Discriminative part model for visual recognition
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he reent literture on visul reognition nd imge lssition hs een minly foused on heep gonvolutionl xeurl xetworks @heep gxxA nd their vrintsD whih hs resulted in signint progression of the performne of these lgorithmsF fuilding on these reent dvnesD this pper proposes to expliitly dd trnsltion nd sle invrine to heep gxxEsed lol representtionsD y introduing new lgorithm for imge reognition whih is modeling imge tegories s olletion of utomtE illy disovered distintive prtsF hese prts re mthed ross imges while lerning their visul model nd re nlly pooled to provide imges signturesF he pperne model of the prts is lernt from the trining imges to llow the distintion etween the tegories to e reognizedF e key ingredient of the pproh is softassignElike mthing lgorithm tht simultneously lerns the model of eh prt nd utomtilly ssigns imE ge regions to the model9s prtsF yne the model of the tegory is trinedD it n e used to lssify new imges y nding imge9s regions similr to the lerned prts nd enoding them in single ompt signtureF he exE perimentl vlidtion shows tht the performne of the proposed pproh is etter thn those of the ltest heep gonvolutionl xeurl xetworks pE prohesD hene providing stteEofEthe rt results on severl pulily ville dtsetsF

I hs een pereived s new trend in imge lssitionD relegting the not so distnt pprohes suh s the gEofEwords PD QD R or the even more reent pisher vetors S to wht some onsider now to e legy of previous timeF ine thenD the literture on image classication { the tsk onsists in prediting whether n imge ontins n ojet orD more generllyD visul onept sed on the ontent of the imge { hs eneted from revivl of interest euse of the new perspetive heep gxx provides @e.g. TD UD VD UD WD to ite only few reent of themAF roweverD even if heep gxx otin very good performneD most of the reent pprohes do not expliitly model ojets or senes s deformle ongurtions whih n potentilly result in lk of roustness to pperE neGviewpoint hngesF yne n see this s limittionD sine senes @nd therefore imgesA n e seen s sptil rrngements of ojets or prtsD nd deomposition into distintive prts n results in more expressive nd disrimintive models IHD IID IPF yne motivtion of this pper is hene to ring together the dvntges of heep gxx nd prtEsed modelF he results hieved y yquIQ et al.

onstitute one interesting step towrd tht endF hey indeed shown tht it is possile to trnsfer imge representtions lerned with gxxs trined on lrge dtsets to dierent tsksD even in presene of limited trining dtF heir method uses smgexet preEtrined lyers of gxx to ompute midElevel imge signture nd n e utilized s n eient feture enoding systemF e use this frmework s n lterntive to fgEofEwords @fyA or pisher vetor to enode imge regionsF enother key issue rised y the representtion of imges in the ontext P of imge lssitionD is how to eiently use geometri informtion ndD s forementionedD how to deompose imges into stle nd distintive reE gionsF hile the erly works were uilding on pure gEofEwords e.g. PD whih onsists of pooling the visul fetures without using their sptil oE ordintes in ny wyD it hs een shown lter @e.g. y RA tht performne n e signintly improved y enoding seprtely set of multiple @posE sily overlppingA regionsD whih onstitutes rst step towrd the use of geometryF sing xed regions @usully imge qudEtreesA is oviously limited s the orresponding impliit segmenttions of the imge is not dpted to the imge9s ontentF everl more reent works suh s QD IRD IS hve introE dued more exiility y dpting the shpeGposition of the regionsD ut strong limittion of these works is tht the lyout of imges is still supposed to e xedD for given tegoryF he proposed work strts with the oservtion tht imges within given tegory n hve very dierent lyouts or sptil orgniztionD even if they n e interpreted glolly s shring the sme meningF sn line with this oservtionD severl reent works hve shown tht tegories n e eiently represented y set of distintive regions either lled parts or fragments ITD IHD IID IPD see pigure IF por exmpleD if r9 imges n e reognized euse of the joint presene of wheel9D rod9 or window9Elike prtsD the position of these regions n e ny s long s they re in the imgeF his ide of introduing some invrine @or lignmentA with respet to the position of the prts hve een suessfully utilized in the heformle rt wodel of IUF roweverD in the se of imge lssition the reltive position of the prts is muh less onstrined thn in the se of ojet detetionF sn retion to these oservtions nd onernsD nother motivtion of our work is preisely to propose new wy to desrie imges y set of prts tht re ligned ross imges y onstrutionD without hving to use strong geometri onstrints etween themF his is hieved y proposing new model for tegoriesD whih is sed on the ft tht @iA tegory is dened y set of K prts @iiA these prts re distintive in the sense tht they Q prom generl point of viewD the overll pproh onsists in three stepsX @iA lerning step during whih some tegory9s distintive prts re disovE eredD @iiA representtion step in whih glol signture of the imge is omputedD on the sis of prts presene in the imgeD @iiiA lssition step relying on liner w lssierF he originlity of the work is in the disovery of tegory9s distintive prts nd their use in the enoding of imges @two rst stepsAD whih re the sujet of this setionD nd not in the lssition step whih is the most lssiF he model we propose for representing imge tegories onsists in olletion of K distintive prts dened y their visul pperneD without ny geometri reltionships etween themF st is expeted tht positive imges @with respet to given tegoryA ontin regions visully similr to these prts @onsidered s instnes of the prtsA while there re fewer of them in negtive imgesF he distne from n imge to the lss is then dened s funtion of the set of distnes etween imge regions nd prts @e.g. using mx poolingAF es forementionedD the min ontriution of this pper lies in the method llowing to utomtilly disover distintive prts in the imges of given tegory nd thus to lern the model of this tegoryF hese prts re further ligned with imges regionsD whih re utilized to produe imges signturesF V igntures re susequently used in stndrd lssition frmeworkF his setion rst presents our prtEsed model nd its ssoited ost funtionD whih is to e optimized during lerningF sn seond timeD we explin how the prmeters of the model n e lerned using n itertive frmework inspired from the softassign lgorithmF henD more detils re given on the lgorithm initiliztion stepF pinllyD we explin how imges signtures n e omputed using the lerned modelF xowD our min gol is to eiently nd good @suEoptimlA solution of the ojetive funtion given y iqF @QAF sf we ignoreD for the momentD the inequlity onstrint @lst onstrint of iqF QAD then the mth mtrix m n e seen s permuttion mtrixF e use the deterministic annealing method of RV to turn our omintori prolem into ontinuous oneD mkE ing the optimiztion simpler nd more eientF he key ide is to minimize sequene of ojetive funtions ontrolled y prmeter representing the inverse temperture of the systemF fy inresing the prmeterD the ojetive funtions lens towrds the disrete funtionF he onstrints re then relxed from permuttion mtrix onstrints to doubly stochastic matrix onstrintsD mening tht every rows nd olumns of the mtrix should sum up to I @see RU for more explntionsAF hereforeD the omputtion of the mth funtion n e hieved itertively using the softmax formultionX VI P s + ; Vr P I; m@r; pA a exp@ ¢ w T @p; m £ A ¢ x r A P r H PI exp@ ¢ w T @p; m £ A ¢ x r HA : @RA II here w@p; m £ A T ¢x r is the sore funtion relting the similrity etween the prt p nd the region r of the imge ID using the mth funtion m £ omputed t the previous itertionF uh formultion does produe vlues in the intervl H; ID whih is expetedF purthermoreD when 3 ID there will e one region per imge for whih m@r; pA a ID while for the other ones m@r; pA a HD therefore stisfying the rst onstrintF roweverD we utilized the following formultionD whih improves numeril stilityF VI P s + nd Vr P ID m y @r; pA a exp@@@w T @p; m £ A ¢ x r A mx Vr H PI @w T @p; m £ A ¢ x r HAAA: @SA sn dditionD the mth mtrix m hs lso to stisfy the douly stohsti onstrintsF his n e hieved y using inkhorn @see more detils in RUAD y itertively normlizing rows nd olumnsD see elgorithm IF @TA here VI P s + D r £ a rg mx rPI @w T j x r AF henD we denote s C p the K lusters hving the lrgest s + j =s j rtiosD whih re seleted s initil disrimE intive regionsF hese initil regions re further used to ompute the initil prt lssier w@p; m 0 A s X w@pA 2 ¦ 1 @C p 0 AD used to ompute the initil mth mtrix m 0 @r; pAF The Willow actions dataset [18] is dtset for tion lssition on unonstrined onsumer imges from the snternetF he dtset ontins WII imges split into U lsses of ommon humn tionsD eFgF running9D riding yle9D etF here re t lest IHV imges per tionsD with UH imges used s trining nd the rest s testing imgesF e note tht the dtset lso oers ounding oxes tted on humns performing the tionsF sn our seD we perform the test without using these ounding oxesD s we wnt to detet the relevnt prts of imges utomtilly without ny prior knowledge on the senesF

IT

The MIT 67 scenes dataset [19] is omposed of TU tegories of indoor senesF hese tegories inlude stores @eFgF keryD toy storeAD home @eFgF kithenD edroomAD puli spes @eFgF lirryD suwyAD leisure @eFgF restuE rntD onert hllAD nd work @eFgF hospitlD studioAF ome senes n e est hrterized y their glol lyout @orridorAD or y the ojets they ontin @ookshopAF ih tegory hs round VH imges for trining nd

PH for testingF

The RECONSURVE Boats Classication Dataset 1 is omposed of PDVUU imges divided in S tegories of ots @e.g. otingD shingD merhnt shipD tnkerD pssengerAF sn the followingD the performne on the three dtsets is mesured using the men everge reision @meAF drop in the rst few itertionsD s the initil prts re not @yetA onstrint to e genertiveD i.e. prts should e oserved in every positive imge of the spei lssF pinllyD we oserve smll step eh time the temperture prmeter is updtedF yverllD the onvergene is ehving s expetedF Bag-of-word based representation. he spEfgEofEprts nd pisherEonEprts pipelines re then evluted on the three dtsetsD see le Q nd le SF por illow tionsD the performne of the two seline lgorithms @fgEofE words nd pisher vetorsA re respetively of SHFH7 nd SVFI7F yne n note tht the @spA fgEofEprts slightly outperforms the stndrd fgEofEwordF wore interestinglyD the proposed pisherEonEprts representtion outperforms pisher vetors y more thn Q7F lese note tht the proposed pproh does not use ny extr nnottionsD ontrrily to most of the proposed pE prohes @e.g. IP whih uses the ounding oxesAF his explins why we do not provide ny omprisons with these methodsD s they would e menE inglessF he fots dtset lso shows improvements on oth the @spA fgEofE PI gonerning ws TUD we rst oserve tht our @spA fgEofEprts enE oding oers etter performnes thn the fgEofEword model s well s the fgEofEprts proposed in IIF e lso notie tht our pisherEonEprts improves on the two previous methodsF roweverD we do not otin etter performne thn the pisher vetors extrted on the full imgeF e elieve tht this result is due to the ft tht the ws TU requires lot of onE text informtion to reognize senesD while our pisherEonEprts enoding ts s pooling system tht enpsultes most informtion on the foregroundF gomining pisherEonEprts with pisher vetors on the whole imge @with wA gives me of THFH7D whih is signintly etter thn ny other pprohesF CNN-based pipeline. sn these experimentsD the regions re desried y gxx feturesF pirstD we evlute pigure Q the impt of the numer of prts used to desrie imgesD on illowF st is interesting to note tht for @gxxA fgEofEprts nd gxxEonEprtsD performnes re stle for ny numer of prts etween PS to RHH prtsF purthermoreD utilizing only IH prts oers resonle performneF roweverD if we ompute the fgEofEprts on the initiliztion prts @slient regionsAD i.e. without lerning mD we note tht hving more thn IHH prts slightly redues the performnesF e lso oserved onsistent improvement of the @gxxA gEofEprts nd gxxEonEprts over the gxx on the full imgeD s shown le R nd le SF por the illow tion dtset the gxxEonEprt oers the lrgest improvementD while the @gxxA fgEofEprt is the est performing method on the ws TU senes dtsetF his result supports our oservtion with the pisherEonEprts tht foreground pooling eet is very dvntgeous on illow tionsD while ontextul informtion is etter for ws senesF snterestinglyD we lso oserved tht omining the two proposed enoding methods { y doing simple ontention of the @gxxA fgEofEprt nd gxxEonEprt representtions { mkes the performne even etterD produE PQ gxx on full imge PT HFUPT fgEofEprts @gxxA HFUVV gxxEonEprts @gxxA HFUUV fgEofEprts 8 gxxEonEprts @gxxA HFVHI ing performne higher thn ny reported method to our knowledge @VH7 of 

  eetive pprohes sed on heep gonvolutionl xeurl xetworks @heep gxxAD suh s the remrkle work of urizhevsky et al.

Figure 1 :

 1 Figure 1: Our system aims at discovering distinctive parts (blue boxes) from a set of regions (black boxes) randomly extracted from images of a category.

3. 1 .

 1 Part model and objective function pirstD let us introdue some nottionsF e ssume hving set of imges elonging to the tegory to e modeledD onsidered s positive trining imges nd denoted s s + F js + j represents the numer of positive imgesF sn the sme wyD s is the set of @negtiveA imges elonging to other tegoriesF he whole trining set is denoted s s a s + S s nd ontins jsj imgesF prom eh imge I P sD we extrt dense rndom set of imge regions denoted s I F ih region r is represented y its signtures x r D whih isD in prtieD the gEofEword or gxxD representtion of the regionF wore detils on the desription hoies re disussed in setion QFRF he model of the tegory inludes set of prts denoted s F he numer of prtsD K a jjD is xedF sn the followingD p P denotes one of these prtsF es explined eforeD our model relies on three ssumptionsX rstD the model is supposed to e omposed of set of K dierent prtsF eondD it is expeted tht eh prt of the model is present in eh positive imgeF hirdD prts should e representtives of the tegoryD whih mens tht they should our more frequently in positive imges thn in negtive onesF e implement the seond onstrint y introduing the mth funtion m@r; pA ssoiting model prts nd imge regionsD nd y imposing tht Vs P s + r P s nd Vp P D P rPI m@r; pA a IF he mth funtion is mth funtion n e seen s inry mtrix with one row per prt nd one olumn per imge regionF e dd the rst onstrint ensuring tht n imge region n e ssigned to t most one prtD whih is written sX VI P s + D Vr P ID P pP m@r; pA IF egrding the third ssumptionD whih sttes tht regions should e disE rimintiveD one wy to hieve this would e to mesure to whih extent eh prt n e mthed with regions from the negtive setD nd promote those ourring more on positive imgesF roweverD suh proess would e very ostlyF hereforeD s suggested y IID we use the vhe tehnique of RTD whih onsists in lerning one nd for ll universl model of negtive pthesF e note tht our method diers lrgely from the one proposed in IIX yur desriptionD initiliztionD nd lerning methods re totlly dierE entF roweverD we shre the sme gol of disovering prts representtive of lssD s well s using the vhe tehnique nd using similr enoding of prts responseF sn prtieD the prmeter vetor w of prt lssierD orresponding to the prt pD is dened simply sX

  p to this pointD we ignored the inequlity onstrint stting tht VI P s + nd Vr P ID P pP m@r; pA IF qold et al. RU turned the inequlity onE strint into n equlity onstrint y dding slk vrile RWF roweverD unlike qold et al. RUD our prolem is not symmetrilF sn order to hndle the inequlity onstrintD we dd nonElinerities to the proess y setting to zero the very low vlues @inferior to IH 7 in practiceAD of m y right fter its lulE tionD see iqution SF henD the following proess is the normliztionD whih distriutes the weightsD exept for the null vlues tht remin unhngedF hereforeD the normlized mthEmtrix stises the previous onstrintsX VI P s + ; Vp P ; P rPI m y @r; pA a I nd VI P s + ; Vr P I; P pP m y @r; pA IF por exmpleD if region otins very low sore for ll prtsD olumn of the mthEmtrix m y @r; pA is set to HF sn other wordsD imge regions not mthing ny prtsD with very low scoresD will not ontriute to ny prts nd while the prmeter is inresed the seletion will e more strit nd more regions will e disrdedF his proess further llows to speed up the normliztions in the lgorithmF IP 3.3. Providing intitial correspondences between parts and image regions he lerning proess llowing to lern distintive prts y itertively rening the mth funtion mD s presented in the previous setionD is proess requiring to know m from the previous itertionD nd hene rises the question of the initiliztion of mF st seems resonle to think tht euse the optimiztion proess is not onvexD the lgorithm will perform etter if the initil prt to regions orE respondenes lredy involve disrimintive regionsF o selet these initil disrimintive regionsD we rst extrt the signtures x r of the regions smE pled from positive trining imgesF hese signtures re then lusteredD using uEmensF henD we use gin the vhe elertion of RT to lern initil lssiersF por eh lusterD the lssier w is dened s w a ¦ 1 @" x 0 Awhere "x is the verge of the signtures within the luster nd 0 nd ¦ the overll men nd ovrine mtrixF hese lssiers re further pplied on the regions of the trining imgesF wximum responses to the lssiers re then seleted per imge nd verE ged over positive nd negtive susetsD giving us the two sores s + nd s

3. 4 .

 4 Computing region and image signatures 3.4.1. Image region signatures pirstD we would like to omment on the pth signtures x r D used in the lerning proessF e note tht these desriptors must e omptD i.e. no IQ more thn few thousnd dimensionsD to llow the lerning to e eetiveF sn ftD we remind tht eh imge is represented y few thousnd of these pthesD or regionsF hereforeD we rst used the simple fy desription using k a IHHH lustersD s in IPF vterD following PSD we extrted the sevenEth lyer of the gxx representtionF his intermedite representtion oers muh higher resultsD s we n see in setion RD nd llows etter omprison to the urrent est performing methodsF hereforeD we uild two systemsD or pipelinesD the stndrd one or fy sed on sp nd the gxxEsed pipelineF 3.4.2. Image signatures yne the model is lernedD imges signtures n e omputed using the distintive prts of the modelF vet us denote s I n imge to e enodedF e rst extrt set of rndom regions r P I nd ompute their orresponding desriptors x HH r F e n mesure to whih extend eh region is similr to one of the model prts y using the soring funtion dened previously y iqF @PA s w T @p; mA ¢ x r D where m is the mth funtion lerned during triningF henD we pool the per prt similrities to produe glol signture of the imgeF e propose three dierent poolingGenoding strtegiesX the fgEofEprts inspired from II nd two novel pproh soElled the Fisher-on-parts nd the CNN-on-partsF Encoding images with Bag-of-parts. o ompute the gEofEprts @fyAD the per prts sores re omputed for eh extrted region on n imgeF he signture of the imge is then given y ggregtingD for eh prt of the modelD the verge nd the mximum of the region sores over the imgeF xmelyD if p j is one of the K prts of our modelD the signture of the imge I will e represented y the two following omponentsX is multiElss prolemD we do the sme for eh lss nd ggregte the resultsF hereforeD we otin P ¢ K ¢ CEdimensionl desriptorD where C is the numer of lssesF Encoding images with Fisher-on-parts. pisherEonEprts @pyA ims t enE oding together the mximum response of eh prts in n imge I t F es in fyD sores re omputed for eh regionF henD insted of ggregting verge nd mximum sores s for the fyD the mximum soring region r £ for the prt p is seletedD s followsX r £ a rg mx rPI w T @p; mA ¢ x r : @VA pinllyD pisher vetor is omputed on the re of the imge overed y the K seleted regions r £ F hereforeD the nl py desriptors is P¢G¢D ¢CE dimensionl vetorD where G is the numer of qussin in the mixture model of the pisher vetorD D is the dimensionlity of sp desriptors nd C the numer of tegoriesF Encoding images with CNN-on-parts. sn this seD regions re enoded with gxx fetures nd sores re otined for eh region of n imgeD s for the fgEofEprt signtureF por eh prt or the modelD the region giving the highest sore @see previous prgrphsA is seleted nd it9s desriptor keptF ell the desriptors so seleted re further ontented resulting in D ? ¢ K ¢ CF here D ? a RHWT is the dimension of the gxx desriptorF 4. Experiments his setion presents n experimentl vlidtion of the proposed pE prohF e strt y desriing the dtsets used in our experimentsY then we introdue some seline lgorithms used for omprison purposes nd give the detils of our implementtionY nlly the performne otined with the proposed pproh re exposed nd ompred to selines nd re utilized to experimentlly vlidte the proposed pprohX he illow tions dtset IVD the fots htsetD nd the ws TU senes dtset IWF

4. 2 .Figure 2 :

 22 Figure 2: Convergence of the match matrix m for each class of the Willow actions dataset.

Figure 3 :

 3 Figure 3: Scores for Willow actions as a function of the number of parts.

  Figure 4: Visualization of parts locations for "riding cycle", "playing instruments", and "riding horse".QP

  s the pose estimtion of Qh nd Ph dtF sn RUD two sets of points X j nd Y k re relted y geometri trnsformtionF foth sets n ontin outliersF he match matrix m jk is dened s the orrespondene mtrix suh tht m jk a I if point X j orresponds to point Y k nd H otherwiseF he prolem is further presented s nding the pose @i.e. the geometri trnsformtionA nd the orresponding mth mtrix m jk tht est reltes

	verning this model hene onsists in the @omintoriA optimiztion
	of iqF @QAF pinding the glol optimum is not omputtionlly fesileD
	nevertheless we propose to dpt the point mthing lgorithm of RU to
	otin n pproximte solutionD s explined in the following setionF his
	lgorithm ws rst introdued to solve simultneously the orrespondene
	prolem s well
	w T @p; mA ¢ x r F
	he model is thus fully dened y giving the mth funtion m@r; pAF polE
	lowing the fore mentioned onstrintsD we dene the optiml mth funtionD
	denoted s	mD s the one mximizingX
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w@p; mA a ¦ 1 P rPI ;VI Ps + m@r; pA ¢ x r P rPI ;VI Ps + m@r; pA P rPI ;VI Ps x r jr P I; VI P sj ! ; @PA where ¦ is the ovrine mtrix otined y tking the whole set of reE gions from oth positive nd negtive imgesF gonsequentlyD the prt models w@p; mA re fully dened one the mth funtion is denedF sn dditionD the similrity etween region r nd prt p of the model n y omputed s s:t: VI P s + ; Vr P I; P pP m@r; pA I: the two sets of pointsF hese two prolems re nlly solved simultneously using n itertive proess iming t minimizing n energy funtionF 3.2. Learning with softassign

Table 3 :

 3 Results on Willow and Boats dataset. See text for details.

	Method	Willow (mAP) Boats (mAP)
	fgEofEwords SH	HFSHH	HFTUQ
	pisher vetors SH	HFSVI	HFVPU
	fgEofEprts	HFSIH	HFURI
	pisherEonEprts	HFTIR	HFVSP
	prts nd the pisherEonEprtsF peillyD we oserve more thn T7 nd
	P7 me inrese over fy nd pisher vetors respetivelyF

Table 4 :

 4 Results on Willow dataset, using the CNN-based pipeline.

	Method	Willow (mAP)
	gxx on full imge	HFUTQ
	fgEofEprts @gxxA	HFUTT
	gxxEonEprts @gxxA	HFVIT
	fgEofEprts 8 gxxEonEprts @gxxA	HFVIW
	PP	

Table 5 :

 5 Results on MIT 67 scenes dataset. See text for details.

	Method	mAP
	gEofEwords SH	HFQRS
	pisher vetors SH	HFSSH
	gEofEprts of II	HFQUQ
	our gEofEprts	HFRHI
	pisherEonEprts	HFSRW
	pisherEonEprts sed omintion	HFTHH