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Personalized Dialogue Response Generation Combined with Conversation State Information

GUI Haitao and WANG Zhongqing

School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006 , China

Abstract Despite the significant achievements in personalized response generation models, existing studies have not adequately
considered the impact of dialogue state information on personalized dialogue responses. To address this issue,this paper proposes
a self-supervised dialogue response generation model that incorporates dialogue state to effectively generate personalized replies
based on pre-trained generative models. Firstly, we integrate the dialogue state into a situational comedy dataset to enhance the
model’s contextual understanding. Secondly, we employ self-supervised training techniques to imbue the pre-trained language ge-
neration model with unique dialogue text features and employ various masking strategies to combine dialogue text and dialogue
state, further enhancing model performance. Lastly,leveraging historical dialogues, we utilize the self-supervised generative model
to produce personalized responses. Experimental results on a self-collected situational comedy dataset demonstrate that the dia-
logue response generation model incorporating dialogue state outperforms several strong baselines across multiple metrics, thus
validating the effectiveness of incorporating dialogue state in personalized response generation models.

Keywords Dialogue response,Conversation state, Self-supervision, Pre-training, Text generation
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Bk,

Person A:1 feel very unhappy today. My work is very annoying. (Sorry, no-

tice)
Person B:Really? What happened to make you unhappy?
Person A:Colleagues in the company are not very cooperative.and some cus-

tomers are difficult to get along with. Person B: That sounds hard. But you

did your best,didn’t you? Don’t beat yourself up too much.

1 i A2 A 1]

Fig. 1 Example of dialogue response
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Fig. 2 Diagram of the proposed response generation model
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Table 5 Results of automatic evaluation metrics on sitcom dataset

BLEU-1 BLEU-2 PPL C-Score
Attention-Seq2Seq 16.7 3.6 108. 6 0.0112
Transformer 17.1 4.4 38.3 0.0106
DialogGPT 18.7 5.3 32.3 0.0200
PLATO 18.7 5.3 32.3 0.0200
BART 17.9 4.5 34.7 0.0162
T5 19.0 5.1 38.1 0.0227
Speaker 17.3 3.8 91.8 0.0216
PerCVAE 18.6 5.1 59.1 0.0204
GMN 17.8 4.3 86.5 0.0233
GPT-3.5 17.3 4.6 37.7 0.0186
GPT-4 19.5 5.2 39.3 0.0231
OURS 20.9 5.8 31.7 0.0240
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Table 6 Results of human evaluation on sitcom dataset

Model Correct Fluent Humanlike
PLATO 3.23 4.14 3.81
BART 3.23 4.13 3.76
T5 3.27 4.32 3.83
GMN 2.89 3.92 3.58
GPT-3.5 2.81 4.21 3.75
GPT-4 3.19 4.51 3.83
OURS 3.31 4.42 3.86
Human 4.45 4. 65 4.34
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Table 7 Influence of different pre-training auxiliary tasks on

model effect

Strategy BLEU-1 BLEU-2
T5 19.0 5.1
A -
T5+X2X 20.4 5.6
A -
T54 S28 19.8 5.4
A -
T5+XS2X 20.3 2.9
A -
T54 X528 19.9 5.4
A A -
T5+XS2X 20.5 5.6
AA -
T5+XS2S 20.3 5.5
Ours 20.9 5.8
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Table 8 Influences of dialogue state information on model effect

Algorithm BLEU-1 BLEU-2
OURS 20.9 5.8
-act 20.4 5.5
-emotion 20.6 5.6
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Case: emotion
/J | ‘\\
Emotion: surprise; Act: question.

What's wrong with you? Why do you keep frowning?
Emotion: surprise; Act: question.
What's wrong with you? Why do you keep frowning?

[ History Dialogue |

L]

"~ Reference
[ eference | I[, can be fixed. |
. _generation _,

INothing. It'll be fixed. | TS |
Emotion: no emotion; Act: inform. - _Om's_ - |
KDon‘t worry, it'll be fixed. — —

B4 S
Fig.4 Case study
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