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Abstract— Attention is a highly important phenomenonemerg-
ing in infant development [1]. In human perception, sequential
visual sampling about the envir onment is mandatory for object
recognitionpurposes.Sequentialattention is viewedin the frame-
work of a saccadicdecisionprocessthat aims at minimizing the
uncertainty about the semanticinterpretation 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 thr ee 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
fr om explorative search on the FOI sequences.The methodology
is successfullyevaluated on representative 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 selectively attending
to only a small portion of the information available. At the
sametime, they must be responsive to improtant events as
they occur [1]. Interdependenciesbetween learning, atten-
tion, and decisionmaking have beenfrequently emphasized
[1], [2] but did not yet lead to working solutions in real
world environments,particularly in computervision. Recent
researchin neuroscience[3], [4] andexperimentalpsychology
[5] has con�rmed evidence that decision behavior plays a
dominant role in human selective attention in object and
scenerecognition.E.g., thereis psychophysical evidencethat
humanobserversrepresentvisualscenesnotby re-constructing
but merely by purposive encodingsvia meaningfulattention
patterns[6], [7] probing only few relevant featuresfrom a
scene.This leads on the one hand to the assumptionof
transsaccadicobjectmemories[4], andsupportstheoriesabout
theeffectsof sparseinformationsamplingdueto changeblind-
nesswhen humanscannotcomparedynamicallybuilt sparse
representationsof a sceneunder impact of attentionalblinks
[8]. Currentbiologically motivatedcomputationalmodelson
sequentialattentionre�ect theencodingof scenesandrelevant
objectsfrom sequentialattentionin the framework of neural
network modeling [7] and probabilistic decision processes
[10], [11].

The original contribution of this work is to demonstrate
the learningof attentionpatternsin a computationalapproach

that is inspiredby humanperception.By providing a scalable
approachfor the learningof sequentialvisualattentionfor the
purposeof object recognitionin real-world environments,it
demonstratestheimportanceof cascadedprocessingstagesfor
theselection,memorizationandre-cognitionof discriminative
information.

Firstly, the methodologyproposesto integrate local infor-
mation only at locationsthat are relevant with respectto the
task, in terms of an information theoreticsaliency measure.
Secondly, it enablesto apply ef�cient strategies to group
informative local descriptorsusing a decision maker. The
decisionmaking agentusesQ-learning to associateshift of
attention-actionsto cumulative reward with respectto a task
goal, i.e., object recognition.Reward is determinedfor the
reductionof entropy for recognition.Objectsare represented
in a framework of perception-action,providing a transsaccadic
working memory that storesuseful grouping strategies of a
kind of hypothesizeand testbehavior.

In computervision,recentresearchhasbeenfocusingon the
integrationof informationreceived from local descriptorsinto
a moreglobalanalysiswith respectto objectrecognition [12],
[13]). The solutions are assumingstatistical independence
of the local responses,exclude segmentationproblems by
assumingsingle object hypothesesin the image, or assume
regionswith uniformly labelledoperatorresponses.

In object recognitionterms,this methodenablesto match
not only between local feature responses,but also taking
the geometricalrelations betweenthe speci�c featuresinto
account,therebyde�ning their more global visual con�gura-
tion. The proposedmethodis outlined in a perception-action
framework, providing a sensorimotordecisionmaker that se-
lectsappropriatesaccadicactionsto focuson targetdescriptor
locations.The advantageof this framework is to becomeable
to start interpretation from a single local descriptorand, to
continuouslyanditeratively integratelocal descriptors'on the
�y' while evaluating the currentgeometriccon�guration for
ef�cient discrimination.

Fig. 1 illustratestheclosedloop objectrecognitionprocess.
Visual information is attendedfor recognitionexclusively at
salientimagelocations,usinga cascadedattentionframework
to keepcomplexity low. In a �rst processingstage(early vi-
sion), salientimagelocationsareselectedusinganinformation
theoreticmeasurewith respectto object discrimination[14].



Fig. 1. Conceptof cascadedsequentialattentionfor objectrecognition.In earlyvision, thesystemextractsinformative local descriptorsandfocusof interest,
wheredescriptorsareencodedwith respectto codebookvectors.Descriptor-actionsequencesde®nethe state,posteriorandentropy decreaseto drive useful
actions– closing the loop.

The information in the focus of interest is then matchedto
codebookvectorsto receive weak object hypotheses(feature
coding). Descriptor-action sequencesdeterminerecognition
statesthatarethenassociatedwith objectposteriorsthatde�ne
thedecreassein posteriorentropy (reward) anddrive selection
of shift-of-attentionactions.

In the training stage,the reinforcementlearner performs
trial and error searchon useful actions, receiving reward
from entropy decreases.In the test stage,the decisionmaker
demonstratesfeature grouping and matching between the
encounteredand the trained attentive sensorimotorpatterns.
The methodis evaluatedin experimentson objectrecognition
usingthereferenceCOIL-20 (indoorimagery)andtheTSG-20
object (outdoorimagery)database,proving the methodbeing
computationallyfeasibleand providing rapid convergencein
the discriminationof objects.

I I . INFORMATIVE FOCI OF INTEREST

In the �rst two processingstages,we determineinforma-
tive local descriptors(Sec. II-A) and investigate the focus
of interest for weak object hypotheses(Sec. II-B). Relating
the information theoretic cost measurewith respect to all
individual pixels,we extracta saliency map,i.e.,a biologically
motivatedintermediaterepresentationusedin visual attention
[15] (i) to relateimagecontentdirectly to cost measure,and
(ii) to easilydetermineregionsof interestfrom maximain the
saliency mapvalues.

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

A. Saliencyfrom Local InformationContent

We determinethe saliency from an information theoretic
measureto evaluatean early vision feature(descriptor, i.e., a

patternof visual information) with respectto its utility for a
given task,i.e., objectrecognition.Theresultinglocal entropy
value is then associatedto the correspondingpixel in the
saliency map.

The object recognitiontask is formally relatedto the sam-
pling of local descriptorsf i in featurespaceF , f i 2 R jF j ,
whereoi denotesan objecthypothesisfrom a given objectset

 . We needto estimatethe entropy H (Ojf i ) of the posteriors
P(ok jf i ), k = 1: : : 
 , 
 is thenumberof instantiationsof the
objectclassvariableO. Shannonconditionalentropy denotes

H (Ojf i ) � �
X

k

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

Insteadof a global estimateon the posterior, we approximate
the posteriorsat f i using only samplesgj inside a Parzen
window of a local neighborhood� , jj f i � f j jj � � , j = 1: : : J .
The estimateaboutthe conditionalentropy Ĥ (Ojf i ) provides
then a measureof ambiguity in terms of characterizingthe
informationcontentwith respectto objectidenti�cation within
a single local observation f i [14].

B. SequentialFocusfrom SaliencyMaps

Attention on local descriptorsis shiftedbetweenthe largest
local maxima of the information theoreticsaliency measure
(Sec.II-A).

Fig. 2 depicts the principal stagesin selectingthe FOIs.
From the saliency map (a), one computesa binary mask(b)
that representsthe most informative regions with respectto
the conditional entropy in Eq. 1, by selectingeach pixel's
contribution to the maskfrom whetherits entropy valueH is
smallerthanaprede�nedentropy thresholdH � , i.e.,H < H � .
(c) applyinga distancetransformon the binary regionsof in-
terestresultsmostly in theaccuratelocalizationof theentropy
minimum.Themaximumof thelocal distancetransformvalue
is selectedas FOI. Minimum entropy valuesand maximum
transformvaluesarecombinedto give a locationof interestfor
the �rst FOI, applyinga 'Winner-takes-it-all' (WTA) principle
[16]. (d) Maskingout the selectedmaximumof the �rst FOI,



(a) (b) (c) (d)

Fig. 2. Extractionof foci of interestfrom an informationtheoreticsaliency map(Sec.II). (a) Saliency from theentropy in local brightnesspatterns(dark=low
entropy). (b) Binarizationfrom thresholdingfor most informative regions. (c) Distancetransformon informative regions. (d) Masking of alreadyprocessed
regions(inhibition of return).

(a) (b)

Fig. 3. Generationof attentionpatterns.(a) The Shift-of-attentionaction
originatesin a randomlyselectedsaliency maximumand is directedtowards
four next ranked target foci. (b) Learned attention pattern (scanpath)to
characterizeandrecognizethe object.

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

I I I . SENSORIMOTOR SEQUENTIAL ATTENTION

Sequentialattentionshiftsthefocusof attentionbetweenthe
most informative patternsin the order of associatedsaliency
values, in this senserepresentinga step-wisegenerationof
a scanpath[6]. There is two kind of information that char-
acterizesobjects for discrimination from scanpaths,(i) the
visual information within the focus of attention,and (ii) the
geometrybetweenthe sequentiallyaccessedFOIs, i.e., the
shift-of-attentionactiontranslatingbetweenFOIs.In this work
we claim that the patternin the FOI must not necessarilybe
representedin �nest detailbut anapproximatecharacterization
will suf�ce to give a weakobjecthypothesis.This rendersthe
algorithm tolerant to noiseand failures in the local interpre-
tation, but on the other handgives rise to analysethe spatial
context, i.e., the geometrybetweenthe descriptors,in more
detail.

Descriptor encodingsThe visual information in the FOI
is associatedto a prototypical referencevector to give a
weakobjecthypothesis:At eachlocal maximum,theextracted
local pattern gi is associatedto a codebookvector � j of
nearestdistanced = argmin j jjgi � � j jj in featurespace.The

codebookvectorscan be estimatedfrom k-meansclustering
of a training sampleset G = g1; � � � ; gN of size N (k = 20
in the experiments).The focusedlocal information patternis
thereforeassociatedto the label of the k-th prototypevector,
gaining discrimination merely from the geometric relations
betweenfocus encodingsin order to discriminateattention
patterns.

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

Scanpath An individual statesi is �nally representedby
a complete(or part of) a sequentialattentionpattern,i.e., the
scanpath.The attentionpatternof length n is encodedby a
sequenceof descriptorencodings� j andactionsa 2 A, i.e.,

si = (� 1; a2; � � � ; � n � 1; an ; � n ) : (2)

Posteriors In orderto characterizethe discriminative value
of ascanpath,wedetermineanestimateon theposterioronob-
ject hypotheses,givena particulardescriptior-actionsequence.
The posterior is estimatedfrom frequency histogramming:
Within the object learningstage,randomactionswill lead to
arbitrary descriptor-action sequences,i.e., attentionpatterns.
For eachattentionpattern,we protocol the numberof times
it wasexperiencedin the context of the correspondingobject
in the database.From this we areable to estimatea mapping
from statessi to posteriors,i.e., si 7! P(ok jsi ), by monitoring
how frequentstatesarevisited underobservation of particular
objects.From the posteriorwe computethe conditional en-
tropy H i = H (Ojsi ) andthe informationgain with respectto
actionsleadingfrom statesi;t to sj ;t +1 by

� H t +1 = H t � H t +1 : (3)

An ef�cient strategy aims then at selecting in each state
si;t the action a� that would maximize the information gain
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Fig. 4. Performanceevaluationon appearancepatterns(Sec.II). (a) Learned
strategies lead to lower posterior entropy levels within shorter attention
sequences.(b) Randomstrategies requiremore actionsto attain an entropy
threshold(taskgoal) (thresholdH goal = 1:2).

� H t +1 (si;t ; ak ;t +1 ) received from attainingstatesj ;t +1 , i.e.,

a� = argmaxa � H t +1 (si;t ; ak ;t +1 ): (4)

IV. Q-LEARNING OF ATTENTIVE SACCADES

In eachstateof thesequentialattentionprocess(Sec.III), a
decisionmakingagentis asked to performa strategy to select
an action to arrive at a most reliable recognition decision.
Learning to recognizeobjectsmeansthen to explore differ-
ent descriptor-action sequences,to quantify consequencesin
termsof a utility measure,and to adjust the control strategy
thereafter. In thefollowing we motivateto de�ne sequentialat-
tentionasa decisionprocess,andaddressto usereinforcement
learningto extract the optimal policy from explorative search
sincewe lack a precisemodelof the underlyingstatistics.

Markov decision processes(MDPs) have already been
introduced for object recognition by [18] in the senseof
optimal selectionof visual procedures.Here, the MDP will
provide the generalframework to outline sequentialattention
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 subsequentstates,given the attentionshift actiona 2 A
executablein states 2 S. In eachtransition,theagentreceives
reward accordingto R : S � A 7! R, R t 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

"
1X

n =0


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

#

; (5)

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

We formalizea sequenceof actionselectionsa1; a2; � � � ; 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 entropy
reductiongives feedbackabout the reductionof uncertainty
and thereforethe quality of a related recognition decision.
With each action, the reward in terms of information gain
(Eq. 3) in the posteriordistribution on object hypotheses,is
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 reinforcementlearning,e.g.,by Q-learning[19]
which guaranteesconvergenceto an optimal policy applying
suf�cient updatesof the Q-function Q(s;a), mappingrecog-
nition statess andactionsa to utility values.The Q-function
updaterule is

Q(s;a) = Q(s;a) + � [R + 
 (maxa0Q(s0; a0) � Q(s;a))] ;
(7)

where� is the learningrate,
 controlsthe impactof a current
shift of attentionactionon future policy returns.

The decisionprocessin sequentialattentionis determined
by the sequenceof choiceson shift actionsat a speci�c focus
of interest(FOI). Theagentselectsthentheactiona 2 A with
largestQ(s;a), i.e.,

aT = argmaxa0Q(sT ; a0): (8)

V. EXPERIMENTAL RESULTS

The sequentialattentionmethodologywas applied to ex-
perimentswith (i) indoor imagery (COIL-20 database),and
with (ii) outdoor imagery (TSG-20 database)on the task of
object recognition. The indoor images do not contain any
illumination or noiseartefacts,thereforewe expectand�nally
prove high accuracy in the recognition results, similar to
existing methodologiesbut still proving superiorityof learned
in contrastto randomdecisionpolicies. Outdoor imagesare
muchmorechallengingwith 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, that the
learnedpolicy can signi�cantly outperformstandardrecogni-
tion methodology, both with respectto recognitionaccuracy
andcomputingtimes.
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Fig. 5. Informative descriptorsfor early vision. (a) Position and scaleof
local descriptors(SIFT [13], (b) Selectionof most informative (dark coded)
descriptorsfor further processing(Sec.II).

A. Local AppearanceDescriptors (indoors)

The indoorexperimentswereperformedon 1440imagesof
the COIL-20 database(20 objectsand 72 views by rotating
eachobjectby 5� aroundits vertical rotationaxis), investigat-
ing up to 5 FOIs in eachobservation sequence,associating
to k = 20 codebookvectors from informative appearance
patterns, in order to determine the recognition state, and
deciding on the next saccadeaction to integrate the infor-
mation from successive image locations.Fig. 4a represents
the learningprocess,illustratingmorerapidentropy decreases
from the learnedin contrastto randomactionselectionpolicy.
Fig. 4b visualizesthe advantagesfrom learningby requiring
lessactionsto attainmoreinformative recognitionstates.The
recognitionrateafter the secondactionwas92% (learned)in
contrastto 75% (random).A characteristiclearnedattention
scanpathis depictedin Fig. 3b.

B. SIFT Descriptors (outdoors)

In the outdoor experiments,we decided to use a local
descriptor, i.e., theSIFT descriptor(Sec.II) dueto its superior
robustnessto viewpoint, illumination and scalechanges.The
experimentalresults were obtainedfrom the imagesof the
TSG-20database(Fig. 6a,20 objectsand2 views by approx.
30� viewpoint change),investigating up to 5 FOIs in each
observationsequence,associatingto k = 20 codebookvectors
to determinethe recognitionstate,and decidingon the next
saccadeaction to integrate the information from successive
image locations.Fig. 7a visualizesthe progressgainedfrom

TABLE I

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 accuracyAND 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 recognitionstates.Fig. 7b re�ects thecorrespond-
ing learningprocess,illustratingmorerapidentropy decreases
from the learnedin contrastto randomactionselectionpolicy.
The recognition rate after the secondaction was � 98:8%
(learned)in contrastto � 96:0% (random,seeTable I). A
characteristiclearnedattentionscanpathis depictedin Fig. 3b.

Fig. 5 depictsthe principal stagesin the selectionof FOIs.
(a) depicts the test image overlaid with squaresbrightness-
codedwith respectto associatedentropy values(dark=low). (b)
depictsthe selectionof the most informative descriptorsfrom
(a). Fig. 6 illustrates(b) variousopportunitiesfor actionfrom
a given FOI, and (c) a learnedsequentialattentionsequence
using the SIFT descriptor.
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Fig. 7. Performanceevaluationof learnedpolicy. (a) Step-wiseimprovement
in recognition accuracy. (b) Step-wiseentropy reduction. (c) Number of
actionsrequiredto attain taskgoal (entropy threshold).



(a) (b) (c)

Fig. 6. (a) Objectsof the TSG-20database(Sec.V). (b) Opportunitiesfor shift-of-attentionactionsfrom a currentFOI. (c) Learneddescriptor-actionbased
attentionpattern(scanpath)to recognizeobjecto14 ..

VI . CONCLUSIONS

The proposedmethodologysigni�cantly extendsprevious
work onsequentialattentionanddecisionmakingby providing
a scalable framework for learning attention in real world
object recognition.The three-stageprocess,(i) determining
information theoretic saliency, (ii) characterizingthe visual
information in the FOI, and (iii) integrating local descriptive
information in a perception-actionrecognitionprocessis ro-
bustwith respectto viewpoint, scale,andillumination changes
using the standraddescriptorSIFT [13], and �nally provides
rapid attentive matching by requiring only very few local
descriptorsamplesto be evaluatedfor object discrimination.
Future work will be directedtowards hierarchicalreinforce-
mentlearningin orderto provide local groupingschemesthat
will be globally integrated.
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