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The project associated to this work is the knowledge management system in sustainable agriculture called KOFIS. KOFIS consists of two tools for web pages annotation using two different vocabularies. The elements of the annotation vocabularies are organized hierarchically in the form of taxonomies. The objective of the work is to propose a matching system for matching two annotation taxonomies. A study on the context of the project is presented to identify research problems. Then a state of the art on taxonomy matching is established. Finally, I make a proposal for a matching system combining of several methods from existing works. My main contribution is a new method of structure based matching approach adapted from "Similarity Flooding" [1]. This method takes into account the initial alignment and the transitivity of hierarchical relation.

Résumé.

. Cette méthode prend en compte des alignements initiaux et la transitivité des relations hiérarchiques.

Introduction

In the context of the "Knowledge for Organic Farming and Innovative System" (KOFIS) project, two different tools, Drupal Content Management System (Drupal CMS) and Semantic MediaWiki (SMW), are used to construct a knowledge management system named KOFIS.

In KOFIS, Drupal CMS is an open space where different kinds of users can create blogs concerning topics in agriculture. Content of blogs is about problems faced by farmers in their crops production. Drupal uses tags as annotation vocabulary for content classification and searching. Tags form taxonomy. The hierarchical relation of taxonomy in Drupal is informal parent-child relation (childOf). This hierarchical relation means that one tag is more specific or more general than another. The taxonomy can be enriched by terms from Agrovoc1 thesaurus without taking into account the hierarchy of terms in the thesuraus. In any case, it is possible to modify the hierarchy of Drupal taxonomy.

In KOFIS, SMW is a closed space in which only the information approved by experts are stored. SMW uses categories and properties for annotation. Categories form taxonomy. The hierarchical relation of taxonomy in SMW is formal subClassOf relation. The taxonomy is backbone of domain ontology. Categories, properties and annotated pages are considered respectively as classes, properties and individual in the domain ontology of SMW.

Users intend to use information stored in SMW to help the process of searching solutions to problems stored in Drupal. Consequently, the information stored in SMW is queried from Drupal. The query composed of tags in Drupal is used to retrieve pages annotated with categories of SMW. The objective of this work is to find a mapping between two annotation taxonomies.

At the installation of KOFIS, SMW is filled with information and annotation ontology by experts while Drupal is empty because there is not yet any user. In order to enrich annotation taxonomy of Drupal, the taxonomy of SMW is imported to Drupal. Therefore, taxonomies of these two tools are initially identical. After some moment of deployment, the taxonomies evolve independently, and the size of taxonomies also increases; therefore, a semi-automatic matching system needs to be constructed to rebuild the mapping between these two annotation taxonomies, i.e., the matching system would propose automatically the mapping between new elements of Drupal taxonomy and SMW taxonomy. The proposed mapping would be validated by human. The semi-automatic matching process bases on the initial alignment established and validated by human.

The remainder of this report is organized as follows. The presentation of KOFIS is in section 2. A general overview of matching process is presented in section 3 followed by the state of the art in taxonomy matching in section 4. Section 5 concerns a proposition of a matching system corresponding to the context of the project in

Drupal CMS

Drupal2 is one of the most popular open source CMS [START_REF] Corlosquet | Produce and Consume Linked Data with Drupal[END_REF]. The main purpose of the system is to manage (create, store, administrate, and view) content and system access control (user administration and access right). Each item of content type in Drupal is called a node. Nodes usually refer to the pages of a site. Drupal has several default content types, but only two of them are used for KOFIS:

─ Blog entry: a blog entry is a single post to journal or blog. Blogs are classified by annotating tags. ─ Book page: a book page is a page of content, organized into a collection of related entries collectively known as a book. It provides a simple content navigation, such as navigation by chapter and by next and previous page, in addition to the navigation by annotating tags.

The core Drupal web application (core module) allows the deployment of site with principal functionality mentioned above. The system is extendable by installing additional modules (extensions). Drupal has a large collection of modules developed by Drupal community which has volunteer developers all over the world as members.

Taxonomy module permits annotation of content using tags in taxonomy of system. Agrovoc Field module allows the annotation from external resource. It invokes Agrovoc web service and imports terms from Agrovoc thesaurus to the taxonomy of the CMS. Moreover, Drupal implements the hook technique which facilitates the development of extension (modules). Therefore, developers can build new modules using existent APIs provided by the core module.

Fig. 2 represents taxonomy in Drupal. It's possible to have more than one annotation vocabulary in Drupal. The reason of having different annotation vocabulary is to distinguish tags from different source, for example the vocabulary named "Agrovoc+" contains tags come from thesaurus Agrovoc and tags created by users. On the other hand, the vocabulary named "Vocabulaire Local" contains only local tags created by users. Page can be annotated by tags from different vocabulary. Tag is a term -a single word or a composition of words with sufficient meaning. 

Semantic Mediawiki

Semantic Mediawiki3 (SMW) is an extension of Mediawiki -the wiki engine used by Wikipedia. It is the result of wiki and semantic web technology integration which aims at making information on web exploitable by machines [START_REF] Meilender | Les moteurs de wikis sémantiques : un état de l'art[END_REF]. SMW is a collaborative content management system. Pages in SMW are collaboratively editable and annotatable by categories and properties. In SMW, there is a domain ontology expressed in OWL-DL which represents the annotation vocabulary (categories and properties).

Fig. 3. Example of page annotated by category and property

Halo extension provides means (tools with graphical interface) for ontology manipulation and pages annotation. Semantic Gardening extension provides inconsistence checking, import and export of ontology. SMW also offers a semantic search 4 engine which permits user to query annotated information and pages by using Ask query syntax. Mediawiki API5 module provides convenient access to wiki feature, data, and metadata.

The same as Drupal, SMW implements the hook technique and provide APIs which facilitate the development of extension.

Fig. 3 shows an example of page annotation with category and property in SMW. The page "Aphidoidea" is annotated with category "Puceron" and properties "Lutte biologique" and "Lutte cultural".

Problematic

As mentioned above, SMW stores knowledge validated by expert. That knowledge might be very useful for the search of solutions to problems announced in Drupal. We intend to provide means permitting users to retrieve information (knowledge) stored in SWM from Drupal. We would like to give user-friendly functionality to naïve users such as farmers. Therefore, we decide to automatically retrieve pages in SMW that might contain helpful information to the problem.

Generally, annotation is used to indicate the topic and useful information of a page. For example, an issue concerning "Greenflies in wheat farm" in Drupal would be annotated by tags "aphid" or "greenfly" and "wheat". In the same way, a page about "Greenfly" in SMW would be annotated by category "Aphid". Consequently, the mapping between annotation vocabularies of Drupal and SMW is strongly required in order to automatically retrieve pages of SWM. In other word, a matching system is the building block of information retrieval system.

In this work, we consider only the tag -category mapping (a tag is mapped to one or many categories). It's the starting point of more complex mapping, tag -category & property mapping (a tag is mapped to categories and/or properties).

Overview of matching process

The matching 6 between two taxonomies is the process of finding correspondence and matching score between elements of taxonomies. The matching score is a real number representing the level of similarity of two elements. This score varies in the interval ]0, 1.0] (1.0 refers to equivalence). A correspondence between elements of two taxonomies is a couple (e, e') where e is an element of one taxonomy and e' is an element of one other taxonomy. The relationship between e and e' can be equivalent or similar. Correspondence and matching score are called alignment.

Fig. 4 gives an overview of matching process. Matching system takes taxonomies to be matched, T and T', as input and returns an alignment A as output:

∀ 𝑒 𝜖 𝑇, ∃𝑒 ′ 𝜖 𝑇 ′ ; < 𝑒, 𝑒 ′ , 𝑚𝑎𝑡𝑐𝑖𝑛𝑔_𝑠𝑐𝑜𝑟𝑒 > 𝜖 𝐴 .

The matching process bases on similarity computation which can be expressed using mathematical function 𝜎 called similarity function:

𝜎: 𝑇 × 𝑇 ′ → [0,1] (𝑒, 𝑒 ′ ) ⟼ 𝜎(𝑒, 𝑒 ′ ) = 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦_𝑠𝑐𝑜𝑟𝑒 .
Given a dissimilarity function 𝛿, the relationship between similarity and dissimilarity is defined as follows:

𝜎(𝑒, 𝑒 ′ ) = 1 -𝛿(𝑒, 𝑒 ′ ) .
Some matchers may require parameters, such as threshold and weight, and external resources, e.g., thesauri.

T T'

Matching process A Parameters Resources Fig. 4. Overview of the matching process [START_REF] Euzenat | Ontology matching[END_REF].

In general, matcher computes the similarity for every pair of elements in two taxonomies. Similarity score represents the level of similarity of any pair of elements (e, e'). Matching score represents the level of similarity of matched pairs. The similarity score of two elements that have nothing in common (disjoint elements) is equal to 0 and they have no matching score. While the similarity score and the matching score of elements that are considered to be equivalent is equal 1.0. Similarity score of elements of taxonomies is normally represented in matrix called similarity matrix. 

State of the art in taxonomy matching

In this section, I present a classification of taxonomy matching approaches and the description of each approach. It is contributed by approaches originated in schema matching, ontology matching, and taxonomy matching itself. The review of some well known researches in each approach come afterward.

As shown in Fig. 5, there are four different taxonomy matching approaches [START_REF] Euzenat | State of the art on ontology alignment[END_REF]:

─ Terminological matching approach, ─ Structure based matching approach, ─ Extensional matching approach, ─ Hybrid matching approach. 

Terminological matching approach

Terminological approach matches elements of taxonomies based on their textual content, such as name and description of element. This approach relies on string based techniques and language based techniques from Natural Language Processing (NLP).

String based techniques

String based techniques focus on string cleaning and string comparison. String cleaning techniques are used to transform strings into a common format. Such techniques are [START_REF] Euzenat | Ontology matching[END_REF]: ─ Case normalization, e.g. "ARTICLE" -> "article"; ─ Blank normalization, e.g. "scientific article" -> "scientific article"; ─ Diacritical point suppression, e.g. "fiancé" -> "fiance" ; ─ Digit suppression, e.g. "article2" -> "article" ; ─ Link stripping, e.g. "scientific_article" -> "scientific article"; ─ Punctuation elimination, e.g. "article." -> "article".

In string comparison, two strings are equal if they have exactly the same sequence of characters. Likewise, two strings are similar if they share some common sequence of characters. N-gram [START_REF] Kondrak | N-Gram Similarity and Distance[END_REF] , Jaro and Jaro-Winkler distance [START_REF] Winkler | The State of Record Linkage and Current Research Problems[END_REF] are string similarity measure. They provide means for computing common substring between two strings.

N-gram of a string is a set of N size substring of the given string, e.g., bigram("article") = {ar, rt, ti, ic, cl, le} is a set of two characters substring. Given two strings s1 and s2, n-gram similarity between the strings is calculated using dice coefficient:

𝜎 𝑛-𝑔𝑟𝑎𝑚 (𝑠1, 𝑠2) = 2 × |𝑛 -𝑔𝑟𝑎𝑚 (𝑠1) ∩ 𝑛 -𝑔𝑟𝑎𝑚(𝑠2)| |𝑛 -𝑔𝑟𝑎𝑚 (𝑠1) ∪ 𝑛 -𝑔𝑟𝑎𝑚(𝑠2)| .
Jaro distance measure [START_REF] Winkler | The State of Record Linkage and Current Research Problems[END_REF] takes into account the amount of common characters of compared strings and the amount of transposition of common characters. Two characters of two strings are considered to be common only if their position is within the haft length of the shorter sting. Two characters are in transposition if they are common and are placed in different position. Given two strings s1 and s2, Jaro distance between the strings is defined as follows:

𝜎 𝐽𝑎𝑟𝑜 (𝑠1, 𝑠2) = 1 3 𝑐𝑜𝑚(𝑠1, 𝑠2) 𝑠1 + 𝑐𝑜𝑚(𝑠1, 𝑠2) 𝑠2 + 𝑡𝑟𝑎𝑛𝑠(𝑠1, 𝑠2) 2 × 𝑐𝑜𝑚(𝑠1, 𝑠2)
.

where com(s1,s2): set of common characters, trans(s1, s2): set of transposition.

Jaro-Winkler is an evolution of Jaro distance. This measure also takes into account the length of common prefix in addition to the amount of common characters and transpostion. Given two strings s1 and s2, Jaro-Winkler distance between the strings is defined as follows:

𝜎 𝐽𝑎𝑟𝑜 -𝑤𝑖𝑛𝑘𝑙𝑒𝑟 (𝑠1, 𝑠2) = 𝜎 𝐽𝑎𝑟𝑜 (𝑠1, 𝑠2) + 0.1 × 𝑐𝑜𝑚𝑝𝑟𝑒(𝑠1, 𝑠2) × 1 -𝜎 𝐽𝑎𝑟𝑜 (𝑠1, 𝑠2) .
where compre(s1,s2): common prefix of s1 and s2.

Hamming distance [START_REF] Hamming | Error Detecting and Error Correcting Codes[END_REF] is a dissimilarity measure; it counts the number of mismatched position of characters in two strings. Given two strings s1 and s2, dissimilarity between the strings given by the measure is defined as follows:

𝜎 𝐻𝑎𝑚𝑚𝑖𝑛𝑔 (𝑠1, 𝑠2) = 𝑠1 𝑖 ≠ 𝑠2 𝑖 min ( 𝑠1 , 𝑠2 ) 𝑖=1 + 𝑠1 -𝑠2 max (|𝑠1|, |𝑠2|)
Edit distance is a sort of dissimilarity measure; it counts the number of operations needed to transform a string into another string. Operations authorized are insertion, deletion and substitution. Levenshtein distance [START_REF] Levenshtein | Binary codes capable of correcting deletions, insertions and reversals[END_REF] and Needleman-Wunsch distance [START_REF] Needleman | A general method applicable to the search for similarities in the amino acid sequence of two proteins[END_REF] are edit distance measure. The difference between these two measures is the operation cost. In Levenshtein distance, the cost is equal to 1.0 for every operation while the cost of insertion and deletion in Needleman-Wunsch is higher than the cost of substitution.

Language based techniques

Language based techniques intend to match terms represented in different form yet have the same or similar meaning, e.g., "scientific articles" and "articles in science" are exactly the same thing. The techniques vary depending on grammar rule (morphology and syntax) of a given language.

As cited in [START_REF] Euzenat | State of the art on ontology alignment[END_REF], inflection and derivation assist matching process between terms. Inflectional rule defines how a word can be modified to express different grammar category such as tense, number, gender, etc., e.g. "write -wrote" and "articlearticles". Inflection of word normally contains similar meaning. TreeTagger [START_REF] Schmid | TreeTagger -a language independent part-of-speech tagger[END_REF] is a part of speech tagger, and it also provides lemma information. The tagger is able to analyze text in German, English, French, Italian, Dutch, Spanish, Bulgarian, Russian, Greek, Portuguese, Chinese, Swahili, Latin, Estonian and old French. Derivation is the process of creating new words from basic words, e.g. "do -undo" and "writerewrite". As we can see, derivation can produce new words with very different meaning.

External resources, such as dictionary and thesaurus, are used to find synonyms and hyponyms.

Structure based matching approach

Generic graph matching method

Structure based approach matches elements in taxonomies based on their position in the structure. Taxonomy is hierarchical or tree structure; therefore, some graph matching techniques can be used in taxonomy matching (see also 4.4).

Anchor-PROMPT [START_REF] Noy | Anchor-PROMPT: Using Non-Local Context for Semantic Matching[END_REF] is a graph matching method. It is introduced for ontology matching. This method takes a set of anchor (the pair of related terms) as input and returns new semantically similar pairs. This method treats ontology as a graph in which classes and relations are respectively considered as nodes and slots. The method analyzes paths (with the same longer) between two anchors (see Fig. 6). Two elements of two paths that appear in the same position are assigned with a score; and the score will increase if they still appear in the same position in another path. Finally, the pairs with high score are considered to be match. This method does not take into account the type of relations (slots) between nodes. Experiments on the matching of two ontology independently constructed show that the result of this method is 75% correct. 

Semantic similarity of taxonomy

In literature, many techniques such as [START_REF] Wu | Verb Semantics And Lexical Selection[END_REF], [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF], [START_REF] Lin | An Information-Theoretic Definition of Similarity[END_REF], and [START_REF] Kim | CP/CV: concept similarity mining without frequency information from domain describing taxonomies[END_REF] aim to find semantic similarity between elements in taxonomy (see also 4.4). Those techniques are applicable in taxonomy matching since we can firstly map taxonomies to be matched to a referenced taxonomy; then compute semantic similarity base on the referenced taxonomy. For example in Fig. 7, once a6 is mapped to c10, and b5 is mapped to c7, the similarity between a6 and b5 is equal to the similarity between c10 and c7. Edge counting technique is one of the other techniques that are used to compute semantic similarity of elements in taxonomy. This technique relies on the idea that the closer two nodes are, the more similar they are. Wu-Palmer measure [START_REF] Wu | Verb Semantics And Lexical Selection[END_REF] is known as an effective measure which bases on edges counting. Similar to other measures of the kind, it takes into account the shortest path between two nodes to be match [START_REF] Blanchard | A Typology Of Ontology-Based Semantic Measures[END_REF]. The key characteristic of this measure is the depth of the least common super-node. In other word, two nodes subsumed by the deeper (more specific) node in hierarchy are likely more similar than two other nodes subsumed by the less deep node. Given two nodes c1, c2 in taxonomy, their similarity based on Wu-Palmer measure is defined as follows (see Fig. 8):

𝜎 𝑊𝑢 -𝑃𝑎𝑙𝑚𝑒𝑟 (𝑐1, 𝑐2) = 2 × 𝑁3 𝑁1 + 𝑁2 + 2 × 𝑁3 .
where N3: number of edge in the path from root to the least common super-node, N1: number of edge in the path from c1 to the least common super-node, N2: number of edge in the path from c2 to the least common super-node. Big limitation of the technique is that it requires edges to represent uniform distance [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF]. This constrain is not practical as the local density of taxonomy is generally varied. Moreover, a long path can be replaced by a short path.

Extensional matching approach

When two taxonomies share common set of instances, e.g. annotated resource, it is possible to find correspondences between taxonomies by using those instances; as two concepts sharing common instances are likely to be similar. According to [START_REF] Euzenat | State of the art on ontology alignment[END_REF], Jaccard similarity of two instance sets IS1 and IS2 is defined as follows:

𝜎 𝐽𝑎𝑐𝑐𝑎𝑟𝑑 (𝐼𝑆1, 𝐼𝑆2) = 𝑃(𝐼𝑆1 ∩ 𝐼𝑆2) 𝑃(𝐼𝑆1 ∪ 𝐼𝑆2) .
where P(X): probability of a random instance to be in the set X.

Intuitively, the similarity of instance sets can be considered as the similarity of concepts when the sets are representative.

In case where there is not any common instance set available, it is possible to detect common instance by searching for their identity, e.g., isbn for book [START_REF] Euzenat | State of the art on ontology alignment[END_REF].

Since data instance is not practically available or representative, extensional matching approach does not catch much attention from researchers.

Hybrid matching approach

The algorithm of hybrid matching approach is based on more than one approach presented previously. It is not a composition matching in which different approach is used separately in different step.

Similarity propagation method

Similarity Flooding [START_REF] Melnik | Similarity Flooding: A Versatile Graph Matching CemOA : archive ouverte d'Irstea / Cemagref Algorithm and Its Application to Schema Matching[END_REF] is a structure based graph matching and similarity propagation method. It relies on the notion that the similarity of nodes in graphs depends on the similarity of their adjacent nodes. This method is applicable for any domain supporting graph model. In ontology matching, this method leads to a drawback due to very high computational cost; since ontology contains big amount of elements associated to each other (nodes) [START_REF] Wang | A Structure-Based Similarity Spreading Approach for Ontology Matching[END_REF]. Anyway, this is not a remarkable problem for taxonomy matching.

As mentioned in [START_REF] Melnik | Similarity Flooding: A Versatile Graph Matching CemOA : archive ouverte d'Irstea / Cemagref Algorithm and Its Application to Schema Matching[END_REF], this matching method requires a pairwise connectivity graph (PCG) G. The graph G is constructed from two graphs to be matched A and B as follow:

𝑎 𝑗 , 𝑏 𝑚 , 𝑙 𝑒 , (𝑎 𝑘 , 𝑏 𝑛 ) ∈ 𝐺 ⟺ 𝑎 𝑗 , 𝑙 𝑒 , 𝑎 𝑘 ∈ 𝐴, (𝑏 𝑚 , 𝑙 𝑒 , 𝑏 𝑛 ) ∈ 𝐵 .

where 𝑙 𝑒 : label of edge.

To form a propagation graph, an opposite directed labeled edge is added to each existing edge in PCG, and propagation coefficient is assigned afterward. [START_REF] Melnik | Similarity Flooding: A Versatile Graph Matching CemOA : archive ouverte d'Irstea / Cemagref Algorithm and Its Application to Schema Matching[END_REF] assumes that each edge type makes an equal contribution of 1.0 to spreading similarity from a given pairwise node (map pair). Thus, the propagation coefficient pc of edge of type 𝑙 𝑒 for a given pairwise node is pc = 1/n where n is the total number of outgoing edges of the type 𝑙 𝑒 (see Fig. 9). The similarity of each pairwise node is computed as follows:

─ Assign primary similarity 𝜎 𝑆𝐹 0 to each pairwise node, e.g. the similarity score of terminological method. ─ Compute iteratively the similarity of each node by using the fixpoint formula below. ─ For each iteration, normalize the similarity by dividing by the largest value. ─ The computation will stop when the Euclidean length of the residual vector ∆(𝜎 𝑆𝐹 𝑝 , 𝜎 𝑆𝐹 𝑝-1 ) < 𝜀, where 𝜀 is a predefined threshold. Taking the example in Fig. 9, the similarity 𝜎 𝑆𝐹 1 (𝑎, 𝑏) and 𝜎 𝑆𝐹 1 (𝑎2, 𝑏1) are defined as follows:

𝜎 𝑆𝐹 1 (𝑎, 𝑏) = 𝜎 𝑆𝐹 0 (𝑎, 𝑏) + 𝜎 𝑆𝐹 0 (𝑎1, 𝑏1) × 1.0 + 𝜎 𝑆𝐹 0 (𝑎2, 𝑏1) × 1.0 𝜎 𝑆𝐹 1 (𝑎2, 𝑏1) = 𝜎 𝑆𝐹 0 (𝑎2, 𝑏1) + 𝜎 𝑆𝐹 0 (𝑎, 𝑏) × 0.5 + 𝜎 𝑆𝐹 0 (𝑎1, 𝑏2) × 1.0

Semantic similarity of taxonomy

In the same context as the work presented in 4.2, the following techniques are used to compute semantic similarity of elements in referenced taxonomy.

Information content based techniques

The computation of semantic similarity of elements in taxonomy using information content is introduced in the domain of semantic network [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF]. In this context, elements (nodes) of taxonomy are the representation of concepts, and edges are used to presentation the relation between concepts. Only IS-A relation is taken into account for semantic similarity computation. As we can see, this technique is based on not only the information content but also the hierarchical structure of taxonomy.

Information content based technique [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF], [START_REF] Lin | An Information-Theoretic Definition of Similarity[END_REF] relies on the idea that the similarity between two concepts depends on the common information shared between them, their super-concepts. [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF] states that edge counting technique captures this notion indirectly since the shortest path between two concepts in taxonomy is the shortest path from one concept to their most specific common super-concept (least common super-concept) and the shortest path from the super-concept to one other concept (see Fig. 8). In information theory, the information content of a concept c is the negative logarithm of the probability of a random instance belonging to the concept c, -log p(c). Fig. 10 represents a fragment of WordNet7 which is practically used as referenced taxonomy. The number next to each concept is the probability of a random term belonging to the concept. The probability calculation is done by Philip Resnik [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF] using the nouns frequencies from Brown Corpus of American English 8 .

According to Philip Resnik [START_REF] Resnik | Using Information Content to Evaluate Semantic Similarity in a Taxonomy[END_REF], the similarity based on information content between two concepts c1, c2 in taxonomy is defined as follows:

𝜎 𝑅𝑒𝑠𝑛𝑖𝑘 (𝑐1, 𝑐2) = max 𝑐 ∈ 𝑆(𝑐1,𝑐2) [-log 𝑝(𝑐)] .
where s(c1,c2) : set of concepts that subsume both c1 and c2, p(c) : probability of a random term (in the corpus) belonging to the concept c.

Lin's similarity [START_REF] Lin | An Information-Theoretic Definition of Similarity[END_REF] is another measure based on information content. Dekang Lin introduces an information theoretic definition of similarity which is applicable for any domain that support information content notion (probabilistic model). Relying on information theory and some sensible assumptions, he proves that the similarity between two any objects is the ratio between the amount of information needed to state the commonality of the objects and the information needed to fully describe them. Applying in taxonomy, the similarity between two concepts c1, c2 is defined as follows:

𝜎 𝐿𝑖𝑛 (𝑐1, 𝑐2) = 2 × log 𝑝(𝑐) log 𝑝(𝑐1) + log 𝑝(𝑐2)
.

where c : the most specific common super-concept, p(c) : probability of a random term (in the corpus) belonging to the concept c.

A test done by [START_REF] Lin | An Information-Theoretic Definition of Similarity[END_REF] shows that Lin's similarity produce slightly better result than Wu-Palmer measure and Resnik's measure. Anyway, information content based technique has a remarkable limitation. This technique requires a reliable large collection of text (representative corpus) in order to extract word frequency for probability calculation.

Concept vector

[19] presents another technique named Concept Propagation/Concept Vector (CP/CV) for finding similarity between elements in taxonomy. This technique is aim at mining similarity between keywords that are represented as concept in hierarchical structure so called taxonomy. The technique is base on concept vector and hierarchical structure of taxonomy. First, every concept in taxonomy is mapped to a concept vector in a vector space. Next, the similarity between two concepts is computed in the vector space using cosine similarity of concept vectors represented the concepts.

Fig. 11 shows the representation of concept in vector space. The number of dimensions (c1, c2, and c3) in the vector space is equal to the number of concepts in taxonomy. Vectors n1, n2, and n3 represent respectively concept c1, c2 and c3 in the taxonomy. Components of a vector represent the relatedness of that vector to each dimension (concept dimension). Intuitively, the component of vector n1 on the dimension c1 is higher than other components in the vector. Given two concept vectors Vni of the concept ci and Vnj of the concept cj, the cosine similarity between these two concept vectors is defined as follows: The challenge of this technique is the process of mapping concept to concept vector. [START_REF] Kim | CP/CV: concept similarity mining without frequency information from domain describing taxonomies[END_REF] argues that the generality (common information shared by two concepts) of two concepts is not equivalent to their similarity. Therefore, they use the generality obtained from hierarchical structure to compute concept vector in the vector space. [START_REF] Kim | CP/CV: concept similarity mining without frequency information from domain describing taxonomies[END_REF] states that this technique provides a comparable result to information content technique while it does not require information content (probability); since the probability is replace by concept rang calculated by a formula proposed in the technique. However, the computational cost of this technique is high because of its complex algorithm.

Conclusion

Some of the approaches presented above are not applicable for the context of project in question. Extension matching approach requires set of common instances, yet in KOFIS pages of the two tools are created and stored independently. Since the representative corpus in agriculture domain is not available for us, information content based matching technique is not applicable.

Previous works presented in terminological matching approach are potential candidate because they are simple and effective. The taxonomies to be matched are in the same domain, so fault match caused by heteronym would become rare. Some interesting works, such as Similarity Flooding, Wu-Palmer, and Anchor-Prompt, would take the advantage of initial alignment. Among them, Similarity Flooding catches the most attention. In this method, the similarity computation is performed depending on the similarity of all elements in the graph, i.e. similarity propagation process and normalization process.

Proposition

My proposition on this matching system is based on the context of KOFIS. The system aims at establishing the matching between tags in taxonomy of Drupal and categories in taxonomy of SMW.

Taxonomy matching for information retrieval does not require injective mapping (one-one mapping). As indicated in section 3, for every tag in Drupal, at least a matched category in SMW is required. It is preferable having many result ordered by relevancy to having no result.

The proposed matching system is composed of two basic matching methods:

─ Terminological matching method is based on the similarity of textual content (sequence of character). I name the similarity function for this matching method as 𝜎 𝑡𝑒𝑟𝑚 . ─ Structure based matching method is based on the position of element in graph, i.e., graph is another representation of taxonomy. I name the similarity function for this method as 𝜎 𝑠𝑡𝑟𝑢𝑐 .

As proposed in [START_REF] Euzenat | Ontology matching[END_REF], the composition of basic methods can provide a better matching result, since an individual method is not qualified enough to detect all correspondences. Each method produces a similarity score between elements in taxonomies.

I propose that the final similarity score is the combination of scores produced by these methods. Weighed sum is chosen as the combination function. The importance of each method is defined by its weight w. Given 𝜎 𝑡𝑒𝑟𝑚 , 𝑤 𝑡𝑒𝑟𝑚 the similarity function and the weight of terminological method, 𝜎 𝑠𝑡𝑟𝑢𝑐 , 𝑤 𝑠𝑡𝑟𝑢𝑐 the similarity function and the weight of structure based method, the compound similarity 𝜎 𝑓𝑖𝑛𝑎𝑙 is defined as follows:

𝜎 𝑓𝑖𝑛𝑎𝑙 (𝑡, 𝑐) = 𝑤 𝑡𝑒𝑟𝑚 × 𝜎 𝑡𝑒𝑟𝑚 (𝑡, 𝑐) + 𝑤 𝑠𝑡𝑟𝑢𝑐 × 𝜎 𝑠𝑡𝑟𝑢𝑐 (𝑡, 𝑐) .

where t : tag of Drupal taxonomy T tag ; c : category of SMW taxonomy T class .

The compound similarity is normalized as the weights are normalized. I intuitively give equal importance to both terminological and structure based matching method since there is not any experiment to see the performance of each method yet.

𝑤 𝑡𝑒𝑟𝑚 = 𝑤 𝑠𝑡𝑟 𝑢𝑐 = 1 2 .
A matching process and a detail presentation of each basic matching method used in this proposition are showed hereby.

5.1

Matching process Fig. 12 represents the architecture of the proposed system. It is composed of several processes: ─ Initial matched pair extraction produces similarity matrix named M init .

Similarity scores of this matrix are extracted from the initial alignment IA which is established by human. Thanks to this matrix, it is possible to detect the matched pairs and not matched pairs. The matching system will compute the similarity score of not matched pairs. ─ Terminological matching requires M init as input and returns the similarity matrix M term . It computes only the similarity of not matched pairs of M init ; the similarity score for matched pairs in initial alignment is assigned to 1.0 directly. ─ Structure based matching requires M init , T tag (the taxonomy of Drupal) and T class (the taxonomy of SMW), as input. It returns the similarity matrix M struc containing the similarity score based on structure based matching method. The same as terminological matching, it computes only the similarity of not matched pairs of M init , and the similarity score for matched pairs in initial alignment is assigned to 1.0 directly. ─ Score combination compounds the similarity score of M term and M struc and returns the final similarity matrix M final . ─ Matched pairs extraction process decides which pair is matched base on the similarity score in M final . At the end of the process, we get the automatic alignment A (correspondence and matching score). ─ Finally, the intervention of user is required in order to check for errors and validate the result of matching. The user can adjust the matching score according to his perspective. For example, user can adjust the matching score to 1.0 in order to validate new matched pairs (equivalent). The matching score lower than 1.0 implies that the matched pair is similar but not equivalent. 

Initial matched pair extraction

As mentioned in 4.2, some matching algorithm, such as Anchor-PROMPT [START_REF] Noy | Anchor-PROMPT: Using Non-Local Context for Semantic Matching[END_REF], uses initial alignment, a set of anchors, to find other matched pairs of entities of two ontology. In our proposition, the initial alignment is essential for basic matching methods. In the context of KOFIS, the initial alignment is the manual matching with the matching score equal to 1.0.

For a given initial alignment, only matched pairs (t, c) that are currently available for taxonomies to be matched, are extracted. Matched pairs, whose element is deleted, are not concerned. A hypothesis is made here.

Hypothesis 1: once a tag and a category are matched (considered to be equivalent), they are still matched even if there is any modification in taxonomies.

The initial similarity extraction respects following rules:

∀ 𝑡 ∈ 𝑇 𝑡𝑎𝑔 , ∀ 𝑐 ∈ 𝑇 𝑐𝑙𝑎𝑠𝑠 ; ∃< 𝑡, 𝑐, 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑠𝑐𝑜𝑟𝑒 > ∈ 𝑀 𝑖𝑛𝑖𝑡 ; 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑠𝑐𝑜𝑟𝑒 = 1 𝑖𝑓 (𝑡, 𝑐) ∈ 𝐼𝐴 0 𝑖𝑓 (𝑡, 𝑐) ∉ 𝐼𝐴 .
where IA: initial alignment, Ttag: taxonomy of Drupal, Tclass: taxonomy of SMW, Minit: similarity matrix extracted from IA.

Terminological matching method

Terminological matching method is a very effective and frequently used method in matching process when textual content is available. In this proposal, it is used to compute the similarity between name of tags and name of categories. As indicated in 5.1, the objective of taking M init as input is to avoid redundant similarity computation of matched pairs in initial alignment. It pursues two steps, string cleaning and string similarity computation.

String cleaning techniques clean string before it can be strictly compared by string similarity measure. Some techniques suitable for our case are case normalization, blank normalization, link stripping, and punctuation elimination (see 4.1).

Intuitively, user may use the same word to represent the same idea in taxonomies of a specific domain. Moreover, words that share the same stem may have very close meaning, e.g. "graph", "graphs", "digraph", "pseudograph", etc. N-gram measure is a very effective technique for detecting the similarity of words sharing the same prefix and/or suffix. Bigram measure is chosen for the matching system as [START_REF] Kondrak | N-Gram Similarity and Distance[END_REF] declares that Dice coefficient with bigram is a popular string similarity measure. In order to give an equivalent importance to every symbol in strings to be compared, a blank symbol (underscore is chosen) is added to the beginning and ending of the strings. As a result, every symbol appears twice in bigram of each string, e.g., bigram ("_article_") = {_a, ar, rt, ti, ic, cl, le, e_}. Dice coefficient for bigram similarity of a tag t and a category c is defined as follows:

𝜎 𝑡𝑒𝑟𝑚 (𝑡, 𝑐) = 2 × |𝑏𝑖𝑔𝑟𝑎𝑚(𝑡) ∩ 𝑏𝑖𝑔𝑟𝑎𝑚(𝑐)| 𝑏𝑖𝑔𝑟𝑎𝑚(𝑡) + |𝑏𝑖𝑔𝑟𝑎𝑚(𝑐)| .
Possibly, there are some terms that are completely different in sequence of characters representation yet very similar. Those terms are not detected to be similar by above technique; consequently, structure based matching method is used as a complementary.

Structure based matching method

As mentioned in 4.4, Similarity Flooding is a structure based matching method using iterative fixpoint computation to propagate similarity to the whole graph. The main idea of the method is to propagate the similarity of each map pair to its neighbors, i.e., when two nodes of two graphs are similar, their neighbor somehow seems to be also similar. This method is able to propagate the similarity of matched pairs in initial alignment and the similarity obtained by terminological method to the whole graph. Therefore, it would allow the matching system to detect other new matched pairs (neighbors of matched pairs) that are not discovered by the former matching method.

The iterative fixpoint computation of this method implies that when the similarity of neighbors of a given map pair becomes fix, its similarity is also fix. Hence, the fixpoint of similarity of all map pair puts the end of iteration computation. On the other hand, the iterative fixpoint computation would avoid circular dependency.

This matching method firstly constructs a pairwise connectivity graph (PCG) from two graphs to be matched; then creates a propagation graph from the PCG by adding opposite directed edges and assigning propagation coefficient to each edge. Next, the similarity of each pairwise node is calculated using a fixpoint formula until the whole graph reaches its fixpoint. As the convergence of computation is not ensured, the maximum number of iteration needs to be defined [START_REF] Melnik | Similarity Flooding: A Versatile Graph Matching CemOA : archive ouverte d'Irstea / Cemagref Algorithm and Its Application to Schema Matching[END_REF].

Adaptation

This part discusses how to adapt the Similarity Flooding matching method to the context of KOFIS. The adaptation aimes at improving the matching result. I will show a case study about transitive property of subClassOf relation and the contribution of initial alignment to the method and argue for choices I have made.

As we can see in 4.4, Similarity Flooding matching method requires that two graphs share at least some common type of edge (relation). In order to use this method in our proposition, another hypothesis is made.

Hypothesis 2: Parent-child relation in taxonomy of Drupal is considered to be the same as subClassOf relation in taxonomy of SMW.

Case study about transitivity property of subClassOf relation

Regarding to the transivitivity property of subClassOf relation, extra subClassOf relations are supposed to be added to every indirect superclass. One other hypothesis is made.

Hypothesis 3: In the taxonomy of SWM, a transitive subClassOf relation is added between every class and its indirect subclass before the construction of PCG (see Fig. 13). ─ The number of edges in PCG would increase compared to the original algorithm ─ The computational cost would increase compared to the original algorithm ─ The similarity between a category (class) and a tag would also depend on the similarity of indirect related classes (indirect subclasses, indirect superclasses) and direct related tags (direct child tags, direct parent tags).

Regardless to the transitive property of subClassOf relation, the similarity of pairwise node (t1, c1) in Fig. 14 increase based on the similarity of their direct child node (direct subclass, direct child tag) (t2, c2). By adding a transitive subClassOf relation between c3 and c1, the similarty of the node (t1, c1) also increases depending on the similarity of the node (t2, c3). If the intial alignment or terminological matching method maps t2 to c3 (see next part), with the transitive edge in PCG produced by the transitive subClassOf relation, the Similarity Flooding method would be able to map t1 to c1 in addition to the direct neighbor nodes (t1, c2) and (t3, c4). However, having extra transitive edge in PCG would impact on the similarity of some pairwise node:

─ The similarity of a pairwise node that contains the most general class would increase due to the contribution of its indirect child, e.g., the similarity node (t1,c1) is contributed by the similarity of nodes (t2, c2), (t2, c3) and (t2, c4). ─ The similarity of pairwise node that contains a class without any indirect child would decrease because of the diminution of the propagation coefficient pc of its neighbor pairs (direct related pairs), e.g., without transitive edges, the similarity of node (t2, c4) would contribute fully to the node (t1, c3).

In order to reduce this impact, I assume that the propagation coefficient of edge produced by direct subclass relation should be higher than the one produced by indirect relation. As a result, the propagation coefficient pc is refined as follows:

𝑛 = 𝑑 + 1 2 𝑖𝑛𝑑 ; 𝑝𝑐 = 1 𝑛 𝑓𝑜𝑟 𝑑𝑖𝑟𝑒𝑐𝑡 𝑠𝑢𝑏𝑐𝑙𝑎𝑠𝑠 1 2𝑛 𝑓𝑜𝑟 𝑢𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑠𝑢𝑏𝑐𝑙𝑎𝑠𝑠 .
where d: number of outgoing direct subclass edges (relation), ind: number of outgoing indirect subclass edges (relation).

This formula conforms to the original Similarity Flooding algorithm in which the sum of propagation coefficient of outgoing edges for a given pairwise node is equal to 1.0.

Case study about the contribution of initial alignment to PCG

As mention previously, initial alignment is established and validated by human. If there are several choices of correspondences, they will choose the best one. This implies that once a tag is mapped by human to one or more categories, there is not any other category should be mapped to the tag by the matching system. This assumption leads to a hypothesis. Hypothesis 4: We omit the similarity computation of any pairwise node that contains a tag or a category already mapped by IA. The similarity score of those pairwise nodes are assigned to 0 automatically.

Relying on the above hypothesis, some pairwise nodes are deleted from PCG. As shown in Fig. 15, given a matched pair (t2, c3) of IA, pairwise nodes (t2, c1), (t2, c2), (t2, c4), (t1, c3), and (t3, c3) are deleted. 

Choices

Similarity Flooding computation starts by propagating primary similarity 𝜎 𝑠𝑡𝑟𝑢𝑐 0 of each pairwise node to its neighbor node, i.e., the similarity of a given node increases according to the similarity of its neighbor pairwise node. As mentioned in 5.4, the primary similarity for this matching method is the similarity obtained from the initial alignment and the terminological matching method. The primary similarity 𝜎 𝑠𝑡𝑟𝑢𝑐 0 between a tag t and a category c is defined as follows: where 𝜎 𝑖𝑛𝑖𝑡 : similarity function obtained by initial alignment; 𝜎 𝑡𝑒𝑟𝑚 : similarity function of terminological matching method. The same as in terminological matching method, the similarity computation of matched pairs in initial alignment is omitted and the similarity score is assigned to 1.0 directly. The similarity score for structure based method of pairs that are in neither initial alignment nor PCG, is assigned to 0 directly.

Alignment extraction

The similarity matrix gives similarity score of each pair of elements of taxonomies. The objective is to extract only pairs with similarity score greater than a given threshold. Since the taxonomies are enriched independently, it is difficult to get an injective alignment. Regarding to the property defined in section 3, it is accepted that the highest similarity score among pairs of a given tag is smaller than the threshold.

Discussion

Similarity Flooding method is known as a powerful similarity propagation method. In our proposition, it is used to propagate the similarity obtained by initial alignment and terminological matching method. Anyway, this method could give fault matching since it has no knowledge on the semantic of nodes and edges in graphs to be matched. This is the reason why the score combination (scores produced by terminological method and structure based method) process is still needed.

As mentioned in 5.4, the fact that transitive subClassOf relations are added in the graph of categories would increase the number of edges in PCG and lead to higher computational cost. However, the contribution of initial alignment brings to elimination of some nodes in PCG. This would compensate the higher computational cost caused by transitive subClassOf relations.

Implementation

As indicated in section 2, the matching system is a key component of information retrieval system. The information retrieval system takes annotating tags in Drupal as input and return pages in SWM that may contain useful information corresponding to the input. I've developed the first intuitive version of such a system which is currently capable to:

─ Import taxonomy of SMW to Drupal and establish initial alignment (initial mapping), ─ By using the initial mapping, retrieve pages annotated by the correspondent categories of the input tags. Fig. 16 represents architecture of the information retrieval system. It is composed of three components: ─ Taxonomy importer, ─ Matching system: performs matching process and stores the matching result in the mapping repository, ─ Semantic query generator: looks for the correspondent categories of the input annotating tags from the repository and generates semantic query.

Because of the time constraint, the matching system is not yet implemented.

Conclusion

In this work, I have established the state of the art in taxonomy matching and have given the classification of taxonomy matching relying on the work [START_REF] Euzenat | State of the art on ontology alignment[END_REF]. A taxonomy matching system that is based on the name similarity and structure based similarity is proposed afterward. In this proposal, the adaptation of Similarity Flooding method concerns the transitivity of subClassOf relation in SMW taxonomy and the elimination of some nodes in PCG due to the contribution of initial alignment. By the end of internship, the first version of an intuitive information retrieval system is developed.

The proposed matching system requires some predefined thresholds which are chosen by plotting the value and testing to get an ideal value. Theoretically, this matching system should work. However, the evaluation of the proposition cannot be done; unless the prototype of the matching system is implemented.

There are few points worth considering for improving the proposition. Using external resource such as dictionary and thesaurus is one of my perspectives in future work. Another perspective is to apply the variation of fixpoint formula in Similarity Flooding method to refine the performance of this method. We also intend to improve the matching system by taking into account annotation properties in the ontology in order to establish more complex mapping tag -category & property.
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Table 1 shows what a similarity matrix looks like. Cells of the matrix are similarity score of elements in the corresponding row and column.

  

	e' 1	e' 2	e' 3
	e 1 0.2	0.7	0.1
	e 2 0.6	0.8	0.4

Table 1 .

 1 Example of similarity matrix.
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