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INTRODUCTION

4 A

« Electronic discovery (eDiscovery) refers to discovery in civil

/ METADATA BASED INDEXING

 Indexing facilitates fast and accurate information retrieval.

~

/ DISCUSSION and FUTURE WORK \

3. RankBoost:

format.

« The corpus may have documents, PDFs, e-mails, audio or video

litigations that deal with the exchange of information in electronic .

Metadata based indexing facilitates exploring a corpus based on
multiple facets.

We have accomplished this using the Apache Lucene Framework

Employs a boosting based technique similar to AdaRank. .

However it is a pairwise boosting algorithm.

We implemented a metadata-based indexing and searching
mechanism which allows efficient retrieval of relevant documents
from a large corpus.

files and the size of the data that needs to be searched is large. - an open source information retrieval software library. Some useful features for learning to rank algorithms are TF, TF- « It is a feedback-based system whose ranking model will evolve
IDF, BM25. j -
Electronic Discovery Reference Model @ @ Iteratlvely based on user feedback.
« Future work includes feature selection for learning to rank In
» [ RESULTS eDiscovery and implementation of a learning to rank algorithm.
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Comparing learning-to-rank algorithms:
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« Shows the comparison between listwise and pairwise ranking
algorithms in terms of their performance for Normalized
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based on the learning algorithm.
* Retrieves the top-k documents for a query.

3. Learning Algorithm:

* Progressively learns using the relevancy scores assigned by the
user.

«  Minimizes the difference between the ideal list based on the user
feedback and retrieved list from top-k retrieval.

4. User Feedback :
«  Captures the relevancy scores from the user
» Feedbacks are used to learn the ranking function iteratively
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weighted training data.

Linearly combines the weak rankers for making ranking
predictions.

ListNet:
Has a probabilistic method to calculate the listwise loss function.

Transforms both the scores of the documents assigned by a
ranking function and the judgments of the documents given by
humans into probability distributions.

Uses learning to rank method with a listwise loss function, a
Neural Network as model and Gradient Descent as the
algorithm.

Inferences from our experiments:

Listwise ranking algorithms have better NDCG values and hence
their performance in ranking is better than that of pairwise
ranking algorithms.

Pairwise and listwise algorithms perform better when a higher
number of previous documents are taken into consideration while
calculating NDCG values.
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