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Abstract. Although probabilis tic kno wledge represen tations and probabilisti c

reasoning ha v e b y no w secured their p osition in in telligen t systems researc h, it

is not uncommon to encoun ter misunderstandin g of their foundations and lac k

of appreciation for their strengths. This pap er discusses �v e issues related to in-

telligen t systems researc h and sho ws ho w they are addressed b y the probabilisti c

kno wledge represen tations.

Directed probabili sti c graphs capture essen tial qualitativ e prop erties of a domain,

along with its causal structure. Concepts suc h as relev ance and con
icting evi-

dence ha v e a natural, formally sound meaning in probabili stic mo dels. Probabilis-

tic sc hemes supp ort sound reasoning at a v ariet y of lev els ranging from purely

quan titativ e to purely qualitativ e lev els. Probabili stic kno wledge represen tations

pro vide insigh t in to the foundations of logic-based sc hemes for reasoning under

uncertain t y , sho wing their di�culties in highly uncertain domains. Finally , proba-

bilistic kno wledge represen tations supp ort automatic generation of understandable

explanations of inference for the sak e of user in terfaces to in telligent systems.

1 INTR ODUCTION

Reasoning within suc h disciplines as engineering, science, managemen t, or medicine is

usually based on formal, mathematical metho ds emplo ying probabilistic treatmen t of

uncertain t y . While heuristic metho ds and ad-ho c reasoning sc hemes ma y in man y do-

mains p erform w ell, most engineers will b e reluctan t to rely on them whenev er the cost
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of making an error is high. T o giv e an extreme example, few p eople w ould c ho ose to 
y

airplanes built using heuristic principles o v er airplanes built using the la ws of aero dy-

namics. The attractiv eness of probabilit y theory lies in its soundness and its guaran tees

concerning long-term p erformance. Similarly to the �rst order logic in deterministic rea-

soning, probabilit y theory can b e view ed as a gold standard for rationalit y in reasoning

under uncertain t y . F ollo wing its axioms protects from some elemen tary inconsistencies.

Their violation, on the other hand, can b e demonstrated to lead to sure losses [19 ].

Application of probabilistic metho ds in in telligen t systems mak es these systems philo-

sophically distinct from those based on the mainstream arti�cial in telligence metho ds.

Rather than imitating h umans, they supp ort h uman reasoning b y a normativ e theory of

decision making. A useful analogy is that of an electronic calculator: the calculator aids

p eople's limited capacit y for men tal arithmetics rather than imitating it. The distrust for

h uman capabilities for reasoning under uncertain t y has strong empirical supp ort [17 ].

This pap er discusses �v e issues related to in telligen t systems researc h and sho ws

ho w they are addressed b y the probabilistic kno wledge represen tations. It is a review

pap er and it accessibly and informally summarizes only the most imp ortan t results.

P oin ters will b e giv en to original pap ers for those readers who are in terested in details

and in a formal exp osition. The remainder of this pap er is structured as follo ws. Section 2

reviews the foundations of probabilistic kno wledge represen tations. Section 3 is dev oted

to the issue of causalit y in mo dels and sho ws the ease with whic h probabilistic mo dels

represen t the causal structure of the underlying domain. Section 4 discusses the issue

of relev ance in probabilistic con text. Section 5 sho ws that probabilit y theory supp orts

computationally e�cien t qualitativ e sc hemes for reasoning under uncertain t y . Section 6

la ys a link b et w een probabilistic and logic-based sc hemes for reasoning under uncertain t y ,

sho wing the di�culties that logic-based sc hemes face in highly uncertain domains. Finally ,

Section 7 discusses the issues of kno wledge elicitation and explanation in the con text of

probabilistic systems.

2 F OUND A TIONS

As outlined carefully b y Leonard Sa v age in his in
uen tial b o ok on the foundations of

Ba y esian probabilit y theory and decision theory [19 ], probabilistic reasoning is alw a ys

con�ned to a w ell de�ned set of uncertain v ariables, whic h Sa v age refers to as \small

w orld." A probabilistic mo del consists of an explicit sp eci�cation of these v ariables and

the information ab out the probabilit y distribution o v er all p ossible com binations of their

outcomes,

1

kno wn as the join t probabilit y distribution. It is a fundamen tal assumption

of the Ba y esian approac h that the join t probabilit y distribution exists and if needed can

1

A com bination of outcomes of all v ariables, i.e., an elemen t of the Cartesian pro duct of sets of

outcomes of all individual mo del's v ariables, can b e succinctly de�ned as a state. There is a

ric hness of terms used to describ e states of a mo del: extension, instan tiation, p ossible w orld,

scenario, etc. Throughout this pap er, I will attempt to use the term state of a mo del or brie
y

state whenev er p ossible.
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b e elicited from a h uman exp ert.

2

If there are n prop ositional v ariables in a mo del, there

are 2

n

states of the mo del and, e�ectiv ely , the join t probabilit y distribution consists of 2

n

n um b ers. It is seldom the case that all these n um b ers ha v e to b e elicited and stored in a

mo del. By factorizing the join t probabilit y distribution and exploring the indep endences

existing in the domain, once can reduce it to a pro duct of a small n um b er of probabilities.

Suc h factorized form can b e represen ted b y a directed graph, suc h as a Bayesian b elief

network (BBN) [18 ]. No des in a BBN represen t random v ariables. Lac k of a directed arc

b et w een a no de a and a no de b means that v ariables a and b are indep enden t conditional

on some subset 	 of other v ariables in the mo del ( 	 can also b e empt y).

Figure 1 sho ws an example of a BBN mo deling v arious causes of lo w lev el of car

engine oil. The in teractions b et w een v ariables in this mo del are uncertain in general. A
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Fig. 1. An example of a Ba y esian b elief net w ork

cr ack in the gasket ma y result in oil le ak , but there ma y b e an oil le ak without a cr ack in

the gasket or there ma y b e a cr ack in the gasket that do es not cause oil le ak . There are

man y indep endences represen ted explicitly in this graph. And so, lo ose b olt and cr ack in

the gasket are indep enden t. They b ecome dep enden t conditional on oil le ak or an y of its

descendan ts. Worn piston rings is indep enden t on blue exhaust conditional on exc essive oil

c onsumption . The graphical mo del, suc h as the one in Figure 1, is usually supplemen ted

b y its n umerical prop erties, expressed b y matrices of conditional probabilities stored in

eac h of the no des. With eac h of the 12 v ariables in this mo del b eing prop ositional, the

complete join t probabilit y distribution con tains 2

12

= 4096 n um b ers. Explicit information

2

It is not necessary , ho w ev er, to sp ecify it n umerically in order to p erform useful reasoning |

in fact a sp eci�cation of the constrain ts on this join t probabili t y distributio n and reasoning

in terms of these constrain ts leads to sc hemes of less sp eci�cit y and ev en purely qualitativ e

sc hemes, as will b e sho wn in Section 5.
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ab out indep endences included in the mo del allo ws for sp ecifying it b y only 54 n um b ers.

Both, the structure and the n umerical probabilit y distributions in a BBN are elicited from

a h uman exp ert and are a re
ection of the exp ert's sub jectiv e view of a real w orld system.

Scien ti�c kno wledge ab out the system, b oth in terms of the structure and frequency

data, if a v ailable, can b e easily incorp orated in the mo del. It is apparen t from the ab o v e

example that BBNs o�er a compact represen tation of join t probabilit y distributions and

are capable of practical represen tation of large mo dels. BBNs can b e easily extended with

decision and v alue v ariables for mo deling decision problems. Suc h amended graphs are

kno wn as in
uenc e diagr ams [20 ].

3 PR OBABILITY, CA USALITY, AND A CTION

It seems to b e an accepted view in psyc hology that h umans attempt to ac hiev e a coheren t

in terpretation of the ev en ts that they observ e b y organizing their kno wledge in sc hemas

consisting of cause-e�ect relations. This holds for b oth scien ti�c and ev eryda y reason-

ing. Scarcit y of references to causalit y in most statistics textb o oks and the disclaimers

that usually surround the term \causation" create the impression that causalit y forms

a negativ e and unnecessary ballast on h uman mind that cannot b e reconciled with the

probabilistic approac h. In fact, causalit y and probabilit y are closely related. While prob-

abilistic relations indeed do not imply causalit y , the latter normally implies a pattern

of probabilistic in terdep endencies and these, in turn, pro vide clues ab out causalit y . A

generally accepted necessary condition for causalit y is statistical dep endence. F or a to b e

considered a cause of b in a con text S , it is necessary that P r ( B j A S ) 6= P r ( B j A S ), i.e.,

the presence of a m ust ha v e impact on the probabilit y of b . Kno wledge of the direction

of causalit y allo ws h umans to predict the e�ects of their actions.

It turns out that directed graphs readily com bine the symmetric view of probabilistic

dep endence with the asymmetry of causalit y . A directed graph can b e giv en causal in ter-

pretation and can b e view ed as a structural mo del of the underlying domain. Simon and

I [10 ] tied the w ork on structural equations mo dels in econometric and AI to probabilis-

tic mo dels and form ulated the seman tic conditions under whic h a directed probabilistic

graph is causal. W e ha v e sho wn that a no de and all its direct predecessors in a graph

pla y a role that is equiv alen t to that of a structural equation. Structural equations in

econometric are equations describing unique mec hanisms acting in the system [22 ]. F or

example, in a simple ph ysical system suc h as a p endulum, one of the mec hanisms migh t

b e describ ed b y the equation f = mg , where m is the mass of the p endulum, g is Earth's

gra vitational constan t, and f the force with whic h Earth acts on the p endulum. Mec h-

anisms are iden ti�able b y underlying ph ysical, c hemical, so cial, or other la ws, ph ysical

adjacency , connection, or in teraction. As w e ha v e sho wn, one can view eac h no de in a

probabilistic graph along with its direct predecessors as a qualitativ e sp eci�cation of a

mec hanism acting in a system.

There are t w o imp ortan t reasons for in terest in causalit y in the con text of in telligen t

systems. The �rst is that mo dels that include causal information are natural and in

general easier to construct and mo dify [14 , 21]. Suc h mo dels are also easier for the

system to explain and for their users to comprehend [3 , 25 ]. The theoretical link b et w een
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structural equations mo dels and directed probabilistic graphs sho ws ho w prior theoretical

kno wledge ab out a domain, captured in structural equations, can aid construction of

BBNs. If w e happ en to kno w the mec hanism t ying a group of v ariables, w e kno w that

these v ariables will b e adjacen t in the constructed graph. Existing theoretical kno wledge,

if incorp orated at the mo del building stage, can aid h uman exp erts, mak e mo del building

easier, and, �nally , impro v e the qualit y of constructed mo dels.

The second reason for in terest in causalit y is that autonomous in telligen t planning

systems should b e able to predict the e�ects of their actions. F or this, the mo del that

they base their reasoning on, i.e., their picture of the w orld, needs to b e causal. Spirtes

et al. [23 ] sho w in what they call the manipulation the or em , that it is straigh tforw ard

to predict the e�ect of manipulating a v ariable in a probabilistic causal graph. The

probabilit y distribution o v er the manipulated graph can b e obtained b y mo difying the

conditional distributions of the manipulated v ariables. Imp osing a v alue on a v ariable

x through an external in terv en tion, in particular, amoun ts to remo ving all arcs in the

graph that p oin t at x . Assuming that the mo del of Figure 1 is causal, using a theorem b y

Spirtes et al., w e can easily predict the e�ect of external in terv en tions to the mo del. And

so, manipulation of the v ariable gr e asy engine blo ck (for example, b y w ashing the engine)

will ha v e no e�ect on an y other v ariable in the mo del. On the other hand, manipulation

of the v ariable low oil level (for example, b y adding oil) will impact the indication of

the oil gauge , but not v ariables exc essive oil c onsumption , oil le ak , or an y of the other

v ariables in the graph.

4 RELEV ANCE

T ypically , an in telligen t system includes a large b o dy of domain kno wledge that is es-

sen tial for its reasoning. An imp ortan t problem that suc h a system faces is iden tifying

those parts of the domain kno wledge that are relev an t for the query that it is addressing.

\Small w orlds" mo deled b y probabilistic systems ma y include h undreds or thousands of

v ariables. Eac h of the v ariables of a probabilistic mo del ma y b e relev an t for some t yp es

of reasoning within this domain, but rarely will all of them participate in reasoning re-

lated to a single query . T o o m uc h information ma y unnecessarily degrade the system's

p erformance. F o cusing on the most relev an t part of the mo del is also crucial in com-

m unicating its results: to o man y irrelev an t facts will ha v e a confounding e�ect on most

users. It is imp ortan t, therefore, to iden tify a subset of the \small w orld" including only

those elemen ts of the domain mo del that are directly relev an t to a particular problem.

Suermondt and I [11 ] recen tly summarized our w ork on the metho ds that can b e used for

suc h reduction in probabilistic mo dels. Eac h of these metho ds is fairly w ell understo o d

theoretically and practically implemen ted.

One p ossible w a y of reducing the size of the mo del is instan tiating evidence v ariables

to their observ ed v alues. The observ ed evidence ma y b e causally su�cien t to imply the

v alues of other, as y et unobserv ed no des (e.g., if a patien t is male, it implies that he is not

pregnan t). Similarly , observ ed evidence ma y imply other no des that are causally necessary

for that evidence to o ccur (e.g., observing that the r adio w orks migh t in our simple mo del

imply b attery p ower ). Eac h instan tiation reduces the n um b er of uncertain v ariables and,
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hence, reduces the computational complexit y of inference. F urther, instan tiations can

lead to additional reductions, as they ma y screen o� other v ariables b y making them

indep enden t of the v ariables of in terest.

P arts of the mo del that are probabilistically indep enden t from a no de of in terest t

giv en the observ ed evidence are clearly not relev an t to reasoning ab out t . Geiger et al.

[12 ] sho w a computationally e�cien t w a y of iden tifying no des that are probabilistically

indep enden t from a set of no des of in terest giv en a set of observ ations b y exploring inde-

p endences implied b y the structural prop erties of the graph. They base their algorithm

on a condition kno wn as d -separation, binding probabilistic indep endence to the struc-

ture of the graph. Reduction ac hiev ed b y means of d -separation can b e signi�can t. F or

example, observing exc essive oil c onsumption , mak es eac h of the v ariables in the exam-

ple graph indep enden t of worn piston rings . If this is the v ariable of in terest, almost the

whole graph can b e reduced.

F urther reduction of the graph can b e p erformed b y remo ving no des that are not

computationally relev an t to the no des of in terest giv en the evidence, kno wn as b arr en

no des [20 ]. Barren no des are uninstan tiated c hild-less no des in the graph. They dep end

on the evidence, but do not con tribute to the c hange in probabilit y of the target no de

and are, therefore, computationally irrelev an t. If the presence of low oil level is unkno wn,

then the probabilit y distribution of low oil level is not necessary for computing the b elief

in blue exhaust , exc essive oil c onsumption , oil le ak , and ancestors of the latter t w o.

A probabilistic graph is not alw a ys capable of represen ting indep endences explicitly

[18 ]. The d -separation criterion assumes, for example, that an instan tiated head-to-head

no de mak es its predecessors probabilistically dep enden t. This is not the case, for example,

for a common t yp e of in teraction kno wn as Noisy{OR gate, when the common e�ect has

b een observ ed to b e absen t [9 ]. A careful study of the probabilit y distribution matrices

in a graph ma y rev eal similar circumstances and further opp ortunities for reduction.

Pro cedures for this examination follo w straigh tforw ardly from the probabilistic de�nition

of indep endence.

F or some applications, suc h as user in terfaces, there is another class of v ariables that

can b e reduced. This class consists of those predecessor no des that do not tak e activ e

part in propagation of b elief from the evidence to the target. Both Suermondt's [24 ] and

m y w ork with Henrion [8 ] use the concept of c hains of reasoning, whic h are the union of

all activ e trails from the evidence to the target v ariable. Suermondt calls the irrelev an t

an teceden t no des nuisanc e no des . A n uisance no de, giv en evidence e and v ariable of

in terest t , is a no de that is computationally related to t giv en e but is not part of an y

activ e trail from e to t . If w e are in terested in the relev ance of worn piston rings to low

oil level , then oil le ak and all its ancestors fall in to the category of n uisance no des and

can b e reduced.

The ab o v e metho ds do not alter the quan titativ e prop erties of the underlying graph

and are, therefore, exact. In addition, for a collection of evidence no des e and a no de

of in terest t , there will usually b e no des in the BBN that are only marginally relev an t

for computing the p osterior probabilit y distribution of t . Iden tifying no des that ha v e

non-zero but small impact on t and pruning them can lead to a further simpli�cation

of the graph with only a sligh t impact on the precision of the conclusions. T o iden tify
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suc h no des, one needs a suitable metric for measuring c hanges to the distribution of t , as

w ell as a threshold b ey ond whic h c hanges are unacceptable. Suc h metrics can b e deriv ed

solely from the probabilities (e.g., cross en trop y), or from decision and utilit y mo dels

in v olving the distribution of t . In INSITE, a system that generates explanations of BBN

inference, Suermondt [24 ] found cross en trop y to b e the most practical measure. Use of

suc h a metric and threshold allo ws us to discriminate b et w een more and less in
uen tial

evidence no des, and to iden tify no des and arcs in the BBN that migh t, for practical

purp oses, b e omitted from computations and from explanations of the results.

Relev ance in probabilistic mo dels has a natural in terpretation and probabilit y theory

supplies e�ectiv e to ols that aid in determining what is at an y giv en p oin t most crucial for

the inference. The common denominator of the ab o v e metho ds is that they are theoreti-

cally sound and quite in tuitiv e. They are exact or, as it is the case with the last metho d,

they come with an apparatus for con trolling the degree of appro ximation, preserving

correctness of the reduced mo del.

5 QUALIT A TIVE REASONING

Probabilistic reasoning sc hemes are often criticized for the undue precision they require

to represen t uncertain kno wledge in the form of n umerical probabilities. In fact, suc h

criticism is misconceiv ed since probabilistic reasoning do es not need to b e conducted

with a full n umerical sp eci�cation of the join t probabilit y distribution o v er a mo del's

v ariables. Useful conclusions can b e dra wn from merely constrain ts on the join t proba-

bilit y distributions. The reasoning ab out relev ance, describ ed in the previous section, is

often purely qualitativ e, based only on the structure of the directed probabilistic graph.

Another instance of qualitativ e probabilistic reasoning can b e obtained b y amending

reasoning ab out relev ance with reasoning ab out its sign.

W ellman in tro duced a qualitativ e abstraction of BBNs, kno wn as Qualitativ e Proba-

bilistic Net w orks (QPNs)[26]. QPNs share the structure with BBNs, but instead of n u-

merical probabilit y distributions, they represen t the signs of in teractions among v ariables

in the mo del. A prop osition a has a p ositiv e in
uenc e on a prop osition b , if observing

a to b e true mak es b more probable. QPNs generalize straigh tforw ardly to m ultiv al ued

and con tin uous v ariables. QPNs can replace or supplemen t quan titativ e Ba y esian b elief

net w orks where n umerical probabilities are either not a v ailable or not necessary for the

questions of in terest. An exp ert ma y express his or her uncertain kno wledge of a domain

directly in the form of a QPN. This requires signi�can tly less e�ort than a full n umerical

sp eci�cation of a BBN. Alternativ ely , if w e already p ossess a n umerical BBN, then it is

straigh tforw ard to iden tify the qualitativ e relations inheren t in it, based on the formal

probabilistic de�nitions of the prop erties. QPNs determine the e�ect of observ ations on

the probabilit y of a v ariable of in terest and are useful for structuring planning problems.

If a graph con tains decision no des and a v alue no de, queries concerning the sign of in-


uences can b e used to iden tify dominating decision options [26 ]. Figure 2 sho ws a QPN

for the example of Figure 1.

Henrion and I [8 ] ha v e sho wn that reasoning in QPNs can b e conducted in p olynomial

time b y prop osing a computationally e�cien t algorithm for reasoning in QPNs. This
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Fig. 2. An example of a qualitativ e probabilisti c net w ork

algorithm, called qualitative b elief pr op agation , traces the e�ect of an observ ation e on

other graph v ariables b y propagating the sign of c hange from e through the en tire graph.

Ev ery no de t in the graph is giv en a lab el that c haracterizes the sign of impact of e on t .

In this w a y , once the propagation is completed, one can easily read o� the lab eled graph

ho w exactly the evidence impacts t , i.e., what are the in termediate no des through whic h

e acts on t .

This algorithm has d -separation implicitly built in to it and can address the problem of

structural relev ance. In order to ac hiev e this, use the algorithm to compute the qualitativ e

impact of a v ariable of in terest t giv en an evidence v ariable e . The algorithm marks in

this case eac h no de n in the graph with the sign of in
uence of t on n . All no des that

are mark ed '0 in propagation of a non-zero sign from t are structurally not relev an t for

t giv en e .

If the signs of impact of t w o pieces of evidence e

1

and e

2

on a no de t are di�eren t,

w e are dealing with con
icting evidence. W e sp eak ab out con
icting evidence also when

an evidence v ariable e impacts t p ositiv ely through one path and negativ ely through

another. The lab els placed on eac h no de in the graph b y the qualitativ e b elief propagation

algorithm allo ws a computer program, in case of sign-am bigui t y , to re
ect ab out the

mo del at a meta lev el and �nd the reason for am biguit y , for example, whic h paths are in

con
ict. Hence, it can suggest w a ys in whic h the least additional sp eci�cit y could resolv e

the am biguit y .

6 FR OM PR OBABILITY TO LOGICS

One w a y of lo oking at mo dels of uncertain domains is that they describ e a set of p ossible

states of the w orld. This view is explicated b y the logic-based approac hes to reasoning

under uncertain t y | at an y giv en p oin t v arious extensions of the curren t b o dy of facts are

p ossible, one of whic h, although uniden ti�ed, is assumed to b e true. Since the n um b er of
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p ossible extensions of the facts is exp onen tial in the n um b er of uncertain v ariables in the

mo del, it seems to b e in tuitiv ely app ealing, and for su�cien tly large domains practically

necessary , to limit the n um b er of extensions considered. Sev eral arti�cial in telligence

sc hemes for reasoning under uncertain t y , suc h as case-based or script-based reasoning,

ab duction, or non-monotonic logics, seem to b e follo wing this path.

I ha v e demonstrated [5 ] that the probabilities of individual states of the mo del can b e

exp ected to b e dra wn from highly sk ew ed lognormal distributions. The probabilit y mass

carried b y the individual states follo ws qualitativ ely the same distribution, but it is usu-

ally strongly shifted to w ards higher probabilit y v alues and is cut o� at the p oin t p = 1 : 0.

The asymmetry in individual prior and conditional probabilit y distributions determines

the v ariance in the distribution of probabilities of single states (probabilities of states

are spread o v er man y orders of magnitude) and also determines the magnitude of the

shift to w ards the higher v alues of probabilities. F or su�cien tly asymmetric distributions

(i.e., for distributions describing w ell kno wn systems), a small fraction of states can b e

exp ected to co v er a large p ortion of the total probabilit y space with the remaining states

ha ving practically negligible probabilit y . In the limit, when there is no uncertain t y , one

single state co v ers the en tire probabilit y space.

The more w e kno w ab out a domain, the more asymmetry individual conditional

probabilities will sho w. When the domain and its mec hanisms are w ell kno wn, probabilit y

distributions tend to b e extreme. This implies a large v ariance and a large shift in the

exp ected con tribution function and, therefore, a small n um b er of v ery lik ely states of the

mo del. This mak es in tuitiv e sense | w e tend to act with con�dence in en vironmen ts that

w e kno w w ell, just b ecause w e can easily predict what will happ en. When an en vironmen t

is less famili ar, the probabilit y distributions tend to b e less extreme, there is less v ariance

in probabilities. The shift in con tribution function is small and none of the states is

v ery lik ely . Figure 3 sho ws theoretically deriv ed probabilit y densit y functions for t w o

mo dels consisting of ten binary v ariables, in whic h individual conditional probabilit y

distributions w ere 0 : 2 and 0 : 8 (left diagram) and 0 : 3 and 0 : 7 (righ t diagram). The ordinate

is in logarithmic scale | the lognormal distributions found in practical mo dels tend to

span o v er man y orders of magnitude and are extremely sk ew ed, making them unreadable

in linear scale.

3

Note that the distribution pictured in the righ t diagram is for a system

with more symmetry in the distribution, i.e., a system that w e kno w less ab out. In this

case, the shift to w ards higher probabilities is small, most states will ha v e lo w probabilities

and, hence, no v ery lik ely states will b e observ ed.

The left diagram in Figure 4 sho ws the theoretically deriv ed relationship for a mo del

consisting of ten binary v ariables with probabilit y distributions dra wn uniformly from

the in terv als [0 ; 0 : 1] and [0 : 9 ; 1 : 0]. Please, note that the distribution of the con tributions

of probabilities of states to the total probabilit y mass is strongly shifted to w ards higher

probabilities and cut o� at p oin t log p = 0. The righ t diagram in Figure 4 sho ws the result

of a sim ulation in whic h an uncertain mo del satisfying the assumption w as randomly

created and then its join t probabilit y distribution analyzed. This sim ulation w as done in

3

This and other �gures use decimal rather than natural logarithm b ecause of the ease with

whic h w e can translate the v alue of the decimal logarithm to order of magnitude in the decimal

system.
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Fig. 3. Theoretically deriv ed distributions for iden tical conditional probabilit y distribution s for

10 binary v ariables with probabili ties of outcomes equal to 0 : 2 and 0 : 8 (left diagram) and 0 : 3

and 0 : 7 (righ t diagram).

the spirit of a demonstration device similar to those prop osed b y Gauss or Kapteyn to

sho w a mec hanism b y whic h a distribution is generated. Similarit y of the theoretically

deriv ed distributions to the sim ulation results, ev en for as few as 10 random v ariables, is

apparen t.

Fig. 4. Iden tically distributed conditional probabilit y distributions for 10 binary v ariables with

probabiliti es of outcomes dra wn uniformly from the in terv als [0 ; 0 : 1] and [0 : 9 ; 1 : 0]: theoretically

deriv ed probabilit y distributio n o v er probabiliti es of states of the join t probabilit y distribu-

tion and the distributio n of their con tribution to the probabili t y mass (left diagram) and the

histograms observ ed in a sim ulation (righ t diagram).

A stronger supp ort for this analysis comes from studying the prop erties of a real

mo del. The most realistic mo del with a full n umerical sp eci�cation that w as a v ailable

to me w as ALARM, a medical diagnostic mo del of monitoring anesthesia patien ts in in-

tensiv e care units [1 ]. With its 38 random v ariables, eac h ha ving t w o or three outcomes,

ALARM has a computationally prohibitiv e n um b er of states. I selected, therefore, sev eral

self-con tained subsets of ALARM consisting of 7 to 13 v ariables, and analyzed the distri-

bution of probabilities of all states within those subsets. Figure 5 sho ws the result of one

of suc h run, iden tical with the results of all other runs with resp ect to the form of the ob-
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Fig. 5. Histograms of the probabiliti es of v arious states (the b ell-shap ed curv e) and their con-

tribution to the total probabilit y mass (the p eak on the righ t side) for a subset of 13 v ariables

in the ALARM mo del.

serv ed distribution. It is apparen t that the histogram of states app ears to b e for normally

distributed v ariables, whic h, giv en that the ordinate is in logarithmic scale, supp orts the

theoretically exp ected lognormalit y of the actual distribution. The histogram also indi-

cates a small con tribution of its tail to the total probabilit y mass. The subset studied

con tained 13 v ariables, resulting in 525,312 states. The probabilities of these states w ere

spread o v er 22 orders of magnitude. Only the most lik ely states, spread o v er the �rst �v e

orders of magnitude, pro vided meaningful con tribution to the total probabilit y mass. Of

all states, there w as one state with probabilit y 0.52, 10 states with probabilities in the

range (0 : 01 ; 0 : 1) and the total probabilit y of 0.23, and 48 states with probabilities in the

range (0 : 001 ; 0 : 01) and the total probabilit y of 0.16. The most lik ely state co v ered 0.52 of

the total probabilit y space, the 11 most lik ely states co v ered 0.75 of the total probabilit y

space, and the 59 most lik ely states (out of the total of 525,312) co v ered 0.91 of the total

probabilit y space.

The ab o v e result giv es some insigh t in to the logic-based sc hemes for reasoning under

uncertain t y , sho wing when and wh y they will w ork and when they will not p erform to o

w ell. In the domains that are w ell kno wn, there will b e usually a small n um b er of v ery

lik ely states and these states can b e mo deled in logic. In the domains that con tain m uc h

uncertain t y , logic-based approac hes will fail: there will b e man y plausible states and

commitm en t to an y of them is lik ely to b e sub optimal.

7 HUMAN INTERF A CES

Decision analysis, whic h is the art and science of applying decision theory to aid decision

making in the real w orld, has dev elop ed a considerable b o dy of kno wledge in mo del

building, including elicitation of the mo del structure and elicitation of the probabilit y

distribution o v er its v ariables. These metho ds ha v e b een under a con tin uous scrutin y of

psyc hologists w orking in the domain of b eha vioral decision theory and ha v e pro v en to

cop e reasonably w ell with the dangers related to h uman judgmen tal biases. Also, at the

output side, the approac h tak en b y decision analysis is compatible with that of in telligen t

systems. The goal of decision analysis is pro viding insigh t in to the decision. This insigh t,
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consisting of the analysis of all relev an t factors, their uncertain t y , and criticalit y of some

assumptions, is ev en more imp ortan t than the actual recommendation.

Probabilit y theory is kno wn to mo del w ell certain patterns of h uman plausible reason-

ing, suc h as mixing predictiv e and diagnostic inference, discoun ting correlated sources of

evidence, or in tercausal reasoning [9 , 13, 16 ]. BBNs o�er sev eral adv an tages for automatic

generation of explanation of reasoning to the users of in telligen t systems. As they enco de

the structure of the domain along with its n umerical prop erties, this structure can b e

analyzed at di�eren t lev els of precision. The abilit y to deriv e lo w er lev els of sp eci�cation

and, therefore, c hanging the precision of the represen tation mak es probabilistic mo dels

suitable for b oth computation and explanation. Soundness of the reasoning pro cedure

mak es it easier to impro v e the system, as explanations based on a less precise abstrac-

tion of the mo del pro vide an appro ximate, but correct picture of the mo del. P ossible

disagreemen t b et w een the system and its user can alw a ys b e reduced to a disagreemen t

o v er the mo del. This di�ers from the approac h tak en b y some alternativ e sc hemes for rea-

soning under uncertain t y , where simplicit y is ac hiev ed b y making simplifyi ng, although

not alw a ys substan tiated assumptions (suc h as indep endence assumptions em b edded in

Dempster{Shafer theory and p ossibilit y theory) [27 ]. Ultimately , it is hard to determine

in these sc hemes whether p ossibly wrong advice is the result of errors in the mo del or

errors in the reasoning pro cedure.

Qualitativ e b elief propagation, presen ted in Section 5, app ears to b e easy to follo w

for p eople and it can b e used for generation of v erbal explanations of probabilistic rea-

soning. The individual signs along with the signs of in
uences can b e translated in to

natural language sen tences describing paths of c hange from the evidence to the v ariable

of in terest. Explanation of eac h step in v olv es reference to a usually familia r causal or di-

Qualitative influence of greasy engine block on excessive oil

consumption :

Greasy engine block is evidence for oil leak.

Oil leak explains low oil level, hence is evidence against

excessive oil consumptio n.

Therefore, greasy engine block is evidence against excessive

oil consumpti on.

Fig. 6. Qualitativ e explanations: An example.

agnostic in teraction of v ariables. In general, explanations based on qualitativ e reasoning

are easier to understand than explanations using n umerical probabilities. So ev en where

a quan ti�ed BBN is a v ailable, it ma y often b e clearer to reduce it to the qualitativ e form,

and base explanations on purely qualitativ e reasoning. An example of a qualitativ e b elief

propagation-based explanation is giv en in Figure 6. More details on generation of v er-

bal explanations of reasoning based on b elief propagation can b e found in [4 , 7, 15, 16].

Suermondt [24 ] pro vides a thorough quan titativ e treatmen t of sev eral issues that are

complemen tary to the QBP explanations.
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Another metho d for generating explanations is based on the observ ation that in most

mo dels there is usually a small n um b er of v ery lik ely states (this w as discussed in Sec-

tion 6). If there is a small n um b er of v ery lik ely states, most lik ely states of the mo del can

b e iden ti�ed and presen ted to the user. This is the essence of sc enario-b ase d explanations

[4 , 6, 16]. An example of a scenario-based explanation is giv en in Figure 7.

The observed low oil level can be caused by excessive oil consumptio n

or by oil leak.

Scenarios supporti ng excessive oil consumpti on are:

1. There is no oil leak, excessive oil consumptio n causes low oil

level (p=0.35).

2. Cracked gasket causes oil leak, excessive oil consumption and oil

leak cause low oil level (p=0.15).

3. Other, less likely scenarios (p=0.05).

Scenarios disprovi ng excessive oil consumpti on are:

1. Cracked gasket causes oil leak, there is no excessive oil

consumption , oil leak causes low oil level (p=0.36).

2. Loose bolt causes oil leak, there is no excessive oil consumption ,

oil leak causes low oil level (p=0.04).

3. Other, less likely scenarios (p=0.05).

Therefore, excessive oil consumpti on is more likely than not (p=0.55).

Fig. 7. Scenario-based explanations : An example.

8 CONCLUSION

I ha v e discussed �v e issues related to the foundations of in telligen t systems researc h and

ha v e sho wn that they are addressed adequately b y probabilistic kno wledge represen ta-

tions. The view that probabilit y theory is a n umerical sc heme, di�cult to comprehend

for h umans, requiring a prohibitiv e n um b er of exp ert judgmen ts, and demanding high

computational p o w er seems to b e misplaced. Probabilit y theory is based on sound qual-

itativ e foundations that allo w for capturing the essen tial prop erties of a domain, along

with its causal structure. Directed probabilistic graphs mo del explicitly indep endences

and tie probabilit y with causalit y , allo wing for a concise and insigh tful represen tation of

uncertain domains. Probabilistic kno wledge represen tations and reasoning do not need

to b e quan titativ e | there is a whole sp ectrum of p ossible lev els of sp ecifying mo dels,

ranging from indep endence or relev ance to full n umeric sp eci�cation. The amoun t of

sp eci�cit y in a mo del can b e made dep enden t on a v ailable information and a reasoning

agen t can dynamically mo v e b et w een di�eren t lev els of sp eci�cation to do the most with
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the least p ossible e�ort. Concepts suc h as relev ance and con
icting evidence ha v e a nat-

ural, formally sound meaning. Finally , probabilistic kno wledge represen tations directly

supp ort user in terfaces. Their structural prop erties mak e it p ossible to refer to the causal

structure of the domain. F ull n umerical sp eci�cation of a domain, if a v ailable, allo ws for

manipulating with the lev el of precision for the sak e of simpli�cation. It is p ossible to

generate e�cien t explanations of probabilistic inference in in telligen t systems.
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