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Abstract

In recent years, the use of online meetings and video communication platforms has
become more widespread due to the impact of the pandemic and the popularity of
remote work. However, this trend brings along certain challenges. Meeting transcripts
often contain scattered information, making it difficult to extract and understand key
details from a large volume of conversations. Additionally, as meetings become
increasingly frequent, participants need to grasp the main points of the discussions
within limited time to make informed decisions amidst their busy schedules. In such a
context, the ability to automatically identify and summarize crucial information from

meeting transcripts becomes even more important.

Automatic document summarization can be categorized into two main approaches:
extractive and abstractive. Extractive summarization calculates the importance scores
of each sentence in the original document and selects high-scoring sentences to form
the summary. On the other hand, abstractive summarization involves understanding the
original document and rewriting sentences to generate a concise summary that captures
the core content. Extractive summarization is prone to extracting incomplete sentences
due to the often disjointed and scattered nature of dialogues, leading to reduced
readability. Currently, the primary application in meeting summarization tasks is
abstractive summarization, which involves rewriting the original sentences. Despite the
numerous related studies, the application of abstractive methods in meeting
summarization still faces several common limitations, including input length
constraints, complex dialogue structures, the lack of training data, and consistency with
facts. Addressing these issues is crucial for improving the performance of meeting

summarization models.

This paper focuses on the research of "input length constraints" and "dialogue-
style structures" and proposes a meeting summarization model architecture that follows
an extract-then-generate approach. In the extraction phase, three methods are designed
to select important text segments: heterogeneous graph neural network model, dialogue
discourse parsing, and cosine similarity. Advanced generative pre-training model are

employed in the generation phase. Experimental results demonstrate that the proposed
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approach, through fine-tuning the baseline model, achieves performance improvements.

Keywords: Meeting Summarization, Automatic Document Summarization, Natural
Language Processing, Heterogeneous Graph Neural Network, Dialogue Discourse

Parsing, Generative Model
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#R o K§ % Transformer [4] ZA&8 5N » FAINRFZ T R A A X3 BAEF
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HaEMmEEHE  CL—EAAGEREIENE  ERTARAKREENHS
NPR #uv CNN & #esh EHEALEAMEFEARME AR E 5184

AMSum [24]
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B8k S A o BARARBA TODSum [26] & F W EF B & (Task-oriented)
WHEME  BAFREBETA—H—LAP AARGNEE - fH5IAY
%K (Dialog State) RIE % # - BRHUZAA 7] REFEE L EL ey H
HOUHAERBARARE  WMERNELSRTATTEZRBARD LK
TG R E MO IR EHERFHBRAZ EFX G E%  RET
CLUSTER2SENT 7% » £ ME2RELA— & BASERELAR—EHE
4 F

THMEAHZHEABR TN —HEN > AATHAREIZE T AHRA G
BRI AL HMARAEENEE  wsE  TAREEENEYE
R > AR GHREASLLAZNRFE > BREGHR T I HAEFEE » EIFHR
AT FEARBERBE - LFR > EFAN R EARRMEE]HE 28] £
FHTRAG23 G BRBETHMEN T ZEITHE > 02 T HERA 2 TN
HEBX > UEREEN P ik Ea3f 548 o

23 SHBEFE,R

:I : Deep Learning-based

HMNet DialogLM

Long meeting, Long meeting,
hierarchical Wmdow ba ed
i-moda

Long meeting, deno

Graph-based,
y 3CG Mu 0
I eyphrase Two-layer Template-based : ’ VFOA Sliding window
2019 . 1
0!

MMR,
LSA \I\IR.

2005 2008 2009 N 2012 2014
: Extractive
2008 2010 2013
Topic-features l Supervised,
Supervised, T taking features
similarity

B 2.3 %M ENFHAR
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231 #MBRA Tk
CHPMETHNAREZABERA > TN AE» MMR (MMR-based) ~ 27
(Graph-based) #v B B2 ¥ (Supervised Learning) = #2483 -

«  E# MMR (MMR-based) 87 #% @ R F#MRKX % BE [29] A%
T 4v MMR #v % 42 3% % » #7(Latent Semantic Analysis, LSA) &) 3X A48 &
FAlg o 3B RAIR 6 F IR RN BN -

A=USVT (13)

LSA & —#l3A—XHERZDEQE R AT X B m X n
WX 4R A 93 B4 #F (Singular Value Decomposition, SVD) >
PP — BB IR 5 AR R =B JE MR g R AE > o (13) » VT 84T T AR A X
HHEA O PR RTR A X8 T o BF 0 [30] &Mk A B 4EFEE
A MMR & 538 © [31] A & A2 R FREY 7 7k L3RS 51 N4 A48 B &Y
HEBY o

ITF(w;) = log (NT/NT,) (14)

#1  RAAR B 69 45 8 A4 £ AR 2R (Topic Term Frequency, TTF) foif £
#2848 % (Inverse Topic Frequency, ITF) m4%  TTF & R8N #4935 H 389
AR > W ITF 693t He X (14) - ¥ NT, R @&2F w; 69 EAAMEE
NT RgH T e A8 -

« EMHE (Graph-based) # % 7% : ClusterRank [32] 2 i& 7 TextRank X
ko B RB EEER MMR #9 7% 7% > ClusterRank &) 8 25 % #4548
WU S ey A AEE ) BB BEEE T A AR R B e B
fEF R AR E BB AN -

Z{W:WGX/\WEY} Wx(w)Wy(w)

[Zwex Wi [Swey wEow)

sim(X,Y) = (15)

15



ClusterRank 77 7k LAR-M8 8) F15 2 BB e BB 46 » o RAa M ey £ 28 4
X—BAER LA AFEnest B2 RZTEFX TAWHRES
Wy(w) = freq(w) x IDF(w) > X (15) 1£ A w18 & 2% &2 3] oY £R 7248
e Rt B R B R AR R e 4L -

(B3] BT —HEAEE 55 5% BEhEd _ HE=MHH
HheymEE > BEEEREEEES ARG EERPELR T AT

Hfigs o WA B2 ey E RAREREEEZIE GAME - R
B 2 PR REESLE S 2 M e AR L AT Ao -

« EBF%®F (Supervised Learning) # ¥ % : [34] Xt ¥ #9518 & F 4R i@
B SR EATRT > ABFE ER - TAMEBE TN ALK
THEBRAEATHZ)TFTLAMEFY > RIFEBHE 5 Fay4aM
Mo BB EVR Foii—EEREAHE > AEEESFEREFRL
MmIE= TR T ik o [35] AR T -84 - 9L Ao 8 2R AR Bl B9 45 4 51
MR @RHUEMEXR MG - A DFAER - F A & RA8 B 694
WMo S REFEN - EEIMBRABE - PERE RS
8 R Bl 4L

232 EFEAXFE

AR EAMA XM EBIF T RS ER BN CREHEEHY
XAt LA HEABIF A S GREAHEPHEERATRAAG LT ALY
THESEEHETY > EAMRE RGO TFRTE  THEMERG - Bk B AR
A RBa A EREEAME -

FEXMET EFTURKS A A B (Graph-based) & 7 7% ~ AN IR
(Template-based) &9 7 ixFu LR E 2 E (Deep Learning-based) #) 7 7% o £ E
B kA [36] BREHBGMRIFAGBEERRT ELWFEREGLR LA
BEEREER ) FHE > 37 HHERGHR P RO —BEERRTFE
AW 8 T ol — A BAEE 0 AR E MR Multi-Sentence Compression Graph
(MSCG) [38] AEABALE EI5 4 i — B30 % 6 F o ENBARG T A M
ATEFTOMETEREAR > BRMAIRTERFHERZ T MNEAMAR * [39]

16



E e % &) T ak4E Bk (Multi-Sentence Fusion Algorithm) #£ A T3 5 #9452
TREIRAAR 0 HEE AR EAAH BT R BRFPHERERNFE  RRE
BEFABETOMERL RORZ 6 M4 R BFEHIR > AR R ER
RBRAELIE - MBAREEOHE N A LN EESL B (Deep Learning-
based) #9 77 7% o [1] AR ER B QT 20 AT KA

o R EH (Query-based) : [40] 44 & B F BT > RARIEE W
gk vayBMh& > AFAA LR EH XA 4o Pointer-
Generator Network [41] ~ BART [22] ~ HMNet [7] &£ 48 & ©

«  E RN % KK (Multi-Modal-based) : [42] & A L& B /X & 2 (Visual
Focus of Attention, VFOA) Y A 45 8% » w R —EEHHZ TR S 9L E
N EERBER BRI THNZZESHHE -

«  KkEHBFHEAHA (Summarization Models for Long Meetings) : [7] 42 i
THERARREEHRREKRTERN T 2 HERH WA RNMHBRET
ERN O RABRGH T I THEELHACHE B ART =4
RIEERMAG % (1) 12 A Longformer [44] B (2) etk k14 4 A
A (3) £ A HMNet M5B H3E%EEA > kAT AR EAERLERA
M Tk o [45]) RE TEHEREEE 2 (Dynamic Sliding Window) & 77
H o BB T AR ES T BRI LT XK o SummV [46] 4E
42 G, Ak B Ao dm b E B PR B A B RGBT Y 0 £ S AR
A AR BT > RERFECE RR& G @B £ ° DialoglM [2]
I T —HEENET O E R EHERBTAIR 0 BRIFEH R
BEIIANBAEBRA N IRABR ALK T A HANE O EE -

«  EMH % E M (Supplementary Information-based) : [47] Fv [48] #3%
REHaN > BE¥ 47 RET —HEANTHEAZTN M EABES
EOERERMAEREZRAX o 48] BEAZBR MG eHE
THRATHRE  ALERESSEHLETEL - [49) FIAZEZ
Bl ey $35 /T A BATHER R -

17



R2IREEE T ENH

© AEARIR RK SLAR 69 AR B ATAR B 6 B R &

c AMRBEARINMHREE > FEABZEEAL
(Query-based)
ER S

© A XFN AT AR > B REF R
A S B

G

YT 2RFHRIIER T R EBAREL
(Multi-Modal-based)

E 4R o R FEBERBNGRE > L2445 (1)

(Summarization Models Longformer % (2) St k& £ RAEE (3) iy
for Long Meetings) & AR
HE AR A s FARABINFREALFERA IS

(Supplemnetary Infor- | . &, 235 B 45k ~ #3474 ~ S AGRAMBF S
mation-based)

24  hRBMBBA R E

R BEARN T X > B TREMEN T F > AMRAIRATERTZH I
ARE BRBMEE YR RERBE - AT T H RS A5 F DRI B Fo £ R
% [50] [51][52] [53] [43] °
[50] &3t T %oy fRes 5 BR > % —Brs g A A7 Transformer & 45 5

AR— BTt F7 o MRS IR EE R RTES > BWA
2| BERT ¥ > K% @@ M AF 740 BERT £ i rssbrek  EHE
# Transformer # #3245 % A 5B B B FARA3E « [51] B8 BME 4 FBE
A FHEFOT X RERDE - [52] AR XM FTEEL T > AAERTH
PERCT AE 69 B 45 7 X 0 B4R A AP A8 AE A I8 4b R 4 AT SR o DA A AR R #4003
£ o [53] i@k A A5 GPT-2 25 A A R E (Perplexity) F a8 Hik > BHEE
bR KPR E AR T RAZEBEZOMM T TRERAALFHX



1R E A 4,268 B33 69 KB RAE AR o [43] £ HERS BRMER T TF-IDF ~ BM25 #v
Locator [40] =#& % 7% > H ¥ Locator & &7 BERT &9 54 & 49

TF-IDF (Term Frequency-Inverse Document Frequency) /& —#& # B 7346 £
FAEXH T ERZMEGIEAR 0 &S T F4R (Term Frequency, TF) Fo i U438 &
(Inverse Document Frequency, IDF) °

F4A (TF) th3t B H 0% -

Tll]

tfij = (16)

ank]
B d; THF kBER > aBARA EAHRRENEA > 5 F ny
i 4R % (IDF) 893t B ik -

idf; = log (17)

|{j: ti e}

ID| A3EHE b e (it €d)| RAGAEA ¢ X AHBE -
BERGEH BN E MR :

tfidf,; = tf;; x idf; (18)
BM25 ) —f& A= ¢
SCOT'Q(Q,d) = Z{L WiR(qir d) (19)

L9 Q £FEW (Query) g RABNF O ER > d HBIFMEHLE W,
BAMMHE -

BAAMBRAE ARG X EMREEXAER I, ENBE > —EH %
§XZE @ %RILEE (Reinforcement Learning) R [EIREFEIE & © [54] #H 8) F4&
B 6 RO E H R A B ik MBS 2 B e R T 4t & - [55] 12
A 4% & %5 8 ROUGE % #1F 3812 E B 4% -

19



25 HEBEIN
3535 B 2147 (Dialogue Discourse Parsing) & —# B AR3%B T RIL M > § &
X ARG B R 633 & 14 0 BB R H S 5 2 [ 642 4 o 48 JE &Y B
HREMES AL ROHIE P NI -

HIEZR I TURRA — RO FER - Bk —BkaFEHIEK
# 8 & K332 2 U (Elementary Discourse Unit, EDU) » &2 RZE3ZE TR BRI
FREAEAL ANEATIXATEAERNEBLZREL  BEANENZTAY
B REGTFIRE A RABEEANT A THRREFZZEIMERD
REHMERAE > REHA LA TREYEREEEALHREMETAF
Blegik - #% > EWHBRP o BAREZEAZIMOMG > BREHGLFERE
# (QA_Pair) ~ #4& (Continuation) ~ it (Elaboration) % &4 78 % & & 47 6435
Blith - HEZEIVEBTHAETHESNE —F > SXFRIW -~ HE 4
Yoo MEEFE HERMRE -

Dummy Root

Uo UO
A: | can give a sheep or wood for a wheat ]
Ul Ul
Uz Us u, U Uz U,
Q_Elab
QA_pair Us Us
Ack

B 2. 4 3535 5 21 HF SR AHK 45 1

B 24T ACEBHEERIMELOEERMAGEZ > TRESFFSE
8 R KA RBHE B R & RAEXR -
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251 HZREHTE
TR RARIZFELEHBNER 0 BREHELA L — N Ui AN XA
BlfA ey 38 3RIE2E > X B4 =4 %4  RST [56] - PDTB [57] #v SDRT [58] ° 14
5 45432 % (Rhetorical Structure Theory, RST) & A Rl B B 4B EE LE X
IR 15 a9323% - £ RST ¥ > ZROLEHAL—E—nkt > BEHBEAF B3R
R kB BERE C SGR - HIEE TEHBXMAEE—R TS - HE M
%o BP— A (BO) ERMHEREREENE AL, —EHE (FE) 6T
M A EE o Penn 35 B #1/E (Penn Discourse Treebank, PDTB) & — #& 7354 &
MBRER O CEASREEEER TRE, ~ TA®M, £ i THEW
"M, TAME ) FRMEXATHEBELEMG £ PDTB ¥ 0 BES
BHA B MAAREE BILTREAREEE TR AGREHM
Bl 14 o 3% B & T3 % (Segmented Discourse Representation Theory, SDRT) &
—HELTEREHBEEERNER - £ SDRT ¥ ZENEHRI—EAH
B> BEG R —EELAEAT LAHBZHMM LA ENERET
SDRT #:Z R ZHMMARAFTH —HREMOMAE  XRBEZREEEPH L
Z Rk BT TR RREIEE PR ~ 3535 - H RS -
ARBHFNHERA N B REMBE > RST TR AR ESE
A HNHETHRSEG RN ZH MR T E > RST N A
Mo sbgh » RST RAFABAEEZ R M 1A - BN EFHABE Mhe i
R BRFTHBEAGHR - @ PDTB 93 £ ZHNEHE > Hitb Rl
FERNERIZRYRRE EHEAER AEZMERM G oEEER - PDTB
EZHEN TR T M EENG HAEHET  SRINEELNERLEH
FoH B A FORENMR o SDRT R REEAMXEHFHFZTREN - TZRE
. HELTXER  HFPeF5— 4 F4BAT X A% XA K - SDRT =T
DAARFEHSE P oy iE AR M 0 3 H AR AR AT LR AR T A BB 1A
2. HMRBREREHMRE: ALHHET TANARSMNEEEETRESTY
FFra ¥4k o SDRT e R BB AR NEHE > ETREREWNZRE
ﬁ?F o
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3. HEAMEE  HEPEREYGARENHENT 2 BATHEGE I - 4]
oo —ERFTAREIEH AT BRINGEMBELE > EXBELSHNE
FRRAT @O P R - SDRT A S @A 3% KR IEAE

252 IEFEETEHE
T BB A A E B A5 4542 R AR R A B RAE ¢

Unlabeded Attachment Score (UAS) : #5412 RBE B EX MMM L& R F
R ERETAR LR -

«  Labeled Attachment Score (LAS) : #5128 T ZRFEF X4 &AW TR
B RS > ETB R ML R TRRIEAE o

UAS #u LAS RFE AWML BRB T REEHK FERELE B EM Ao
12 o UASHI B RZEMENERN > M LASRASGAXE TEEMLEMEER
fhoty R -

LR ZFEINAERT > ARBEE RO THEREZER > Y5
& STAC[10] #= Molweni [59] ° STAC & — B R B 4 L% e 5 AHEEBHE -
CAATRAER T SEREZMOHEIAR > R Z A8 3 o) )15 fn 5 R 1F
B o STAC $FF B R HE A A BHLO X AT TUE BB ERHE LN
FH2Z AR IR o 75— 8% A& B E R Molweni € &4 Linux 34
WIE T ULE MR E) - Molweni &8 T RZM# Linux 4 #fBilrayzimine
B ZEEMNENFRBEROSTET R T HE > AP S REIMANR
B~ AR RN R UREE S AL Z MR -
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2500 A
2000 A
1500 A
1000 A
500 A
0 .
3 f f = =, ] f oy > & < Q 3 T fo £ T =
< < I = g K7 7
g 5 £ g § 5 § 885 3 § 5§ 5 8 7 £
§ & § 5 &2 5 g8 8 & £ £ F 5 F
£ S o S IS 5 S g & & K £ & 9
S 5§ ¢ &g 3 § & £ ¥ £ 9 o
§ @ H S g O § < &
v £ S
N [3] 9
= < 5
5 g
(s} S
B 2.5 STAC 3%EH# & ¥ B4 287 43T B

B 2543 TAHZEEEI AR INkeFAE R e EH%E STAC ¥ - BT

KT HATEERGE A E L -
ARAE STEK [60] F #9047 > ¥ STAC F= Molweni i& W18 B & AT T HLE »

B

FH T AT
F35 EDU # E : STAC #v Molweni &5-F3) EDU =X A A B E £

1.
£ -METHEAZREHROA LT @BEAM - BT BUNER

HE RN

fh AR5, 0 STAC #v Molweni H18 Bk &4 A 693 £ A &
Molweni & R B W18 & B 48389 B A& > STAC &2 T 45 T &Y BT 3%

R E A SR E -
— oAk RLERM - BTRARA STAC Fo

K £EZE R
Fo B ¥ & > M Molweni Bl & €4 7 #2 Linux 48 Bf 89 & A 3 £ Av 735

Bl 14 % : STAC F= Molweni Z ] &) Bl t4 -t A8 - 2 R AT B F
HEF » BEMAYEA o tLF i — 5 - THNHE T EE

3.
ERBRMAHRELRAE 60 BACMT A A AR RE

S F AR
23



253 HEZEIMFE

HEZEIMEBR T ERAZZI ML)  BasRAR e EaEN
Btk - BATA N EZNHEZRIMHER > 45 &/ MST [61] ~ ILP [62] ~
Deep-Seq [63] ~ Struct-Aware [64] ~ Hierarchical [60] #= SDDP [12] ° #&4& & ]
BREGEAR T 7% 0 [70] M2 se B AT 5 S L L ¢

«  %#5 (Encoding) : MST #2 ILP 1 A1 MaxEnt [65] & # m{EEEZ 89 5
WAH S HETHRS BRIFRFTERNEFZZZMGMG 22 AFE
g8 F0 £ F X A3 o Hierarchical # A MA@ AN — A B X 6945 5 R
A LT XHEM > Deep-Seq Al RZBATAR A A M4 ER  AEALD AN
GrEBRBIENTE SO NE > RARETART XAB#HY  RTER
FETRRSENGAERT AL EERESENART AR, EHFEH
PR R Ty R R EATIR B 899I 4R © 3% > Struct-Aware & T AR A E
FIRAMIIANT 2R BB RELAAZEZZIR MG  HAETHEFIELTED
MBI  ARCRIF AT AR ARG E R - AN EEL
A AR RS B 698k EE  SDDP IR T — X 2wmBmmaE > EARHMBER
LSTM K 445 LT X B > BBFFRFF T &4 T e B M -

« MR (Decoding) : Deep-Seq  Struct-Aware #v Hierarchical = AR F » 4&
Ao BAREFBARA S EMB LS GBI AR - £2EEX
T —EsRFAR ey s B o ILP ZEBEHAEMME (Integer
Linear Programming) & #% 3| & #% » B 8 A # A LR LR AA B
P RS F RO AN TR A AR AR AR TR o M MST #o SDDP 4 & 1% A
& K4 R # (Maximum Spanning Tree) ##45H 7% > £ 5|7 MST RAETER]
BhsE L AT E > M SDDP A4 & fo B fh iR — B =4E 2 - [
B SUAT A R At 8 AR A5 -

o 44 B1R &9 TFRA ¢ MST ~ ILP ~ Deep-Seq  Struct-Aware Fv Hierarchical 4%
R a2 S Bl A0 TABIAR AN IE R I RIEF, - AATARRE L TR
fo RAGHEFAR AL €TARIM % - SDDP @A 3E3E ~ B4 22
R AR ER  ER LRGN EEE -
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o AIFHEEM : MST ~ ILP ~ Deep-Seq #= Struct-Aware # £ i 7 —4t AT
I R AEMAZ T REEEAT AR —EEE - REMNE —
BEBWR > RAFFTH I MGERY - SHFHAERNRMRIE R
B EREE > TREBRBAUGRERS LR ABERBINZTEATRS
MEH . TERABMOERER > ZHERAAETH - st ER—EFE
MR BT SRR H 89 o AL T > Hierarchical v SDDP # %! 7R 4K 33
BT AE AR B AL o

R 2.2 #H BRI SR

Link & relation Use fea-

Models Encoding Decoding
prediction tures
MST Local, edge-wise Partial MST Separate Y
ILP Local, edge-wise ILP Separate Y
Global, two- Indp. Multiple
Deep-Seq ) Separate Y
staged choice
Global, fully-con-  Indp. Multiple
Struct-Aware . Separate Y
nected choice
‘ ' Indp. Multiple
Hierarchical Hierarchical . Separate N
choice
SDDP Global, structured  Fully MST Joint N

26 X AEAMESER

ARG HMBRABEEHR L XRABMELZEFT LM EZ— - T8 >
FEARAXAREET R ARZAME RS EREA [66] KA H 4 FXH
eYAa B > Mg A TF-IDF & B 6 8k 5% A8 U [17] Fv £ 7E A2 35 & 5 #7 (Latent
Smantic Analysis, LSA) #98x3%48008 [67] ° LSA Fikehie & % T eiedriz4e
BEREERARLELEHOMA  pllo—&EPRE TBUF o TR,
THRAERRKEE M EHAATE TN LSA RAERFAZHERSAR
X3 6 FZ R -
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[68] f£FBRTEARUE R BHR X AN MG HEEA T o BRY ST
WATHE S - XM Py E @R — EHIRER > 58 M —FF/ER (Docu-
ment-term Matrix, DTM) » #& &~ XA+ % REFE HRGBRF - 344 A TF-IDF &
T RIE > R RBFEBHE LM -

AL EE DTM B % & E 6% & 2 M AE A (Vector Space Model,
VSM) B8 X4 &R A — B g 0 P BEREFEE AR F
B EFAZHOME BREREER AT > BEFEEH R VSM ¥ 8
— B BEAXHHRS EOBEM T —ERE -

BRIEAR R B H ke T

a -b = |lall l|b]l cos6 (20)

KX Q20) AtEmERE af b RAMH ALK - RHNERARERERE
B RBBRRACIFIZ N kA eERTEMA -

a-b

similarity = cos 8 = YRR (21)

BRIZABME cos O HBFNBEHRURNER Tk ERBEMIT -
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F=F MREFIEk
31 FMABEiREE%

BHE—BAEHEIXMHD ={uy,.,u} > OB LEEEHR - HF > B—KMERK
WEREHA > €A ARS RS B (Chunk) > M3k K F 224 At
A DialogLM & 18314k » £ —REF R ARG HE R HEETH 10% &
EHXAEAED P HMERBEEIFFER - AT ZRE —BEREREOXF
EERIARBUFEDE AT EALELY > B1F A DialogLM 4R » 536
KN E 10% YN KE - SBIEBZAFN I nE > BEETHEIXAEH 10184

AR C = {Co, oo, Co) * BABMMIEZ G | = [10]

MRS EGBAZERZRARAEE p(y;|¢,D,0) > ¥y, €{0,1} &35
¢ ECRERIGOLTAMER Gy, H 1B ARRGHESY - &&E > RE S
#p(1l|c,D,0) #HEA > BAT K B AREHE -

A Cx R -#HBBEANEL RGER > ZIFAE KRB GBI - £ 4 RIEKY
BRAZAR—MBEREAT OHEW ={w,wy, ..., wp} > & TN Cx Fo AT
ERMAXT we * 3HE PW | C) = [T Py | Ci,wee) ©

32 wmEBREHERAY

321 HMAEHE

SRR A BRI A RS 0 ARSI T =Mk 0 B B
4B HeterSumGraph ~ #3635 B 3147 Fo SURABBUE © H38 35 B 341 2 &
HEFFo i3 04 B R AR UK F A& 0 U AUE B SRR 01 M8 & Shoe U
&8 SUR A B

27



=]

May

Graph Layer ( Transformer Block L
Word f ————————— -x I
Encoder ( 1
Document I I I
| | [ | E- 1 @ | | Transformer Block 2 |
| | [ [ | ¢ \ )}
| 1 | 4| TToTs /T |K Transformer Block 1 )
1
| | | !
| | | ) (—LS ~ —= O Token Embedding
l:’ PO 5 S5 : Position Embedding
p Sentencek \— L — Segment Embedding
chunk Encoder

e | [z | {05 | [ | [5 |

Sentence
Selector

B 3.1 42 42248

Bl 3.1 A2 4B TEE > aAGHRRATHEILRFH SRS ER
(Chunk) * BER SR EW X AR RIEBEA—BEFEZEGT > LARBMMRER
GTEEFL TopK BERZOXARAR K BLEEREFROIRRBEMEAERSOH
AN BRBARERAGHME - AP MRMSEERA T 5 WRMEERE
BRI EEBEATER ©

|

322 #MRA{HR

Graph Layer

Word Node /{ ————————— -m
II Word L @ I
Word I Encoder I @ @ I
]

— e oy o

TF-IDF
Sentence Node ( —_—wm——T =N
l CNN _ r 1| .| Sentence | __,
Sentence {7 gncoder BIiLSTM |- ( . _1_ _ L _2 J _’I j Selector

B 3.2 £EEAPLEREA
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PR g A o942 A HeterSumGraph > £ — B 2 H B AP & 48 > £ B EH &
BHERRE G FHOMG - BB FHBREF LS ER G AL -
BB ) T BT A IRE A8 M6 B F R 0 B 6 EE 8 BT
RERB 6T AR EST R A -

BER B X, TR X, RESMEZERE G AR
& 48 (Graph Attention Network, GAT) [69] 2k £ #7 & 5 ¢4 & & :

Zij = LeakyReLU(Wa [Vl/qhu th]]) (22)

SHEEE ( FoEE IR ERNIR D z; - BER W, HHEN S
[W,hi; Wihj] 898 M40 5 4838 LeakyReLlU # & & BAT R « L+ - W, ~ W, F
W, RTLE M T4 hy Fo hy R EEE | Fo i 26 j 69 FFHURT -

exp (zij)
aii =

)7 Sien; exp(zi) 23)

g‘l’;é—éﬁg\}i i %‘fﬁﬁg&] éﬁ/i%j]#éi aij ° /‘i%;j]*éﬁda Zij é’]%}g%’(ﬂﬁf‘
exp (z;;) RUABI B § Q9 HRIR N; AT A exp(z;;) e9Fo MiF > HEMER softmax
RO BRERAMERE L -

w; = 0(Qjen, aijW,hy) (24)

A BB W RMAOT w; o B RS { BYARRN; FATH RS j AR ELEROT by
Itk it it c MERERNME a; RAFBHEER W, > ALB sigmoid
o BOEAT IR AR IR

z;j = LeakyReLU (W, [W,hs; Wichj; e;;]) (25)

BE - HN Q) BUT GAT B > BEHE e AR T URIFEEAN T

Zij °
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Uws = GAT (Hy, Hg, H;) (26)

H"™ = FFN(UgSs + Hy) (27)
ULEL = GAT(HE HEL HE) (28)
Hs*t = FFN(UsZy, + H;) (29)

BBt RERT B H EAEEHNEN  ERHEET H, FARNE
Wi GAT BB FH BB B MM EE s - ERBEEEN 4R
WA BER e BT T > FEIME Y FHE AT HY - Rt B
HY' fA¥we FHEikrs BRAPEFST —REXRGEIN G BB LT
HLPL o 5 RFUTEAR N ERIERE > AR ER ARG THERRE -

323 HIESEIN
HEBEIHEREA R SDDP - B> #H3EE - Gt EHER=
“ry e R &R

i = LSTM({Vuc},_, . ) (30)

%M Bi-LSTM RZHMETFTXER £HEX 5) ¥ #HNE h 4T A

n
t=h+1

LSTM BRI h+ 1 Bl n 0997 A EBAKE - &7 A {1V} ° AR

KB RATHEEZE U, RERZIERE@EOIES -

Ve = LSTM (Vo) ) 31)

Blikey » £EX 6) ¥ HPRE m 7> R LSTM EREMF 02 m—1

BPT A SR IE 0 B RTA (Vo) o B T RER @EEEEE] U,y R -

Vim = Vim + Vi (32)
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BX(7) %A T R LT XRIEAAT D B AFA7F0 51 6 1 Sk E A8 Ao o
fb o7 e ROFDX+Dx20 pozomyr s plwg s o n ARBERE  d &

TR e
Opm = Linear (V) (33)

BEEHVBGLAHE 17T EZEHGO > BBEMBBRATR 1
\—_1:, 0 € R(n+1) x(n+1)x17 , ﬁ"i‘ (32) B 5T o

324 XFBME

B RAMEE G T AL & F %14 A Python & SpaCy £## 3B 1L > 132
B84 Feokon  HF BN FRE G FRAL N FORZAAME  REGES
BT Top-K 18 S A8 6 1% 3 4) F -

326 ERAHEZ
DialogLM & — B E# % 0 X FANRKRBEZHEE » & X —EES3 n BEZHX
BRHIEIXARD = (x,X, .0, Xy) * EFZEHR KT —BEHZ3LEH (Speaker-
Utterance Pair) x; = (sju) - A EF B2 BB RYED W=
(%7, X1, 0 Xjym) * AF3RTEY 5 FEEME A M GOSN 0 R AT FHAE
v W= (%, %41 Xjem) °

FETRINRFEER A R0 & 0 B R AR 6y 38 H Ak AT A 3555t R HE R
—BRAFF /BRI - BB RPN E BT AN E O fo i3S AR
TREZRREED
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* 3.1 #HiE R e

Noise Type Description Example
Randomly mask 50% [MASK]: Good morning! How are
Speaker Mask
of the speakers. you today?
Split a single turn into
multiple turns. )
o Tom: Good morning!
Turn Splitting Keep the speaker of
[MASK]: How are you today?
the first turn and mask
the rest.
Merge multiple turns ~ Tom: Good morning! How are you
‘ into one turn. today?
Turn Merging )
Keep the first speaker I'm doing well, thank you.
and remove the rest. How about yourself?
. Mask the content of Tom: Good morning! How are you
Text Infilling .
the dialogue. [MASK]?
Bob: I'm doing well, thank you. How
Shuffle the order of

Turn Permutation the turns within the

dialogue.

about yourself?
Tom: Good morning! How are you

today?

32



fwE TRRIFELER

41  RTwEH

JE &AM 2 AR T AMI [5] #v ICSI [70] & B AT RAEE 2 A 0 3L 35 43S
BoRTOLLBERGCHEANEE BERETERGARNE T B LLHE  IFR
FleaFR L TAF - AMI 8 R3R A —ERTE R > RFAwmELaE 5% @ &5
432 (Project Manager, PM) ~ & 4§ & % (Marketing Expert, ME) ~ /& A & /> @ 3% 3
&% (User Interface Designer, Ul) #v T ¥3% 367 (Industrial Designer, ID) ° 3 [
Wikt R — B EREER - ICSI & & B ERHLH A (Interna-
tional Computer Science Institute) T4k 89 @Rk > LR AR Bim &

¥hoiir 28 BREFZPFHAHNELESEE -

& 4.1 AMI BH & & %t #3%

AMI Counts Max Len. Mean Len. Med Len. Min Len.
Traing 97 7222 3772.86 4025 572
Validation 20 10269 5378.7 4998 1354
Testing 20 10041 6043.25 6512.5 2362
Total 137 10269 4338.73 4378 572

4.2 &k

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [71] & 346 & & X1+
WMEFRAGT % o A8 @ F (Recall) 1 HFoA% 3P 1612 » AAEE 8 B A RS
WMERSEMEZ M FERAMEE -

33



Ground truth

Positive Negative

Positive

Predicted

Negative

B 4.1 2F&Em

TP
TP+TN

21)

Recall =

B @ % (Recall) A ~FABERAHIELKR (TP + TN) ¥ » EEELHEHKAE
(TP) tytets] - BRI R ZREBAAEHRE Z S0 B K -
X P 89 Rouge — N Bk

ZSeReferenceSummaries Zgrumn Countmatchn(gramy) (22)

Rouge =N = o crererencesummaries Sgramyes Count(gramn)

#£4%5&3F 46 F > &41F ROUGE-1 ~ ROUGE-2 #v ROUGE-L * ROUGE-1
RANBFRA G4 HEBRA RN EF L LB B MERANERE -
ROUGE-2 & A7 #i2 3 (Bigram) KB &h3F 6 > LR T B EA AL -
ROUGE-L 8% &7 & &k £ F F A 7| (Longest Common Subsequence) %43 &9 3F
& &% RE EAGEF -

LCS(X,Y)

Ries = T (23)
LCS(X,)Y)
Pps = n (24)
2
Flcs — (1+ﬁ )Rlcsplcs (25)

Rjcst szlcs
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NRAF X ATEERE Y ETARNBE mAXNKE nAY ®
KE - LCSX,Y) A X FY X RREARFFY B A—ELSE > BF €
BRELLBANBE REBZUFHHE -

43 ER&X
RAQHAF XERER
AMI
ROUGE-1 ROUGE-2 ROUGE-L
Baseline 51.24 16.97 30.47
Finetune baseline with
50.6 17.39 30.47
HSG
Finetune baseline with
51.04 17.73 31.24
DDP
Finetune baseline with
51.69 17.49 30.64
CS
R A2 AERPRLER BEB =R IHIXEBEZEROXRATHALGEERN >

APEBE E R R ROUGE-1 3542 L2 A RS AmHENt#F LT 8
ROUGE-2 #2 ROUGE-L #[ 88 % 2k A 2L &9 325 o

431 ERTHR

K43 BLMBREAEBRBEL S ERER > TOE B AMRMEEN R E K BE
BHRYG > BEMAR - XAGELERBRBA > BHFKERRF > T
fE 6y B B % DialogLM €% 8 2| T X 69 #3% > B eI & KR T Hi e in
B
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k4.3 REET EST &R

AMI
ROUGE-1 ROUGE-2 ROUGE-L
Baseline 51.24 16.97 30.47
Extractive ground truth 51.19 16.58 30.4
HSG (5 chunks) 49.45 15.3 29.18
HSG (6 chunks) 50.08 15.54 29.13
HSG (7 chunks) 49.99 15.56 29.08
HSG (8 chunks) 49.71 15.6 29.01
DDP (5 chunks) 50.34 16.41 29.28
DDP (6 chunks) 49.78 16.37 29.13
DDP (7 chunks) 50.26 16.28 29.66
DDP (8 chunks) 50.69 16.7 29.88
CS (5 chunks) 48.92 14.99 28.64
CS (6 chunks) 49.03 15.45 29.21
CS (7 chunks) 49.71 16.05 29.53
CS (8 chunks) 51.39 16.79 29.4
® 4.4 B ZALAE
Pre 2560 tokens HSG(6)
R-1 R-2 R-L R-1 R-2 R-L
Baseline 51.24 16.97 30.47 49.12 16.19 28.81
HSG(6) 48.42 14.58 28.78 50.08 15.54 29.13
DDP(6) 49.28 15.88 28.99 49.42 15.86 28.99
CS(6) 49.46 15.28 28.71 48.64 16.46 28.98
DDP(6) CS(6)
R-1 R-2 R-L R-1 R-2 R-L
Baseline 51.08 17.79 30.38 51.46 16.64 29.75
HSG(6) 48.94 13.80 28.38 48.20 14.53 27.87
DDP(6) 49.78 16.37 29.13 48.67 14.36 28.13
CS(6) 50.25 15.91 28.94 49.03 15.45 29.21
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% 4.4 BB RE AR EARRARE DR E DR E R ERBA &5 R -
R FAAGBA 2k ) Bt o

432 #EBRABELEX

* 4.5 ®I%E ROUGE % 3t

HeterSumGraph DialogLM
R-1 R-2 R-L R-1 R-2 R-L
Ext. ground truth - - - 51.19 16.58 30.40
5 Ext. 75.47 69.47 73.19
49.45 15.30 29.18
chunks Abs. 22.31 4.79 19.91
6 Ext. 78.91 69.83 75.06
50.08 15.54 29.13
chunks Abs. 19.49 4.61 17.52
7 Ext. 78.86 70.69 75.35
49.99 15.56 29.08
chunks Abs. 17.30 4.40 15.62
8 Ext. 78.27 71.71 75.53

49.71 15.60 29.01
chunks Abs. 15.15 4.15 13.69

B REM RS R R BR A+ EE ROUGE 23 - P #RKX ey 228
ZRAKREEXSLEREZY > BEHFREHZXATE S FE ROUGE » 2k
ke -
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433 HEZEINETR

\
%

1

[(09 19 3)? (1’ 2’ 2)a (2’ 3a 0)’ l l l A
(0, 4, 1)! (4’ 59 3)9 (5, 6’ 2)’ 2 5 12 16 19
(6,7,0),(7,8,5), (8,9, 8), l l l
(0,10, 11), (0, 11, 8), (11, 3
12,7), (12,13, 9), (0, 14, 5), 3 6 13 17 20
(0,15, 8), (15, 16, 0), (16, l
17, 5), (0, 18, 3), (18, 19, 0),
(19, 20, 11), (20, 21, 5)] 7 21

8

9

B 4.2 FAB &R E & A At

HEZR I EHARALNERGA—B=C4 (u,v,r) > WwE 42 Fiom > HF
FE=cany KA REHEGRFARCMZEGEZR MG TURFLERL
ARASHIK $E A% o
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FREFE HHEXRRRY

AARRET —BERDTARBEZYEFTAFEHALY > ZHEAUVEARBEN L
FAERE A R B - EHBREER > RPIREA TR FT A REEZTZOIRR K0

QR A EAEEE - HEB R E g TREEROBRZAAME - #
PRASTHMEL B 2ley TEaANKEMA  f THEXEHE RERH S
BIFRE ki o BBREHRGABREZAE RS X > BMIEHBRERELD &
ERERBERAFFIG A o B FIAHEZRIAREFE SRR BRA YR
R A AR EAGSHGMAINRSA o RITRAR TIPS B EFE LR
TREMEBRSOXARBERETURABEYLER - TRERKA > =4
FiELEEZH ET XA MY ROUGE-2 fv ROUGE-L 34 T4 B4F T A 26942
g-l- o

ERRGART > BAHLAERIINE S RE G20 R BB EHEA F >

Blian AT ARHZZEIMOMGEN > UREL - BB FELEHEE -
9h » KRBT A A (Large Language Model, LLM) &k R#F R a8 % > B tbhofy
B A E R AR BT A A b —BEFRTORA - LS @ 0 KA
SEEINBFAARFEHG T X > AR 2 BT R 2L -

("
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