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Abstract

Compresaie sensing(CS) is an emenging £eld
that, under appropriateconditions, can signi£-
cantly reducethe numberof measurementse-
quiredfor a givensignal. In mary applications,
one is interestedin multiple signalsthat may
be measuredn multiple CS-typemeasurements,
wherehereeachsignalcorrespondso a sensing
“task”. In this paperwe proposea novel multi-
taskcompressie sensingframeavork basedon a
Bayesianformalism, where a Dirichlet process
(DP) prior is employed, yielding a principled
meansof simultaneouslynferring the appropri-
atesharingmechanismsaswell asCS inversion
for eachtask. A variationalBayesian(VB) infer-
encealgorithmis employed to estimatethe full
posterioron the modelparameters.

1. Intr oduction

Over the last two decadesresearcherdiave considered
sparsesignalrepresentationis termsof orthonormabasis
functions(e.g., the wavelettransform). For example,con-
sideranm-dimensionateal-valuedsignalu andassumen
m £ m orthonormabasismatrix® ; we maythenexpress
u = @ u, wherep is an m-dimensionakcolumnvectorof
weighting coeEcients. For mostnaturalsignalsthereex-
istsanorthonormabasis®* suchthaty is sparseConsider
now an approximationtou, & = 2 ﬁ whereﬁ approxi-
matesy by retainingthelargestN coeEcientsandsetting
theremainingm j N coeEcientsto zero;dueto theafore-
mentionedsparsenegwopertiesjju @jj? istypically very
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smallevenfor N ¢ m. Corventionaltechniquesequire
oneto measuréhe m-dimensionakignalu but £nally dis-
cardm j N coeEcients(Charilaos,1999). This sample-
then-compresframenork is often wastefulsincethe sig-
nal acquisitionis potentially expensve, and only a small
amountof dataN is eventually requiredfor the accurate
approximationd. Onemay thereforeconsiderthe follow-
ing fundamentatuestion:ls it possibleto directly measure
the informative part of the signal? Recentresearchin the
£eld of compressie sensingshaws thatthis is indeedpos-
sible (Candes2006)(Donoho2006).

Exploiting the samesparsenespropertiesof u employed
in transformcoding (u = & W with y sparse),in com-
pressie sensingone measuress = ©p, wherev is an
n-dimensionalvectorwith n < m, and®© isthen £ m

sensingmatrix. Thereare several waysin which © may
be constitutedwith the readermreferredto (Donoho,2006)
for details. In mostcases® is representeés© = T2 ,

whereT isann £ m matrix with componentgonstituted
randomly (Tsaig & Donoho, 2006); hence,the CS mea-
surementscorrespondo projectionsof u with the rows

of T : v = Tu = T2 nu = O, which is an under

determinedproblem. Assumingthe signalu is N -sparse
in2 | implying thatthe coeEcientsu only have N nonzero
values(Candes2006)(Donoho,2006),Cands, Rombeg

and Tao in (Candeset al., 2006) showv that, with over

whelmingprobability p (andhenceu) is recoreredvia

minjjgjji,; sty v = O, 1)
if thenumberof CSmeasurements > CIN dogm (Cisa
smallconstant)jf N is small(i.e., if u is highly compress-
ible in the basis? ) thenn ¢ m. In practicethe signal
u is not exactly sparseput a large numberof coeEcients
in thebasis® maybe discardedvith minimal errorin re-
constructingu; in this practicalcasethe CSframawvork has

alsobeenshavn to operateeffectively.
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The problemin (1) may be solvwed by linear program-
ming (S. Chen & Saunders,1999) and greedy algo-
rithms (Tropp & Gilbert, 2005) (Donohoet al., 2006). A
Bayesiancompressie sensing(BCS) methodologyis pro-
posedn (Jietal.,2007b),by posingthe CSinversionprob-
lem asa linearregressionproblemwith a sparsenesgrior
ontheregressionveightsy. Oneadwantageof BCSis that
thisframeavork maybeextendedo multi-taskcompressie
sensing(Ji et al., 2007a),in which eachCS measurement
Vi = ©Oj; representasensingtask” andthe objective is
to jointly invertfor all f pjgi=1 .m , throughan appropriate
sharingof informationbetweerthe M datacollections.In
multi-task CS, one may potentially reducethe numberof
measurementequiredfor eachtaskby exploiting the sta-
tistical relationshipsamongthe tasks,for example, “Dis-
tributedCompresse&ensing’(DCS) (Baronet al., 2005),
an empirical Bayesianstratgy “SimultaneousSparseAp-
proximation” in (Wipf & Rao, 2007), and a hierarchical
Bayesiamrmodelfor multi-taskCS (Ji et al., 2007a).How-
ever, thesemulti-task algorithmsassumeall tasksare ap-
propriatefor sharingwhich maynotbetruein mary prac-
tical applications. In this paperwe introducea Dirichlet
process(DP) prior (Westet al., 1994)to the hierarchical
BCS model,which cansimultaneouslyperformthe inver
sion of the underlying signalsand infer the appropriate
sharing/clusteringtructureacrosgsheM tasks.

As detailedbelav, an importantproperty of DP for the
work presentechereis that it provides a tool for semi-
parametricclustering (i.e., the numberof clustersneed
not be setin advance). The DP-basedhierarchicalmodel
is employed to realizethe desiredpropertyof simultane-
ously clusteringandCSinversionof theM measurements
fvigi=1.m . A variationalBayes(Blei & Jordan,2004)in-
ferencealgorithmis consideredyielding a full posterior
overthemodelparameterg; .

2. Multi-T ask CS Modeling with DP Priors
2.1.Multi-T ask CS Formulation for Global Sharing

Letv; representhe CSmeasurementssociateavith task
i, andassumeatotalof M tasks.Thei-th CSmeasurement
mayberepresenteds

Vi = Ol + 2 ()
wherethe CSmeasurements; arecharacterizethy ann; -
dimensionatealvector thesensingmatrix©; correspond-
ing to taski is of sizen; £ m, andy; is the setof (sparse)
transformcoeEcientsassociatedvith taski. Thej ™ co-
efEcientof y; is denotedy;; . The residualerror vector
2; 2 R" is modeledasn; i:i:d: draws from a zero-mean
Gaussiardistribution with anunknown precision®y (vari-
ancel=®y); theresidualcorrespondso the errorimposed
by settingthe small transformcoe&cientsexactly to zero

whenperformingthe CSinversion.

We imposea hierarchicalsparsenesgrior on the parame-
tersy;, thelowerlevel of whichis

) \d
P(Ki|®;) =
=1

N (s jO; @) h); @)

where®;; isthej h componenbf the vector®;. To im-
posesparsenes®n a layer above a Gammahyperprioris
employedindependentlyn the precisions®y; . Thelikeli-
hoodfunction for the parametergl; and®y, giventhe CS
measurements; , maybeexpresseds

s i

PviiM @) = (5! ¥ exp(i Thvi i OI): (@)
Concerningthe aforementionedhyperprior for the multi-
task CS modelproposedn (Ji et al., 2007(3),the parame-
ters® = ®,fori = 1;¢6¢;M,and® » ., Ga(c;d).
In this framework the CS datafrom all M tasksareused
to jointly infer thehyperparameter® (globalprocessing).
However, the assumptiorin sucha settingis thatit is ap-
propriateto employ all of the M tasksjointly to infer the
hyperparameters One may ervision problemsfor which
the M tasksmay be clusteredinto several setsof tasks
(with the union of thesesetsconstitutingthe M tasks),
anddatasharingmayonly beappropriatevithin eachclus-
ter. Throughuseof the Dirichlet procesgDP) (Escoba&
West, 1995)employed asthe prior over ®;, we simultane-
ouslyclusterthemulti-taskCSdata,andwithin eachcluster
theCSinversionis performedointly. Consequentlywe no
longerneedassumehatall CS datafrom the M tasksare
appropriateor sharing.

2.2.Dirichlet Procesdor Clustered Sharing

TheDirichlet processdenotecasD P (,; Go), isameasure
onmeasuresandis parameterizedly a positive scalingpa-
rameter, andthe basedistribution Go. Assumewe have
f®;gi=1.m andeach®; isdrawvnidenticallyfrom G, andG

itself is arandommeasurelravn from a Dirichlet process,

®jG ¥ G i=10e;M;

G » DP(,; Go); %)

whereGy is a non-atomidbasemeasure.

SethuramarniSethuraman] 994)providesanexplicit char
acterizatiorof G in termsof a stick-breakingconstruction.
Considertwo in£nite collectionsof independentandom
variables¥% and®;, k = 1;2;¢¢¢; 1 , wherethe Y, are
drawn i.i.d. from a Betadistribution, denotedB eta(1; , ),
andthe® aredrawni.i.d. from the basedistribution Go.
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The stick-breakingepresentationf G is thende£nedas

p
G = Wi tes; with (6)
k=1
ksr(l
we = Y% o (1i %) (7)

i=1

where%j, % Beta(1;,) and®%jGo 5 Go. This repre-
sentatiommakesexplicit thattherandommeasures is dis-
cretewith probability oneandthe supportof G consistsof
anin£nite setof atomslocatedat®y , dravn independently
from Go. Themixing weightswy for atom®; aregivenby
successiely breakinga unit length“stick’ into anin£nite
numberof pieceswith 0 - wy - land .., wx = 1.

2.3.Multi-T ask CSwith DP Priors

We employ a DP prior with stick-breakingrepresentation
for ®; in thlg modelin (3), which assumeshat®;jG » G
andG = &:1 Wi tee . The basedistribution G cor-
respondgo the sparsenespromotingrepresentatioris-
cussedn Sec?2.1. To facilitate posteriorcomputationwe
introducean indicatorvariablez; with z; = k indicating
®; = ®,. Thereforethe DP multi-task CS modelis ex-
presseds

Villi;® » N (Oui;®);
Wi iz f @Gk » N(O;EE ;1Y)
Zijf Wk Ok=1 :k % M ultinomial (f Wik Ok=1 k );
Ry 1
we = Y% (i %)
I=1
Y i Beta(1;,);
Ljef »  Ga(e;f);
®gjc;d i Ga(c;d);
j=1
® » Ga(a;b); (8)
wherei = 1;¢¢¢;M, j = 1;¢¢¢;m, kK = 1;¢0¢; K,
1. K 1, and®; is thej-th elementof ®;. For

cornvenience,we denotethe modelin (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-

ble differencecomparedo thetrue DP (Ishwaran& James,
2001),while makingthe computatiorpractical.

The choiceof Gy hereis consistentwith the sparseness-
promoting hierarchicalprior discussedin Section II-A.
Considertaski andassume®; takesvalue®;; the prior

distribution over ; is then
p(pijc;d) =

j=1

N (1 JO:®F; ' 1) Ga(@f jcid)dGE, :
©)

Equation(9) is atypeof automatiaelevancedetermination
(ARD) prior which enforceghe sparsityover y; (Tipping,
2001).Weusuallysetc andd very closeto zero(e.g., 10° 4)
to make abroadprior over ®, which allows the posteriors
onmary of theelementf ®; to concentratatvery large
values,consequentlythe posteriorson the associatecle-
mentsof y; concentratext zero,andthereforethe sparse-
nessof ; is achieved (MacKay, 1994)(Neal,1996).Since
theseposteriorshave “heavy tails” comparedo a Gaussian
distribution, they allow for morerobustshrinkageandbor-
rowing of information. Similarly, hyperparameters, b, e,
andf areall setto asmallvalueto have a non-informatve
prior over®, and, respectrely.

3. Variational Bayesianinference

Onemayperforminferencevia MCMC (Gilks etal., 1996),
however this requiresvast computationalresourcesand
MCMC corvergenceis often difEcult to diagnose(Gilks

etal., 1996). VariationalBayesinferenceis thereforein-

troducedasarelatively efEcientmethodfor approximating
theposterior FromBayes'rule, we have

r P(VjH)P(H")

p(HjV;") = . ; (10)
p(VjH)p(Hj") dH

whereV = fvigiz1.m are CS measurementgrom

M CStasks,H = f®, ,; ¥4 fzigiz1m, fTHiGi=1:™m ,

f®, gk=1:x g arehiddenvariables(with ¥4 = f%0=1:x )
and” = fa;b;c;d;e;f g are known hyperparameters.
The integration in the denominatorof (10), called the
marminal likelihood or “evidence” (Beal, 2003),is gener
ally intractableto computeanalytically Insteadof directly
estimatingp(HjV ;") , variationalmethodsseeka distri-
bution g(H) to approximatethe true posteriordistribution
p(HjV ;") . Considetthelog mamginallikelihood

logp(Vj) = F(q(H)) + Dk (a(H)jip(HjV ;7)) ;
(11)
where
Z

FgH) =  qH)log p(ViHj;") p(H;")

a(H)

and Dx . (q(H)jjp(HjV ;™) is the KL divergencebe-
tween q(H) and p(HjV;") . The approximation of
p(HjV ;™) usingg(H) can be achieved by maximizing
F (g(H)), whichformsastrictlowerboundonlogp(V ") .
In this way estimationof g(H ) maybe madecomputation-
ally tractable In particular for computationatorvenience,

dH; (12)
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g(H) is expressedn afactorizedorm, with thesamefunc-
tional form asthepriorsp(H|”) . For themodelin (8), we
assume

W W ¥
q(H)=q(®o)q(,)q(1/4)' q(Za)_ ami)  a(®y);

i=1 i=1 k=1 (13)
fwKereq(®o) » Ga(g;h), qf,) » Ga(ef), q(¥9 »

k:11 Beta(ék; ék), a(z) ~»  Multinomial (w),

q(i) » N(isii), a(®) » ~ L Ga(®;je; ;).

withw = fwygOk=1k -

By substituting(13) and (8) into (12), the lower bound
F () is readily obtained. The optimizationof the lower
bound F (g) is realizedby taking functional derivatives
with respectto eachof the q(¢ distributionswhile £xing

the otherq distributions,and setting@ (q)=@(9 = Oto

£ndthedistributionq(¢ thatincrease$ (Beal,2003).The

updateequationdor the variationalposteriorsare summa-
rizedin the Appendix. Theconvergenceof thealgorithmis

monitoredby theincreaseof thelowerboundF . Oneprac-
tical issueof the variationalBayesiarinferenceis thatthe
VB algorithmcorvergesto alocal maximumof the lower
boundof the mamginal log-likelihoodsincethe true poste-
rior usuallyis multi-modal. Thereforeheaverageof multi-

ple runsof thealgorithmfrom differentstartingpointsmay
avoid thisissueandyield betterperformance.

4. Experimental Results
4.1.Synthetic data

In the £rstsetof exampleswe considersynthesizedlatato
examinethe sharingmechanismassociatedvith the DP-
MT CSinversion. In the £rst examplewe generatedata
with 10 underlying clusters. Figure 1 shows ten “tem-
plates”,eachcorrespondingo a 256-lengthsignal,with 30
non-zerocomponentgthe valuesof thosenon-zerocom-
ponentsarerandomlydravn from N (0; 1)). The non-zero
locationsarechoserrandomlyfor eachtemplatesuchthat
the correlationbetweerthesesparsedemplatess zero. For
eachtemplate £ve sparsesignals(eachwith 256 samples)
are generatedby randomly selectingthree non-zeroele-
mentsfrom the associatedemplateand settingthe coef-
£cientsto zero,andthreezero-amplitudgointsin thetem-
plate arerandomlynow setto be non-zero(eachof these
threenon-zerovaluesagain dravn from N (0; 1)). In this
mannerthe sparsenesgropertiesof the £ve signalsgener
atedfrom a giventemplateare highly related,andthe ten
clustersof sparsesignalshave distinct sparsenesproper
ties. For eachsparsesignala setof CSrandomprojections
areperformedwith thecomponentsf eachprojectionvec-
tor dravn randomlyfrom N (0; 1)(Donoho,2006). There-
constructiorerroris deEnedasjj@ i ujj2Sjjujj», wherett
is therecoveredsignalandu is theoriginal one.
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Figure2. Multi-task CSinversionerror (%) for DP-MT andMT*®
CS for the ten-clustercase. (a) Reconstructiorerrors, (b) his-
togramsof the numberof clustersyieldedby DP-MT.

Figure 2 shaws the reconstructiorerrorsof the CS inver
sion by DP-MT CS aswell asthe global-sharingIT CS
discussedh Sec2.1(denotecasMT"® CSfor simplicity), as
afunctionof thenumberof CSmeasurement8oth CSal-
gorithmsarebasedntheVVB DP-MT algorithmdescribed
in Sec3, however for MT”, weset- .1 = 1,and-x = 0
for k > 1 for all tasksand£x the valuesof - i in eachit-
erationwithout update.The experimentwasrun 100times
(with 100 differentrandomgeneration®f randomprojec-
tion aswell asinitial membership)andthe error barsin
Figure 2 representhe standarddeviation aboutthe mean.
FromFigure 2 the advantageof the DP-basedormulation
is evident. In Figure 2 we also presenthistogramdgor the
numberof differentclustersinferredby the DP-MT CS. It
is clearfrom Figure2 thatthealgorithmtendsto infer about
10clustersput thereis somevariation,with thevariationin
the numberof clustersincreasingwith decreasingiumber
of CSmeasurements.

To furtherexaminetheimpactof the numberof underlying
clusterswe now considerexamplesfor which the dataare
generatedor 5, 3, 2 and 1 underlying. For eachof tem-
plates,£ve sparsesignalsare generatedandomly in the
mannerdiscussedabove for the ten-clustercase. In Fig-
ures3-6 are shown resultsin the form consideredn Fig-
ure 2, for the caseof 5, 3, 2 and 1 underlyingclustersfor
datagenerationOnenotesthefollowing phenomenonAs
the numberof underlying clustersdiminishes,the differ-
encebetweerDP-MT andMT?® CSalgorithmsdiminishes,
with almostidentical performancewitnessedor the case
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Figure3. Multi-task CSinversionerror (%) for DP-MT andMT*®
CSfor the £ve-clustercase. (a) Reconstructiorerrors, (b) his-
togramsof the numberof clustersyieldedby DP-MT.

of threeandtwo clusters;this phenomenoris particularly
evidentasthe numberof CS measurementsicreases As
an aside,we alsonote that the DP-basednferenceof the
numberof underlyingclustersadaptswell to the underly-
ing datageneration.

We now provide an explanationfor the relationshipsbe-
tweenthe DP-MT andMT® CSalgorithms.For two sparse
signalslike thosein Figure 1, they have distinctnon-zero
coecientsand thereforeone would typically infer that
they have dissimilarsparsenesgroperties.However, they
sharemary zero-amplitudeoeEcients.If we consideM
sparsesignals,andif all of the M signalssharethe same
large setof zero-amplitudecoeEcients,thenthey are ap-
propriatefor sharingevenif the associatedsmall number
of) non-zerocoeEcientsare entirely distinct. For the 10-
clustercase,becausef the large numberof clusters,the
templatesdo not cumulatively sharethe samesetof zero-
amplitudecoeEcients;in this caseglobal sharingfor CS
inversionis inappropriate andthe sameis true for the 5-
clustercase. However, for the 3 and 2 clustercasesthe
templatesharea signiEcannumberof zero-amplitudeso-
efEcients,andthereforeglobal sharingis appropriate This
underscoreshat global sharingacrossM tasksis appro-
priatewhenthereis substantiakharingof zero-amplitude
coekcientsevenwhenall of thenon-zero-amplitudeoef-
£cientsaredistinct. However, onetypically doesnot knowv
a priori if global sharingis appropriate(asit wasnot in
Figures2 and 3), andthereforethe DP-basedormulation
offersgenerallyhigh-qualityresultswhenglobalsharingis
appropriateandwhenit is not.

We considerthe sharingmechanismsnanifestedfor two
examplesfrom the three-clustercaseconsideredn Figure
4. Thetruncationlevel K canbeseteitherto alarge num-
ber or be estimatedn principle by increasehe numberof
sticksincludeduntil thelog-maginallik elihood(thelower
bound)in theVB algorithmstartsto decreaseln this exam-
ple we choosethe numberof sticksin the DP formulation
to K = 8whichcorrespondso theupperboundof thelog-
mauginal likelihood,and we shav the stick (cluster)with
which eachof the 15 tasksweregroupedat the end of the
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Figure4. Multi-task CSinversionerror (%) for DP-MT andMT*
CSfor the three-clustercase. (a) Reconstructiorerrors, (b) his-
togramsof thenumberof clustersyieldedby DP-MT.
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Figure5. Multi-task CSinversionerror (%) for DP-MT andMT*®
CSfor the two-clustercase. (a) Reconstructiorerrors, (b) his-
togramsof the numberof clustersyieldedby DP-MT.
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Figure6. Multi-task CSinversionerror (%) for DP-MT andMT*
CS for the one-clustercase. (a) Reconstructiorerrors, (b) his-
togramsof the numberof clustersyieldedby DP-MT.

inferenceprocess.Theseexampleswere selectedbecause
they both yielded roughly the sameaverageCs inversion
accurag acrossthe 15 CS inversions(0.40% and 0.38%
error),butthesawo runsyield distinctclusterings This ex-
ampleemphasizeshat becausehe underlyingsignalsare
very sparseandthey have signi£cantoverlapin the setof
zero-amplitudeoetcients the particularclusteringmani-
festedby the DP formulationis not particularlyimportant
for the£nal CS-inversionquality.

4.2 .Realimages

In thefollowing examples appliedto imagery we perform
comparisonbetweerDP-MT, MT”, andalsoa single-task
BayesianCS (ST), in which the CSinversionis performed
independentlyn eachof thetasks.ST CSis realizedwith
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Figure?.2 examplerunsof the DP-MT CS clusteringfor the 3-
clustercase(100 CS measurements)The grey scaledenoteshe
probabilitythata giventaskis associateavith aparticularcluster
(a) Reconstructiorerror was 0:40%, (b) reconstructiorerror of
0:38%.

the samealgorithmasDP-MT andMT?, but set- ;.1 = 1,
and- ik = Ofork > 1, andconsideronly oneCStaskata
time(M = 1)..

We conducttwo exampleson CS reconstructiorof typical
imageryfrom “natural” scenesAll theimagesin theseex-
amplesareof size256£ 256 andarehighly compressible
in awaveletbasis.We choosethe “Daubechies8” wavelet
asour orthonormabasis,andthe sensingnatrix © is con-
structedin the samemannerasin Sec4.1. In this exper
iment we adopta hybrid CS schemejn which usingCS
we measurenly £ne-scalevavelet coefcients,while re-
tainingall coarse-scaleoeEcients(no compressiorin the
coarsescale)(Tsaig& Donoho,2006). We alsoassumaall
thewaveletcoekcientsatthe£nestscalearezeroandonly
consider(estimate}the other4096coetcients.In both ex-
amplesthe coarsestcaleis jo = 3, andthe £nestscaleis
j1 = 6. We usethe meanof the posteriorover | to per
form theimagereconstructionThereconstructiorerroris
defnedasjjt i ujj>jujj2, wheret is the reconstructed
imageandu is theoriginal one.

In the£rstexample we choosel2imagedrom threediffer-
entscenesTo reconstructheimage we performaninverse
wavelettransformonthe CS-estimatedoeEcients.In Fig-
ure 8 (a) we shaw the reconstructedmageswith all 4096
measurementsising linear reconstruction(u = ©Tv),
which is the bestpossibleperformance.Figure 8 (b)-(d)
representhe reconstructedmagesby the DP-MT, MT",
and the ST algorithms,respectiely, with the numberof
CS measurements = 1764 (1700 measurements the
£nescalesand 64 in the coarsescale)for eachtask. The
reconstructiorerrorsfor thesefour methodsarecompared
in Tablel. We noticethatthe DP-MT algorithmreduces
thereconstructiorerrorcomparedo the ST method which
indicatesthat the multi-task CS inversionsharesnforma-
tion amongtasksandthereforerequiredessmeasurements
thanthe singletasklearningdoesto achieve the sameper
formance In additionto the CSinversion,the DP-MT also
yield taskclusteringwith thisinferredsimultaneouslyvith
the CSinversion;while this clusteringis notthe£nalprod-
uctof interest,it is informative, with resultsshovn in Fig-

@ (b) (© (d)
Figure8. CSrecon.,(a) Linear, (b) DP-MT, (c) MT®, (d) ST

2 4 6 8 10 12
Index of tasks

Figure9. Sharingmechanismnior 12 tasksin Figure8 yieldedby
DP-MT CS.

ures9. Note thatthe algorithmsinfer threeclusters,each
correspondingo a particularclassof imagery By con-
trastthe MT" algorithmimposescompletesharingamong
all tasks,andtheresultsin Tablel indicatethatthis under
minesperformance.
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Tablel1. Reconstructiorerror (%) for theexamplein 8.

[ [ Taskl | Task2 | Task3 [ Task4 [ Task5 [ Task6 | Task7 | Task8 [ Task9 [ Task10 [ Taskll [ Taski2 ]

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 | 620 | 7.08 | 6.14 | 12.41 | 11.70 | 1243 | 11.09 | 1383 | 1441 | 1410 | 1353 |

In the secondexamplewe considerll imagesfrom three
scenes.The reconstructedmagesare shavn in Figure 10 a1
by the linear reconstruction DP-MT, MT® and ST algo-
rithms; the reconstructiorerrorsare listed in Table 2 for
all four methods As expectedthe multi-taskCSinversion
algorithmyields smallerreconstructiorerror thanthe sin- Task 2
gletaskalgorithm. Theclusteringresultis shovn in Figure
11,in whichimagesl-4 and9-11areclusteredogethery
DP-MT. However, recallthe simpleexampleconsideredn

Task 3
Figure 7. The DP-basedalgorithm seeksto sharethe un-
derlyingsparsenessf theimages eventhoughtheimages
themselesmay appeardistinct. In fact,theresultsin Fig-
ure 11 motivatedthe simpleexampleconsideredn Figure Task 4
7.
5. Conclusions Taks

HierarchicalDirichlet process(DP) priors are considered

for the imposition of sparsenessn the transform coef-
£cientsin the contet of inverting multiple CS measure- Task 6
ments.An independentero-mearGaussiarprior is placed
on eachtransformcoegcientof eachCStaskandthetask-
dependenprecisionparametersare assumediravn from
a distribution G, whereG is dravn from a Dirichlet pro-
cess(DP); the basedistribution of the DP is a productof
Gammadistributions. The DP framavork imposeghe be-
lief thatmary of thetasksmayshareunderlyingsparseness Task 8
propertiesandthe objectie is to clusterthe CS measure-
ments,whereeachclusterconstitutesa particularform of
sparsenessThe DP formulationis non-parametricin the
senseahatthe numberof clustersis not seta priori andis
inferredfrom the data. A computationallyefEcientvaria-
tional Bayesiarinferencehasbeenconsideresnall model
parameters For all examplesconsideredthe DP-MT CS Task 10
inversion performedat leastas well as ST CS inversion
andCSinversionbasedn globalsharing.Especiallywhen
globalsharingwasinappropriatethe DP-basednversionis
signi£cantlybetter Task 11

Task 7

Task 9

In future researchwe may considercorrelationbetween @ ® © @

spatiallyandspectrallyadjacentransformatiorcoeEcients  Figure10.CSrecon.(a) Linear, (b) DP-MT, (c) MT®, (d) ST
and remove the assumptiorof exchangeabilityemployed b
within the DP, whichin practicemaynotbetrue. 2 5 M: a + % i'\il n and b = b +
iz (©ii [ *ON)+ (@it i vi)T (Ot Vi) .

a
1
2 i

Appendix: Update Equationsin VB DP MT

Theupdatechyperparameterfor all g(¢ in Sec3 are 2 ez g+ K| landf =t P E-ill EA(&k)i Rlcac+

cak) , whereA(x) = £logi (x).
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Table2. ReconstructiorError (%) for theexamplein Figure10

[ [ Taskl | Task2 | Task3 [ Task4 [ Task5 [ Task6 | Task7 | Task8 [ Task9 [ Task1O [ Taskil |

DP-MT | 6.50 | 641 | 6.89 | 6.86 | 1581 | 15.00 | 1591 | 14.74 | 7.74 | 8.05 8.50
MT™ 779 | 776 | 812 | 832 | 1817 | 17.70 | 18.66 | 1713 | 887 | 9.16 9.97
ST 831 | 823 | 881 | 923 | 10.79 | 19.74 | 20.36 | 18.88 | 8.77 | 958 9.62

[ Linear | 478 | 477 | 501 | 515 | 1539 | 14.49 | 1518 | 14.06 | 6.10 | 572 | 6.72 |

N

»

6

Index of components.

o

2

Figurel1. Sharingmechanisnfor 11 tasksin Figure10 yielded
by DP-MT

P
2¢Plk = 1+ - and g = £+
iNll I=k+1 "Bk ,where- i« = q(z = k).
ZekiiS: c+ 3 Ly anddy = d+
1P

5 e ik (W + 1 |2k ; ), Where[% 1; 0¢¢; %m | is
thediagonalelementsof j | * andt iy ; is thej ™ ele-
mentof vector? ;.

P

.- K - il
ii= k=1 'i;k°k+%©;r©i andli &, i ©iTVi,

=8y
wherea = diag(ex.1=0k.1; ¢¢¢; &.m =0k.m ) is adi-

agonalmatrixof m £ m.

_ e ik
2 ik = P

A P ki 1£~ , .
K where ik = 121 A(QQI
o)+ Alak) i Alak + éak) i

~ D .
1 In2%4 A(&;)+In(di;) +tr(i| o k)+
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