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Abstract

This work provides a framework for learn-
ing sequettial 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 seart and evaluative feed-
badk from entropy decrease®n the attention
sequencesgevertually prioritizing shifts that
lead to a geometry of descriptor-action scan-
paths that is highly discriminative 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 accuracy and processingtime.

1. Intro duction

Interdependenciedbetweenlearning, attention, and de-
cision making have beenfrequertly 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. Recen re-

seart in neurosciencgDeco, 2004; Deubel, 2004) and

experimertal psydology (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 psydophysical ev-

idence that human obseners 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 sparserepreserations 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 sequencegLi & Clark, 2004),and re ect the

encaling of scenesand relevant objects from sequen-
tial attention in the framework of neural network mod-

eling (Rybak et al., 1998) and probabilistic decision
processegBandera et al., 1996; Minut & Mahadewan,

2001).

The original cortribution of this work is to provide
a scalable approadc for the learning of visual atten-
tion patterns by meansof a cascadedprocessingar-
chitecture to enable object recognition in real-world
ervironments. 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 enablesto ap-
ply ecient strategiesto group informativ e local de-
scriptors using a decisionmaker. The decisionmaking
agert usesQ-learning to assaiate shift of attention-
actions to cumulative reward with respect to a task
goal, i.e., object recognition. Reward is determined
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Figure 1. Concept of cascadedsequeriial 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
sequencede ne the state, posterior and entropy decreaseto driv e useful actions { closing the loop.

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

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

In object recognition terms, this method enablesto
match not only between local feature responses,but
alsotaking the geometrical relations betweenthe spe-
ci ¢ featuresinto accourt, thereby de ning their more
global visual con guration. The proposed method is
outlined in a perception-action framework, providing
a sensorimotordecisionmaker that selectsappropriate
saccadicactionsto focusontarget descriptor locations.
The advantage of this framework is to becomeable to
start interpretation from a single local descriptor and,
to cortin uously 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 exclusiwely at salientimagelocations, using a cas-
cadedattention framework to keepcomplexity low. In
a rst processingstage (early vision), saliert 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 vectorsto receive weak
object hypotheses(feature coding). Descriptor-action
sequencedgletermine recognition states that are then
assaiated 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 seard on useful actions, receiv-
ing reward from entropy decreases.In the test stage,
the decisionmaker demonstratesfeature grouping and
matching betweenthe encourtered and the trained at-
tentive 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 corvergencein the discrimination of objects.

2. Informativ e Foci of Interest

In the rst two processingstages,we determine infor-

mative local descriptors (Sec.2.1) and investigate the
focus of 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 represened 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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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 ead 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 Local Information Content

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 saliency map.

The object recognition task is formally related to the
sampling of local descriptors f; in feature spaceF,
f, 2 RIFi, whereo, denotesan object hypothesisfrom
a given object set . We needto estimate the entropy
H (Ojf;) of the posteriorsP (okjf;), k= 1:::, isthe
number of instantiations of the object classvariable O.
Shannonconditional entropy denotes

H (Ojfi) P (oxjfi) log P (okjfi): (2)
k

Instead of a global estimate on the posterior, we ap-
proximate the posteriors at f; using only samplesg;
inside a Parzen window of a local neighborhood
ifi fiii 2
j = 1:::J. We weight the cortributions of specic
samplesfjx - labeled by object o - that should in-
creasethe posterior estimate P (okjf;) by a Gaussian
kernelfunction valueN (; ) in orderto favor samples
with smallerdistanceto obsenation f;, with = f; and
= =2. The estimate about the conditional entropy
H (Ojf;) providesthen a measureof ambiguity in terms
of characterizing the information content with respect

to object identi cation within a single local obsena-
tion f;. Sincethis local posterior estimate can be still

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

rather costly, the mapping from descriptorsto 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 { ead represerted by a
focus of interest (FOI) { in the saliencymap. At eact
local maximum, the extracted local pattern is assai-
ated to a codebook vector of nearestdistancein feature
space,and the shift action is represeried by the angle
of the translation vector betweenFOI at time instants
(t) and (t+1) .

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

FOls. From the saliency map (a), one computesa bi-
nary mask (b) that represerts the most informativ e re-
gionswith respect to the conditional entropy in Eq. 1,
by selectingead pixel's cortribution to the maskfrom
whether its entropy value H is smaller than a prede-
ned ertropy threshold H ,i.e., H < H . (c) apply-
ing a distance transform on the binary regions of in-
terest results mostly in the accuratelocalization of the
ertropy minimum. The maximum of the local distance
transform value is selectedas FOI. Minimum entropy
valuesand maximum transform valuesare combined 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 Atten tion

Sequetiial attention shifts the focus of attention be-
tween the most informativ e patterns in the order of
assaiated saliency values. In this senseit represens
a step-wise generation of a scanpath (Stark & Choi,
1996), that will be the basisto 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,
() the visual information within the focus of atten-
tion, and (ii) the geometry between the sequetially
accessed=Ols, 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 represered
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 encading for
shifts of attention.

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

Descriptor encodings The visual information in the
FOI is assaiated to a prototypical referencevector to
give a weak object hypothesis: At ead local maxi-
mum, the extracted local pattern g; is assaiated to a
codebook vector ; of nearestdistance

d= argminjjigi ;i 3)
in feature space. The codebook vectors can be esti-
mated from k-meansclustering of a training sampleset
G =0, ;gn ofsizeN (k= 20in the experimerts,
seeFig. 3). The focusedlocal information pattern is
therefore assaiated to the label of the k-th prototype
vector, gaining discrimination merely from the geo-

metric relations between focus encadings 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 s; is nally represerted
by a complete (or part of) a sequetiial attention pat-
tern, i.e., the scanpath. The attention pattern of
length n is encaded by a sequenceof descriptor en-
codings ; and actionsa?2 A, i.e.,

si=( 1@ 5 n 18 n): (4)
Posteriors In order to characterize the discrimina-
tive 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 frequency histogramming: Within the
object learning stage, random actions will lead to ar-
bitrary descriptor-action sequencesi.e., attention pat-
terns. For ead 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 s; to
posteriors, i.e., s; 7! P(okjsi), by monitoring how fre-
quern states are visited under obsenation of particu-
lar objects. From the posterior we compute the condi-
tional entropy H; = H (Qjs;) and the information gain
with respect to actions leading from state st t0 Sj;t+1
by

Herva = Hy  Hysn: 5)

An ecient strategy aims then at selecting in eath
state s;; the action a that would maximize the infor-
mation gain  His (Sit; ak:t+1 ) received from attain-
ing state sj.1+1, i.e.,

a = argmaxa Hsa (Si s a+1): (6)

4. Q-Learning of Atten tiv e Saccades

In eat state of the sequetial
(Sec. 3), a decisionmaking agert is asked to perform
a strategy to selectan action to arrive at a most re-
liable recognition decision. Learning to recognizeob-
jects meansthen to explore di erent descriptor-action
sequencesto quartify consequences terms of a util-
ity measure,and to adjust the cortrol strategy there-
after. In the following we motivate to de ne sequettial
attention asa decisionprocessand addressto userein-
forcemen learning to extract the optimal policy from
explorative seard sincewe lack a precisemodel of the
underlying statistics.

Markov decisionprocesse{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 sequetial 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) describesa
probability distribution over subsequen states, given
the attention shift action a 2 A executablein state
s 2 S. In ead transition, the agen receives reward
accordingto R : S A 7! R, Ry 2 R. The agert must
act to maximize the utilit y Q(s;a), i.e., the expected

attention process

(@)

(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 Hgoa = 1:2).

discourted reward
" . #

"Risn(St+n;aen))

n=0
()
where 2 [0; 1] is a constart cortrolling cortributions
of delayed reward.

Q(s;a) U(s;a)=E

We formalize a sequence of action selections
ai;ay; ;ap in sequetial attention asan MDP and
are searting for optimal solutionswith respectto nd-

ing action selectionssoasto maximizing future reward
with respect to the object recognition task. With ead
shift-of-attention, the entropy reduction givesfeedbak
about the reduction of uncertainty and therefore the
quality of arelated recognition decision. With ead 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 reinforcemen learning, e.g., by
Q-learning (Watkins & Dayan, 1992)which guarartees
corvergenceto 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+ (maxaQ(s%a) Q(s;a)l;

9)
where is the learning rate, cortrols the impact
of a current shift of attention action on future policy
returns.

The decision processin sequetiial attention is deter-
mined by the sequenceof choiceson shift actions at a
speci ¢ focus of interest (FOI). The agert selectsthen
the action a 2 A with largest Q(s;a), i.e.,

ar = argmax,oQ(sr;ad: (10)

5. Exp erimen tal Results

The sequetial 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 cortain any illumination or noise
artefacts, therefore we expect and nally prove high
accuracyin the recognition results, similar to existing
methodologiesbut still proving superiority of learned
in contrast to random decision policies. Outdoor im-
agesare much more challenging with respect to vari-
ancein the viewpoints, the illumination, and also the
distance to the objects (scale). There, we proved that
the geometryin the sequetial 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. Local App earance Descriptors (indo ors)

The indoor experiments were performed on 1440im-
agesof the COIL-20 database(20 objects and 72 views
by rotating ead object by 5 around its vertical ro-
tation axis), investigating up to 5 FOIs in ead obser-
vation sequenceassaiating to k = 20 codebook vec-
tors from informativ e appearance patterns, in order
to determine the recognition state, and deciding on
the next saccadeaction to integrate the information
from successie image locations. Fig. 6a represens
the learning process,illustrating more rapid entropy
decreasedrom the learnedin cortrast to random ac-
tion selectionpolicy. Fig. 6b visualizesthe advantages

(@)

(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 cortrast
to 75% (random). A characteristic learned attention
scanpathis depicted in Fig. 4b.

5.2. SIFT Descriptors (outdo ors)

In the outdoor experimerts, we decidedto use a lo-
cal descriptor, i.e., the SIFT descriptor (Sec.2) dueto
its superior robustnessto viewpoint, illumination and
scalechanges. The experimertal results were obtained
from the images of the TSG-20 databasé (Fig. 8a,
20 objects and 2 views by approx. 30 viewpoint
change), investigating up to 5 FOIs in eat obsena-
tion sequenceassaiating to k = 20 codebook vectors
to determine the recognition state, and deciding on
the next saccadeaction to integrate the information
from successie image locations. Fig. 9a visualizesthe
progressgained 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 sequertial 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 04 1500
Random SEQA 96.0 1.2 1200
i-SIFT 975 0.9 2800

cess, illustrating more rapid entropy decreasesfrom
the learnedin corntrast to random action selectionpol-
icy. The recognition rate after the secondaction was

98:8% (learned) in cortrast 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

FOls. (a) depicts the test image overlaid with squares
brightness-caled with respect to assaiated entropy

values (dark=low). (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 sequeltial attention sequence
using the SIFT descriptor.

6. Conclusions

The proposedmethodology signi cantly extendsprevi-
ouswork on sequettial attention and decisionmaking
by providing a scalableframework for learning atten-
tion in real world object recognition. The three-stage
processyi) determining information theoretic saliency
(i) 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 attentive matching by requiring

only very few local descriptor samplesto be evaluated
for object discrimination. Future work will be directed
towards hierarchical reinforcemert learning in order to

provide local grouping schemesthat will be globally
integrated.
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