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Abstract.  This work proposesto learn visual encadings of attention
patterns that enables sequertial attention for object detection in real
world environments. The system embeds a saccadic decision procedure
in a cascaded processwhere visual evidence is probed at informativ e
image locations. It is based on the extraction of information theoretic
saliency by determining informativ e local image descriptors that provide
selected foci of interest. The local information in terms of code book
vector responsesand the geometric information in the shift of attention
contribute to recognition states of a Mark ov decisionprocess.A Q-learner
performs then performs seard on useful actions towards salient locations,
developing a strategy of action sequencedlirected in state spacetowards
the optimization of information maximization. The method is evaluated
in outdoor object recognition and demonstrates e cien t performance.

1 Intro duction

Recert researd in neuroscience[2] and experimental psycdology [5] has con-
rmed evidencethat decisionbehavior plays a dominant role in human selective
attention in object and scenerecognition . E.g., there is psychophysical evidence
that human obseners represen visual scenesnot by extensive reconstructions
but merely by purposive encalings via attention patterns [10] of few relevant
scenefeatures, leading to the assumption of transsaccadic object memories.
Current biologically motivated computational models on sequettial attention
identify shift invariant descriptions acrosssaccadesequencesand re ect the en-
coding of scenesand relevant objects from saccadesequencesn the framework
of neural network modeling [10] and probabilistic decisionprocesseg1].

In computer vision, recert researd has beenfocusing on the integration of
information received from single local descriptor responsesinto a more global
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Fig. 1. Concept of the proposed perception-action system for object recognition. The
Early Vision module extracts informativ e SIFT descriptors from the input image and
assciates codebook vectors. Sequertial attention operates on the geometry between
these vectors and statistcially reinforces promising feature-action con gurations.

analysiswith respect to object recognition [7]). State-of-the-art solutions, suc
as, (i) identifying the MAP hypothesisfrom probabilistic histograms [3], (ii) in-
tegrating responsesin a statistical dependency matrix [13], and (iii) collecting
evidencefor object and view hypothesesin parametric Hough space[7], provide
convincing performanceunder assumptions,suc as, statistical independenceof
the local responses,excluding segmetation problemsby assumingsingle object
hypothesesin the image, or assuming regions with uniformly labelled opera-
tor responses.An integration strategy closing methodological gaps when above
assumptions are violated should therefore (i) cope with statistical dependency
between local features of an object, (i) enableto segmem multiple targets in
the image and (iii) provide corvincing evidencefor the existenceof object re-
gions merely on the geometry than on the relative frequency of labelled local
responses.

The original contribution of this work is to provide a scalableframework for
cascadedsequettial attention in real-world ernvironments. Firstly, it proposesto
integrate local information only at locations that are relevant with respect to
an information theoretic saliencymeasure.Secondly it enablesto apply e cien t
strategies to group informativ e local descriptors using a decision maker. The
decisionmaking agert used Q-learning to assaiate shift of attention-actions to
cumulativ e reward with respect to a task goal, i.e., object recognition. Objects
are represertied in a framework of perception-action, providing a transsaccadic
working memory that stores useful grouping strategies of a kind of hypothesize
and test behavior. In object recognition terms, this method enablesto match not
only betweenlocal feature responses,but also taking the geometrical relations
between the speci c features into accourt, thereby de ning their more global
visual con guration. The proposed method is outlined in a perception-action
framework, providing a sensorimotor decision maker that selects appropriate
saccadicactions to focus on target descriptor locations. The advantage of this
framework is to becomeable to start interpretation from a single local descriptor



and, by cortinuously and iterativ ely integrating local descriptor responses'on
the y', being capableto ewaluate the complete geometric con guration from a
set of few features.

The saccadicdecisionprocedureis embeddedin a cascadedrecognition pro-
cess(Fig. 1) where visual evidenceis probed exclusively at saliert image loca-
tions. In a rst processingstage,saliert imagelocations are determined from an
entropy basedcost function on object discrimination. Local information in terms
of code book vector responsesdetermine the recognition state in the Markov De-
cision Process(MDP). In the training stage,the reinforcemen learner performs
trial and error seart on useful actions towards saliert locations within a neigh-
borhood, receiving reward from erntropy decreasesln the test stage,the decision
maker demonstratesfeature grouping by matching betweenthe encourtered and
the trained saccadicsensorimotor patterns. The method is evaluated in experi-
ments on object recognition using the referenceCOIL-20 (indoor imagery) and
the TSG-20 object (outdoor imagery) database,proving the method being com-
putationally feasible and providing rapid cornvergencein the discrimination of
objects.

2 Informativ e Foci of Interest for Object Detection

In the proposedmethod, attention on informativ e local image patterns is shifted
between the largest local maxima derived from a local feature saliency map
(Fig. 3). Informativ e featuresare selectedusing an information theoretic saliency
measureon local descriptor patterns asdescribedin detail. The following sections
describe the informativ e feature method from [3] and relate the resulting saliency
map to the sequetiial attention approacd.

Saliency Maps from Local Information Content We determine the information
content from a posterior distribution with respectto giventask speci ¢ hypothe-
ses.In contrast to costly glokal optimization, we expect that it is su cien tly ac-
curate to estimate a local information content, by computing it from the posterior
distribution within a sampletest point's local neighborhood in feature space[3].
The object recognition task is applied to sample local descriptors f; in feature
spaceF, fi 2 RIFi where o, denotesan object hypothesis from a given ob-
ject set . We needto estimate the entropy H (Ojf;) of the posteriors P (o jf;),
k = 1::: , s the number of instantiations of yne object classvariable O.
Shannon conditional entropy denotesH (Ojf;) « P(ocjfi) logP (okjfi). We
approximate the posteriors at f; using only samplesg; inside a Parzen window
of a local neighborhood , jjf;  fjjj ,j = 1:::3. We weight the contributions
of speci ¢ samplesfj - labeled by object ok - that should increasethe poste-
rior estimate P (okjfi) by a Gaussiankernel function value N (; ) in order to
favor sampleswith smaller distanceto obsenation f;, with = f; and = =2.
The estimate about the conditional entropy H (Ojf;) provides then a measureof
ambiguity in terms of characterizing the information content with respect to ob-
ject identi cation within a single local obsenation f;. We receive sparseinstead
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Fig. 2. Extraction of FOI (focus of interest) from an information theoretic saliency
measure map. (a) Saliency map from the entropy in the local appearances(9 9
pixel window). (b) Binary mask from a thresholded entropy map represerting most
informativ e regions (H = 0:2,H < H white pixels). (c) Distance transform on
most informativ e regions. (d) Inhibition of return for the rst 2 FOIls (black regions
in informativ e areas) for maximum saliency extraction from WTA (winner-tak es-all)
computation [6].

of extensive object represerations, in casewe store only seleted descriptor in-
formation that is relevantfor classi cation purposes,i.e., discriminative f; with
B (Ojf;) . A speci c choiceon the threshold consequetly determinesboth
storagerequiremerts and recognition accuracy For e cien t memory indexing of
nearest neighbor candidates we use the adaptive K-d tree method. The local
patterns are projected into eigenspacea Parzen window approach is used to
estimate the local posterior distribution P (oxjg;), given eigence cien t vector
g; and object hypothesiso,. The information content in the pattern is computed
from the Shannonentropy in the posterior. Thesefeatures support attention on
most salient, i.e., informativ e image regionsfor further investigation [4].

Foci of Interestfrom Informative Saliency Maps Attention on informativ e local
image patterns is shifted betweenlargest local maxima derived by the informa-
tion theoretic saliency measure.Saccadicactions originate from a randomly se-
lected maximum and target towards one of n-best ranked maxima { represened
by a focus of interest (FOI) { in the saliency map. At ead local maximum, the
extracted local pattern is assaiated to a codebook vector of nearestdistance in
feature space.Fig. 2 depicts the principal stagesin selectingthe FOIs. From the
saliencymap (a), one computesa binary mask (b) that represens the most infor-
mativ e regionswith respect to the conditional entropy, by selecting ead pixels
contribution to the maskfrom whether its entropy value H is smallerthan a pre-
de ned entropy threshold H , i.e., H < H . (c) applying a distance transform
on the binary regionsof interest results mostly in the accuratelocalization of the
entropy minimum. The maximum of the local distancetransform valueis selected
as 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 [6]. (d) Masking out the selectedmaximum of the rst FOI, one
can apply the sameWT A rule, selectingthe maximum saliency This masking is
known as'inhibition of return' in the psycdology of visual attention [11].
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Fig. 3. Saccadicattention pattern. (a) Saccadicactions originating in a FOE, directed
towards 4 possibletarget FOIs. (b) Learned attention pattern (scanpath) to recognize
the object. (c) Discretization of the angular encading for shifts of attention.

3 Sensory-motor Patterns of Sequential Atten tion

Sequetial attention shifts the focus of attention in the ranked order of maxi-
mum saliency providing an integration of the visual information in the sampled
focused attention windows. In the proposed method, saccadicactions operate
on n best-ranked maxima (e.g., n=5 in Fig. 3a) of the information theoretic
saliency map. At ead local maximum, the extracted local pattern g; is asso-

ciated to a codebook vector ; of nearestdistance d = argmin jjg; il in
feature space.The codebook vectors were estimated from k-meansclustering of
a training sampleset G = g;; ;gn of sizeN (k = 20 in the experimerts).

The focusedlocal information patterns (in Fig. 3b: the appearance patterns)
are therefore assaiated and thereby represerted by prototype vectors, gaining
discrimination mainly from the geometric relations between descriptor encad-
ings (i.e, the label of the assaiated codebook vector) to discriminate saccadic
attention patterns. Saccadicactions originate from a randomly selectedlocal
maximum of saliencyand target towards one of the remaining (n-1) best-ranked
maxima via a saccadicaction a 2 A (Fig. 3a). The individual action and its cor-
responding angle (x;y;a) is then categorizedinto one out of jAj = 8 principal
directions (a = 45) (Fig. 3c).

An individual state s; of a saccadicpattern of length N is nally represened
by the sequenceof descriptor encadings ; and actionsa 2 A, i.e.,

Si=(n Ni@ N 1) 5 n 1780 n): 1)

Within the object learning stage,random actionswill leadto arbitrary descriptor-
action sequenceskor eah sequencepattern, we protocol the number of times it
was experiencedper object in the database.From this we are able to estimate a
mapping from statess; to posteriors,i.e., s; 7! P(0okjsi), by monitoring how fre-
quert statesare visited under obsenation of particular objects. From the poste-
rior we compute the conditional entropy H; = H (QOjs;) and the information gain
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Fig. 4. Performance evaluation. (a) Rapid information gain from learned attention
shift policy in contrast to random action selections. (b) The learned strategy requires
shorter shift sequencesto pass a given threshold on conditional entropy (threshold
Hgoal = 12)

with respect to actions leading from state six t0 Sjt+1 by H t+1 = Hy  Her.
An e cien t strategy aims then at selectingin ead state s;; exactly the action
a that would maximize the information gain H (41 (Sit;ak:t+1 ) received from
attaining state syt +1, i.e.,a = argmaxa H t+1 (Sit ; &:t+1 ).

4 Q-Learning of Atten tiv e Saccades

In eadh state of the sequettial attention processa decisionmaking agert is asked
to selectan actin to drive its classi er towards a reliable decision. Learning to
recognizeobjects meansthen to explore di erent descriptor-action sequencesto
quantify consequencesn terms of a utilit y measure,and to adjust the control
strategy thereafter.

The Markov decision process(MDP [8]) provides the general framework
to outline sequetial attention for object recognition in a multistep decision
task with respect to the discrimination dynamics. A MDP is de ned by a tu-
ple (S;A; ;R) with state recognition set S, action set A, probabilistic tran-
sition function and reward function R : S A 7! (S) describes a prob-
ability distribution over subsequeh states, given the attention shai8ft action
a 2 A executablein state s 2 S. In ead transition, the agert receiwes re-
ward accordingto R :' S A 7! R, Rt 2 R. The agent must act to maximize
theputlllt y Q(s;a), i.e., the expected discourted reward Q(s;a) U(s;a) =
E[ ;-0 "Rt+n(St+n;a+n))], where 2 [0;1]is a constart controlling corntri-
butions of delaxed reward.

We formalize a sequenceof action selectionsa;;az; ;an in sequetial at-
tention as a MDP and are searding for optimal solutions with respect to the
object recognition task. In the posterior distribution on object hypotheses,the
information gain received from attention shift a R(s;a) := H . Sincethe prob-



abilistic transition function () cannot be known beforehand,the probabilistic
model of the task is estimated via reinforcemern learning, e.g.,by Q-learning [12]
which guarantees corvergenceto an optimal policy applying su cien t updates
of the Q-function Q(s;a), mapping recognition states s and actions a to utilit y
values. The Q-function update rule is

Q(s;a) = Q(s;a) + [R+ (max.Q(s%a) Q(s;a)]; )

where isthe learning rate, controls the impact of a current shift of attention
action on future policy return values. The decision processin sequettial atten-
tion is determined by the sequenceof choiceson shift actions at speci ¢ focus of
interest (FOI). In responseto the current visual obsenation represerted by the
local descriptor and the corresponding history, i.e., represerted by the recogni-
tion state, the current posterior is fusedto a an integrated posterior. The agert
selectsthen the action a 2 A with largest Q(s;a), i.e., ar = argmaxgoQ(s;ad.

5 Exp erimental Results

The proposedmethodology for cascadedsequetial attention was applied to (i)
an experiment with indoor imagery (i.e., the COIL-20 database),and to (i) an
experiment with outdoor imagery (i.e.m, the TSG-20 database) on the task of
object recognition. The experimental results demonstrate that the informativ e
descriptor method is robustly leading to similar saliency results under various
ernvironment conditions, and that the recursive integration of visual informa-
tion from the informativ e foci of interest can nd good matchesto the stored
perception-action object represeration.

Indoor Experiments Using Informative Local Appearances The indoor experi-
mernts were performed on 1440imagesof the COIL-20 database(20 objects and
72 views by rotating ead object by 5 around its vertical rotation axis), in-
vestigating up to 5 FOIs in eat obsenation sequenceassaiating to k = 20
codebook vectors from informativ e appearancepatterns, in order to determine
the recognition state, and deciding on the next saccadeaction to integrate the
information from successie image locations. Fig. 4arepreserts the learning pro-
cess,illustrating more rapid entropy decreasedrom the learned in cortrast to
random action selection policy. Fig. 4b visualizesthe corresponding progressin
requiring lessactionsto attain more informativ e recognition states. The recogni-
tion rate after the secondaction was92% (learned) in contrast to 75% (random).
A characteristic learned attention scanpathis depictedin Fig. 3b.

Outdoor Experiments Using Informative SIFT descriptors In the outdoor ex-
periments, we decidedto use a local descriptor, i.e., the SIFT descriptor ([7]
Fig. 5) that can be robustly matched to the recordingsin the database,despite
viewpoint, illumination and scalechangesin the object image captures. Fig. 5
depicts the principal stagesin selectingthe FOIs. (a) depicts the original train-
ing image.In (b), SIFT descriptor locations are overlaid with squareslled with
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Fig. 5. (a) The TSG-20 database, consisting of images from 20 buildings in the city
of Graz, displayed imageswere used for training (Sec.5). (b,c) Informativ e descriptors
for saliency.

color-codes of assaiated entropy values, from corresponding low (red) to high
(blue) information values. (c) describes a corresponding posterior distribution
over all object hypothesesfrom the MAP hypothesesin the informative SIFT
descriptors (i-SIFTs). (d) depicts all selectedi-SIFTs in the test image. Fig. 6
illustrates (a) descriptor selectionby action and (b) a samplelearned sequettial
attention sequenceusing the SIFt descriptor.

The experimental results were obtained from the images of the TSG-20
databasé (20 objects and 2 views by approx. 30 viewpoint change), investigat-
ing up to 5 FOIs in ead obsenation sequenceassaiating to k = 20 codebook
vectors to determine the recognition state, and deciding on the next saccade
action to integrate the information from successie image locations. Fig. 7a vi-
sualizesthe progressgained from the learning processin requiring lessactions
to attain more informativ e recognition states. Fig. 7b re ects the corresponding
learning process,illustrating more rapid entropy decreasedrom the learned in
contrast to random action selectionpolicy. The recognition rate after the second

! The TSG-20 (Tourist Sights Graz) database can be downloaded at the URL
http://dib.joanneum.at/cap e/TSG-20.
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Fig. 6. (a) Saccadicactions originating in a FOI, directed towards 9 potential target
FOls, depicting angle values of corresponding shifts of attention starting in the certer
SIFT descriptor. (b) Learned descriptor-action based attention pattern (scanpath) to
recognize an object.

action was 98:8% (learned) in contrast to  96% (random). A characteristic
learned attention scanpathis depicted in Fig. 3b.

6 Conclusions and Future Work

The proposedmethodology signi cantly extendspreviouswork on sequettial at-
tention and decision making by providing a scalable framework for real world
object recognition. The two-stage processof determining information theoretic
saliency and integrating local descriptive information in a perception-action
recognition dynamicsis robust with respectto viewpoint, scale,and illumination
changes,and provides rapid attentive matching by requiring only very few local
samplesto be integrated for object discrimination. Future work will be directed
towards hierarchical reinforcemert learning in order to provide local grouping
schemesthat will be integrated by meansof a global saccadicinformation inte-
gration process.
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Fig. 7. Performance evaluation. (a) Accuracy improvemert from learned attention shift

policy in contrast to random action selections.(b) Information gain achieved by learned
strategy with ead additional perception-action cycle.
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