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ABSTRACT

This paper also appears in the Proceedings of the Fifth Internationai Confercnce on Mach~ine Learn-
ing. Ann Arbor. Michigan. June 1988.

The multiple explanations problem is central to explanation-based learning from imperfect
theories. In this paper, we present a new approach called active explanation reduction to deal with
this problem. Active explanation reduction involves the purposeful alteration of the world to gen-
erate new information. This new information will cause some of the explanations to become incon-
sistent with reality, thereby eliminating them from further consideration. Active explanation
reduction may also be viewed as experiment design. This paper presents a theory of experiment
design which is based on the principle of refztation. The theory describes three strategies for
designing experiments - elabration, discrimination and transormation. The theo'rv and an experi-
ment engine - an implementation of the theory - are illistrated using a detailed example which
involves constructing explanations from intractable theories. The relation of the multiple explana-
tions problem to the imperfect theory problems is dlSo described. Finally, active explanation reduc-
tion is evaluated based on four criteria - completeness. efficiency, tolerance of unavaiable data and

! feasibilit,.
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ACTIVE EXPLANATION REDUCTION:
An Approach to the Multiple Explanations Problem

I INTRODUCTION

Explanation-based learning [DeJongS6, Mitchell86] is a powerful learning technique which

involves 1) constructing an explanation for why a given example is an instance of the goal concept

and 2) generalizing the explanation to obtain an operational goal concept. The construction of the

explanation is a know ledge-intensive process requiring a complete and correct domain theory.

However. such perfect domain theories are rarely available in practice. Consequently. the success of

explanation-based learning hinges on the construction of explanations from imperfect domain

theories [Dieterich86. Mitchell86. Rajamoney87].

One of the important problems due to imperfect domain theories is the multiple explanations

problem: the explanation construction process yields a set of incompatible explanations for A hy the

given example is an instance of the goal concept. A standard explanation-based learning system

cannot handle the multiple explanations problem. Such systems either rely on a single explanation

or on multiple. but equally-valid, explanations from the domain theory. Any selection results in a

different, but correct. generalization. For multiple valid explanations. the selection of an arbi'rarv

explanation will not have major implications on the learning process. Multiple incompatible
explanations pose a difficult problem. The system cannot arbitrarily select an explanation since

selecting the wrong explanation will have profound implications on its subsequent problem soi\ ing
,, and learning behavior. Nor can it generalize all the explanations because then the problem solving

component will have a difficult time selecting the correct generalized rile.

I. The multiple explanations problem is central to explanation-based learning from imnerfe:1t

domain theories. Multiple explanations can be due to:

(1) Incomplete Domain Theories: The explanation constructor is forced to rrake assumpt:on.4 due

to insufficient knowledge. Each assumption can result in a distinct expianation.

(2) Intractable Domain Theories: The explanation constructor makes apprcximations to rm.ke the
.% explanation construction process tractable. But an explanation based on approximat~cns ca-

correspond to multiple explaations from the exact theory iad ng to pr(biems dur~no the
i ,". refinement of the approximations.

(3) Incorrect Domain Theories: The domain theory m'ay have incorrect generaliations .vchi :Ln

-r result in multiple explanations. r
Consider. for example. a robot that is cerating in the real 'korld Since it is rmpossihle .C

completely specify the state of the w,rid, it has to cperate under inLomplete infcr.nut: n. S'1pFo-e

it observes a string increasirg in lent-,r attached to a ,wall. In this case. it mav c-me up atna

number of explanations for the ircreaze in length of *he string. ' "e str:nrg i: hot t.nc ,: .....
:1 Codes

expanding. 2, The string is gro'x ing with 'ime like children do. 3) The sr n, is elastic and i m oeinc __

S.st Special

_N L
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pulled. If it were to arbitrarily select an explanation. then it may conclude incorretlv that all

strings age and may never learn about elastic strings. Or if it generalizes all the explanations, then

when it has to increase the length of a string it may decide to use the first generalized rule. In

which case. it may decide to heat the string.

One human method to combat multiple explanations is to activel. interact with the

environment. The interactions yield new data from the world which may eliminate some of the

explanations. Even when there are relatively few explanations. active pruning may be desirable.

Humans often perform cheap tests to head off undesirable possibilities. They heft a snowball

several times before throwing it or test the s. imming pool temperature wth a toe before diving in-

This paper proposes a method called active explanatiin reduction as a partial solution to the

multiple explanations problem. Active explanation reduction involves the purposeful interaction

ivth the world in such a way that observable behavior will dictate which of a number of

incompatible explanations corresponds to reality. 'his process can be looked upon as conducting

experiments in the world. The outcome of these experiments provide additional data which.

provided the experiments are suitably chosen. will be inconsistent with a number of explanations.

These explanations can then be eliminated from further consideration.

Central to active explanation reduction is the issue of experimental design. The experimental

design process must have several important features. First. it must be complete: if there is a way

to tease apart different explanations the design system should find it. Second, it rnast be tolerant of

unavailable data. Third, it should be efficient. Each experiment should evenly divide the

explanations so that significant information is acquired regardless of the experimenz's outcome.

1 Fourth. it shculd be practical. Lighting a match is not a reasonable way to tell whether a nearby

barrel con.ains water or gasoline.

Th:s paper presents a theory and an implementation of experiment design. The theory

describes three strategies for designing experiments - elaboration. discrimiration and

trcsformation. Tile theory and an experiment engine - an implementation of the theory - are

ilustrated using a detailed example.

II ACTIVE EXPLANATION REDUCTION

.Ac:ive explanation reduction is a technique for finding the explanation that is consis:en: wit'n
reahiv from a given set of candidate explanations. Figure 1 illustrates the major components of an

:* ' ac:i'.e exp 1anation reduction system. .ctive ex-iana on reduction involves the foilowng steps:

[a] Hypothesis Identification

lThis step involves the identification o: the h\'pctheses underl.ing the explanations. The

exrlanatuon constructor may ha. e made assumptions about the stare of The world and

generated explanations based on each hv.pohes.s. For example. in the case o; "he robot anc

the strro,. the robot h':pcthes:zed that the string may, be elastic, or is neing heated, or is

gro'w:nA if n hvpctheses , re made or if the hvotheses are difficull :o :sclate toen the

er.tire expianatic-. :s .reated as a h'x:,'-thes.s.

1 *,. *~ .g'-~ ~* ~ %%J'IJ~ ~%~'%'P ~U W
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EXLNAT ION mulple
CONSTRUCTOR 

,explanatons

ACTIVE EXPLANATION REDUCTION SYSTEM

EXPERIMENT
hypotheses DESIGN correct

SYSTEM hypothesis

single EXPLANATION
explanat on GENERALIZER

Figure 1: The block diagram for the active explanation reduction system.

[b] Experiment Design

Experiments are designed to test the hypotheses directly or indirectly by testing their

ramifications. One of the ramifications of a hypothesis is the original explanation itself.

Experiments yield new information from the real world. The next section describes in detail

the experiment design process.

[c] Explanation Refutation

The information obtained from the experiments can be used to reject hypotheses and the

explanations that were constructed based on those hypotheses. A hypothesis is rejected if it

entails ramifications not consistent with the results of the experiments.

A. Strategies for Experiment Design

There are three strategies for designing experiments to refute hypotheses:

[a] Elaboration:

In a given domain, there are usually some quantities that are easily measurable. In

elaboration, the quantity to be measured is selected according to the ease with which it can be

measured. Hypotheses that predict values for the quantity that are not compatible with the

measured value can be immediately refuted. This strategy does not guarantee that the designed

experiment will refuie a hypothesis since all the hypotheses may support the observed value or

may not make any predictions regarding the value of the quantity. Elaboration does nct involve

:,:mparing hypotheses during the design of experments since it is cost!y. Consider tne robot and

tlhe string example. Elaboration woulo reccmmend noticing the color of the string since it :s easily
¥.4'

V.U 'U -- *U 'r.'. ~*--*%~% .%h%~
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measurable. But since none of !he hypotheses predict a change in color of the string, the

experiment will not refute any of the h. potheses. On the other hand, if a set of hypotheses

predicted different changes to the level of water in a container, then elaboration would successfully

eliminate some hypotheses since it would recommend noticing the change in the level.

[b] Discrimination:

In discriminazion, a quantity is selected only if its measurement will help in the refutation of
Ihypotheses. Two values are said to be discriminable if a measurement can distinguish between the

two values. Discrimination involves the measurement of a quantity %k hich satisfies two crite:ia: 1)
"* A number of hypotheses should predict different and incompatible values for the quantity. 2)

These values should be discriminabie. A quantity that satisfies these two criteria is called a

discriminant. A discrimination experiment is guaranteed t) refute hypotheses if the values of the

discriminant can be grouped into sets of discriminable and mutually incompatible values and each

set has at least one hypothesis that predicts a value from that set. Discrimination is more effective

than elaboration, but may be much more expensive.

[c] Transformation:

It may not be possible to identify the correct hypothesis e% en after the space of measurable

quantities for the scenario has been exhausted. Tman ,rra:in of scenarios is a po'xerful technique

for experiment design. It involves modifying the original scenario in a well-specified manner, such

as. changing the values of the properties of the components of the scenario (changing the

concentration or amount of a solution), replacing compornents (replacing a container with a heat-

N _ insulated container) or re-organizing the manner in which the components are put together
-, *(sepzarat~rg t'w'o containers orig.ally connected by a pipe). The technicues of elaboration and

discrimination can then be used on the nex scenario to refute hypotheses. There are three

important consequences of creating a new scenario:

() Divergence of values: !iypotheses that previous: 5 predicted identical or in.iscrimmrabie
* , values for a quantity may predict different or dsqr-imnable values in the new scenario.

Ccn ider an example \, here the level of the water in a container is observed to be constant.

This may be explained by t%%o hypotheses: there are two equal flows a flow of wxater !n.(,

the container and a flo-A of water )ut of te container or there are no flows. If the scenario is

transformed into one in which one of the pipes attached to the container is made bigger (b\
Screning an .ittached valve vider) then each hvpcthesis prediu.- different and discriminablie

&o values for the le.el of the -aater in the container. If the first hypothesis is true and there :- a

flow of water through ,he pipe. then this flow 'v ill be increased in the transformed !cenari-.

The two flows will no longer be balanced resulturg in a ch:ange c" level of the ' a'her !r. -.,e

container. tt-wever, the transformation ' :11 ha.,e nc effec" :1t-e reond hv (thesis iN 're

V. The predic'ion in this case is t-at tne .e, e: ox xater " .1 re..ain L , -t.r,.

(2 Emergent observations: Quan :ies tha" c.uld n, he rre\ :cu . o,,h-er . ed

bec.,.e obsercable or measurabhe :n T.he ne', nario ( ,.'-er. r exampie. " rac:n. an

unkno'n rat', of .'\toing w ater. If a dce is a.dec o tie orioina. :i'er, t.en tie Ltior chGnr.es

Ula j\ d ~ e,~ ~* ~ ~ P * ..... .
*i* ** . * . :;
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in the water will enable the path to be traced.

(3) Differential discrimination: Differential discrimination involves the measurement of a

quantity that satisfies the following two criteria: ) There are a number of hypotheses that

predict the same value or indiscriminable values for the quantity in the original and the

transformed scenarios. 2) The manner in which the value or indiscriminable values was

reached in the transformed scenario is different and discriminable. The observations may be

reached much faster or more of the observed behavior may occur in the same time span as

compared to the other scenario. Thus differential discrimination involves the discrimination of

the second order behavior of a quantity across two scenarios. Consider the examole of the

robot and the string. Suppose the original scenario is transformed into one in which the robot

is pulling the string with a specified force. The hypothesis that claims that strings grov, with

time would predict the same increase in the length of the string in the two scenarios.

However, the hypothesis based on the elasticity of the string would predict a greater increase

in size in the second scenario due to the additional force exerted by the robot. Elaboration

woulc recommend observing the change in the length of the string (since it is easy to

measure). The experiment would result in the refutation of one of the two hypotheses

depending on *he observations made when the experiment was performed.

B. A Domain-Independent Experiment Engine

An experiment engine has been developed based on the model of experimentation described

above. The inputs to the experiment engine are:

(1) A set of hypotheses.

(2) An inference engine that accepts a hypothesis and a scenario and returns a set of Predictions

supported by the hypothesis for the given scenario.

(3 Domain-dependent knowledge: There are two major sources of domain knowvledge:

[a! A set of predicates that describe the quantities of the domain that can be measured or

observed, the values that are discriminable. the parameters cf a scenario that can be

transformed etc.

b b A set of scenario transf( rmation operators. A scenario transformation operator constructs z

nex ,cenario from a given scenario. It can change the quantities of some of the cmpo.ents

of the scenario eg. the concentration of a solution, the components of the scenario eg. repiaing
a sciution by a different solution or the manner in which the components are organized eg.

isolating tvo containers which were previously connected by a pipe. The:e operators endomx

the experiment designer with the abiit\ to constr's .e'0 scenarios.

The experiment engine uses elaboration. d:scrim:nati .n and tran dormation to desir.

experiments. Transformation of scenarios is viewxed as a piaining problem. The ritial stae :s the

given scenario and the goal s iate .s a transformed scenario, in %hich there .s adi-nram e ne."

observation, divergeni values or dscr:minahle first order or second orcer ;nav:or. Yne la.-. ;s.

sequence cf transformat;ons re;ulting in a scenari, satisfying .he coa: criterion. Both a ,eok
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method planning strategy (Breadth-First Search) and a knowledge-intensive strategy (based on

Qualitative Process theory [Forbus84]) have been implemented.

III REPRESENTATION OF THE DOMAIN THEORIES

Domain theories are represented using Forbus' Qualitative Process theory [Forbus84].

According to this theory, changes in the world such as boiling, cooling, heating, etc. are due to

processes. A process is composed of five pieces of information: individuals - a set of objects

participating in the process; preconditions and quantity conditions - a set of conditions that must be

* true for the process to be active and relations and influences - a set of statements about the world

that are true if the process is active. QP theory provides a language for representing domain

theories based or processes. Qualitative Process Engine (QPE) [Forbus86] is an implementation of

QP theory. It serves as the explanation constructor for the active explanation reduction system and

the inference engine for the experiment engine.' QPE provides a description of the behavior cf the

input scenario based on the specified domain theory.

Information required for elaboration and discrimination are supplied by predicates such as:

(easily-measurable ("change amount ?liquid) Scenario)

where "Scenario" refers to a class of scenarios for which this predicate is applicable. In QP theor,.

the values for changes to quantities such as temperature, pressure. concentration etc are represented

qualitatively as increase, decrease. constant or unknown. The predicates supplied to the experiment

engine are expressed in these values. For example. the information required by discrimination is

supplied in the form of a predicate:

(discriminable (increase amount ?liquid) (decrease amount ?liquid) Scenario).

For domains represented by QP theory, the experiment engine is supplied with a set of

transformation schemata. These schemata are general-purpose transformations on scenarios and are

indexed by" the type of the hypothesis. This is an example of a knowledge-intensive (but not

domain-specific) strategy used by the experiment engine in preference to :he default breadth-first

search strategy. Some of these transformations are:

(1) If a process is hypothesized to cause an observation then transform the scenario .nto a new-

one in which one of the preconditions of the process is negated.

4 (2) If a process is hypothesized to cause an observation then transform the scenario into a new

one in which the rate of the process is increased.

(3) If a hypothesized process entails an unobservable effect -hen transform the scenarno into a

new, one in ",:ich the unobserved effect can be observed.

(4) If two processes are hypothesized to balance a quantity then transform the scenario into a one
in ,-hich the rate of one of the processes is increased and the other rate is not increased.

t QPE wii .e :. Nra :e, -:i. ",l atl:re exo'a.-aa:cns -educ-.i, n svsiemn' see:,. C1rrrn-.:. 'he CX*J a. Cna 5a 37e re i"

17. ,' ecC .



Active Explanation Reduction Page -

IV MULTIPLE EXPLANATIONS FROM LNTR.,CTABLE THEORIES

The multiple explanations problem can arise when dealin With the intractable theory

problem. Doyle [DovleS6] describes an approach to the intractable theory pL blem. In his

approach, the domain theory is described at different levels of approximation. The most detailed

description of the theory is intractable. Each higher approximate theory is more tractable than the

lower detailed theories. The problem solver uses the most approximate theory during problem

solving. When it fails, it obtains an explanation for the failure from the more detailed theories and

"e uses this explanation to refine the approximate theory. The approximate theories reflect the level of

detail required by the problem solver and, at the same time. are tractable. However. his approach

makes a critical assumption - there is only one explanation from the detailed theory corresponding

to the failure. This is not valid in most cases. In general, there will be a number of explanations fur

the failure and it will be necessary to identify the correct explanation to correctly refine the

approximate theory.

A. A Detailed Example

This example describes the multiple explanations problem due to intractable theories and i.-

from tbhe domain of chemistry. The initial domain theory of the system includes processes for heat

V, flow. electricity flow and chemical reaction. The approximate theory has a naive notion of a

chemical decomposition reaction shown in figure 2. The detailed theory breaks this up into three

different processes: 1) Catalytic decomposition - a catalyst, not changed by the reaction, is required.

The rate of the reaction depends on the amount :f catalyst in contact with the decomposing

substance. 2) Heat decompositicn - heat is required. The rate of the decomposition depends on the

"- rate at which the heat is supplied. 3) Electrical decomposition - an electric current is required. The
* rate of the react-on depends on the magnitude of the current that is passed through the solution.

I Suppose the task is to produce a large quantity of oxygen - a substance that is in great

demand in industry. However, initially the problem soling system does not have a method for

producing oxygen. It is then shown a scenario where oxygen is produced from water 'figure 3).
The explanation constructor tries to explain the generation of oxygen using ;ts naive theory of

chemical decompos;tcn (figure 2. In this case. it fails since it knows that under normal conditions

, water does not decompose into hvdrc.,en and oxygen. It then explores the more detailed ",heory

(icgure 2) and finds three different explanations (figure 4) corresponding to the knoxn types cf

decomposition reactions: 1) the decomposition is due to the heating of water. 2) tfe decomposition

is due to The electri, current. or 3) the decomposition is due to the presence of platinum which

served as a catalyst.

Note that sirmple-minded approaches to the multiple explanations problem will not work.

Suppse the learning system selects an arbitrary explanation and uses that to form a new Frcess.

If has made t!Ie w vrcng choice, for example, using the catalytic decomposition exrlanation instead

- of the correct eiectric:ty decomposition explanat:on. :hen the problem solver will try tc genera:e

ox-gen addnz .latinum to water and ii fail. Alternatively. suprose the learning systemn uses
a conjNOnctin of the hCpothe'e to form the new gereralized process. Then the problem solver w.lla~~~Te problemson o th hyeth -: t

, aP
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I Naive Decomposition:
Individuals:

?substance ?productl ?product2 Heat Decomposition:
Preconditions: Individuals:

(decomposes ?substance) ?substance ?heat-f low
Quantity Conditions: ?productl ?product2
Relations: Peodtos

rate 0- amt(?proustlc) (decomposes-With-heat ?substance)
rate 0- amt(?product2) Quantity Conditions:

rateQ- at(?rodut2)(> (temp ?substance)
Influences: min-deconTposition-temp)

I+ (amt(?producti), ratel Relations:
1+ (amt(?product2), rate] rate 0+ amt(?substalce)
I- [amt (?substance), rate] rate 0- amt(?productl)

rate 0- amt(?product2)
rate 0+ rate (?heat-f low)

Influences:
I amt (?productl1): rato]
Iamt(?product2). ratel
Im(sbsac) 

rIe-at(?substance), rate]
I-ha ?usac) ae

Catalytic Decomposition: Electricity Decomposition:

Individuals: Individuals:
1?sbtne?catalyst ?substance ?eiectrilty-flow .

?productl ?product2 ?productl ?product2
Preconditions: Preconditions:

(decomposeS-WIth-catalyst (decomposes-with-electrity
?substance ?catalyst) ?7susbstalce)

Quantity Conditions: Quantity Conditions:
-Relations: 

(active ?elect ricity-f low)
rate 0+ amt(?substance) Relations:
rate 0l- amnt(?productl) rate 0+ amt (?substance)
rate 0- amt(?produ=2) rate 0- amt(?producil)
rate 0+ contact-area rate 0- amt(?product2)

(?cataiyst ?substance) rate 0+ rate (?elect ricity-f low)
Influences: Influences:

It [atrductl). rate] I+ amt(?productl), rate]
1+ (amt(?product2). rate] I+ i amt(?product2), rate]
I- tamt (?substance), rate] I- ramt (?substance), rate]

C Figure 2: The two different theories used by the expia nation constructor. The naive decomposition

react'm corres-ponds to three differen: reactions in the Jetailed Lteory. The heat decompcsitlon

reaction requires a heat flow, to provide the heat. The catalytic decomposition reaction requires a ca-

talyst. The electrcity decomposition reaction requires a direct electric current through the solu-

tion. According to QP theory notation. "Qt% Q+ Qtv2" means that Qtyl is irectly qualtatively
proportional to Q~y2. that is. Qtyl1 is increasing monotonically with Qtv2. *I- Qt%.l Qty2" means

that Qtyl is directly iniuenced by Qtv2. The direct influences of Qtvl are spec,.fied cnly ;n the

processes that cause Qtyl to change.
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Idk

Switch

Electricity Hydrogen
Flow

//

,'W ter

OxygenW 

te

.- . -.

Heat Flow

Gas Burner Dial

Figure 3: The scenario describing the observed production of oxygen. There are two active p. ocesses

- a heat flow from a gas burner and an electricity flow through water from an external batter.

I .be able to generate oxygen but will fail for other products in which the original substance is

destroyed bv heating or mixing with platinum. Besides, the problem solver will do unnecessary

work try,,ng to acnieve goals such as generating a heat process and obtaining platinum. Integrating

all the hypotheses together using a disjunctive precondition is not a satisfactory solution either.

Each process has characteristics that are not shared by others - for example. heat decomposition

reaction precicts that the decomposition will proceed faster if the rate of heat supplied is increased

and this is not true in the case of the electricity decomposition reaction or the catalvt:c

"- deczmposit-cn reaction. Therefore, it is crucial that the learning system isolate ihe correct

expianation.

The explanation constructor gives these three explanations to the active explanation reduction

module. The active reduction explanation module retrieves the three hypotheses that the

explanation constructor maje about the nature of the decomtosition of water - it is 1) catal'tic

decompositrn 2) heat decomposition or 3) electrical decompcstion. These hypotheses are tested by

the exper:rr.ent engine. All the predictions obtained from the inierence engine for the given scenar ,

(the original scenario) zte supported by the three hypotheses. Direct elaboration and discrim;natucn

fai'. The ex-erment engine now tries to transform the scenar:o. The exper:ment engine needs to
#ncx if one of the three decomposi::cn reactin processes is active and ,s causing 'he genera'ion cf

,p":d..t. Suppose the heat burner :annot be turned off but the heat supplied ca. be increasec cr

, C . . . ..**~.... ........... ......... . .
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decreased. The first transformation strategy described in the section 3 cannot L-e applied to the heat

flow process because experimentation does not have the capability to construct a scenario with an.

of the preconditions of the heat flow process negated. Instead, it uses the second transformation

strategv which is based on the rate of the decomposition. It transforms the scenario to a new

;scenario in which the heat from the burner has been increased. The inference engine now predicts

that under the heat decomposition hypothesis oxygen A ill be generated at a faster rate in the new

scenario as compared to the old scenario since the rate of the decomposition depends on the rate at

which the heat is supplied. However. under the other two hypotheses both these rates will be the

same since the decomposition rate is not affected by heat. Differential discrimination on the new

scenario and the original scenario will recommend comparing the rate at which oxygen is generated

in each scenario. When they are determined to be the same the heat decomposition hypothesis is
refu'.ed.

re 'The experiment engine is then left with two hypotheses: the catalytic decomposition

hypothesis and the electrical decomposition hypothesis. The transformation strategy prexiously

used can be reapplied to the catalytic decomposition process. The rate of this reaction depends on

the surface area of contact of the catalyst with the reactants. The transformation strategy will

suggest a new scenario in which the surface area of contact between water and platinum is

(increase amt oxygen)
(+ (amt oxygen) catalytic-decomposition-rate)

(active catalytic-decomposition)

"; (decomposes-with-catalyst water platinum)"" :Hypothesis

(increase amt oxygen)
(+ (amt oxygen) heat-decomposition-rate)

(active heat-decomposition)
(decomposes-with-heat water)

:Hypothesis
(greater-than (temp water) (min-decomposition-temp water))

:Premise
(increase amt oxygen)

(+ (amt oxygen) electricity-decomposition-rate)
(active electricity-decomposition)

Y . - (decomposes-with-electricity water)
:Hypothesis

(active electricity-flow)
V<explanation I >

Figure 4: The three explanations based on catalytic decom-ositicn. heat decomposition and electrical

decompositi, n of water.

%
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increased - for example, by breaking the original platinum pieces into several smaller pieces or by

using a larger piece. Under this transforTmation. the catalytic decompcs:tion hypothesis will predict

that oxygen is generated at a faster rate in the second scenario. However. the electrical
decomposition hypothesis will predict that the two rates will be the same. An experiment based on

differential discrimination will recommend comparing the rates at which oxygen is produced in the
two scenarios. When they are determined to be the same the catalytic decomposition hypothesis is

refuted.

As it happened, the system chose the first two experiments based on the catalytic and heat

rw decomposition h',Ipotheses (since it had no a priori information about which of the three hypotheses
io is more like,,.). The eiectrical decomposition hypothesis could also have been tested by

transformation and discrimination. Based on the first transformation strategy described in the
previous section, the original scenario can be transformed into a new scenario in which one of the

preconditions of the electrical decomposition process is negated. Suppose. the original scenario is

transformed by turning off a switch thereby breaking the path of the electric current. Then the

electric decomposition hypothesis will predict that the amount of oxygen will not change - that is.

. no more oxygen will be generated.

.5. ,Thus. the experiment engine found that the decomposition reaction is due to the electric

current. Doyle's approach and explanation-based learning can now be used to incorporate the
generalized version of the explanat.on into the naive theory. In addition, the system has learned

through experimentation that water decomposes when an electric current is passed through it -

domain-specific information which it did not have previously.

V EVALUATION OF THE ACTIVE EXPLANATION REDUCTION TECILmQUE

Experiment design is the central theme behind active explanation reduction. The experiment

design zysterr :s evaluated based on the four criteria proposed earlier: 1) completeness 2) efficiency
* 3) tolerance of unavailable data and 4) feasibility.

Completeness

The experiment design system will find an experiment to discriminate between two

explanations. ii it exists. if 1) The predicates supplied to the system are complete and correct -

all quantities that can be obser',ed or measured are kno,-n to the system. 2)The
transformation operators or the transformatior. stra-egies, if supplied, cover the space cf

scenarios that can be constructed. 3) The inference engine provides all the Tredictions that are

possible for the Riven scenario. Completeness car. be sacrificed for efficiency by 1) using a
heur:stic search or beam search for the transformation of scenarios and 2) examining only a

selected set of predictions from the infcrence engine.

Efficiency

ie e rimert desi~n system .. i2 Iroduce the I e ,est ex; . i mer.t3 if for each experiment :t

selects those quantities t) masure and those "ra.sfcrnaticns to make that ,vill lea-.4 to a
rmaxi'r.um number )f hypotheses V-eg refuted. He-refer. This will require a pr:ori

g:
! ****
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information about how the world is going to behave. Instead. during discrimina-icn. :i tlere

are many quantities that can act as discriminants. the system selects the discr:ninant \Vhih

will divide the hypotheses equally. This will iead to a maximum number cf hypotheses be'ng
refuted if all of the observations are equally likely. Transformation can be made efficient by

using a good transformation strategy that proposes transformations that yield discriminabie

behavior. For example. the transformation strategy that constructs new scenarios by negating

conditions of a process when the process is hypothesized to cause an observation yields

discriminable predictions about the observed quantity.

Tolerance of unavailable data

The experiment design system should be capable of constructing other experiments if the

present experiment fails to yield any information. If the system is complete and another

experiment exists then the system will find it. Redundancy can also be built into the

transformation strategy. For example, if negating the precondition is not feasible, then the

system can construct a new scenario in which the rate of the process is varied.

Feasibility

The experiment design system should propose only those experiments that are feasible or

practical in the real world. The predicates supplied to the experiment design system

determine which experiments are feasible. Since, the two basic techniques, elaboration and

discrimination, will construct experiments to measure quantities based on these predicates, if

they are correct then the experiment is feasible. Transformation also uses 'he supplied
predicates to check if the proposed scenario construction is feasible. For example, while

corstructing scenarios to vary the rate of the process. the system checks whether the

parameter to be varied, such as the dial on the gas burner, is manipulable in the required

manner.

NI RELATED WORK

The current work shares a superficial similarity with -he BACON system of Langley

[Langlev.811. While both propose experiments to gain crucial missing information. BACON does not

do so in the context of a qualitative model of the world. Similarity with the later syste.ns of

NGLAUBER [JonesS6] and STAHLP [Rose86] are deeper but less obvious. The purpose of these
s'stems is theory formation and refinement and. therefore. their processing is initiated by rather

different wori1: situations. There are also important differences in internal processing. NGLAUBIlR

uses a data-driven clustering algorithm to generate rules for observed data. ane STAIILP does not

-. perform experiments but rather relies on minimizing a ccst function to decide among competing

conjectures. A more recent discovery system. IDS [NordhausenS71] also proposes experiments tc

gather data. However. the experiments are motivated towards *.e discovery of new,, phenomena

and. unlke our system, are not directed toxards the refutation of weii-ft rmed hypotheses. Also.
our experimentation design system is based on a theory of experiment design that includes

elaboration, discrimination and transfcrmation. Carbonel and Gii [(Ca rcn!:h7 ha\e recentl

proposed a system that learrns new prec .nditions and postccndit;ons for STRIPS-like -perators i-'.

M|1
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experimentation. Their experimenta-ion involves ccmar:n. states of the world to identify

differences. Again, unlike our system, their experiment cesign' is not based on the refutation of

h- potheses and a ,heor of experiment design. Our apprcach is aiso related to the determinatios of

[RussellS7]. Whereas, Russell assumes the presence of examples to find which disjunction leads to

the generalized concept, our experiment design system automatically generates such examples.

VII DISCUSSION

We have outlined a method to cope with multiple explanations which arise in the normal

process of explanation construction from imperfect theories. The approach. called Active
Explana.ion Reduction. would be invoked by an explanat-on-based learning system confronted with

multiple incompatible explanations. When invoked, the system identifies measurements which

would serve to disambiguate among the postulated alternatives. The system then proposes

experiments by which these measurements can be obtained. A major portion of the research

contribution addresses the problem of experimenzal design.

t~e Active explanation reduction is a general technique that has been used to deal with problem,;

in machine learning and qualitative reasoning. Apart from the intractable theory problems, it has

also been used to deal with multiple expianations due to incomplete and incorrect theory problems.
The explanations in these cases are based on hypothesized revisions to the imperfect theory and the

*active explanation reduction technique identifies the correct revised theory. Active explanation

reduction has also been applied to problems within qualitative reasoning tasks such as envisionment

and measuremen inter vretation. Such tasks are swamped by a large number of possibilities due to

, + the ambiguous nature of qualitative reasoning. Experimentation is used to obtain the information

required to eliminate those possibilities that are inconsistent with reality, thereby making the
reasoning tasks more tractable.

Continuing research includes the construction of a model ,f theory refinement to deal "with
the incomplete and incorrect theory problems based on Fcrbus' QP theory [ForbusS-l. The

resulting system has a similar motivation to STAttLP [Rose 6] but is experimentally oriented.

Qualitative reasoning, and QP theory in particular. rely on an accurate description of all the
Frocesses ox a domain. !f the theory is flawed - for example. a process is missing. a -recondition is
incorrect, or an influence is missing then discrepancies may arise between predic'ions of the .odel

and observations of reality. In general there will be many different changes to the theory that

remove the anomaly. Each change may result in a distinct cualiative theory. The resulting

theor'es form a set of ambiguous hypotheses. We are extending the ADEPT system [RaJamnionevS8]

--- to integrate our notions of active exrlanaticn reduction to experimentally determine which of the

various hypotheses correspond to reality.

I.
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