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Abstract: According to their dialggue ’neration technology, chatbots can be mainly divided into retrieval model and

generation model, which have ths and weaknesses. This paper proposes to design a hybrid dialogue model of

retrieval and generation, to strengths of the two models while avoiding as many weaknesses as possible. The hybrid

model not only has the of retrieval model but also has the diversity of generating model, so the man-machine
dialogue is more smooth 1vid. Using the Elasticsearch search server greatly reduces the system reply generation time
and the response speed is increased by 10%. In addition, considering that it is difficult for chatbots to maintain consistent
personalities in the process of dialogue, PostKS (Posterior Knowledge Selection) model is used to embed personality
attributes to realize the personalized intelligent chatbot system. The proposed hybrid modelr realizes personalized reply and
has a faster reply speed, which is more in line with the needs of users.
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Fig.1 System function block diagram
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Fig.2 System overall structure diagram
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'properties': {
'question': {

"type': 'text',

'analyzer': 'ik_max_word',

'search_analyzer': 'ik_smart'

}

}
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Fig.4 Reply selection module flowchart

LR PR R R A, SE A A RAE HE
Elasticsearch# & 5| S #ATH R H HEATAH R EPE, BRE—
ANIE 24 R (AR SCBERS), A A 5% BE PP 23 T R (A X
W, WPRE A fem B S ik g TP, 5 TR FH PostK S
AR, Rl PR E R MEE R, AR ED
PERY IR KR

1T P B R AL A B EAE R, 2498 IR AL
s NP5 -5 SdelRe 5C DRIy, SR 7 1AL A B 0l 525 S i
P 3 BRI BN —B, LA A0 0] R R 3 5 A 2R B4R A
RIS ARIL, T2 U A 10 A 1) B b3 e 4K
3.6 HIImiZIT

Hius(E H Tkinterdi e, EPython#rifi Tk GUIFE, i
ELFEBCE A (AT P s W R AL AR MEE R, EETE
L T AR S-S K A

TECE A (&1 5) 43 A AV . B3R AN PR 28 B AT 5



SE2SBEHIY LEMES . BTRERSEMRAEAN MELIM RIS AR LR80T 558 27

BMROLEEARE, mif “FE” EEEARK S (E6),
TERIAE R R AR, il “Aak” RIATAR B E 9 R TE
FUm R, oy CRET KRR E RS E S, ATER R ENR

HLAS NHIAE,
¢ == - 0 X
1£50: |
et |
MEFE: |
_= | _»= |
A5 XEREG
Fig.5 Interface for settings
p=
' ==
(&)
-
==
[ ]
o L]
e 2|
o B X7
Fig.6 Interface for chatting '

REGE TEE RN ETRIE TR .
§ e=

=5

_» | _»= |
H7 & &R @ k=
Fig.7 Display of setting interface

¢ wERE - o X
% 2022-03-07 15:35:58
A7 8 Rz A £
bot 2022-03-D7 ]5 35:58
BuaE
2022-03- EI7 15 36:02
R 0B
bot 2022-03-1 07 ]5 36:02
BRmHEn -
| 2022-03-07 15 36:06 + —
??%5@!3 -07 15:36:07
‘%I%BZE 13-07 15:36: 14 s E
1 1
EENR—
bot 2022-03-1 07 ]5 36: 14 (-)
BV RIE, -
®
y °
EE B

A8 Wy R R =
Fig.8 Display of chatting interface

5 #5if(Conclusion)

AR ST T BT DASE BN AL R IR AL RN R
45, ARGETPyTorchHF RHELL, 5 & A BEH 45 i i
i, HTBu. ¥R, FERRR-4ARRGHESE, BRE
TRRERNGE M, BaR%. REmE, A" TEK
BRI Z R, ELT AR R AR Y . R R AR B
Elasticsearch## R 5%, frmE MM, KRG T RS
AR A R, EEE R L s BN R AR, XHERA
ST, A R P PostK ST, T DA Ji BLA 5 52 M
PN, ARG AL PRI, R ] DR 31 2 Fp R )
M3 s, TETH AR SE 1O B 3SR, R4 55 B 3 SOR BURE
RER A, SRR RS A G A 2l X TCEER A —
FIkE S E.
S E X Ek(References)
[1] 2&,FHEHEX BAM RG] LA,

2021,48(12):278—28
[2] R A *?ij]rﬂz—:\ A R )] A I
F : :

[3]GUJC,LIT

, LIU Q, et al. Speaker—Aware BERT
fo lti—ﬁrn Response Selection in Retrieval—Based
hat C]// Association for Computing Machinery.

I ational Conference on Information and Knowledge

anagement(CIKM) New York: ACM, 2020:2041—2044.
@4} EHAME T RY I RBE AN S R AR A AR R R

4 R (System display) o .

R [J]. 34 T42,2021,24(02):2—8.
[5] &80, BE i sk oA & 5 R0y LA B AL )] 3T oL
5 2021,48(08):234—239.
[6] 3w AT &S AR AL S I RILE AL R AT
F[D). L 4 & 0P 58 K 52,2020,

[7] Elasticsearch. Elasticsearch Guide[EB/OL]. (2022—01-01)

—

[2022—03—02]. https://www.elastic.co/guide/en/elasticsearch/
reference/7.17/index.html.

[8] LIAN R Z, XIE M, WANG F, et al. Learning to Select
Knowledge for Response Generation in Dialog Systems[C]//
International Joint Conferences on Artificial Intelligence
Organization. International Joint Conference on Artificial
Intelligence(IJCAI). San Francisco: Morgan Kaufmann,
2019:5081—5087.

[9] candlewill. Dialog_Corpus|[EB/OL].(2017—10—17)[2022—03—-02].
https://github.com/candlewill/Dialog_Corpus.

EEEN:

LA (2001-), 5, ARME RO BRGSO,

2 A(Q2001-), 5, ABVE.WFFOUE: BREF LR

2000-), B, AR BT HRESCH.

%(2000-), 5, AR HFRGUR: BAREFL.

1-), B, W, BIBIZ. Hrcats. SdEzi, A
RIEF AL





