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Generation of Dialogue Breakdown Repair Utterance
in Non-task Oriented Conversation

Kazuya Tsubokura, Yurie Iribe (Aichi Pref. Univ.) and Norihide Kitaoka (Toyohashi Univ. of Tech.)

@ Dialogue breakdowns still occur even in modern LLM-based dialogue systemes.
Su m ma ry B We used our Dialogue Breakdown Repair Corpus to generate repair utterances.
B Prompting alone was verbose, while fine-tuning produced responses closer to the ground truth.
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Objective Develop a repair generation system that can robustly handle various types of dialogue breakdowns

14 Dataset: Dialogue Breakdown Repair Corpus (DBRC)E! %;';E‘i%@
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system breakdown? (No, it's not good!)

B Japanese dialogue breakdown repair corpus
B 140 breakdown scenarios .
B 3,990 repair utterances from 57 crowd workers ‘ Tleﬂﬂgﬁjﬁﬂz;ﬁf J
B Covers multiple dialogue breakdown types

B Designed for open-domain dialogue systems
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from the system after you respond? (Sorry, | made a mistake. Are you okay?)
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03 Generati()n Qf Re pair Utte rances Examples of Generated Repair Utterances

User: It’s so hot today, | feel like eating ice cream.
System: Ice cream sounds great! Want to go buy some?
biEleidlsn et User: Yeah, let’s go to a convenience store.

A) Experimental Settings * All experiments were conducted in Japanese.

B Comparison method B Evaluation Methods System: Aren’t you going to the convenience store?
—  Prompting w/ GPT-40-mini — BLUE / BERTScore / S-BERT User: | am, who said I’'m not?
— Fine-tuning w/ GPT-40-mini — # of sentences
—  Ground Truth (Crowd worker) — LLM as a judge w/ GPT-40 Sorry, | misunderstood! What kind of ice cream are you planning to get?

Prompt for repair utterance generation ® REdundanCy

You are a dialogue system. Based on the ® Politeness
dialogue context, generate an appropriate ® |nformativeness
response for the next utterance.
{Dialogue History}

Oh, you’re going. That’s good.

Crowd worker

® Naturalness (Ground truth) Let’s go, then.

B) Results and Discussion M Prompting ® Fine-tuning M Crowd worker Fine-tuning produced more human-like responses,
avoiding unnecessarily verbose and overly polite outputs.
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B Fine-tuning achieved higher similarity = B Prompting: Longer-than-human responses B Prompting: Most verbose and polite
to the ground-truth responses. B Fine-tuning: Human-like response length B Fine-tuning: Closest to the crowd-worker responses

@ Fine-tuning generated more human-like responses in terms of length, politeness and verbosity.

B Current DBRC contains only short dialogue contexts and Japanese dialogues. -> Extend DBRC to include longer dialogue contexts

Limitations & and multiple languages.

Futu re Work B Current evaluation relies only on automatic metrics. -> Conduct human and interactive evaluations.
B Leverage the personality information in DBRC to generate repair utterances that take the user's personality into consideration.
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