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Denoising Graph Auto-encoder for Unsupervised Social Media Text Summarization

HE Rui-Fang'?, ZHAO Tang-Long'?, LIU Huan-Yu'?

'(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)
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Abstract: Social media text summarization aims to provide concise summaries for large-scale social media short texts (referred to as
posts) targeting specific topics. Given the brief and informal contents of posts, traditional methods confront the challenges of sparse
features and insufficient information. Recent research endeavors have leveraged social relationships among posts to refine post contents and
remove redundant information, but these efforts neglect the presence of unreliable noise relationships in real social media contexts, leading
to erroneous assessments of post importance and diversity. Therefore, this study proposes a novel unsupervised model DSNSum, which
improves summarization performance by removing noise relationships in the social networks. Firstly, the noise relationships in real social
relationship networks are statistically verified. Secondly, two noise functions are designed based on sociological theories, and a denoising
graph auto-encoder (DGAE) is constructed to mitigate the influence of noise relationships and cultivate post contents of credible social
relationships. Finally, a sparse reconstruction framework is utilized to select posts that maintain coverage, importance, and diversity to
form a summary of a certain length. Experimental results on a total of 22 topics from two real social media platforms (Twitter and Sina

Weibo) demonstrate the efficacy of the proposed model and provide new insights for subsequent research in related fields.
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LR ONAL ST IR 2R I 2% T AR R A, TR DA — b S m e J 2% MR PR S AT I 2, — 77 T A6 4 RS 2R e 08 2 51 IR O 7%
I o0 246 v R 7 0% A O RE 0, 53— T3 T SIS 1 R A v s RO, AT EE S 1 B0 Bt IO BOE B AR IR, KR
P [ 4B o 2 B it 5 b 58 1R SO AR S LR AR G R0, R R N 8 3 T i A 14 49 Sl S v R i
e 2SIk IR -
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EAEES ERAEIPS

T\ (2) VAL R AR A

72 [ DA B 15 EEFE 1)

BERT %ifid#%

1R
PR S 13

"""""""""""" ot
K2 DSNSum Fi 54k 44 P

4.1 HEZXREMELE

T W A /N MR KRR i, UMK EE SOAR A A HE LAIRBIUR W8 15 B i AEAL A AR IR BE R, 4
SRR AE 0 48 1 P8 FMRFAE G4 BA X VR 22 T IEAT 2547 SR80 A B0 o, AR G 70 B> S0 T 420 — 3
PEEIRAE A AT AR B P AR AL, ZIRTR H, WA F P AN ) A R R (1 R R R SO S R
I AACAE Y EEIS AR, VE 2 AL AT DR R OV S Y A S I A AT AR B S IR S R I R, AL
1t — P T B ARG T () AL 2 O R IV v, IF RN 25 8 T 4 A — S S5 Ak A AR Je bk B R Ak 2 2 20 TR A,
TR TR R AN G = (V.E), s T Wk V 5UES &, B HFR DT, BRILER
WFZ MR R, WETENT: T — MNP u, SN ={w|l& =1} FxAFFu, WARES, £
Pu) = [sd&s = 1) R P w, RATHIMG TG 5T Bk S, # B0 9 AN HE UG B 1 200 AL 22 56 &R
X 25 :

A S WM T s e P, Bos; e P, WEAM T Al s, 5 s, Z AR — 500, Wt i, mE—AH
FUR A F 2 TS — 2500 % BRI T AR — B SR R P

MAARGAE: IR s, e P(w),s; € P(uy), I B u; e N(u;) Blu; € N(wy) , MW T 88 s, 5 s, Z [l E L — 2534
AR, FoVE H EAT A R K P R A I 2 RIEAT 38 T %206 R R T AR A A Ytk 56 22 257,

AR bR BN, 7T LAAS S H - A5 5 R 2, FAR S A4 7T U AT HEHERE A e RV SRR, 1M 4 KA
BT SRR Z R B 3122 6 R M 208 1 26 R VR T 2 (AT (5 S AL HE, A REas i ms 7 i B F
SR, R TAS BRI 10 B
42 IEEME

Z AT T TARRAE T 4L BB TE AL A B BRI A7 AE, 4G M4 R F0E — S5k P05 Rk A% ek %L Al
B ¥ BAT AT G FAHIE (Rl S8 ) T B AT AH AL A S FOUE A SR, JSEtH S (AL A2 X 2% 8 B & A T 5
IHEAE 6 2R, AR SO IR SE AT A4 2 2 B G BE K55 R AR M 75 56 2R AR o LS8 (0 20 5 W0 8, 3R T e

o ARG F: AN F P B B A28 06 SRARE, AHR AT A AR G 1 9 25 B B AR AR DG .

o TEXR F: WA F P LI A2 O R, AHRARATT AT 1) P4 25 LA B v (R A R 1.

F Xl FH P 2 T) B8 50 2R (R 1 00 L SR A5, T e 48 00K A A e 75 6 SR T AL 38 I 465 Hh ) B0 2 L TR



8 BB oo e b g e

SR, A9 T 1R FEEUIR 2 P24 T 7 5 2R 1 25 AL, I TS 755 A B R 2 P AT 2, K S — L g
iRk 5 0 2 T X R T R, 3 5 AL P 8 S BB M T2 1) 56 2R B A A
S R AR R LR I 2 R A S A T2 DR LA M 26 R PRI, S R T2
523 5 5 P AR DL B — SOME SRR T T2 B 5 R 2 75 A M 78 5 2. TR AR AL M, 1 T2 0 F 5 36 R ARy
RV J g, = | RAFWT s, 5 s; Z A KR, BME, = 0. X TF R A — KT (s.,5) A0
RN EA AR, (HR 08 2 A @, TR 0, MK T2 005 R0 o K 5 s R, o
A2 B R, EJE 2 1 2 H LR B T B 0, M A2 I T 36 R FE ARSI SR,
FH BERT 1 387 4505, 758 B0 1 P 25 77, I EL PRV 7 P 3 0 2 1D ) A 2 R 3 S s 7 P 75 2 )
FROARIIDLEE . 350 — i s LS A BB (85I 56 Ml i 5 2R 17 0. AT, DML O [T (EL 2 7 T B0 0 45 o1 6 7 5
SIS, I — 1 L L (o 2 B 0 L

N T T e I OB, A GO T —FhIE T Geb 40 b 77 0. L 0BT B S5 e, 1
T T2 10 9 2 AL RE R A1, FER R T 3 400 B T AR B 3/ A9 R A A5 AR 2 K % MOl
R T R A, N T LI — B RO A, JRAI7E S MRS LHHAT T 9000, 900045 %, M iX
AR T B ) R I AR K R

o= %ZLZ;@U (1
He, @, ZWT s, 5 s; Z IR BN FARUE. T5BEEE 2, BT AP R R RBNE S, R R H
PR SEAI A, B2 BT P 2 M B — A58 B R, Bl BAT 28 Sk RIGAH P Z A&
AR AT RE 2 B B SCIME DG E R, T IR 56 28 010K FH SCAR Y 25 (R ARVLLBE R i . b Ak R 2 0 T fife v 75
KRS LG R A T 0, S 4128 56 R IGZRAHEAT T 4k, 05 RS A 25 M AU P SR S W 4528 5% 3R 1 LS k.

FE RS B S2 A0 AR B 42 TWEETSUM™ A Weibo™ E#E4T T S26 (BRI EI 6 WA 5.1 7Y), M
KAMGHEERWE | PR, 45 RN TN R4 T BT 458 W48 o g 75 56 R 107240 o0 LU L (L9 R B R
SR R). Ko, BB RRIGIRIEITE R R R M S, B RN G, B RREI/ENG
WA AT R BT AR, SEBR b B VTR S ZR AT AU A o B TR e A R U T A R A Ok R B (RS R R
KAGHAERR) 5T s AN BN FAE, 128 S T 28 g 7 56 R 11 o LR AR L. BRI 45 SR T DA 31, fE4E S
o] 245 H g 7 O R0 A TE, AT B AIE T X A 38 R 4 R AT 25 MR f) o B T B RN 2, — S8 AL AR (network
backboning) X% i M 4 R B B0 (B IRSER), (ER AT TGV AL W4 48 v OB 7 55 2R AR SCHE H 250 R 9 4
Ll 28 R [R1 ISF Agf e Do9 24 v [1) RE A K RNV FE K &R

R PIER G P UG AE A G 2 I 46 R R 75 58 2R 30 (%)

itk REARR R BIERRH TR
TWEETSUM 38.61 55.79 55.37
Weibo 83.17 52.66 52.67

43 EKREIBYmADEE

X TR BRI B T B A58 58 R4S, H T 4 bl A2 7E e 75 00 R, B P R 48 0 2 BN ™ B 1) e
FEfmZE. WEAN, 2B RS P 2 ) AR DG RARAEAE LASRAE, BRI 48 A ff M 75 ¢ R SEBr B — AN R A AT 5. %
JE 5T P A G VR 2 1 G i g OO AR A 251 B 4 i 4% (denoising graph auto-encoder, DGAE),
5 S RE WA PR AEARTE B AR 0 T 25 BRAL AT I 2 vh (R 75 O¢ B AR U, DGAE T 5B AR M 75 1R £ 1) N 110 I 2%
RN I R G RS, AR O AL AR O R 4. RS BRSSO AR B ) D 4 58 O R I £ 5 TR P A R
AEFEAT Sfis, 45 NG5 AU BRRIR. DA T [EIB RS - B4 36 M S5 MR 5 SCAS N S RHIE, DGAE HfERG#5 5%
PR T BRI [ I A B AR IR 458 08 RN 48 44 5 SU AR I 4K
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43.1 SCRARIGEE
TN F s, €8, s, = [w,wa, .. w], t 2T ERIARAL, we BT s, PO kAR, 8T A
TRIZRA BERT SEEUKTG T 347 4mhd, 2 2005 T mE RN, A () Ak
X; = BERT (s;) (2)
H T AR AT AR R b SR S K O B VF 2 A R BRHE, AR . RBAEIEREE, N T e i i
I8 et 32 AR S SCAS PR A, TSSO B, AR S i BERT MR #50y BER Tweet R 581 b ey 5z B35 SR 1
BERT-base-Chinese #£%1. BERTweet 5 BERT EA tH[F 4544, {52 BERTweet & 7E KM Tweet B8} ETIZR
PR3 1), DR R 08 B U Rho@ B4 58 AR SCAR AR A5
4.32  FETURF R B DA 50 5k AR I 2R AR
2R FRVRIF AR VLA 5 5 2R A 1 2 TG 1) LA RS AR PR 2 701, SR T e 7 S 2 4 7™ B B W24 1 ) I
PR, HH TR 2 G T R B SR A 08 R IIAR AR A, 7 AR AL B8 1R 0 M A 0GR, AR SO M S R M N
IR 2% H PR e 75 O R S, [ AL R D VI SRR . BRI, R 7 R B B R
© T R 2% s — X AR BT A, DAREEE p, AR T S — 253, W HIE R R BN R RN
o ST W4 rp 1R 55, DAREZR p, K ABAT T2 (R RIA RS B 1 BRBURR A R R B K.
XTI S R o0 6T R AR R AN AR OC AR, iR U U, S TR AR M P R 5 A N B S D8 R R 2% R R
TP g 7 R R S8, IR BN T i — D B e R G R
X T HEAE WA 4% HR R IE R AU, R RAFA AR @B, B SO BSOS iy, X DR AT AR
xF, UK REREAEMERIL, & SO S HIBENL AR & y, . 43T L5 & B T A1 S Rk, x5 Sz i H
HIEEAEHEERRES, 25X R 0, 1 XA EHCIRAS. B, RN R y, IRASECN p;, BRI R 510, 515
B XK , DI p, S0 — 280l FEVLE & y, RIS ECH p, BHASS R0 A5, 35T 4% it 21,
PINEZ p, ¥ 2 BBk, T T
o I A N A2 AR AR ()38 5 0% BRI 75 43 AT
»i~B(1,p) (3)
XTI B 20 A P R AR 2R 3 75 23 A
2~ B(1,pa) )
Bk, B RIEM S G & T 51, S G R4 88E D = {(g‘g)} RSO T N R BN G, R
R T IR IR FE 2 BT B SEAE R R RN LS G, 3% 1S W0 25 3k [RIA4) J T FRATTHIF 2 iR R 2 25 440 TE VI ZRB BE, A BLNG
Pt R R4 G AR RTIN, 520 BB S X RIFEM TG R R ML G . AP B, AR R a2 0 R
W2 G VE MBI, K FERL 95 A 7 00 R IR, IS R BRI 48 o I P 0GR, 340, BT IR 75 06 R (1 B 43
SR e o ma R Ve Re, A SCHAESS 6.4 TR,
4.3.3 FRZE RS IS DA
FIEATNIE, TAER] 7O R R 50T SCAR N BRI, N T B SGM T  [RI 22 B, AR SCR A
1= /1M % (graph attention network, GAT) /£ 4B 2% K HE AW T 4L 2 K REFIE S SCA N BRHE. GAT W LG
FE—AME B IBE A, el i 56 40 737 s A D015 Bk o370 s AR AE R . AT, A bL T A5 4 ) B S AR R 4%
(graph convolutional network, GCN), GAT ] LU AAH R4 38 P FAS [F) 40 J& 715 s T AN [F) AR, TR L e N B 221
FT AR T BOs RCE, IO BRI SR T K RIBLE, T E NS AR A A R S A R
=§=|

TR, GAT Hfd 4K 15 FURAE X = [x,,...,xy] € RV 57 Z 04120 K R L5 L5H A € RV AE ok
N, Fr DT R RO LESE, N R s B AR AU T
HD = o (AHOW? +b") )



10 BRAP AR Hrr e B o G w Sl

Aj=al)-A, (6)
For, HOD S5 120 . A G T FERZ R BRI o) R R 1 SR RS 1R KR IRGE. WO
Fb® & GAT 3 1 R SH. AT #E— LRG0 F 1 B RHE, 45 4.3.1 W3 BII0EF A B RHEE S K
R PG T s IR AR R, BIA HO = X A S 13 32 0 v B30 R SR PR 4 i AR 3 7, 7R SR F2 o,
L A] DL E R hy B 3] K AR 72218, RSS2 1A b 23 ) o B0 e A, TR 5 v = 9 AL
iy RN % SkiE R P
v ((W2)" - W)

Gj = \/D_h (7)

head, %P (e:lf'eadk)

Y Sexp (ef;""‘)
Horb, Dy R IO AR A YRR, i T A — R e T RO R AR R, O TR A, thAb g TR
ARJZB ERR (), FFEH] ER head, RATRE k MNERE SRR B S HE. Whed: ¢ RPoP L5 Wyeed ¢ RPP 5
k ANER 1S 5 21 28 @t i R Ty AT DAAS 2 K HVER D RCE. BT AN ) 7 R 0 Sk AR TR 10 A FE A T
R IR R, PSR EASR RE B 1Sk 1ok R L ZE ] Re A O ZE . B, A SCRA N A IEE
SRS RBEAT PHEERAE, TR T SRR AR, BT Sk ik B IS iU Z AL R 5 &R, 19 IX A
TR A E LR AR, IR K HAR BT R I E G — R & IR 130

_ head, heady head,
a,:,»—max(aij L a ) ()]

A DA, R A 9 A% I 265 [ RS I e I 4 P 1 A, AN [ R 525G 2R I 4 P 1 e AN mT e 2
PRAUK, FEA R ARSI A B ZESR. RN, 8K GAT & 5 A7 (L1 T I IR, 0 A 1 0 2% () A A
BN I HLIA 26 LEEH 5 (R OL T, GAT (3L -3 il s Dy 7™ 5, B2 i B8 AT R Z RIS Z X ) 2. O T i
GAT FRIEP- [, A SOHG P 7 W 288 o 2 2 B O B 22 TR )2, A R 8 3 W i A\ B30 v R LA
B R, B R 22 TR T 2 AR SR

H™) = f(H) + o (AHW" +b") (10)

Hr, £e) MU R, 5T RURRAE B B G — 1073 R, B SR 3 R AR R A O R RO A R R SE
o () RANAELRMEWIE KA. GAT A% 28 R BN L, TRE THAC K R 5 BRI S, &5 — 2 M5 H
H® VB GAT 4t 38 i & 1 gmAd 2 3, K F T 5 SRR T BT AR, O 7 8 5 358 #1538 56 R W T (R 3R 474 .
15 BEh, A3 GAT IERBERE N 1.
434 UELMFRD S
BT A5 HE Y B A3 B (Rl T~ 27 BB [R) IR 4 SR T I SCAR W15 B S AL S5 M5 B, A ST T XUE M ARG
%, ARG 7 0 2 R 2 70 R I FE A SR A O 1 SO N 2 S 1 TR AR A SR R I 2 HR AN S A
X T4EAEIC R 2% I EE A, FRAVEH — > 50 R ARS8 R TN 45 78 I PN G T35 ;2 8] (AL 2 0 &R RS 28 AR
T 93 7 D 20 R s 87 PN AU A AT 2 TR PR A 52 56 R A
p(A;=11h.h)=c(h'h) (11)
FLAA SR, Xt P B — R0 A5, ARG A TR 2 (AP E AL RS S0 RIERE A2, TS SRid A A, Hh A
TR TR s 5 s, ZIEAEAERZE R R MR,
X T SCAS N 25 I B, AR SCHR T T L B TR R 06 BRSR IR B TR SCAR N ARE B TR T
HH AL 2 A ], DR A A AR RO — A 2 ARRE 2 S ] R
§ = (W, +b,) (12)
H, W, eRY, b, e RV B¥ I SH, VERIFARK/ND. § eRBTIME R, 5, RRMF s, A5 FA7 w, (IHEZE.

®)
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T A, BT R T AR R AR S A VEER K, £ A B R 2 T TR SR A A
A (Ifs AR PREERRAEIA . AE . BERSE), RAEREWS IR HF — D EUNRE R N R A E A T L —
77 T RE 9% TR R AT 45 B0 20 B0 2 B R W RE /D, 53— T T RE 8 R ) A AR R 4% A RE 0, ANTTDRE SR ) 0 B 22 3
RAET HRRG IS, b T BATH T ZINR H A2 I gk — > RE D BUR A S i s, 0 AR EAG LD, PRk, SiEit v
X SCA B AR HR A T BN TRl R T, MK SCAS F A ) s g SR 30 3 A ) 23 B s L Bk, T BE SR T B 4%
F) 2h B HE

[ t, DSNSum [l %% HARELAEPI L. 5 1 #8202 B A SR ARt 58 50 28 M 2% G5 R0 K, TSI o F) i L 445
R 5 FIAE ST I R A Z TR — 038 ik

L= _%ZTIZT (Aij'log(Aif)+(l _Aij)'log(l _AU)) )

o, A GRS 4.0 YRR IR JRAAHEAE O F W2 1O AR HRAE R, A SR AR A 5% TR (R4 58 50 28 I 2% 1) AR HRAE I . SCA A 7%
FRHR SRR RTINS 2R 8, 5 HREE R s, Z 18] 10 —Jus2 SOk

1 N N
Lo==5 30 D (sy-log(8,)+(1=s,)-log (1-5,) (14)
SR BB MO P 4K IO ITRURL, 93 H B 11 5 1 P
L=AL,+(1-2)L. (15)

44 ETHIREMTHEIMEES
T AP N B R R B A B A AR A I EE AR, ASCHEE RN KRR IR T

B b Y ARG TS A A5 TRIG AL R 0 R W4 S5 46 B 1R R e 2 A 22, T Uk i, 45 5 250 I A gm il 25 U
ARG 72K H = [hy, hy, ... hy], W7 3 RE B 20 R fR s 57 25 A i

ngnllH—WHII +BIWI; +7IIVo Wl

s.tW = 0,diag (W) =0 (16)
Horpr, |||l 7R Frobenius y045, W& R[5 S IBUE R, W, Rl s, 0F EAMET 5, (O DTRRARFE. Dy 1 38 G A
B2 AN [ B SR A ] 09 P9 2, 3 R B TR, AR SO T — MERLEEAEBE V e RV REEBR TR S S, Wk
TG s, MABHUERTRE,, WAV, =1, BV, =0. o RRMIBILHURAE. N TR TEN A S, (EE
e 3o A o PR ) A R B R IR M T3R8 0. B 5 oy 43 Sl s sk e 7 T I TR B 1Y) 2 4. [RIN, o 84 SR 508 e W
BhNL21 A R R

Wiki= Y A2 Wil (17)
L21 ORI — 7 TR AR TR 0, BRI T L 1/ 0 W A7 00, A T W 22
. B, AN TR T TR T AN T 0 2 2 A b TR 4
score(s;) = ZI::IWN (18)
AR T 6013 X B TR ATH 3, 3% A A S 0 W T\ G 0 A, A 40 2 1 DR
. thF DGAE SFS7EEI05 T30 RN 85 70T 10304 18 5k 50 36 B 2 i 5 4, RO o R R e )
o SR P2 2 R RE SRR T T, T BT SR B A . T 15 R

5 SLIRE
5.1 BURESITHMERE
RSCAE P BT A AR BR 4R b PR TR 4T 30 : TWEETSUM S Weibol), &4 143 B 9 880 5 v e e

£ N BER S R Ik 2 B,
PN BARAE R I (5 B AT A 22, R X B — AN ALAE B HE— ID. TWEETSUM & —4
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T ] U A A 58 A 0 B 4, L PP (R 355K B Twitter. 25 58 B 1 (10 S I, 250008 2 bl 1 £ % A B (7] 478
oA TR G F AR R AR T JE R 1 — BN [A] [R) B . TWEETSUM 38 3k 44034 AN 7 53831 11240 M, BLK
R 2 IE Ak 22 K 5. R TG B 4 S bniE SRR ES 5 22, BT X b i 2245 AT PP A A8
ARSCI S, B DA ARG IR AT 5 SRS Bk, RIS Xt 5 PR SCAS A AT 17 1) 4R B, IR BRis A, fe2&ad
JEAE KB/ T 3 B 1. Weibo Bda e o (K 7R B HHR Gl AL S BT &, 28R SR B 130k i T BLK

FRiE s AR AR S M T T 06 3 S 485 SR (0 R B AT VA . 7B 5206 o 4 AT FH B9 ROUGES A b vh: 3of

B s AT VRN . 2 VIt AR TR A 5 SRR vE S 25 B 2 (8] n-gram (¥ EE A B R AR R B

ASCSEES HIC % ROUGE-1, 2, L LA ROUGE-SU*IX 4 M FflikriE, 785 3CH 2 5lic 8 R-1, R-2, R-L PL K R-SU*.
%2 TWEETSUM 5 Weibo ¥R 45 1E S8t

GEiTRHIE TWEETSUM Weibo
1% L 12 10
FEAE R T3 5 3669.50 5636.20
SR TR 16.24 (FLid]) 27.33 (°F)
TG T P8 1144.25 5450.80
FGANE R P RN 3760.08 3228.10
SERMEFIKE 453.79 (%) 424.90 ()

5.2 SINRE

A7 TWEETSUM 4R 1) H AR 4 K B8 O 25 6, X Weibo FFaE/NE RN H A58 ZAC B2 h
400 A BLid]. X T HESCH TWEETSUM 348, SR A 76 KRR 204 | TI1 25 ) BER Tweet B2 S 4746 3 75
AL ES, Xt T FR ST Weibo %icdf, s FFI 25 ¥ ¢ BERT A6 7Y Bl SRS T FIBT 4618 URoR. X TR SE4E
G TR R4k A5 BERT AL RS2 R R4l AR FF— B, W E N 768, X T B 4w i 35 # 73 K FH ReLU WU iR
B, FRADEER 4 (S R BN SR Sigmoid BREUR 85 FEAT IH—1k, AT SEIA 2. 6f T 25 M, ok b i 75 iRy
BOAT T EHE 504, SRIRId R S R LA 6.4 5. BT AN A AL A X 4% HR g 7S (1 43 A A LR AR — 3, BRIAR R St
GRG0, A EAK TWEETSUM H e 75 R 50 h R PR Rl PR ME 2R p, 5 p, 70 IREEN 0.4 5 0.1, FF Weibo 1
PR R B2 5 BN 0.3, 3 Ah, A SO VR R I S 1S BB B A 4, IR T S IR R BE 1 BEE B T 4 12
R, BN EER I M IREE R E N 1, B ER A B TE R0 7 B RO BT X SRS (0 B B40 R 1T s 3k
LR A I, T 2 TR AV AR K, AR R 2 B A BB 22 (AN A DG Y28, AT S M 6f s P9 28 R AR e 2%
45K R AR A R T A BN 0.8, TEVIZRRY B, SR Adam TRAL AR IF BURRIGG 22 S 2B N 0.01, 42 ) 2Bl
FEH IS FR AT B H /. TR I B, [ 2 g =y = 1, FF HARYE X B8 sl n e BN 1. AR
A NVIDIA TITAN Xp GPU L #EAT 1%
53 xttbrEE

BT AR SCHRE 9 7 92 T 0 B A A AR, R 3k B o g DU [ 28 B o OB R AT L A 1 el
T X AEANTE RN S R AR S 2 10 B A AT BRI EAR e S 5 1 2L 2 A1 — B, Tdoh Expert. A 105 SRR
I B IR MRS LR AR LER, $2H T Oracle 515, %05 1A AE 1 (3 BGT FE R AE 08 BL IR VT MU bR e S %
L, FEOr BRI B BT s ROUGE-1 348 FIMGF I NG 22, 1 2 0A B 22 00K FE PR . [FIR, %11 T Random
5, BIONEIGMTHA BN UE BRI T IR R G, B2k BHFERR H, %07 F RAl - B 2
TETEXS R AR P RE T IR,

o F et L v, AR SO LB RN S AR AR, £ 1 RIS RIS I SCAR Y AAE R, IX T VAL

o Centroid" /i FI 3 T O BE AOHSAE R R 5 AN SORY SR A R FEAR S (A1) 1, IR HLI i 5 B 45

o LSAV'Mii ] SVD Fi AR A3 it S Ak 1o O 0 R, AR 7 S0 A0 /N B 7 0 B 0, i R
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LR IPN i RS e

o LexRank A5 - 2 17 A RS E A AT AL E [, 76 Pl FI 28100 PageRank (B HEFF Sy 45 s i 2
FIEHERS, IR ACH Al B A e IO T IR i 2 A, B Sk B L PR A

o DSDRU LT e 5 1 5 32, S fie /M B A4 2R TR R AR O s 1 BV o i 22

© MDS-Sparse Fll FIFf b i H A, ik 544 J5 4 T R R UG () 20, I il B2 (A

o PacSum!"”V& —Fi Uk ) 5 T P A B A 22 77 125, R BERT A SCAHEATREAE SREL, I R IRt SRS v )
Z TRV ARAR N o B A P PRI B 77 T, AT 5 B8 1 P 5 a2 TR PR 7 T 42, AR AT 1 v JEE A5 20 i R 2
ERIUNEIE RS e

o Spectral " —Fi g B 2 SORIH B 7 vk, e B RS T R L, i LT M (spectral impact) HOAEAS,
I T SRR ) U S, i B P A D

o MTGNN Ut FY S~ o 58 DR 32 (1) 7 SCBAL 0 R A i 2 ] AT - 2 TA) R S22 6 3R, M T T 7 AR
SR B P 2.

5 2 R TIEENE RE T 5 2 18] (A S R 2% SRR 2, AR 2 R 90 S S5 RIORSETH ZL Pk e, LR B 65

© SNSRI A AE [0 2 o (1) 41 22 ¢ 21 LI I I5E () 7 =l A 000 55 280440 (K RE 4 o, NI 23 FLP IRI T AR A5 R,
Eill BV E 25 R E D LR (EVSE R

o SCMGR®E JG 4122 I 25 o i P A0 I 246 SRAR TR 2 A (G 200, 80 0 7 5 A0 A 28 SRl EL A 22
Ml . AR %715 R T IR 4 R R G AR K SR

6 SEILERS

6.1 ERLINLER

%3 53K 4 43 BIEIR T A DSNSum AR LR E TWEETSUM 5 Weibo 4 1 (1) 45 214 R,
B1IHAEET Expert, Oracle F1 Random iX 3 FPFELE J7v%, 0 WIAREA AR MES L B2 R —8h:. PERE b
FRANPERE TBR. 3 2 fB0 e TAUE OCAR N A B BT IERIEAG4 R, &5 — 0 R TRl G20 R RN E
TERIVERERR 7. TR 3 53R 4 H 45 RmT LIS B LR W2,

*£ 3 R 7 RAE TWEETSUM L1 F 4 FERPL RS LT VRAE Weibo R
ROUGE Tt 45 5 ROUGE {45 5%

A R-1 R-2 R-L  R-SU* AR R-1 R-2 R-L  R-SU*
Oracle 58229 34.902 56.688 29.940 Oracle 42.024 18577 18409 16.511
Expert 47384 15972 45.111 21.047 Expert 47.139 25289 28.535 20.556

Random 41480 9.6710 39.149 16.408 Random 32.880 7.8740 12.504 10.483
Centroid 38.172 12442 36430 15.409 Centroid 29.712  7.9580 13.718 9.7410
LSA 43524 13.077 41347 18.197 LSA 29.181 83750 12717 8.9020
LexRank 42,132 13302 39.965 18.192 LexRank 34.802 8.1000 12.762 11.593
DSDR 43335 13.106 41.055 17.264 DSDR 19.771 53620 8.6790 4.5880
MDS-Sparse 42.119 10.059 40.101 16.686 MDS-Sparse 33.019 7.5620 12.599 10.621
PacSum 42.603 13.021 40375 17.268 PacSum 32.664 8.7600 13.554 10.811
Spectral 43488 11980 41229 17.794 Spectral 33.862 8.6570 12.842 11.260
MTGNN 44.852 12481 42.102 20.013 MTGNN 33.762 8219 13.558 11.519
SNSR 44.886 13.891 42.800 19.990 SNSR 34.009 7.6220 12.566 10.925
SCMGR 45829 14.081 43.433 20.141 SCMGR 36405 10495 14.469 12.722
DSNSum (& A7) 46.506 14.285 44.157  20.757 DSNSum (A3CHEA)  37.014  10.975  14.224  13.060

(1) AL DSNSum ##4#E TWEETSUM 034 b 4R 7 HoAth s} LR RS F HAE Weibo $i#E _EHUS T A
B JISZ 55 5 EB A SO R (A A5k, BT SCMGR MR 28 o) AR R ch B A5 T 4 v R 454y, S dhox)
DSNSum 5 SCMGR {5256 45 BT 7 B E AL, &5 R EIR, BRTE Weibo 23 L ROUGE-L 1443 2 4k, BT &5



14 A T

R 7 B EMNR, X & F )y ROUGE-L = 2 KPPl 4 ZEAEEvE Bt ok, SRk i 2 1015 =
Tt P 32 EEH T A (G (5 SR I (G R R A AC R R P T RS, R X
277 1:7F ROUGE-L PRI T E FR.

(2) BEARR AL, 5 FBAL A R R IR AN B SCAR N A5 10 5 0 B A 58 i (R PR . X T BA AL A 2% HR AL 22 DR R
REfE NN BT IR LA AU 2R . IR 4P, Oracle 7F Weibo 5 L HI75 /0 AW UG, IXIET Weibo HRIFRIES i
LR AR X, AR A H DA B U 2.

3) TEFTE 4G T ML OE R 177794, DSNSum A1 7E R-1, R-L 5 R-SU* RIHE T w04 R, R
7E R-L FHUAR T B4 0015 5. KIEFERE THA R AMITTIES, SNSR SR T U 1) 77544128 % &
SRS T BRI TE VT, DR Lk i 7 R e W 7 O RO IURK, HLE VAR P 4% e 75 56 RT3, S EUR B R G S
ZALBE K. SCMGR H B F H B 45 AU 48 B A0 T I A8 R R B B S SCANEE B, RENE 5 I R iE Hha $e
T A A SR R GG, AHRAZ T VE RIS T B SEAEAE 0 JR 248 R R 75 00 &R, TR TE 2 A S M i AR P AT SR 2 5
AN TS i 2 . DSNSum B U SR F T — b 357 700110 o - 2 >y 25 S A X, et i) SR 4 32 0% R X 48 R A
W A I SRR, ARG T T — 25 0 B 1 i) 38 SR PR AR 52 5% 2R I 465w (18 75 O 2R, AT T LA 2% 3] 1) 5 e
T X ¢ 2R T AN R 1At T 2. X R 7 24845 DSNSum 46 7Y B8 i B 4 1 b B A 50 R 4% o (R 7 O 2R, AT
PR T RABL MRS, LUK, DSNSum #5847 b B AL 2T I 45 25 AT, SR T VR R DAL, X S B AL R 8 1 B 2% 2R
SUASTRIY 252 10156 R 00 8 B, AT 5B 07 R ol B R R FH 4 2 IR 4 5 44

(4) PacSum BUF T HUKMTFSY, JRFEILE T PacSum A& AL G SRS AL J532:. %5327 RSO i) 2 A1)
AAXIOLE, TAEAL SRR T, ARG T2 (R38O P& A B S R, Bl PacSum HVETEA ACIEMAIA S FEUS T
BYRMITE5. SNSR 7E Weibo i MRS EHR, X E B %7k H AL NS 71 TFIDF Fon T EM), Bt DAL
) TARAGIE T2 A1) 1-gram -5 FERE/IME R, X007 0E TWEETSUM  EBOH AL, X2 H T TWEETSUM
KB A B R MR IR 742 & TR B, PRI FE 1-gram 4B BRI IR A 4R T, T Weibo HH
BAERENE R, RIS ERARYE 1-gram BEAFERIRHIR AN F. DSNSum f815 25 I F oA Fos, 7 HIF
LS TG T I AR RGBS AR NS B, LRSS RN B9 45 =11 ROUGE-1 5 ROUGE-2 1347

(5) #t— 5 1F4h DSNSum % 7E TWEETSUM Fll Weibo ¥ 42+ &% M E (B4 12, 10 NS iEE)
1) ROUGE-1, 2 5 SU*f34y, R EaRTER 3, Hrp x MR IS, y SRR RS 4. W LU BIRE
£ Weibo b HIf55r BAKAKT7E TWEETSUM H 17577, (HRALAIE Weibo FHEATE/NIJTZ, RILAE Weibo HiiE
AR E . X AT R A TE A R X IR AT A BT AR, BT Weibo BRI EESR A F— X (R E),
1M Twitter b ¥ 775k B A4, (R, 78 TWEETSUM Hr A 28 1) 3834 7 UL SE AT N vl REBE N & 2.

I R-1 . R-2 mm R-SU*

0.40
0.5 0.35
0.30
0.4
025
0.3 0.20
02 0.15
0.10
0.1
0.05
0 0
1234567 89101112 1 2 3 45 6 7 8 9 10
(a) TWEETSUM (b) Weibo

& 3 DSNSum 7 TWEETSUM H1 Weibo | & ANiE R~ 1 fEfS 7



Wansy 4 AT HRB A %A E R E B UK AR 15

6.2 RIS

BEST AR SO I A R, HEAT T AA IR AL SR SR HE AT BAIE, BT

QL: FIF B R ) W4 SRal & T 2 M 1AL 228 R R A B TR AL A SR 2R 2 Q2: A% i
F2ME ] [ G D 2R A HUR 5 R0 G A0 25 R P 4% P M 7S OC R, I SO A LR 7 I AN [ R, 7 A B8 4R
BT T IR S, IR S A R R 5 535 6 fin. HoA, w/o denoising R FE IR T AR (¥ 250 B g
T A, TMIZE (T B ) R E TIRE. w/o GAT WIZR RH bR BY S A 4 358 73 1V BRIV R 0 I 4%, AT b2 )
A H R R AL, MRAE SR I0 25 B, a7 USSR,
%5 DSNSum % TWEETSUM %3 b (iR 1k Sz 56 45 51 # 6 DSNSum 7E Weibo 4 I f3E 1b S2i6 45 5

it R-1 R-2 R-L R-SU* it R-1 R-2 R-L R-SU*
DSNSum 46.506  14.285  44.157  20.757 DSNSum 37.014  10.975 14224  13.060
w/o denoising  45.020  13.329 42715  19.825 w/o denoising 35313 9.7570 13430  12.074
w/o GAT 44142 12.646  41.681 19.097 w/o GAT 34355 89290 13293  11.117

(1) FEBRAT AT BT 23 S M BRI FAIS, 1 GO T DSNSum H 14N SE B #0 R 8 8 o 1A (i 0 £ .

(2) N T BAE R M R A ok, AR SCE Bk DSNSum A (1 e 5 5 e R, X R A AL N w/o denoising. 5K
gt RN, BRI S 200l 2 S EUERE TR, X BRI T ASCIVIR TR #1538 ¢ R4S R e 75 0% R4 51N
ARG 22 1 T i M R BER EORTE, REAROR R S (A SR AR ASAR OGN 1T R LS, VB E R R (AR EA A
SR A T . S I 2 3] RS RO e 7R O 2R, DSNSum B B % X 4 58 5 A 4% F K I 7R O 2R T &b, AT
5 3) BN AT SE R TR, BT T S T AR

(3) N THREAFFAE R R M E ZL M, AR Sl — 5@ b B R ) i B A SR A% 1E A DG 15 A TR )
5 B A, X R ANEA w/o GAT. SRie 45 R IEIR, 248 GAT B S BRI AIE RE R IR T %, 1 Uk AR 7E 41 38 A4 21
BEN, B R 2 18] AL 58 50 R BRI A7 AR E S G Y 2R 1 43 A, — D7 T, IV R T 2% R A8 I AT 515 iR AR 3R A AR
KIS B, AT MG I8 SRR £ 5 MR R, AT AN A RN &, 53— 5T, W ik M
BRI R RERE A hh 1 F B IR BRI R R R B R R,
6.3 KRR

Ty — AN B ] U, A SCIR 2 M R R 1 T R U B IR I 2% T IR R PR OC R, R T B TR EE I e 2 AT
PN A BE (BI85 12 1) (1) 252 J5 A58 2 22 I 248 2 15 LU DRy Do 48 5 T /D [V e 75 6 2R 2 (2) 25 M P 1 G A 2% 2
FNRE TR R BT MG F N AR R?

ST —ANA R, T ¥R DGAE & 15 B ARSI 2% 1 0 &, A SO 28 4.2 A5 21 FHIam N AR
R, FEORRE UG T AR AN AR, A5 FH 2 W 57 S5 AR 7 280 0 Ak 58 000 6% 5 A ok e ) T I 45 v gt 75 O R I B 6. 4 S
T . IR AA] DAAS B RS,

#7 £ 5 TWEETSUM 5 Weibo %3 i 75 56 RIS H45 3 (%)

G/ REBRR AR IR RE SRR G R
TWEETSUM 13.60 (125.01) 54.93 (10.86) 54.50 (10.87)
Weibo 45.29 (137.88) 49.48 (13.18) 46.57 (16.1)

T JRR A 2 AR B

(1) 7L J5 BRI 28 G50 v, AR e 75 Eb 2R A T AR, AE R 1 25 Ml 2 A ket

(2) M2 J5, /£ TWEETSUM 5 Weibo H IR R LLE 45 T B T 25.01% 5 37.88%. 1X 1 A 23 M5 1Y
FAE K R R R R

(3) STFIEAE R R B, BRI T AR AR A R, 32 B S AT TR IR a) #1528 X 463 8 BAT i
P, B4 A D P 2 BT HAE R R, R0 P Z MR A #2890 &R, Bk, ARE R S 1 4 i
BUPEHE KT A E BT s B, S BT R VB TE ¢ R 5 N TR b)) Z50HE 4 A A 0 T ) 3 R, DR



A T

S BB N A, SEONT 2 [B 4 BAA S A, X R I AR 06 RAE M 2% B LU B ) 1 22
R EIZE 2 A, A SCEE I DGAE 2 2 Bl R 7R A A Bh Tk W 28 vh g 7 50 R I b 2. FUR SR,
PAUE R FE a2 R RS, R S5 4.2 TR T, 25075 5T DGAE /8 flZE T BERT 221 545
M A AR AL A8 R R N 2 (1 75 L 3R O 1T 8 B 2 3R s A ACHE, 78T H B 7 L 2RI, #3848 — {8 ] BERT
TR KA BEME - Z (B AR L EEBRIMH 6 , LAREAEAR [ R0 75 BR e R R AT L. 5340, BT 0 I U 2 52 i 75 50 3R )
EeA, FRATTHE S50 vh gt — AR ER 1A R BE N B RS S8 RIS OL. 0 B IUE % an 7 k-
6 = min® + 6(max® — mind) (19)
FHorr, 6 /& —ANE [0, 1] Y Bl A IS4, 38 72 6 (EUE, T AR BIME 0 EUE. Bk, 24 6=0 B, 6 BUR/I
{f min® ; %46 =1, 0 B K{Emaxd . KL, B TE [0, 1] 0 HE A HEs HEUE, 7T CAEBR{Ee 7F [mind ,
max® | YU M. LIRS R 4 FroR, Hob x SRR A (19) TS EEUE, » R IR S O &R I i e
(a) Al (c) i 451 BERT 7R, (b) 1 (d) 18 A SCIH DGAE 2£ 3£ 2 5 (R R. WEE BIE 0 N, #E
KA LRI, A R I LRI, S ¢ R 1 LRI AR FR R R (17K F. 4R, 45t DGAE %M 2 J5,
WEIER R R KR TR, BERKE RN A W AE RIS AR FFEER DK, BEEIR S, 28
ZJE B FE R R R (BBRRAETERR) AT T, iF¥ T DGAE R/RAe08 A BURKM 4 HF S C R
bb 2.
—— EBRAR — - WERRE —— BMEXRE

14} 14} 14} 14}
12} 12} 12 J\ 12}
10 f————=—__| 10} 10 f——==— _ > 1o}
0.8} N/ 08N 0.8} N7 0.8}
\ " v Y= .
0.6} \% 0.6} - _ 0.6} /\ 0.6} ——
041 / 04l ~ | o4l /A 04} /
/ \ / \ /
02} <o o2} | oat / \ 02}t o
< \ T — 7 \ _—
0 0 0 0
0 025 050 0.75 0 025 050 0.75 0 025 050 0.75 0 025 050 0.75
(a) BERT on TWEETSUM (b) DGAE on TWEETSUM (c) BERT on Weibo (d) DGAE on Weibo

K4 FEIAZRAMGE P RBOC R WAERFR UL B 75 50 R A (WP 75 5% 3% 1 EE 22 22 ) AOAR EL S

6.4 BEFEERESH

AT R FE PR P BRI M S R R S S o B A SR RS T A P R, AT AR R 7E TWEETSUM
et b Sege g . BARSRL, R A R b & B R S R IR, B OC RIEAMER p, SRR B KRR
P> RICPTIEFE (FI ML 20 B AL (RS2 0. 55 4b, TR 75 (R0 IR (R 2 5 0 S2 B 45 R, B & i, 5B InvE 7
KAEFBIMEER R, SRR EIC KRG MEER R ERFE IR, Bk, A58 L wy R S a =
Insert-then-Drop 55 Drop-then-Insert, # R 5256 25 3 AU 5(a) 5K 5(b) Fior, Hib x KR K RTHAM
B2 p,, y BHERIR KR BRI p, .

MIEL 5 ] A4S E a0 SR,

(1) HEARSRUE, 2 p, > p, I, BB R REARBUR B, X 4B AL A T 7E 5C RAH B T KB AR OR R W AZAE B
Wik, X 55 6.3 AR 4R —HL

(2) AL SR PP FE OC RIS, R LA B DA 1Y) Mt 75 R St S 0 5 00 19 o g 75 G R T R 2 THAE 2R 1) 28
R, IR T 2 ek R A R

(3) T 5(a) H, RATARERE R THRERER, Y p, =1 I, BRI RRFEAR. 2B Nk s d
TN Z D50, W4T TR L R A s 537, BRI, IX R % 0 AR A A M BRI, BRI AR 25 2R 22 ) (¥
TRFEE. AN, R T REEN BT, 2 p, = 1 I, B E5 RFEFEORRRANAR, 3K 2 B g & BT 10779 55
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Z AR N, TR AN AR R 2% SR, AR L 2R BT SR Ui, SE BT AT 1 R RS S AR B I 46 2R, 3K
2 DR O A R 70 I 2% REE 2 ST AN R DR AR I S P AR, AT AR AR IR BB 2R BARIE DL T, B
R AT BN, DR SRR A A8 5% AR T SRR AROBLEEL, AT — R it BE b R g 7 G 28 1 R 11 i 2.

1.0 1.0
j 0480 - 0475
0.8 0.8
0.474 0.470
0.6 0.6
0.468 0.465
0.4 = 0.4 -
0.462 0.460
0.2 0.2
0.456 0.455
0 0 |
0 02 04 06 08 1.0 0 02 04 06 08 1.0
(a) Insert-then-Drop (b) Drop-then-Insert

5 U7 R KT R AR 7R 56 R 54 S O ROUGE-1 45 B (54
7 &

71 B4

RS S A AT IR A S5 P B R, T A B, AR IE R I, DA AE I 4 R I AR E MR 7R OR R AR, H
H T P G B AR A AR SCA T B AR R DSNSum, 3 ih 22 e B F 4w A% 2% (DGAE) HIJ: T 57 58440 (1 47 22 4th X 4%
(SRE) 41 5. DGAE Jiidd 2% =] FIRS bR At A2 X 24 P (K10 5 06 R (L35 R BOG R ANV (E DG R) SRR B AL 1 B i k. SR
FAA 2 2R 5 R 0 0 7 bR BRI G 550, A7 R 7 e = By B (0 5 0 A R A 1 4% g e 7
RFR, AR Al SE MG 7R, BEAh, DSNSum R 8538 i 2% > il 72 [0 14122 58 RAISCA A 2545 8., AT e
FE M E BN SRR . TR S A AT AR A 1 I SO0 4 BLE B TR A R, SR e A
SE MR I R R T 2 Mt R AE DD 58 I 4 F g 7 O R, R R O R U THI P
72 RKRE

Xt T4 A AR SO B A, R AR SORERL ) Rt 3 1R 2 A A5 R R I 7 1) (1) AR SCATHE H AT Ak 452 56
F I 4 v g 7 S R A T VRO T B, R BE AR R A B — oy X, i M A 26 B B S AR ST A 1) S A R
Q] SE D0 B bt 5 0 R 0 A R0 I % R S G R T L — D AR R (2) %o TR S R B BT, R R OR R
II AT 5 458 K F 0 246 HR L ST [ M 75 O R (A A3 AT T REAFAE 22 5. 78 N N (90 M0 7 O 3R 0 A 5 B S0 o O R A 22
PR OR (R 5L, ASEPRY T Rl D Vo 1 At TR A1 ) % o (1 B S e 75 O R DAL, AR R 2 A [ R S A B TE T R,
T B O ST B S e 75 A (10 68 7 R R 0% A ek 25 M AR P 1R . (3) TEXT RS (I o B v, AR ST AR T 5 R
MRIAEAE I R N4 AN B I 7 O R, VI 2RSS B R A1 Dy 4 52 0% 38 I % 2 B A SR A+ 58 O R I 4, AN T A A 2 % LA
TR B I 7 AT 2 2 AR LSRG DL, SR AR I AL RS O R I 4 HRATI SR A7 AE e 75 O R, BRI FLAE N LA H AR AN
St 7 ZE . AARTAE 5 v B 25 PR 5L TR R S IS v PRI 5 B b, R — A R S0t D .

References:

[1] GulT, Lu ZD, Li H, Li VOK. Incorporating copying mechanism in sequence-to-sequence learning. In: Proc. of the 54th Annual Meeting
of the Association for Computational Linguistics (Vol. 1: Long Papers). Berlin: Association for Computational Linguistics, 2016.
1631-1640. [doi: 10.18653/v1/P16-1154]

[2] Aralikatte R, Narayan S, Maynez J, Rothe S, McDonald R. Focus attention: Promoting faithfulness and diversity in summarization. In:
Proc. of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language
Processing (Vol. 1: Long Papers). Online: Association for Computational Linguistics, 2021. 6078-6095. [doi: 10.18653/v1/2021.acl-


https://doi.org/10.18653/v1/P16-1154
https://doi.org/10.18653/v1/P16-1154
https://doi.org/10.18653/v1/P16-1154
https://doi.org/10.18653/v1/2021.acl-long.474
https://doi.org/10.18653/v1/2021.acl-long.474

18

[3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

BARSAR et e e
long.474]
Jia RP, Cao Y, Fang F, Zhou YC, Fang Z, Liu YB, Wang S. Deep differential amplifier for extractive summarization. In: Proc. of the 59th

Annual Meeting of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing (Vol. 1:
Long Papers). Online: Association for Computational Linguistics, 2021. 366-376. [doi: 10.18653/v1/2021.acl-long.31]

Pilault J, Li R, Subramanian S, Pal C. On extractive and abstractive neural document summarization with transformer language models.
In: Proc. of the 2020 Conf. on Empirical Methods in Natural Language Processing. Online: Association for Computational Linguistics,
2020. 9308-9319. [doi: 10.18653/v1/2020.emnlp-main.748]

Shi JX, Liang C, Hou L, Li JZ, Liu ZY, Zhang HW. DeepChannel: Salience estimation by contrastive learning for extractive document
summarization. In: Proc. of the 33rd AAAI Conf. on Artificial Intelligence. Honolulu: AAAIL 2019. 6999-7006. [doi: 10.1609/aaai.
v33i01.33016999]

Liu YX, Liu PF. SimCLS: A simple framework for contrastive learning of abstractive summarization. In: Proc. of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing (Vol. 2: Short
Papers). Online: Association for Computational Linguistics, 2021. 1065-1072. [doi: 10.18653/v1/2021.acl-short.135]

Liu YX, Liu PF, Radev D, Neubig G. BRIO: Bringing order to abstractive summarization. In: Proc. of the 60th Annual Meeting of the
Association for Computational Linguistics (Vol. 1: Long Papers). Dublin: Association for Computational Linguistics, 2022. 2890-2903.
[doi: 10.18653/v1/2022.acl-long.207]

Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of deep bidirectional transformers for language understanding. In: Proc.
of the 2019 Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Vol. 1
(Long and Short Papers). Minneapolis: Association for Computational Linguistics, 2019. 4171-4186. [doi: 10.18653/v1/N19-1423]

Lewis M, Liu YH, Goyal N, Ghazvininejad M, Mohamed A, Levy O, Stoyanov V, Zettlemoyer L. BART: Denoising sequence-to-
sequence pre-training for natural language generation, translation, and comprehension. In: Proc. of the 58th Annual Meeting of the
Association for Computational Linguistics. Online: Association for Computational Linguistics, 2020. 7871-7880.

Liu Y, Lapata M. Text summarization with pretrained encoders. In: Proc. of the 2019 Conf. on Empirical Methods in Natural Language
Processing and the 9th Int’l Joint Conf. on Natural Language Processing. Hong Kong: Association for Computational Linguistics, 2019.
3730-3740. [doi: 10.18653/v1/D19-1387]

Pietruszka M, Borchmann L., Garncarek L. Sparsifying transformer models with trainable representation pooling. In: Proc. of the 60th
Annual Meeting of the Association for Computational Linguistics (Vol. 1: Long Papers). Dublin: Association for Computational
Linguistics, 2022. 8616-8633. [doi: 10.18653/v1/2022.acl-long.590]

Guo M, Ainslie J, Uthus D, Ontanon S, Ni J, Sung YH, Yang YF. LongT5: Efficient text-to-text Transformer for long sequences. In:
Findings of the Association for Computational Linguistics: NAACL 2022. Seattle: Association for Computational Linguistics, 2022.
724-736. [doi: 10.18653/v1/2022.findings-naacl.55]

Rothe S, Narayan S, Severyn A. Leveraging pre-trained checkpoints for sequence generation tasks. Trans. of the Association for
Computational Linguistics. 2020, 8, 264-280. [doi: 10.1162/tacl_a_00313]

Ge SY, Huang JX, Meng Y, Han JW. FineSum: Target-oriented, fine-grained opinion summarization. In: Proc. of the 16th ACM Int’l
Conf. on Web Search and Data Mining. Singapore: ACM, 2023. 1093—1101. [doi: 10.1145/3539597.3570397]

Yoon S, Chan HP, Han JW. PDSum: Prototype-driven continuous summarization of evolving multi-document sets stream. In: Proc. of the
2023 ACM Web Conf. Austin: ACM, 2023. 1650-1661. [doi: 10.1145/3543507.3583371]

Amplayo RK, Lapata M. Unsupervised opinion summarization with noising and denoising. In: Proc. of the 58th Annual Meeting of the
Association for Computational Linguistics. Online: Association for Computational Linguistics, 2020. 1934—1945. [doi: 10.18653/v1/2020.
acl-main.175]

Brazinskas A, Lapata M, Titov I. Unsupervised opinion summarization as copycat-review generation. In: Proc. of the 58th Annual
Meeting of the Association for Computational Linguistics. Online: Association for Computational Linguistics, 2020. 5151-5169. [doi: 10.
18653/v1/2020.acl-main.461]

Andy A, Wijaya DT, Callison-Burch C. Winter is here: Summarizing Twitter streams related to pre-scheduled events. In: Proc. of the 2nd
Workshop on Storytelling. Florence: Association for Computational Linguistics, 2019. 112-116. [doi: 10.18653/v1/W19-3412]

Gillani M, Ilyas MU, Saleh S, Alowibdi JS, Aljohani N, Alotaibi FS. Post summarization of microblogs of sporting events. In: Proc. of
the 26th Int’l Conf. on World Wide Web Companion. Perth, 2017. 59-68. [doi: 10.1145/3041021.3054146]

Zogan H, Razzak I, Jameel S, Xu GD. DepressionNet: A novel summarization boosted deep framework for depression detection on social
media. In: Proc. of the 44th Int’l ACM SIGIR Conf. on Research and Development in Information Retrieval. 2021. 133-142. [doi: 10.
1145/3404835.3462938]


https://doi.org/10.18653/v1/2021.acl-long.474
https://doi.org/10.18653/v1/2021.acl-long.31
https://doi.org/10.18653/v1/2021.acl-long.31
https://doi.org/10.18653/v1/2021.acl-long.31
https://doi.org/10.18653/v1/2020.emnlp-main.748
https://doi.org/10.18653/v1/2020.emnlp-main.748
https://doi.org/10.18653/v1/2020.emnlp-main.748
https://doi.org/10.1609/aaai.v33i01.33016999
https://doi.org/10.1609/aaai.v33i01.33016999
https://doi.org/10.18653/v1/2021.acl-short.135
https://doi.org/10.18653/v1/2021.acl-short.135
https://doi.org/10.18653/v1/2021.acl-short.135
https://doi.org/10.18653/v1/2022.acl-long.207
https://doi.org/10.18653/v1/2022.acl-long.207
https://doi.org/10.18653/v1/2022.acl-long.207
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/D19-1387
https://doi.org/10.18653/v1/D19-1387
https://doi.org/10.18653/v1/D19-1387
https://doi.org/10.18653/v1/2022.acl-long.590
https://doi.org/10.18653/v1/2022.acl-long.590
https://doi.org/10.18653/v1/2022.acl-long.590
https://doi.org/10.18653/v1/2022.findings-naacl.55
https://doi.org/10.18653/v1/2022.findings-naacl.55
https://doi.org/10.18653/v1/2022.findings-naacl.55
https://doi.org/10.1162/tacl_a_00313
https://doi.org/10.1145/3539597.3570397
https://doi.org/10.1145/3543507.3583371
https://doi.org/10.18653/v1/2020.acl-main.175
https://doi.org/10.18653/v1/2020.acl-main.175
https://doi.org/10.18653/v1/2020.acl-main.175
https://doi.org/10.18653/v1/2020.acl-main.175
https://doi.org/10.18653/v1/2020.acl-main.461
https://doi.org/10.18653/v1/2020.acl-main.461
https://doi.org/10.18653/v1/2020.acl-main.461
https://doi.org/10.18653/v1/2020.acl-main.461
https://doi.org/10.18653/v1/W19-3412
https://doi.org/10.18653/v1/W19-3412
https://doi.org/10.18653/v1/W19-3412
https://doi.org/10.1145/3041021.3054146
https://doi.org/10.1145/3404835.3462938
https://doi.org/10.1145/3404835.3462938

jjp':

N

[21]
[22]

[23]
[24]

[25]

[26]

[27]

(28]

[29]

[30]

61

[32]

[33]

[34]

[35]
[36]
[37]

[38]

[39]

[40]

[41]
[42]

[43]

Ty A AT HRE AR BHEBEA AR Z 19

Khan MAH, Bollegala D, Liu GW, Sezaki K. Multi-tweet summarization of real-time events. In: Proc. of the 2013 Int’] Conf. on Social
Computing. Alexandria: IEEE, 2013. 128-133. [doi: 10.1109/SocialCom.2013.26]

Wang RY, Luo SL, Pan LM, Wu ZT, Yuan YJ, Chen QR. Microblog summarization using paragraph vector and semantic structure.
Computer Speech & Language, 2019, 57: 1-19. [doi: 10.1016/j.¢s1.2019.01.006]

Hodas NO, Lerman K. The simple rules of social contagion. Scientific Reports, 2014, 4: 4343. [doi: 10.1038/srep04343]

Cha M, Haddadi H, Benevenuto F, Gummadi K. Measuring user influence in Twitter: The million follower fallacy. In: Proc. of the 4th Int’l
AAAI Conf. on Weblogs and Social Media. Washington: AAAIL 2010. 10-17. [doi: 10.1609/icwsm.v4i1.14033]

Kwak H, Lee C, Park H, Moon S. What is Twitter, a social network or a news media? In: Proc. of the 19th Int’l Conf. on World Wide
Web. Raleigh: ACM, 2010. 591-600. [doi: 10.1145/1772690.1772751]

Petrovic S, Osborne M, Lavrenko V. RT to win! Predicting message propagation in twitter. In: Proc. of the 5th Int’l AAAI Conf. on Web
and Social Media. Barcelona: AAAI 2010. 586-589. [doi: 10.1609/icwsm.v5i1.14149]

He RF, Duan XY. Twitter summarization based on social network and sparse reconstruction. In: Proc. of the 32nd AAAI Conf. on
Artificial Intelligence. New Orleans: AAAI 2018. 5787-5794. [doi: 10.1609/aaai.v32i1.12058]

Abelson RP. Whatever became of consistency theory? Personality and Social Psychology Bulletin, 1983, 9(1): 37-54. [doi: 10.1177/
0146167283091006]

Shalizi CR, Thomas AC. Homophily and contagion are generically confounded in observational social network studies. Sociological
Methods & Research, 2011, 40(2): 211-239. [doi: 10.1177/0049124111404820]

Velickovi¢ P, Cucurull G, Casanova A, Romero A, Lio P, Bengio Y. Graph attention networks. arXiv:1710.10903, 2018.

Hu BT, Chen QC, Zhu FZ. LCSTS: A large scale Chinese short text summarization dataset. In: Proc. of the 2015 Conf. on Empirical
Methods in Natural Language Processing. Lisbon: Association for Computational Linguistics, 2015. 1967-1972. [doi: 10.18653/v1/D15-
1229]

Kim B, Kim H, Kim G. Abstractive summarization of reddit posts with multi-level memory networks. In: Proc. of the 2019 Conf. of the
North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Vol. 1 (Long and Short
Papers). Minneapolis: Association for Computational Linguistics, 2019. 2519-2531. [doi: 10.18653/v1/N19-1260]

Ma SM, Sun X, Lin JY, Wang HF. Autoencoder as assistant supervisor: Improving text representation for Chinese social media text
summarization. In: Proc. of the 56th Annual Meeting of the Association for Computational Linguistics (Vol. 2: Short Papers). Melbourne:
Association for Computational Linguistics, 2018. 725-731. [doi: 10.18653/v1/P18-2115]

Ma SM, Sun X, Xu JJ, Wang HF, Li WJ, Su Q. Improving semantic relevance for sequence-to-sequence learning of Chinese social media
text summarization. In: Proc. of the 55th Annual Meeting of the Association for Computational Linguistics (Vol. 2: Short Papers).
Vancouver: Association for Computational Linguistics, 2017. 635-640. [doi: 10.18653/v1/P17-2100]

Volske M, Potthast M, Syed S, Stein B. TL;DR: Mining reddit to learn automatic summarization. In: Proc. of the Workshop on New
Frontiers in Summarization. Copenhagen: Association for Computational Linguistics, 2017. 59-63. [doi: 10.18653/v1/W17-4508]

Chua F, Asur S. Automatic summarization of events from social media. In: Proc. of the 7th Int’l AAAI Conf. on Weblogs and Social
Media. Cambridge: AAALI 2013. 81-90. [doi: 10.1609/icwsm.v7i1.14394]

Ganesan K, Zhai CX, Viegas E. Micropinion generation: An unsupervised approach to generating ultra-concise summaries of opinions.
In: Proc. of the 21st Int’l Conf. on World Wide Web. Lyon: ACM, 2012. 869—-878. [doi: 10.1145/2187836.2187954]

Inouye D, Kalita JK. Comparing twitter summarization algorithms for multiple post summaries. In: Proc. of the 3rd IEEE Int’l Conf. on
Privacy, Security, Risk and Trust and the 3rd IEEE Int’l Conf. on Social Computing. Boston: IEEE, 2011. 298-306. [doi: 10.1109/
PASSAT/SocialCom.2011.31]

Sharifi B, Hutton MA, Kalita J. Summarizing microblogs automatically. In: Proc. of the 2010 Annual Conf. of the North American
Chapter of the Association for Computational Linguistics. Los Angeles: Association for Computational Linguistics, 2010. 685-688.

Dutta S, Ghatak S, Roy M, Ghosh S, Das AK. A graph based clustering technique for tweet summarization. In: Proc. of the 4th Int’l Conf.
on Reliability, Infocom Technologies and Optimization (ICRITO) (Trends and Future Directions). IEEE, 2015. 1-6. [doi: 10.1109/
ICRITO.2015.735927]

Xu W, Grishman R, Meyers A, Ritter A. A preliminary study of tweet summarization using information extraction. In: Proc. of the
Workshop on Language Analysis in Social Media. Atlanta: Association for Computational Linguistics, 2013. 20-29.

Keswani V, Celis LE. Dialect diversity in text summarization on Twitter. In: Proc. of the 2021 Web Conf. Ljubljana: ACM, 2021.
3802-3814. [doi: 10.1145/3442381.3450108]

Cha M, Haddadi H, Benevenuto F, Gummadi K. Measuring user influence in Twitter: The million follower fallacy. In: Proc. of the 4th Int’l
AAAI Conf. on Weblogs and Social Media. Washington: AAAIL 2010. 10-17. [doi: 10.1609/icwsm.v4i1.14033]


https://doi.org/10.1109/SocialCom.2013.26
https://doi.org/10.1016/j.csl.2019.01.006
https://doi.org/10.1038/srep04343
https://doi.org/10.1609/icwsm.v4i1.14033
https://doi.org/10.1145/1772690.1772751
https://doi.org/10.1609/icwsm.v5i1.14149
https://doi.org/10.1609/aaai.v32i1.12058
https://doi.org/10.1177/0146167283091006
https://doi.org/10.1177/0146167283091006
https://doi.org/10.1177/0049124111404820
https://doi.org/10.18653/v1/D15-1229
https://doi.org/10.18653/v1/D15-1229
https://doi.org/10.18653/v1/D15-1229
https://doi.org/10.18653/v1/N19-1260
https://doi.org/10.18653/v1/N19-1260
https://doi.org/10.18653/v1/N19-1260
https://doi.org/10.18653/v1/P18-2115
https://doi.org/10.18653/v1/P18-2115
https://doi.org/10.18653/v1/P18-2115
https://doi.org/10.18653/v1/P17-2100
https://doi.org/10.18653/v1/P17-2100
https://doi.org/10.18653/v1/P17-2100
https://doi.org/10.18653/v1/W17-4508
https://doi.org/10.18653/v1/W17-4508
https://doi.org/10.18653/v1/W17-4508
https://doi.org/10.1609/icwsm.v7i1.14394
https://doi.org/10.1145/2187836.2187954
https://doi.org/10.1109/PASSAT/SocialCom.2011.31
https://doi.org/10.1109/PASSAT/SocialCom.2011.31
https://doi.org/10.1109/ICRITO.2015.735927
https://doi.org/10.1109/ICRITO.2015.735927
https://doi.org/10.1145/3442381.3450108
https://doi.org/10.1609/icwsm.v4i1.14033

20

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]
[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

R R Sy

Alsaedi N, Burnap P, Rana O. Automatic summarization of real world events using Twitter. In: Proc. of the 10th Int’l AAAI Conf. on
Web and Social Media. Cologne: AAAI 2016. 511-514. [doi: 10.1609/icwsm.v10i1.14766]

Liu XH, Li YT, Wei FR, Zhou M. Graph-based multi-tweet summarization using social signals. In: Proc. of the 2012 COLING. Mumbai:
The COLING 2012 Organizing Committee, 2012. 1699-1714.

Duan YJ, Chen ZM, Wei FR, Zhou M, Shum HY. Twitter topic summarization by ranking Tweets using social influence and content
quality. In: Proc. of the 2012 COLING. Mumbai: The COLING 2012 Organizing Committee, 2012. 763-780.

LiJ, Gao W, Wei ZY, Peng BL, Wong KF. Using content-level structures for Summarizing microblog repost trees. In: Proc. of the 2015
Conf. on Empirical Methods in Natural Language Processing. Lisbon: Association for Computational Linguistics, 2015. 2168-2178. [doi:
10.18653/v1/D15-1259]

Dutta S, Das AK, Bhattacharya A, Dutta G, Parikh KK, Das A, Ganguly D. Community detection based tweet summarization. In:
Emerging Technologies in Data Mining and Information Security. Singapore: Springer, 2019. 797-808. [doi: 10.1007/978-981-13-1498-
8 70]

Han Y, Xu J, Fang BX, Zhou B, Jia Y. Structural supportiveness theory on social networks. Chinese Journal of Computers, 2014, 37(4):
905-914 (in Chinese with English abstract). [doi: 10.3724/SP.J.1016.2014.00905]

Cao JX, Wu JL, Shi W, Liu B, Zheng X, Luo JZ. Sina microblog information diffusion analysis and prediction. Chinese Journal of
Computers, 2014, 37(4): 779-790 (in Chinese with English abstract). [doi: 10.3724/SP.J.1016.2014.00779]

Chang Y, Wang XH, Mei QZ, Liu Y. Towards Twitter context summarization with user influence models. In: Proc. of the 6th ACM Int’l
Conf. on Web Search and Data Mining. Rome: ACM, 2013. 527-536. [doi: 10.1145/2433396.2433464]

He RF, Liu HY, Zhao LL. SCHC: Incorporating social contagion and hashtag consistency for topic-oriented social summarization. In:
Proc. of the 26th Int’] Conf. on Database Systems for Advanced Applications. Taipei: Springer, 2021. 641-657. [doi: 10.1007/978-3-030-
73197-7_44]

Liu HY, He RF, Zhao LL, Wang HC, Wang RF. SCMGR: Using social context and multi-granularity relations for unsupervised social
summarization. In: Proc. of the 30th ACM Int’l Conf. on Information and Knowledge Management. Virtual Event: ACM, 2021.
1058-1068. [doi: 10.1145/3459637.3482476]

Doan XD, Nguyen LM, Bui KHN. Multi graph neural network for extractive long document summarization. In: Proc. of the 29th Int’l
Conf. on Computational Linguistics. Gyeongju: Int’l Committee on Computational Linguistics, 2022. 5870-5875.

Song MY, Feng Y, Jing LP. HISum: Hyperbolic interaction model for extractive multi-document summarization. In: Proc. of the 2023
ACM Web Conf. Austin: ACM, 2023. 1427-1436. [doi: 10.1145/3543507.3583197]

Mao QR, Zhu HD, Liu JN, Ji C, Peng H, Li JX, Wang LH, Wang Z. MuchSUM: Multi-channel graph neural network for extractive
summarization. In: Proc. of the 45th Int’l ACM SIGIR Conf. on Research and Development in Information Retrieval. Madrid: ACM,
2022.2617-2622. [doi: 10.1145/3477495.3531906]

Kipf TN, Welling M. Variational graph auto-encoders. arXiv:1611.07308, 2016.

Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. arXiv:1609.02907, 2017.

Freitag M, Roy S. Unsupervised natural language generation with denoising autoencoders. In: Proc. of the 2018 Conf. on Empirical
Methods in Natural Language Processing. Brussels: Association for Computational Linguistics, 2018. 3922-3929. [doi: 10.18653/v1/D18-
1426]

Wang L, Zhao W, Jia SY, Li SJ, Liu JM. Denoising based sequence-to-sequence pre-training for text generation. In: Proc. of the 2019
Conf. on Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing (EMNLPI-
JCNLP). Hong Kong: Association for Computational Linguistics, 2019. 4003-4015. [doi: 10.18653/v1/D19-1412]

Coscia M, Neffke F. Network backboning with noisy data. arXiv:1701.07336, 2017.

Serrano MA, Boguiia M, Vespignani A. Extracting the multiscale backbone of complex weighted networks. Proc. of the National
Academy of Sciences of the United States of America, 2009, 106(16): 6483-6488. [doi: 10.1073/pnas.0808904106]

He RF, Zhao LL, Liu HY. TWEETSUM: Event oriented social summarization dataset. In: Proc. of the 28th Int’l Conf. on Computational
Linguistics. Barcelona: Int’l Committee on Computational Linguistics, 2020. 5731-5736. [doi: 10.18653/v1/2020.coling-main.504]
Cacioppo JT, Fowler JH, Christakis NA. Alone in the crowd: The structure and spread of loneliness in a large social network. Journal of
Personality and Social Psychology, 2009, 97(6): 977-991. [doi: 10.1037/a0016076]

Christakis NA, Fowler JH. Social contagion theory: Examining dynamic social networks and human behavior. Statistics in Medicine,
2013, 32(4): 556-577. [doi: 10.1002/sim.5408]

Defferrard M, Bresson X, Vandergheynst P. Convolutional neural networks on graphs with fast localized spectral filtering. In: Proc. of the

30th Int’l Conf. on Neural Information Processing Systems. Barcelona: Curran Associates Inc., 2016. 3844-3852.


https://doi.org/10.1609/icwsm.v10i1.14766
https://doi.org/10.18653/v1/D15-1259
https://doi.org/10.18653/v1/D15-1259
https://doi.org/10.18653/v1/D15-1259
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.1007/978-981-13-1498-8_70
https://doi.org/10.3724/SP.J.1016.2014.00905
https://doi.org/10.3724/SP.J.1016.2014.00779
https://doi.org/10.1145/2433396.2433464
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1007/978-3-030-73197-7_44
https://doi.org/10.1145/3459637.3482476
https://doi.org/10.1145/3543507.3583197
https://doi.org/10.1145/3477495.3531906
https://doi.org/10.18653/v1/D18-1426
https://doi.org/10.18653/v1/D18-1426
https://doi.org/10.18653/v1/D18-1426
https://doi.org/10.18653/v1/D19-1412
https://doi.org/10.18653/v1/D19-1412
https://doi.org/10.18653/v1/D19-1412
https://doi.org/10.1073/pnas.0808904106
https://doi.org/10.18653/v1/2020.coling-main.504
https://doi.org/10.18653/v1/2020.coling-main.504
https://doi.org/10.18653/v1/2020.coling-main.504
https://doi.org/10.1037/a0016076
https://doi.org/10.1002/sim.5408

R

N

Ty A AT HRE AR BHEBEA AR Z 21

[67] Yasunaga M, Zhang R, Meelu K, Pareek A, Srinivasan K, Radev D. Graph-based neural multi-document summarization. In: Proc. of the
21st Conf. on Computational Natural Language Learning. Vancouver: Association for Computational Linguistics, 2017. 452-462. [doi:
10.18653/v1/K17-1045]

[68] Nguyen DQ, Vu T, Nguyen AT. BERTweet: A pre-trained language model for English Tweets. In: Proc. of the 2020 Conf. on Empirical
Methods in Natural Language Processing: System Demonstrations. Online: Association for Computational Linguistics, 2020. 9-14. [doi:
10.18653/v1/2020.emnlp-demos.2]

[69] Lin CY. ROUGE: A package for automatic evaluation of summaries. In: Text Summarization Branches Out. Barcelona: Association for
Computational Linguistics, 2004. 74-81.

[70] Radev DR, Blair-Goldensohn S, Zhang Z. Experiments in single and multi-document summarization using MEAD. In: Proc. of the 1st
Document Understanding Conf. 2001. 1194-1197.

[71] Gong YH, Liu X. Generic text summarization using relevance measure and latent semantic analysis. In: Proc. of the 24th Annual Int’l
ACM SIGIR Conf. on Research and Development in Information Retrieval. New Orleans: ACM, 2001. 19-25. [doi: 10.1145/383952.
383955]

[72] Erkan G, Radev DR. LexRank: Graph-based lexical centrality as salience in text summarization. Journal of Artificial Intelligence
Research, 2004, 22(1): 457-479.

[73] He ZY, Chen C, Bu JJ, Wang C, Zhang LJ, Cai D, He XF. Document summarization based on data reconstruction. In: Proc. of the 26th
AAAI Conf. on Artificial Intelligence. Toronto: AAAI Press, 2012. 620-626.

[74] Liu H, Yu HL, Deng ZH. Multi-document summarization based on two-level sparse representation model. In: Proc. of the 29th AAAI
Conf. on Artificial Intelligence. Austin: AAAI Press, 2015. 196-202.

[75] Zheng H, Lapata M. Sentence centrality revisited for unsupervised summarization. In: Proc. of the 57th Annual Meeting of the
Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019. 6236-6247. [doi: 10.18653/v1/
P19-1628]

[76] Wang KX, Chang BB, Sui ZF. A spectral method for unsupervised multi-document summarization. In: Proc. of the 2020 Conf. on
Empirical Methods in Natural Language Processing. Online: Association for Computational Linguistics, 2020. 435-445. [doi: 10.18653/
v1/2020.emnlp-main.32]

Mt e 3255 SR -

[49] %k, VR, JriER%, K, DU, AR A I A5 R SCHEERIE. THEHLAAAR, 2014, 37(4): 905-914. [doi: 10.3724/SP.J.1016.2014.00905]

[50] & BB, SRILA, £, X, A, ZE S B IR AOE NS B AL B BT S 0L F S 24 R, 2014, 37(4): 779-790. [doi:
10.3724/SP.J.1016.2014.00779]

BERFS(1979—), &, L, #¥%, CCF Lik& A, XIEF(1997—), 5T, i+, FEHF AN H R
TG B AE F A, A AR, =S TEE AL, SO,
L%,

N

BB H(2000—), 55, Wb A, F TR A GUEN E
SRAE AL B, SUAHEEL.


https://doi.org/10.18653/v1/K17-1045
https://doi.org/10.18653/v1/K17-1045
https://doi.org/10.18653/v1/K17-1045
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.1145/383952.383955
https://doi.org/10.1145/383952.383955
https://doi.org/10.18653/v1/P19-1628
https://doi.org/10.18653/v1/P19-1628
https://doi.org/10.18653/v1/P19-1628
https://doi.org/10.18653/v1/P19-1628
https://doi.org/10.18653/v1/2020.emnlp-main.32
https://doi.org/10.18653/v1/2020.emnlp-main.32
https://doi.org/10.18653/v1/2020.emnlp-main.32
https://doi.org/10.18653/v1/2020.emnlp-main.32
https://doi.org/10.3724/SP.J.1016.2014.00905
https://doi.org/10.3724/SP.J.1016.2014.00779

	1 引　言
	2 相关工作
	2.1 社交媒体文本摘要
	2.1.1 基于内容特征的社交媒体摘要
	2.1.2 考虑简单社交信号的社交媒体摘要
	2.1.3 融合动态社交关系的社交媒体摘要

	2.2 图神经网络
	2.3 加噪与去噪

	3 问题定义
	4 DSNSum总体框架
	4.1 社交关系网络构建
	4.2 噪声观察
	4.3 去噪图自编码器
	4.3.1 文本内容编码器
	4.3.2 基于噪声函数的伪社交关系网络生成
	4.3.3 残差图注意力网络编码器
	4.3.4 双重构解码器

	4.4 基于稀疏重构的摘要抽取器

	5 实验设置
	5.1 数据集与评估标准
	5.2 实现设置
	5.3 对比方法

	6 实验结果分析
	6.1 主体实验结果
	6.2 退化实验分析
	6.3 去噪效果分析
	6.4 噪声函数分析

	7 结　论
	7.1 总　结
	7.2 未来展望

	参考文献

