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Abstract:

Dialogue systems need to attract users’ interest by maintaining coherency of system

responses. In this paper, we propose novel methods to select coherent responses for a given dialogue
context. The methods improve coherency and dialogue continuity using related event pairs, such
as "be stressed out” and ”relieve stress.” We used two re-ranking methods to estimate coherency.
The first method estimates coherencies of event pairs by matching with event causality pairs, which

are extracted from a large-scale corpus statistically. The second method estimates coherencies of
responses to their dialogue contexts using Coherence Model. Experimental results showed that the
method based on event causality pairs can select responses in the higest coherency and dialogue

continuity.
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Method Evaluation
NCM re-ranking re-ranked (%) BLEU NIST greedy average extrema dist-1 dist-2 PMI
reference - - - - - - - 0.09 0.43 2.26
I-best - 1.24 0.27 0.46 0.56 0.46 0.07 0.12 1.45
EncDec Re-ranking (Pairs) 3,058 (8.86) 1.28 0.27 0.45 0.55 0.45 0.07 0.13 1.50
Re-ranking (RFTM) 11, 354(32.90) 1.46 0.42 0.44 0.54 0.44 0.08 0.16 1.73
Re-ranking (Coherence) 2,667 (7.73) 1.24 0.31 0.46 0.56 0.46 0.07 0.13 1.51
1-best - 1.58 2.64 0.44 0.56 0.45 0.08 0.19 1.60
HRED Re-ranking (Pairs) 2,608 (7.56) 1.56 2.62 0.44 0.56 0.45 0.08 0.19 1.63
Re-ranking (RFTM) 11,247 (32.59) 1.57 2.73 0.44 0.56 0.45 0.08 0.20 1.75
Re-ranking (Coherence) 3,245 (9.40) 1.53 2.61 0.45 0.56 0.46 0.08 0.19 1.64
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