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Abstract. Certain problems in which the environment is not well con-

strained do not lend themselves to a conventional open loop solution.

Image understanding is such a problem domain. Image analysis programs

are notoriously brittle. By using a self-adaptive approach for these prob-

lem domains we may be able to produce more robust and useful behavior.

We describe an architecture that uses reection to provide a mechanism

for self-monitoring and self-modi�cation and uses code synthesis as a

means of modifying code dynamically in the face of changing assump-

tions about the environment of the computation.
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1 Introduction

This paper provides an overview of the GRAVA [10] architecture and the ratio-

nale underlying its design.

This project began with the observation that a signi�cant source of problems

with interpreting visual scenes comes from our inability to precisely predict the

nature of the environment in which the image interpretation programs are ex-

pected to operate. Unlike problems like adding up numbers which is una�ected

by an outside environment, for visual interpretation problems we cannot be cer-

tain what the environment looks like. We believed that instead of having image

analysis algorithms being applied "blind" that they should evaluate their per-

formance and where necessary change the running system to accommodate the

actual environment that they "observe". The need to reason about the compu-

tational nature of the system of which they are a part and to be able to make

changes to that system suggested a reective [3, 8, 11] architecture.

In the spring of 1998 DARPA introduced the term "Self adaptive software"

to describe exactly the kind of problem described above. This project was later

funded under the DARPA "Automatic Software Composition" (ASC) program.

A reective architecture provides the mechanisms necessary to support two

of the essential problems of self adaptive software { the mechanism for reasoning

about the state of the computational system and the mechanism for making

changes to it. Over the years there has been much work on reective systems

and the methods for their successful implementation are now well known [2, 4].



Most work on reection concentrates on how to provide these two mecha-

nisms in the domain of interest so that a programmer may make use of them.

The problem of self adaptive software goes a step further. Not only must we

have mechanisms that support introspection and modi�cation of the systems

semantics, we must also have an implementation of the "programmer" of these

mechanisms.

The components of self adaptive software include:

1. The ability to "monitor" the state of the computation. This includes some

kind of model against which to compare the computation.

2. The ability to "diagnose" problems.

3. The ability to "make changes" to correct deviations from the desired behav-

ior.

The reason that adaptation is sought is to achieve robustness. The ability to

adapt to an environment that is not quite what was expected should enable a

program to continue to function where it would otherwise break. Self-adaptation

appeals to our intuitive notion that programs are often brittle. The underlying

reason why self-adaptation is useful in building robust programs however is that

the environment is often { or usually { impossible to model accurately.

When the environment can be modeled exactly it is possible to build pro-

grams that are rubust without the need for self-adaptation. It is the lack of

absolutes in the world that makes self-adaptation attractive.

1.1 A New Kind of Computation

There are many useful ways of partitioning computation but the dimension that

interests us in this paper is the dimension of predictability of the environment.

A computation that depends upon a completely determined environment will be

referred to as a type-1 computation and a computation that does not depend

upon the environment to be completely determined we will refer to as a type-2

computation. Almost all of computer science has focussed on type-1 computa-

tions. When we try to accommodate environments that are less well determined

the complexity rapidly increases to the point where the programs are di�cult

to maintain. Programs that perform input/output are examples of where this

problem is frequently faced. Because the environment is not well determined a

program that has to (say) read in a command string must face the problem of

dealing with the full range of possibilities and respond to them appropriately. If

we knew that a program would read a well formed command each time it would

be easy. Here we restrict the problem by de�ning any input that does not �t the

pattern of a correct input as being an error. Even with this simpli�cation I/O

programs are often huge and buggy.

Hypothesis: Most interesting computational problems are type-2.

In the previous century we have largely been concerned with the open loop

absolute formulation of computing but it represents a small fraction of the types

of computation that we are interested in. Nature provides countless examples



of computational systems. They are almost without exception type-2 and they

are robust. Now we wish to bring computation into the realm where nature

has provided us with so many successful examples and we �nd that type 1

computation does not scale to the real world where absolutes disappear and

guarantees are all but nonexistent.

Programs that have to interpret visual scenes are an extreme example of type-

2 computations. The environment cannot be precisely speci�ed and all scenes

are legal. We wish to make sense of all visual scenes that the camera can capture.

Until recently we have built the theory of computation around the notion of

type-1 computation and developed notions of program correctness around the

assumption that the environment can be accurately and completely modeled. We

have been able to do this because for the most part computation has occurred

within the arti�cial environment of a computer separated from the outside world

except for some input channels whose inputs have been rigorously speci�ed.

While we have seemingly been able to do a lot with type-1 computation it

is what we cannot do well that argues for a new theory of computer science

that embraces the more broadly general view of computation that includes both

type-1 and type-2 computation.

Even the simplest animals exhibit type-2 computations that are extremely

robust. By comparison our ability to build robots that explore our unconstrained

environment is hampered by a lack of understanding of how to build type-2

computations. Programs that interpret visual scenes su�er for the same reason.

When we have absolutes we can build a system that behaves perfectly. This

is conventional programming. This is a rare occurrence in nature.

When success of a computation cannot be guaranteed for any reason we must:

1. Check how well the computation did.

2. Be prepared to take some constructive action if the computation didn't do

well.

This formulation of an outline for type-2 computations is similar to a con-

trol system. Rather than simply assuming that the computation performs as

expected, the result is measured against an expected behavior and when a de-

viation is detected a corrective force is applied and the computation retried in

order to bring the result closer to the expected behavior { the set point. In this

formulation type-2 computations consist of type-1 computations encapsulated

in a control system. This allows us to bene�t from everything that we know

about building correct type-1 systems and requires additionally that we have

mechanisms for:

1. Knowing the program intent.

2. Measuring how closely the program intent was met.

3. Applying a corrective force to bring the program behavior closer to the

program intent.

Self-adaptive software is an attempt to build type-2 computations as systems

that apply a corrective force by making changes to the program code. At the



simple end of the spectrum of self-adaptive systems this can simply mean ad-

justing parameters upon which the program operates. At the other end of the

spectrum it means re-synthesis of the program code.

The self-adaptive computation loop looks like this:

1. Synthesize a program based on an understanding of:

(a) What is intended.

(b) What the environment is like.

(c) How computational elements are likely to behave.

2. Monitor the behavior of the program measuring deltas.

(a) Measure how close the program is to achieving its intent.

(b) Measure what the environment is really like.

(c) Measure how computational elements are actually behaving.

3. Update our choices for computational elements based on empirical under-

standing of the system dynamics and re-synthesize (go to step 1 and repeat).

Program intent is described as a speci�cation in some kind of language.

A computational element is a module that may be selected to perform some

operation called for by the speci�cation. A computational element may have

subordinate requirements of its own.

If the program speci�cation is considered to be a theorem, the computational

elements can be thought of as axioms or rules of inference (depending upon

whether they transform a piece of speci�cation into another or whether they

simply satisfy a piece of speci�cation).

The computational elements de�ne a formal system and the goal of program

synthesis is to prove that the speci�cation is a theorem of the formal system

de�ned by the collection of computational elements. The proof is actually a

selection of the computational elements wired together as an executable program

and it is guaranteed to implement the speci�cation.

So far we have introduced the notions of type-2 computation and program

synthesis abstractly. Our system attempts to apply these ideas to the task of

robust aerial image interpretation. Parts of our solution are necessarily speci�c

to the problem of image interpretation while other parts of our solution take the

form of a general architecture, agent language, and synthesis engine that could

in principle be applied to other problem domains. By discussing the abstract

ideas of type-2 computation and program synthesis we have told only half of the

story. A signi�cant part of the problem involves the acquisition and application

of models of the domain. Our approach to models and speci�cations has been

corpus based. The model of the environment is extracted from a corpus of repre-

sentative images while the speci�cation for how the image should be segmented

and labeled is learned by example from human expects. A human expert manu-

ally annotates an image corpus. The segmentations produced by the system are

like those manually produced by the human expert.

Image segmentation is the partitioning of the image into disjoint regions, each

of which is homogeneous in some property. It is an essential component of most

image analysis systems and has been studied extensively Weska [12] Adams [1]



Zhu and Yuille [13]. Despite its long history of research, current segmentation

algorithms are inadequate and unreliable in real world conditions. It has been

argued that image segmentation is not a low level process at all Marr [9] and

that semantics are necessary in order to produce good segmentations.

We refer to semantic labels assigned to regions as \image content descriptors"

and the process of generating them as \image labeling". An image content de-

scriptor is a hypothesis about the content of that region (such as \urban area").

The Minimum Description Length (MDL) agent negotiation formulation de-

scribed below permits us to generalize the region competition algorithm of Yuille

and Zhu [13] and to permit agents with di�ering levels of semantics to partic-

ipate in the segmentation. This allows segmentation, classi�cation, and image

parsing to proceed cooperatively.

By structuring the image interpretation architecture as a feedback loop with

dynamic evaluation and circuit synthesis the system can draw upon a variety

of capabilities (implemented as agents) and prior knowledge of the world (from

an image corpus) in order to provide robust behavior over a range of image

conditions.

Our approach to semantics is statistical/information theoretic. A corpus of

hand annotated images is used as a source of prior knowledge about semantic

relationships in representative images and as a mechanism for importing expert

knowledge about the images in the corpus and speci�cations for the system

behavior.

Image
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Circuit
synthesis

Image interpretation circuit

Images

Annotations Interpretations

Feedback
Images

Fig. 1. Program Flow

Figure 1 shows the basic program ow for the system. Semantics are acquired

from the image corpus containing representative images and expert annotations.

Agents and meta-agents for image segmentation and interpretation are trained

on the corpus allowing the circuit synthesis module to produce an image inter-

pretation circuit that will interpret and segment images. Feedback allows agents

self-knowledge to be used to monitor performance and to re-synthesize the in-

terpretation circuit in order to track changes in image quality and content.



The corpus allows statistical information to be gathered that supports agent

negotiation (agent architecture), expert knowledge extraction (circuit synthesis),

and image parsing. We provide an overview of these components below.

In section 2 we describe the problem domain { image segmentation and label-

ing. Image interpretation is a special case of a general class of problems that we

call \Interpretation problems". In section 3 we introduce the idea of interpreta-

tion problems. A key piece of the architecture is a novel agent architecture. The

agent architecture supports competition among agents that attempt to �nd the

global minimum description length interpretation. Section 4 gives a sketch of the

agent architecture used in GRAVA. Section 5 provides an overview of the seg-

mentation algorithm. The segmentation algorithm algorithm demonstrates the

power of the MDL based agent architecture. Section 6 introduces the program

synthesis engine.

2 The Problem Domain

As we have described above self-adaptive software involves several components:

1. A performance model;

2. A means of comparison; and

3. A mechanism for modifying the computation.

The goal of making self-adaptive software a reality involves �nding ways of

achieving each of these components and structuring a way of making them work

together to produce a robust system.

We chose the problem of producing robust interpretations of aerial images

as the test domain for our investigation into self-adaptive software.

Figure 2 shows an aerial image that has been segmented into regions. Each

region has a coherent content designation such as lake, residential, and so on. The

description that is formed by the collection of labeled regions is an interpretation

of the image.

To produce such an interpretation several cooperative processes are brought

into play. First the image is processed by various tools in order to extract tex-

ture or feature information. 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 homoge-

neous with respect to content as determined by the texture and feature tools.

The segmentation algorithm 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. Finally labeling the

regions depends upon two processes. The �rst tries to determine possible desig-

nations for the regions by analyzing the pixels within the regions. The second

looks at how the regions are related to each other in order to bring contextual

information to bear on the process of selecting appropriate labels.

At any point a bad choice of tool for initial feature extraction, or for seed

point identi�cation, or for region identi�cation, or for contextual constraints can



Fig. 2. Segmented Aerial Image

cause a poor image interpretation to result. The earlier the error occurs the worse

the resulting interpretation is likely to become. For example a poor choice of tools

for extracting textures from the image will result in a poor segmentation. The

poor segmentation will result in poor region content analysis and so the resulting

interpretation can be very bad indeed. The test for self-adaptive software is to

determine how the program that consists of the collection of tools described

above can be organized so that when a poor interpretation is produced the

program self-adapts into a program that does a better job.

Figure 3 shows the dependency relationship between components of the sys-

tem that we describe in this paper.

Image understanding requires models of the real world that can be used to

produce a description of the image. We must be concerned with where these

models come from and how to apply them to the task of image interpretation.

In the case of a self-adaptive implementation the models must include an un-
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derstanding suitable for estimating success of the interpretation and a model of

how the parts of the program interrelate.

There are many ways of segmenting an image depending upon what is consid-

ered important for the task at hand. There is not one single best segmentation.

Applications that wish to distinguish between di�erent crop types may be in-

terested in segmenting individual �elds and assigning di�erent labels to them

depending upon their crop type. Other applications that are interested mostly

in urban buildups may be happy to segment all �elds as �elds ignoring subtle

di�erences caused by crop type.

In some applications the desired interpretation may be static but many appli-

cations will have di�erent needs at di�erent times changing dynamically as the

application proceeds. A search program that attempts to �nd factories in images

may at �rst be happy segmenting areas into industrial and agricultural regions

and then with the industrial regions selected seek �ner grained segmentation of

the industrial region in order to search for the factory type that it is looking for.

Systems involving mobile systems such as missiles or unmanned reconnaissance

aircraft may have di�erent interpretation needs depending on the phase of the

ight. At other times weather conditions may dictate that only reduced levels of

segmentation can be produced dues to deteriorated visibility. At a slower pace

{ but still dynamic for a satellite based Earth monitoring program { changes in



seasons will a�ect the appearance of the landscape and the appropriateness of

the various tools selected to interpret the image.

In summary, there are a large number of dimensions of change that can

a�ect the performance of an image interpretation program of the form described

above. To build a static solution to a dynamic program invites brittle program

behavior. The self-adaptive software idea is to make the program monitor the

various dimensions of change at runtime and when appropriate make changes

to the running system so as to always do as well as it can under any given

circumstance { and indeed to be able to estimate how well it has done at its

task.

A major part of the self-adaptive problem involves mechanisms for imple-

menting the self-adaptation itself but an equally important part of the problem

concerns how models are build and maintained and how they are used in the mon-

itoring and adaptation phases. Image interpretation it seemed to us presented

an interesting case that could lead to an understanding of how self-adaptive

solutions may be developed for image interpretation problems and perhaps in-

terpretation problems in general.

3 Interpretation Problems

The problem of image interpretation belongs to an interesting class of prob-

lems that can broadly be charactarized as interpretation problems. Interpreting

speci�cations of a segmentation is another example of an interpretation problem.

Our reective architecture is based on the observation that for many problems

a tower of interpretation problems can be constructed.

Consider the familiar problem of software development. In software devel-

opment there are several layers of interpretation problem at work. Typically

these are not automated, but the process in instructive because it is a familiar

problem.

First the programs requirements are established. Typically these take on

the form of a requirements document. The requirements say what the program

should do at a very general level. It usually doesn't say much about how the

program should operate or what it should look like.

The requirements document is interpreted to produce a speci�cation that

satis�es the requirements. The speci�cation says how the requirements are to be

achieved in the form of a program or suite of programs.

The speci�cation document is interpreted to produce a design. The design

shows at a fairly detailed level how the program components should work.

The design document is interpreted to produce a program | or suite of

programs | that satis�ed the design.

Finally the compiler interprets the program to produce the machine code that

satis�es the program and the hardware interprets those instructions to produce

the required behavior.

If a change occurs in any of these levels it must satisfy the level immediately

superior to it and subordinate levels must be made to be compatible with the



change. Since every part of the description was produced as a part of the in-

terpretation of the higher level speci�cation it is possible to trace the a�ects of

the change up and down through the structure. The ability to track the path

between components of a system and speci�cations and requirements that gave

rise to them is called tracability.

At each stage a speci�cation is interpreted by an interpretation procedure

that brings some specialized knowledge to bear on the problem in order to pro-

duce a representation or description. The description thus generated becomes the

speci�cation of the lower level interpretation problem. The software engineering

scenario described is a manual process although it may one day be automated.

The problem of self-adaptive software is to respond to changing situations

by re-synthesizing the program that is running. To do this we reify the software

development process within the domain of image interpretation programs. In our

speci�c case, we must produce a segmentation that conforms to the speci�cation

implicit in the corpus.

The number of levels will vary from problem to problem. In principle there

could be an arbitrarily large number of levels but in practice we expect most

problems to have a small number of levels.

The level in the software development example described above that deals

with the generation of machine code from a high level language description is of

particular interest because our intuitions in this domain �t closely with the task

of generating code from the corpus.

The compiler is an interpretation program that interprets the high level lan-

guage source program and produces a description that draws upon knowledge

built in to the compiler about the target machine. Nowhere in the high level

source code are the details of the target machine represented. Indeed the code

may be compiled with di�erent compilers for di�erent target machines. The

compiler embodies various kinds of knowledge essential to producing a good

representation of the source:

1. Knowledge of the high level language.

2. Knowledge of certain time and space considerations of certain patterns used

in the source program and transformations into more e�cient forms.

3. Knowledge of the target machine its instructions, registers, and e�ciency

considerations.

Of course the compiler may consist of several layers of interpretation problem

in which the language is successively translated through intermediate languages

until the target level is reached.

Typically a compiler is a carefully constructed program of considerable com-

plexity in which various components perform the application of the domain

knowledge (knowledge of the high level language and the target machine) to

the task of translating the program. The task of the compiler can be presented

in proof theoretic terms.



3.1 Compilation as Proof

The typical compiler can be thought of as the composition of several proof

problems for example parsing, optimizing and producing machine code. The

purpose of this discussion is to draw upon our intuitions of the compilation

process and not to carefully model the behavior of a compiler. We restrict our

discussion here to a single level of the compiler.

If we think of the task of the compiler as proving that the program can be

computed by the target machine we can see that the resulting machine code is

the axioms of the proof.

The knowledge in the compiler can be divided simply into two kinds

1. Knowledge of rules of inference and a procedure for recursively applying

them in order to arrive at a proof.
2. Knowledge of the relationship between the source code and the target code

in the form of rules.

In this model the compiler produces a tree structured proof. The leaves of

the proof are machine codes. The machine codes are read o� the fringe of the

proof tree to produce the target machine language representation.

It is clear that various stages of the compiler �t this model. The parser is

simply trying to prove that the source language is syntactically an instance of

the set of programs de�ned by the high level language speci�cation and the proof

is the parse tree.

Of more immediate interest to us than the rationale for breaking up a com-

piler into a number of stages is the observation that each of these stages can be

viewed as an interpretation problem as we have de�ned it above and that the

interpretation problems form a tower.

4 Agent Architecture

In order to implement the interpreters necessary for solving the levels of interpre-

tation problem required by our image understanding program we have developed

a novel agent architecture.

Since the mid 1980's there has been growing interest in autonomous intelli-

gent agents Giroux [5] Maes [7]. A key idea of these new architectures is that

of \emergent functionality". The function of an agent is viewed as an emergent

property of the interaction of the agent with its environment. Agents di�er from

purely algorithmic approaches in that part of their design depends on �nding

an interaction loop with the environment which will converge towards its goal.

Where such interaction loops can be achieved signi�cant robustness can be ob-

tained. Our agent approach provides a way of building vision systems with such

properties.

The GRAVA agent architecture is novel in that:

1. It supports meta-level agents that synthesize circuits of agents that mimic

expert interpretation based on a corpus of hand annotated images.



2. It supports a novel agent negotiation mechanism based on a Minimum De-

scription Length (MDL) formulation.

4.1 MDL Agent Negotiation

Image interpretation is fundamentally ambiguous. Interpretation involves �nding

the most probable interpretation. What we \See" is the most probable interpre-

tation.

We have generalized this intuition in the form of a minimum description

length or minimum entropy approach. In this approach agents compete to pro-

duce parts of a description of the image. The basis for competition is to seek to

reduce the global entropy or to minimize the description length. This approach

allows a natural interaction between agents of varying levels of sophistication

and permits some analysis of the emergent functionality in terms of convergence

to a solution.

The idea of minimum description length (Leclerc [6]) is that if a represen-

tation is optimally coded, the shortest description is the most probable one.

This follows trivially because coding theory tells us that the most frequently

occurring symbols should be encoded with the fewest bits. If we are looking for

the most probable interpretation of an image it follows that we should seek the

minimum description length. Part of the agent protocol for our architecture al-

lows the agents to participate in the construction of the alphabet and to provide

information that allows the entropy of the symbols in the working alphabet to

be estimated.

There may be many agents at our disposal to generate the required descrip-

tion of the image. The architecture must provide for the agents to be harnessed

in order to not only generate a description of the image but also to generate a

description that meets the needs of the consumer. Figure 4 shows the compo-

nents of the system. The agents are engaged in interpreting the image to form a

description. The agents operate in an environment provided by a request from

the consumer. The architecture provides selection of the appropriate agents as

control over which agents are allowed to contribute to the generated descrip-

tion at various stages of its creation. These control activities are implemented

as meta-agents whose operation can be summarized by the following control

operations.

When the consumer makes (or modi�es) a request, the meta-agents imple-

ment the following steps:

1. Synthesize circuit. The agents that are capable of producing the vocabulary

of the description requested in the consumers request are selected from the

pool of available agents. These agents themselves have pre-requisite input

vocabularies which are used to select supporting agents from the pool. This

process is repeated until raw sensor inputs are reached. This process selects

from the pool of agents those agents that may contribute to the requested

description. This stage is similar to plan generation in other agent systems.
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2. Obtain vocabulary. Once the circuit has been synthesized the agents in the

circuit are asked for information about what vocabulary they consume/produce.

The result is a global vocabulary that de�nes all of the symbols that may

occur in the description of the image.

3. Estimate entropy. Having obtained the global vocabulary the entropy of each

symbol is calculated. The entropy is the (possibly fractional) number of bits

that would be required in an optimal coding of the vocabulary given the

distribution of such features in real images that the agents have experienced

in training (on the corpus). These entropies are used to determine the global

description length as the segmentation and interpretation converges.

4. Assign voting rights. Once the entropies of the global vocabulary have been

calculated the individual agents are informed of their strength when request-

ing an update of the global description. Agents use these strengths in order

to compete to contribute to the global description. The strengths are deter-

mined so that agents whose contributions result in the smallest description

length are preferred.

5. Run! The agents are allowed to operate on the description that begins as

raw data and continues until no improvement in the description length has

occurred for some number of iterations.

Since the goal of the agents is to produce a description, they operate by

looking at the existing description for opportunities to improve (reduce the de-

scription length) the description. Often there are multiple agents that believe



that they can improve the description at a particular place. If it were always the

case that a local improvement in description length would guarantee a global im-

provement it would be su�cient to simply pick the agent that o�ers the greatest

improvement locally. Generally however the locally best improvement does not

guarantee the globally best improvement. As a result we employ a Monte-Carlo

agent selection approach in which the agents that are competing for an up-

date of the description are chosen at random weighted by their voting strength

calculated above. This process continues until a complete description has been

generated. The process then begins from the raw data again and the resulting

description is compared to the previous one. The best description is retained.

This process repeats until the description length of the resulting description fails

to improve after some number of iterations.

5 Semantic Segmentation

The segmentation algorithm is a good example of the MDL agent architecture

in action. The algorithm extends work by Leclerc [6] and Zhu & Yuille [13].

Marr [9] argued that segmentation was not a well founded problem for a

variety of reasons but principally because it did not seem possible to �nd low

level processes that could account for the apparent ability of human vision to

perceive regions.

Our view of segmentation is that contrary to the common view that segmen-

tation is a low-level process we take segmentation to be a cooperative process

with all levels of processing. Where other algorithms pick a priori methods for

determining things like curvature characteristics, we let such things be driven

by the semantics.

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 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. 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. We are not 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.

Compression algorithms like MPEG are designed as architectures that per-

mit special purpose methods to be plugged in to achieve the 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.



There are a number of important structural issues regarding segmentation.

1. Region contents.

2. Region size and shape.

3. Region neighbors.

Size and shape includes the characteristics of the outline of the region. Dif-

ferent regions will want di�erent outlines depending on semantic attributes. For

example a leaf outline might have a smooth curved outline or an outline with

points of high curvature depending on the leaf type. Low level algorithms such

as Zhu & Yuille [13] prefer smooth outlines for all region types.

5.1 Architecture for Segmentation

Segmentation should be facilitated by image interpretation and image interpre-

tation is facilitated by segmentation. The idea of the architecture is to allow

the two processes of interpretation and segmentation to proceed cooperatively

{ each inuencing the other and �nally converging upon the best interpretation

and segmentation that can be achieved.

When we know what a feature in an image is, we can know what is salient

about that 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 allow us to decide

what can be omitted from an image description. Without semantics we cannot

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 de�ne what is salient, but

provides a framework within which salience can be speci�ed.

The image interpretation problem is one of e�ciently communicating a de-

scription of the image content that allows su�cient reconstruction of the image

for the purposes that the application demands. One way of reducing the de-

scription 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 transmitted 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. We may want to specify what kind of chair

it is { swivel o�ce chair, arm chair etc. It may be necessary to provide its size

position and orientation too. \Chair" in this example is part of the description

language, it is image content semantics, and it is a parameterized model. Some-

times it may be structurally decomposed and other times it may be a single level

model.

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 occuring in the image given whatever

prior information is available.

5.2 MDL Agent formulation of the algorithm

A semantic element or model is implemented as an agent that attempts to de-

scribe a region of the image in terms of the model that it represents. Such a

description consists of the name that uniquely describes the model and a vec-

tor that parameterize the model. The agent also produces an estimate of the

probability of the parameterized model appearing in the image.

An agent has the responsibility of having regions of the image represented

as compactly as possible. To achieve this, once an agent instantiated a repre-

sentation of a region of the image it begins to search for other agents that can

represent the region more e�ciently. To do this it invokes feature �nders that

may infer the applicability of an agent. This is somewhat like the opposite of

the region growing algorithms. Rather than regions trying to grab pixels from

its neighbors, our algorithm has regions attempt to give away its pixels in order

to produce a smaller description.

We want higher level semantics to inuence 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 segmentation 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 de�ne a base level segmenter

that gets the process started.

Figure 5 shows the ow of the semantic segmentation algorithm. 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 segmenter

(described below).

The �rst step (*1) is to attempt to �nd regions that can be introduced that

can reduce the description length. If no such opportunities can be found the

algorithm terminates. New regions can be null semantic regions (like the original

region) or can be semantic regions.

In the second step (*2) each region attempts to reduce the description length

by giving away boundary pixels to neighboring regions. This is repeated until

no more reduction can be achieved by giving pixels away to neighbors. If no

reduction occurred during this step the algorithm terminates.

The third step (*3) attempts to reduce the description length by merging

neighboring regions. When neighboring regions are merged the total boundary

cost is decreased but the cost of representing the internal pixels may increase if

the regions are not similar.

The above three steps are repeated until the algorithm terminates in step *1

or step *2.

Step *1 is complicated by conicting opportunities to introduce new regions

(the potential new regions overlap). These cases are handled by Monte-Carlo
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Fig. 5. High level schematic of the semantic segmentation algorithm

decision points. Step *1 corresponds to seed point selection when the new regions

are are null semantics base level regions.

Step *1 introduces semantics by allowing agents that implement semantics

to reduce the description length.

Steps *2 and *3 implement the base level segmenter.

5.3 Base Level Segmentation

The problem of de�ning the base segmenter is to de�ne a compact and useful

representation 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. We don't actually need to construct the

message { or to communicate it.



The image is to be represented as n regions R0::Rn�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.

n         R0                   R1                   R2                 R3                  …                  Rn-1       

  Ki        Si       |B|i           Boundary Pixels               Enumerated pixels of the region   

Representation of an image

Representation of a region

Fig. 6. Base Description Language for Images

We may have many di�erent approaches to representing regions so the �rst

thing that we represent is the kind K of region that we are going to transmit.

DL(K) = �log2P (K) (1)

We begin by specifying the representation for the base region type that makes

no assumptions about the shape or contents of the region. Having determined

that the region is a base region we specify how many borders jRj the region R

has.

DL(jRj) = �log2P (jRj = n) (2)

Next we describe each boundary of the region. The �rst boundary is the

outer boundary. If there are subsequent boundaries they are all internal and



contain embedded (subtractive) regions. For each boundary Bi 2 R we de�ne

an (arbitrary) starting pixel Si.

DL(Si) = �log2

1

p
(3)

We specify the number of pixels jBij that comprise the boundary.

DL(jBij) = �log2P (length(Bi = k)) (4)

Then for each boundary pixel in order we describe the position as a relative

move from the previous pixel Mi;j . Since there are 7 possibilities at each step (a

boundary cannot double back on itself) the length move can be represented as:

DL(Mi;j) = �log2P (Mi;j jMi;j�1;Mi; j � 2:::;Mi;j+1;Mi;j+2; :::) (5)

The conditional probabilities can be learned from a corpus of representative

boundaries. 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(Mi;j) = �log2P (Mi;j jMi;j�2;Mi; j � 1;Mi;j+1;Mi;j+2) (6)

This determines the position and shape of the region as well as the number

of pixels in the region. It also allows us to de�ne a unique ordering of the pixels.

Given such an ordering we can represent the individual pixels in the region

without knowing more about the region than its bits.

Our intuitions about regions are that they are homogeneous.

If they are homogeneous, we mean that all the pixels of a region are taken

from the same distribution. We can estimate that distribution by building a

histogram of the pixels in the region. Then the coding length of a pixel whose

intensity is p is given by:

DL(Pixeli;m) = �log2P (intensity = pjregion = Ri) (7)

5.4 Region Splitting

Figure 7 shows a region splitting in action. On the left a region is growing

around the two islands. At this point the islands are part of the background

region. Twenty iterations later the growing (lake) region has expanded past the

islands and the islands have split away from the background and are now separate

regions.



Fig. 7. Region Splitting

Fig. 8. Region Merging

5.5 Region Merging

Figure 8 shows a region splitting in action. On the left a number of regions

have grown to accommodate the lake. In the next iteration (the right image) the

regions internal to the lake have been merged. It is more compact to represent

them as a single region than as separate regions.

Next we give an overview of the segmentation algorithm.

1. The algorithm begins with the entire image as a single region. The descrip-

tion length is calculated. Each region is represented by an agent.

2. each agent (initially only one) seeks to reduce the description length of its

region. There are two ways of doing this.

(a) The agent can give away pixels of its region to a neighboring or internal

region.

(b) The region can spawn new regions thereby giving up the pixels contained

in those new regions. In order to spawn new regions, feature detectors

may be run over the region to �nd support for viable internal regions.



These steps are done in turn as follows. First for each region in the image

the agent attempts to give away boundary pixels to neighboring and internal

regions. The pixels can be given away if the description length is decreased

more for the giving region than it is increased for the acquiring region. This

process is repeated until convergence. Convergence occurs when there are no

opportunities for any existing region to give away pixels. Initially this point

is reached immediately because there is only a single region and therefore

no region to give pixels away to.
Upon convergence the agent for each region solicits agents to produce sub-

regions. The addition of sub-regions must reduce the global description

length. Once new agents and regions have been initialized the prior attempts

to reduce global description length are performed. The cycle is repeated until

no new agents get introduced.

6 Circuit Synthesis

Specifications Coding Decoding CircuitNoisy
 channel

Fig. 9. Image Interpretation Channel

The goal of the system is not simply generate a good description and seg-

mentation of the image but to generate a description and segmentation that is

similar to ones generated by a human expert. This situation is modeled as a

problem of communicating the expert's intent to the program. the human ex-

pert provides speci�cations in the form of an annotated corpus that de�nes what

the image interpretation programs should produce from the image. The coding

of speci�cations as annotations and subsequent decoding by synthesizing a cir-

cuit of agents that can reproduce the annotations given an image is modeled

as transmission through a noisy channel (see Figure 9). The goal of the circuit

synthesis module is to maximize the mutual information between the behavior

of the produced circuit and the speci�cations.

6.1 Learning by Example

The purpose of the program is to segment an image in a way that is as simi-

lar as possible to an expert segmentation. This formulation of the segmentation

problem is di�erent from the way segmentation problems are usually de�ned.

Typically segmentation programs are judged subjectively by looking at the re-

sulting segmentation and judging how well major regions have been identi�ed.



For a segmentation to be useful it needs to be able to make distinctions that

later stages of processing are interested in because ultimately the success of the

image interpretation problem depends upon the usefulness of the segmentation.

For our purposes the success of the segmentation is de�ned as being the closeness

of the segmentation to that of a human segmenter.

In general we can think of the segmentation problem as being one of produc-

ing a segmentation that satis�es a speci�cation for what the segmentation should

be. In our case the speci�cation takes the form of the corpus of hand annotated

images. There is a great similarity between the task of building annotations to

mimic those of an expert and what is known as learning by example.

6.2 Generalizing the Problem Description

The task of synthesizing a program from a speci�cation is as we have discussed

above similar to the problem of compiling a program and the characterization

of the problem as one that is essentially a theorem proving problem suggests a

way of building a general architecture. Before we can do that however there is

one level of relaxation that is necessary.

In compiling a program into machine code, we generally deal with certainty.

The high level language that is being compiled is not ambiguous and the ma-

chine code can be relied upon to perform as expected. In the case of image

interpretation or interpretation problems in general the source speci�cation may

be ambiguous and the rules are not guaranteed to succeed. Instead we have a

way of characterizing the likelihood of succeeding. Thus the compiler is a very

special case of a more general problem. It is this aspect of the problem that

makes a self-adaptive software solution important.

In the compiler example we were able to represent the rules as models that

take an input and produce a description.

To generalize the problem we add two capabilities:

1. A post-test to test the e�ectiveness of the generated description.

2. A measure of utility of the rule.

Before, if the code could be generated it was guaranteed to produce the

correct result. We must have a way of evaluating the result to establish its

e�ectiveness. Furthermore we must have a way of recovering from cases where

the test is negative.

In the simple compiler case any rule that could generate code from the source

language was as good as another.

In the deterministic case a proof is a proof. In our generalized version of the

problem some proofs are better than others. Speci�cally the proof that has the

highest overall likelihood of succeeding is the best proof. It is ridiculous to call

the task theorem proving or the result to be a proof when the result has only

a likelihood of succeeding. Henceforth therefor we refer to the generalization of

theorem proving a support generating, the result of applying such a procedure a

support, and the procedural embodiment of the process a support generator.



Each node has a probability associated with it. This probability is the proba-

bility that the node will succeed in its task. Each node contains a test procedure

to determine whether it has succeeded in practice. Viewing the support as a

program the probability that the entire program will succeed is given as follows.

P (rulen = successjP (sub0)&P (sub1):::&P (subm)) (8)

In some systems only terminal nodes (nodes that produce leaves) may have

probabilities less than 1.0 while other systems may allow any node to have a

fractional probability of success.

We can represent each leaf of the tree as a code of length �log2(P (leafi)).

The description length of the proof then is given by:

DL(support) =
Y

s2support

�log2P (s) (9)

The support generator searches for rules that generate a valid supports and

the description length is calculated for each. The Monte-Carlo algorithm selects

the best support by taking enough samples to �nd the shortest description length

support. The resulting program is produced trivially from the support tree. At

runtime when a test fails probability assignments for the leaves are updated and

the synthesis engine runs again with probabilities that reect the knowledge of

the environment known at runtime. The support that has the shortest description

length generates the program most likely to succeed based on what is known

about the environment at the point in time when it is generated.

7 Conclusions

Many problems in arti�cial intelligence can be characterized as �nding the most

probable interpretation from an ambiguous set of choices. Speech understanding

natural language understanding, visual interpretation are obvious examples of

problem areas with those characteristics. Typically what is the most probable

interpretation is something that depends upon context that is only available

at runtime. The GRAVE architecture supports a self-adaptive approach to this

class of problems.

A reective tower representing di�erent levels of speci�cation and an inter-

pretation function that converts speci�cations into executable code by using a

support generator (relaxed theorem prover) as a code generator allows reection

to identify precisely the piece of code responsible for a deviation in performance

from the intended behavior and allows that piece of code to be dynamically re-

synthesized so as to produce a modi�ed piece of code that reects the best that

is known about the environment at that point in time.

This model has proven e�ective at dynamically mutating an image segmen-

tation program so as to produce the best interpretations.

The applicability of this architecture is restricted to problems that can be

construed as interpretation problems. Nevertheless we believe that there are a



signi�cant number of interesting problems that �t within those con�nes and

that the GRAVA architecture provides a mature architecture for building self-

adaptive programs at least for image interpretation problems but likely also for

other problems that can be cast as interpretation problems.

Little is known about the stability of systems built this way and there are

as yet no known guidelines for building systems that are intended to be stable.

More work remains to be done in this area.
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