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Abstract 

An abstraction scheme is developed to simplify 
Bayesian belief network structures for future in- 
ference sessions. The concepts of abstract net- 
works and abstract junction trees are proposed. 
Based on the inference time efficiency, good ab- 
stractions are characterized. Furthermore, an 
approach for automatic discovery of good ab- 
stractions from the past inference sessions is pre- 
sented. The learned abstract network is guaran- 
teed to have a better average inference time effi- 
ciency if the characteristic of the future sessions 
remains moreorless the same. A preliminary ex- 
periment is conducted to demonstrate the feasi- 
bility of this abstraction scheme. 

1 Introduction 
One of the most advanced techniques for conducting 
exact probabilistic inferences in a multiply-connected 
Bayesian belief network is the junction tree approach 
developed by (Jensen, Lauritzen, & Olesen 1990; 
Jensen, Olesen, & Andersen 1990). Whereas it pro- 
vides a good structure for propagating and updat- 
ing beliefs through local computations in an object- 
oriented fashion, the inference time complexity is still 
intractable in the worst case due to the fact that prob- 
abilistic inference on Bayesian belief networks is a NP- 
hard problem (Cooper 1990) in general. In this paper 
we explore an approach to improving the inference time 
efficiency by means of abstraction. The concepts of 
abstract networks and abstract junction trees are char- 
acterized. The essence of this abstraction scheme is 
to hide those unimportant ground subnetworks so that 
probabilistic reasoning can be conducted on a higher 
abstract level with significantly increased efficiency. In 
cases where we need to know the beliefs in the hidden 
ground subnetwork, we can readily restore the ground 
subnetwork structure and resume the inference. The 
main goal of our approach is to reduce the average 
inference time for future inference sessions. In accor- 
dance with this objective, we characterize good ab- 
stract junction trees. Based on the characteristic of 
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the past inference sessions, a method is developed for 
automatic discovery of good structures for abstraction. 

Some work has been done on improving the time 
efficiency of probabilistic inference on Bayesian be- 
lief networks. In this paper we concentrate on exact 
probabilistic inference instead of approximate infer- 
ence. An early technique was due to Baker and Boult 
who proposed a technique for pruning a Bayesian net- 
work structure before conducting belief updating and 
propagation given an inference session (Baker & Boult 
1990). This approach prunes away those variables that 
are probabilistically independent of the variables of in- 
terest in the session. However, if majority of the vari- 
ables are not probabilistically independent, the pruned 
structure is almost the same size as the original one. 
Heckerman developed a kind of structure known as 
similarity networks which can deal with some large and 
complex structures common in fault diagnosis domains 
such as medical diagnosis (Heckerman 1990). Whereas 
it is very useful in structures containing a distinguished 
variable, it cannot be applied in an arbitrary network 
structure in general. Recently, (Xiang, Poole, & Bed- 
does 1992) developed multiply sectioned Bayesian net- 
works which partition an original network into sepa- 
rate localized Bayesian subnetworks. It requires an 
assumption that the whole network can be viewed as 
a collection of natural subdomains where the user will 
pay attention to one subdomain for a period of time 
before switching to another subdomain. In contrast, 
the abstraction approach proposed in this paper does 
not impose any restrictions on the network structure. 

2 Overview of Basic Idea 
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Figure 1: A Ground Network and Its Abstract Network 
Consider a Bayesian belief network for a concerned do- 
main with the ground structure as depicted in Figure 1. 
Suppose many inference sessions only involve proba- 
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bilistic inferences between the elements in the variable The inference time efficiency can be briefly 
set: {A, B, C, D, E, F) (In other words, the variable overviewed as follows: Some computational efforts are 
set CP, Q, R, S, T) d oes not involve in most infer- needed for calculating the conditional probability pa- 
ence sessions). For instance, in a particular session, rameters associated with the abstract arcs and con- 
the beliefs of’A and F are queried given the evidences 
instantiated for the variables B and C. In order to 
compute the posterior beliefs of the queried variables 
in these sessions, we need to perform belief updating 
and propagation on the entire network structure. 

Suppose based on the past experience, this observa- 
tion is true for most inference sessions. We can sum- 
marize these inactive variables to form four abstract 
arcs namely: C -+ E, D + E, C + F and D --+ F. 
Figure 1 shows the structure of the new abstract net- 
work that has incorporated these abstract arcs (the 
abstract arcs are denoted by dashed lines). Instead of 
using the original ground network, this abstract net- 
work is used for conducting inferences. It raises an is- 
sue regarding how to determine the conditional prob- 
ability parameters associated with the abstract arcs. 
However, if appropriate conditional probability param- 
eters could be determined, the probabilistic inference 
results based on this abstract network would be exactly 
the same as that computed from the original ground 
network. Clearly, the inference time will be greatly 
reduced since the structure of the abstract network 
is simpler and smaller. Determining the conditional 
probability parameters for the abstract arcs is not a 
trivial task since we require the joint probability dis- 
tribution of the abstract network be the same as that 
of the ground network marginalized appropriately. In 
Section 3.4, we show that the conditional probability 
parameters of the abstract arcs can be calculated based 
on a local subnetwork structure consisting of the vari- 
ables to be abstracted. 

strutting the abstract junction tree. Nevertheless, this 
step is required only once for a network since it is not 
required during the inference sessions. If a good ab- 
straction has been chosen when generating the abstract 
network, we expect most of the inference sessions only 
deal with the variables in the abstract network, and 
thus abstract expansions will rarely occur. Under this 
circumstance, it greatly reduces the inference time even 
though some computational costs are required for ex- 
pansions in a few sessions. Section 5 will compare in 
detail the inference time efficiency of the ground and 
the abstract network. Based on the analysis of the in- 
ference time efficiency, we characterize a condition for 
good abstractions. 

3 Abstract Networks and Abstract June- 
tion Trees 

As outlined in Section 2, Jensen’s junction tree ap- 
proach (Jensen, Lauritzen, & Olesen 1990) is chosen 
in our abstraction scheme due to its great flexibility 
in reasoning about a multiply-connected network. It 
transforms the original network into a secondary clique 
tree structure, called junction tree, where belief up- 
dating and propagation is carried out. The nodes and 
edges in a junction tree are known as junction nodes 
and junction links respectively. Each junction node 
contains a number of variables from the original net- 
work. Associated with each junction link, there is an- 
other structure called separator which contains the in- 
tersection of the variables in both junction nodes con- 
nected by the junction link. Moreover, there is a belief 
table stored in each junction node and each separator. 
In an inference session, the evidences are entered into 
the junction tree and belief propagation is performed 
on the tree structure. The main operations for be- 
lief propagation are Collect-Evidence and Distribute- 
Evidence as described in (Jensen, Lauritzen, & Olesen 
1990). 

We use the term ground network and ground junc- 

One of the advanced methods for conducting infer- 
ence in Bayesian networks is the junction tree approach 
proposed by (Jensen, Lauritzen, & Olesen 1990). It 
transforms the original network into a secondary clique 
tree structure where belief updating and propagation 
is carried out. The inference in our abstraction scheme 
is also based on the junction tree approach. We present 
how the abstract arcs incorporate into a junction tree 
environment forming an abstract junction tree. Hence, 
the actual belief updating and propagation are per- 
formed on the abstract junction tree structure after 
the location of the abstractions are determined and 
assimilated. 

If there is a need to compute the belief of a variable 

tion tree referring to the original Bayesian belief net- 
work and its corresponding junction tree respectively. 
Before discussing the concepts of abstract networks 
and abstract junction trees, we first introduce the no- 
tions of self-contained subnetworks and self-contained 
junction subtrees. 
3.1 Definitions 
Let the variables of a ground network be 2 = 
{X1,X2 )“., X7&}. 
Definition 3.1 A self-contained subnetwork is a con- 
netted subgraph of a ground network and possesses the 
following property: 
Let the variables in the subnetwork be 6 (i.e., 8 c z), 
VXi, Xj E e, if Xk is a variable along a directed path 
between Xi and Xj, then we have XI, E 6. 

currently not found in the abstract junction tree in a 
particular session, an abstract expansion will be exe- 
cuted on the appropriate spot of the junction tree and 
belief propagation can be done accordingly to obtain 
the required result. If the abstract junction tree is a 
good abstraction of the domain, we expect the need 
for abstract expansion is very infrequent. Based on 
the pattern of inference sessions, we characterize good 
subnetworks where abstraction can be done. 
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Intuitively, a self-contained subnetwork is a compact, 
connected unit in the underlying ground network. 

Definition 3.2 With respect to a self-contained sub- 
network consisting of the variable set e, a destination 
variable set contains all such a variable Xi that it is 
outside the subnetwork (i.e., Xi E (2 - 6)) and Xi is 
a direct successor of a variable inside the subnetwork. 
Also, a source variable set contains all such a variable 
Xj that it is outside the subnetwork and Xj is a direct 
parent of a variable in the subnetwork or it is a direct 
parent of a variable in the corresponding destination 
variable set. 

For instance, in the ground network of Figure 1, the 
subnetwork comprising the variables { P, Q, R, S, T 
} and the associated arcs inside the subnetwork is an 
example of a self-contained subnetwork. The set of 
variables (6, D} and {E, F) are its corresponding 
source and destination variable set respectively. Note 
that the parents of each destination variable must be 
in the source variable set, or the subnetwork variable 
set, or the destination variable set itself. 

For a given self-contained subnetwork, we identify a 
self-contained junction subtree as follows: 

Definition 3.3 With respect to a self-contained sub- 
network, a self-contained junction subtree is a subtree 
in the ground junction tree and is composed of: i) 
all junction nodes containing a variable in the self- 
contained subnetwork; ii) the junction links associated 
with these junction nodes in the subtree. The junction 
node adjacent to the self-contained junction subtree 
in the ground junction tree is known as the adjacent 
junction node. 
Essentially, a self-contained junction subtree in a 
ground junction tree is a counterpart of a self-contained 
subnetwork in a ground network. 
3.2 Abstract Network Construction 
Now, we are in a position to explain our abstraction 
scheme. In our scheme, abstraction is performed on 
a self-contained subnetwork unit. Basically, the whole 
subnetwork is summarized as a collection of abstract 
arcs as discussed below. 

Consider a self-co_ntained subnetwork 0~ consisting 
of the variable set C = {Cl, C2, . . .C;} from a ground 
network. Let the source variable set s’, with respect to 
0~ be {Sl, S2, . . . S,}; the destination variable set 6 
with respect to 0~ be {Dl, D2, . . . Dk}. Suppose that 
the numbering of the variables are named according to 
the corresponding variable ordering in the ground net- 
work. Let the ordering of all the above variables in the 
ground network be Si, S2, . . . Snt, Cl, C2, . . . Ci, D1, 
D2, . . . Dk. An abstract arc is constructed by linking 
a source variable Sm, (i.e., Sm, E S) to a destination 
variable Dk,, (i.e., Dkl E 6) if there exists a directed 
path from Sm, to Dkl in the ground network. 

As a result, associated with each self-contained sub- 
network, there is a group of abstract arcs linking 

the source and destination variables. The whole self- 
contained subnetwork unit together with its incoming 
arcs (from the source variables) and outgoing arcs (to 
the destination variables) can be extracted from the 
ground network and substituted by the corresponding 
group of abstract arcs. After the substitution, it gives 
rise to an abstract subnetwork structure which is com- 
posed of: (1) the group of abstract arcs, (2) the source 
variable set, and (3) the destination variable set. For 
instance, the variables C, D, E, F and the arcs C --f E, 
C + F, D + E, D + F in Figure 1 form an abstract 
subnetwork. Thus, an abstract subnetwork can be 
viewed as an abstraction element representing for the 
corresponding self-contained subnetwork. Intuitively, 
the abstract subnetwork can capture all the proba- 
bilistic relationships contributed by the self-contained 
subnetwork. When the self-contained subnetwork has 
been replaced by the abstract subnetwork, the original 
ground network becomes an abstract network. 

We hope that probabilistic inferences regarding the 
variables in the abstract network can be carried out 
without any loss of accuracy. In Section 3.4, we will 
show that it can be achieved by setting the appropriate 
conditional probability parameters associated with the 
abstract arcs. 

3.3 Abstract Junction Tree Construction 
Based on the structure of an abstract subnetwork, an 
abstract junction subtree can be constructed by trans- 
forming the local structure of the abstract subnetwork 
to a junction tree using Jensen’s ordinary transfor- 
mation technique (Jensen, Lauritzen, & Olesen 1990). 
The belief tables of the junction nodes in the abstract 
junction subtree can be readily computed from the new 
conditional probability parameters associated with the 
destination variables. Therefore, an abstract junction 
subtree can be viewed as an individual object repre- 
senting a summary of the corresponding self-contained 
junction subtree. 

We are now ready to make use of the abstract junc- 
tion subtree to perform abstraction on the ground junc- 
tion tree summarized below: 
1 the self-contained junction subtree is removed from 

the ground junction tree. 
2 the abstract junction subtree is inserted into the 

ground junction tree by setting up a junction link 
between each adjacent junction node and the appro- 
priate junction node in the abstract junction subtree. 
(Adjacent junction node is defined in Definition 3.3) 

3 the self-contained junction subtree is stored and in- 
dexed by the abstract junction subtree so that it 
can be restored back into the ground junction tree if 
necessary. 

3.4 Computing New Probability Parameters 
Using the notation in Section 3.1, we further analyze 
the structure and the conditional probability parame- 
ters associated with the abstract arcs. In an abstract 
subnetwork, each destination variable has a new parent 

Uncertainty Management 259 



set whose elements come from one or all 
ing two groups: (1) the source variable 

of the follow- 

abstract -arcs), and- (2) 
set S (due to 

th e original parents not in the 
subnetwork variable set 8 (This kind of parent must 
be in the destination variable set 6). Specifically the 
new parent set of a destination variable Dkl is a subset 
of h{Dl,D2 ,... Dkl.ml}. 

4 Abstract Expansion 
Once an abstract junction tree 
quent inference 
tree structure. 

is formed, the subse- 
sessions will be performed on this new 
If a good abstraction has been used, 

We need to calculate the new conditional probability 
parameters associated with the new parent set for each 
destination variable. A requirement for these param- 
eters is that the joint probability distributions of the 
abstract network must be equivalent to that of the orig- 
inal ground network marginalized appropriately. This 
will guarantee the results of probabilistic inferences re- 
garding the variables in the abstract network are iden- 
tical to that computed from the original ground net- 
work. 

We propose a technique to calculate the required 
probability parameters based on the local structure of 
the subnetwork as follows: First, a local Bayesian net- 
work 0:: is identified by including all of the following 
it ems: 
- the variables in the set 2 U 6 U 5; 
- the existing arcs linking the variables within the sub- 

network 0~; 
- the existing arcs linking from a source variable to a 

variable in the subnetwork 0~; and 
- the existing incoming arcs for a destination variable 
In fact, this local belief network Ol, has almost the 
same topological complexity as the self-contained sub- 
network structure 0~. To determine the conditional 

we expect the 
cient for most 

- 
abstract junction tree structure is suffi- 
of the inference sessions. However, there 

are some sessions, albeit infrequently occurred, which 
require evaluation of the variables in a self-contained 
s&network. 
the abstract 
in 

These kinds of variables do not exist in 
junction tree. This situation may occur 

the middle- of an 
To deal with this 

inference 
problem, 

session. 
we propose a mechanism 

called abstract expansion which makes it possible to 
continue the required inference. Basically, abstract 
expansion transforms an abstract junction subtree by 
restoring back its corresponding self-contained junc- 
tion subtree. This operation is exactly the reverse of 
the substitution of the self-contained subtree. 
5 Computational Advantages 
The computational advantage of the abstract junction 
tree will be analyzed in this section. First, let us 
discuss the computational cost required to perform a 
probabilistic inference in a su .btree. We concentrate 
our attention to the inference cost needed to conduct 
a basic inference operation in a connected junction 
subtree. Then, the-inference cost of the ground and 
abstract junction trees are compared and the overall 
computational gain is characterized. 

Consider a connected junction subtree @. Let 
jnode(@) denote the set ofjunction nodes in a; se&@) 
denote the set of separators in ip; size(J) denote the 
size of the belief table stored in J where J can be a 
junction node or a separator; and numZink( J) denote 
the number of junction links adjacent to the junction 
node J. Suppose the computational cost of an addition 
operator is of the factor A to the cost of a multiplica- 
tion operator. Let probinf(+) be the total number of 
multiplication operations associated with the junction 
subtree ip in an inference session. It can be shown that 
probin 

IElf 

(G) is given by: 
(1 + X)numZink( J) size(J) + 2 C size(S) 

JEjrrode( 9) SEsep( 9) 
(1) 

Now, let us consider the computational cost for an 
abstract expansion. Let ezpsn(O) denote the number 
of multiplication operations required to perform an ab- 
stract expansion in the self-contained junction subtree 
@. Since the main task for an abstract expansion is 
a Distribute-Evidence operation in the corresponding 
self-contained junction subtree, ezpsn(+) is 

C (l+X(numhk(J)-1)) size(J)+ 2 

iven by: 
size(S) 

JEjnode( 9) SE-p(*) 
(2) 

It can be observed that the number of the separa- 
tors (i.e., 1 sep(9) I) actually depends on the number 
of junction nodes (i.e., 1 jnode(@) I); the size of a sep- 
arator also depends on the size of its associated junc- 
tion nodes. Therefore, the main thrust of probinf and 
expsn operations is the number and the size of the 

probability parameter of a destination variable given 
a particular instantiation of its new parent set, be- 
lief updating and propagation is performed on the net- 
work Ol, with the parent instantiation as the specific 
evidences. The required conditional probability pa- 
rameter value is just the posterior belief of the desti- 
nation variable. It is claimed that the probability pa- 
rameters computed by this technique render equivalent 
joint probability distribution of the abstract network 
and the ground network. The proof is given in (Lam 
1994). 

3.5 Performing Abstraction 
In the above discussion, we only consider one self- 
contained subnetwork. However, it is absolutely pos- 
sible to have more than one subnetworks in a ground 
network. Each subnetwork serves a local part of the 
ground network where an abstraction can be done in- 
dividually. As a result, an abstract network, evolv- 
ing from a ground network, may contain one or more 
abstract subnetworks which replace their correspond- 
ing self-contained subnetworks. Similarly, an abstract 
junction tree is obtained by replacing each of the self- 
contained junction subtree unit with the corresponding 
abstract junction subtree and it becomes the new sec- 
ondary structure on which subsequent inferences are 
conducted. 

260 Uncertainty Management 



6 Discovery of Abstract Networks junction nodes within the junction subtree. Note that 
the size of a junction node refers to the size of the belief 
tables stored in the junction node. 

Now, we can compare the inference costs in the ab- 
stract junction tree and the ground junction tree where 
no abstraction has been done. There is no need to ex- 
amine the whole tree in both cases since the only dif- 
ferences are those spots where abstractions have been 
done. Hence, we can focus on the computational costs 
around self-contained junction subtrees and abstract 
junction subtrees. Suppose +pG denotes a junction sub- 
tree, in a ground junction tree, which consists of (1) all 
the junction nodes in the self-contained junction sub- 
tree and all its adjacent junction nodesi (2) all the junc- 
tion links within the self-contained Junction subtree 
and connecting to the adjacent junction nodes. Simi- 
larly, let +A denote a junction subtree, in an abstract 
junction tree, which consists of (1) all the junction 
nodes in the abstract junction subtree and all its ad- 
jacent junction nodes; (2) all the junction links within 
the abstract junction subtree and connecting to the ad- 
jacent junction nodes. Let N be the total number of in- 
ference sessions. The total number of multiplication re- 
quired in the self-contained junction subtree for N ses- 
sions is N pobinf(@G). On the other hand, the total 
number of multiplication required in the abstract junc- 
tion subtree is N probinf(@A) + n ezpsn(+G) where n 
is the number of inference sessions which require ab- 
stract expansions. To compare the costs, we define the 
computational gain (gain) as follows: 

gain = 
N probinf(9~) 1 (N probinf(9~) + n expsn(@G)) 

N probinf (Gp,) 

where ~1 is the fraction of sessions which require ab- 
stract expansions. 

If gain > 0, it conveys the fact the abstraction defi- 
nitely reduces some computational costs for the given 
N sessions. We can also conclude that the average 
inference time efficiency is improved. The maximum 
possible value for gain is 1 and it occurs when no com- 
putation is needed in the abstract junction subtree. 
As a result, it is expected that gain will be between 
0 and 1.l If a good abstraction has been chosen, we 
have the following two observations: First, the num- 
ber and size of the junction nodes in the abstract junc- 
tion subtree (i.e., +A) should be far less than that of 
the self-contained junction subtree (i.e., @G). Second, 
the fraction of sessions which require abstract expan- 
sion (i.e., p) should be close to 0. Both observations 
will lead to a computational gain greater than 0 and 
thus the average inference time efficiency is improved. 
Based on this characterization of computational cost, 
an algorithm for automatic discovery of good abstract 
networks from the past inference sessions is presented 
in the next section. 

‘If gain < 0, it means the abstract junction tree requires 
extra computations over the ground junction tree and it 
indicates a bad abstraction has been chosen. 

We have developed a learning mechanism which can 
discover good abstraction network from the past infer- 
ence sessions. Precisely, it can discover possible loca- 
tions in the ground network where abstraction can be 
performed. Also, it will guarantee a better average in- 
ference computational efficiency if the future sessions 
follow moreorless the same pattern as the past sessions 
on which the learning approach is based. 

An inference session includes setting the evidences 
and making queries. First, some information about 
a past session needs to be collected for the learning 
algorithm. We locate a set of inactive variables for 
each session. An inactive variable is actually a vari- 
able which is in neither the evidence nor the query set 
for that session. For each session, we record these in- 
active variables pertaining to this particular session. 
When more past sessions are gathered, the records of 
inactive variables form an ina&ive variable table and 
this table provides valuable information for the learn- 
ing algorithm. The objective is to obtain a set of vari- 
ables where good self-contained subnetworks can be 
identified and good abstract subnetworks can be con- 
structed. 

Intuitively, if a variable appears in many records in 
the inactive variable table, it iS probably a good vari- 
able for abstraction. Suppose an abstract junction tree 
is constructed from a ground junction tree. The com- 
putational gain based on the past inference sessions 
can be calculated by Equation 3. The greater the gain 
is, the better the abstraction in term-of the average 
inference time efficiency. 

The remaining problem is to find the set of vari- 
ables on which the abstraction should be done and 
possesses the greatest computational gain (as defined 
in Equation 3). In principle, all different combinations 
of the variables appearing in the inactive variable table 
can be tested by k;aluatLg their computational gains. 
Then, the set of variables which gives the maximum 
gain is chosen as the solution. Clearly, there are expo- 
nentially many different combinations and so we tackle 
this problem by a best-first search algorithm. 

In fact, the inactive variable table gives us a good 
source of information for the task of learning a set of 
good variables for abstraction. First we extract all the 
variables in the inactive variable table and rank them 
in a list in descending order according to the num- 
ber of occurrences of that variable in the table. The 
resulting list formed is called the INACTIVE-LIST. A 
best-first search based on the INACTIVE-LIST is per- 
formed. The goal is to find the set of inactive variables 
which maximizes the computational gain as defined in 
Equation 3. The OPEN list for the best-first search al- 
gorithm contains search elements sorted in ascending 
order of the merits of the elements. Each search ele- 
ment consists of three components, namely, the current 
inactive variable set (CURRENT), the next variable to 
be added (NEXT-NODE), and the merit value of this 
search element (M-VALUE). NEXT-NODE is a variable 
from the INACTIVE-LIST and it will the next variable 
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to be added to the CURRENT for evaluating the com- 
putational gain if this search element is explored. The 
merit value M-VALUE is just the computational gain 
of CURRENT. The initial OPEN list is constructed by 
search elements with CURRENT being a single variable 
from INACTIVE-LIST and NEXT-NODE being the vari- 
able which follows that single variable in the INACTIVE- 
LIST. The best-first search algorithm is outlined as 
below: 

the first search element in the OPEN list is extracted and 
examined. 
the NEXT-NODE of this element is added to its CURRENT 
forming the set of variables called the NEW-CURRENT. 
The computational gain of the NEW-CUR.RENT is evalu- 
ated. Let the variable following the NEXT-NODE in the 
INACTIVE-LIST be the NEW-NEXT-NODE. 
A new search element is generated from the NEW- 
CURRENT andthe NEW-NEXT-NODE andisinsertedinto 
the OPEN list appropriately according to the new com- 
putational gain. 
go to step 1 if the computer resource is permitted and 
the OPEN list is non-empty. 
After the search algorithm, the CURRENT associated 

with the first element in the OPEN list gives the re- 
quired set of variables for abstraction. 

7 A Preliminary Experiment 

25 

Figure 2: The Ground Network of MUNIN 
A preliminary experiment has been done to demon- 
strate the automatic discovery algorithm. The struc- 
ture of the Bayesian belief network used in this exper- 
iment as depicted in Figure 2 is derived from a system 
called MUNIN which is a Bayesian belief network for 
interpretation of electromyographic findings developed 
by (Andreassen et al. 1987). One possible ground junc- 
tion tree for this network is shown in Figure 3. Some 

only junction nodes and 
iunction links are shown 

Figure 3: A Ground Junction Tree for MUNIN 
hypothetic inference sessions were synthesized and an 
inactive variable table was generated as shown in Ta- 
ble 1. Next, our learning algorithm was applied to 
the table and the set of variables proposed for abstrac- 
tion, which is (16, 17, 18, 19, 20, 21}, was obtained. 

set of inactive variables in number of 
each inference session sessions 

15131415161718192021 46 
4 9 10 16 17 18 19 20 21 23 24 21 

16 17 18 19 20 21 62 
3 16 17 18 19 21 24 16 

1 6 11 16 17 18 19 20 21 22 12 
2 3 12 16 17 18 19 20 21 28 

4 13 15 17 18 19 20 I 15 
1 total : 200 

Table 1: Inactive Variables from Past Inference Sessions 

Based on this set of variables, the self-contained sub- 
network and the self-contained junction subtree is lo- 
cated. Then, the abstract subnetwork and the abstract 
junction subtree were generated. The learned abstract 
network is shown in Figure 4. Note that the structure 
of the abstract junction subtree is much simpler than 
that of the self-contained junction subtree. The com- 
putational gain evaluated by Equation 3 based on our 
inference sessions was 0.71. Thus the learned abstract 
junction tree will have a better average inference time. 

Figure 4: A Learned Abstract Junction Tree 
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