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Unsupervised Dialogue Topic Segmentation Method Based on Utterance Rewriting

LI Tongliang' , LT Qifeng' , HOU Xia' ,CHEN Xiaoming® and LI Zhoujun®
1 School of Computer Science, Beijing Information Science & Technology University, Beijing 102206, China
2 Shenzhen Intelligent Strong Technology Co. ,Ltd. , Shenzhen,Guangdong 518052, China

3 School of Computer Science and Engineering, Beihang University,Beijing 100191, China

Abstract Dialogue Topic Segmentation(DTS) task aims to automatically divide a multi-turn conversation into different topic seg-
ments,enabling more precise understanding and processing of dialogue content. DTS plays an important role in dialogue modeling
tasks. Traditional DTS methods primarily rely on semantic similarity and dialogue coherence to perform unsupervised topic seg-
mentation, but these features are often insufficient to fully capture complex topic transitions in conversations,and unannotated dia-
logue data has not been fully explored and utilized. To address this issue, recent DTS methods employ adjacent utterance ma-
tching and pseudo-segmentation to learn topic-aware representations from dialogue data,further extracting useful cues from unan-
notated dialogues. However,common phenomena such as coreference and ellipsis in multi-turn dialogues may affect the calculation
of semantic similarity,thereby weakening the accuracy of adjacent utterance matching. To solve this problem and fully leverage
the useful cues in dialogue relationships, this study proposes a novel unsupervised DTS method that combines utterance rewriting
(UR) techniques with unsupervised learning algorithms. This approach rewrites coreferential and elliptical expressions in the dia-
logue to restore them to their complete forms,better capturing the thematic cues in the conversation. Experimental results show
that the proposed utterance rewriting topic segmentation model (UR-DTS) significantly improves topic segmentation accuracy,
achieving state-of-the-art performance. On the DialSeg711 dataset,the error rate P, and WinDiff (WD) improves by approximately

6 percentage point,reaching 11.42% and 12. 97 % . respectively. On the more complex Doc2Dial dataset, P, and WD improve by
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3 percentage point and 2 percentage point,reaching 35.17% and 38. 49 %. These results demonstrate that UR-DTS has a signifi-

cant advantage in capturing topic transitions in conversations and shows greater potential for leveraging unannotated dialogue data.
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TETCHR % 1) 2 X E T .ok A NCUM I B 554 5
PRI AR R . O T WD R LT S A IR o —
AR SR O FR 5 4y BEAR S G o LA™ A 8 A 1 32804 0L TR
X FUARAHRUTE TE X . 45 TS G 093 o A I3 B seg-
ment (i), W; & 7~ segment (i) W 1 1% & & 5, W, N seg-
ment (D) FMTETH RG]
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W,={j6[1,n]‘u; € segment(u; ) N\ j7i} (€D
W,:{jeﬂl,n]\uf € segment (u;” )} (10)

BT E G BT E A B RS T s i
MRFERGIPT M EBAMEERSIPT .

P/ =UNW,.P, =UNW, an
Hob W 3R 45 B0 By RIS R 51, U R R 15 3 R 48 18
W RGIE,

4 Xy
4.1 HiE&E
ARSC T PR A

D 5B E S 8., A DECODER™ ¥4 4 h sl It 7
100004~ T 3% 1E M Il 5 4 . % B4 4 P8 A DailyDialog™® I
BSTHU SR # Hi b5 1. I Ah . A DailyDialog #1 BST Hiii Bt 1
800 AN X 1 45 g I K 4K .

2) %% F WA EVBE . SR T DialSeg711M 1 Doc2Dial **
WS T 92 08 P A B 4E . DialSeg711 43,5 711 2052 HH R
YEIERHE 454 T MuldWOZM" il KVRETY iy 3 3%, %
BEAMIEL ST 4.9 N E BB, BB A 5 6 NG,
Doc2Dial 417 4100 244 S X & , 36T 4 AU 450
ZA IR BRSNS 3.7 AN B BB 3.5 A4
i,

4.2 iRfEIELR

N TR T HRE R T WA A e 48 b, B P A IR
FESLR WinDiff(WDOM P, i i — 4% 1 RN A K
B W B (K A SR8 58 W Sy b 1 23 80 00 B A B 0 R/ Y
S B — 2 FITE DR 2 NG S R TR —
T, WD 3 i B R 0 4% SN B ST AR v AR R SR X
B E L RO RS BRI R 2R . B TR E
bR A BUBAR R R PEBE MR 4T .

4.3 H#

¥ UR-DTS BRI 5 DLUF TG M LR A7 b %%

Random: 45 % — 0 b 4535 15 (W X35 . & 2 B AL 4l B
A AE B B R 6 € {0, k— 1} SR JF LIHE SR 0/k Ty
EREANTEERE BN RE.

BayesSeg"" : H 4 5 Bt ¥ AH ¢ 1) 22 300 208 7 4 8 %o 4 A4
F2 B P SR AT AR, S AR AR X i A O 2 T RE M O
SEELR I AT B 0 A B

GraphSeg™™ : DAE I 1 R 17 2 A4 0 XM C L 4R ) il
3 B v 0 i K I ke 10 ) B

GreedySeg" AR & MU 25 (19 BERT 41 F 4 T 25 1) i 4
TR HE A R 40 1 1 AR B B A e s B L

TextTiling™ : — 0 SCAR AN 43 2 B BT HE AR, X
ST RRBE S F R, BT IR R R EE A
B4 TP T £ B TRV L BN 43 A A B

TeT+Embedding™® . 1 2 B 17 5 A ok 80 5% 2235 %
X ()18 S B L 38 3 GloVe i)k A 38 TextTiling,

TeT+ CLSM™ . i i # Il % i BERT 4] F 4 5 2% 3 5%
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TextTiling, ffi F§ BERT 4 15 %% /9 iy 1 0 A k3T 50 o 2235 1
Xof B4 18 SCHRBLEE

TeT+NSPY @1 WYl 45 ) BERT 458 T T — 4 35
1) TextTiling . FIJ F i A8 38 6 7R 1 B21E 15 6 138 L — Btk

CSM™) ) 3% 1 o 32 B M D OMAT 55 0 W B M5 5, 1 o
TG W 5 AU 2 T A I ST TV A 30 1 =2 18] B9 3 B B
PR

CSMCunsup) ™' ; —F sk 9 f9 CSM 28 {k , R 5 2 g
EMNEARL .

TeT+RM-+NUM" . i 52 #H 45 38 15 VC Be A1 Oh 43 40, Ao
P Ve 19 6F 5 A5 R 2 3T 32 U AR B SRR .

Dynamic Back™" ;38 13 4 PPl 8050 B AS BB B S 9B
S SCH G Y 1T SR 4R = % BT 43 1
4.4 ZWBHIEE

XFFIEEES T R0 ZR AR T5-Base Al T5-
Large, e B 5K /N4 0 2.2 X 108 Fl 7.7 X 10°, LB S %K
m=E 1 a0, fABRYN LR 4 4 epoch, 2 3 F ok 51077, I
A1 I R4 B GRS/ g 5) S 2R i

#1 HHEGLRSH

Table 1 Experimental parameters of discourse rewriting
LI S K 18
£+ NVIDIA GeForce RTX 3090 » 1
#H 4 %£-UR DECODER!
IR 5X107°
H 4k 3B K/ 12
LE: 34 4
R 5

X F B 4% . N SImCSE Y sup-simcese-bert-base-un-
cased AT IR %5 . %FTF DialSeg711 il Doc2Dial, 1% & #H 4R
T TE B w N 5, RS AR LI S H Ik 2 Al

F2 FHREBLLSH

Table 2 Experimental parameters of theme encoder

LB & # 18
7+ NVIDIA GeForce RTX 3090 * 1
# 48 £-DTS DialSeg711M4] fo Doc2Diall39]
EES 1X10°9
AL HE A 4
34 15
wHHH 5

4.5 ZWHER

B ARSI SR T AT T Hhik.

D Rl TextTiling AY 3£ 4%, £ §F BayesSeg "’ , Graph-
Seg'™ il GreedySeg',

2) )\ TextTiling " J& 1M K& A9 3L 2, 40 TeTM | TeT +
CLS"™ | TeT+ Embedding™® , TeT+ NSPM | & 5 4 3 43 1 7l
(CSM)™ il TeT +RM-+NUM™! , H:fr CSM il TeT +RM+
NUM it X5 3 3% 5 P i R & o SCAR LM, 5 Ll L Text-
Tiling §' J§& Ifii >k (4 JC Mo & L LR [

AR SO B S Jo R S T R DG BRAE B L AT R AR A0 i X
T HEAT U 2, B )2 UK Ml 2 ) 3 R 1 3R R i 3 B
P, 3TN T AT FILL AW BIEE LR, &
SCRE T A A PE AL B A AR AR ST T B AR (SOTA) P g, A

ZHi B SOTA £ A [\ 2 B 9 42 7+, B A&k 3, 76 Dial-
Seg711 By 4 b, A SCRE T AE P, AR 20 B0F WD A6 4% 1
HIPERBIR M 29 6 N EH Ay BT 11 42% P 12. 97 Y01
WD, Doc2Dial J&— A~ & % KA T R (0 B8 4 A A A
TEP SR ECRM WD FAr B4R & T 3 A a2 |
AL SEIT 35, 17 Y Ry P A 38,49 % WD, 3% 5 B T 42 B
AU 1 A5 5OR S A AR AR IR KR T 6 G A
WA B, (A5 AR A DA 2% 3) 3 B0AE L M R G 3 E B M
# 3 RSO FIRELL 10 9K 25 R

Table 3 Experimental results of the proposed method and baseline

Method DialSeg711 Doc2dial
Py y WD ¥ Py WD ¥
Random 52.92 70. 04 55. 60 65.29
BayesSegU” 30.97 35. 60 46.65 62.13
GraphSegl1%] 43,74 44,76 51.54 51.59
GreedySegh*] 50.95 53.85 50. 66 51.56
TextTiling 1] 40, 44 44. 63 52. 02 57.42
TeT+ Embedding[16] 39.37 41.27 53.72 55.73
TeT+CLSH] 40.49 13.14 54,34 57.92
TeT+ NSPLYJ 16, 84 48.50 50. 79 54, 86
csmitzol 26. 80 28.24 45.23 47.32
CSM(unsup)[9] 24. 30 26. 35 45.30 49. 84
TeT+RM+NUML] 17. 86 19. 80 38.11 40.72
Dynamic Back[6’ 18.42 21.15 42.01 45.06
OursTs-pase 12.00 13.35 35.97 10.01
OUrST5-farge 11. 42 12.97 35.17 38.49

4.6 HEZR

AR S I PR [F R BF Y T M T
BLAY WIAE S5 OB - 1) 25 95 OB 51 AR IR S 6 4%
T RO A g LA S R 2 A A B 2 g O S ) Ay
BRI AR s 2) PR BB R R TS TR S AR T . R 4 S
ERCETSAEE S RGN RS - R PP UE I TR € /aE S
R TERR R A PR [ K 3R W A 3 Gy R R rh i A R A
BT T ARAT B 1 B 2 0C H B, DN D e T DR T 3 A4 A
0 T 25 X AR UL 35 0 1 8 A0 B T B A
Jey o Xt Wt 32 AR S FE AR

4 WHLRLR

Table 4 Ablation experiment results

DialSeg711 Doc2dial
Method
Py vy WD ¥ Py WD ¥
TeT+RM-+NUML] 17. 86 19. 80 38.11 40.72
Ours w/oRewrite 12.95 14.17 36. 26 40. 19
Ours 11.42 12.97 35.17 38.49

4.7 FHBIFR

5 G T AL R B AR 2 AL ——"5%
718 % i R a3 B JRUEE R B there, that, 107 48 3845 B
AWE R, MY ESRAMAR T, AT Gao
SECCE AR AT T YR, HE R 48 T B i DT AC RO 43
DA 32 B8 X 7% B3 2 ST ORI TR R R L A RO
TRARAC A X35 . SR B AR AR X1 1 A R A 4R
PEAT U ERAE  Z W T )TN R R e R, G 3L A g .
Oy 20 T BRI R R R R K A [R] — R Y 5% B X
AR R R R Y T B 3 AR L B A KR B O 5
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5. 55 BAR AR5 T 3k TR R B, SR T 3 A
LA B4 A 408 35 1 AR DL PR T B4 0 R AS 32 A 8L Y IE ) A

G ) 53 B0 53 A T T AR A 2 5T gy B 0 P 3R R A
LB BE T 75 B0 2 T

5 THIEES M E A E R )

Table 5 Examples of utterance rewriting and dialogue topic segmentation
JR i 1 a4 E R E5 R WIEE 2 H
I need to find a shopping center. Start I need to find a shopping center. Start
REZH AW FR, (True) HEEH-—AWH TG, (True)
The Stanford Shopping Center at 773 Alger Dr is 3 miles away. The Stanford Shopping Center at 773 Alger Dr is 3 miles away.
Would you like directions there? Would you like directions to the Stanford Shopping Center?
BB LT 773Alger Dr Y B AP0 3 KE, ERpE 773Alger Dr BB A P BB 3 HE, GB A EIFER
R IR NSRS R
Yes, I would like directions to the Stanford Shopping Center at 773
Yes please.
P Alger Dr, please. ‘ -
R R AEGT 773 Alger Dr By B3 B I 4y A 0 iy B A
1 sent all the info on the screen, please drive carefully! End 1 sent all the info on the screen,please drive carefully! End
RERPAGRRZAREL HANER (True) || RKEKHAGEAREAER L HACER (True)
. . . I am looking for a particular hotel. The hotel’ s name is called au- .
1 am looking l’o}' a p‘artlcular hot‘el. Its r?ame is called autumn house. tumn house. Start
REETROAGRRAEE. THETH auumn house, REEFR—FHAMAE. %B/EH AT autumn house, (oo
1 have the Autumn House hotel. The Autumn House hotel is at 710
I have the Autumn House. It is at 710 Newmarket Road. Would you Newmarket Road. Would you like the phone number of the Autumn
like the phone number? House hotel?
REBTHE, EFTHHE 710 5, EHif5H57 A2 T A EEE . Autumn House 7 /& fL T Newmarket # 710
£, BFFE Autumn House hotel By # iF 5 25 v 9
No thanks. Would you book the Autumn House for me starting on . No thanks. Would you book the Autumn House for me starting on
Monday. please. End Monday . please.
FRT . EEFRTOTEN - FRBREASE. Fals) || o 7 it WENRTITEN—FHMKRAL.
How many people would be staying and how many days will you be Start How many p.eop]e would be. staying at the Autumn House and how
staying? many days will you be staying at the Autumn House?
(False)

HHEESDAEILR?

HAELANREENKE CEEAKREENLR?

That’s for 8 people and it”s for 2 nights.

SAMALEHH.

The booking for the Autumn House is for 8 people and the booking
for the Autumn House is for 2 nights.

KEHFITE 8 ALKERTITE 2 B

I’m sorry. your booking was unsuccess{ful. Would you like to book
another day or a shorter stay?

R H G FAT R A Ry, ERBRTIT A48 E o R 7

I"m sorry, your booking for the Autumn House was unsuccessful.
Would you like to book another day or a shorter stay at the Autumn
House?

R4 # ., 8 R R I W& Autumn House, % # % K # 4 £ Autumn
House #y N\ fE i 5] "5 7

Could you try Wednesday, instead?
B URREW =7

Could you try Wednesday,instead of Monday?
ETURREA=Z  WAZHA—5?

Booking was successful. Reference number is : SHOWHD4Z. End
BT, 54 %5 % .3HOWHDIZ, (True)

Booking was successful. Reference number is : SHOWHD4Z. End
TR 5% %5 % SHOWHDIZ, (True)

HRIB ARG G T WG 384 F A A A e T
VB, HH- I T — P 3 F 35 15 81 50 I W B X 3 4 B A
UR-DTS, UR-DTS Al — Lok 7 W B AELE T K brid
X T 4 ROR) ) B, 3 o S S E T T R AR AL AE TS F
fEBAE £ ¥ S 8 T A (SOTA) PERE  E B T HoA &t
.
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