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Abstract— In searching for patterns, it is normally not enough

to consider only equality or inequality of data. Instead we need

onsider how similar or different two data objects are. This is

why similarity between data objects is a central concept in Data

Mining (D&éand Knowledge Discovery (KD). We propose in

this paper a Knowledge Representation (KR) approach in which

experiential knowledge is represented by Set of Experience

(SOE), and which storage, pattern discovery, and usage is
managed by the concept of heterogeneous similarity metric.

I. INTRODUCTION
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ET of experience knowledge structure (SOE) has been

developed to represent and store foal decision events in
an explicit way [1, 2]. In this concept four basic components
define decision-making events: variables, functions,
constraints, and rules. They are stored in a combined dynamic
configuration that embraces set of experience knowledge
structure (see Fig. 1).
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F.ig 1. Set of Experience graphical interpretation: SOE is
combination of four components that characterize decision making
actions (variables, functions, constraints, and rules) and it includes
a series of mathematical concepts (a logical component), together
with a set of rules (a ruled based component) and is built upon a
specific event of decision-making (a frame component).
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Variables usually involve representing knowledge using an
attribute-valugefanguage (i.e. by a vector of variables and
values) [3]. Functions describe associations between
dependent variable and a set of input wvariables [4].
constraint, as the third component of set of experience, is a
limitation of possibilities, a restriction of the feasible
solutions in a decision problem, and a factor that limits the
performance of a system with respect to its goals [5]. Finally,
rules are suitable for representing inferences, or for
associating actions with conditions under which the actions
should be performed. Rules, the fourth component of set of
experience, are another form of expressing relationships
among variables. They are conditional relationships that
operate in the universe of variables. Rules are relationships
between a condition and a consequence connected by the
statements IF-THEN-ELSE.

Altogether, SOE are pieces of experiential knowledge that,
when collected in a structured knowledge base, can be used
to search for valuable patterns augmenting future decision
making.

II.MAKING SOE TRANSPORTABLE AND UNDERSTANDABLE

Markup Language) t nake it transportable. This
implementation provides a generic mechanism for expressing
machine-readable semantics of data, as well as the possibility
of presenting simple and complex structures of any kind of
information or knowledge d:;tandardized syntax.

For illustrative purposes, an example of a head of set of
experience in XML configuration can be as follows:

Set of Experience was inﬁlemented in XML (eXtensible

<?xml version="1.0" encoding="UTF-8"
standalone="no" ?>
< |-- Set of Experience Knowledge Structure -- >
- <set_of_experience xmins:
xsi="http://www.w3.0rg/2001/XMLSchema-
instance"




vZ8noNamespaceSchemalocation="set of
experience model.xsd">
<date>2020-11-11</date>
<hour>14:10:00</hour>
- <cat >
< 1-- Category encloses this set of experience into
a determined chromosome of the company -- >
<area>Human Resources</area>
<subarea>Salary Office</subarea>
<subject>Payment Level</subject>
<subject>Worker's Morale</subject>
</category>

In practice, any semantic experience is exported into XML
with the support of dedicated SOE software representation
illustrated in Fig. 2. This medium maintains capture, storage,
enhancement, and reuse of experience generated by formal
decision events. It can be applied as a means to analyse,

ery, consolidate and manage semantic experience acquired

y the means of SOE. Additionally, the software allows for
SOE representation not only in XML, but as well in Java and
OWL (Ontology Web Language) for further enhancement of
transporting and sharing knowledge between various
computer platforms.
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Fig.2. Software platform for
experience management

SOE development and

1 III. SEARCHING FOR SIMILARITIES

Slmi]aritytwecn objects is an important concept in data
mining as it can help, for example, in predictions, hypothesis
ting, and rule discovery [6]. Additionally, it can offer
ings of results for choosing the best matching objects.
aluating similarity between data objects depends
ntially on the type of the data. Different similarity
asures can reveal different aspects of the data, and as a
result, two data objects can be classified to be similar by one
measure and different by another measure. Nevertheless, it is
ssible to have several types of similarity measures on a
gle set of data, ie. heterogeneous similarity measures.
This means that it is significant to choose the one that best
suitsaurpurposes,

A typical data object is a relation that consists of several
ibutes. Approaches generally used for defining similarity
ween two data objects consider their attributes in pairs and

pare them as isolated elements. Hence, similarity metrics
be calculated based on a composed addition of many
erent comparisons. A common approach for similarity
tween objects is defined in terms ofa notion of distance (i.e.
a geometric approach), and it is called multidimensional
scaling.
The most common distance measure calculates similarity d
between objects, si and s; as follows:

1/r
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where wy is the weight given to the k™ attribute, and r is a
parameter that determines which of the family of metrics is
used. r= 2 corresponds to the Euclidean metric, r = 1 results
in the City-Block, Taxi-Cab or Manhattan metric, while as r
— o0 18 the Supremum or Maximum metric. More distance
metrics that do not belong to this family can also be employed
to compute similarity measures, for instance the Mahalanobis,
Canberra, Bray-Curtis, and Bhattacharyya distances [7].

IV. SIMILARITY FOR SET OF EXPERIENCE KNOWLEDGE
REPRESENTATION

A. Variables

gven a pair of Sets of Experience E; and E; € §, it is
possible to generate a similarity metric of the variables
called Sy & [0, 1] by calculating the distance measure
between each of the pairwise attributes k < E; and E;:
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where Ej, E; are the k™ attribute of the sets £; and E;, wy is
the weight given to the k™ attribute, in this case, variable; and
n is the number of variables on E..

B. Functions and Constraints

Similarity metrics for functions and constraints are
calculated in the same way (constraints are a form of
functions) simply by comparing [Geir factors. In case of
qualitative functions, they are first converted into a vector of
factors. The general similarity metric Spp € [0, 1] 1is
calculated as follows:
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wheregk is the function being analyzed, w: is the weight
agifciated to the & function in the SOE E;.

Rules are elements that regulate the decision event, but they
are not elements of comparison due to its conditional
characteristic. Rules are part of the decision event that
mfluences the variables according to certain conditions, but
because not all of them are executed, they are not part of the
similarity estimation.

Finally, defining a similarity metric for the SOE is as simple
as adding up all the estimations for each elements: variables,
functions, and constraints, and assuming that all of them are
assigned with the same weight due to their equal importance
on influencing the formal decision event:
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With the developed silBarity metrics for the SOE, which
makes SOE structure comparable and classifiable, the
possibililgs are open for this knowledge representation
concept being extendedly used within many different systems
and technologies. In practice, similarity measurement is
performed with the support of software platform already
briefly introduced and illustrated in Fig. 2.

V.SIMILARITY MEASUREMENT IN PRACTICE
We are developing SOE similarity application as the core
of an Al engine for idream@ihnology platform
(https://www.idream.technology). It provides SOE
technology based tools to enhance peoples’ wellbeing and

sustainable development. IDREAM TEC OGY PTY
LTD applies SOE in Drimos® engine to develop a
personalized goal achieving plan using collective

intelligence captured form collective cxpcriﬁe of platform
users. The implemented similarity concept allows creating

“fingerprints” distinctive for each individual user and
recommends a tailored action path that helps achieving their
goals and aims.

Each individual platform user generates his/her profile
which is B:resented by a dedicated SOE. The applied
algorithm captures, integrates, stores and reuses thousands
of experiences occurring during the process of achieving
dreams or goals. In other words, it uses collective decision-
making experience and applies it to amplify the individual
one. The amplification is ba on finding similar
experiences and then developing a systematic procedure to
follow in order to achieve nal objective by a given
platform user. In other words, Idream. Technology platform
applies the SOE similarity notion to the distance between
variables describing profiles of each participating member
of Idream.Technology community. The most similar profiles
are chosen by the system to assist in the creation of
successful path to reach the goals set up by others. Fig.3.
presents the screenshot of similarity engine in action.
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Fig. 3 Similar profile selection based on SOE similarity
metric

V1. CONCLUSION AND FUTURE OUTLOOK

@arvin Minsky [8], creator of the frame concept, referring
to knowledge representation says, “each particular kind of
data structure has its own virtues and deficiencies, and none
by itself would seem adequate for all the differe ctions
ivolved”. Ourcomparable and classifiable SOE knowledge
structure is a suitable representation for formal decision
events. The presented in this paper SOE similarity measure
facilitates SOE concept extension into different domains of
applications.

Set of experience knowledge representation concept is at
the beginning of its advance but is already making a
difference to intelligence amplification. Future integration of
various SOE extensions would provide an intelligent and
sustainable Internet application environment that enables
virtual roles (mechanisms that facilitate interoperation
among users, applications, and resources) to effectively
capture, publish, share and manage explicit knowledge
resources. It would also provide support for on-demand




services creating vast commercial potential for our
technology. Through our approach to knowledge
reprefihtation and formalization embedded in the concept of
SOE-based knowledge grid would incorporate epistemology
and ontology to reflect human cognition characteristics and
adopt the techniques and standards developed during work
toward the next-generation, beyond-semantic web [9].
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