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Abstract

A major problem that confronts developers of
knowledge-based vision systems is how the in-
formation in the knowledge base (both object-
speci�c knowledge and the control strategies
for applying the knowledge) is acquired. Hand
construction of knowledge bases is an onerous,
time-consuming and errorful process, and is in-
adequate for systems requiring more than a few
object models, especially if the domain within
which the system operates changes. Over the
past four years we have addressed this problem
by developing the Schema Learning System
(SLS) to learn strategies for applying object-
speci�c knowledge in complex domains. The
goal is build a system that can learn (under su-
pervision) to recognize a new object or object
class without any direct human intervention.

This paper will not describe SLS in any detail;
that has been done elsewhere. (See Draper
et al. [9] for a preliminary presentation, or
Draper [10] for a more recent and complete
description). Instead, this paper summarizes
some of our conclusions from four years of ma-
chine learning and computer vision research,
emphasizing our representation of recognition
strategies, our syntactic approach to integrat-
ing visual modules, and the implications of
SLS for goal-directed, as opposed to recon-
structionist, theories of vision.

Introduction

Computer vision research often involves searching
for sequences of visual operators that can achieve
a desired goal. For example, McGlone and Shufelt
[12] recently presented a paper in which they se-
quenced four simple operators { line extraction,
corner detection, linking and matching { to �nd
roofs in aerial images. Their work is typical of
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applications-driven research in that they adopt a
performance task, in this case roof recognition,
which they solve using existing computer vision
techniques. Their approach is to build a program
that manipulates a series of increasingly abstract
representations, starting with line segments and
then progressing to corners, chains of lines and cor-
ners, and �nally parallelpipeds. At each level of
representation, data instances are �ltered, eliminat-
ing to the extent possible those that are not (parts
of) roofs. Parallelpipeds that are not �ltered out
are returned as hypothesized rooftops.

We will use McGlone and Shufelt's work as a
running example because it is typical, in both the
problem statement and the approach, of so much
work in knowledge-directed vision. Nearly every
performance task in computer vision seems to re-
quire a slightly di�erent combination of visual op-
erators and representations to satisfy it. In part,
this springs from di�erences between object classes:
some objects have distinct colors, while others have
identi�able shapes, textures, or other de�ning prop-
erties. In part it arises from having di�erent visual
goals: identifying an object, for example, is a dif-
ferent problem from determining its position and
orientation relative to the camera. Whatever its
sources, the integration problem is di�cult because
of the lack of a general theory of how the compo-
nents of a vision system should be combined.

For the past four years, we have hypothesized
that the key to visual integration is learning. As
a �rst step toward testing this hypothesis, we have
developed the Schema Learning System (SLS), a su-
pervised learning system for developing object- and
goal-speci�c recognition strategies. SLS is given a
problem statement in the form of a goal, such as
to recover the (3D) pose and orientation of a build-
ing, or the (2D) image location of a tree. From
the problem statements, a set of training images,
and a library of visual operators, it learns exe-
cutable recognition strategies that satisfy the goal
by invoking controlled sequences of known opera-
tors [10]. Figures 1 and 2, for example, show the
result of looking for the pose of a speci�c building



and the image location of a tree by reprojecting
the hypotheses returned by learned strategies back
onto a test image. These recognition strategies re-
place those that computer vision researchers such
as McGlone and Shufelt currently build (at great
expense) by hand.

Figure 1: The pose of the Lederle Graduate Re-

search Center (LGRC), reprojected onto the image

it was recovered from. The pose was recovered by a

special-purpose strategy learned by SLS for deter-

mining the position and orientation of the LGRC.

We will not describe the learning algorithms used
by SLS here; interested readers are refered to my
dissertation [10]. Instead, we will present informal
conclusions drawn from our experience with SLS,
focusing on items that may be of interest to other
researchers in the area of machine learning and vi-
sion.

Representing Recognition Strategies

To the extent that SLS is successful, it is successful
because of its representation of recognition strate-
gies. SLS represents strategies as multi-level deci-
sion trees called recognition graphs that are gener-
alized to direct hypothesis formation as well as hy-
pothesis veri�cation (see Figure 3). The premise
behind the formalism is that object recognition
is a series of representational transformations in-
terleaved with small veri�cation tasks. Strategies
begin by extracting low-level hypotheses, such as
points, lines, or regions, from an image. Then
recognition strategies verify these (low-level) hy-
potheses, separating to the extent possible hy-
potheses that are reliable from those that are not.

Figure 2: A tree located by a special-purpose strat-

egy learned by SLS. The goal of the strategy is to

�nd the (2D) image location of trees.

Veri�ed hypotheses (or, more accurately, hypothe-
ses that have not been rejected) are then trans-
formed to a more abstract level of representation,
where a new veri�cation process takes place. The
cycle of transformation followed by veri�cation con-
tinues until hypotheses that satisfy the goal (i.e.
the problem statement) have been generated and
veri�ed.

The structure of the recognition graph re
ects
the veri�cation/transformation cycle. Each level of
a recognition graph is a decision tree that controls
hypothesis veri�cation at one level of representation
by computing selected features and determining if
the corresponding hypothesis is reliable. When a
hypothesis is veri�ed it is transformed (by a trans-
formational operator) it to another level of repre-
sentation, where the process is repeated.

That each level of a recognition graph is a uni-
variate decision tree is not particularly important.
Any two-class classi�er can be used, and we are cur-
rently developing recognition graphs that use arti�-
cial neural networks and multivariate decision trees
instead. (One could also build a hybrid system that
selected the best classi�cation induction algorithm
for each level of abstraction, a la Brodley [7].) It is
important, however, that the classi�er have a very
low false negative rate. At all but the highest level
of abstraction, if a classi�er veri�es a false instance
the mistake will most likely be corrected when the
instance is transformed to the next level of repre-
sentation. If a classi�er rejects a correct instance,
on the other hand, it is a mistake that the system
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Figure 3: A recognition graph. Levels of the graph

are decision trees that verify hypotheses by measur-

ing their features. Hypotheses that reach subgoals

are transformed to the next level of representation

by transformation operators.

cannot recover from. Consequently, the classi�ers
in SLS are trained to produce many more false pos-
itives than false negatives in order to maximize the
overall performance of its strategies.

The signi�cance of the recognition graph formal-
ism is that it biases the learning algorithms to-
ward the types of strategies that human knowledge
engineers have found to be successful. McGlone
and Shufelt's system, for example, maps directly
onto the recognition graph formalism: they use four
transformation operators (image to line segments,
line segments to corners, corners and line segments
to chains thereof, and chains of lines and corners to
parallelpipeds), and after each transformation they
�lter out unreliable hypotheses. The recognition
graph is also signi�cant because it cast the learn-
ing problem as one of both classi�cation and sym-
bolic (transformational) inference. To our knowl-
edge, members of the machine learning community
have looked at both classi�cation and symbolic in-
ference, but not at the combination of the two.

Syntactic Approach to Integration

In terms of the integration of visual modules, SLS
is on the opposite end of a spectrum from the ap-
proach taken by Aloimonos and Shulman [1]. Aloi-
monos and Shulman recommend analyzing the se-
mantics of each visual operator closely, and inte-
grating them by merging their mathematical con-

straints. Although such an approach is very pow-
erful in theory, it is di�cult, if not impossible, in
practice.
SLS, on the other hand, takes an essentially syn-

tactic approach to visual integration. It starts with
a library of visual representations and transforma-
tional operators. For each representation, the li-
brary contains a list of measurable features and
routines for measuring them. For example, the
library entry for line segments speci�es that they
have endpoints, length and contrast, and gives the
datatype of each. For transformational operators,
the library speci�es the type of representation(s)
required as arguments and the type of representa-
tion produced, so that a line extraction operator,
for example, takes an image as input and produces
line segments as output. The library also contains
default values for any compile-time parameters a
transformational operator might have. The library
does not contain estimates of the cost or reliability
of an operator, since we discovered that our esti-
mates of such values tended to be highly inaccu-
rate.
Obviously, the purely syntactic approach has

some disadvantages. SLS operates at the level of
an automatic programming system, with no spe-
cial knowledge about physics or optics or geome-
try. The advantage of the syntactic approach, how-
ever, is that it allows SLS to integrate widely dis-
parate operators and representations, so that a sin-
gle recognition strategy can exploit many di�erent
types of information, including but not limited to
color, texture, shape, size, context and function. It
also allows new operators and representations to be
added to the system as they are developed.

A Theory of Vision

According to the Encyclopedia of Arti�cial Intelli-
gence, \the goal of an image understanding system
is to transform two dimensional data into a de-
scription of the three dimensional spatiotemporal
world." [13, pg. 389]1 Such de�nitions re
ect the
in
uence of Marr and the reconstructionist school
of computer vision [11], which holds that vision is
the process of reconstructing the three dimensional
geometry of a scene from two dimensional images,
essentially by inverting the geometry and physics
of optical perspective projection. Symbolic recog-
nition is viewed as a secondary process that follows
and is dependent upon geometric reconstruction.
There is, however, an alternate de�nition of com-

puter vision, in which the goal is to enable ac-
tions, generally by applying concurrent, special-
purpose strategies. This goal-directed approach has
roots in the psychology literature of the 1960's and

1Although the citation is to the original source, we
discovered this quotation in the introductory paragraph
of Dana Ballard's article on animate vision [6].
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the cybernetics literature of the 1940's and '50s.
(See Arbib [5] for a review.) What is particularly
compelling about this approach, however, is that
it keeps resurfacing in the computer vision litera-
ture with di�erent motivations. It �rst appeared
in the early 1970's in the work of Arbib, who mod-
eled perception in terms of action-oriented schemas
[3, 4]. Several years later, Brooks proposed a lay-
ered approach with each layer integrating percep-
tion and action as a solution to problems of real-
time robotics [8]. Similar ideas surfaced again in
the work of Aloimonos, who was trying to circum-
vent the practical di�culties of reconstructionist vi-
sion [2], and Ballard, who, like Arbib, was model-
ing biological vision [6]. Partly as a result of this
repeated convergence, the notion of vision as a col-
lection of concurrent, special-purpose strategies is
once again gaining popularity.
We believe SLS gives a boost to theories of goal-

directed (a.k.a. purposive) vision. Such theories
have been criticized by researchers of the recon-
structionist school who argue that the goal of com-
puter vision research is not just to create object
recognition systems, but to put forth a coherent and
parsimonious theory of vision. These researchers
claim that by modeling vision as a loose (to be
critical, ad hoc) collection of special-purpose recog-
nition systems, proponents of goal-directed vision
abandon that goal. SLS puts forth a counterclaim
by example, however; a claim that special-purpose
recognition strategies do not have to be ad hoc

or unstructured, that they can arise through pre-
dictable and scienti�c mechanisms in response to a
viewer's environment. Indeed, the criticism can be
turned around: given that special-purpose strate-
gies can be acquired through experience, it seems
unnecessary and unjusti�ed to assume that all vi-
sual goals must be met by a single general-purpose
mechanism.

Future Work

Research on the Schema Learning System is by no
means �nished. Ongoing e�orts include work on
1) integrating systems that learn structural object
models (such as structure from motion algorithms),
2) automatically learning parameter settings for vi-
sual operators (see Bhandaru, et al., this volume),
and 3) combining dynamic and static control of vi-
sual operators. Longer term goals include reducing
the amount of supervision needed during training,
having SLS determine its own object classes, and
learning concurrent special-purpose strategies that
cooperate to interpret a complete scene.

Conclusion

SLS is an example of using machine learning tech-
nology to solve a pressing problem in computer vi-
sion. Its success, however, depends less on radical

scienti�c breakthroughs than on formalizing com-
mon knowledge. Although many systems use hand-
coded knowledge to integrate visual modules, and
although the techniques of writing such systems in
terms of reasoning across multiple levels of abstrac-
tion and the \generate and test" paradigm are well
known, no other system puts them together into a
formalism like the recognition graph, or tries to bias
learning to produce such strategies. Indeed, the
very idea of approaching visual integration at the
level of automatic programming was anathema to
many who prefered to think in terms of physics, op-
tics or geometry. Despite its pragmatic approach,
however, SLS ends up making a contribution to the
general theory of computer vision by helping crys-
tallize the alternative to Marr: vision as a collection
of special-purpose skills acquired in response to the
environment.
At the same time, the machine learning commu-

nity has tended to study classi�cation and sym-
bolic inference as distinct problems, even though
interpretation tasks such as vision seem to require
a combination of the two.
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