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1 Abstract

In recent years, open-domain dialogue systems have
made remarkable achievements in the large-scale pre-
trained dialogue models. Nevertheless, constructing
a topic-specific dialogue system continues to confront
the challenge of acquiring high-quality dialogue data,
which is inherently difficult to collect. We proposes
a method for improve dialogue generation quality us-
ing fiction to address this problem. Our method uses
fiction on relevant topics, converts the text data into
single-party dialogue, and finetunes the model after
mixing it with a multi-party dialogue corpus. In our
paper, we focus on the topic of gender relations, which
is difficult to get relevant datasets, for the experi-
ment. According to our experiments, on the basis
of the original model capability, our method not only
effectively improves trigger rate of the model in a spe-
cific topic, but also increases the model response in-
formation quantity.

2 Introduction

The field of dialogue systems has witnessed signifi-
cant advancements in recent years, especially with the
emergence of large-scale pre-trained models. These
models demonstrate remarkable capabilities in gener-
ating human-like responses and engaging in meaning-
ful conversations. The progress in natural language
understanding and generation has propelled the de-
velopment of dialogue systems and has opened up new
opportunity for various applications, such as customer
service, virtual assistant, and social chatbot.
Prominent examples include GPT-3, Plato series,
and Meena, which have showcased the potential in
generating coherent and contextually appropriate re-
sponses. However, despite the remarkable progress,
dialogue systems still face challenges in construct-
ing topic-oriented conversations. They often lack
a deep understanding of specific domains or topics.
Constructing meaningful dialogues that are centered
around a particular subject requires access to high-

quality, topic-specific data with rich and informative
content. Unfortunately, such data is often scarce or
unavailable, limiting the performance and practicality
of dialogue systems in specialized domains.

In this paper, we propose a fiction approach to ad-
dress this challenge by leveraging fiction to enhance
the effectiveness of topic-specific dialogue generation.
Our method transforms fiction text into single-party
dialogues. Because of the abundant details and scene
descriptions in the fiction, converted single-party dia-
logues can contain greater information quantity on a
specific topic. Based on our experimental results, our
approach effectively enhances the informativeness of
topic-oriented dialogues and increases the trigger rate
for the model to enter the desired topic.

3 Related work

In recent years, open-domain dialogue systems such as
Meena, Blenderbot, and Plato have made significant
progress in generating human-like responses. How-
ever, there are several problems to be solved in the
practical application of dialogue systems. Among
them, the lack of knowledge and informativeness of
dialogues on specific topics is the main problem.

To address this issue, past research has focused on
pre-training phase scaling model and dataset sizes to
achieve better performance. For example, PaLM with
540B parameters and GPT-3 with 173B parameters
have demonstrated powerful zero/few-shot knowledge
in quizzing capabilities. However, in practical appli-
cations, it is difficult to deploy these models. During
fine-tuning, catastrophic forgetting may occur , and
there is a lack of high-quality, information-rich corpus
on the Internet about specific topics, such as gender
relations. For this reason, our paper proposes the use
of fictional data in the fine-tuning phase to enhance
dialogue generation.
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4 Methodology

The following section describes the construction
method proposed in our paper. The proposed ap-
proach uses topic-specific web texts to enhance the
dialogue generation on a specific topic. Web texts in-
cluding news, fictions, encyclopaedias are richer and
more in-depth than dialogue corpora. The use of a
topic-specific generic corpus can provide in-depth con-
tent and rich information to the conversations on that
topic. We constructed a topic-specific single-party
conversational corpus using fiction data related to the
topic of the conversation.

Fiction Single-party dialouge

Mr. and Mrs. Dursley, of number
four, Privet Drive, were proud to say
that they were perfectly norml,
thank you very much. They were the
last people you'd expect to be
involved in anything strange or
mysterious, because they just didn't
hold with such nonsense.

Mr. Dursley was the director of a
firm called Grunnings, which made
drils. He was a big, beefy man with
hardly any neck, although he did -

have a very large mustache. Mrs.

Dursley was thin and blonde and

had nearly twice the usual amount ,Q
of neck, which came in very useful

as she spent so much of her time

craning over garden fences, spying

on the neighbors. The Dursleys had

asmall son called Dudley and in

their opinion there was no finer boy

anywhere.

Mr. and Mrs. Dursley, of number four, Privet Drive, were

proud to say that they were perfectly normal, thank you

very much. They were the last people you'd expect to be

involved in anything strange or mysterious, because they
R just didn't hold with such nonsense.

Mr. Dursley was the director of a firm called Grunnings,
which made dills. He was a big, beefy man with hardly any
neck, although he did have a very large mustache. Mrs.
Dursley was thin and blonde and had nearly twice the usual
amount of neck, which came in very useful as she spent so
much of her time craning over garden fences, spying on the
neighbors.

The Dursleys had a small son called Dudley and in their opinion
there was no finer boy anywhere.

Figure 1: Transforming a fiction into a single party
dialogue

As figurel shows, there are short stories from the
Internet with details of action description and scene
description on specific topic.

The fiction data was first divided into sentences us-
ing symbols such as newline symbol. After that, we
set the minimum length of N, and multiple words less
than N are combined into a single sentence, and the
sentence whose words number is larger than N is re-
tained. Multiple sentences are constructed together
into a dialogue session, and each sentence is regarded
as an utterance in the session.

We use the same training method as the work[1].
Specifically, We mix single-party and multi-party di-
alogue and then finetune the Prefix LM. The model
input includes four parts: token embedding, type em-
bedding, role embedding, and position embedding.
Different role embedding is used according to the
speaker in multi-party dialogue, and the same role
embedding is used in single-party dialogue.

Unlike the work [1], which uses Web Text as single-
party dialogue in a pre-trained phase to learn knowl-
edge, this paper learns the ability to describe details
in the fiction data during the fine-tuning phase to en-
hance the informativeness of the model responses.

5 Experiments

5.1 Settings

In the experiments in this paper, we do not use topics
such as film, music as there is enough publicly avail-
able data on these topics. We use gender relations as a
dialogue topic to demonstrate the validity of our pro-
posed approach. We collected 8,999 fictions from the
Internet, including romance fictions and sex-related
fictions.

For our experiments, we selected plato-k[1] as the
base model. Plato-k is a model trained using both di-
alogue corpus and web text, which reaches SOTA in
the dialogue area. In the pre-training of plato-k, our
multi-party dialogue datasets consisted of japanese di-
alogue datasets that are publicly available on social
media. Web texts data are used from Wiki and Oscar
japanese version datasets. We pre-train two plato-k
models of different sizes, plato-k (24L) and plato-k
(32L), respectively. The structure and parameters of
the models are shown in the Table 2.

Besides, we also use plato-2[2] as a baseline model
to illustrate the effectiveness of the method proposed
in this paper. Plato-2 has common parameters with
plato-k in table 2, except that the position embedding
used is different from that of plato-k. Plato-2 uses
pure conversational corpus for training and reaches
SOTA in Chinese and English. We found that the
pre-trained models are easy to produce simple, unin-
formative responses on the topic of gender relations,
or do not follow the user’s intention. Therefore, in
our experiments, the following metrics were used to
manually and automatically evaluate the responses of
different models to determine the effectiveness and
generalizability of the approach proposed in this pa-
per:

1) Length of model responses. We automatically
count the response lengths generated by the models
fine-tuned using our method as a metric to evaluate
the amount of information in the model responses.

2) Trigger rate. We collected 200 volunteers’ chat
data on the topic of gender relations, including 100
multi-round data and 100 single-round data. The
data were used as contextual input to the model to
eval if the model followed.

3) Coherence and knowledge quiz. We did not want
our finetune model to lose its original capabilities of
the model, so we still manually conducted chitchats
and knowledge quizzes with the model to evaluate the
basic capabilities. Coherence is evaluated at three
levels: 0, 1, and 2, where 0 means incoherent and 2
means fully coherent. Knowledge quizzes also is eval-
uated at three levels: 0, 1, and 2, where 0 means less
than 20% of the general knowledge quizzes are accu-
rate, 1 means 50% of the general knowledge quizzes
are accurate and 2 means more than 50% are accu-
rate.

Copyright © 2023 by

Information Processing Society of Japan All rights reserved.

The Institute of Electronics, Information and Communication Engineers and



FIT2023 (% 22 EIEHREFEREM 74— L)

Table 1: Model evaluation

model tigger rate response length coherence knowledge
plato-2(24L) 64.65% 14.99 2 0
plato-k(24L)-pure-dialogue 55.8% 13.06 2 1
plato-k(24L) 65.4% 15.40 2 1
plato-k(32L) 64.7 16.92 2 1

Table 2: Model parameters

plato-k(24L) plato-k(32L)
layer 24 32
hidden size 1024 2048
attention heads | 16 32
vocab size 32000 32000

Table 3: Pretrained Model Evaluation

Table 4: The win rate of model

win tie lose
plato-k(32L) | 18.04% | 69.58% | 12.37%
Vs plato-
k(24L)

information when a larger number of parameters are
used. This suggests that models with a larger num-

ber of participants are more likely to benefit from a

single-party dialogue.

plato-2 plato-k
average response length 13.2 14.6
Knowledge quiz accuracy | 6% 26.3%
Topic trigger rate 60.3% 59.8%

6 Conclusion

5.2 Experimental Results

As shown in Table 3, in the comparison of the pre-
trained models, the knowledge accuracy of plato-k is
20.3% higher than that of plato-2, which is trained
with only conversational corpus, and the average word
length is improved by 1.4 words because of the use of
generic corpus. The topic triggering rate, however, is
slightly lower than that of plato-2.

We used the method proposed in our paper for fine-
tuning in plato-2 and plato-k. As a comparison of
the results, we used another plato-k model for fine-
tuning pure multi-party dialogues, denoted as plato-
k-pure-dialogue. From the table 1, we know that using
pure multi-party dialogue fine-tuning brings no ben-
efit. This may be due to the fact that our corpus
of topic-special dialogue is selected from social media
using keywords with limited coverage and that these
conversations may have already appeared during pre-
training.

However, compared to fine-tuning using pure multi-
party dialogue data, fine-tuning using a mixture of
single-party dialogue and multi-party conversation
data improves the trigger rate by 9.6% and the av-
erage response length of sentence responses by 2.34.

Using different base models the use of fiction to con-
struct single-party both resulted in significant ben-
efits. Comparing the same model in the manual
evaluation of coherence and informativeness using
only single-party dialogue fine-tuning and using multi-
party dialogue mixed with single-party dialogue fine-
tuning did not result in significant differences.

As shown in Table 1 and Table 2, pre-trained mod-
els are more likely to benefit in terms of the amount of

In order to address the difficulties caused by the
lack of high-quality dialogue corpus for building
topic-specific dialogue systems, this paper proposes
a method to enhance dialogue generation using fic-
tion data. The method uses fiction data on rele-
vant topics, which are transformed into single-party
dialogues using the method proposed in this paper,
and fine-tuned in the model together with multi-party
dialogues. According to our experimental perfor-
mance, our method can effectively improve the trig-
gering rate of the model on a certain topic dialogue
and the amount of information the model replies.
Also, the proposed method can achieve better per-
formance on models pre-trained with multi-party dia-
logue mixed with single-party dialogue data compared
to models pre-trained with pure multi-party dialogue.
Our experiments were conducted in Japanese, and we
achieved similar results in English. In the future, our
work will focus on multilingual models.
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