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Abstract

Qualitativ e Probabilistic Net w orks (QPNs) are an

abstraction of Ba y esian b elief net w orks replacing

n umerical relations b y qualitativ e in
uences and

synergies

[

W ellman, 1990b

]

. T o reason in a QPN

is to �nd the e�ect of new evidence on eac h no de in

terms of the sign of the c hange in b elief (increase

or decrease). W e in tro duce a p olynomial time al-

gorithm for reasoning in QPNs, based on lo cal

sign propagation. It extends our previous sc heme

from singly connected to general m ultiply con-

nected net w orks. Unlik e existing graph-reduction

algorithms, it preserv es the net w ork structure and

determines the e�ect of evidence on all no des in

the net w ork. This aids meta-lev el reasoning ab out

the mo del and automatic generation of in tuitiv e

explanations of probabilistic reasoning.

In tro duction

A formal represen tation should not use more sp eci-

�cit y than needed to supp ort the reasoning required of

it. The appropriate degree of sp eci�cit y or n umerical

precision will v ary dep ending on what kind of kno wl-

edge is a v ailable and what questions users w an t it to

address. Qualitativ e Probabilistic Net w orks (QPNs)

can replace or supplemen t quan titativ e Ba y esian b e-

lief net w orks where n umerical probabilities are either

not a v ailable or not necessary for the questions of in-

terest. QPNs ha v e b een found v aluable for suc h tasks

as planning under uncertain t y

[

W ellman, 1990b

]

and

for explanation of probabilistic reasoning

[

Henrion and

Druzdzel, 1991

]

. Lik e other qualitativ e sc hemes, QPNs

are w eak er than their quan titativ e coun terparts, but

they can pro vide more robust results with m uc h less

e�ort.

QPNs are in essence a qualitativ e abstraction of

Ba y esian b elief net w orks and in
uence diagrams. A

QPN requires sp eci�cation of the graphical b elief net-

w ork, expressing probabilistic dep endence and inde-

p endence relations. In addition, it requires sp eci�ca-

�

This researc h w as supp orted in part b y the Ro c kw ell
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tion of the signs of in
uences and synergies among v ari-

ables. A prop osition A has a p ositiv e in
uence on a

prop osition B , if observing A to b e true mak es B more

probable. V ariable A is p ositiv ely syner gistic with v ari-

able B with resp ect to a third v ariable C , if the join t

e�ect of A and B on the probabilit y of C is greater

than the sum of their individual e�ects. QPNs gener-

alize straigh tforw ardly to m ultiv alued and con tin uous

v ariables. 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 umer-

ical sp eci�cation of a b elief net w ork. Alternativ ely , if

w e already p ossess a n umerical b elief net w ork, then it

is straigh tforw ard to iden tify the qualitativ e relations

inheren t in it.

In previous w ork

[

Henrion and Druzdzel, 1991

]

w e

in tro duced an approac h called qualitative b elief pr op-

agation , analogous to message-passing algorithms for

quan titativ e b elief net w orks (e.g.,

[

Kim and P earl,

1983

]

), whic h traces the e�ect of an observ ation e on

successiv e v ariables through a b elief net w ork to the tar-

get t . Ev ery no de on the path from e to t is giv en a

lab el that c haracterizes the sign of impact. This w as

further dev elop ed, with particular emphasis on in ter-

causal reasoning in

[

W ellman and Henrion, 1991

]

. This

approac h di�ers from the graph reduction-based ap-

proac h

[

W ellman, 1990b

]

in that it preserv es the orig-

inal structure of the net w ork. The graph-reduction

sc heme p erforms inference b y successiv ely reducing the

net w ork to obtain the qualitativ e relation directly b e-

t w een e and t . There are usually sev eral no de reduc-

tion and arc rev ersal sequences p ossible at an y step of

the algorithm. As some of these sequences ma y lead

to am biguous signs, the algorithm needs to determine

whic h sequences are optimal with resp ect to maxim um

sp eci�cit y of the result. The computational complexit y

of this task is unkno wn

[

W ellman, 1990c

]

. The reason

wh y di�eren t sequences of op erators lead to di�eren t

sp eci�cit y of the results, is that, although the op era-

tion of arc rev ersal preserv es the n umerical prop erties

of the net w ork

[

Shac h ter, 1986

]

, it leads to loss of the

explicit qualitativ e graphical information ab out condi-

tional indep endencies.



Earlier w ork on qualitativ e b elief propagation ap-

plied only to a restricted class of singly connected b e-

lief net w orks (p olytrees). The main con tribution of

this pap er is to extend qualitativ e b elief propagation

to arbitrary net w orks and to presen t a complete b elief

propagation algorithm for QPNs.

All random v ariables that w e deal with in this pap er

are m ultiple-v a lued, discrete v ariables, suc h as those

represen ted b y no des of a Ba y esian b elief net w ork. W e

mak e this assumption for con v enience in mathematical

deriv ations and pro ofs. Lo w er case letters (e.g., x ) will

stand for random v ariables, indexed lo w er-case letters

(e.g., x

i

) will denote their outcomes. In case of binary

random v ariables, the t w o outcomes will b e denoted b y

upp er case (e.g., the t w o outcomes of a v ariable c will

b e denoted b y C and C ). Outcomes of random v ari-

ables are ordered from the highest to the lo w est v alue.

And so, for a random v ariable a , 8 i < j [ a

i

� a

j

] . F or

binary v ariables C > C , or true > false .

Qualitativ e Probabilistic Net w orks

F ormally , a QPN is a pair G = ( V ; Q ), where V is a

set of v ariables or no des in the graph and Q is a set

of qualitativ e relations among the v ariables

[

W ellman,

1990b

]

. There are t w o t yp es of qualitativ e relations in

Q : qualitative in
uenc es and additive syner gies . W e re-

pro duce their de�nitions from

[

W ellman and Henrion,

1991

]

. The qualitativ e in
uences de�ne the sign of di-

rect in
uence b et w een t w o v ariables and corresp ond to

an arc in a b elief net w ork.

De�niti on 1 (qualitativ e in
uence) We say that

a p ositiv ely in
uences c , written S

+

( a; c ) , i� for al l

values a

1

> a

2

, c

0

, and x , which is the set of al l of c 's

pr e de c essors other than a ,

Pr ( c � c

0

j a

1

x ) � Pr ( c � c

0

j a

2

x ) :

This de�nition expresses the fact that increasing the

v alue of a , mak es higher v alues of c more probable.

Ne gative qualitative in
uenc e , S

�

, and zer o qualitative

in
uenc e , S

0

, are de�ned analogously b y substituting

� b y � and = resp ectiv ely .

De�niti on 2 (additiv e synergy) V ariables a and b

exhibit p ositiv e additiv e synergy with r esp e ct to vari-

able c , written Y

+

( f a; b g ; c ) , if for al l a

1

> a

2

, b

1

> b

2

,

c

0

, and x , which is the set of al l of c 's pr e de c essors

other than a and b ,

Pr( c � c

0

j a

1

b

1

x ) + Pr( c � c

0

j a

2

b

2

x )

� Pr( c � c

0

j a

1

b

2

x ) + Pr ( c � c

0

j a

2

b

1

x ) :

The additiv e synergy is used with resp ect to t w o causes

and a common e�ect. It captures the prop ert y that the

join t in
uence of the t w o causes is greater than sum of

individual e�ects. Ne gative additive syner gy , Y

�

, and

zer o additive syner gy , Y

0

, are de�ned analogously b y

substituting � b y � and = resp ectiv ely .

If a qualitativ e prop ert y is not

0

+,

0

� , or

0

0, it is b y

default

0

? ( S

?

and Y

?

resp ectiv ely). As all the de�ni-

tions are not-strict, b oth

0

+ and

0

� are consisten t with

0

0; for the same reason

0

? is consisten t with

0

0,

0

+, and

0

� . An y qualitativ e prop ert y that can b e describ ed b y

a

0

0 can b e also describ ed b y

0

+,

0

� , or

0

?. Ob viously ,

when sp ecifying a net w ork and doing an y kind of rea-

soning, one prefers stronger conclusions to w eak er ones

and this is captured b y the canonical order of signs:

0

0

is preferred to

0

+ and

0

� , and all three are preferred

to

0

?

[

W ellman, 1990b

]

.

Qualitativ e prop erties can b e elicited directly from

a domain exp ert along with the graphical net w ork

using their common-sense in terpretation or, alterna-

tiv ely , extracted from the n umerical sp eci�cation of a

quan titativ e b elief net w ork using the de�nitions giv en

ab o v e. It is w orth noting that most p opular prob-

abilistic in teractions exhibit unam biguous qualitativ e

prop erties. It can b e easily pro v en, for example, that

bi-v alued noisy-OR gates ha v e alw a ys p ositiv e in
u-

ences ( S

+

) and negativ e additiv e synergies ( Y

�

). Lin-

ear (Gaussian) mo dels yield w ell de�ned qualitativ e in-


uences (i.e., non{

0

?) and zero additiv e synergies ( Y

0

).

Figure 1 sho ws an example of a QPN. This net w ork

is a small fragmen t of a larger b elief net w ork prop osed

for mo deling an Orbital Maneuv ering System (OMS)

propulsion engine of the Space Sh uttle

[

Horvitz et al. ,

1992

]

. The OMS engine's fragmen t captured b y the
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Figure 1: An example of a qualitativ e probabilistic net-

w ork.

net w ork consists of t w o liquid gas tanks: an o xidizer

tank and a helium tank. Helium is used to pressur-

ize the o xidizer, necessary for exp elling the o xidizer

in to the com bustion subsystem. A p oten tial temp er-

ature problem in the neigh b orho o d of the t w o tanks

( HeOx T emp ) can b e disco v ered b y a prob e ( HeOx

T emp Pr ob e ) built in to the v alv es b et w een the tanks.

An increased temp erature in the neigh b orho o d of the

t w o tanks can increase the temp erature in the o xidizer

tank ( High Ox T emp ) and this in turn can cause a leak

in the o xidizer tank ( Ox T ank L e ak ). A leak ma y lead



to a decreased pressure in the tank. A problem with

the v alv e b et w een the t w o tanks ( HeOx V alve Pr ob-

lem ) can also b e a cause of a decreased pressure in

the o xidizer tank. The pressure in the o xidizer tank is

measured b y a pressure gauge ( Ox Pr essur e Pr ob e ). Of

all the v ariables in this net w ork, only the v alues of the

t w o prob es ( HeOx T emp Pr ob e and Ox Pr essur e Pr ob e )

are directly observ able. The others m ust b e inferred.

Links in a QPN are lab eled b y signs of the qual-

itativ e in
uences S

�

, eac h pair of links coming in to

a no de is describ ed b y the signs of the synergy b e-

t w een them. Note that all these relations are uncer-

tain. An increased HeOx T emp will usually lead to

an increased reading from the HeOx T emp Pr ob e , but

not alw a ys | the prob e ma y fail. But the fact that

increased HeOx T emp mak es an increased HeOx T emp

Pr ob e more probable is denoted b y a p ositiv e in
uence

S

+

.

Qualitativ e In tercausal Reasoning

In earlier w ork

[

Henrion and Druzdzel, 1991

]

w e pro-

p osed a third qualitativ e prop ert y , called pr o duct syn-

er gy , whic h w as further studied b y W ellman and Hen-

rion

[

1993

]

. Pro duct synergy captures the sign of con-

ditional dep endence b et w een imm ediate predecessors

of a no de that has b een observ ed or has eviden tial

supp ort. The most common pattern of reasoning cap-

tured b y pro duct synergy is kno wn as explaining away .

F or example, supp ose m y observ ed sneezing could b e

caused b y an incipien t cold or b y a cat allergy . Subse-

quen tly observing a cat w ould explain a w a y the sneez-

ing, and so reduce m y fear that I w as getting a cold.

This is a consequence of the negativ e pro duct synergy

b et w een cold and allergy on sneezing.

A k ey desired feature of an y qualitativ e prop ert y b e-

t w een t w o v ariables in a net w ork is that this is in v ari-

an t to the probabilit y distribution of other neigh b or-

ing no des. This in v ariance allo ws for dra wing conclu-

sions that are v alid regardless of the n umerical v alues of

probabilit y distributions of the neigh b oring v ariables.

Previous w ork on in tercausal reasoning concen trated

on situations where all irrelev an t ancestors of the com-

mon e�ect w ere assumed to b e instan tiated. T o b e able

to p erform in tercausal reasoning in arbitrary b elief net-

w orks, w e extended the de�nition of pro duct synergy

to accommo date this case. W e repro duce here only the

most imp ortan t results. The complete deriv ations and

pro ofs are rep orted in

[

Druzdzel and Henrion, 1993

]

.

De�niti on 3 (half p ositiv e semi-de�ni t eness ) A

squar e n � n matrix M is c al le d half p ositive semi-

de�nite (half ne gative semi-de�nite) if for any non-

ne gative ve ctor x c onsisting of n elements x

T

Mx � 0

( x

T

Mx � 0 ).

The follo wing theorem states the su�cien t condition

for a matrix to b e half p ositiv e semi-de�nite. Neces-

sit y of this condition in general remains a conjecture,

although w e ha v e sho wn that it is necessary for 2 � 2

and 3 � 3 matrices.

Theorem 1 (half p ositiv e semi-de�ni ten ess) A

su�cient c ondition for half p ositive semi-de�niteness

of a matrix is that it is a sum of a p ositive semi-de�nite

and a non-ne gative matrix.

De�nition 4 (pro duct synergy) L et a , b , and x b e

pr e de c essors of c in a QPN. L et n

x

denote the num-

b er of p ossible values of x . V ariables a and b exhibit

negativ e pro duct synergy with r esp e ct to a p articular

value c

0

of c , r e gar d less of the distribution of x , written

X

�

( f a; b g ; c

0

) , if for al l a

1

> a

2

and for al l b

1

> b

2

, a

squar e n

x

� n

x

matrix D with elements

D

ij

= P r ( c

0

j a

1

b

1

x

i

) P r ( c

0

j a

2

b

2

x

j

)

� P r ( c

0

j a

2

b

1

x

i

) P r ( c

0

j a

1

b

2

x

j

) :

is half ne gative semi-de�nite. If D is half p ositive semi-

de�nite, a and b exhibit p ositiv e pro duct synergy writ-

ten as X

+

( f a; b g ; c

0

) . If D is a zer o matrix, a and b

exhibit zero pro duct synergy written as X

0

( f a; b g ; c

0

) .

Note that pro duct synergy is de�ned with resp ect to

eac h outcome of the common e�ect c . There are, there-

fore, as man y pro duct synergies as there are outcomes

in c . F or a binary v ariable c , there are t w o pro duct

synergies, one for C and one for C .

Although the de�nition of pro duct synergy ma y

seem rather unin tuitiv e, it simply captures formally

the sign of conditional dep endence b et w een pairs of

direct ancestors of a no de, giv en that the no de has

b een observ ed. This sign can b e easily elicited directly

from the exp ert. It is w orth noting that most p opu-

lar probabilistic in teractions, the bi-v alued noisy-OR

gates exhibit negativ e pro duct synergy ( X

�

) for the

common e�ect observ ed to b e presen t and zero pro d-

uct synergy ( X

0

) for the common e�ect observ ed to b e

absen t, for all pairs of their direct ancestors.

In tercausal reasoning is an imp ortan t comp onen t

of the qualitativ e b elief propagation allo wing for sign

propagation in cases where some of the net w ork v ari-

ables are instan tiated. The follo wing theorem describ es

the sign of in tercausal reasoning for direct eviden tial

supp ort for the common e�ect no de (see Figure 2).

W e pro v e an analogue theorem for indirect eviden tial

supp ort in

[

Druzdzel and Henrion, 1993

]

.
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Figure 2: In tercausal reasoning b et w een a and b with

c observ ed.

Theorem 2 (in tercausal reasoning) L et a , b , and

x b e dir e ct pr e de c essors of c such that a and b ar e c on-

ditional ly indep endent (see Figure 2) . A su�cient and



ne c essary c ondition for S

�

( a; b ) on observation of c

0

is ne gative pr o duct syner gy, X

�

( f a; b g ; c

0

) .

Qualitativ e Belief Propagation

In singly connected net w orks, evidence 
o ws from the

observ ed v ariables out w ards to all remaining no des of

the net w ork, and nev er in the opp osite direction. In

the presence of m ultiple connections, this paradigm b e-

comes problematic, as the evidence coming in to a no de

can arriv e from m ultiple directions. F or an y link that

is part of a clique of no des, it b ecomes imp ossible to

determine in whic h direction the evidence 
o ws. Nu-

merical b elief propagation through m ultiply connected

graphs, encoun ters the problem of a p ossibly in�nite

sequence of lo cal b elief propagation and an unstable

equilibrium that do es not necessarily corresp ond to

the new probabilistic state of the net w ork

[

P earl, 1988,

pages 195{223

]

. Algorithms adapting the b elief propa-

gation paradigm to m ultiply connected b elief net w orks

treat lo ops in the underlying graph separately and es-

sen tially reduce the graph to a singly connected one.

It turns out that the qualitativ e prop erties of the

QPNs allo w for an in teresting view of qualitativ e b elief

propagation. The qualitativ e in
uences and synergies

are de�ned in suc h a w a y that they are indep enden t of

an y other no des in teracting with the no des that they

describ e. This allo ws the propagation of b elief from

a no de e to a no de n to disregard all suc h no des and

e�ectiv ely decomp ose the 
o w of evidence from e to

n in to distinct trails from e to n . On eac h of these

trails, b elief 
o ws in only one direction, from e to n ,

and nev er in the opp osite direction, exactly as it do es

in singly connected net w orks.

The b elief propagation approac h requires that quali-

tativ e c hanges b e propagated in b oth directions. Pro d-

uct synergy is symmetric with resp ect to the predeces-

sor no des, so X

�

( f a; b g ; c

0

) implies X

�

( f b; a g ; c

0

). The

follo wing theorem sho ws that a qualitativ e in
uence

b et w een an y t w o no des in a net w ork is also symmetric.

Theorem 3 (symmetry) S

�

( a; b ) implies S

�

( b; a ) .

The theorem follo ws from the monotone lik eliho o d

prop ert y

[

Milgrom, 1981

]

. It sho ws merely that the

sign of in
uence is symmetric. The magnitude of the

in
uence of a v ariable a on a v ariable b can b e arbi-

trarily di�eren t from the magnitude of the in
uence of

b on a .

Of the de�nitions b elo w, trail, head-to-head no de,

and activ e trail are based on

[

Geiger et al. , 1990

]

.

De�niti on 5 (trail in undirected graph) A trail

in an undir e cte d gr aph is an alternating se quenc e of

no des and links of the gr aph such that every link joins

the no des imme diately pr e c e ding it and fol lowing it.

De�niti on 6 (trail) A trail in a dir e cte d acyclic

gr aph is an alternating se quenc e of links and no des of

the gr aph that form a tr ail in the underlying undir e cte d

gr aph.

De�nition 7 (head-to-head no de) A no de c is

c al le d a head-to-head no de with r esp e ct to a tr ail t if

ther e ar e two c onse cutive e dges a ! c and c  b on t .

De�nition 8 (minimal trail) A tr ail c onne cting a

and b in which no no de app e ars mor e than onc e is c al le d

a minima l trail b etwe en a and b .

De�nition 9 (activ e trail) A tr ail t c onne cting

no des a and b is said to b e activ e given a set of no des L

if (1) every he ad-to-he ad no de with r esp e ct to t either

is in L or has a desc endant in L and (2) every other

no de on t is outside L .

De�nition 10 (eviden ti al trail) A minimal active

tr ail b etwe en an evidenc e no de e and a no de n is c al le d

an eviden tial trail fr om e to n .

De�nition 11 (in tercausal link) L et a and b b e di-

r e ct anc estors of a he ad-to-he ad no de t . A n in tercausal

link exists b etwe en a and b , if t is in or has a desc en-

dant in the set of evidenc e no des. The sign of the in-

tercausal link is the sign of the inter c ausal in
uenc e

b etwe en a and b determine d by the pr o duct syner gy.

Qualitativ e signs com bine b y means of sign m ultipli-

cation and sign addition op erators, de�ned in T able 1.


 + � 0 ?

+ + � 0 ?

� � + 0 ?

0 0 0 0 0

? ? ? 0 ?

� + � 0 ?

+ + ? + ?

� ? � � ?

0 + � 0 ?

? ? ? ? ?

T able 1: Sign m ultiplicatio n ( 
 ) and sign addition ( � )

op erators

[

W ellman, 1990b

]

De�nition 12 (sign of a trail) The sign of a tr ail t

is the sign pr o duct of signs of al l dir e ct and inter c ausal

links on t .

Theorem 4 (eviden ti al trails) The qualitative in-


uenc e of a no de e on a no de n is e qual to the sign

sum of the signs of al l evidential tr ails fr om e to n .

Pro of: (outline) W e demonstrate for eac h of the

three qualitativ e prop erties that they are insensitiv e

to the probabilit y distribution of neigh b oring no des.

The presence of another, parallel trail through whic h

evidence migh t 
o w c hanges only the probabilit y dis-

tribution of the neigh b oring no des, and this do es not

impact the qualitativ e prop erties of other no des and

paths.

This implies that none of the straigh tforw ard prop-

agation rules for the singly connected net w orks will b e

in v alidated b y the presence of m ultiple trails. Qualita-

tiv e c hange in b elief in a no de n giv en a single evidence

no de e can b e view ed as a sum of c hanges through in-

dividual eviden tial trails from e to n . It will b e w ell

determined only if the signs of these paths are consis-

ten t (i.e., the sign sum is not

0

?). 2



The algorithm for qualitativ e b elief propagation

(Figure 3) is based on lo cal message passing. The

goal is to determine a sign for eac h no de denoting the

direction of c hange in b elief for that no de giv en new

evidence for an observ ed no de. Initially eac h no de is

set to

0

0, except the observ ed no de whic h is set to the

sp eci�ed sign. A message is sen t to eac h neigh b or. The

sign of eac h message b ecomes the sign pro duct of its

previous sign and the sign of the link it tra v erses. Eac h

message k eeps a list of the no des it has visited and its

origin, so it can a v oid visiting an y no de more than

once. Eac h message tra v els on one eviden tial trail.

Eac h no de, on receiving a message, up dates its o wn

sign with the sign sum of itself and the sign of the

message. Then it passes a cop y of the message to all

un visited neigh b ors that need to up date their signs.

Giv en: A qualitative probabili sti c net w ork,

an evidence no de e .

Output: Sign of the in
uence of e

on eac h no de in the net w ork

Data structures:

f In eac h of the no des g

sign ch ; f sign of c hange g

sign ev s ; f sign of eviden tial supp ort g

Main Program:

for eac h no de n in the net w ork do ch :=

0

0;

Propagate-Sign( ; ; e; e;

0

+) ;

Recursiv e pro cedure for sign propagation:

f tr ail visited no des,

f r om sender of the message,

to recipien t of the message,

sig n sign of in
uence from f r om to to g

Propagate-Sign( tr ai l ; f r om; to; sig n )

b egin

if to " ch = sig n � to " ch then exit;

f exit if already made the up date g

to " ch := sig n � to " ch ;

f up date the sign of to g

tr ail := tr ail [ to ;

f add to to the set of visited no des g

for eac h n in the Mark o v blank et of to do

b egin

s := sign of the link; f direct or in tercausal g

sn := n " ch ; f curren t sign of n g

if the link to n is activ e

and n 62 tr ail

and sn 6= to " ch 
 s then

Propagate-Sign( tr ai l ; to; n; to " ch 
 s );

end

end

Figure 3: The algorithm for qualitativ e sign propaga-

tion.

The c haracter of the sign addition op erator implies

that eac h no de can c hange its sign at most t wice |

�rst from

0

0 to

0

+,

0

� , or

0

? and then, if at all, only to

0

?, whic h can nev er c hange to an y other sign. Hence

eac h no de receiv es a request for up dating its sign at

most t wice, and the total n um b er of messages for the

net w ork to reac h stabilit y is less than t wice the n um b er

of no des. Eac h message carries a list of visited no des,

whic h con tains at most the total n um b er of no des in

the graph. Hence, the algorithm is quadratic in the size

of the net w ork. Unfortunately , this propagation algo-

rithm do es not generalize straigh tforw ardly to quan ti-

tativ e b elief net w orks.

The sign propagation will reac h eac h no de in the net-

w ork that is not d -separated from the evidence no de

e . It is p ossible to c hange the fo cus of the algorithm

to determining the sign of some target no de n and

all no des that are lo cated on activ e trails from e to n .

This requires a small amoun t of prepro cessing, consist-

ing of remo v al of irrelev an t barren and ancestor no des.

The metho ds to do that are summarized in

[
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Figure 4: Algorithm for qualitativ e b elief propagation:

An example.

Figure 4 sho ws an example of ho w the algorithm

w orks in practice. Supp ose that w e w an t to kno w the

e�ect of observing a high reading of the HeOx T emp

Pr ob e on other v ariables in the mo del. W e set the signs

of eac h of the no des to

0

0 and start b y sending a p os-

itiv e sign to HeOx T emp Pr ob e , whic h is our evidence

no de. HeOx T emp Pr ob e determines that its paren t,

no de HeOx T emp , needs up dating, as the sign pro duct

of

0

+ and the sign of the link

0

+ is

0

+ and is di�eren t

from the curren t v alue of the no de

0

0. After receiving

this message, HeOx T emp sends messages to its direct

descendan ts High Ox T emp and Ox T ank L e ak , who

also need up dating. As the sign of Ox T ank L e ak is

already

0

+, High Ox T emp do es not send an y further

messages. Seeing that Ox Pr essur e Pr ob e needs up dat-

ing, Ox T ank L e ak will send it a message. The sign of

this message is

0

� , b ecause the sign of the qualitativ e

in
uence b et w een Ox T ank L e ak and Ox Pr essur e Pr ob e

is

0

� . Ox Pr essur e Pr ob e will not send an y further mes-

sages and the algorithm will terminate lea ving HeOx

V alve Pr oblem una�ected. The �nal sign in eac h no des

expresses ho w the probabilit y of this no de is impacted

b y observing a high reading of HeOx T emp Pr ob e .



Conclusions and Applications

This pap er has describ ed an extension of b elief prop-

agation in qualitativ e probabilistic net w orks to m ul-

tiply connected net w orks. Qualitativ e b elief propaga-

tion can b e p erformed in p olynomial time. The t yp e

of reasoning addressed b y QPNs and b y the algorithm

that w e prop ose, namely determining the sign of evi-

den tial impact, is one of the few queries that can b e

answ ered in p olynomial time in general net w orks, ev en

when all no des are of some restricted t yp e, for exam-

ple noisy-OR or con tin uous linear (Gaussian). Belief

propagation is more p o w erful than graph reduction ap-

proac h for t w o reasons: (1) it uses pro duct synergy ,

whic h is a new qualitativ e prop ert y of probabilistic in-

teractions, and (2) it o�ers a reasoning sc heme, whose

op erators do not lead to loss of qualitativ e information

and whose �nal results do not dep end on the order of

their application. Although examples of problems that

can b e resolv ed b y b elief propagation and not b y graph

reduction can b e easily found, it is unfair to compare

the strength of the t w o metho ds, as b elief propagation

uses an additional qualitativ e prop ert y , namely pro d-

uct synergy .

W ellman
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describ es sev eral p ossible applica-

tions of QPNs, suc h as supp ort for heuristic planning

and iden ti�cation of dominan t decisions in a decision

problem. The b elief propagation approac h prop osed in

this pap er supp orts these applications, and has the ad-

ditional adv an tage o v er the graph-reduction approac h

in that it preserv es the underlying graph and deter-

mines the sign of the no de of in terest along with the

signs of all in termediate no des. This supp orts directly

t w o new applications of QPNs. Firstly , it allo ws a

computer program, in case of sign-am biguit 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 addi-

tional sp eci�cit y could resolv e the am biguit y . This ma y

turn out to b e a desirable prop ert y , as man y m ultiply-

connected net w orks that w e used for testing the algo-

rithm led in some queries, esp ecially those in v olving

in tercausal reasoning, to am biguous results. One rea-

son for that is that the most common v alue of pro duct

synergy app ears to b e negativ e, whic h in lo ops often

leads to con
icts with usually p ositiv e signs of links.

A second application in v olv es using the resulting signs

for generation of in tuitiv e qualitativ e explanations of

ho w the observ ed evidence is relev an t to the no de of

in terest. 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 in question. A metho d for generation of

v erbal explanations of reasoning based on b elief prop-

agation is outlined in

[
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