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Abstract.  Modelsof object recognition in cortex have sofar beenmostly
applied to tasks involving the recognition of isolated objects preserted
on blank backgrounds. However, ultimately models of the visual system
have to prove themselvesin real world object recognition tasks. Here we
took a rst stepin this direction: We investigated the performance of the
hmax model of object recognition in cortex recertly preserted by Riesen-
huber & Poggio [1, 2] on the task of face detection using natural images.
We found that the standard version of hmax performs rather poorly on
this task, due to the low specicit y of the hardwired feature set of C2
units in the model (corresponding to neuronsin intermediate visual area
V4) that do not show any particular tuning for facesvs. background. We
show how visual features of intermediate complexity can be learned in
hmax using a simple learning rule. Using this rule, hmax outperforms a
classicalmachine vision face detection system preserted in the literature.

This suggestsan important role for the set of features in intermediate
visual areasin object recognition.

1 Intro duction

Object recognition in the macaquehas mostly beenexplored using idealized dis-
plays consistingof individual (or at most two) objects on blank badkgrounds, and
various models of object recognition in cortex have been proposedto interpret
the data from these studies (for a review, see[1]). Howewer, ultimately models
of the visual system have to prove themsehesin real world object recognition
settings, where scenesusually contain seweral objects, varying in illumination,

viewpoint, position and scale,on a cluttered badkground. It is thus highly inter-
esting to investigate how existing models of object recognition in cortex perform
on real-world object recognition tasks.

A particularly well-studied example of such a task in the machine vision lit-
erature is face detection. We tested the hmax model of object recognition in
cortex [1] on a face detection task with a subsetof a standard database previ-
ously usedin [3]. We found that the standard hmax model failed to generalize
to cluttered facesand faceswith untrained illuminations, leading to poor de-
tection performance. We therefore extend the original model and propose an
algorithm, described in section 2, for learning object class-sgci ¢ visual fea-
tures of intermediate complexity. In section 3, we investigate the impact of the
learned object-speci ¢ feature set on the model's performancefor a face detec-
tion task. In particular, we trained and tested the same classi er (a Support



Vector Machine) on the two sets of outputs collected with the dierent feature
sets(i. e., the standard hmax featuresvs. the new learned object class-sgci ¢
features). As a benchmark, we added performancesof a classicalmachine vision
face detection system similar to [4].

2 Metho ds

2.1 HMAX

The model is an hierarchical extension of the classicalparadigm [5] of building
complex cells from simple cells. The circuitry consistsof a hierarchy of layers
leading to greater speci cit y and greater invariance by using two di erent types
of pooling mechanisms.\S" units perform a linear template match operation to
build more complexfeaturesfrom simple ones,while \C" units perform a nonlin-
ear max pooling operation over units tuned to the samefeature but at di erent
positions and scalesto increaseresponse invariance to translation and scaling
while maintaining feature speci cit y [2]. Interestingly, the prediction that some
neurons at di erent levels along the ventral stream perform a max operation
has recertly beensupported at the level of complex cells in cat striate cortex
(Lampl, 1., Riesenhuber, M., Poggio, T., and Ferster, D., Sac. Neurosci. Abs,
2001) and at the level of V4 neuronsin the macaque[6].

Input patterns are rst Itered through a corntinuouslayer S1 of overlapping
simple cell-like receptive elds (rst derivative of gaussians)of di erent scales
and orientations. Limited position and size invariance, for ead orientation, is
obtained in the subsequen C1 layer through a local non-linear max operation
over neighboring (in both spaceand scale) S1 cells. Response of C1 cells to
typical faceand badground stimuli are shown in Fig. 1. Featuresof intermediate
complexity are obtained in the next level (S2) by combining the responseof 2 2
arrangemers of C1 cells (for all possiblecombinations, giving 4* = 256di erent
features), followed by a max over the whole visual eld in the next layer, C2,
the nal pooling layer in the standard versionof hmax [1]. An arbitrary object's
shape is thus encaded by an activation pattern over the 256 C2 units.

Fig. 1. Typical stimuli and assaiated responsesof the C1 complex cells (4 orienta-
tions). The orientation of the ellipses matches the orientation of the cells and inten-
sities encode response strength. For simplicity, only the response at one scale (std
2.75{3.75 pixels, 6 6 pooling range) is displayed. Note that an individual C1 cell is
not particularly selective either to face or to non-face stimuli.



2.2 Classication Stage

We wish to comparethe impact of two di erent represenations on hmax's per-
formance on a bencdhmark face detection task: (i) the represenation given by
hardwired features from the standard hmax, and (ii) the represenation given
by the new learned object class-sgeci ¢ features. A standard technique in ma-
chine vision to compare feature spacesis to train and test a given classi er on
the data sets produced by projecting the data into the di erent represertation
spaces.lt is still unclear how categorization tasks are learned in cortex [7] (but
seethe accomparying BMCV paper by Knoblich et al. ). We here use a Sup-
port Vector Machine [8] (svm) classi er, a learning technique that has been
usedsuccessfullyin recent machine vision systems[4, 3]. It is important to note
that this classi er was not chosenfor its biological plausibility, but rather as
an establishedclassi cation badck-end that allows us to compare the quality of
the di erent feature setsfor the detection task independen of the classi cation
technique.

2.3 Face Detection Task

Each system (i. e., standard hmax, hmax with feature learning, and the \Al"
system(seebelow)) wastrained on a reduceddata set similar to [3] consisting of
200 synthetic frontal faceimagesgeneratedfrom 3D head models [9] and 1,000
non-faceimage patterns randomly extracted from larger badground images.Af-
ter training, we tested ead systemon a test set of 1,300 face images(denoted
\all faces"in the following) corntaining: (i) 900 \cluttered faces" and (ii) 400
\dicult faces". The \cluttered faces"were generatedfrom 3D head models [9]
that weredi erent from training but were synthesizedunder similar illumination
conditions. The \di cult faces"werereal frontal facespresering untrained ex-
treme illumination conditions. The negative test set consistedof 1,845di cult
badkground images. Examples for ead set are given in Fig. 2.

Fig. 2. Typical stimuli usedin our experiments. From left to right: Training facesand
non-faces,\cluttered (test) faces",\dicult (test) faces" and test non-faces.

! Both 400dicult frontal facesand background imageswere extracted from the larger
test setusedin [3]. Background patterns were previously selectedby a low-resolution
classi er as most similar to faces.



2.4 Feature Learning

The goal of the feature learning algorithm was to obtain a set of object class-
speci ¢ features. Fig. 3 shows how new S2 features are created from C1 inputs

in the feature learning version of hmax: Given a certain patch size p, a feature
correspondsto ap p 4 pattern of C1 activation w, where the last 4 comes
from the four di erent preferred orientations of C1 units usedin our simulations.
The preciselearned featuresor prototypesu (the number of which was another
parameter, n) were obtained by performing vector quartization (VQ, using the
k-meansalgorithm) over randomly chosenpatchesof sizep p 4 of C1activation

obtained from extraction at random position over 200 faceimages(also usedin

training the classi er). Choosing m patches per face image therefore leaded to
M = 200 m total patchesfor training. In all simulations, p varied between
2 and 20, n varied between 4 and 3,000, m varied between 1 and 750 and M

varied between 200 and 150,000.S2 units behave like gaussianrbf -units and
compute a function of the squared distance betweenan input pattern and the

stored prototype: f (x) = exp ”’(z—i”z with  chosento normalize the value
of all featuresover the training set between0 and 1.

2.5 The \AlI" (Mac hine Vision) System

As a bencdhmark we added performancesof a classicalmachine vision face detec-
tion systemsimilar to [4]. Detection of a face was performed by scanninginput

imagesat di erent scalesby useof a searty window. At eat scaleand for eat

position of the window, gray valueswere extracted and pre-processedasin [4] to

feeda second-degre@olynomial svm.? All systems(i. e., standard hmax, hmax

with feature learning, and the \AI" system)weretrained and tested on the same
data sets (seesection 2.3).

3 Results

3.1 Performance of Standard HMAX

As evidert from Fig. 4, performanceof the standard hmax systemon the facede-
tection task is pretty much at chance:The systemdidn't generalizewell to faces
with similar illumination conditions but setinto badkground (\cluttered faces")
or to faceswith lessclutter (indoor scenes)yand untrained illumination conditions
(\dicult faces"). This indicates that the object class-unsgeci c dictionary of
featuresin standard hmax isinsu cien t to perform robust facedetection. This is
easily understood, asthe 256 featurescannot be expectedto show any speci cit y
for facesvs. badkground patterns. In particular, for a speci c image containing
a faceon a badkground pattern, the activity of C2 model units (which pool over
S2units tuned to the samefeature but having di erent receptive eld locations)
will for someC2 units be due to image patches belonging to the face. But, for
other S2/C2 features,a part of the background might causea stronger activation
than any part of the face, thus interfering with the responsethat would have
been causedby the face alone. This interference leads to poor generalization
performances,as borne out in Fig. 4.

2 Using a linear svm yielded comparable detection performance.
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Fig. 3. Sketch of the hmax model with feature learning: Patterns on the model \retina"
are rst ltered through a continuous layer S1 (simplied on the sketch) of overlap-
ping simple cell-like receptive elds (rst derivative of gaussians)at dierent scales
and orientations. Neighboring S1 cells in turn are pooled by C1 cells through a max
operation. The next S2layer contains the rbf -like units that are tuned to object-parts
and compute a function of the distance betweenthe input units and the stored proto-
types(p = 4in the example). On top of the system, C2 cells perform a max operation
over the whole visual eld and provide the nal encading of the stimulus, constituting
the input to the svm classi er. The di erence to standard hmax lies in the connectiv-
ity from C1! S2 layer: While in standard hmax, these connections are hardwired to
produce 256 2 2 combinations of C1 inputs, they are now learned from the data.
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3.2 Feature Learning

As Fig. 5 makesclear, the challengeis to learn a set of featuresin the S2 layer
that reliably permits the system to detect image patches belonging to a face
and not be confusedby non-face patterns, even though objects from the two
classesxcan causevery similar activations on the C1 level (Fig. 1). In general,the
learned features already show a high degreeof speci cit y for facesand are not
confusedby simultaneously appearing badkgrounds. They thus appearto oer a
much more robust represenation than the featuresin standard hmax.

Using the learned face-speci ¢ features leads to a tremendously improved
performance (Fig. 4), even outperforming the \AI" system. This demonstrates
that the new features reliably respond to face componerts with high accuracy
without being confusedby non-facebadkgrounds.

3.3 Parameter Dep endence

The results in Fig. 4 were obtained with a dictionary of n = 480, m = 120 and
p = 5 features. This choice of parameters provided the best results. Fig. 6 (bot-
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tom) shows the dependenceof the model's performanceon patch sizep and the
percertage of face area covered by the features (the areataken up by one fea-
ture p? times the number of patches extracted per facesm divided by the area
covered by oneface). As the percertage of the face area covered by the features
increasesthe overlap betweenfeaturesshould in principle increasesFeaturesof
intermediate sizeswork best®: First, comparedwith large features,they probably
have more exibilit y in matching a greater number of faces.Second,compared
to smaller featuresthey are probably more selective to faces.Thoseresults are in
good agreemem with [10] where gray-value features of intermediate sizeswhere
shown to have higher mutual information. Similarly, performanceas a function
of the number of featuresn show rst arise with increasingnumbers of features
due to the increaseddiscriminatory power of the feature dictionary. However,
with large features, over tting may occur. Fig. 6 (top) shows performancesfor
p= 2;5;7;10;15;20 and n = 100.

4 Discussion

In this paper, we have applied a model of object recognition in cortex to a real-
world object recognition task, the detection of facesin natural images. While
hmax hasbeenshown to capture the shapetuning and invariance propertiesfrom
physiological experiments, we found that it performed very poorly on the face

35 5and7 7 featuresfor which performancesare best correspond to cells' receptive
eld of about a third of a face.



Fig. 6. Investigating
protot ypes tuning
properties. Top: Per-
formances (roc area)
with respect to the
number of learned
featuresn (xed p=5
and m = 100). Per-
formances increase
with the number of
learned features to a
certain level and larger
patches start overt.
Bottom: features over-
lap (or equivalently
% of the face area
covered): overlapping
intermediate  features
perform  best. Best
performances were
obtained with p = 5,
n = 480, m = 120.

detection task. Becausevisual featuresof intermediate complexity in hmax were
initially hardwired, they failed to shawv any speci cit y for facesvs. badkground
patterns. In particular, for an image corntaining a faceon a badkground pattern,
the activity of some(C2) top units could be due to image parts belongingto the
face.For others, a part of the background could elicit a stronger activation than
any part of the face thus interfering with the responsethat would have been
causedby the facealone. This led to poor generalization performance.

Extending the original model, we proposed a biologically plausible feature
learning algorithm and we showed that the new model was able to outperform
standard hmax as well as a benchmark classicalface detection system similar
to [4]. Learned features therefore appear to o er a much more robust represen-
tation than the non-speci ¢ featuresin standard hmax and could thus play a
crucial role in the represeniation of objects in cortex.

Interestingly, we showed that features that were chosen independertly of
any task (i. e., independertly of their ability to discriminate between face and
non-facestimuli or between-clasgdiscrimination) produced a powerful encading
scheme.This is compatible with our recert theory of object recognition in cortex
[2]in which a general,i.e., task-independen object represeniation providesinput
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to task-specic circuits. We would expect the same features to be useful for
recognition tasks at di erent levels (i.e., identi cation), possibly with dierent
weights, and we intend to explore these questionsfurther.

Our proposedmechanismsfor learning object-speci ¢ featuresis partially su-
pervisedsincefeaturesare only extracted from the target object class.Howewer,
preliminary results using unsupervisedlearning (n = 200features,p = 5, learned
from 10,000face parts and 10,000 non-face parts) have produced encouraging
results. As Fig. 7 makesclear, a systemusing the featureslearnedwith k-means
over face and non-face stimuli performs slightly worse than the systemsusing
featuresextracted from face parts only. However, weedingout non-selectiwe fea-
tures by keepingonly the 100 most discriminant features (as given by their r oc
value) is enoughto bring the system at a higher level. It is worth emphasiz-
ing that selecting features basedon their mutual information produced similar
results. We are currently exploring how this feature selectioncan be donein a
biologically plausible way.

Modelling the biological medanismsby which neuronsacquire tuning prop-
ertiesin cortical areaswasnot the scope of the presen paper. Rather, we focused
on the type of computation performed by cortical neurons. We proposeda 2-
step learning stage where an object represettation is rst learned and then a
strategy is selected.For simplicity, we chosethe (non-biological) k-meansalgo-
rithm to learn featuresthat provide a suitable represenation independertly of
any task. While it is unlikely that the cortex performs k-meansclustering, there
are more plausible models of cortical self-organizationthat perform very simi-
lar operations in a biologically more plausible architecture. It should be easyto
replace with a more biologically plausible linear classi er the svm classi er we
have usedhere, while accourting well for the sharp classboundary exhibited by
somecategory-sgeci ¢ neuronsin prefrontal cortex [7].
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