cmr10.329[35] T. oggio, M. ahle, and S. Edelman. Syn thesis of visual mo dules from examples: learn- ing yp eracuit A.I. Memo No. 1271, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology 1991. [36] T. oggio and F. Girosi. Regularization algorithms for learning that are equiv alen to ultila er net orks. cmti10.329 Scienc cmr10.329247:978{982, 1990. [37] J. R. omeran tz and E. A. Pristac h. Emergen features, atten tion, and erceptual glue in visual form erception. cmti10.329 Journal of Exp erimental Psycholo gy: Human Per eption and Performanc cmr10.32915:635{649, 1989. [38] I. Ro and J. DiVita. case of view er-cen tered ob ject erception. cmti10.329 Co gnitive Psycholo gy cmr10.32919:280{293, 1987. [39] I. Ro k, D. Wheeler, and L. udor. Can imagine ho ob jects lo ok from other view- oin ts? cmti10.329 Co gnitive Psycholo gy cmr10.32921:185{210, 1989. [40] E. Rosc h, C. B. Mervis, W. D. Gra D. M. Johnson, and Bo es-Braem. Basic ob jects in natural categories. cmti10.329 Co gnitive Psycholo gy cmr10.329

8:382{439, 1976. [41] T. Sanger. Optimal unsup ervised learning in feedforw ard neural net orks. AI Lab TR 1086, MIT, 1989. [42] R. N. Shepard and L. A. Co op er. cmti10.329 Mental images and their tr ansformations cmr10.329

MIT Press, Cam bridge, MA, 1982. [43] S. B. Steinman. Serial and parallel searc in pattern vision? cmti10.329 Per eption cmr10.329

16:389{398, 1987. [44] M. arr and S. Pink er. Men tal rotation and orien tation-dep endence in shap recognition. cmti10.329Co gnitive Psycholo gy cmr10.329

21:233{282, 1989. [45] D. W. Thompson and J. L. Mundy Three-dimensional mo del matc hing from an uncon- strained viewp oin t. In cmti10.329 Pr dings of IEEE Confer enc on ob otics and utomation cmr10.329 pages 208{220, Raleigh, NC, 1987. [46] A. Tv ersky eatures of similarit cmti10.329 Psycholo gic al eview cmr10.329

84:327{352, 1977. [47] S. Ullman. Aligning pictorial descriptions: an approac to ob ject recognition. cmti10.329 Co gnition cmr10.329

32:193{254, 1989. [48] S. Ullman and R. Basri. Recognition linear com binations of mo dels. A.I. Memo No. 1152, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology 1990. [49] R. J. att and M. J. Morgan. theory of primitiv spatial co de in uman vision. cmti10.329 Vision ese ar ch cmr10.329

25:1661{1674, 1985. [50] L. E. Wixson and D. H. Ballard. Real-time qualitativ detection of ulti-colored ob jects for ob ject searc h. In cmti10.329 Pr c. AAAI-90 Workshop on Qualitative Vision cmr10.329 pages 46{50, San Mateo, CA, 1990. Morgan Kaufmann Publishers, Inc. [51] R. S. Zemel and G. E. Hin ton. Disco ering viewp oin t-in arian relationships that harac- terize ob jects. In D. ouretzky editor, cmti10.329 Neur al Information Pr essing Systems cmr10.329 olume 3, San Mateo, CA, 1991. Morgan Kaufmann. cmr10.329[18] M. W. ahle. arallel, semi-parallel, and serial pro cessing of visual yp eracuit In cmti10.329 Pr c. SPIE Conf. on Ele ctr onic Imaging: scienc and te chnolo gy cmr10.329

San ta Clara, CA, ebruary 1990. to app ear. [19] C. Gerhardstein and I. Biederman. 3D orien tation in ariance in visual ob ject recog- nition. cmti10.329 Invest. Ophthalm. Vis. Scienc Suppl. cmr10.329

32:338, 1991. [20] G. E. Hin ton and L. M. arsons. Scene-based and view er-cen tered represen tations for comparing shap es. cmti10.329 Co gnition cmr10.329

30:1{35, 1988. [21] D. D. Ho�man and W. A. Ric hards. arts of recognition. cmti10.329 Co gnition cmr10.329

18:65{96, 1984. [22] A. Hurlb ert and T. oggio. Syn thesizing color algorithm from examples. cmti10.329 Scienc cmr10.329

239:482{485, 1988. [23] N. In trator. Unsup ervised adaptiv classi�cation of gra y-scale images of 3D ob jects, 1990. Bro wn Univ ersit TR, in preparation. [24] Jolico eur and S. M. Kosslyn. Co ordinate systems in the long-term memory represen- tation of three-dimensional shap es. cmti10.329 Co gnitive Psycholo gy cmr10.329

15:301{345, 1983. [25] A. Karni and D. Sagi. Human texture discrimination learning evidence for lo w-lev el neuronal plasticit in adults. cmti10.329 Per eption cmr10.329

19:335, 1990. [26] J. J. Ko enderink and A. J. an Do orn. Receptiv �eld families. cmti10.329 Biolo gic al Cyb ernetics cmr10.329

63:291{297, 1990. [27] D. LaBerge. erceptual learning and atten tion. In W. K. Estes, editor, cmti10.329 Handb ok of le arning and gnitive pr esses cmr10.329 olume 4, pages 237{273. Erlbaum, Hillsdale, NJ, 1976. [28] R. Linsk er. erceptual neural organization: some approac hes based on net ork mo dels and information theory cmti10.329 nn. ev. Neur osci. cmr10.329

13:257{281, 1990. [29] D. G. Lo e. cmti10.329 Per eptual or ganization and visual gnition cmr10.329

Klu er Academic Publishers, Boston, MA, 1986. [30] L. T. Maloney and M. S. Landy statistical framew ork for robust fusion of depth information. In cmti10.329 Pr c. SPIE: Visual Communic ations and Image Pr essing cmr10.329 pages 1154{ 1163, 1989. art 2. [31] D. Marr. Early pro cessing of visual information. cmti10.329 Phil. ans. R. So c. ond. cmr10.329

275:483{ 524, 1976. [32] S. E. almer, E. Rosc h, and Chase. Canonical ersp ectiv and the erception of ob jects. In J. Long and A. Baddeley editors, cmti10.329 ttention and Performanc IX cmr10.329 pages 135{151. Erlbaum, Hillsdale, NJ, 1981. [33] T. oggio. theory of ho the brain migh ork. Pro c. Summer 1990 Cold Spring Harb or meeting on Quan titativ Biology and the Brain. [34] T. oggio and S. Edelman. net ork that learns to recognize three-dimensional ob jects. cmti10.329Natur cmr10.329

343:263{266, 1990. cmr10.329[2] S. Amari. eature spaces whic admit and detect in arian signal transformations. In cmti10.329Pr c. 4th Intl. Conf. Pattern gnition cmr10.329 pages 452{456, oky o, 1978. [3] A. Beinglass and H. olfson. Articulated ob ject recognition, or, ho to generalize the Generalized Hough ransform. Institute of Computer Sciences TR 194/90, el Aviv Univ ersit 1990. [4] I. Biederman. Human image understanding: Recen researc and theory cmti10.329 Computer Vision, Gr aphics, and Image Pr essing cmr10.329

32:29{73, 1985. [5] I. Biederman. Recognition comp onen ts: theory of uman image understanding. cmti10.329Psychol. eview cmr10.329

94:115{147, 1987. [6] I. Biederman. Asp ects and extensions of theory of uman image understanding. In Z. Pylysh yn, editor, cmti10.329 Computational pr esses in human vision: an inter disciplinary er- sp ctive cmr10.329 pages 370{428. Ablex, Norw d, NJ, 1988. [7] I. Biederman and E. E. Co op er. Evidence for complete translational and re ectional in ariance in visual ob ject priming. cmti10.329 Per eption cmr10.329

20, 1991. [8] M. Bra and R. Blak e. Preatten tiv vision and erceptual groups. cmti10.329 Per eption cmr10.329

19:515{ 522, 1990. [9] T. M. Breuel. Adaptiv mo del base indexing. A.I. Memo No. 1008, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology 1989. [10] H. H. ultho� and S. Edelman. Psyc hoph ysical supp ort for 2D in terp olation theory of ob ject recognition, 1990. submitted. [11] H. H. ultho� and H. A. Mallot. In teraction of depth mo dules: stereo and shading. cmti10.329Journal of the Optic al So ciety of meric cmr10.329

5:1749{1758, 1988. [12] R. O. Duda and E. Hart. cmti10.329 Pattern classi�c ation and sc ene analysis cmr10.329

Wiley New ork, 1973. [13] S. Edelman and H. H. ultho�. Viewp oin t-sp eci�c represen tations in 3D ob ject recogni- tion. A.I. Memo No. 1239, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology 1990. [14] S. Edelman, H. H. ultho�, and E. Sklar. ask and ob ject learning in visual recognition. CBIP Memo 63, MIT, April 1991. [15] S. Edelman and T. oggio. Bringing the Grandmother bac in to the picture: memory- based view of ob ject recognition. A.I. Memo No. 1181, Arti�cial In telligence Lab oratory Massac usetts Institute of ec hnology 1990. [16] S. Edelman and T. oggio. Represen tations in high-lev el vision: reassessing the in erse optics paradigm. In cmti10.329 Pr c. ARP Image Understanding Workshop cmr10.329 pages 944{949, San Mateo, CA, Ma 1989. Morgan Kaufman. [17] S. Edelman and D. einshall. self-organizing ultiple-view represen tation of 3D ob- jects. cmti10.329 Biolo gic al Cyb ernetics cmr10.329

64:209{219, 1991. cmr10.329based on recen studies of unsup ervised feature extraction. This issue has een approac hed using to ols of statistics (principal comp onen analysis of image in tensities 41 ], exploratory pro jection pursuit 23 ]) and information theory (maximizing utual information et een the input and the output of la er of feature detectors 28 ], or et een separate groups of detectors 51 ]). The prop osed sc heme relies on learning also for the syn thesis of ob ject-sp eci�c recognition mo dules (cf. 22 35 33 ].) Learning recognition from examples has een demonstrated in 34 17 for syn thetic 3D ob jects, represen ted image lo cations of simple features suc as corners and terminators. Its extension to real-w orld ob jects ma dep end on the use of more appropriate features 15 ], conclusion not unexp ected in view of the preceding discussion. cmbx10.432Summary cmr10.329The presen pap er prop oses uni�ed approac to the understanding and mo deling of uman erformance in ob ject recognition. The highligh ts of the prop osed approac are as follo ws: 1. cmti10.329 ersatility: cmr10.329 Recognition starts with the extraction of large ariet of image-based features. 2. cmti10.329 Plasticity: cmr10.329 Recognition pro cedure for giv en ob ject at giv en category lev el is syn the- sized at need and is optimized with practice. 3. cmti10.329 Hier ar chy: cmr10.329 One of the ys of optimizing recognition erformance in olv es formation of comp ound features out of simpler ones, and subsequen reliance on suc features. 4. cmti10.329 Invarianc e/diagnosticity tr ade-o�: cmr10.329 Some of the features are ell-lo calized within the 2D image-based reference frame. Exclusiv reliance on suc features under certain cir- cumstances mak es recognition viewp oin t-dep enden t. Other features, suc as color, are \di�use", whic mak es them relativ ely viewp oin t-in arian t. et another kind, the nonac- ciden tal features, are viewp oin t-in arian for geometrical reasons. There is trade-o� et een viewp oin in ariance of feature and its diagnosticit or the degree of discrim- ination among ob ject instances that it a�ords. arts of the feature-based mo del of recognition ha een already implemen ted and found to replicate uman erformance haracteristics at the sub ordinate lev el. These include learning of spatially de�ned features, and learning to recognize ob jects from image feature lo cations. Extension of these results to basic-lev el recognition and to the automatic selection of relev an features will mak uni�ed accoun of recognition ossible. cmbx10.360Ac kno wledgemen ts cmr10.329am grateful to Heinric ultho� and Shimon Ullman for their commen ts on draft of this pap er, and to Barton Rub enstein for sev eral useful references. cmbx10.432References cmr10.329[1] D. W. Aha, D. Kibler, and M. A. Alb ert. Instance-based learning algorithms. cmti10.329 Machine arning cmr10.329

6:37{66, 1991. cmr10.329features are built on top of simpler ones. Prime candidates for lo er-lev el features are simple functions of image in tensit (e.g., edges, extrema, etc.; see 49 ]). As to the higher lev els of the hierarc some of the ossibilities for their formation are outlined elo w. cmti10.329Subsumption by symb olic lab eling cmr10.329Marr’s notion of the primal sk etc 31 ], in whic primitiv place tok ens are group ed ac- cording to rules that resem ble the Gestalt la ws of erceptual organization, is an early example of what ma considered hierarc of spatially lo calized features. In basic-lev el recogni- tion alignmen groups of place tok ens carrying relativ ely complex shap information can more useful if they are assigned sym olic lab els. In Ullman’s example ([ 47 ], p.233; cf. 16 ]), in the represen tation of ro oster the lab el \wiggly" could subsume the complex shap of the cro wn in most cases (except, ossibly when particular ro oster is to recognized, and the precise shap details matter). cmti10.329al elab or ation cmr10.329When �ne details of lo cal image structure are imp ortan for the task at hand (as in the case of individual exemplar recognition), suc details can pro vided computing higher order deriv ativ es of image in tensit than the �rst deriv ativ e, whic is strictly necessary for the detection of in tensit edges. sp eci�c computational yp othesis regarding suc higher-order lo cal features has een adv anced Ko enderink and an Do orn 26 ], who suggested that the arious receptiv �elds found in the primary visual area of mammalian brain can describ ed as deriv ativ op erators. cmti10.329Sp atial agglomer ation cmr10.329An alternativ to lo cal elab oration of image description through the computation of higher- order deriv ativ es is joining together of spatially distinct features on larger scale. ell- kno wn example of metho that yields spatially distributed features is the ourier transform. If one considers space instead of spatial frequency comp ound features ma obtained enco ding conjunctions of the ccurrences of simple features that satisfy certain constrain ts (e.g., constrain ts on yp and lo cation), or groups of place tok ens ]. Biederman’s geons fall in to this category of comp ound features. Another example of suc features can found in ]. cmti10.329Hashing cmr10.329Under certain conditions (in particular, for the purp ose of initial fast indexing in to large database of ob ject represen tations), one ma wish to de�ne features whose only required prop ert is that they allo e�cien ob ject access. In this case, ob ject recognition ma lik ened to texture discrimination, with the individual ob jects regarded as textons (whic ust classi�ed statistically when presen in quan tit but need not describ ed in detail). Linear receptiv �elds ], considered as implemen tations of hashing functions (cf. ]), are ossible candidate for biologically motiv ated computational approac to the extraction of indexing features. Di�use features suc as color also elong to this category 50 ]. cmbx10.3603.7 The role of learning cmr10.329It seems plausible to assume that the visual system acquires man of the ossible features of recognition through exp erience (psyc hoph ysical evidence for erceptual learning at the feature lev el can found in 25 18 43 ]). Computational theory sho wing ho this ma happ en could cmbx10.3603.5 Computational issues cmr10.329Recen tly dev elop ed computational theories of recognition can divided in to broad class- es, dep ending on the yp of represen tation they use (v olumetric or image-based). cmbx10.3293.5.1 Theories that rely on olumetric ob ject-cen tered represen tations cmr10.329Recognition alignmen 47 is an example of computational theory that agrees with uman erformance in basic-lev el tasks in its prediction of near indep endence of recognition rate on viewp oin t. According to this theory the input image is compared with the pro jection of stored mo del in pro cess resem bling template matc hing, but only after the are brough in to register. The transformation necessary to ac hiev alignmen is computed matc hing small um er of \anc hor" features in the image with the corresp onding features in the mo del. The aligning transformation is computed separately for eac of the mo dels stored in the system. The outcome of the recognition pro cess is the mo del that �ts the input most closely after the are aligned. Other similar sc hemes 29 45 ho ose the est mo del using viewp oin consistency constrain ts, whic relate pro jected lo cations of the features of mo del to its 3D structure, giv en yp othesized viewp oin t. cmbx10.3293.5.2 Theories that rely on image-based represen tations cmr10.329Although the basic ersion of alignmen in olv es 3D ob ject mo dels, this metho can re- form ulated so that it relies on ultiple 2D view represen tations ([ 47 ], p.243), while retaining the stage in whic 3D transformations of the input ob jects are explicitly comp ensated for. Sev eral recen tly prop osed approac hes to recognition disp ense oth with the need for storing 3D mo dels, and with explicit viewp oin normalization 48 34 17 ]. In particular, the regular- ization net ork sc heme 34 36 represen ts ob jects sets of 2D views (v ectors of image feature lo cations), and regards generalization from familiar to no el views as problem of nonlinear yp ersurface in terp olation in the space of all ossible views. This sc heme as recen tly sho wn to replicate cen tral haracteristics of uman erformance in sub ordinate-lev el recognition, of whic ere men tioned in section 3.2. Within the in terp olation framew ork, canonical views are determined the spatial distribution of the ob ject’s features in the stored represen tation 17 ], while the observ ed pattern of generalization to no el views cmr8.300cmr10.329is obtained as natural consequence of the reliance on view in terp olation 13 ]. cmbx10.3603.6 taxonom of comp ound features cmr10.329The ossibilit of extending curren in terp olation mo dels to include basic-lev el recognition app ears to dep end to large exten on the ailabilit of wide ariet of image-based features of di�eren diagnosticit and complexit Comp ound features, discussed in this section, ma pro vide the necessary ariet basic observ ation regarding computational asp ects of the comp ound feature issue is that an recurring image pattern whose iden ti�cation, in turn, do es not presupp ose prior recognition of the en tire ob ject it is included in should considered oten tial feature. This suggests that the features of recognition ma form lo ose hierarc in whic higher-order cmr6.300cmr9.300The increase in the error rate with misorien tation relativ to familiar view dep ends on the arrangemen of familiar views with resp ect to eac other, and not just on the distance et een the test view and the nearest familiar view. Sp eci�cally in terp olation among familiar views obtained rotating the ob ject in �xed plane app ears to easier than extrap olation, whic h, in turn, is easier than recognition of views that lie outside the plane of rotation 10 13 ]. cmbx10.3293.2.2 Limited generalization cmr10.329As men tioned in section 3.1, when ask ed to giv relativ ely broad classi�cation of an ob ject seen from an dd viewp oin t, eople virtually nev er err. In comparison, when the task can only solv ed through relativ ely precise shap matc hing, the error rate reac hes hance lev el already at misorien tation of ab out 40 cmsy8.300cmr10.329relativ to familiar attitude 38 13 ]. The detrimen tal e�ect of misorien tation ersists in the presence of depth cues suc as bino cular disparit whic reduces somewhat the mean error rate, but do es not cancel the dep endency of error rate on viewp oin 13 ]. cmbx10.3603.3 Psyc hoph ysics of recognition: uni�ed view cmr10.329In the preceding brief erview one ma iden tify sev eral oin ts of similarit et een erfor- mance haracteristics at the lev els of recognition. First, ob jects ossess canonical views, whether they are considered at the basic ([ ], p.66) or at sub ordinate 13 14 lev el. Second, the same pro cesses ma underlie the emergence of canonical views at oth lev els. or instance, an examination of the exp erimen tal data on the sub ordinate-lev el recognition of computer- generated no el ob jects 13 rev eals that their canonical views can frequen tly haracterized as displa ying one or more of the nonacciden tal features men tioned Biederman ([ ], p.36). Third, at the basic lev el, viewp oin t-in arian erformance breaks do wn when ey information (the nonacciden tal features in ], or the anc hor features in 47 ]) cannot reliably extracted from the image. These similarities supp ort the uni�ed feature-based accoun outlined in sec- tion 2.1. In particular, the dic hotom et een viewp oin in ariance of basic-lev el recognition and viewp oin sensitivit of sub ordinate-lev el recognition do es not stand up to scrutin cmbx10.3603.4 Op en problems cmr10.329The ma jor psyc hoph ysical issues raised the prop osed feature-based approac are the rep- resen tation and relativ imp ortance of di�eren feature yp es, and the limitations on er- formance stemming from the reliance on image-based features. Preliminary psyc hoph ysical evidence on the role of comp ound (geon-lik e) features in ob ject represen tation is pro vided the recen results on the priming of con tour-deleted images ([ ]; see section 3.1.3), whic seems to mediated en tities that are more complex than mere con tour segmen ts. In 2D form erception, similar evidence for comp ound features suc as symmetry and closure ma found in 37 ]. The second as et unexplored (but see 46 ]) issue is that of the relativ imp ortance of the arious features and feature yp es for recognition. ossible starting oin for the study of this question can pro vided the recen ork on the in tegration of visual submo dalities 11 30 ], and on the role of di�eren depth cues in recognition 13 ]. The third ma jor exp erimen tal issue concerning the features of recognition has to do with the cen tral role assigned this approac to view er-based frame of reference. Previous studies of the frames of reference in ob ject represen tation in olv ed sub jectiv judgemen 24 39 or pairwise shap comparison 20 ], rather than recognition. presen t, there are indications that, at least at the sub ordinate lev el, the visual system has no direct access to shap attributes de�ned in an ob ject-cen tered frame 38 13 ]. the basic lev el, it app ears that suc access is facilitated the use of appropriate (i.e., viewp oin t-in arian t) comp ound features, or geons 19 ], in manner compatible with the predictions of the feature-based approac h. cmr10.329curvilinearit symmetry parallelism and cotermination of con tours. It has een sho wn that uman sub jects eha as if they tak in to accoun nonacciden tal prop erties in their inference of 3D relations among ob jects and their parts (see the review in ]). In particular, erceiv ed symmetry con tributes to shap constancy and supp orts fast shap discrimination, ertex con�gurations pla an imp ortan role in the in terpretation of olyhedral scenes, and, on the other hand, sp ecially arranged acciden tal cotermination and parallelism giv rise to comp elling illusions suc as the Ames hair and the enrose triangle. cmbx10.3293.1.3 Explicit represen tation of in termediate-lev el features cmr10.329class of exp erimen ts that pro vide the most direct evidence in fa or of explicit represen tation of geon-lik features in the uman visual system in olv es priming of con tour-deleted images ]. In these exp erimen ts priming has een demonstrated et een ersions of the same image, from whic di�eren con tour parts ere deleted, so that the new images had no con tour in common, but could, in principle, supp ort common geon represen tation (built from the partial con tours). In comparison, when the deletion of con tours disrupted oten tial extraction of geons, no priming as observ ed. This �nding can in terpreted in terms of the existence of in termediate represen tation (suc as the comp ound 2D features prop osed in section 2.1) situated et een the lev els of ra con tours and of en tire ob jects. cmbx10.3603.2 Psyc hoph ysics of sub ordinate-lev el recognition cmr10.329Unlik basic-lev el categorization, whic is, under normal circumstances, cmr8.300cmr10.329largely viewp oin t- in arian t, ob ject recognition at the sub ordinate lev els dep ends on the observ er’s oin of view in sev eral ys. Tw ma jor classes of phenomena relev an to the viewp oin dep endency of sub ordinate-lev el recognition are canonical views and limited generalization. cmbx10.3293.2.1 Canonical views cmr10.329Common ob jects are easier to recognize from certain viewp oin ts, called canonical, than from other, random viewp oin ts. The canonical views phenomenon, originally demonstrated for basic-lev el naming of few ev eryda ob jects 32 ], is found also in sub ordinate-lev el recognition of syn thetic 3D stim uli suc as en tub es 13 or randomly erturb ed smo oth spheroids 14 ]. Imp ortan tly exp erience with syn thetic ob jects sho ws that the existence of canonical views is not predicated on preferen tial prior exp osure of the sub ject to these views. While uniform initial exp osure do es not preclude the formation of canonical views, re- eated presen tation of the same stim ulus ev en tually increases the uniformit of resp onse time er di�eren views of the stim ulus. Th us, practice a�ects the resp onse time asp ect of the canonical views phenomenon: after only few trials, the di�erences in resp onse time et een canonical and random views diminish signi�can tly ev en in the absence of an feedbac to the sub ject 13 ]. ransition from canonical to non-canonical view of an ob ject do es not merely increase the exp ected recognition time: resp onse latency dep ends on the viewp oin in an orderly fashion, gro wing monotonically with misorien tation relativ to the nearest canonical view 44 13 ]. This dep endency of resp onse time on misorien tation disapp ears with practice, along with the general eak ening of canonical views e�ects. cmr8.300cmr6.300cmr9.300Except when the geon structure of the ob ject is not readily apparen t, e.g., due to foreshortening; see ], p.140�. cmr6.300cmr9.300or details regarding this phenomenon and its relationship to classical men tal rotation 42 ], see 17 ]. cmr10.329comp ensation from the rest of the pro cess of recognition. According to this approac h, features serving as the substrate of recognition are �rst extracted from the image. The lo cation of some of these features in the image is ell-de�ned, and carries information ab out the viewp oin t. Suc features are then used to comp ensate for the ariabilit of the ob ject’s app earance due to oten tially unfamiliar viewp oin t. This step is esp ecially imp ortan in sub ordinate-lev el recognition, where shap details matter the most. The comp ensation pro cess is implicit cmr8.300cmr10.329and relies on in terp olation among sev eral stored views 17 34 ]. the basic lev el, where the need for precise shap matc hing is less sev ere, relativ ely in arian features can used. cmr8.300cmbx10.432Discussion cmr10.329assess the viabilit of the prop osed feature-based approac h, and to iden tify ma jor problems that remain op en, shall no discuss sev eral exp erimen tal and computational asp ects of basic and sub ordinate-lev el recognition. The discussion starts with the psyc hoph ysics, pro ceeds to men tion recen theories of recognition, and concludes with haracterization of some ossible yp es of comp ound features, whic pla cen tral role in the prop osed mo del. cmbx10.3603.1 Psyc hoph ysics of basic-lev el recognition cmr10.329According to Biederman ], at the basic lev el ob jects can recognized rapidly when view ed from most no el orien tations, under mo derate lev els of visual noise, when partially ccluded, and when they are new exemplars of category Man of exp erimen ts studying basic-lev el recognition in the recen ears ha een inspired theory called recognition comp o- nen ts (RBC), whic as adv anced Biederman as an accoun of the ab phenomena. cmbx10.3293.1.1 Recognition comp onen ts cmr10.329Within the RBC framew ork, the �rst stage of recognition is the extraction of luminance, texture and color edges from the image, whic e�ectiv ely pro vides line dra wing description of the ob ject. Next, these are group ed in to (pro jections of olumetric comp onen ts, using constrain ts pro vided cmti10.329 nonac cidental cmr10.329 prop erties 29 of the arrangemen of edges in the image. the same time, comp onen ts constituting an ob ject are separated from eac other (using heuristics suc as the transv ersalit principle 21 ]) and are classi�ed in terms of small set of olumetric primitiv es or cmti10.329 ge ons cmr10.329

Finally description including the list of geons and their relativ disp osition in space is matc hed to memory Tw cen tral asp ects of the RBC theory are brie y discussed elo w. cmbx10.3293.1.2 Nonacciden tal prop erties cmr10.329Certain prop erties of edges in 2D image can relativ ely safely in terpreted in terms of similar prop erties of the corresp onding 3D edges in the orld, due to the lo probabilit of their emergence acciden of viewp oin t. Suc nonacciden tal prop erties include collinearit cmr6.300cmr9.300As opp osed to the explicit normalization in the alignmen sc heme (see section 3.5.1 47 ]), whic also separates viewp oin comp ensation from ob ject iden tit determination, and relies on image lo cations of ey features to do that. cmr6.300cmr9.300Main candidates for these are the 3D shap primitiv es or geons suggested Biederman ([ ]; see sec- tion 3.1.1). These can regarded as complex 2D features: since the information su�cien for geon detection is presen in the image ([ p.395), there is no need to ostulate the existence of olumetric ob ject-cen tered represen tations er and ab the 2D image-based ones. cmr10.329Figure 1: generic recognition sc heme that relies on ariet of oten tially useful features of di�eren yp es. Simple features suc as corners con ey information mainly through their lo cations in the image, whic h, ho ev er, are ound to ary with viewp oin t. This ariation can largely comp ensated for view in terp olation 34 17 ]. Other, nonacciden tal features (see ]), are relativ ely in arian with resp ect to viewp oin t. Spatial relationships among suc features ma carry information su�cien for basic-lev el categorization. Di�use features suc as distinctiv coloration can also useful in certain cases 50 ]. According to the prop osed sc heme, ob ject-sp eci�c recognition mo dules are learned at need from examples 34 17 ]. New features that ma disco ered during learning (see section 3.7) are added to the system’s rep ertoire. cmr10.329Instead, information su�cien for recognition can found in the 2D image lo cations of ob ject cmti10.329fe atur es cmr10.329

The hoice of features and their complexit ma ary et een ob jects. or example, pineapple can recognized its haracteristic pattern of spin scales. The main feature in this case is textural and is distributed er the ob ject’s surface. In comparison, the relev an features of ean ut are oth its texture and haracteristic outline (in line dra wing, round ean ut can confused with golf ball). Finally road ehicle can recognized as suc the presence of wheels (eac of whic ma considered complex feature), but for the dra wing of ehicle to classi�ed, e.g., as car, simple additional features suc as con tour elemen ts and corners ust appropriately situated in the image (presumably in the vicinit of the lo cations of corresp onding features in the image of protot ypical car). The rest of this section describ es generic recognition sc heme based on the idea of hierarc of image features. cmbx10.3602.1 The prop osed sc heme cmr10.329The prop osed sc heme, outlined in Figure 1, learns to recognize new ob jects constructing and storing their represen tations in terms of the curren feature set. The �rst stage of pro- cessing oth in learning and in subsequen recognition is feature extraction. small sample of features extracted at this stage includes con tour elemen ts and ev en ts (corners, in ections, terminations), and color and texture lab els, as ell as cmti10.329 omp ound cmr10.329 features recurring com bi- nations of simple features pro en useful previous exp erience (as an example here, consider the elliptical blob or \wheel" feature in ehicle recognition). Only few of the oten tially man features detected in the �rst stage are in olv ed in the recognition of an giv en ob ject. The relev ance of feature for the recognition of an ob ject is determined its diagnosticit Th us, in basic-lev el recognition, go feature is one that distinguishes the ob ject’s category from other basic categories, while on sub ordinate lev el distinction is sough et een similar mem ers of the same category 27 ]. Once the relev an features of an ob ject are iden ti�ed, the system syn thesizes recognizer for the ob ject, essen tially storing the pattern of activities of the hosen feature detectors ([ 17 ]; for bac kground, see, e.g., ]). Generalization to other views of the same ob ject or to other mem ers of the same basic category is ac hiev ed in terp olating among patterns corresp onding to sev eral di�eren stored instances 34 ]. This in terp olation can carried out, e.g., regularization net orks 36 ]. The adv an tages of using this metho include natural distributed implemen tation net ork of \receptiv �elds", and the ossibilit of in tegrating ariet of feature yp es within the same in terp olation mec hanism 15 ]. cmbx10.3602.2 Relationship to existing sc hemes cmr10.329The prop osed framew ork is only lo osely related to the \classical" feature-based approac to recognition (see, e.g., 12 ]), whic purp orts to represen ob jects ectors of feature alues in suc manner that di�eren ersions (sa views) of the same ob ject are clustered together in the ultidimensional feature space, while di�eren ob jects alw ys pro duce distinct clusters. Theories of recognition based on abstract feature spaces ere gradually displaced in psyc hology structuralist ones (e.g., ]) when the di�cult of �nding abstract features that com bined viewp oin in ariance with diagnosticit ecame clear (see the discussion in 47 ]). The recognition sc heme outlined in Figure circum en ts this di�cult cmti10.329 cmr10.329 main taining large ol of div erse features, in whic in ariance and diagnosticit are traded o� for one another rather than com bined, and ii cmr10.329 cmti10.329 separating the mec hanism resp onsible for viewp oin cmr10.518eatures of recognition cmr10.329Shimon Edelman Departmen of Applied Mathematics and Computer Science The eizmann Institute of Science Reho ot 76100, Israel edelman@wisdom.w eizmann.ac.il cmbx10.300Abstract cmr10.300The notion of features of recognition, of arying complexities and ossessing di�eren degrees of spatial lo calization, o�ers uni�ed approac to the understanding of ob ject recognition in uman vision. According to this approac h, the visual system syn thesizes feature-based recognition mo dule for giv en ob ject when it is �rst encoun tered (cf. 22 35 ]; the feasibilit of suc syn thesis in 3D ob ject recognition as demonstrated in 34 17 ]). The details of the syn thesized mo dule, suc as the yp es of features it relies up on and the computations applied to the features, dep end on the kind of the ob ject and on the required lev el of recognition. Suc exibilit ma explain oth the e�ciency and sp eed of recognition in uman vision (recognition of eac ob ject ma in olv only few hosen features, com bined in an optimal fashion), and its ersatilit (whic ma due to an extensiv rep ertoire of ailable features). cmbx10.432In tro duction cmr10.329The outcome of the pro cess of visual recognition is routinely in uenced the de�nition of the task and the exp ertise of the recognizer. Th us, for example, feathered ob ject erc hed on tree branc can erceiv ed as bird, in whic case the act of recognition ma etter describ ed as classi�cation and is said to happ en on basic category lev el 40 ]. The same ob ject, under di�eren circumstances, can seen as robin, ja or an instance of some other category sub ordinate to that of cmss10.329 bird cmr10.329

Exp erimen tal study of uman ob ject recognition at these lev els of categorization re- eals di�erences, whic h, at the �rst glance, app ear di�cult to reconcile, and whic ha prompted the dev elopmen of div erging theoretical accoun ts of recognition. On one hand, recen tly demonstrated viewp oin dep endency of sub ordinate-lev el recognition is consisten with theories that hold that the visual system represen ts three-dimensional ob jects storing sev eral of their o-dimensional views ([ 38 44 13 17 ]; see also 32 ]). Dev elopmen ts in computa- tional vision (sp eci�cally new approac hes to mo del-based recognition 48 34 15 ]) supp ort suc ossibilit On the other hand, psyc hoph ysical �ndings on basic-lev el recognition seem to oin to ards the represen tation of ob ject protot yp es collections of olumetric primitiv es or comp onen ts ]. Do es the visual system rely on distinct sets of represen tations and pro cesses for sub ordinate and basic lev els of recognition? In the rest of this pap er outline uni�ed accoun of uman erformance at oth lev els, based on the notion of features of recognition. cmbx10.432eatures of recognition cmr10.329The cen tral tenet of the prop osed accoun is that recognition normally requires neither 3D reconstruction of the stim ulus, nor the main tenance of library of 3D mo dels of ob jects 16 ].