To What Extent Can the Recognition of Unfamiliar Faces beAccounted for by the Direct Outputof Simple Cells? Peter Kalocsai, Irving Biederman, and Eric E. CooperUniversity of Southern CaliforniaHedco Neuroscience BuildingLos Angeles, CA 90089-2520e-mail: kalocsai@rana.usc.eduPoster presented May, 1994 at the annual meeting of the Association for Research in Vision andOphthalmology, Sarasota, Florida Sponsored by AFOSR 88-0231 and McDonnell-Pew CognitiveNeuroscience T89-01245-029.The authors wish to express their appreciation to Professor Christoph von der Malsburg for his helpin making the Face Recognition System available and to the significant contributions of Jean-MarcFellous and J�zsef Fiser in this research.

Abstract

Purpose.

What computations are performed by the specialized areas tuned to the identification offaces? One possibility is that these areas transform the outputs of a lattice of hypercolumns ofGabor-like simple cells that characterize the early stages in the ventral pathway so that anintermediate representation which alters the simple cell similarity space is created. This intermediaterepresentation might then be employed for the activation of identity. Another possibility is that theseareas map the outputs of these simple cells without much change onto recognition units, similar to atwo-layer network. The degree to which a two-layer network could account for the effects ofrotational and emotional expression changes on the speed and accuracy of the recognition ofunfamiliar faces was assessed.

Method

. Subjects judged whether a pair of brief (100 msec),masked, sequential presentations of face images were of the same or different individuals. Theimages could differ in orientation in depth (0ß-60ß) and expression (neutral, smiling, surprised). Thesimilarity of each pair of faces was assessed by the Buhmann, Lades, & von der Malsburg’s (1990)two-stage face recognition system. The system develops links between adjacent columns in thelattice so that relations among the filter activation values are coded.

Results

. Both orientation andexpression differences produced highly reliable (and approximately additive) effects on RTs and errorrates. The effects of rotation were highly correlated with the similarity values calculated by themodel, r = -.90. The correlation for the different expressions was lower, r = -.59, but still highlyreliable.

Conclusion

. A metric based on the activation of a lattice of simple cells correlates highlywith real-time human face recognition performance.

Which of the following pairs of faces (left and right) are the same or different individuals?

Simple Cell Similarity Space of Images of facesThe simple cell similarity of the images was determined with the Buhmann, Lange, & vonder Malsburg’s (1990) simple cell (SC) model for face recognition.General Structure of the SC ModelArchitectureThe SC model first convolves each input image with a set of Gabor kernels at five scalesand eight orientations arranged in a 5 x 9 lattice (figure below). The positioning of the lattice overkernels at each node in the lattice is termed a �Gabor jet.� The activation values of the kernels ineach jet along with their positions are stored for each of the images to form a �gallery�. an image isshown in the left hand column, labeled (a) of the figure with faces below.

Input (feat ure) layerO

memo ry) l ay er Stored object representati

Mult idimensionalfeatur o r Matching algorithmThe direction of diffusio

Different orientation-same expression

Experiment 1: Same-Different Judgment ofIdentity of FacesMethodSubjects judged whether two highly similar faces such as those shown above (same sexand age, no hair or clothing or easy features), were the same or different. The faces were viewedbriefly (100 msec) and sequentially (with masks after each image). The two faces could differ inorientation by 0 to 60 deg (from 20 deg left to 40 deg right) and emotional expression (neutral,happy, surprise).

ResultsDifferences in orientation and expression led to increases in reaction times and error ratesin judging that two pictures were of the same individual.Same Responses

�¥¥¥¥0204060500510520530540550560570

Reaction Time (msec)Orientation Differences (degrees)Different ExpressionSame Expression

�¥¥¥¥

1012141618

Error Percentage (%)Orientation Differences (degrees)Same ResponsesSame ExpressionDifferent Expression

Were these effects predictable from the same Gabor jet similarity space? A measure basedon the Gabor jet similarity space correlated .90 with the effect of rotation in depth. Although thecorrelation of differences in emotional expression was lower, .59, differences of emotionalexpression occupied a much smaller range of similarity values than orientation differences whichwould be expected to reduce the magnitude of the correlation. Within this limited range, it isapparent that the slopes of the regression functions, shown below, relating similarity values ofemotional expression differences to RTs and error rates are steeper than those for orientationdifferences. That is, differences in Gabor similarity produced by different emotional expressionshave a considerably larger effect on recognition speed than what would be predicted from the effectof orientation.The similarity of each pair of face images was determined and expressed as a percent of thebest possible match. 0% dissimilarity would be the value for matching identical images. 100%dissimilarity would be the value for matching random images. The datapoints on the graphs fororientation and expression below show the mean values (RTs, error percentages, and dissimilaritymeasures) for all possible combinations of the first and second face being any of three orientationsand any of three expressions.

5005205405605800204060

Reaction Time (msec)Dissimilarity Measure (%)Expression

Orientation Same ResponsesRegression of Reaction Time Against DissimilarityExpression lineslope=2.2 ms/%Orientation lineslope=0.83 ms/%

681012141618200204060

Error Percentage (%)Dissimilarity Measure (%)Expression

Orientation Same ResponsesRegression of Error Rate Against DissimilarityOrientation lineslope=0.14 %/%Expression lineslope=0.75 %/%

Experiment 2: Gender Effects on FaceJudgmentsMethodIn Exp. 1 when the two sequentially presented faces were of different individuals they werealways of the same sex. In Exp. 2, if the two faces were of different individuals, then they were alsoof different genders (figure below). In this way it was possible to test the effect of genderinformation on face recognition.

ResultsThere was virtually no difference in similarity of negative trial stimuli between same gender(Exp. I) and different gender (Exp. II) faces according to the SC model. Yet performance onnegative trials in Exp. II was markedly facilitated for humans (by a 34 msec reduction in RTs and a12.4% drop in error rates) by the introduction of gender difference on those trials.

5005205405605800204060

Reaction Time (msec)Dissimilarity Measure (%)Same Responses

Different ResponsesExp. II Exp. ISame Gender(Exp. I)Different Gender(Exp. II)Effect of Gender and Response Type on Dissimilarity and Reaction Time

0481216200204060

Error Percentage (%)Dissimilarity Measure (%)Same Responses

Different ResponsesExp. IExp. IIDifferent Gender(Exp. II)Same Gender(Exp. I)Effect of Gender and Response Type on Dissimilarity and Error Rate

ConclusionsThe effects of differences in orientation on the recognition of faces can largely be accountedfor in terms of activation of representations based on simple cell similarity space. Thisrepresentation can be well approximated by columns of Gabor-type kernels of multiple scales andorientations at specified locations.The similarity space that can predict most of the variance due to differences in orientation,does not suffice for discrimination of emotional differences and gender. Small differences in thesimple cell similarity space produced by variations in emotional expression or gender havedisproportionaltely large effects on performance.References:Buhmann, J., Lades, M., & von der Malsburg, C. (1990). Size and Distortion Invariant ObjectRecognition by Hierarchical Graph Matching. In International Conference on Neural Networks, (pp.411-416). San Diego.Buhmann, J., Lange, J., von der Malsburg, C., Vorbr�ggen, J. C., & W�rtz, R. P. (1991). ObjectRecognition in the Dynamic Link Architecture: Parallel Implementation of a Transputer Network. InB. Kosko (Eds.), Neural Networks for Signal Processing, (pp. 121-159). Englewood Cliffs, NJ:Prentice Hall.Guilford, J. P. (1956). Fundamental Statistics in Psychology and Education. In McGraw-Hill Seriesin Psychology, McGraw-Hill Book Company, Inc.Lades, M., Vortbr�ggen, J. C., Buhmann, J., Lange, J., von der Malsburg, C., W�rtz, R. P., & Konen,W. (1993). Distortion Invariant Object Recognition in the Dynamic Link Architecture. IEEETransactions on Computers, 42, 300-311.