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Abstract

There is an ongoing debate over the capabilities of hiergath
neural feed-forward architectures for performing reaHdmvari-
ant object recognition. Although a variety of hierarchicabd-
els exists, appropriate supervised and unsupervisedngameth-
ods are still an issue of intense research. We propose aofeedf
ward model for recognition that shares components like kateig
sharing, pooling stages, and competitive nonlinearitidb aarlier
approaches, but focus on new methods for learning optiraife-
detecting cells in intermediate stages of the hierarchesivork.
We show that principles of sparse coding, which were preshou
mostly applied to the initial feature detection stages, &z be
employed to obtain optimized intermediate complex feauk&le
suggest a new approach to optimize the learning of sparterésa
under the constraints of a weight-sharing or convoluticarahi-
tecture that uses pooling operations to achieve graduafiance
in the feature hierarchy. The approach explicitly enforegsme-
try constraints like translation invariance on the featseeé This
leads to a dimension reduction in the search space of optenal
tures and allows to determine more efficiently the basiseisgn-
tatives, that achieve a sparse decomposition of the inpetai-
lyze the quality of the learned feature representation bgstigat-
ing the recognition performance of the resulting hierarahnet-
work on object and face databases. We show that a hierarehy wi
features learned on a single object dataset can also besdpli
face recognition without parameter changes and is conmyaetiith
other recent machine learning recognition approachesnvisfi-
gate the effect of the interplay between sparse coding arteps-
ing nonlinearities we also consider alternative feedfody@ooling
nonlinearities such as presynaptic maximum selection anddaf-
squares integration. The comparison shows that a combmati
strong competitive nonlinearities with sparse codingrsftee best



recognition performance in the difficult scenario of segtagon-
free recognition in cluttered surround. We demonstraté kibéh
for learning and recognition a precise segmentation of tjeots
iS not necessatry.

1 Introduction

The concept of convergent hierarchical coding assumess#ratory process-
ing in the brain is organized in hierarchical stages, whahestage performs
specialized, parallel operations that depend on input feamtier stages. The
convergent hierarchical processing scheme can be employéarm neural
representations which capture increasingly complex featombinations, up
to the so-called “grandmother cell”, that may fire only if @sific object is be-
ing recognized, perhaps even under specific viewing camditi This concept is
also known as the “neuron doctrine” of perception, postdddy Barlow (1972,
1985). The main criticism against this type of hierarchmading is, that it may
lead to a combinatorial explosion of the possibilities vihigust be represented,
due to the large number of combinations of features whiclstitoie a partic-
ular object under different viewing conditions (von der Btairg 1999; Gray
1999).

In the recent years several authors have suggested appsaacivoid such
a combinatorial explosion for achieving invariant recaigm (Fukushima 1980;
Mel & Fiser 2000; Ullman & Soloviev 1999; Riesenhuber & Paggdio99b).
The main idea is to use intermediate stages in a hierarahétalork to achieve
higher degrees of invariance over responses that corrdsjgpothe same ob-
ject, thus reducing the combinatorial complexity effegyv Since the work
of Fukushima, who proposed the Neocognitron as an early huideansla-
tion invariant recognition, two major processing modeshia hierarchy have
been emphasized. Feature-selective neurons are semsipegticular features
which are usually local in nature. Pooling neurons perforspatial integration
over feature-selective neurons which are successivelatad, if an invariance
transformation is applied to the stimulus. As was recenthpleasized by Mel
& Fiser (2000) the combined stages of local feature detectitd spatial pool-
ing face what could be called a stability-selectivity dilma On the one hand
excessive spatial pooling leads to complex feature deteetith a very stable
response under image transformations. On the other haadetéctivity of the
detector is largely reduced, since wide-ranged spatidimmpmay accumulate
too many weak evidences, increasing the chance of accldgpaarance of the
feature. This can also be phrased as an instance of a binddbem, which
occurs if the association of the feature identity with thatsp position is lost
(von der Malsburg 1981). One consequence of this loss oifedétding is the
superposition problem due to the crosstalk of intermedigpeesentations that
are activated by multiple objects in a scene. As has beerdigyRiesenhuber
& Poggio (1999b), hierarchical networks with appropriat®ling can circum-
vent this binding problem by only gradually reducing theigmsment between
features and their position in the visual field. This can lberpreted as keeping
a balance between spatial binding and invariance.

There is substantial experimental evidence in favor of thigon of hier-
archical processing in the brain. Proceeding from the meutioat receive the
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retinal input to neurons in higher visual areas, an increaseceptive field
size and stimulus complexity can be observed. A number oéraxgnts have
also identified neurons responding to object-like stimtidifaka 1993; Tanaka
1996; Logothetis & Pauls 1995) in the IT area. Thorpe, Fizé/l&lot (1996)
showed that for a simple recognition task already after Ib@nsignificant
change in event-related potentials can be observed in hsuigects. Since
this short time is in the range of the latency of the spike aigransmission
from the retina over visual areas V1, V2, V4 to IT, this can bierpreted as
a predominance of feedforward processing for certain regdgnition tasks.
To allow this rapid processing, the usage of a neural latendg has been pro-
posed. Thorpe & Gautrais (1997) suggested a representsged on the rank-
ing between features due to the temporal order of transingekes. Korner,
Gewaltig, Korner, Richter, & Rodemann (1999) proposedd&éctional model
for cortical processing, where an initial hypothesis on gtimulus is facili-
tated through a latency encoding in relation to an oscifjateference frame.
In subsequent processing cycles this coarse hypothegsfingd by top-down
feedback. Rodemann & Koérner (2001) showed how the modebeaapplied
to the invariant recognition of a set of artificial stimuli.

Despite its conceptual attractivity and neurobiologicatience, the plau-
sibility of the concept of hierarchical feedforward reciigm stands or falls
by the successful application to sufficiently difficult reabrld invariant recog-
nition problems. The central problem is the formulation dkeasible learn-
ing approach for optimizing the combined feature-detgcéind pooling stages.
Apart from promising results on artificial data and very ssstul applications
in the realm of hand-written character recognition, amgians to 3D recog-
nition problems (Lawrence, Giles, Tsoi, & Back 1997) areeptmnal. One
reason is that the processing of real-world images requieésork sizes that
usually make the application of standard supervised legnmiethods like error
backpropagation infeasible. The processing stages inidrarbhy may also
contain network nonlinearities like Winner-Take-All, vehido not allow simi-
lar gradient-descent optimization.

Of great importance for the processing inside a hierartiietwork is the
coding strategy employed. An important principle, as ersi#eal by Barlow
(1985), is redundancy reduction, that is a transformaticth@input which re-
duces the statistical dependencies among elements ofiliesineam. Wavelet-
like features have been derived which resemble the reeefidilds of V1 cells
either by imposing sparse overcomplete representatiotghdOsen & Field
1997) or imposing statistical independence as in indepgrmEmponent anal-
ysis (Bell & Sejnowski 1997). These cells perform the initissual processing
and are thus attributed to the initial stages in hierardtpcacessing. Exten-
sions for complex cells (Hyvarinen & Hoyer 2000; Hoyer & Hyinen 2002)
and color and stereo coding cells (Hoyer & Hyvarinen 2008)exshown. Re-
cently, also principles of temporal stability or slowness/é been proposed
and applied to the learning of simple and complex cell prigeWiskott &
Sejnowski 2002; Einhauser, Kayser, Konig, & Kording 2D0Lee & Seung
(1999) suggested to use the principle of nonnegative métatorizations to
obtain a sparse distributed representation. Neverthedsgecially the inter-
play between sparse coding and efficient representatiohigrarchical system
is not well understood. Although a number of experimentadigts have inves-



tigated the receptive field structure and preferred stiofudells in intermediate
visual processing stages like V2 and V4 (Gallant, Braun, & ¥ssen 1993;
Hegde & Van Essen 2000) our knowledge of the coding stratagiithting
invariant recognition is at most fragmentary. One reasdhasthe separation
into afferent and recurrent influences is getting more diffim higher stages
of visual processing. Therefore, functional models arengportant means for
understanding hierarchical processing in the visual gorf@art from under-
standing biological vision, these functional principles also of great relevance
for the field of technical computer vision. Although ICA amghsse coding have
been discussed for feature detection in vision by sevethbesi there are only
few references for its usefulness in invariant object re@tan applications.
Bartlett & Sejnowski (1997) showed that for face recogmti€A represen-
tations have advantages over PCA-based representatithgegard to pose
invariance and classification performance.

In this contribution we analyze optimal receptive field stunes for shape
processing of complex cells in intermediate stages of aalthical process-
ing architecture by evaluating the performance of the tigguinvariant recog-
nition approach. In Section 2 we review related work on hrzal and
non-hierarchical feature-based neural recognition nsdal learning meth-
ods. Our hierarchical model architecture is defined in $acdi. In Section 4
we suggest a novel approach towards the learning of sparsbiation fea-
tures, which is particularly adapted to the charactegstitweight-sharing or
convolutional architectures. The architecture optimaaand detailed learning
methods are described in Section 5. In Section 6 we demtmshra recogni-
tion capabilities with the application to different objeetognition benchmark
problems. We discuss our results in relation to other recemels and give our
conclusions in Section 7.

2 Related Work

Fukushima (1980) introduced with the Neocognitron a pplecof hierarchical
processing for invariant recognition, that is based on assige stages of local
template matching and spatial pooling. The Neocognitranbeatrained by un-
supervised, competitive learning, however, applicatidreshand-written digit
recognition have required a supervised manual traininggulore. A certain
disadvantage is the critical dependence of the performandée appropriate
manual training pattern selection (Lovell, Downs, & Tso®TI®for the template
matching stages.

Perrett & Oram (1993) extended the idea of pooling from fetit in-
variance to the invariance over any image plane transfeomdiy appropriate
pooling over corresponding afferent feature-selectiviés.cePoggio & Edel-
man (1990) showed earlier that a network with a Gaussiaralrédisis func-
tion architecture which pools over cells tuned to a paréicwiew is capable
of view-invariant recognition of artificial paper-clip @gts. Riesenhuber &
Poggio (1999a) emphasized the point that hierarchical avéswvith appropri-
ate pooling operations may avoid the combinatorial explosif combination
cells. They proposed a hierarchical model with similar g and pooling
stages as in the Neocognitron. A main difference are thenmeanities which
influence the transmission of feedforward information tigio the network. To
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reduce the superposition problem, in their model a compdéix@cuses on the
input of the presynaptic cell providing the largest inpdl&X” nonlinearity).
The model has been applied to the recognition of artificipbpalip images and
computer-rendered animal and car objects (Riesenhuberggi®d999c) and
is able to reproduce the response characteristics of I'S mlind in monkeys
trained with similar stimuli (Logothetis, Pauls, Bultfiof Poggio 1994).

Multi-layered convolutional networks have been widely legapto pattern
recognition tasks, with a focus on optical character reitimgn (see LeCun,
Bottou, Bengio, & Haffner 1998 for a comprehensive revieWearning of
optimal features is carried out using the backpropagatigorighm, where con-
straints of translation invariance are explicitly imposgdweight sharing. Due
to the deep hierarchies, however, the gradient learnirgstatinsiderable train-
ing time for large training ensembles and network sizes.reaege, Giles, Tsoi,
& Back (1997) have applied the method augmented with a pgotor quanti-
zation based on self-organizing maps and reported imprpggdrmance for a
face classification setup.

Wallis & Rolls (1997) and Rolls & Milward (2000) showed howetlcon-
nection structure in a four-layered hierarchical netwandrivariant recognition
can be learned entirely by layer-wise unsupervised legrhat is based on the
trace rule (Foldiak 1991). With appropriate informatimeasures they showed
that in their network increasing levels in the hierarchy waeg both increas-
ing levels of invariance and object selectivity in theirpesse to the training
stimuli. The result is a distributed representation in tighést layers of the
hierarchy with on average higher mutual information wita grarticular object
shown. Behnke (1999) applied a Hebbian learning approatth aeimpetitive
activity normalizations to the unsupervised learning @raichical visual fea-
tures for digit recognition.

In a case study for word recognition in text strings, Mel &d¥i€2000) have
demonstrated how a greedy heuristics can be used to optthezeet of local
feature detectors for a given pooling range. An importastiltes that a com-
parably small number of low and medium complexity letter péates is suffi-
cient to obtain robust recognition of words in unsegmengatidtrings. Uliman
& Soloviev (1999) elaborated a similar idea for a scenarigiofple artificial
graph-based line drawings. They also suggested to extendgproach to im-
age micropatches for real image data, and argued for a mizcielef hierarchi-
cal feature construction based on empirical evidence inithedel. Roth, Yang,
& Ahuja (2002) proposed the application of their SNoW clfsation model
to 3D object recognition, which is based on an incrementsgably of a very
large low-level feature collection from the input image&msble, which can be
viewed as similar to the greedy heuristics employed by MeligeF (2000).
Similarly, the model can be considered as a “flat” recogniapproach, where
the complexity of the input ensemble is represented in a lage low-level
feature library. Amit (2000) proposed a more hierarchiqggbraach to object
detection based on feature pyramids, which are based elik&t@rrangements
of binary orientation features. Heisele, Poggio, & Por2i@0) showed that the
performance of face detection systems based on suppodrvaeichines can
be improved by using a hierarchy of classifiers.
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Figure 1. Hierarchical model architecture. The S1 layerffqgers a coarse
local orientation estimation which is pooled to a lower tegon in the C1
layer. Neurons in the S2 layer are sensitive to local contiging of orientation-
selective cells in the C1 layer. The final S3 view-tuned catks tuned to the
activation pattern of all C2 neurons, which pool the S2 caration cells.

3 A Hierarchical Model of I nvariant Recognition

In the following we define our hierarchical model architeetu The model

is based on a feedforward architecture with weight-shasind a succession
of feature-sensitive matching and pooling stages. Thefdeedrd model is

embedded in the larger cortical processing model architecis proposed in
(Korner, Gewaltig, Korner, Richter, & Rodemann 1999).ustour particular

choice of transfer functions aims at capturing the paricfibrm of latency-

based coding as suggested for this model. Apart from this/aimin, however,

no further reference to temporal processing will be made.nEne model com-
prises three stages arranged in a processing hierarchifi(pae 1).

Initial processing layer. The first feature-matching stage consists of an
initial linear sign-insensitive receptive field summatienWinners-Take-Most
(WTM) mechanism between features at the same position améalatireshold
function. In the following we adopt the notation, that vediudices run over
the set of neurons within a particular plane of a particudgret. To compute
the responsqi(x, y) of a simple cell in the first layer named S1, responsive to
feature type at position(z,y) , first the image vectol is multiplied with a
weight vectorw!, (z, y) characterizing the receptive field profile:

¢ (z,y) = |wi(z,y) * 1], (1)



The inner product is denoted byi.e. for al0 x 10 pixel imagel andw' (z, )
are 100-dimensional vectors. The weights are normalized and characterize
a localized receptive field in the visual field input layer.l é¢lls in a feature
planel have the same receptive field structure, giverwdyz,y), but shifted
receptive field centers, like in a classical weight-shangonvolutional ar-
chitecture (Fukushima 1980; LeCun, Bottou, Bengio, & Haffi998). The
receptive fields are given as first-order even Gabor filtefeuat orientations
(see Appendix).

In a second step a competitive mechanism is performed with
l 0 if 928 < o) or M =0,
ri(z,y) = {qg(g[;,ly_)—z\@1 olse M 2)
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where M = maxy, ¢f(x,y) andr!(z,y) is the response after the WTA mech-
anism which suppresses sub-maximal responses. The pardmety; < 1
controls the strength of the competition. The activity isrttpassed through a
threshold function with a common threshdéldfor all cells in layer S1:

Sll(way) = H(Tll(way) - 91)7 (3)

where Hz) = 1if > 0 and Hz) = 0 else and! (z, y) is the final activity of
the neuron sensitive to featurat position(z, y) in the first S1-Layer.
The activities of the first layer of pooling C1-cells are givey

ci(a,y) = tanh (g1 (z, y) * s}), (4)

whereg; (z,y) is a normalized Gaussian localized spatial pooling kemuith
a width characterized by, which is identical for all feature§ andtanh is
the hyperbolic tangent sigmoid transfer function. Comgdoethe S1 layer, the
resolution is four times reduced anandy directions.

The purpose of the combined S1 and C1 layers is to obtain a&dar
cal orientation estimation with strong robustness undgallonage transforma-
tions. Compared to other work on initial feature detectihere larger num-
bers of oriented and frequency-tuned filters were used KalPerona 1990),
the number of our initial S1 filters is small. The motivaticor this choice
is to highlight the benefit of hierarchically constructingom complex recep-
tive fields by combining elementary initial filters. The silifipation of using
a single odd Gabor filter per orientation with full rectificat (Riesenhuber &
Poggio 1999b), as opposed to quadrature-matched even anpaog (Free-
man & Adelson 1991), can be justified by the subsequent ppoliihe spatial
pooling with a range comparable to the Gabor wavelength e phase-
dependent local fluctuations. The Winners-Take-Most mealiity is motivated
as a simple model of latency-based competition that supgsdsite responses
through fast lateral inhibition (Rodemann & Kdérner 2008s we discuss in
the Appendix, it can also be related to the dynamical modéthvive will use
for the sparse reconstruction learning, introduced in th section. We use a
threshold nonlinearity in the S1 stage, since it requirdg arsingle parameter
to characterize the overall feature selectivity, as opgpdsea sigmoidal func-
tion which would also require an additional gain parametebé optimized.
For the pooling stage the saturating tanh function impleésarsmooth spatial
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or-operation. In Section 5 we will also explore other ali&ive nonlinearities
for a comparison.

Combination Layer. The features in the intermediate layer S2 are sensitive
to local combinations of the features in the planes of theipus layer, and are
thus calleccombination cellsin the following. The combined linear summation
over previous planes is given by

Q2xy ZWQ z,y) *C1a (5)

wherew!f(z, y) is the receptive field vector of the S2 cell of featlies position
(z,y), descrlblng connections to the plah®f the previous'1 cells.

After the same WTA procedure with a strength parametexs in (2), which
results inrh(z, ), the activity in the S2 layer is given after the applicatidrao
threshold function with a common threshalst

shiw,y) = H(rh(,y) - 6). ©)
The step from S2 to C2 is identical to (4) and given by

ch(x,y) = tanh(ga(z,y) *s}), (7)

with a second normalized Gaussian spatial pooling kerrtedyacterized by
g2(z,y) with rangeos.

View-Tuned Layer. In the final layer S3, neurons are sensitive to a whole
view of a presented object, like the view-tuned-units (VT bRiesenhuber &
Poggio (1999a). Here we consider two alternative settiigghe first setup,
which we calltemplate-VTU, each training view is represented by a single
radial-basis-function type VTU with

sh=exp (- 2wt ~ ckI12/a). (8)

wherew" is the connection vector of a single view-tuned cell, indetag !/, to
the previous whole plank in the C2 layer, and is an arbitrary range scaling
parameter. For a training input image&vith C2 actlvatlonan(l) the weights
are stored as’}® = c5(1). Classification of a new test image can be performed
by selecting the object index of the maximally activated \/Tihich then cor-
responds to nearest-neighbor classification based on @atam vectors.

The second alternative, which we catitimized-VTU uses supervised train-
ing to integrate possibly many training inputs into a singleU which covers
a greater range of the viewing sphere for an object. Here wesgha sigmoid
nonlinearity of the form

sh = <Zw3 % ch — ) 9)

whereg(x) = (1 + exp(—pz))~! is a sigmoid Fermi transfer function. To
allow for a greater flexibility in response, every S3 cell is®wn threshold?é.
The Weightswg"C are the result of gradient-based training, where targetegal
for sg are given for the training set. Again, classification of aknown input
stimulus is done by taking the maximally active VTU in the fi&8 layer. If
this activation does not exceed a certain threshold, therpatnay be rejected
as unknown or clutter.



4 Sparselnvariant Feature Decomposition

The combination cells in the hierarchical architectureehtine purpose of de-
tecting local combinations of the activations of the priaitial layers. Sparse
coding provides a conceptual framework for learning fesgwwhich offer a
condensed description of the data using a set of basis epiegises. Assuming
that objects appear in real world stimuli as being compo$adsmall number of
constituents spanning low-dimensional subspaces witldrhigh dimensional
space of combined image intensities, searching for a sphaseription may
lead to an optimized description of the visual input whichrtltan be used for
improved pattern classification in higher hierarchicajeta

Olshausen & Field (1997) demonstrated that by imposing topgsties
of true reconstruction and sparse activation a low-levatuiee representation
of images can be obtained that resembles the receptive figfitlep of simple
cells in the V1 area of the visual cortex. The feature set vedsrthined from a
collection of independent local image patcti&swvherep runs over patches and
I? is a vectorial representation of the array of image pixelssefof sparsely
representing features can then be obtained from minimizing

By =) [P =" slwi| P+ 0D a(sh), (10)
p 7 p i

wherew;,i = 1,..., B is a set ofB basis representatives; is the activation
of featurew; for reconstructing patch, and® is a sparsity enforcing function.
Feasible choices fob(z) are—e =", log(1 + #2), and|z|. The joint minimiza-
tion in w; ands” can be performed by gradient descent in (10).

In a recent contribution Hoyer & Hyvarinen (2002) appliesimilar frame-
work to the learning of combination cells driven by orierdatselective com-
plex cell outputs. To take into account the nonnegativityhef complex cell
activations, the optimization was subject to the constsamf both coefficients
st and vector entries of the basis representative®eing nonnegative. These
nonnegativity constraints are similar to the method of mgative matrix fac-
torization (NMF), as proposed by (Lee & Seung 1999). Difigrirom the NMF
approach they also added a sparsity enforcing term likeQn (Ihe optimiza-
tion of (10) under combined nonnegativity and sparsity t@itgts gives rise
to short and elongated collinear receptive fields, whichlemgnt combina-
tion cells being sensitive to collinear structure in theralsnput. As Hoyer and
Hyvarinen noted, the approach does not produce curvedoectke receptive
fields.

Symmetries that are present in the sensory input are alsesaqed in the
obtained sparse feature sets from the abovementionedeagby@® Therefore,
the derived features contain large subsets of featureshvani rotated, scaled
or translated versions of a single basis feature. In a walghting architecture
which pools over degrees of freedom in space or orientatiomever, only a
single representative is required to avoid any redundandje architecture.
From this representative, a complete set of features caretdeed by apply-
ing a set of invariance transformations. Olshausen & Fi#897) suggested a
similar approach as a nonlinear generative model for imaglesre in addition
to the feature weights also an appropriate shift paramstestimated for the
reconstruction. In the following we formulate an invarigetnerative model in
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Figure 2: Sparse invariant feature decomposition. Fromglesifeature repre-
sentativew; a feature set is generated using a set of invariance tranafims
T,,. From this feature set, a complex input pattern can be dypaeggresented
using only few of the features.

a linear framework. We can incorporate this into a more caitgtd genera-
tive model for an ensemble of local image patches. IPet RM? be a larger
image patch of pixel dimensionsl x M. Letw; € RN with N < M be

a reference feature. We can now use a transformation ma;ri)e'lRMQXN ?
which performs an invariance transform like e.g. shift dation and maps the
representativev; into the larger patchi” (see Figure 2). For example, by ap-
plying all possible shift transformations, we obtain aection of features with
replaced receptive field centers, which are, however, ctenaed by a single
representativev;. We can now reconstruct the larger local image patch from
the whole set of transformed basis representatives:

By=> [[P=Y "o Towil P+ > > a(sh,),  (11)
P i m P i m

wheres? is now the activation of the representativg transformed by ..
The task of the combined minimization of (11) in activatiofis and features
w; is to reconstruct the input from the constructed transfoamder the con-
straint of sparse combined activation. For a given enserobjgatches the
optimization can be carried out by gradient descent, wheithe first step a
local solution ins? ~with w; fixed is obtained. In the second step a gradient
step is done in thev;, with s?  fixed and averaging over all patches For a
detailed discussion of the algorithm see Appendix. Althotigs approach can
be applied to any symmetry transformation, we restrict @ves to local spa-
tial translation, since this is the only weight-sharinganance implemented in
our model. The reduction in feature complexity results iradé¢off for the opti-
mization effort in finding the respective feature basis. Yeéhe the simpler case
of equation (10) a local image patch was reconstructed fraet @f V basis
vectors, in our invariant decomposition setting, the pateist be reconstructed
from m - N basis vectors at a set of displaced positions which reagsistine
input from overlapping receptive fields. The second ternmédquality function
(11) implements a competition, which for the special casehdted features is
spatially extended. This effectively suppresses the faonaf redundant fea-
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turesw; andw; which could be mapped onto each other with one of the chosen
transformations.

5 Architecture Optimization and Learning

We build up the visual processing hierarchy in an incrementy. We first
choose the processing nonlinearities in the initial lagerprovide an optimal
output for a nearest neighbor classifier based on the C1 &temations. We
then use the outputs of the C1 layer to train combinatiors eeding the sparse
invariant approach or, alternatively using principal cament analysis. Finally
we define the supervised learning approach for the optimized layer setting
and consider alternative nonlinearity models.

Initial processing layer. To adjust the WTM selectivityy,, thresholdd,,
and pooling ranger; of the initial layers S1 and C1, we considered a nearest
neighbor classification setup based on the C1 layer adivati Our evalua-
tion is based on classifying the 100 objects in the COIL-18base (Nayar,
Nene, & Murase 1996) as shown in Figure 4a. For each of the hje@ts there
are 72 views available, which are taken at subsequentantatif5°. We take
three views at angle®®, 120°, and240° and store the corresponding C1 acti-
vation as a template. We can then classify the remainingviests by finding
the template with lowest Euclidean distance in the C1 attimavector. By
performing grid-like search over parameters we found am@tclassification
performance at; = 0.9, 6; = 0.1, andoy, = 4.0, giving a recognition rate
of 75%. This particular parameter setting implies a certain cgditrategy:
The first layer of simple edge detectors combines a rathethosshold with a
strong local competition between orientations. The rdsudtkind of “segmen-
tation” of the input into one of the four different orientati categories (see also
Figure 3a). These features are pooled within a range thanigparable to the
size of the Gabor S1 receptive fields.

Combination Layer. We consider two different approaches for choosing
local receptive profiles of the combination cells, which rgpe on the local
combined activity in the C1 layer.

The first choice is based on the standard unsupervised hgapnocedure
of principal component analysis (PCA). We generated anmeblgeof activity
vectors of the planes of the C1 layer for the whole input imaggemble. We
then considered a random selection of 10000 ldcal 4 patches from this
ensemble. Since there are four planes in the C1 layer, thiesng al x4 x4 =
64-dimensional activity vector. The receptive fields for tlenbination coding
cells can be chosen as the principal components with leadgemvalues of this
patch ensemble. We considered the first 50 componentstingsunl 50 feature
planes for the C2 layer.

The second choice is given by the sparse invariant featurenagosition
outlined in the previous section. Analogously to the PCAisgtwe considered
for the feature representativdés< 4 receptive fields rooted in the four C1 layer
planes. Thus each representative is again64-dimensional. Since we only
implement translation-invariant weight-sharing in ouchdtecture, we consid-
ered only shift transformations,J for generating a shift-invariant feature set.
We choose a reconstruction window4ok 4 pixels in the C1 layer, and exclude
border effects by appropriate windowing in the set of sh&hsformationd’,,.
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Figure 3: Comparison of nonlinearities and resulting featsets. In a) the
outputs of the C1 layer are shown, where the four orientatimre arranged
columnwise. The WTM nonlinearity produces a sparse ainatue to strong
competition between orientations. The MAX pooling nondirity output is less
sparse, with a smeared response distribution. The lackrapettion for the
square model also causes a less sparse activity distrbutiob) 25 out of 50
features are shown, learned with the sparse invariant appydased on the C1
WTM output. Each column corresponds to one feature, whexddbr row-
entries arel x 4 receptive fields in each of the four C1 orientation planes)In
the features obtained after applying PCA to the WTM outptesshown. In d)
and e) the sparse invariant features for the MAX and squanénearity setup
are shown, respectively.

Since there ard9 = (4 + 3)? possibilities of of fitting a4 x 4 receptive field
with partial overlap into this window, we have = 1,...,49 different trans-
formed features ,J,w; for each representativer;. For propers comparison to
the PCA setting with an identical number of free parametezsalso choose
50 features. We then selected 200& 4 x 4 C1 activity patches from 7200
COIL images and performed the feature learning optimipa#ie described in
the Appendix. For this ensemble, the optimization took alteo days on a
standard workstation.

Other approaches for forming combination features consideombinato-
rial enumeration of combinations of features in the initsalers (Riesenhuber
& Poggio 1999b; Mel & Fiser 2000). For larger feature setsydwer, this be-
comes infeasible due to the combinatorial explosion. Fersfmarse coding we
observed a scaling of learning convergence times dependetfie number of
initial S1 features between linear and squared.

After learning of the combination layer weights, the noeénty parame-
ters were adapted in a similar way as was performed for thialitdyer. As de-
scribed above, a nearest neighbor match classificatioméo€OIL 100 dataset
was performed, this time on the C2 layer activations. We aistuded the
parameters for the S1 and C1 layer into the optimizatiorgesine observed
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that this recalibration improves the classification perfance, especially within
cluttered surround. There is in fact evidence that the taeepeld sizes of in-

ferotemporal cortex neurons are rapidly adapted, depgratinvhether an ob-
ject stimulus is presented in isolation or clutter (RollselW, & Booth 2001).

Here, we do not intend to give a dynamical model of this precest rather

assume a global coarse adaptation. The actual optimalneamity parameters
are given in the Appendix.

View-Tuned Layer. In the previous section 3 we suggested two alterna-
tive VTU models: Template-VTUs for matching against exhizety stored
training views and optimized-VTUs, where a single VTU slibcbver a larger
object viewing angle, possibly the whole viewing spherer the optimized-
VTUs we perform gradient-based supervised learning ongetautput of the
final S3 neurons.

If we consider a single VTU for each object, which is analagtw train-
ing a linear discriminant classifier based on C2 outputstierdbject set, the
target output for a particular viewof an object in the training set is given by
s4(7) = 0.9, ands%(i) = 0.1 for the other object VTUs with indicek # I.
This is the generic setup for comparison with other clasgific methods, that
only use the class label. To investigate also more speeNZI Us we consid-
ered a setting, where each of three VTUs for an object ardtisento just a
120° viewing angle. In this case the target output for a particuiew  in the
training set was given by, (i) = 0.9, wherel is the index of the VTU which
is closest to the view presented, asf{{i) = 0.3 for the other views of the
same object (this is just a heuristic choice and other tdughg curves could
be applied). All other VTUs are expected to be silent at aivatidn level of
§§ () = 0.1. The training was done for both cases by stochastic gradient
scent (see LeCun, Bottou, Bengio, & Haffner 1998) on the tptadenergy
functionE = 3, >,(54(i) — s4(1;))2, wherei counts over the training images.

Alternative Nonlinearities. The optimal choice of nonlinearities in a visual
feedforward processing hierarchy is an unsettled queatioina wide variety of
models have been proposed. To shed some light on the rolentihearities
in relation to sparse coding we implemented also two altefmaonlinearity
models (see Figure 3a):

The firstis the MAX presynaptic maximum pooling operatiome@@nhuber
& Poggio 1999b), performed after a sign-insensitive lireawolution in the S1
layer. Formally this is given as replacing eqgs. (1)-(4) thdtto the calculation
of the first layer of pooling C1 cells by

[ Lo
ci(z,y) = max wi(2',y') =1, 12
1(2,9) (& e By (2.) (wi(z',y) 1 (12)
where B (z, y) is the circular receptive pooling field in the S1 layer for @&
neuron at positiofiz, y) in the C1 layer. Based on this C1 output, features were
learned using sparse invariance, and then again a lineanatiom with these
features in the S2 layer is followed by the MAX-pooling in tG2 layer. Here
the only free parameters are the radii of the circular pgolields, which were
incrementally optimized in the same way as described fokfié/1 nonlinear-
ities.
The second nonlinearity model for the S1 layer is a squarersation of
the linear responses of even and odd Gabor filter pairs fdn eht¢he four
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orientations (Freeman & Adelson 1991; Hoyer & Hyvarine®20 C1 pooling
is done the same way as for the WTM model. As opposed to the W&iiihg,
The step from C1to S2is linear. This is followed by a subsetjsigmoidal C2
pooling, like for WTM. The optimization of the two poolingniges was carried
out as above. The exact parameter values can be found in fhendjx.

6 Results

Of particular interest in any invariant recognition appiogs the ability of gen-
eralization to previously unseen object views. One of thénndeas behind
hierarchical architectures is to achieve a gradually asirey invariance of the
neural activation in later stages, when certain transftions are applied to the
object view. In the following we therefore investigate thegrke of invariance
gained from our hierarchical architecture. We also compgggnst alternative
nonlinearity schemes.

Segmented COIL Objects. We first consider the template-VTU setting on
the COIL images and shifted and scaled versions of the @iiginages. The
template-VTU setting corresponds to nearest neighbosifileation with an
Euclidean metric in the C2 feature activation space. Ea@rcols represented
by a possibly large number of VTUs, depending on the traiciaig available.

We first considered the plain COIL images at a visual field ltggm of
64 x 64 pixels. In Figure 4b the classification results are compé&sethe two
learning methods of sparse invariant decomposition and B€idg the WTM
nonlinearities, and additionally for the two alternativaniinearities with sparse
features. To evaluate the difficulty of the recognition pealn, a comparison to
a nearest-neighbor classifier, based on the plain imagesityevectors is also
shown. The number of training views and thus VTUs is varietivben 3 to
36 per object. For the dense view sampling of 12 and moreinigaiviews,
all hierarchical networks do not achieve an improvement ¢ve plain NNC
model. For fewer views a slightly better generalization barobserved. We
then generated a more difficult image ensemble by randormgoeaithin the
interval of +/- 10% together with random shifting in the int& of +/-5 pixels
in independent: andy directions (Figure 4c). This visually rather unimpres-
sive perturbation causes a strong deterioration for thia pPlAIC classifier, but
affects the hierarchical models much less. Among the diffenonlinearities,
the WTM model achieves the best classification rates, in casibn with the
sparse coding learning rule. Some misclassifications ®M#TM template-
VTU model trained with 8 views per object are shown in Figure 5

Recognition in Clutter and Invariance Ranges. A central problem for
recognition is that any natural stimulus usually not oniptains the object to
be recognized isolated from a background, but also a strovayat of clutter.
It is mainly the amount of clutter in the surround which limthe ability of
increasing the pooling ranges to get greater translatienaoce for recognition
(Mel & Fiser 2000).

We evaluated the influence of clutter by artificially genegta random
cluttered background, cutting out the object images with shme shift and
scale variation as for the segmented ensemble shown ind=guand placing
them into a changing clutteregD x 80 background image . The clutter was
generated by random overlapping segmented images fromQie €hsemble.
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Figure 4. Comparison of classification rates on the COIL-data set. In a)
the COIL object database is shown. b) shows a comparisorectl#tssifica-
tion rates for the hierarchy using the WTM model with spansaiiant features
and PCA, and the sparse coding learning rule with MAX and gjoanlinear-
ities. The number of training views is varied to investigtte generalization
ability. The results are obtained with the template-VTUSirsg. In c) a dis-
torted ensemble was used by random scaling and shiftingeadtiiginal COIL
images. For the plain images in b), the results for a neaghbor classifier
(NNC) on the direct images shows that the gain from the hibieal process-
ing is not very pronounced, with only small differences kestw approaches.
For the scaled and shifted images in c), the NNC performanialy deterio-
rates, while the hierarchical networks keep good classificaHere, the sparse
coding with the WTM nonlinearity achieves best results.

In this way we can exclude a possible preference of the viseatons to the
objects against the background. The cluttered images veert lboth for train-
ing and for testing. In these experiments we used only the5ref the COIL
objects. Pure clutter images were generated from the remgeb® objects. For
this setting a pure template matching is not reasonableg ¢lire training images
contains as much surround as object information. So we deredd optimized
VTUs with 3 VTUs for each object, which gives a reasonable mamise be-
tween appearance changes under rotation and represeataffort. After the
gradient-based learning with sufficient training images WTUs are able to
distinguish the salient object structure from the changiagkgrounds. As can
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Figure 5: Misclassifications. The figure shows misclasgifioa for the 100
COIL objects for the template-VTU setting with 8 trainingewis. The upper
image is the input test image, while the lower images comedsg to the training
image of the winning VTU.

be seen from the plots in Figure 6, the WTM with sparse codieropms sig-
nificantly better in this setting than the other setups. &urelassification above
80% is possible, when more than 8 training views are available inlestigated
the quality of clutter rejection in an ROC plot shown in Figub. For an en-
semble of 20 objectsand 36 training views)0% correct classification can be
achieved ai0% false detection rate.

We investigated the robustness of the trained VTUs for thiterl ensemble
with 50 objects by looking at the angular tuning and tuningdaling and shifts.
The angular tuning, averaged over all 50 objects, is shovmgare 7a for the
test views (the training views are omitted from the plotcsirfior these views
the VTUs attain approximately their target values, i.e. d@amrgle function for
each of the thre@20° intervals). For 36 training views per object, a controlled
angle tuning can be obtained, which may also be used for biseation. For 8
training views, the response is less robust. Robustnebge@gpect to scaling is
shown in Figure 7b, where the test ensemble was scaled byoa Estweero.5
andl1.5. Here, a single angle was selected, and the response ofliee gained
VTU, centered at this angle was averaged over all objecte. sthled images
were classified using the whole array of pretrained VTUs. durges show that
recognition is robustly above 80% in a scale range-26%. In a similar way,
shifted test views, relative to the training ensemble, waesented. Robust
recognition above 80% can be achieved @4 pixel interval, which roughly
corresponds to the training variation.

Comparison to other Recognition Approaches. Roobaert & Hulle (1999)
performed an extensive comparison of a support vector madbased approach
and the Columbia object recognition system using eigerspacd splines (Na-
yar, Nene, & Murase 1996) on the plain COIL 100 data, varyibgect and
training view numbers. Their results are given in Table §etber with the re-
sults of the sparse WTM network using either the templaté\&€tup without
optimization, or the optimized VTUs with one VTU per objeot & fair com-
parison. The results show that the hierarchical networkearfiirms the other
two approaches for all settings.

The representation using the optimized VTUs for objectsifecstion is ef-
ficient, since only a small number of VTUs at the highest lewelnecessary for
robust characterization of an object. Their number scaieatly with the num-
ber of objects, and we showed that their training can be fedg done using
a simple linear discrimination approach. It seems that teeatthical gener-
ation of the feature space representation has advantagesflay” eigenspace

Whenever we use less than 100 objects, we always take the fifsiects from the COIL
data.
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Figure 6: Comparison of classification rates with clutted agjection in the
optimized-VTU setting. a) compares the classificationgébe a network with

3 optimized VTUs per object on the first 50 COIL objects, pthoecluttered

surround. Above the plot, examples for the training andrgsimages are
shown. In this difficult scenario, the WTM+sparse coding elahows a clear
advantage over the NNC classification, and the other naariityemodels. Also
the advantage over the PCA-determined features is sutadtab) shows ex-
amples of object images and images with pure clutter whicklshbe rejected,
with a plot of precision vs. recall. The plot shows the comkiinate of correctly
identified objects over the rate of misclassifications asaetifsn of all clutter

images. Results are given for the optimal WTM-+sparse nétwuith different

numbers of objects and training views.

methods. Support vector machines have been succesfullie@pp recogni-
tion (Pontil & Verri 1998; Roobaert & Hulle 1999). The actudhssification

is based on an inner product in some high-dimensional feapace, which is
computationally similar to the VTU receptive field compidgat A main draw-
back is, however, that SVMs only support binary classifarati Therefore for
separating: objects, normallyn? — n)/2 classifiers must be trained, to sepa-
rate the classification into a tournament of pairwise coispas (Pontil & Verri
1998; Roobaert & Hulle 1999).

Application to other Image Ensembles. To investigate the generality of
the approach for another classification scenario, we use®RL face image
dataset (copyright AT & T Research Labs, Cambridge), whafitains 10 im-
ages each of 40 people at a high degree of variability in egwa and pose. We
used the identical architecture as for the plain COIL imagathout parameter
changes and compared both template- and optimized-VTngettSupervised
training was only performed on the level of VTUs. Since thag®as contain
mainly frontal views of the head, we used only one optimi¥ddJ for each
person. The results are shown in Figure 8a. For the optimiZdds the clas-
sification performance is slightly better than the fullyiopzed hybrid convo-
lutional model of Lawrence, Giles, Tsoi, & Back (1997).
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Figure 7: Invariance tuning of optimized VTUs. a) shows tleévation of
the three VTUs trained on the 50 COIL objects with clutteregnble, averaged
over all 50 objects for 36 training views (black lines) andeBring views (grey)
lines. b) shows the test output of a VTU to a scaled versiotsafptimal angle
view with random clutter, averaged over all objects (sdla$) for 36 training
views (black) and 8 training views (grey). The dashed linesasthe corre-
sponding classification rates of the VTUSs. In c) the test giawe shifted in the
x direction against the original training position. The degend is analogous
to b).

30 Objects 4 Training views

Training views Number objects

Method 36 8 2 10 30 100
NNC 100 96.3 70.5| 865 818 70.1
Columbial 100 925 67.1|| 92.1 84.6 77.0
SVM 100 95.6 71.0| 91.0 849 74.6
tpl-VTU | 100 95.6 77.6|| 93.5 89.7 79.0
opt-VTU| 100 95.7 80.1|| 949 899 79.1

Table 1: Comparison of correct classification rates on tlenpCOIL 100

dataset with results from (Roobaert & Van Hulle 1999): NNGCaisearest
neighbor classifier on the direct images, Columbia is thersigace+spline
recognition model by Nayar et al. (1996), and SVM is a polyrarkernel

support vector machine. Our results are given for the tetepd Us setting
and optimized-VTUs with one VTU per object.

We also investigated a face detection setup on a large fataaface en-
semble. With an identical setting as described for the afmye classification
task, we trained a single face-tuned cell in the C3 layer Ipestsed training
using a face image ensemble of 2420x 19 pixel face images and 4548 non-
face images (data from Heisele, Poggio, & Pontil 2000). Tapadhe spatial
resolution, the images were scaled uplfox 40 size. A simple threshold cri-
terion was used to decide the presence or non-presence ¥ fofaa different
test set of 472 faces and 23573 non-faces. The non-face intagesist of a
subset of all non-face images that were found to be most wliffio reject for
the support vector machine classifier considered by Heitedé As is demon-
strated in an ROC-plot in Figure 8b, which shows the perforteadepending
on the variation of the detection threshold, on this datdmetietection perfor-
mance matches the performance of the SVM classifier whidksramong the
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Figure 8: Face classification and detection. In a) classificaates on the ORL
face data are compared for a template- and optimized VTuhgeiThe features
and architecture parameters are identical to the plain AOQsetup. For large
numbers of training views, the results are slightly bett@ntthe hybrid convo-
lutional face classification approach of Lawrence et al.97d9qCN+SOM).b)

ROC plot comparison of face detection performance on a lfage and non-
face ensemble. The plot shows the combined rate of correthtified faces
over the rate of misclassifications as a fraction of all nacefimages. Ini-
tial and combination layers were kept unchanged and onlpglesVTU was

adapted. The results are comparable to the support vectdrinesarchitecture
of Heisele et al. (2000) for the same image ensemble.

best published face detection architectures (HeiselegiBp& Pontil 2000).

We note that the comparison may be unfair, since these intaggsot be the
most difficult images for our approach. The rare appearamfdaces, when
drawing random patches from natural scenes, however, nsakbsa preselec-
tion necessary (Heisele, Poggio, & Pontil 2000), when thagarison should
be done on exactly the same patch data. So we do not claimuharchitec-

ture will be a substantially better face recognition methmat rather want to
illustrate its generality on this new data.

The COIL database contains only rotation around a single a$ a more
challenging problem we also performed experiments wittSlBEMORE database
(Mel 1997), which contains 100 objects, of both rigid andnigid type. Like
Mel, we selected a subset of 12 views at rougbly intervals which were
scaled to 67%, 100%, and 150% of the original images. Thisrahke was
used to train 36 templates for each object. Test views weredmaining 30
views scaled at 80% and 125%. The database contains margtsofgjewhich
less views are available, in these cases we tried to repeolilad’'s selection
scheme and also excluded some highly foreshortened viegispettom of a
can. Using only shape-related features, he reports a rémvgrate of 79.7% of
the SEEMORE recognition architecture on the complete dat#<100 objects.
Using the same WTM-sparse architecure as for the plain C@ta eénd using
template-VTUs our system only achieves a correct recagnitite of 57%. The
nonrigid objects, which consist of heavily deformable clgdike chains and
scarfs, are completely misclassified due to the lack of toggagcal constancy
in appearance. A restriction to the rigid objects increqeformance t©9%.
This result shows limitations of our hierarchical architee, compared to the
“flat” but large feature ensemble of Mel, in combination watktensive pooling.
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It also seems that the larger angular rotation steps in tHeMEBERE data are
beyond the rotational generalization range of the modedged here.

7 Discussion

We have investigated learning methods for intermediatieifes in conjunction
with processing and coding strategies in hierarchical fiteeghrd models for
invariant recognition. Our analysis was based on the taskhape-based classi-
fication and detection on different object and face imagemtées. Our main
result is that biologically inspired hierarchical archiigres trained with unsu-
pervised learning provide a powerful recognition approatiich can outper-
form general purpose machine learning methods like supgator machines.
Although architectures of this kind have been considerddrbeapplications
were so far only done on small or artificial image ensemblesigR& Milward
2000; Riesenhuber & Poggio 1999b; Riesenhuber & Poggio d9%9e could
also show that features learned from an object ensembleesrera enough
to be applied to face classification and detection with vergdgresults. This
generalization across domains is a highly desirable ptppgewards flexible
recognition architectures like the visual cortex. The folty to optimize
lower and intermediate processing stages offline and thgretimrm object-
specific learning only at highest levels is an importantieafor applications,
where the focus is on rapid learning, like e.g. autonomobstics.

As a second main result, we could show that for our WinnekeTdost
nonlinearity model the proposed invariant sparse codiamlag rule improves
recognition performance over the standard approach of R@#ufe detection.
To some extent this can be motivated from the similarity @f &ttractors of
the recurrent dynamics for obtaining the sparse represamsato the Winners-
Take-Most output (see discussion in the Appendix). We aigestigated the
interaction of the sparse coding approach with other ctlyersed nonlinear-
ity models such as MAX (Riesenhuber & Poggio 1999b) and sglanergy
models (Freeman & Adelson 1991; Hoyer & Hyvarinen 2002). il/for the
position-normalized and segmented images the performdiffeeences were
only marginal, the separation was stronger for slighthftetiand scaled im-
ages, and strongly significant with cluttered surroundeéss that especially
in the cluttered condition the strongly sparsified actaatof the competitive
WTM model is more appropriate for a dense visual input. Onctiv@rary the
MAX pooling is very sensitive to strongly activated disti@rs in the object sur-
round. This can be compensated by decreasing pooling ranbeh, however,
then leads to diminished robustness. Nevertheless, wehmtdteur hierarchical
MAX model is simpler than the one used by (Riesenhuber & Rod§io9b),
which included initial Gabors and combination cells at npldt scales. For the
square nonlinearity we effectively obtained similar featuas were obtained
by Hoyer & Hyvarinen (2002) for an analogous setting, butwniatural scene
inputs. Due to the strong nonlinearity of the WTM model, weaited also a
more complex structured feature set with complex comlonatof orientations,
which seems to be more appropriate for the recognition tesksidered.

What can be said about the degree and mechanisms of invarianpde-
mented in our suggested architecture ? There is a tradewiEba the classifi-
cation performance and the degree of translation invagitimat can be achieved.
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The resulting VTUs at the highest level of the hierarchy hemty limited
translation-invariant response, but are sufficiently sblwithin their receptive
fields to detect an object from a spatial array of equally duvi&Us. To build
a more globally invariant detector, further pooling opersg would have to
be applied. This also means that a binding between the Epat#ion and
the object identity is still present at the level of our VTUShere is in fact
evidence that shift-invariance is strongly limited, whejgcts are trained in
psychophysical experiments to respond to novel and untamoibjects (see Ull-
man & Soloviev 1999 for a review). This is especially the cagaen fine dis-
crimination between objects is required. This illustrdtet detecting a known
object in arbitrary position may require different mectsamé from the task of
discriminating two objects. While the first may be perfornadier wide-ranged
pooling on the outputs of the previously learned detectties]atter requires a
rather local judgment, for which particular spatially lbzed cells may have to
be trained. The comparison to a database containing moreesoaf variation
in rotation around the whole viewing sphere and size vadahows some lim-
itations of the model setup used in this study. The resultsvghat the main
improvement achieved is with regard to appearance-badatstroecognition
with locally limited variations of the images. To extend theariance ranges,
the proposed sparse invariant feature decomposition dmikbplied to addi-
tional degrees of freedom such as size and rotation in thgamé&ne, which
were not considered here. The success of the SEEMORE ré¢iooggystem
(Mel 1997) shows that under certain constraints a suffilsig¢atge and diverse
feature set can achieve robust recognition using excepsivkng over degrees
of invariance. We note, however, that this heavily depemda proper segmen-
tation of the objects which was shown to be unnecessary faopographically
organized hierarchical model.

A precise classification as in our model setting may not beilimate goal
of recognition. Rather, the target could be an unsupervigedation of class
representations, with later stages performing a fine ¢ieason (Riesenhuber
& Poggio 1999c). The representation at the level of the C@rlapuld serve as
an appropriate representation for doing so. The resultt®mnearest-neighbor
classification show that the metric in this space is moreblétfor object iden-
tification than for example in the plain image space. Botlpprtes together
provide good conditions for the application of more advansgbsequent pro-
cessing steps, which may resemble the mechanisms of olgjesentation
in higher visual areas like the inferotemporal cortex (kan&996). We have
demonstrated that a considerably general visual feedfdrivizrarchy can be
constructed, which provides a model of robust appearaaseebrecognition in
the ventral pathway of the visual cortex. This rapid inif@bcessing should
provide one of the basic sensory routines to form a hypahesithe visual
input, which then guides later more complex and feedbadtegimechanisms
(Korner, Gewaltig, Korner, Richter, & Rodemann 1999),emboth lateral in-
teractions and top-down projections should play a sigmificale.
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Appendix

Spar se Decomposition Algorithm

The invariant sparse decomposition is formulated as maingi

= I - w4 5 S e, (13)
p i m p i m

wherel?, p = 1,..., P is an ensemble aP image patches to be reconstructed,
Tn,m=1,..., M is aset of invariance transformation matrices applied¢o th
N feature representatives;, i = 1, ..., N which are the target of the optimiza-

tion. Similar to Hoyer & Hyvarinen (2002), we choose thersfig enforcing
function as®(z) = Az, with strength\ = 0.2. We again use to denote the
inner product between two vectorially represented imadehgs. The algo-
rithm consists of two steps like in (Olshausen & Field 19%jst for fixedw;

a local solution to the reconstruction coefficiestfs for all patches is found by
performing gradient descent. Then in the second step aegriastiep with fixed
stepsize is performed in the; with the s?  fixed. The first gradient is given by

OF im
“ag, = = i - (1)

m

wheret} = (T,,w;) * I? and¢”, = (T, w;) * (T,»w;). Alocal solution to
(,?P;?? = 0 subject to the constraints ef , > 0 can be found by the following
update algorithm;

1. Choose, p, m randomly.

2. Updates?,, = o (b5, — 3= (i) (im) ChmrSomr — A) /S

jm jm m?

3. Goto 1 until convergence.

whereo(z) = max(z,0). This update converges to a local minimum of (13)
according to a general convergence result on asynchronudestes by Feng
(1997) and exhibits fast convergence properties in relapgdications (Wers-
ing, Steil, & Ritter 2001).

The second step is done performing a single gradient stdpeiw{ with a
fixed stepsize. For ailv; set

w;(t+1) = a(wi(t)+77 Z (s‘;’.’mIf”Tm—Z sfms§m, (Tm*wj)Tm/>), (15)
pm jm/

whereo is applied componentwise. The stepsize was set to 0.001.

For the simulations we considerddx 4 pixel patches in the four orienta-
tion planes. To avoid any boundary effects, the translation were “clipped”
outside of the reconstruction window. This means that estithin matrices
T,, are set to zero, when the corresponding basis vector entjdvbe shifted
outside of the input patck¥.
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Relation of Sparse Coding and WTM Nonlinearity

The dynamics in the basis coefficien{$,, when performing continuous gra-
dient descent, as in (14), subject to nonnegativity comggraan be written as
(Wersing, Steil, & Ritter 2001):

(ii = —xi—i-a(— Zvijxj +hi), (16)
J

where thev;; > 0 characterize the overlaps between transformed (and non-
negative) basis vectors,;w;. This implements a competitive linear thresh-
old dynamics, for which the fixed point& are zero in some components
while the nonnegative entrigswith Z;; > 0 are the solution of a linear equa-
tion x = (V — I)~'h, where we have eliminated all components with fixed
point zero entries (Hahnloser, Sarpeshkar, Mahowald, [2su& Seung 2000).
Therefore, if we neglect the relative magnitudes of the lapematrix V', we
obtain a suppression of activations with weak input$o zero, together with a
linear weakening of the input for the nonzero fixed pointiestwith largest in-
puth; . The WTM model can be viewed as a coarse feedforward appatixim

to this function.

Architecture Details

The initial odd Gabor filters were computed as

x cos(0)+y sin(0) ) 2+ ( —x sin(0)+y cos(6) ) 2>

w(m,y) _ e—%f2<(
.gin (f(x cos(0) + ysin(9)))

with f = 12, ¢ = 1.5, andf = 0,7/4,7/2,37/4. Then the weights were
normalized to unit norm, i.e.w? = 1. The visual field layer input inten-
sities were scaled to the intervgl, 1]. The pooling kernels were computed
asw(z,y) = exp((—z% — y?)/o?). The optimal nonlinearity parameter set-
tings for the plain COIL data are for WTM+sparse: = 0.7,01 = 4.0,6; =
0.3,72 = 0.9,02 = 2.0,0, = 1.0, WTM+PCA: v = 0.7,01 = 2.0,0, =
0.1,79 = 0.9,09 = 1.0,62 = 1.0, MAX: 2 pixel S1 and S2 pooling radius, and
Squares; = 6.0,02 = 1.0.

For the COIL data with clutter the parameters are for WTM+¥spay; =
0.7,01 = 2.0,6, = 0.1,72 = 0.9,09 = 1.0,65 = 1.0, WTM+PCA: v =
0.9,01 = 3.0,0;, = 0.3,7% = 0.7,00 = 1.0,0, = 1.0, MAX: 1 pixel S1 and
S2 pooling radius, and Square; = 2.0, = 1.0.
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