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End-to-end Dialogue Control for Utterances without Slot Values in

Task-oriented with Spoken Dialogue System

HUANG Qiangjia, HUANG Peijie, LI Yanghui, DU Zefeng
(College of Mathematic and Informatics, South China Agricultural University, Guangzhou 510642,
China)
Abstract: Recent years, end-to-end frameworks have become research hot pot in NLP, because it can avoid errors
propagation and accumulation of traditional pipeline spoken dialogue system (SDS). In end-to-end task-oriented
SDS, the dialogue control for utterances with slot values can incorporate named entity recognition and database
query results into end-to-end training. However, due to the lack of domain semantic information and the diversity
of expression, end-to-end dialogue control of utterances without slot values remains a challenge. To address this
issue, this paper proposes an end-to-end hybrid coding network that combines explicit utterance features and
implicit context information to handle utterances without slot information. Specifically, beyond the basis features
expression of the "explicit" dialogue sequence getting from the convolutional neural network (CNN), the feature
expression of the system action classification model is further enriched by constructing and capturing the
"implicit" background system context information in the dialogue sequence. The evaluation in task-oriented
restricted domain Chinese SDS shows that, compared to traditional pipeline SDS and end-to-end SDS, the

proposed method has got significant improvement in per-response accuracy and per-dialog accuracy.
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® 5 AEJEIEFHE R B RCR

Hk WIEIEHE (%)
EIC-HCN(PE) 83.37
EIC-HCN(w2v) 84.75
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EIC-HCN(BOC) 91.25
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Jitk BREEIERHE (%) SHERIER#E (%)
DA+DM 55.99 31.45
MemN2N 59.93 30.19
CNN(BOC(N_utterances)) 66.61 40.25
EIC-HCN(BOC) 83.39 64.78
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1 33.33% . 34.59%F1 24.53% . 1X 3K BH A ST SRR B () M A B R AE S TR
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Tk BEAERE (%) | HEREHE (%)
DA+DM 71.58 50.94
MemN2N 68.32 35.85
CNN(BOC(N_utterances)) 73.80 47.17
EIC-HCN(BOC) 87.67 69.81




M 7 ATLLER], MBIV AR, BraEARIESZE (N TN RSB E IR
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DA+DM 18.32 11.99 7.71 28.42
MemN2N 22.77 16.61 411 31.68
CNN(BOC(N_utterances)) 19.01 16.78 3.08 26.20
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