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Abstract. The paper discusses the problem of automated processing and
classification of unstructured text and proposes a new approach based on the
multi-agent technology. The proposed method was successfully used to develop
a system for a large UK insurance company capable of analysing and
classifying 25000 documents related to car insurance, as well as creating
template contract documents. The paper describes the system, presents testing
results and discusses perspectives.
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1. Introduction and Problem Definition

Contemporary companies work with a very large number of documents, dealing
with contracts, emails, business letters, licenses, manuals, financial and technical
reports etc. Even for a medium-size company, the number of documents is so high,
that it is impossible to process them manually without electronic document circulation
or CRM systems. In addition to performing usual tasks, there is often a need for tools
for deeper analysis, including semantic search and comparison of documents,
grouping of documents with similar meanings and even an automatic document
generation.

The method and supporting system described in this paper was developed for a
client, one of the five biggest insurance companies in the UK, which had the
following problem. Since car insurance premiums depend on many parameters,
including client’s gender and age, their education level, yearly income, class of the
car and driving history, their lawyers created over the last 20 years more than 25,000
documents related to car insurance contracts. The task given to our team was to
analyse these documents, classify them according to their semantic similarity and
create a contract template for each group of documents. Contract templates were
expected to include the most frequent clauses from the constituent documents within
the group to be used in future as a basis for all new contracts. A part of the task was
also to analyse and classify available contracts from the competitive insurance
companies, and take these results into account during the creation of templates. The
initial estimate was that there would be around 100 groups of documents, and that the



whole work would take approximately 16 man-years of highly qualified law experts.
Our task was to automate this process thus saving time and money.

2. The Solution

The existing systems and algorithms, which are capable of clustering documents
(even the best ones, like LSA [1], Scatter/Gather [2] and STC [3]), have a number of
limitations [4], as follows. Some of them require “seed” document in each group,
some require expert pre-analysis, including desired number of resulting groups and
others produce inadequate results because they use keywords-based rather than
semantic searches and therefore produce a considerable noise and irrelevant results.
To the best of our knowledge there are no other algorithmic or multi-agent based
methods that could handle text understanding, clustering and template creation.

Therefore we have used Magenta multi-agent technology for all tasks of the
requirement specification. First, our previously developed ontology and multi-agent
based method for text understanding was used to represent the document meaning as a
semantic network. Then, our multi-agent clustering method was applied to classify
documents; and, finally, a heuristic method was developed to create templates based
on groups of semantically similar documents.

2.1. Ontology

The proposed method is knowledge-based rather than data-driven. Conceptual
knowledge of the domain of car insurance is contained in Ontology, which is
constructed in a semi-automatic way, as follows. Using the ontology constructor [5]
an expert inputs a set of domain documents (in our case — insurance contracts), and
the system suggests hierarchy of objects, attributes and relations, which the expert can
adjust manually. The heuristics are similar to those, used in [6] and [7]. For the car
insurance domain ontology includes more than 400 objects (like “document”,
“agreement”, “contractor”, “terms of contract”), on the average, six attributes per
object (like “amount”, “class of car”, “car parameters”, “contract lengths”, “warranty
conditions” etc), and 37 relations (like “have”, “between”, “part of contract”,
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“belongs to”, “guarantee” etc).

2.2. Semantic Analysis

Using the domain knowledge from ontology, a multi-agent text understanding
engine, described in [8, 9], assigns to each document a Semantic Descriptor, which
describes the meaning of the document in the form of a semantic network (Fig. 1).
The expression “meaning of the document” is used here to denote the meaning of the
most relevant and important information contained in the document. For example,
from the fragment of a semantic network shown in Fig. 1 it is possible to deduce that
it describes a certificate for options, which belongs to a party of the agreement and
that options belong to the registered holder. By similar analysis it is quite easy to
interpret any semantic network and to determine the meaning of the document and,
therefore, its possible future use. Also to be able to use standard clustering methods,
in addition to semantic descriptors, keywords and key clauses are created for each
document.
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Fig. 1. A fragment of a semantic descriptor for an insurance contract

2.3. Clustering of Documents
Once semantic descriptors for all documents have been built, a multi-agent
clustering engine, described in [10, 11], creates clusters of documents with similar
meaning. The use of semantic descriptors helps to interpret reasons behind grouping

documents together.

As a result we get a hierarchical structure where each document, or cluster of
documents, can belong to several clusters, the criterion being the similarity of their
semantic descriptors, as shown in (Fig. 2).
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Fig 2. An example of document clusters for car insurance



The multi-agent clustering engine represents each cluster as a record with number
of key clauses, which describe the cluster. A procedure of comparing clauses takes
into account number of similar words in clauses and their corresponding order.
Clauses with high degree of similarity are considered to be the same. The most
frequent clauses among documents in a set are labelled as key clauses.

2.4. Creating Templates

Clusters produced by the clustering engine are analysed with a view to finding the
most popular clauses, similar clauses and abnormalities for each group of clusters. All
key clauses, which are popular and unique/abnormal are joined together to form the
final template. To determine the order in which they should appear in the resulting
document, a dynamic programming algorithm is used, which considers order in which
clauses appear in all documents in the group (Fig. 3). Results are passed to experts
who can re-adjust the order of clauses, select options or edit words in partially
matched clauses (where similar clauses have some differences in wording) or include
additional clauses.
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Fig. 3. Creating a template based on a set of key clauses from a cluster of documents

3. Multi-Agent Technology

The multi-agent technology employed for semantic analysis (text understanding)
and clustering is described here briefly to enable the reader to comprehend the logic
of the method. A more detailed description can be found in [9, 10] and a detailed
comparison with other methods, alongside with performance analysis and number of
real-life applications can be found in [7, 11]. It is worth mentioning, that multi-agent
applications are designed following holistic approach by building open Resource and
Demand Networks, where demand agents and resource agents can join or leave the
network dynamically, in real time [12]. In this application Demand and Resource



Agents are assigned to records and clusters for clustering, and to words and their
possible meanings for text understanding, respectively. The input situation, called the
initial Scene, is formally represented as a network of instances of concepts from
ontology. The semantic analysis engine and clustering engine are event driven.
Results of ongoing matching and re-matching of resources to demands are represented
as intermediate scenes and the final result as the final scene.

3.1 Multi-agent Text Understanding

The method consists of the following four steps (see Figure 4): (1) Morphological
Analysis; (2) Syntactic Analysis; (3) Semantic Analysis; (40 Pragmatics.

The process is as follows. The whole text is divided into sentences. Sentences are
fed into the meaning extraction process one by one and the first three stages are
applied to each sentence. After the text is parsed, the resulting semantic descriptor
enters the forth stage — pragmatics.

Input sentence
Par
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Fig. 4. General scheme of the multi-agent text understanding method

Morphological Analysis - An agent is assigned to each word in the sentence; (1)
Word Agents access ontology and acquire relevant knowledge on morphology; (2)
word agents execute morphological analysis of the sentence and establish
characteristics of each word, such as gender, number, case, time, etc.; (3) if
morphological analysis results in polysemy, i.e., a situation in which some words
could play several roles in a sentence (a noun, an adjective or a verb), several agents



are assigned to the same word each representing one of its possible roles thus creating
several branches of possible sentence parsing results.

Syntactical Analysis — (1) Word agents access ontology and acquire relevant
knowledge on syntax; (2) word agents execute syntactical analysis where they aim at
identifying the syntactical structure of the sentence; for example, a subject searches
for a predicate of the same gender and number, and a predicate looks for a suitable
subject and objects. Conflicts are resolved through a process of negotiation; a
grammatically correct sentence is represented by means of a syntactic descriptor; (3)
if results of the syntactical analysis are ambiguous, i.e., several variants of the
syntactic structure of the sentence under consideration are feasible, each feasible
option is represented by a different syntactic descriptor; if no syntactic descriptor is
valid, then several options with high enough level of correctness (i.e. more than 80%
of grammatically possible links are present in the syntactic descriptor) are selected for
the next stage.

Semantic Analysis - (1) Word agents access ontology and acquire relevant
knowledge on semantics, including possible relations between concepts and valid
attribute values; (2) each selected grammatical structure of the sentence under
consideration is subjected to semantic analysis; this analysis is aimed at establishing
the semantic compatibility of words in each grammatically correct sentence; from the
ontology word agents learn possible meanings of words that they represent and by
consulting each other attempt to eliminate inappropriate alternatives by building least
contradictive semantic descriptor based on the problem domain ontology; (3) once
agents agree on a grammatically and semantically correct sentence, they create a
semantic descriptor of the sentence, which is a network of concepts and attribute
values contained in the sentence; (4) if a solution that satisfies all agents cannot be
found, agents compose a message to the user explaining the difficulties and
suggesting how the issues could be resolved or, if the level of correctness is high
enough (i.e. more than 80% links are valid according to the problem domain
ontology), agent select most probable decision autonomously; (5) each new
grammatically and semantically correct sentence generated in the previous steps is
checked for semantic compatibility with semantic descriptors of preceding sentences;
in the process agents may decide to modify previously agreed semantic interpretations
of words or sentences by returning to earlier stages of negotiation (described above)
with their new knowledge; this may improve confidence in certain options and may
result in the reconstruction of semantic descriptors for preceding sentences; (6) when
all sentences are processed, the final semantic descriptor of the whole document is
constructed thus providing a computer readable semantic interpretation of the text.

3.2. Multi-Agent Clustering Method

The method is conceptually simple and elegant. An agent is assigned to every data
element (record, document, text segment) and given the task to seek similar data
elements with a view to forming a cluster. Agents fulfil their tasks by sending
invitations to other agents and by responding to received invitations. Each agent is
looking after its own interests and will join other agents in a cluster only if it suits its



objectives. Once a cluster is formed an agent is assigned to it with the task to attract
suitable data elements. Agents of data elements belonging to a cluster form temporary
virtual communities, which can be organised in many different ways.

In a simple case, records try to find clusters with the maximum density. In more
complex cases, metrics can include number of records, number of sub-dimensions for
a cluster, time of life in the cluster, type of attributes etc. The search always starts
with the nearest candidate and extends gradually. When a record finds a proper
cluster, it makes an offer and waits for a reply. The cluster considers record’s locality,
calculates its variant and either accepts or rejects the offer. Thus instead of a
centralised optimal top-down decision of a classic clustering algorithm, the multi-
agent approach builds solutions in a stepwise manner, bottom-up. The matching of
records to clusters is based on a current local balance of interests of a particular record
and a particular cluster. If both parties agree, the record enters the cluster, if not — the
record searches for other options.

The stages of dynamic clustering process for a simple 2D case are shown in Fig. 5.
Stage a — the first record arrives. Stage b — the second record arrives; the two records
form a cluster. Stage ¢ — the third record arrives; the first cluster and the third record
form another cluster. Stage d — the second cluster invites the records from the first
cluster to join it; records decide to accept invitation because the switch offers them
certain advantages; the first cluster is dismantled; the fourth record arrives. Stage e — a
new cluster is formed. Stage f — a new cluster invites the records from the inner
cluster to join it and they accept; a new record arrives. Stage g — a new record arrives
and the process is repeated. Stage h — the final cluster is formed.
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Fig. 5. The stages of forming a cluster

In general, agents trade with each other in the environment called Virtual Market
where decisions are made by agent negotiations involving exchange of virtual
money. Each agent has a specified sum of monetary units, which it may use to pay
joining fees or leaving penalties, if any.

Various microeconomic models can be used to control the clustering process. For



example, a charge for joining a cluster may be in accordance with the “club model”
(the charge does not depend on the situation, richness of a record or on the number of
the club members) or according to the “shareholder model” (the amount depends on
the situation). In the latter case, a record may increase its capital entering or leaving
the cluster at the right time.

Clusters and records conduct perpetual negotiation, with parties agreeing to meet
requested demands or meeting each other half-way, for example, by mutual
concessions. As a result of negotiation records may leave clusters and join new ones
causing further adjustments, known as a ripple effect. The decentralised decision
process combined with microeconomics enables balancing of factors such as the
accuracy, cost and time effectiveness.

Multi-agent clustering method enables users to guide the clustering process by
specifying clustering rules. Agents representing records or clusters use these rules
whenever they have to decide whether particular records and clusters should be
matched. For example, the rule of maximising density can be combined with rules on
restrictions to the number of clusters to which a record can belong, on the number of
records a cluster can contain, on how rich a cluster can be, or what the lifespan of a
cluster should be. Various combinations of rules result in different clustering
outcomes: few big clusters, a large number of small clusters, very dense clusters,
clusters with dispersed records, clusters that are robust, clusters that are dynamic, etc.

The clustering processes for a stable data structure resembles crystallisation
processes — first records create elementary structures at the bottom level and then
structures themselves get involved in clustering, forming ever more complicated
structures, only to stop when available records are exhausted. The clustering outcome
is a high-level structure, which is more or less stable, but is modified in real time as
new records arrive.

For the task of analysing semantic descriptors of records and clusters, a metrics is
introduced, which provides a measure of semantic proximity of descriptors. The
metrics is based on ontology. Using heuristic methods distances between pairs of
ontology concepts are determined taking into account factors such as belonging to the
same parents, having the same attributes and connected by the same relation. The
metrics is valid for the comparison of two records but not for comparison of several
records because transitivity rule is not valid (if document A is close to document B,
and document B is close to document C, we cannot say how close are A and C). The
lack of transitivity makes the use of conventional algorithmic methods for the
comparison of semantic proximity impossible.

4. Testing

Tests of the proposed method were conducted using documents which were
previously manually processed by lawyers of the client company and divided into
groups according to their semantic similarity. Templates were previously manually
created based on this analysis. Tests consisted of (1) the construction of problem
domain ontology based on the full set of documents; (2) creation of semantic
descriptors for each document using Magenta semantic analysis engine; (3) clustering
of semantic descriptors using Magenta clustering engine; and (4) creating templates



for each cluster in semi-automatic mode with the help of the expert who was not
involved in the preparation of the test set.

# of # of Max hierarchy Average number of Same and Template
Docs Groups* level docs in a group similar groups validity
(auto/ (auto / manual) (auto / manual) (%) level (%)
manual)
11 7/9 4/3 2/2 94 % 96 %
43 23/14 5/2 4/3 91 % 90 %
125 54/28 9/3 6/4 87 % 81 %
864 279/43 13/3 5/14 88 % 79 %

shows overall number of groups rather that only high-level groups
Table 1. Comparing experts manual test analysis with system result

The testing generated several interesting observations: The smaller the number of
documents, the better is the result of manual analysis (which is to be expected).
Experts on average prefer to simplify the document structure; therefore the number of
hierarchical levels and the number of groups produced in manual mode is
considerably lower, groups usually being: “very similar, quite similar, more or less
similar, and non-similar”. In all tests one or several groups specified by expert
(usually on top levels of hierarchy, i.e. more generalised) were the same as those
produced in automatic mode. Differences were caused by the system feature to
include a document into every cluster with which the document is semantically
similar, while human experts prefer to assign such documents to only one cluster.
This difference in the assignment of documents to clusters is the reasons for the
increasing divergence between manual and automatic results over time — when there
are many documents, human experts have difficulties with identifying and
remembering similarities. In groups, which were found both by Magenta engines and
human experts, there were many more documents that were missed by experts
(approx. 35%), than documents that were wrongly assigned (11%) or missed by
clustering engines and found by experts (7%). To summarise testing results, system
even in the purely automatic mode, without any human guidance, gave results with
approximately 90% agreement in grouping and 80-85% in template building. In
practical testing, when Magenta engines were fully implemented and the system was
fully deployed in the client’s company, the results were as follows. The processing of
approximately 25,000 instances of car insurance contracts, each of 30 pages, which
was estimated to require 16 man-years, was done by the system based on the method
described in this paper in 40 man-months, i.e. the productivity gain of almost five
times.

5. Conclusion

Multi-agent method for semantic analysis and clustering of documents described in
this paper has been applied to practical non-trivial problems and achieved results
many times better than those accomplished by experts. To the best of our knowledge
there are no published applications of either conventional or multi-agent systems that
have achieved comparable (or indeed any) results. The success of the Magenta
method is based on the following main features: (1) ontological modelling of the




problem domain; (2) reformulation of the semantic analysis and clustering problems
into problems of the allocation of meaning to words and clusters to records,
respectively; (3) distributed creation of solutions in a event-driven, stepwise manner
through a process of knowledge-based (rather than data-driven) negotiation (exchange
of messages) between autonomous agents rather than by the predetermined
algorithmic procedures; (4) creation of a powerful run-time engine capable of
supporting communication links and decision making logic for hundreds of thousands
agents; (5) implementation of user-friendly ontology editors and user interfaces for
users. Authors have applied the method to a variety of practical problems for which
there were no known solutions, including semantic search, generation of logistics
rules and fault and fraud detection.
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