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Abstract: Most of the current extractive summarization methods mainly focus on the representation and extraction of
summary sentences, and tend to ignore the adequacy of text feature representation. In order to solve this problem, an
extractive summarization method was proposed. Firstly, on the basis of abstract tasks, an extractive summarization model

(MLHIN) based on metric learning and hierarchical inference was proposed. Secondly, the model was evaluated and tested on
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the English CNN/DailyMail dataset. Finally, the test results of the model on the dataset are verified. The results show that
the proposed model has significantly higher scores than other models on Rouge-1, Rouge-2 and Rouge-L , which are 0.84 %,
1.29% and 2.43% higher than the Lead-3 model respectively. After replacing the metric loss metric and the sentence encoder
with other modules, it can be seen that the performance of the model has declined to varying degrees, which proves the
effectiveness of the proposed hierarchical inference network and metric loss. The algorithm can improve the ability of model to
capture long-distance dependency, enhance the ability of model to distinguish summary sentences from non-summary

sentences, and effectively improve the performance of the extractive summarization methods.

Keywords: natural language processing; sentence encoder; document encoder; metric learning; hierarchical inference;

extractive text summarization

ity SR 2T AR SCAR v e 9 2 /) g R Al v SRR A U R PR IR A ) T O DL R S AR S
Y SR et (B 5 ik R RS TR PR RS SO B R X ) ATV 48 B
TR . H TR 2 2 7 AR AR SO TR SCRIE R BT R I T S i Re T Kt el i B
T R B e 2 ) % R RO R AT T D S e T vk AR AT A DA SO e U A LB Ry AR
3 VR SC_E AR BN Y 0] R 2H AR Bk = R 0 BTG RE ) I LA AR SCRY 1 B AR R M

BT AEB IR R LM, L JE Transformer, & A A TE T A3 (NLP)AE 55 P i 8 FIBCRL, %2
T SRR R SCAE R AT 00 25, 9K 5 TE B0/ I 8 AT 55 i B 4 Bl A7 380 . Transformer 7E4L
i B P R A A L AN SCAR i B R U, T AR SR A B A ) T B R R X T R SO AR R
J1AE 2%, DRI 4 07 FH B SCAR R B 55 R R 2 A SRy SO A B AR R B R 0 R SO AR LA R

T TR XA Tl A, R E 43 AR R R R OR (6] Y M 2] R B2 G ok Al v B a0 2 ) B A,
CHOWDHURY FM 48 T — A~ e T 45 0 1 3 09 2 K Gt 5 2, > gl 485 /) - [R] RD SCARY |) A AR 8 C &R . JTA
SR T Ay I T R A PRI REAR AT i ASTIUAN [ )2 UK (9 A . B A BRI RN O SR O AT TR Y T AR K
T R B B AL AR BRI OC R . YUAN SR T 4R I S 908 LA, 56 T BERT Y BERL 45 5 fiff
FH—A 2 R B 5 SCA A B 22 2 UORLEE 5 JF B RY v, D o 47 b i RO 22 . WANG 80 T —
o T S T 1 i BB A S ol 2 I 4% 2 48 IO 20 8 ) 1 A AN (R BE ) B 1 ST L R T R )Y
KR, KBTI RETEAR R AR BE b Bk T AL 0 SORY (4 B, o k2 SCR R . 1l SCAR RE 8 2% 2 )
R R K 22 1] 9 O 28 LA RCEE U 1) SCR 3R S A7 o 0 B 2 o 7 EE T e T AH R E SR

A% Gt 5336 B AR R eR B ] B2 12 ) H AR5 2% R 250 RE 0% (1 [] — 28 031 1) 504 7 JLAe] 25 1) 43 A1 B8 i 5
1B AN TR 28 551 (%) BRI A b J7e 5, DR AR AR 1] o EL A ASE S Y X A3 B T . R B Sk 2% 2 O T AE NI TR 4 A
TRMBERD GE T Ok A R . X H R 2R Ccontrastive loss) ™ R R B B 2R S B IR R 2 A B RO
TR PR P28 5] A BE B2 2] o X FE A 2R AR 2 (RIS A R 194 SRR IR IS 3 0T 7 288 [ X6 9 R IR S 8 38, = A il 2K
(triplet loss)™ ™ FE X oAbt 6 i) BE iy 1, #F— 202 8T R 0 5 2 E 0 Z R A AH X SE R . BT = e B 2k —
PCRAE 3 FEAS, AR BB [A) I 25 S 2R N BE S 1AL DA Rz — 38 A A 0T 56 & B 2R 1A 78 43 R N 2 )
A batch WHIFTA FEAS . BRI, SONG 451§ Hy 78— 4> batch P4 37 B8 %5 (9 X (pair-wise) B #4256 &
FH T =TT 2H 40 2% 0 B R R SO B AT AR R DR A B AN it R 2 1) R > (N BE TR FRD i REAS, W] BE IR IR
Bz S, MISHCHUK Z5E57 42 i 3 B 2540 2 B 1 (coupled clusters loss, CCL) M [F 28 REA AL 11 T — 4
FEA LG DT A B BT AT (19 TE A AS 3 5 28 v 1 B g ) B /N T S [ RE A B SRR O Y BR B BE R )
S A ek /) ) RE AR B 03 1 T A ol S B

A SR W SCAS i BAT 45 1R B — I T e ) 0 )2 U BB A (metric learning based hierar-
chical inference network , MLHIN) , t /5] 4@ i 2§ . SCRY 4 5 25 A1 EE f 303 26 4 . BB ff ] Bi-GRU W 4%
S5 BT SO oK g 8 SOR B — A R) 1o — A ) JFRE BT AT R 1 1) AT — S R I 2R A SOR 1) A 2
Transformer Hv, 4 t SCRY RN FIA] FFRoR . SR B BE 52 2 M8 1 B 3 SOA il BEAT: 55 b, 3 3 OB 30K
FA] 3 B AR RLPE BE o R T2 BEA AR SRR 2 0 . B J L 7E 98 SO R 2 CNIN/DailyMail ™™ | X H
HEAT DA I R AT T Fil 92 56 0 I a4 2R E AT Sk



596 LT A = 5 A N e 2022 4F

1 ETEEFINEREERE

1.1 HERABEES

R D ={s 505 ssy ) FRMEE N AP s, ORI M. 54, 8404
FHE |s | DHEs ={zax ) 2T FRANTHEEMRE, BT EN KRN D bk M
NAJFAE D ={s] »ss sovosu) SHPMIN L BB Y={y, 5.5 yn ) I TIRANR, Ky, €
(0,1} A B 5 2 & & NOZ AL s, A1)

MLHIN #5551 32 5y 47 F S 5 2% L SCRS 2 5 2 R RS 2% ) 3 KSR AL . &7 26, A FH A1) F Gt B 2 44 24>
s, B — AN FER s, o SRIE XA T RN Kt SR R A AR R A . ) Ll A A S SR R
718 22 1) A4 AR L e i B A )

1.2 BEREEHD R

P T A BB R AR 1) A R A SRS v e A 1 DR SCR AT R A G, SCRY R R 4
R — AN SCRY S th 2 A0 R B0 7 ek Bl 2 . R e R 2 RS R L R — A R o 2R R J
HOPE 1R . R RAEEE R i) T R RS SCR G B A AL B . AT A A 0 B 2 3] SRS i A A
TR SCRY i i 25 1 S22 ) SCRY A 7R o A SORE TR A AR A5 AL 1 3 A4~ L1

................................................................................................................................

| Sigmoid |

Embedding, Embedding, e Embedding,

! 1t 1

B1 ATAZFIAEAREENMLYRER
Fig.1 Schematic diagram of MLHIN

1) ) G B 2

R 5 G B 2 1) A P R 3 BB 5 v ) e — A BRI O ) A 3 7 A — A 1) R R 280 e R A R 2H R )
FERAR, N TSSOy A FFF AT dR i, A5 A (T 3 T X ) #2495 24 590 (bidirectional gated recu-
rrent unit, & FF Bi-GRU) B9 g 5 i o FAH XSG PR P28 0 28, AN 55 24 34 1) b 3Ly AP 371 o T 2 i ok 1] 45 AL 1 [
IS AN R Y R S PR A R AR T AT BB 1, 10 A A B AR X RO AT

WE—MHF s, =z o b 2 RIPAET R AN . E G B A IR AR O AT R i A F 3 1)
)5 SR A T T4 08 PR 50T (gated recurrent unit, fJ K GRU) W45 4 i m) . GRU & LHNF .

2 =0cW.[x, h, 1 ], (D
ri=oW,[x;h; 1], (2)
h =tanh(W, [z, ,r,Oh, ] . (3)
hi =0 —2)Oh, +=2,0Oh, , 4

A wo o w, filw, #UEREMFE . Bi-GRU TR GRU FJS M) GRU 41 5%, A2 47 FN A7 31 22 2
AN AL — AN F L IR A 2 AN BRUBF S Chl shl e sk ) A1 (RS GRS aee k%) o B b R BEATPREE . &
it KA B A T I R AR s .



5 6 30 BB A B TR A ST R T ) 4 e R T 1 597

2) SCH R 5 a

H /0] - G B i G B A B ) 13RO s, K SORY R R — A ) g PR R R R TE IR S BT 2 ST i) i
Y SCRY 1) 8 ROR clsp o IRJE 5 A AE ) B ) O g B AR N

H=E,+E,, (5)

K EL=siosomeys, ] »RRIIAWA]F I 5 E, =[pos; »pos, s === s posy | A& — 7] 22 2] 1 i1 B x A HH
M, Fem ] FAE SO P L B . B Jn B Hosin A3 Transformer AP EfT 4 6% , 58 3 ) F [a] & A0 SCRY ) &

SRS G B i 14 H B 2 A SCAS T B BSOS 3 SCHRAE T B S B R AR 25 B P, 7E Transformer BEA
G fith g b L > G B 2 M 2 18 B e 5 R A4S 23k B TR ) T2 (MultiHead Ato) DL HZ A7 &1 Hi 15t 9 2%
TIZHEK. B TEE 2 4~FI2Z 0, A 5% 2 % # (Residual connection) , % J5 J3— 1k (Layer normaliza-
tion) , 253k 11 77 30 3o R iy A SCAS FEAE B S A (W] A9 4R AR 2 18] AT DL BB AN [ 1 o CRRIE R R . B —A
S i )22 00 B S Y PR OIR S AR Sl i A i 2 M 4% . 56 L R 2 A A X .

h” =Norm(MultiHeadAtt(Q” , K,V +Q“) , %)
h{ =Norm(PFF(h ") +hr{") , o
PFF = (ReLU(h("w " DR{™ +h(") . (8)

e b RRGT ZRE S MR 22 E MR s Norm ( « )RR EH —LRAE B8 | D=0
i hoy o EADEREIE 1 A RIBEEREA QY =K =V =H JHRZEMNMAN QY =K =V =
h ™ o w” REAR IS PFEF ETH M 2 F 2 . R4 ARG — )2 008 1 A Dsp st easi ] s
BN SCR 1) B RN sp MBS Al TRm 57 .

1.3 ETEEFINMERY

A SCHR AT S R 2 Y VA ORI BRI . B A R R B B SORY R R ) - 3R OR B AE BLEE

p:=1/(1+exp(—rcos <sp,s?! >)), p; € (0,1, €D

PS8 SR 401 2 A Dy B A B i I 5 H A, Oy 1 ol 40 2 g 1) 6 55 SO ) ST, AR 2 ) S SCRY B
) R SR i) P ARARLPE B K A8 A S ek Ak LT 5 2K R BT A 2T

1 1
L=W§ﬁdzﬁ — [y, log p; + (1 —y)log A—p)]. (10)

Kby € (0.1 RS HME AP RBEIEE 73 N NSO a8 19 4] 78, 7 HfE B B, 4587 il
AT T 5 SR R 22 18] A4 AR B RE 28 % 47 2 )

2 SRIGES

21 RERSHIEE

BRAE—4 GPU(GeForce GTX TITAN X,12G) Bk, ARHEITELE [ A TTAG L 2 £ 45 SR B by ) 51 4
SHRCIHRE AR B R . M Adam™ ARG EAL . epoch B D 20, % 2] R [ R EAEHT 1 000 4
B

ZH007 W, H2 T CNN/DailyMail Il 2546 i P8 SCA FE 22 SCA N7 3] 2, K/ 5 000, 4 ] 48 B2 /N
50 1 GloVe ia) [a] i, SCAY gt it i 09 2 E0 B8 Oy 4, B 2 00 1 0 SR B 8 oy 4, [RR 2 ph & ot M8k 100,
A FHASE B i B LA T 90 %) 0P 5 IS8 o Tt 24 52 R ) 1) i 4 B2 A T) B8 Ol 200, 2 20 ARCE 20,000 5, 41
RANBEN 32,
22 LWNE

Trigram blocking i & T PAULUS £ f1 LIU 25021 fF 42 4 59 97 8 B8 fd B Trigram Blocking #F47
fifp A, 3% S — > ) B0 T AR5 K9 Maximal Marginal Relevance™™ Jrik . B3, 76 1% B 22 A B, AR 9%
)5 SCRE R AR 3 BOk HES) ) L F H R SRS ST A 3 MR E &R AT,

ARG, T R A SE . T T Rouge-1(uni-gram) , Rouge-2 (bi-gram) fll Rouge-L (& KA 3T %
G VAL A SCAYRE Y 38 2k 3530 N 28 400 e ) 0 2 40 83 R 2 2 4 22 () Y T 2 R T (AN ne-gram , B 3R] 5 51 IR



598 LT A = 5 A N e 2022 4F

XD B R B ST A BT . Rouge NP9 i THEE A 500
E 2 Count e, (gram, )

S € Referemce Summaries  gram, € S

2 Count(gram, )

S € Reference Summaries  gramy € S

Arp 4y B ALVE IR 2 5 S B S Z LA 1Y n-gram BDEG 0 BN S E n-gram B EAEL
2.3 HEER

Lead-3 BIlESCHY AU AT 3 AJVE N SCEE BB . Lead-3 J5 vk BAR ] PR B2 (B AR AR A SN I vk .

RAMESH %5 2 T — A5 T 5 91 43 26 & (0 0 2R 28 9 26 A5 0, R ) GRU-RNIN 25 449, py 513 25 331
()96 P A 28 X 28 75 3] 4] F KR o Gk ) GO0 R 91 20 b 22 X 28 45 31 SCRY R o TR R SRR a7 B, AT i R
SR, I B BT AU GRAL ] A P A s A A A ORI R B AT 55

DONG™ 8 T — 7 4 75 1 R I kit 28 0 208 BHOAT B0 SCORY ol SIS 22 g AN 5 22 03 8 X A 4t BB A 4%
SR FH 5K s A 88 ik Ak 2 ) R AR R AT I 2k L LA B K Rouge 43800 4] F P 41

NEUSUM* 158 7044 358 45 5 s 4 it 21 4T 43450 0 v g e 1 abe iy i B SCAR 3 22 v ) = 47 43 L ) 7 8 4%
X 2 A B ) A, it MLP %24 2] Rouge I F1 B IE4Y 30T 430 Fil i) F 16 6 3 & 7 6] — > ) 45 v,
e 2N 2 R A5 7 3 5 3 AN (] 7 ) 115 21U AT BE R 1Y Rouge PF43 .

24 EHEIH

ASCHEFNIGEUAT 55 4R 1 T 36 5 & 2 0 02 203 B A il G 2L (metric learning based hierar-
chical inference network  MLHIN) , iR Hy 3 #8432 B, 43 50l 2 ) F G i 2 L SCRY 4 AL 25 FHRE Rt O . )
T4 &% i Bi-GRU #4 B, 4 SORY rh A4S A 5 G i by — A [a) i, oK 33K 8 Jr) ik 2 5 7B O g A\ 380 SR g 1) 4 v
SO Gt i & HH Transformer A4 )8, i 5 SCRY 3R FNA) - 3R7R . B2 1 90 2% 11580 ) —F 0 SCRY 9 AR ARLE L il L3
),

A A ] CNN/DailyMail $8i 52 #E47 88800 Al 12080080 52 6 3% 0 1 SRS S 0T 7 iy 47 2 3 55 FH -4l
WO AN A U 2, A SO WANG 480 SR AL i I AR o N #08odls A . P il 2 L 30 Tk 4 R ik 2
Ty AL S 287 226,13 368 Al 11 490 4 3CHY,

R A D SCHE 2R HE S CNIN/DailyMail b JE 47 003, F 4 & 45 48 83 B2 1Y Rouge-1, Rouge-2.,
Rouge-L HJ45 43 ffi 1% T Rouge A pyRouge T.H i85 55,

2.5 HESE

AL Y A ALY (ML HIN A A b (4] G i & 5 ] GRU, SO 4 A% 28 8 Transformer, 41) 5 £ 7
SHE I BE AR . O T R IR SO 7 s 1A RO R AT T R S 3 ER A 2L O ) AT R 5T

MLHIN ##! 5 GRU-Transformer-metric Z5 84, Bl /A] T 9w i 25 18 F GRU, SCRY 4 15 45 ffi J§ Trans-
former, 1] 5 ZE 45 58 70 FH B 45 2K

GGM #£7  fy GRU-GRU-metric Z5 44 , BI/i) - 4 % 25 Rl SCRS 4 % 75 1) 6 B GRU L A 7 28 9% il FH B i

Rouge-N = ) (1D

Bk
CTM #i#! & CNN-Transformer-metric £5#), B /&) 1 45 5 %% £ I CNN, SC#4 45 1% 2% 16 i Transformer ,
AR TR A T P R R AR

CTS %) & CNN-Transformer-sigmoid 2% #4 , BRI 4] 7 4 15 #% 1 F§ CNN, 3CR4 45 15 %% f# F§ Transformer ,
A FIE R H sigmoid BREL

GTS i 5 GRU-Transformer-sigmoid %544, B} &) - 2 5 45 8 1l GRU., SCHY 4 15 25 £ F Trans-
former, #1) F P AR 70 B H] sigmoid pRK .

TTM % 5 Transformer-Transformer-metric 254, B 1) 7 4 5% %5 1 F§ Transformer, C#Y 4% i 2%
i H Transformer, 4] T 3E £E &8 70 & = #12K .

T 58 0 T A A AR R rP A [ ) o G A A B PR RE . R O T R 28 43 A At Aty B A A Y
PR A [] SCRY 2 B i B4 P BB K A S SORY G B 2% T R B e b 9% . e o AR SO JEE BB R R AT 2 S R F R S
U= g1



5 6 30 BB A B TR A ST R T ) 4 e R T 1 599

D AR AR SCHE 1 B 5 2R metric B Oy JEABAEAY ) sigmoid.
e 1AL RFERE b R JZE e B R v (4 ) 1 2 L 4% 2 4 CNIN,

3 XWHERESHW
310 FHELBERSHH

F 1R T & NHALE CNN/DailyMail 45 5 % 1 MLHIN 5 3t A A o 52 36 25 R 3tk
) Rouge 8515457 Tab.1 Comparison of experimental results between

M2 1] LAFE LA SCE 9 MLHIN 76 Rouge 1, MLHIN and other models
Rouge-2.Rouge L 3 84R LA 01 @I T340 AW Rovgel  Rowiel Roueel
B A T2 A BB Lead-3. 18 70 70 il #2 T+ T SummaRuNNer24) 39.60 16.20 35.30
0.84%,1.29%,2.43% ; 1 A4 Xf T SummaRuNNer # BANDITSUM!2%] 41.50 18.70 37.60

NEUSUM!?6] 41.59 19.01 37.98

I 4E YANYS{{2z] 0 0 0/,
ARG BT T 1.66%6,2.71%,3.8%0 Ik GRU - | 126 1891 29,10

R NEUSUM, 7E Rouge-L (843 42T T 1.12 % 5 %t
It BANDITSUM £, #£ Rouge-2 fll Rouge-L F4r3# 7+ T 0.21% F1 1.5% . MLHIN £ B AH X} Lead-3
1 SummaRuNNer, f£ Rouge-2 fil Rouge-L 154> A B, #HXF BANDITSUM Fil NEUSUM #i# ,
FT SRR (RO AE Rouge-L (PE/r W i . DL b 25 0, A SC A 12 07 125 BE % A S8k BB 22

B EIREEIR T LA B YE CNN/DailyMail 045 % | ¢ T Rouge-1 Fl Rouge-2 43 42 7+ b 78
Rouge-L L1353 #& FH 8 £ . Rouge-L 375 86 AU A 1l 1 418 22 I 2 2% 4 28 22 ) A LAY e KA 3L+ )5 31,
Rouge-L JHE R e KA TIPS K, IR A IR 22 5 S 8 i B . B a2 > DR M &2 24 Ay
) A ) R R R, U B 2 T BB A5 A Tl 3 B ), UE B MILHIN #5874 G 6% £ T 43 2 il B A R .
[F] B, B AE Rouge-1 Fil Rouge-2 | (950 BUM L BBt A — 28 48 &1, i — 2D W T 42 07 1 7E il B X
WZAE 5 LR A R R Tt
3.2 HEMXBRERSHMH

2 JBR T AR ZE CNN/DailyMail 4 4 1 Y A2 HRREIRL R

By Tab.2 Comparison of ablation experiment results
M 2 AT LLE . CTM ff f CNN £ R A] 5 4 5 45 . B 4 B Rouge'l ~ Rouge?  Rougel
CNN B A S I 102 A L 46k 9 GRU 4 74 O e
A SRR TR KIRF. CTM H i FH CNN 1E 4 5] F CTS 10.61 18.23 38.51
i K CNN B4 g A< SCHE 0 2 3L W 26 R i) GRU GTS 40.47 18.35 38.40
TR BB A T AT A S R s

T 3 2% v B ) T G A 2§ GRU P RE A T el A6 78 e 4 ) 1
HAGEE CNN, GGM R ffi F T GRU 1E 2 SCRS 4 5 3% o 8 32 SCRY 4 B 2 0 40 Sy AR SCHRE H 19 )23 20 4 3 )
i) Transformer, W& I LU Y, J2 G0k B W 26 (9 SCRYS 2 S 2% Transformer K HE & T 45 7Y 1
B o B S0 R A SCER S B B R metric B4 Ry AW AL Y sigmoid, AT LA 3 A48 bR 40 B H
ANTRVAR BE R B U T T AR SO A B SRR A RO . )2 G B A rh Y ) e B 2 B 4 CNINL 1]
DL A5 2 P e A S (R R B ) T %, T B T AR SR Y S A X 48 R e 2K AT A

AR SCHR T — o B TR A 2] R 2R A B I 2 ) i B SCAR i T vk (MILHIND |, J23 90 HE B R 24y A1)
Gt B 85 TR SO S R 5 R G, SRS S A 8 1 A A R ) g 5 8 B S L 25 S ) A R S R e O A B
AR T(5 B RS XA & 1N SO SCRY SEAT 4R A5, B 5 T X SRS AR 09I S TRIE 5B B A 2T X g A
Jei B SRS FVR) 05 B AT 0 8 o Of B OGBS B L (1 A5 455 180 R AR 4l i SC % SRS BOR AU 5 22 . 7 40 22 i
#£ CNN/DailyMail | #5286 207 42 1 89 MLHIN J7 1k G B Wk $2 TR0 b O 52 00 B &



600 LT A = S 5 A N e 2022 4

AW FEAE IR R LA BNE RS FR R BSOS 5 5 A7 75— 9 Jm BRAE o BV SO 24 5 25 14 i A T A1)
T AR T RSN S HERR 2 R BUR SR PR 25, fEse ) R b Rk B, B 0 Ok B AT SO B R AE
ZRRENS A DAY B AT S AF i A 2R . SR A e ) RE RN 2 25 i EAE O AR SR MR R T R AL . ROk
A SR R i G 227 1k S iR A 5 I A &, LUK $2 TR B PR R L 45 4 B 4 Ay i Bl 2L

£ % Lk /References:

[1] ERKAN G,RADEV D R.LexRank: Graph-based lexical centrality as salience in text summarization[ ] ].Journal of Artificial Intelligence
Research,2004,22(1) :457-479.

[2] LIN H,BILMES J.A class of submodular functions for document summarization[ C]// Proceedings of the 49th Annual Meeting of the
Association for Computational Linguistics: Human Language Technologies-Volume 1.[S.1.]: Association for Computational Linguistics.,
2011:510-520.

[3] BERG-KIRKPATRICK T,GILLICK D,KLEIN D.Jointly learning to extract and compress[ C]// Proceedings of the 49th Annual Meeting
of the Association for Computational Linguistics: Human Language Technologies-Volume 1. [ S.1.]: Association for Computational
Linguistics,2011:481-490.

[4] MIKOLOV T,CHEN K,CORRADO G.et al.Efficient Estimation of Word Representations in Vector Space[ EB/OL].https://arxiv.org/
abs/1301.3781,2021-10-01.

[5] HU Baotian, TANG Buzhou, CHEN Qingcai.et al. A novel word embedding learning model using the dissociation between nouns and verbs
[J].Neurocomputing,2016,171:1108-1117.

[6] CHENG J P,LAPATA M.Neural summarization by extracting sentences and words[ C]//Proceedings of the 54th Annual Meeting of the
Association for Computational Linguistics.Berlin: Association for Computational Linguistics,2016:484-494.

[7] XU Jiacheng,CHEN Danlu,QIU Xipeng.et al.Cached long short-term memory neural networks for document-level sentiment classifica-
tion[ C]//Proceedings of the 2016 Conference on Empirical Methods in Natural Language Processing. Austin: Association for Computational
Linguistics,2016:1660-1669.

[8] CHOWDHURY T,KUMAR S,CHAKRABORTY T.Neural abstractive summarization with structural attention[ C]//Proceedings of the
Twenty-Ninth International Joint Conference on Artificial Intelligence. Yokohama:IJCAI'20,2021:3716-3722.

[9] JIA Ruipeng,CAO Yanan, TANG Hengzhu, et al.Neural extractive summarization with hierarchical attentive heterogeneous graph net-
work[ C]//Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing.[ S.1.]: Association for Computa-
tional Linguistics,2020:3622-3631.

[10] YUAN Ruifeng. WANG Zili, LI Wenjie.Fact-level extractive summarization with hierarchical graph mask on BERT[ C]//Proceedings of
the 28th International Conference on Computational Linguistics.Barcelona: International Committee on Computational Linguistics,2020:
5629-5639.

[11] DEVLIN J,CHANG M W,LEE K,et al. BERT : Pre-training of deep bidirectional transformers for language understanding[ ] ].Computa-
tion and Language (cs.CL),2018.DOI1:10.48550/arXiv.1810.04805.

[12] WANG Danging,LIU Pengfei, ZHENG Yining,et al. Heterogeneous graph neural networks for extractive document summarization[ C]//
Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics.[S.1.]: Association for Computational Linguis-
tics,2020:6209-6219.

[13] DENG Jiankang,GUQO Jia, XUE Niannan,et al. ArcFace: Additive angular margin loss for deep face recognition[J ].IEEE,2022,44(10) .
5962-5979.

[14] HADSELL R,CHOPRA S, LECUN Y.Dimensionality reduction by learning an invariant mapping[ C]//2006 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition.New York:IEEE,2006.:1735-1742.

[15] SCHROFF F,KALENICHENKO D,PHILBIN J.FaceNet: A unified embedding for face recognition and clustering[ C]//2015 IEEE Con-
ference on Computer Vision and Pattern Recognition.Beijing: IEEE,2015.:815-823.

[16] SONG H O,XIANG Y,JEGELKA S,et al.Deep metric learning via lifted structured feature embedding[ C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition.lLas Vegas:IEEE,2016:4004-4012.

[17] MISHCHUK A,MISHKIN D,RADENOVIC F,et al. Working Hard to Know Your Neighbor's Margins: Local Descriptor Learning Loss
[EB/OL].https://arxiv.org/abs/ 1705.10872v1,2018-01-12.

[18] HERMANN K M,KOCISKY T.,GREFENSTETTE E,et al. Teaching machines to read and comprehend[ C]// Proceedings of the 28th
International Conference on Neural Information Processing Systems.MA : MIT Press,2015:1693-1701.

[19] KINGMA D P,BA L J.Adam:A method for stochastic optimization[ ] ].Computer Science,2015.DO1:10.48550/arXiv.1412.6980.

[20] PAULUS R,XIONG Caiming, SOCHER R.A Deep Reinforced Model for Abstractive Summarization[ EB/OL]. https://arxiv.org/abs/
1705.04304,2021-10-01.



5 6 30 BB A B TR A ST R T ) 4 e R T 1 601

[21]

[22]

[23]

[24]

[25]

[26]

LIU Y,LAPATA M. Text summarization with pretrained encoders[ C]//Proceedings of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP).Hong Kong:
Association for Computational Linguistics,2019:3730-3740.

CARBONELL J,GOLDSTEIN J.The use of MMR, diversity-based reranking for reordering documents and producing summaries[ C]//
Proceedings of the 21st Annual International ACM SIGIR Conference on Research and Development in Information Retrieval. New York:
Association for computing machinery,1998:335-336.

LIN C Y.ROUGE:A package for automatic evaluation of summaries[ C]//Text Summarization Branches Out.Barcelona: Association for
Computational Linguistics,2004.:74-81.

NALLAPATI R,ZHAI F F,ZHOU B W.SummaRuNNer: A recurrent neural network based sequence model for extractive summarization
of documents[ C]//Proceedings of the Thirty-First AAAI Conference on Artificial Intelligence.San Francisco: AAAI Press. 20173075~
3081.

DONG Y,SHEN Y K,CRAWFORD E, et al.Banditsum: Extractive summarization as a contextual bandit[ C]//Proceedings of the 2018
Conference on Empirical Methods in Natural Language Processing.Brussels: Association for Computational Linguistics,2018:3739-3748.

ZHOU Qingyu, YANG Nan, WEI Furu,et al.Neural document summarization by jointly learning to score and select sentences[ C]//Pro-
ceedings of the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1:Long Papers).Melbourne: Association

for Computational Linguistics,2018:654-663.

~IPNZPIPNLPNZD PN LP DN IPNLP DN LD PN ZP DN ZPNZD DL LN LD PN ZP TN IPNZ LN ZDN DL TN ZDIPNLP LN LD IDNIPINL LD

GAME LG FHERYEM

AR AE B R 2 A O L FRAIE 311 R XL SR R KR 5 A XL H AN EH 3

A0 A GORE HERC BT R VRN 2 AN TT R o KT I A T 4 A SR 1] 3 28 L SRS R 0 AT B9

B 55 B Fon I

A RSB A L K44 TR Rk 44 B DU D - BRI HESD

AW REE BRHFR EHRE F R KER
FRE FAEX FXF Fam B F Ner
Ly LmE EKME IRAE ERE HFH
MEZ K OF R R OREE REER ARF

ﬂ,
(i
S

(AT 4R3EER)



