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Abstract— Attention is a highly important phenomenonemerg-
ing in infant development [1]. In human perception, sequential
visual sampling about the ervironment is mandatory for object
recognition purposes.Sequentialattention is viewedin the frame-
work of a saccadicdecision processthat aims at minimizing the
uncertainty about the semanticinter pretation for object or scene
recognition. Methodologically, this work provides a framework
for learning sequential attention in real-world visual object
recognition, using an architecture of three processingstages.
The rst stage rejects irr elevant local descriptors providing
candidatesfor foci of interest(FOI). The secondstageinvestigates
the information in the FOI using a codebook matcher. The
third stage integrates local information via shifts of attention
to characterize object discrimination. A Q-learner adapts then
from explorative search on the FOI sequencesThe methodology
is successfullyevaluated on representatize indoors and outdoors
imagery, demonstrating the signi cant impact of the learning
procedures on recognition accuracy and processingtime.

I. INTRODUCTION

To function well, infants needto be selectvely attending
to only a small portion of the information available. At the
sametime, they must be responsie to improtant events as
they occur [1]. Interdependencie®etweenlearning, atten-
tion, and decisionmaking have beenfrequently emphasized
[1], [2] but did not yet lead to working solutionsin real
world ervironments,particularly in computervision. Recent
researchin neuroscienc§3], [4] andexperimentalpsychology
[5] has conrmed evidence that decision behaior plays a
dominant role in human selectve attentionin object and
scenerecognition.E.g., thereis psychoplysical evidencethat
humanobsenrersrepresenvisualscenesot by re-constructing
but merely by purposve encodingsvia meaningfulattention
patterns[6], [7] probing only few relevant featuresfrom a
scene.This leads on the one hand to the assumptionof
transsaccadiobjectmemorieq4], andsupportgheoriesabout
theeffectsof sparseénformationsamplingdueto changeblind-
nesswhen humanscannotcomparedynamically built sparse
representationsf a sceneunderimpactof attentionalblinks
[8]. Currentbiologically motivated computationaimodelson
sequentiahttentionre ect the encodingof scenesandrelevant
objectsfrom sequentialattentionin the framevork of neural
network modeling [7] and probabilistic decision processes
[10], [11].

The original contritution of this work is to demonstrate
the learningof attentionpatternsin a computationabpproach

thatis inspiredby humanperceptionBy providing a scalable
approactfor the learningof sequentiavisual attentionfor the
purposeof object recognitionin real-world environments, it

demonstratetheimportanceof cascadegrocessingtagedor

the selectionmemorizatiorandre-cognitionof discriminatve

information.

Firstly, the methodologyproposesto integrate local infor-
mation only at locationsthat are relevant with respectto the
task, in termsof an information theoreticsalieny measure.
Secondly it enablesto apply efcient stratgjies to group
informative local descriptorsusing a decision maker. The
decision making agentusesQ-learningto associateshift of
attentioractionsto cumulatve reward with respectto a task
goal, i.e., object recognition. Reward is determinedfor the
reductionof entrogy for recognition.Objectsare represented
in aframevork of perception-actiomproviding atranssaccadic
working memory that storesuseful grouping stratgies of a
kind of hypothesizeand testbehaior.

In computevision, recentresearchhasbeenfocusingon the
integrationof informationreceved from local descriptorgnto
amoreglobalanalysiswith respecto objectrecognition [12],
[13]). The solutions are assumingstatistical independence
of the local responsesgxclude segmentation problems by
assumingsingle object hypothesesn the image, or assume
regionswith uniformly labelledoperatorresponses.

In object recognitionterms, this methodenablesto match
not only betweenlocal feature responsesput also taking
the geometricalrelations betweenthe speci ¢ featuresinto
account,therebyde ning their more global visual con gura-
tion. The proposedmethodis outlinedin a perception-action
framawork, providing a sensorimotordecisionmaler that se-
lectsappropriatesaccadiactionsto focuson target descriptor
locations.The adwvantageof this framework is to becomeable
to start interpretation from a single local descriptorand, to
continuouslyanditeratively integratelocal descriptorson the
y' while evaluatingthe currentgeometriccon guration for
efcient discrimination.

Fig. 1 illustratesthe closedloop objectrecognitionprocess.
Visual information is attendedfor recognitionexclusively at
salientimagelocations,usinga cascadedttentionframenork
to keepcompl«ity low. In a rst processingstage(early vi-
sion), salientimagelocationsareselectedisinganinformation
theoreticmeasurewith respectto object discrimination[14].
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Fig. 1. Conceptof cascadedequentiabttentionfor objectrecognition.In early vision, the systemextractsinformative local descriptorsandfocusof interest,
where descriptorsare encodedwith respectto codebookvectors.Descriptoraction sequencesle®nethe state,posteriorand entrofy decreaseo drive useful

actions— closingthe loop.

The information in the focus of interestis then matchedto
codebookvectorsto receve weak object hypothesedqfeatue
coding. Descriptoraction sequencesleterminerecognition
stateghatarethenassociateavith objectposteriorghatde ne
the decreasse posteriorentropy (reward) anddrive selection
of shift-of-attentionactions

In the training stage,the reinforcementlearner performs
trial and error searchon useful actions, receving reward
from entrogy decreasedn the teststage,the decisionmaler
demonstratesfeature grouping and matching between the
encounteredand the trained attentve sensorimotorpatterns.
The methodis evaluatedin experimentson objectrecognition
usingthereferenceCOIL-20 (indoorimagery)andthe TSG-20
object (outdoorimagery)databaseproving the methodbeing
computationallyfeasibleand providing rapid cornvergencein
the discriminationof objects.

Il. INFORMATIVE FOCI OF INTEREST

In the rst two processingstageswe determineinforma-
tive local descriptors(Sec. lI-A) and investicate the focus
of interestfor weak object hypotheseqSec. II-B). Relating
the information theoretic cost measurewith respectto all
individual pixels,we extracta saliengy map,i.e.,abiologically
motivatedintermediaterepresentatiomsedin visual attention
[15] (i) to relateimagecontentdirectly to costmeasureand
(i) to easilydetermineregionsof interestfrom maximain the
saliengy mapvalues.

In this work, descriptorsare either representedby normal-
ized brightness(appearancepatterns[14], or by the Scale
Invariant feature Transform (SIFT) [13]. While appearance
patternsprovide fundamentalanalysisfor each pixel, SIFT
descriptorsare more sparselydistributed, but they are knowvn
to be rotation-, scale- and, to a high degree, illumination
invariant.

A. Saliencyfrom Local Information Content

We determinethe salieny from an information theoretic
measureo evaluatean early vision feature(descriptori.e., a

patternof visual information) with respectto its utility for a
giventask,i.e., objectrecognition.The resultinglocal entropy
value is then associatedto the correspondingpixel in the
salieny map.

The objectrecognitiontaskis formally relatedto the sam-
pling of local descriptorsf; in featurespaceF, f; 2 RiFI,
whereo; denotesan objecthypothesisfrom a given objectset

. We needto estimatethe entrogy H (Ojf;) of the posteriors
P(ojfi), k= 1::: , isthenumberof instantiationsof the
objectclassvariable O. Shannonconditionalentrofy denotes

H (Ojfi) P (okjfi) log P (okjfi): 1)

k
Insteadof a global estimateon the posterior we approximate
the posteriorsat f; using only samplesg; inside a Parzen
window of alocal neighborhood, jjfi  fjjj )= 1000,

The estimateaboutthe conditionalentropy H (Ojf;) provides
then a measureof ambiguity in terms of characterizingthe
informationcontentwith respecto objectidenti cation within

a singlelocal obseration f; [14].

B. SequentiaFocusfrom SaliencyMaps

Attention on local descriptords shiftedbetweerthe largest
local maxima of the information theoretic salieny measure
(Sec.ll-A).

Fig. 2 depictsthe principal stagesin selectingthe FOls.
From the saliengy map (a), one computesa binary mask (b)
that representghe most informative regions with respectto
the conditional entrofy in Eq. 1, by selectingeach pixel's
contrikution to the maskfrom whetherits entrogy valueH is
smallerthana prede nedentropy thresholdH ,i.e.,,H < H
(c) applyinga distancetransformon the binary regions of in-
terestresultsmostly in the accuratdocalizationof the entrory
minimum. The maximumof thelocal distanceransformvalue
is selectedas FOI. Minimum entrofy valuesand maximum
transformvaluesarecombinedo give alocationof interestfor
the rst FOI, applyinga 'Winnertakes-it-all' (WTA) principle
[16]. (d) Maskingout the selectednaximumof the rst FOI,
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Fig. 2. Extractionof foci of interestfrom aninformationtheoreticsalieny map(Sec.ll). (a) Salieng from the entroyy in local brightnesspatterngdark=lov
entropy). (b) Binarizationfrom thresholdingfor mostinformative regions. (c) Distancetransformon informative regions. (d) Masking of alreadyprocessed

regions (inhibition of return).

(b)

Fig. 3. Generationof attentionpatterns.(a) The Shift-of-attentionaction
originatesin a randomlyselectedsalieny maximumandis directedtowards
four next ranked target foci. (b) Learned attention pattern (scanpath)to
characterizeand recognizethe object.

one can apply the sameWTA rule, selectingthe maximum
salieng. This maskingis known as'inhibition of return' [17]
in humanvisual attention.

I1l. SENSORIMOTOR SEQUENTIAL ATTENTION

Sequentiahttentionshiftsthefocusof attentionbetweerthe
mostinformative patternsin the order of associatedsalieny
values,in this senserepresentinga step-wisegenerationof
a scanpath[6]. Thereis two kind of information that char
acterizesobjects for discrimination from scanpaths(i) the
visual information within the focus of attention,and (ii) the
geometry betweenthe sequentiallyaccessed=Ols, i.e., the
shift-of-attentionactiontranslatingbetween-Ols. In this work
we claim that the patternin the FOI mustnot necessarilybe
representeth nest detailbut anapproximatecharacterization
will sufce to give a weakobjecthypothesisThis rendershe
algorithmtolerantto noise and failuresin the local interpre-
tation, but on the other handgivesrise to analysethe spatial
contet, i.e., the geometrybetweenthe descriptors,n more
detail.

Descriptor encodings The visual information in the FOI
is associatedto a prototypical referencevector to give a
weakobjecthypothesisAt eachlocal maximum,the extracted
local patterng; is associatedto a codebookvector ; of
nearestlistanced = argmin;jjg;  jjj in featurespaceThe

codebookvectorscan be estimatedfrom k-meansclustering
of a training samplesetG = g;; ;gn of sizeN (k = 20
in the experiments).The focusedlocal information patternis
thereforeassociatedo the label of the k-th prototypevectos
gaining discrimination merely from the geometricrelations
betweenfocus encodingsin order to discriminate attention
patterns.

Action The shift-of-attentionactionstargetin the proposed
methodtowardsone out of next n best-rankd maxima(e.g.,
n=4 in Fig. 3a) within the information theoretic saliengy
map. Saccadicactions originate from a randomly selected
local maximum of salieny and target towards one of the
remaining (n-1) best-rankd maxima via a saccadicaction
a 2 A (Fig. 3a). The individual action and its corresponding
angle (x;y;a) is then catgyorizedinto one out of jAj = 8
principal directions( a = 45).

Scanpath An individual states; is nally representedy
a complete(or part of) a sequentiabttentionpattern,i.e., the
scanpath.The attentionpatternof length n is encodedby a
sequencef descriptorencodings ; andactionsa 2 A, i.e.,

n): )

Posteriors In orderto characterizehe discriminatie value
of ascanpathye determineanestimateon the posterioron ob-
ject hypothesesgivena particulardescriptioractionsequence.
The posterioris estimatedfrom frequeny histogramming:
Within the objectlearningstage,randomactionswill leadto
arbitrary descriptoraction sequencesi.e., attention patterns.
For eachattentionpattern,we protocol the numberof times
it was experiencedn the contet of the correspondingbject
in the databaseFrom this we are able to estimatea mapping
from statess; to posteriorsj.e.,s; 7! P(okjsi), by monitoring
how frequentstatesare visited underobsenation of particular
objects.From the posteriorwe computethe conditional en-
tropy Hi = H (Qjs;) andthe informationgain with respecto
actionsleadingfrom states;; to sj;;+1 by

Si=( 1;8; ; n 1;8n;

Hivps = Hi  Hisr: 3

An efcient stratgyy aims then at selectingin each state
sit the actiona that would maximize the information gain
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Fig. 4. Performancevaluationon appearanceatterngSec.ll). (a) Learned
stratgies lead to lower posterior entropy levels within shorter attention
sequences(b) Randomstrateies require more actionsto attain an entropy
threshold(task goal) (thresholdH goa = 1:2).

L L n
0 200 400 600 800

Hi+1 (Sit ; a&t+1 ) received from attainingstates; t+1 , i.e.,

(4)

a = argmaxXa His (Sit;akt+1):

IV. Q-LEARNING OF ATTENTIVE SACCADES

In eachstateof the sequentiahttentionprocesgSec.lll), a
decisionmakingagentis askedto performa stratey to select
an action to arrive at a most reliable recognition decision.
Learningto recognizeobjectsmeansthento explore differ-
ent descriptoraction sequencesto quantify consequencem
termsof a utility measureandto adjustthe control stratgy
thereafterin thefollowing we motivateto de ne sequentiaht-
tentionasa decisionprocessandaddresso usereinforcement
learningto extract the optimal policy from explorative search
sincewe lack a precisemodel of the underlyingstatistics.

Markov decision processes(MDPs) have already been
introduced for object recognition by [18] in the senseof
optimal selectionof visual proceduresHere, the MDP will
provide the generalframevork to outline sequentiakattention
for objectrecognitionin a multistepdecisiontaskwith 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 subsequenstates given the attentionshift actiona 2 A
executablen states 2 S. In eachtransition,the agentreceves
reward accordingto R : S A 7! R, Ry 2 R. The agent
must act to maximize the utility Q(s;a), i.e., the expected
discountedreward " "

Q(s;a) U(s;a) = E "Resn(Stensaen)) 5 (5)

n=0
where 2 [0;1] is a constantcontrolling contributions of
delayedreward.

We formalizea sequence®f actionselectionsa;; az;  ;an
in sequentialattention as an MDP and are searchingfor
optimal solutionswith respectto nding action selectionsso
as to maximizing future reward with respectto the object
recognition task. With each shift-of-attention, the entrogy
reduction gives feedbackabout the reductionof uncertainty
and thereforethe quality of a related recognition decision.
With eachaction, the reward in terms of information gain
(Eg. 3) in the posteriordistribution on object hypothesesjs
received from attentionshift a by

R(s;a) == H: (6)

Since the probabilistic transition function ( ) cannotbe
known beforehand,the probabilistic model of the task is
estimatedvia reinforcementiearning,e.g.,by Q-learning[19]
which guaranteegonvergenceto an optimal policy applying
sufcient updatesof the Q-function Q(s; a), mappingrecog-
nition statess andactionsa to utility values.The Q-function
updaterule is

Q(sia) = Q(s;a) + [R+ (max.Q(s%a) Q(s;a))];
7
where is thelearningrate, controlstheimpactof a current
shift of attentionaction on future policy returns.
The decisionprocessin sequentialattentionis determined
by the sequencef choiceson shift actionsat a speci ¢ focus
of interest(FOI). The agentselectghentheactiona 2 A with

largestQ(s;a), i.e.,

ar = argmaxaoQ(sr;a):
V. EXPERIMENTAL RESULTS

The sequentialattention methodologywas applied to ex-
perimentswith (i) indoor imagery (COIL-20 database)and
with (ii) outdoorimagery (TSG-20 databasepn the task of
object recognition. The indoor imagesdo not contain ary
illumination or noisearteficts,thereforewe expectand nally
prove high accurag in the recognition results, similar to
existing methodologiedut still proving superiorityof learned
in contrastto randomdecisionpolicies. Outdoorimagesare
much more challengingwith respectto variancein the view-
points, the illumination, and also the distanceto the objects
(scale).There,we proved that the geometryin the sequential
attentionprovided gooddiscrimination,but above all, thatthe
learnedpolicy cansigni cantly outperformstandardrecogni-
tion methodology both with respectto recognitionaccurag
and computingtimes.

®)
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Fig. 5. Informatve descriptorsfor early vision. (a) Position and scale of
local descriptors(SIFT [13], (b) Selectionof mostinformative (dark coded)
descriptordfor further processingSec.ll).

A. Local Appeaance Descriptoss (indoors)

The indoor experimentswvere performedon 1440imagesof
the COIL-20 databasg20 objectsand 72 views by rotating
eachobjectby 5 aroundits vertical rotationaxis), investicat-
ing up to 5 FOIs in eachobsenation sequenceassociating
to k = 20 codebookvectors from informative appearance
patterns,in order to determinethe recognition state, and
deciding on the next saccadeaction to integrate the infor-
mation from successie image locations. Fig. 4a represents
the learningprocessillustrating morerapid entrofy decreases
from thelearnedin contrastto randomactionselectionpolicy.
Fig. 4b visualizesthe adwvantagesrom learning by requiring
lessactionsto attainmoreinformative recognitionstates.The
recognitionrate after the secondactionwas 92% (learned)in
contrastto 75% (random).A characteristidearnedattention
scanpaths depictedin Fig. 3b

B. SIFT Descriptoss (outdooss)

In the outdoor experiments,we decidedto use a local
descriptori.e., the SIFT descriptor(Sec.Il) dueto its superior
robustnesgo viewpoint, illumination and scalechangesThe
experimentalresults were obtainedfrom the imagesof the
TSG-20databaséFig. 6a, 20 objectsand 2 views by approx.
30 viewpoint change),investigating up to 5 FOIs in each
obsenation sequenceassociatingo k = 20 codebookvectors
to determinethe recognitionstate,and deciding on the next
saccadeaction to integrate the information from successie
image locations.Fig. 7a visualizesthe progressgained from

TABLE |
PERFORMANCE COMPARISON BETWEEN LEARNED AND RANDOM
SEQUENTIAL ATTENTION (SEQA) POLICIES ON TSG-20 (WITH SIFT),
AND STATE-OF-THE-ART INFORMATIVE SIFT RECOGNITION [20],
COMPARING RECOGNITION accuaCy AND COMPUTING times

METHOD ACCURACY (%) TIME (MS)
Q-LEARN SEQA 98.8 0.4 1500
RANDOM SEQA 96.0 1.2 1200
I-SIFT 97.5 0.9 2800

the learning processin requiring less actionsto attain more
informative recognitionstatesFig. 7b re ects the correspond-
ing learningprocessillustrating morerapid entroy decreases
from the learnedin contrastto randomactionselectionpolicy.
The recognitionrate after the secondaction was  98:8%
(learned)in contrastto  96:0% (random,see Table I). A
characteristidearnedattentionscanpaths depictedin Fig. 3b.

Fig. 5 depictsthe principal stagesn the selectionof FOIs.
(a) depictsthe test image overlaid with squaresbrightness-
codedwith respecto associate@ntropy values(dark=low). (b)
depictsthe selectionof the mostinformative descriptorsfrom
(). Fig. 6 illustrates(b) variousopportunitiesfor actionfrom
a given FOI, and (c) a learnedsequentialattentionsequence
usingthe SIFT descriptor
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Fig. 7. Performancevaluationof learnedpolicy. (a) Step-wisemprovement
in recognition accurayg. (b) Step-wiseentrofy reduction. (¢) Number of
actionsrequiredto attaintaskgoal (entrogy threshold).
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Fig. 6.
attentionpattern(scanpath}o recognizeobjectoys.

VI. CONCLUSIONS

The proposedmethodologysigni cantly extends previous
work on sequentiabttentionanddecisionmakingby providing
a scalableframewvork for learning attentionin real world
object recognition. The three-stageprocess,(i) determining
information theoretic salieng, (ii) characterizingthe visual
informationin the FOI, and (iii) integrating local descriptve
information in a perception-actiorrecognitionprocessis ro-
bustwith respecto viewpoint, scale,andillumination changes
using the standraddescriptorSIFT [13], and nally provides
rapid attentve matching by requiring only very few local
descriptorsamplesto be evaluatedfor object discrimination.
Future work will be directedtowards hierarchicalreinforce-
mentlearningin orderto provide local groupingschemedghat
will be globally integrated.
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