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Request Expansion by a Contextual Use of Classes of Nouns

We developed a system, SVETLAN', dedicated to the acquisition of classes of semantically close nouns from texts. We aim at constructing a structured lexicon for the general language, that is not for representing a specialized domain. Thus, texts are open-domain newspaper articles. The acquisition is based on a distributional method that groups the nouns that are related to a same verb with a same functional role. However, in order to deal with polysemy, classes are learned in context: they are built from text segments related to a same semantic domain. For that, we use results of ROSA, a system that clusters automatically segmented text thematic units in order to build semantic domain defined by sets of weighted words. We will show how these classes can be used to expand requests, in comparison with an expansion realized by using WordNet.

Introduction

Information Retrieval systems often requires semantic knowledge to improve their results. However, one can ask, "what type of semantics?". According to the application, it may differ. It can be only synonymous, or semantically close words, or words belonging to a same domain, either specific or general. One conclusion is that it is necessary to be able to bring together words with close signification. Moreover this gathering has to be done in a well defined context in order to take into account multiple meanings of words. For example, in the context of nuclear plants, one confronted to the sentences: "… started to replace the fuel rods…", "… started to replace the combustible of the reactor…" and "… to replace the films and the batteries of the camera… ", should join together the words combustible and rods but should put aside the word film. We are interested in robust applications aimed to cope with every domains, opposed to domain specialized systems. Those systems often use preexistent knowledge to find synonyms or related words but it remains difficult to select the right information. For instance, the noun care has 6 registered meanings in WordNet 1.6 [START_REF] Fellbaum | WordNet: an electronic lexical database[END_REF]. If we are interested in medicine practice, we do not want to retrieve documents that use the word care with its 4th sense ("a cause to feeling concerned"), but maybe only those that use it with its first sense: "the work of caring for […] someone […]". Our conclusion after these statements is that a general ontology or classification seeking for universality is an utopia and principally because of the word polysemy. So, the terminological aspect of general language has to be modeled by multiple overlapping classifications. The question we have to ask is then: "how can these classifications be acquired". We make three hypotheses. Firstly, at least a part of the semantic knowledge is encoded in the texts. Secondly, a part of this text-encoded knowledge can be automatically extracted and lastly, this extraction will be feasible only if semantics is considered in fine-grained contexts. Work has been done during previous decades on general language but the encoding was mainly manual, as for scripts of Schank (Schank, 1982) that were defined for storing semantico-pragmatic representations of everyday situations. It has been proved very difficult to extend the scripts beyond the first few ones. Another example of manually encoded semantic knowledge is CYC (Lenat, 1986) that is supposed to be a universal semantic knowledge base. In reality, CYC has to be manually tuned in each application it is used in. On the contrary, various methods have been used with success to acquire semantic knowledge on specialized domains: cooccurrences statistics [START_REF] Zernik | TRAIN2: Tagging Word Senses in Corpus[END_REF], distributional approaches following Harris ideas [START_REF] Harris | Mathematical Structures of Language[END_REF], classification techniques [START_REF] Grau | Semantic feature extraction from technical texts with limited human intervention[END_REF], linguistic indices [START_REF] Roark | Noun-phrase co-occurrence statistics for semi-automatic semantic lexicon construction[END_REF], etc. Our interrogation was on the possibility of adapting these successful techniques to general language. Our proposition is to determinate automatically thematic domains and to apply a classical distributional method on texts belonging to a same domain. This approach allows our system to form classes of semantically close words. The idea behind the distributional method is that the usage of a verb is directed by its sub-categorization frame. This frame specifies for example that the subject of the verb should be an instance of a particular concept. The set of real objects referred to by the words that are subjects of the verb in a particular domain represent this concept by extension. Thus, a description of this extension is the set of words used to refer to these objects. These sets of words are the semantic classes made by our system, SVETLAN'. We will show how these classes can be used to expand requests, in comparison with an expansion realized by using WordNet.

Overview of the system

Input data of SVETLAN' (see Fig. 1) are semantic domains with the thematic units (TUs) that have given birth to them. Domains are sets of weighted words, relevant to represent a same specific topic. These domains are automatically learned by ROSA that aggregates similar thematic units, made of sets of words. TUs are built by a topic segmentation process relying on lexical cohesion. It processes texts such as newspaper articles. The first step of SVETLAN' consists of a syntactic parsing of the corpus in order to produce the structured thematic units (STUs) corresponding to each TU. STUs are constituted by a set of triples -a verb, the head noun of a phrase and its syntactic role -extracted from the parser results. The STUs related to a same semantic domain are aggregated altogether to learn a structured domain. Aggregation leads to group nouns playing the same syntactic role with a verb in order to form classes. As these aggregations are made within STUs belonging to a same domain, classes are context sensitive, which ensures a better homogeneity. A filtering step, based on the weights of the words in their domain allows the system to eliminate nouns from classes when they are not very relevant in this context. We only give here a brief overview of the system that is made of two modules, SEGCOHLEX and SEGAPSITH. It is described more precisely in [START_REF] Ferret | A Thematic Segmentation Procedure for Extracting Semantic Domains from Texts[END_REF]. ROSA incrementally builds topic representations, made of weighted words, from discourse segments delimited by SEGCOHLEX [START_REF] Ferret | How to thematically segment texts by using lexical cohesion[END_REF]. It works without any a priori classification or hand-coded pieces of knowledge. Processed texts are typically newspaper articles coming from the Los Angeles Times. They are pre-processed to only keep their lemmatized content words (adjectives, single or compound nouns and verbs). The topic segmentation implemented by SEGCOHLEX is based on a large collocation network, built from 24 months of the Los Angeles Times newspaper, where a link between two words aims at capturing semantic and pragmatic relations between them. The strength of such a link is evaluated by the mutual information between its two words. The segmentation process relies on these links for computing a cohesion value for each position of a text. It assumes that a discourse segment is a part of text whose words refer to the same topic, that is, words are strongly linked to each other in the collocation network and yield a high cohesion value. On the contrary, low cohesion values indicate topic shifts. After delimiting segments by an automatic analysis of the cohesion graph, only highly cohesive segments, named thematic units (TUs), are kept to learn topic representations. This segmentation method entails a text to be decomposed in small thematic units, whose size is equivalent to a paragraph. As discourse segments, even related to the same topic, often develop different points of view of this topic, we enrich the particular description given by a text. We add to the TUs those words of the collocation network that are particularly linked to the words found in the corresponding segment. Learning a complete description of a topic consists of merging all successive points of view, i.e. similar TUs, into a single memorized thematic unit, called a semantic domain. Each aggregation of a new TU increases the system's knowledge about one topic by reinforcing recurrent words and adding new ones. Weights on words represent the importance of each word relative to the topic and are computed from the number of occurrences of these words in the TUs (see Figure 2 for an example of domain). This method, implemented in SEGAPSITH, leads to learn specific topic representations as opposed to [START_REF] Lin | Robust Automated Topic Identification[END_REF] for example whose method builds general topic descriptions as for economy, sport, etc.

Semantic Domain Structuring

Semantic domains are similar to classes formed by [START_REF] Zernik | TRAIN2: Tagging Word Senses in Corpus[END_REF]. SVETLAN' purpose is then to delimit small classes inside these domains, and to associate them to the verbs they define, as it is made in distributional approaches [START_REF] Faure | Learning subcategorization frames and restrictions of selection[END_REF]) [START_REF] Pereira | Distributional clustering of english words[END_REF]. A class is defined by those nouns which play a same role relative to a same verb and that are supposed to be connected by a strong semantic link. Thus, even if they do not denote a same object, the objects denoted by them play a similar role in the tight context defined by the semantic domain.

Formation of The Structured Thematic Units

A syntactic parser processes texts in order to find the verbs and their arguments. For English, we used the link grammar [START_REF] Grinberg | A robust parsing algorithm for link grammars[END_REF]. The system extracts all the triples found by the analyzer, constituted by a verb, a syntactic relation and the head noun of the noun phrase.

Relations are subject, direct and indirect objects, the preposition that introduces a prepositional phrase. The link grammar only gives one interpretation of the sentence.

After parsing the texts, SVETLAN' groups the triples relatively to the delimited thematic units. So, we define a structured thematic unit as a set of <Verb syntactic relation Noun> structures, i.e. a syntactic relation instantiated with a verb and a noun. We will refer to these structures as instantiated syntactic relations.

Aggregation

Structured thematic units related to a same domain are aggregated altogether to form the structured domains. Aggregating a structured thematic unit within a structured domain consists of: aggregating the instantiated syntactic relations that contain the same relation and the same verb, i. e. associating a set of words to an argument of a verb; adding new instantiated syntactic relations, i.e. adding new verbs with their arguments made of a syntactic relation and the lemmatized form of a noun. Nouns are not weighted inside a class; they only keep the weight they had in their semantic domain. Thus, the criterion to define a class is that words appear with a same verb, in similar contexts. The similarity of contexts is a lexical similarity computed on the whole domain.

Results

Classes are built according to two levels of contextual use of the words: a global similarity of the thematic contexts and a local relevance inside a domain we added to discard irrelevant words. In order to illustrate the effect of topic similarity when building classes, we show in figure 3 a class regrouping all the direct objects found for the verb to replace in the whole corpus. We can see that there is no semantic proximity between those nouns. When the class is formed inside a nuclear domain for the same verb, the class is then homogeneous. So, even general verbs, as to replace (it is possible to replace a lot of things), are relevant criteria to group nouns when their appear in similar thematic units. However, classes of nouns contain a lot of words that disturb their homogeneity. These words often belong to parts of the different TUs at the origin of the semantic domain that are not very related to the described topic.

They correspond to meanings of words scarcely used in the current context. As these words are weekly weighted in the corresponding domains, the data can be filtered: each noun that possesses a weight lower than a threshold is removed from the class. By this selection, we reinforce learning classes of words according to their contextual use. Figure 4 shows two aggregated links obtained without filtering in its upper part and the filtered counterparts in its lower part. The link for the verb 'to establish' has been completely removed while the link of the verb 'to answer' with the preposition 'to' has been reduced by the removing of 'list'.

Figure 5 shows some examples of classes obtained by SVETLAN'. Even when verbs are polysemous, which is the case for several verbs in the examples, the domain membership constraint leads the system to build relevant classes. We also can see that all the syntactic relations are relevant criteria to gather semantically linked words. This kind of knowledge is a first step towards schema representation of pragmatic knowledge. Such an example is given in Figure 6.

Experiments

Corpus Characteristics

We conducted an experiment with a corpus of English newspaper articles composed of 3 months of the "Los Angeles Times" newspaper. We used the following experimental settings: segmentation of the corpus and creation of the thematic memory (i.e. the set of semantic domains); syntactic analysis and syntactic links extraction; structured memory creation (i.e. the set of structured domains); and lastly, an evaluation of the results. We first counted the number of correct classes. A correct class is one that contains words sharing a direct semantic link. For the wrong classes, we counted the number of errors due to parse errors.

For our experiment, we only keep the TUs that lead to build stable domains, i.e. domains grouping at least 10 TUs.

The corpus we worked on is unanalyzed and SGML encoded. Its language level is high with a journalistic style and it tackles various topics. The size of corpus is 7.3 million words.

Results

The thematic memory created contains 138 stable domains. Figure 9 shows some examples of the classes contained in a structured domain whose topic is medicine.

Verb Rel on Class

To take Under Home, residence In such a case, it would be difficult to obtain a correct expansion by using only WordNet. However, one can imagine using SVETLAN' knowledge to select a meaning in WordNet.

Related Works

There is a lot of works dedicated to the formation of classes of words. These classes have very various statuses. They can contain words belonging to the same semantic field or near synonymous. Automatic systems apply different criteria to group words, but all make use of a context notion or a proximity measure. IMToolset, by Uri Zernik [START_REF] Zernik | TRAIN2: Tagging Word Senses in Corpus[END_REF], cluster local contexts of a studied word that is defined by the 10 words surrounding it in the texts. The proximity between words is evaluated by using the mutual information measure, as we do when segmenting the text. The result is groups of words that are similar to our domains but more focused on the sense of a word alone. Faure and Nedellec [START_REF] Faure | Learning subcategorization frames and restrictions of selection[END_REF] with Asium, or Lin [START_REF] Lin | Automatic retrieval and clustering of similar words[END_REF] apply distributional approaches to learn classes. Asium was designed to build ontology of specialized domains, so there is not a context restriction. Its basic classes are clustered to create ontology by the mean of a cooperative learning algorithm. This manual cooperative part is a step analogous to our filtering step. Lin does not apply a contextual selection of the words before regrouping them; he defined a similarity measure between words of a same class to order them according to their similarity degree, This kind of method also lead to build large classes, analogous to our semantic domains.

Conclusion and Future Work

The system SVETLAN' we propose, in conjunction with SEGAPSITH and a syntactic parser, extracts classes of words from raw texts and structures domains made of bags of words. These classes are created by the gathering of nouns appearing with the same syntactic role after the same verb inside a context. This context is made by the aggregation of text segments referring to similar subjects. Our experiments on different corpus give good enough results, but they also confirm that a great volume of data is necessary in order to extract a large quantity of lexical knowledge by the analysis of syntactic distributions.

In order to show the interest of building small classes inside larger domains, we made some request expansions that comfort the real proximity between words in the classes and their interest for specializing a request. We are now studying how this expansion can be used in a question-answering system [START_REF] Ferret | Terminological variants for document selection and Question/Answer matching[END_REF]) developed in the group that participated to the TREC evaluations.

This task is open domain and when the answer is not expressed with the same words as the question, it requires finding exact synonyms in text sentences. A first step consists of augmenting our base, then trying to use WordNet in conjunction with SVETLAN': a synonym in WordNet would be selected if it occurs in a class of SVETLAN' or in classes very close each others. As SVETLAN' classes do not only contain synonyms, the classes are not sufficient in this case, while with WordNet it would be a very sure criterion to obtain synonyms in a specified context We have to verify that it will be applicable on a large scale. Another possible evaluation is to use expansion in a more classical information retrieval task.
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 6 Figure 6. Example of verbs with classes defining their arguments in a domain about justice However results of SVETLAN' are not only the constitution of classes, but also the structuring of semantic domain. Instead of bag of words, they are now described by verbs associated to classes defining their arguments.This kind of knowledge is a first step towards schema representation of pragmatic knowledge. Such an example is given in Figure6.

  Meanwhile, in the same structured domain, there were other classes containing the word care, some of them carrying the same meaning as care considered as a treatment. So classes do not partition the words of the domains, and they also do not partition the meanings of the words. In a further step, we will study if it is possible and suitable to merge the closest classes.We were interested in knowing which effects are produced by using different sorts of knowledge in request expansion. Thus, we did some preliminary experiments. Given a request made of words, we tried two kinds of expansion. One kind exploited the acquired classes and the other WordNet. WordNet is a lexical database made by lexicographers. It aims at representing the sense of the bigger part of the lexicon. It is composed of Synsets. A Synset is a set of words that are synonymous. These Synsets are linked by IS-A relations. First, we selected the closest domain from the request words. Different expansions where computed by adding the words that were belonging to the class of a word of the initial request, and this for each word of the request belonging to a class in the selected domain. By this way, expansion is done relatively to the domain of reference. Another expansion might be done from a same word, as soon as the other words of the request differ and refer to another context. The requests were sent on Google, that only considers the first 10 words.We can see that expansions along the WordNet synonyms of some words do not lead to a successful research, as for deliberation and obstruction. Another point concerns the number of documents that are returned. By WordNet expansions, there are much less relevant documents than by SVETLAN' expansions. An explication of this result comes from the fact that SVETLAN's added words are much more related to the request than those added via WordNet. It is due to the contextual construction of the classes and also to the fact that the context is explicitly represented by domains and so can be used to guide the choice of words, contrarily to a general database as WordNet. WordNet coverage is large but this quality is, in a sense, its default. Indeed, the generality of its contents makes it difficult to use in real sized applications that are often centered on a domain. It rarely can be used without a lot of manual adaptation. We are now showing another example, in the sport domain. SVETLAN' added words that all belong to the baseball domain.

	4 senses of obstruction				
	Sense 1 :obstruction, impediment, impedimenta				
	=> structure, construction				
	Sense 2: obstacle, obstruction				
	=> hindrance, deterrent, impediment, handicap				
	Sense 3: obstruction				
	=> hindrance, interference, interfering				
	Sense 4: obstruction	Number	Correct Syntactic Parser Errors Other
	=> maneuver, manoeuvre, play	149	58 %	7 %	35 %
	Initial request : prosecutor obstruction deliberation jury	Figure 10. Results on English with a 0.1 threshold
	WordNet expansion 2: prosecutor obstruction				
	deliberation jury, impediment, impedimenta, structure, construction, obstacle, hindrance, deterrent, handicap,		7 Request Expansion	
	interference, interfering				
	=> No answer				
	WordNet expansion 2bis: prosecutor obstruction				
	deliberation jury, impediment, impedimenta, obstacle	Initial request: starter hitter batter : 14900 answers
	=> No answer	Svetlan'A expansion: starter hitter batter run hit game
		inning pitch season home		
	5 senses of deliberation	=> 7660 answers		
	Sense 1: deliberation				
	=> discussion, give-and-take, word	In WordNet, starter and batter are very polysemous words.
	Sense 2: deliberation, weighing, advisement				
	=> consideration	5 senses of starter		
	Sense 3: calculation, deliberation	Sense 1: starter			
	=> planning, preparation, provision	=> electric motor		
	Sense 4: slowness, deliberation, deliberateness,	Sense 2: starter			
	unhurriedness	=> contestant		
	=> pace, rate	Sense 3: starter, dispatcher		
	Sense 5: deliberation, deliberateness	=> official			
	=> thoughtfulness	Sense 4: newcomer, fledgling, fledgeling, starter,
		neophyte, freshman, entrant		
	Initial request : prosecutor obstruction deliberation jury	=> novice, beginner, tyro, tiro, initiate	
	WordNet expansion 3: prosecutor obstruction	Sense 5: crank, starter		
	deliberation jury, discussion, give-and-take, word, weighing, advisement, consideration, calculation, planning, preparation, provision, slowness, deliberateness, unhurriedness, thoughtfulness => No answer WordNet expansion 3bis: prosecutor obstruction deliberation jury, weighing, advisement, calculation, slowness, deliberateness, unhurriedness	=> hand tool Initial request : prosecutor obstruction deliberation jury SVETLAN' request expansion 1: prosecutor obstruction 1 sense of hitter deliberation jury charge case court trial attorney count Sense 1: batter, hitter, slugger, batsman => 141 answers => ballplayer, baseball player SVETLAN' request expansion 2: prosecutor obstruction deliberation jury charge case court trial attorney sentence => 222 answers 2 senses of batter Sense 1: batter, hitter, slugger, batsman
	To meet To carry To get Figure 9. Examples of classes in a structured domain on Object Care, physician Object Virus, antibody English These examples show two classes with the word care. commission deliberation jury, discussion, body, committee, WordNet expansion 4: prosecutor obstruction Initial request : prosecutor obstruction deliberation jury Subject Treatment, care => No answer => committee, commission Sense 2: jury, panel => body Sense 1: jury 2 senses of jury	=> lawyer, attorney attorney Sense 1: prosecutor, prosecuting officer, prosecuting 1 sense of prosecutor => ballplayer, baseball player When using WordNet, we retrieved the different meanings Sense 2: batter of each word -first, all its synonyms and its hypernyms the following request expansions. to a class. Thus for the same initial request, we obtained sets to the initial request. A set was considered equivalent and second, only the synonyms -and add each of these => concoction, mixture, intermixture
	=> 84 answers	Initial request : prosecutor obstruction deliberation jury
		WordNet expansion 1: prosecutor obstruction
		deliberation jury, prosecuting officer, prosecuting
		attorney, lawyer, attorney		
		=> 65 answers		

They instantiate two different kinds of semantic relation: in the class <care, treatment> we see an instrument link between the two terms of the class (a treatment is a means to take care of a patient) and in the class <care, physician>, the link is an agent one (the physician take care of his patients).