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Collaborative Multi-Agent System for Automatic Linear Text Segmentation

This paper proposes a collaborative multi-agent system for splitting documents into semantically coherent text chunks, labeling them according to a given segmentation structure. Diverse linear text segmentation methods can be incorporated into the system by introducing new agents, which allows to combine complementary approaches: domainspecific, supervised and unsupervised. The system must be supplied with a representative set of previously segmented documents from the target corpus, which are used both to train the supervised agents and to evaluate every agent within the system, similar to ensemble methods. The accuracy of each agent determines its weight in a subsequent aggregation phase, when a common solution is agreed on. The proposed approach presented promising results on segmenting documents from a juridical corpus.

Introduction

Linear Text Segmentation (LTS) is the task of breaking a document into semantically coherent or meaningful consistent parts, identifying distinct contiguous segments by mapping neighbor phrases or paragraphs that share common characteristics. The automation of this task constitutes a current and active research problem within the Natural Language Processing (NLP) community. LTS can also help to address other problems, such as text mining, synthesis, labeling, and categorization, as well as document search and visualization. In particular, LTS can be useful to non-expert readers for interpreting complex documents. This is the case of the legal language employed in court decisions and law related documents in general, for which the technicality and harshness of the employed vocabulary can be compensated by highlighting their implicit organization.

This paper focuses on the LTS scenarios into which a common segmentation structure is shared by all the documents within the considered corpus. That structure is supposed to be linear, constant, and well-defined, where non-overlapping labeled segments follow each other in a known order. Our contribution for approaching that particular kind of LTS problem is the proposition of a collaborative multi-agent architecture where a set of agents attempt to jointly solve the given segmentation task by combined their solutions. Each considered segmentation algorithm, implemented as an agent within the system, must be able to break any new unseen document according to the given segmentation structure, associating a confidence to its own proposition. The final solution is obtained through a weighted majority rule, similar to ensemble methods. The weight of each agent corresponds to its quality on the segmentation task, measured by its accuracy on chunking a set of documents to which the correct segmentation is known. The intuition is that the system can increase the chances of proposing the right segmentation by joining the strengths of different methods. The architecture, illustrated in the Figure 1, allows different approaches to collaborate: supervised and unsupervised methods, as well as heuristics conceived by domain experts. 4. aggregation Fig. 1. Sketch of the proposed collaborative multi-agent system. A given set of segmented documents is used either for training the supervised models and for evaluating the performance of every method within the system. Those evaluations work like weights in a subsequent aggregation phase. When new unseen documents are presented to the system, each method declares its preferences on how to segment the given text. In the aggregation phase, such preferences are combined based on the weight of each method.

The system must be provided with a set of previously segmented documents used for both training and evaluating the different agents. In the case of unsupervised and domain-specific methods, there is no previous learning involved, then the entire document set can be used to evaluate the quality of the agent in terms of accuracy in the segmentation task. Supervised agents, however, need to use the given document set to learn their models, in a preliminary training phase. For this reason, their quality must be averaged through cross-validation. That estimated quality can be interpreted as how reliable or trustworthy each method is, providing its weight in a subsequent decision phase, when a common solution is obtained from the aggregation of the different propositions made by the agents. The quality of the final multi-agent solution depends, besides the complexity of the underlying segmentation criteria, on how representative the training corpus is for the target domain, and on how complementary and robust are the agents participating into the system.

The proposed approach has been tested on a corpus extracted from an online document base1 specialized in the French common law (jurisprudence). A hundred justice decisions from second instance courts have been manually segmented by an expert, who also defined a set of heuristic segmentation rules implemented by one of the agents in the system. In that experimental scenario, the multiagent solution presented improved performances when compared to any of the implemented methods taken separately.

Background and Related Work

Three distinct approaches for LTS can be identified in the literature: domainspecific, supervised, and unsupervised. Domain-specific methods are based on expert knowledge and can be expressed through a set of lexical rules aiming to find the segment boundaries. Those rules can describe a known normative model related to the domain, or can implement a heuristic strategy for identifying segment changing into the text, generally based on cue-phrases.

Unsupervised methods try to identify segments in the document by analyzing its inherent characteristics, such as the vocabulary variation throughout the text. Quantifying the lexical cohesion between different parts of a document helps to partitioning the text into a set of thematically coherent segments. That strategy is particularly adapted to identify topic shift within an open segmentation structure. That is the case of TextTiling [START_REF] Hearst | TextTiling: segmenting text into multi-paragraph subtopic passages[END_REF], an early method which traverses the document using two fixed length and adjacent blocks of text to draw a function of the similarity given the boundary. Boundaries with lowest scores are selected as potential candidates for chunking the document. The notion of lexical similarity can be replaced by semantic relatedness, like in OntoSeg [START_REF] Bayomi | OntoSeg: A novel approach to text segmentation using ontological similarity[END_REF], which uses ontology-based similarity to assess the correlation between text blocks.

Recent LTS solutions have been moving away from bag-of-word representations toward word embeddings and latent representations [START_REF] Misra | Text segmentation via topic modeling: An analytical study[END_REF][START_REF] Li | Context-aware latent dirichlet allocation for topic segmentation[END_REF], which encode each word into a dense vector that captures its relative meaning within the context. That is the case of GraphSeg [START_REF] Glavaš | Unsupervised text segmentation using semantic relatedness graphs[END_REF], which exploits word embeddings to construct a semantic relatedness graph representation of the document in terms of connected sentences, then deriving semantically coherent segments from the graph. Another example is TopicTiling [START_REF] Riedl | Text segmentation with topic models[END_REF], which uses Latent Dirichlet Allocation (LDA) for representing segments as dense vectors of dominant topics of terms they contain.

Supervised methods can be used when a representative set of segmented documents is available and provides a description by extension of the segmentation criteria. The combination of text processing methods with supervised learning algorithms is then used to build a classifier system able to identify starting or ending paragraphs of the different segments, or to associate the content of paragraphs to the typical content of the segments [START_REF] Beeferman | Statistical models for text segmentation[END_REF]. The aim is to extract features that are correlated with the presence of boundaries in labeled training text.

PatSeg [START_REF] Habibi | Patseg: A sequential patent segmentation approach[END_REF] implements a two-step approach, where a document is first segmented into text blocks in an unsupervised fashion followed by a supervised classification step for each identified segment, using semantic word embeddings in both phases, and applying a sequential learning algorithm for the second step. In [START_REF] Koshorek | Text segmentation as a supervised learning task[END_REF], a hierarchical neural model is proposed, in which a lower-level network creates sentence representations from word tokens, and then a higher-level network classifies the belonging of each sentence to a specific segment.

Many algorithms have been proposed in the literature, and an exhaustive overview is not in the scope of this paper. The state of the art concerning automatic LTS can be found in recent surveys [START_REF] Pak | Text Segmentation Techniques: A Critical Review[END_REF], comparative studies [START_REF] Gupta | A comparative study of the performance of unsupervised text segmentation techniques on dialogue transcripts[END_REF], and related work [START_REF] Ghinassi | Unsupervised text segmentation via deep sentence encoders: a first step towards a common framework for text-based segmentation, summarization and indexing of media content[END_REF][START_REF] Memon | An ensemble clustering approach for topic discovery using implicit text segmentation[END_REF][START_REF] Habibi | Patseg: A sequential patent segmentation approach[END_REF][START_REF] Li | Context-aware latent dirichlet allocation for topic segmentation[END_REF][START_REF] Zeinab Shahbazi | Analysis of domain-independent unsupervised text segmentation using lda topic modeling over social media contents[END_REF][START_REF] Pethe | Chapter Captor: text segmentation in novels[END_REF][START_REF] Arnold | SECTOR: A neural model for coherent topic segmentation and classification[END_REF][START_REF] Koshorek | Text segmentation as a supervised learning task[END_REF][START_REF] Dadachev | On automatic text segmentation[END_REF]. The idea of using ensemble methodologies for text segmentation also appears in [START_REF] Memon | An ensemble clustering approach for topic discovery using implicit text segmentation[END_REF], but in a clustering approach. The particular application of supervised learning techniques for legal text segmentation also appears in [START_REF] Wagh | A novel approach of augmenting training data for legal text segmentation by leveraging domain knowledge[END_REF]. An overview of ensemble classifiers is presented in [START_REF] Rokach | Ensemble-based classifiers[END_REF]. A survey about collaborative multi-agent systems can be read in [START_REF] Panait | Cooperative multi-agent learning: The state of the art[END_REF].

Proposed Multi-Agent Solution

This paper proposes a solution that consists in the collaborative use of a chosen collection of algorithms within a multi-agent system, allowing the constitution of hybrid strategies. The choice of an adequate function for merging or combining the different results expressed by the different agents within the system constitutes a preference aggregation problem [START_REF] Conitzer | Making decisions based on the preferences of multiple agents[END_REF]. In the case of text segmentation, a weighted majority rule can be applied, taking two factors in account: the quality of each method, and the confidence that a method declares on its own suggestions.

Having several segmentation methods at hand and a representative set of examples showing how documents in the corpus should be segmented, it is possible to estimate the accuracy of each method. The quality of a given agent corresponds to its previously measured segmentation accuracy against the validation dataset. Indeed, when proposing a solution, an agent declares its own confidence on the suggested answer. Both values, quality and confidence, are used to calculate the weight of each response during a later aggregation phase. In this way, the final solution can be seen as the result of an agreement to maximize the chance of proposing the right segmentation. In certain situations, an agent who is not necessarily very efficient in general can nevertheless provide a good answer with a high level of confidence for a specific case.

Formally, let Let A = {a 1 , a 2 , • • • , a m } be a set of segmenter agents, ready to chunk any document like the ones that compose D. When a new unseen document d ′ containing l(d ′ ) paragraphs is presented, an agent a is expected to return a proposition of chunking in the form of k mass functions v a,j (d ′ , x) representing its own confidence in the fact that paragraph x is a good candidate for boundary j in document d ′ . A mass function is, by definition, constraint to

D = {d 1 , d 2 , • • • , d i , • • • , d n }
l(d ′ ) x=1 [v a,j (d ′ , x)] = 1.
Each segment contains at least one paragraph and each paragraph is contained into exactly one segment. There is no intersections, overlaps or gaps between the segments.

Let w a,j (D) be the quality of the agent a in segmenting the dataset D concerning the boundary j. The quality of unsupervised methods corresponds to their accuracy in finding the correct position of each boundary j on the dataset D, so as, ∀a ∈ A , ∀j ∈ {1, • • • , k}:

w a,j (D) = max 0 , 1 n n i=1 v a,j d i , b(d i , j) - 1 l(d i ) . (1) 
The Equation 1is designed to return normalized values, i.e. w a,j (D) ∈ [0, 1]. An hypothetical oracle method, which always returns v a,j (d i , x) = 1 when x = b(d i , j), i.e. the correct answer for the boundary with 100% of confidence, and 0 otherwise, presents a quality w a,j (D) = 1. An uninformative method, which always returns 1/l(d i ) of confidence for all possible positions (a uniform guess), presents a quality w a,j (D) = 0. Any method that, in average, performs worst than uniform is also evaluated to zero. Any method that can do better than uniform presents a quality between 0 and 1. The quality of supervised methods corresponds to their average accuracy in a z-fold cross-validation.

The overall quality w a of a given agent a, which represents its general accuracy in segmenting dataset D concerning any boundary, is done by the average quality over the different boundaries:

w a (D) = 1 k k j=1 w a,j (D). ( 2 
)
When segmenting an unseen document d ′ , all the agents are asked to present their solutions in the form of k mass functions v a,j . Then, an aggregation method based on a weighted majority rule makes emerge a single answer for each boundary j. The final segmentation is chosen by selecting the combination of boundaries that maximizes the weighted average score and respects the constraint of order between the segments:

arg max {x1,••• ,xj ,•••x k }    a∈A k j=1 w a,j (D) τ v a,j (d ′ , x j )    (3) subject to x 1 < • • • < x j < • • • < x k ,
and where τ ∈ [0, ∞) is a parameter allowing to favor the answers given by the most trustworthy methods. When τ → 0, the quality of the method is ignored, and all the methods are taken with uniform weight. When τ → ∞, the method with higher quality tends to decide alone.

Corpus and Implemented Agents

In Each of these documents has been manually partitioned into 4 segments: (1) header, where information such as the name of the court, the judge, the city, the date and the name of the parties in dispute is declared; (2) facts, where the judge recalls the context of the disagreement, as well as the claims of appellants and respondents, and the verdict proffered by the lower court; (3) reasons, where the judge sets out the arguments that justify the new decision; (4) and conclusion, where the judge declares and substantiates a new sentence, accepting or rejecting the plea, and stating a final verdict.

Five different agents have been implemented within the proposed multiagent approach, in order to make a test of concept. The first agent is the classic unsupervised TextTiling algorithm [START_REF] Hearst | TextTiling: segmenting text into multi-paragraph subtopic passages[END_REF], adapted to retain only the k stronger candidates. The second agent, RegEx, uses a domain-specific strategy by implementing a set of rules written as regular expressions by an expert. The rules are designed to find occurrences of certain expressions that frequently appear in the first paragraph of each searched segment. When the expression is found in the text, the agent returns a confidence of 1/s for the corresponding paragraphs, where s is the number of matches, and returns 0 for all the other paragraphs. If the expression does not match any paragraph, the agent returns a uniformly distributed confidence among all paragraphs (uninformative). The third agent, RelativePosition, simply predicts the boundaries based on the average relative size of each segment. The agent uses the training set D to calculate the mean and variance of the relative position of each one of the k boundaries. When segmenting a new document d ′ , the method returns confidence values corresponding to the normal probability density function for the relative position of each paragraph. The last two agents, ClassifierKeyStart and ClassifierParagraph, are based on a multi-layer perceptron (MLP) trained, respectively, to predict if a paragraph is the starting paragraph of a given segment, and to associate a paragraph to a segment. RegEx and TextTiling do not need to be trained, then their evaluation can be made directly against the given document set. RelativePosition, ClassifierKeyStart and ClassifierParagraph use supervised learning strategies, then their accuracy is evaluated through crossvalidation.

Empirical Results

For the experiments, the set of documents was divided into 8 folds, and the performance of each configuration evaluated trough cross-validation, using, at each iteration, 84 documents for learning and 12 for testing, then taking the average accuracy. In the case of the supervised agents, at each iteration, the given 84 documents were redivided into other 12 folds, then another cross-validation process is used to calculate their quality, with, at each iteration, 77 documents for training, and 7 for validation, defining the weight of the agent into the system by the average accuracy. In table 1 one of the agents separately, and then the accuracy of our multi-agent system, implementing a collaboration between them. We can see that our approach leads to a performance improvement, if compared to the other methods alone.

RegEx agent was able to correctly find almost 90% of the boundaries between the segments in the set of documents in question. That high performance is due to the fact that in most of the documents there is an intention of clearly distinguishing the passage between the segments by the use of conventional formulas. The documents into the corpus, representing justice decisions made by the French Court of Appeal, are not forms but free texts. However, it is common to observe the use of keyphrases to indicate the beginning of each segment. In addition, the accuracy rate can be expected to drop as soon as the rules are applied to other documents, outside of the studied D. Finally, the weakness of the method comes from the 10% of incorrect segmentation. These are the cases for which no rule can be applied, and therefore no suggestion can be returned, or cases where several matches are found. The challenge posed by the presented scenario was, in fact, to be more precise than the heuristics provided by a human expert. Unsupervised methods, based on lexical cohesion were not very effective, presenting a fairly low precision. This is not surprising given that the corpus contains long documents segmented in a domain-specific manner, quite far from the principle which governs topic segmentation. This also suggests that there is a common vocabulary throughout the entire document.

Finally, the supervised learning approach represented by ClassifierKeyStart and ClassifierParagraph presented a correct performance, but significantly worse than RegEx. A classifier of the type MLP with 100 nodes in the hidden-layer was trained to identify the initial paragraphs of the different segments, or to associate paragraphs to segment labels, using a tokenized and filtered bag-of-words representation. The important result is that the multi-agent solution was able to reach an improved performance, even compared to the best isolated method, which evidences the capacity of combining the solutions.

Conclusions and Furure Works

We proposed a multi-agent architecture for LTS into which multiple algorithms can be introduced, allowing to combine the power of diverse strategies (domainspecific, supervised and unsupervised). A set of annotated documents was used for training the supervised agents, and for evaluating all the agents. The aggregation of different solutions using an adapted weighted majority rule allowed to improve the accuracy of predictions when compared to the performance of any isolated agent. However, the interaction of the agents in the system is quite limited, the solution is not negotiated, but voted, and it makes the mechanism closer to ensemble methods than multi-agent systems. In the future, more complex agents can be imagined in order to increase interaction and negotiation possibilities.

Many performing strategies proposed in the literature were not implemented in our simple experimental setup. In further analysis, other state-of-the-art algorithms must be included into the system, and the multi-agent approach deserves to be tested against bigger benchmark datasets. Further discussions should be done about aggregation alternatives, represented features, and different possible classification methods.

  be a set of annotated text documents, where n = |D| is the number of documents into the dataset. Each document d i is a sequence of paragraphs. Let the length l(d i ) be the number of paragraphs within document d i . Different documents can have different lengths. Every document within the corpus is chunked into k + 1 segments. The boundary position b(d i , j), indicated by the index of its first paragraph, is known for each boundary j ∈ {1, • • • , k} of each document d i ∈ D. The objective is to build a model for automatically identifying the boundaries between those segments in unseen documents.

  France, aiming to enhance transparency and clarity of justice, a significant number of court decisions is released online, digitized and anonymized, freely accessible at https://www.legifrance.gouv.fr/ search/juri. Currently, almost 580,000 documents are available under the category law-cases. A corpus containing 96 decisions, written in French, produced at different times and locations, by different judges, in diverse Courts of Appeal (the second instance), was used as experimental scenario. The considered documents presented an average size of 164 paragraphs and 3843 words, the smallest with 38 paragraphs and 1083 words, and the longest with 758 paragraphs to 17106 words. After tokenization, the considered vocabulary retained 6504 terms.

Table 1 .

 1 we can compare the accuracy of each Comparison of the different tested LTS algorithms.

	Method	Accuracy per Boundary
	TextTilling	.02	.05, .01, .00
	RegEx	.89	.80, .99, .87
	RelativeSize	.05	.03, .04, .08
	ClassifierKeyStart	.49	.54, .50, .41
	ClassifierParagraph	.60	.78, .43, .58
	MultiAgent	.92	.89, .99, .88

https://www.legifrance.gouv.fr/search/juri