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Abstract 

We present a framework for reasoning under 
uncertainty using mass distributions. Our ba­
sic concept is the flow of evidence masses from 
supersets to subsets which is specified by ex­
perts. The expert domain is assumed to have 
various characteristics so that it can be consid­
ered to be a product space with one coordinate 
for each characteristic. Encoding the qualita­
tive knowledge structure in a dependency net­
work (hypertree) it is possible to describe an 
efficient propagation algorithm providing mass 
distributions on each characteristic. This al­
gorithm bases on the computation in (small) 
subspaces of the product space which reduces 
its complexity in time as well as in space. It 
is also easy to make use of parallel computer 
architectures to improve the efficiency of the 
algorithm. 

1 Introduction 

The purpose of this paper is to provide a suitable the­
oretical tool for the treatment of uncertain information 
which is an important problem in the range of knowl­
edge based systems [Buchanan and Shortliffe, 1984, 
Kruse et al., 1991, Pearl, 1988]. So subject to our inves­
tigations are statements being not simply true or false 
but with a validity which is a matter of degree. This 
may be caused by the fact that the statements' truth 
depends on some underlying random process, that their 
'reliability' reflects the subjective estimates of a human 
decision maker or that the concept of truth itself has to 
be weakened. 

Throughout this paper we will restrict ourselves to 
the treatment of subjective valuations of evidence which 
requires the use of belief functions [Gordon and Short­
liffe, 1985, Kohlas, 1988, Kruse et al., 1991, Lowrance 
et al., 1986, Shafer and Logan, 1987, Shafer et al., 1986, 
Smets, 1988] measuring the credibility of informational­
though our concept of specialization is very general and 
can be applied to probabilities as well as to possibility 
measures. 

The expert domain is assumed to be a product space 
oM ~f Ot X ••• X Om with m characteristics X(l) E 
0 1, ••• ,X(m) E Om where Oi(i = 1, ... ,m) is a finite 
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nonempty set. The qualitative dependency structure can 
be described bY: a depc:ndency_ n~two~k reflect~g ~epe~­
dencies like X(i) is A(•) 1\ X(J) ts A(1) =:?X(:) ts A( ) 

in the subspace O{i,j,A:} = Oi X 0; X 0~:, whereas the 
quantitative knowledge about the domain is encoded in 
mass distributions and specialisation matrices quantify­
ing the flow of evidence masses, the concept we prefer 
to Dempster's rule of conditioning [Shafer, 1976] often 
applied in the calculus of belief functions. 

Section 2 to provides a short outline about mass dis­
tributions and belief functions. In section 3 we present 
our main concept: the flow of evidence masses given by a 
specialisation matrix [Kruse and Schwecke, 1990]. This 
concept can be applied to revision. 

In order to structure the knowledge about the qual­
itative dependencies we make use of dependency net­
works in section 4. Section 5 describes the propagation 
algorithms we use to draw conclusions from the knowl­
edge. This algorithm was implemented on a TI-Explorer 
making use of the KEE-shell. It was developed in coop­
eration with Dornier GmbH, Friedrichshafen, Germany. 
Applications in the field of data fusion are implemented. 
Some conclusions concerning the capabilities and restric­
tions of our tool are presented in the last section. 

2 Knowledge Representation with Mass 
Distributions 

As mentioned in the introduction belief functions aim 
to model a human decision maker's subjective valuation 
of evidence. For this purpose we consider a finite sam­
ple space 0 containing the possible atomic events. The 
decision maker or 'expert' distributes one unit of 'be­
lief' which we can imagine as movable 'evidence mass' 
among the elements of 0 with respect to his knowledge 
about the actual situation, attributing greater amounts 
to the more likely elements. We will describe such dis­
tribution by a mapping m: o- [o, 1], :E:~:eo m(z) = 1, 
where the subjective probability of some event A ~ 0 is 
given by P(A) = EzeA m(z). Unfortunately in practice 
the expert often is unable to make definite statements, 
i.e. he fails to specify such distribution in detail. He is 
only able to valuate complex events A ~ 0 but not to 
determine the distribution of that amount of belief com­
mitted to A onto its elements. In such cases he specifies 
a mass distribution m which is a mapping from 2° to 
the unit interval. 0 in this context is named the frame 



of discernment. 

Definition 1 Each function m: 2° -+ [0, 1] i8 called a 
mau di8tribution, whenever 

{i} m(0) = 0 and 
{ii} E m(A) = 1 

A:A!;O 
hold. 

The quantity m(A) is understood to be the measure of 
'belief' that is committed exactly to A. m is sometimes 
called a basic probability assignment (bpa). The mass 
m(A) corresponds to the support given to A but not to 
any strict subset of A. Those sets A with m(A) > 0 
are called focal elements. To obtain the total measure of 
belief committed to some set A, we have to sum up the 
quantities m(B) for all B ~A. 

Definition 2 Ifm i8 a mau di8tribution on 0, then the 
function 

be4n : 2° -+ [0, 1], A,...... I: m(B), 
B:B!;A 

i8 called the belief function induced by m. 

belm(A) represents the degree to which the actual evi­
dence supports A, i.e. it measures the credibility of A. 
We are also able to calculate the degree to which the evi­
dence fails to refute A, i.e. the degree to which A remains 

def - ) plausible: p~(A) = 1-belm(A) = 1-Es:BCA m(B = 
Es:AnBjll!e m(B). We have belm(A) ~ pl~(A), and 
belm(A) + belm(A) ~ 1 for all A~ 0. 

An additional possibility to characterize the informa­
tion borne by a mass distribution is the concept of com­
monality functions. Let m be a mass distribution defined 

on 0. The function Qm(A) ~f Es:ACB m(B) measures 
the evidence mass that can freely move to every element 
or subset of A. This function is called commonality func­
tion. Obviously Qm(A) = 0 indicates that there is no 
evidence mass 'above' A, i.e .. attached to supersets of A. 

By setting m(O) = 1 and m(A) = 0 for all A :/; 0 
we obtain belm(O) = 1 and belm(A) = 0 for all A :/; 
0. This belief function represents total ignorance about 
the domain under consideration, it is therefore called 
the vacuous belief function. On the other hand setting 
m({:z:i}) = Pi 1 :Z:i E 0 = {:z:1, ... , :Z:n} and m(A) = 0 
for all non-elementary sets A leads to a Bayesian belief 
function or, in terms of probability theory, a discrete 
probability distribution. 

We can imagine 'belief' as partially movable evidence 
mass, where m(A) is that amount of mass which can, in 
the light of new information, move to every subset of A 
but not to sets with elements outside of A. 

The concept of revision is based on this idea. So 
the main impact of supplementary knowledge that the 
'truth' is in some set B ~ 0 with certainty is, that all 
elements of B become impossible. All masses attached 
to subsets A of 0 by a mass distribution m after con­
ditioning with respect to the set B ~ 0 are allocated 
to the sets A n B. That means in case of A C B the 
masses remain where they are and in case of An B :/; 0 
they move to An B whereas if An B = 0 they have 

to be neglected. In total a set C :/; 0 obtains the mass 
EA:AnB=C m(A). The remaining mass EA:AnB=I m(A) 
arises from partial contradictions of m and the knowl­
edge of B. Since the masses should sum up to one, 
1-L:A:AnB;te m(A) is distributed proportionally among 
those sets emerging as focal elements from the revision 
process. To formalize this we define the revised mass 
distribution m( . IB) : 2° -+ [0, 1] by setting 

d f { Et·Bnc-.A. m(C) 
m(AIB) ~ ~- c,cas=• m(C), 

if A:/; 0, 

otherwise. 

It is defined, if belm(B) Ec:CCBm(C) 
L:c:BnC=• m(C) :/; 1. Revising m on B ~-0 yields the 

belieffunction helm(. IB)(A) = bel,.~~'b!t~B~,.(B), for 

all A ~ 0 and the plausibility function plm( . IB)(A) = 

p~,~~;~), for all A ~ 0. This concept is also known as 

Dempster's rule of conditioning [Shafer, 1976]. 

3 Specialisation 

In order to compare different universes of discourse ac­
cording to G. Shafer [Shafer, 1976] we introduce the no­
tion of a refinement. 

Definition 3 A 8et 0' i8 a refinement of 0 if there i8 a 
mapping fi : 2° -+ 2°' 8uch that 

{i) fi ({:z:}) :/; 0 for all :z: E 0, 

{ii} fi ({z}) n fi ({:z:'}) = 0, if z :/; z', 

{iii} U { fi ({ :z:}) I :z: E 0} = O' and 

{iv) IT(A) = U { fi ({:z:}) I :z: E A}· 

fi is called a refinement mapping. If sue~ a mapping 
exists, then the sets 0 and O' are compatible, where the 
refined space O' is able to carry more information than 
0. In more formal terms 0 is the quotient space of O'. 

The next problem we have to solve is to decide for 
every :z: E 0 whether information concerning some set 
A' ~ 0' may be of relevance for the valuation of :z: or 
not. For this purpose we define the mapping fi• : 2°' -+ 

2°, A',...... {:z: E Olfi(z) n A' :/; 0} that attaches to each 
A' ~ 0' the set fi•(A') of those :z: E 0 which have one 
or more corresponding elements :z:' E fi(:z:) within A'. 
IT*(A') is called the outer reduction of A'. Note that fi• 
essentially is a projection that attaches to each element 
:z:' E 0' that element :z:o for which :z:' E fi ({:z:0}) holds. 

From our intuitive interpretation of mass distributions 
and refinements it becomes obvious that in the course of 
'projecting' m' onto 0 the evidence mass m'(A') should 
be assigned to the outer reduction of A'. No further 
restriction to subsets of fi• (A') is reasonable, since for 
every z E fi•(A'), A' :/; 0, there is at least one :z:' E 

fi ({ :z:}) in A' possibly turning out to be the the final 
'truth'. m'(A') might have been assigned just in order 
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to cover this state of the world. So we obtain the mass 
distribution 

fi*(m'): 2°- [0,1], A 1-+ L m'(A'), 
A 1!;;01

' 

D0 (A 1 )=A 

called the projection of m' to 0. Whenever we have two 
mass distributions m and m' on 0 and O', respectively, 
where 0' is a refinement of 0 with fi as the respective 
refinement mapping, then in case that m = fi•(m') holds 
we call m' a refinement of m . 

Next we have to investigate into the transfer of infor­
mation in the reverse direction. So the formulation of a 
mass distribution m on 0 in terms of the refined frame 
of discernment 0' is required. The definition is obvious, 
the suitable mass distribution is 

fi(m) : 20' - [0 1] A' 1-+ { m(A), if A' =.IT( A), 
' ' 0 otherWISe 

denoted as the vacuous extension of m. From the defi­
nition it is clear that each vacuous extension of a mass 
distribution is its refinement. In contrast to the pro­
jection which generally means a loss of information, the 
vacuous extension preserves the information borne by 
the original mass distribution. 

The main topic of this chapter is to define the concept 
of specialization. The intuitive idea of a specialization is 
the projection of a conditioning. 

Definition 4 Lets, t be two mau distributions defined 
on 0. We calls a specialization oft {s ~ t}, if and only 
if there are two mau distributions s' and t' defined on 
a refinement O' of 0 where s' and t' are refinements of 
s and t, respectively, and an event E' ~ O' s.t. s' = 
t'(. IE'). 
In addition to the definition the following theorem gives 
two equivalent characterizations for the specialization re­
lationship. The first one allows to check easily whether 
s ~ t is valid or not. The second one reflects our in­
tuitive idea of floating evidence masses, it describes the 
flow of the mass t(A) onto the subsets of A. 

Theorem 1 Let s, t be two mau distributions on 0. 
The following three statements are equivalent 

{i) s is a specialization oft, 
{ii} VA~ 0: (Qt(A) = 0 ~ Q,(A) = 0), 

{iii} For every A~ 0 there are functions hA : 2°- [0, 1] 
such that 

(a) L:s:B~O hA(B) = t(A), 

(b) hA(B) =/; 0 ~ B ~ A, for all B ~ 0, and 
" hA(B) 

(c) s(B) = LiA oACO for all0 'I B ~ 0. 
l-LAoA!;;O hA(t) 

hA(B) specifies that portion of 'belief' committed to A 
that in the course of refining t to s' floats to the set 
B. Condition (iii.a) of Theorem 1 assures that no ev­
idence mass is lost, condition (iii.b) requires that the 
masses flow only to subsets. Those masses floating to 
the empty set represent partial contradictions, thus they 
have to be neglected and the remaining portions have to 
be normalized as pointed out in condition (iii.c). 
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In a more technical notation the specialization-relation 
can be characterized by a matrix V : 2° x 2° - [0, 1], 
such that, roughly spoken, we obtain the more specific 
mass distribution m' by 'multiplying' the vector m with 
the matrix V. In the sequel we use square brackets in or­
der to indicate that we conceive the respective functions 
as vectors or matrices. 

Definition 5 Let 0 be the frame of discernment. 

(i} A matri:z: V: 2° x 2°- [0, 1] is called a specia.li•a­
tion matrix, if and only if 

(a) L:s:B~o V[A, B] = 1 for all A~ 0 

(b) B <;f; A ~ V[A,B] = 0. 

(ii} Let V be a specialization matri:z: and let m be a mau 
distribution on 0 . If 

L m[A]· V[A,B] > 0 
B:B'#t 

then the mass distribution m 0 V is defined by 

(m0 V)[B] ~r 

{ 
~ · L:A:ACO m[A] · V[A, B] 
0 -

for all B ~ 0. 

if B =/; 0 
otherwise 

The main difference between the characterization of a 
specialization by means of a specialization matrix and 
by means of mass flow functions hA I A ~ 0, lies in 
the fact that the later ones assign absolute amounts of 
masses whereas the former ones fix relative portions. 

Theorem 2 Let m and m' be two mau distributions 
defined on the frame of discernment 0. We have 

m'~m {::::::::> 3V:m'=m0V, 

where V is a specialization matri:z:. 

The process of revision, i.e. the change from a mass dis­
tribution m to the revised mass distribution m( . IE), 
is in the context of knowledge acquisition and reasoning 
of importance. Revision is a special case of specialisa­
tion, therefore it can be equivalently described by special 
specialisation matrices. 

Recall that revision with respect to the set E ~ 0 
means that those masses bound to sets A ~ E remain 
where they are, while those bound to sets A with A n 
E =/; 0 float to E n A. Masses bound to sets A with 
An E = 0 have to be neglected since they represent 
(partial) contradictions of the conditioning information 
E and the mass distribution m. The following definition 
formalizes these ideas. 

Definition 6 Let 0 be the frame of discernment and 
let E ~ 0 be a non-empty set. The revision matrix 
R(E) : 2° x 2° - [0, 1] is defined by 

{ 
1 ifB = AnE 

R(E)[A, B] = 0 otherwise. 

We obtain m( . IE) = m 0 R(E). 



4 Reasoning in Product Spaces and 
Dependency Networks 

As mentioned in the introduction the universe of dis­
course OM can be viewed as a product space of different 
characteristics of the domain. The quantitative knowl­
edge is encoded by mass distributions on oM and also 
by specialisation matrices. The aim of the knowledge 
acquisition process is to provide a set of possible mass 
distributions given by the experts. 

Typically, such a set of mass distributions can be 
viewed as revisions or more generally specialisations of 
an a priori distribution. 

One cannot expect the experts to give information 
about the whole product space oM. Usually only de­
pendencies of small groups of characteristics x<•> can be 
described by the experts. So, what we obtain is knowl­
edge about certain subspaces 0 5 where S ~ M. Thus 
it is important to know the qualitative structure of the 
domain which describes the dependencies between char­
acteristics and subspaces. 

The first step of the knowledge acquisition process 
therefore is to elucidate the qualitative structure of the 
knowledge resulting in a dependency network with char­
acteristics x<•> (i E M) as vertices and dependency re­
lations as edges. An edge between two vertices x<•> and 
X(i) ( i "# j) represents a direct dependency between 
these two characteristics which is specified by the ex­
perts in the subspace O{i,j}. The dependency network is 
directed because of the knowledge being given by rules 
(e.g. if x<•> is A(i) and X(i) is A(i) then X(k) is A<">). 
We also assume that all characteristics influence each 
other mutually (at least indirectly). Otherwise the uni­
verse of discourse could be split into different domains 
which could be modelled independently. 

To obtain a propagation algorithm which propagates 
the knowledge about the subspaces through the depen­
dency network it is important that the network is acyclic. 
Methods of avoiding cycles can be found in [Kruse and 
Schwecke, 1989, Shafer and Shenoy, 1988]. For a formal 
definition of a dependency network see e.g. [Kruse et al., 
1991]. 

The dependency networks enable us to make local 
computations of the validations given by the experts 
[Shenoy, 1989]. 

5 The Propagation Algorithm 

In this section we describe the way in which the ex­
perts' knowledge is encoded via specialisation matrices 
and how an 'evidence' E c oM obtained from absolutely 
reliable observations E{'r ~ O{i} induces new (revised) 
mass distributions on OM. 

First the dependency structure of the expert domain 
has to be represented by a dependency network. Then 
the experts specify mass flows in certain subspaces by 
specialisation matrices. 

For each dependency of the form X(1d, .. . , X(i,.) -+ 
X(i) the experts provide a specialisation matrix which 
we consider to be an orthogonal extension matrix, 
that means the matrix specifies the flow of evidence 
masses from cylinder sets A in Q(0£11 ·····',.}) to sets 

A x B (B E 2°u1 
), i.e. the specialisation matrix 

V : Q(0{'1•····'"'i}) x Q(0{11 •····'"'i}) -+ [0,1] can be 
represented by an orthogonal extension matrix V' : 
Q(0{11•··· ·',.}) x Q(Ob}) -+ [0, 1] where Q(0{"1·····"•}) = 
{A1 X • •• X AeiAv ~ O{kv} 1 11 = 1, ... , t} denotes the 
cylinders in 0{"1•····"•}. 

The matrix V' describes how to extend mass distribu­
tions on o£11 ·····'"} to o£11 •···•• ... i}. 

The acquisition of the different matrices is done ac­
cording to the causal consistent ordering of the depen­
dency network. Starting point is the state of total ig­
norance, where nothing is known but the 'closed world 
assumption' mentioned before, which is represented by 
the mass distribution~ : Q(08)-+ [0,1]; ~({&}) = 1, 
the only mass distribution on 0 8. So in the state of total 
ignorance, i.e. before any expert has been asked, all mass 
distributions on oM are considered possible, because the 
projection of any mass distribution to o• yields mv. 

In addition to the experts' knowledge reliable obser­
vations E, ~ O{'}(i E M) have to be considered. (If 
nothing is observed with respect to O{i} we may assume 
Ej = O{i} representing the closed world assumption.) 
This reliable information EM ~ oM initiates a revision 
process revising the possible mass distributions given by 
experts with respect to EM. Of course, the computation 
is not performed in the product space OM but in appro­
priate subspaces. The results are mass distributions on 
0{1}(i EM) which are projections ofthe possible revised 
mass distributions on OM. 

The basis of the algorithm we present in the sequel 
is the idea of independent node processors, exchang­
ing messages. For each quantitative dependency of the 
form X(il) I ••• 'X(i,.) -+ x<i> of the dependency net­
work there is one processor X{11 ·····• ... i} which stores 
the respective orthogonal extension matrix, quantify­
ing the dependencies of the characteristics x<•> I i E 
{ i 1, ••• , in, j}. All node processors are oft he same struc­
ture. We have 

• an input port to receive messages E(i) from the user, 
concerning his observation of characteristic X(i) 

• for each predecessor Sa pair of input/output ports 
to receive a message and to send a message 

• for each successor U a pair of input/output ports to 
receive a message and to send a message 

• an output port to provide the marginal revised mass 
distribution for the user. 

The structure of root and leaf nodes is somewhat differ­
ent. For root nodes no facilities for the communication 
with fathers are required and similarly leaf nodes need 
not to communicate with sons. 

In the sequel we assume the knowledge acquisition pro­
cess to be completed, i.e. at every node the orthogonal 
extension matrices (resp. the marginal mass distribution 
at the root nodes) are available. In the beginning all ob­
servations Ed are assumed to be equal to the respective 
domain, that means there is no observational knowledge, 
i.e. for initialization process we have R( . ) = n. To bring 
up the system each node has to send its messages to all 
neighbours. Since the node processors are assumed to 
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work independendly, this can be done in parallel. The 
local algorithm for every node is as follows. 

If the node processor X{i 1 , ... ,i,.,j} receives the observa­
tion E{i} from the user it has to perform the following 
activities 

(i) The calculation of the new marginal revised mass 
distribution. 

(ii) The calculation of the new messages for the father. 

(iii) The calculation of the new messages for son U. 

For details see [Kruse et al., 1991]. There is no feedback, 
the algorithm terminates after a well defined number of 
steps. The ma.ximum path length a flow of messages has 
to cover is therefore given by the diameter of the depen­
dency network. So if a dependency network on the basis 
of belief functions has to be installed, then at first the 
qualitative structure of the domain has to be determined 
by the construction of a dependency network, then the 
dependencies have to be quantified by the orthogonal ex­
tension matrices and after that the dependency network 
is ready for operation. 

Besides the algorithm presented before there are sev­
eral further aspects, which are important for an useful 
software tool for the representation of uncertain knowl­
edge on the basis of belief function. For the structure 
and the man-machine-interface of such system there are 
some requirements it has to meet, if a succesful applica­
tion is aspired. 

First the process of knowledge acquisition has to be 
supported. The expert should be able to determine first 
of all the qualitative structure of the domain in from 
of a hypergraph, whose edges represent the dependen­
cies between the corresponding characteristics. In order 
to avoid cycles a hypertree covering of the hypergraph 
has to be constructed [Shafer and Shenoy, 1988]. This 
should be graphically supported. The change from an 
arbitrary hypergraph to a dependency network by the 
join of nodes should be performed either by direct user 
interventions or automatically. Another possiblity to as­
sure that a dependency network arises from this first 
part of the knowledge acquisition process is to provide 
only those tools for the construction of the dependency 
graphs (on the screen) which cannot perform any action 
destroying the dependency network property. The sec­
ond step the expert has to perform is to determine the 
domains for the different characteristics. If a node repre­
sents a compound characteristic the single domains {l{i} 

should be specified. 
After that the expert has to quantify the qualitative 

dependencies he stated to exist. That means he has 
to determine the orthogonal extension matrices. Recall 
that a typical orthogonal extension matrix has the form 

V[A{'l••···• .. } I Abl], A{ih····i,.} E Q(O{il,. .. ,i,.}), 

A{n ~ o{i} 

If f.e. {it. ... ,in} = {1,2}, j = 3, card(o{ll) = 6, 
card (0{2l) = 4 and card (0{3}) = 4 then we have 
card (Q(0{1•2l)) = 26 ·24 = 210 and card (Q(0{3l)) = 24 
that means 24 • 210 = 16 · 1024 = 16,384 entries to spec­
ify this orthogonal extension matrix. It is obvious that 
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no expert can determine 16,384 numbers, so he has to 
be powerfully supported. One possibility to do this is to 
start with a default assignment of V where 

V[A{il,. .. ,i,.J,Abl] = { 1 if A{iJ .= obl 
0 otherWlSe 

which represents total ignorance. Only if the expert ex­
plicity specifies changes of these default values they are 
modified. 

Also the user needs support. Firstly he should have 
a graphical representation of the dependency network, 
which enables him to bring in his observations, secondly 
there should be a graphical presentation of the results to 
facilitate the correct interpretation of the results. The 
system should not provide directly the mass distribution 
but the induced belief- and plausibility function, but not 
of all sets but of those the expert specified to be of in­
terest. 

In addition he should be able to ask for arbitrary sets. 
Moreover it might be useful to defer the normalization 
to the output of the results and to display the portion of 
evidence mass, on which the result is based (e.g. 0.3%) 
to have a measure of the degree of 'pathology' of the 
actual case under consideration. 

The above example shows' the limits of this approach. 
The complexity of these matrices explodes if the size 
of the involved sets increases, especially if compound 
characteristics or nodes with multiple fathers are con­
sid~red. But if the domains are slightly small (e.g. 
(l{l} = {friend/enemy} etc.) and the dependency net­
work is mainly a tree then this approach can yield useful 
results. 

An additional increasing on efficiency can be obtained 
by omitting the graphical surface in process control ap­
plications or by efficient algorithms for the representa­
tion of orthogonal extension matrices, making use of the 
fact that they tend to be sparse. 

6 Conclusions 

The main objective of this article is to introduce a soft­
ware tool for handling uncertainty about imprecise data. 
Note that in contrast to the work on belief function done 
by Shafer, Shenoy and Smets where the rule of combi­
nation plays a central role we use a mass flow concept 
where the masses (or probabilities) are attached to the 
imprecise data (subsets of a frame of discernment). 

We assume the qualitative knowledge (about depen­
dencies) to be encoded in terms of hypertrees [Shafer 
and Shenoy, 1988]. This allows to construct a propaga­
tion algorithm which gaines efficiency by using methods 
similar to the ones considered by [Shenoy, 1989]. Fur­
thermore we assume the quantitative expert knowledge 
to be encoded in cylinder sets ofthe product space which 
leads to specialisation matrices with only a few non-zero 
entries reducing the expenditure of computer memory. 

The result of the reasoning process are mass distribu­
tions on the sets .o{i} describing the knowledge about 
characteristics x<•> and being projections of mass distri­
butions on the whole product space. 

The method has been implemented on a TI Explorer 
under KEE and can be used f. e. for data fusion problems. 
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