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A bstract

This thesis develops a self-adaptive architecture for image understanding that ad-
dresses certain kinds of lack of robustness common in image understanding programs.
The architecture provides support for making image understanding programs that can
manipulate their own semantics and thereby adjust their structure in response to changes
in the environment that might cause static image understanding systems to fail.

The general approach taken has been to explore the ideas of self-adaptive software
and implement an architectural framework that addresses a class of problems that we
term “interpretation problems” common in image understanding. Self-adaptive software
is a relatively new idea and this thesis represents one of the first implementations of the
general idea. The general idea is that to make programs robust to changing environmen-
tal conditions that they should be “aware” of their relationship with the environment
and be able to restructure themselves at runtime in order to “track” changes in the
environment.

The implementation takes the form of a multi-layered reflective interpreter that ma-
nipulates and runs simple agents. The interpreter framework utilizes Monte-Carlo sam-
pling as a mechanism for estimating most likely solutions, uses Minimum Descriptin
Length (MDL) as a central coordinating device, and includes a theorem prover based
compiler to restructure the program when necessary.

To test the architectural ideas developed in the thesis a test domain of interpreting
acrial images was chosen. Much of the research described in the thesis addresses issues
in that problem domain. The task of the program is to segment, label, and parse aerial
images so as to produce an image description similar to descriptions produced by a human
expert. An image corpus is developed that is used as the source of domain knowledge.

The first processing stage of the program segments the aerial images into segments
similar to those found in the annotated corpus. To accomplish this a new segmentation
algorithm that we call scmantic segmentation was developed that not only used MDL as
a principle to drive the low-level segmentation but also allows higher level semantics to
influence the segmentation. In our usage of the algorithm those semantics take the form
of labeling and parsing the resulting segmentation.

The second stage labels the regions and parses the regions into a parse tree. To do
this we develop a 2D statistical parser. Rules of grammar are induced from the corpus
and an MDL parser finds approximations to the most probable parse of the regions of
the segmented 1mage.
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Chapter 1

Introduction

1.1 Introduction

Robust performance of image interpretation programs has been an elusive goal. Under
constrained conditions, we are able to make image analysis programs work well but the
variability of the unconstrained world remains an obstacle to robust vision programs. The
real world is a complex place and building vision programs that have hardwired logic for
dealing with every possibility seems naive. Dealing with the complexity of the natural
visual world is as important a part of vision research as the focused research efforts into
constrained image analysis problems. We have learned a great deal about algorithms for
image analysis. Compared to what we have learned about image analysis, however, we
know relatively little about how to architect programs that can deal effectively with the
complexity and variability of the natural world.

This thesis explores a self-adaptive approach towards achieving reliable performance
in complex and changing environments. Self-adaptive software is concerned with the
problem of automatically adapting program structure in response environmental changes
in order to provide robust performance under uncertain and changing conditions. This
is in contrast to 'neural’ and similar systems that adapt simply by modifying the values
of a small number of numerical parameters; but which otherwise leave unchanged the
structure of the program conceived by the designers.

We explore the self-adaptation of a program that segments and labels aerial images.
The thesis develops algorithms for segmentation and image parsing for aerial image un-
derstanding. An architecture and algorithms for self adaptation are also developed. For
sclf adaptation, we concentrate on the tasks of program synthesis, knowledge induction
from an image corpus and the interaction between different levels of knowledge. This

thesis is therefore a contribution to both Artificial Intelligence and to Computer Vision.

1.1.1 Motivation

The project began with the observation that a significant source of problems with in-
terpreting visual scenes comes from our inability to precisely predict the nature of the

cnvironment in which the image understanding prograimns are expected to operate.



1.1 Introduction

Even if we could know all the different states that the environment could be in, we
wouldn’t know a priori what state the environment would be in at any particular time.
Consequently, we believe that in order to achieve robust performance iimage understand-
ing, programs should determine the state of the environment at runtime and adapt to
the environment that is found. In practice it is probably the case that the set of possible
environment states cannot be explicitly enumerated a priori.

In the spring of 1998, the US agency DARPA introduced the term ”Self adaptive
software” to describe a software methodology that aspires to solve exactly the kind of
problem described above. The DPhil was later funded under the DARPA ” Automatic
Software Composition” (ASC) program.

Self adaptation is a model-based approach to building robust systems. The environ-
ment, the program’s goal, and the program’s computational structure must be modeled.
In principle, the idea is simple. The environment model and the program goal model
support both continuous evaluation of the performance of the program. When program
performance deteriorates, the program goal model and the computation model together
support modification of the program structure. In this way, the program structure evolves
as the environment changes, even radically, so that the components of the program are
always well suited to the environment in which they are running. The conjecture is
that robust performance will result from having all components operating within their
effective range.

This thesis addresses for the first time the question: How can the sclf-adaptive ap-
proach described above be realized for computer vision in the form of a software archi-
tecture?

From the outset, it seemed likely that a reflective architecture would be effective.
This is because a reflective architecture provides the mechanisms necessary to support
two of the core problems of self adaptive software—a mechanism for reasoning about
the state of the computational system; and a mechanism for making changes to it.
Reflective architectures, as we discuss in Chapter 3, had recently been introduced into
Al and some of their theoretical properties were attractive. However, few techniques
for building reflective architectures were known at the outset of this research, and they
were applied 1ostly for the purpose of building open (modifiable) systems rather than
building systems that reasoned about their own behavior.

Most work on reflection concentrates on how to provide these two mechanisiis in the
domain of interest so that a programier may make use of them. The problem of self-
adaptive software goes a step further. Not only must we have mechanisis that support
introspection and change of the systeins semantics, we must also have an implementation
of the user of these mechanisis. That is to say that we must imiplement the programmer!

Automatic programming has been a goal of Al for decades. In the near term, however.



1.2 The Problem Domain

there continues to be little likelihood of solving the problem in any kind of general
way. In constrained forms, however, it is possible to address the problem. Systems that
gencrate code from specifications or architecture diagrams are examples of such solutions
to restricted problems.

We decided to explore the conjecture that the class of programs that interpret their
environment, such as vision and speech understanding, were constraining in ways that
would permit a viable self adaptive architecture to be developed. An interpretation
program is a program that attempts to build a description that is an interpretation of
its input.

Interpretation problems often exist at meta-levels too, so, for example, in order to
interpret the world as a visual scene, it is first necessary to interpret the program goal
as a program. The interpretation of the program goal as a program is not a separate
problem but is intimately intertwined with the problem of interpreting the visual world as
a description. When a problem occurs with interpreting the visual world as a description
it occurs while executing part of the program. That program was itself an interpretation
of the program goal. The tower of such interpretation problems forms the basis for the
reflective architecture presented here.

Generating image descriptions from visual scenes and generating programs from pro-
gram goal descriptions are similar in that both involve generating structural descriptions
and both are usually ambiguous. There are usually many different possible interpreta-
tions of a visual scecne—some are more likely than others. Likewise, there are usually
many ways of configuring a program to satisfy the program goal description—some are
more likely than others to be effective in the actual visual environment that the program

runs in.

1.2 The Problem Domain

We chose the problem of producing robust interpretations of aerial images taken from
satellite and fromn high altitude planes as the test domain for our investigation into
sclf-adaptive software.

Figurc 1.1 shows an aerial iinage that has been segmented into regions. Each region
has a content designation, such as; lake, residential, and so on. The description that is
formed by the collection of labeled regions comprises an interpretation of the image.

Typically, computer vision rescarchers working on segmentation present their seg-
mentation results, and measure the success of their program, by looking at the image
and sceing how well their algorithin performed. We counsider segimentation to be a fune-
tion not only of the input hmage but also of the use that the program wants to make

of the segmentation. A segmentation is a step in the larger problem of interpreting the









1.3 Logical Components of the System

would provide a database of shape models—in this case of leaves—to the segmentation
shape vocabulary. Armed with such a vocabulary, it is easier to represent the image
segments as overlapping leaves than as arbitrary regions. In this way, Marr’s leaves
could be successfully segmented. Of course, hidden in this overly simplified account is
the notion of how one description of a segmentation is “easier”, or “preferable”. We
discuss how this is done, within the minimum description length (MDL) framework, in
chapter 4.

Many practical systems often achieve acceptable segmentations by hard-wiring do-
main knowledge. For example, when segmenting an ultrasonic heart image, a parameter-
ized heart outline model may be fitted to the image in order to produce the segmentation.
In certain situations we are able to exert sufficient control of the environment for this
approach to work; but when the environment cannot be held constant, and this occurs
surprisingly often, we need to be able to change the semantics that are used to help
the segmentation process. The cooperative approach developed in this thesis allows
semantics to change throughout the self adaptive process.

In order for the system to produce segmentations, we must provide a model of a
good segmentation. In our test case, we chose to implement the program goal model as
a learned model. An expert annotates images in a representative image corpus and the

model of a correct segmentation is learned from the annotated corpus.

1.3 Logical Components of the System

We present a system called GRAVA (for Grounded Reflective Adaptive Vision Archi-
tecture) that segments and labels aerial images in a way that attempts to mimic the
competence of a human expert.

Figure 1.3 shows the logical components of the system along with the supporting

relationships between the parts. We now sketch the roles of these components.

1.3.1 Image Segmentation and Labeling Program

To produce an image interpretation, a variety of tools need to be brought into play.
First, the image is processed by various tools in order to extract texture or feature in-
formation. The selection of the right tools determines ultimately how good the resulting
interpretation will be. Next, a segmentation algorithm is employed in order to produce
regions with outlines whose contents are homogeneous with respect to content as deter-
mined by the chosen texture and feature tools. The segientation algorithin also depends
upon tools that select seed points that initialize the segmentation. The choice of tools
to initiate the segmentation determines what kind of segmentation will be produced.

Labeling the regions depends upon two processes. The first tries to determine possible
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1.3.3 MDL Agent Architecture

The problem of interpreting the real world is inherently ambiguous. A speech or vision
program must select the most likely interpretation from the ambiguous candidates. Se-
lecting the most likely interpretation is equivalent to selecting the interpretation with the
minimum description length (MDL). We develop apparently for the first time an agent

architecture based on the MDL principle that has a number of desirable properties:

1. It supports a conjecture of Leclerc (Leclerc 1989) that MDL can apply to higher

level semantics.

2. Cooperation between agents is an emergent property.

The MDL agent architecture is used as a low level agent language upon which most of
the algorithms in this thesis are built. The decision to build the architecture as an agent

architecture was for convenience. The choice of agents as a building block is arbitrary.

1.3.4 Semantic Segmentation

The region competition algorithm of Zhu & Yuille (Zhu & Yuille 1996) is probably the
leading approach currently to segmentation, it produces reasonably good segmentations
based on a purely low level approach; but since there is no provision for combining
evidence from higher level semantics, the approach performs poorly when there is poor
low level discrimination between regions. By developing an MDL algorithm similar to
the region competition algorithm, using the MDL agent architecture, interaction between
agents at differing semantic levels allows evidence from higher level semantics to influence
the segmentation.

The use of MDL in a segmentation algorithm is not unique (Zhu & Yuille 1996;
Leclerc 1989); but the use of MDL as a coordination device for bringing high level
semantics to bear on the segmentation ts new.

The algorithm produces good results. Figure 1.5 shows an image that has been
segmented without any high level semantics. Seed points were selected and the base
segmenter was allowed to proceed without any image semantics. The results are as good
as those achievable using the Zhu & Yuille (Zhu & Yuille 1996) segmenter.

When semantics are introduced, difficult segmentations in which the boundaries are
not evident at all such as the Marr example of overlapping leaves shown in Figure 1.2 are
possible. Although the leaves can ecasily be segmented by human sight, analysis of the
pixels along the overlapped leaf region shows that there are no intensity changes from
which the edge could be found using low level techniques. The edge that we perceive is
a kind of subjective contour. We can illustrate this point by demonstrating a traditional

subjective contour example.
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1.3.5 Patchwork Parser

In our test case, what we have been calling semantics in the foregoing is a meaningful
parse of the image. The patchwork parser is a statistical 2D parser. The parser takes as
input a segmented image with content descriptors assigned to the segments. The parser
builds a structural description of the image. Difficulties in producing a good parse can
cause self-adaptation, which results in the segmentation program producing different
segmentations that may parse better.

Two corpora were developed using aerial images imaged from: a satellite, and from a
plane. Annotations were made to the images of the corpora by an expert (our expert was
a summer student hired to annotate all of the images using a special image annotation
tool described in appendix C). The image grammar is induced from the corpus. The
image parser attempts to make structural sense out of the segmentation produced by

the semantic segmentation algorithm. This results in:

1. The propagation of contextual information.
2. Assignment of labels to the segments indicating region contents.

3. Interaction with the semantic segmentation algorithm to refine the segmentation

based on evidence from the parse.

The parser is a structure-generating application that interprets the image contents.
Both the parse structure and the synthesized program structure for the application are

generated by a common structure generating theorem prover.

1.3.6 Statistical/ MDL Theorem Prover

If image understanding is defined in part as the problem of building a description of the
scene depicted in the image, there is a need for some apparatus that can assemble such
descriptions. While the component parts of the description are expected to be generated
by special purpose agents the task of building a structurally complex description out
of these component parts is a problem that does not belong to any of the individual
components.

Similarly, the problem of synthesizing the program within the self adaptive framework
described above requires some mechanism capable of assembling the individual agents
into a form of program.

In both cases, there are many different structures that may be produced. The task
of parsing an image is inherently ambiguous. There are often many different allowable
parses of the scene just as there are frequently many different parses of English sentences

in a natural language parser. Similarly, there are many different program structures that
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may succeed in implementing the image interpretation task. In agent planning, there
are many possible plans. In each case, the problem is constructing the structure that
has the greatest probability of succeeding in the task at hand.

A theorem prover assembles proofs from axioms and rules of inference. The resulting
proof can be viewed as a parse tree, a program, or a plan. If the components of the
structure have a description length that is determined by a probability that describes
the likelihood of succeeding in its particular task the structure most likely to succeed is
the one whose description length is shortest.

We have developed a common structure-building component in the form of a theorem
prover, and incorporated it into the architecture to address structure building needs. The
proof that has the shortest description length is judged to be the best proof. In this kind
of proof, the theorem is a valid solution. In the case of a parse it is a syntactically correct
structure for the set of lexical items (a lexical item in the case of a patchwork parse is a
region). In the case of a program it is a legal program that addresses the details of the
program’s design; in the case of a plan, the theorem would be a legal plan that addresses
the details of the goal structure for which the plan seeks to find a solution. While the
parse, program, or plan may be legal none is guaranteed to be correct. The execution of
the program may fail at some point. A plan may not succeed. Checkpoints are added
to the generated structure whenever a component has a probability of success less than

1. These checkpoints provide a mechanism whereby self adaptation can be initiated.

1.3.7 MDL clustering for model induction

GRAVA is grounded because it applies models that are grounded in experience with the
real world. We develop a corpus of images annotated by a human photo interpreter
as the basis for grounding the models used by the system. We develop an MDL based
clustering algorithm that supports the automatic induction of statistical models from
the corpus. We call this algorithm principal component decomposition (PCD). It works
by searching in decreasing order of eigenvalue for ways of dividing the input space along
principal components in order to decompose a complex set of data points that constitute
positive examples of a phenomenon for which we wish to induce models. The resulting
clusters can be modeled using principal component analysis (PCA) so that the resulting
set of models can be described with a minimal description length (MDL). As such the
resulting model is the most probable interpretation of the data points.

Figure 1.7 shows data points for river using the red and blue channels. The MDL
representation for these data points involves dividing the data into two separate mmodels

as indicated by the coloring of the data points.
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and also semantic modification by mutating the semantic account. The embedded
semantic account is not just a static representation but is intimately involved with
the operation of the system. By inspecting the state of the semantic account the
system can understand why it is doing what it is doing. That 1s 1t can reason
about what the system is doing in terms of a goal that its actions are intended to

achieve.

Reflection

To date, reflection has existed as a means whereby a programmer can gain access to the
computational state of the program. Sometimes this access is purely introspective. It is,
for example, easy to implement a debugger on top of a reflective system. In other cases,
the semantics may be extended or modified by the programmer.

The role of reflection in the GRAVA architecture is to allow the system to modify
itself. The idea in this case is that if the program can know why it is doing what it is
doing and also that it is not doing very well in some aspect of its computation, then
the system could in principle adjust itself to do what it is doing in a different way and
perhaps be more successful. If the system knows why it is doing the thing that it is not
doing very well at, it may be able to find other ways of achieving what it was trying
to do. If no other ways can be found, it will fail at a meta-level, causing a meta-level
reorganization. The way that these goals are achieved in GRAVA is by having the meta-
level goal of the program be described in some form of specification. Agents are provided
that interpret that specification and produce a design for a program that would satisfy
it. Agents that are built to interpret those parts of the design are then used to interpret
the design in the form of a program. The number of levels of meta that lay between the
meta-goal of the system at the top and the program code at the bottom is arbitrary.
When the ultimate program code is run it interprets the image in order to produce its
description. This arrangement generates a tower of interpreters. At each point in the
decomposition from meta-goals to image interpretation the components at one level are
linked to those components at a higher level that played a role in defining the semantics

of the low-level component.

1.4 Overview of the Thesis

The components described above are described in a bottom up way in the chapters of
the thesis.

The thesis begins (in Chapter 2) with a review of conventional architectural ap-
proaches to building robust interpretation systems. The second part of the chapter

provides an architectural overview of the self adaptive approach taken up in the thesis.
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Reflection is proposed as an important component in building self adaptive systems.
A model for self adaptation is proposed that treats the synthesis of a program as an
interpretation problem. A reflective architecture is developed that allows feedback to
take the form of a reflective act that allows adaptation to occur. An information theo-
retic framework for computer vision programs is developed that provides a conceptual
framework for all algorithms described in this thesis.

Chapter 3 develops a low-level agent architecture that implements most algorithms
described in the thesis as well as the adaptive architecture. The low-level agent archi-
tecture is demonstrated on a simple test case whose purpose is to interpret simple hand
written sentences. This illustrative test case provides a compelling case for the MDL
approach. Using only two simple feature extractors—a line endpoint detector (red cir-
cles in Figure 1.8) and a line junction detector (blue circles)—the words and characters
shown in Figure 1.8 are successfully interpreted even though the features extracted are
insufficient to determine the characters uniquely.

Chapter 4 demonstrates how the MDL agent architecture can be applied to the task of
segmenting images. A novel algorithm is presented that we call Semantic Segmentation.
The segmentation algorithm, when seeded appropriately and in its base form, produces
segmentations that are as good as those produced by Zhu & Yuille (Zhu & Yuille 1996) or
Leclerc (Leclerc 1989). The real power of semantic segmentation however is its ability to
draw upon higher level semantics. Unlike traditional segmentation algorithms the MDL
agent architecture permits image semantics to participate in the segmentation process.

A system based on semantic segmentation will produce a segmentation that depends
not only on the bits directly available in the image but also on the models of the world
that are available and the likelihood of their occurrence in the world. We see what we
know.

Chapter 5 develops the statistical parser that is used to produce the image descrip-

tion. Three problems are solved:

1. The 2D image meta-grammar is developed;

2. The construction of models of region content descriptors in terms of region content
features, how they are learned from the corpus and how they are related to symbolic

names such as field is developed.
3. Grammar induction from an annotated corpus is developed; and

4. The MDL parser that searches for the MDL parse is developed;

Chapter 6 addresses the issue of grounding the architecture by providing support

for the induction of models from an annotated corpus. An MDL clustering algorithin
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ing and labeling test case described in this thesis and shows how they work together.
Chapter 9 assesses the success of the research and discusses further work. A discussion
follows outlining outstanding problems and issues for self adaptive software research.
Appendix A describes the image corpora used in the project. Appendix B gives an
overview of the software architecture that was implemented as a test bed for the research
presented in this thesis. Appendix C describes the image annotation facility that was
developed for the purpose of annotating the image corpora. The image annotation facility

was used by the student image interpreter to annotate all of the images in the corpora.



Chapter 2

Architecture

2.1 Introduction

I am not the first to recognize the need for more appropriate architectures in computer
vision or in Artificial Intelligence. Architecture is important and necessary because it
addresses the issue of how to build complex systems that work. While much work in
computer vision is focused and low-level, success in building complete vision systems
requires the results of all of the focused work on low-level vision to be integrated into an
application that can effectively apply those routines and integrate their results so as to
achieve robust visual interpretation. Building such systems is essentially an architecture
problem. The architecture problem is also the Artificial Intelligence problem as it deals
with the integration of information, interaction with the real world, manipulation of
beliefs and intentions, and focus of attention. Over the years, a number of architectures
have been developed that are relevant to computer vision. In this chapter we review the
relevant architectures and highlight the advantages and problematic areas of each. The
self-adaptive approach and communication theory are introduced. Self adaptive software
has only been around as an architectural idea for a few years but already there are a
number of ambitious projects underway. We provide an overview of these experiments
in self adaptive software so as to situate the work of this thesis within the field of self-
adaptive software.

We conclude by sketching a high level overview of the GRAVA architecture. The
details of the GRAVA architecture are elaborated throughout the thesis in the context
of solving aspects of the problem domain.

The problem that this thesis attempts to address is building image understanding
systems that are robust with respect to the environment in which they operate. Thisis a
difficult problem because the environment can be complex and the program complexity
required to deal with it would involve highly complex program logic. The thesis began
with a conjecture that an effective way to build vision systems that can accurately and
dynamically matcli up vision capabilities with the dynamic visual world would be to
have the systems understand what they are doing and to know how well they are doing
at it. We conjectured that Reflection (Maes & Nardi 1988) provided an appropriate

architectural basis for building such systems. Understanding what the systems is doing
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and knowing how well it is doing at it is only half of the story though, because when
the program finds itself not doing well at its task, it must have a mechanism for making
changes and thereby doing better.

The traditional approach to building systems is to try to think through the whole
problem and to consider every possibility. By programming every possibility in to the
logic of the program, a complete programmed solution can be constructed. Most tra-
ditional systems are built this way. The approach is effective when the problem is of
manageable size and when the system/environment does not change too much or too
often. The size and complexity of the resulting system reflects the size and complexity
of the problem definition.

A number of architectural approaches have been developed over the years to ad-
dress the goal of having a programmed system of limited complexity produce complex
and interesting behavior in the face of a complex environment. Most of these can be

characterized as data driven or reactive approaches as follows:

e Blackboard and Forward chaining systems: Blackboard architectures (Erman et
al. 1980; Erman, London, & Fickas 1981; Hayes-Roth 1985; Jagannathan, Dod-
hiawala, & Baum 1989) have been used successfully in a variety of applications
including speech understanding (Erman et al. 1980) and vision. Forward chain-
ing languages (Forgy & McDermott 1977; Robertson 1985; Laddaga 1996; Rowley,
Shrobe, & Cassels 1987) are very similar to blackboard architectures. They have
tended to be structured as languages rather than architectures and have largely
been employed as the basis for building expert systems; but they are very similar
computational engines. They are structured so as to invoke specialized routines
when the prerequisites for the routines are satisfied by the current state of the
environment that is represented on a blackboard or working memory structure.
All of these systems are data driven. The choice of what routines to run is made
on the basis of what the environment looks like. Their behavior is hard to predict

and control even in a relatively stable environment.

e Subsumption architectures (Brooks 1986; 1987; 1991a; 1991b; Mataric 1991; 1992)
are based on layers of augmented finite state machines (AFSMs). Each layer pro-
vides pre-wired behaviors and operates asynchronously. Each AFSM supports
suppression and inhibition from other AFSMs allowing coherent behavior to re-
sult. Subsumption has mostly been applied to building robot controllers but in
principle could be appliced to other problem domains. Subsumption provides a way
of allowing the robot to react to its local environment while performing a requested

behavior. In that sense it is both goal directed and reactive.

e Schemas
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Schemas as developed by Riseman (Draper et al. 1988) are an extension of the
blackboard idea and have been used as an architecture for computer vision (Arkin,
Riseman, & Hansen 1988). Schema instances provide distributed control over how
knowledge is applied and which knowledge sources are used. This overcomes prob-
lems in working with a centralized scheduler by providing explicit control informa-

tion in the form of schemas.

Other approaches include parallel distributed processes (PDP) (McClelland & Rumel-
hart 1986a) which we discuss in chapter 3.

Many people have postulated that tiiings would be much better if there were a mathe-
matical foundation. In this thesis we go some way toward that by basing the architecture
on MDL. By employing ad hoc architectural ideas there is a danger that the architecture
itself becomes a source of unmanageable complexity while not providing reliable solutions
to the problems they seek to solve. The architectures reviewed here allow for complex
and interesting behavior by supporting complex interactions between simpler compo-
nents. They suffer not from limitations in what the architecture will allow—for they all
allow a great deal—but from the problem of coordinating the computational components
to yield coherent and relevant behavior. The architectures support the development of
unmanageable complexity and demand carefully designed control mechanisms and intri-
cately designed interfaces between components. Control in these architectures has to be
wired in to the code by the system developers.

The GRAVA architecture is novel in that it seeks to achieve its goals of robust
and interesting behavior through self adaptation and reflection but what sets it apart
from earlier architectures is the communication theoretic underpinnings that provide
the basis for a crisp mathematical foundation and which supports in a reasoned way the
kind of interesting behavior that is so tantalizing yet ultimately frustrating in the older

architectures.

2.2 Blackboards and Forward Chaining Rule Systems

The blackboard architecture is, on the surface, a very simple idea. A problem is posed
by placing a description onto a shared data-structure called a blackboard. This starting
description could be the raw data from a speech understanding system. A number of
routines known as blackboard knowledge sources (BBKS’s) watch the description on the
blackboard for part of the description that matches their condition part. Each BBKS is
defined as a condition part that matches against part of the deseription on the blackboard
and an action part. When a BBKS finds part of the blackboard that matches its condition
part it may be mvoked. Once invoked thie BBKS runs its action part in order to rewrite

that part of the description. In principle this allows BBKS’s to apply their knowledge
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as appropriate in order to transform the original description into a solution. At each
step, BBKS’s apply themselves to pieces of the description to which they are matched
and thus a form of cooperation among BBKS'’s is achieved and the emergent function
of the blackboard is the complex and interesting behavior of transforming the initial

description into a higher level understanding.

Blackboards
Focus of
Leveln control
database
A
/—\/ Y!
Level 3 I Blackl?oard
monitor \ 4
Level 2 A Scheduling |
queue
Level 1 A
v§
Scheduler

v v v v v v

Condition| | Action BiCondition| | Action ¥ |Condition| | Action

Knowledge Sources

Figure 2.1: Hearsay II architecture

Figure 2.1 shows the schematic for the Hearsay II architecture (Erman et al. 1980).
The blackboard is divided into multiple levels. This allows the problem to be modeled
as moving the original low-level description to a higher level description. A BBKS can
read its part of the description at level n and write its interpretation at level n+1. In
this way BBKS’s gradually transform the low-level description up through the levels
of the blackboard until a high-level understanding is achieved. The simple idea breaks
down in practice because at any time there can be more than one BBKS that may
potentially be invoked for the same picce of raw data on the blackboard. To overcome

that embarrassient of riches, the Hearsay II architecture provides picces of mechanisim
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to manage the application of BBKS’s. Overall control of the interpretation task is
managed by a focus of attention database and a blackboard monitor. BBKS’s that
are applicable at any point in the interpretation advertise themselves to the scheduler.
The condition part of the BBKS is compared with the focus of attention in order to
select the BBKS that should be invoked next. The naive view of an anarchy of BBKS’s
cooperating to transform the description on the blackboard in reality degenerates into
a highly engineered solution in which the correct sequence of applications of BBKS’s is
managed via the scheduler and the focus of control database. For a complex problem
the management of application of BBKS’s becomes a major problem and the separation
of knowledge that is represented by the separate BBKS’s is more illusion than reality.
In reality they must be carefully designed so as to work with the other BBKS’s to lead
the computation towards a solution.

The ideas of the blackboard architecture have frequently reappeared in other ap-
proaches. In Rule based systems (Forgy & McDermott 1977; Robertson 1985; Laddaga
1996; Feigenbaum, Buchanan, & Lederberg 1971; Buchanan & Shortliffe 1984) rules are
described by condition-action pairs just as they are in a blackboard and a shared data
structure is used to represent the problem. In the case of forward chaining systems like
OPS (Forgy & McDermott 1977) a shared working memory takes the place of the black-
board and a collection of simple control rules determine the order of application of the
rules. For example, in the case of OPS5, one control strategy applies more specific rules
in preference to less specific ones. Elements in the working memory are time stamped
and rules that deal with elements with more recent times stamps are preferred. In such
a way some kind of focus of attention can be achieved. The developer of such a system
ends up carefully designing the rules so as to achieve the desired pattern of execution.
This programming style is opaque and difficult to debug as systems become large or
as the environment changes in ways that were not originally envisioned. Complex and
successful systems have been built—and continue to be built—using blackboards and
rule based systems, and a number of commercial implementations exist to support such

activities; but mature systems built this way rapidly become maintenance nightmares.

2.3 Subsumption

A variation on the focus of control ideas of blackboards and rule based systems is provided
by the Subsumption architecture. The intriguing idea of subsumption is that instead of
having a complex model of the world that mirrors the real world one can get by with a
very simple idealized model of the world. In getting a robot from point A to point B,
mstead of having a model of the world and a plan for getting from A to B, subsumption

would ignore the possibility of any complexitics of the world that might frustrate a
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straightforward solution to getting from A to B.

Subsumption has largely been used to implement robot controllers. The controller
has a high level goal such as “get from A to B”. The rules that implement the goal
(implemented in subsumption by finite state machines) don’t attempt to anticipate dif-
ficulties caused by the terrain. For example the strategy might involve turning towards
B and executing move forward commands until B is reached. Along the way certain
obstacles may be encountered. When they are encountered control is subsumed by an
obstacle avoidance layer. When the obstacle is no longer a problem control returns to
the higher goal achievement layer where the simplistic approach of getting from A to B
resumes. Complex and interesting behaviors result from the subsumption approach. The
emergent function of the subsumption architecture is a product of both the algorithms
encoded in the layers of finite state machines and the environment in which the robot
operates.

The strength and weakness of the subsumption layered approach is that the layers
know nothing about each other. In the example described above the AFSM for avoiding
an obstacle knows nothing about the goal of getting from A to B and as a result silly
behavior often results. Subsumption is purely reactive and has no notion of a model of

the world and there is no notion of a plan.

2.4 Agents

A similar approach to interacting with an arbitrarily complex environment is taken by
situated agents (Maes 1990b; Giroux 1995; Krogh 1995). Agents are modules of com-
petence. On one level, the agent view is nothing more than a simple organizing prin-
ciple like object oriented programming. From the standpoint of artificial intelligence
the idea behind agents is that intelligence may be decomposable into small compo-
nents of capability—agents. Agents that organize themselves are known as autonomous
agents (Maes 1990a). By having a collection of agents each of which has some self con-
tained expertise, and by having some mechanism whereby these agents can cooperate
to solve complex problems, the behavior that emerges from that interaction may appear
similar to behavior that we call intelligent when it is performed by humans.

The idea of emergent behavior (Maes 1990a) is important. The way that agent sys-
tems are designed is by finding some form of interaction loop between the collection of
agents and the environment that converges on a solution to the problemn. Systems built
this way can exhibit surprising robustness and interesting behavior. Agent implementa-
tions are extremely varied. Various mechanisms exist for controlling how agents organize
themselves and communicate with each other in order to have the emergent behavior of a

system that solves the desired problemn. A key idea of agents is that (unlike blackboards)
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there should be no central control mechanism. There are, however, often other kinds of
central mechanism such as a directory of agents that can be used by an agent seeking to
find other agents to help to solve a problem.

Often there is more than one agent capable of solving a particular problem. This
is similar to the problem with blackboards and with forward chaining expert systems
when there are multiple rules that can potentially be invoked. It follows that with agents
the fundamental problem is the same as with the other architectures—finding ways of
controlling which agents will be selected to run when there are multiple choices. Various
mechanisms have been suggested for how to solve the agent selection problem. The
benevolent agent assumption says that all agents are eager to cooperate on a problem
and the problem lies in selecting which agent is most suitable. Another approach is to
use a market based system. Market based systems (Clearwater 1995) implement fees for
the services of agents and agents can bid on an a problem solving activity. Each agent is
assumed to be greedy in wanting to spend as little on tasks that it has to delegate and
collect as much as possible from the agents that it performs work for. Self organizing
agents must communicate not only to exchange problem specific information but also
information suitable for determining if the agents are capable of solving the problem that
they may be called upon to perform and perhaps to come up with a mutually agreeable
price. Negotiation (Rosenschein & Zlotkin 1998) is one way to achieve this.

Of particular interest is the BDI (Rao & Georgeff 1995) agent. BDI agents have a
simple interpreter that depends upon three pieces of information maintained by each
agent: belief, desire, and intention.

Belief is the agent’s beliefs about the world. Desire is the agent’s goal—the prob-
lem definition; and Intention is a representation of the agent’s approach to solving the
problems—the plan.

BDI agents are reflective in the sense that they carry enough information to reflect on
their computational state. Whereas BBKS’s and rules are more or less blind condition
action pairs BDI agents know what they are expected to do [desire], their current plan
for accomplishing it [intention], and their beliefs about the world [belief]. In principle
the belief and the intention can change at runtime and thereby cause the semantics of

the agent to change.

2.5 Schema

Riseman’s Scliema is an attempt to marry top down and bottom up control in a vision
architecture so as to manage the problems described above with the reactive systems. A
schema is a semantic entity that can be supported by lower level knowledge. A schema

system breaks down a complex task—such as understanding an image containing houscs
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and trees into sub schemas that are responsible for recognizing the parts that make
up such a scene—the houses and the trees. The elaboration of a hierarchy of schemas
bottoms out in a collection of low-level processes that can contribute to understanding
various parts of the image. Having chosen a set of processes in this way, the interpretation
of the image proceeds in a reactive way with the low level processes finding things in
the image and then having their contributions used as evidence for trees and houses in
the appropriate schemas. The top down decomposition of the problem into a hierarchy
of schemas which each contribute low-level processes helps to control which low-level
processes are involved in the computation and thereby constrains the set of processes

that may contribute to understanding an image.

2.6 Self Adaptive Software

One problem with data driven approaches is that it is hard to steer the computation in
the right direction. The result is that focus of attention is implemented in a way that
is inflexible and hard to maintain. In forward chaining systems, for example, there may
be a number of rules that could manipulate the data in the working memory. However,
which of those rules leads in the right direction? To force the system to select the
rule that does what we want we have to cunningly place data elements in the working
memory that indicate what we want to happen and the data driven rules have to be
constructed so that they attend to what is wanted. The subsumption approach has a
top level program that implements the intended behavior in an idealized world. When
the real world deviates from an ideal one, such as by including an unexpected obstacle,
a lower level subprogram subsumes the current computation and hides the parts of the
real world that are not ideal such as by moving around the obstacle. Unfortunately,
there is no way for the lower level sub program to know what the higher level was doing
and so it is easy to generate nonsensical behaviors. For example, if the robot responds
to an obstacle by moving away from it but whenever the higher level program regains
control it moves back towards the obstacle the robot will endlessly back up and move
forward.

All of the above approaches are reactive. In each case, a lack of understanding about
the goal to be achieved by the system is the major weakness of the system. The self-
adaptive approach is different in that the system solves the problem of how to make a
programmed solution react to failure and to unexpected events in the environment. At
any point, there is a programmed solution that has a model of the world that is trying to
interpret the world. When failure occurs, for whatever reason, the programmed solution
is mutated so as to deal with what is understood to be the true nature of the world.

The self-adaptive approach is model driven not data driven. The programn’s goal is
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modeled. A program exists or is generated that satisfies the program’s goal. At runtime,
the success of the program is checked by its components and poor performance results
in adapting the program so that it still satisfies the goal model.

A good way of thinking about self-adaptive software is that instead of having one
program that deals with the full diversity that the program may be exposed to, a collec-
tion of smaller simpler programs cover patches of the space of diversity and at runtime

the running program is changed to suit the particular features of the environment.

Altitude

Legend
\ Program
path
Q Program
Terrain Type > instance

Figure 2.2: Path of a Self Adaptive Program

Figure 2.2! illustrates the case showing two dimensions of diversity: altitude and
terrain type. If we imagine a camera attached to a plane that is flying over varying terrain
and changing altitude as it goes indicated by the solid path we can imagine a collection
of programs each suited to understanding images at a particular altitude and terrain
type indicated by the ellipses. As the environment changes, the self-adaptive program
inust track where it is in the space of environment features and select (or gencrate) the
program that best deals with what the environment is currently presenting. The result

should be that the program code that is executing at any time is best able to deal with

the current circuinstarnces.

'This illustration is borrowed from Musliner (Musliner et al. 1999).
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choose which algorithm is best from a set of alternatives. An even simpler approach is to
leave the algorithm unchanged, but instead adjust its parameterization. (Figure 2.3b).
Parameter adjustment is a generalization of a big switch since the algorithm could be a
collection of algorithms wrapped by a big switch that selects an algorithm based on a
parameter value. The most general approach, however, that includes both of the above
involves resynthesizing the program (Figure 2.3c). The resynthesis approach requires
the runtime presence of a program generator. This is the approach that we develop in

this thesis. The synthesized algorithm is generated from two pieces of information:

1. The program goal.

2. The program belief state.

Both of these inputs to the code generator can change. The program goal is a function
of the consumer of the program’s output. The belief state is something that changes as
the program runs and learns about the environment that it is in. As the environment
changes so does the program’s belief state. The belief state can be updated explicitly by
the running agents or it can be updated when there are causes to adapt. The program
goal and the belief state together contain the information necessary to synthesize the
algorithm. The result of the quality of result component is that the belief state gets
updated and this causes the synthesis engine to produce a different program.

A key idea behind the self-adaptive approach to achieving robust performance is
that it is easier and often more efficient to postpone certain decisions until their need is
evident from the circumstances. It is often easier to make a program that monitors its
performance and recovers from errors than it is to make a program that goes to great
lengths to avoid making any errors. This notion is already familiar to us in our use of
errors and exceptions in languages like Common Lisp (Steele 1984) and Java (Gosling,
Joy, & Steele 1996).

Exceptions allow simple code to be written that expects the environment to be well
behaved. The code must also include checks that everything is as expected. If things
are not as expected an exception is raised. Elsewhere an exception handler contains the
code that decides how the exception should be handled. For example if the code was
trying to read a number and a non numeric character was detected, a “non numeric
character in number” exception may be raised. The handler could then clear the input
buffer, caution the user against using non numeric characters and retry the read. In this
example the program has a 'model’ of what it expects (a sequence of numeric digits).
The prograin checks for differences between what it is getting as input and the model
and when such differences occur the program tries to deal with them robustly-in this

case by issuing a warning and trying again.
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While the exception mechanism is invaluable for a certain class of problems and is
suggestive of a general approach, it does not easily extend to the full range of problems
that can occur in complex systems. When a robot encounters difficulty in understanding
a visual scene, it could be for a variety of reasons: a sensor may be functioning incorrectly
or have failed completely; the lighting may have changed so as to require a different
set of algorithms; the contents of the scene may have changed requiring the robot to
update its model of the environment; and so on. In general the environment cannot
be given a warning and asked to try again! The program must deal with what it gets
as best it can. In these situations when a sensor fails or an algorithm doesn’t work
or some other assumption about the environment turns out to be untrue, the solution
will often require reconstituting the program to deal with the actual environment rather
than having enough complexity to deal with all possible environments hidden within
exception handlers.

Self adaptive software therefore involves having suitable models of the environment
and of the running program, the ability to detect differences between the models and
the actual runtime environment, the ability to diagnose the nature of the disparity, and
the ability to re-synthesize or modify the running program (or its models) so that the
program can operate robustly.

The notion of programs that can manipulate their own representation is not new
and has been a key characteristic of Lisp (Steele 1984; Keene 1989) since its inception,
although the full power of that capability has not often been used. The idea of pro-
grams that reason about their own behavior and modify their own semantics is well
developed. Programming languages that support self reasoning and self modification
are called ’reflective’ a term coined by Brian Smith in his original development of the
idea of reflective programs (Smith 1982; 1984). Reflection has been around long enough
for efficient implementation methodologies to be developed (des Rivieres & Smith 1984;
Bawden 1988; Malenfant, Cointe, & Dony 1991; Kiczales, des Rivieres, & Daniel 1993)
and some level of reflective capability is now available in CLOS (Keene 1989) and Java.
Reflection makes it possible (and convenient) to write programs that can reason about
the state of computation and make changes to the semantics of the running program.
Self-adaptive software can clearly benefit from such a capability but there is more to self
adaptive software than reflection. Self-adaptive software must have a model of what the
computation is trying to achieve in order to have something against which to compare the
current computation. Having determined some difference between the intended program
state and the actual one a self adaptive program must be able to automatically adjust
the scmantics of the program so that the difference is reduced. Reflection provides the
tools for writing such programs but it doesn’t provide any guidance in how it should be

done.
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Managing complexity is a key goal of self-adaptive software. If a program must match
the complexity of the environment in its own structure it will be very complex indeed!
Somehow we need to be able to write software that is less complex than the environment
in which it is operating yet operate robustly. By keeping the program code separate from
the diagnosis and synthesis code the core code can remain simple and the synthesis can
be performed by a purpose built synthesis engine. Such an architecture makes writing
the core code much less of a tangled web. In essence, the total runtime program may
be a sequence of different programs each one individually simple. The complexity of the
program as a whole is moved into the architectural mechanism that maintains models,
checks models against performance, and re-synthesizes new programs.

There are many advantages to this approach beyond making it possible to write
programs that operate in complex environments. Correctness of programs may be easier
to establish whether by testing, proof, or other means because at any point the operating
program should be simpler than a program that attempted to consider every possibility
in advance. To some extent, correctness may be guaranteed by the synthesis engine or
may be checked automatically because there is a model of the program against which
it may be tested. Greater efficiency may also be achieved through the self adaptive
software approach. Greater efficiency occurs when a crude but fast program that may
not always work is substituted for a complex but slow program that tries to guarantee
that it always works. By making decisions at run time when much more is known about
the actual environment than could have been known when the program was originally
designed it is possible to select more suitable procedures for achieving the intended goal.
This can result in a more direct solution with less failure and less backtracking. Having
better information about the environment allows better decisions to be made which can
result in more efficient and successful execution.

There are also concerns and difficulties evident in the approach. A program that
changes itself at runtime may in some sense be a less well understood entity than a
program that remains unchanging during its execution. The notion that it may be more
robust than its fixed counterpart should make us feel more comfortable about its behavior
but the notion that the program changes at runtime is unsettling to pcople responsible
for building complex missile delivery systems (for example). How can we trust a smart
missile that may reprogram itself in mid flight? There are (at least) two answers to this.
The first is that if the program fails in mid flight because it was unable to deal with its
complex environment it may do a very bad thing in its failure mode so the self adaptive
version that is less brittle should be less of a concern. The second is that we must develop
a better understanding of sclf adaptive software and new approaches to software testing,
debugging, and semantics that allow us to be confident about the systems that we deploy

cither through a proof theoretic framework or through a testing regime.
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Today, self-adaptive software draws upon a great many technologies that may be
used as building blocks. Reflection and exception handling mechanisms have already
been mentioned; but there are a great many other candidate contributing technologies
including model based computing, theorem provers, models for reasoning about uncer-
tainty, and agent based systems to name a few.

Self adaptive software is a relative new idea and the approach involves taking a sig-
nificant departure from established software development methodologies and potentially
requires rethinking some basic concepts in computer science. Self-adaptive software will
be achieved by taking small steps from what we currently know. Some people are at-
tempting to build self adaptive software solutions to solve existing problems, some are
experimenting with existing technologies to see how they can be used to achieve self
adaptive software, some are working with systems that interpret the world through sen-
sors, and some are directly studying aspects of self adaptive software ideas in order to

extend our understanding of their semantics.

2.7 Overview of the Current State of Self Adaptive Soft-
ware

One of the more ambitious self-adaptive software projects that brings together a wide
range of technologies is being conducted at the University of Massachusetts at Amherst (Os-
terweil & Clarke 2000; Grupen 2000). Osterweil et al. describe a process of perpetual
testing as a means of achieving self improving software. The ideas are being applied to
a complex robot vision system.

The environment in natural systems as well as artificial ones is not only complex
but in many instances it can be hostile. Information survivability attempts to deal with
systems that come under attack from outside agents. Shrobe and Doyle (Shrobe & Doyle
2000) consider hiow self adaptive software can provide software services in an environment
that is actively hostile. Rather than considering issues of information survivability as a
binary affair in which the system is either compromised (and useless) or not compromised
(and useable) they consider how survivability can be achieved by self-testing to detect
that the system has been compromised in various ways and then adapting so as to be
able to provide the best level of service possible given the compromised state of the
system.

There is a bone fide need for formal methods in building self adaptive software.
Formal methods may be involved in the automatic synthesis of the program when adap-
tation is required. Formal methods may also be uscful in understanding the range of
behaviors that a self adaptive program may exhibit. Pavlovic (Pavlovic 2000) provides

a first attempt at building a theoretical basis for self adaptive software.
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The straightforward characterization of self-adaptive software as continual runtime
comparison of performance against a preset goal and subsequent adjustment of the pro-
gram so that performance is brought back towards the goal is very similar in structure
to a control system. The task of building self-adaptive systems may be much more like
building a control system than it is to conventional software development. Since certain
kinds of control systems, and their design, are well understood, it is hoped that some
ideas can be borrowed from control system design and adapted to self adaptive software.
Kokar (Kokar et al. 2000) takes a radar-based target tracking problem and shows how
it can be mapped onto a control system architecture.

When a system is reconfigured at runtime such as by the replacement of one set of
sensors with another set undesirable transient effects may occur at the point of switching.
Gyula et al. (Simon, Kovacshazy, & Peceli 2000) have investigated the management of
such effects.

A key notion of self-adaptive software is that the software contains some embedded
account (or model) of its goal and of its environment. Bakey et al. (Ledeczi, Bakay, &
Maroti 2000) describe a model based generative technology they call '"Model-Integrated
Computing’ and show how the technology is applicable to self adaptive software.

While much attention has been given to robotic, sensor based, and embedded appli-
cations for self adaptive software there is a role to be played in the network computing
environment. Network computing provides all of the attributes of a naturally complex
environment within a man made network. Ben-Shaul (Ben-Shaul et al. 2000) describes
two implemented architectures that provide support for self adaptive software in Java.

Since the need for self adaptive software derives from running applications in an
unpredictable environment many of the applications of self adaptive software involve real-
time issues. Musliner (Musliner 2000) has developed a real-time self adaptive controller
synthesis system that can adapt by dynamically re-synthesizing new controllers. Musliner
shows how the synthesis process can be managed so that reconfiguration can meet real-

time deadlines.

2.7.1 Systems that interpret their environment through sensors

Grupen et al. (Grupen 2000) have developed a self adaptive motion tracking system that
has redundant sensors and the ability to adjust which sensors are best suited to tracking.
Khosla et al. (Dixon, Pham, & Khosla 2000) have developed an architecture that
supports sell adaptive software through an agent architecture that they employ in a
multi-robot mapping system.
Reece (Recce 2000) has investigated the management of redundant sensors for nmage
interpretation. Secusor performance is learned from test scts and qualitative rcasoning

(QR) models of the imaged environment’s physics which allows a theorem prover to
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synthesize interpretation code.

2.8 Conclusion

This chapter recapitulates some of the salient features of architectures in Al as I under-
stood them already at the outset of the DPhil work. For the reasons given in sections
2.6 and 2.7, the self-adaptive approach was selected.

Unfortunately very little had actually been built and so my conjecture that self-
adaptation was an appropriate basis to attack the changing environment of large systems

problem was at best a conjecture—peruaps an article of faith.



Chapter 3

Architecture for Interpretation
Problems

3.1 Introduction

The approach described in this thesis is particularly applicable to a class of problems
that we call interpretation problems. An interpretation problem is one in which an
input, for example an image or signal, must be processed in such a way as to produce
a symbolic representation that amounts to a description of the interpretation of that
data (signal/image). Such problems are usually ambiguous (there are multiple plausible
interpretations) and the task involves finding the most likely interpretation.

We have observed that interpretation problems are frequently best analyzed as being
layered. Layering makes it possible to build a reflective interpreter that supports multi-
layer interpretation problems. Two ideas are exploited throughout this thesis. The first
is the use of reflection as a driver for self-adaptation. The second is the idea of minimum
description length as a means of finding the globally most likely interpretation.

Emphasis is given to models that can be learned from a corpus. One of the easiest
ways of estimating probabilities—and hence description lengths—is to collect frequencies
from representative data. The system described in the thesis uses an image corpus for
this purpose. Other mechanisms suggest themselves for estimating description lengths
including using Qualitative Reasoning (QR) models and models of uncertainty which we
discuss in Chapter 9.

This chapter focuses on how MDL can be used in a novel way as a mechanism by
which agents can compete; how such an approach can provide a basis for communication
between different semantic levels; and to how this facilitates finding the best interpreta-
tion of the data.

The chapter has three main sections. First, we describe the essential contribut-
ing ideas: MDL, agents, and communication theory. In the second section we give an
overview of how these ideas are realized in the GRAVA architecture by introducing the
objects that make up the architecture as well as an overview of their protocols. In the final
section, we develop an illustrative example of how agents compete using MDL. Chapters

4 and 5 develop agents within the problem domain that build upon the ideas described
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in this chapter. Finally, Chapter 7 completes the architecture development by describing
how GRAVA implements self-adaptation through reflection and code-synthesis.

The architecture described in this chapter, and elaborated in the following chap-
ters, was implemented in a reflective object-oriented Scheme-like (IEEE 1991) dialect
of Lisp (Steele 1984) called Yolambda (Laddaga & Robertson 1996). Yolambda was
designed and implemented by the author as a research platform for exploring ideas in
reflective languages (Robertson 1992). Lisp has been a popular language for Al research
for many years and its ability to facilitate the implementation of domain specific lan-
guages makes it ideal for research such as that described in this thesis. A brief overview

of the Yolambda language and its notation is provided in Appendix E.

3.2 Contributing Ideas
3.2.1 Communication

It has long been recognized in speech recognition and natural language processing (NLP)
that the problem of interpretation can be modeled as the communication of a message.
The communication of a message includes: encoding of the original message; transmission
of the message through a channel; and decoding of the message by the receiver. The
communication model for interpretation is not limited to speech recognition and NLP:
it can profitably be applied to all interpretation problems because all interpretation

problems share some basic attributes:

1. Message encoding is important because for there to be something to interpret there
must be a mechanism that encoded it. In the case of speech recognition the encoder
is the speaker. In the case of magnetic resonance imaging (MRI) the encoder is a
physical process. The encoding process may not retain all of the original message
— it may be ’lossy’. In echo cardiograms (EGC), the encoding yields fuzzy signals

that lacks much of the high frequency components of the imaged physical structure.

2. Transmission of the message is important because in many interpretation problems
the message cannot be guaranteed to arrive at the receiver without being partially
lost in transmission or corrupted by noise. In the case of speech, the receiver may
not be able to hear the word exactly as it was spoken, while in vision the image
may contain noise from the passage and scatter of photons through the atmosphere

before reaching the sensor and from the sensor itself.

3. Dccoding the message is an attempt to reproduce as much of the original message
as possible. Since information may have been lost during encoding and during
transimission of the message, there is generally not enough information in the mes-

sage to completely recover the original. We are therefore faced with having to pick
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an interpretation from a collection of competing almost equally plausible alterna-
tives. The problem therefore is to pick the most probable interpretation. In order
to know which interpretation is the most probable, we must have models of the

interpreted world.

Communication theory is the study of how to evaluate the amount of information in
a stream of data and how in principle it can be transmitted from a source to a receiver

by means of a communication channel.

Channel
Message Source ——»{Sender (encoder): P Receiver (decoder): | Destination:

Noise

Figure 3.1: Communication of a message through a channel

Figure 3.1 shows the transmission of a message. The original message U is encoded
to produce the encoded message X. The message is sent through a noisy channel which
results in a corrupted version of the encoded message Y. The decoder attempts to recover
the original message from the corrupted version of the encoded message and produces
U’.

One approach to developing ideas about the amount of content in a data stream

exploits the idea of uncertainty.

Meaning from Uncertainty

In describing the source, we use the term “features” where it is customary to use the
word “symbol” in order to emphasize the applicability of the foregoing to the problem
of encoding and communicating a representation of the features in some interpreted
space—of features.

If we examine the probabilities of features occurring in an input stream, different fea-
tures will have different probabilities reflecting how common they are (their frequency).
In predicting what feature is represented by a particular part of the data stream we can
forimn an estimate of the level of uncertainty of our guess. The uncertainty estimate will
be largest if all features occur with equal probability in the data stream. If, on the other

hand, the data strecam only contains one kind of feature, there is no uncertainty.
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If we learn the identity of a particular feature in the data stream we have learned
nothing if the data stream was known to contain only that feature. If [on the other
hand] the data stream contained many different features with similar likelihoods, we have
learned a lot. What we have learned about the data stream is known as information.

If a message M consists of the ¢ features rn;, My, ..., m; which occur with probabilities
p(my), p(msa), ..., p(1h;) respectively, H(M) = H(p1,pa,---,pi) is an information measure.

There have been many plausible functions proposed for H(). The most commonly
used, but by no means the only, measure of information is Shannon entropy (Shannon
1949). In the Shannon information measure the average information provided by a set

of i symbols (or features) whose probabilities are {p1, po,...,p; } is expressed as:

i
H(p1,p2,..,pi) = — Y _ prlogapy (3.1)
f=1
Information is measured in bits. The measure incorporates a massive assumption
(that limits its usefulness for signals and images) that the probability of a feature in a
data stream is independent of its position in the stream—that is, the data stream is an

ergodic source. Given the ergodic assumption, the probability of a message M with n

features 1y, Mo, ..., M, with probabilities {p1,p2,...,Pn} is given by:

p(M) =[] p: (3.2)
i=1

This satisfies our intuition that while probabilities are multiplicative information is ad-
ditive and that multiplicative entities can be turned into additive entities by taking their
logs.

Given an unbiased 8 sided dice, a message can be formed by n rolls of the dice.
There are eight equally likely outcomes from each roll of the dice with probabilities
{1/8,1/8,1/8,1/8,1/8,1/8,1/8,1/8}. The information measure for the dice is given by:

8 logy(L
H(p(1),p(2).p3).(4),(5).2(6),p(7).p(8) = > & = gy =3 (33
f=1

Each throw of the dice contains three bits of information. A message containing two
successive throws of the dice contains six bits. The probability of any such message of
two throws is 1/8 * 1/8 = 1/64 and —log,(1/64) = 6.

Mutual information I(X A Y) measures the amount of information common to two

sources. Intuitively this is the amount of information that X tells us about Y (and vice

versa).

I(XAY)=H(Y)—-H(Y|X) (3.4)
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The symmetry of the equation allows X and Y to be interchanged yielding I(XAY) =
H(X) - H(X|Y)

A more intuitive definition for mutual information is given by subtracting the total
amount of information contained in the X and Y messages from the amount of informa-

tion in each of the messages X and Y.

I(XAY)=H(X)+HY)-H(X,Y) (3.5)

Mutual information helps us to define imitation learning which we develop in chapter

The problem of efficiently communicating a message over a channel involves choos-
ing codes to represent the features in the message. The codes should be chosen so as
to minimize the average code length in such a way that the original message can be
reconstructed by the receiver. The minimum code assignments depend upon the nature
of the channel through which they are being transmitted. If the channel is noiseless so
that the codes can be guaranteed to reach the receiver exactly as they were encoded,
the noiseless-coding theorem (Shannon) allows us to calculate the expected code word
length for an optimal coding.

Let U be a random variable that describes the emission of features u; from the source
with P(U = u;) = p;. Suppose that u; is encoded by f(u;) € G} where G is the set of
strings of arbitrary length made from a distinct coding symbols. The length of the code
f(U) is denoted by S and the expected code word length E(S) is given by:

HU) _ pg) o HO)

1 :
logoa logaa + (3.6)

The lower bound is attained when p; = a®' for integer s;. So, for example, for the

eight faced dice example the expected code word length is given by:

HU) 3 _3
logga  logr2 1

=3 (3.7)

An algorithm for computing f(), for mapping source features to code words was
provided by Huffman. In this thesis, however, we are concerned with computing the
optimal code word lengths but not in actually producing the codes. The theoretical

optimal code word length for a given symbol S is given by:

DL(S) = —log:(P(S5)) (3.8)

3.2.2 Minimum Description Length

The notion of theoretical minimum code length described above provides a convenient

way of restating the goal of “most probable interpretation™ in communication theoretic
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terms.

An interpretation is a description that consists of many parts. Each part has an
associated probability.

Consider the case of an image containing two blobs. If the probability of the first
blob being a boy given by P(blob; = boy) = P,y and the probability of the second blob
being a dog is given by P(bloby = dog) = Py,, the probability that the image is one in
which the first blob is a boy and the second blob is a dog is given by Pyoy * Pyog (from
equation 3.2). An image containing n blobs such that for any 7 < n the interpretation
of blob; is given by I;(blob;) and the probability of such an interpretation being correct
is given by P(I;(blob;)) the goal is to maximize the probability (assuming conditional

independence):

arg rﬁing(Ii(blobi)) (3.9)

In order to communicate the description using a theoretically optimal code would
require a description length of: (—loga(Pyoy)) + (—l0g2(Py0g)). For an image containing
n blobs as defined above the goal is to choose interpretations I;...I, so as to minimize

the description length:

arg rlxlnr{l ; —loga (P(1;(blob;))) (3.10)

Finding the most probable interpretation is identical to finding the minimum descrip-
tion length (MDL).

The approach raises two significant issues.

1. How to estimate P.

2. How to find the global MDL.

Neither of these issues is straightforward. In this thesis we depend upon estimating
P from frequencies obtained from a corpus. Other methods such as utilizing physical or
qualitative reasoning (QR) models are discussed in Chapter 9. For a general mechanism

for finding MDL we employ a Monte Carlo sampling scheme.

3.2.3 Monte-Carlo methods

The MDL Agent architecture described in this chapter addresses the need to integrate
knowledge at different semantic levels. To understand an image that cousists of high level
compounents such as objects and of low level features such as lines and textures we need to
integrate different levels of processing. We have already scen in Chapter 2 that Hearsay 11

achieved this integration of levels using a multileveled blackboard and Schemas achieved
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it using a hierarchy of schemas and sub-schemas. However, neither of these approaches
offered any insights into how to find the most likely multilevel interpretation.

Single thread of control solutions, such as the blackboard and forward chaining ap-
proaches, depend upon taking a path towards a solution and backtracking past failures
until a solution is found. The same is true of subsumption. These are essentially depth
first search for a solution—not search for the best solution. In a robot navigation prob-
lem, we may be happy if the robot negotiates the obstacles in the environment and
finally ends up at the destination. In interpretation problems, just finding a solution is
not good enough. An English sentence can have many plausible parses. Most of them
do not make sense. ie: syntactically okay, but semantically garbage.

Markov Chain/Monte Carlo methods (MCMC) have become popular recently in com-
puter vision(Geman & Geman 1984; Hammersley & Handscomb 1964; Lau & Ho 1997)
but have been limited to modeling low level phenomenon such as textures (Karssemei-
jer 1992). In natural language understanding, use of hidden Markov models has been
successful as an optimization technique with certain restricted kinds of grammar. Prob-
lems that can be described as Hidden Markov Models (HMM) (Baum 1972) can yield
efficient algorithms. For example, in natural language understanding, some grammars
permit efficient algorithms for finding the most probable parse. Stochastic Context Free
Grammars (SCFGs) can be parsed so as to find the most probable parse in cubic time
using the Viterbi algorithm (Viterbi 1967). Only the simplest grammars and problems
can be solved efficiently in this way, however, and for the more interesting grammars
and for more complex problems in general, other techniques must be used. Certainly
something as loosely defined as an agent system incorporating semantics from multiple
levels would rarely fit into the HMM straitjacket.

Even for natural language processing, finding the best solution can be prohibitively
expensive when the Viterbi algorithm can’t be employed. In visual processing, with im-
ages whose complexity greatly exceeds that of sentences, and which are three dimensional
[as opposed to the linear arrangement of words in a sentence], finding the best solution
is infeasible. Approximate methods are therefore attractive. Monte-Carlo techniques are
very attractive in these situations.

In an ambiguous situation, such as parsing a sentence, in which many [perhaps thou-
sands] of legal parses exist, the problem is to find the parse that is the most probable. If
the problem can be defined in such a way that parses are produced at random and the
probability of producing a given parse is proportional to the probability that the parse
would result from a correct interpretation, the problem of finding the most probable
parse can be solved by sampling. If P is a random variable for a parse, the probability
distribution function (PDF) for PP can be estimmated by sampling many parses drawn at

random. If sufficiently many samples are taken the most probable parse emerges as the
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parse that occurs the most frequently. Monte Carlo techniques use sampling to estimate
PDF’s. We develop a Monte Carlo parser for a 2D picture grammar in chapter 5. In
this chapter we generalize the idea of parsing in order to build an agent system.

Monte Carlo methods are attractive for a number of reasons:

1. They provide an approximate solution to search of search spaces whose combina-

torics are prohibitive.

2. By adjusting the number of samples, the solution can be computed to an arbitrary

accuracy.

3. Whereas the best solution can not be guaranteed by sampling methods, measuring
standard error during the sampling phase allows the number of samples to be

adjusted to yield a desired level of accuracy.

It is intriguing to note that there is some support for the idea that it is easy to
build Monte Carlo based search with neural systems. Human neurons fire at a frequency
proportional to their level of excitement. Neurons that listen to their outputs respond
probabilistically in proportion to the firing rate of the input. This is because the firing
of an input causes a small cumulative chemical effect which builds until it is noticed.
If that point is reached at the same time as other inputs are suitable for excitation of
the neuron, it will fire. This shows that it is relatively easy for us to build Monte Carlo
systems from more or less standard biological neurons. Biological brains may or may
not utilize such techniques to implement search of complex solution spaces. However,
the fact that such systems can be constructed, is encouraging.

Of particular interest to us is the observation that search implemented in this way
is similar to neural systems that utilize negative feedback—except that no negative
feedback is required. Systems involving negative feedback have different attributes from
those computed using Monte Carlo sampling. Neural feedback systems are gradient
descent methods that may be prone to finding local minima.

Local systems in which the landscape is siinple and well suited to gradient descent
methods will converge very rapidly with inhibition based systems whereas systems that
exhibit complex, discontinuous landscapes with local minima will approximate the global
minima using Monte Carlo sampling. In the brain small local structures can involve
inhibition whereas more distant functional areas are less likely to have inhibition. This
appeals to our intuitions that for highly discontinuous landscapes [like parsing] and fairly
high level of functional integration [like agents] that Monte Carlo sampling is appropriate.

In this thesis, we arc not interested in comparing models of computation based on
neurons; but rather in composing systems of agents in such a way that the most probable

global descriptions are produced. This brings us directly to the issue of how to select
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among agents that may be applicable at a given place in a computation. We have

considered three approaches in the foregoing:

1. The selection is carefully programmed. Hearsay II did this with its focus of control

database.
2. Local competition among agents.

3. Monte Carlo sampling to estimate global minima.

3.2.4 Agent Selection Paradigms

Autonomous agents are expected to operate without the intervention of a central control
mechanism [such as a focus of control database]. As we mentioned in Chapter 2, one
approach to the agent selection problem that has been the focus of considerable attention,
is the notion of a market based approach. The idea is that an agent wishes to farm out a
subtask to another agent capable of performing the subtask. Agents that are candidates
to perform the subtask compete by bidding a price. This often works well, producing

efficient solutions. However, two problems arise in such systems:

1. Selecting an appropriate basis for cost computations so that the bidding is fair.

2. Because the bidding is piecewise local, such systems are prone to find local minima

and miss the global minima.

Our approach addresses these two problems as follows.

The basis for cost computation is description length. Description length is the correct
measurement in an interpretation problem because it captures the notion of likelihood
directly: DL = —loga2(P).

Monte Carlo sampling allows us to avoid the problem of finding unwanted local
minima.

In the following section, we describe the architectural objects that implement these
ideas in the GRAVA architecture. In the third section we highlight the idea that Monte
Carlo sampling can solve problems similar to those for which systems of inhibition have
been used by demonstrating the agent architecture on a reading problem that was previ-
ously solved using a multi-layer inhibition based neural network with downward control
by McClelland (McClelland & Rumelhart 1986b). Our approach, however, achicves

highly robust results without the use of any downward flow of control.
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of interpretation of a feature from a set of alternatives is often governed by context. In
Figure 3.2(a) the ear of the young woman is interpreted as an eye when the image as a
whole is seen as an old woman.

Interpretation problems represent an interesting and important class of problems.
Many important problems in Al can be characterized in this way as can problems from
other domains. Our architecture is designed to allow complex programs to be structured
around the notion of finding the most likely interpretation. Frequently our interpreta-
tions at one level affect interpretations at other levels of processing. For example the
choice of interpretation of Figure 3.2(a) as an old woman affects the likelihood of inter-
preting the features contained within it (such as the young girl’s ear) and contrariwise.
Sound and image fragments taken in isolation are often unintelligible because without
context there is not enough information to construct a reasonably likely interpretation
of the fragment.

Interpretation in our test application involves:

1. Interpreting the corpus The corpus is interpreted to produce a number of de-
scriptions: |
e Texture models to drive the segmentation.
e Grammar models to drive the image parser.
e Labeling models to drive the parser.

e Specification models to drive system behavior.

2. Interpreting the specification as a program The specifications are interpreted
as a program that builds a description of the image in terms of segmentation,
labeling, and parsing of the image. The program consists of a collection of agents

connected together to form a program.

3. Interpreting the image as segments The image is segmented to produce a

representation that divides the image into segments.

4. Interpreting the image as named regions The segmented image is interpreted

as a set of labeled regions based on their content.

5. Interpreting the regions as a parse tree Grammatical rules are applied to the

labeled regions to produce an image parse.

Interpreting the image corpus

The highest level in our test domain is the interpretation of an annotated corpus as

a specification of interpretation intent. The goal of the system is to interpret acrial
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images so as to produce descriptions of the images that are similar to those that would
be produced by a domain expert. The manner employed by the system is to imitate
by example. A large number of examples are provided by having the domain expert
manually produce a description by annotating the image using an annotation tool. The
annotation tool developed for this task is described in Appendix C and the image corpora
developed for this work are described in Appendix A.

In learning by example/imitation, the student learns the task taught by the teacher
in terms of capabilities of the student. While the surface capability may appear similar,
the underlying processes may be completely different (Weber, Mataric, & Jenkins 2000;
Mataric & Pomplun 1998; Byrne & Russon 1998). When a human teaches a robot to
perform some action, such as picking up an object from a conveyor belt, the sensory
and motor processes in the human teacher are very different from those possessed by the
robot; but the robot learns the surface level task with entirely different lower levels of
processing. In our test domain, the task of interpreting an aerial image is learnt in terms
of the capabilities that are available within the system and are implemented in the form
of agents.

What we mean in this case by “interpreting the corpus as a specification” is to
describe the annotations of the corpus in terms of capabilities that we have in our toolbox.
The details of those capabilities are elaborated in succeeding chapters but they fall into
two main categories: texture and color primitives used by the segmentation algorithm
(described in chapter 4); and grammatical rules for the patchwork parser (described in

chapter 5).

Interpreting the specification

Interpreting the specification involves building a program out of agents to interpret the
image. Program synthesis is covered in Chapter 7. There are many ways of interpreting
the specification. The task of this layer is to synthesize the program [which may be

thought of as a plan or a program] that is most likely to produce the correct interpretation

of the image.

Interpreting the program

This level applies the program to an image in order to produce the description of the

image. This layer is essentially the prograimn interpreter.

3.3.2 Objects in the GRAVA Architecture

The architecture is built from a small number of objects: Models; Agents; Interpreters;

Reflective Levels; and Descriptions.
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The interpretation function of the layer consists of an interpretation driver and a
collection of connected agents. The interpretation driver deals with the formatting pe-
culiarities of the input description (the input description may be an array of pixels
or a symbolic description). The program is made from a collection of agents wired
together. The program defines how the input will be interpreted. The job of the inter-
preter/program is to find the most probable interpretation of the input description and
to produce an output description that represents that interpretation.

The GRAVA architecture allows for multiple layers to exist in a program and there are
[reflective] links between the layers. The reflective links, how the program is synthesized,
and the details of how self-adaptation occurs is covered in Chapter 7.

Below, we describe in greater detail the purpose, protocol, and implementation of
the objects depicted in Figure 3.3. We maintain a dual thread in the following. On the
one hand, we describe the GRAVA architecture abstractly, on the other, we also describe

the actual implementation that we have developed.

Description

A description A consists of a set of description elements e.

A =<¢€1,€9,...,65 > (3.13)

Agents produce descriptions that consist of a number of descriptive elements. The
descriptive elements provide access to the model, parameters, and the description length
of the descriptive element. For example, a description element for a face might include
a deformable face model and a list of parameters that deform the model face so that it
fits the face in the image. A description element is a model/parameters pair.

The description length must be computed before the element is attached to the
description because the agent must compete on the basis of description length to have
the descriptive element included. It makes sense therefore to cache the description length
in the descriptive element.

The description class implements the iterator:
(for Description|des fcn)

This applies the function “fcn” to every clement of the structural description, and

this enables the architecture to compute the global description length:

DL(Aow) = ) DL(e:) (3.14)
1=1

To get a better fix on notation, this is implemented as:



3.3 MDL Agent Architecture

(define (globalDescriptionLength Description]des)
(let ((d1 0))
(loop for de in des
(set! dl (+ d1 (descriptionLength de))))))

DescriptionElements

Description elements are produced by agents that fit models to the input.
Description elements may be implemented in any way that is convenient or natural
for the problem domain. However the following protocol must be implemented for the

elements of the description:

(agent <Element>)

Returns the agent that fitted the model to the input.
(model <Element>)

Returns the model object that the element represents.
(parameters <Element>)

Returns the parameter block that parameterizes the model.
(descriptionLength <Element>)

Returns the description length in bits of the description element.

Implementations of description elements must inherit the class DescriptionElement
and implement the methods “agent”, “model”, “parameters”, and “descriptionLength”.

Other parts of the protocol for DescriptionElements are introduced in chapter 7.

For readability we print description elements as a list:

(<model name> . <parameter list>)

Models

Fitting a model to the input can involve a direct match but usually involves a set of

parameters.

Consider as input, the string:

‘“t hree blind mice”’

We can interpret the string as words. In order to do so, the interpreter must apply
word models to the input in order to produce the description. If we have word models

for “three”, “blind”, and “mice” the interpreter can use those models to produce the

output description:
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((three) (blind) (mice))

The models are parameterless in this example. Alternatively we could have had a

model called “word” that is parameterized by the word in question:
((word three) (word blind) (word mice))

In the first case there is one model for each word. In the case of “three” there is
an agent that contains code that looks for “t”, “h”, “r”, “e”, and “e” and returns the
description element “(three)”. In the second case there is one model for words that is
parameterized by the actual word. The agent may have a database of words and try to
match the input to words in its database.

Consider the two examples above. If the probability of finding a word is 0.9 and the
probability of the word being “three” is 0.001 the code length of “(word three)” is given
by:

D L(wordthree) = DL(word) + DL(three) = —logs(p(word)) — loga(p(three)) (3.15)

= —10g>(0.9) — l0g2(0.001) = 0.1520 + 9.9658 = 10.1178bits (3.16)

The second approach, in which a separate agent identifies individual words would
produce a description like “(three)”. The model is “three” and there are no parameters.

The likelilood of “three” occurring is 0.001 so the description length is given by:

DL(three) = —loga(p(three)) = —log2(0.9 x 0.001) = 10.1178bits (3.17)

That is, the choice of parameterized vs. unparameterized doesn’t affect the descrip-
tion length. Description lengths are governed by the probabilities of the problem domain.
This allows description lengths produced by different agents to be compared as long as
they make good estimates of description length.

For a more realistic example, consider the case of a principle component analysis
(PCA) model of a face (Cootes, Edwards, & Taylor 1998). A PCA face model is produced
as follows. First a number n of key points on a face are identified as are their occurrences
on all of the images. The shape of the face v; is defined by a vector containing the n
points. A mean shape is produced by finding the average position of each point from a

sct of example face shapes.

n

-1
RS - ; s (3.18)

The difference of cach face from the mean face 4 is given by:



3.3 MDL Agent Architecture

58

opi =i — (3:19)

The covariance matrix S then is given by:
n
S =" syip] (3.20)
i=1

The eigenvectors py and the corresponding eigenvalues \; of the covariance matrix
S are calculated. The eigenvectors are sorted in descending order of their eigenvalues.
If there are N images, the number of eigenvectors to explain the totality of nN points
is N, typically large. However, much of the variation is due to noise, so that p << N
eigenvectors suffices to account for (say) 95% of the variance. The most significant of
the eigenvector-eigenvalue pairs are selected as the principal components.

The resulting face model consists of a mean face shape ¢ and a set of eigenvectors

and weights such that any face shape v, can be approximated by:
Yp =1 + Pb, (3.21)

where P is the vector of eigenvectors and b is the vector of weights. The weights are a
measure of how much the model must be distorted in order to match the face .

The above formulation of a face shape model describes a parameterized model. The
weights are the parameters and the mean shape and vector of eigenvectors is the model.
Algorithms exist for fitting such shape models to data. These algorithms first identify
a key component and then, using the mean shape model, search for the other features
(often edges) near the place where the mean suggests it should be. When the feature is
found, its actual location is used to define a distance from the mean. This is repeated
for feature points in the model. A set of weights is calculated which represents the

parameterization of the model.

Agents

The primary purpose of an agent is to fit a model to its input and produce a description
element that captures the model and any parameterization of the model.

We implemented the atomic computational elements in GRAVA as agents. The
system manipulates agents and builds programs from them but does not go beneath the
level of the agent itself. The agent allows conventional image processing primitives to
be included in the GRAVA application siinply by providing the GRAVA agent protocol.
We might have used methods if we were building a language rather than an architecture.
GRAVA agents arc not autonomous agents. They depend upon other agents to reason
about them and to connect them together to make programs.

An agent is a computational unit that has the following properties:
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1. It contains code which is the implementation of an algorithm that fits its model to

the input in order to produce its output description.

2. It contains one or more models [explicitly or implicitly] that it attempts to fit to

the input.

3. It contains support for a variety of services required of agents such as the ability

to estimate description lengths for the descriptions that it produces.

An agent is implemented in GRAVA as the class “Agent”. New agents are defined
by subclassing “Agent”. Runtime agents are instances of the appropriate Agent class.
Generally Agents are instantiated with one or more models. In our system all models
are learned from the corpus.

The protocol for agents includes the method “fit” that invokes the agent’s model

fitting algorithm to attempt to fit one or more of its models to the current data.
(fit anAgent data)

The “fit” method returns a (possibly null) list of description elements that the agent
has managed to fit to the data. The interpreter may apply many agents to the same
data. The list of possible model fits from all applicable agents is concatenated to produce

the candidate list from which a Monte Carlo selection is performed.

Interpreters

An interpreter is a program that applies agents in order to produce a structural descrip-
tion output from a structural description input.

A scene interpretation program may include agents for face recognition—such as the
PCA face shape agent described above—and may include other agents that recognize
other things that would be found in an image such as trees, buildings, and roads. The
interpreter could be hand-assembled or it could be generated.

In this thesis we develop the following interpreters:

1. A Segmentation Interpreter.

The segmenter takes an image as its input description and produces an interpre-
tation as a collage of regions as its output. The segmentation interpreter cmploys
a number of agents that are used for: preprocessing the immage to find textures
suitable as a basis for segmentation, finding seced points suitable as a basis for cs-
tablishing regions, and modeling region shapes. The scgmmentation interpreter is

developed in Chapter 4.
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2. A Statistical Patchwork Parser Interpreter.

The patchwork parser takes a set of regions as its input and produces a parse tree
as its result. The parser interpreter uses region content agents that assign content
descriptors to the regions of the image and a statistical parser agent that applies
a grammar model to the regions. The statistical patchwork parser interpreter is

developed in Chapter 5.

3. A Model Inducer Interpreter.

GRAVA is intended to be grounded so that the models are derived from real data
rather than being constructed by hand. To do this, an annotated corpus is used
as the basis for model induction. Shape models, texture models, image content
models, and grammatical models are extracted from the corpus during a training

phase.

A model induction algorithm is developed in Chapter 6 that supports model in-

duction from a corpus.

4. A Program Synthesis Interpreter.

Given the models produced from the annotated corpus, interpreters are synthesized
for the segmenter and the parser described above. Program synthesis is described

in Chapter 7.

Monte Carlo Agent Selection

A recurring issue in multi-agent systems is the basis for cooperation among the agents.
Some systems assume benevolent agents where an agent will always help if it can. Some
systems implement selfish agents that only help if there is something in it for them. In
some cases the selfish cooperation is quantified with a pseudo market system.

Our approach to agent cooperation involves having agents compete to assert their
interpretation. If one agent produces a description that allows another agent to further
reduce the description length so that the global description length is minimized, the
agents appear to have cooperated. Locally, the agents compete to reduce the description
length of the image description. The algorithm used to resolve agent conflicts guarantees
convergence towards a global MDL thus ensuring that agent cooperation “emerges”
from agent competition. The MDL approach guarantees convergence towards the most
probable interpretation.

When all applicable agents have been applied to the input data the resulting lists of
candidate description clements is concatenated to produce the candidate list.

The monteCarloSelect method chooses one description element at random from the

candidate list. The random selection is weighted to the probability of the description
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element.

Pejer = 27 PHelem) (3.22)

So, for example, if among the candidates, one has a description length of 1 bit and
one has a description length of two bits, the probabilities of those description lengths
is 0.5 and 0.25 respectively. The monteCarloSelect method would select the one bit
description twice as often as the two bit description.

The monteCarloSelect algorithm is given below:

(define (probability DescriptionElement|de)
(expt 2.0 (- (descriptionLength de))))

(define (monteCarloSelect choices)
(callWithCurrentContinuation
(lambda (return)
(let* ((sum (apply + (map probability choices)))
(rsel (frandom sum)))
(dolist (choice choices)
(set! rsel (- rsel (probability choice)))
(if (<= rsel 0.0) (return choice)))))))

3.4 An Illustrative Example of MDL Agents

A key idea of this thesis is that of agent cooperation that spans semantic levels. The idea
of semantics affecting lower level processes is not new. In the late 1970’s there was much
interest within Al concerning heterarchical programming approaches (Fahlman 1973;
McDermott & Sussman 1973). These systems suffered from behavior that defied under-
standing and, equally importantly, analysis. Marr noted that in the human visual system
that there was no evidence that higher level processes had any control over lower level
vision and that we could profitably study low-level vision without addressing such issues.
Computer vision has largely followed that path for the past 20 years. The issue has not
gone away however and the notion of how differing levels of semantic interpretation are
made to interact is at the very heart of the AI problem. One particularly interesting
approach is the parallel distributed processing (PDP) work of Rumelhart and McClel-
land (McClelland & Rumelhart 1986a). The PDP approach is to develop neural network
architectures that implement useful processes such as associative memory. Of particular
relevance to the MDL agents described in this chapter is an Interactive activation model
for word perception (McClelland & Rumelhart 1986b) developed by Ruinelhart.

Figure 3.4 shows the multi-level word recognition architecture that is similar to the
example presented later in this chapter. Each plane contains exclusive possibilities for

an interpretation. So for example the word “Time” is exclusive of the word “Trim”



3.4 An Illustrative Example of MDL Agents

62

o © o O o
@) O time O o 4 Word
O ®) \ o @)
Letter
Feature

T T T B

Figure 3.4: Interactive activation model for word perception

and the letter “T” is exclusive of the letter “J”. Each possibility on the plane has a
mutually inhibitory link to every other entry on the plane. To the extent that “Time”
is believed “Trim” is believed less so “Irim” and “Time” mutually inhibit each other.
The connections between layers is excitatory. So the letter “T” in the first position of
the word is excitatory to both “Time” and “Trim” in the word layer. The links are
bi-directional so that the belief in “Time” at the word level is excitatory to “T” at the
character level which in turn is inhibitory to all other characters at the character level.

The PDP approach depicted in Figure 3.4 has a number of problems, including how
neural systems of this form can be mapped over an input string. Even if these issues
were to be successfully addressed, however, the approach throws out the programming
model completely and leaves us to develop a completely new computation model based
on neuronal systems.

A goal of the GRAVA architecture is to enable systems to be built that exhibit the

kind of semantic interaction sought by these carlier systemns that:

1. is based on a well understood concept that permits the behavior to be reasoned

about [unlike the heterarchical approaches]; and






3.4 An Illustrative Example of MDL Agents

64

bottom of the character and the letter '’ has one.

3. Stroke Junctions. This agent reports on the number of line junctions formed from
three or more lines. For example the letter A’ has two such junctions. The letter

’N’ has none.

4. Character present. This agent detects whether the character position contains

anything at all. Everything but the space character contains something.

The character boxes are segmented into “top” and “bottom” so that the top stroke
and bottom stroke features can be detcrmined from a simple line endpoint filter. The
system contains two very simple filters that detect line endpoints and complex junctions.

Most uses of semantics in vision are to make up for ambiguity that results from
insufficient data. For example, when looking for lines in image data there may be places
where the line disappears from the image for a while. We can use various semantic
models to “hallucinate” a line onto the data. Example of such approaches include the
Hough transform (Hough 1962) and the use of snakes (Kass, Witkin, & Terzopoulos
1987) and bubbles in active vision.

In order to simulate the dearth of low level cues typical of vision problems, we de-
signed this experiment to utilize feature detectors that are by themselves incapable of
uniquely identifying the characters in the handwritten text. Even if there is no noise
and the feature detectors detect their features with 100% accuracy there is insufficient
information using only the features described above to unambiguously identify a char-
acter. For example 'S’, 'C’, 'T’, 'L’ and 'N’ all have one endpoint at the top, one at the
bottom, and no junctions.

The next level of agents attempts to build character descriptions from the evidence
collected by the feature detectors. The character agent contains a database that has
information in the form of a set of models. The models represent evidence from low level
sensors and the frequency of the letters in the nursery rhyme. In this case the nursery
rhyme acts as a corpus from which statistical evidence is collected and from which the
models are constructed.

The word agent attempts to find evidence for words in the input by looking at
evidence from the character finding agents. The universe of possible words is derived
from the words found in the corpus.

The structure is similar to our agents for segmentation and parsing developed in
Chapters 4 and 5. We deliberately mirrored the structure of the acrial image under-
standing program so that we could debug various aspects of the architecture.

All together the following symbols can be used to build a description of the input:

e Low level features: t=0, t=1, t=2, b=0, b=1, b=2, j=0, j=1, j=2, p=0, p=1.
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Figure 3.6: Hand Written Phrase Recognizer Program

e Character level symbols: A,B,C,D,E,F,G, H,I,L, M,N,O,R,S, T, U, V, W,
Y, Space, and

e Word level symbols: A, And, As, Everywhere, Fleece, Go, Had, Its, Lamb, Little,
Mary, Snow, Sure, That, The, To, Was, Went, White.

The problem can be divided into two phases—each an interpretation problem. The
first is to interpret the corpus as models of characters and words for the character and

word agents to fit to the image data in the second phase.

Interpreting the Corpus

The character recognizer agent fits character models to the low level data on a per
character basis. The word recognizer applies word models to the description produced
by the character agent. The description of the corpus as models therefore involves
producing two descriptions—in each case a list of models.

The character agent must be able to recognize a character from the low-level features

provided and also to estimate the description length. The same is true of the word agent.

Interpreting the Image
Two models are defined for this problem: CharacterModel, and WordModel.

;55 Model for characters fitted by the character agent.
(defineClass CharacterModel (Model)
((character) ; Character for which model applies
(template) ; List of image features to match
(descriptionLength) ; -log2(P(this character in corpus))
(occurrences)) ; frequency in corpus.
documentation "Model for characters based on evidence from image features")

;33 Model for words fitted by the word agent.
(defineClass WordModel (Model)
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((word) ; Word for which model applies

(template) ; List of character features to match
(descriptionlength) ; -log2(P(this word in corpus))
(occurrences)) ; frequency in corpus.

documentation '"Model for words based on evidence from characters")

After analyzing the corpus the following models were available for fitting to the data.

Model Feature Template DL
CharacterModel Space (t=0 b=0 j=0 p=0) 4.27
CharacterModel M (t=0 b=2 j=0 p=1) 6.73
CharacterModel A (t=0 b=2 j=2 p=1) 5.27
CharacterModel R (t=0 b=2 j=2 p=1) 6.41
CharacterModel Y (t=2 b=1 j=1 p=1) 7.15
CharacterModel T (t=2 b=1 j=1 p=1) 5.56
CharacterModel E (t=2 b=1 j=1 p=1) 5.15
CharacterModel F (t=2 b=1 j=1 p=1) 8.73
CharacterModel H (t=2 b=2 j=2 p=1) 6.41
CharacterModel D (t=2 b=2 j=2 p=1) 7.73
CharacterModel O (t=0 b=0 j=0 p=1) 7.15
CharacterModel H (t=2 b=2 j=2 p=1) 6.41
CharacterModel L (t=1 b=1 j=0 p=1) 6.41
CharacterModel 1 (t=1 b=1 j=0 p=1) 7.15
CharacterModel S (t=1 b=1 j=0 p=1) 6.15
CharacterModel C (t=1 b=1 j=0 p=1) 8.73
CharacterModel N (t=1 b=1 j=0 p=1) 7.15
CharacterModel B (t=0 b=0 j=2 p=1) 6.41
CharacterModel W (t=2 b=0 j=0 p=1) 6.41
CharacterModel \Y (t=2 b=0 j=0 p=1) 8.73
CharacterModel U (t=2 b=0 j=0 p=1) 8.73
WordModel A (A) 8.73
WordModel AS (A'S) 7.73
WordModel GO (G O) 8.73
WordModel TO (T O) 8.73
WordModel AND (AND) 8.73
WordModel WAS (W AS) 8.73
WordModel THE (T HE) 8.73
WordModel HAD (HA D) 8.73
WordModel ITS (ITS) 8.73
WordModel LAMB (L AM B) 7.73
WordModel MARY (MARY) 7.73
WordModel SURE (SURE) 8.73
WordModel SNOW (SNOW) 8.73
WordModel THAT (THAT) 8.73
WordModel WENT (WENT) 8.73
WordModel WHITE (WHITE) 8.73
WordModel LITTLE (LITTLE) 8.73
WordModel FLEECE (FLEE CE) 8.73
WordModel EVERYWHERE (EVERYWHERE) 8.73
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3.4.2 Results

the following run shows the result of running this simple example with the six agents

described above (as shown in Figure 3.6).

=> (runCycles #t)

Description Length=306.979919

Description=(t=0 b=0 j=0 p=0 t=0 b=2 j=0 p=1 t=0 b=2 j=2 p=1
t=0 b=2 j=2 p=1 t=2 b=1 j=1 p=1 t=0 b=0 j=0 p=0
t=2 b=2 j=2 p=1 t=0 b=2 j=2 p=1 t=0 b=0 j=0 p=1
£=0 b=0 j=0 p=0 t=0 b=2 j=2 p=1 t=0 b=0 j=0 p=0
t=1 b=1 j=0 p=1 t=1 b=1 j=0 p=1 t=2 b=1 j=1 p=1
t=2 b=1 j=1 p=1 t=1 b=1 j=0 p=1 t=2 b=1 j=1 p=1
£=0 b=0 j=0 p=0 t=1 b=1 j=0 p=1 t=0 b=2 j=2 p=1
t=0 b=2 j=0 p=1 t=0 b=0 j=2 p=1)

Description Length=116.690002
Description=(M A AEHADA ILTEST IRMB)

Description Length=65.699996
Description=(M R A Y HAD R LITTLE LAMB)

Description Length=61.749996
Description=(M R A E HAD A LITTLE LAMB)

Description Length=41.649997
Description=(MARY HAD A LITTLE LAMB)

The agents start out with a description based on the identifications of the low level
agents that detect tops, bottoms, junctions, and non-space. The description length is
calculated as the sum of the description lengths of each of the symbols in the description
and in this case comes to 306.979919. By the next iteration the description length has
improved to 116.690002. This has involved identifying characters from the low level cues.
As can be seen from the description there are a number of errors in the interpretation due
to ambiguity. The word "HAD’ is correctly identified but in the remaining description
there are 9 character identification errors out of 18. By the next step matters have
improved so that the description length is 65.699996, thiree words are correctly identified
and 3 character identification errors remain. The next improveinent brings the nuiber
of correct words to four and still has three character errors and finally the sentence is
correctly interpreted with a description length of 41.649997 and no errors.

This example while simple illustrates two important properties of the architecture:
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Since the input consists of the same starting characters the starting description length
is the same (306.979919). The best interpretation that it is able to generate however
correctly identifies 11 of the 18 characters and has a description length of 128.700012.
Note that due to ambiguity in the representation it is unable to get all of the characters
correct. There are no higher-level semantics to guide it since all of the words spelled
backwards are nonsense words that do not appear in the corpus. The resulting description
length is more than three times the description length of the meaningful example even
though the same characters were used. Poor performance could be detected by the
interpretation system by virtue of the description length being larger than normal for a

correct parse.

3.5 Conclusion

The architecture described so far is based on two ideas:

1. That for interpretation problems global MDL is the goal;

2. That global MDL can be approximated by Monte-Carlo sampling.

Because MDL is not specific to any particular problem it provides a common currency
or “gold standard” for use in market model agent systems. Because the architecture is
specialized to solving interpretation problems there are problems for which it is not
appropriate. Nevertheless a great many interesting problems can be cast in the form of
interpretation problems.

Because the foundations upon which the architecture is built are well understood the
behavior and performance of the architecture can yield to some level of analysis—such

as convergence analysis. The architecture has some interesting characteristics:

1. Cooperation between agents at different semantic levels is an emergent property
of the architecture as was demonstrated by the “reading” example given in this

chapter.

2. Robustness within the limits of the programs domain is realized by virtue of mea-

suring liow local choices affect global description length.

3. There is an implicit information fusion model.

The third point is worthy of greater discussion. Most attcmpts at reasoning about
uncertainty (Shafer 1976; Mann & Binford 1994; Dewmpster 1968; Zadeh 1999) atteinpt
to bring together coutributions so as to make a local decision. When local evidence is
sufficient these methods work well but when the sources of evidence become less straight-

forward the approaches get bogged down. Numerous problems occur - most notably that
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required probabilities are often not available and that in order for the approaches to be
tractable it is necessary to assume conditional independence. In any complex system the
practical issues are immense. Imagine a program that attempts to combine evidence to
interpret the feature that is the young girl’s ear in Figure 3.2(a). The information fusion
problem must consider what interpretation model is being used and what relationship
that has with feature models being considered for the “ear”. Locally the interpretation
of the “ear” feature as an “eye” or as an “ear” may be quite similar. The choice however
effects the interpretation of surrounding features (nose and chin for example). By trying
to treat this as a local information fusion problem conventional methods of informa-
tion fusion potentially demand that the entire structural complexity of the problem be
considered at each local decision point.

The implicit information fusion model in the GRAVA architecture depends upon the
effect that local decisions have upon the global interpretation. In the reading example
described in this chapter information from four different kinds of sensor were utilized in
providing evidence in support of interpretations as characters. A less probable interpre-
tation of a feature will be selected if it gives rise to a shorter global description.

‘The architectures discussed in Chapter 2 (Schemas, Blackboards, Rule Systems, and
Subsumption) all attempted to find a single path towards a solution and as we observed
the manual hard wiring of control information was one of the major problems with those
approaches. In GRAVA we have chosen a method that avoids those problems at the cost
of having to pursue multiple paths. When multiple agents are available we try them all
and choose one based on a Monte-Carlo sample.

It can be objected that our approach is computationally expensive compared to the

approaches discussed in Chapter 2. There are a number of important observations on

this issue:

1. The architectures in Chapter 2 all searched for the first solution that could be
found. They hoped that by making local decisions a reasonably good solution
would result. None of the architectures made any attempt to find the best solution.

for interpretation problems it is important to find the best solution (or one very

close to it).

2. Processing is cheap. It is reasonable to have multiple parallel computations occur-
ring at once. It is reasonable in our quest to build robust vision to have multiple
processors, perhaps as many as one per agent or one per model. These are prob-
lems that scale well. You really can have one processor per model and derive
benefit from the parallelism. There arc of course within the single processor view
numerous opportunitics to build optimization methods. For example for certain

problems we can do better than using Monte-Carlo saimpling. We have already
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noted that for SCFG’s that efficient solution can be achieved by using the Viterbi

algorithm. We have not pursued these ideas for two reasons.

e We wanted an architecture that was general enough to solve a large number
of problems. Chapters 4, 5, and 8 give examples of how this approach works

effectively for several combinatorially hard problems.

e Optimization is not a priority in this thesis.

There are a few comments that should be made regarding the use of Monte-Carlo
sampling to estimate the global MDL description. Most uses of Monte-Carlo sampling
attempt to estimate a PDF by counting frequencies of occurrences. For complex situa-
tions such as those described in this thesis (especially the parser described in Chapter
5), a great many samples would be required before anything like an accurate estimate of
the PDF would result. In our use we are able to measure the global description length
by adding up the description length of the components. Since we only want the most
probable solution and not the whole PDF we can get by with far fewer iterations than
would be required to estimate the whole PDF with any accuracy. As successive samples
are taken we always know which is the best solution so far and can terminate the search
at any point. This allows us to trade off interpretation accuracy against computational
cost.

In some agent architectures an agent is a wholly autonomous entity that determines
its own applicability and negotiates to participate in the ongoing computation. The
agents described in this architecture are woven together into a program. The choice
of which agents may participate and where has already been made when the program
was constructed (at run time). Agents in GRAVA are computational units that support
the protocol for agents. The way that the agents are woven together into a program is
similar to the way that methods are woven together in CLOS. Chapter 7 describes how
programs are synthesized and how the program may self-adapt at runtime as a result
of reflection. The MDL approach to agent selection described here should be equally

effective in other agent architectures as long as they are solving interpretation problems.



Chapter 4

Semantic Segmentation

4.1 Introduction

In this chapter we describe a segmentation algorithm that is built upon the MDL agent
architecture introduced in chapter 3. The algorithm extends work by Leclerc (Leclerc
1989) and by Zhu & Yuille (Zhu & Yuille 1996) which are described below. The algo-
rithm presented here, which we call “Semantic Segmentation”, realizes a conjecture of
Leclerc that the MDL formulation of the scene partitioning problem could be extended
to encompass higher level semantics. We argue that the segmentation problem cannot
be done purely as a low level process. Noise and low contrast situations make it hard
to achieve perceptually pleasing results robustly with a purely low-level process. In like
manner, small regions provide too few points to support any but the simplest statistical
models.

Image segmentation is an important step in most image analysis programs; but
achieving good segmentations can be as elusive as the subsequent interpretation. Seg-
mentation algorithms are notoriously unstable in the face of changing image quality.
We contend, and aim to demonstrate that adding semantics can help significantly. We
demonstrate a multi-agent approach to segmentation that generalizes region competi-
tion (Zhu & Yuille 1996) in such a way that semantics can be introduced naturally and
which permits image interpretation and segmentation to proceed cooperatively instead
of sequentially thus improving robustness. Segmentation and interpretation are viewed
as parts of a process of producing a description of the image. A minimal description
length (MDL) formulation is used to control competition and collaboration among the
agents.

In analyzing images, semantic units often correspond to regions, areas of the image
that are semantically homogeneous. For example, in an aerial image, a town may be
a simply connected region of the image. At a different scale, a house may be a simply
connected region. Often, perceptual regions are also approximately homogeneous in
a signal characteristic such as color, intensity, or texture. However, this neat picture
breaks down for all but the simplest images: cast shadows and highlights may suggest

breaking up a region that is semantically unitary, noise may reduce contrast between
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regions, and shading may further erode differences between regions making intra-region
variation large.

Signal-based techniques face tough challenges in constructing image representations
that accord with perceptions as shown by the succession of region finding techniques
developed over the past 20 years, none of which work perfectly on images that are
slightly removed from the domain for which they were developed, or images that don'’t
satisfy the conditions implicit in the algorithm design. That is, performance degrades
disgracefully. We continue to embrace state-of-the-art techniques for signal-based region
segmentation (Zhu & Yuille 1996; Xie & Brady 1996; Adams & Bischof 1994), but
investigate ways in which these techniques can be generalized in such a way as to permit
image segmentation to proceed as a cooperative process with the other processes of image
interpretation. By allowing semantic considerations to participate in the segmentation
of the image, a more robust segmentation and interpretation can result. We don’t view
segmentation as something that is done once as a low-level preliminary step in the
image interpretation process. We suggest instead that segmentation is at first a low-
level process that gets the interpretation process started, it is a semantic process that
maps interpretation to the underlying image, and it is a result of the image interpretation
process. Segmentation is a matter of continual refinement. It is driven from the low level
by characteristics of the signal and from the other end by the goal-directed needs of the
vision system. This view of segmentation has lead us to architect a segmentation system
whose relationship with other parts of the image interpretation system is cooperative.

The idea of applying semantics to the segmentation problem, is that if more is known
about the image contents, knowledge of the subject matter can influence the manner in
which the segmentation is applied. This is de-rigueur in most practical systems. For
example, in medical image understanding shape models are fitted to ultrasound images
of the heart (Makowski et al. 2000).

Segmentation begins with a signal-based approach. When an approximate segmenta-
tion has been constructed from signal-based means, agents with a knowledge of textures
or shapes (for example) can begin to make hypotheses about region contents. In turn,
structural relationships between regions of certain types may allow a higher level inter-
pretation of the image contents. Once agents with a higher level understanding of the
image components get involved they can assist in better segmenting the image. Knowing
that a region depicts a leaf (for example) allows knowledge of leaf shapes to assist in
the segmentation of the leaf boundary even when noise is present or detail is lacking in
the image signal. Clearly semantics used in this way can lead to the segmentation (and
interpretation) of images that would fail for purely signal-based approaches and in this
sense the approach is more robust.

When we know what a feature in an image is, we can know what is salient about the
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feature—and therefore what must be a part of the description. What is salient is not just
a function of the feature. It is also a function of what we want to do with the description.
It is semantics that allows us to decide what can be omitted from an image description.
Without semantics, we cannot safely discard any information. Our algorithm is called
“semantic segmentation” because it allows semantics to govern what is retained in an
image description. Leclerc’s list of criteria for image partitioning insisted on a lossless
representation. That is because the descriptions had no idea of salience and therefore
had to retain everything. Our algorithm and architecture doesn’t define what is salient,
but provides a framework within which salience can be specified.

The image interpretation problem can be viewed as one of efficiently communicating
a description of the salient image content so as to allow sufficient reconstruction of the
image for the purposes that the application demands. One way of reducing the descrip-
tion length for communication is on the basis of shared information. If the transmitter
and the receiver share knowledge, that shared knowledge need not be part of the trans-
mitted message. If an image contains a chair it is not necessary or useful to transmit
every detail of the chair. We can represent it as a “chair”. To be useful it is probably
necessary to parameterize “chair” to specify enough details for a “useful” reconstruction.
“Chair” in this example has three related roles: it is part of the description language,
it is image content semantics, and it is a parameterized model. Sometimes it may be
structurally decomposed and other times it may be a single level model. What is salient
and what can be elided depends upon the goals of the vision system at the time that the
interpretation takes place.

Where the “chair” model—or models in general-——come from is not important. They
can be learned from data, or they can be manually constructed. What is important
for our purposes is that there is a mechanism for establishing the probability of the
parameterized model occurring in the image given whatever prior information is available.

There is a danger that semantics will cause the segmenter to hypothesize a segmen-
tation that is not supported by the signal and is in fact incorrect. That is, it might
have a tendency to hallucinate instances of prior knowledge such as models onto images.
However, we readily see a ’'man in the moon’ or figures in the fire (Minsky 1975). When-
ever there is ambiguity (as there usually is) in the interpretation of an image there is a
chance that the ambiguity will be resolved erroneously. Here too, semantics comes to
the rescue. While it is hard to avoid local ambiguity resolution errors, within a semantic
context consistency requirements greatly reduce the number of possible combinations of
such errors. By sclecting the globally most probable assignment, most of these errors
can in practice be avoided.

Marr (Marr 1976; 1982) argued that segmentation was not a well founded problem

for a varicty of reasons, but principally because it did not seem possible to find low level
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be solved unless a solution to the image understanding problem in its entirety

is achieved as well.” Leclerc.

This chapter takes up the challenge of building a framework that allows image un-

derstanding to proceed cooperatively with scene partitioning.

4.2 Prior Work

There are many signal-based approaches to image segmentation.

One approach is to use local filtering such as with an edge detector (Canny 1986) to
locate the boundaries between the regions. Such an approach suffers because it only uses
information at the boundaries and no guarantee is made that boundaries will be closed.

Closed boundaries can be achieved by snake/balloon methods (Kass, Witkin, & Ter-
zopoulos 1987; Horritt 1999). These methods can be computationally efficient and pro-
duce smooth closed boundaries but as with filtering methods they suffer from using
information only along the boundaries. Snake/balloon methods require good starting
points if they are to converge onto the correct solution.

Seeded region growing (Adams & Bischof 1994; Nair & Aggarwal 1996) uses infor-
mation within the boundaries as well as along the boundaries but the results often suffer
from small holes and boundaries that are overly influenced by noise. Seeded methods
share with snake/balloons the problem of having a good starting point. The problem is
less acute than with snake/balloon methods but still the quality of the segmentation is
strongly influenced by the starting set of seed points.

Texture based relaxation methods, especially those based on Markov Random Fields
MRF (Andrey & Tarroux ; Noda, Shirazi, & Kawaguchi ), allow pixels to be labeled
based on a MRF texture assignment and the pixels can then be grouped to produce a
texture segmentation

Global methods based on energy minimization/MDL (Leclerc 1989) overcome some
of the limitations of the above methods due to their local processing by providing a
global minimization problem for the segmentation of the whole image but they can be
cumbersome to work with and finding the global minimum can be expensive.

Hybrid approaches combine the advantages of the above. For example, region com-
petition (Zhu & Yuille 1996) combines the benefits of snakes/balloons for good boundary
shape with the benefits of using statistical information about the entire, iteratively de-
veloping, region from seeded region growing with the benefits of a global criterion from

MDL to produce good overall results. Nevertheless, significant problems remain for

producing usecful segmentations.

1. A major problem with existing low-level segmentation algorithins is that they build
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a poor foundation for higher level interpretation. Often, a poor segmentation neces-
sarily leads to poor performance of the later levels of processing. These approaches
are blind to the quality of segmentation that they produce and there is no consid-

eration for the needs of the later stages of the image interpretation process.

2. While the seeded region growing and hybrid approaches utilize information within
the region as well as along the boundaries there is no provision for mobilizing
contextual information. When humans look at an image and “see” segments they
are looking at the image as a whole; but region-based algorithms are expected to
form good segmentations on the basis of purely local information. The region-based

algorithms ignore the crucial importance of context.

3. Because these methods are inherently low-level, they are based upon low-level
constraints about the real world. The cohesive nature of matter gives rise to
regions with edges (local filtering). Objects tend to have low local curvature
(snakes/balloons). High-level constraints are also important. For example, the
recognition of certain shapes and models of occlusion and lighting can in principle
play an important part in producing good segmentations in low contrast regions

of an image.

In the cooperative approach described in this chapter, higher levels of processing
can influence the segmentation. We believe that the tighter bi-directional interaction
between higher level semantics and image segmentation should lead to more capable and

robust image understanding systems.

4.2.1 Constructing stable descriptions

Leclerc (Leclerc 1989) describes an image segmentation algorithm based on the idea of
MDL. The segmentation algorithm itself has been improved upon by Zhu & Yuille and
is discussed below.

Leclere defined the image partitioning problem as finding the best description of the
image and enumerated a set of criteria for producing the best description. Briefly these

criteria are:

1. The description must be complete. The description must determine an image

uniquely.

2. The description language and the descriptions themselves must be computationally

feasible.

3. The best description must be stable. Small changes in the iinage should result in

small changes in the description.
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4. The description should be efficient—it should not be larger than the image.

To partition an image, Leclerc defines a descriptive language. The descriptive lan-
guage contains elements that allow the image to be described in its entirety. The lan-
guage describes the application of models to the image. The models describe the shape
and contents of regions. If a region fits a model well, its description length will be less
than if it fits poorly. When the entire image is described as a patchwork of regions, the
description that has the shortest description length is deemed to be the best.

The success of the approach is largely governed by the applicability of the models.
Leclerc’s approach to this is to consider the contributing components to the image for-
mation process to be separate parts of the description. There are many contributions to

the image formation process; some of the more obvious ones are enumerated below:

1. Noise: When an image is captured by a sensor, the signal is corrupted by a number
of sources including: atmospheric particles and imperfections in the lens and sensor.
The noise component of the image is usually random and often modeled effectively
as a statistical distribution. Often, CCD camera noise is Gaussian or a sum of

Gaussian processes.

2. Lighting: The appearance of physical surfaces is affected by the lighting of the
surface. A single light source near one side of a flat table may cause the brightness
of the table surface to vary so as to be lighter near the lamp and darker towards

the opposite end. Lighting also causes shadows.

3. Surface reflectance: The surface itself interacts with the lighting. A smooth
matte (Lambertian!) surface will produce a different effect from a surface with
a high specular component. A surface with a mixed or grainy consistency will

produce a textured region in the image.

4. Geometry: The positioning of objects in the scene affects the image formed on the
sensor. Noise effects may be greater for more distant objects, spatial configuration
may generate occluding boundaries, and textures will smoothly change their scale

as they recede into the background.

The signal received from the sensor is thus a complex composition of the above, and
other, processes. Fitting lighting, geometry, reflectance, surface, and noise models to

the composite image might provide a way of describing the image more simply. Regions

'A Lambertian surface is a surface of perfectly matte properties, which means that reflected or
transmitted luminous intensity in any direction from the surface varies as the cosine of the angle between
that direction and the normal vector of the surface. As a consequence, the luminance of that surface is
the same regardless of the viewing angle.
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of consecutive pixels that are governed by the same set of models would constitute a
low-level partitioning of the image upon which higher level interpretation could build.

Leclerc develops two models for image decomposition that deal with surface and
noise. So, for example, if z is the image to be partitioned, it can be considered as being
formed by an underlying image u and a noise term r such that z = u + r. The problem
involves dividing the image into regions and fitting the noise and surface models so as
to find the most likely values for u and » that account for the image.

Leclerc’s models differ in the kind of underlying surface that they model. Leclerc’s
first model assumes that the underlying image consists of regions that are homogeneous.
His second model] assumes that the underlying image is piecewise smooth. He makes no
attempt to model lighting, surface reflectance, or geometry.

The piecewise smooth model is more robust because it allows some of the effects of
geometry, lighting, and surface reflectance to fall within the piecewise smooth character-
ization. The piecewise smooth model effectively divides the physical image process into
“noise” and “everything else”.

Within this family of approaches, the most likely interpretation is found by char-
acterizing the problem as an MDL problem and using an iterative algorithm similar to
graduated non-convexity (GNC) (Blake & Zisserman 1987). While this algorithm ap-
proximates a global minimum description length it is very cumbersome to define the

model equations in such a way that the GNC-like method can be applied.

4.2.2 Region Competition

The region competition algorithm of Zhu & Yuille depends upon a description language
that incorporates outline curvature smoothness and upon the “energy” of the region. The
algorithm is parametric in that the relative importance of outline smoothness and region
energy is controlled by a parameter. An iterative algorithm is described that converges
on a (local) description length minimum. Because the algorithm cannot guarantee a
global minima the choice of seed points is crucial.

Region competition begins by selecting a set of seed points. Each seed point estab-
lishes a small region around the seed point which it then attempts to grow. The outcome
of the segmentation depends upon selecting the right seed points.

The regions once established grow by expanding the boundary of the region to capture
pixels that are more like the region than the background region based on a suitably
chosen statistical model. Region growing continues until region boundaries bump into
cach other.

The regions that have adjoining boundaries attempt to steal pixels from their neigh-
bors if the pixels arc more “like” themselves than the region to which they arc currently

assigned. Region competition continues until there are no more opportunities for pixels
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to be reassigned.

When two regions meet that are similar, it often reduces the global energy if the
regions are merged to produce a single region.

The manner in which the outlines of the regions are expanded and in which region
competition takes place involves two mechanisms. The first is the “statistical force”
acting upon points along the boundaries of a region. The statistical force is calculated by
considering whether the pixels along the boundary are more like the adjacent boundary
(an outward force) and the other region’s pixels are more like this region (an inward
force). The second is the smoothing force which attempts to produce a smooth boundary
by creating a force that tries to move pixels on the boundary in a way that reduces
curvature. The combination of these two forces controls the attempt to move the region
boundary and capture/relinquish pixels. The energy is computed for each of the regions
and the global energy is computed for the entire region by adding the energy of each of
the individual regions. Region competition continues until after some (arbitrary) number
of iterations the global energy hasn’t reduced.

The energy function E[I', {a;}] where T is the collection of all region boundaries in
the segmented image and {«;} is the set of parameters for the distributions of each region

in the segmented image. The image is segmented into a set of M regions R = Ufil R;.

M
El{a}] = Z{g—fg .ds — logP({I(,_.,y) : (z,y) € Ri}|ay) + A} (4.1)

i=1 i
i is the length of the all region boundaries (divided by 2 because the boundaries are
counted twice). A is the cost of representing the distributions of the regions.
The region competition algorithm produces fairly good outlines due to the smoothing
force however the smoothing force appears less effective than the authors expected. The
regions are based on homogeneous regions not piecewise smooth regions. That gives rise

to unstable boundaries.

4.2.3 Shortcomings of Low-Level Methods

The image formation process is complex. Trying to model the process analytically gets
hard very quickly. Region competition didn’t bother even with a piecewise smooth model
even though it would fit the combination of unmodeled parts of the image formation
process better than the homogeneous region model. Problems cited in the introduction
can easily throw these algorithms off and there is no obvious way to recover from failures
of the algorithm making the image interpretation process that depends upon it brittle.

Once these approaches are started, they can’t be stopped. They ultimately emit

a segmentation solution that you can take or leave. If the segmentation is poor, later
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processing stages will fail, and there is little that can be done to improve the segmentation

short of rerunning the algorithm with different seeds and parameters.

4.3 Semantic Segmentation

As noted earlier, the view of segmentation taken by this thesis is that, contrary to the
common view that segmentation is a low-level process, we take segmentation to be a
cooperative process with all levels of processing. Where other algorithms pick a prior:
methods for determining things like curvature characteristics, we let such things be driven
by the semantics. Rather than trying to produce an objectively good segmentation and
then hoping that the later levels of processing can do something useful with the result,
we take the view that the nature of the segmentation should be controlled by the later
levels of processing so that the resulting segmentation is in the form expected by later
processing stages.

The image interpretation problem is viewed from the communication theory view
as one of intelligent compression. We wish to throw away all information that we are
not interested in and then to package up the result in such a way as to minimize the
message length. Most image compression algorithms decide what to retain on the basis
of being able to reproduce a good approximation to the original image as perceived by
a human viewer. The lossy compression may, however, throw away some crucial detail
for certain tasks even though the reconstructed image looks like a close approximation
to the original. Vision has historically been viewed as a data reduction process. To be
successful, the data reduction process must be intelligent. The salient information in the
signal must be maintained and the rest should be discarded. “Saliency” can sometimes
be defined by low-level techniques due to certain physical properties of the world and the
physics of the image formation process. Edge detectors are one form of saliency detection
that derives from basic properties of the world. At some level, however, saliency can only
be defined by semantic properties.

We are less interested in image reconstruction for human viewing but would like to
reconstruct a semantic rendition of the image for whatever purpose the interpretation
system is engaged in accomplishing. For example, a robot that is attempting to negotiate
its way through a cluttered environment will want to know where the obstacles are but
may not need to retain enough detail to be able to identify what the obstacles are.
When the robot reaches its destination and has to find and pick up a widget it may
need a different kind of segmentation that retains different kinds of detail appropriate
for identifying widgets.

Compression algorithins like MPEG (ISO 1995; 1992; Lee et al. 1994) arc designed

as architecturcs that permit special purpose methods to be plugged in to achicve the
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compression. Our approach to image segmentation is similar. We provide a basic low-
level base level segmenter—a knowledge-free segmenter—that makes few assumptions
and discards nothing. We also provide an architecture that permits semantic agents
that cooperate with the segmenter to be plugged in.

The choice of which agents are used in performing the segmentation, and what inputs
are made available to the segmenter, determine the nature of the resulting segmentation.
Those choices are made by the theorem prover/compiler in the self-adaptive architecture
described in chapter 7. The choice is made such that the MDL program results. The
MDL program is the program most likely to succeed given what is known about the state
of the world at that point in time.

Describing an image in terms of regions naturally breaks down into three main rep-
resentational issues: representing the region sizes and shapes; representing the contents
of the regions; and representing the relationship between the regions.

Size and shape includes the characteristics of the outline of the region. Different
regions will want different outlines depending on semantic attributes. For example, a
leaf outline might have a smoothly curved outline, or an outline with a number of points
of high curvature, depending on the leaf type. Low level algorithms such as Zhu &
Yuille (Zhu & Yuille 1996) prefer smooth outlines for all region types.

4.3.1 The Semantic Segmentation Base Algorithm

We recast the region competition algorithm as cooperative (or competing) agents using
the architecture described in chapter 3. In this formulation, the image is described as a
collection of regions. The collection of regions describes the entire image. The description
of each region is produced by a base segmentation agent. The base segmentation agent
describes the region in terms of the bounding contour and a description of the region’s
contents.

Initially, the image is segmented as background and seed regions. The agents then
compete on behalf of their respective regions for pixels along their borders. If the image
description length can be reduced by giving a pixel to a neighboring region the exchange
will happen. In this view, the algorithm consists of agents negotiating with each other
for pixels along their common borders. The basis for whether a negotiation for a pixel
succeeds depends upon whether the total image description length (global energy) is
decreased by the exchange. If 71 and rp are the regions before a pixel is moved from
one region to the other and ] and 7% are the regions after the pixel has been moved to

another region, the change in global description length is given by:

DL(r}) = DL(ry) + DL(r}) — DL(ry) (1.2)
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A separate region merging agent continually tries to reduce description length by
merging regions that share a common border. A third kind of agent is responsible for
placing the initial seed regions.

Hence the semantic segmentation algorithm is implemented as three kinds of agent.
One for seed point placement, one for boundary contraction/competition and one for
region merging. Implemented this way, the algorithm performs in a way that is very
similar to the way that Zhu/Yuille region competition does; but now there is an op-
portunity to reduce the description length even further by applying semantic models.
For example, by identifying the contents of the regions as (say) urban, it is possible to
characterize the distribution of the region in terms of a database of urban areas. This is
analogous to reducing the description length by representing the word “MARY” instead
of the characters “M” “A” “R” and “Y” in the reading example described in Chapter
3. By adding agents that attempt to recognize region contents, the algorithm continues
as long as better labelings of the regions can be accomplished. Identification of a region
as a leaf of a particular tree may enable the boundary of the region to be described
more compactly also. Hence agents can be added that offer shape descriptions based on
databases of parameterized shapes. The reduction in description length that results from
the successful application of these agents to labeled regions causes the segmentation of
the image to converge to regions that fit well with what is known by the added semantic
modules.

Semantics are represented by models which are fitted by agents as described in Chap-
ter 3.

An agent has the responsibility of having regions of the image represented with a
minimum description length. To achieve this, once an agent instantiates a representation
of a region of the image, it begins to search for other agents that can represent the region
with a lower cost description.

We want higher level semantics to influence segmentation but we don’t want every
interpretation agent to have to have built-in support for segmentation. We prefer to have
a general segmenter that knows as much as is necessary about maintaining a segmen-
tation and as little as possible about built-in assumptions that lead to a segmentation.
For this reason, in order to ground the cooperative process between segmentation and
interpretation, we define a base-level segmenter whose sole task is to get the process
started.

Figure 4.2 shows the flow of the semantic segmentation algorithin. Initially a single
region is initialized that contains the whole image. Its description length is computed
based on the null semantics representation of the base segimmenter (described below).

The first step (*1) is to attempt to find regions that can be introduced that can

reduce the description length. One way is to just have a collection of sced points. If
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We begin by describing the base level segmentation algorithm and demonstrate how it
performs without any additional semantics. Then we describe the protocol for semantic

agents and show how image interpretation and segmentation can proceed cooperatively.

4.3.2 Base Level Segmentation

The problem of defining the base segmenter is to define a compact and useful represen-
tation of the image in terms of regions. The purpose of designing the message format is
to enable us to compute the message length that would be required to communicate the
image. As with all uses of MDL in this thesis, we don’t actually need to construct the
message—or to communicate it?.

The input pixels z are to be represented as an image im as n regions Ry..R,_1. We
begin the image representation with n, the number of regions. In order to represent a
region, it is necessary to describe the pixels that the region contains. One way to do
that is to represent the boundaries of the region. Given the boundaries of the region,

the pixels can be described in order from top left to bottom right staying within the

boundaries.

Representation of an image
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il Representation of a region N
K, S, | Bl Boundary Pixels Enumerated pixels of the region

Figure 4.3: Base Description Language for Images

We may have many different approaches to representing regions so we first represent

the kind K; of region R,.

“However, semantic MDL image reconstruction offers interesting possibilities that are discussed in
Chapter 9
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DL(K;) = —loga P(K;) (4.3)

The description length for a given region type will depend upon the model for that
region type. We begin by specifying the representation for the base region type that
makes no assumptions about the shape or contents of the region.

It is not necessary to represent the number of pixels in the region because the number
is uniquely determined by the boundary. We begin by describing the external boundary
of the region. We define an (arbitrary) starting pixel S; as the starting boundary pixel
for region R;. With no other knowledge about where the starting pixel is, the probability
of the pixel beginning in any location depends upon the size of the image. If the number
of pixels in the image is given by =,

DI(S,) = —zog% (4.4)

We next specify the number of pixels k = |B;| that comprise the boundary.

DL(|B;|) = —log2P(|B;| = k) (4.5)

Then for each boundary pixel in order we describe the position as a relative move
from the previous pixel M; ;. There are 7 possibilities at each step (a boundary cannot

double back on itself) the length move can be represented as:

DL(M, ;) = —logaP(M; ;|M; j_1,M;j_o ..., M; i1, M jqo,...) (4.6)

The conditional probabilities can be learned from a corpus or representative bound-
aries. This is a knowledge-free estimate of smoothness constraints for the boundary of
the region. Making the representation too sparse requires too many outlines to obtain a

good estimate. We use the following in our implementation:

DL(M; ;) = —loga P(M; ;| M; j—2, M; 1, Mj i1, M j12) (4.7)

This determines the position and shape of the region as well as the number of pixels
in the region. It also allows us to define a unique ordering of the pixels. Figure 4.4
shows how the region boundary is described as a chain starting from an arbitrary starting
boundary pixel and how the pixels themselves can be described in scan line order starting
from the top left pixel.

Given such an ordering all that remains is to represent the individual pixels in the
region.

Our intuitions about regions arc that they are homogencous or smooth. If they are

homogencous, all the pixels of a region arc taken from the same distribution. We can
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Figure 4.4: Representation of Regions

estimate that distribution by building a histogram of the pixels in the region. Then the

coding length of a pixel whose intensity is ¢ is given by:

DL(q) = —logaP(q|region = R;) (4.8)
To summarize:
DL(im) = —log2 P(lim| =n) + Y  —log,P(Kg) + DL(R) (4.9)
Reim

The description length of R depends upon the kind of region. For the homogeneous
base region discussed so far, the description divides into two parts: the description of

the boundary B and the description of the individual pixels contained in the region C.

DL(R,) = DL(B;) + DL(C;) (4.10)
Where
1
DL(B;) = — loga() — log2 P(|B;| = k)+
k (4.11)
Z —logaP(M; |1 M j—2, M; j—1, M; j+1, M j42)
Jj=0
and
|Cil
DL(C;) = Z —logo P(g|region = R;) (4.12)
=0

If the pixels of the region are all the same, —loga P(g|region = R;) = 0, which means
that the pixels don’t have to be included in the message (because they arc all the sane).
The assuniption that regions are smooth is slightly different. It says that the proba-

bility that a pixel belongs to a region depends upon where in the region the pixel lies.
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2. The midpoint between dy,q; and dpin is chosen as a cutoff point. All pixels with a
deviation less than the midpoint are part of new sub-regions. The new sub-regions

have their borders traced.

3. All new regions smaller than the minimum region size are discarded.

The seed point agent is initially applied to the whole image. Once the major regions
have been identified and have settled down, the seed point agent is applied to the indi-
vidual regions. The algorithm terminates when all new regions are too small to qualify
as new regions.
This algorithm successively refines regions in a way similar to graduated non-convexity (Blake
& Zisserman 1987). The seed points generated are already close to the final shape and
so few iterations on the competition algorithm have to be run in order to refine the

boundary edges.

Region Shapes and Contents

A Region consists of its boundary and the pixels contained within the boundary. We
define a chain shape model for the base segmenter. Shape models and content models
have cooperative roles. The shape models define the set of pixels that constitute the

region and the content models define the nature of the pixels themselves.

Model
Shape RegionContents
PixelChainShape HomogeneousRegion PiecewiseSmoothRegion
~—— ——

e ———— e —
BaseSegSmooth

Figure 4.9: Models for the Base Segmenter

The PixelChainShapeModel is parameterized by a starting pixel and a chain list.
The agent that produces the “PixelChainShapeModel” sets the “startPixel” and the

“chainCodes” as the result of applying the “fit” operation.

(defineClass PixelChainDescriptionElement (DescriptionElement)
(...
(startPixel)
(chainCodes)))
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The description length of a PixelChainDescriptionElement PC is given by:

1
DL(PC) = - 1092(1-)) — loga P(|Bi| = k)+

k (4.17)
> " —logaP(M; 5|M; j_o, Mij—1, My ji1, M j42)
§=0
where p is the number of pixels in the image, | B;| is the number of pixels in the pixel
chain, and M; ; is the chain direction. P(M; ;) is learned by from the corpus of hand
annotated images.
The “HomogeneousContents” description element is produced by an agent in response
to the “fit” operation. Fitting the “HomogeneousContents” model involves finding the
mean and variance of the pixels in the region. The Gaussian representation assumes that

the homogeneous region has been corrupted by Gaussian noise.

(defineClass HomogeneousContentsDescriptionElement (DescriptionElement)

(...
(mean)
(variance)))

The description length of a HomogeneousContentsDescription is given by:

|Cil

DL(C) =Y —logg{erf (“” il 6/2)) - erf<(q‘ —Hp 6/2)) } (4.18)

=0 P P

where ¢ is the resolution of discretization. So for example, if the pixels ¢ are quantized

into 256 discrete values, ¢ = 256.

The Piecewise smooth case is similar except that fitting the model involves finding

four quantities:

1. The mean mean: The local mean is computed for each pixel in the region using

a disk-shaped window.

2. The mean spread: The distribution of the local mean is represented as a his-

tograin.
3. The mean deviation from the local mean.

4. The spread of the deviations from the local mean. We cmploy a simple
model in which the distribution of deviations is assumed to be constant for all
local windows. Other possibilitics exist. The distribution could be a function
of the mean such as when well-illuminated parts of a surface have more visible

texture than the dimly lit parts of the same surface. In other cases, the texture
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may not be related to the mean at all. For example, when a texture recedes into
the background the mean may remain constant but the closer part of the surface

may offer greater variety of intensities.

(defineClass SmoothContentsDescriptionElement (DescriptionElement)
(... (meanMean) (meanSpread) (devMean) (devSpread)))

In this implementation, the PDFs for the mean and deviations from the mean are
maintained as histograms of frequencies; so, if fregm; and fregs; are the number of
occurrences of mean m and deviation d respectively, the probabilities P(m|region = R;)

and P(d|region = R;) are calculated as

P(mlregion = B;) =1 -¢dm
|Ci]
freqd; (4.19)
P(d|region = R;) =124
|Ci
So the description length for a piecewise smooth region C; is given by:
[Cil freqm. frequ;
D) =3 lon gl ~ oo el wy
(=0 7 s

Base Segmentation

The base segmentation description element is constructed from a choice of shape descrip-
tion and contents description and the model (BaseSegSmooth) is generated via multiple
inheritance from the classes PixelChainShape and PiecewiseSmoothRegion as shown in
Figure 4.9.

Figure 4.10 is an example sequence of the segmentation of an image with snapshots
taken every 40 iterations that demonstrates region merging, region splitting, and region

competition.

So far, we have gone to a lot of trouble to build a rather simple segmenter (the base
segmenter) that follows a strict MDL approach. The agent architecture described in
Chapter 3 has provided a protocol that has allowed us to structure the segmenter in
terms of models. The true power of this approach is that, given this framework, it is
easy to add semantics to the segmentation process by defining more complex shape and
content models. Below, we present a simple demonstration of how this capability enables

us to segment a subjective contour example.

4.3.6 Adding Semantics

We introduced the general idea of a shape model and a content model above. Here using

the same protocol we introduce somne new shape models. In order for subjective contours
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Shape Models

The shape model used by the base segmenter involves a chain of pixels that surround
the region. The pixel chain representation is ideal for region growing algorithms. Other
kinds of algorithm can segment images. With the benefit of the MDL formulation these
approaches can be mixed. However a region model is fitted to the image data, as long
as the description length can be computed, the different representations can compete to
produce a global description.

Examples of other approaches to shape models include geometric shapes and splines
with parameterized join points. To test the mechanism, we implemented some simple
shape models and agents. We describe the circle and triangle models below and conclude

by showing their effectiveness in segmenting a subjective contour example.

Shape Model for Circles

Circular regions can be parameterized as < z,y,r > where z and y specify the center of

the circle and r its radius.

(defineClass CircleShapeDescriptionElement (DescriptionElement)
(... (center) (radius)))

The description length of the circle shape is given by:

DL(circleg yr) = —loga P(circle) — logg(zl—)) —logo P(r = n) (4.21)

The shape model described above can be “fitted” by any number of agents that use
different fitting algorithms. We implemented a single circle fitting agent that attempts
to adjust z,y,r to an existing region. The fitting algorithm uses a generalized Hough
transform (Hough 1962) for circles. The points along each boundary of each base region

are used to vote for a circle.

Shape Model for Triangles

Triangular regions can be parameterized as < z1,y1,Z2,¥2,3,y3 > where the three

corners of the triangle are located at (z1, y1), (z2, y2), and (z3, y3).

(defineClass TriangleShapeDescriptionElement (DescriptionElement)
(... (corner1l) (cormer2) (corner3d)))

The description length of the triangle shape depends upon the position of one corner
(which is assumed to be cqually likely at any position) and the = and y displacements
(zda, ydq, zd3, yd3) to the other two corners. The z and y displacements are assumed to

be equally likely so as not to prefer any particular orientation of the triangle.
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DL(triangles y ,) = — loga P(triangle) — logs(

~ logy P(zdy) — logy P(ydy (4.22)

)
— loga P(xd3) — logy P(yds)

As with the circle shape model the triangle shape model can be “fitted” by any
number of agents that use different fitting algorithms. We implemented a single triangle
fitting agent that finds lines using a straightforward Hough transform. Line intersection

points are computed for lines, and triangle hypotheses are computed from them.

Occlusion

When two or more shape models overlap the overlapping models, each lay claim to the
pixels that they overlap. We call the pixels that fall within the overlapping regions “dis-
puted”. The intersection of overlapping regions form “disputed regions”. The following

rules govern the representation of disputed regions and their boundaries.

1. Disputed pixels are part of the shape description. An occluded shape does not

change shape because it is occluded.

2. One and only one region represents the contents of the disputed pixels. When a
shape is occluded, the visible pixels belong to only one of the objects involved in

the occlusion.

3. Occlusion is local. In general if one region is in front of another region in one place,

it may be behind somewhere else.

Which region gets to describe the disputed pixels is determined so as to produce the
global MDL. Assigning content pixels to a region will affect the description length of
that region and may affect the state of that region. For example, if the region describes
its contents in terms of a distribution, the distribution will be different with the pixels
included. That changed distribution may affect the likelihood of other occlusions being
determined in favor of that region. Therefore, even though occlusion is local and one
cannot reason about z-order, the assignment of pixels to a region may have non-local
effects. The non-local effects are not caused by reasoning about non-local “in-front-
of” relationships but are caused by changes to description lengths of the regions that
represent the content pixels.

Locally however, “in-front-of” is a meaningful and constraining concept. Consider
the case of three overlapping circles such as the red, green, and blue circles in Figure
4.8. In that figure there arc 4 categories of overlapping shape. In one region red overlaps

green, in another region green overlaps blue, in another region blue overlaps red and in
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the center, red, green, and blue all overlap. If the overlap between red and green is d, 4,
the overlap between green and blue is dg ;, and the overlap between blue and red is dj .

The shape models compete using the Monte-Carlo methods provided by the agent
architecture described in chapter 3. Locally, where regions overlap (intersect) they pro-
duce a disputed region. At the local point where multiple shapes overlap the regions can
be sorted into “in-front-of” order. All possible orderings are evaluated by considering
the sum of the description lengths of the affected regions for all possible layerings of the
shapes.

The algorithm for resolving local overlapping simply depends upon finding the choice
set. The first step is to produce the disputed set. From the disputed set, the choice set
is produced. The built-in Monte-Carlo algorithm then finds the best solution globally
by sampling from the choice sets of all choice sets in the image. A disputed set D.S;
consists of a set of regions involved in the dispute and a set of disputed regions. We use

the three overlapping circles case from Figure 4.8 to illustrate the algorithm.

1. All shapes are pair-wise intersected. Each intersection produces (1) a set of the
regions involved in the intersection, and (2) a list containing structure consisting of
a representation of the intersecting (disputed) region and a set of regions involved

in competing for the pixels (the same list as (1)).

Doing this for the overlapping circle example generates the following disputed re-

gions.

({RgRo}(< dgp, {RgRp} >))
({ReRr }(< dgr, {RgR;} >)) (4.23)
({ReRr (< dyr, {Ry R} >))

2. All disputed regions generated in the first step are intersected to see if any of them
overlap. Disputed region representations that are found to overlap are merged by
taking the union of the sets involved in the intersection and appending the dis-
puted region list. With the overlapping circle example this generates the following

disputed regions list.

({RngRb}(< dg,b, {RgRb} >< dg’r, {RgRr} >< db,ra {RbRr} >)) (4.24)

In this example, because all of the overlapping regions intersect we are left with
a single disputed regions list. In gencral there will be several. Each disputed
region entry will decide the region that “loses” the disputed region by producing

an ordered list of regions involved in the dispute. Given an ordering. for cach region
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associated with the disputed region, the most buried region “loses” the disputed

pixels.

3. Each disputed region list is expanded into a choice set. If there are n regions
involved in the choice set there are n! ways of ordering the regions. For the over-

lapping circle example the following choice set is produced.

< dgp, {RgRy} >< dgr,{RgRy} >< dpy, {RpRr} >)
< dgp, {RgRp} >< dgr,{RgR:} >< dpr, {RsRr} >)
< dgy, {RgRy} >< dygr, {RgRr} >< dpys, {ReRr} >) (4.25)
<dgp, {RgRp} >< dgr,{RgR} >< dpr, {RoRr} >)
< dgp, {RgRp} >< dgr,{RgRr} >< dpy, {RoRr} >)

)

< dg,b, {RgRb} >< dg,r, {RgRT} >< db,r’ {RbRT} > }

s
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4. Each choice in each choice set is assigned a description length that is computed by
assuming the “in-front-of” order of the choice and taking the sum of the descrip-
tion lengths of the regions involved in the dispute. So for the overlapping circles
example, the first choice of the choice set in which the red region is in front of the

green region and the green region is in front of the blue region:

DL(choicer4) =DL(R;)+
DL(Ry|ezcluded = dgr)+ (4.26)
DL(Rplezcluded = dgp, exluded = dy ;)

As described in Chapter 3, the Monte-Carlo selection scheme samples the choices
at random by computing the probability of each choice P(choice) = 2DL(choice)
normalizing the probabilities of the choice set so that they sum to 1 and then

selecting the choices according to the resulting probabilities.

All regions participate in the occlusion computation. Base regions never occlude
other base regions so the base regions are not intersected with other base regions as an
optimization. Base regions can however occlude, and be occluded by, non-base regions.

Using the circle and triangle shape models described above the subjective contour
cxample in Figure 4.11 was successfully segmented. First the base segmenter segmented
the regions to produce the three pacman shapes. The corner detectors invoked the
triangle agent which found the three corners and hypothesized the triangle. Adding the
triangle, however, doesn’t reduce the description length because the pixel that it takes

from the base scgimment (background) are no smaller when part of the triangle than they
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surface texture to be accommodated. Once the regions have been correctly segmented,
models of lighting, geometry, and surface texture could in principle be applied to the
regions in an attempt to further reduce the description length. We did not try modeling
these things but the same mechanism that permits high-level semantics to be introduced
allows further models of image formation to be attempted. The multistage approach to
separating different factors in the image formation process may be easier to implement
than trying to build complex analytic models that account for all of these factors at
once.

The subjective contours demonstrated as an example of introducing semantics to im-
age segmentation problem is an extreme example of Marr’s overlapping leaf phenomenon.
While the leaf outline in Marr’s example is impossible to see in the case of subjective
contours the lines are actually not present at all. We claim that we see the subjective
contours because the image interpretation of occluded objects is more likely and thus
can be represented by a smaller message length than the representation of the irregular
objects. We are not saying that the mechanism of subjective contours presented here is
similar to the way that they are perceived in humans but if we accept that human vision
is also engaged in seeking the most likely interpretations of images there is a certain in-
evitability to the phenomenon of subjective contours. What is important is not whether
the mechanism is similar to anything the human vision system does—it is that we are
able to handle a class of segmentation problems described by Marr (Marr 1982).

We have addressed Marr’s concerns about segmentation by liberating it from a low-
level process to one that spans the processing stages of image interpretation. Marr was
concerned by semantics because they tended to be ad hoc and difficult to apply. It is
not necessary for semantics to be ad-hoc. In many cases the semantics can be extracted
automatically from a corpus.

We have realized a conjecture of Leclerc that the MDL paradigm could be extended
beyond low-level segmentation to include later stages of image interpretation.

The semantics used to illustrate the architecture in this chapter were chosen for their
simplicity. In the next chapter we develop linguistic semantics that can bring contextual

information to bear on the image segmentation and interpretation problem.



Chapter 5

Patchwork Parsing

5.1 Introduction

We concluded Chapter 4 with an example of a shape model. In this chapter we look at
another dimension of semantics directly relevant to the problem domain of aerial image
interpretation: region context. Aerial images are distinguished by colors and textures
more than by shape. Occasionally a shape is identifiable in aerial images, such as central
park in New York city, but most shapes are natural and reflect features of the terrain,
while man made shapes become part of the texture of regions of the image, such as
the regular structure that makes up the streets and avenues of New York city. Partly
by design and partly by necessity the relationship between different regions follows a
recognizable structure. Beaches are found between the sea and the land. Suburban
areas appear next to urban areas which in turn are often adjacent to rivers, estuaries,
and oceans. The context provided by the layout of regions in a natural scene is key
to correctly identifying the region’s contents and also to understanding the image as a
whole. In this chapter we develop a linguistic approach to image understanding that
addresses both the region content interpretation and the interpretation of the whole
image as a parse tree.

Another approach to adding contert is Markov random fields (MRFs) (Geman &
Geman 1984). Markov random fields provide probabilities that can be learned from the
data but the models are structurally weak. Markov random fields are similar to the
linguistic approach described in this chapter; but their formulation makes it hard to
incorporate other differing approaches to understanding. The syntactic rules that we
learn from images and the way that we use them to make sense of the pattern of regions
in an image are similar to the cliques of MRFs. With the approach described in this
chapter, however, the agent language [described in Chapter 3] provides the framework
and MDL provides the common currency for incorporating a variety of approaches to
semantics within a single program.

Language research has enjoyed considerable success in applying statistical techniques
to the problem of inducing realistic grammars from corpora and parsing natural speech
and text. The main innovation in the work described in this chapter is the extension of

those ideas to image interpretation. The major challenges of this work are that, unlike
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Signal-based methods allow hypotheses to be formulated as to the contents of re-
glons based on things like texture and color. By imposing constraints on the structural
relationship between regions of certain types, the selection of ambiguous region inter-
pretations can be improved and the initial segmentation of the image can be modified
to yield a globally more probable interpretation of the image. The cooperation between
signal-based algorithms for segmentation and identification along with structural con-
straints can allow the system to converge on a good global interpretation that is more
robust to noise and other optical phenomenon that cause purely signal-based approaches
to be fragile.

In this chapter we limit our discussion to the problem domain of aerial images al-
though the results may be applicable more generally. Aecrial images are convenient in
that it is not necessary to consider foreshortening resulting from three dimensions and
in most cases object occlusion is not an issue either (except for bridges, tunnels, and,
particularly clouds).

Two image banks (the corpora) were developed in order to obtain the picture language
and optical models required by the algorithms described here. One corpus is based on
multi-spectral satellite images and the other is gray scale images taken from a plane.
These corpora are described in Appendix A and the facility for annotating the images is
described in Appendix B.

This chapter is organized as follows. Section 5.2 provides a discussion of related
prior work in language/speech understanding. Section 5.3 defines the statistical model
for patchwork image parsing and develops the grammatical aspects of the approach.

Section 5.4 develops algorithms for patchwork image parsing.

5.2 Prior Work

There are many parallels between the problems in understanding visual processing, hu-

man speech, and natural language:

1. Input signal processing: In the case of speech it is a one dimensional sound signal
whereas in vision the signal is two dimensional. In natural language, the signal is

in the form of text that may or may not contain noise.

2. Input signal segmentation: As we said in Chapter 4, despite years of research in
vision and speech, robust algorithms for segmentation remain elusive. Segmenta-
tion without simultaneous interpretation seems at best difficult, at worst hopeless.
In speech recognition there is usually an attempt to divide the wave form into
separate words. In vision programs, segmentation usually plays a significant role,

but the nature of the segmentation varies greatly depending on the application.
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3. Component identification: In the case of speech and natural language words are

identified. In vision regions are identified.

4. Structural understanding: Speech recognition involves producing a word list, a task
usually aided by a context that controls expected words. In natural language there
1s usually an attempt to parse the words into phrases or sentences. Similarly in
vision there is a need to identify the structural relationship between the image

components.

There are also some important differences. Natural language has a reasonably useful
intermediate representation (written text) between the low level signal processing aspects
of speech recognition and the higher level aspects of natural language understanding.
Vision does not appear to have a viable intermediate form. Early attempts at using line
drawings for this purpose did not scale to natural scenes (Waltz 1975).

The work in this chapter draws upon statistical techniques that have been common in
speech understanding (Bahl, Jelinek, & Mercer 1983; Jelinek, Lafferty, & Mercer 1992)
since the early 1980s and natural language understanding (Charniak 1996; Schabes 1992)
since the late 1980s. The statistical techniques used in our implementation of these ideas

(GRAVA) are appealing to us for three reasons:

1. GRAVA is “grounded” in that the models that it applies are derived from the real
world. Building models by hand is extremely difficult. While building models by
hand is feasible for a small class of highly specialized tasks (such as face recog-
nition), the diversity present in the real world demands that models be extracted
from real data rather than being hand crafted. The statistical techniques described

below allow for automatic grammar induction.

2. GRAVA uses MDL as a common currency for choosing among alternative inter-
pretations. MDL demands that for any descriptive element the probability of its
occurrence in a description be known so that its description length can be computed
using the formula DL(z) = —logaP(z). The corpus based statistical techniques

make the necessary probabilities easily accessible.

3. It was once believed that in order to learn models, it was necessary to provide
both examples and counter examples in order to properly learn the phenomenon.
Winston’s system (Winston 1975) for learning structural descriptions from exam-
ples was an example of a learning system that required both examples and “near
miss” counter examples. MDL and statistical methods, however, allow learning
on the basis of examples without any requirement for counter-examples. Since the

solution chosen will be the one with the minimum description length it is not a
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problem that a sentence (say) may have a meaningless but grammatical parse as
long as the meaningful parse has a lower description length. By learning grammars

from corpora the required probabilities can be computed from frequencies.

5.2.1 Speech Recognition

Speech understanding starts with a signal. The signal is divided into words, the words
are identified, assigned parts of speech, and [depending upon the application] parsed
into meaningful sentences. Speech applications are at present rather limited in scope
and so the definition of the task of speech understanding has historically been defined as
extracting a word list from an input signal. The context is generally carefully constrained
to make this task possible. Parsing the word list into a meaningful sentence or phrase is
generally categorized as a natural language task.

Evidence for the words comes from analysis of the signal but it is often impossible to
identify the words from analysis of the signal alone. The context of the word provides
a lot of constraint for: the identification of the word, assignment of the part of speech,
and choosing from ambiguous parses of the sentence.

The principle problem in speech recognition is to identify the words that correspond
to pieces of the signal that are segmented as words. The segmented pieces of wave form
are compared against templates to try to determine the words that they represent but
invariably this cannot yield an unambiguous determination. If we hear an isolated word
we too are often unable to determine the word being uttered. However, when we hear
the word in context we can identify the word with confidence. This is the idea of speech
modeling.

A sentence W can be considered to be a sequence of words. The task is to find the
sequence of words that is most probable given the signal.

Words occur with a certain frequency in natural language but the probability of
their occurrence is not independent of the surrounding words. As we noted in Chapter
3, the Shannon information measure (Equation 3.1) makes the assumption that the data
stream is ergodic. To correct for this we must consider the probability of each word in
context. For consistency with the rest of the thesis we describe the following in terms of
description lengths. The description length of a word sequence W is:

n
DL(W) =) —logaP(w;|wi, ..., w;_y) (5.1)
i=1

In that form, it is not very useful, because we would have to know the probabil-
ities of all possible word sequences of arbitrary length. Instcad an approximation is

used. A common approximation is the trigram model in which word sequences of three

consccutive words are collected from a representative corpus for the application.
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n
DL(W) = > —loga P(w;|wi_1, wi—2) (5.2)

i=1
The probability P(w;|w;_1,w;—2) is approximated by f(w;|w;_1,w;—9) which is com-
puted by counting occurrences in a representative corpus of text (or transcribed speech).
Even this simplification is not sufficient for practical uses because there are a lot of
possible three word sequences, even for a constrained vocabulary system, requiring an
unreasonably large corpus to provide adequate language coverage. This is dealt with
by smoothing: in the cases where a matching three word sequence cannot be found in
the corpus, a two word sequence may be used. In cases where even two word sequences
may not appear in the corpus, the probability of the single word must be used. The

approximated description length of the word sequence is given by:

DL(W) =) _ —log, ()\3f(wi|wi—1, wi-2) + Ao f (wilwi—1) + /\lf(wi)) (5.3)

i=1

Given this formulation, the task of finding the most likely word can be represented
as a Hidden Markov Model (HMM) and solved efficiently using the Viterbi (Viterbi
1967) algorithm. Good weights for A\;, A2, and A3 can be computed using the Baum-
Welch algorithm (Baum 1972). Systems built this way have shown remarkably good
performance.

The difficulties with such methods are predominantly problems of size. It is impracti-
cal to have a corpus large enough to reasonably approximate the probabilities—methods
for dealing with sparse data are essential. The number of states in the hidden Markov
models can also become excessive. This problem is best addressed by dividing the prob-
lem space into smaller contexts, each of which is accompanied by an appropriately limited
vocabulary. This way, a number of manageable HMM implementations are able to handle

reasonably large vocabularies.

5.2.2 Natural Language

Understanding natural language is similar in spirit to speech recognition but differs in
emphasis. In most cases the word sequence is already known. Either it was produced
as the output of a speech recognition program, or it was simply read in as text. Either
way, the problem is to parse individual sentences into intelligible structures. There are

two chief activities involved in parsing the sentences.

1. Identifying the part of speech of the words. Some words have no part of speech
ambiguity whereas other words have many possible parts of speech. An example

of the latter is the word ltke. Like can be a preposition as in “(she walks) like a
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lady” or a verb as in “kids like sweets”. Resolving the correct part of speech of a

word is essential if the parser is to pick the correct parse.

2. Parsing the words into a parse tree. Computer languages are carefully designed to
be unambiguous and the syntax is designed to permit efficient parsing. Natural
languages (like English), however, are highly ambiguous, so it is not uncommon for
a sentence to have thousands of (syntactically) correct parses. While all the parses
may be grammatically correct, they are not semantically equivalent. A sentence
may mean different things when parsed in one way rather than in another, while
other parses may seem devoid of any meaning. Selecting the correct parse from

the many possible parses is essential to machine understanding of the sentence.

We consider each of these activities in turn.

Part of Speech Tagging

Part of speech tagging is the process of assigning for each word in a sentence a part of
speech that correctly identifies its grammatical mode. The “sparseness of data” problem
is much less of a problem for part of speech tagging than for word identification in
speech recognition systems since there are far fewer parts of speech (between 10 and 150
depending on the system) than there are words. The speech recognition goal is to find
the most likely sequence of words to correspond to a sequence of signal segments. The
task in part of speech assignment is to determine the most likely sequence of parts of
speech given a sequence of words.

The probability of a word sequence is the sum of the probabilities of the word sequence

with all possible taggings:

DL(W) = —logy (Z P(wy p, tl,n)> (5.4)

t],n
The goal of part of speech tagging is to produce the sequence of tags ¢, , that mini-
mizes DL(W).
One approach takes the probability of a word as dependent only on its part of speech,

where that part of speech is itself dependent on the previous two parts of speech:

PW) 2 3" [ Pwilta) P(ts, tio, tio) (5.5)

tin 1=1
Here, missing sequences in the corpus can be handled in the same way as with speech
recognition by smoothing. Also, as with speech recognition systems, the assignment can

be accomplished by using the Viterbi algorithm to solve the HMM representations of the
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problem and by training the HMM to establish good weights for A;, Ao, and A3 using
the Baum-Welch algorithm:

PW) =Y ] flwilts) s f(tistimt, tima) + Ao f (ti,tim1) + M S (£) (5.6)

ti,n 2=1
Performance of these systems is reasonably impressive. Whereas human experts
agree on part of speech assignments around 98% of the time, the best machine taggers

presently achieve around 97% agreement with human taggers (Charniak 1997).

Statistical Parsing

A context free grammar (CFG) consists of a set of terminal symbols W (the words), a
set of non-terminal symbols N, a distinguished starting symbol N!, and a set of parse
rules R. A parse rule describes how a non-terminal symbol N can be broken down into
a sequence of terminal and non-terminal symbols. A probabilistic context free grammar
(PCFG) has for each rule a probability. The probabilities for all the rules with the
same non-terminal symbol sum to one. The probability of a rule then is the probability
that the rule will be used to expand that non-terminal symbol. The product of the
probabilities of all rules and words used in the resulting parse tree is the probability of
that parse of the word list occurring in the language. The sum of the probabilities of all
legal parses of a word list is the probability of the word list occurring in the language.
The probabilities of all possible parses of all possible word lists sums to one.

The probabilities of the parse rules can be induced from a hand parsed corpus just
as the probabilities of the words can. The probabilities of the rules allows different
parses of the same word list to be compared on the basis of probability. The preferred

parse is the one with the greatest probability. Consider the following example (from

Charniak (Charniak 1993)).

NT Expansion Probability
S = np vp 0.8
S = vp 0.2
np = noun 0.4
np = noun pp 0.4
np = noun np 0.2
vp = np vp 0.3
vp = np vp 0.3
vp = np vp 0.2
VD = np vp 0.2
pPp = prep np 1.0
prep = like 1.0
verb = swat 0.2
verb = flies 0.4
verb = like 0.4
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noun = swat 0.1
noun = flies 0.4
noun = ants 0.5

There are several interpretations of the word list “Swat flies like ants”. Two of them

are shown in Figure 5.2.

S S
np vp vp
np np np pp
np
noun noun verb noun vertb noun  prep noun
I I I | | I I l
swat flies like ants swat flies like ants
8x.2x.4x.1x.4x.3x.4x 4x.5 =0.00006144 2x.2x.2x.4x.4x1.0x1.0x.4x.5 =0.000256
Legal (but less likely) Parse Good Parse

Figure 5.2: Example PCFG grammar

The left parse means that there is a kind of fly called a “swat fly” that likes ants.
The right parse means “to swat flies as if they were ants”.

Having the probabilities of the rules allows us to select the best parse from a number
of possibilities that are all equally correct from the standpoint of the grammar. Without
context the right parse (in Figure 5.2) is more likely. If the sentence is part of a larger
context, such as a section about the likes and dislikes of the “swat fly”, the less likely
interpretation may yield the more likely “global” interpretation. One way to make that
kind of interpretation work would be to have a semantic layer that built upon the parse
layer. The Monte-Carlo selection would then pick the parses that achieved the MDL
semantic interpretation.

Monte-Carlo selection allows less likely “locally” choices to be selected if they lead
to an MDL “global” description. However, this by itself is probably not adequate.
We would like the posterior probabilities of the words and grammmatical rules to be
different in different contexts. It is unlikely that interpretation is best served by using

the same probabilitics for grammar and words when reading a scientific document, a legal
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document, a self help book, and so on. Each of these documents have their own style that
makes certain word usages and grammatical constructs more likely. We could achieve
this by having the self-adaptive architecture change the grammar and word models in
response to different contexts.

In the remainder of this chapter we develop a statistical parsing scheme for images
that is similar to the ideas discussed above but in which the “words” are image regions
and the “grammar” is two dimensional. In Chapter 8 we go on to show how different
models of image context can be applied by the self-adaptive architecture.

In summary, statistical grammars have a number of important advantages over their

non-statistical counterparts:

1. Non-statistical grammars exclude nonsense sentences as a result of restrictive gram-
matical rules. The statistical techniques described above provide a robustness that
comes from accepting almost every word order as legal. With smoothing almost
everything can be accepted. Consequently parsing rarely fails. This at first would
seem to exacerbate the problem of parse ambiguity; but it enables all sentences to
be understood at some level regardless of how ridiculous they may seem. Instead,
probabilities allow nonsense sentences a very low probability instead of making
them illegal. Instead of excluding the bad sentences and thereby causing the parse
to fail, they are included with a low probability which may then be used to signal
difficulty in understanding. For sentences that are malformed and would defeat
non-statistical parsers, smoothing can allow statistical parsers to parse the sen-

tence and semantic routines may be able to recover meaning from the resulting

parse.

2. Parsing allows grammar induction to proceed without the need for negative exam-
ples. If a grammar is to be exclusionary it is necessary to give negative examples.
Statistical grammars don’t require exclusion. The unlikely parses simply don’t

occur often and so those parses are rarely chosen.

The hidden Markov model (HMM) formulations used in the speech understanding
and part-or-speech tagging models can be fairly easily adapted to the case of PCFG’s.
Efficient algorithms exist for PCFG grammar induction (Baum 1972) and finding the
most probable parse (Viterbi 1967).

Unfortunately PCFG’s may not be the best kind of grammars for representing natural
languages like English. More interesting grammars like the Stochastic Lexicalized Tree
Adjoining Grammars (SLTAG) (Schabes 1992) while being more useful meta-grammars

for English cannot be parsed cfficiently by the above methods.
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5.3 Statistical Patchwork Parsing

In this section we develop an approach to mobilizing contextual information in an image
by parsing the relationships between disjoint segments in the image, where the segments
form a “patchwork” of non-overlapping regions!

This approach allows the global structure of an image’s internal connected segments
to play a part in the assignment of content descriptors of the segments. This is similar to
the way that part of speech assignment in speech understanding aids in the identification
of words.

We refer to this form of image parsing as “patchwork parsing” because it attempts
to interpret an image formed from a patchwork of non-overlapping regions. The goal is

to produce a structural description of an aerial image in terms of:

1. A segmentation of the image into non-overlapping regions (cf word segmentation).

This issue was addressed in Chapter 4.

2. For each region an identification of its contents (cf word identification). This issue
involves learning content models from the corpus. We call this the optical model
because it deals with the interpretation of regions of pixels based on their optical

characteristics (such as color and texture).

3. A parse tree that describes the grammatical relationships between the regions of

the image.

5.3.1 Defining the Image Labeling Problem

A segmented image consists of n regions. We seek to find the labeling of those regions {;
that is supported by evidence from the image signal and from contextual information.

We can state this formally:

arg rlnin —logs (H P(l|r, ni)> (5.7)
b i=1

Where [; is the labeling of region 7;; and n; is the set of neighbors of region ;.

Applying Bayes’ law gives us:

, E P(Lilr) Py, ;)
arg rlrll‘lnn—logz (H Plnry) > (5.8)

1=1
We make the (reasonable) simplifying assumption that the neighbors n; are indepen-

dent of the signal that constitutes the region r; for which they are neighbors. This allows

us to define the image labeling problem as follows:

'A grammar for overlapping regions could be developed using a similar model of local occlusion to
that employed in Chapter 4. We didn’t pursue an occlusion grammar because it has limited applicability
in high altitude aerial images.
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arg rlrl“f _logy <H P(hlz)(i()mlh)) (5.9)

i=1
Since P(n;) does not depend on [; we can ignore the denominator for the purpose of

finding an optimal labeling:

n
arg rlnn; ~loga P(Ls|rs) P(n;|l;) (5.10)

This divides the contribution of the knowledge from our two sources as P(l;|r;) the

optical model and P(n;|li) the picture linguage model.

5.3.2 Optical Model

We discuss specific optical models and their induction from the corpus in Chapter 6. Here
we formulate the nature of the optical model and the way in which it is represented.

A segmented region consists of a boundary shape and its inner collection of pixels.
These two pieces of information are what is available to the optical model since the
neighboring regions are covered in the picture language model. There are many ways
that we may go about recovering content information from a region. For example, we

may

1. compare the boundary shape against deformable models of outline shape learned
from the corpus (Cootes, Edwards, & Taylor 1998),

2. collect evidence of features such as patterns within the region that match templates

learned from the corpus and use the presence of such features to categorize the

regions,

3. compare textural representations of the regions contents against a database of

textures learned from the corpus (Cross & Jain 1983; Xie & Brady 1996), or

4. combine evidence from a variety of sources, such as the sources listed above, to

produce a composite description of the region’s contents (Ducksbury 1993).

Whatever means is used to arrive at a region content description, we wish to estimate
P(l;|r;). We represent this in the form of a mapping from the individual regions to a

mapping from the labels to a level of belief supported by the optical model as follows:

R = {< regiony, {< labely, confidence; > ...} > ...} (5.11)

where R represents the set of regions in the image. Each region r € R consists of a

region description and a set of pairs of interpretation and confidence of that interpretation
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given the evidence. The confidence of all interpretations for a given label must sum to

one.

Vr € R, Z confidence; = 1 (5.12)
1€r
The goal of our program was to mimic the interpretation of an aerial image as pro-

vided by our human expert. The human interpreter labeled the regions using a vocabu-

lary of symbols. For the SPOT images the following labels were used:

Industrial Residential Downtown Urban
Suburban Metro Town Field
Farmland Park Estate Private Airport
Commercial Airport Port River Sea

Lake Reservoir Beach Island

Swamp Frozen Rock Formation Forest

Cloud Shadow Unknown

The image corpora and associated labels are described in detail in Appendix A.

5.3.3 Picture Language Model

Below we develop the picture language model as a grammar for a patchwork of regions.
The grammar doesn’t deal with occlusion in a manner suitable for dealing with three
dimensional scenes for the reasons mentioned above. We do however implement a simple
form of occlusion which we refer to as “obscuration” to distinguish it from a general
occlusion model.

The simple obscuration model is necessary because unlike sentences in natural lan-
guage, visual scenes don’t have a beginning or an end. Visual scenes simply go on
forever. We can only parse the part that the sensor captures. The rest of the landscape
is obscured by the sensor itself (the image boundaries).

A picture grammar is a four-tuple < N, N, T, R > where N is a set of non-terminal
symbols, N'! is the starting symbol, T is the set of terminals, and R is a set of rules.
The terminal symbols are the labeled regions. The rules are context sensitive rules that
aggregate collections of contiguous regions into a larger complex contiguous region. The

general form of the rule is:

P(NT context — primary inclusions) =n (5.13)

where NT is the non-terminal symbol defined by the rule, context is the context in

which the rule occurs, primary is the possibly null primary region of the non-terminal,
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inclusions is a possibly empty sequence of included terminal and non-terminal symbols,
and n is the probability that this rule will be used to expand the non-terminal symbol
NT. For example a non-terminal LAKE in the context of a field where the lake contains

an island would be written as follows:

P(LAKE (field) — lake (island)) = 1.0 (5.14)

The uppercase “LAKE” is the name of the non-terminal and the lowercase “lake” is
the region labeled as a lake. The probability of 1.0 means that this is the only rule for
parsing the non-terminal “LAKE”.

Below we develop the meta-grammar for pictures based on regions.

Simple Non-Terminals

The segmentation program described in Chapter 4 represents segmented regions in such
a way that it is trivial to read off the neighboring regions and included regions of any

region in the segmented image.

Figure 5.3: Region with internal and external boundaries

Figure 5.3 depicts a stylized region. The region may have internal “holes” which are
themselves regions ([ ... I,) and may have one or more external neighbors (F ... Ey,).

In this case there is a single main region with included regions. The regions that
surround the main region are the “context”.

To be useful the picture meta-grammar should deal with the following two issucs:

1. The represcentation should be rotationally invariant. Since the image can be viewed

from any orientation (from the satellite or airplanc that took the picture) the
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representation should not impose a direction on the regions.

2. The representation should be able to handle obscuration. There are two important
forms of obscuration that must be addressed in the context of aerial imagery. The
first is the image boundary issue described above. The second form of obscuration

comes from fog and cloud.

The external neighbors of a region can be described by reading them off from the
region boundary. Since the boundary is connected, there is no start or end point. Our
original formulation of a patchwork grammar involved reading the neighbors off in clock-
wise order. This made it possible to distinguish cases where order of neighbors was
significant. In our data there were no cases where clockwise ordering was significant, so
the order of matching only had the effect of doubling the number of rules and putting a
greater burden on smoothing, both of which make matching more expensive.

It seems unlikely for aerial images that clockwise versus anti-clockwise ordering would
ever be useful so we ended up making clockwise/anti-clockwise ordering of neighbors
irrelevant. Region order could be useful if we wanted to perceive handedness at the
syntactical level as a form of constraint satisfaction (Waltz 1975). The advantages of
things like handedness are likely to be of more use when extending this work to parsing
3D scenes such as might result from segmenting images from a mobile robot.

The rule for the region depicted in figure 5.3 is:
P(EXAMPLE]. (E1 E2 E3 E4 RN En) — regionl (11 12 e In)) =n (515)

where “EXAMPLE]” is the nonterminal defined by the rule and “regionl” is the

main region (represegted by the large circle).

Structured regions

Figure 5.4 shows an important special case of syntactic category, in which the internal
neighbors occupy all of the pixels of the region.

There are two important consequences of this kind of structure. The first is that
the non-terminal becomes purely syntactic since there are no pixels that support the
region from the optical model. The second is that the external border of the region is
not simply read off from the segmentation boundaries as in the simpler case but must
be constructed from the boundaries of adjacent regions. There are internediate cases in
which some but not all of the internal regions touch external regions directly.

Structured regions are formed by collections of adjacent regions. To the extent that
a city often consists of an urban arca, a suburban area, and a river, the collection of

such things forms a grammatical rule for “city”. At this point our meta-grammar looks
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regions (above and below). The external regions are “farmland” and “industrial” (small

region to the right). The rule for this is represented as follows:

P(CITY (farmland industrial) — () urban suburban suburban)) =n (5.16)

This structured non-terminal would be a simple non-terminal if the urban region
didn’t cut the suburban regions into two parts. If the suburban region completely sur-

rounded the urban region center the non-terminal would be represented as follows:

P(CITY (farmland industrial) — suburban (urban)) =n (5.17)

Internal regions occur within the two dimensional constraints of the primary. No

obvious ordering is available for internal neighbors so order is unimportant.

Obscured regions

Any region that has a cloud or image boundary as a neighbor is considered to be an
obscured region.
Figure 5.6 depicts the region obscuration caused by image boundary or cloud cover.

Obscured regions can affect the patchwork parsine problem in two wavs:

Figure 5.6: Partially Obscured Region

1. The obscuring boundary or cloud may keep hidden the region being hand parsed

for inclusion in the image bank.

2. The obscuring boundary or cloud may keep hidden the region that is being parsed.
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The first of these affects the rules that can be induced from a hand parsed corpus of
images, while the second affects our ability to apply parse rules to regions that fall on
the edge of an image or partially obscured by cloud cover.

One approach to this problem is to disallow regions that are obscured by clouds or
image boundaries from participating in the parse either as a source of parse rules or as
components of a successful parse. Unfortunately such a restriction is too limiting since
in many cases the objects of interest are partially obscured in such a way; and some
objects are usually obscured by virtue of their spatial extent. Rivers and highways for
example typically have at least one image boundary.

Obscuring boundaries are essentially wildcards for the sequence of boundaries that
would replace them if the object of obscuration was removed. This is almost symmetrical
to the situation in which we have a neighboring region about which we have no knowledge.

We expect image parsing to provide a probabilistic context that helps to constrain
what the unidentified region might contain. For example, when we see a lake with fields
in front of it but obscured at the back by the image edge, we expect that the next frame
(which exposes what is now hidden) will reveal more fields beyond the lake because that

supports the most probable parse.
The picture meta-grammar contains the special symbol “*” to denote an obscured

boundary. We would represent the rule for Figure 5.6 as follows:

P(EXAMPLE2 (x E» E3 E4...E,) — regionl (x...I,)) =n (5.18)

All regions with an obscuring boundary have an internal wildcard because there may

be internal regions in the obscured part of the region.

Grammar Induction

Figure 5.7 depicts an image divided into nine regions that have been labeled as lake,
field, road, river, town, and swamp. We use this synthetic example first to illustrate

parse rule induction and then to illustrate the parsing of the image using the rules.

P(FIELD(road *) — field(lake *)) = 0.333

P(FIELD(* road town river) — field(*)) = 0.333

P(FIELD(* river swamp) — field(*)) = 0.333

P(SWAMP(* field river) — swamp(*)) = 0.5

P(SWAMP((* river town road) — swamp(*)) = 0.5

P(RIVER(* field town swamp) — swamp(*)) = 1.0
P(TOWN(field road swamp river) — town()) =
P(LAKE(ficld) — lake()) =
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\

Figure 5.7: A segmented image

Fields2
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The probabilities are calculated by taking all rules with a matching non-terminal and
distributing the total probability according to the frequency. In the example given, only a
single image has been used to generate the rules and probabilities; but with a reasonable
sized image bank, many rules would occur multiple times. These probabilities are the
probabilities that, given the non-terminal the context and inclusions will correspond to
the internal and external neighbors of the region.

Figure 5.8 shows an image that has been annotated as part of the color corpus. The

rule induction software automatically extracts the following rules from the image:

("S-UK-23-KINGS-C-2.tif"
(R666 (R20) (D)

(R666 (R3 R20) ())

(R3 (R4 R20 R666 *) (*))

(R4 (R10 R3 R20 *) (%))

(R4 (R10 R20 *) (%))

(R3 (R10 R20) ())

(R3 (R20) ())

(R3 (R10 R20 *) (*))

(R31 (R10 R20 *) (%))

(R18 (R10) ())

(R10 (R31 R3 R20 R4 *) (R18 x))
(R20 (R666 R10 R31 %) (*)))

The key to the region types is given in Appendix A. The above is a compact repre-

sentation of the following rules:
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Usually a much larger collection of rules drawn from a large corpus would be used to

compute the probabilities.

Smoothing

Parsers that depend upon parse rules and probabilities derived from a corpus run a
risk when interpreting a novel image: a rule may be needed that was not in the image
bank. To avoid having the parse simply fail, various techniques are used to estimate
probabilities for the missing items. For example, in part-of-speech tagging of natural
language, words that have never been seen before may be encountered. To deal with
this, tricks like looking at the word endings can be used to guess the part of speech that
is appropriate for the word. This kind of heuristic method for missing words or rules is
known as smoothing.

We now turn our attention to smoothing for missing patchwork parse rules. The
parse rule structure that we have defined for patchwork images allows quite complex
rules to be generated from an image bank. The likelihood that a particular rule will
be missing from our rule bank is therefore quite high. We need a way of dealing with
image structure that comes close to matching a rule but which doesn’t actually match
any particular rule in the grammar.

The seriousness of the problem is evident by looking at what percentage of the rules
are missing in the test set when trained on the training set?. Using the color corpus
we find that approximately 50% of the rules required to parse the test set are missing.
Without smoothing then, we would not be able to parse the test set.

In smoothing, we wish to assign a non-zero probability to missing rules. This proba-
bility must be low enough not to interfere with parses that use rules found in the corpus
but still be above zero in order for the parse to succeed. If smoothing is used very in-
frequently it may be acceptable simply to assign an extremely small probability to the
smoothed element. Generally a statistical parser will perform better if the probabilities
used are approximately correct. In view of this we construct a smoothing lattice to
provide smoothing for missing rules. Smoothing is a very important part of any statis-
tical parser. Performance of statistical parsers is highly dependent upon how good the
smoothing algorithm is.

So far we have considered collecting the rules by non-terminal type, counting occur-
rences of the rules, and assigning probabilities to the rules so that they sum to 1. We
still require that the probabilities of the rules sum to 1, but this must now include all
missing rules that may be added by smoothing.

Consider the rule for town from our example:

?The color corpus of 105 images was arbitrarily divided into a training set of 94 images and a test set
of 11 images. The training set of 94 images was used to induce the grammar and learn optical models
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P(TOWN (field road swamp river) — town ()) = 1.0 (5.21)

The set of neighbors (field road swamp river) can be viewed as a proposition about
the neighbors of the region town. If © is the set of all possible sets of neighbors of the
region town, there are 2 propositions that we can make about the neighbors of town.
For example, if town could be surrounded by a road or a field © = {road field}, the set
of possibilities for the neighbors of town ©® would be {0 {road} {field} {road field}}.
We can represent our belief in each of the possible neighborhoods of a region with a

belief function.

Bel(0) =0

Bel(©) =1 (522)

Belief in certain propositions can be estimated by the frequency they occur in the
corpus. This approach of viewing propositions as sets in reasoning about probability
was developed by Dempster and Shafer (Shafer 1976) and provides a way of generating
plausible probability estimates for possible rules that have not been encountered in the
corpus. If you want to find a rule with neighbors (road river) for example, all propositions
in © that contain (road river) could be found and accumulated to produce the total
support for that missing rule.

The smoothing lattice described below uses the problem definition to arrive auto-
matically at the set © and then arranges the proposition into a lattice so that the Shafer
rules of evidence can be calculated straightforwardly by propagating instances from the
corpus through the lattice and then counting the number of times a node is visited.

Consider ways that the similar rules may vary from a rule with neighbors (field road

swamp river):

1. All of the fields can be specified in the rule but additionally have one or more

neighbors.

2. One or more of the required neighbors may be missing.

We can hypothesize rules using wildcards to deal with these cases as follows:
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TOWN(field road swamp river *) — town()
TOWN(field road swamp river) — town()
TOWN(field road swamp *) — town()
TOWN(field road river *) — town()
TOWN (field swamp river *) — town()
TOWN(road swamp river *) — town()
TOWN(field road *) — town()
TOWN(field swamp *) — town()
TOWN(field river *) — town() (5.23)
TOWN (road swamp *) — town()
TOWN(road river *) — town()

TOWN(field *) — town()
TOWN(road *) — town()
TOWN (river *) — town()
TOWN (swamp *) — town()

(

(

(

(

TOWN (swamp river *) — town()
(

(

(

(

TOWN(*) — town()

Whenever a rule is read from the corpus, the lattice for the rule is added into the ex-
isting lattice and all nodes visited by the rule have their frequency incremented. Imagine

that we encounter the following rule for town in our corpus as follows:

TOWN(field road swamp river) — town() (5.24)

We can represent this as a lattice as shown in Figure 5.9.

We now must assign probabilities to each of the rules of the lattice in such a way that
they sum to 1. We can no longer use the frequency counts the way that we did before
because that way the top rule containing just (*) would be the most probable rule.

At each node in the lattice, we can think of the node representing a family of related
rules. We consider just the external neighbors in this explanation; but the idea extends

trivially to the internal neighbors as well.

Consider the node containing the rule with external neighbors (Ficld River *). This

can be expanded as follows:

1. (Field River Road), (Ficld River Swamp), etc. Completely specify cach rule.
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(*) Top=1

TN

(Field *)=1 (Road *)=1 (Swamp *)=1 (River *)=1

(Field Road *)=1 (Field Swamp *)=1 (Field River *)=1 (Road Swamp *)=1 (Road River *)=1 (Swamp River *)=1

N o= </

(Field Road Swamp *)=1  (Field Swamp River *)=1  (Field Road River *)=1  (Road Swamp River *)=1

PR e

(Field Road Swamp River)=1

() Bottom=0

Figure 5.9: Smoothing Lattice for (field road swamp river)

2. (Field River ;) All regions contain Field, River and one other region of any kind

(other than Field or River).

3. (Field River x9) All regions contain Field, River and two other different regions of

any kind except Field or River.

4. Finally, (Field River *) is the parent of all of the (Field River ;) ... (Field River

%y, ) rules.

If there are n region types defined in our corpus, we know that *; can match "~2C,
different region types. *; can match "2Cj regions etc. Completely specified rules
(without wildcards) such as (Field River Road) can only match one arrangement of

regions. (Field River *) can match as many configurations as:

n—2

Pk (5.25)

=1
The smoothing lattice shown in Figure 5.9 therefore needs to be elaborated further in
order to support calculation of smoothed probabilities. Each node containing a wildcard

*. For example, the node for

must be elaborated to include the tree of expansions for
(Road *) needs to be replaced with the sub-tree shown in Figure 5.10. Of course this
can be compactly represented at the unelaborated nodes by keeping track of the number

of regions that each corpus wildcard matches against.
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(Road *)

— N

(Road) (Road *)) (Road *,) (Road *))

Figure 5.10: Expansion for nodes with wildcards

In this way we can uniquely define the number of different matches available for a
rule. Rules without wildcards can match precisely one rule, whereas rules with a wildcard
can match a larger number of possibilities as defined above. All of the rules of the lattice
must sum to 1. The probability of any rule in the lattice is the number that is collected
at the node as cases found in the corpus divided by the number of patterns that the
node can match. Finally all nodes are divided by the sum of all of the nodes so that the
sum of all of the rules comes to 1.

This formulation of the probabilities of nodes in a lattice of rules provides probabilities
for rules that have not been evidenced by the corpus but which satisfy the following

properties:

1. If there are n rules in the lattice that match a given pattern of neighbors, the most

specific rule will have the highest probability assignment.

2. A rule that has been encountered in the corpus will always have a higher probability
assignment than a rule that matches the same pattern and has been smoothed. This

follows directly from (1).

3. If there are n rules in the lattice that match a given pattern and if the n matching
rules are grouped by specificity, all rules in the group of level n specificity will have
a higher probability assignment than all rules in the next lower group; and they

will all have a lower probability than all of the rules at the next higher level.

These smoothing rules allow us to parse any image by giving uncited rules a low
probability while retaining the crucial property that rules derived from the corpus are

more representative of the images that will be encountered.

5.3.4 Parsing an image using rules extracted from an image bank

The parsc of the image in Figure 5.7 consists of the image as the root node and the

unordered list of its constituent parts. Parts with nested constituents produce a tree

structure.
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Fields1
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Figure 5.11: An example parse

Figure 5.11 shows the result of parsing the image in Figure 5.7. While the structure
is determined by the initial region layout, the application of parse rules and hence the
labeling of the regions is not. In the foregoing we examine algorithms for computing

probable image labelings and the parse tree.

5.4 Algorithms for Patchwork Parsing

It is here that we part company with much of the work on speech recognition. In
spoken or written natural language the sequence of words can be viewed as a left-to-
right or right-to-left linear sequence that can conveniently be viewed as a hidden Markov
model (HMM) (Bahl, Jelinek, & Mercer 1983). The more interesting natural language
grammars do not yield to the efficient algorithms and neither does the context sensitive
grammar described above. Below we describe the straightforward algorithm because of

its clarity and then describe how the parser can fit into the Monte-Carlo infrastructure

of the GRAVA architecture.

Network Traversal Algorithm

Finding the best parse of the image using the context-sensitive grammar described above

must achieve the following:
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1. Every region of the image must be accounted for in the parse.

2. Every region of the image must be assigned to the right hand side of one and only

one rule (either primary or included).
3. Context constraints must be observed for all rules used in the parse.

4. A region must be interpreted as the same kind of region for all rules in which it

participates.

5. Of all the possible parses of the image the one with greatest probability must be
selected (Equation 5.10).

Included regions usually occur within a surrounding region. Structured regions must
still be parsed in a conventional sense but the majority of structure comes for free from
the segmentation. Despite the “free” structure that comes from embedded regions in the
segmentation, the parsing problem is computationally expensive.

Each terminal region must appear exactly once in the resulting parse. The probability
of the parse, which is the product of all the component rules and optical interpretations
in the resulting description, can be computed incrementally. By taking the regions in
arbitrary order, and at each region inserting the region into the parse structure, when
the last region has been added the resulting parse is a legal parse of the scene. If this was
done depth first it would find the parses in arbitrary order and we would have to find
them all before we could determine which was the best parse. We can find the parses in
best first order by performing the parse breadth first. In terms of MDL the description

lengths of the components of the parse can be computed as:

—logg(P(li|ri)P(ni|l¢)) (526)

The parse state is represented by a list of 3-tuples of the form:
< bindingList, partial Parse,descriptionLength > (5.27)

The parse state list is sorted in ascending order of description length (most probable
first).

The first element of the three-tuple is a region identification binding list (bindingList).
The binding list is initially empty but as commitments are made as to the identification
of regions the pair < region;,label; > are added to the binding list. At the end of the
parse every region will have precisely one binding in the binding list.

The second element is the path of terminals or non-terminals not yet included in the

parse (partialParse). The path is represented as a list. At first the list is initialized to
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the list of all regions in the segmented image. At the end of the parse the list consists
of the parse of a single non-terminal (N!) which is the parse tree for the entire image.

The third element is the cumulative description length of the partial parse (partial-
Parse). The starting description length is 0.0 since nothing has been described yet. As
uninterpreted regions in the partial parse list are replaced by non-terminals the descrip-
tion length is increased by the amount computed in equation 5.26.

In order to find the parses in the order of most probable first, we employ a pseudo
parallel algorithm. The parse begins by setting the parse state list to a list of a single

starting three-tuple as follows:

(< (), (Ri...Ry),0.0 >) (5.28)

At each point in the parse the partial parse is extended by taking the parse that
currently has the shortest description length (by popping it from the pre-sorted parse
state list) and replacing it by taking the first element of the remaining path and finding
all possible partial parses for that path.

This is implemented by the following algorithm.

1. Initialize the parser-state-list:

parseStateList + (< (), (Ry ... Ry),0.0 >) (5.29)

2. Exit the parse if the partial parse list is empty (there are no more parses). Other-

wise pop the best partial parse from the parse state list:
mainloop :
if empty(parseStateList) exit() (5.30)
else bestParse «+ POP(parseStateList)

3. If the partial parse of the best parse contains a single nonterminal that matches the
starting symbol N!, emit the parse and continue back to "mainloop”. Otherwise

pop the next element of the partial parse list:

if (isParseOf(N', first(bestParse.partial Parse))) emit(bestParse) (5.31)
5.31
else nextElement < POP(bestParse.partial Parse)

4. If the nextElement is an uninterpreted region find all interpretations of the region

supported by the optical evidence.
if uninterpretedRegion(next Element)
candidates « candidateLabel List(optical Evidence(neat Element))  (5.32)

else candidates — nextElement
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5. Find all rules that are applicable to the current candidates. Rule matching involves:
for every candidate interpretation finding all rules that have “candidate” as the
primary (simple rules) and all rules that have a null primary and “candidate” as
one of the inclusions (structured rules). For each rule found check that all of the
context (external boundaries) match. Check also that all included regions match.
Matching can involve binding previously unbound regions. Finally description
lengths are calculated for the rule and for the candidate interpretation of the region,
a new partial parse state is constructed, and a new binding list is constructed that
contains any regions bound by the match. The rule, candidate, binding list, partial
parse, and the description lengths are gathered up into a structure and returned
from the rule matching procedure. Rules that fail to match are not included in the

matching rules list.

rules < findAllMatchingRules(candidates) (5.33)

6. For each matching rule compute the new description length and add a new three-
tuple to the parse state list at the place that maintains ascending order of descrip-

tion length.
for each rule in rules do
currentDL <+ bestParse.descriptionLength
ruleDL + rule.descriptionLength
labDL + rule.candidate.descriptionLength
newDL < currentDL + ruleDL + labDL
newTuple + makeTuple(rule.bindings, rule.newPartial Parse,newDL))

parseStateList < addCandidateInSequence(parseStateList, newTuple)
(5.34)

7. Go to "mainloop” (step 2).

Since the parse with the minimum description length is extended at each iteration,
the first parse to have reached the end of the path and come to the head of the partial
parse list is the most probable (MDL) parse. By continuing to iterate, all legal parses
are generated in ascending order of description length.

Although this algorithm is the most obvious and works well for small numbers of
regions its cost is too high to be practical.

If there arc on average ! valid labelings for a region and r rules that expand cach
labeling, the tree of parse possibilitics grows at cach node by a factor of Ir, so that for an

image consisting of » regions, there are Ir™ parses. Many of these parses are not legal,
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but the cost of the algorithm to find all parses in order is k"; and for realistic values of
k and n this is unmanageable.
Running this algorithm on the synthetic test example in Figure 5.7 with fields2, river,

swampl, and swamp2 removed yields the following result.

> (parseImageNS *5-regions* *rules* *region-optical-evidencex)
(((im . imagel) (11 . lake) (f1 . field) (tn . town) (rd . road)
(£3 . field)) {the ParseTree 27845} 9.6298)

The output of the first parse from the parser is the three-tuple implemented as lists.
The first part is the binding list that shows that the correct region assignments have
been made. The second part is the parse tree and finally the cumulative description
length for the parse.

The parser has correctly identified the most probable parse and labeled all regions
correctly. Unfortunately running this algorithm with all nine regions fails to terminate
in reasonable time. If we had a realistic sized corpus with a large set of rules and an
image with a realistic number of regions it would not produce a result in reasonable time.

Images in the SPOT satellite corpus (see Appendix A) have an average of 18 regions;
and the MassGIS images have an average of 97 regions, making the network search parse
algorithm infeasible. If we relax our requirements for the parse slightly, however, we can
achieve a good parse quickly. Below we modify the parse algorithm to find good parses

by random sampling using the GRAVA MDL agent architecture.

Implementing the Parser as GRAVA Agents

By relaxing our requirements we are able to recast the parse algorithm within the MDL
agent architecture outlined in Chapter 3 and let the Monte-Carlo search algorithm find
approximations to the best parse. The algorithm (below) is similar to the one given
above but instead of searching in a breadth first manner in order to find the MDL parse
first, the algorithm picks rules and region interpretations randomly in proportion to the
probability of those rules and the probability of the region interpretations reported by
the optical model. When a complete parse has been selected at random in this way it
is not guaranteed to be the most probable parse; but if the sequence is repeated often
enough, the most probable parse will be generated more often than less probable parses.
In this way the most probable parse can be approximated to an arbitrary accuracy by
repeatedly generating more legal parses.

Unlike the network scarch algorithin that extended all paths in parallel in order to
find the best path first (breadth first), the Monte-Carlo parser secks a correct parse with
a depth first scarch. At each branch point in the scarch it chooses randomly and finally

returns the first parse that succeeds. Because the random choices are weighted by the
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probabilities of the rules, more likely parses will occur more frequently than less probable
parses. Every time the code is run, a new sample (legal parse) is computed and saved.
The best current parse is then selected and returned.

We implement the parser using GRAVA agents. Each grammar rule is instantiated
as an agent. The statistical patchwork parser agent has a parse rule that it applies to
the segmented image. Each rule of the grammar is implemented as a separate model.

The structure of the PWGrammar model (shown below) mirrors the structure of a rule
(5.13).

;33 Model for patchwork grammatical rule.
(defineClass PWGrammar (Model)
((nonterminal) ; Nonterminal name
(context) ; External regioms.
(primary) ; Primary region--or NIL
(included) ; Included regions.
(descriptionLength) ; -log2(P(this rule|NT))
(occurrences)) ; frequency in corpus.
documentation "Model for a grammar rule")

The result of a successful application is a parse tree structure:

(defineClass ParseTree (DescriptionElement)
(...(rule) (region) (inclusions)))

The parser agent implements the “fit” method by fitting a grammar rule to the

segmented image.

(defineClass StatisticalPatchworkParser (Agent) ...)

(define (fit StatisticalPatchworkParser|ag data)
;3 Described below

o)

The StatisticalPatchworkParser agent is part of the ImageParserLayer:

(defineClass ImageParserLayer (Layer)
((parseStateList) ...))

The layer interpreter applies the parser agents to the segmented image and resamples
as necessary. The layer interpreter manages the parser state list which as before is

mitialized to:

parseStateList +— (< (), (Ry...Ry),0.0 >) (5.35)

Figure 5.12 shows a schematic view of the ImageParserLayer. The layer interpreter

maintains the partial parse state and the binding list and sequences the components of the
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The interpreter maintains the “best” parse and updates it whenever a sample pro-
duces a parse with a smaller description length.
Running this algorithm on the full nine region test case to produce a single sample

yields the following results:

> (run-layer *parselLayer* *all-regions* *rulesx* *region-optical-evidencex)
(((11 . lake) (f1 . field) (im . imagel) (rd . river)

(s2 . swamp) (£3 . road)

(tn . town) (f2 . river) (rv . field) (sl . town))

{the ParseTree 32471} 27.8244)

After a single iteration the generated parse contains five incorrect labelings out of
9. F3, a field has been incorrectly labeled as a road; RD, a road, has been incorrectly
labeled as a river; F2, a field, has been incorrectly labeled as a river; RV, a river, has
been incorrectly labeled as a field; and S1, a swamp, has been incorrectly labeled as a
town. A further 100 iterations, however, improves matters considerably.
> (dotimes (i 100 (show-result)) (resample *parseLayerx*))
(((11 . lake) (im . imagel) (s2 . swamp) (f1 . field) (xrd . road)

(tn . town) (£f3 . field) (rv . river) (sl . swamp) (f2 . town))
{the ParseTree 29125} 19.3325)

The description length of the best parse has decreased from 27.8244 to 19.3325 and
there is now only one labeling error (out of nine regions)-field2 has been incorrectly
labeled as a town. A further 100 iterations yields the following:
> (dotimes (i 100 (show-result)) (resample *parseLayerx*))

(((£2 . field) (s2 . swamp) (im . imagel) (f1 . field) (11 . lake)

(s1 . swamp) (rv . river) (rd . road) (tn . town) (£f3 . field))
{the ParseTree 31473} 18.6531)

All regions have been labeled correctly; and the description length has been further
reduced to 18.6531. Since the parses are selected randomly, the same problem would
have different convergence characteristics if parsed again. In this example we know in
advance what the correct labeling is and what the best parse is. In general we cannot
know if the best parse has been found. Knowing the correct answer allows us in this case
to measure the number of errors and description length at each iteration.

Figure 5.13 (left) shows the average description length based on 100 runs. The right
figure similarly shows the average number of parse errors basced on 100 runs. Together
they show the average convergence characteristics for this example over the first 201
iterations.

This is not the only image that we have parsed. We have parsed many images. This
1s a typical result.

The Monte-Carlo parse algorithm has a number of benefits and failings.
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We cannot know in advance how many iterations may be needed in order to get an
adequately good parse; however, we can compute the standard error dynamically and
continue until it drops below some threshold e.

Traditionally Monte-Carlo methods estimate a PDF by counting occurrences of sam-
ples taken at random. In our usage we are not interested in the complete PDF. We are
interested only in the most probable result. Since we have description length estimates
for all solutions that are sampled it is not strictly necessary to produce enough parses
so that we can choose the parse that occurs the most often. Once a parse has been
generated we can simply compare its description length against the previous best. This
leads to the optimization where the parses can be stored in order of description length

rather than in order of frequency.

5.5 Conclusion

There are many parallels between speech/language interpretation and image interpreta-
tion. The signal processing, aspects of image interpretation are much more challenging
than for speech processing so a significant emphasis has been directed towards low level
processing aspects of image analysis. Semantic issues have lagged as a result. It seems
likely that many of the approaches to semantics taken by language and speech researchers
may be adaptable to use in image interpretation.

Statistical approaches to language and speech understanding have been very suc-
cessful in recent years. These techniques offer a straightforward approach to semantics
(selecting the most likely parse tree) and appear to provide levels of competence close
to that of humans for appropriately selected corpora.

We have demonstrated how ideas of statistical parsing can be applied to the parsing of
images consisting of patchworks of regions. This approach provides for the mobilization
of contextual information and provides a form of filter fusion insofar as contributions
from adjacent regions are fused to yield the most probable interpretation. The grammar
rules model the relationship between regions that is ignored in segmentation algorithms
like region competition.

One of the exciting aspects of the work in natural language has been that, by au-
tomatically inducing the parse rules from a hand parsed corpus, the grammar can be
taken from the corpus rather than by being specified a-priori. This allows the human
parsers of the corpus to communicate the grammar implicitly in the way that they parse
the corpus.

Since it is our goal to build systems that can interpret images with performance
approaching that of human expert photo interpreters, we arc concerned with the issues

of how to access and represent that human expertise. Knowledge acquisition has been
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a major problem in expert system development. The approach taken here allows expert
photo-interpreters to annotate a corpus of images and for their expert knowledge to
be acquired by the system by extracting the rules and the frequencies from the corpus
automatically.

Performance is an issue for any interpretation system. We would like to be able
to interpret images and sequences of images rapidly enough to compete with human
experts. The search space for parsing real images is huge. Taking rules from a realistic
corpus can yield a large collection of rules and the number of segments on a good quality
image can also be very large. Consequently brute force parsing of the form described in
the network search parser is not realistic.

We have shown, however, how approximate methods can address this issue. In par-
ticular we have shown a Monte-Carlo based parser that can parse complex images with
a large number of rules with acceptable performance. We cannot ever be sure that we
have the best overall parse on an image; but we can get an initial parse very quickly
and can subsequently improve the quality of the parse arbitrarily by extending the parse
time.

Our approach to smoothing provides good estimates for probabilities that cannot be
directly found in the corpus, so that our parser can perform well even when a relatively
low percentage of the rules needed to parse an image are actually available in the corpus.
Rather than failing to parse an image because of missing rules, we successfully parse the
image with a smoothed rule.

It is not difficult to extend the parser to learn new rules. We did not try this due
to time limitations but the idea is straightforward. Once a parse has been accepted by
the consumer of the parse (no more samples will be taken for the current image), any
“smoothed” rules that were used in the parse must be considered good rules because they
have been encountered in a real image. The smoothed rules can therefore be explicitly
added to the grammar in the same way as the rules extracted from the corpus were
added. Thereafter the rule is a first class rule with a higher probability than it had
when it was a smoothed rule. Additionally each rule used in a successful parse can be
added to the smoothing lattice again. It will not add any new rules since they were
already explicitly entered in the grammar but the probabilities will be updated to reflect
the visitation of the rule. In these two ways the grammar can continue to grow as the
program experiences new images. The Jayer would need to have “accept” added to the
protocol to support this kind of dynamic language learning.

By inspecting the regions of the parse result we can determine how much the parser
belicves the label assignment as well as what rule was responsible for the assignment. If
the average amount of smoothing necessary to parse an image increases, those parts of

the image responsible (locally) for the (globally) poor parse probability can be examined
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and used to suggest adjustments to the evidence generation and segmentation framework
that may improve the parse performance.

We have demonstrated two parse algorithms on synthetic data. In chapter 6 we
develop the mechanism necessary to extract optical models and contexts from the corpus

which allows us finally to segment and parse real images.



Chapter 6

Interpreting & Clustering the
Corpora

6.1 Introduction

In the preceding chapters we have seen several interpretation problems solved with
GRAVA implementations. A GRAVA program solves interpretation problems by hav-
ing agents fit models to the data and by using an MDL criterion to choose between
competing models.

The statistical models of language described in Chapter 5 depend upon a corpus to
provide the language grammar, the frequency of use of the individual grammar rules,
and other frequency information such as word frequency and frequency of part-of-speech
sequences. Our system has similar needs, from collecting outline sequences for the base
segmenter, to inducing picture grammars for the parser.

The requirements of the parser described in Chapter 5 can be divided into two main
categories: optical interpretation models that label the region based upon the region’s
shape and contents; and picture language models.

The goal of the system described in this thesis is to imitate human performance in
the task of segmenting, parsing, and labeling aerial images. More specifically, the goal of
interpreting the corpus described in this chapter is, as with the other interpretation prob-
lems described in this thesis, to build a structural description suitable for the consumer
of the description. In this case the consumer of the description is the program synthe-
sis system described in Chapter 7. The program synthesis system constructs GRAVA
programs, which consist of agents and models, from the description (which we call the
specifications). The key idea is that if the specifications accurately describe the behavior
of the human expert, and the program is generated from the specifications, then the
resulting behavior of the system should imitate the human expert.

Corpus interpretation provides a key link between the MDL agent part of the GRAVA
architecture described in Chapter 3, and the self-adaptive extension to it described in

Chapter 7, as the models that are induced serve both picces of mechanism.
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Figure 6.2: Path of a Self Adaptive Program

number, the probability of a word being one of the digits is much greater than it is in
other contexts. The main reason for this practice in natural language is that when the
vocabulary and the set of parse rules become too large, the HMM methods, that are
frequently used in speech processing, become unwieldy. It is also useful, and perhaps
necessary, to have such contexts in order to provide enough constraint to make sense of
what is often a very noisy signal.

We also note from studies of human perception that we always interpret images within
a context that defines our prior expectations about what we expect to see. Psychologists
call this “priming”.This reaches an extreme form in the case of model-based image anal-
ysis, in which programs “hallucinate” (Clowes 1971) one of a small set of models onto
images. Typically, the human programmer defines the “context” by providing a-priori
the (small) set of models that can be hallucinated.

The need for contexts to manage the diversity of the world is no less important
for image understanding. AI has long understood the importance of contexts. In 1975
Minsky introduced the notion of frames (Minsky 1975) which was essentially an approach
to contexts. Frames have been used extensively in Al research, especially for natural

language. Riseman’s Schemas (Draper et al. 1988) was a similar idea specifically for
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Computer Vision.

Different image types are comprised of different kinds of regions, different colors and
textures, and different parse rules. Rather than making one huge grammar that includes
all textures and region types, it is better to have grammars, and optical models tailored
to the context because tailored contexts provide greater accuracy and constraint.

A premise of the self-adaptive approach is that it should be possible, at runtime,
to synthesize context specific systems, to determine the need to change context and to
self-adapt the program so that the correct context is applied to the image that is being
interpreted.

Contexts occur for a variety of reasons, at different levels of processing, and in dif-
ferent parts of the corpus. Given a set of images it is generally not possible to divide
the images into separate piles with each pile representing a different context. Contexts
for different aspects of the problem can be composed in a variety of ways. The explo-
sion of possible combinations of contexts is one reason why the self-adaptive approach
is attractive. That is, rather than generating all possible combinations of contexts in
advance—and then having a “big switch” to choose which to use—it is better to generate
the particular combination of contexts on demand.

'To better understand the idea of contexts, consider the case of optical model contexts
and language model contexts.

Figure 6.3 shows four multi-spectral color SPOT images from the color corpus! that
demonstrate different contexts. Images (1) and (2) are similar in content (mostly farm-
land and small towns) but the colors and textures of the regions are very different. In
fact, the images are taken under different imaging conditions. In the case of these two
images, the major difference is with the optical models, since, grammatically, the two
are rather similar. In images (3) and (4) the nature of the terrain is very different.
Image (3) shows part of a major city whereas image (4) shows a rural setting with only
small villages. The grammar that is suitable for parsing images 3 and 4 is quite differ-
ent. Attempting to interpret any of these images with the wrong collection of optical
or grammatical models may be expected produce a poor result especially since, as we
explained in Chapters 4 and 5, knowledge weak segmentation algorithms often give poor
results. In this case, the reason for the differences between image (1) and image (2) were
changes in the SPOT? technology used to image them.

Separating contexts in this way suggests (for example) that grammar learned using
one sensor implementation may be usable even when the sensor technology is changed,
so long as new optical models are available for the new sensor. One of our original goals

was to be able to build vision systems that continue to work well despite changes in the

'The corpora are described in Appendix A
*The SPOT satellite imaging technology is described briefly in Appendix A.
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the data rather than designing them manually.

In this chapter, we outline a description of the corpora suitable for serving the needs of
the segmenter and parser, and which is suitable to serve as a specification for the program
synthesizer described in Chapter 7. This chapter deals with what would usually be
considered training. Our approach to the corpora, in line with the view taken throughout
the thesis, is that the corpora is interpreted, that the MDL description is best for this
purpose, and that the description is formed by fitting models to the data.

This chapter is organized as follows. Section 6.2 provides a discussion of related
prior work. Section 6.3 describes a novel MDL clustering algorithm that supports the
description of the corpus as models and provides a reasoned approach to measuring the
comparative fit of a model. Section 6.4 develops the optical meta-models used for the

color corpus. Section 6.5 develops the language meta-models.

6.2 Prior Work

In this thesis we attempt to mimic human performance in interpretation of aerial images.
The idea of imitating human performance is not new. The basic idea underlies the work
on statistical language learning already described in Chapter 5. The idea of imitation
learning is also of interest to roboticists. Training a robot to perform actions can be
a difficult and tedious task. A natural form of interaction with a robot is to teach the
robot what to do by example. Approaches to training robots to perform actions can be

roughly categorized into:
1. Learning by being explicitly programmed—programmed learning;
2. Learning by giving rewards and penalties—reinforcement learning; and
3. Learning by example—imitative learning.

The benefits in any of these tasks, whether it be training a robot motion controller

or learning a language, can be summarized as follows:

1. Explicit programming is a complex task that is both expensive and error prone. It
is certainly not a user level activity—and thus not suitable for many applications. It
is also hard to get right. Manually producing the correct grammar for a language is
an error prone activity. The approaches to language learning outlined in Chapter
5 have the advantage that the grammar matches the actual usage rather than

someone’s interpretation of what the grammar ought to be.

For example, it has been found that specific sets of sentences forming a corpus such

as the Wall street journal and children’s books have very specific—and different—

graminars.
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2. Reinforcement learning is a time consuming activity. For certain scenarios it can
be dangerous. A mobile robot, for example, might damage itself in the process of

reinforcement learning before the skill is learned.

3. Imitative learning has the advantage that learning can be fast, can accurately reflect
the real world, and can be safer than other methods. In imitative learning the
learner “interprets” what it sees and then produces a plan to duplicate the behavior
based on its own capabilities. Out of the three approaches, imitative learning is
the only one in which the learning system, in some sense, knows what it is doing.
In explicit programming, the programmer knows what is being programmed but
the robot merely executes the program—without understanding. In reinforcement
learning the learner knows that some things are good, and others bad, but has no
idea why—other than experience from training—and has no notion of what it is
doing. By contrast, imitative learning involves internalizing, through observation,
a semantic model of behavior that the learner must mobilize into a plan of action.
In the sense that the learner has such an internalized plan of action it knows what

it is doing.

Imitative learning belongs to a general approach known as behavior-based methods.
As with much work in A.lL. the behavior-based approach draws upon human experience.
Humans can and do learn by imitation and so it seems natural as a way of interacting
with certain kinds of intelligent objects (such as robots). The fact that humans can
achieve learning through imitation suggests that the approach is feasible.

Humans are among a small class of animals that learn by imitation (Galef 1998).
Chimps and dolphins are other animals that depend upon this form of learning. Most
animals do not seem to possess this form of learning just as most animals appear not to
exhibit empathy and appear unable to recognize themselves in a mirror. This suggests
that this form of learning is high level and a recent addition in evolutionary terms.

Imitative learning in robotics has allowed robots to dance the Macarena (Mataric
2000a), and learn the path through a maze by watching another robot navigate a
maze (Hayes & Demiris 1994).

Mataric (Mataric 2000b) implements imitative learning for humanoid robots by
matching movements of the demonstrator with robot controller primitives responsible
for performing movement in the robot. The model of the robot’s capabilities drive the
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