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Abstract

This work provides a framework for learn-
ing sequential attention in real-world visual
object recognition, using an architecture of
three processingstages. The �rst stage re-
jects irrelevant local descriptors basedon an
information theoretic saliency measure,pro-
viding candidates for foci of interest (FOI).
The second stage investigates the informa-
tion in the FOI using a codebook matcher
and providing weak object hypotheses. The
third stage integrates local information via
shifts of attention, resulting in chains of
descriptor-action pairs that characterize ob-
ject discrimination. A Q-learner adapts then
from explorative search and evaluative feed-
back from entropy decreaseson the attention
sequences,eventually prioritizing shifts that
lead to a geometry of descriptor-action scan-
paths that is highly discriminativ e with re-
spect to object recognition. The method-
ology is successfully evaluated on indoors
(COIL-20 database) and outdoors (TSG-20
database)imagery, demonstrating signi�cant
impact by learning, outperforming standard
local descriptor basedmethods both in recog-
nition accuracyand processingtime.

1. In tro duction

Interdependenciesbetweenlearning, attention, and de-
cision making have been frequently emphasized(Ru�
& Rothbart, 1996; Dayan et al., 2000) but did not
yet lead to working solutions in real world environ-
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ments, particularly in computer vision. Recent re-
search in neuroscience(Deco, 2004;Deubel, 2004)and
experimental psychology (Henderson, 2003) has con-
�rmed evidencethat decision behavior plays a domi-
nant role in human selective attention in object and
scenerecognition. E.g., there is psychophysical ev-
idence that human observers represent visual scenes
not by re-constructing but merely by purposive en-
codings via meaningful attention patterns (Stark &
Choi, 1996; Rybak et al., 1998) probing only few rel-
evant features from a scene. This leads on the one
hand to the assumption of transsaccadicobject mem-
ories (Deubel, 2004), and supports theories about the
e�ects of sparseinformation sampling due to change
blindness when humans cannot compare dynamically
built sparserepresentations of a sceneunder impact of
attentional blinks (Rensink et al., 1997). Current bio-
logically motivated computational models on sequen-
tial attention identify shift invariant descriptions of
sampling sequences(Li & Clark, 2004),and re
ect the
encoding of scenesand relevant objects from sequen-
tial attention in the framework of neural network mod-
eling (Rybak et al., 1998) and probabilistic decision
processes(Bandera et al., 1996;Minut & Mahadevan,
2001).

The original contribution of this work is to provide
a scalable approach for the learning of visual atten-
tion patterns by means of a cascadedprocessingar-
chitecture to enable object recognition in real-world
environments. Firstly , it proposesto integrate local
information only at locations that are relevant with
respect to the task, in terms of an information the-
oretic saliency measure. Secondly, it enables to ap-
ply e�cien t strategies to group informativ e local de-
scriptors using a decisionmaker. The decisionmaking
agent usesQ-learning to associate shift of attention-
actions to cumulativ e reward with respect to a task
goal, i.e., object recognition. Reward is determined
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Figure 1. Concept of cascadedsequential attention for object recognition. In early vision, the system extracts informativ e
local descriptors and focus of interest, where descriptors are encoded with respect to codebook vectors. Descriptor-action
sequencesde�ne the state, posterior and entropy decreaseto driv e useful actions { closing the loop.

for the reduction of entropy for recognition. Objects
are represented in a framework of perception-action,
providing a transsaccadicworking memory that stores
useful grouping strategiesof a kind of hypothesizeand
test behavior.

In computer vision, recent research has beenfocusing
on the integration of information received from local
descriptors into a more global analysiswith respect to
object recognition (Weber et al., 2000;Lowe, 2004)).
The solutions are assuming statistical independence
of the local responses,excludesegmentation problems
by assumingsingle object hypothesesin the image, or
assumeregions with uniformly labelled operator re-
sponses.

In object recognition terms, this method enables to
match not only between local feature responses,but
also taking the geometrical relations betweenthe spe-
ci�c featuresinto account, thereby de�ning their more
global visual con�guration. The proposedmethod is
outlined in a perception-action framework, providing
a sensorimotordecisionmaker that selectsappropriate
saccadicactions to focuson target descriptor locations.
The advantage of this framework is to becomeable to
start interpretation from a single local descriptor and,
to continuously and iterativ ely integrate local descrip-
tors 'on the 
y' while evaluating the current geometric
con�guration for e�cien t discrimination.

Fig. 1 illustrates the closed loop object recognition
process. Visual information is attended for recogni-
tion exclusively at salient imagelocations, using a cas-
cadedattention framework to keepcomplexity low. In
a �rst processingstage (early vision), salient image
locations are selectedusing an information theoretic
measurewith respect to object discrimination (Fritz

et al., 2004). The information in the focus of interest
is then matched to codebook vectors to receive weak
object hypotheses(feature coding). Descriptor-action
sequencesdetermine recognition states that are then
associated with object posteriorsthat de�ne the decre-
assein posterior entropy (reward) and drive selection
of shift-of-attention actions.

In the training stage, the reinforcement learner per-
forms trial and error search on useful actions, receiv-
ing reward from entropy decreases.In the test stage,
the decisionmaker demonstratesfeature grouping and
matching betweenthe encountered and the trained at-
tentiv e sensorimotor patterns. The method is evalu-
ated in experiments on object recognition using the
reference COIL-20 (indoor imagery) and the TSG-
20 object (outdoor imagery) database, proving the
method being computationally feasibleand providing
rapid convergencein the discrimination of objects.

2. Informativ e Foci of In terest

In the �rst two processingstages,we determine infor-
mative local descriptors (Sec.2.1) and investigate the
focusof interest for weak object hypotheses(Sec.2.2).
Relating the information theoretic cost measurewith
respect to all individual pixels, we extract a saliency
map, i.e., a biologically motivated intermediate repre-
sentation usedin visual attention (Paletta et al., 2005)
(i) to relate image content directly to cost measure,
and (ii) to easily determine regions of interest from
maxima in the saliency map values.

In this work, descriptorsare either represented by nor-
malized brightness(appearance)patterns (Fritz et al.,
2004), or by the Scale Invariant feature Transform
(SIFT) (Lowe, 2004). While appearancepatterns pro-
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(a) (b) (c) (d)

Figure 2. Extraction of foci of interest from an information theoretic saliency map (Sec. 2). (a) Saliency from the entropy
in local brightness patterns (dark=lo w entropy). (b) Binarization from thresholding for most informativ e regions. (c)
Distance transform on informativ e regions. (d) Masking of already processedregions (inhibition of return).

vide fundamental analysisfor each pixel, SIFT descrip-
tors are more sparselydistributed, but they are known
to be rotation-, scale-and, to a high degree,illumina-
tion invariant.

2.1. Saliency from Lo cal Information Con ten t

We determine the saliency from an information theo-
retic measureto evaluate an early vision feature (de-
scriptor, i.e., a pattern of visual information) with re-
spect to its utilit y for a given task, i.e., object recog-
nition. The resulting local entropy value is then asso-
ciated to the corresponding pixel in the saliencymap.

The object recognition task is formally related to the
sampling of local descriptors f i in feature space F ,
f i 2 R jF j , where oi denotesan object hypothesisfrom
a given object set 
. We needto estimate the entropy
H (Ojf i ) of the posteriorsP(ok jf i ), k = 1: : : 
, 
 is the
number of instantiations of the object classvariable O.
Shannonconditional entropy denotes

H (Ojf i ) � �
X

k

P(ok jf i ) logP(ok jf i ): (1)

Instead of a global estimate on the posterior, we ap-
proximate the posteriors at f i using only samplesgj

inside a Parzen window of a local neighborhood � ,

jj f i � f j jj � �; (2)

j = 1: : : J . We weight the contributions of speci�c
samplesf j ;k - labeled by object ok - that should in-
creasethe posterior estimate P(ok jf i ) by a Gaussian
kernel function value N (�; � ) in order to favor samples
with smallerdistanceto observation f i , with � = f i and
� = �=2. The estimate about the conditional entropy
Ĥ (Ojf i ) providesthen a measureof ambiguit y in terms
of characterizing the information content with respect
to object identi�cation within a single local observa-
tion f i . Sincethis local posterior estimate can be still

Figure 3. Set of 20 codebook patterns for a protot ypical
representation of the spaceof all informativ e patterns. The
patterns have been found by k-means clustering.

rather costly, the mapping from descriptors to entropy
valuescan be estimated with su�cien t accuracyusing
a decisiontree (Fritz et al., 2004) which dramatically
reducescomputing times.

2.2. Sequential Focus from Saliency Maps

Attention on local descriptors is shifted between the
largest local maxima of the information theoretic
saliencymeasure(Sec.2.1). The sequenceof local foci
originates at a randomly selectedsaliency maximum.
The shift-of-attention action targets then towards one
of next n-best ranked maxima { each represented by a
focus of interest (FOI) { in the saliencymap. At each
local maximum, the extracted local pattern is associ-
ated to a codebook vector of nearestdistancein feature
space,and the shift action is represented by the angle
of the translation vector betweenFOI at time instants
(t) and (t+1) .

Fig. 2 depicts the principal stages in selecting the
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Figure 4. Generation of attention patterns. (a) The
Shift-of-atten tion action originates in a randonly selected
saliencymaximum and is directed towards four next ranked
target foci. (b) Learned attention pattern (scanpath) to
characterize and recognize the object.

FOIs. From the saliency map (a), one computesa bi-
nary mask(b) that represents the most informativ e re-
gionswith respect to the conditional entropy in Eq. 1,
by selectingeach pixel's contribution to the mask from
whether its entropy value H is smaller than a prede-
�ned entropy threshold H � , i.e., H < H � . (c) apply-
ing a distance transform on the binary regions of in-
terest results mostly in the accurate localization of the
entropy minimum. The maximum of the local distance
transform value is selectedas FOI. Minim um entropy
valuesand maximum transform valuesarecombined to
give a location of interest for the �rst FOI, applying
a 'Winner-tak es-it-all' (WT A) principle (Itti & Koch,
2001). (d) Masking out the selectedmaximum of the
�rst FOI, one can apply the sameWTA rule, select-
ing the maximum saliency. This masking is known as
'inhibition of return' (Tipp er et al., 2003) in human
visual attention.

3. Sensorimotor Sequential A tten tion

Sequential attention shifts the focus of attention be-
tween the most informativ e patterns in the order of
associated saliency values. In this senseit represents
a step-wise generation of a scanpath (Stark & Choi,
1996), that will be the basis to provide an integration
of the visual information within the sampledattention
windows. There is two kind of information in the scan-
path that characterizes an object for discrimination,
(i) the visual information within the focus of atten-
tion, and (ii) the geometry between the sequentially
accessedFOIs, i.e., the shift-of-attention action trans-
lating between FOIs. In this work we claim that the
pattern in the FOI must not necessarilybe represented
in �nest detail but an approximate characterization
will su�ce to give a weak object hypothesis. This ren-

Figure 5. Discretization of the angle based encoding for
shifts of attention.

ders the algorithm tolerant to noiseand failures in the
local interpretation, but on the other hand givesrise to
analysethe spatial context, i.e., the geometry between
the descriptors, in more detail.

Descriptor encodings The visual information in the
FOI is associated to a protot ypical referencevector to
give a weak object hypothesis: At each local maxi-
mum, the extracted local pattern gi is associated to a
codebook vector � j of nearestdistance

d = argmin j jjgi � � j jj (3)

in feature space. The codebook vectors can be esti-
mated from k-meansclustering of a training sampleset
G = g1; � � � ; gN of sizeN (k = 20 in the experiments,
seeFig. 3). The focused local information pattern is
therefore associated to the label of the k-th protot ype
vector, gaining discrimination merely from the geo-
metric relations between focus encodings in order to
discriminate attention patterns.

Action The shift-of-attention actions target in the
proposed method towards one out of next n best-
ranked maxima (e.g., n=4 in Fig. 4a) within the in-
formation theoretic saliency map. Saccadic actions
originate from a randomly selectedlocal maximum of
saliency and target towards one of the remaining (n-
1) best-ranked maxima via a saccadicaction a 2 A
(Fig. 4a). The individual action and its correspond-
ing angle � (x; y; a) is then categorizedinto one out of
jAj = 8 principal directions (� a = 45� ) (Fig. 5).

Scanpath An individual state si is �nally represented
by a complete (or part of) a sequential attention pat-
tern, i.e., the scanpath. The attention pattern of
length n is encoded by a sequenceof descriptor en-
codings � j and actions a 2 A, i.e.,

si = (� 1; a2; � � � ; � n � 1; an ; � n ) : (4)

Posteriors In order to characterize the discrimina-
tiv e value of a scanpath, we determine an estimate
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on the posterior on object hypotheses,given a par-
ticular descriptior-action sequence. The posterior is
estimated from frequencyhistogramming: Within the
object learning stage, random actions will lead to ar-
bitrary descriptor-action sequences,i.e., attention pat-
terns. For each attention pattern, we protocol the
number of times it was experiencedin the context of
the corresponding object in the database. From this
we are able to estimate a mapping from states si to
posteriors, i.e., si 7! P(ok jsi ), by monitoring how fre-
quent states are visited under observation of particu-
lar objects. From the posterior we compute the condi-
tional entropy H i = H (Ojsi ) and the information gain
with respect to actions leading from state si;t to sj ;t +1

by

� H t +1 = H t � H t +1 : (5)

An e�cien t strategy aims then at selecting in each
state si;t the action a� that would maximize the infor-
mation gain � H t +1 (si;t ; ak ;t +1 ) received from attain-
ing state sj ;t +1 , i.e.,

a� = argmaxa � H t +1 (si;t ; ak ;t +1 ): (6)

4. Q-Learning of A tten tiv e Saccades

In each state of the sequential attention process
(Sec. 3), a decision making agent is asked to perform
a strategy to select an action to arrive at a most re-
liable recognition decision. Learning to recognizeob-
jects meansthen to explore di�eren t descriptor-action
sequences,to quantify consequencesin terms of a util-
it y measure,and to adjust the control strategy there-
after. In the following we motivate to de�ne sequential
attention asa decisionprocess,and addressto userein-
forcement learning to extract the optimal policy from
explorative search sincewe lack a precisemodel of the
underlying statistics.

Markov decisionprocesses(MDPs (Puterman, 1994))
have already beenintro ducedfor object recognition by
(Draper et al., 1999) in the senseof optimal selection
of visual procedures. Here, the MDP will provide the
general framework to outline sequential attention for
object recognition in a multistep decision task with
respect to the discrimination dynamics. An MDP is
de�ned by a tuple (S; A ; � ; R) with state recognition
set S, action set A , probabilistic transition function �
and reward function R : S � A 7! �( S) describes a
probabilit y distribution over subsequent states, given
the attention shift action a 2 A executable in state
s 2 S. In each transition, the agent receives reward
according to R : S � A 7! R, R t 2 R. The agent must
act to maximize the utilit y Q(s;a), i.e., the expected

(a)

(b)

Figure 6. Performance evaluation on appearance patterns
(Sec. 2). (a) Learned strategies lead to lower posterior en-
tropy levels within shorter attention sequences. (b) Ran-
dom strategies require more actions to attain an entropy
threshold (task goal) (threshold H goal = 1:2).

discounted reward

Q(s;a) � U(s;a) = E

"
1X

n =0


 n R t + n (st + n ; at + n ))

#

;

(7)
where 
 2 [0; 1] is a constant controlling contributions
of delayed reward.

We formalize a sequence of action selections
a1; a2; � � � ; an in sequential attention as an MDP and
aresearching for optimal solutionswith respect to �nd-
ing action selectionssoasto maximizing future reward
with respect to the object recognition task. With each
shift-of-attention, the entropy reduction givesfeedback
about the reduction of uncertainty and therefore the
quality of a related recognition decision. With each ac-
tion, the reward in terms of information gain (Eq. 5)
in the posterior distribution on object hypotheses,is
received from attention shift a by

R(s;a) := � H : (8)
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Sincethe probabilistic transition function �( �) cannot
be known beforehand, the probabilistic model of the
task is estimated via reinforcement learning, e.g., by
Q-learning (Watkins & Dayan, 1992)which guarantees
convergenceto an optimal policy applying su�cien t
updates of the Q-function Q(s;a), mapping recogni-
tion states s and actions a to utilit y values. The Q-
function update rule is

Q(s;a) = Q(s;a)+ � [R + 
 (maxa0Q(s0; a0) � Q(s;a))] ;
(9)

where � is the learning rate, 
 controls the impact
of a current shift of attention action on future policy
returns.

The decision processin sequential attention is deter-
mined by the sequenceof choiceson shift actions at a
speci�c focusof interest (FOI). The agent selectsthen
the action a 2 A with largest Q(s;a), i.e.,

aT = argmaxa0Q(sT ; a0): (10)

5. Exp erimen tal Results

The sequential attention methodology was applied
to experiments with (i) indoor imagery (COIL-20
database), and with (ii) outdoor imagery (TSG-20
database) on the task of object recognition. The in-
door imagesdo not contain any illumination or noise
artefacts, therefore we expect and �nally prove high
accuracy in the recognition results, similar to existing
methodologiesbut still proving superiorit y of learned
in contrast to random decision policies. Outdoor im-
agesare much more challenging with respect to vari-
ance in the viewpoints, the illumination, and also the
distance to the objects (scale). There, we proved that
the geometryin the sequential attention provided good
discrimination, but above all, that the learned pol-
icy can signi�cantly outperform standard recognition
methodology, both with respect to recognition accu-
racy and computing times.

5.1. Lo cal App earance Descriptors (indo ors)

The indoor experiments were performed on 1440 im-
agesof the COIL-20 database(20 objects and 72 views
by rotating each object by 5� around its vertical ro-
tation axis), investigating up to 5 FOIs in each obser-
vation sequence,associating to k = 20 codebook vec-
tors from informativ e appearancepatterns, in order
to determine the recognition state, and deciding on
the next saccadeaction to integrate the information
from successive image locations. Fig. 6a represents
the learning process,illustrating more rapid entropy
decreasesfrom the learned in contrast to random ac-
tion selectionpolicy. Fig. 6b visualizesthe advantages

(a)

(b)

Figure 7. Informativ e descriptors for early vision. (a) Po-
sition and scale of local descriptors (SIFT (Lowe, 2004),
(b) Selection of most informativ e (dark coded) descriptors
for further processing(Sec. 2).

from learning by requiring lessactions to attain more
informativ e recognition states. The recognition rate
after the secondaction was 92% (learned) in contrast
to 75% (random). A characteristic learned attention
scanpath is depicted in Fig. 4b.

5.2. SIFT Descriptors (outdo ors)

In the outdoor experiments, we decided to use a lo-
cal descriptor, i.e., the SIFT descriptor (Sec.2) due to
its superior robustnessto viewpoint, illumination and
scalechanges.The experimental results wereobtained
from the images of the TSG-20 database1 (Fig. 8a,
20 objects and 2 views by approx. 30� viewpoint
change), investigating up to 5 FOIs in each observa-
tion sequence,associating to k = 20 codebook vectors
to determine the recognition state, and deciding on
the next saccadeaction to integrate the information
from successive image locations. Fig. 9a visualizesthe
progress gained from the learning processin requir-
ing lessactions to attain more informativ e recognition
states. Fig. 9b re
ects the corresponding learning pro-

1The TSG-20 database can be downloaded at
http://dib.joanneum.at/cap e/TSG-20.
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Table 1. Performance comparison between learned and
random sequential attention (SEQA) policies on TSG-20
(with SIFT), and state-of-the-art informativ e SIFT recog-
nition (Fritz et al., 2005), comparing recognition accuracy
and computing times.

Method Accura cy (%) Time (ms)

Q-learn SEQA 98.8� 0.4 1500
Random SEQA 96.0� 1.2 1200
i-SIFT 97.5� 0.9 2800

cess, illustrating more rapid entropy decreasesfrom
the learnedin contrast to random action selectionpol-
icy. The recognition rate after the secondaction was
� 98:8%(learned) in contrast to � 96:0%(random, see
Table 1). A characteristic learned attention scanpath
is depicted in Fig. 4b.

Fig. 7 depicts the principal stagesin the selection of
FOIs. (a) depicts the test imageoverlaid with squares
brightness-coded with respect to associated entropy
values (dark=lo w). (b) depicts the selection of the
most informativ e descriptors from (a). Fig. 8 illus-
trates (b) various opportunities for action from a given
FOI, and (c) a learned sequential attention sequence
using the SIFT descriptor.

6. Conclusions

The proposedmethodology signi�cantly extendsprevi-
ous work on sequential attention and decisionmaking
by providing a scalableframework for learning atten-
tion in real world object recognition. The three-stage
process,(i) determining information theoretic saliency,
(ii) characterizing the visual information in the FOI,
and (iii) integrating local descriptive information in
a perception-action recognition processis robust with
respect to viewpoint, scale,and illumination changes
using the standrad descriptor SIFT (Lowe, 2004), and
�nally provides rapid attentiv e matching by requiring
only very few local descriptor samplesto be evaluated
for object discrimination. Future work will be directed
towards hierarchical reinforcement learning in order to
provide local grouping schemesthat will be globally
integrated.

Ac knowledgmen ts

This work is supported by the European Commission
funded project MACS under grant FP6-004381 and
MOBVIS under grant FP6-511051,and by the FWF
Austrian Joint Research Project Cognitive Vision un-

(a)
1 2 3 4

10

30

50

70

90

100

steps

ac
cu

ra
cy

(b)
1 2 3 4

0

0.5

1

1.5

2

2.5

steps

av
g.

 e
nt

ro
py

(c)
0 200 400 600 800 1000 1200 1400 1600 1800 2000

1

2

3

trial

nu
m

be
r 

of
 s

te
ps

 p
er

 tr
ia

l

(d)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

0

0.2

0.4

0.6

0.8

1

object

ac
cu

ra
cy

Figure 9. Performance evaluation of learned policy. (a)
Step-wise improvement in recognition accuracy. (b) Step-
wise entropy reduction. (c) Number of actions required
to attain task goal (entropy threshold). (d) Recognition
accuracy with respect to individual objects.

der sub-projects S9103-N04and S9104-N04.

References
Bandera, C., Vico, F., Bravo, J., Harmon, M., & Baird, L.

(1996). Residual Q-learning applied to visual attention.
International Conference on Machine Learning (pp. 20{
27).

Dayan, P., Kakade, S., & Montague, P. (2000). Learn-
ing and selective attention. Nature Neuroscience, 1218{
1223.

Deco, G. (2004). The computational neuroscienceof vi-
sual cognition: Atten tion, memory and reward. Proc.
International Workshop on Attention and Performance
in Computational Vision (pp. 49{58).



Q-Learning of Sequen tial A tten tion from Informativ e Descriptors

(a) (b) (c)

Figure 8. (a) Objects of the TSG-20 database (Sec. 5). (b) Opportunities for shift-of-atten tion actions from a current
FOI. (c) Learned descriptor-action basedattention pattern (scanpath) to recognizeobject o14 .
.

Deubel, H. (2004). Localization of targets acrosssaccades:
Role of landmark objects. Visual Cognition , 173{202.

Draper, B., Bins, J., & Baek, K. (1999). ADORE: adaptiv e
object recognition. Proc. International Conference on
Vision Systems, ICVS 1999 (pp. 522{537).

Fritz, G., Seifert, C., Paletta, L., & Bischof, H. (2004).
Rapid object recognition from discriminativ e regions of
interest. Proc. National Conference on Arti�cial Intel li-
gence, AAAI 2004 (pp. 444{449).

Fritz, G., Seifert, C., Paletta, L., & Bischof, H. (2005).
Building recognition using informativ e local descriptors
from mobile imagery. Proc. Scandinavian Conference on
Image Analysis, SCIA 2005.

Henderson, J. (2003). Human gaze control in real-world
sceneperception. Trends in Cognitive Sciences, 7, 498
{504.

Itti, L., & Koch, C. (2001). Computational modeling of
visual attention. Nature Reviews Neuroscience, 2, 194{
203.

Li, M., & Clark, J. (2004). Learning of position and
attention-shift invariant recognition across attention
shifts. Proc. International Workshop on Attention and
Performance in Computational Vision (pp. 41{48).

Lowe, D. G. (2004). Distinctiv e image features from scale-
invariant keypoints. International Journal of Computer
Vision , 60, 91{110.

Min ut, S., & Mahadevan, S. (2001). A reinforcement learn-
ing model of selective visual attention. Proc. Interna-
tional Conference on Autonomous Agents(pp. 457{464).

Paletta, L., Rome, E., & Buxton, H. (2005). Atten tion
architectures for machine vision and mobile robots. In
L. Itti, G. Rees and J. Tsotsos (Eds.), Neurobiology of
attention , 642{648. Amsterdam, Netherlands: Elsevier
Science.

Puterman, M. (1994). Markov decision processes. New
York, NY: John Wiley & Sons.

Rensink, R., O'Regan, J., & Clark, J. (1997). To seeor
not to see: The need for attention to perceive changes
in scenes.Psychological Science, 8, 368{373.

Ru�, H., & Rothbart, M. (1996). Attention in early devel-
opment. New York, NY: Oxford Univ ersity Press.

Rybak, I., V., I. G., Golovan, A., Podladchikova, L., &
Shevtsova, N. (1998). A model of attention-guided visual
perception and recognition. Vision Research, 38, 2387{
2400.

Stark, L. W., & Choi, Y. S. (1996). Experimental meta-
physics: The scanpath as an epistemological mecha-
nism. In W. H. Zangemeister,H. S. Stiehl and C. Freska
(Eds.), Visual attention and cognition , 3{69. Amster-
dam, Netherlands: Elsevier Science.

Tipp er, S., Grisson, S., & Kessler, K. (2003). Long-term
inhibition of return of attention. Psychological Science,
14, 19{25{105.

Watkins, C., & Dayan, P. (1992). Q-learning. Machine
Learning, 8, 279{292.

Weber, M., Welling, M., & Perona, P. (2000). Unsuper-
vised learning of models for recognition. Proc. European
Conference on Computer Vision (pp. 18{32).


