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Abstract The interaction between a knowledge management systemshanasers requires
well-adapted visualization tools with graphical formaltion of knowledge. The formalization is
often theoretically based on graph-models. Yet, the besicéated visual representations use trees
but may be more limited than those with graphs. This papesgan introduction to Atanor, a
knowledge management system, whose graphical model fealzgng knowledge is tree-based.
However this approach entails vertex redundancies. Coesgly, we develop a new approach
based on a layered digraph to solve this problem. Finallydrae a comparison on an industrial
example showing the advantages of the new model.
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1 Introduction

Interactive visualization supports are taking an increggmnportance in the develop-
ment of the operational Knowledge Management Systems (K[B8)khard, 2004].
Upstream the process of KM collecting the expertise is mademeasier thanks to
well-adapted visual interfaces. Downstream the processetinterfaces allow a pre-
sentation of the knowledge according to different pointviefv, and facilitate their
handling by different categories of users. To satisfy thesgirements, the interactive
visual representations should respect both the semarttie éformation, and hide the
algorithmic and technical aspects as much as possible ¢Eppt Burkhard, 2005].

In this context, graphs represent interesting models. Tlaeybe used both as ab-
stract models for inherent relations among data, and adiaiesf visual representation
which makes easier access to complex structures withotingéogged down in theo-
retical concepts [Herman et al., 2000].

In KM, most of the graph-based models are inspired from thieede model of the
semantic networks [Lehmann, 1992]; the vertices represamtepts and the arcs de-
scribe semantic relations between them. Representatasesiton a tree structure are



probably the most popular, certainly due to their apparenplcity. We can quote

firstly, the Mind Map [Buzan and Buzan, 1996] where a user caawdsome ideas
around a central node; then, the fault trees [Limnios, 2@05present all the pos-
sible problems of a system and finally the decision treeslgQuiL990] mainly used
for sorting and classifying data. Representations basplicék/ on a graph model can
be put into three non-independent families: the concemitagbhs [Sowa, 1992] for
visualizing relations between data and representing ogyolthe ontology engineer-
ing for representing and manipulating ontology like in QgHgRoche et al., 2005];

the Bayesian networks, which are state graphs with a prbtyadsi transition on each

arc, used in software like ITMh{ t p: / / www. nondeca. con). In addition, we can

find some graphical representations developed specififtaliyre classical methods of
KM [Corby and Dieng, 1998].

In this paper, we propose a new visualization framework th@sea graph model
fora KMS (Atanor), which is knowledge-deployment-orieshi@ an operational context
for complex systems [Guillet et al., 2002]. For instance applicative framework used
in this paper, is the maintenance aid for mail sorting maghimn the first version of
the system, the graphical model was based on a generatizdtibe fault trees and the
decision trees. Experiments in real-life situations haraved that this representation
was not intuitive and difficult to use in the expertise dgsttoh phase. As the Atanor
basic ruleset is by nature structured as a graph, the treeseqtation entails numerous
redundancies which can hide important characteristickesystems studied. We here
propose an extension to a layered graph-based model whinleris adapted both to
expert reasoning and information retrieval.

The rest of the paper is organized as follows: [Section Zftlydescribes the knowl-
edge server Atanor. [Section 3] describes the tree-basddlmnd the new graph-based
model. [Section 4] draws a comparison of both models whefiexp the maintenance
aid for mail sorting machines.

2 The Atanor Knowledge Management System

Atanor was initially directed towards the capitalizaticrnsmission and preservation
of the useful contextual knowledge in a multimedia form lyaactivated [Figure 1].
These phases are articulated in the Atanor’s architectotend three modelg1) the
organic-parts model provides a physical description oftstem at different granular-
ity levels. Besides the classical component hierarchidstegir descriptions in different
formats (text, image), it integrates intelligent produemaals and dynamic scenarios in
virtual reality. (2) The expert model guides the tacit-to-explicit knowledgevewsion
process and allows reasoning with a rule system [Figur€2T-he competency model
describes the association between the required skillshiodifferent operating tasks
and the human resources [Vergnaud et al., 2004].

These three models are strongly connected and their aotivet task-centered
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Figure 1: Example of a user’s task with Atanor.




Flap problem

By

50”‘3‘{ 1 [ TEE—————— 4

OffSpI‘In hard zpot Flap position 3 Flapping in both directions failure

@ @ @ o

b no fl )
no g flapping
‘Changing theChanginI%the failure Adjusting the ¢ o Changing the

tog
00 foose

failure

electrovalve flapstub ax ﬂaE iosmon - control 10 card -
Module Test Failure p Diagnosis
vertex . vertex vertex vertex

Figure 2: Formal representation of the knowledge byexpert tree

through three modules: “Operator” for problem solving, ffext” for knowledge ac-
quisition and model updating, and “Manager” for analyzing indicator panel.

Each model has its own graphical user interface and comratgsievith the Prolog
kernel of the knowledge server.

3 Knowledge Visualization in Atanor

In the remaining of this paper, we focus on the “Expert” medwhich is the most
complex. It allows to represent procedural knowledge datedt with a know-how in
different steps. For maintenance aid, a diagnosis with éitaansists of several succes-
sive tests on the state of the components or on the functitiesaf the system from
the easiest hypotheses to the most complex ones.

3.1 The “Expert Tree” Model

This graphical representation is a generalization of thesitn trees and fault trees
[Figure 2]. The vertices are classified into two categorigsthe modulevertices, not
present in the classical decision and fault trees, are idedowith a specific compo-
nent of the system, and its offspring are organized from(tb easiest task) to right
(the most difficult task). The order is predefined by the expesich of these vertices
represents a step in the experts’ strategy: the first son od@uha allows to quickly
find a decision with simple operations and the next sons a@caded to tasks requir-
ing more complex operation§) The testvertices are associated with a variable like
in the decision trees; their incident arcs represent thereift values of the variable
associated to the states of the system components.

There are two types of leaves: those associated wittagnosiswhich gives a so-
lution to the problem detected, and those associated wWélae. In the latter, a back-
ward procedure is launched.
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An important property of this graphical representatiorhis transformation of the
experttree into a set of rules by a walk from the root to each leavésest_something
then diagnosis™or “if test_something and another_test then diagrio3ise operator
“and” can be associated with a failure vertex or two consectistvertices.

The graphical representation is naturally more readalilesgnthetic than its equiv-
alent set of production rules. Nevertheless, subtreegsgponding to rule subsets used
at various stages can lead to many vertex redundanciesigaesiding difficulties and
hiding important characteristics.

3.2 The Graph’Atanor Model

To overcome these difficulties, we developed the Graph’'étamodel based on layered
digraphs. This model is a one-to-one representation oftteerial Prolog model which
associates a vertex with its offspring without any redureglawith Graph’Atanor, like
in theexperttree, the vertices represent the tests, modules, diagaasgdsgilures. The
major difference is here uniqueness: a vertex cannot bdaded. The vertices are
sorted in vertical layers; layéicontains the vertices at distancefollowing the shortest
path on the drawing— from the initial layer. The arcs of th&t teertices represent the
different values of the associated variables. For the negdilie in theexperttree, the
arcs are associated according to an order which defines iwétypof the transition
[Figure 3].

The main goal of this representation is to provide a cleariatalligible layout.
Although these notions call for subjective factors whicbselly depend on the audi-
ence, different criteria modeled by combinatorial conetsaare commonly advocated
by the information visualization community [Di-Battistaa., 1999]. When beside the
physical constraints inherent to the mediwrg(standard size sheet, computer screen),
a drawing convention is given (here a layered drawing) hegtiss plays a fundamen-



tal role. Their optimization aims at facilitating both redulity and memaorization of

the information embodied in the graph. Among the differemégible criteria, recent
experiments have confirmed that the minimization of arcsinys is by far the most

important [Purchase, 2000]. Minimizing crossings in a fagklayout could seem in-
tuitively easier than the more general problem of miningzanossings on the plane
since the number of crossings is determined by the verteerimglinstead of the vertex
geometric coordinates. Yet, it remaihg>-complete even if there are only two lay-
ers [Garey and Johnson, 1983].

Numerous heuristics for this problem follow a layer-bydagweep scheme: the
vertices of each layer are reordered to reduce crossinge Wbiding the vertex or-
derings on the other layers. The most commonly used stestégi reordering are the
sorting methods and the averaging heuristics. The sortiethoas exchange vertices
using crossing numbers in a way similar to classical sottig. d&veraging heuristics are
based on the idea that edge crossings tend to be minimized edrenected vertices
are placed facing each other. Recently, several metatiesfigve been developed for
this problem like Tabu Search, GRASP and a hybridized gerégorithm we devel-
oped [Kuntz et al., 2006]. The visual representation of Gtatanor is done with our
hybridized genetic algorithm which follows the basic sclkeofi a genetic algorithm
with two major differences: the use of two problem-basedsovers and a hybridiza-
tion resulting from a local-search strategy. To ensure &lligible graph layout, we
relax the constraint which fixed an order on the offspring nfadule vertex (a number
above the arc shows the correct order).

4 Comparison of the Graphical Models

We have compared both models in the context of the maintenaiddor mail sorting
machines (from the French company La Poste). After a trgiperiod on theExpert
module, four geographically dispersed experts of the nmechuilt and then updated
the knowledge model carried by the server. This process adbakit two years. The
experts listed thirty different possible breakdowns witteaperttree for each one. The
trees contain more than 400 test vertices and 200 diffeiaghdses.

[Figure 4-a] is a part of aaxperttree for repairing a specific breakdown. [Figure 4-
b] is a part of the Graph’Atanor model for the same breakdown.

The graph-based representation has several advantageanvéasily see that an
identical diagnosis can be reached quickly in few stepsloovlg through many tests.
This information is important for a manager. In additionmeotests €.g.the tests in
the first layer) can be considered critical because a coareter is required to avoid
unnecessary operations. Statistically, the vertices avtilgh degree are used more fre-
quently by the operators and Graph’Atanor allows to anatiieevarious walks of the
graph. This is useful to improve the planning of the prewenthaintenance tasks of the
components associated with highly engaged vertices. Tiegggre much attention as
they could indicate a weakness in the system.
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5 Conclusion

Including well-adapted visualization supports in KMS cagngicantly improve the in-
teractivity with the users and consequently make partickh@wledge collecting and
information retrieval more efficient. In this paper we haegeloped a graphical frame-
work for the expertise phase with the KMS Atanor. The modelegiolaon layered di-
graphs has proved more suitable than the more classicabassd models.
Extensions are currently under study for increasing theraativity of the displays.
Itis true that, the construction of the ruleset is intriladlig dynamical, consequently the
visual representations should be adapted to take into atecgeries of modifications.
More formally, at each stefqof the process, a gragghy is proposedG; must satisfy two
requirements: it has to remain readable and visually a® dsspossible to the draw-
ing at stept — 1 to preserve the user’'s mental map [Eades et al., 1991]. Thidgm
can be set as a multiobjective optimization problem whicktiis open, as far as we
know [Branke, 2001]. We have recently proposed an exterdfitme genetic algorithm



presented here for the dynamical graph drawing problenajRiret al., 2004]. The re-
sults have shown to be promising on graph series issued froautmatic generator.
We plan to integrate this approach into a new version of theSkAtanor.
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