof independentrandom
variables¼k and®¤

k , k = 1; 2; ¢¢¢; 1 , wherethe ¼k are
drawn i.i.d. from a Betadistribution, denotedB eta(1; ¸ ),
andthe®¤

k aredrawn i.i.d. from thebasedistribution G0.
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Thestick-breakingrepresentationof G is thende£nedas

G =
1X

k=1

wk ±® ¤
k
; with (6)

wk = ¼k

k ¡ 1Y

i =1

(1 ¡ ¼i ); (7)

where¼k j¸ iid» B eta(1; ¸ ) and®¤
k jG0

iid» G0. This repre-
sentationmakesexplicit thattherandommeasureG is dis-
cretewith probabilityoneandthesupportof G consistsof
anin£nitesetof atomslocatedat®¤

k , drawn independently
from G0. Themixing weightswk for atom®¤

k aregivenby
successively breakinga unit length“stick” into an in£nite
numberof pieces,with 0 · wk · 1 and

P 1
k=1 wk = 1.

2.3.Multi-T askCSwith DP Priors

We employ a DP prior with stick-breakingrepresentation
for ®i in themodelin (3), which assumesthat®i jG » G
and G =

P 1
k=1 wk ±® ¤

k
. The basedistribution G0 cor-

respondsto the sparsenesspromotingrepresentationdis-
cussedin Sec2.1. To facilitateposteriorcomputationwe
introducean indicatorvariablezi with zi = k indicating
®i = ®¤

k . Thereforethe DP multi-taskCS model is ex-
pressedas

v i jµi ; ®0 » N (© i µi ; ®¡ 1
0 I );

µi;j jzi ; f ®¤
k gk=1 ;K » N (0; ®¤

zi ;j
¡ 1);

zi jf wk gk=1 ;K
iid» M ul tinomial (f wk gk=1 ;K );

wk = ¼k

k ¡ 1Y

l =1

(1 ¡ ¼l );

¼k
iid» B eta(1; ¸ );

¸ je;f » Ga(e;f );

®¤
k jc;d iid»

mY

j =1

Ga(c;d);

®0 » Ga(a;b); (8)

where i = 1; ¢¢¢; M , j = 1; ¢¢¢; m, k = 1; ¢¢¢; K ,
1 · K · 1 , and ®i;j is the j -th elementof ®i . For
convenience,we denotethe model in (8) as DP-MT CS.
In practiceK is chosenasa relatively large integer (e.g.,
K = M if M is relatively large) which yields a negligi-
bledifferencecomparedto thetrueDP(Ishwaran& James,
2001),while makingthecomputationpractical.

The choiceof G0 hereis consistentwith the sparseness-
promoting hierarchicalprior discussedin Section II-A.
Considertask i andassume®i takesvalue®¤

k ; the prior

distributionoverµi is then

p(µi jc;d) =
mY

j =1

Z
N (µi;j j0; ®¤

k ;j
¡ 1)Ga(®¤

k ;j jc;d)d®¤
k ;j :

(9)
Equation(9) is atypeof automaticrelevancedetermination
(ARD) prior which enforcesthesparsityover µ i (Tipping,
2001).Weusuallysetcandd verycloseto zero(e.g., 10¡ 4)
to makeabroadprior over®¤

k , whichallows theposteriors
onmany of theelementsof ®¤

k to concentrateat very large
values,consequentlythe posteriorson the associatedele-
mentsof µi concentrateat zero,andthereforethe sparse-
nessof µi is achieved(MacKay, 1994)(Neal,1996).Since
theseposteriorshave“heavy tails” comparedto aGaussian
distribution, they allow for morerobustshrinkageandbor-
rowing of information.Similarly, hyper-parametersa, b, e,
andf areall setto a smallvalueto have a non-informative
prior over®0 and¸ respectively.

3. Variational BayesianInfer ence

Onemayperforminferencevia MCMC (Gilks etal.,1996),
however this requiresvast computationalresourcesand
MCMC convergenceis often dif£cult to diagnose(Gilks
et al., 1996). VariationalBayesinferenceis thereforein-
troducedasa relatively ef£cientmethodfor approximating
theposterior. FromBayes'rule,wehave

p(H jV ; ¨) =
p(V jH )p(H j¨)R

p(V jH )p(H j¨) dH
; (10)

where V = f v i gi =1 ;M are CS measurementsfrom
M CS tasks, H = f ®0, ¸; ¼, f zi gi =1 ;M , f µi gi =1 ;M ,
f ®¤

k gk=1 ;K g arehiddenvariables(with ¼ = f ¼k gk=1 ;K )
and ¨ = f a;b;c;d;e;f g are known hyper-parameters.
The integration in the denominatorof (10), called the
marginal likelihood, or “evidence”(Beal,2003),is gener-
ally intractableto computeanalytically. Insteadof directly
estimatingp(H jV ; ¨) , variationalmethodsseeka distri-
bution q(H ) to approximatethe trueposteriordistribution
p(H jV ; ¨) . Considerthelog marginal likelihood

logp(V j¨) = F (q(H )) + DK L (q(H )jjp(H jV ; ¨)) ;
(11)

where

F (q(H )) =
Z

q(H ) log
p(V jH j; ¨) p(H ; ¨)

q(H )
dH ; (12)

and DK L (q(H )jjp(H jV ; ¨)) is the KL divergencebe-
tween q(H ) and p(H jV ; ¨) . The approximation of
p(H jV ; ¨) using q(H ) can be achieved by maximizing
F (q(H )) , whichformsastrictlowerboundonlogp(V j¨) .
In thiswayestimationof q(H ) maybemadecomputation-
ally tractable.In particular, for computationalconvenience,
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q(H ) is expressedin afactorizedform,with thesamefunc-
tional form asthepriorsp(H j¨) . For themodelin (8), we
assume

q(H ) = q(®0)q(¸ )q(¼)
MY

i =1

q(zi )
MY

i =1

q(µi )
KY

k=1

q(®¤
k );

(13)
where q(®0) » Ga(~a;~b), q(¸ ) » Ga(~e; ~f ), q(¼) »
Q K ¡ 1

k=1 B eta(¿1k ; ¿2k ), q(zi ) » M ul tinomial (w ),
q(µi ) » N (¹ i ; ¡ i ), q(®¤

k ) »
Q m

j =1 Ga(®¤
k ;j j~ck ;j ; ~dk ;j ),

with w = f wk gk=1 ;K .

By substituting(13) and (8) into (12), the lower bound
F (q) is readily obtained. The optimizationof the lower
bound F (q) is realizedby taking functional derivatives
with respectto eachof the q(¢) distributionswhile £xing
the otherq distributions,andsetting@F (q)=@q(¢) = 0 to
£ndthedistributionq(¢) thatincreasesF (Beal,2003).The
updateequationsfor thevariationalposteriorsaresumma-
rizedin theAppendix.Theconvergenceof thealgorithmis
monitoredby theincreaseof thelowerboundF . Oneprac-
tical issueof thevariationalBayesianinferenceis that the
VB algorithmconvergesto a local maximumof the lower
boundof themarginal log-likelihoodsincethe trueposte-
rior usuallyis multi-modal.Thereforetheaverageof multi-
ple runsof thealgorithmfrom differentstartingpointsmay
avoid this issueandyield betterperformance.

4. Experimental Results

4.1.Syntheticdata

In the£rstsetof examplesweconsidersynthesizeddatato
examinethe sharingmechanismsassociatedwith the DP-
MT CS inversion. In the £rst examplewe generatedata
with 10 underlying clusters. Figure 1 shows ten “tem-
plates”,eachcorrespondingto a256-lengthsignal,with 30
non-zerocomponents(the valuesof thosenon-zerocom-
ponentsarerandomlydrawn from N (0; 1)). Thenon-zero
locationsarechosenrandomlyfor eachtemplatesuchthat
thecorrelationbetweenthesesparsetemplatesis zero.For
eachtemplate,£ve sparsesignals(eachwith 256samples)
are generatedby randomlyselectingthreenon-zeroele-
mentsfrom the associatedtemplateand settingthe coef-
£cientsto zero,andthreezero-amplitudepointsin thetem-
platearerandomlynow set to be non-zero(eachof these
threenon-zerovaluesagain drawn from N (0; 1)). In this
mannerthesparsenesspropertiesof the£ve signalsgener-
atedfrom a given templatearehighly related,andthe ten
clustersof sparsesignalshave distinct sparsenessproper-
ties.For eachsparsesignala setof CSrandomprojections
areperformed,with thecomponentsof eachprojectionvec-
tor drawn randomlyfrom N (0; 1)(Donoho,2006).There-
constructionerror is de£nedasjj û ¡ u jj2=jju jj2, whereû
is therecoveredsignalandu is theoriginalone.
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Figure1. Tentemplatesignalsfor 10-clustercase.
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Figure2. Multi-taskCSinversionerror(%) for DP-MT andMT¤

CS for the ten-clustercase. (a) Reconstructionerrors, (b) his-
togramsof thenumberof clustersyieldedby DP-MT.

Figure2 shows the reconstructionerrorsof the CS inver-
sion by DP-MT CS aswell as the global-sharingMT CS
discussedin Sec2.1(denotedasMT¤ CSfor simplicity),as
afunctionof thenumberof CSmeasurements.BothCSal-
gorithmsarebasedon theVB DP-MT algorithmdescribed
in Sec3, however for MT¤, we set· i; 1 = 1, and· i;k = 0
for k > 1 for all tasksand£x thevaluesof · i;k in eachit-
erationwithout update.Theexperimentwasrun 100times
(with 100differentrandomgenerationsof randomprojec-
tion aswell as initial membership),and the error barsin
Figure2 representthe standarddeviation aboutthe mean.
FromFigure2 theadvantageof theDP-basedformulation
is evident. In Figure2 we alsopresenthistogramsfor the
numberof differentclustersinferredby theDP-MT CS.It
is clearfrom Figure2 thatthealgorithmtendsto infer about
10clusters,but thereis somevariation,with thevariationin
thenumberof clustersincreasingwith decreasingnumber
of CSmeasurements.

To furtherexaminetheimpactof thenumberof underlying
clusters,we now considerexamplesfor which thedataare
generatedfor 5, 3, 2 and1 underlying. For eachof tem-
plates,£ve sparsesignalsare generatedrandomly, in the
mannerdiscussedabove for the ten-clustercase. In Fig-
ures3-6 areshown resultsin the form consideredin Fig-
ure2, for thecaseof 5, 3, 2 and1 underlyingclustersfor
datageneration.Onenotesthefollowing phenomenon:As
the numberof underlyingclustersdiminishes,the differ-
encebetweenDP-MT andMT¤ CSalgorithmsdiminishes,
with almostidenticalperformancewitnessedfor the case
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Figure3. Multi-taskCSinversionerror(%) for DP-MT andMT¤

CS for the £ve-clustercase. (a) Reconstructionerrors,(b) his-
togramsof thenumberof clustersyieldedby DP-MT.

of threeandtwo clusters;this phenomenonis particularly
evident asthe numberof CS measurementsincreases.As
an aside,we alsonotethat the DP-basedinferenceof the
numberof underlyingclustersadaptswell to the underly-
ing datageneration.

We now provide an explanationfor the relationshipsbe-
tweentheDP-MT andMT¤ CSalgorithms.For two sparse
signalslike thosein Figure1, they have distinct non-zero
coef£cientsand thereforeone would typically infer that
they have dissimilarsparsenessproperties.However, they
sharemany zero-amplitudecoef£cients.If we considerM
sparsesignals,andif all of the M signalssharethe same
large setof zero-amplitudecoef£cients,thenthey areap-
propriatefor sharingeven if theassociated(small number
of) non-zerocoef£cientsareentirely distinct. For the 10-
clustercase,becauseof the large numberof clusters,the
templatesdo not cumulatively sharethe samesetof zero-
amplitudecoef£cients;in this caseglobal sharingfor CS
inversionis inappropriate,andthe sameis true for the 5-
clustercase. However, for the 3 and2 clustercases,the
templatesshareasigni£cantnumberof zero-amplitudeco-
ef£cients,andthereforeglobalsharingis appropriate.This
underscoresthat global sharingacrossM tasksis appro-
priatewhenthereis substantialsharingof zero-amplitude
coef£cients,evenwhenall of thenon-zero-amplitudecoef-
£cientsaredistinct.However, onetypically doesnot know
a priori if global sharingis appropriate(as it was not in
Figures2 and3), andthereforethe DP-basedformulation
offersgenerallyhigh-qualityresultswhenglobalsharingis
appropriateandwhenit is not.

We considerthe sharingmechanismsmanifestedfor two
examplesfrom the three-clustercaseconsideredin Figure
4. Thetruncationlevel K canbeseteitherto a largenum-
beror beestimatedin principleby increasethenumberof
sticksincludeduntil thelog-marginal likelihood(thelower
bound)in theVB algorithmstartstodecrease.In thisexam-
ple we choosethenumberof sticksin theDP formulation
to K = 8 whichcorrespondsto theupperboundof thelog-
marginal likelihood,andwe show the stick (cluster)with
which eachof the15 tasksweregroupedat theendof the
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Figure4. Multi-taskCSinversionerror(%) for DP-MT andMT¤

CS for the three-clustercase.(a) Reconstructionerrors,(b) his-
togramsof thenumberof clustersyieldedby DP-MT.
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Figure6. Multi-taskCSinversionerror(%) for DP-MT andMT¤

CS for the one-clustercase. (a) Reconstructionerrors,(b) his-
togramsof thenumberof clustersyieldedby DP-MT.

inferenceprocess.Theseexampleswereselectedbecause
they both yieldedroughly the sameaverageCS inversion
accuracy acrossthe 15 CS inversions(0.40%and 0.38%
error),but thesetwo runsyielddistinctclusterings.Thisex-
ampleemphasizesthat becausethe underlyingsignalsare
very sparseandthey have signi£cantoverlapin the setof
zero-amplitudecoef£cients,theparticularclusteringmani-
festedby theDP formulationis not particularlyimportant
for the£nalCS-inversionquality.

4.2.Real images

In thefollowing examples,appliedto imagery, weperform
comparisonsbetweenDP-MT, MT¤, andalsoa single-task
BayesianCS(ST), in which theCSinversionis performed
independentlyon eachof thetasks.ST CSis realizedwith
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Figure7. 2 examplerunsof the DP-MT CS clusteringfor the 3-
clustercase(100CSmeasurements).Thegrey scaledenotesthe
probabilitythatagiventaskis associatedwith aparticularcluster.
(a) Reconstructionerror was0:40%, (b) reconstructionerror of
0:38%.

thesamealgorithmasDP-MT andMT¤, but set· i; 1 = 1,
and· i;k = 0 for k > 1, andconsideronly oneCStaskata
time (M = 1)..

We conducttwo exampleson CSreconstructionof typical
imageryfrom “natural” scenes.All theimagesin theseex-
amplesareof size256£ 256andarehighly compressible
in a waveletbasis.We choosethe“Daubechies8” wavelet
asour orthonormalbasis,andthesensingmatrix © is con-
structedin the samemanneras in Sec4.1. In this exper-
iment we adopta hybrid CS scheme,in which using CS
we measureonly £ne-scalewavelet coef£cients,while re-
tainingall coarse-scalecoef£cients(no compressionin the
coarsescale)(Tsaig& Donoho,2006).We alsoassumeall
thewaveletcoef£cientsat the£nestscalearezeroandonly
consider(estimate)theother4096coef£cients.In bothex-
amples,thecoarsestscaleis j 0 = 3, andthe£nestscaleis
j 1 = 6. We usethe meanof the posteriorover µ to per-
form theimagereconstruction.Thereconstructionerror is
de£nedasjj û ¡ u jj2=jju jj2, whereû is the reconstructed
imageandu is theoriginalone.

In the£rstexample,wechoose12imagesfrom threediffer-
entscenes.To reconstructtheimage,weperformaninverse
wavelettransformontheCS-estimatedcoef£cients.In Fig-
ure 8 (a) we show the reconstructedimageswith all 4096
measurementsusing linear reconstruction(µ = ©T v),
which is the bestpossibleperformance.Figure8 (b)-(d)
representthe reconstructedimagesby the DP-MT, MT¤,
and the ST algorithms,respectively, with the numberof
CS measurementsn = 1764(1700measurementsin the
£nescalesand64 in the coarsescale)for eachtask. The
reconstructionerrorsfor thesefour methodsarecompared
in Table1. We noticethat the DP-MT algorithmreduces
thereconstructionerrorcomparedto theSTmethod,which
indicatesthat the multi-taskCS inversionsharesinforma-
tion amongtasksandthereforerequireslessmeasurements
thanthesingletasklearningdoesto achieve thesameper-
formance.In additionto theCSinversion,theDP-MT also
yield taskclustering,with thisinferredsimultaneouslywith
theCSinversion;while thisclusteringis not the£nalprod-
uct of interest,it is informative,with resultsshown in Fig-
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Figure8. CSrecon.,(a)Linear, (b) DP-MT, (c) MT¤ , (d) ST
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Figure9. Sharingmechanismfor 12 tasksin Figure8 yieldedby
DP-MT CS.

ures9. Note that the algorithmsinfer threeclusters,each
correspondingto a particularclassof imagery. By con-
trasttheMT¤ algorithmimposescompletesharingamong
all tasks,andtheresultsin TableI indicatethatthis under-
minesperformance.
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Table1. Reconstructionerror(%) for theexamplein 8.
Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8 Task9 Task10 Task11 Task12

DP-MT 8.79 7.89 9.69 8.04 14.33 13.22 15.18 14.54 15.51 16.71 16.11 15.19
MT¤ 10.19 9.14 11.49 9.18 16.94 15.59 17.46 16.50 18.62 19.82 19.34 18.03
ST 10.28 10.37 12.81 10.28 18.37 16.18 18.65 17.67 20.77 22.24 21.19 19.59

Linear 6.66 6.20 7.08 6.14 12.41 11.70 12.43 11.99 13.83 14.41 14.10 13.53

In the secondexamplewe consider11 imagesfrom three
scenes.The reconstructedimagesareshown in Figure10
by the linear reconstruction,DP-MT, MT¤ and ST algo-
rithms; the reconstructionerrorsare listed in Table 2 for
all four methods.As expected,themulti-taskCSinversion
algorithmyieldssmallerreconstructionerror thanthesin-
gle taskalgorithm.Theclusteringresultis shown in Figure
11, in which images1-4and9-11areclusteredtogetherby
DP-MT. However, recall thesimpleexampleconsideredin
Figure7. The DP-basedalgorithmseeksto sharethe un-
derlyingsparsenessof theimages,eventhoughtheimages
themselvesmayappeardistinct. In fact,theresultsin Fig-
ure11 motivatedthesimpleexampleconsideredin Figure
7.

5. Conclusions

HierarchicalDirichlet process(DP) priors areconsidered
for the imposition of sparsenesson the transformcoef-
£cientsin the context of inverting multiple CS measure-
ments.An independentzero-meanGaussianprior is placed
oneachtransformcoef£cientof eachCStaskandthetask-
dependentprecisionparametersare assumeddrawn from
a distribution G, whereG is drawn from a Dirichlet pro-
cess(DP); the basedistribution of the DP is a productof
Gammadistributions. TheDP framework imposesthebe-
lief thatmany of thetasksmayshareunderlyingsparseness
properties,andtheobjective is to clustertheCSmeasure-
ments,whereeachclusterconstitutesa particularform of
sparseness.The DP formulationis non-parametric,in the
sensethat thenumberof clustersis not seta priori andis
inferredfrom the data. A computationallyef£cientvaria-
tionalBayesianinferencehasbeenconsideredonall model
parameters.For all examplesconsidered,the DP-MT CS
inversionperformedat leastas well as ST CS inversion
andCSinversionbasedonglobalsharing.Especiallywhen
globalsharingwasinappropriate,theDP-basedinversionis
signi£cantlybetter.

In future research,we may considercorrelationbetween
spatiallyandspectrallyadjacenttransformationcoef£cients
and remove the assumptionof exchangeabilityemployed
within theDP, which in practicemaynotbetrue.

Appendix: UpdateEquations in VB DP MT

Theupdatedhyperparametersfor all q(¢) in Sec3 are
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Figure10.CSrecon.(a)Linear, (b) DP-MT, (c) MT¤ , (d) ST
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Table2. ReconstructionError (%) for theexamplein Figure10
Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8 Task9 Task10 Task11

DP-MT 6.50 6.41 6.89 6.86 15.81 15.09 15.91 14.74 7.74 8.05 8.50
MT¤ 7.79 7.76 8.12 8.32 18.17 17.70 18.66 17.13 8.87 9.16 9.97
ST 8.31 8.23 8.81 9.23 19.79 19.74 20.36 18.88 8.77 9.58 9.62

Linear 4.78 4.77 5.01 5.15 15.39 14.49 15.18 14.06 6.10 5.72 6.72
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Figure11. Sharingmechanismfor 11 tasksin Figure10 yielded
by DP-MT
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