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Abstract. This short paper outlines my position on a future direction for computational research on visual motion
understanding. The direction combines motion perception, visual attention, action representation and computational
vision. Due the breadth of literature in these areas, the paper cannot present a comprehensive review of any one
topic. The review is a selective one, a selection that attempts to make some particular points. I claim that task-
directed attentive processing is a largely unexplored dimension in the computational motion field. I recount in the
context of motion understanding a past argument that in order to make vision systems general, attention is one of
the components of the strategy. No matter how sophisticated the methods become for extracting motion information
from image sequences, it will not be possible to achieve the goal of human-like performance without integrating
the optimization of processing that attention provides. Virtually all past surveys of computational models of motion
processing completely ignore attention. However, the concept has crept into work over the years in a variety of ways.
A second claim is that the biology of attention offers some interesting insights to guide future development. Many
computational authors had previously commented that too little is known about how biological vision systems use
task-directed attention in motion processing; this is no longer true. Here, I briefly summarize biological evidence
that attentive processing affects all aspects of visual perception including motion, and again emphasize that this
paper does not do justice to the breadth and depth of the field. New findings provide a critical link between the
perception of visual actions and their execution. Together these findings point to a strategy for motion understanding
closely related to that presented more than two decades ago.
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Introduction

This paper touches on several topics—visual atten-
tion, computer vision, motion perception, computa-
tional models of motion understanding. All are huge
areas and cover several disciplines. One cannot do jus-
tice to this breadth and depth in a short paper. This pa-
per does not present a unified nor complete review of
visual attention, motion perception, or computational
vision. It attempts to highlight certain recent findings,
mostly neurobiological, and relate them to the history
of high level motion understanding research in com-
puter vision. As a result, the paper begins by tackling

a beast of a problem, namely, a definition of atten-
tion. Almost certainly, Section 2.0 fails at this task,
but each attempt hopefully will bring us closer to an
acceptable definition. Section 3.0 overviews compu-
tational research on motion understanding during the
past 25 years with a definite bias. The point this section
tries to make is that the earliest work seems more in tune
with what general purpose vision systems might require
than more recent work. Section 4.0 provides a highly
selective and extremely brief summary of experimen-
tal results in visual attention in humans and primates
and on representations of actions with the goal of in-
troducing these recent findings to the computer vision
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community. Section 5.0 summarizes the selective tun-
ing model for visual attention and provides links for its
possible use in motion systems. The final section pro-
vides linkages among these diverse topics, suggesting
directions for future research.

2. A Computational Perspective
on Visual Attention

There is no wish to add to the confusion of buzzwords
in computer vision here. Attention is a term not well
understood by any discipline; yet, if we wish to have
a meaningful discussion about it, some concreteness
must be provided. The definition proposed here is a
computational one, but one that may transcend disci-
plines because it was motivated by and captures the
notions of processing cost and capacity limit so com-
mon in the attention literature. It is also important to
distinguish attention here from closely related terms in
computer vision such as ‘active vision.’ In doing so, it
may be that the proposed definition is a common factor
of other related terms.

2.1. Towards a Definition

What is ‘attention’? My theoretical work initially ad-
dressed the question “Is there a computational justifica-
tion for attentive selection?” The obvious answer that
has been given many times that the brain is not large
enough to process all the incoming stimuli, is hardly
satisfactory (Tsotsos, 1987b). This answer is not quan-
titative and provides no constraints on what processing
system might be sufficient. We have employed meth-
ods from computational complexity theory to formally
prove for the first time that purely data-directed vi-
sual search in its most general form is an intractable
problem in any realization (Tsotsos, 1989). There, it
is claimed that visual search is ubiquitous in vision,
and thus purely data-directed visual processing is also
intractable in general. Those analyses provided impor-
tant constraints on visual processing mechanisms and
led to a specific (not necessarily unique or optimal) so-
lution for visual perception. One of those constraints
concerned the importance of attentive processing at
all stages of analysis: the combinatorics of search are
too large at each stage of analysis otherwise. Attentive
selection based on task knowledge turns out to be a
powerful heuristic to limit search and make the over-
all problem tractable (Tsotsos, 1990). Thus, I arrive
at a particular proposal for a definition of attention:

Attention is a set of strategies that attempts to reduce
the computational cost of the search processes inherent
in visual perception.

This is of course not the only viewpoint possible
and it is instructive to compare it to other computa-
tional approaches to attention and its related concepts,
importantly, active vision. These are given in approxi-
mate chronological order and should not be considered
as a complete list:

• Ullman (1984). Visual routines are composed of se-
quences of elemental operations, including shifting
of the focus of attention, indexing to an odd-man-out
location, boundary tracing, etc. The attention process
itself is sketched as a competition among local sig-
nals, with no top-down component. It was elaborated
in Koch and Ullman (1985).

• Koch and Ullman (1985). Attention selects single
elements in the visual field from a saliency map, in
order of saliency, for further processing.

• Bajcsy (1985). Active sensing is a control strategy
applied to the data acquisition process that depends
on the current state of the data interpretation includ-
ing recognition.

• Aloimonos, Weiss and Bandyopadhay (1987). An
observer is called active when engaged in some kind
of activity whose purpose is to control the geometric
parameters of the sensory apparatus.

• Burt (1988). Dynamic vision consists of foveation,
tracking and high level interpretation, focussing
the system’s resources on selected areas of the
scene.

• Clark and Ferrier (1988). The location with the
highest saliency value is selected for the next fix-
ation where saliency is computed dynamically as an
application-specific weighted sum of the cross-
correlations of the image with a set of known
templates.

• Ballard (1991). The central asset of animate vision
is gaze control. Animate vision systems can use
physical search, make approximate camera move-
ments, use exocentric coordinate frames, use quali-
tative algorithms, segment areas of interest precate-
gorically, exploit environmental context and employ
learning.

• Blake (1992). Active vision emphasizes the role of
vision as a sense for robots and real-time percep-
tion systems, with advantages for structure from
controlled motion, tracking, focussed attention and
prediction.
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• Pahlavan, Uhlin and Eklundh (1993). An active vi-
sual system is a system which is able to manipulate
its visual parameters in a controlled manner in order
to extract useful data about the scene in time and
space.

• Olshausen, Andersen and Van Essen (1993). Atten-
tion solves the selection and routing problems, con-
trolling the path of attended stimuli determined using
the Koch and Ullman (1985) method, through the
visual processing mechanism such that it is trans-
formed into a canonical representation suitable for
recognition from models.

• Ullman (1995). Within the sequence seeking pro-
cess of information flow, attention can provide prim-
ing signals and context effects based on task using the
feedback connections that are prominent throughout
the visual cortex. The feedback projections either
prime and modulate an ascending stream or directly
activate a lower area. The counter streams structure
activates bottom-up and top-down searches simul-
taneously, seeking to have them meet thus defining
a sequence of mappings from input signal to target
memory items.

It is important to note that although the concept of
active perception is relatively new to computer vision,
it is not new in the psychology of perception. In 1874,
Franz Brentano introduced the concept of act psycho-
logy. He raised the possibility that a subject’s actions
play a role in perception and that perception and all
conscious acts must be grounded by real objects. G.E.
Müller defined his Komplextheorie of collective atten-
tion in 1904 where perception was based on actions.
See Metzger (1974) for an overview of these and other
early ideas.

The view of attention presented by my work, namely
that attention optimizes search, can be thought of as
a common factor among all of the above. Many (the
active/animate vision researchers) seem to claim that
attention and eye movements are one and the same; cer-
tainly none of the biological scientists working on this
problem would agree. That one can attend to particu-
lar locations in the visual field without eye movements
has been known since Helmholtz, but eye movements
require visual attention to precede them to their goal
(Hoffman, 1998 surveys relevant experimental work).
Both selection goals are needed corresponding to overt
and covert attentional fixations described in the percep-
tion literature. Active vision, as it has been proposed
and used in computer vision, necessarily includes at-
tention as a sub-problem.

2.2. Attention in Computer Vision

What is it about attention that makes it one of the eas-
iest topics to neglect in computer vision? Take a look
at the majority of books on computer vision and one
will not find attention even mentioned. A telling ex-
ample is found in the book Active Vision edited by
Aloimonos (1993), where one would expect attention
to be prominent. The index includes only one entry un-
der the term ‘attention.’ That entry points to a paper
by Sandini et al. and tells us that the task of track-
ing, or active control of fixation, requires as a fist
step the detection of the target or focus of attention.
That is all. How would one go about solving this? In
Tsotsos (1989) (and the proof was confirmed using
a totally different strategy by Rensink, 1989) it was
shown that with no task knowledge and in a purely-
data-directed manner, this sub-task of target detection
is NP-Complete. Brooks also requires the detection of
the trigger stimulus for his behaviors in the subsump-
tion architecture (1986)—this too is NP-Complete (see
Tsotsos, 1995b for discussion). It appears as if these
authors are attempting to solve a problem that in-
cludes known intractable sub-problems. What conclu-
sions can be drawn from such proposals? Is the prob-
lem thought to be irrelevant or is it somehow assumed
away?

Several researchers study computational models of
visual attention for their own sake (see Tsotsos, in
press, for a review of those with biological relevance;
Yeshurun, 1997 provides a brief summary of attention
models in computer vision). Those who build complete
vision application systems invoke attentional mecha-
nisms because they must confront and defeat the com-
putational load in order to achieve the goal of real-
time processing (there are many examples, two of them
being Baluja and Pomerleau, 1997 and Dickmanns,
1992). But the mainstream of computer vision does
not give attentive processes, especially task-directed
attention, much consideration.

Marr (1982) mentions attention, but only to dis-
count it. Marr’s influence seems to still be strong, even
though on this point, we now know that his conclu-
sions were incorrect. It is important to be clear about
what Marr meant in his book. Several short excerpts are
relevant:

p. 35. “The general trend in the computer vision co-
mmunity was to believe that recognition was so
difficult that it required every possible kind of
information”
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p. 96. When describing grouping processes and the full
primal sketch, he says, “our approach requires that
the discrimination be made quickly—to be safe, in
less than 160 ms—and that a clear psychophysical
boundary be present”

p. 100. When describing the modular organization of
the human visual processor,1 he adds, “although
some top-down information is sometimes used and
necessary it is of only secondary importance ... ev-
idence ... was willfully ignored by the computer
vision community”

Marr argued that knowledge was not necessary in gen-
eral to understand images. I feel he tried to draw too
strong a conclusion from the experimental work of
the period and underestimated the role of task-directed
processes in vision. It is known now that attentive ef-
fects do not appear until at least 150 ms after the onset
of a stimulus in IT cortex (Chelazzi et al., 1998) and
230 ms in area V1 (Roelfsema et al., 1998). Attentive
influences appear after the time period Marr was con-
sidering. Experimental and theoretical work since then
has provided a different perspective (see Tsotsos, 1990;
Duncan and Desimone, 1995; Kastner and Ungerleider,
2000).

In Tsotsos (1992), I listed a spectrum of problems
requiring attention: selection of objects, events, tasks
relevant for domain, selection of world model, selec-
tion of visual field, selection of detailed sub-regions for
analysis, selection of spatial and feature dimensions of
interest, selection of operating parameters for low level
operations. Take a look at this list and note how most
research makes assumptions that reduce or eliminate
the need for attention:

• Fixed camera systems negate the need for selection
of visual field

• Pre-segmentation eliminates the need to select a re-
gion of interest

• ‘Clean’ backgrounds ameliorate the segmentation
problem

• Assumptions about relevant features and the ranges
of their values reduce their search ranges

• Knowledge of task domain negates the need to search
a stored set of all domains

• Knowledge of which objects appear in scenes
negates the need to search a stored set of all
objects

• Knowledge of which events are of interest negates
the need to search a stored set of all events

The point is that the extent of the search space is seri-
ously reduced before the visual processing takes place,
and most often even before the algorithms for solution
are designed! However, it is clear that in everyday vi-
sion, and certainly in order to understand vision, these
assumptions cannot be made.

3. Computational Research
on Motion Understanding

3.1. Early Work

A great deal of research has appeared since the ear-
liest days of computer vision and image processing,
work that dealt with how a computer may extract time-
varying properties from image sequences. However, I
think it is correct to say that the very first major piece of
research on the computer interpretation of motion from
image sequences was the 1976 Ph.D. thesis of Norman
Badler at the University of Toronto. I make this claim
because he first connected motion features with com-
plex, abstract, spatio-temporal concepts within an algo-
rithm that was tested computationally. Thus, although
many had used image sequences previously, the works
that assume constancy of time-varying features over
the sequences and were highly application dependent
(such as cloud tracking) should be distinguished from
those that consider discontinuities over time and hy-
pothesize a general solution.

Badler described a methodology for producing con-
ceptual descriptions of three-dimensional time-varying
visual scenes. He began with two-dimensional co-
ordinates of object features and described them at suc-
cessively higher levels of abstraction. He developed a
representation for objects and events based on adverbs
and prepositions that characterize direction and higher
order natural language terms to cover the notions of
repetition and event sequences. At the highest level he
had specific motion verbs. It is surprising how much
of the vision community has interpreted his work as
having more relevance for natural language than for
visual motion understanding (HHN of course, did not
make this mistake—see Nagel, 1981, 1988). The verbs
are simply the most natural, best-understood and most
readily accessible way humans have of communicat-
ing motion and time-varying concepts. The fact that no
subsequent work has found any other high level rep-
resentational concepts as replacement is testament to
this. The use of verbs as descriptors has been ‘inde-
pendently’ re-discovered several times since. Badler
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considered both rigid and articulated motions. His so-
lution was tested on synthetic image sequences. Algo-
rithmically, he based his processes on the concept of a
demon: small procedures that lie dormant until a cer-
tain set of assertions is recognized as true. The demon
then becomes activate. To execute the demon, a second
set of assertions or expectations must be also verified.
Once the expectations are confirmed, then the demon
operates on the database of facts and assertions, per-
haps confirming a recognized instance. Demons have
priority: lower level demons (those dealing with more
primitive concepts) are executed first, followed by the
higher level ones.

Both objects and events are represented using
semantic networks, and properties such as type,
parts, visibility, mobility, location, orientation, size
are included. Location, for example, is further sub-
divided into adjacency, distance to other objects, con-
tact, support, guided-by, connected-to, surrounded-by,
contained-in covered-by, support-plane, elevation rela-
tionships. Events are represented using a set of nodes or
cases, subject, agent, instrument, reference, direction,
trajectory, velocity, axis, angular-velocity, next, start-
time, end-time, repeat-path relationships. Adverbs and
prepositions are also included similarly. Altogether, a
rather rich descriptive vocabulary is defined. For each
primitive concept that connects directly to image fea-
tures or changes of image features, a demon is defined
for its recognition. Higher level concepts also have their
own demons, thus building upon concepts recognized
at lower levels. The overall strategy is one that held
great promise then and I feel still does. It certainly
laid the foundation for all motion description work that
followed.

Following Badler at the University of Toronto, I at-
tempted to further his research but this time using real
image sequences. Given that the work was done in the
mid-to-late 1970’s, with primitive computing facilities
given today’s systems, finding ready image sequences
that would not require computational resources that
were unavailable at the time, was critical. Although the
work was presented as a general solution in the same
sense that Badler’s was, the test domain of cardiology
took on a life of its own.2

I had defined a set of general motion concepts, or-
ganized in a hierarchy for ease of search, economy of
definition, and explanatory power. Each concept corre-
sponded roughly to a motion verb (not all were actual
verbs, but rather convenient aggregate concepts useful
for construction of the hierarchy). The hierarchy had

several organization principles:

• generalization—organizing concepts from the spe-
cific to the generic;

• sub-part—organizing concepts depending on their
components so different temporal and spatial gran-
ularity of concepts were included;

• similarity—representation based on differences be-
tween concepts, including methods for detecting the
differences during matching and causing interpreta-
tion changes towards the concept most compatible
with the image data;

• temporal precedence—representation that orders
concepts in time, including cycles.

Motion expectations based on current hypotheses
guided interpretation throughout. System resources
were allocated based on a focus of attention, computed
on strongest current hypotheses in space (image) and
conceptual domains. Other contributions of that work
(Tsotsos, 1977; Tsotsos et al., 1980; Tsotsos, 1980,
1985, 1987a) include:

1. Events were represented using packages of con-
straints on spatial and temporal characteristics.
Cyclic events as well as phases within cycles were
represented. These knowledge packages were orga-
nized into multiple intersecting hierarchies for ease
of search and economy of representation using sub-
part, generalization, temporal precedence and sim-
ilarity relationships. During recognition, a dynam-
ically updated certainty factor was associated with
each active hypothesis.

2. Integration of spatial information over time was ac-
complished by allowing hypotheses to support or
compete with one another within a cooperative re-
laxation process that allowed their certainty factors
to evolve over time. Certainty changes were depen-
dent on matching with the image as well as context
specified by relationship to other events, to their
parts and to more generic events. The temporal sam-
pling issues inherent in this problem were empiri-
cally included in order to tie system recognition per-
formance to frame rate (as opposed to a frame rate
that seems right for human observers).

3. Event boundaries were determined by detecting
maximal differences of certainty factors over time.
If hypothesis A has a decreasing certainty, hypoth-
esis B has an increasing certainty, and both are tied
to the same object, then hypothesis B begins and
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hypothesis A ends when their certainties are maxi-
mally different.

4. A sophisticated hypothesis generation and refine-
ment mechanism was defined that permitted new hy-
potheses to be activated depending on data-directed,
model-directed and failure-directed influences. On
hypothesis failure, alternate viable hypotheses were
determined by either finding ‘similar’ alternates
(move along similarity dimension) or relaxing con-
straints to a more general alternate (move upward
in generalization hierarchy).

Both Badler and I agreed on one conclusion: it was
clear that in order to push the methodology forward,
low level computer vision must advance far beyond
what was possible at that time and computational power
would have to be significantly improved. In fact, that
is exactly what has happened.

3.2. Current Research on Computational Event
and Motion Recognition and the Role
Attentive Processes have Played

One can survey the current literature and realize that
attentive processing that utilizes task information to
guide processing is not much of a concern. Many re-
cent reviews of various aspects of motion understand-
ing have not made any mention of attentive process-
ing of any kind (Aggarwal et al., 1998; Shah and
Jain, 1997; Cedras and Shah, 1994; Cedras and Shah,
1995; Hildreth and Royden, 1998). Well-known re-
search such as Bobick (1997) claims to use knowledge
but there is no attentive guidance of processing by that
knowledge whatsoever. The review by Aggarwal and
Cai (1999) includes one example of work that uses mo-
tion cues to segment an object and to affix an attentional
window on to it. This is a data-directed attentional tool.
Gavrila’s (1999) review includes one example of where
vision can provide an attentional cue for speech local-
ization. Most of these cited papers make the claim that
little or no work had been done on the topic of high
level motion understanding previously (thus, the re-
introduction of the previous section).

Many authors do not consider attention simply be-
cause they have assumed it away. As is also typical,
there is always the accompanying justification that
these tasks can easily be solved and they are not the
focus of the main work. I can certainly appreciate this;
I have used these phrases myself. It is true that good
progress often comes by sacrificing some aspects of the

problem. An example of the kinds of assumptions that
are typically made even in the best work, is found in
Siskind (1995). The input to his system must satisfy the
following: a) all frames in a given movie must contain
the same number of figures; b) the figures in each frame
must be placed in a one-to-one correspondence with
figures in adjacent frames; and, c) the system must be
given this correspondence as input. Another example
is Mann et al. (1997) who assume that their algorithm
starts off by being given the region of interest that corre-
sponds to each object that may be moving. The process-
ing that ensues is perhaps the best of its kind currently,
but the algorithm critically depends on reasonable re-
gions of interest and is not designed to find that region
of interest either independently or concurrently as it is
understanding the events in the scene. A third exam-
ple is the work of Pinhanez and Bobick (1997) who
manually extract the values for their sensors by watch-
ing a video of the action and further, even determine
the interval where every action and sub-action occurs.
The problem is not that any one effort makes these as-
sumptions; the problem lies in the fact that it is now
almost universal to assume the unreasonable. Rather
than think I am critical of these authors, the correct
conclusion to draw from my comments is that I sug-
gest a more balanced approach to the problem across
the discipline, where at least some researchers study the
attentive issues involved in a more general solution.

Attentive components have been included in sys-
tems not only through assumptions. At least three
tools have appeared: the detection of salient track-
ing points/structures; search region predictions; and,
Kalman filters and their extensions. Many examples
have appeared; I only include a few illustrative ones.

HHN and his colleagues have had a long-standing
interest in the detection of salient tracking points. The
idea here is that if points or spatially-restricted struc-
ture can be found that correspond strongly to physical
structure in the scene, then tracking those points alone
rather than all points in the scene will both reduce the
amount of computation needed plus yield object corre-
spondence across images. For example, Dreschler and
Nagel (1982) considered corner detectors since they
seem to connect well with large corner-like structure
on cars.

Several people have used predictions of where to
search for corresponding structure image-to-image, an
idea that appeared at least as early as Tsotsos (1980).
Examples of its use have appeared in most works deal-
ing with autonomous driving (such as Dickmanns and
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Wünsche, 1999). In those systems, the search path cor-
responded to locations in the image where road edges
might be found given the current car trajectory and
location. In Tsotsos (1980) not only was a location
prediction deployed to cut down the search region in
an image but an additional mechanism was provided
to deal with the real possibility that the prediction is
wrong. Predictions were generated at several levels of
abstraction. The most specific prediction was tried first;
if in error, successively more abstract predictions were
tried. For example, the most specific prediction might
point to an exact location where an object will be found.
If not found there, a more abstract prediction might pro-
vide a small region based on the object’s known past
motion history. If this too is incorrect, the next predic-
tion might reflect simple forward motion. Finally the
most abstract prediction would direct a search to a cir-
cular region around the objects’ old position. Failure to
find the object would be a cue for possible occlusion.
This search reflects movement along the motion gener-
alization hierarchy and is one of several dimensions of
search employed by the system. HHN (1988) concludes
that multiple representation dimensions should be use-
ful for controlling search. Dickmanns and Wünsche
later describe multiple hierarchies and multiple scales
in space and time. The multiple scales are similar to
those I used (moving up the part-whole hierarchy in-
creases time scale as well as spatial scale depending on
the type of concept represented).

Finally, the concept of a Kalman filter has been avail-
able for a long time (Kalman, 1960). Linear Kalman
filters use an internal state representation of the moving
object that includes a noise model and requires an ex-
plicit motion model that is assumed to be a constantly
accelerated motion. They can be used to minimize the
difference between the measured and predicted sys-
tem state over time. They are suitable for a variety
of tasks where the linearity assumption holds. Many
people have used Kalman filters for motion processing
with good success. They are an example of a well-
defined mathematical construct that permits a connec-
tion between motion models and image predictions.
A variety of extensions have appeared (for example,
Wachter and Nagel, 1999; Dickmanns and Wünsche,
1999).

All are clearly strategies that help reduce search and
fall within the proposed definition of attention; but task
knowledge plays little or no role. As will hopefully
become clear after the next section, attention can play
a far larger role.

4. Attention and Representation in Biological
Motion Perception

Attentive effects in motion perception have been known
for some time (see for example, Wertheimer, 1912;
Cavanagh, 1992; Lu and Sperling, 1995; Raymond,
2000). Further, the neurobiological evidence for at-
tentive processes in vision, in both primates and hu-
mans, has been steadily increasing (see Desimone and
Duncan, 1995; Kastner and Ungerleider, 2000). It is
commonly accepted now that task can significantly
modulate the responses of single neurons in many ar-
eas of visual cortex. This applies to spatial as well as to
time-varying visual stimuli. Neural representations of
motions and of actions have also been found in visual
cortex. A very brief and selective summary follows.
The purpose of this summary is not to comprehensively
review the field,3 but rather to introduce a computer vi-
sion audience to some recent experimental results that
should have great impact on computational modeling
of motion understanding.

4.1. Attentive Effects

In 1985, Moran and Desimone upset the bottom-up
processing cart with a classic paper describing for
the first time task-dependant, attentional modulation
of V4 visual neurons in monkeys. Since then it has
become well accepted that attentional modulation oc-
curs in most visual areas of the brain for spatial tasks
(Kastner and Ungerleider, 2000). Similarly, recent re-
search in cognition, perception and neurophysiology
provides evidence that behavioral tasks modulate the
processing of visual motion. There is not much evi-
dence for task-independent processing. Studies of hu-
man perception, measuring motion priming, motion af-
tereffects, uncertainty effects, and motion-interaction
effects show that even simple aspects of motion pro-
cessing may be affected by whether task motion is used
or ignored by the perceiver (for reviews of this evi-
dence see Watanabe and Miyauchi, 1998; Raymond,
2000). It is a nice convergence of results that this
same dichotomy—whether the perceiver uses or ig-
nores task information—is what led to the proofs in
Tsotsos (1989, 1990, 1992) showing that when task in-
formation is used the resulting search space is reduced
from exponential to linear size. Indeed, for some types
of motion, selective attention can determine not only
the perceived direction of motion and even whether
or not any motion is perceived at all. Sperling and
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Lu (1998) present an interesting functional architec-
ture for the motion system that explicitly includes
selective attention acting on saliency representations
and that is claimed to account for several of these
phenomena. Cavanagh et al. (2000) present an up-to-
date version of Ullman’s visual routines (1984). They
considered common but complex motions such as a
pencil bouncing on a table or a closing door. They pro-
pose that the perception of these motion patterns is
mediated by attention as a high-level mental animation
or sprite. Their experiments conclude that discrimina-
tion of even the simplest dynamic patterns demands
attention support these specialized representations of
action.

Additional contributions to understanding how at-
tention and motion-processing brain mechanisms in-
teract comes from single-unit studies in areas MT/MST
of the monkey brain (Treue and Maunsell, 1996; Treue
and Trujillo, 1999; Seidemann and Newsome, 1999),
and in humans from functional imaging (Gandhi et al.,
1999; Büchell et al., 1998; O’Craven et al., 1997;
Beauchamp et al., 1997; Rees et al., 1997) and event-
related potential studies (Valdes-Sosa et al., 1998). See
also the review by Albright and Stoner (1995).

Let me provide just one example as illustration of
the kind of experiment that leads to such a conclu-
sion. Findings from single-unit studies in areas MT
and MST of monkey show that when motion stimuli
are presented inside a cell’s receptive field, its response
rate will depend on whether the animal is required to
use the information in a concurrent task. The mag-
nitude of attentional modulation may depend on the
type of motion judgement required, whether motion is
a target-defining feature in the stimulus configuration,

Figure 1. The two experimental setup used by Treue and Maunsell (1996) for the two key experiments. The circles represent the spatial extent
of the receptive fields in area MT or MST from which recordings were taken. The black squares represent the actual stimuli used. The gray
arrows denote the direction of motion of the black squares.

and whether the target stimulus is inside or outside the
cell’s receptive field.

The stimuli used by Treue and Maunsell (1996) are
shown in Fig. 1. One stationary square (target) was
presented before the other and then both oscillated
in counter-phase. Monkeys maintained central fixation
and were rewarded for a key press whenever the target,
but not the distractor, changed speed. In other words,
they had a behavioral reason for responding to the mo-
tion of the target (the first of the two black squares
presented). With the configuration shown in (a) neural
firing rates were greater when the target, as opposed
to the distractor, was within the cell’s receptive field.
For the configuration shown in (b) firing rates were
maximal when the attended square moved in the cell’s
preferred direction and decreased substantially when
the unattended square moved in the cell’s preferred
direction.

It seems a good hypothesis that motion-sensitive
neurons (filters) at many levels of processing abstrac-
tion can be dynamically tuned to the task of the mo-
ment. The tuning takes the form of radical changes to
the tuning properties of the receptive field that permit
the neuron to be more selective to both the type of mo-
tion being attended as well as to its location.

Two examples of computational models that use
some form of attentive processing are briefly men-
tioned, and others (that do not use attention) are
overviewed in Hildreth and Royden (1998). Baloch and
Grossberg (1997) present a model of high-level mo-
tion processing that includes some limited attentional
processes. Within their scheme, top-down attentional
signals play a priming role, priming recognition to mo-
tion continuity from image to image. This is not task
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knowledge but is indeed a top-down effect. Nowlan
and Sejnowksi (1995) employ selection of portions of
visual field where velocity estimates are most reliable
rather than process all locations in an image. This too
is not task knowledge but does help limit the computa-
tional complexity of processing.

4.2. Representation of Observed
and Executed Actions

Is there evidence for a representation of motion con-
cepts in the brain? The reviews cited above provide
evidence for a hierarchy of motion cortical areas, V1
neurons being sensitive to motion direction, MT neu-
rons sensitive to direction and speed and MST neu-
rons sensitive to patterns of motion. What is known for
higher order motion concepts?

Perrett and colleagues (1990) describe neurons in
monkey superior temporal sulcus (STS)4 that become
selectively active during the sight of hand actions. In
area F5 in monkey,5 neurons have been found to re-
spond to specific actions such as grasping, holding,
tearing (see Rizzolatti and Arbib for review, 1998).
The actions are quite specific. For example, for a given
neuron, the grasp must be with the index finger and
thumb in order for that neuron to respond. The same
observations have been made in humans using PET
studies in Broca’s area. A subset of these neurons also
responds when the monkey is executing that action. In
order words, a single neuron responds if the observer
views a specific action, or if the observer executes that
action. These neurons are called ‘mirror’ neurons. Such
neurons may be important links between vision and ac-
tion. Fadiga et al. (2000) go one step forward in sug-
gesting that the collection of these neurons represent
goal-directed ‘motor words’ and form the ‘vocabulary’
of actions the system can visually understand and can
execute with its effectors. Rizzolatti and Arbib argue
that individuals recognize actions made by others be-
cause the neural pattern elicited in their premotor areas
during the observation of an action is similar to that
internally generated to execute that action. Humphreys
and Riddoch (2001) show that search for an object in
a cluttered scene can be based not only on its percep-
tual properties but also on the intended actions using
that object. These action templates can be used in vi-
sual search independently of perceptual properties and
even object parts can cue those actions. These results
further strengthen the proposal that there is a direct link
between perception and action.

It does not seem to be much of a stretch to hypoth-
esize that a hierarchy of motion selective neurons ex-
ists that codes simple direction at the early levels and
complex motion at the highest levels (not unlike that
motion hierarchy is Tsotsos, 1980). This hierarchy has
the unique feature that it seems directly connected to
action execution at its most abstract level.

5. The Selective Tuning Model
for Visual Attention

5.1. Overview

Complexity analysis leads to the conclusion that at-
tention must tune the visual processing architecture to
permit task-directed processing (Tsotsos, 1990). Selec-
tive tuning takes two forms: spatial selection is realized
by inhibiting task-irrelevant locations in the neural net-
work, and feature selection is realized by inhibiting the
neurons that represent task-irrelevant features. Only a
brief summary is presented here since the model is de-
tailed elsewhere (Tsotsos et al., 1995).

The spatial role of attention in the image domain is to
localize a subset of the input image and its path through
the processing hierarchy such as to minimize any in-
terfering or corrupting signals. The visual processing
architecture is a pyramidal network composed of units
receiving both feed-forward and feedback connections.
When a stimulus is first applied to the input layer of
the pyramid, it activates in a feed-forward manner all
of the units within the pyramid to which it is connected.
The result is the activation of an inverted sub-pyramid
of units and we assume that the degree of unit activa-
tion reflects the goodness-of-match between the unit
and the stimulus it represents.

Attentional selection relies on a hierarchy of winner-
take-all (WTA) processes. WTA is a parallel algorithm
for finding the maximum value in a set of variables,
which was first proposed in this context by Koch and
Ullman (1985). WTA can be steered to favor partic-
ular stimulus locations or features but in the absence
of such guidance it operates independently. The pro-
cessing of a visual input involves three main stages.
During the first stage, a stimulus is applied to the input
layer and activity propagates along feed-forward con-
nections towards the output layer. The response of each
unit depends on its particular selectivities, and perhaps
also on a top-down bias for task-relevant qualities. Dur-
ing the second stage, a hierarchy of WTA processes is
applied in a top-down, coarse-to-fine manner. The first
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WTA process operates in the top layer and covers the
entire visual field at the top layer: it computes the unit
with the largest response in the output layer, that is,
the global winner. In turn, the global winner activates
a WTA amongst its input units in the layer immedi-
ately below. This localizes the largest response within
the receptive field of the global winner. All of the con-
nections of the visual pyramid that do not contribute to
the winner are pruned (i.e., attenuated). This strategy of
finding the winner within each receptive fields and then
pruning away irrelevant connections, is applied recur-
sively through the pyramid, layer by layer. Thus, the
global winner in the output layer is eventually traced
back to its perceptual origin in the input layer. The
connections that remain (i.e., are not pruned) may be
considered the pass zone of the attentional beam, while
the pruned connections an inhibitory zone around that
beam. While we are not claiming biological accuracy
for the WTA process, we are claiming plausibility, as
it does not violate biological connectivity or time con-
straints. During the third stage, the selected stimuli in
the input layer re-propagate through the network, be-
ing processed by the same neurons but this time without
distracting stimuli in each receptive field, as if they had
been presented on a “blank” background.

5.2. The Selective Tuning Model
and Temporal Concepts

The attention model considers two types of time-
varying events so far: onset and offset of objects and
motion segmentation using optical flow patterns (see
Tsotsos et al., 1995 for details). It is clear that these
just begin the integration of event and motion under-
standing within the model and there is a huge amount
of work to be done.

The onset (appearance) of an object is a well-known
attention capture mechanism and a good deal of psy-
chophysical research supports its importance. Further,
the onsets may occur in any representation (luminance,
depth, motion, texture) and all have similar attention-
grabbing effects. We defined a simple detection mech-
anism based on temporal differences of difference of
spatial gaussian filters, with winner-take-all processes
operating within scale and across scales to locate the
strongest event. The location of this strongest event
was the focus of attention. Both onsets and offsets can
be handled; gradual onsets and offsets similarly are
included in the method (slow lighting variations, for
example).

Instantaneous full velocity optic flow patterns can be
used, not to interpret the motion (i.e., extract motion pa-
rameters), but rather, in a fast method of localizing and
labeling salient motion patterns. Once localized, they
can be examined in more detail for motion parame-
ters. We constructed templates for each of 16 types of
motion pattern. The patterns fall into two categories:
motion of the environment (full field motions such as
‘approach’ or ‘rotation’) and motion of objects in the vi-
sual field (such as translation, dilate, rotate). Goodness-
of-fit measures for how well a template explains a given
subset of optic flow in the image were computed using
straightforward correlation. In each case, sub-regions
of the image (hypothesized objects) are exhibiting this
flow pattern. Winner-take-all processes determined the
strongest matching location within each motion type,
and then another WTA across all motions would deter-
mine the most salient motion. The system localizes the
motion (segments the object exhibiting the motion) and
provides the motion category. These two results seem to
provide the bulk of the attention guidance most motion
understanding methods need. It is not claimed that this
is all there is to motion processing; rather, this simple
scheme appears to be sufficient to detect, localize and
label regions where salient motion is occurring so that
further analysis may consider only that sub-image for
detailed inspection. The templates are consistent with
stimuli found effective for neurons in motion areas in
monkey.

5.3. Biological Predictions

The selective tuning model was initially developed
with the dual goals of computational utility and bio-
logical predictive power. The predictions for human
and primate vision and supporting evidence are briefly
described.

• An early prediction (Tsotsos, 1990) was that atten-
tion seems necessary at any level of processing where
a many-to-one mapping between neural processes
was found. Further, attention occurs in all the areas in
a coordinated manner. The prediction was made at a
time when good evidence for attentional modulation
was known for area V4 only (Moran and Desimone,
1985). Since then, attentional modulation has been
found in many other areas both earlier and later in
the visual processing stream, and that it occurs in
these areas simultaneously (Kastner et al., 1998).
Vanduffel et al. (2000) have shown that attentional
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modulation appears as early as the LGN. The pre-
diction that attention modulates all cortical and even
subcortical levels of processing has been borne out
by recent work from several groups (e.g., Brefzynski
and DeYoe, 1999; Ghandhi et al., 1999).

• The notions of competition between stimuli and of
attentional modulation of this competition were also
early components of the model (Tsotsos, 1990) and
these too have gained substantial support over the
years (Desimone and Duncan, 1995; Kastner et al.,
1998; Reynolds et al., 1999).

• The model predicts an inhibitory surround that
impairs perception around the focus of attention
(Tsotsos, 1990) a prediction that seems to be gain-
ing support, both psychophysically and neurophys-
iologically (Caputo and Guerra, 1998; Bahcall and
Kowler, 1999; Vanduffel et al., 2000; Smith et al.,
2000; Tsotsos et al., 2001).

• The model further implies that pre-attentive and at-
tentive visual processing occur in the same neural
substrate, which contrasts with the traditional view
that these are wholly independent mechanisms. This
point of view has also been gaining ground recently
(Joseph et al., 1997; Yeshurun and Carrasco, 1999).

• A final prediction is that attentional guidance and
control are integrated into the visual processing hier-
archy, rather than being centralized in some external
brain structure. This implies that the latency of atten-
tional modulations decreases from lower to higher
visual areas, and constitutes one of the strongest
predictions of the model. This seems confirmed by
experiment. Attentive effects do not appear until
150 ms after the onset of a stimulus in IT cortex
(Chelazzi et al., 1998) while in V1 they appear after
230 ms (Roelfsema et al., 1998).

Additional predictions of the selective tuning model
concern the form of spatial and temporal modulations
of visual cortical responses around the focus of atten-
tion, and the existence of a WTA circuit connecting
cortical columns of similar selectivity. The selective
tuning model offers a principled solution to the funda-
mental problems of visual complexity, a detailed per-
ceptual account of both the guidance and the conse-
quences of visual attention, and a neurally plausible
implementation as an integral part of the visual cor-
tical hierarchy. Thus, the model “works” at three dis-
tinct levels—computational, perceptual, and neural—
and offers a more concrete account, and far more spe-
cific predictions, than previous models limited to one

of these levels. We are working to extend the model in
several directions.

6. Discussion

I have tried to argue, in the brief exposition above, that
motion understanding can benefit if attentive capabil-
ities are added to current conceptions. I have tried to
remind that early work made these claims long ago. In
computer vision, many previously commented that not
enough is known about how biology uses attention in
motion processing (and in vision in general) and thus
there is no value in trying to gain inspiration from bi-
ology; this is no longer true. Biological evidence has
clearly made dramatic statements about the role of at-
tention in visual perception. I draw two major conclu-
sions here and address the role of attention first, and
representations second.

In order to make the case for attentive processes in
computer vision it is not enough to simply cite evi-
dence that biology appears to depend strongly on at-
tentive influences. One must argue convincingly that
computer vision can benefit significantly from atten-
tive processes. Why should it be the case that atten-
tion plays such a large role in biological or compu-
tational perception? Theoretically, we (Tsotsos, 1989,
1990, 1992; Parodi et al., 1998; Ye and Tsotsos, 1999)
have shown that without attention, specifically without
the use of task specific knowledge to guide process-
ing, vision in the general case has exponential com-
plexity. With the addition of even small amounts of
knowledge to guide processing polynomial to linear
complexity can be achieved. The results are mostly for
worst case analysis; but note that the Parodi et al. pa-
per deals with median case analysis. I therefore feel
the argument against a purely data-driven approach to
general purpose vision is as strong as it can possibly
be. There is neither biological nor computational justi-
fication to support purely data-driven visual processing
as a general strategy.

To date, motion systems have been single purpose
with assumptions that reduce or eliminate the need
for attention embedded implicitly or explicitly into
the processing strategy. However, it is clear that in
time systems will become multi-purpose. What would
be a suitable strategy for their design? One could, of
course, cobble together a number of single-purpose
systems with a smart switching mechanism to apply
the right one at the right time. As shown in Tsotsos
(1995b), this will not scale well. The strategy that paper
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recommends, and which the human brain seems to also
employ, is to enable the co-ordinated optimization of
the basic processing methods for the task at hand. This
is the role of attention, and it has as significant utility
in the image domain, in the temporal domain and in the
conceptual domain.

We can enumerate some different attentional effects
on motion processing and conclude that they are all
forms of search optimization. What aspects of a motion
task can be used as task guidance to optimize search?

• prediction in time about where objects might appear
depending on speed and trajectory

• predictions on how to find objects if predictions fail
using abstract concepts and relaxing the categories

• predicting the temporal sequence of concepts
• predicting change in appearance over time
• predicting interactions with other objects
• predicting the effects of gravity or other forces
• tuning the performance of individual filters (neurons)

to improve their signal-to-noise ratio

In each case, without the attentive action, a search must
be done over the space of possible explanations for the
changes observed. As is true in human perception, a
correct prediction (or ‘cue’) can lead to faster perfor-
mance since the search process is short-circuited. An
erroneous prediction leads to performance that is worse
than without any cue at all. The burden then on the sys-
tem is to provide good cues or predictions as a means
of reducing or eliminating search. For example, the use
of Newtonian mechanics explanations for motion as in
Mann et al. (1997) can lead to well-reasoned predic-
tions grounded in the forces and dynamics of particular
object motion.

The second conclusion relates to the kinds of rep-
resentations motion understanding might employ and
that task-directed attention modulates. It was shown
20 years ago that attention, defined by competition
among hypotheses that chooses the strongest one to
focus on, can operate successfully over a complex hi-
erarchy of motion concepts (Tsotsos, 1980) and can
eliminate a significant amount of the search that a non-
attentive process might otherwise require. Also, edge
operators were tuned differentially across the image de-
pending on expected orientations of local scene struc-
ture. That work did not include a ‘natural’ method for
the system to acquire and represent the task nor were
there any motion filters. Tuning can apply to motion
filters as well, as has been discovered in the motion
visual areas of monkey. This would greatly improve

their specificity and reduce their computational com-
plexity. The motion neurons described earlier seem to
point to a representation that is hierarchical with single
neurons representing complex motion concepts.6 This
is not unlike that used in my past work, although there
is no reason to think that any level of my represen-
tation has any analogue to biological representations.
The basic result points to hierarchical representations
of simple to complex motion concepts. Tie this together
with the selective tuning strategy for attentive selection
and a new direction for motion understanding results,
one that is biologically consistent with current primate
and human observations. It also holds the promise of
a tight coupling between the perception of action and
their execution. Task can be communicated to the sys-
tem simply by ‘showing’ the system the action to be
performed. All of this is quite speculative; however, I
hope to use the motivation that HHN instilled in me in
1981 when I sat down across from him, to pursue this
direction with new vigor.
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Hans-Hellmut Nagel: My Personal Notes

My first contact with HHN. In order to complete one’s
doctoral dissertation at the University of Toronto, the
last requirement to be satisfied is a positive appraisal by
a senior external researcher. My thesis committee se-
lected HHN for this task. I have kept the original copy
of my thesis that he returned to me. What an amazing
effort! I keep this as a reminder of what it means to be
thorough, careful and complete. I also use it often to
show students who complain on seeing my markings
on their documents! His efforts greatly improved my
thesis document and research.

Sharing an Office with HHN. HHN invited me to
spend part of my first post-PhD year at the University
of Hamburg and it was a surprise and a thrill to share an
office with him. A wonderful experience! I still recall
my first day. I had not realized that I would share an
office with him, an office with two large wooden desks
facing each other over-looking Schluterstrasse on the



Motion Understanding 277

very corner where the famous Hamburg taxi-cab im-
age sequence was created. He started laying out the
plan for the summer for me on the chalkboard behind
him, a literal wall of equations and ideas. Try as I might
to absorb all of this, it took me some time to get up to
a speed where I could trick myself into thinking that I
could keep up with him (and I am not sure that even
now I can accomplish this).

One of the reasons for the invitation to Hamburg
was to see if I could re-implement the work done on
my PhD on their network of mini-computers and us-
ing the programming language ADA. This was a tall
enough order on its own, but what we did not real-
ize was that HHN’s perspective, originating from his
training in physics, and mine, from primarily symbolic
AI, were not very compatible. We spent a good deal of
time trying to sort out what we really thought were the
issues, the open problems and the solution methods. I
feel I disappointed him because I never did complete
that implementation. However, I wish to assure him
that I learned a great deal from him and his perspective
has helped guide my thinking ever since.

I fondly recall having dinner in his home one evening
and then going for a walk along the river Elbe dis-
cussing vision, science and philosophy. This is what
being an academic is all about, I thought—I was sold!

This Paper and HHN. When I was asked to contribute
to this special issue I was honored, yet very concerned.
HHN’s contributions have been broad and deep: op-
tical flow, motion understanding, applications such as
walking people, traffic scenes, and more. I have been
away from the motion field for a long time and even
when active I concentrated on only one small aspect of
what HHN worked on—motion understanding. What
did I have to write about? Did I have a perspective
on the field that was still valid? My current research
focuses on biological visual attention and the develop-
ment of a computational model that explains behavioral
observations at both psychophysical and neurobiolog-
ical levels. I have made only small excursions into the
temporal domain and have focussed on spatial attention
primarily. Could my attention research have relevance
to motion understanding? I think it might.

As I was thinking about those pleasant days in
Hamburg, I realized that the parts of my stay that I
valued the most were my ‘debates’ with HHN. We had
discussions on the nature of the motion field, what has
been done, what should be done, what are the open
problems, which are the valid methods, and so on.

So, Hans-Hellmut, in your honor and to remind you
of those productive discussions, I present here a per-
sonal view of the field, more of a position paper than a
description of results, and of possible avenues for fu-
ture work. When we were together we stirred the pot, as
the saying goes, quite strongly and this paper is written
with the goal of keeping the pot well-mixed! Knowing
you as well as I do, I am fully expecting for you send
me your concerns, refinements, questions, and doubts.
After all, that is what we did years ago and it is the
foundation for both my pleasant memories of you and
for my respect for all you have taught me.

Notes

1. We also now know that the kind of modularity and processing
independence that Marr hoped for are not found in primate or
human vision (Felleman and Van Essen, 1991; Salin and Bullier,
1995).

2. It is both amusing and depressing in hindsight to note that in the
late 70’s and early 80’s, the use of a medical problem as a test
domain was the kiss of death with respect to how the community
viewed the generality of the results. More recently, the use of a
medical domain has been common and acceptable as a demonstra-
tion of one’s results. Indeed, motion understanding research has
used ballet, face gestures, hand gestures, traffic scenes, cooking
shows, baseball all with claims of ‘no loss of generality.’ We may
thus conclude there has been a significant change in the sociology
of the discipline that has now made this claim acceptable.

3. Overviews of attention research in biological vision can be found
in Pashler (1998), Styles (1998), Desimone and Duncan (1995),
Kastner and Ungerleider (2000), Allport (1989).

4. The superior temporal sulcus includes portions of several visual
areas (STP, FST and others); FST is the same level in the hierarchy
as MST, the remainder are above.

5. Area F5 is a ventral premotor area in the monkey involved in the
control of hand movements. Area 7b provides visual input to F5
and receives input from MST and FST, among others (Felleman
and Van Essen, 1991).

6. This does indeed sound like ‘grandmother cells’ for motion. How-
ever, there was no suggestion that each motion concept is repre-
sented only by a unique neuron. It may be that there are several
neurons each able to represent similar concepts.
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