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ACTIVE EXPLANATION REDUCTION:

An Approach to the Multiple Explanations Problem’

Shankar A. Rajamoney’
Gerald F. Delong

Artificial Intelligence Research Group
Coordinated Science Laboratory
University of lllinois at Urbana-Champaign
1101 West Springfield Avenue
Urbana, [I. 61801

April 1988

ABSTRACT

This paper also appears in the Proceedings of the Fifth International Conference on Mackine Learn-
ing. Ann Arbor, Michigan, June 1988.

The multiple explanations problem is central to exrlanation-based learning from imperfect
theories. In this paper, we present a new approach called active explanation reduction 10 deal with
this problem. Active explanation reduction involves the purposeful alieration of the world 1o gen-
erate new information. This new information will cause some of the explanations to hecome incon-
sistent with reality, thereby eliminating them from further consideration. Active explanation
reduction may also be viewed as experimen! design. This paper presenis a theory of experiment
design which is based on the principle of rejuration. The theory describes three strategies for
designing experiments - elaboration. discriminarion and trarisformarion. The theoryv and an experi-
ment engine - an implementation of the theory - are illustrated using a detailed example which
involves constructing explanations from intractable theories. The relaticn of the multiple explana-
tions problem to the imperfect theory problems is also described. Finallyv, active explanation reduc-
tion is evaluated based on four criteria - completeness. efficiency. tolerance of unavailable data and
feasibility.

* This research was parsaiy supperied Hv the OSce of Nava: Research uncer grant N-Ou014 x6 K 0309,

P Un versity of Liinaws Cognitive Sc.ence. Artidcial Inteiligence Fellow.
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4 ACTIVE EXPLANATION REDUCTION:

:

! a An Approach to the Multiple Explanations Problem
B
A
B % 3
) & I INTRODUCTION
' Explanation-based learning [DeJong86, Mitchell86] is a powerful learning technique which
X g involves 1) constructing an explanation for why a given example is an instance of the goal concept ,
"n o and 2) generalizing the explanation to obtain an operational goal concept. The construction of the :
%" & explanation is a Knowledge-intensive process requiring a complete and correct domain theorv. )
‘N :; However. such perfect domain theories are rarely available in practice. Conseguently. the success of

explanation-based learning hinges on the construction of explanations from imperfect domain
N R theories [Dietterich86, Mitchell86, Rajamonev87]. '

{ B
:':v One of the important problems due 1o imperfect domain theories is the multiple explanations
.:, E problem: the explanation construction process vields a set of incompatible explanations for why the A

i given example is an instance of the goal concept. A standard explanation-based learring system
:' . cannot handle the multiple explanations problem. Such svstems either rely on a single explanation '
X :: or on multiple. but equaily-valid. explanations from the domain theory. Any selection resuits in a '
:.. - different, but correct, generalization. For multiple valid explanatiorns. the selection of an arbiirary
" explanation will not have major implications on the learning process. Multiple incompatible
" i explanations pose a difficult problem. The svsiem cannot arbitrarily select an explanation since
“; " selecting the wreng explanation will have profound implications on its subsequent problem soiving
-" ::_ and learning behavior. Nor can it generalize all the explanations because then the probiem solving
. ) component will have a dificult time selecting the correct generalized rule. t
. ’» The multiple explanations problem is central to explanation-based learning from imperfe:t -
" % domain theories. Multiple explarations can be due t0: |
3 ) (1) Incomplete Domain Theories: The explanatior constructer is forced to mane assumptions due
Y 3"‘5 to insufficient knowledge. Each assumption can result 1n a distinct explanation.

X,

- = (2) Intractable Domain Thecries: The explanaticn constructor makes cppreXimations 10 meke the .
;\‘ :vj explanation construction process traciable. But an explanation based on approximaticns ca= .
3 correspond to mullipie explarations from the exact theory irading to prebiems during the
3 :'_:: refinement of the approximations. -~ y

L
3 ¢ (3} Incorrect Domain Theories: The domain theoryv may have incorrec: reneralizations nhwhoen \? I

f o result in multiple explanations. 0O
j , - Consicer. for example. a robot that is cperauing in the real world Since it is impossible ‘¢ _ o
Ao compietely specify the state of the worid, 1t has to cperate under incomplete iafermation. Surpose e
i- it observes a string increasiry in length attached to a wall. In this case. it mav come Up #iln &~
;': number of exrlanations for the increase 1n length of he simng. 1 Tre siring iy hot anc o - - - T
:s' expanding. 2J The siring is growing with uime like children do. 3) The siring is elastic and 1< Seing Codes.

:.: a - ;.n'a_;‘.‘ wud/or .
.:: /’ - N -!stt Special .
g Ca) -\ |
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Active Explanation Reduction

pulled. If it were 1o arbitrarily select an explanation. then it mayv conclude incorrectly that all

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

when it has 10 increase the length of a siring it may decide to use the first generalized rule. In

“w o
.n -
-

which case. it may decide 1o heat the string.

- o>
- o

X W Wy

One human method to combat multiple explanations is tc actively interact with the

-

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

1
ot ]

¥ 5

explanations. Even when there are relatively few explanations. active pruning may be desirable.
Humans often perform cheap tests to head off undesirabie possibilities. Theyv heft a snowball

several times before throwing it or test the swimming pooi temperature with a toe before diving 1n.

27

This paper proposes a method called active explanaticn reduction as a partial solution 10 the
multiple explanations probiem. Active explanation reduction involves the purposeful interaction

=S

with the world in such a wayv that observable behavior will dictate which of a number of
incompatible explanations corresponds to reality. This process can be looked upon as conducting

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

e

provided the experiments are suitably chosen. will be inconsistent with a number of explanations.
These explanations can then be eliminated from further consideration.

Ly

Central to active explanation reduction is the issue of experimental design. The exper:mental
design process must have several important features. First. it must be complete: if there is a way
1o tease apart different explanations the design system should find it. Second, it must 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 experimen!’s outcome.

‘\a"l;‘f

Fourth. it shruld be practical. Lighting a match is not a reasonable way to tell whether a nearby
barrel contains water or gasoline.

A

.

This paper presents a theory and an impiementation of experiment design. The theoryv

1
-

describes  three sirategies for designing experiments - elaboration. discrimination and

113

transformarion. The thecry and an experiment engine - an implementation of the theorv - are

e

Jllustrated using a detatled example.

1]

II ACTIVE EXPLANATION REDUCTION

'y
.-

Active explanation reduction is a technigue for finding the explanation that 1s consistent with

realitv from a given set of candidate explanations. Figure 1 illustraies the maj>r components of an

{9y

r

active explanation reduction system. Active expianaltion recuction involves the foilowing steps:
{a] Hypothesis Identification
This step involves the identification o the hypctheses underl.ing the explanations. Thae
exrlanation censtructor mayv have made assumptions about the state of the world and
generated explanations based on each hyvpothesis. For exampie. in the cuse o ‘he robct and
the string. the robot hypcthesized that the siring may be elasuic. or s being heated, or iy
growing H no hypetheses were made or if the hvpotheses are difficult 10 :sclate toen the

entire exyianaticn s treated us a hvpothesws,

0 . . . e e o "Lty r e . A G T W Ly N L Y [ & oy
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Active Explanation Reduction Page 3

EXPLANATION »
CONSTRUCTOR

muitiple
axplanations

ACTIVE EXPLANATION REDUCTION SYSTEM

single EXPLANATION
explanation GENERALIZER

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

[b] Experiment Design

Experiments are designed to test the hypotheses direc:ly 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 ihe
explanations that were constructed based on those hyvpotheses. A hypothesis is rejected if 1t
entails ramifications not consistent with the resuits of the experimeants.

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 Qquantities that are easily measurable. In
elaboration, the gquantity to be measured is selected according to the ease with which it can be
measured. Hypotheses that predict values fcr the gquantity that are not compatible with the
measured value can be immediately refuted. This strategv does not guarantee that the designed
experiment will refuie a hypothesis since all the hypotheses may suppor! the cbserved value or
may not make an) predictions regarding the value of the quantity. Elaboration does nct involve
comparing hvpotheses during the design of exper.ments since it is cosily. Consider iae rebot and
the string example. Elaboration would reccmmend noticing the color of the string since it :s easiiy
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Active Explanation Reduction Page 4

measurable. But since nore of the hypotheses predict @ change in culor of the siring, the
experiment will not refute any of the hypctheses. On the other hand, if a set of hvpotheses
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 discriminaiion, a quantity is selected only if its measurement will help in the refutation of
hypotheses. Two values are said 10 be discriminable if 3 measurement can distinguish between the
two values. Discrimination involves the measurement of a quantitv which sauisfies 1wo criteria: 1)
A number of Lvpotheses should predict different and incompatible values for the quantity. 2)
These values should be discriminable. A guanuity that satisfies these two criteria 1s called a
discriminant. A discrimination experiment is guaranteed 1> refute hypotheses if the values of the
discriminant can be grouped into sets of discriminable and mutually incempatible values and each
set has at least one hvpothesis tha! predicts a value from that set. Discrimination is more effective

than elaboration, but may be much more expensive.
{c] Transformation:

It mayv not be possible to identifyv the correct hyvpoikesis even after the space of measurable
quantities for the scenario has been exhausted. Iransformation of scenarios is a powerful 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 sclution). replacing components (replacing a container with a heat-
insulated container) or re-organizing the manner in which the components are putl together
(separatirg tac containers origirally connected by a pipe). The technigues of elaboration and
discriminaticn can ther be used on the nea scenario to refute hvpotheses. There are three

importan' consequences of creating a new scenaric:

(1) Divergence of values: }ivpctheses that previousiy predicted identical or indiscriminable
values for a guantity may predict different or discriminable values in the new scenario.
Ccrnsider an example where the levei of the water in a contairer is observed to be constant.
This may be explained by two hypcotheses: there are twe equal fiows a flow of waler inte
the container and a flow of water d>ut of (e container or there are no flows. If the scenario 1s
ransformed into one in which cne of the pipes attached io the container is made bigger (byv
cpening an ctiached valve wider) then each hvpethesis predicis different and discrimirabie
values for the level of the water in the contaner. If the first hvpothesis is true and there i< 4
flow of water through the pipe. then this fow will be increased 1n the transformed scenario.
The tao flows will no longer be balanced resulting in a change of level of the water in the
container. Hrwever, the transformation w:ll hate ne effect i 1ne second hvpcthesis s true

The prediction 1n this case 1s thal tae (evel 3! aater w.! remain canstent.

t2  Emergent observations: Quaniilies that ¢ould not he rrevicusly corserved v meusurad

beicme ckservable or measurahie mn the new siznario, L nscer, for exampie. traaing an

unkaowr rail of dowing water. IT 4 dye s addec 10 the orivina: water. then 1he coior chanyes
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t; in the water will enable the path 1o be traced.
N . R
E (3) Differential discrimination: Differential discrimination involves the measurement of a
K quantity that satisfies the following two criteria: 1) There are a number of hyvpotheses that
\
* predict the same wvalue or indiscriminable vaiues for the quantity in the original and the
N
',“ % 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
volk ) reached much faster or more of the observed behavior mayv occur in the same time span as
G o . . . . L . . . L .
iy '~ compared to the other scenario. Thus differential discrimination involves the discrimination of X
v . . . :
:I' the second order behavior of a guantity across two scenarios. Consider the example of the )
¥ o2 . - . . . :
:‘: o robot and the string. Suppose the original scenario is transformed into one in which the robot
Ty
is pulling the string with a specified force. The hypothesis that claims that strings grew with
;: E time would predict the same increase in the length of the string in the two scenarios.
::’; However, the hvpothesis based on the elasticity of the string would predict a greater increase
o in size in the second scenario due to the additioral force exerted by the robot. Elaboration ,
¥ a woule recommend observing the change in the length of the string (since it is easv to '
" measure). The experiment would result in the refutation of one of the two hyvpotheses
5 dependirg on the observations made when the experiment was performed.
SN
4 B. A Domain-Independent Experiment Engine ‘
d
\ . . . . .
i An experiment engine has been developed based on the modei of experimentation described
Yo above. The inputs to the experiment engine are:
- P :
1
2 ,
- (1) A set of hypotheses. 1
o -
; < (2)  An inference engine that accepts a hypothesis and a scenario and reiurns a set of predictions
) . supported by the hvpothesis for the given scenario.
> : . .
p ot (3} Demain-dependent knowledge: There are two major sources of domain knowledge:
d
.
0 .. [a]l A set of predicates that describe the quantities of the domain that can be measured or i
SN s \ S . . .
~ observed. the vaiues that are discriminable. the parameters cof a scenario thal can bve
transiormed elc.
N .
» : bl A set of scenario transfcrmation operators. A scenario transformation cperator coastructs a
Ao . : : . :
" new »cenario from a given scenario. It can change the quantities of some of the components
o . . - N
LN of the scenario eg. the concentraticn of a solution, the components of 1he scenario eg. repiauing
v 0 a sciution by a different sclution or the manner in which the components are organized eg.
isclating tvo containers which were previcusly connected by a pipe. These operators endow |
S : . . . '
-,.: the experiment designer with the ability 10 cOnSir It new scenarios. .
PN
2 The experiment engine uses elaboration. discriminatien and transformation 1o design
) experiments. Transformation of scenarics is viewed as 2 piaaning problem. The initial state s the
- ¢ given scenario and the geal state 1s a transformed scenarid in »'hich there s a divcmiminahie newa
X _ . L ,
}:p n observation, divergent values or cdiscriminable first order >r second orger »ehavior. The flan s« !
W e
: , . : o {
A ﬁ sequence ¢’ transformations resulting 1n a scenario satisfving the goa: criterion. Beth a week \
‘:y '
l.’
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Active Explanation Reduction Page 6

method pianning strategy (Breadth-First Search) and z knowledge-intensive strategy (based on

Qualitative Process theory [Forbus84]) have been implemented.

III REPRESENTATION OF THE DOMAIN THEORIES

Domain theories are represenied 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 on processes. Qualitative Process Engire (QPE) {Forbus86] is an implementation of
QP theory. It serves as the explanation constructor for the active explanation reduction svstem and

the inference engine for the experiment engine.! QPE provides a description of the behavior of the
input scenaric 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 "Scenaric” refers to a class of scenarios for which this predicate is applicable. In QP theory,
the values for changes 10 guantities such as temperature, pressure. concentration etc are represented
qualitativelyv 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 bv QP theory. the experiment engire is supplied with a set of
transformation schemaia. These schemata are general-purpose transformations on scerarios and are
indexed by the tvpe of the hyvpothesis. This is an example of a knowledge-intensive (but not
domain-specific) strategy used by the experiment engire in preference to the default breadih-first

search strategv. Scme of these transformations are:

(1) If a process is hvpothesized 10 cause an observation then transform the scenario .nto a new

one in which one of the preconditions of the process is negated.
)y g

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

one in which the rate of the process is increased.

(3) If a hypothesized process entails an unobservable effect then transform the scenario into a
new one in waich the unobserved effect can be observed.

(4) If two processes are hyvpothesized 10 balance a quantity then iransform the scenario into a one

in which the rate of one of the processes is increased and the other rate is noi increasec.

Y QPE will oe imtegrated with e aclive ex2lanatcns reduction svstem scon. Currentiv, the exnianations are c.rectly
arovided 1o the svetem.
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Active Explanation Reduction

IV MULTIPLE EXPLANATIONS FROM INTRACTABLE THEORIES

The muliiple explanations protlem can arise when cdealing with the intraclable theorv
problem. Dovle [Dovied6] describes an approach te the intractable theory p.dblem. In his
approach. the domain theory is described at cdifferent levels of approximation. The most detailed
description of the theory is intractable. Each higher approximate theory is more lractable 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
uses this explanation 10 refine the approximate theory. The approximate theories reflect the level of
detail required bv the problem solver and, at the same time, are tractable. However, his appreoach
makes a critical assumption - there is only one explanation from the detailed theory corresponding
1o the failure. This is not valid in most cases. In general, there will be a number of expianations for
the failure and it will be necessary to identify the correct expianation to correctly refine the
approximate theory.

A. A Detailed Example

This exampie describes the multiple explanations problem due to intractable theories and i
from the domain of chemistry. The initial domain theory of the svstem includes processes for heat
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 reacticn depends on the magnitude of the current ‘hat is passed through the solution.

Suppose the task is 10 produce a large quantity of oxygen - a substance that is in great

demand in industrv. However, initially the problem solving svstem does nct have a method fer

‘he explanation constructor tries to explain the generation of oxvgen using its naive theory of
2micai decompositicn (figure 2. In this case, it fails since it knows that under normal conditiors

water does not decompose into hvdriegen and oxvgen. It then explores ihe more detailed theory

(figure 2) and finds threz different explanations (figure 4) corresponding to the known types of

decompasition reactions: 1) the decomposition is due 10 the heating of water. 2) the decompositien
is due 10 the electric current, or 3) the decomposition is due ic the presence of platinum which
servec as a catalyst.

Ncte that simple-minded approaches to the multiple explanations problem will net work.
Suppose the iearnming svstem selects an arbitrary explanatior and uses that to form a new process.
7 it has mace tae wrong choice. for example. using the catalviic decomposition exprlanation instead
of the corract eiectric:ty decamposition explanat:on. then the problem soiver will try t¢ generate
axvgen Py adding rlatinum to water and wili fail. Aliernatively. suprose the learning sysiem uses

a conjunciion of the hvpothexes 1o form the new gereralized process. Then the problem solver will
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Naive Decomposition:

i Individuals:
) 7substance ?product1 ?product2 Heat Decomposition: .
R Preconditions: individuais: '
A (decomposes ?substance) 7substance ?heat-flow ¢
LYy Quantity Conditions: ?product1 ?product2 :
' Relations: . Preconditions:
rate Q+ amt(?substance) (decomposes-with-heat ?substance) v
b rate Q- amt(?product1) Quantity Conditions:
AV rate Q- amt(?product2) (> (temp ?sutstance)
. Influences: min—decomn.position—temp)
N l+[amt(?product1), rate] Relations:
o +{amt(?product2), rate rate Q+ amt(?substanca) h
N I- [amt(?substance), rate] rate Q- amt(?productl)

rate Q- amt(?product2)
rate Q+ rate(7heat—flow)

Influences: N
+[amt(?product1), ratoi .
H+{amt (?product?), rate .
- famt (?substance), rate] D

|-theat (?substance), rate]

g d : Electricity Decomposition:

5 A o .
’ ?substance ?catalyst ?substance’, 2electricity—flow d
ﬁ ?product1 ?product2 ?producti ?product2

v Preconditlons: Preconditions: ) ricit

; {decomposes-with—-catalyst (decor;aposes—w:th—elec ricity

. - ?substance ?catalyst) , .susbstfmce) R

e Quantity Conditions: Quantity Conditions: .

(active ?electricity—flow) -

oo Relations: "

" Relations: X
:g:: 8i :nggfggﬁi?f % rate Q+ amt(?substapce)
Q rate Q- amt(?productzg rate Q- amt(?producg)

V> rate Q+ contact-area rate Q- amt(?product2) ;
Y (?catalyst ?substance) rate Q+ rate(?electricity—flow) :
A influences: Influences: X
2R l+{amt(?productl). rate I+[{amt(?productl), rate] .
A +[amt(?product2), rate% i+[{amt(?product2), rate]

‘S I-'amt(?substance), rate]
P I-{amt{?substance), rate] l

Figure 2: The two different theories used by the explanation construcicr. The naive decomposition

'y reactinn corresponds to three different reactions in the Jetailed taeory. The heat decomposition
RSy > . . . R . .

w reaction requires a heat flow 1o provide the heat. The catalvtic decomposition reaction requires a ca-
{UY

| =8

talyst. The electricity decomposition reaction requires a d.rect electric current through the solu-
- tion. According to QP theory notation. "Qty1 Q+ Qtv2" means that Qty1 is directly qualitatively N
';C proportional to Q:v2. that is. Qtv1 is increasing monotonically with Quy2. "I+ Qtyv1 Qty2" means
that Qtv1 is directlv iniluenced by Qty2. The direct inluences of Qtv1 are specified ¢cniyv in the
processes that cause ({ty1 10 change.
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Switch
Electricity Hydrogen
Flow
q
/ yter
e
Oxygen
Platinum
Heat Flow
Gas Burner ™ Dial

Figure 3: The scenario describing the observed preduction of oxvgen. There are two active p.ocesses
- a heat Jow from a gas burner and an electricity flow through water from an external batterv.

be able to generate oxygen but will fail for other products in which the original substance is
destroved by heating or mixing with platinum. Besides, the problem sclver will do unnecessary
work trving to acnieve goals such as generating a heat process and obtaining platinum. Integrating
all the hvpotheses together using a disjunctive precondition is not a satisfactory solution either.
Each process has characteristics that are not shared bv others - for example. heat decompositicn
reaction precicts that the decomposition will proceed faster if the rate cf heat supplied is increased
and this is not true in the case cf the electricity decomposition reaction cr the catalvtc

decompositicn reaction. Therefore, it is crucial that the learning svstem isolate the correct
expianation.

The explanation constructor gives these three explanations to the active explanation reducticn
module. The active reduction explanation module retrieves the three hypotheses that the
explanation ccnstructor made about the nature of the decomposition of water - it is 1) cataltic
decompositicn 2) heat decomposition or 3) electrical decompes:ition. These hypotheses are tested by
the experimen: engine. All tke predictions obtained from the inierence engine for the given scenar »
{the original scenario) zre supporied by the three hypotheses. Direct elaberation and discriminaticn

fail. The exper.ment engine now tries 10 transform the scenario. The exper:ment engine needs ‘o

ved

xnow if ore of the three decompositivn reaction processes is act:ve and s causing the generation cf

the product. Suppose the heat burrer tannot be turned off but the heat supplied carn be increasec or

- - - - - - - - - - - L '.I - ‘-. ‘.l -~ it B - - -
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KN decreased. The first transformation strategy described in the section 3 carnot te applied 10 the heat

flow process because experimentation dees not have the capabilit to construct a scenario with any

of the preconditions of the heat flow process negated. Instead. it uses the second transformation
strategy which is based on the rate of the decomposition. It trensforms the scenario 1o a new
scenario in which the heat from the burner has been increased. The inference engine now predicts

o
Za

that under the heat decomposition hypothesis oxvgen wiil be generated at a faster rate in the new
scenaric as comparad 1o the old scenario since the rate of the decompositicn depends on the rate at

Ny

which the heat is supplied. However. under the other two hypotheses both these rates will be the
;:‘I same since the decomposition rate is not affected by heat. Differential discrimination on the new

[ ¢
.

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

R - in each scenaric. When they are determined to be the same the heat decomposition hypothesis is
- refuled.

e .":: The experiment engine is then left with two hyvpotheses: the catalviic decomposition
.. hvpothesis and the elecirical decomposition hyvpothesis. The transformation strategy previously

: i:: used can be reapplied to the catalyvtic decomposition process. The rate of this reaction depends on
b the surface area of centact 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

o
Eruy

N
K i (increase amt oxygen)
;" (1+ (amt oxygen) catalytic-decomposition-rate)
S (active catalytic-decomposition)
. (decomposes-with-catalyst water platinum)
f.: o :Hypothesis
"
' L (increase amt oxygen)
IR (1+ (amt ox_ygen) heat-decompoﬁtxon-rate)
g (active heat-decomposition)
rd - (decomposes-with-heat water)
h.Y :Hypothesis
'. o~ (greater-than (temp water) tmin-decomposition-temp water))
:Premise
WA (increase amt oxygen)
?} EN (1+ (amt oxygen) electricity-decomposition-rate)
N (active electricity-decomposition)
e (decomposes-with-electricity water)
A tHypothesis
(active electricity-flow)
o <explanationl>
" Figure 4: The three explanations based on catalvtic decompositicn. heat decomposition and electricai

decompositicn of water.

‘! .A’l‘ - ."‘Q'
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increased - for example, by breaking the original piatinum pieces into several smaller pieces or by

using a larger piece. Under this transformation. the cataivtic decompes:tion hvpothesis will predict
g A ! VT

-~

that oxygen is generated at a faster rate in the second scenario. However, the electrical

:‘ decompoesition hypothesis will predict that the twe rates will be the same. An experiment based on
-
[} . . . . . .y . . . .
R{ differential discrimination wiil recommend comparing the rates at whick oxygen is produced in the
D ™ . . . . .. .
* two scenarios. When they are determined to he the same the catalytic decomposition hypothesis is

refuted.

As 1t happened. the system chose the first two experimentis based on the catalvtic and heat

- L
e

rr]
A

decomposition hypotheses (since it had no a priori information about which of the three hyvpotheses
is more likelr). The eiectrical decomposition hypcthesis could alse kave 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 ihe

=

reconditions of the electrical decompesition process is negated. Suppose. the original scenaric is
F F g g

e

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

R

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

no more oxyvgen will be generated.

.
-
0

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

v
.«

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 sysiem 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 TECHNIQUE

"2l Sl Il
Y

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

B

cdesign sysiem :s evaluated based on the four criteria proposed earlier: 1) completeness 2) efficiency

~ . . Sy
y 3) tolerance of unavailable data and 4) feasibility.
\ 7,
A Completeness
S
The experiment desijn svstem will find an experiment to discriminate between iwo
o explanations. il it exists, if 1) The predicates supplied o the svstem are complete and correct -
U :
:" f{- all quantities that can be observed or measured are known 10 the svstem. 2) The
transformation operators or the lransformation strategies, if suppliad. cover the space cf
* o : . —
- scenarios that can be constructed. 3) The inference engine provices all the predictions that are
O . . . A .
possible for the given scenario. Completeness car be sacrificed for efficiency by 1) using a
LA
N heur:stic search or beam search for the transformation of scenarios and 2/ examining oniyv a
s o, selecled set of prediciions from the inferance engine.
! p- Efficiency
{ I'ne experiment design sysitem will jroduce the fewest exjarimerts if for sach experiment it
" seiects those quantities 13 measure and those transicrmaticns 1y meke tnat will lead to a
1 1

maximum number o hypotheses bheing refuted. However. this will require a pridn

E
&

q
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y ~
,: information about how the world is geing 1o behave. Instead, during discriminatiien. if there
N are many gquantities that can act as discriminants, the svstem selects the discrimiinant which
X a will divide ihe hyvpotheses equally. This will lead t¢ @ maximum number of hyvpotheses being A
é: ) refuted if all of the observations are equally likelv. Transformation can be made efficient by ,:
v @ using a good transformation strategy that proposes trensformations that vield discriminabie ‘
by behavior. For example, the transformation strategy that constructs new scenarios by negating .
‘ & conditicns of a process when the process is hvpothesized to czuse an observation vields
::' s discriminable predictions about the observed quantity.
., Tolerance of unavailable data \
.:‘ Ej The experiment design system should be capable of consiructing other experiments if the h
present experiment fails to vield any information. If the svstem is complete and ancther .
:" E experiment eXists then the system will find it. Redundancy can also be built into the
:‘ transformation sirategy. For example, if negating the precondition is not feasible. then the
"\ w0 system <an construct a new scenario in which the rate of the process is varied.
b Feasibility
:n‘ - The experiment design system should propose only those experiments that are feasible or 1
o 5 practicai in the real world. The predicates supplied 10 the experiment design svsiem ‘
v determine which experiments are feasible. Since, the two basic techniques, elaboration and
d discrimination, will construct experiments to measure quantities based on these predicates, if ¢
- i they are correct then the experiment is feasitle. Transformation also uses the supplied :
$ predicates to check if the propcsed scenario construction is feasible. For example, while
"é :-s‘ corstructing scenarios to vary the rate of the process. the system checks whether the :
. T parameter to be varied. such as the dial on the gas burner, is manipulable in the required
" !_ manner. '
' L
be Y VI RELATED WORK :
:;- The current work shares a superficial similarity with the BACON syvstem of Langley Y
K A [Langlev81]. While both propose experiments to gain crucial missing information. BACON does not :
‘;‘ ~ do so in the context of a qualitative model of the world. Similaritv with the later svstens of
(2 f:'.: NGLAUBER {Jones86] and STAHLP [Rose86] are deeper but less obvious. The purpose of these
x svsiems is theory formation and refinement and. therefore. their processing is initiated by rather J
! ::-‘ different worid situations. There are also important differences in internal processing. NGLAURLER ]
¢ 9

uses a data-driven clustering algorithm to generate rules for observed daa. anc STAHLP does no?
i perform experiments but rather relies on minimizing a ccst function o decide among competing
.';.- conjectures. A more recent discovery system, IDS {Nordhausen$?]. also propcses experiments 1o

ather data. However, the experiments are motivated towards the discoverv of new nhenomena
¥ A i

LYY and, unlike our s 'stem, are not directed towards the refutation of weii-furmed hyvpotheses. Also,
[}

{ our experimentation design system is based on a theory of experiment design that includss

elaboration. discrimination und transficrmation. Carbdoneil and Gii {CarhenziiA7; have recentin

l.| ¥
$! % oroposed a svstem that learns new precinditions and posteenditions for STRIPS-like ~perators

-
ik =%
-
=

N A AT o N R Bl

- [

o) -'\'* ‘-'\"V " \)‘V"*'\L ‘\ Y \‘. g J‘ If‘ ‘#‘




Active Explanation Reduction

experimentation. Their experimentauion involves comrparing states of the world 1o identifyv
differences. Again, unlike our system, their experiment design is not based on the refutation of

hyvpotheses and a *heory of experiment design. Our appreach 1 aiso related 1o the determinarions of

[Russell87]. Whereas. Russell assumes the presence of examples 10 find which disjunction leads 10

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

VII DISCUSSICN

We have outlined a method to cope with multiple explanations which arise in the normal
rracess of explanauorn construction from imperfect thecries. The approach. called Active
Explanacion Reduction. would be invokad by an explanat:on-based learning sysiem confronted with
multiple incompatible explanations. When invoked. the system identifies measurements which
would serve to disambiguate among the postulated alternatives. The svstem then propeses
experiments by which these measurements can be obtained. A major portion of the research

contribution addresses the problem of experimental design.

Active explanation reduction is a general technique that has been used to deal with problems
in machine iearning and qualitative reasoning. Apart from the intractabie theory problems, it has
also been used to deal with multiple expianations due 1o incomplete and incorrect theery problems.
The exrlanations in these cases are based on hypothesizad 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: interpretation. 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

SV

reasoning tasks more tractable.

Continuing research includes the construction of a mode! of theory refinement to deai with
the incomplete arnd incorrect theory probiems based on Ferbus' QP theorv {Forbuss4l. The
resulting svstem has a similar motivation to STAHLP [Rosef6] bu! is experimeniaily oriented.
(ualitative reasoning. and QP theory in particular. rely on an accurate description of ail the
rrocesses of a domain. If the theory is flawed - for example. a process is missing. a precondition is
incorrect. or an infiuence is missing then discrepancies mayv arise between prediciions of the model
and observations of reality. In general there will be many diffcrent charges to the theory that
remcve the anomaly. Each change may result in 2 distinct qualitative theory. The resulting
theor:es form a set of ambiguous hypotheses. We are extending the ADEPT system {Raiamonev$8]
10 integrate our notions of active explanaticn reduction to experimentally determine which of the
various hvpotheses correspond to reality.
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