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4 ¥R =%y LOMBEERY 4 bTIE, iR
MEDH ST U EHIIENTES. FOFRIZIIM
HANBZFMCEH LI-EXOH ST UDZLFET
5. LIL, & CEIDERKROERIE ENT
B D T U iAWV E VWS BEY KZ W, 7
2T, AT, MENA IS EIN D
LTULEHEBENL, MREDOTUEMERT 2H
—NHENFEOMEZITS. —RIRLEFEEND
7 70— FIEKRE G TR b AERRIDTETE
T5. L2L, MEOHSLFT LTI, 1XTH-T
S AN L CHMIREERD I N T WA HEDLH
D, EMHEEA Y UERENTIEITRICR S
TEMTFTRIND. 2D, KREFFETIZMED H
53 LB AR HEEN LTEALT 5.

TADPFAE L 25, BHEZ FX A4 T 2E
WHTF =&ty MEIFELTWELo. 22T
3, MEERY A b TH S IMDb (Internet Movie
Database)!) 22 & 7 — X OIVE R TV, BE 2D 2
b=V —=DFICEIPNH ST L L, FRITHIG
L7ENETH2H06 3T CENDBRT Lot
HEHT— Rty PR -,

BUE D B & F LIicid, XHEHNOMIETIAL AV
LNTWVWD =2 —REHL HART, AFMAGFARZ
XNz WS5F#8H 2. LrL, BRIEOERE
FETLTIRZENLZ THIREBRTETVWS LI
SARV. Z2IT, RABANLEDZ Y a— Fi
W HSRIEHRE I RINCIER U7 BN FERRE T
5. Flz, R TIER L ZMEEN T — X € v b
%, CNN/Daily Mail(LLF CNN/DM) 7 — &+t v b [1]
RED= 2 —RRHENHT -2ty bRz
INREETH 5. 2D/, RIFFRLTIEX, FXA4YD
B 3 KM REN T — &2ty P TETLEHRDE
A 21T o 7218, MEENT—XtEy b EHWT
fine-tuning %17 5.

1) https://www.imdb.com/

— 178 —

MR IC B W T, HBMRERZPIRINCEM S
BIREFHE, ZLTRAA VDRI Z KRBT —
Kty b EHAWEHEAEEIC X SRR L, BE)
FHliTEER I B LR S e,

2 [BEHEMAZE

B — CEERNCRE T 2 PEEIEIL < fThbhTw3
(2, 3] 2%, /DAL MLE 7R ¥ OY)EE R MR & L5
PR 4, 5].

2=ty MY —2IT X 5ERMENL,
XEE AN, B E HE L L 72 Encoder-Decoder
ETFTNALER—-—RLTITbN 3 [6]. LET
1%, BERT (Bidirectional Encoder Representations from
Transformers) I AT XN 2 HFFEHFALY a2 —X
[7, 8] & XE BN X R 7 ICHIGEE T 2 H5E031Th
NTW3. Liu 5 [9]1F, BERT ZFHWTXELAKE
I a— K L7%&, Transformer[10] TFa— K33

Xk, FHFEHEAOL Y a - fioE
A EH A 2 AT o 7.

Xu & [11]1F, THXEDHKEM G & S HBR
ERT T 7%ERLTEBE, BERT 2 6F 607
(SYERIN IR Graph Convolution Networks (GCN)[12] T
HICTya— R332k h, EDU BN THHAY
BRZIToTWVW5. Xu bR, XHEOHESH
BRERD ANZETILTH D AFL L ITWD, &
MR ERBENTHE e h 6, AUFETET
MZHSZRIERZ HAAT Z &RV, £,
W37 =&ty PORXAL VHELZSTNS.

3 MEENT—2tv

BUEODH 5T CEHNEITOICHZD, BEF X A
OB TRty FOMEE LK, ERLZ
F—&ty b EITS.

31 F—42t v CDIER

ML 7 — X DUy L CHEERY (1 N TH 3
IMDb % ;#EfR L 7. IMDb (&, BLEF#RZ 21— —
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K1 MEEHF—XLy ¥ CNNDM F— &+t v + DR

Pz b XCER G AT SCERD )\jzjz%ﬁ H:'J_JS'(%% ARG D
train valid test 3L < B X | XEICEHDBZEIE (%)

CNN 90,266 1,220 1,093 760.54 34.00 | 45.69 3.56 432

DM 196,961 12,148 10,397 787.45 41.76 | 54.64 3.83 5.07

Hofe ] 43,281 (21,931) 5461 (2,743) 5,529 (2,740) | 1174.80 62.12 | 81.92 3.42 7.17

DEHBICKRETE2 X511tk TEBD, X&ZA L%
EF 3THBRICE 2N Plot Summaries ¥ BLE[ 2R D
NED RN E D372 Plot Synopses D 2 FFHD H &
FTULEHRRT LI eNTES.

3, IMDb BANBI L TWAMEDER ID Y
2 PR EBMES ATV B MEM % JTICBE 7 — &
ZUNE L. X2, INWEL MEHF —XDHT
Plot Synopses \Z 7 ¥ A b 3{FETE L 72 WAEM S Plot
Summaries D X FH £ DY Plot Synopses D X EE % L
[ o TV B ERZHIBR LY, BRIIIC 27,414 75
DTF—=XERFE L. 2L T, fEMmBEMTT—%&
D38 % AT - 724%, Plot Synopsis % & &3 U, Plot
Summaries * 53 CEMNE LTT—Xty 2t
RfLT.

32 T—2tvy DAt

XEH, AMXEE, HOIXEER, ARG
MDY EIZHEDZEEDERZRIZOWT, M
#7—&+tv b¥ CNNDM 7— &t v b THE®
TorbDY 2R 1ITRT. ANXEE, HixE
£, AMMREFANIXE LD 2 EEDHEIK, &7 —
RDVEETH 5.

BROHEEL, Plot Summaries (IBEEIRRETE 3
DX LT, Plot Synopsis 1& 1 fEfICDOE 1 DL D
BRI W=D, 12056 F UieH L THEED
HOFT CEMNBIFET ST XLy heRoTW
5. train/valid/test £ v F D ZNZFNIZONWT, H5
T U 21,931/2,743/2,740 T — X TH 5 DX L T,
H 5T UEIL 43,281/5,461/5,529 F— &R L 12 o T
BY, 1{fERBLDFHL TN 2BEOH ST UE
KDTEELTWE L2 EKRT 3.

¥/, BHOTUXEPRFET 2HEOHT
ANRAFADE G 7.17%TH > 7=, ZHiE, CNN
TRty MIEENEE LD D 409EEE L,
DM 7—&tv b & DD 30EEEETH .

2) https://www.imdb.com/interfaces/
3) TEAMPEELTOTHHEDOADE SR EIZHIBR L 7.
4) HEESENIE Stanford CoreNLP 3.8.0 2 FW /2.
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SEATHASE (9] 2R — R IZ, HSRIHHR % IHRIVIC
EHTE2 XOWRBEZMAAERMENET LV EK
LIRS, AFETRE XY, 5T LIchd 242
HEFRAT [13] 21TV, £BR 75 7 (41 HTHkR) %
ERs%. 20O LT, 53 C%ZBERT T a—
KL, 77 7xva—ReHWTHsRI 57
WHDOZXRBAVIREB L EH T 5. IR IC Transformer
TTaA—FZ2TH522THOLTUENEZENRT 5.

41 HBEIT ST

KSR 21X, XENTEMR I TV L]
FORIADFE—DOHREIEL TV 200850 % 5
THRUEDZ L TH 5.

HBIRERICH 2 KRBT, | HEEDL S 2 EHE
FTER L, N CEEEHGED SNSRI D TE
f£9%. %7, BERTOANEZY 7V — RIiznElx
NTVWBRRHENDHY, 1 HEEORBTH > THHEE
DY TV — ORI NTWBEGERD 5.

I 'S, V=7 REI%ROD DR
s={s1,82,....5m) DHFT, BRI BREDY TV —
RTH5 51,5 EZORHERKXT 27V —F
Sstarts Sena £33V, ZLT, F—NRERTHE
FICHUT, Ssrares Sena A1 2 ZNZNINT L Tl
W3 5. miRIZ, &Y% 7 7V — NiZself-loop Ty %
BMT2Z8T, ¥y 7V—F%2/— K3 5HBMH
77 7 =B L7z,

42 BERT Z{E->7-T>1d—F

FATHIZRICHE, BRI Y LCTANTF A &Y
T — RIZHEL, AHDORFNZ [CLS] 7L, %
X DRI [SEP] 7L EBMT 5. 2D ET, A
Tx={x1,....,x, ) WX Tz ra— FXh,
FEAVIREEh = {hy,...,h,} e R 2153 :

{hi,....,h,} = BERT({x1,....x,}). (1)

T, diZENUINEDOXTZRL TV,

5 RED 12DV TV —-RFK2LHIEE M =108 %),
(Sstarta Send) = (Sl,S]) 5 5.
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Ol i s i A mg ) My 10 11 12 13 (M mye &
O O O O OO O U OO O Norm
Gated Graph Neural Networks
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t t t t t t t t t t t t t t t t
i) ) o) ) o) o) ) (o) o) () o) (o) ) ) o))

X 1

43 J527T>—4

LEDY 71Ty a—X%HWT, BERT 25
SNBENIREh OEHRZITS. IBHOZ S 7
ya—KoHzE e = @ ety e RO
&7, W o " AOBEHFIERD X 5 12/T
bihrs.

9, £BHE IS 7 TE P> TVWEY TV —
FRITHEI® DRI % 1T 5 728, Gated Graph Neural
Networks (ML T GGNN)[14] 12 & D b’ % u"*! 122

#3 5. " ERORTIHEENS ¢

m§l+l) Z W(l)h;l), 2)
JERT)
u™ = GrRUDm{"V ). 3)

ZZT, NGO ZHEBRI I 7IZBVWTi HHOY T
T—Re Ty P TENRSEY TV - RFOEETDH
%, WO e R Z I BHDFEEHEARFIXA—XTH 5.
iz u!™ e n 2HVAKRTERENS ¢

h+Y LayerNorm(h(" + ReLU(u\"*")).  (4)
h™ 121X BERT O h 2V, BEIC L EH
5 hD) s han 3.

44 7I1—4H

FATHIZE [9] ERARIC, Ta—KITE7 VX A
#IEA{t. X 717~ Transformer[10] ZFHW%. 75 71
a— R & Y A InREAUIREE h(HD 2 {H 5 Th
53 CENDOEREZITS.

45 CNNDM TF—2t v MCL3FEFY

3 HITHER L 7-MEEN T — &ty b,
CNN/DM F— &+t v MTHNTHERN/NZ W, Z
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B INHUR 16 LA OB E 7L

DD, KR¥BFTHAH7 772y a—Kp7a—X&
ZEUCETNEMEEN T —Xty POATHEET
5ZIiINEETH 5.

%Z2Z7T, CNNDM 7—&+tvy hZ2HW\WT/ 77T
VAR T AR EFUET VR HRIYE L
7o1%, BLEZER T — Xt v MK S fine-tuning Z1T
5. fine-tuning DFFITIX, ET NV EHRDHEFREK
{352 THAMFEOEREMREOO¥ET 5.

5 2Bk

REFIEOBERIMRE & FHi 3 % 728, SLiTifsEE
F )T % BERTSUMABS[9] R — 2 5 4 VI HE)
A X B iR &

TEATHRSE D F2E0 % FITHKER % 1T > 72. GGNN D
2341213, PyTorch geometric” % W7z, SEERICHEE
TNAIR= T X=X, HARWZT 7 v MEZ
AW/, 727L, /97x>ya—XiEL=2, kn
vy I7RR=02E L.

CNN/DM Fai F B+ E T — & I HFEE T,
BERT @ % ¥ # % 0.002, warming-up A 7 v 7 %
20,000 L, /o712y a—KReT7a—&D
% 0.2, warming-up A7 v 7% 10,000 & L7z. ¥
1% 200,000 27 v 747\, CNN/DM 7—&X+t v b D
FA%E T — & T Perprexity 23k b/NE WA T v D EHE
BEBERL-. 2 LT, B#IRUELD S HICHRHE
BT — KX+ v b T fine-tuning % 1T 5. fine-tuning
T, BERT, /7 7x>a—X&, Fa—XDLTT
R % 0.002, warming-up AT v 7% 20,000 ¥ L

6)
7)

e

1I2.

5.1

25 35T 52
FH

https://github.com/nlpyang/PreSumm
https://github.com/rustyls/pytorch_geometric
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®2 HERHHRER

EFIL R1 R2 RL
ORACLE 3723 1235 3097
LEAD-3 2552 622 2175
WL 7 — X D A
N—R5 4~ 2633 6.05 2295
REFIE 26.60 6.26 23.22
CNN/DM ZHHii 3 +HLE] 7 — &
N—R5 4~ 28.13 7.02 2423
IREFIE wio S RIEHR 2787 6.86 23.97
REFE 2833 7.07 24.43

72T 50,000 27 v DR T 7.

MRE T — X D& : CNN/DM i 228 O3 R % iR
T30, BETF—XDATHEREITS. KT
WFZEICHE WV BERT D% H %% 0.002, warming-up A
Tv 7% 20,0008 L £, FIT7ZYa—X
7T a—XD¥EEE 0.2, warming-up AT v Ti&
10,000 ¥ L7z, 313 50,000 27 v 72T - 7=,

5.2 EHERER

SeATHIZEFEIRE, ROUGE-1, -2, -L (R-1, R-2, R-L)
[15] 12 & 2 HEFHMEAE R 2R 2 1ITRT. RICEER
LZHED BB L3 EF LD EEEZELL, K
FERN=ZFAL VI TE2EPERE (p=0.05 ThH
5ZeRRT.

MLE 7 — R DATHEY LIGEEADL L, N—
AT 4 e T, IBEFEIEROUGE R a7 H
ZNZ4027,021,027 LELTE D, LBRIER
WX o TEHMERER M ELZ bbb, R,
CNN/DM THREIHEE 21T o 158 L Ml 7 — X D
ATEELIGEERHBRT 2. XR—2XF7 4 VHL
D L#C ROUGE A 2 7 B Z 1241 1.80,0.97,1.28
WELTBY, FHFEOMRIEIRZTVI LD
»%. CNN/DM THAETFE 2T -oHEICBWT
N—=2 T4 Ve REEFEEHE T 5 £, ROUGE X
2 7T 0.20,0.05,0.20 2% L TH D, ROUGE-1 &
ROUGE-L TR EEREND 7. FHi¥HE2IT-
723G ATH RS RIERITEN RO R LIcHFS LT
WBZ bbb, £z, BEFEETVTHSIR
72 7% WS, self-loop Ty P DAET T T LY
A—RICANTBER—ZX5 4 XD DENLLT.
ZHE, R=XI7A4 v &hd o7y a—XEy
WKCBIEZREEDRTGA—RIEMT 22T, #
BEORHICR 272D THBEZILNS.

B2, R=2 74 Ve REFEOHNIHIZK 2
WRY. EETALOH Do T, H5FL Xt
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H57FL

(%4 B&) Harry is left an orphan with a lightning-bolt scar
on his forehead, Voldemort having killed his parents, Lily
and James Potter. Professors Dumbledore and McGonagall
and Gamekeeper Hagrid leave him on the doorstep of his
ultra-conventional, insensitive, negligent Muggle relatives, the
Dursley family, who take him in. Harry’s relatives decide to
conceal his magical heritage from him and make him live in
a cupboard under the stairs for ten years. (&H#&)
R—=RS5A >

Harry Potter is an orphan with a lightning-bolt scar on his
forehead. His parents, Lily and James Potter , leave him on
the doorstep of his insensitive relatives, the Dursley family,
who take him in. Harry’s parents decide to hide his magical
heritage from him and make him live in a cupboard under the
stairs for ten years.

REX

Harry Potter is an orphan with a lightning-bolt scar on his
forehead. He is left on the doorstep of his insensitive relatives,
the Dursley family, who take him in. His relatives hide his
magical heritage from him and make him live in a cupboard

under the stairs for ten years.

B2 N—254 > eREFFEDHHH

LTW2HEFZ2HETTRLTHS. H5TLTRE
“decide to conceal” D FEFEIX “Harry’s relatives” T&H
503, N—RF A>Tl “Harry’s parents” ¥ 725 T
W3, ZHiX, 5T LOHTERNC “his parents,
lily and James Potter” 1ZB8 3 250id03H D, —MEAVIC
“parents” & “relative” (ZIEWRHTH 2780, €7
M EFLRFITETORWLLTH B EEX
shd. —F, BEFIETIE “his relatives” ¥ 1E L
CHAHRTWS., Zhd, BWERBRTHo7 LT
b, HBRIEWIC L > TAVORKBINES T 7
EHERBDIENTE S,

6 F&®

AWFZETIX, MEO D S BN 2 AR S ETE
WL TITo72. BB R XA VOBEHHT—&Z 1y
FERERL, EBRIEREE R L AR ENTF
ERIELR LU 7. ROUGE % a 725 < Ffi o
FER, IRRBRFEMNMKRFEE LBID, ROUGE-1 &
ROUGE-L T HEEIC LR > TWwWi., F£/2, HHHX
ERKT 2 L RETFIETEIAYICE T 250RTHE
FEHEOHENR SNz, SRIE, AFIC X 25HED
RATREFEOENEZHEI DT,
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