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Methods

e Conversational question rewriting using a T5
model fine-tuned on the CANARD dataset.

e Retrieve the top-10 most relevant passages

using the BM25 ranking function.

Generate the answer using a fine-tuned

Pegasus model. Answer can be seen as a

summary of the retrieved passages,

conditioned also on conversation data.

Trained and tested using QReCC dataset.

Introduction

Conversational question answering systems must
correctly interpret interconnected interactions and
generate knowledgeable answers, which may
require the retrieval of external information. This
work presents our conversational question
answering system, leveraging neural language ®
models, and reports a detailed analysis on various
inputs for the question rewriting module. The
results obtained emphasize the importance of the
conversation context representation for the overall °
system performance.
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Fig. Proposed conversational question answering system.

Results

Tab. Evaluation of multiple variations of the input used in the question rewriting module. Fig. Analysis of the influence of question rewriting on

answer generation performance.
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e \When the question rewriting succeeded, both the
retrieval and answer generation improved — higher

scores were about 2x more frequent.
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