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Compound Conversation Model Combining Retrieval and Generation

YANG Hui-min and MA Ting-huai
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Abstract Conversation model is one of the important directions of natural language processing. Today’s dialogue models are
mainly divided into retrieval-based methods and generation-based methods. However, the retrieval method cannot respond to
questions that do not appear in the corpus,and the generation method is prone to problems with safe responses. In view of this.a
compound conversation model that combines retrieval and generation is proposed,and the retrieval method and generation method
are combined to make up for their shortcomings. First, K retrieval contexts and corresponding K retrieval candidate responses are
obtained through the retrieval module. In the multi-response generation module,retrieval contexts are further combined to obtain
several generation candidate responses. The candidate response ranking module is divided into two steps:pre-screening and post-
reranking. The pre-screening part obtains the optimal retrieval response and the optimal generated response by calculating the
similarity between the input question and candidate responses,and the post-reranking part further selects the most suitable an-
swer to the input question. Experimental results show that the BLUE index increased by 6 % ,and the diversity index increased by
12%.
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Fig. 1 Schematic diagram of retrieval model
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Fig. 2 Schematic diagram of generation model
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3 XBERESM

3.1 BiEE

A R A RS T OO 5 A R A IR AR R B
SR MG AR TG B AR S . BT AE R SO I L R bR
TR B B O A T T 9238 78 SC MR TR R i s A X S
Ao A S I € B A X T e 3 0 I R AT W AR R BT
FH PR R M ARy B S0 O R RS — RIFIRE N B R
SCXE R IR . p T APT X B0HE 45 R A T BR L T4
RAWET 400000 F A4 KA I X Wi 48 21 A il 1l 00 46 it
it uk, DAL B — S B LM%, ... “emmm” 4,
3.2 BHEE

T A PR 2R i v SCSCAR B L R T RO S TRy BT A )
T AR SO el “jieba” 43R T B SCA AT A 3RAE . 2 R
i I T so st I R R B A . S T4 — X Tk
AEHE A AT BEHL A E 1000 4> 1 F 3-8 R % 1 A 5
& BT BEAE R UIZR S . A ST word2vee X 1] ]
HEAT TN L5, 17 7] & K /N K 300, X T B — A A ) 5, AT
RHEE R Z 5 AN 5 4 A ) BB A DG Y bR 3, B =501
Transformer A= BB Y 1) 2 5 25 A5 25 AH W] )2 1 40 N R
6, Bags oty 512, Z KB LB 8 IFH AU T
0.1 M ZFERUBPT G . FAT 2% 2 28 0. 0001 1Y
Adam ARG R, JF H e EHE R /N 128, BT
Bif 1k 3 480 A AT DU R 4 X AL 4R 1Y Early Stop-
ping™ A 45 1k A L I LR B A 50 Dk RIS AR AT S
A AW R 1 R,

£1 LRI

Table 1 Experimental environment
CPU E5-2680
GPU 4 * Tesla K80
Memory 128 GB

Environment Python3. 6, Tensorflowl. 4
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Table 2 Comparison of experimental results

Model BLEU-1 BLEU-2 BLEU-3 Distinct-1 Distinct-2
Seq2seq 8.457 4.668 3.589 0.167 0.417
Retrieval N X _

11.53 7.50 6. 24 0.28 0.654
model
Transformer 9.71 5.74 4.34 0.22 0.630
TF-IDF+ X X
11.92 6.756 5.16 0.204 0.499
Seq2seq
Our Method 12.71 8.13 6.41 0.23 0. 660
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Table 3 Comparison of training time

Model Dataset

Seq2seq 30 min\epoch

Transformer 5 min\epoch
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Table 4 Selection of number of retrieved responses and generated

responses in post-reranking module
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EPNE A 3t £
SeqZseq MAREEHARMER
(xS F A E R E B E
Transformer A N — AN\ K F Ay AT
AE6BA T N — AN K 8y 4 7
Hy O\ ] AL H T bt E sk
Seq2seq o
kS TR &k E
Transformer BEXTHAEN
EEBA BREERTH &N
BEWRIE AR TRG KR 5 A R A X iE AR,

2 8 B A R AR A [ N 1) 3 ) AL LG TR TR A R T A A
A LA B R R o oA D B ] TR A R AR R 5 A
LR FE 45 5 R RGP B0 R . AR SO I AG A P45 245 T
R g e ol N, 2T A EE ST A Transformer 4
Seq2seq HEAT A AE R . 7E AR AT B 47 53R 1 ) Bef Kt i 20 1 31
SRmf i), A 2 18R A AR e RT LLAS B 5 T A A0 E [l
T fig 35 [0 107 HE 7 ASE B oy, 38 2 990 5% Ok LS HE R AT O 45 2
Wy, SCE AR R B AR AAS 2 Y | N ST L 3
TR, SR A SO 0B 3 BB X B AR X L 75 R R 1Y
TAET AT LI AR R Z5 48 , Rl BHf4RA) F 1 38 XM 25 1T
SCATE S, DASR R A5 B 1 (] 57 o o 1 N — bk

2 % X W

[1] WANG Y.HE Q T. Research on Intelligent Question Answe-
ring System[ ] ]. Electronic Technology and Software Enginee-
ring,2019(5) :174-175.

[2] VINYALS O.LE Q. A neural conversational model[J]. arXiv:
1506.05869,2015.

[3] SHEN Y, HE X, GAO J,et al. A latent semantic model with
convolutional-pooling structure for information retrieval[ C] //
Proceedings of the 23rd ACM International Conference on Infor-
mation and Knowledge Management. Shanghai, China: ACM,
2014:101-110.

[4] WAN S,LAN Y, XU J,et al. Match-srnn: Modeling the recur-
sive matching structure with spatial rnn[ C] // Proceedings of the
Twenty-Fifth International Joint Conference on Artificial Intelli-
gence. New York, USA:Margan Kaufmann,2016:2922-2928.

[5] SUTSKEVER I, VINYALS O, LE Q V. Sequence to sequence
learning with neural networks[ C] // Advances in Neural Infor-
mation Processing Systems. Montreal, Quebec, Canada: MIT
PRESS,2014:3104-3112.

[6] BAHDANAU D,CHO K,BENGIO Y. Neural machine transla-
tion by jointly learning to align and translate[ C]//3rd Interna-
tional Conference on lLearning Representations. San Diego,
USA:ICLR,2015:1-9.

[7] ZHAO Y Y,WANG Z Y, WANG P, et al. A review of task-
based dialogue systems [ J]. Chinese Journal of Computers,
2020,43(10),1862-1896.

[8] HORI T.WANG W,KOJI Y,et al. Adversarial training and de-



i A A R A R AR AR B X AR

239

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

coding strategies for end-to-end neural conversation models[]].
Computer Speech &. Language,2019,54:122-139.

BROMLEY J,GUYON I, LECUN Y, et al. Signature verifica-
tion using a “siamese” time delay neural network [C]// Advances
in Neural Information Processing Systems. 1994 :737-744.

CHI Z,ZHANG B. A sentence similarity estimation method
based on improved siamese network[ J]. Journal of Intelligent
Learning Systems and Applications,2018,10(4) :121-134.
VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[ C]// Advances in Neural Information Processing
Systems. Long Beach, USA:MIT PRESS,2017:5998-6008.
ZHU Z,LIANG J,LI D,et al. Hot topic detection based on a
refined TF-IDF algorithm [J]. IEEE Access, 2019. 7: 26996-
27007.

GU Y J,GUI X L,LI D F,et al. A Survey of Machine Reading
Comprehension Based on Neural Networks[ ]J]. Journal of Soft-
ware,2020,31(7) :2095-2126.

PANDEY G, CONTRACTOR D, KUMAR V, et al. Exemplar
encoder-decoder for neural conversation generation[ CJ // Pro-
ceedings of the 56th Annual Meeting of the Association for
Computational Linguistics. Melbourne, Australia: Association
for Computational Linguistics,2018:1329-1338.

KINGMA D P,BA J. Adam: A method for stochastic optimiza-
tion[J]. arXiv:1412. 6980,2014.

PRECHELT L. Automatic early stopping using cross valida-
tion: quantifying the criterial J]. Neural Networks,1998,11(4):
761-767.

WU Y, WEI F, HUANG S, et al. Response generation by con-

text-aware prototype editing [C]//Proceedings of the AAAI

[18]

[19]

L20]

Conference on Artificial Intelligence. Honolulu, USA: AAAI,
2019.7281-7288.

PAPINENI K,ROUKOS S,WARD T,et al. BLEU:a method
for automatic evaluation of machine translation[ C] // Procee-
dings of the 40th Annual Meeting on Association for Computa-
tional Linguistics. Philadelphia, USA: Association for Computa-
tional Linguistics,2002:311-318.

LI J,GALLEY M,BROCKETT C,et al. A diversity-promoting
objective function for neural conversation models[ C] // Procee-
dings of the 2016 Conference of the North American Chapter of
the Association for Computational Linguistics. San Diego, USA
Association for Computational Linguistics,2016:110-119.
ZHOU Q A,LI Z J. Improved model and tuning method for na-
tural language understanding of task-oriented dialogue system
based on BERT[]]. Journal of Chinese Information Processing,

2020,34(5) :82-90.

YANG Hui-min, born in 1997, postgra-
duate. Her main research interests in-

clude data mining and data sharing.

MA Ting-huai, born in 1974, Ph.D, pro-
fessor,is a member of China Computer
Federation. His main research interests

include data mining. data sharing and

privacy protection.





