NORTHWESTERN
UNIVERSITY

Electrical Engineering and Computer Science Department

Technical Report
NWU-EECS-09-09
March 25, 2009

Using Analogy to Overcome Brittleness in Al Systems

Matthew Evans Klenk
Abstract

One of the most important aspects of human reasoning is ouy abitiobustly adapt to new situations,

tasks, and domains. Current Al systems exhibit brittleness when faced with new situations and domains.
This work explores how structure mapping models of analogical processing allow for the robust reuse of
domain kowledge. This work focuses on two analogical methods to reuse existing knowleugesi
situations and domainsThe first methodanalogical model formulationapplies analogy to the task of
model formulation Model formulation is the process of mogifrom a scenario or system description to

a formal vocabulary of abstractions and causal models that can be used effectively for-pobbilegn
Analogical model formulation uses prior examples to determine which abstractions, assumptions,
guantities,equations, and causal models are applicable in new situations within the same domain. By
employing examples, the range of an analogical model formulation system is extendable by adding
additional examplepecific models. The robustness of this method ré@soning and learning is
evaluated in a series of experiments in two domains, everyday physical reasoning with sketches and
textbook physics problersolving. The second methodlomain transfer via analogyis a tasKevel

model of crosslomain analogiddearning. DTA helps overcome brittleness by allowing abstract domain
knowledge, in this case equation schemas and control knowledge, to be transferred to new domains. DTA
learns adomain mappingoetween the entities and relations of the new domainth@dunderstood
domain, through comparisons between structures of explanations. Then, using this mapping, a new
domain theory can be inferred and extended through an analogy between the domain theories themselves.
This model is evaluated across a varietyphysics domains (e.g., mechanics, electricity and heat flow).
Successful crosdomain analogies result persistent mappingsvhich support incremental learning of

the target domain theory through multiple crdssnain analogies.

Keywords: ProblemSdving, Within-Domain Analogy, Cros®omain Analogy,
Analogical Learning



NORTHWESTERN UNIVERSITY

Using Analogy to Overcome Brittleness in Al Systems

A DISSERTATION

SUBMITTED TO THE GRADUATE SCHOOL
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS

for the degree

DOCTOR OF PHILOSOPHY

Field of Computer Science

By

Matthew Evans Klenk

EVANSTON, ILLINOIS

June 2009



© Copyright by Matthew Evans Klenk 2009
All Rights Reserved



ABSTRACT
Using Andogy to Overcome Brittleness in Al Systems

Matthew Evans Klenk

One of the most important aspects of human reasoning is our ability to robustly adapt to new
situations, tasks, and domains. Current Al systerisbit brittleness when faced with new
situgions and domains. This work explores how structure mapping models of analogical
processing allow forthe robust reuse of domain knowledge.This work focuses on two

analogical methods to reuse existing knowledge in novel situations and domains.

The firda method, analogical model formulatign applies analogy to the task whodel
formulation Model formulation is the process of moving from a scenario or system description
to a formal vocabulary of abstractions and causal models thabeamsed effectivgl for
problemsolving. Analogical model formulation uses prior examples to determine which
abstractions, assumptionguantities, equationsand causal models are applicable in new
situations within the same domaiy employing exampk the range ofn analogical model
formulation system is extendalddy adding additional exampkgpecific models.The robustness

of this method for reasoning and learning is evaluated in a series of experiments in two domains,

everyday physical reasoning with sketchestamntbook physics probleisolving.

The second methodjomain transfer via analogyis a tasdevel model of crosslomain
analogical learning. DTA helps overcome brittleness by alloabsiract domaiknowledge in

this case equation schemas and corkrawledge,to be transferredto new domains. DTA
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learns adomain mappingbetween the entities and relations of the new domain and the
understood domairthrough comparisons between structures of explanations. Then, using this
mapping, a new domain theocan be inferred and extended through an analogy between the
domain theories themselves. This model is evaluated across a variety of physics domains (e.g.,
mechanics, electricity and heat flow)Successful crosdomain analogies result ipersistent
mappngs, which support incremental learning of the target domain theory through multiple

crossdomain analogies.
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1 Introduction

One of the most imprtant aspects of human reasoning is our ability to robustly adapt to new
situations, tasks, and domains. Current Al systems fall far short of exhibiting this flexibility.
While modern cars have sophisticated diagnostic systems, one would not expggstéme
designed for a Ford Focus to work in Chevy Malibu. Consequently, Al system developers
frequently designwhole new systems from scratch for each problem and task. On the other
hand, people learn new tasks and domains all the time. In fact, thieig aath limited external
feedback and without anyone reaching inside their heads and reprogramming them. When
presented with faulty Chevy, an experienced Ford mechanic would be able to apply his or her

knowledge to diagnose the problem. This flexipils the subject of this dissertation.

1.1 Problems of Brittleness

Most large-scale Al systems rely on a knowledge base (KB) of rules and facts relevant for the
domain. These KBs attempt to capture the knowledge and reasoning of human experts.
Therefore, tdouild an Al system for a domain, the system desigaec®dedomain knowledge

from human experts into the KB. Given a query, the Al system uses inference rules and facts
from the KB to arrive at an answer. In a perfect world, the Al system can an®vsartie

guestions about the domain as human experts.

Unfortunately, this perfect world is rarely realized outside of narrow domains. Frequently, Al
systems fail toextrapolate to unseen problems from the domaf common source of this

brittleness is ¢her incorrect or missing knowledge in the KB. This could be because the domain
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expert failed to provide some piece of reasoning, or the system designer failed to encode all the
ways in which a piece of knowledge could be used. This results in thetAirsfaling to come

up with solutions for questions in which humans answer with ease.

The TacAirSoar system (Jones al. 1999) is a great example of a successful Al systems using a
knowledge base. TacABoar was designed to provide realistic simula&draft for military
training exercises. It generated Ahuman | i ke
represented a significant advance over the previous state of the art for automated entity behaviors

in simulations. While this was aesat success for Al, these agents were unable to use a variety

of weapons and sensors because the system designers did not have sufficient tinge to buil
intelligent behaviorgor them. Even though this is within the same domain, air combat, adapting

the sytem to handle new sensors and weapons requires adding significant knowledge to the
agent. Given a new weapons and sensor systems, human pilots likely reuse their knowledge and

experiences to determine how best to employ them.

An analysis of two recenl research projects demonstrate the magnitude of this problem in
regards to broad domains and unanticipated problems. In the High Performance Knowledge
Base (HPKB) project, teams constructed knowledge bases to answer questions about
international respaes to crises (Coheat al. 1999). Tracking the development of the SRI/CYC
system illustrates how brittleness affects knowledge system development. SRI required 1703
new axioms to answer the sample questions and be ready for the Phase 1 test. OaehlO uns

guestions about a crisis management scenario, the SRI/CYC system was able to produce at least
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a partially correct answer only 30% of the time. The system developers were then given 4 days
to improve performance. By adding 123 axioms, the system azd\a¢ least partially correct

45% of the questions. Next, the domain was expanded. This required the system designers to
add another 1485 axioms to the system. But when given a new scenario and a new set of
qguestions, the system was only able to achievscore of 40% partially correct. This
performance was improved to 65% with the addition of 304 axioms. This failure to perform well

on unseen problems and the need for large scale KB changes to be made to expand the scope of

problems covered within hsame domain demonstrate the brittleness of current Al systems.

In the HALO project, three teams attempted to build Al systems to answer AP Chemistry
guestions from a subset of a chemistry textbook (Bagked. 2004). The three systems were
evaluatedon unseen problems. None of the teams scored over 70% on the multiple choice
section. This represented only half the exam, the other sections were more difficult. On the
exam as a whole, none of the systems scored above 50%. Once again, the Alfaystknos

operate robustly on unseen questions.

These projects represent thmditional approach to overcoming brittlenes§hey seek to
overcome brittleness by constructing larg@s with increasingly general knowledge about the
world (Newell & Ernstl965). The general knowledge would allow the system to perform even
when the domain specific knowledge is not available. This approach is the motivation of the
CYC project, which seeks to build a KB representing human common sense reasoning (Lenat

1995). While these approaches have had many successes, the brittleness evident in current Al
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systems requires searching for new solutions to this problem.

1.2 Analogy for Robustness

This dissertation explores using computational models of analogy to overcomettlleisdss by

reusing existing knowledge. While numerous researchers have proposed analogy as a solution to
this problem (e.g., Lenat & Feigenbaum 1991; Forbus & Gentner 1997), little progress has been
made in terms of realizing this goal. Analogy heteludes both withirdomain and cross

domain analogies. For example, when reasoning about how a hot cup of tea will cool sitting by
your desk, you could use your experiences with other cups of hot liquids. This is an example of
a withinrrdomain analogy. &searchers also emphasize the need for clms®min analogies in

which superficially dissimilar but systematically related pieces of knowledge allow inferences in
new domains (Gentner & Gentner 1983). When trying to understand why the hot cup of tea is
cooling, an analogy between heat flow and fluid flow would suggest that heat is flowing out of

the tea and into the air.

Unfortunately, like the idea of more general knowledge, analogy alone is not enough to
overcome this problem of brittleness. The Alteys needs to know when and how to use
analogy. A basic approach is to invoke analogical reasoning whenever deductive reasoning fails.
This is inadequate because as our KBs grow in size, queries take hours or even days to fail.
Therefore, it is necessaty integrate analogy directly into the reasoning process. In addition,
most analogical reasoning methods involve comparisons between two cases to generate
inferences about one of them. In these methods, it is important to understand what kind of

knowledye is being transferred between the cases. Other analogical reasoning methods use the
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correspondences resulting from analogical comparison for generalization and learning. Because
of these different uses of analogy, more investigations are requiregrovienour understanding

of how analogy can be used to alleviate brittleness.

1.3 Claims and Contributions
This dissertation outlines two methodsalogical model formulatiomnd domain transfer via
analogy (DTA), which use analogy to robustly reuse knowlefilgen previous situations and

domains.

The first method, analogical model formulation, applies analogy to the taskookl

formulation Model formulation is the process of moving from a scenario or system description

to a scenario model The scenario nuel consists of assumptions, abstractions, and causal
models that can be used effectively for problsmving. Given the everyday physical reasoning
problemin Figurel1a s ki ng, AWhich c¢crane i-s®lvemmwt makesa abl e ?
number of modeling decision. While many things can potentially affect stability of objects, a
useful model for this problem connects the stability of each crane to the horizontal distance
between the crane and the boat it is carrying. Thengubkis model, one can determine that the

crane on the right is more stable.
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Figure 1. Which crane is more stable?

Analogical model formulation uses prior examples to determine which abstractions, assumptions,

and causal models are applicable in new situations. The process begins bygedrisimilar

precedent from memory. An analogy is created between the precedent and the current situation.

Using analogicalinferencesconcerning the applicable abstractions, assumptions and causal
relationships the problensolver creates a modé&om which it derives the solution. The
robustness of this method for reasoning and learning is evaluated in a series of experiments from
two multiple choice testiomains, everyday physical reasoning with sketches and AP Physics

problemsolving.

The second ethod, domairtransfer via analogy, is a takvel model of crosslomain analogy.

These analogies are frequently employed when one is trying to gain an understanding of a new
domain. For example, when students are learning about electricity, theynfitgquake use of
analogies to flowing water and moving crowds (Gentner & Gentner 1983). These anomss
analogies generate conceptual inferences concerning electricity. Frequently, teachers and
textbook authors appeal directly to their students toenthkse analogies. For example, in an
introduction to electricity, Koff (1961) wr
good analogy. o Providing AI systems with

crossdomain analogies wad greatly improve their flexibility.

t

t

h
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Domain Transfer via Analogy (DTA) models this process of edmsrain analogy. DTA helps
overcome brittleness by allowing knowledge previously learned in other domains to be applied
to new domains. Cognitive sciencesearch on crostomain analogy has emphasized the
importance of alomain mappindetween the vocabularies of the new and understood domains
(Gentner 1983). DTA learns a domain mapping through comparisons between structures of
explanations in the two dwains. Then, using this mapping, a new domain theory can be
inferred and extended through an analogy between the domain theories themselves. This model

is evaluated across a variety of physics domains (e.g., mechanics, electricity and heat flow).

This work fits into the following high level view of learning and reasoning by intelligent agents.

In the initial stages, the agent has limited domain knowledge and reasons directly from
experiences and examples. To account for this ability, we introduceogimétive process of
analogical model formulation. With these examples and experiences, the agent constructs
generalizations of domain principles as it develops expertise within the domain (Forbus and
Gentner 1986). While this dissertation does not peoad account for how this abstraction
process occurs, a number of promising methods are discussed in future work sections. The
application of this abstracted knowledge to new but similar domains throughdomssn
analogies enables the agent to quicldgrn new domain theories. The domain transfer via
analogy method provides this functionality. Taking this view of domain expertise, these
methods occur under very different circumstances dictated by the types of domain knowledge

available to the agent.
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1.4 Organization

Chapter 2 provides the relevant background on analogical processing. Included in this
discussion is an overview tifie structure mapping theory ahalogy, the cognitive simulations
of analogical processes used in this work, and the Commagiognitive Architecture on which

the systems presented here are built.

Chapter 3 describes the foundations of analogical model formulation. After arguing that
traditional model formulation has critical limitations for accounting for human reasoning abo

the real world, | describe how analogical processing can be used to overcome these challenges.

Chapters 4 and 5 evaluate analogical model formulation in twdaldsg domains: everyday

physical reasoning and AP Physics probleoiving.

Chapter 6 corins related work and a general discussion of analogical model formulation.

Chapter 7 describes in detail domain transfer via analogy. This chapter includes the cognitive
science foundations of creg®main analogy, the domain transfer via analogy élguor a pilot
study between linear and rotational kinematics, and a more rigorous evaluation between four

physics domains: linear mechanics, rotational mechanics, electricity, and thermodynamics.

Chapter 8 contains related work on crdssgnain analogy and discussion of domain transfer via

analogy.
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Chapter 9 recaps the central claims of this thesis and discusses some important future directions.
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2 Background

This dissertation builds upon ideas from cognitive psychology and artificial intelligence. This
chapter presents the background concerning the analogical processes used in this work. This
chapter begins with a description of the underlying psychological theory. Next, | describe
computational models analogy and similatigysed retrieval based upohist theory and
continued psychological research. These models have been integrated in the Companions
Cognitive Architecture (Forbust al. 2008). The central hypothesis of Companions is that

structuremapping operations are central to human reasoningeaning abilities.

2.1 Analogical Processing

Over the past 30 years, there has been an explosion of interest in analogy. This research has
brought together computer scientists, philosophers, linguists, and neuroscientists as well as
psychologists from a nuper of disciplines including cognitive, developmental, and animal
psychology Pennet al. 2008. These researchers have documented extensive use of analogy
throughout the human experience. These domains include student learning (Gentner and
Gentner 1983)scientific discovery (Gentnest al. 1997; Nersessian 1992), legal arguments
(Holyoak and Simon 1999), and decisimaking (Markman and Medin 2002). In cognitive
science, structure mapping theory (SMT; Gentner 1983) has become an important framework for
understanding analogyThis dissertation uses computational models of analogical processing

based upon SMT.
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In SMT, analogy is based on a structural alignment between two representatidnaséhad
thetargel). These representations are collectiohpredicate calculus facts made up of entities,
attributes, relations between entities, and higivder relations between propositions. The
alignment process constructs the maximal structurally consistent match. A structurally
consistent match is orthat satisfies the following three constrairttered-identicality, parallel
connectivity and oneto-one mapping The tiereddenticality constraint provides a strong
preference for only allowing identical predicates to match, but allows for rare exsept-or
exampleminimal ascensiofFalkenhained 988 allows nonidentical predicates to match if they

are part of a larger mapped structure and share a close common ancestor in the ontology.
Parallel connectivity states that if two predicates arecheat then their arguments must also
match. The onéo-one mapping constraint requires that each element in the base corresponds to
at most one element in the target and vice versa. To explain why some analogies are better than
others, structurenapping ©es the principle ofsystematicity Mappings that are highly
interconnected and contain deep chains of higher order relations are preferred over mappings
with an equal number of relations which are independent from each other. Such nested

structures indiate explanations, which provide context to help evaluate analogical inferences.

The StructureMapping Engine (SME; Falkenhainet al. 1989) is a cognitive simulation of the
analogical matching process. Given two structured representations as injais@rend target),

SME produces one or momeappings each representing a construal of what iteemitjesand
expressionsin the base go with what items in the target. Each mapping is represented by a set

of correspondences Mappings also includeanddate inferencesvhich are conjectures about
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the target using expressions from the base which, while unmapped in their entirety, have
subcomponents that participate in the mapping
constraint, astructural evéduation scoreis computed to estimate the match quality. SME
operates in polynomial time, using a greedy algorithm (Fodbued 1994 Forbus & Oblinger

1990). At a high level, mapping in SME consists of the following steps:

1 Step 1: In parallel, creatocal correspondences calledatch hypothesebetween
expressions in the base and target using tieleaticality
o Determine inconsistencies
A Mark match hypotheses inconsistent which violate parallel connectivity
A Mark pairs of match hypotheses mutually insistent that would violate
the oneto-one constraint
0 Assign scores to each correspondence using a local score for each match
hypothesis and then using tricikdewn to add to the scores of the arguments.
1 Step 2: Creat&ernel mapping$orming maximally stacturally consistent collections of
match hypotheses.
1 Step 3: Combine kernel mappings usingreedy mergalgorithm to create between one

and three global mappings.

To illustrate this more concretely, | and us e
target representations fromable 1. The base description contains six facts describing a ball

being released and falling. The target description describes a box getting released. In the first
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step, two match hypothesis ameated by matching identical predicateshe expressions 6 d 6 2
60i 6 and 6c¢cd6 ZzZ O6h6. Because these match hypot
Because there is only one kernel mapping, it becomes the global mapping with the following
correspondenceRelease -1 72 Release -2 and Ball -1 Z Box-1. Due to its
participation in both expressions in the mapping, the support score fételease -1 2

Release -2 correspondence is greater than the score for Badl -1 Z Box-1
correspondence. SME contps the structural evaluation score by adding together the support
scores of the mapping. Partially matched expressions from the base become candidate inferences

by replacing the parts of the base expression which participate in the correspondentes with

target it ems. I n thi@®BalBaxsel), erppesesboonobéd
(causes - EventEvent Release -2 (AnalogySkolemFn Fall -1)) and expression
6f 6 b édnmam@bgctMoving ( AnalogySkolemFn Fall -1)Box -1). The

expressionAnalogySkol emFn is used to represent unmapped entities from the base.
Candidate inferences are conjectures about the target. Some of which are plausible. For
example, theRelease - 2 event causes something like thall - 1 event from the base, and
theBox- 1 is the olject moving of this event. Some of which are not. SucBas; 1 is a Ball

The correspondences and candidate inferences are central to analogical model formulation and

domain transfer via analogy.
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Base AA ball is releTarget Al bagseds
Entities- Fall -1,Ball -1, Release -1 Entities- Box- 1, Release -2
Expressions Expressions

a)(FallingEvent Fall -1) g)(BoxTheContainer Box -1)
b)(Ball Ball -1) h)(ReleaseOfSupport Release -2)
c)(ReleaseOfSupport Release -1) i) (objectActedOn

d)(objectActedOn Release -2 Box - 1)

Release -1Ball -1)
e)(causes - EventEvent
Release -1 Fall-1)

f) (primaryObjectMoving
Fall -1 Ball -1)

Table 1: Example base and target descriptions

The other cognitive simuliain used throughout this work is the MAC/FAC (Forlatisal. 1995

model of similaritybased retrieval. It takes as inpupr@beand acase library The probe is a
structured description, representing what is currently being worked on by some syseeoasd@h

library is a set of cases, each a structured description, representing the set of available examples.
MAC/FAC selects a case from the case library based upon similarity with the probe. It does this
in two stages. The first stage (MAC) computespeacial kind of feature vector for the probe and

each case in the case library, whose components have a strength proportional to the number of
occurrences of individual predicates in each structured representation. The case from the case
library with thehighest (or up to three, if very close) dot product with the probe is returned from
the MAC stage. Using the examples framble 1, the content vectors for the base and target
contain six and three entries respectively. In éxample, each content vector the entries are
weighted equally because each predicate occurs only once in each description. The second

(FAC) stage uses SME to compare these candidates to the probe. The candidate with the highest
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structural evaluation sceris returned by the algorithm as its reminding. (If others are very
close, up to three can be returned, but in the work discussed here, only the most similar

reminding is used.)

SME and MAC/FAC do not completely simulate all aspects of human analogiding upon
structuremapping principles, other cognitive scientists have explored a variety of psychology
phenomena related to analogy. LISA explores the effects of working memory limitations and is
implemented on a neural network (Hummel & Holyoak 200LISA currently only handles
descriptions significantly smaller than those used in this dissertation. Kokinov and others have
developed AMBR with an emphasis on integrating analogical reasoning modules with other
reasoning modules (Kokino& Petrov 2@1). This is consistent with thetegration constraint

as specified in Forbus (2001) which states th
such as matching or retrieval, should be able to serve as a component ksdalgerognitive

proces ses. 0 My research | ooks at how agstael ogi ca

reasoning tasks: model formulation and crdemain learning.

2.2 Companions

Building upon the integration constraint, | have been involved in developing the Companions
Cogritive Architecture (Forbus & Hinrichs 2004). The underlying hypothesis of Companions is
that the flexibility and breadth of human common sense reasoning and learning arises from
analogical reasoning and learning from experience. Companions is a dskribgent
architecture. Each agent has its own knowledge base (KB), whose contents are periodically

updated and synchronized. Communication between agents occurs through KQML messages
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(Labrou& Finin 1997). This section describes the project vision Aedagents which make up

the architecture configurations used in this work.

2.2.1 Project Vision

The motivating vision of Companions is to create software systems which can be treated as a
collaborator (Forbus & Hinrichs 2004). In order to realize this visim@mg@anions focuses on

three important problems for humdevel Al:

1 Robust reasoning and learnirigCompanions should learn about their domains, users
and themselves.
1 Longevityi Companions should operate continuously over weeks and months at a time.

1 Interactivity i Companions should have hidpandwidth interaction with their users.

The work in this dissertation focuses primarily on the first problem. Analogical model
formulation and domain transfer via analogy are advances in state of the art for leathing
reasoning techniques. They are evaluated here solely on domain learning, but | believe that the
methods are applicable to learning about users ananeeléling. Issues concerning longevity,
performance, and evaluation of progress will be discussédgture work sections. Chapter 4
includes new ideas concerning skebased interaction increasing the bandwidth of

communication between the Companion and the user.

2.2.2 Agent Architecture

The Companionso6 project i s sthave dvolvedoverthepasi nf an
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four years. For the systems describe in this dissertation, the following agents were used:

M Session ManageProvides facilities for user interaction

1 Sketching AgentProvides an interface between our sketch understandirensysKEA
(Forbus & Usher 2002), and other Companions agents

1 Eacilitator Manages sessions and directs communications between agents

1 Executive Monitors the Companion's responsibilities and delegates work to the
appropriate agents (e.g. follows scripts aldsng experiments, records quiz results,
checkpoints KBs, etc.)

1 Session ReasonePerforms domain reasoning, in this case physics prestdving

1 Similarity-based RetrievemMonitors the working memory of the Session Reasoner, and

provides similar priocases when there is a close match.

The Session Manager and Sketch Agent run | oca
run on cluster nodes. New problems are given either individually through the Session Manager,

or by a script describing aexperiment which is uploaded to the Executive. The Executive

hands the problem to the Session Reasoner, which implements all but the retrieval portion of the
analogical model formulation and problesalving processes. While the MAC/FAC algorithm

used inthe Retriever is efficient, distributing it reduces the memory load on the Session
Reasoner as the size of case libraries rises. The next chapters describe the analogical model
formulation and domain transfers via analogy methods and how Companiohesseniethods

in a variety of domains.
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3 Analogical Model Formulation

Modeling is a central activity in scientific and everyday reasoning. A nesddiles predictions

about the world around us. A given situation could have a variety of different modeds.aT

ball dropped off a building. Suppose we wish to know the position of the ball after its release.

The simplest model merely states that objects fall downwards, therefore after its release the
ball 6s height decr eas es . cal midelrofetmsasituatigny = pt-r ovi des

9.8* *. Each model is useful in a variety of tasks and requires a number of assumptions.

This chapter explainthe method ofinalogical model formulation. | begin with a description of

the task of model formulatioand an example. Next, | describe the current approaches to this
task along with their limitations. These limitations are particularly constraining in comparison
with the flexibility of human reasoning. Analogical model formulation overcomes these

limitations by using analogy during model formulation.

3.1 Model Formulation

Creating systems capable of the breadth and flexibility of human reasoning is one of the central
problems of artificial intelligence. The qualitative reasoning community has offerecegsogr
toward this goal by providing formalisms for reasoning with incomplete knowledge. An
important contribution of this community is formalizing the task mbdel formulation
(Falkenhainer & Forbus 1991). Given a scenario description, a domain thedrg, gurery,

model formulation produces scenario modelwhich consists of the relevant abstractions,
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processes, and causal relationships useful for answering the query.

Model formulation is not just applicable in qualitative reasoning, but it is ceontrgufntitative
reasoning as well. Consider the following question fidathematics in NaturéAdams 200}
AnHal f of a snowball melts in an hour. How |

at a coherent answer for this problem, theofwlhg simplifying assumptions are extremely

helpful:

1 Assume the snowball is a uniform sphere at all times. Therefore, the surface area of the
snowball is a function of the radius.

1 Assume the density of the snowball is uniform throughout. Thereforendiss of the
snowball is directly proportional to its volume.

1 Assume the mass of the snowball decreases at a rate directly proportional to its surface

area, and that no other process affects the melting of the snowball.

While each of the assumptions malsesise from a problesolving perspective, none of these

are deductively valid. As anshild will tell you, snowballs are hargacked making a uniform
density spherical snowball is virtually impossible. Also, once the snowball begins melting,
certain pa of the snowball will melt faster than others. However, using the above assumptions,
it is possible to formulate a model which allows one to answer that it will take 4.8 hours for the
snowball to melt. There are other potential models. An even sirmaléel would be that the

melting rate is constant throughout the entire process. But this simpler model would likely be

(0]

n



35

more erroneous than the model constructed here. Model formulation is the task of constructing a
scenario model to provide a useful aeswo a query about a given situation while minimizing

extraneous detail.

3.2 Traditional Approaches to Model Formulation

The initial approach to model formulatidras beerto create scenario models by hand. When
engineers needed to monitor or make predistiabout a particular mechanical system, they
would manually construct special purpose simulators. Changing the mechanical system or the

purpose of the simulator required rewriting all or part of the simulator.

To improve the reusability, one could comstradomain theoryto describe a class of systems.

The core of the domain theory consistsnobdel fragmentg¢Falkenhainer and Forbus 1991),
each describing a single phenomenon. Answering a particular query about a scenario can be
automated by (1) findig applicable model fragments, (2) instantiating them within the scenario
context, and (3) composing a scenario model. €bmpositional modelingprmalism is a vast
improvement over manually encoding a custom model for every of scenario and query. By
explicitly reasoning about assumptions, compositional modeling considers multiple levels of
detail and mutually exclusive models for the same phenomena (e.g. relativistic versus Newtonian
motion). Falkenhainer and Forbus (1991) demonstrated that compakitiodeling can reason

with large scale mukgrain, multiperspective models of engineering thermodynamics. Domain
experts provide the domain theory, including knowledge about the model fragments,
assumptions and approximations. Further compositiomaletmg research provides methods

for identifying the level of detail and perspectives to take in a scenario model. In the domain of
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electrical circuits, Nayak (1994) introducedusal approximationgvhich provide a monotonic

ordering between different rdels of the same object. This ordering enables tractable model
formul ati on. To | essen the burden on the kn
(1994) builds scenario models using a domain theory consisting solely of the domain variables

and infliences between them. Then using doragiependent constants, TRIPEL constructs the

simplest adequate model to answer a given prediction question about plant physiology.

Can these techniques account for the flexibility people show in their abiliiesrialate models

about the world? | believe not, for three reasons. First, traditional model formulation relies on
having a complete and correct domain theory. Even in engineering and science applications,
complete and correct domain theories can bigcdif to construct. This problem becomes much
more difficult when accounting for peopleds a
the number of model fragments and entity types is orders of magnitude larger than engineering
domains. The prass is even more difficult as new conceptual types are created all the time.
For example, before the year 2005, no knowledge base would have a concept for a WiiMote.
Second, work in model formulation tends to start with fairly abstract scenario desw;j#ig.

circuit schematics (Flore& Cerda 2000), instead of everyday entities. While this is fine for
engineering applications, the ability to create qualitative and quantitative models of everyday
situations is a hallmark of the flexibility of humamoplemsolving. Third, also due to an
emphasis on engineering domains, model formulation research has largely ignored learning.
Humans are constantly learning about new domains and applying their knowledge to reason

about the world. These limitations kea it unlikely that traditional model formulation
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techniques can account for hurdamel domain reasoning. The next section describes a method
to mitigate these problems of inflexibility by integrating analogical reasoning within the model

formulation pr@ess.

3.3 Analogical Model Formulation

The solution proposed here is to use analogy to drive the model formulation process. By
analogy, | do not mean credemain analogies, such as understanding an electrical circuit in
terms of mechanical systems. Insteaathin-domain analogies allow a new situation to be
understood in terms of a prior example. For example, given instructions for estimating the
melting time of an ice cube, one could apply similar modeling assumptions, approximations, and
abstractions tanodel the above scenario of the melting snowball. Specifically, if assuming
uniform density and a perfect cube shape proved useful to solving the melting time of the ice
cube, the problersolver would be wise to assume the snowball is also of uniformtgems a

perfect sphere. There are reasons to believe that this kind of-@dmain analogical reasoning

is ubiquitous during human common sense reasoning (Forbus & Gentner 1997). When faced
with a new problem, one is reminded of similar experiencdse explanations for these prior
experiences can be used to formulate a model for the new situation. The process of using an

analogy with a prior example to construct a model is calfedogical model formulation.
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Figure 2: Overview of Analogical Model Formulation (blue items are
inputs, purple items are processes, and orange items are results)

Figure2 describes this process of analogical model formulation. Given a problem description, the
process begins by retrieving an analogous example or examples using the computational models
of analogy and similaritpased retrieval discussed in Chapter 2. Thiscgss is guided
pragmatically to retrieve the sufficient analogue(s). E.g., if the retrieval does not provide the
means to understand the entire scenario, retrieve additional analogs focusing on the unmatched
aspects of the problem description. Nexg thodel formulation step uses inferences suggested

by the analogy between the example(s) and the problem scenario to make modeling decisions
concerning abstractions, assumptions, and causal models. Here, analogy bridges the gap
between the problem scermaind any available domain knowledge. For example, if an agent
has an abstract qualitative mechanics domain theory, but does not know how to map everyday
objects into the technical vocabulary of the domain theory, then the agent uses the analogy to

decidewhich abstractions are applicable to which objects in the problem scenario. On the other
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hand, if the agent does not have any domain knowledge, then the entire scenario model is
constructed by analogy with the example. Finally, the agent uses rule grabéehisolving

over the model to determine the solution for the query.

Analogical model formulation addresses the shortcomings of traditional model formulation
systems as follows. First, by relying on examples, analogical model formulation allekiates t
need for a complete and correct domain theory. It is-kvadivn in the knowledge acquisition
community that getting domain experts to tell stories (i.e., concrete examples) is considerably
easier than getting experts to articulate complete and cod@oiain theories. Second,
analogical model formulation can build scenario models of everyday situations. The breadth of
entity types is limited only by the underlying ontology. Third, analogical model formulation
provides a way to create systems that ic@nementally learn by making effective use of what
knowledge they have, even when it is incomplete. Extending the range of scenarios or domains

over which the system can reason requires only adding new examples.

3.4 Benefits of Integrating Analogy

While quditative reasoning has made many advances in generating and reasoning about models,
automating the model construction process is still a difficult task. This is especially true for
broad domains. The fact that people are able to form useful modelstlaboudrid all the time

highlights the importance of this problem. The use of experience in model formulation was first
proposed by Fal kenh aicrediility éxrapd®afionused erferariedseedh ai n e
in prior scenarios to bound the error afcurrent model. Through analogies with previous

experience, the model formulation process was informed about the consequences of the
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approximations and assumptions under consideration from its domain theory. Like other
compositional modeling efforts, Fk e nhai ner 6 s wor k stil | focused
the domain theory included the complete set of model fragments, assumptions and

approximations for the domain.

Analogical model formulation places analogy at the center of the model formupaboass.

The examples provide the scenario model with the assumptions, approximations, causal
relationships and equations. Analogical model formulation offers a promising approach to
account for the human ability to form models about the world around. th&his method
integrates existing analogical processing and mbdséd reasoning techniques. The systems
presented in the proceeding chapters utilize qualitative reasoning to derive solutions from
models, and leverage analogical reasoning as desaflima to make modeling decisions that

are otherwise difficult in broad domains.

In the next two chapters, | will present support for the hypothesis that analogical model
formulation provides a robust method for reasoning and learning in two domghn®latively

unconstrained scenariogveryday physical reasoning and AP Physics. The evaluations are
designed evaluate to what extent analogical model formulation allows a Companion with limited

domain knowledge to use examples to solve new problems.
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4 Everyday Physical Reasoning with Analogical Model Formulation

Evaluatingthe claims ofanalogical model formulatiorequires broadomains. Finding domains

which test the breadth of Al systems, while still allowing for progress, is difficult. The Bennett
Mechanical Comprehension Test (BMCT; Bennett 1969) is one such domain. The BMCT is
used to evaluate applicants for technical positions. BMCT problems consist of diagrams
depicting physical situations with multiple choice questions about their qualitatiperpes.

For concreteness, two examples of BMCT questions are illustrateguiad’. The BMCT is

broad in two ways. First, it involves a variety of domains, including statics, dynamics, acoustics,
heat, and electricity. Thigs the domain breadthproblem. Second, it involves a variety of
everyday objects and systems: Bicycles, railroad cars, cranes, hoists, boats, and many others.
This is everyday breadttproblem. This makes it a valuable domain for assessing everyday

physical reasoning, which is an important part of human common sense.

! To protect the security of the test, we cannot provide a full list of the problems used in this evaluation.
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Object-1304

Object-1305

(3]

Object-1302

Object-1301

Outcome Problem: Comparative Analysis Problem:
Which way will the ball go? Which crane is more stable?
A) down, B) right, or C) down and A) the left one, B) the right one, @) equally stable
right

Figure 3: Bennett Mechanical Comprehension Test problems

Figure3 illustrates the two general types of problems that appear on the BMCT. The ball problem
is an example of an outcome plem, which asks for a prediction about a property of a system.
The crane problem is an example of a comparative analysis problem, where the question
concerns a comparison between two (or three) situations, or two aspects of the same situation.
To solveeither of these problems requires moving from these everyday descriptions to a formal
model. Once the model has been formulated, these problems are straightforward. The ball
problem requires the addition of forcapplied by the peopleand the crane pbtem requires
comparing the horizontal distances between the bases of the cranes and their loads. The hard
part is formulating the right model. For both of these examples, many other parameters were
potentially relevant (e.g. the materials of the obj@utslved, the types of connections between
them, the kinds of surfaces they are resting on, etc). In the outcome problem, the types of objects
play a central role in determining the relevant abstractions. For example, if the ball was instead a
lake, theanswer would be drastically different. In the comparative analysis problem, one must

focus on the differences that are visible between the two scenarios, which requires understanding
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how conceptual properties (like stability) depend on visual propdtikesdistances). To be
successful on the BMCT, one must be able to form a broad range of models, integrating spatial
and conceptual reasoning, over a wide range of input descriptions. This makes the BMCT a

great domain for evaluating analogical modetrfalation.

This chapter describes how analogical model formulation allows a Companion to construct
models about a diverse group of everyday scenarios. This enables a Companion to perform
model formulation without a complete domain theory, as requiretitdditional firstprinciples

only qualitative reasoning. In addition to analogical model formulation, this chapter presents
two additional contributionsSketch annotationeommunicate linkages between visual and
conceptual properties in sketches, amelogical reference framesnable comparative analysis

to operate over a broader range of problems than prior techniques.

This chapter describes an experiment to see how well a Companion using analogical model
formulation could perform on a subset of thM@8T. The subset was chosen to minimize
encoding efforts while still allowing us to evaluate the performance of analogical model
formulation. The subset design and the analogical model formulation approach, which will be
covered in detail later in the gbt@r, pose both the everyday and domain breath challenges to the
Compani on. Il n addition to simply evalwuating
it is necessary to evaluate the claim that analogical model formulation is a robust solution. To
evaluate robustness, three people were used to provide the Companion with three different sets

of examples for analogical model formulation. Evaluating each set independently illustrates that
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this variation is important (i.e. the Companion is able toesatore problems with some sets of
examples than others). By combining the sets of exampéesan evaluatthe robustness in the

face ofpoorexamples.

| begin by describing the software systems and research this work draws upon: the sKEA sketch
undersanding system (Forbus & Usher 2002) and qualitative mechanics from Nielsen (1988)
and Kim (1990). The next section describes sketch annotations and how the examples are
created. This is followed by a detailed explanation of how analogical model formuistio
applied to BMCT problems. Before describing the probsaiving algorithm, | introduce
analogical reference frames to extend the range of applicable problems for comparative analysis
(Weld 1988. This chapter closes with a description of the expamninand a discussion of the

results.

4.1 System Components
4.1.1 Sketch Understanding with sKEA

Sketching is a powerful way to work out and communicate ideas. The nuSketch model (Forbus
et al. 2004) takes sketching to be a combination of interactive drawing aweptoal labeling.
While most sketch understanding systems focus on the problem of recognition, nuSketch
systems are based on the insight that recognition is not necessary intbthmaman sketching.
The sketching Knowledge Entry Associate (sKEA) was fitet opendomain sketch
understanding system. Anything that can be described in terms of sKEA's knowledge base can
be used in a sketch. For this evaluation, sKEA's knowledge base consists of a 1.2 million fact

subset of Cycorp's Cyc Knowledge Base, allhincludes over 38,000 concepts, over 8,000
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relations, and over 5,000 logical functions. The KB for this evaluate also includes
representations for qualitative physics, visual properties and relationships, spatial knowledge,
and analogical reasoningl'he breadth of this KB makes it an excellent platform for exploring
reasoning in a broad domains such as the Bennett Mechanical Comprehension Test, because the
entity types and relations necessary to defin

already defined, as opposed to having to generate them specifically for this project.

Glyphs are the basic constituent of sketchesglyfsh consists of itsnk, representing its visual
properties, and itsontent representing the conceptual entity dégicby the glyph. The content

can be instances of any of the concepts in the KB. Each sketch is divided into layers, which
decompose a sketch into pieces. For example, two systems being compared side by side would
be drawn in the same sketch, but dramndifferent layers. Sometimes systems must be viewed

at different levels of abstraction. In understanding how a wheelbarrow works, for example, it
makes sense to draw the individual parts, since each contributes differently to how it functions.
But if we are considering how hard it will be to lift a wheelbarrow, we need to consider the
wheelbarrow as a single rigid object. sKEA includes group glyphs, which introduce a new entity

to represent a selected set of entities, to handle such situations.

Using the electronicink, sKEA computes the following visual relationships between glyphs

(Forbuset al.2003):
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Qualitative topological relationships SsKEA uses the RCC8 algebra (Cohn 1996) to

describe the topological relationships between glyphs in a skeidRCC8, wo glyphs

might be disjoint (DC), touching exactly on their boundaries (EC), partially overlapping
(PO), equal (EQ), one completely inside the other (NTPP), or one inside the other but
their boundaries touching (TPP). With inverses for NTPE aRP, these eight
relationships completely characterize the possible connectivity relationships between two

2D regions.

Positional relationshipsRelationships such as above/below and left/right are computed

for pairs of glyphs that are adjacent. Acgncy is determined via a Voronoi diagram.

Visual grouping relationsThe RCC8 relationships naturally impose two visual grouping

relationships. Connected glyph groupsonsist of sets of glyphs that are pairwise PO or
EC with each otherContained ¢yph groupsconsist of the set of glyphs which are TPP

or NTPP with some larger glyph (called ttmntainerfor the group).

Orientations: An axis is computed for each glyph, which is characterized as primarily

vertical or horizontal, as appropriate.

Sizes: Each glyph in the sketch is classified as one of five qualitative categories, from

tiny to very large, depending on the distribution of glyph sizes in the sketch. This is done
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by computing the minimum bounding rectangle of each glyph normalizedsaghe

minimum bounding rectangle of entire sketch.

Sometimes the visual relationship between a pair of glyphs and the nature of their contents
implies a conceptual relationship between their contents. For example, if a glyph representing a
wheel is Edge Connected (EC}o a glyph representing the ground, then it is reasonable to
assume that the wheel is touching the ground. These sgsneéptual relationships represent
commonly used conventions for depicting situations in sketches (Fetbals2005). sKEA
automatically infers a large candidate set of relationships, and provides an interface for users to
select which of them, if any, is appropriatégure4 contains a screen shot of a user selecting the
enmeshedGears - Adjace nt relationship for a pair of gears. The selected conceptual

relationship is added to the predicate calculus representation for the sketch.

User supplied relationship

Which of the following best describes the relationship between Gear1066 and Gear1067?
‘{enmeshedGears-Adjacent Gear1 066 Gear1067) o

Figure 4. sKEA allows the user to specify the conceptual relationship between sketche:
entities

The result of drawing in SKEA is a sketch which contains the ink of the glyphs and a
corresponding case of predie calculus facts. These facts include the spatial relationships
concerning the glyphs as well as the conceptual relationships concerning the conceptual entities
depicted by the sketch. In addition, when reasoning about the sketch, sKEA acceptdaueries

additional facts to be computed on demand. For example, the ComparssK&gk when it
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needs to know the outside normal direction of a surface, the overlapping parts of two glyphs, or
the distance between two points. SKEA responds to these qbgrieseating a conceptual
representation that is tied directly to the ink of the glyphs. Given the spatial and conceptual

components of the BMCT, sKEA is an excellent platform for this task.

4.1.2 Qualitative Mechanics

Mechanics is traditionally concerned witbrées, motion, and how bodies interact. Qualitative
mechanics provides a set of abstractions (e.g., rigid body, surface normal, qualitative
descriptions of angle, etc.) that support qualitative reasoning about traditional mechanics
phenomena. The techalcvocabulary and model fragments of qualitative mechanics are part of
the starting endowment of the system, rather than as something to be learned. The qualitative
mechanics domain theory is drawn from (Nielsen 1988; Kim 1993). Sp