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1 EMNLP19

1.1 Mask-Predict: Parallel Decoding of Conditional Masked Language Mod-

els

Afam TAF /2 Facebook AI(PHHER]) W)—fm TAE, X TAER RS —IREA S1g | ;

|, BBy Tk BERT FH 5, BreASeAnl Summary F)&AE, A5 Refine. #
X RS e ) Mask-predict 4% /.0AHE—2, X & TAE/ET Non-Autoregressive — K35, &4
NIPS19] ; | I E B B P RN —R, 4 ICLR1g| ; I,
Mg L2 Gu Bl TIEA R, 90 T —@MRCR, (R 7e Mg nl LAFFATm
o R IATIER R, EFATRENEBA RS 2O R 2 RH . R 245 n
A, BEURBEZEHABASRAE THLS . X TAERET Encoder-Decoder HERLSLH T 45 Mask
Language Model(CMLM), 7 Decoder i r] PATIIIAT B A B AY1R)1E, Encoder 4wid—h)iE, I HAF
Encoder i#f4Fek [LENGTH] K0 B AR P A E, 78 Decoder by, U4 Mask, )5
TR, AR JFIEBAREART) n ANENE, 4RZEEFT Mask SRTN, A T Rk, XA~ T ARAHCK
B, B BTN — AR A BEER n > Mask BYiRIE R LR . SRS T
—/> Mask (i, & [LENGTH] @8l . 764 s i, 156 Encoder ini [LENGTH)] Sk il
HARTFAKE, EH Top k MATREMK BEIATA L, Saik B ammn)— Mol ffaseim K
R T 2 AR B BIHP . — SRR, S A mask, SRJEARLT t=0 A)if. Bk
PER RS> Mask, #4T Mask-Predict. )5 =56 PAG A IS 2R A RCRA

sre Der Abzug der franzsischen Kampftruppen wurde am 20. November abgeschlossen .

t =0 The departure of the French combat completed completed on 20 November .
t= The departure of French combat troops was completed on 20 November .
t= The withdrawal of French combat troops was completed on November 20th .

K 1: Mask Predict

1.2 NCLS: Neural Cross-Lingual Summarization

kBT HRBE E Sk iR B E KA SR % £ ESTE S %2 (Cross-Lingual Summariza-
tion) HEH THAEMEE (EFULRSE —mEdE4E, ACL19[ , | #IH Gigaword H
PRk T R SERIINIRAR ) o EE T2 de se M B I ZR, A H BRIE S 2L (MS, Monolingual
Summarization) FIHLE$ENFE (MT, Machine Translation) {E AT HFTE2E5%3 . 567
WA T2 WA AR, AT EET” % <A B “iY pipeline 5207, X233
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WAL . A TREHREAS, Wil DOk m B m i IR T . BamiE CERRITPLgR R, (2
AR —— X, MY THEgE L1, (BEEEEHErTETERENERI, RETE
H i ST H SR .

PSS T SR PR U d A RIS S OOk, Rt BARE S TES S MBS AR Al
M7 VE 2T pipeline Wik, SEISIE RIS XA 5 JomR SR IR TR = A 0 220 B R )1 Zx
— MRS P EAEL, X T Low-resource >Kut, Wi, B3 AT AGEH —2838(0] TextRank
ZRM TG T EL . R B —P 2 , PR R RROR AT, AR5 45 R T AR 0
F— PR SRR B R 2R domain B, YIZREIIFAIALE domain FIFHEA) domain
ANIA, AR DR G RAT, ARG R B R GRCR L — . At DAREfACR UL, pipeline J{k2y
ATHE SR BIKE, — B . [Ouvang ot al., 2019] 51556 E R ITIAR T Low-resource
RUATANIE , FrPATEAN prefer SeBIEMI A AR AR pipeline JryAMARA T @A — 1 i 2 i
B, XIS SORT T .

Ba g th i s B 42 CNNDM Al 2 HSH 28 4 MSMO[Zhu et al., 2018] AP 3CH
TEREAE LCSTS[Hu ot al., 2015] 18%], Hr CNNDM Hl MSMO %ifx ENSUM, J& T [ 4,
LCSTS £l R JE T HR M . 5T ENSUM A4 En2Zh, £ LCSTS kg Zh2EN. KM
J5 it Round-trip translation strategy, round-trip Fiml2w feft— M) TR S B Ah—FinE:
& (forward translation), #RJGHE-HIFERISE (back translation), FASFEUNE2.

English Article (Input for MS or CLS) | Round-trip translation strategy (RTT) i

Rod gray , 94 , had been taken to hospital by ambulance after he English Reference !

cut his head in a fall at his home ...

English Reference (Output for MS) MS
| Rod gray was taken to ipswich hospital after falling over at home . |

l Rod gray was taken to ipswich hospital after falling over at home .

1
\ 1
1 |
! | o :
: ROUGE{ i
l |

<T X
RTT R I ___________________ i
CLS Output CLS Output CLS Output \ Forward : Rod gray was taken to Ipswich Hospital after falling down at home.! |
- P - PUl ees - p 1 Translation Il el ittt L
(Zh) p) (De) | Round-trip translated Reference
I |
B e T LR neEcEnzzKk, oy I Rod-Grau wurdf: na_ch d_cm ' Back H
18] 5 A% A2 AP 4005 CTVALBAT AT 4y Sturz zu Hause ins ipswich{ Translation !
HER FmECEEn EL . Krankenhaus gebracht. : CLS Reference (Chinese) :
2 = b oy 72 9 ™ !
Chinese Reference Japanese Reference German Reference ! l F A« AGW AR b S AL AL R BB 1

K| 2: Round-trip translation

EIIERYL, A RIETEEXN (Den, Sen) s FF Sen HIYEE—4]55 AT round-trip Fi, W
B2 RS R 550k )5 ROUGE F1 i TBOERE, A8 2R, Sk, XT84
Sen) KUk, WIRZ=T02 A FERGEIL T, ABAX N EFHEXT SR A . T A SOk
—Ff, 118 ROUGE Jf| Char, SZhrE i3k 1 BERT {0 P H T8 F T8 ) . HITA
BILXRESIC, LA RBN T H—Fh T E H ] DAS B 5 S R, Hbrit el — e 3l
=, T e R NS, A T ARMERHRSE, AT DAA baseline T, Z i Cross-Lingual
S SR A 1R, ITERIEMOC IR, WA . CRE H BT EIH) cross-lingual #52
) HESE 370759 En2Zh X}, 1699713 Zh2En %f .

Baseline {445 T Early Translation (ETran) #1 Late Translation (LTran). &4 5T g 3 b
i) Transformer-based NCLS models (TNCLS)., Z J5#|H MS fil MT K#E47 24145 >) CLS+MS,
CLSHMT. %7 CLS+MS ki, #Ag— D30k, il 2 A FiES %, X CLS+MT kil
BAWAIRE, — SRR, — SRR, w3,

1. TETran i5cH ] LDC JIlgxE T Transformer ALEEEHARAL, Jef1i%%, FA/] LexRank
2. AT ER BRI E . FERELAG . SvbX R R I 2R -
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e e
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K 3: Multi-task NCLS

. TLTran F| /] Transformer AR, 3 HIYIZEEIEARIIUM BIET R . H3IcaEAT

. GETran #|ff Google Translator,

. GLTran f|f] Google Translator.

. TNCLS #T Transformer [ end2end #5i%,

. CLS+MS %54 MS £Z2{£%.
. CLS+MT %54 MT £11%.
THE TN EEERL, BRARZAE LR,
. En2ZhSum En2ZhSum* Zh2EnSum Zh2EnSum*
Model Unit
RG1-RG2-RGL(1) RGI1-RG2-RGL(T) RGI1-RG2-RGL(?) RGI1-RG2-RGL(?1)
TETran - 26.12-10.59-23.21 26.15-10.60-23.24 22.81- 7.17-18.55 23.09- 7.33-18.74
GETran - 28.17-11.38-25.75 28.19-11.40-25.77 24.03- 8.91-19.92 24.34- 9.14-20.13
c-c - - 32.85-15.34-29.21 33.01-15.43-29.32
TLTran w-w  30.20-12.20-27.02 30.22-12.20-27.04 31.11-13.23-27.55 31.38-13.42-27.69
SW-SW - - 33.64-15.58-29.74  33.92-15.81-29.86
c-c - - 34.44-15.71-30.13  34.58-16.01-30.25
GLTran w-w  32.15-13.84-29.42 32.17-13.85-29.43 32.42-15.19-28.75 32.52-15.39-28.88
SW-SW - - 35.28-16.59-31.08 35.45-16.86-31.28
[ - - 36.36-19.74-32.66  35.82-19.04-32.06
TNCLS w-C 36.83-18.76-33.22  36.82-18.72-33.20 - -
w-w  33.09-14.85-29.82  33.10-14.83-29.82  38.54-22.34-35.05 37.70-21.15-34.05
SW-SW - - 39.80-23.15-36.11 38.85-21.93-35.05

4 4: Baseline SEIRLR, * AR T A TAIEPASSHISER



1. GETran., GLTran %, TETran, TLTran 354, PiEAXE Pipeline 5y, BRI ®E
2,

2. % TNCLS 1 En2Zh $ffidke, KB w-c B ED7 CE L w-w 46452 . e 30 il char
S WICPIMRER T HOURET char 0], ATRARERRRIAFR KD, decode IR

/b unk.,

3. 1€ Zh2En I, sw-sw AURAF, WSO T DAMRIAZR, > UNK, cw HURAHN sw-sw,
B8 SO S8 c-sw, ANHLERCR I ?

4. En2Zh Ml En2Zh* 4R 2EAZ, AR En2Zh @RGSR, A MT LEgE SUsRer A
. Zh2En Ml Zh2En* ZORMIZERZ , N4 Zh2En 2R, MT RERFACRE. AT
IR Z

5. 3T Transformer ) End2End J7EZE L pipeline J7ykELf .

TNEE Multitask 4585,

Model En2ZhSum En2ZhSum* Zh2EnSum Zh2EnSum*
RG1-RG2-RGL(1) RGI1-RG2-RGL(1) RGI1-RG2-RGL(1) RGI1-RG2-RGL(1)
TNCLS 36.83-18.76-33.22  36.82-18.72-33.20  39.80-23.15-36.11  38.85-21.93-35.05
CLS+MS  38.23-20.21-34.76 = 38.25-20.20-34.76  41.08-23.67-37.19  40.34-22.65-36.39
CLS+MT  40.24-22.36-36.61  40.23-22.32-36.59  41.09-23.70-37.17  40.25-22.58-36.21

K 5. 2145242, En2Zh(w-c). Zh2En(sw-sw)

1. ZAE5524 3% T baseline #A B

2. 7 En2Zh I, MT #iBwig 3, JEEREZ:
). (HJEAE Zh2En |, ROREA—F,

(1) MT Fllede ks (2) MT Hdibe @i

TP RT—SLIGANUER . fE En2Zh FldE b, En %A R subword 73], XA
2 FHEEANRK, IR char FRHERAHUL T, WA L. FrPAFE En2Zh _F# Aumse 3 HH word
3. 7E En2Zh L ERTDAA PR, w-c. wew, o HIARER T IEE R ASGH word,, i it
SCH char; JEiEH A word, % i SCH word. XFF En2Zh Fi¥RsEsm AEBrh 200 NAE,
FCIET LT 120 ANAE, HOCErl 150 4.

T FRIE ., A SRS TEMR RN SOEEE T i m i EduE T, EEIIZA
BAFT? AR ZIRE NV ZMN AR G F AR T 7 REARE X A B i BARRS B 7 A4
AEAR MT F1 MS (7ER? ET cross-lingual pretrian JfilIg?

1.3 Text Summarization with Pretrained Encoders

>k HF % T K2 Yang Liu I Mirella Lapata, Yang Liu B4 i — & T Pre-train [
; 1, MEHERBCASEE A T SOTA . X fsie S ER 23 4
HiEkHie BERTSUM. 7 M2 7, T encoder ¥4 #lilZhid, decoder ¥/ il
4, AP K5I L encoder Fil decoder,

Summarization 1573 |



1.4 Neural Extractive Text Summarization with Syntactic Compression

A f LAEK B TR i R BT, B TR FHhEL (Extraction) FIA]FHE4H (Com-
pression) 5B SCRYFEEE . 1 SE A SCRY s B 2041 -, SR E R AN, AR
Y BRI A TP — AN HZ A AT R 4 . X e AT 2204 (syntactic constituency
parses) HURH. B G BRI, BT AR T i e A BUEE R, Tl Re PRt LA it

JEAERRI - W74 T TE; & R MAFLRIE ) 44 Tl T TR 2R B0 BRI AT (L IE6);
VER 2 B W B 24 RS (S 06); FESefil B b g A nl s, Lean il —; 355 Al S5
HINZS; MO LN ST E A IEFE 4, X TRE RO AESS, 7T oAH & R . —
A RAKI) 45 7R 116

Intimate portraits // \ -

VBG ) NNS

featuring well-known artists with their furry friends

6 SCA 47 Bl

AR SCRY A7 Bi-LSTM %78, CNN 534 7 A %R R, 12 DOC LSTM 153|3%
~, DOC CNN B38| ek, FRARE—1 DOC LSTM decoder &84) 7. #ER—1 deocde
step, &F| doc F£rn. LW 2R FER. E-HZRERR, SEHWERZERR, FIRHN
B 2R — )R 158 logit, BEFRRAI—A. BEIA) 2 RN RE TR, T DA 5%
il 4] logit 2 0 RSLHL. AIKET.

But a new book, Artists And Their Cats, is putting ! h2
felines back on the map. Em @~

Too often cats can be overlooked in favour of their g [CBE) h
cuter canine counterparts, MEIT o @ 1 LoD — 2| Ydoc y hy
—

: P
=1P =1P
well-known artists with their furry friends. = (m h o

(m® CNN

SRR ST 53 54
In this image, Spanish surrealist painter Salvador Dali @mw h (CE ]
poses with his cat Babou, a Colombian wild cat. i 4 e -

SINERCINE Ve i

has collated a collection of intimate portraits featuring » ¢

WLS18 200

Philadelphia-based artist and journalist Alison Nastasi ,E @@ Qha
CNN

A AR RN ] ARG 2 AT BRI A Y span, XAl BE 4 14 1) 1A 2 Ay, R H
Wi T Mgk . PiERY Label giARIIZY . A0S,

1.5 Countering the Effects of Lead Bias in News Summarization via Multi-

Stage Training and Auxiliary Losses

kT INEkF E R KEE TAE. Bk lead bias 12— FhEws BB B04HE, JoHE B, (2
AR IR OUER XA, o BER S X R R 2 80— S B BN A AR TP E IR AR DI RCR:
2%, WHRFEFAT lead bias Fll semantic content selection fE 77, AT AR G757 X AP 00 o X f
WICHRE T Wi FP ARG N B Re 1, — M@ Wib il (Multi-Stage Training) , 1 5EHEHT
LTI R4 il gk, AAETEE ARG ErIgh. SeAeERLP B B, WA
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Philadelphia ... well-known artists with their furry friends .
Y

[ Contextualized Encoder
Compression
Sentence Enc Enc
[orm ; erD) ; @eEm ; (Eo]
hdec Vsent Vdoc vcomp

ERET) Binary
E‘Label';,__* Classification

Al 8: A7 A

BT IR — E N AR ST, A Sad 7 B MO T 188 lead (7 E. 3Rl —MA) 14

HIRYAGED loss (Auxiliary Losses), TERERER) TR, FHEHMAE D FIELSLHIFH;, S
BfERE IS, RIOEAEET, A s T, EXATEA REEUT [Zhou et al, 2018], AL
AAYTAH golden AP —A rouge 155, H—N— 1210, *%_EAATT‘TUF'J—/‘%?‘E%HL/MJ‘?EQ%F
loss. fiJERCR KB pretrain RUR—ME, BoAKKIETH, HELE. Fibh loss BOERE . WIZINEHR
ZR— I pretrain (7575, BARE,

1.6 Explicit Cross-lingual Pre-training for Unsupervised Machine Transla-

tion

JUHRE TAE, 2T XLM R T—MEmil g 7=, i Cross-lingual Masked Language
Model (CMLM), #.lr/& MASK source 155 F)—4> n-gram, Tl target i 5 AIXT M. Eﬁ%ﬁ% e
AR T AR, A 2 BRI, X B2 n-gram Xf5F. Gl XN
A PAE | — A ERHOR ) n-gram §iFRR. AJETE XLM BRI, 8 CMLM §J7 ¥EokyET
T, FEEERE mask TN R EA S, BFMRARES, AT IBM model ##47
THEB. K9,

X-lingual n-gram
N-gram embs n-gram embs translallon fable
@@ &€ — E=
**************** ] pemsesasa. ;"”1*""|
: By contrast i | held 3 | opinion ! ______________________________
] | 1
! Par contraste | U] tenue | | 1 | opinion | | Translation
! A contrario ] ! tenir i | | opinions | | model
! Enmpamuon ] i | tiennent | ! ! avis !
AAAAA s Au‘ \,,,,,},,,,, gAAg,'
Transformer
) |
Token .
Emheddmgs 1
-
oo | H II H H I\ || || || || |‘ '
Embeddlngs En Fr Fr En En Fr En En Fr En ;
Position
Embadd.ngs\ﬂH1IIZH3H4|\5|I6|I7|I°|I°|

K 9: Cross-lingual Masked Language Model (CMLM)



1.7 Enhancing AMR-to-Text Generation with Dual Graph Representations

K H RS RE Tk K%, 41552 AMR-to-Text, Ji(ii 73T openNMT ({55, Bt PAfG
AIPAF Graph2seq. & IR 280K 52 AR U5, RN R TARR R EMERRIER, 782 h
dual graph10, HIf2 top-to-down. down-to-top PID¥E, FHA T WA L, MREYER
HWA view BIFER, HG%4 1T Dual Graph Encoder 47511,

a) There were ten or so of us who had ¢)
chosen it that semester

choose-01

K 10: Dual Graph

| [0 - O |
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GE: GEp

t t

Gt Gb

€ 11: Dual Graph Encoder)

2 NIPS2019

2.1 Episodic Memory in Lifelong Language Learning

XK H Deep Mind, —fFf/& NLP SR £1 K& Ruder, cross lingual word embedding fif
BT o 3R TAE F 2 RTE ARG S AL 2 5 (life long) 2% 8, A% 0if 2 R IOMEME B
WA, KT lifelong, GRABERA 7 WIRUHE, WG T —2200E . B SURBERIF, Zo
TETHEE T— Episodic Memory, & 12, H TR HiA2d# Example, FEYIZRATH S
1T sparse experience replay, i 2 5T X SeB R T B EE S 4L, AE inference (R
g, 2347 local adaptation, 3EYE memory HFEF k R irH) Example 425 # model 243
—AEBIEAERT, ARSE AT, (XA E meta learning [JHEVE, TE test AR SEH


https://github.com/UKPLab/emnlp2019-dualgraph

B S EF| related ZS[A]F) . XFT life long 2K, ZA1452%>) (multitask learning) &3 57,
life 1011% FIEHRTER— task #2258 UG, model FFEARE ZHIAE ST, NREH B4~
, IHMZ BI MRS T o S SEIRIil 7 SCAR G AT 55 QA AL S5 HCRIIL T Z R k. B
XS ST %%7 {HIZ XA key-value memory net HSZA[ DU ZIR ZH Y, (XL,

training ! inference
! N
Y memory | WEmOry ool adaptation 7
model | k
| ¥4
| 4
A | *
[}
| [}
A | 4
4 4 :
4 - ! 1
I
; :
iy ! X ) model
~ experience Teplay ! retrigve x
I

K 12: Episodic memory module
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