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Abstract

Generative reading comprehension is a novel and challenging research in the field of
machine reading comprehension. Compared with the mainstream extractive reading
comprehension, generative reading comprehension model is no longer limited to ex-
tract answers from paragraphs, but can combine questions and paragraphs to generate
natural and complete statements as answers. However, the existing generative reading
comprehension model lacks the understanding of the boundary information of answers
in paragraphs and the question type information. To solve such issues, this paper
proposes a generative reading comprehension model based on multi-task learning. In
the training phase, the model takes the answer generation task as the main task, and
the answer extraction and question classification tasks as auxiliary tasks for multi-task
learning. The model simultaneously learns and optimizes the parameters of the model
encoding layer. Then it loads the encoding layer in the test phase to decode and gen-
erate the answers. The experimental results show that the answer extraction model
and the question classification model can effectively improve the performance of the
generative reading comprehension model.
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1 58

MLES S R 7E P L A B R B RE S A B, RIESTARN AR Z PR H A0
A, EYE BB AR A S — . TR, BEE KR [ 5 3 R TR
##, WSQuAD (Rajpurkar et al., 2016)~ HotpotQA (Yang et al., 2018)~ CoQA (Reddy et
al., 2018), DARFUINGEAE FIR H , WBERT (Devlin et al., 2018)« UniLM (Dong et al.,
2019) «~ ENRIE-GEN (Xiao et al., 2020), #L8sRLHEBH ARG TERLE . BRI ERD
MLES R AR AL R B RN E N BRI — R B, X B S i A R —
ERRME, HNREEELEBEETRBIENER, SEEH LR, TS H AR
MEZR, FlIE 1(a)F B True/Falself]# - 1b5h, WRKRIBMSERSE, URBEERT
EREZEEWNER - R 10)THIFFR, MREL LU, fEEURALL 1% 5 “Season
5(%65Z)" HAEIN, ERLENAY R (WPRVLEEN) B, 2% PR E B -

1 S A (L 2 vl s

(a) That all stops now, thanks to the creators of Sarcastic Font, which is italics,

B but in reverse. Simply genius! Here is their manifesto to support the need
for a sarcasm font: For too long e-mails, instant messages, web pages and
documents have been unable to fully communicate the subtleties of sarcasm.
X—UIIAERRF L T, BRI R AE S, XERME, Hodk. WE
BERA ! LT RMITES, PSRRI R ZE: RAI R LR,
LR BIAHE - B TSR ER T IR TE 0 (R iR R A 22 4t -

(] &3 is there a font for sarcasm?
A PR A
MEAER Sarcastic Font
AV

HRAER Yes, there is sarcastic font for sarcasm.
AR, PRI R4

(b) Longmire will ride again. Netflix announced on Friday that they had renewed
B the Western for a 10-episode Season 5, just seven weeks after the plucked-
from-the-ashes fourth season debuted on the streaming service...
7Y E B R K B BR o Netflix/@ LB A, M1 22 8E3T 1 X HPHH A
$5%, F10% . TAAETRIET, BARHLE U7 fENetflix L E ...

[i] 3 how many seasons does longmire have?
WEHEE 2 DE?

MR ER Season 5
53

HERAER Longmire has 5 seasons.
THEEREE -

S EGU AR e, ARG EBR T ERNBE A BUhNER, MES
BB WAL BEWR, AR BRMZERRIAMENESR . flI0, K 1(a)F, EAEH
SLHR AR AR ) SRAES 5 AR B IR IR 1(b) A RGUE R 5 i BGUE = A
HURESERE, WRER T & SRAEMIL T R B N REW RIF S BERI(E R, - B 804 i i 1
ERALEH £ TR BUREMESR, SRZAERDFMAERIEERERE, EREREHR
ZEBIEHHTERE R B RFENEERE, SEERNERIELERZAFEE
=18
DIFRR LR [AIE,  ASSCEE H — M T 2 AR 552 ) i A A RN R AEDR . 2555 T REWS
FEZ N REEFIZRIR, FENXEAFEMERIES Bir, FEESREERIZ
PR BT, ACREREFESIENELES, FERMBOIR- D RESIENHBIES,
NI B, @it ZES5E SIS EEE RS, LR A U E 2R A R N5 2 580 AT [
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RAFHEAE, LEE BB R E5 RAES BN E RAERAES, RATEF AR R 33
BHNZACERE -

BT RARAESS, AU R A A S B R AR T S R AR S B A - HA,
SR 2 2 TR B XA Transformer (Vaswani et al., 2017)%@i5 2%, HEYSUniLMv2 (Bao et al.,
2020) 2 FREEERIIT ) B IE R LTSS E RAERGI TR LE R, ESES NERE
FCRETY 2 SR A B R F0 [R R0 43 AR, 5 2R AR B R R V1| R Bl oo 00 5 S 2 22 B R )
JFIaER, MR e EE T, N BB R IGREFNRIDE, DUEREZER (Beam
search) (Sutskever et al., 2014)%f [AIRAFI BB FHATIERS, A ME R, BFRMBUSESRAHEH M
4% (Vinyals et al., 2015)IR 314 RIEEBRFE R HRIGA BEMERMAE; RS REERHEEZEH
W7 e A B AR R

A3 SE B R FHCoQA  (Reddy et al, 2018)~ MS MARCO (Bajaj et al., 2018)
FlNarrativeQA (Kocisky et al., 2018) =~ [ 5 ¥ AR IR R J IE A A ML GE - SCUR 25 SRR A,
RIAETIFECoQATE B F R T86.7%MF1E, Lt B Bl S I I 2E U AL ER FF 7 2.20%; 7EMS
MARCO#NarrativeQATE R} F FIBLEU-1E 5371 780.53%F157.94%, 45|t B Hi T 1) R Si%
T+ T72.39%F3.81% (EXHHERESREF) -

AR EZ TR T -

o RHMET BAES AT A AN SRR, T 2 SRl U TR A (w7 AT T A A2 A
2P SR R AR P RE

o ATCEE=A R LA TR sess, BUS T H A U R i S P RE -
2 MXTAE

2.1 AEREHLES B S

I ok, B & WSQuAD  (Rajpurkar et al., 2016)~ TriviaQA (Joshi et al.,
2017) ~ SearchQA (Dunn et al., 2017) ~ HotpotQA (Yang et al., 2018)F1QuAC (choi et al.,
2018) % K A AGE ] 130 3 A B0 2R RO B, DA S A DA 22 R 4 O AR SR R B 2 S BOR T
BRIFERAMED T, Vs ZEEMERSE TERALRE - HAEl, MS MARCO (Bajaj et
al., 2018) - NarrativeQA (Kocisky et al., 2018)Ff1CoQA (Reddy et al., 2018)%5 % 5 12 it
ANLHBEERPESR, BSR4 G000 B AR R G B E T XA FIBAERR, K—
TERIEIGE AR IEFAE R, TIEE B A SCORILAS - BEE 4 sl B 5 2 AR AR R
RAGULHRESERARRRE, BF50E TF I 5% 008 FH A B B Ok i ok 159 152 78 i ]
Al o McCann% (2018)F1Bauerds (2018)%% A &= TRNNFE £ A2 A ML il 7 47 B SURY [ 152 38 fit
ERIVER, Tan (2018)7E% A FILIRAEH R HEE (Pipeline) WIJ7TE, JeMNE R CEH
B A TRERAE R B, RIFRZRBIEAER G AR (Seq2Seq ERURTY) HI—4>
FAIE B a A (I SORSFAAH UL & BB 28 o TN SURT R H AA) S o 21 o ) A Al ] 2 B A
B, BELERERN - ERMELLU LA KL ZER R RSO #H T, &R FIR T
A BT RERY H Y -

Har, FlZrEAiIMass (Song et al., 2019) ~ UniLM (Dong et al., 2019) ~ BART (Lewis
et al., 2019)LL XERNIE-GEN (Xiao et al., 2020)% 7% 1 BIRE S A AL SS H HH AR IS &
PERE, XL D RR RN B 55 (A LR « SO 2 DL L4581 55 i AT RO s RE LTS
S ANBEERIRS . HA, Bao% (2020)# HUniLMv2AR A | HAH F — 51 200 O 1 08 = 1
7 (pseudo-masked language model, PMLM)¥f B Zafid A FIHR 4> B B TR 55—k Il 2k, £
(PRAE AL~ B Shif 255 2 AU S 24 Bl A SRR BE - AR SCRF UniLMv2RR BRIV E N BRI, I
TR F AT 2 AR5 ST BSER

2.2 ZHEE¥S]

ZALSS ) — MR E I W RIS, AR RECAERSEMEZ G L+
DER . EHLHIFIR 223 2 D RAESS, WX AR RN =501, FIF RS Z B p9HE %
%, BAGESIZNERE . 2SI —RiuERE, EMEES L REERRLZE,
e X5 E MRS ZEE XA - a0, Wang® (2018)UE BH i i & = SRS HEF £ 551 2 S0
S AR AT S5 ORI 2 RE S IR FHEE AR A MERE - Nishidas (2019)7E P ISEHEfR - SCRYHEF 07 f
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SR =FESS E TR SCE AR, AR TR AR RE - LiugF (2019)F2 H
FIMT-DNN#EBAEBERT (Devlin et al., 2018)fE: Al EXF 4R IS5 B A 538« AU SR 43
R SURMRUEST MM R R HE T A ROA, ErERE FBERTA TR, IEIT £
ES%ST A IR AR AN (RS - BESh, SMT-DNNRRTE FIEES E# T 2RSS0
7], ERNIE2.0 (Sun et al., 2020)FERBITHYIZRI LG5I AZ AR5 2], i FI 2 A e de AR 2
ETB#%%%%%H%ﬁﬁ,ﬁ%ﬁﬂ%%%%%ﬁ%%%?ﬂﬁ,%%E%w?ﬁﬁ%i
PEREG RIS -

ZE EARTIERBA, AT RERIIA B A i 5 L P AR R B = 6 25 22000 FUA5 B RA TR 2k
FIE BRI AR, AR BT 2 AR5 2 S WA B S Y S o 2 R A U AL N
[P 93 AR R 10 A il R L R AR T PR B

3 ETEZESHEI A G B A

AREE Jodh A SRR R R AU E S REN ARG R, BJah aREl
MRS 2, HEWMERENEA B RMBUREA R 7 RS =5 H AN - BT EES¥
ST R R AR AR T AR SR A ] 1P -

[B)RRZE 5 I E KILUE EES

[CLS] ¢ - . [SEP] D1 - D [SEP] ar | .. a; [SEP]
(hiczs)) (he, .. [ he, |(PisER) (R h, |(h h ha, |(PiseP))

[B)E E& EEES

1. BT 2RSS 104 A b s R T A 2R

3.1 AR X
e B 2 R NQ = {¢} P = {pi},. BRETRNA = {a;}l,. H
Fm s ns (P RIFORA . BORFIE RAVKE « RGPS, SR ] AN B i 4 Ak
WY, ERIENBIFS, BMERIEQFP, BiERMEELMERERA. ZESE
[N
a = argmaxP(a|Q, P) (1)

HAP(a|Q, P)RIRAELE EQMPIIFIET, HRE BRI EFFHR .

3.2 g2

A TN FHHER UniLMv2! (Bao et al., 2020)EHILE, A% KBERT TR
MBI E, BRIHEFIR, FEBERTHIEAM EXGH T HE /1 EREN:, RANERES
R ST GEAE S R AR 55 L ARIE (R AN B 76 A 7 58 b B TN i B 6 - DA Ar
YRS 2 ) B AR TAE R AT R

TR BE, K FAWordPieces 10 T B, RKrml & - B AZE R 5, 52 FiF (sub-
word) AR TR, H A SR R AR 4 1A I A — B R AT, R PR S

"https://github.com/microsoft /unilm
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VENERIEIN « B MATRR NI EWE(w;) ~ B A ESE (w) M & EPE(w,) B, 4EE
BNd,, HAEEER TRRANERE, BAaH T X200k BIRFEE BnFEs, L&
& H T RRAER AT I R LA E - 1R EX RN N
X; = WE(w;) + SE(w;) + PE(w;)

H i w, NS LB R T -

BICH R BEAF RN MEAFFIERNH = (X, .., Xp,], EA |z AEA
A E o UniLMv2i 9815 2 FH 122 HE S i Transformer W 4%, #2535 — JZ Transformer [
AR B A RS2 IXE LT 3ERR:

H' = [}, ...,h‘lx|] = Transformer(H'™1), 1 € [1,12] (2)

HA R IZ Transformer %%, AL RS MATIIZFREERR -
Tranformer A 4% 122 3k B ER NVLHEIFIHT FHZ M D7 BEK, 810 TRESEHRERE
HEHANZIENL, B EAD T2 A% T RR N
LayerNorm(z + Sublayer(z))

F1JZ Transformer MK BIFER 1L ATEW R

KT
A= softmax(Q\l/(T]j + M)V, (3)
Q =H"'W? K, =H'WF v, =H"'W} (4)

Ny RIFHITER

) —oo, AAFHIEE

HohQ, KAV S AREBBZEER NN T HIER (query) ME- B (key) [1EME

(value) &, d N HBK 4R, W2 WE W)/ e RG2S S5, B! ¢
RlzIxdn 1 — 1ZHIFREFRR, MR R S AR R T R, nEI2fTR -

b=l BirF7
e — —

ooom
=000 N

S

g {D 000 E W
=3
AL O [ O [ semes

K 2: TEB B mER

B BRI R M Tranformer (4%, 15215 A FPSIH) LN CRoRHY, H?, . H2 o« A3UfE
M e — R HHEPENENFIIRRR - HP P E SR BEMERTOR, Hf, BigRs
HRoCfERP, ERFOREMCIER®, R AIRRICIER - ARYEE 2R AR iR
AL, REMBE AR NERAITZ R, GRAE T IR B HP FIH Y By & 15 B — ik -

3.3 E%E
VENZET LA IELRIIZOE S, ES5ZHERERNRTY 22 3mSR e) @l 45 2
1A = R AL -
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BEREFEE NGB, BEXRERTU—EMRWEEIER, H BRI REHEFERAEREE
SRECILER S B B (REHLITNE RGBT B . B R P RuE ik rIA s L de s 5 152
RFTRH® « B RE BRI R A R0 IR E 5 AP RO AR R IO AT TR A A A R - Bk
Wi, HOE SR 52 I FH Gelu b BofE J5 147 2 ENIML

H® = Layer Norm(Gelu(Linear(H"))) (6)

IR J5 I 22 T2 A 0 5 R A R T R N B AR R LA A, RS T 8. &G, F
FSoft Max R £+ E 17 AU R 1] &Ea:

a = SoftMax(Linear(H")) (7)
AR A TR AL B3 SR 5K s B80T SR8 S8 A R T ) H PR eR L
T K
Lgenerate = Z Z yaéc ' log af (8)
t=1 k=1

HAPTFRERNOKE, KRRHARIIA, g RANER TR M B LIRS MR E LR
%, af RRERTECIERTUGRE - T8, AR E SR A RO AR T J ek -

MR B, AR T AR R AN B &I R AP 2 AR 1 J2 TR0 24 B A B AR RO, [
S 8 R P R B IR B A A R B KT P81, BRIt [EOS| & LEAF 45 R - B
Ja, BRI R RE R D ERR R KRS BRI R

P(A|Q, P) = P(a1|Q, P)P(a2|Q, P,a1)...P([EOS]|Q, P, a1, az, ...) 9)

ERMPERE 2R RE, BURBCRR NP, & SO E T 75 B 9] 2850 5 S A
RFIZ IR B FEATIRA - BikHth, HPo R E0d etk E 1520 N I A7 B - B B & /) 5
2, IR SoftMax A M RGHEATIH—1L, REIMNEBER .

s,e = SoftMax(Linear(HP)) (10)

Hosh i ERAER M EMRME, e NERKILMNEMRME, stle A NFZEINLILEIT
CRCETI
ARTCR A 2 SO0 % eSO B SRS T ) H b ek L

Bertract = Ys - IOgS + Ye loge (11)

HyFRBELERERUERRE, g RnELERNALNERRTE -

B4 RER HT CoQARIRE T FELZFNAAR, BFFLARE (Factoid question) -
AJEER MM (True/False question) FIANAI[EZAI@ (Unanswerable question) o FFXfANE 2K
By m, ZREGEFE ZRAK, Flanstar ZERm@, & %0EH L “Yes/No” 3k « AR
KA AP IR TIFRZE{0: yes; 1: no; 2: unanswerable; 3: factoid}, LA LPUFpRIIRA (H g
JERIAEH S N FRAFERED) o B 1R, WAL gi%fE, BUH[CLS|FR R T K15 )8
REFORAIHS, SRR N RERETT S, BERFSEGHITIA— LGRS B,

¢ = SoftMazx(Linear(H")) (12)
Her, cfURMER N E R E -
ARTORFIZE SO0 R AT B L RARRL ) B AR eR &L

K
Lys = Zyck -log c (13)
k=1

HAK = AFORMABRAE, yo RELRIIRE, FFIRTMEHIIRE .
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AL ASCRAZ LS EIWNITIE, VIR ERIET 225 FIEFE R A A - B BRI ]
A REREZ R R ESE, 1 RBC R 5 RAE S BN & R A UL SR T R R
BAFIPERE o BT AR K FH AR ARG ~ TR SR A0 o SR 2k =30 4y SL[RIAH AR, BEAMEEAY ) B AT R
-

LOSS = Lgenerate + )\lLeaztract + )\2Lcls (14)
Hr M R RS, AT AT HBIMESIE -

4 L%

REE RN BEMN G RERESEOREM LR RE, REMEARGRHMNETZE5H
A R AR AR RE, HREE X SIS EE R T A
4.1 AR R SRR S

WA R PR R EOR R B X BGUER, IIERAEET— A E, WSQuAD (Ra-
jpurkar et al., 2016) ~ HotpotQA (Yang et al., 2018)5& o >R X Lo E03E 5 To 15 2 T AN A Al
FEERAREA, SHEEURTIAELL, BB RIATIRE - R ZEBNE « DU £ B R
[ E, SEBRKXAGELARLE—F) . ET LRREE, RS HRA LT =1 40845 -

e CoQA (Conversational Question Answering)?

CoQAE T Z N B Z A EH AT, HAREF T AEBINEE EORFIE, FERKE
FRRMAIG, MEMERETERE . EEEENE, BT HRIEZEIESE R T aEn
I ERXIE, ER%ERET N TR, i, mEEETFERLZFEIERR
(19.8% ) FIANET [ &5 0] #5(1.3%) , &6 43 1@ T2 0K B i S B AR S A [F] 2 (Reddy
et al., 2018) -« RUEWILL, HAEITECoQATEIIFS B b HEA B i3 MM BB AY, A =t
B @UniLMAIERNIE-GEN, {7 7 RS UESE EATERE, B, ARICRFCoQAMI%:
IERIERNRETMN ZGEMERE, RS IEE M CoQAIGREF R4 -

e MS MARCO(Microsoft Machine Reading Comprehension)?

MS MARCOSE—1% Y ZEIEE (Bajaj et al., 2018), EFEEFHRMET 1 BERIES
ARNLG)FHIES, ZEUREHR A TREBER, HEZIFEMBIEE YRR, B
It, ARSCRHAMS MARCO(NLG)TE A A A A R BT O BR 4 - R, HTiX
BIRELE S T SUNRERES, MAXHRES(NETILAR A EER, FHit, (CRAAL
Ut A BIHRIE A SCRS, B SR (golden passage); Ib4h, HITFMS MARCOMEIIFE #
F, NLGEIREFFAE T ERRES, FI AR EEAAEMS MARCO(NLG)%:
WEEE FAEEER .

e NarrativeQA*?

NarrativeQAZ — MESA B FLIER, ZEEEET P AMEMERZEALE, &
R ALY (Kocisky et al., 2018) « ALETEHIRR A E T EM;ITHIREAR, HAEH
Mg Bt AT -
® 2OV T AT R A = A EUE B RS EUE o CoQAF 17 AE28.7% 1) fir 44 55 14 38 [A]

A~ 19.6%H 4 1A i v 2K (] RO 8% HY B A A AL s NarrativeQA ! 77 #£30.54% ) A 45 2 [7]

M 9.73% ) SR R A AN0% 22 B« SR e F R M, HCoQAFINarrativeQA R

B s - HRIEZRE, FILCoQAFINarrativeQA I E 2 H R4 - MS MARCO(NLG)H

FFAES312% WA T A,  HE RSB RS BIERSEBRRR, ERE BRI -

4.2 LREE
ARSI A T TR BJunilm 1.2-base-uncased®, R TE K 240 HINE T HERUESS

PG T SRR . HIXIAFEGER, &K 3P TEAEFERNESHRE -

https:/ /stanfordnlp.github.io/coqa,/
3https://microsoft.github.io/msmarco/

“https://github.com/deepmind /narrativeqa
®https://unilm.blob.core.windows.net /ckpt /unilm1.2-base-uncased.bin
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# 2: CoQA -~ MS MARCOFINarrativeQAZUIEEE (# A1/

Bl CoQA | MS MARCO(NLG) | NarrativeQA (Summary)
W GREEH# 108,647 153,725 32,747
JoUESE# 7,983 12,467 3,461

it A - - 10,557

B FBKE | 271 53 659
AEFEKE | 5.5 6 9.83
BRPHKE | 2.7 14 4.73

% 3: EONE

SRR CoQA | MS MARCO | NarrativeQA
max_src_len 470 176 470
max_tgt_len 42 40 42

A1 0.245 0.1 0.1

A2 1 0 0
batch size 48 48 48
2R 2e-5 7e-5 2e-5
Warmup® 0.1 0.02 0.1
epoch 10 2 10

TECoQAZ BRI ERIRER ST, LAl A BEFFAETE B AR IR, B AR SR A (7]
ZHTH R Z WS R B ERAE DT 5, 5 AR AT PR SR e BRI RQ, RIN#H E
—FRE SRR 2 i (R ] ) 1A 7R B v I A B O B A R BOR A E N B P - IR, AR
BERATTE B BE PRI A B 0B (FRAEERE TN, B EME A E
B R0) o SEEA, IR ARKER 60, [FIRFER (FFS)) R ARKEN470, ER(BIRF
TR KE 42, HEFELFES (Dong et al., 2019)18 B HI AR5 AR IL3E
HAdamW -

FEMS MARCOZ U LB AR E T, B FEQESE10MSHB B, A ERER
RAEMBIEHITHEIE N BIEP - YIRS, RIEERATHE AR PRI BEML R4
B(ERIEBVE TR, RIaA BRI ESEN0) . LI, R (P sk &
FEN176, BER(BIRFI)RRARIKE 740 - BEFHEEHAdamW -

# NarrativeQABIEEH A5 FH A1 BIQ BT 28 BEE 7 H AR A7 R 18 U 22 v e () B %
VERBEDP - YIZRRT, P LERIEE PS5 ERARNELN A BAERIE R, HRIEH
BEZRTTEHERAGERR PTRRAM EML AR - S8, ERBR (R &K
ER470, ER(BWRFEI)RERKER42 - BEREEEE N AdamW -

AR AECoQARTIE £ L i FHF1{E (Rajpurkar et al., 2016)% ¥EM R KM A8 ZEMS
MARCOFNarrativeQAHESE L #FHIBLEU (Papineni et al., 2002)FIROUGE-L (Lin, 2004)3
PANERERL P RE -

4.3 SEREERE N
0T REA ST AL R E U S AR AR R, ASCE LUT R R 2 1T
THE:

e UniLM: HDong% (2019)#&H, &% — M ECoQAXE S Lk & SIS M AERITIIILZR A Al
R, ARSI E EME R —2-

e ERNIE-GEN: HXiao% (2020)5&HFIET 2 (multi-flow) HLHEIARLTEEE A B i)
TR BRAL, 7ECoQAAE B LI AR AR T H B IF HOTERE -
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e Masque: HNishida® (2019)%& Hi B £ X #& 4 Bt U 5 3 3 A B 2, 7EMS
MARCO(NLG)FiNarrativeQAZHE S HIFHCTENR FaA2 T B i AR IFIERE -

e UniLMv2: HBao% (2020)#&H, KM IhERGE S B MR BRE, & UniLMR)
HOHRRAR o AR SCE FHUniLMv257 AIHE =R S8 AT SEIE R AT RSB, &
852 T wordpiece 5 1 ZE ARG HH B0 A 4317 B 1%

e MLT-Model: AI$2HAET EZE555% ] B4 R LB gAY | F 2 SRl BN [ R 43
RAT S5 5 B A =X R AR AR

# 4: HBAECoQARIESE AT RE

- # 5: BRI CoQATRIF S R A SLIs
1A F1

I}
Unil.M 82.5 ﬁfff-Model 81;17
ENRIE-GEN | 84.5 :

UniLMv2 86.1 w/o cls 86.0
NTT-Model | 86.7 w/o extract | 86.2

FANRIR HEECOQAR IESE FRtERE, FATHEAEF 1848 L b 24 B 1 68
% 0 B9 A R M ENRIE-GEN$E - 72.2%,  [F] B 8% 2 22 B A UniLMv23& F+ 70.6% - A8 3L
FEXT PRI R A S R AE B RN B Fia g & NERR AN EE, SHpE%
R UnLMv2E T IR R T GE . BENRIE-GENIE FH1.6%HIF1E - £ 55 H T A U A
HECoQA L HITHENSEIGERE, EEBRERMBUES MRS RESZ G, HRERMTL-Model 4>
B R FE0.5%F0. 7% HIFI{E - XA H T CoQAF FFE20% 2 A7 A & JE SR (R AN AN AT B 27 [A) @, 5
PR 2 R AR SRR BB R AR IR I I E A B R0, LU ERMBUES B A AR, &
SRR T N B S (A) A AE ACRE T T [P 9 RAR S SR I Bh AR B Y, R S DI 2R
TEBVEHINFE B, I LB R B S MBUR 95 RAES —EME RERIESHITTZAE
552 5] 7N B N EEAR 3R A= T 1 RE

# 6: RAI{EMS MARCO(NLG)451E % (Golden Passage) L HI1ERE

Te Al BLEU-1 | BLEU-4 | ROUGE-L
Masque 78.14 - 78.80
UniLMv2 79.76 68.87 80.09
MLT-Model | 80.53 | 69.82 80.64

F 6 AR H AR TIEMS MARCO (NLG)5iE 5 _F iR BRSO AR RER B . A SR
RS R T UniLMv27E BLEU-148 b5 F#27+0.77%, BLEU-4%8#F5 F#27+0.95%, ROUGE-L#S
Fr E3REF0.55% « X2 FHTFMS MARCO(NLG )£ #E 5 H 2 28 F5% 8 Bk H B30 4 B B AU B¢
&, BERMBULS RSB S EE RERE RO FE R, FFHE 9 A sl Bl % n] AN By v
HERFBEZIAR AR, SR EMERAERE - BATEREZE T FiMasquetBE A #17
TXH, ARFTREAIZEBLEU-13848 LIEF 72.39%, ROUGE-LfgFr LA T1.84% « XFE
T MasquetR B ({5 F R A RO TN 25 98] 7] & H 5 T Transformer B 45 4T Z R AR, AR
TIET W& N 2 AP ZR A UniLMv2AE AUE R, R A SEEG e BUS BT -

F 7Th AR I A FENarrativeQA (summary ) i 5 B RO PERER PN o AR SO A AR EL 2
A UniLMv27EBLEU-148 #8 I #2 7+0.39%, BLEU-4%8 %5 I #2 7+0.61%, ROUGE-L#g¥r 1%
F+0.1% - NarrativeQAZUIE £ FIE R K E LB WA, FIFATOE I R EROUGE-LIEFr
FHHERA, EEBLEUIEFRIER TERMBUESEY T HE MR AR R E R - I
AN ORI B H AT BE R I I Masquefi B ZEBLUE-1#8 8 FH2 7+ 73.81%, BLEU-4¥8%5 F#TF
T1.24%, BEROUGE-LIgFR T T0.53% - A B2 B JR R Masquelb 73 25 3 4 22 4 Bl 2
%, MARSCHEALZ B TN B & VB B i okt AT AR i s s R A, 7E e B B i 2 2%
TERERE; MasquelBE AU EZ AR S FMS MARCOEIEHTE KA 2>, A SO 35
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# 7 BAIZENarrativeQA (summary ) A - FIPERE

R BLEU-1 | BLEU-4 | ROUGE-L
Masque(NarrativeQA + MS MARCO) | 54.11 30.43 59.87
Masque(NarrativeQA ) 48.70 20.98 54.74
UniLMv2 57.53 31.06 59.24
MLT-Model 57.92 31.67 59.34

SR DN BR NN GRETE B T RS o AN TR e T ZEME R R EHR B S , ARSCE A
B Masquefi B /EBLEU-145 %8 127+ T 8.83%,BLEU-4¥8 48 F T+ 710.69%, ROUGE-L¥E#R b
AT 4.6% - ZIRABAEMS MARCONLG) 5% EH R, FERF A NarrativeQARIE
ZE W (i [6] TR T BT AOME SR BL4E, TITMS MARCO(NLG) K2 2 U 5 i ) T2 T BLIE P B %
A BT R R A, X E T MS MARCO(NLG) FIESSMERE e NarrativeQA/)S, TR
FUTEHERR TR R

5 45iE

AT 0 Al SRR AT R > B SR SR R KA B AR R R, SR —FET S
55 2 5 B R B S RT3l a2 SR A R R AT ) R SR R A 1 Al ) 5 AR
Ao FE= ARG E DR SRIRAE AR, ASGR R T 2 AL A A B B AR AR T
R AR S E RN EEMAE S RER, A= PEIEE LS T B £ aURE R
FRAFPERE o FEARRRITAES, BA TR I A0 AR Z AR T T #8 2 8] () 4 SOAS L 8% B B3R A AR 55
L. ERZER RS ) B KICAR RN ERIAFREE, FHFLLERER -

o
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