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Chat Dialogue Summary Model Based on Multi-granularity Contrastive Learning

KANG Mengyao'?,LIU Yang'?,HUANG Junheng'?,WANG Bailing'* and LIU Shulong'
1 School of Computer Science and Technology, Harbin Institute of Technology(Weihai) , Weihai, Shandong 264209, China

2 Research Institute of Cyberspace Security, Harbin Institute of Technology(Weihai) , Weihai, Shandong 264209, China

Abstract While the development of social networks brings convenience,but also generates massive amounts of chat data. How to
filter key information from chat conversations has become a major difficulty. Chat summary is an effective tool to solve such pro-
blems.as it allows users to quickly obtain important content without having to repeatedly browse through lengthy chat records.
Currently, pre-trained models are widely used in various types of text,including unstructured, semi-structured, and structured
text. However,for chat dialogue text, common pre-trained models are often unable to capture its unique structural features,and
further exploration and improvement are still needed. To address these issues,this paper proposes a chat summary model MGC-
Sum , which based on multi-granularity contrastive learning and does not require manual annotation of the datasets,making it easy
to learn and transfer. Firstly.a stop word list for chat text is constructed by using document frequency,term frequency and entro-
py to remove interference information in chat. Then.self-supervised contrastive learning is performed at the granularity of words
and topics to identify the structure of conversation,uncover keywords and distinct topic information in chats. Experimental results
on the publicly available chat summary datasets SAMSum and financial fraud dialogue summary dataset FINSum show that,com-
pared to current mainstream chat summary methods, this algorithm significantly improves coherence, information content and
ROUGE evaluation metrics.

Keywords Chat summary.Contrastive learning, Pre-trained models,Keyword detection, Topic segmentation
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Table 1 Features of dataset FINSum
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Table 2 ROUGE results on test set SAMSum

HAE ROUGE-1  ROUGE-2  ROUGE-L
Lead3 19. 32 10.78 19.12
TextRank 22.16 11. 34 21.77
PointerGenerator 32.27 14. 42 34. 36
DialoGPT 39.77 16.58 38.42
DynamicConv 41.07 17.11 37.27
FastAbs-RL 41.03 16.93 39.05
D-HGN 42.03 18.07 39.56
Multiview BART 49. 30 25.60 47.7
UnilLM 50.00 26.03 42,34
SICK 53.39 28.42 49.12
SICK+ + 53.73 28. 81 49.50
CODS 52.65 27.84 50.79
MGCSum 53.84 28.49 44. 38
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Table 3 ROUGE results on test set FINSum
HA ROUGE-1  ROUGE-2 ROUGE-L
Lead3 24. 85 9.61 23.89

TextRank 31.49 10.07 26.23

PointerGenerator 35.38 17.32 29.55

ConDigSum 44,61 18. 86 30. 30
BART 43. 84 17.47 27.79

MGCSum 45.48 19.23 31. 30

w/o Keywords 44.99 19.09 32.08
w/o TopicSeg 44, 88 19.15 30. 95

B AL N 2 5L 3 B ROUGE 25 B o] LIF Il
FH TR R AR B O 3 b B AT 200 TN 2R 9 O ok R B L X
TEB T W R B2 XS 3 B A 5 i A v . AR SR
FIRE AL MGCSum 78 W5 A 2048 4 LA PE e ¥ 48 7, %
SAMSum $#E 4 F ROUGE-1 fl ROUGE-2 43 ¥l $#2 T+ 1. 2
F10.6, 7 FINSum (% % L % 8 F 4f, ROUGE-1 #£ %
2.8, ROUGE-2 #7% 1. 4, ROUGE-L # % 1. 0, %& 3 ROUGE
R B ERTHABE, A L SAMSum $35 48 . FINSum 4¢
P EEW R AU S H #3580, AL Lk SR,
NI SN 2 B DG = A e SR SRE S O N 1 N R
AR L A7 LA AL 7 FINSum %04 45 [ 09 3% 3078 4F, Ui W
MGCSum 5 5 76 45 1 45 da A of 175 478 2 1) R0 o7 P42 o 5

ASCHE FINSum #4842 L HEAT T ALSC S, 45 R R +
RO 05 49 0 4 T AR T A, 1R B Sy T Ry B AR B
TINR A S5 40 {5 B 5 15 L % 5 9 T A8 B 0 T K i 2 i
S HEIA K  BAHE 7E ROUGE-2 #l ROUGE-L E TR M A
U = A ) A SCIA Ry SR A R B S A A B 240 Token
G 0 A TR Y1 2 o PR Ot O R ) ARG 0 B vk o i A R 1 4 T
HIR.

N TAFAh - AR 4 FINSum 9 32t 42 b B HL A0 B 20 4



198

Computer Science THEHLELZ  Vol. 50,No. 11, Nov. 2023

WK A 28, AR PR N 1 28) B SR #7473 0 T
DA EGRENRE, BN HEMRE 3 MASHRIES
SIS B IEAL R HEATIP A S5 Rk 4 BT, A SE IR g5 R
Al DL A SCHE B MGCSum 7235 i BH M L B &
FURT R 3 64 B33 2 1 81 & 1Y 43 30, AR Ll 5 X
TR, IS — BOME Y o B T R il R A 2 R A
(Lead3 I TextRank) = A= (4 2 0] LLOR R0 50 — 30bk, B2
BEIFAAET S E B W R 5 7 T4l L A
TR B 2 2 A A (PointerGenerator, BART, MGC-
Sum) W F L —F B E  AHEEEER . EEMFEE RN
T, AR SRR T RS TR (3 4 4 R IR RE BEAT TN AT A
FUIMA 5 R0 B G L RE A% AT dn v 11 1 R B B R R v M
S H (A AT 55 1 4F B RS 5 FUII A OGS ) A 0 B kL AT
DLORTE R 245 B 1 50 2 4B 3% 511 07 33t M 19 4 AR L 10
SRR R 5 A A3 R B T AN FE T .
# 4 KT FINSum B4 19 N TIFAL 45 R

Table 4 Human evaluation results on test set FINSum

A Ex-EM EEREAME FAE o
Gold 4.93 4.75 4.92 4.58
Lead3 4.25 3.01 2.42 3.51
TextRank 4.33 2.75 3.17 2.75
PointerGenerator 3.58 2.83 3.25 2.67
BART 3.67 3.83 3.67 3.33
MGCSum 3.92 4.02 4.25 3.75
w/o Keywords 3.83 4.08 3.33 4.17
w/o TopicSeg 3.85 3.42 4.08 3.25
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Fig.5 Results of keyword detection
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Fig. 6 Coherence scores of different chat dialogues
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Fig. 7 Examples of chat summaries
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