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Controlled generation of synthetic corpora for NLP evaluation

Automatic processing is mandatory to build a global and fair view of opinions and sentiments expressed on the web through comments and reviews. Various Extracting Tools (ETs) exists to automatically analyse comments and reviews; however checking the accuracy of such tools remain quite challenging. We propose a new approach for that purpose. The main idea is to use a data-to-text approach to generate a synthetic corpus which can be used to validate ETs. The data represent what has to be said in which proportion about something (i.e: 45% of the review says the room is small). A set of reviews (the synthetic corpus) is then generated and the correctness of an ET can then be assessed in regards to its fairness regarding the original data.

Introduction

In recent years, the amount of comments left on the internet exploded. These textual data are potentially very rich sources of information to find out the opinions of users. However, given the large amount of comments that describe an item, it appears complex and tedious to browse all of them to get a general idea. That is why, Extracting Tools (ETs) [START_REF] Salvetti | Automatic opinion polarity classification of movie reviews[END_REF][START_REF] Jing | Summarization evaluation methods: Experiments and analysis[END_REF][START_REF] Popescu | Extracting product features and opinions from reviews[END_REF][START_REF] Labbé | Towards an abstractive opinion summarisation of multiple reviews in the tourism domain[END_REF][START_REF] Rahayu | Web services for analysing and summarising online opinions and reviews[END_REF] have been built to generate summaries of the opinions expressed through the comments. Checking the accuracy and soundness of such approches remain difficult. The current way is to use corpora of comments that have been previously tagged by experts. These corpora are used as input for the ETs so to check and measure the accuracy of the extracted data. Putting aside the fact that experts often disagree, the annotation task by an expert panel is expensive and concerns a relatively small set of texts.

Thus, it appears useful to develop a method to check the relevance of data produced by ETs. The approach proposed here take advantage of the generation of a synthetic corpus. In this corpus what is said at which frequency is controlled so that the ETs can be tested on large and various corpora. A data-to-text approach is used to build a controlled synthetic corpus. This approach can be useful in many other natural language processing tasks (POS, translation, entity extraction, ...).

Method

A very simple way of generating the sought corpora would be to use a hand written probabilistic context free probabilistic grammar. Unfortunately, this kind of grammar would generate very repetitive reviews unless putting the burden on the writer of the grammar. That is why we propose an approach that learn the variety of existing natural corpora, by learning two kind of model language: 1) a probabilistic context-free grammar (F. [START_REF] Mercer | Basic methods of probabilistic context free grammars[END_REF][START_REF] Chomsky | Three models for the description of language[END_REF] and 2) a bi-gram model [START_REF] Barbieri | Markov constraints for generating lyrics with style[END_REF].

Learning sentences structures and word bigram. Prior to the generation of the synthetic corpus a probabilistic context-free grammar is learn on a natural corpus so to generate various kind of sentences. During this step, the resources necessary for text generation are created. Relevant resources are the probabilistic context-free grammar [START_REF] Klein | Accurate unlexicalized parsing[END_REF] and the statistics on bi-gram (a markov chains). The statistics regarding bi-gram are collected according the couples (word, tag).

Input data file As input of the generation process a data file is given. This file contains the number of comments/reviews to generate, a list of features to describe and for each feature, a list of adjectives describing it. This is given as a set of couples (feature, probability) and for each feature a set of (adjective, probability). Which are respectively the probability of appearance of a feature and the probability of using a particular adjective in references to a feature.

Generating synthetic sentence structure The learned PCFG is then used to generate the synthetic sentence structure. Random trees like the one presented in figure 1 are obtained.

Choosing what to say at which frequency.

First the subject of a sentence is randomly chosen and then inserted in the tree. In the same way, the adjective to use in the sentence is chosen. Then, we will use Markov chains on couple (words, tags) to choose the other words of the sentence among the ones from those revealed during learning.

realization. The words are inserted under a lemmatized form in order to allow the realization of the sentence using a surface realizer [START_REF] Gatt | Simplenlg: A realisation engine for practical applications[END_REF] to obtain a proper sentence.

Quality of the generated texts An example of the process to generated a sentence is given in example 2.1. The first set of experiment shows that the quality of the generated texts mainly depends on the training corpus. This can be explained by the fact that when generated sentence structures are too complex the quality of produced sentences drops. The transformation of the tree generated using the PCFG must also be transform into a tree that fits the surface realizer abilities.

Example 2.1. 1. A morpho-syntactic tree is generated (ROOT (S (NP (DT word1)(NN word2))(VP (VBD word3)(ADJP (JJ word4)))(. .)))

2. Random selection of a feature (i.e. pool) and an adjective (i.e. wide).

3. In the morpho-syntactic tree, the subject of the sentence is set in conjunction with the adjective to be used. 5. The realization is achieved (using Sim-pleNLG [START_REF] Gatt | Simplenlg: A realisation engine for practical applications[END_REF]), to obtain a grammatically correct English sentence. The pool was large.

Conclusion

The generated texts generally expressed the good informations, but not systematically. Similarly, they are generally grammatically correct, but there are still errors due to the parser used and the method of realization with SimpleNLG which is not suitable for some cases. In addition, when using a restrictive grammar, produced sentence structure does not vary enough in comparison to what is found in real corpora of comments. However, if we use a more permissive grammar, the risk of not controlling the expressed information is increased. Eventually, regarding the global implementation method, we can consider using it, if we have a adapted learning corpus, to evaluate certain automatic analysis tools. Indeed, the products comments are composed of simple sentences expressing clear information. So, if an automatic analysis tool to assess cannot produced a relevant summary, its effectiveness in front of a real corpus of comments could be doubtful.

  Figure 1: A synthetic sentence structure generated thanks to a learned PCFG.

  (ROOT (S (NP (DT word1) (NN pool)) (VP (VBD word3) (ADJP (JJ large))) (. .))) 4. All other words in the sentence are chosen using Markov chains. (ROOT (S (NP (DT the) (NN pool)) (VP (VBD be) (ADJP (JJ large))) (. .)))