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Abstract

Abstract: This paper presentsa simpli�e d, intr oductory view of how visual at-
tention may contribute to and integrate within the broader frameworkof visual scene
understanding.Several key components are identi�e d which cooperate with attention
during the analysis of complexdynamic visual inputs, namely rapid computation of
scene gist and layout, localized object recognition and tracking at attended locations,
working memory that holdsa representation of currently relevant targets, and long-
term memory of known world entities and their inter-r elationships. Evidence from
neurobiology and psychophysicsis provided to support the proposed architecture.
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1 In tro duction

Primates, including humans, use focal visual attention and rapid eye move-
ments to analyzecomplexvisual inputs in real-time, in a manner that highly
dependson current behavioral priorities andgoals.A striking exampleof how a
verbally-communicated task speci�cation may dramatically a�ect attentional
deployment and eye movements was provided by the pioneeringexperiments
of Yarbus (1967). Using an eye-tracking device, Yarbus recorded the scan-
paths of eye movements executedby human observerswhile analyzinga single
photograph under various task instructions (Fig. 1) . Given the unique vi-
sual stimulus used in these experiments, the highly variable spatiotemporal
characteristicsof the measuredeye movements for di�erent task speci�cations
exemplify the extent to which behavioral goalsmay a�ect eye movements and
sceneanalysis.

Subsequent eye-tracking experiments during spoken sentence comprehension
have further demonstratedhow, often, the interplay between task demands
and active vision is reciprocal. For instance,Tanenhauset al. (1995) tracked
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eye movements while subjects received ambiguous verbal instructions about
manipulating objects lying on a table in front of them. They demonstrated
not only that tasks in
uenced eye movements, but also that visual context
in
uenced spoken word recognition and mediated syntactic processing,when
the ambiguous verbal instructions could be resolved through visual analysis
of the objects present in the scene.

Building computational architectures that can replicate the interplay between
task demandsspeci�ed at a symbolic level (e.g., through verbally-delivered
instructions) and scenecontents captured by an array of photoreceptorsis
a challenging task. We review several key components and achitectures that
have attacked this problem, and explore in particular the involvment of focal
visual attention during goal-oriented sceneunderstanding.

2 Basic Comp onents of Scene Understanding

A recent overview of a computational architecture for visual processingin
the primate brain was provided by Rensink (2000), and is used as a start-
ing point for the present analysis.In Rensink's triadic architecture, low-level
visual features are computed in parallel over the entire visual �eld, up to
a level of complexity termed proto-objects (an intermediary between simple
featuressuch asedgesand corners,and sophisticatedobject representations).
One branch of subsequent processingis concernedwith the computation of
the so-calledsetting, which includes a fairly crude semantic analysis of the
nature of the scene(its \gist", see[Gist of a Scene] ), e.g.,whether it is a
busy city street, a kitchen or a beach; and its coarsespatial layout). In the
other branch, attention selectsa small spatial portion of the visual inputs
and transiently binds the volatile proto-objects into coherent representations
of attended objects. Attended objects are then processedin further details,
yielding the recognition of their identit y and attributes. Fig. 2 builds upon
and extendsthis purely visual architecture.

As the present review focuseson computational modeling of the interaction
betweencognitively-represented task demandsand this simpli�ed view of vi-
sual processing,we refer the reader to several articles in this volume which
explore the putativ e components of the triadic architecture in further de-
tails (e.g., [Contextual influences on saliency] , [Contextual guid-
ance of visual attention] , [Models of bottom-up attention and
saliency] ).

Visual attention hasbeenoften comparedto a virtual spotlight through which
our brain seesthe world [Neur ophysiological Correla tes of the At-
tentional Spotlight] , and shifts of attention have been classi�ed into
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several types based on whether or not they involve eye movements (overt
vs. covert), and are guidedprimarily by scenefeaturesor volition (bottom-up
vs. top-down) (for review, see(Itti & Koch, 2001),[Models of bottom-up
attention and saliency] ). The �rst explicit biologically plausible com-
putational architecture for controlling bottom-up attention was proposedby
Koch and Ullman (1985) (also see(Didday & Arbib, 1975)). In their model,
several feature maps (such as color, orientation, intensity) are computed in
parallel acrossthe visual �eld (Treisman& Gelade,1980),and combined into
a singlesaliencemap. Then, a selectionprocesssequentially deploys attention
to locations in decreasingorder of their salience.We here assumea similar
architecture for the attentional branch of visual processingand explorehow it
can be enhancedby modeling the in
uence of task on attention. The choiceof
featureswhich may guide attention bottom-up has beenextensively studied
in the visual search literature [Guid ance of Visual Sear ch by Prea t-
tentive Inf orma tion] .

At the early stagesof visual processing,task modulatesneural activit y by en-
hancingthe responsesof neuronstuned to the location and featuresof a stim-
ulus [Attentional Modula tion of Apparent Stimulus Contrast],
[Biasing competition in human visual cor tex], [Non-sensor y sig-
nals in earl y visual cor tex], [Attention Impr oves Discrimina-
tion Psychophysics] and many others in this book . In addition, psy-
chophysicsexperiments have shown that knowledgeof the target contributes
to an ampli�cation of its salience,e.g.,white vertical linesbecomemoresalient
if we are looking for them (Blaseret al., 1999).A recent study evenshows that
better knowledgeof the target leadsto faster search, e.g.,seeingan exact pic-
ture of the target is better than seeinga picture of the samesemantic type or
categoryasthe target (Kenner & Wolfe, 2003).Thesestudiesdemonstratethe
e�ects of biasing for features of the target. Other experiments (e.g., (Treis-
man & Gelade, 1980)) have shown that searching for feature conjunctions
(e.g., color� orientation conjunction search: �nd a red-vertical item among
red-horizontal and green-vertical items) are slower than \p op-out" (e.g., �nd
a greenitem amongred items). Theseobservations imposeconstraints on the
possiblebiasing mechanismsand eliminate the possibility of generatingnew
composite featureson the 
y (as a combination of simple features).

A popular model to account for top-down feature biasing and visual search
behavior is Guided Search (Wolfe, 1994). This model has the samebasic ar-
chitecture asproposedby Koch and Ullman (1985),but, in addition, achieves
feature-basedbiasing by weighing feature maps in a top-down manner. For
example,with the task of detecting a red bar, the red-sensitive feature map
gainsmore weight, hencemaking the red bar more salient. One questionthat
remainsis how the optimally set the relative feature weights such as to maxi-
mize the detectability of a set of behaviorally relevant targets amongclutter
(Navalpakkam & Itti, 2004).
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Givena saliencymap, several modelshavebeenproposedto selectthe next at-
tendedlocation, including variousformsof winner-take-all (maximum-selector)
algorithms (see[The Selective Tuning Model of Attention] , [Mod-
els of bottom-up attention and saliency] , [Pr obabilistic Models
of Attention based on Iconic Represent ations and Predictive
Coding], [The FeatureGa te Model of Visual Selection] ).

Having selectedthe focusof attention, it is important to recognizethe entit y at
that scenelocation. Many recognitionmodelshave beenproposedthat canbe
classi�ed basedon factors including the choiceof basicprimitiv es(e.g.,Gabor
jets, geometricprimitiv es like geons,imagepatchesor blobs, and view-tuned
units), the processof matching (e.g., self organizing dynamic link matching,
probabilistic matching), and other factors (for review, see[Object recog-
nition in cor tex: Neural mechanisms, and possible r oles f or at-
tention] ).

Recognition is followed by the problem of memorization of visual informa-
tion. A popular theory, the object �le theory of trans-saccadic memory(Irwin,
1992),posits that when attention is directed to an object, the visual features
and location information are bound into an object �le (Kahneman & Treis-
man, 1984) that is maintained in visual short term memory acrosssaccades.
Psychophysicsexperiments have further shown that up to three or four object
�les may be retained in memory (Irwin, 1992).Studiesinvestigating the neu-
ral substratesof working memory in primates and humans suggestthat the
frontal and extrastriate cortices may both be functionally and anatomically
separatedinto a "what" memory for storing the visual featuresof the stimuli,
and a "where" memory for storing spatial information (Wilson et al., 1993).

To memorizethe location of objects, we hereextend the earlier hypothesisof
a saliencemap (Koch & Ullman, 1985) to proposea two-dimensionaltopo-
graphic task-relevance map (TRM) that encodes the task-relevance of scene
entities. Our motivation for maintaining various maps stemsfrom biological
evidence.Single-unit recordingsin the visual systemof the macaqueindicate
the existenceof a number of distinct maps of the visual environment that
appear to encode the salienceand/or the behavioral signi�cance of targets.
Such maps have been found in the superior colliculus, the inferior and lat-
eral subdivisions of the pulvinar, the frontal-eye �elds and areaswithin the
intraparietal sulcus [Dissocia tion of Selection fr om Saccade Pr o-
gramming] , [Prefr ont al Selection and Contr ol of Cover t and
Over t Orienting] . Sincetheseneuronsare found in di�erent parts of the
brain that specializein di�erent functions, we hypothesizethat they may en-
code di�erent types of salience:the posterior parietal cortex may encode a
visual saliencemap, while the pre-frontal cortex may encode a top-down task-
relevancemap, and the �nal eye movements may be generatedby integrating
information acrossthe visual saliencemap and task-relevancemap to form an
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attention guidancemap possiblystored in the superior colliculus.

Our analysissofar hasfocusedon the attentional pathway. As shown in �gure
2, non-attentional pathways also play an important role; in particular, rapid
identi�cation of the gist (semantic category) of a sceneis very useful in de-
termining scenecontext, and is known to guide eye movements [Gist of a
Scene] . It is computedrapidly within the �rst 150msof sceneonset,and the
neural correlateof this computation is still unknown [Visual Saliency and
Spike Timing in the Ventral Visual Pathw ay] . Recently, Torralba
[Contextual influences on saliency] proposedholistic representation
of the scenebasedon spatial envelope properties (such as openness,natu-
ralnessetc.) that bypassesthe analysisof component objects and represents
the sceneas a single identit y. This approach formalizes the gist as a vector
of contextual features.By processingseveral annotated scenes,theseauthors
learned the relationship between the scenecontext and categoriesof objects
that can occur, including object properties such as locations, size or scale,
and usedit to focusattention on likely target locations.This providesa good
starting point for modeling the role of gist in guiding attention. Since the
gist is computed rapidly, it can serve as an initial guide to attention. But
subsequently, our proposedTRM that is continuously updated may serve as
a better guide. For instance, in dynamic scenessuch as tra�c sceneswhere
the environment is continuously changing and the targets such as cars and
pedestriansare moving around, the gist may remain unchangedand hence,it
may not be souseful, exceptas an initial guide.

The useof gist in guiding attention to likely target locationsmotivatesknowledge-
basedapproachesto modeling eye movements, in contrast to image-basedap-
proaches.One such famousapproach is the scanpath theory which proposes
that attention is mostly guided in a top-down manner basedon an internal
model of the scene[Scanpath Theor y, Attention and Image Pr o-
cessing Algorithms f or Predicting Human Eye Fixa tions] . Com-
puter vision models have employed a similar approach to recognizeobjects.
For example,Rybak et al. [Attention-Guided Recognition Based on
\Wha t" and \Where" Represent ations: A Behavioral Model] rec-
ognizeobjects by explicitly replaying a sequenceof eye movements and match-
ing the expected featuresat each �xation with the image features. (also see
[A Model of Attention and Recognition by Inf orma tion Max-
imization], [Pr obabilistic Models of Attention based on Iconic
Represent ations and Predictive Coding], [Attention Ar chitec-
tures f or Ma chine Vision and Mobile Robots] .

To summarize,we have motivated the basic architectural components which
we believe are crucial for sceneunderstanding.Ours is certainly not the �rst
attempt to addressthis problem. For example,one of the �nest examplesof
real-time sceneanalysissystemsis The Visual Translator (VITRA) (Herzog
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& Wazinski, 1994),a computer vision systemthat generatesreal-time verbal
commentaries while watching a televisedsoccer game.Their low-level visual
systemrecognizesand tracks all visible objects from an overhead(bird's eye)
cameraview, and createsa geometric representation of the perceived scene
(the 22 players, the �eld and the goal locations). This intermediate represen-
tation is then analyzedby seriesof Bayesianbelief networks which evaluate
spatial relations, recognizeinterestingmotion events, and incrementally recog-
nize plans and intentions. The model includesan abstract, non-visual notion
of saliencewhich characterizeseach recognizedevent on the basisof recency,
frequency, complexity, importance for the game,and other factors. The sys-
tem �nally generatesa verbal commentary, which typically starts as soon
as the beginning of an event has been recognizedbut may be interjected if
highly salient events occur before the current sentence has been completed.
While this systemdelivers very impressive results in the speci�c application
domain considered,due to its computational complexity it is restricted to
one highly structured environment and one speci�c task, and cannot be ex-
tended to a generalsceneunderstanding model. Indeed, unlike humans who
selectively perceive the relevant objects in the scene,VITRA attends to and
continuouslymonitors all objects and attempts to simultaneouslyrecognizeall
known actions. The approach proposedhere di�ers from VITRA not only in
that there is nothing in our model that commits it to a speci�c environment or
task. In addition, we only memorizethoseobjects and events that we expect
to be relevant to the task at hand, thus saving enormouslyon computation
complexity.

3 Discussion: Summary of a Putativ e Functional Arc hitecture

In this section, we present a summary of an architecture which can be un-
derstood in four phases(�gure 3). Partial implementation and testing of this
architecture hasbeendevelopedelsewhere(Navalpakkam & Itti, 2004),sothat
we heremainly focuson reviewing the componants and their interplay during
active goal-oriented sceneunderstanding.

3.1 Phase1: EyesClosed

In the �rst phaseknown as the \eyes closed" phase, the symbolic working
memory (WM) is initialized by the user with a task de�nition in the form of
keywords and their relevance(any number greater than baseline1.0). Given
the relevant keywords in symbolic WM, volitional e�ects such as \lo ok at the
center of the scene"could be achieved by allowing the symbolic WM to bias
the TRM so that the center of the scenebecomesrelevant and everything
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elseis irrelevant (but our current implementation has not explored this yet).
For more complex tasks such as \who is doing what to whom," the symbolic
WM requiresprior knowledgeand hence,seeksthe aid of the symbolic long-
term memory (LTM). For example, to �nd what the man in the sceneis
eating, prior knowledgeabout eating being a mouth and hand-relatedaction,
and being related to food items helps us guide attention towards mouth or
hand and determinethe food item. Using such prior knowledge,the symbolic
WM parsesthe task and determinesthe task-relevant targets and how they
are related to each other. Our implementation (Navalpakkam & Itti, 2004)
exploresthis mechanism using a simple hand-coded symbolic knowledgebase
to describe long-term knowledgeabout objects, actors and actions. Next, it
determines the current most task-relevant target as the desired target. To
detect the desired target in the scene,the visual WM retrieves the learned
visual representation of the target from the visual LTM and biasesthe low-
level visual systemwith the target's features.

3.2 Phase2: Computing

In the secondphaseknown as the \computing" phase,the eyesare open and
the visual systemreceivesthe input scene.The low-level visual systemthat is
biasedby the target's featurescomputesthe biasedsaliencemap. Apart from
such feature-basedattention, spatial attention may be usedto focuson likely
target locations,e.g.,gist and layout may beusedto biasthe TRM to focuson
relevant locations (but this is not implemented yet). Sincewe are interested
in attending to locationsthat are salient and relevant, the biasedsalienceand
task-relevancemapsare combined by taking a pointwiseproduct to form the
attention-guidance map (AGM). To select the focus of attention, we deploy
a Winner-take-all competition that choosesthe most active location in the
AGM. It is important to note that there is no intelligencein this selectionand
all the intelligenceof the model lies in the WM.

3.3 Phase3: Attending

In the third phaseknown as the \attending" phase,the low-level featuresor
prototype objects are bound into a spatio-temporal structure or a mid-level
representation called the \coherence�eld" (a mid-level representation of an
object formed by grouping prototype objects into a spatio-temporal structure
that exhibits coherencein spaceand time. Spatial coherenceimplies that the
prototype objects at the di�erent locations belong to the sameobject, and
temporal coherenceimplies that di�erent representations acrosstime refer
to the sameobject (Rensink, 2000); in our implementation, this step simply
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extracts a vector of visual featuresat the attendedlocation). The object recog-
nition module determinesthe identit y of the entit y at the currently attended
location, and the symbolic WM estimatesthe task-relevanceof the recognized
entit y (Navalpakkam & Itti, 2004).

3.4 Phase4: Updating

In the �nal phaseknown as the \up dating" phase,the WM updates its state
(e.g., records that it has found the man's hand). It updates the TRM by
recordingthe relevanceof the currently attended location. The estimatedrel-
evance may in
uence attention in several ways. For instance, it may a�ect
the duration of �xation (not implemented). If the relevance of the entit y is
lessthan the baseline1.0, it is marked as irrelevant in the TRM, and hence
will be ignored by preventing future �xations on it (e.g., a chair is irrelevant
when we are trying to �nd what the man is eating. Hence,if we seea chair,
we ignore it). If it is somewhatrelevant (e.g., man's eyes), it may be usedto
guideattention to a more relevant target by meansof directed attention shifts
(e.g., look down to �nd the man's mouth or hand; not implemented). Also
if it is relevant (e.g., man's hand), a detailed representation of the sceneen-
tit y may be createdfor further scrutiny (e.g., a spatio-temporal structure for
tracking the hand; not implemented). The WM alsoinhibits the current focus
of attention from continuously demandingattention (inhibition of return in
SM). Then, the symbolic WM determinesthe next most task-relevant target,
retrievesthe target's learnedvisual representation from visual LTM, and uses
it to bias the low-level visual system.

This completesoneiteration. The computing, attending and updating phases
repeat until the task is complete.Upon completion, the TRM shows all task-
relevant locations and the symbolic WM contains all task-relevant targets.

4 Conclusion

We have presented a brief overview of how someof the crucial components of
primate vision may interact during active goal-oriented sceneunderstanding.
From the rather partial and sketchy �gure proposedhere,it is clear that much
systems-level, integrative research will be required to further piece together
more focusedand localizedstudiesof the neural subsystemsinvolved.
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Fig. 1. Stimulus (top-left) and corresponding eye movement traced recorded from
human observersunder seven task speci�cations: 1) free examination of the picture,
2) estimate the material circumstancesof the family in the picture, 3) give the ages
of the people,4) surmise what the family had beendoing before the arrival of the
"unexpected visitor," 5) remember the clothes worn by the people, 6) remember
the position of the people and objects in the room, and 7) estimate how long the
"unexpected visitor" had beenaway from the family. (from Yarbus, 1967).
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Fig. 2. The beginning of an architecture for complex dynamic visual sceneunder-
standing, starting from the visual end. This diagram augments the triadic architec-
ture proposedby Rensink (2000), which identi�ed three key components of visual
processing:pre-attentiv e processingup to a proto-object representation (top), iden-
ti�cation of the setting (scenegist and layout; left), and attentional vision including
detailed object recognition within the spatially circumscribed focus of attention
(right). In this �gure, we have extendedRensink'sarchitecture to include a saliency
map to guideattention bottom-up towards salient imagelocations,and action recog-
nition in dynamic scenes.The following �gure exploresin more details the interplay
between the visual processingcomponents depicted here and symbolic decriptions
of tasks and visual objects of current behavioral interest.
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Fig. 3. Phase 1 (top left): Eyes closed,Phase 2 (top right): Computing, Phase 3
(bottom left): Attending, Phase4 (bottom right): Updating. Pleaserefer to section
3.2 for details about each phase.All four panels represent the samemodel; how-
ever, to enable easy comparison of the di�eren t phases,we have highlighted the
components that are active in each phaseand faded those that are inactive. Dashed
lines indicate parts that have not beenimplemented yet. Following Rensink's (2000)
terminology, volatile processingstagesrefer to those which are under constant 
ux
and regenerateas the input changes.
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