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1. Introduction

Mechanized methods in science have attracted much
 11 tenhon among philosophers since

Bacon Of the many facets of scientific activity discovery
 has seemed most inscrutatie Until

recently, Peirce and Hanson were the only ones to 
claim publicly that there can be rational

methods for discovering hypotheses as well as fur te
sting them. Their arguments, and more

recent ones. are cased on hitcrical examples and 
analysis. and thus lack the convincingness

of an existence proof. In this paper I take an em
pirical look at the question of whether there

are rational memckis of discovery and claim that
 computer programs provida a laboratory for

experimentation on this question Recent work in artificial intelligence or Al. has 
produced

programs capaole of serious intellectual work in scie
nce Results from Al ,viii be used to show

that there exist mechanized procedures for 
discw.ering hypotheses and that these methods

often lead to plausible hypotheses (but do not guarantee 
always fincing the correct

hypctheSIS).

Statistical methods have been used SuccesSfull/
 in science for decades Methods 3uch as

regression and clustering provide hypotheses for 
explaining data Mat ,_an be expressed

Quantitatively Computers nave certainly increased their app
licability and ease of application

But mathematical methods are not thc only means 
of firding relationships in descriptions of

data. although we understand the scope and :imita
tions of numerical methods much oetter

than methods of symbolic reasoning. Thereforo I vesh to explore this lesser known area of

COrnputation to lxamine the e-tent to which today s 
methods answer Bacon's questions

about mechanizing some aspects of scien
ce The computer is an imock tont part of the

investigation because it removes such ps',chOlegiCal elements as 'c
reatty ', -intuition •

As reprinted from PSA 1982, Vol.2, pp.129-
146. Edited

by P.D. Asquith and P. Kitcher, 1983.

Copyrightt 1983 by the Philosophy of Scie
nce Association.
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gestalt" and "mind s.e ' from the iiii•cussion whereas oast IISCiessions of disco-eri trip over

these subjective elements in principle the methods could be exercised and investieared by
paper and pencil just as mathemat cal methods Out Only a machine can Keep track of
immense numbers Of details awl combinations of possibilities in practice

Searching for explanatory hypotheses is one scientific activity in which discovery is
central, another is searching for labolatori plans that accomplish desired goals Both require
finding descriptions that link stareng zrasumptions and theory with observables On Hempel's -
model of explanation the e-ealanatory links are deductive from H and relevant background
statements one can deduce e pnennmenon to be explained The links in the description of
the experenent are also deductive horn the initial conditions, one can achieve the result by
following the prescribed steps which are linked deductively tnrough the theory Unfortunately
in both explanation and experiment planning. uncertainties in the initial conditions and in the
theory often prevent us from Knowing we have the correct hypothesis or plan until we test it
although ve can have some assurance 'hat we have a eiatisible one This paper will be limited
to hypothesis formation methOds because there are more examples in Al and because the
metnods are better understood 2

It is common lace to say that a computer cannot discover anything it has not already been
told There .s a grain of trutn in that, but it depends on the ambiguity in how much you have to
tell a machine, or a person, before you have told it 'everything interesting" Do the axioms of
a theory say evertning interesting' By telling a chess machine the rules of chess have you
told it everything When you add some l'euristics that suggest woe chess moves, have you
now told it everything" And so on.

The prcgrams ie will discuss briefly have been told 3 great amount about their areas of
specialization and toey have been given methods for reasoning with that factual knowledge in
novel situations The programs can find explanations of data from cases they have never
encountered Even though part of what they have been told is how to cope with new cases, it
is false that they have been told in advance what are the correct explanations for all
Combinations Of data Nor have they been given a single procedure to follow in every
situation As is true also with numerical methods a computer s symbolic reasoning can
produce explanations Of new data that are not anticipated by the persons writing the
programs The reasoning becomes too complicated to follow by hand

The question to be answered in the next section is By what methods can a computer
program find plausible explanations of empirical data" To answer this, we first look at a
common metaphor fpr describing several Al programs and then look at examples of programs
actually constructed From there we generalize to some conclusions about mechanizing
hypothesis formation I am deliberately blurring the diStinchon between discovering
hypotheses that expiain single events and more ijeneral ones thal explain a collection of
events Computer programs tnat formulate both rends are cited 15 examples

2. Hypothesis Formation is Search

The metaphor of search is a pcweiful one in Al for tilin,uilq stout srcolont sol ding 3 Under
the search model. a proal.liii SvSteniatiC111. explores 3 space of atternatlye solutions and
stops when a solution ifleets its criteria Of correctno;s The model has been Watior.tted in
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different ways, as we will see. but there ar# MO essential elements. First, it is necessary that

elements of the space can be genera re4 so they can be examined. A trivial generating

scheme is to take elements from a pre-delin list. but there are more complex and interesting

generators. Secolid, it is necessary that piacu tial solutions can be tested against the criteria

of success. The so Called "generate and test" method incorporates these two elements in a

search method that is powerful, but often inefficient Some of the elaborations of the search

model beyond generate and test take account of the following facts:

• With a very large search space. systematic generation needs guidance to be

effective

• Guidance can come from a set of rules of thumb, or heuristics as well as from

theoretical laws.

• Generating and testing complete solutions las contrasted with partial solutions)

can be very expensive:

• Finding the "correct" solution is much more difficult than finding one that is

"good enough", and may not be cost effective.

The search model has been used in several Al programs that formulate hypotheses to

explain or interpret data Some of these programs will be discussed briefly later, but let us

look at the tasks togetner to see the range of problems and their difficulty For example

Chemical Analysis

DE NOR AL

CRYSALIS

Given spectroscopic data from an unknown organic chemical sample.

Determine the molecular structure or the unknown (Lindsay ej j. 1980).

Given x ray diffraction data from crystallized proteins.

interpret the 1 dimensional structure of the protein [Engelmore and Terry

1979]

META-DENDRAL Given a collection of analytic data from a mass spectrometer,

Discover rules explaining the fragmentation behavior of chemical samples

in that instrument (Buchanan and Mitchell 1978).

Signal Understanding

HASP Given underwater acoustic signals emanating fron ships at sea,

Identify the types and locations of the ships triii ea oL 19821

HEARSAY Given acoustic waveforms from human speech,

Understand the meaning the speaker is trying to convey (Erman gi

1980)
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Medicine

MYCIN i3,ven signs and sonptoms from a patient with a medical problem
CADUCEUS Diagnose the cause of the problem (Shortliffe 1976) (Miller Pt j, 19821.
PUFF (Kunz el ..1_19/81 (Weiss et al 1979(
CASNFT

RX Given a collection of patient records with observations over time,
Discover new causal relationships (Blum 1981)

Physics

BACON Given a set of numerical measurements from natural bodies
Discaver the general laws governing their observed behavior (Langlei
19791

Psychology

BuGGv Oven a record of a child s correct and incorrect solutions to mathematical
problems

Fino the misconceptions carsing the errors [Brown and Burton 1978,
Sleeman 19821

Electronics

DART Given data on the malfunction of a computer s, stem.
Diagnose the causa of the troutie (Genesereth 1982. Davis et al_ 19821.

Geology

PROSPEr—OR Gi‘en data about the geological features of a region
Determ,ne wheths2r significant mineral deposits can be found [Campbell gt

19821

In these areas and more Al proqrams with demonstrated Competence have been writtenTime does not allow detailed Jescrictions of how these programs '.voik but I will go over someof their general princluies in terms of the search metaphor and variations on it Some ofthese applications are from engineeling in which the data are signals from man madedevices such as COMOoterS In the,-,e applications a program has the acvantage of knowingmany of the principles oy the device .vas constructed and is intended to function.Medical diagnosis has something of that flavor because data are interpreted with resnect topartial models of how the body functions :n other apclicaTans such as chemistry,psychology and physics however Mc programs tiaye Only weak models Of the systems infact their pur;.,oso it; to dis...over pa. 131 modals In all of the abolicat,ons the. e is much incommon though. and I claim but Co not shoi:i that there is much Ca; rynver among all these
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applications by virtue of thoir explaining empirical data To a large extent each of the
programa MentiOrk..d earlier represents one data point .n the inductive argument presented in
this paper Because each program represents considerable effort a s much as 50 man years
or more details beyond the brief *etches will have to be found in the literature.

Descriptions of the data are given to a computer in a vocabulary whose terms are known
in advance Some programs receive as input the raw'" data from electronic devices Such as
voltmeters or TV cameras But they still interpret these signals within a framework of
descriptions that is fixed by their designers This does not imply a finite set of descriptions in
the domain since some, for exampie, variables may have continuous values But in practice.
computer programs for hypothesis formation deal with a finite number of values or ranges of
values) for any variable A patient's temperature for example. can be measured with arbitrary
Precision but there are only a few ranges of values that make a difference in either diagnosis
or therapy However the domain of data descriptions can be so large as to be infinite for all
practical purposes With 100 binary variables the domain covers 21̀ .° or about 1010
individuals.

In science there is no reason to assume that the data are complete or totally correct Even
the most careful observer or best engineered instrument, fails to record some significant
events and fails to measure and record all events with total accuracy Arlew,frement errors
are common But SO are spurious data In electronic instruments. spurious data points are
introduced by electronic noise in the line Visual observation suffers from similar
introcuctions of spurious sightings Even the most honest observer sees evidence confirming
his favorite hypothesis, which other observers do not see

Not only are the data partially incomplete and Incorrect they also may be redundant and
ambiguous. Redundancy is often a virtue in that multiple observations of the same event
Should help overcome the uncertainty due to knowing that some measurements are,nce,,ec.t.
But too many recordings of the same thing may swamp our processing capabilities so that we
skip over the one-in•a motion event that is an interesting counterexample Ambiguity in the
data is another problem in trying to mechanize hypothesis formation in science. Ambiguities
occur because multiple interpretations of the data arise from either the incompleteness of the
data or incompleteness of the interpretive theory In either case a central problem for
scientists is to remove the ambiguity through experimentation and theory reformulation.

The reason for pointing out these obviouS characteristics of empirical data is to highlight
the problems of automating lapothesis formation Hypothesis formation methods must be
robust enough to explain the data as given Not all h.00thesis formation work in Al has had
this goal because It is useful to experiment first with methods to explain "cleaned up data If
Al programs are going to aid Scientists, however they ultimately nave to work with messy
data.

The Hypotheses

Just as the dc main of data descriptions is determined by the vocabulary Cf features. the
range of hypotheses is also circumscribed by the vocabi, ry and syntax of allowable H's.
This is frequently called the hypothesis space The size or the space IS a !unction of the
number of primitive terms we arc willing to CC%IdOr in allowable H s znd the number of
allowable ways of combining those terms For e-ample. in organic chemistry it rnakeS sense.
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for Some purposes. to limit the vocabulary of chemical compounds to lust a half dozen or to
types of chemical atoms and to limit the size of the hypotheses to 50 or 100 individual atoms.

By staling the ways to restrict the complexity of allowable H's in the hypotheses space. we
are stating the characteristics of the H s that define their complexity or simplicity There are
many arbitrary means of defining for a program wnat we want 'Ito Consider as a "simpler-
hypothesis Counting the number of terms is not philosophically satisfying but may be
pragmatically tustified within a fixed vocabulary in which all terms are Judged to have more or
less equal complexity Some choices must be made however, in spite of the difficulty of
satisfying philosophers that they are good choices.

Just as the complexity of a hypothesis is difficult to define satisfactorily, there is no
satisfactory measure of the degree of difficulty of a data interpretation problem One measure
is the size of the hypothesis space, although there is a threshold above which all sizes are
classified as "Immense" With numerical terms the size of the space is obviously related to
the desired precision of the explanations Integers as coefficients and exponents certainly
simplify the space of algebraic relations. There are analogous levels of precision with
Symbolic terms For example, chemical atoms can be referred to by class name (e g ,
halogen) bi atom name le g chlorine) or by isotope Itt g . 37CL).

We know that a trivial "explanation" of n data points is a set of n descriptions However,
we wish for more compact explanations We also know in many cases tnat we have collected
data describing different processes or relations that the data need to be classified as
instances of different phenomena, with explanatory rules for each class Whether or not a
program is told how many phenomena it is trying to explain certainly influences the amount of
search it must do When analytic data are known to come from a puresample of a single
chemical compound for example. analysis is easier than when they may have come from a
mixture of several compounds.

In the next sections, kre discuss methods of searching the hypothesis space ■ri order to
find explanations of the given data As stated before tne methods considered here are all
variations on search Although ranlom trial and error can be considered a kind of search, it is
not even discussed here because there are more rational alternatives Fig 1 summarizes the
types of search discussed in the sections below

• RANDOM SEARCH..unsystematic trial and error

• EXHAUSTIVE SEARCH systematic generate and test

• SELECTIVE SEARCH • evidence gathering for fixed categories
• HEURISTIC SEARCH generate and test with guidance and pruning

• OPPORTUNISTIC SEARCH search focused by best Oppoi tunitieS

Figure 1: Variations on the Search Model
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2.1 Exhaustive Search (or Blind Search]

A baseline. unintelligent program could in principle enumerate allowable H's in the space

and test to see if each one predicts the observed data or other data in the domain This

exhaustive search procedure is not recommended for man or machine We are not likely to

recommend exhaustive search as a method of discovery even though it is reproducible and

can, in principle, find the best hypothesis It is brute force search not guided by any

knowledge. That is, it is purely syntactic and exhaustive.

In the OENORAL program. (Lindsay et. al 1980( the baseline, exhaustive generator

actually exists at the heart of the system and can be exercised for small problems It

generates topological descriptions of chemical graph structures from any number of chemical

atoms of ,.arious types. It knows about the syntax of molecular structure descriptions in that

carton atoms are Known to have valence four. nitrogen valence three or live. oxygen valence

two, and so on Within that simple syntax it will combine, for example six carbon atoms.

theteen hydrogen atoms, one nitrogen and two oxygens tC5H,31'102) into over 10 000 different

structural descriptions lin two dimensions many more exist when three dimensional

information is considered). Some ate shown in Fig 2 below.

#273
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0323
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Figure 2: Some of the possible icor enc chemical gianh structures with

composition C6/-1,3NO2 Numbers are sequence numbers printed

by CONCEN.

Conceptually the program is combining all the atoms into all possible labelled graphs.

using a method that i$ known to be exhaustive and not redundant It should be obvious that

the simple generate and test method would be nopelessly inefficient for exptair,ing chemical

data on unknown samples There are lust too many cumbinatiries of atoms into posble

hypotheses. Ad d the iiumber iriCraSja WCIt!`"T SIZt2 and complexity, a

fact that has been refarrEd to as the 'coinLieatorial explosion '.
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2.2. Selective Search [or "Esidence Gathering" or Classification)

A valuable limiting case of exhaustive search is ;.elective Search. or evidence gathering for

and against a fixed set of hypotheses With a small set of possible hypotheses, a program can

ask about evidence for each in turn using the list as a generator • and select the best one.

In medical diagnosis. for example, a patient's abnormal signs and symptoms are explained by

assigning the patient to one or more of a fixed set of disease categories. The MYCIN program

(Shortliffe 197e1, for example, gathers evidence lor and against any of about 120 bacteria as

Possible causes of an infection The evidence gathering dialog and MYCIN's conclusions are

Shown in Fig. 3.

 PATIENT -530
1) Patient's name:
tr• PI538

2) Age:
•• 34 YEARS

Several Questions are skipped

IS) Has Pt530 recently had symptoms of persistent headache or o•her

abnormal neurologic symptoms (dizziness, lethargy, etc.)",

** YES
15) Has Pt538 recently had objective evidence of abnormal

neurologic signs (nuchal rigidity. coma, selzure;, etc.)

documented by physician observation or eoamination/

''' YES

The CSF cultures will be considered to be associated with MENINGITIS.

Figure 3: A portion of a dialog with MYCIII in which the program requests

relevant data and then suggests the most lik hynothezas

Use, S ICSrOrSCS u;;IPY C,150 31,1 10110,v ilflubie asterisks

Editorial comments ore .ti itoncS
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23) For how many days has Pt530 had abnormal neurologic signs,
" 7.2 HOURS

Please enter CBC results in the following table

WOC Percent Percent(
in 1000's PMN 0PhOS

29)" 1.9 UNKNOWN UNKNOWN

35) Is meningitis a hospital-acquired infection?
" WHY

The usar asks "WHY" to see an

explanation of tne line 01
reaSOning arYCiN is ionewing

[i.e.. WHY is it important to determine whether the infection was
acquired while the patient was hospitalized?)

[2.0] This will aid in determining the organisms (other than those
seen on cultures or smears) which might be causing the infection.
It has already been established that

[2.1] the infection which requires therapy is meningitis. and
[2.2] organisms were not seen on the stain of this pending csf

culture. and
[2.3] the type of the infection is bacterial. and
[2.4] neurosurgery is not one of the lelevant Items from the

history of pt5313. and
[2.5] the age of pt530 is greater than 10 days

Therefore, if
[2.6] the infection was acquired while the patient was

hospitalized. then
there is evidence that the organisms (other than those seen on

cultures or smears) which might be causing the infection is
e.coli (.75f) staphylucoccus-coaq-pos (.3) pseudomonas-
aeruginosa (.3) klebsiella-pneumoniae (.5)

Author: Yu
[RUL(545)

Figure 3. continued

The "UrnbelS in DarenthSeS alter
eacn conc:usion indicate trie
rnoa;ure 0, mponance el the
cor:s■on This zingle nuM0e,

freqiinnry & utIlity
COlis,derations. as discussed in

ISnortiille 19761
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My therapy recommendations will be designed to treat for organisms

that either are very likely or, although less likely, would have a

Significant effect on therapy selection if they were present. It is

important to cover for the following probable infection(s) 6.and

associated organism(s):

INFECTION-1 is MENINGITIS

+ (ITEM-1> E.COLI [from clinical evidence only]

• 

<ITEM-2> PSEUOOMONAS-AERUGINOSA [from clinical evidence only]

+ (ITEM-3> KLESSIELLA-PNEUMONIAE [from clinical evidence only]
+ (ITEM-4> DIPLOCOCCUS-PNEUMONIA( [from clinical evidence only]

41) Does Pt538 have a clinically significant allergic reaction to

any antimicrobial agent?

" NO
[Considering AMPICILLIN-AND-GENTAMICIN for use against INFECTION-L..]

42) Do you have reason to suspect that Pt538 may have impaired
renal function?

" NO

43) Pt538's weight in kilograms (or (number> POUNDS):

" 70

[REC-1] My preferred therapy recommendation is as folrows:

In order to cover for Items <I 2 3 4>:
Give the following in combination:
1) AMPICILLIN
Dose: 3.5g (28.0 ml) ciiih IV [calculated on basis of 50 mg/kg]

2) GENTAMICIN
Dose: 119 mg (3.0 ml, 80mgam1 ampule) olilh IV [calculated on

basis of 1.7 mg/kg] plus consider giving 5 mg (124h
Intrathecal

Comments: Monitor serum concentrations

Since high concentrations of penicillins can inactivate
aminoglycosides. do not miA these two antibiotics in the same
IV bottle.

Figure 3. continued

Similarly. the CADUCEUS program Miler ;Lt al 19321 gatheis evidence for any of about
600 diagnOses of internal nieuicine Mest e/idence gaihering programs do not search
exhaustively, however 00th the MYCIN and CADUCEUS programs arc intelligent about using
known data to avoid whole classes of uniikia explanations. and may Tither some initial data
to focus on classes of likely explanations The search rnace includes all combinations of

likely causes so a onety-one testing, a in the generate ond test method is too inefficient.
Instead. the MYCIN program structures its search by Chaining baccv;,:,,1 through sets of

inference rules from conclusions to the inemises that •Ittif to obtain fur the concicsions to
be made Thus not all possible questions aoout the patient are asked only thl relovant data
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are gathered As evidence IS gathered about a patient some rreniuses are lotiod to be
unsatisfied while others are followed up with more evidence gathering In the end, there is
positive and negative evidence for !,everal diagnoses which needs to be weighed and put
together in a coherent hypothesis mentioning one or more of the likely Causes.

2.3. Heuristic Search [or Guided Search]

A more open ended search procedure is heuristic Search Starting with a generator of
possiole hypotheses. for example. chemical stnicture descriptions we use heuristics to focus
and constrain the search The heuristics are part of an evaluation function that guides the
search by pruning or reordering paths through the search space Pruning has the elect of
ruling out absurd or implausible Parts of the space PeOrOering has the effect of selecting the
most plausible parts of the space. The DENDR AL program which explains spectroscopic
data from unknown chemical samples depends on rules from chemistry for pruning These
constraints are pieces of general information at:mut chemistry such as chemical stability.. and
about specific structural features present or absent in the structure of the unknown

N
.
 

00
00

0 
ts
• 

4( •

iv •■••■■,..---.
.0.; 40

5014

,:o 30 i40 110 IbO Y :;.Bo :40 :5C :'o :ac
Frarnen1 n.ass

Figure 4 Analytic data la mass spectrum) and the chemical structura that
DENDRAL correctly hypothesized 35 the best explanation In thiS
case constraints from other data were used as well A mass
spectrum is a plot of the masses of fragments of the compound
(x axis) against the relative abundance of fragments at each mass
(y axis).

The essential component of heuristic search is a generator of hypotheses In many cases,
such as DENDRAL the base level generator exhaustive it can enumerate the complete
space of hypotheses of a class' As mentioned the program has the capability of producing
an exhaustive list of structurr,s from any collection of chemical atoms But with only one or
two dozen atoms We number of combinations Of thOse atoms in structural descriptions
explodes 10 the tens of millions Thus the generator mu:? ba CCnT.rained As soon as general
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rules and heuristics about r heiniLal stability are introduced the number of hypotheses
consistent with the data can be reduced by one or two orders of magnitude. Introducing
specific structural information about the sample further reduces the number of structures
Consistent with the data to a very few. sometimes to a unique structure.

It is not necessary that the generator he enhJu5tmv. if we are willing to relinquish the
assuracce that every Poible hypothesis in time space has been considered implicitly or
explicitly Instead of 3 generator of all syntactically prISsitve hYPOtheses. then, substitute a
generator of plausible hypotheses in the Meta DENDRAL piogram (Buchanan and Mitchell
19781. the task is to find explanatory rules that explain a collection of data. The program
searches tile space of rules by generating plausible rules, under constraints A rule
Constructed by Meta•DENDRAL relates important structural features of chemical compounds
with mass spectrometry fragmentation processes As shown in Fig FiG5 the syntax of a
rnaSS speirometry rule is a conditional sentence relating (premise) a generalized description
of part of a chemical structure and (conclusion) a description of where the molecular
Structure will fragment in the environment Of the described part The observed data from
these processes in the mass spectrometer are spikes in a plot of fragment masses against
relative abundance of fragments of each mass The explanation of a large collection of data
IS 3 set of fragmentation rules describine the general behaviol of a class of compounds.

IF edesc fiction ol two /used six memoeteo rings)
THEN (Oescriot,on ol ItagthentatIon Jt re ring juncture)

. •
Schematically
(collapsing left

and right sides
of rule)

Figure 5 A geiieral rule of mass speceometry that Meta DENDRAL
rediscovered This rule predicts that a 6 membered ring will
fragme• extl to a ring juncture

Meta DENDRAL's search space is enormous partly because the program is looking for a
set of rules that explain most of the data. not lust a single hypothesis It reasons about
Underlying processes occurring in the instrument which further Compounds the search
because any one data point inay have several plausible explanations in terms of processes. It
constrains the search in three general was. (I) It generates only rules for which there is
Some Positive evidence in the first place • thus avoiding erhaustive generation (2) It
conSidels only rules that are consistent with a crude. tut helpful. model of mass spectrometry
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processes. which we call the "hail order theory- (3) It considers rules in twO stages in the
initial search it estimates the amount of negative evidence a rule is likely to encounter (based
on its levei of generality) and in a refined search it modifies rules based on a Careful look at
the negative evidence actually found in the data.

2.4, Opportunistic Search (or Problem Solving with a Blackboard Modell

Another computational model for hyrotheSeS formation programs is known as
4004f_t,n,Sf'c Search While it ,s 'a,11 corr,,ct to use the search metaphor to descriee the
exploration Of (plausible nPOthest,s to,,re is no single generator in this model The generator
is replace(' by a ceilect,on cI heur,stic procedures that suggest new hypotheses, or
modifications to id ones This often referred to as the Blackboard Model because
communication among all the heuristic procedures is Mrougn a common data structure called
the riacKC)Ca1(1 t 5 caHed opocr!(inistic because the procedures respond to changes On the
blac,,boarO New piecos of .!.1t3 trigger some new inferences. expectations about confirming
or .iisconfirminq data tr,gger other procedures.

The HASP iSIAP orogram gt E 1982). for example explains underwater acoustic data
usmg tne Blackboard Model Noises from ships engines. generators, pumps and other
equipment are monitored and recorded in a sonogram The program interprets those data as
a collectior, of ships of specific hypes in the region Interference from islands or from other
ships in the ocean can cause ships to be momentarily 'ost. Out .expectations are then created
that they will reappear shortly along extrapolations of their previous paths.

Another explanatory program that uses this ms:del is CRYSALIS 1Engeln;oro and Terry
19791. CRYSALIS interprets X•ray crystallographic data from proteins by finding three-
dimensional descriptions of amino acid sequences The Space of possible hypotheses is very
large so the interpretation must be driven as much by the data as by a moilei of what
constitutes a plausible hypothesis

In both these programs. and others using the blackboard model. there IS no single
generator Of possible, or even plausible. hypotheses Inference rules postulate changeS to
the current best interpretation of the data based on new data or otiler changes in the partial
interpretation so far.

3. Conclusions

We have mentioned over a dozen Al programs that formulate hypntheses to explain
empirical uata Using these progranis themseiveS as data points, what can we conclude
about methods for hypothesis formation./ Because these programs ht within tfte paradigm of
search. we Conclude first that hypothesis fornrdion can I e mechanized by systematic search
Of a spaCe of possible hypotheses The essential components of a search program are (a)one a more generators of hypotheses. 113) a welt defined voc:.bulary and syntax of
hypotheses: (c) knowledge about the domain that can be us,/ to constrain the search Id)evaluation functions that can guide toe search dna define a 1,atilat,tcry solution Cf theseelements, the hypothesis generator .s the innbt critical Tio-re iiie ,ey'.1.11 ways of
Constructing a generator, which we discuSsk:Ll as ..:xl::•.t.strye setr.:ctii.e heuristic and
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opportunemc search None of the programs mentioned liore uses exhaustive s..?arch because

of its appetite for computer cycles.

Selective se= assumes that the data can be explained by selecting the most

appropriate clx,sification as in medical diagnosis For ',ample. a patient's signs and

symptoms are eirpiained by diagnosing the illness as miminyitiS caused by an e coli ilifection.

Born the type of infection (meningitis) ane the cause le ce'il are selected from relatively short

lists of possibilities In principle the selection is made by gatheriny evidence for and against

each hypothesis on a list But in practise whole classes of hypotheses may be eliminated by

small clusters of evidence early in the search When the lists are orgailized in a hierarchy,

selective search can prune classes of hypotheses without considering the individual numbers

of the class Thus'rlective search is more efficient than exhaustive search

More than the other search methoes. evidence gathering involves determining degrees of

confirmation With imprecise and noisy data and inexact inference rules, data can be found

to lend some Support to almost any hypothesis A fever for example is evidence for almost

every infection Similarly data can almost always\be found to reduce one s confidence in any

hypothesis How mucn one should weigh indivin4a1 ptaces of evidence and how one should

combine weights are suteects treated theoretically in the literature on confirmation They

have found practical expression in several Al programs such as MYCIN. PROSPECTOR and

CADUCEUS.

Heuristic search comblies the virtue of systematic exploration of a hypothesis space with

the efficiency oh a focused, selective searcn The main streegns ol the method are

We can guarantee that all implausible hypotheser have been excludediiancl the

remaining hypotheses are all and only the plausible ones (The guarantee holds

only within the conceptual frame defined for the program but is good for the lee of

that framework)

2 We can encode a Scientist's incomplete and uncertain knowledge of the domain

to help define the Criteria of plausibility The programs can toe given these items

in many levels of certitucte from those most central to the paradigm to those that

are little more that ephemeral intuitions (Buchanan 19791

The maior limitation of heuristIC search in any domain is the necessity of finding ex

inventing) a generator of oessible solutions In the case of molecular structures. finding the

generatine toav many years Lederberg r i;lational alyoneen fur unringed eraph

structures ld,senbed ill (Lindsay et al 19600 was mal)Ped into a genrating algorithm with

little difficulty, but the symmetries of cyclic graphs complicated the generation problem

immensely.

A sccend major limitation on heuristic search is Me necessity of finding heuristics or rules

of thumb, that guide the ecnerator and constrain it from producing all s,illacticall7 allowable

hYOOtle.SeS For rule riente aeon It was necessary to lind heuristics that steer the generator

towarg the small nurrite. of interestine :ules and away from the very large nember of

uninteresting rules The problem is that it is difficult to find theao guiding principles

Qeperienist!C çarr buy.; us the t;thAita of the :,arch .....thout ne n..;cessity of

defining -1 single uniform iienerator ef eypotheses n the space The method takes
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advantage of a scientist s knowledge about what to do next h,,w to cOnstruct a partial

explanahOn of data and how to modify and reline it alto a satisfactory more complete

explanation In problem areas for which a generator of the entire Space cannot be designed.

or implemented efficiently, a collection of OPOOrtunictic rules Can provide a method fo
r finding

plausible explanations They start with small -islands 01 certainty • that is. Interpratations of

parts of the data that are nearly unambiguous. Then the rules aullment the bPst hypothesi
s.

postulate alternatives to try to dusconfirm and note the expected data that would 
confirm or

disconfirm an hypothesiS. Since hypothesis elements are considered because there is some

positive reason to do so. the exploration is highly focused on the relevant parts of the space

The mator drawback of opportunistic search, however is the absence of a guarantee that

a relevant classes of hypotheses have been considered The total space is not defined by

the method and only parts of the total space are considered explicitly or implicitly

In summary, we initially asked by what methods a computer program can find plausible

explanations of empirical data One answer is by searching a soace of h,potneses The next

question is how a computer can search a space To this we offered four related and non.

exclusive) answers based on generalizations from several programs

• Avoid exhaustive search, since It is ineffic.ent for large spaces

• Use selective search if the problem of explaining data is essentially one of

classification

• Use heuristic search if the space ,5 large and if there exists both a generator of

hypotheses and sufficient knowledge to guide it:

• use opportunistic search if there is no sg,t...matic generator of hypotheses and

scientists heuristics can be used for plausible inference from data to partial

hypotheses and from partial hypotheses to confirming and disconfirming

ex periments

The efficiency of thor;e methods, and of the programs using them depends very much on

the KnOwledge they have been given for guiding the search Oecause much of the world $

knowle6ge is qualitative however the methods that use this knowledge for guidance must be

Symbolic and not strictly numerical That is the power of Al
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NOTES

'I am grateful to Dr Derek Sleeman. and Mr Tom Dietterich or comments on early drafts
of this paper and to Dr Lindley Darden for discussions Trus work was supported in part by

DARPA [Contract 1DA903 GO C 0107]. ONR [Contract N00014 79-0 0302), NLM

[Contract Nt M 1 P01 Lkl033951 and NIH (Contract tt N11.1 RR 00785-10.)

2Two experiment planning proi._ ns worth noting are MOLCEN [Friedland 1979. SteIlk

19801 and SECS [1,11.pke 19771 1.1OLGEN designs experiments in molecular genetics to
accomplish goals such as splicing genes into bacteria SECS designs chemical synthesis

plans to accomplish goals Of synthesizing organi, chemical samples ,n the laboratory Both

use large amounts of factual and heuristic knowledge and both have demonstrated their

ability to aid scientists.

3Newell and Simon. among others have advocated the fundamental role of search in both

human and macnine problem solving since the earliest days of Al See for example, [Newell

and Simon 1975( For a full discussion of search see (Barr and Feigenbaum 1982).

'It is worth noting that the DENDR AL structure generator also avo.ds duplication Thus

there is no possibiiity of an infinite loon of generating duplicate structures repeatedly, an
Important feature of a mechanized procedure
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