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Abstract 

It is important to guide a user to interesting 
documents in a large-scale document-database. 
However, when the user is not an expert of the 
area of interest, it is difficult for him/her to 
name precise keywords in which he/she is in­
terested, nor to select areas of his/her own in­
terest. This paper presents an Index Navigator 
which clarifies what areas the user is interested 
in, what keywords he/she should investigate, 
and what documents concern his/her interest. 
A tough problem for such a system is to un­
derstand interesting areas for the user, among 
other areas-sets which can explain his/her be­
havior. Our Index Navigator employs an in­
ference method called Cost-based Cooperation 
of Multi-abducers (CCMA), for understanding 
user's interest from the history of the user's 
expression of interest in incomplete keywords, 
even if the changing speed of the user's interest 
is totally unknown. With this device, the Index 
Navigator guides the user to really important 
areas, keywords and documents. 

1 Introduction 
Recently, very large amounts of text have been stored 

in several types of media such as CD-ROMs, electronic 
libraries, and the Internet. In such situations, a user 
desiring important documents often loses his or her way 
because there are too many information resources . 

In order to cope with this problem, methods have been 
presented to make a match between the user's interest 
and the documents. A major strategy is to represent 
the user's interest by a keyword-vector, in which each 
keyword is assigned a weight based on the frequency it 
was read or written by the user [Krulwich, 1995], or by 
the sheer keywords requested by the user. This vector 
is used to match keyword-vectors of documents in hand. 
Unfortunately, especially when the user is not familiar 
with the domain of the desired document, this matching 
becomes extremely difficult because of the discrepancy 
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between the terms in the domain and the vocabulary of 
the user [Furnas et a!, 1987]. Also, the user may fail 
to name precise keywords in which he/she is interested, 
because of the poor expressiveness due to haste. 

In order to cope with this problem, we aim at improv­
ing the user's ability to express his/her interest . We 
propose a method to infer the areas of the user's inter­
est from incomplete (poor) keywords he/she requested. 
Additional keywords are obtained from these areas ( clas­
sifying the interest to areas is beneficial itself too, e.g. for 
searching documents in a library classified by areas, or 
investigating what academic society the user should sub­
scribe) . By seeing additional keywords, the user learns 
to express his/her own interest, which is useful when the 
user writes, reads, or searches documents from a larger 
set of documents in electronic libraries or the Internet . 

A tough problem in this inference, however, is again 
the lack in the keywords requested by the user - areas 
cannot be uniquely determined from too few keywords. 
An effective approach to obtain unique and precise ar­
eas of the user's interest is to consider the history of 
requested keywords, i.e. inferring the user's current in­
terest to be coherent with his/her recent interests. How­
ever, changes in the user's interest are difficult to under­
stand. For example, a user who has been interested in 
using syntactic rules for machine translation may, one 
day, face a problem that sentences cannot be translated 
without considering semantics. He may change his inter­
est from syntax to semantics. Such a change comes from 
newly encountered situations, unable to be expressed in 
the user's model acquired from the user's past behav­
iors [Armstrong et a!, 1995; Krulwich, 1995]. In [Bala­
banovic and Shoham, 1995], the user's model is revised 
dynamically by changing weights of words based on their 
frequency in documents the user accessed recently. How­
ever, frequencies of incomplete keywords compose incom­
plete information about the change in the user's interest, 
e.g. shifting from the use of "Indonesian" to "English" 
does not mean that interest in "translation" from In­
donesian to English disappeared. 

In this paper, we present an Index Navigator which 
clarifies to a user what areas, keywords, and documents 
match his/her interest, based on the history of the key­
words the user selected. For understanding the user in-



terest transitions, the Index Navigator uses an inference 
method called Cost-based Cooperation of Multi-abducers 
(CCMA) [Ohsawa and Yachida 1997]. CCMA obtains 
a coherent explanation of user's history of selected key­
words, to classify the user's current interest to areas. 
Since CCMA understands an event-sequence even if the 
changing speed is totally unknown, our Index Navigator 
allows for unpredictable changes in the user's interest. 
The Index Navigator presents areas, keywords, and doc­
uments matching the user's interest, so that the user 
learns to express his/her own interest. 

2 The Outline of Index Navigator 
In this paper, we present an Index Navigator, which 

supports a user who searches documents matching 
his/her interest, but cannot express his/her interest fully 
by keywords nor content areas. 

A user of the Index Navigator selects keywords, i.e., 
index terms he/she can request, by clicking on a given 
Input-Index List (the largest sub-window in Figure 1) or 
by entering keywords in the upper left window in Figure 
1. Each time the user selects a set of keywords, a set 
of areas are inferred corresponding to the user's current 
interest, from the history of selected keywords, by the 
Interest Tracer. These inferred areas are listed in the 
Areas List, in the middle right of Figure 1. Keywords 
expressing the user's interest are listed in the Output­
Index List, the upper right of Fig.l. At the same time, 
documents corresponding to the user's interest are dis­
played in the Document List, at the bottom of Fig. I. 

In the remainder of this paper, we first sketch the 
mechanism of the Index Navigator in Section 3 where the 
subsystems of the Index Navigator, each executing infer­
ence to present the Areas List, the Output-Index List, 
and the Document List, are stated. Then, we evaluate 
the performance of the Index Navigator experimentally 
in Section 4 and discuss about the results. VIe make 
conclusional remarks in Section 5. 

3 The Mechanism of Index Navigator 
The Index Navigator is composed of three subsystems. 

First, the Interest Tracer fills in the Areas List. Then, 
the Output-Index List and the Document List are filled 
in, in the second and the third subsystems respectively. 
The following subsections describe the details of these 
subsystems. 

3.1 Interest Tracer 
In order to consider changes in user's interest, we em­

ploy an inference system called Cost-based Cooperation 
of Multi-abducers (CCMA), which explains an event­
sequence by hypotheses (corresponding to the causes), 
even if the changes in causal events occur at a totally 
unknown speed. In this subsection, let us show why and 
how we use CCMA for the Interest Tracer. 

Coherent explanation of selected keywords 
The history of the user's behaviors can be regarded as a 

coherent sequence of events (caused by the user's coher-

Figure 1: A window of the Index Navigator. 

ent interest), which has been considered in many works. 
In probabilistic models, transition probabilities represent 
the coherence among events at nearby moments or places 
[Kashino et al, 1995; Chen et al, 1994]. However, a tran­
sition probability, i.e., the occurrence probability of an 
event after a fixed or unfixed interval from a preceding 
event cannot be determined if the situation changes at 
a totally unknown speed, though it may work to obtain 
probable areas of a user or a document given wd hout 
history [Fung and Favero, 1990]. 

Coherence among sequential events has been formal­
ized in [Ng and Mooney, 1990], where Explanatory Co­
her·ence (EC, hereafter) is defined by the number of 
common hypotheses shared by the solution hypotheses­
sets of abduction (hypothetical reasoning). In abduction, 
causes of observed events (goals) are in fer red as a so­
lution hypotheses-set [Poole et al, 1987; Poole, 1993]. 
Abduction on EC obtains the solution hypotheses-sets 
of maximal explanatory coherence. EC is useful even if 
the speed of changes in events are unknown, because it 
does not rely on any predefined parameter of changing 
speed, like transition probabilities. However, EC cannot 
evaluate an explanation of observed events, if they do 
not have common causes, i.e. if the situation changes 
radically. On the other hand, in cost-based abduction 
(CBA, hereafter), a weight is assigned to each element 
hypothesis and the best solution hypotheses-set is de­
fined as the hypotheses-set with the lowest cost, where 
cost is the sum of weights of element hypotheses in the 
solution hypotheses-set. The solution hypotheses-set of 
CBA is meaningful in that it corresponds to the MAP 
(maximum a-posteriori) explanation of one goal [Char-
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niak and Shimony 1994]. However, CBA does not con­
sider the coherence in the sequence. 

For understanding an event-sequence changing in an 
unknown speed, both of these two criteria, i.e. the MAP 
explanation in CBA and the coherence considered in EC, 
are merged in CCMA. 

Process and Semantics of CCMA 

The fundamental mechanism and algorithm of CCMA 
was presented very recently [Ohsawa and Yachida 
1997](in Japanese), as a new distributed reasoning 
framework . However, CCMA has been applied only 
to non-real world toy problems, e.g., artificially given 
varying fault-states (bad connections which is sometimes 
naturally fixed by unpredictable external forces) in elec­
tronic circuits such as small full-adders. This restriction 
in the previous applications of CCMA came from the 
fact that the semantics of CCMA was yet under con­
struction and all the efforts have been devoted to ana­
lyzing "why and when CCMA works" by solving arti­
ficial (i .e. intentionally produced) problems where too 
complex elements in the real-world to take into account 
are not included (more detailed experimental data than 
[Ohsawa and Yachida 1997] about the analysis of CCMA 
on artificial problems will appear in future in English, 
which shows that CCMA catches state transitions better 
than previous distributed reasoning methods e.g. FAIC 
[Carver and Lesser, 1995]). 

With our later progress in formulating the semant ics 
of CCMA (as in Eq.(3) and Eq.(4) below), we came to 
deal with unpredictable changes in the real world such 
as the will of users of document search engines. The In­
terest Tracer is the first application of CCMA to a real 
world problem: understanding the changing interest of 
users ·-changing in unpredictable speed moved by com­
plex elements in the real world (emotional occasions or 
accidentally encountered situations) which is hardly in­
cluded in artificial problems such as ones we considered 
so far. 

Here , let us introduce reader to CCMA's fundamental 
algorithm and the updated formulation of CCMA se­
mantics. 

In CCMA, multiple abduction systems ( abducers, here­
after) of CBA are assigned to goals (events observed in 
an event-sequence), and each abducer obtains an opti­
mal (lowest cost) solution hypotheses-set to explain its 
goal. Each abducer iterates cycles of revising weights 
of hypotheses according to the explanations of recent 
events by recent abducers and then explaining its own 
goal again , until the solution hypotheses-sets converge 
to a coherent explanation of the sequential events. 

Formally, the problem of CCMA is described as find­
ing solution-sets hj(j = 1, 2, .. . N), which satisfies the 
following constraints in Eq.(l) where N is the length of 
the events-sequence, i.e., the number of observed events. 
Here, knowledge is composed of background knowledg e 
~ (knowledge given as truth in any environment) and 
hypothetical knowledge H(a set of element hypotheses 
which may be false and may contradict others). Gj is the 
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j th event in the sequence. The solution to be searched 
is a set of hypotheses-sets hj E 2H which, if combined 
with ~. supports Gj for each j(j = 1, 2, ... N) without 
contradiction (¢denotes the empty clause). 

hj E 2H, 

hjU~I-Gj, 

hj u ~If¢. (1) 

We deal with ~ composed of causal rules expressed in 
Horn clauses as Eq.(2), which means that y is true if 
all of x 1 ,x2 , ... Xn are true, where variables x 1 ,x2 • • . . Xn 
and y are atoms each of which corresponds to an event 
occurrence. When applied to our Index Navigator, x is 
true if x, for example, means "semantics" and the user 
is really interested in semantics. 

y: -xl, x2, ... , xn. (2) 

Also, a probabilistic causality can be described by as­
signing a conditional atom Xn+l representing an event 
of probability p( Xn+ I). The weight of x; is defined by 
weight(xi) equal to -log p(x;), by which the solution of 
CBA corresponds to the MAP hypotheses as we stated 
above. 

For example, in Figure 2, leaves denote the given hy­
potheses (content areas of the user's interest) H and 
other nodes denote goals (selected keywords) . Edges in 
Figure 2 denote the causal links between areas and key­
words, e.g., the left-most graph means a Horn clause 

GPSG: -syntax,p1, 

where p 1 is an atom representing an event of proba· 
bility p(pi), i.e., (the number of documents including 
"GPSG") I (the number of documents in the area of 
syntax analysis)(note: GPSG is a grammatical analysis 
method) . Also, the probabilities of "GPSG" and "syn­
tax'' are (the number of documents including "GPSG") 
I (D:=the number of documents in the database) and 
(the number of documents in the area of "syntax") 
I D, respectively. This implies that we approximate 
the interest of a user by the interest of the society, 
i.e. the number of accepted documents. Weights of 
hypotheses are defined on these probabilities. In Fig­
ure 2, "GPSG,""transformation,""understanding," and 
"translation" depict keywords that the user selected se· 
quentially at timet (G1 ), t + dt (G2 ), t + 2dt (G3 ), and 
t+3dt (G4 ) respectively. Bold-face numbers depicted be· 
low the nodes in Figure 2 are the weights of correspond­
ing hypotheses (virtual weights for a simple illustration) . 
As a measure of coherence, the solution hypotheses-set 
for G; is selected by minimizing C1j in Eq.(3). 

C1j = ~'1 weight( 1J, s.t ., 1J E hj, 1J ~ hj+l U h j - 1 ), (3) 

i.e . hypotheses not believed in adjacent abducers are 
least believed. Here we have the notion of coherence in 
EC, where hypotheses believed in adjacent abducers are 
strongly believed, and also the notion of lowest-cost solu­
tion employed in CBA. If minimizing C1 j is not enough 



2 

Figure 2: A knowledge-base for CCMA. Nodes at the 
bottom (i.e. leaves) depict areas, and nodes at the top 
depict requested keywords. 

to define a unique solution, we should focus attention to 
more strongly believed hypotheses by minimizing 

C2j = 'L. 11 weight(TJ,S.t.,TJ E hj,TJ (/_ hj+I nhj _ I). (4) 

In CCMA, the minimization of C 1j and C2j are real­
ized by distributed reasoning. Here, the j th abducer is 
the abducer which explains the j th goal Gj from L, and 
H by the lowest-cost solution hypotheses-set hj. The 
solution hypotheses-set hj is a set of atoms in H whose 
cost, defined in Eq.(5), is the lowest of all the feasible ex­
planations of G j. Here, TJij is the i th element hypothesis 
in H in the j th abducer, whose weight is Wij· 

costj = L Wij· 
ilTJ•i Ehj 

(5) 

Variables appearing in the following procedure of 
CCMA, are defined as, k : the count of distributed ab­
duction cycles of the multiple abducers, t;j : the truth 
value of TJij defined as 1 for true, 0 for false. The item in 
Table 1 for {ti(j-I) + ti(j+I), (current) state of 7Jij} de­
notes the next value of Wij , i.e., "w;j" in Table 1 means 
that Wij stays with the current value and "woij" denotes 
that Wij changes into Woij, the value of Wij given initially 
when k was 0. Refractory periods are explained later. 

The procedure of CCMA 

1. k = 0. 

2. k = k+l. Obtain the lowest cost solution hj for Gj by 
the j th abducer. Put TJij to an absolute refractory 
period in the k th cycle if t;j came to be 1 in the k th 
cycle and to a relative refractory period if t;j came 
to be 0 in the k th cycle but was 1 in the (k -· 1) th. 
Otherwise put T/ij to a reactive period. 

3. Change w;j as shown in Table 1. Stop if none of w;j 
for j = 1 to N is changed here. Otherwise Go to 2. 

Briefly, changing a weight means a belief revision in 
the corresponding hypothesis. Wij is set to 0 in the k- 1 
th cycle which is a reactive period, if the corresponding 
hypotheses in adjacent abducers (i.e . TJi(j - I) and TJi{j - IJ) 

are inferred as true, by which C1i in Eq.(3) is minimized 
locally in the j th abducer in the k th cycle. 

Refractory periods, in which weights are not reduced 
so easily as in a reactive period, prevents CCMA from 

s 0 1 2 
. 

reactive 
0 0 period l-Vij 

relative refractory 
period Wij Y'i) 0 

absolute refractory 
Wmj Wij Wij period 

Table 1: Change of w;j, for the state of 7Jij and value of 
ti(j - 1) + ti(j+ I)· 

limitless cycles. For example, Figure 3 shows the pro­
cess of CCMA for Figure 2. Each graph in Figure 3 is a 
subtree of Figure 2, extracted in a top-down manner be­
ginning with each goal. In Cycle 1, abducers infer that 
the user is interested in { h1 : syntax, h2 : semantics, 
h3 : context, h4 : semantics} because these are the 
lowest-cost hypotheses-sets in abducers 1, 2, 3 and 4 (for 
G 1 ,G2 ,G3 and G4 ) respectively. Messages are sent as 
the dashed arrows in Figure 3, which change the weights 
of the hypotheses at the arrowheads, e.g., the arrow from 
"semantics" in abducer 4 to "semantics" in abducer 3 in 
Cycle 1 reduces the weight of the latter and enhances the 
belief in the interest in "semantics" ofabducer 3 in Cycle 
2. In Cycle 3, the procedure stops because the weights 
do not change any more. The result is that the user is co­
herently interested in "semantics", after the change from 
"syntax" to "semantics" at time t + dt. Thus, the co­
herent interest of the user and the radical change in the 
interest are obtained. Generally, the propagation of the 
weight-changing message from a hypothesis successfully 
stops at the abducer whose goal cannot be supported by 
the same hypothesis. However, suppose that "context" 
of G 3 receives a message from "context" of G4 in Cycle 
2, it becomes true again in Cycle 3 as well as in Cycle 1, 
so that abducers return to the same states as in Cycle 1 
- hence limitless cycles. 

Refractory periods extinguish the causes of limitless 
cycles (not completely but mostly) by two main effects. 
First, in an absolute refractory period, T/ij totally ignores 
the beliefofthe adjacent abducers in TJi(j+ I) and 7Ji(j - l), 

which may be due to a previous message from 7)ij. Sec­
ond, in a relative refractory period of 7Jij, TJij is believed 
more strongly if it is believed by both of its neighbor­
ing abducers, than if it is believed by only one of them. 
This helps focusing the solution to the one of the mini­
mal C2 j (see Eq.(4)) and avoiding too many hypotheses 
exchanged for one observation, as "semantics" and "con­
text" in Figure 3. 
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Gl G2 G3 G4 

J
GPSG tr~ansformation t;,:::~~~g t translation 

~'ycle p semantic semantiC[b~~ ;·--.. 3 p5 

• 
2 p2 2 111- ----- - semantics p6 

syntax 
5 

4 3 2 I 

C'yc/e 
2 

Cycle 
3 

J ~ ~r=\ 
5 

J ~ ~M 
5 4 

• A true atom. or a hypothesis in an absolute refractory period 

® An atom (hypothesis) in a relative refractory period 

0 A false atom 

Figure 3: CCMA process for the sequence of Gl, G2, G3, 
and G4. 

3.2 Generating the Output-Index List and 
the Document List 

Keywords and documents relative to the intersection of 
areas in the Areas List are presented in the Output-Index 
List and the Document List respectively. For example, 
for the Horn-clause in Eq.(6), keywordO is obtained if 
areal and area2 are in the Areas List, with an assigned 
priority of pO. The priority of keyword! becomes pl -
p(area3) in this case, which is normally less than pO (if 
pO is not far less than pl and p(area3) is far less than 
1) . Keywords in some area in the Areas List are sorted 
by priority values and listed in the Output-Index List, 

keywordO : -areal, a'rea2, pO. 

keyword! : -areal, area3, pl. (6) 

A document in the Document List is selected similarly. 
The only difference is that another knowledge-base in­
cluding rules as in Eq.(7) is used, where the proba­
bility of p0 is given by 1/(number of documents in 
areal n area2). 

documentO : -areal, area2 , p0 . 

4 The Performance of the Index 
Navigator 

(7) 

The system is coded in C++ and the interface is in 
X-window, on a Pentium 166MHz computer with 64M 
RAM running Linux . In the experiment here, the In­
dex Navigator is used with a knowledge base acquired 
from the data-base in the CD-ROM of the Journal of 
Japanese Society of Artificial Intelligence, in HTML for­
mat, in which 741 papers are stored, given keywords , and 
classified by areas. Ten students in the engineering field, 
who know nothing about the mechanism of CCMA, used 
this system for one week concentrating on retrieving in­
teresting documents . These students were assigned the 
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task of presenting reports at the end of the week, about 
the documents they read. 

Four windows of Index Navigators, similar to Figure 
1, were displayed, each employing an Interest Tracer re­
alized by CCMA, CBA, EC, and Bayesian Networks. 
Users could select favorite windows without being bound 
by prejudice on inference methods, bec~use these win­
dows were marked simply "A;', "B", "C" and "D" re­
spectively (though the keywords selected are shared by 
all four methods, the user selected keywords by clicking 
on the Input Index List in his/her favorite window). 

During the week, the user's selection of keywords and 
the inference results (presented lists) were recorded auto­
matically. Also, in order to construct a Bayesian network 
to be compared with CCMA, probabilities were calcu­
lated for any transition from the interest in one area to 
another at the next time a user selects keywords (areas 
of the user's interest at a time were determined by the 
areas in the Areas List in the window he/she selected). 

4.1 Evaluation of the Performance of the 
Index Navigator 

The usefulness of the Interest Tracer by CCMA 
Figure 4 shows the changes in the number of users who 

clicked on the Input Index List in each of the four win­
dows for each three hours (the periodical increase and 
decrease are due to days and nights) . 

Multiple different ways to interpret the results in Fig­
ure 4 may be possible. First of all, the curves depict that 
the number of users of every method decreased with date 
to be none finally, which may seem to imply that all the 
tested methods were judged to be useless at last . How­
ever, this is not the case because the tested students 
were assigned the task of presenting a report about their 
retrieved documents . That is, they had to spend time 
reading the retrieved documents carefully and for finish­
ing their reports in the last few days , rather than retriev­
ing new documents and learning to express their interest 
in keywords. Secondly, those methods whose users came 
to be none early may seem to be so sophisticated that 
they satisfied users quickly, because users of one method 
did not increase with the decrease of other methods, ac­
cording to Figure 4. However, this is neither the case 
- according to the detailed data obtained by monitoring 
users ' behaviors, users tried all the methods (windows A, 
B, C, and D) in the early days of the week and quitted to 
use useless ones - it was very rare that a user suddenly 
began to use methods new to him/her (in other words, 
users seldom stopped their tasks on the early days by be­
ing satisfied with the information they obtained). Thus, 
we interpret a method to be the more useful, the longer 
used it was. 

The performance of Bayesian network grew first due 
to its learning, but CCMA overwhelmed this afterward. 
According to the users' comments, the inferred areas by 
Bayesian network rapidly went out of their interests. For 
example, when a Bayesian network was used and a user's 
interest seldom stayed in "semantics" for a long time on 
the first day, it was inferred that his interest changed to 
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12 r-------------------------------------------. --o-----{)-

Baye1i ian Network 
CCMA 
CBA 
Explanatory Coherence 
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0 100 200 

Time from the hcginning of test !hour). 

Figure 4: Number of users of Index Navigator employing 
variable methods 

area "synta.X" even when he selected "translation" after 
"understanding", i.e. even though he was still interested 
in "semantics" on the second day .. This is because the 
transition probabilities learned on the first day were used 
even though they no longer worked - the changing speed 
of user's interest varies on many factors, e.g., whether he 
is trying to catch the overall perspective of a field or to 
understand one concept deeply. On the other hand, by 
CCMA this user was inferred to be interested in the area 
"semantics" throughout the second day. Also, his inter­
est was inferred as in "syntax" area when he selected 
"translation" after "GPSG", and this was a correct un­
derstanding on the first day. The performance of CBA 
(employing a CBA reasoner for one keywords-set selected 
at each moment independently of other moments, in the 
Interest Tracer) was the worst, because CBA does not 
consider the coherence at all. Finally, too coherent his­
tory of areas came out by EC (Explanatory Coherence). 
Whenever EC: is used, areas which are now not, but were 
in the user's interest previously, came into the Areas 
List. This is especially troublesome when the user's in­
terest changes from one area to another, because areas of 
his/her previous interest also appear in the areas-list and 
thus decreases the extracted keywords and documents. 

The keywords in the Output-Index List worked 
Although the Index Navigator itself cannot be applied 

to the entire Internet yet, because not all the pages are 
classified by areas, the keywords learned by using the 
Index Navigator can be used as terms to search for in­
teresting pages using existing search engines. 

The pages extracted by the search engine TI­
TAN (http:/ /isserv.tas.ntt.jp/chisho/titan.html) after 

Inference Time (sec) e Com pula! ion lime of Index Navigalor 

10~----------------------------------------~ 

• 

N (lenglh of index-selecling hislory) 

Figure 5: The time performance of CCMA. 

the testing week drastically came to fit the user's in­
terest. Only 7.2% accessible pages (pages except those 
already closed or forbidden to access) in TITAN's out­
put matched the tested users ' interest before the testing 
week, which grew to 92.2% after the week. 

The speed of the Interest Tracer by CCMA 
The most time-consuming component in the Index 

Navigator is the Interest Tracer. Here, we sped up the 
abducers in the CCMA of the Interest Tracer by the 
Networked Bubble Propagation (NBP) method , a high­
speed CBA method. NBP obtains a near lowest cost 
solution of CBA within a polynomial-time of O(IHI 2

), 

where IHI is the number of hypothesis in H [Ohsawa 
and Ishizuka 1997]. We employed this approximate so­
lution method, because multiple abducers compensate 
for inaccuracy (difference from the exact optimal solu­
tion) in each other. The CCMA calculation time is ap­
proximately O(N2 ·IHI 2

), since each of N abducers takes 
0(1 Hl2

) in one cycle, and N cycles run before all themes­
sages propagate over N abducers where N is the length 
of the sequence. 

The time taken for N = 1 to 30 of the Interest Tracer 
by CCMA is shown in Figure 5. The data tits O(N2

), 

corresponding to the above anticipation of O(N2 IHI ) 
considering that IHI is independent of N. The current 
Index Navigator considers keywords selected at 20 recent 
moments, to make the system respond within 5 second. 

5 Conclusions 
We presented an Index Navigator, which provides a 

user with keywords that express his/her interest . A user 
who learns to express his/her own interest in keywords 
by the Index Navigator becomes able to search for im­
portant documents in larger information sources. The 
successful results show that user interests are under­
stood correctly, even if the user interest changes radi­
cally. CCMA, an inference method for understanding 
changing event-sequences, achieves good inference for 
this purpose, and also good time-performance, i.e. poly­
nomial against the size of knowledge and the length of 
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the sequence. 
The Index Navigator is applied to a CD-ROM cur­

rently and users are indirectly aided to use the Internet, 
if they will, by learning to express their interests. In 
order to make the Index Navigator useful as a tool to 
directly search documents from a larger document col­
lection e.g. an electronic library or the Internet, the 
inference speed of CCMA will be an important issue. In 
order to apply the Index Navigator to such large-scale 
document collections, our next plan is to re-install the 
distributed inference of CCMA on a parallel computer, 
which will further improve the inference-speed. 
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