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1. Introduction

Mechanized methods in science have attracted much atention among philosophers since
Bacon. Of the many facets of scientific actvity ciscovery ras seemed most inscrutacie. Untl
recently, Peirce and Hanson were the only ones to clam publicly that there can be rational
methods for discovering hypotheses as well as tor testing them. Their arquments, and more
recent ones, are oased on histcrical examples and analysis, and thus lack the convincingness
of an existence proof. In this paper | take an empirical look at the question of whether there
are rational me*hods of discovery and clam that computer programs provid: a laboratory for
expenmentation on this question Rocent work in arthicial inteligence. or Al. has produced
programs capable of serious intellectual work in science. Results from Al wiil b2 used to show
that there exist mechanized procedures for discovering nypotheses and that these methods
often lead to plausible hypotheses (but do not guarantee always finc¢ing the correct
hypothesis).

Statistical methods have been used successfully in science for decades. Methods such as
regression and clustering provide hypotheses for explaining data that can be expressed
guantitatively. Computers nave certainly increased theiwr apphicabiity and ease of apphcation
But mathematical methcds are not the only mcans of hrnding relatonsnips 1n descriptions of
data, although we understand the scop® and ‘waitations of numencal methods much better
than methods of symbolic reasoning. Theretore | wsh to explore this lesser known area of
computation to axamine the cxtent to which tocay s methods answer Bacon's questions
about mechanizing soine aspects of science. The computer 1s an impoitant part of the
investigation because it removes such psychoicgical elements as “creativity *, intuiton”,
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“gestait” and “mind sat” trom the diczussion whercas past discussions of discovery trip over
these subjective elements  In principle. the methods could be exercised and investijated by
paper and pencil, just as mathemat.cal methods. But only a maching can kecp track of
immense numbers of detais and combinations of possibilities n practice.

Searching for explanatory hypotheses 1s one scientific activity in which discovery is
central. another is searching for latoratory plans that accomphish desired goals. Both require
hinding descriptions that link staring assumptions and theory with observables. On Hempel's®
model of explanation. the explanatory links are deductive: from H and relevant background
statements one can deduce t'.e phenomenon to be explained. The links in the description of
the e«periment are also deductive: from the imtial conditions. one can achieve the result by
following the prescribed steps which are linked deductively through the theory. Unlortunately
in both explanation and experiment planning, uncertainties in the iitial condiions and in the
theory often prevent us from knowing we have the carrect hypothesis or plan until we test it,
althcugh we can have some assurance that we have a plausible one. This paper will be limited
to hypothesis formation methods because there are more examples in Al and because the
methods are better understood.?

Itis common .ace to say that a computer cannot discover anything it has not already been
told. Thereis a grain of truth in that, but it depends on the ambiguity in how much you have to
tell a machine, or a person. befare you have told it “everything interesting™ . Do the axioms of
a theory say everything interesting? By telling a chess machine the rules of chess. have you
told it everything? When you add some heuristics that suggest good chess moves, have you
now told it everything? And so on.

N

The programs we will discuss briefly have been told a great amount about their areas of
specialization and they have been given methods for reasoning with that factual knowledge in
novel situations. The programs can find explanauons of data from cases they have never
encountered. Even though part of what they have been told 1s 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 1s 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 comphicated to follow by hand.

The question to be answered in the next section 1s: By what methods can a computer
program hnd plausible explanations of empinical data? To answer this, we first look at a
common metaphor for describing several Al programs and then look at examples of programs
actually constructed. From there. we generalize to some conclusions about mechanizing
hypothesis formation. | am deliberately blurring the distinction betwaen discovering
hypotheses that explain single events and more general ones thal explain a collection of
events. Computer programs that formulate both kinds are cited as examples.

2. Hypothesis Formation 25 Search

The metaphor of search i1s a pewear ful one in Al for tinnking akout nroblem solving 3 Under
the search model. 4 progriun systematically explores a space of alternaiive solutions and
stops when a solution meets its critenia of correctness. The model has been elaborzted in
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different ways, as we will see, but there arg two essential elements. First, it1s necessary that
elements of the space can be generated so they can be examined. A trvial generating
scheme is 10 take elements from a pre-detinad iist, but there are more complex and interesting
generators. Second, it 1s necessary that potential solutions can be rested against the critena
of success. The so called "generate and test” method incorporates these two elements in a
search method that 15 powerful, but often inefficient Some of the elaborations of the search
model beyond generate and test take account of the following facts:

e With a very large search space. systematic generation needs guidance to be
effective;

o Guidance can come from a set of rules of thumb, or heuristics. as well as from
theoretical laws;

e Generating and testing complete solutions (as contrasted with partial solutions)
can be very expensive;

e Fincing the “correct” solution i1s much more difficult than hnding one that 1s
“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 exampie

Chemical Analysis

DENDRAL Given spectroscopic data from an unknown organic chemical sample,
Determine the molecular structure of the unknown [Lindsay et al. 1980].

CRYSALIS Given x-ray diffraction data from crystallized proteins,
Interpret the 3-dimensional structure of the proten {(Engeimore and Terry
1979).

META-DENDRAL Grven acollection 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 fror ships at sea,
Identify the types and locations of the ships {Mu et al 1582]

HEARSAY Given acoustic waveforms from human speech,
Understand the meaning the speaker is trying to convey [Erman et al.
1980
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Medicine

MYCIN
CADUCEUS
PUFF
CASNET

RX

Physics

BACON

Psychology

BUGGY

Electronics

DART

Geology

PROSPECTOR

Siven signs and Syimptoms from a patient with a medical problem,
Draanose the cause of the problem [Shortlifte 1976]. [Miller et al. 1982],
{Kunz et a1 1978] [Weiss etal 1979).

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

Given a set of numerical measurements from natural bodies,
Discover the general laws governing their observed behavior [Langley
1979)

Given a record of a child's correct and Incorrect solutions to mathematical
problems,

Fing the misconceptions causing the errors [Brown and Burton 1978,
Sleeman 1982)

.-

Given data on the maifunction of a computer L, stem,
Diagnose the cause of the troupie [Genesereth 1982, Dawvis et al. 1982).

Given data about the geological features of a region,
Determine whether significant mineral deposiis can be found [Campbell gt
al. 1982].

In these areas. and more. Aj programs with demonstrated competence have been written.
Time does not allow detailed Jescriptions of how these programs work. byt | will go over some
of therr general principies. in terms of the search metaphor and variations on it Some of
these applications ar= from eng:neenng. in which the data are signals from man-made
devices such as computers. In these applicatons. a program has the acvantage of knowing
many of the principles Dy which the gevice was constructed and is intended to function.
Medical diagnosis has something of that flavor because data are interpreted with respect to
partial models of how the body functions In other apghications such as chemustry,
psychology and physics. however. the programs have only weax models of the systems -- in
fact, their purpose 15 to discover patial modals  In all of the dpphcations there 1s much in
common. though, and | claim. but do riot show that there 1s much carryover among all these
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applications by virtue of their explaining empinical data. To a large extent, each of the
programs menticnad earlier represents one data point in the inductive argument presented in
this paper. Because each program represents considerable effort - a3 much as 50 man years
or more -- details beyond the brief sketches will have to be found in the literature.

Ihe Data

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 stll interpret these signals within a framework of
descriptions that is fixed by their designers. This does not imply a hinite set of descriptions in
the domain since some. for example. vanables may have continuous values. But in practice,
computer programs for hypothesis formation deal with a hinite number of values (or ranges of
values) for any vanable. 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 doman of data descriptions can be so large as to be infinite for all
practical purposes. With 100 twnary vanables the domain covers 2'° or about 10"
individuals.

In science there is no reason to assume that the data are complete cr 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. Measurement errors
are common. But so are spurious data. In electronic instruments. spurious Jata points are
introduced by electronic noise in the hne. 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 partally incomplete and incorrect, they also may be redundant and
ambigunus. Redundancy s often a virtue In that multiple observations of the same event
should help overcome the uncertainty due to knowing that some measurements are incorrect.
But too many recordings of the same thing may swamp our processing capabilities so that we
skip over the one-in-a-mi'lion event that 1s an interesting counterexample. Ambiguity in the
daia i1s 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 hypothesis tormation Hypothesis formation methods must be
robust enough to explain the data as given. Not all hypothesis formation work in Al has had
this goal because it is useful to experiment first with methods to explain “cleaned up” data. It
Al programs are going to aid scientists, however, they ultimately have to work with messy
data.

The Hypotheses

Just as the dcmain of data descriptions 1s determined by the vocabulary cf features, the
range of hypotneses is also circumscribed by the vocabu ‘ry and syntax of allowable H's.
This 1s frequently called the hypothesis space The size oi the space 1s a function of the
number of primitive terms we are willing ta conuider in 2llowable H's and the number of
aliowable ways of combining those terins. For example, in organic chemistry it makes sense,
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for some purposes. to imit the vocabulary of chemical compounds to just a half-dozen or o
types of chemical atoms and to limit the size of the hypotheses to 50 or 100 individual atoms.

By stating the ways to restrict the complexity of allowable H's in the hypotheses space, we
are stating the charactenstics of the H's that define therr complexity or simphicity. There are
many arbitrary means of defining for a program what we want it to consider as a "simpler”
hypcthesis.  Counting the number of terms 1s not philosophically satisfying, but may be
pragmatically justified 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
satistying philosophers that they are good choices.

Just as the complexity of a hypothesis is difficult to define satistactanly, 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 1s a threshold above which all sizes are
classified as "immense”. With numerical terms. the size of the space i1s obviously related to
the desired precision of the explanations. Integers as coefficients and exponents certainly
simplity 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 (eg.,
halogen) by atom naine e g .chtorine) or by isotope (e.g., J7CL).

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 that we have collected
data describing different processes or relations, that the data need to be classified as
instances of different phenomena. with explanatory ruleg for each class. Whether or not a
program is told how many phenomena it is trying to exptain certainly influences the amount of
search it must do. When analytic data are known o come trom a pure*sample 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, we discuss methods of searching the hypothesis space in order to
find explanations of the given data. As stated before. the methods considered here are all
variations on search. Although random 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 tocused by best opportunities

Figure 1: Varnations on the Search Model
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2.1. Exhaustive Search [or Blind Search]

A baseline. ynintelligent 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 1s not recommended for man or machine. We are not hikely to
recommend exhaustive search as a method of discovery even though 1t 1s reproducible and
can, in pnnciple, find the best hypothesis. It i1s brute force search not guided by any
knowledge. Thatis, it is purely syntactic and exhaustive.

In the DENDRAL 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 various types. It knows about the syntax of molecular structure descriptions in that
carbon atoms are known to have valence four. nitrogen valence three or hve, oxygen valence
two. and so on. Within that simple syntax. it will combine, for example. six carbon atoms,
thirteen hydrogen atoms, one nitrogen and two oxygens (C,.’H_JNOJ) into over 10.000 different
structural descriptions (in two dimensions -- many more exist when three dimensional
inforimation is considered). Some are shown in Fig. 2 below.
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Figure 2: Some of the possible i1sor.enc chemical graph structures with
composition CGH‘JNOz Numbers are sequence numbers printed
by CONCEN.

Conceptually, the program is combining all the atoms into all possible labelled graphs,
using a metnod that 1s known to be exhaustive and not redunaant. It should be obvious that
the simple generate and test method would be nopei2ssly inetticient for explairing chemical
data on unknown samples. There are just too many combinaticnas of atoms into possible
hypctneses. And the number ncr2asos arpon=ntially with protlsm size and complexity, a
fact that has been reterred to as the “combiatonial explosion”
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2.2. Selective Search [or "Evidence Gathering" or Classification]

A valuable limiting case of exhaustive search is selective search, or evidence gathering for
and against a fixed set of hypotheses. With a smail set of possibie hypotheses. a program can
ask about evidence for each in turn -- using the list as a generator - and select the best one.
In medical diagnosts, 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 categones. The MYCIN program
(Shartliffe 1976], for example, gathers evidence for 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-838~~======
1) Patient's name:

** PTS538

2) Age:

** 34 YEARS

Several questions are skipped.

14) Has Pt530 recently had symptoms of persistent headache or other

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

* YIS .

15) Has Pt538 recently had objective evidence of abnormal
neurologic signs (nuchal rigidity, coma, seizure$, etc.)
documented by physician observation or examination?

.. YES

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

Figure 3: A portion of a dialog with MYCItl in which the programn requests
relevant data and then suggests the most hk:zly hyrotheces.
User’'s responses are in upper case aned 1ollow double asterisks

Edtonial comments are i ialics




23) For how many days has Pt538 had abnormal neurologic signs?
** 7.2 HOURS

Please enter CBC results in the following table

wBC Percent Percent|
in 1000's PMN BANDS
29)°* 1.9 UNKNOWN UNKNOWN

35) Is meningitis a hospital-acquired infection?
** WHY
The usar asks "WHY " to see an
explanation of the line of
reasorning MYCIN is follewing
[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 1s meningitis, and
[2.2] organisms were not seen on the stain of this pending csf
culture, and
[2.3] the type of the infection 1s bacterial, and
[2.4) neurosurgery 1s not one of the relevant items from the
history of pt538. and
[2.5) the age of pt538 1s 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) staphylococcus-coag-pos (.3) pseudomonas-
aeruginosa (.3) klebsiella-pneumoniae (.5)
Author: Yu
[RULES45]
The numbers in parentheses after
each conctusion indicate the
measure of /mportance of the
conclusion This single numoer
cambines irequency & utihty
considerahons, as discussed in
[Shortiitte 1976)

Figure 3. continued
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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. [t is
important to cover for the following probable infection(s) \and
associated organism(s):

INFECTION-1 is MENINGITIS

CITEM-1> E.COLI [from clinical evidence only]

CITEM-2> PSEUDQMONAS-AERUGINOSA (from clinical evidence only]
CITEM-3> KLEBSIELLA-PNEUMONIAE [from clinical evidence only]
CITEM-4> DIPLOCOCCUS-PNEUMONTIAE [from clinical evidence oniy]

+* * 4+

41) Does Pt538 have a clinically significant allergic reaction to
any antimicrobial agent?
.. No
(Considering AMPICILLIN-AND-GENTAMICIN for use against INFECTION-1...]
42) Do you have reason to suspect that Pt538 may have impaired
renal function?
.. NO

43) Pt538's weight in kilograms (or <number> PQUNDS):
e 70 -

[REC-1] My preferred therapy recommendation is as folTows:
In order to cover for [tems <1 2 3 4>:
Give the following in combination:
1) AMPICILLIN
Dose: 3.59 (28.0 ml) g4h IV [calculated on basis of 50 mg/kg]

2) GENTAMICIN

Dose: 119 mg (3.0 ml, 80mg/2m) ampule) q8h IV [caiculated on
basis of 1.7 mg/kg] plus consider giving 5 mg q24h
Intrathecal

Comments: Monitor serum concentrations

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

Figure 3. continued

Similarly. the CADUCEUS program [Miller ¢t al. 1932] yathers evidence for any of about
800 diagnoses of internal meaicine Mest evidence Jaihenng programs do not scarch
exhaustively. however. Both the MYCIN and CADUCELS prograins arc inteligent about using
known cata to avoid whole classes of uniih2ly explanations. and they g-ther some initial data
to focus on classes of likely explanations The search cpace inclucdes 2l cembinations of
likely causes so a one-by-one testing, as in the generate ond test method. 1s too inetticient.
Instead. the MYCIN program structures its search by chaiming bac'wwad through sets of
inference rulcs -- from conclusions to the premises that rieed 10 obtiun tor the conclusions to
be made. Thus not all possible questions aoout the patent are asned - only tha relevant data
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are gathered. As evidence is gathered about a patient. some prenuses are found 10 be
unsatished while others are followed up with more evidence gathering. In the end. there 1s
positive and negative evidence for several 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 heynstic search Starting with a generator of
possible hypotheses. for example, chemical structure descriptions. we use heuristics to focus
and constrain the search. The heunstics are part of an evaluation tunction that guides the
search by pruning or reordering paths through the search space Pruning has the eftect of
ruling out absurd or implausible parts of the space. Reordering has the effect of selecting the
most plausible parts of the space. The DENDRAL program. which explains spectroscopic
data from unknown chemical samples. depends on rules from chemistry tor pruning. These
constraints are pieces of general information about chemistry. such as chemical stability, and
about specihc structural features present or absent in the structure of the unknown
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Figure 4: Analytic data (a mass spectrum) and the chemical structura that
DENDRAL correctly hypothesized as 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 heunistic search i1s a generator of hypotheses. In many cases,
such as DENDRAL. the base-level generator ig exhaustive: it can enumerate the complete
space of hypotheses of a class.® As mentioned. the program has the capability of producing
an exhaustive hist of structures from any collection of chemical atoms. But with only one or
two dozen atoms the number of combinations of those atoms in structural descriptions
explodes 10 the tens of millions. Thus the generator must ba constrained. As soon as general
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rules and heunstics about chenvcal stability are introduced  the number of hypotheses
consistent with the data can be reduced by one or two orders of magnitude. Introducing
specihic structural information about the sample further raduces the number of structures
consistent with the data 1o a very few. sometimes 10 a unique structure.

It 1s not necessary that the generator be exhaustive it we are willing to relinquish the
assurarce that every posuible hypothesis in the space has been considered imphcitly or
explicitly  Instead of a generator of all syntactically possinle hypotheses, then, substitute a
generator of playsibie hypotheses. In the Meta DENDRAL program [Buchanan and Mitchell
1978]. the task 1s to hnd explanatory rules that explain a collection of data. The program
searches the space of rules by generating plausible rules, under constraints. A rule
constructed by Meta-DEMNDRAL relates important structural features of chemical compounds
with mass spectrometry fragmentation processes. As shown in Fig. FIGS. the syntax of a
mass specrometry rule 1S a conaitional sentence relatng (premise) a generahzed description
ol part of a chenucal structure and (conclusion) a description of where the molecular
structure will fragment in the environment of the descrited 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
1S a set of fragmentation rules describing the general behavior of a class of compaunds.

IF <description of two lused six memopered rings)
THEN <gescription of fragmentation at the ring juncture)

Schematically

{cottapsing left "
and nght sides

of rule)

M-5

Figure 5: A general rule of mass spectrometry that Meta-DENDRAL
rediscovered.  This rule predicts that a 6 membered ring will
fragment nextto a nng juncture

Meta-DENDRAL's search space i1s enormous. partly because the program 1s looking for a
set of rules that explain most of the data. not just a single hypothesis. It reasons about
underlying processes occurrng in the instrument. which further compounds the search
because any one data point inay have several plausible explanations in terms of processes. It
constrans the search in thr2e general ways. (1) It gencrates only rules for which there 1S
some positive evidence in the first place thus avoiding ec<haustive generation (2) It
considers only rules that are censistent with a crudce. tut relptul, model of mass spectrometry
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processes, which we call the "haif order theory” (3) It consiiors rules in two stages in the
inihal search it estimates the amount of negatve avicgence a rule 1s ikely to encounter (based
on its ievel of generality). and in a refined search it modifes 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 Model]

Another computational model for hypotheses formation programs s known as
Qoportunistic search.  While it is still correct to use the search metaphor 1o descrive the
exploration of plausible nypotheses. there is no single generator in this model The generator
1S replaced by a collection of heunstc procedures that suggest new hypotheses, or
modifications to old ones. This often referred to as the Blackboard Model because
communication among all the heunstic procedures 1s througn a common data structure called
the blackboard. Itis called opportunistic because the procedures respond to changes on the
blackboard. New pieces of data trigger some new inferences expectations about confirming
or disconfirming data trigger other procedures

The HASP/SIAP program (N et al_ 1982). for example. explains underwater acoustic data
using the Blackboard Model. Noises from ships angines. generators. pumps and other
equipment are monitored and recorded in a sonogram. The program interprets those data as
a collection of ships of specihic types in the region  Interterence trom islands or from other
ships in the ocean can cause ships to be momentarily 'ost bul expectations are then created
that they will reappe ur shortly along extrapolations of (heir previous paths.

Another explanatory program that uses this medel 1s CRYSALIS [Engeimore and Terry
1979]. CRYSALIS interprets X ray crystallographic data from proteins by finding three-
dimensional descriptions of amino acid sequences. The space of possible hypotheses 1s very
large so the interpretation must be dnven as much by the data as by a moriel of what
constitutes a plausible hypothesis

In both these programs. and others using the blackboard model. there 1s 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 other changes in the partial
interpretation so far.

3. Conclusions

We have mentioned over a dozen Al programs that formulate hypotheses to explain
empincal yata S5INg these programs themsewes as data ponts. what can ~e conclude
about methods for hypothesis formation? Because theso prograins hit within the paracigm of
search, we conclude hrst that hypothesis formation can t e mechanmized by systematic search
of a space of possible hypotheses. The essential componants of a seurch program are (a)
one or more generators of hypotheses (b) a wel defined vocubulary and syntax of
hypotheses: (c) knowledge about the domain that can be USL 1o censtrain the search. (d)
evaluation functions that can guide the search and dehne 4 atsfactary sotution  Of these
elements, the hypothesis gencrator 's the most cretcal There (re =several ways of
constructing a generator, which we discusscd a5 uxbhaustive. selective, Beunstic and
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opportunistic search  Mone of the programs mentioned here uses exhaustive 52arch because
of its appetite for computer cycles

lective search assumes that the data can be explained by selectng the most
appropnate clazsihcanon. as in medicyl hagnosis For ecample. a patent's cigns and
symoatoms dre explained by diagnasing the iliness as meningiis caused by an e colinfection
Both the type of infection (meningius) and the cause (e ¢cch) are selected from relatively short
lists of possibiities. In principle, the selection 1s made by gathernng evidence lor and against
each hypothesis on a ist. Butin practise. whole classes of hypotheses may be elirminated by
small clusters ol evidence early in the search When the hi3ls are orgainized 1 a merarchy,
selective search can prune classes of hypotheses without consigering the individual numbers
of the class. Thus ?etecnve search s more efficient than exhaustive search

More than the other search methods. 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 aimost any hypothesis. A fever for example 1s evidence for almost
every intection. Similarly. data can aimost always be found to reduce one s conhidence in any
hypothesis. How much one should weigh mdmm\al preces of evigence and how one should
combine weights are subjects treated theoretically in the Wterature on confirmation  They
have found practical expression in several Al programs such as MYCIN, PROSPECTOR and
CADUCEUS.

Heuristic search combines the virtue of systematic exploration of a hypothesis space with
the ethciency ot a focused. selective search. The main strengtns of the method are

1. We can guarantee that all /implausible hypotheses have been excludedsand the
remaining hypotheses are all and oniy the plausible ones (The guarantee holds
only within the conceptual frame defined for the praogram but 1s good for the hte of
that frainework)

2 We can encode a scientist's incomplete and uncertain knowledqge of the domain
to help define the criteria of plausibility  The programs can b2 given these items
in many levels of certituge--from those most central to the odv\advgm to those that
are little more than ephemeral intuitions [Buchanan 1979).

The major hmitation of heunstc search in any domain 1s the nacessity of hnding (or
inventing) 2 generator of cossible solutions  In the case of molecular structures, hinding the
generating dlgorithm toox inany y2ars  Lederberg's r.otational algoriihm for unringed graph
structures {described n {Lindsay et al. 1950)) was mapped nto a gencrating algorithm with
little arfficuity, tut the symmetries of cychc graphs complhicated the generation problem
immensely

A sccond major mitation on heunstic search 1s the necessity of inding heunistics. or rules
of thumb, that guide the generator and constrain it from producing all syntactically ollowable
hypothcses. For rule gene:alion it was necessary to hind heunstics that steer the generator
toward the small numbe: ol interesting rules and away lrom the very lurge nimber ot
uninteresting rules  The problem s that it s chithcult to find these guiding principles

defining 1 single. unitorin yenerator of hypotheses vathin the space. The method takes
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advantage of a scientist's knowledge about what to do next how to constriict @ partal
explanation of data and how to modity and refine it nto a satistactory more complete
explanation. In problem areas for which a generater of the entire space cannot be designed,
or implemented efficiently. a collection of opportunichic rules can proviie a method for hnding
plausible explanations They start with small “islands of certaunty - that s, interpretations ot
parts of the data that are nearly unambiguous Then the rules augment the best hypothesis,
postulate alternatives to try to disconfirm and note the expected ¢ata that would contirm or
disconfirm an hypothesis. Since hypothesis elements are considered becauss there is some
positive reason to do so. the exploration 1s highly focused on the relevant parts of the space

The major drawback of opportumistic search. however s the absence of a guarantee that
all relevant classes of hypotheses have been consigered The total space 's not detined by
the method and only parts of the total space are considered explicitly or imphicitly

In summary, we initially asked by what methods a computer program can hind plausible
explanations of empirical data. One answer is by searching a space of hypotheses The next
question 1s how a computer can search a space To this we oftereg four related (and non-
exclusive) answers based on generalizations from several programs

o Avoid exhaustive search, since it is ineffic:ent for large spaces

e Use selective search if the problem of explaining data s essentially one of
classification

o Use heurnistic search if the space is large and if there exists both a generator of
hypotheses and sufficient knowledge to guide it .

o Use opportunistic search if there 1s no systemanc generator of hypotheses and
scientists’ heunstics can be used for plausible inference from data to partal
hypotheses and from partal hypotheses to confirming and disconfirming
expenments.

The efficiency of thase methods. and of the programs using them dz2pends very much on
the knowledge they have been given for guiding the search Because much of the world's
knowledge 1s qualitative. however the methods *hat use this knowledqge for guidance must be
symbolic and not strictly numerical Thats the power ot Al
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NOTES

'l am grateful to Dr Derek Sleeman. and Mr. Tom Dietterich for comments on early drafts
of this paper. and to Dr Lindley Darden tor discussions. This work was supported in part by
DARPA [Contract #MDA903 80 C-0107). ONR [Contract #NO0014-79-C-0302), NLM
[Contract # NLM 1 PO1 LM03395) and NIH [Contract # NIH RR 00785-10.)

2Two experiment planning proc ns worth noting are MOLGEN [Friedland 1979, Stefik
1980| and SECS (Wipke gt al. 1977] MOLGEN designs experiments in moiecular genetics to
accomplish goals such as splicing genes into bacteria. SECS designs chemical synthesis
plans to accomplish goals of synthesizing organic chemical samples n the laboratory. Both
use large amounts of factual and heunstic knowledge and both have demonstrated their
ability to aid scientists.

INewell and Simon, among others. have advocated the fundamental role of search in both
human and machine problem solving since the earliest days of Al. See. for example, [Newell
and Simon 1976). For a full discussion of search see [Barr and Feigenbaum 1982].

“It is worth noting that the DENDRAL structure generator also avoids duplication. Thus
there 1s no possibility of an infinite loop of generating duplicate structures repeatedly, an
important teature of a mechanized procedure.




References

Barr, A. and Feigenbaum, E.A. (eds.). (1982). Ihe Handbook Of Artifi-
cial Intelligence, (Vols. I and II). Los Altos, CA: Kaufmann.

Blum, R.L. (1981).

-
-

Project, Unpublished Ph.D. Dissertation, Stanford University.
Xerox University Microfilms Publication Number DA8208819.

Brown, J.S. and Burton, R, (1978). "Diagnostic Models of Procedural

Bugs in Basic Mathematical Skills.," Cognitive Science 2:
155-192.

Buchanan, B.G. and Feigenbaum, E.A. (1978). "DENDRAL and Meta-DENDRAL:
Their Applications Dimension."” Artificial Intelligence 11: 5-24.

eescceceeeee=-= and Mitchell, T.M. (1978). "Model-Directed Learning of
Production Rules." In Pattern-Directed Inference Jvatems, Edited
by D.A. Wwaterman and F. Hayes-Rotn, New York: Academic Press,
Pages 297-312.

—————— . (1979). "Steps Toward Mecnanizing Discovery." Iech.

Report HPP-79-28 Compuier Science Dept., Stanford University.
Presented at Pittsburgh University Conference on the Logic of

Diagnosis. .

Campbell, A.N.; Hollister, V.F.; Duda, R.O0.; and Hart, P.E. (1982).
"Recognition of a Hidden Mineral Deposit Dy an Artificial
Intelligence Program." Science 217: 927-929.

Davis, R.; Shrobe, H.; Hamscher, w.; wieckert, K.; Shirley, M.; and
Polit, S. (1982). "Diagnosis Based on Description of Structure
and Function." In 3 S
on Artificial Intelligzence, Menlo Park, CA: American Association
for Artificial Intelligence. Pages 137-142.

Engelmore, R.S. and Terry, A. (1979). "Structure and Function of the
CRYSALIS System." In Proceedings of tne laternatdonal Joins
Conference on Artificial Iatellizence. Pages 250-256.

Erman, L.D.; Hayes-Roth, F.; Reddy, D.R.; and Lesser, V.R. (1980).
"The Hearsay-II Speech Understanding System: Integrating Know-
ledge to Resolve Uncertainty." Computing Jurveys 12: 213-253.

Friedland, P. (1979). Knowledge-Based Experigent Design dn Molecular
Gepetics, Unpublished Ph,D, Dissertation, Stanford University,
Xerox University Microfilms Publication Number DEMB0-11638.

Genesereth, 4. (1982). "Diagnosis Using Hierarchical Design Models."
In Progeedinga of the Second Natdonal Conference on Artificial
Menlo Park, CA: American Association for

Artificial Intelligence. Pages 278-283.




Copyright ® 1985 by KSL and
Comtex Scientific Corporation




FILMED FROM BEST AVAILABLE COPY




