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Abstract

Nearest-neigh b or correlation-based similarit y computation in the

space of outputs of complex-t yp e receptiv e �elds can supp ort ro-

bust recognition of 3D ob jects. Our exp erimen ts with four collec-

tions of ob jects resulted in mean recognition rates b et w een 84%

(for sub ordinate-lev el discrimination among 15 quadrup ed animal

shap es) and 94% (for basic-lev el recognition of 20 ev eryda y ob-

jects), o v er a 40

�

� 40

�

range of viewp oin ts, cen tered on a stored

canonical view and related to it b y rotations in depth. This result

has in teresting implications for the design of a fron t end to an ar-

ti�cial ob ject recognition system, and for the understanding of the

facult y of ob ject recognition in primate vision.

1 INTR ODUCTION

Orien tation-selectiv e receptiv e �elds (RFs) patterned after those found in the mam-

malian primary visual cortex (V1) are emplo y ed b y a gro wing n um b er of connec-

tionist approac hes to mac hine vision (for a review, see Edelman, 1997). Despite

the success of RF-based systems in tasks ranging from bino cular stereopsis to ob-

ject recognition, they ha v e b een declared inheren tly incapable of replicating the

seemingly univ ersal h uman abilit y to generalize recognition from a single example

view, across transformations suc h as translation, scaling, and rotation of the ob ject

(Fiser et al., 1997). Although recen t psyc hoph ysical researc h rev ealed imp ortan t

limitations to the capacit y of human vision for in v arian t recognition (B • ultho� and

Edelman, 1992; T arr et al., 1997), a large part of the problem | ho w to ac hiev e



ev en appro ximately in v arian t recognition without in v oking biologically con tro v er-

sial mec hanisms suc h as shifter circuits or activ e alignmen t | still remains. Here,

w e explore a relativ ely neglected approac h to this problem, grounded in a classical

functional mo del of cortical neurobiology (Hub el and Wiesel, 1962).
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Figure 1: A sc hematic diagram of the formation of a complex-t yp e resp onse (the

bioph ysics and the actual wiring is m uc h more complicated; see, e.g., (Ghose et al.,

1994)). The complex cell selectiv e to a giv en orien tation in tegrates the orien ted

energy (computed from a phase-quadrature pair of simple-cell resp onses) o v er its

receptiv e �eld.

Mo dels that mimic the primary visual cortex t ypically use as their main building

blo c k RFs resem bling those of the simple cells (Rolls, 1996; Bricolo et al., 1996),

whose resp onse pro�les can b e appro ximated b y pro ducts of Gaussian windo ws

with sine gratings of v arying phase and orien tation. Because of their small size,

simple-cell RFs o�er v ery little tolerance to ob ject transformations that cause image

features to c hange their lo cation relativ e to the RF arra y . The simple cells, ho w ev er,

are only a small fraction of the p opulation of orien tation-selectiv e cells in V1. The

ma jorit y of cells, whic h com bine orien tation tuning with insensitivit y to p osition

within RFs that are sev eral times larger than those of simple cells, ha v e b een termed

complex (Hub el and Wiesel, 1962). In the past, attempts ha v e b een made to build

a mo del of in v arian t recognition around Hub el and Wiesel's simple to complex

hierarc h y (F ukushima, 1988). Because of the recen t mo di�cations to the classical

view of the complex RF (Heeger, 1992), and b ecause of their utilit y in mo deling

stereopsis (Qian and Zh u, 1997), w e decided to explore the degree of in v ariance

whic h can b e imparted b y a complex-t yp e represen tation, confron ted with a v ariet y

of realistically detailed shaded 3D ob jects.

2 A REPRESENT A TION BASED ON COMPLEX CELLS

2.1 BASIC APPR O A CH

A complex cell resp onds to a prop erly orien ted line segmen t lo cated an ywhere within

its RF (cf. Figure 1). Consequen tly , a represen tation based on resp onses of complex

cells is immedia tely in v arian t to translation that lea v es eac h piece of con tour under

the same RF at all times (this quali�cation will b e reconsidered in the next section).

Moreo v er, rotating the con tour in depth should also b e tolerated, if the rotation is

not to o large (b ecause of self-o cclusion, large rotations cannot b e handled b y a

brute-force in v ariance mec hanism, and m ust b e treated on an asp ect b y asp ect

basis). In this case, the di�eren tial displacemen t of v arious segmen ts relativ e to

eac h other, due to their arrangemen t in depth, is absorb ed b y the complex RF

mec hanism (the same reasoning applies to mo derate c hanges of ob ject size).

The simplest w a y to use RF-based represen tations is to store \snapshots" of the

RF space corresp onding to images of v arious reference ob jects, and to judge the

iden tit y of a new image based on its similarit y to eac h of the stored ones. The basic
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Figure 2: L eft: The computation of similarit y b et w een t w o \snapshots" of complex-

cell resp onses (or, for that matter, of an y t w o arra ys of RF activities) is confounded

b y the e�ect of slippage of con tours b et w een frames 1 and 2 with resp ect to the

b oundaries of individual cells in the sensory arra y . This e�ect cannot b e coun-

tered merely b y using partially o v erlapping RFs: some con tours will alw a ys cross

from one RF to another, in tro ducing noise in to the \default" elemen t wise similarit y

computation, based on the l

2

norm. R ight: If the similarit y measure do wnpla ys

the con tribution of RFs whic h, in at least one of the t w o images, resp ond w eakly

b ecause of con tour slippage (cases A and B ), the system can b e made to b eha v e

m uc h more robustly . A natural similarit y measure, then, is the c orr elation b et w een

the t w o RF activit y v ectors (see section 2.2).

op eration here is the computation of distance b et w een t w o v ectors of RF resp onses.

In the ideal case (see Figure 2, left), this distance will b e zero ev en for somewhat

di�eren t views of the same ob ject.

2.2 CORRELA TION-BASED SIMILARITY

Suc h ideal in v ariance can only b e attained if the shift of eac h con tour, due to the

particular com bination of transformations of the ob ject relativ e to the reference

p ose, do es not exceed the RF size. Imp ortan tly , this assumption can b e relaxed,

b y considering separately the di�eren t scenarios that ma y o ccur in practice (see

Figure 2, righ t). In case A , a con tour is presen t within the RF in image 1, but

not in image 2; in case B , the situation is rev ersed. In case C , in comparison, the

con tour do es not lea v e the con�nes of the RF. Clearly , if cases lik e C are giv en a

larger w eigh t in the determination of the similarit y b et w een the t w o images, the

problem of con tours slip-sliding a w a y from under their original RFs w ould b e alle-

viated (there w ould still remain the problem of cro wding among nearb y con tours).

F ollo wing this line of reasoning, w e de�ne distance b et w een t w o RF activit y v ectors

as d

cor r

( x ; y ) = 1 � x

T

y =

p

( x

T

x ) ( y

T

y ). In other w ords, w e base similarit y on

correlation, rather than on the Euclidean metric d

E ucl

=

P

i

( x

i

� y

i

)

2

. The hop e

here is that cases A and B will in terfere less with d

cor r

than with d

E ucl

, b ecause of

the normalization of v ector lengths in the computation of the former (normalization

do wnpla ys the con tribution of v ector comp onen ts that are large in absolute terms,

but small relativ e to the other comp onen ts of the same v ector).

1

As w e shall see

next, this exp ectation is ful�lled in practice.

1

Although Euclidean distance o v er normalized v ectors is equiv alen t to correlation, the

latter seems to b e preferable on bioph ysical grounds; see (Girosi et al., 1995), p.249.



Figure 3: T est ob jects. T op left: 20 ob jects, some courtesy of SGI, Inc., others

c hosen at random from a commercially a v ailable collection (Viewp oin t Datalabs,

Inc.). T op right: 12 geon trees (courtesy of Mic hael J. T arr, Bro wn Univ ersit y).

Bottom left: 20 \pap er-clip" ob jects, similar to those of (B • ultho� and Edelman,

1992). Bottom right: 15 four-legged animal shap es, from the Viewp oin t database.

3 TESTING THE REPRESENT A TION

The particular mo del of complex-cell RF that w e ha v e implemen ted and tested is

based on the orien ted energy approac h describ ed, e.g., in (Spitzer and Ho c hstein,

1988). More recen tly , that mo del has b een mo di�ed to include an additional nonlin-

earit y in the form of cross-orien tation inhibition (Heeger, 1992), according to whic h

cells tuned to di�eren t orien tations are made to inhibit eac h other. A successful

application of this mo del to stereopsis is describ ed in (Qian and Zh u, 1997). The

main parameters of our implem en tation are as follo ws: simple cell size, 8 pixels;

complex cell size, 16 pixels; o v erlap factor, � 4; n um b er of orien tations, 4 (this re-

sulted in a 3364-dimensional represen tation space, with 29 � 29 = 841 complex cells

at eac h orien tation). Do wn-scaling the sizes b y a factor of 2 had little e�ect on the

p erformance; main taining an o v erlap factor of 4 pro v ed, ho w ev er, imp ortan t.

Ob jects on whic h the mo del w as tested (Figure 3) had b een rendered, realistically

shaded, at 25 orien tations, spaced at 10

�

and forming a 40 � 40

�

grid cen tered on

a canonical view of eac h ob ject (for the quadrup eds, this w as tak en to b e sligh tly

to the side and ab o v e the head of the animal; for the other ob jects, a random view
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Figure 4: Recognition p erformance. T op left: div erse ob jects. Mean correct

recognition rate (CR) = 94% (CR without cross-orien tation inhibition in com-

plex cells: 93%; CR using simple cells only: 35%; CR using Euclidean distance

in non-normalized complex-cell space: 17%). T esting the mo del on com binations of

horizon tal image-plane translation ( � 16 pixels, or ab out 1/5 the size of the ob jects;

in biological vision, in v ariance o v er m uc h larger translations is common) and rota-

tion in depth around the v ertical axis ( � 20

�

) resulted in CR = 85% (note that the

e�ects of these t w o transformations comp ound eac h other). T op right: geon trees.

Mean CR = 95%. Bottom left: pap er-clip ob jects. Mean CR = 92%. Bottom right:

four-legged animals. Mean CR = 84%.

w as pic k ed). Image resolution w as 256 � 256 pixels, 8-bit gra y-scale; the ob jects

t ypically o ccupied the cen tral third of the frame. In eac h of the four exp erimen ts,

the single reference view p er ob ject w as pip ed through the mo del, and the complex

cell outputs w ere stored, and subsequen tly used in a nearest-neigh b or recognition

sc heme. This simple sc heme resulted in an a v erage recognition rate of 92% o v er

four exp erimen ts. Both the use of complex cells and the divisiv e normalization of

their resp onses (inheren t in the correlation-based similarit y measure) pro v ed crucial:

con trol exp erimen ts using simple cells only or non-normalized Euclidean distance

resulted in resp ectiv e recognition rates of 35% and 17% (see Figure 4).

4 DISCUSSION

The degree of in v ariance to rotation in depth that w e found for general ob jects is

comparable to that exhibited b y h uman sub jects in naming and recognition exp er-

imen ts (Biederman, 1987). Because of the di�cult y to con trol for prior exp osure



to suc h ob jects, a more informativ e comparison is the one in v olving the geon trees;

these constituted no v el stim uli b oth for our mo del, and for the sub jects of (T arr

et al., 1997). The mo del's 95% recognition rate for those ob jects indicates, there-

fore, that m uc h of the in v ariance in basic-lev el ob ject recognition b y h umans ma y

b e attained already at the lev el of complex-lik e cells; the addition of higher-lev el

pro cessing suc h as con tour grouping and nonacciden tal feature detection should lead

to the dev elopmen t of ev en more robust mo dels.

F or the pap er-clip ob jects, the mo del's p erformance exceeds that of h uman sub-

jects (B • ultho� and Edelman, 1992). This curious �nding suggests that the h uman

p erformance in this case is limited not b y the lac k of in v ariance in the early rep-

resen tations, but rather b y the selectiv e commitm en t of suc h represen tations to

memory; if, for some reason (p ossibly related to the statistics of naturally o ccur-

ring ob jects) the long-term memory is biased against retaining traces of wire-frame

ob jects, suc h ob jects w ould b e di�cult to learn and recognize, ev en though their

early represen tations are quite informativ e.

In the case of the sub ordinate-lev el discrimination (the quadrup ed stim uli), it is

clear that the mo del m ust b e augmen ted b y some additional mec hanisms to attain

h uman-lev el p erformance. Suc h mec hanisms (e.g., class-based pro cessing (Lando

and Edelman, 1995; V etter and P oggio, 1996), or com bination of information across

m ultiple spatial scales) are, ho w ev er, b ey ond the scop e of the presen t pap er.

The one-shot learning p erformance of the presen t mo del compares fa v orably to that

of t w o recen t recognition systems based on storing histograms of receptiv e �eld-lik e

measuremen ts (Mel, 1997; Sc hiele and Cro wley , 1996). Despite its exclusion of

color information and of higher-order features, our mo del p erforms as w ell as the

histogram metho ds, without requiring global p o oling of measuremen ts (whic h cause

the latter to resp ond equally w ell to scram bled images, a trait found in pigeon, but

not in h uman, vision). Moreo v er, this high p erformance is ac hiev ed in conjunction

with a biologically credible represen tation (complex cells) and a similarit y measure

w ell-adapted for neural hardw are (inner pro duct). Th us, the presen t mo del seems

w orth dev eloping further, whether it is compared to recognition sc hemes dev elop ed

in computer vision, or to the theories of biological visual pro cessing. The c hal-

lenges facing suc h a dev elopmen t are (1) b etter dealing with ob jects that are, lik e

quadrup ed animals or h uman faces, highly similar to eac h other, (2) impro ving

in v ariance to translation and scaling, (3) reducing the dimensionalit y of the rep-

resen tation, and (4) tolerating bac kground clutter and o cclusion. Tw o promising

sources of inspiration in this task are empirical studies of the neurobiology of the

recognition subsystem in primates (Logothetis et al., 1995; Rolls, 1996; T anak a,

1996), and theoretical results concerning learning lo w-dimensional ob ject represen-

tations from examples (Edelman and In trator, 1997).
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