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Medical Dialogue Annotated Entity
A I have gastric flatulence, sometimes cause acid reflux, “bloati id refl
5 O and often make a sound (female, 17 years old) |l e o o - Symptoms: bloating, acid reflux
b d  EsxssneeRmEsterHGg (2, 175) B B, R
Y- D
Have you experienced abdominal pain or hiccups : . Lo
during this period? How about digestion? Q Sym‘ptoms, abdo_mlnal pain, hiccups
ERRHER AL, VIR BEAR? : R B, 11
A Sometimes my abdomen hurts but | hiccup a few Symptoms: abdominal pain,
o times, and sometimes | feel indigestible. hiccups, indigestion
BRMEERER/VREHTR, SRHREREREK. SR 1. 1R, SRR
T ETEEETEEETEEEEEEEEEEEEEEEmEm-—- ~
Il Response Generation Entity Prediction ‘I
/" Well, this situation is caused by indigestion. It is o
I'|" recommended for you to take omeprazole and Symptoms: indigestion !
| | domperidone for treatment. Drugs: Ogilvy, Domperidone 1
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1https://code.ihub.org.cn/projects/l775
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*https://github.com/Iddsdu/VRBot



Multi-sample Dropout + Linear + Sigmoid
Attention
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Context Embedding
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Token
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Entity
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query key value
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F—. ML H Seq2Seq 5 2 (BertGPT/TS) ¥4k encoder A1 decoder 15
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33 LRER
R AF T A1 R2. A A SR TN 45
Model F1 Model F1 Reec. Acc
BERT-base-chinese [9]  31.23 RNN_CNN 33.29 36.62 30.53
RoBERTa-wwm-ext 7 [11] 31.68 Last_ MaxPool 33.17 37.11 29.98
RoBERTa-large [10] 33.23 Last3_Embedding  34.43 38.22 31.32
Mac-BERT-large [12] 33.64 Last3  Attention 34.79 38.82 31.51

PCL-BERT-wwm 34.68 Last3  MulDropout 35.30 37.74 33.16
PCL-BERT-wwm-Post  35.71 Last3_ Atten_MulDrop 36.39 41.23 32.56

ANTF) 32 F X 28 T 45 SRR R, 5545 -Post AR 3 78 4R 1 £ i 5
Mac-BERT il Il Z5 77 i AT 4k 2L W)l 25 . v LAME %2 3], BERT-base-chinese I
RoBERTa-wwm-ext 2 A AL T 25 o 243 F M 45 8 RoBERTa-large JU AL
i, FIEEZI81.62. BATRIGESE PCL-BERT-wwm 1EARATHIHELE 3=+ M
4, GREETNZREF15ET11.03. FATIE 226 1 BA S 1 BA R AL o 2 45
M, WR3FR. 4 RRPFH G =) embedding il & JF 0 3 & J7 ML
multidropout 7%}, AR ILE A U1 FE R .

R3. RPH A R 45 R

Test A (Dev) Test B

Model Avg. F1 BLEU  Avg. F1 BLEU
Transformer [16] 1540 2471  6.09 - - -
GPT2 [17] 16.56 25.75  7.37 - - -
BertGPT [6] 16.80 26.57  7.03 - - -

+ Curriculum 5-fold 19.42  28.72 10.12 19.16 28.34  9.99
T5-pegasus-small [18] 16.556 23.76  9.34 - - -
T5-pegasus-base [18] 1742 2541 9.43 - - -
T5-pegasus-base-Post ® [18] 17.58 2555  9.61 - - =
CPM2-prompt [19] 18.21 26.38 10.04 1894 27.10 10.78
Logit-ensemble 19.83 2892 10.74 20.73 2954 11.92

+ Context Embedding 20.02 2874 11.30 21.03 29.52 12.54

+ Encoding Fusion 2043 2936 11.50 21.30 29.87 12.72

Final Results (Para. Tuning) 21.24 30.12 1236 21.83 30.57 13.09

ANTRD N5 A AR T 25 AN K3 Fr s, JRL4f Transformer| 161/ 14 g Fb 4% 22,
XA RE RIS K R &) T GPT2[17]HIRE /T (H/NMANVER) o ATFIAH BertGPT
[6] HEATIRFES-fold Ik, ~F313 /076 i A 2 B s th2.62. Bl M Zrp
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FEG A m N BT S0 P S SRS AT, [R] IR AR A R A [ SRR 45 2 32t
TRl e, R ZRVERAERRTHRI R 2R, i n R B 4 it 77 28
A EE R . FRATTAECCKS2021 25 & S 44 (4 v SCIR 97 0 106 A2 jl L 2 vh 3145
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A e 2 RSO L PR TE B R



e £ PN

1. Wei, Zhongyu, et al. Task—oriented dialogue system for automatic diagnosis, in Proceedings
of the 56th Annual Meeting of the Association for Computational Linguistics, vol. 2, 2018, pp.
201 - 207.

2. Xu, Lin, et al. End—to—end knowledge—routed relational dialogue system for automatic
diagnosis. Proceedings of the AAAI Conference on Artificial Intelligence. vol. 33. no. 01. 2019.
3. Zeng, Yang, et al. Meddialog: A large—scale medical dialogue dataset. In Proceedings

of the 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP), pp.
9241-9250. 2020.

4. Liu, Tang, et al. MedDG: A Large—scale Medical Consultation Dataset for Building Medical
Dialogue System. arXiv preprint arXiv:2010.07497 (2020).

5. Lin, Shuai, et al. Graph—Evolving Meta—Learning for Low—Resource Medical Dialogue
Generation. arXiv preprint arXiv:2012.11988 (2020).

6. Lewis, Mike, et al. BART: Denoising Sequence—to—Sequence Pre—training for Natural Lan—
guage Generation, Translation, and Comprehension. Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics. 2020. (pp. 7871 - 7880).

7. Cohen, Eldan, et al. Empirical analysis of beam search performance degradation in neural
sequence models. International Conference on Machine Learning. (pp. 1290-1299). PMLR,
2019.

8. Vijayakumar, Ashwin K., et al. Diverse beam search: Decoding diverse solutions from neural
sequence models. arXiv preprint arXiv:1610.02424 (2016).

9. Devlin, Jacob, et al. Bert: Pre—training of deep bidirectional transformers for language un—
derstanding. arXiv preprint arXiv:1810.04805 (2018).

10. Liu, Yinhan, et al. Roberta: A robustly optimized bert pretraining approach. arXiv preprint
arXiv:1907.11692 (2019).

11. Cui, Yiming, et al. Pre—training with whole word masking for chinese bert. arXiv preprint
arXiv:1906.08101 (2019).

12. Cui, Yiming, et al. Revisiting Pre—Trained Models for Chinese Natural Language Pro—
cessing. Proceedings of the 2020 Conference on Empirical Methods in Natural Language Pro—
cessing: Findings. 2020. (pp. 657—668).

13. Gururangan, Suchin, et al. Don’ t Stop Pretraining: Adapt Language Models to Domains



10

and Tasks. Proceedings of the 58th Annual Meeting of the Association for Computational Lin—
guistics. 2020. (pp. 8342-8360).

14. Chen, Boxing, and Colin Cherry. A systematic comparison of smoothing techniques for
sentence—level bleu. Proceedings of the Ninth Workshop on Statistical Machine Translation.
2014. (pp. 362-367).

15. Miyato, Takeru, Andrew M. Dai, and lan Goodfellow. Adversarial training methods for
semi—supervised text classification. arXiv preprint arXiv:1605.07725 (2016).

16. Vaswani, Ashish, et al. Attention is all you need. Advances in neural information pro—
cessing systems. 2017. (pp. 5998—-6008).

17. Radford, Alec, et al. Language models are unsupervised multitask learners. OpenAl blog
1.8 (2019): 9.

18. Raffel, Colin, et al. Exploring the Limits of Transfer Learning with a Unified Text to Text
Transformer. Journal of Machine Learning Research 21.140 (2020): 1-67.

19. Zhang, Zhengyan, et al. CPM-2: Large—scale Cost—effective Pre—trained Language Models.
arXiv preprint arXiv:2106.10715 (2021).



	1 引言
	1.1 背景
	1.2 数据描述

	2 模型及方法介绍
	2.1 系统构架
	2.2 实体预测模型
	2.3 实体感知融合对话生成模型
	2.3.1 上下文编码模块
	2.3.2 实体编码部分
	2.3.3 编码融合机制

	2.4 模型融合

	3 实验
	3.1 数据预处理
	3.2 模型实现
	3.2.1 训练策略
	3.2.2 微调策略

	3.3 实验结果

	4 结论
	参考文献

