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Abstract Benefiting from deep learning for large-scale linguistic resources, pre-trained language models have
obtained strong semantic representation learning capabilities. It can use transfer learning in specific task scenarios
to provide important support in optimizing model performance. Pre-trained language models such as BERT and
UniLM have been widely used in natural language processing fields such as text summarization, machine
translation, sentiment analysis and so on. Nowadays, pre-trained language models have been introduced into the
field of machine reading comprehension, and have shown considerable optimization capabilities. However, for
domain-specific data, the fine-tuned pre-trained models still suffer fromweak domain adaptability. In other
word,they cannot tackle novel language phenomena in unknown domains.In the social media field, it is difficult to
form a standardized and normalized language representation due to the characteristics of "colloquial™ and
"symbolic" text. In addition, in the practical application scenarios of "innumerable"” domain classes, the timeliness
of manual annotation is often difficult to guarantee.The current research is mainly oriented to the field of text
normalization, and the existing MRC models based on supervised learning necessarily require large-scale training
data, while the data for the social media field is relatively scarce. Therefore, although we can fine-tune it based on
large-scale pre-trained language models, existing social media data is not large enough to support a complete
language system because it is different from pre-trained corpora in terms of specific linguistic phenomena. In
addition, previous researches are mainly based on the methods of cloze, multiple choice and extraction models to
design MRC models. Such models lack generalization ability for real MRC data, and generative models are closer
to practical applications than the above models. To this end, from model level, this paper proposes an
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unsupervised domain adaptive model that combines transfer self-training and multi-task learning mechanisms.
Specifically, this paper combines generative reading comprehension network and mask prediction mechanism to
form a multi-task learning framework, and utilizes this framework to implement the cross-domain (source domain
to target domain) unsupervised model migration technology.In terms of details, the training process of this model
is divided into three stages. Firstly, the pre-trained language model is fine-tuned using source domain data.
Secondly, the pseudo samples of the target domain are screened by confidence screening method. Finally, the
source domain model is fine-tuned by using the selected pseudo-samples and multi-task mechanism.In addition,
from data level, this paper designs a text normalization and transfer self-training mode to promote the data
distribution of the target domain to adapt to the data distribution of the source domain, thereby improving the
quality of model transfer learning. At the same time, the paper verifies the adaptability of some existing domain
adaptive methods in generative reading comprehension through experiments. This article uses TweetQA as the
target domain dataset, and uses SQUAD, CoQA, and NarrativeQA as the source domain datasets for experiments.
Experiments have proven that the proposed method obtains a significant improvement compared to the baseline,
yielding at least 2.5%, 2.7%, and 2.0% improvementsfor BLEU-1, METEOR, and ROUGE-L, respectively. This
verifiesthe ability to optimize domain adaptability.In addition, experiments show that some existing domain
adaptive methods can not be directly applied to the generative machine reading comprehension.
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TX o9 = softmax (M(THIZ)) #(5)

/ﬂ\:ti:l, TXlggitEﬁéEEy‘jn,tl X v, n'tﬁ%ﬂ?ﬁﬁ/@ﬁiﬁ
TR B RE o HEAS TN 43 2% i 307 KO

Lim = fcE (TXlogitJ x}’l)#(6)
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ZAES VNGRS, RSP (2, v7 ) A3 2 B AR4T
WA R B AR OB R Ly gy ge o SRR, 13 B
TP R Ly o B ZATSS 2 SR TT 20
R (H, AR RS, RS AT 55 B AR
FFEEE, Hae (0,1]:

Lyt = Ltgt_ge + ALmim #(7)

B AR GURAE 2 U A S8 S0 L AR 9 7 3G,
Xt H AR A AR A BEAT i At AEA37E
B, EMREH BOFARAT A TIN5 . £
WA, AR T 4.1 W RTER IR
B A A ) BOR AT SCAR R AL

5 I

AT E S AR, BFEEURE. B3R
BRIV E, PLREFINSCARITEAL . T LRI E
SEEGY) MRC 8L, SRS, AT I SeH fh s i gk 47
SNt ISR TR X AT A, AR
WE [+ 4R S UE AR, Bt D
REABIEL SOTA MIfARE; 2) 4340k H i& B 7 VR AE
A s ) S B A T ) PR3 R R BRAIE s 3D A3 Rk
SEIOVERERCE FREMER; 4 EE—LEEE R
BRI, 5) DL NarrativeQA NIEATISEIE N, iT
PR P RE B IR ORI R s 6) RS Tl AT 55
A e R FCRR e s 7)) AT RS R (Sl ) T T
PILEAE; 8) AHMAALLE B bR E s 9)
W TFE TR B, 10D BRI R 0 Hrs 1)
TR L a8

51 #HiE&E

A HILL SQUAD. CoQA #iT NarrativeQA £
JVEATUE BE £, ¥ TweetQA £y H Fr s 54 4
BEAT S5 W

R4 BREEESREPHOTETS

AN 58, R T 58— T T Ak S A 1) £
PRtk SR EEA R T S s B A 2 S
8, HERIFAR I BEB I — gL
TR B TR FSE T E R B A
U4k, TweetQA BB A KR EAMVLIIE S
MR

*  SQUAD?: Rajpurkar 2P kv 7R TS
I bR S R AR E 25 SQUAD, U A B M 4
HEARMLEMER, BB XATRIES B

s CoQA® COQA &ML Hfsdss, HA
ANISHEEME, JFE5H KERRERIIER.
R, S I 5 T AR o TR
STIE N A BEHET, B RBAESESH B,
PR ANTE 2y 52 BRTE P IR E H SCAR

e NarrativeQA*: NarrativeQA & —ANE it =t 5l
AR, HBVA A RE AL
JAR . HAERBINAN TS, WA R RT B
I B I ZRPL 88 e S B AR AR B, Wl
B T S N AR [ N X [N e
T30 AT 55 30 A7 YR Ak A 2 ) 5 B AT 55

MR 3 FHEES TSR T, ML T
Tweet-QA, 5 18 H 5 & (SQUAD. CoQA H
NarrativeQA) HHJNGHAE 2, HHBEEK,
R B A HE G EEEE.

5.2 B&IEEMITEMN

AW A UniLMv2® . T Bk SR
FREKEA—, FMKETARNES. £4H
SR ERAF Y. BRE 4 S, HRES
WEME. Hr, #IREEN 25, wAKHWKRTF
Hl Cmax_tgt_len) KRN 24, IkRIEH&E N

®5 AAEUSIEUNFTFLEMRERIL (%)

e TweetQA | SQUAD | CoQA | NarrativeQA KRR iy BLEU-1 METEOR ROUGE-L
max_src_len 128 384 464 464 SQUAD x 72.76 69.26 74.75
batch_size 12 12 6 6 J 73.82 70.03 75.78
x 70.89 67.64 7259
CoQA
Q \ 73.06 69.66 74.89
“Narrative x 53.62 51.16 59.09
1 i 15 ) : ez
o TweetQA': Xiong M4 7w TIEHHRE QA v 57.41 54.94 62.81

Wi SCE RS, I PR 5 SO SRR

1 https://tweetqa.github.io/

4 https://github.com/deepmind/narrativeqa

Shttps://github.com/microsoft/unilm/tree/master/s2s-ft
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10, ZAES WA RBARE RN 1, FARMBDE
(warm-up_steps) ¥ &} 500. 57218k HFr7 51
W I E R KBRS, PAT TR

KT CoQA, T HILA X1 I 772 F 3
PG N A REATHERE, ASTOREE 1 R P01 1 P 25
YERFFE DTS, 5 24850016 0 ) @A A R
)i, DL P 45 Bk PR R P 2508 5
FHETPANE

1 B e 48 BUET FUEE IR, SCALL 0.1
N K, I E B X 1A {0.0,0.9% #3F 47 LA, R
T € {0.0,0.1,0.2,...,0.9}. XF T HEM FMAT % BEAL
AR E, ARSCRH T BERT LIS 5 15
R B TV

ARSI R =M 7 iERT MRC PEREIEAT
e, 5% BLEU-184, METEORPHI ROUGE-LP
EE

5.3 LI FERITEEIT&R

TEHARZ T, NIRAIE SCA FLYE AL T7 1 1 2
PE, A unilml.2-base-uncased®fi % (1) 2 %
¥IGEH UniLMv2 #E5 (fii 5 4 UniLMv2-Base),
T DA [ B 0 40 4 25040 S % LR AT 0, e e A
F TweetQA A HLYE Ak, 1) B 4iE LA S 28 3k} Y6 1 4k 22
MIECHE, HEAT IF R IR

R ZEH, NGRS ZAT 522 I

i R 3E 8 EH 577 18 02 75 BE 8 fif e A0 58 5d 37 1 )

B, A SCAEAE T TweetQA il 58 i A L T8 A i 15

WR, BT 04 AT, B E N AR AL DL K i HX

AHT AR B E A, FERIAH 4 MO EIER T

VERESTIH R sE a6, 22l bE T AN R YR A5 i ot

T RS I6 FIRZ M o DL A2 AS SOV R S8 BT 4 FH 10

4 Fh 771 e H TR AR«

e ZERO F/RFELMA, RIEH TweetQA %(#
TEYR AT S 2 A Y | B R .

o TST BT B INZR, HIEH IR 22 LA
e N R B AR ] 30 et Y05 A A FR TR AT AR

o TST-F F/RTEITR BRI, Bk
o HITWERME, kBRSO TRE
1) B R AT A A X Y5 A 2R AT i

e TST-F-MTL F/~7E TST-F &Eat E, BIAZ
AT AU AT RO -

5.4 SRR ST

F 5 TR T I TEAL AL FERT S 19 MRC TE6E.
LI EE RN, MRS (FRid e, %
2k 245 ZERO 1E TweetQA JT K 4E FHUR e E P

%6 TweetQA 7ZEET UniLMv2_Base HIFIISHEE! FHY
FERRSELE LR M REXTEE (%)

TR . HERSHR MRC PEfg & REI R AE
M ) Jii:
AE/TE S BLEU-1 METEOR ROUGE-L
Huang %
Error!
TweetQA Reference 78.2|76.1 73.3[72.1 79.677.9
source not
found.
ZERO* 77.4(77.7 73.1]73.9 79.1/79.4
Gretton 2! 73.1]73.1 68.9/69.8 74.9/75.6
Wang 22! 73.8]72.8 69.0/69.6 74.9[74.4
Yue 22 72.2|73.5 68.5/69.7 74.3]75.5
SQUAD ZERO 73.874.6 70.0[70.8 75.7|76.5
TST 75.1]75.3 715716 77.2]77.1
TST-F 75.5[76.0 71.5[72.2 77.5[77.7
TST-F-MTL 76.3[76.5 72.3]72.7 78.278.1
ZERO 73.0[74.1 69.6]70.3 72.5[75.7
CoQA TST 75.2|75.2 71.671.4 76.9]76.8
TST-F 75.0[74.8 715713 76.4]76.2
TST-F-MTL 76.9/76.8 73.0[73.3 78.1]77.9
ZERO 57.4]56.6 54.9/53.8 62.8/61.8
NarrafivaCOA TST 60.1/59.7 57.9/56.9 65.6/65.0

6https://unilm.blob.core.windows.net/ckpt/unilm1.2-base-uncased.bin

A CPEREBCBIMR /NN BPIRAS D, AR BT R AT



10 TR

TEAL AR R AR e (BRid Aex), 7E BLEU-1,
METEOR #1 ROUGE-L i & 3 A 4Tt . 1500045
BIE T A SCHEA VR R, e b
REK H AR AU SO AR B A Rl T 7 905 AT ) R A 2
# 6 R T TweetQA H#lifE/E SOTA #iA!
(Huang % Error! Reference source not found.) [
MRC 1ERE. LR ZERO* (TweetQA I 58 %
PRERIRENI TR RIRED 1) MRC ThRE. &
i T W B AU, 18 779 (Gretton 2589y Bt
L2 ] T2 B AR 110 1 O A B A& 7 77 7% (Wang
20200 yue 2 A E A4 R MRC ITERELL K
AT (TST-F-MTL) K H & LRR TST A1 TST-F,
M = Fof AN 7] 98 45045 £ 4 4 (SQUAD . CoQA Al
NarrativeQA) [r] H R4S EHE (TweetQA) iL#% )5
() MRC PEfE (JEE, £ 6 XRS5 28 7
TPERETRbR, AFEIT R MEREFIMAMERE, Frid /A
M EAE N TE R MRS, A R R IR R BB D
NIRRT L FR I, 3R 6 RSB RRME W E
A7, R AR U {4 SQUAD. CoQA All
NarrativeQA 1E 2y ¥ 41 38 2 ¥is S B, TST-F
TST-F-MTL % EMBIME T 4% 0.1, 0.6, 0.5.
SIS EE R TR, A7 R BRTE iR =
ANMIERE I R, S EUASAR T R4k 52 ZERO I PERE .
Hop, TST-F-MTL {4 /] NarrativeQA {F AR 4,
FHEH TweetQA 1E4 H ARG AT IT RS I, 1
A&7t BLEU-1. METEOR F1 ROUGE-L —Ffill &£ I
I3 IR T L 248 ZERO30.3%. 30.5%71 22.3%:
i CoQA SHURMIET, 45l 3.6%. 4.2%F
2.9%; MM H SQUAD i, YERE /M AlHR T 2.5%. 2.7%
A1 2.0% %2545 RAUEI] T AT ZAE 5% I
TR EANGTERAREIFRIT®RE . FE,
TweetQA JHREE/E L)L SQUAD 1 CoQA V4TI i
TST-F-MTL #&8 E e © 41t Huang 4§ Error!
Reference source not found.#& H '] SOTA, HE&% b
BERAE— Lo AN, ASCRIER AU 1 N
Tk EREE R TAER  E, B IR 1 B
LT ZERO ¥ K. & 6 MISLIRS: R IE L
HATEAFRIT, ASCHAELL N RIRZE — 317 /41

® SOTA Kk K HERE#ET SOTA HIIRE

#* 6 Tism) SOTA #4Y/Z& Huang %5 Error!
Reference source not found.7ZE 2020 4F & 58 ik 1Y

NUT_RC 2, 8 g e fli 1 7 DU FR LGk 71
SRR SCASAS I (1) 1) L, AR s 368 e ) 1) 8 ok 3 5
FHATIT 4y (o, IR S R FF R DRRE A4 3l
7 A AN AR U R b (T 45 5, e 1 Y
Flt EURI AR B 2R 8 b o O e A AT PR RE DR A
T 235 25 R A6 i PRI AR 35

AL TST-F-MTL AR T A B % T 1)
SOTA BAEVAH LR BRI : 1D AR B S 4R
SOTA HERI/N, SOTA A& A RS . Sl UL
BDL R = KA, Han A/ UnikMvl
( 110M ) . BERT-LARGE-WWM ( 336M ) Al
BERT-BASE-UNCASED (110M) HIZ¥i#1T #1414
b, B2 ARSCREAUNAE F ) UniLMv2 (110MD, 5
Hrt it 405%; 2) AR SCBI IR SOTA FaE .
ARAEFE I SOTA IsLie b, RIL 43 FEHNE 1
WGIRAFEE . TER B AR IFEHLA T I 25300 4%
Joi, TR M RE A AN B Ik A A el Bl A st
. Fk, SOTA JFA MRS, R I8 % ™ AT
BEALF T, X TCEEIR T AR N GRHE S, TR AS
e I Zrtis 3 B0 25 AR A Fe e (SOTA (1
FERFIMAE R A e = AN E 2 VR 22D . A
SCAERUGE T — RN ZRE T IR 32 6 (1R .

o o4 H B N T AR A A R SR B AR O [
FRE L A B

AT UniLMv2-Base #5%!, 3L SQUAD
RUESIEAR S, TweetQA v H bR GBS, &
LT Gretton 255, Wang P90 % Yue 25278
WA BT & N, R SR AR AT AR 4 5 A
S FAE S B AN, ASCAE FIR 5 IR A5E A i 2k
ftlh EASCHE — e VA T I 20 N R AR A DL R HL 1
JEHAT A 4H

% T Gretton 25 BOVHR e i #5% k 1 4 22 57 B0
(MMD) 45 H & N 575, AR SORs 3 218
SR H ARSTISREA LI UniLMv2 BT 4305 7 471
Fon b (i, BARSUS I ZRFE AR TR R bRiE
() B ARSI SR 4E ZERO BEAY b 1ty 4 s ik &5
R,

RGEENGFEAR G, AXHET UniLMv2 =
FrillZ: MMD #i8D) ., MMD #2587 0
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INI IN|

D F(RLR) #(8)
i=1)=1

Hori, N SRR ARSI BZ . fA
FERTRABR B, Ty SR R 51 ] R T
B A IR CRAUER FRATBR IR 5
Gi— DR, FIE). EILBUI A B AR 7
AT 4.2 RSO R S A2
H—B. BRI ISR R AR

- - 1
med (hs rhs ) = |N|2

=L+ Ly (R Rg )#(9)

LMMD _MTL mix_ge

Hoepr, pond | TRIR A REATE MMD BEAL 1A X
) S PR R A4 2% . Lymp _wr, 78 MMD B8 i
AR o

Wang :2°1F- 2019 454 H 1 3Tl it Bl 78
i 1) TG M B A ek 3E B BE A AdaMRC ( Adversal
domain adaptation Machine Reading
Comprehen-sion). T H A 7 AR T4 il
PRI v B S T AR a7 1), BT AASSCORER T
ok i 218 (Gradient Reversal Layer, GRL),
FERE U AN H AR SUSFEALE UniLMv2 TR P
FIFIRAE BRI R Z A . o, H ARSI
Y N N DR

HIE® S8, AR BRI A A
A R T R AR A e b P AR B AR R %, T H bR
USRI SRS R 2 500 B R Rkt . Bk
WM&, ASSCH P Z AR SRR, Hm
NN PIFUSREA IR T 527w B, 2 2R3
GPVRI R H TN

N
Lowss = 9 log P (d" | Q" B") #(10)

i=1
Seoh, | RREA IS QP RIPT A BRI FE
R FRERIERE, N R SU B R SU R
WAL dp R AR SRS ROURRE Ay
0. EHFSUE 1. SILI AdaMRC RSB
LT

Ladamre = L3S — aLggss #(11)

Horr,  Lafamre FJoRIE SIS ATE AdaMRC B2
AR Lagamre R LI AdaMRC # R e 24

W, ol NPT, TP P AR 55 R
PR, HafBUETEEv(0,1]. EA—RIKZ, 8B
AR A 3K 5 GANError! Reference source not
found. — 3, S R AR S A A S T2
HIFW 8, RHAZAESHS], @i GRL X
RIEAT A . BEAL, PRI AR SCAE T B H AR S Zx
BB R i) B A, BT DU ER 1 R Y
i) R AR o

Yue 055t A AR A= e H B AT s 5 DA
LA, TR G H AR SOy e A RIS 45 &
MMD FixfEEa2 2], TRk 13k B b 5 2
i () G J B ot Ll ATk, 38 M A% ) CAQA (Contrastive
Domain Adaptation for Question Answering). T4
SCTAEAL S i R A 7 A, AT AR B 7 e el A=
R . IR BRI Gk AR B H ARG B S bR
TERTT R IR AR LE ZERO A5 AY 1 1) 2 45 SR TR
BRI A R I SR B T K

[EIF, D 7 b AT i s s o A R AT e
T HPRUR, 5ESC 8, A0k MMD fER T
PAFRAS [ S ) 2R AR £ UnikMv2 fir £ )R
FEHZRN o X F55 e ST, R T A 3T
o HA T AT S WX 0 BIE B E AR
X 0], A B SR AR VE T aR AN g SR AL B T #r,
FEBE R B RIX ME R, FHF44E MMD, f#
B SRR N o0 AT 5 Xk L BV AN () SR 3R R o A
ROPTREARAL. (ER T, A 8 Z i EL
EEEAEAAR, NRERT B, s
FERTRITTEFHAGEH, BT AAR S &~ 2
TH) E bR P 5 R RVE R B R

AT FRE I Gretton &P T, 1
R EIRETR S B AR T Tt iRk,
ZENT L H & R R T RO VE T

Lc = Li;lg(aﬂg + Linma (’_ls "_ls ) — Liuna (’_ls :’_lt )#(12)
S, L9 FORBUMUR I AL CAQA /Mt

el 3R AT (K AL AR 2K s Lyna (R, s ) FITEFAFE
FRE R AT A R 81 2R s o A R AT BE Y 4%
VT, MR Lyma (R Ry )R TEREAR 2 5
CHFRFPAD MiRBEBE QRS RR AR
AR =50 Lypma (s , e ) BRI A A
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IN| IN|

- - 1 —
Loma (R B ) = 1 - ) f (B ) #(13)

i=1j=1
Hrh, h, 2 HRFEI AL ERIR

Caol MVEE I 5 11 2 I ZRAERE AR v 4 25l L 53 A
(0 8 N [, 5 A SC AR IR SR 553 A
(EER T HE Tl OGP S B A, DI A SO T g
SC4E AREYT, SRS A AT R £ A AT 55 4
EASpRIVA L Lt

AN T H CDAN RPN o Rl HL 205
BEREE S A A RSy AN, 3 R P 1)
Bl B AR FEAN TR, T BA DK 3 SR8 S AT AR An gl
SRR A R s A R g A 3 s 1) A ] R AR
7y CDAN HEHRIGHIN, A A XTI Zrke A 22t
UniLMv2 58784 2 i Fr 45 X5 51 R AR 7 811K 3%
ANBEAT PR, UL B AR A & Ay CDAN
BN o (E5255 A B CDAN FANBEAE AL BT Tl e 451
BOENAE M, BEE IIGREEAT, HLahaS A Mg =+
A BRI, e UE S R I OVRE AR 58 Rk
Weslte dF HAEPPAS IR EE N 0, FTLASR 6
FARKGH R

HA 4RI, IR AL i) DL E
[5e] 52 34 A T R Ak O N T VR R AN R e A E A T
AR TweetQA F R SE MR AETE ik 57 Bl Y
R RER A SR ) ZERO AR AL P AR . i
SRR, 5 A AU I . T VR TG L B B AR A
VAR SLE

AR SORE R IR T VAR AR BT R T8 3E F R
R LR W S 1 B K IME 72 57 5lbh 5 I 5 1 7
AT AEHAE encoder o b, 1 AR i B 52 B A
& encoder-decoder #5#4, decoder 2x—EfELE A
IWEESEHU SR AE s 2) DR A Rl A AL £ o5 1
B4 S B ARR, AR Cao™M 4 Al
Yue PN T AR, H HARF SRR AT 17
Hitk. (B2, 5% encoder % ARy bR S0
I EANE, A RS B 1S B ) & A1 )
Z IR FHE ST, HHRD B3 SCYE R R T
CAE R B ka0 1], i 4t B SR PR T B
%), FrULE BRBA G, X} H brJ7 AR w7 F

7 https://github.com/caoyu-noob/CASe

[___IN=RA
10000 7 J

8000 4

6000

IR R A

4000 4

2000 4

o

0.0 02 0.4 0.6 0.8
T

3 LA SQuAD JyIRSURHE S, ARIBIET, H—5k
JA—LIRTIE R TweetQA YIZREEFEAAN S

PItAL AN REIA RN FAR T . Kok TARRE B
AIEfERD 7711 decoder k453347 925

o HEbsEEEREC R HIRE

A Y S 5 SR AE T P TR e
—, TST-F{EJH CoQA LRIt fEr, FHET
HERCA TST, fETERE EA BRI A, JLAER
44T SQUAD A1 NarrativeQA (KT R fEr, PEfE
WIET TST. 2=, TST-F-MTL 73 F NarrativeQA
TR iy, AT H B RA TST-F, Ml
REm& 5% . HAEJEH SQUAD #1 NarrativeQA )
TR R, S TR T TST-F Bkt e .
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TST-F&TST-F-MTL

0.78 4

0.76 4

0.74 1

29
;: 0.721

--A-- TSTF BLEU-1
- TSTF METEOR
-#- TSTF ROUGEL
0681 —&— TSTF-MTL_BLEU-1
—8— TST-F-MTL_METEOR .
066 —8— TST-F-MTL ROUGEL \b

0.701

0.0 02 0.4 0.6 0.8
T

Kl 2 DL CoQA NS EARLE, AFBET, TST-F
TST-F-MTL 7E TweetQA JF & HE HIPERENT L o

EEXP A R A R DL R B, AR SCZA
. H—, MHZES LM H bR
UL ERA MR REAS, AH R 22 (1 R T X
PRAR P FERD T, A 7= AR TR 2, AT gk
—BHIFI TS HELL R MRC HAE. 7E CoQA
Fhld, BT IIGFEASER D>, TST-F MBAGZ
TRRE Mk 85 T, (HAREEEARE T EROyZ
Zo FTLL, BAR TST-F HIPERE A ATiB1L, HILFEL
PIER NS R g e TR, WX T 247
2211 TST-F-MTL #2445t 7 B Z IEmfsm, f#
HEE TRk, H =, 7 NarrativeQA (J5 45
) & pEId, HT NarrativeQA 5 TweetQA (H
FRAIED [ERE 7>A0 22 8K, 4 TST-F R & )
TERBEAT FEA TR LI, 15 20 0/ BF () e 55 FE A B B
K, MG FTH S i AR T R, X2 AE S HEZE R
# MRC PhfefiEsiam. H NarrativeQA A4
B S A BT REER — M ER, FrbUREFK
PEAE R BT, TST-F-MTL 9K 1 BE 20 8¢
TST-F BEGHFEAK

BT W% CoQA [ TST-F Al TST-F-MTL H 4 e
A, v LAt — S0 FIRME®. K 2 B,
TST-F ORI RS SME T2, T =045,
HAYERTT I N %, (EHRT = 0.0f1% 6 Fi%EM
T = 0.5/ 1R M, JLIESL TST-F i 2% 1 250k
AEXSHL, TST-F-MTL CEhzl) 7R BN T
MR AN BT, HAET =065, HTREARE
Wb, BRTEERE BAECE TR, (B 2 AR5
I R R, TR LG I8 O W S I (R e e A

K, it REZALS IR R,
TST-F-MTL 7£0.2 <T <04 [ PERE N &, 1M
TST-F 1 bTF, o2 FEE T SR r e 75 A A 1) S
MR SWEL L% DR TH,
TST-F-MTL 7£0.0 < T < 0.2 A% TST-F [t
. RO ZAES % 00U R, 1B, S #fie
K, A SRR S ARE = A AR 1 I
i P TRE BN A . TR, TEARERE T B4R
WA, (HOREE M IERAEARE 2, IETH 2 A
B . KRR TAER S0 T A R He g (1) 1 SRE 43,
TEZATS S I T, SR AL RE I IS

*x7: FRAARESUBEIE, TweetQA FRIP—KE
RIF— U TFIR LR TST-F-MTL ERIFF & MERE

H
itk Ei BLEU-1 | METEOR | ROUGE-L
X 76.3 72.3 78.2
SQUAD
v 74.9 70.8 76.7
X 76.9 73.0 78.1
CoQA
M 76.5 72.8 78.0
Narra- X 75.5 712 76.7
tiveQA J 70.0 66.1 716

o EERAA— KR

AR SCAE R EATE 0 o SRR U — L B
TEEREETE A ¥ A TST-F A
TST-F-MTL (WA= 14 FioR), (HIEAR SR T
TEr, HERMRA T IR HEER (s
4o HIFEF R G E FoNas, Sk B ARty
FEA R 98 B 5 D B I

Score =

| K
I_Ip(wk)#(14)
k=1

Kl 3 Won T BEEHE— LS B A% (/P
i1 5 B ARSI REAR B B, 1S
P EREL, SR HIRSUR SQUAD & H bR A
TweetQA MR ALER L . Wl 3 i, H—
g, HAER NS CREMHEARD), Hil
it 13 KIREALEFRFT = 09, AR/EH—{LR, Ff
AH R OR AR IC) B EZ W, HT > 0.9
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3= 8: {$F TST 1 TST-F /53ATHERY TweetQA 1%k
SEIEREARE. RHERABURERESIT

VIRES IERFEA L SFEAHL NRVES
TST 3703 10069 34.6%
TST-F 2296 3093 74.2%

FIAN A S JH— 46 ) 50%

A T LA SQUAD ARSI EESE, H s
SIH TweetQA Hf 4 73 il £ 8 FH R I3 — A A1 —
)G E TST-F-MTL Mtk ReRI . MR N
BLEU-1. METEOR A1 ROUGE-L. % 7, A{#H
JH—1t GhRid o i iER, TweetQA FF AL
TEAFIRATURE R b gPERe, BUEHIE— (FRid
) AR TE, JUHAELL NarrativeQA {1 i AT,
e FRoNHE . Hf, RE—EmBES
6 — 2, H— & € 1 BELE 8 SQUAD.CoQA
F1 NarrativeQA E IR AT 1) 2644 T, 4390k
0.9, 0.5f10.9.

® PEERTE NarrativeQA _FI4IE X B B

i 3£ T NarrativeQA  H 5 471 455 It 2 A5 A
ZERO i, HAE HARSUERE - MRC PEREEUIK.
R /2 NarrativeQA A2 S IR~F- 3504 B AR T oA
HIEERK, HILT/2 TweetQA IHfE, KA L
THE PR IRSIS AR, B GR35 AT
PR ) T AE K & 5. AT, TST TRl 2
WG E 2 AR, T #E1 MRC #i4Y

PEREIRFEAN AL . B RE RS, AT DR G K
R, MWIMPRIEFEAR ERYE . 8 B AR SUs s 5
ST IE AT I AT ORI, PR AT Y 2 3R Y H AR
GUE AR AR, ATT AR RO 56, B DAFE {8
TST-F J5 =M ae RIEE T

N T I ERIRSC, AR T TST ARk B
PRATRAONRE A CRIR A AR i =X H 1 H R STk 11
HR) AR, BRHL, A SOR AR B E S
YIGRHEET TST 1 MRC B8, SR J56 H AR 1) ill
ZREEAUENMNREE, I MRC B A st B 1
&, [FIFEFIF BLEU-1. METEOR il ROUGE-L
BEAT RV, FERE =AM ERUE N 1, AE
PAREARIE, BB R5SSLREZER (Groud Truth)
—8, EMFERE L, AT T IR AR AR AN [F A
I IR DA ARE A AN T2 S DA FEAS T i B . ik 8 i
7N, TST A] HRHE AN [ BRI AE = A2 o3 2 A [R] R D e AR 2
A, HEME)Y 0.5 WIS, EMOAREALE SRy FE
A LA 74.2%.

RNEIGUF SR TR B R A A, ASUFEH
i 1% 1) 3,093 ANFEA BN UniLMv2 #4750,
H TweetQA FFREAEFATIN, 1551 BLEU-1.
METEOR #1 ROUGE-L PERE+R#x 774 69.6. 66.2
A1 71.4, BT 6 K ZERO HiE$ETH4) 10 AN
gy r, HIGUE T TST-F $2FHiE & B R & B .

o FERTRINAES MR RE R H AT
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2 9TweetQA 7ZEET UniLMv2_Large #i5H#EH /Y
JHRRSILG K M REXTEE (%)

VR, . B #RSR MRC 1ERE T & Pk RE[ i 68D
. J7i:

EAEITES BLEU-1 METEOR ROUGE-L
ZERO 75.1]75.2 71.0[71.5 77.2]77.3
TST 76.476.5 72.472.6 78.3|78.4
SQUAD TST-F 76.777.1 72.473.2 78.578.6
TST-F-MTL 77.478.0 73.574.1 79.179.6
ZERO 74.6[74.3 70.7[70.2 76.5[76.1
Co0A TST 76.9/76.8 73.0[72.8 78.4/78.5
TST-F 76.9/76.4 73.172.6 78.2|77.8
TST-F-MTL 78.1|78.0 74.1|74.4 79.3[79.7
ZERO 63.9/63.5 60.659.8 67.2/66.7
. TST 70.7/69.8 67.1/66.5 73.872.8
NarrativeQA TST-F 76.7[76.0 72.7[72.1 78.3[77.4
TST-F-MTL 76.3[76.7 71.8[72.4 77.878.2
TweetQA* ZERO 79.3[78.5 75.1]74.6 80.7|80.4

% 10: TweetQA FF & SRERGUARE R LUK AR EM#HBFNESHE

THIMERERTEL
VR, L .
I PEERT Fri BLEU-1 METEOR ROUGE-L
N R T
X ZERO 73.8 70.0 75.7
X TST-F-MTL 76.3 72.3 78.2
SQUAD
v ZERO 73.6 69.8 75.9
J TST-F-MTL 75.4 715 76.9
X ZERO 73.0 69.6 72.5
X TST-F-MTL 76.9 73.0 78.1
CoQA
v ZERO 72.1 68.7 73.8
J TST-F-MTL 75.0 71.3 76.5
X ZERO 57.4 54.9 62.8
) X TST-F-MTL 75.5 71.2 76.7
NarrativeQA
J ZERO 51.9 49.5 58.0
J TST-F-MTL 73.3 69.0 74.8

1% 6 740, R TweetQA A IR 4 &

ST . HoAr, f#] SQUAD. CoQA LM%

Az B A ) 1352 3L AR D TR0 AT 55 1 2 AT 55 1 A
(TST-F-MTL)_E i I it A2 e e oK A P 44 4% T
AR5 B (TST-F)E R I 0L A 5271, (H
TEAERHEINE (TST-F-MTL 7EJ5 [ NarrativeQA [F)
TS, BT TST-F, AV RE IR AR,
FE R TRAT 25 I 2507 AT — 2 P4, BT
HARE R DB AR 3 — P I0E . ilt, AT
UniLMv2 [ Large F 4k 823175256
N2 9, A4k unilm2-large-uncased®f
B 2 Y G AL UniLMv2 B (1 5 N
UniLM-v2-Large), FIH 5.3 F5pr$EHI 4 Mitfe 7

8 https://unilm.blob.core.windows.net/ckpt/unilm2-large-uncased.bin

NarrativeQA 1 Jy 5 4% 38 2 9% SE ), TST-F Al
TST-F-MTL € HIRME 77 9 0.5, 0.6 1 0.5, 45
PR, T Narra-tiveQA % TweetQA [HiT#% it
i, JFPREE TST-F-MTL LERPEfEs: TST-F
BEAR, HARFS kB2, ASCTTEAE large
FEAY AR SR AT LR PERE,  FCIGE T HERD T
AR



THEMLFR

< 11 EFRSUBHIRE SQUAD, TriviaQA Fa HotpotQA BYSR

T RExTEE (%)
et . PEAG R AR
TR M ik i
F1 EM
ZERO 85.1 749
A->SQUAD
CoQA->SQu TST-F-MTL 87.7 79.1
. ZERO 73.0 542
NarrativeQA ->SQUAD
TST-F-MTL 82.9 71.8
SQUAD->SQUAD ZERO 90.0 819
— ZERO 58.0 476
->
SQUAD->TriviaQA TST-F-MTL 63.0 535
— ZERO 575 479
->
CoQA->TriviaQA TST-F-MTL 61.4 52.6
. — ZERO 555 456
o>
NarrativeQA->TriviaQA TST-E-MTL 63.9 55.1
TriviaQA->TrviaQA ZERO 686 625
ZERO 64.2 9.0
>
SQUAD->HotpotQA TST-F-MTL 67.8 52.7
ZERO 59.9 453
CoQA-> HotpotQA
0QA-> HotpotQ TST-F-MTL 63.0 483
_ ZERO 57.9 412
N A-> HotpotQA
arrativeQA-> HotpotQ TST-F-MTL 63.9 48.9
HotpotQA -> HotpotQA ZERO 76.0 59.7

FERS TN AR g — P g R e 1 o T B, AE
Bl SR FEAN LR BRI TE I T, AEAEA B B
PERESE . TweetQA HUMIZRAEA KB, BT L3
PE v R R A O VEREA FT R TH (R THI B E RS
BONME B 5 T . BeA, ARSCR 2RSS
WL A By W] DL G 45 7R £ B —4F 55 | B )L

13 TST-F-MTL & EHISE T

TR HAREE BIH T
CoQA->SQUAD 0.4
NarrativeQA ->SQUAD 0.3
SQUAD->TriviaQA 0.6
CoQA->TriviaQA 0.5
NarrativeQA->TriviaQA 0.5
SQUAD->HotpotQA 0.6
CoQA-> HotpotQA 0.7
NarrativeQA->
HotpotQA 05
CoQA->NarrativeQA 0.7

SQUAD->NarrativeQA 0.8

B WA R RS T il 5E D B 1 T BE /T,
B, HAEH PO Z RS 2N es . Rk,
AICHR ) TST-F-MTL BB A A5 [ 47 i S0E
% it

® RIS A A HE AL T 6 B

PR R CEUESE TS5 A HEAS T B & AR Ak
2 ) S B A 1) 22 A 55 WL B R AT B )1 25 1)
AR, R BAEVIMEIRSUSB A G g,
ARSI, it — DR ? BT,
AKSCHARIET UniLMv2-Base B!, 454 Z AT %M1
i, A FH AN [ B 5 A0 S 4 ok AT SO, [
5T TweetQA M RG4S A, £ ZERO M
TST-F-MTL i J7 7% kAT S5



KIS o M E A0 1 3 AL s Bl 5 B AR 7 17

N 10 Fin, >SRN TER U Y I 50 72
Hh R HE AT R I R s A P 2R o 1 5 A LA
SRS T 1 22 AF S5 ML DI 2R IR U Y . o,
PRATIS A AL I G AR B AT HERD T B, TST-F-MTL
BT e I 53R 6 — 20, M5 AT AR 2 )l Sk 72
W HE D WM R, L SQUAD . CoQA Al
Narrative-QA 1E NI EHE, TST-F-MTL %€ 1
B35 0.7, 0.3 A1 0.7, S55REH, HIHIIZ
PRI, A8 2 AT 5 ML HEAS BRIk BT
MIRCR, TweetQA JT R EELE ZERO T T REFLAMSE
F ZAT 55 W35 3t FEAEC, DRI 6 AE 1% B AR ST O A A
B, =B M EREA, fim Tk e, A
ANBEA O IE R & H RSO A R, BRI H
PR AT AR I (1732 Ak e

o HirSURmEFEL:

= 12 BFrSUE EIEEE NarrativeQA BOSUEHT 2 14 BEXTEL (%)

ZEROFATST-FARFIUM IE# A AR M E R B b s

— ZERO
— TSTF

£

T T T T T
0 100 200 300 400
HAEFS

4TweetQA FFREETE ZERO A1 TST-F b TRMIER IE#A [ 418
SRS B TR 28 B ot L

BORFI BRI FE AL, AT DASGIEA S 7
ERE M. Fod IR I A8 T DRI 2 S AR X
& el — e KIH—1b. ' 13 &% 11 f1R

BLEU-1 METEOR ROUGE-L

. ZERO 54.2 47.3 55.2

CoQA->NarrativeQA TST-F-MTL 5.6 485 56.5

. ZERO 51.6 45.6 53.0
SQUAD->NarrativeQA

TST-F-MTL 52.6 46.3 53.8

NarrativeQA->NarrativeQA ZERO 54.7 45.6 54.7

ARICSEIG SRR W8, BUAHSCEAE L 12 s AN BARSUS SR 4 A TST-F-MTL J5ik BT

©H PR R A ER S ERE A ? A, A
SO J 7 e

B, AT UniLMv2-Base 1E ¥ th 1
AT SOE R LY . bR B SCRTHE R SQUAD Al
NarrativeQA 7 Fh 48 £, AR X X T
MRQA-2019%% i 4t ## it 4  TriviaQA™ #1
HotpotQA“AE Jy H AR S KT 4. J4HH, SQUAD.
TriviaQA 1 HotpotQA [iFHfits F1 1 EM,
NarrativeQA X ] BLEU-1. METEOR #1 ROUGE-L
HEAT VPRI . FLUR, SRR AR VA — Ak I 9 ik 2%
HATINVE RTRE, AKX (W, HEHEHTH
Fr45iiE SQUAD. TriviaQA #1 HotpotQA (1% #iE ..
XTT NarrativeQA, ASCIIE A — Lk as (A
X (14)), A NarrativeQA i 822 25 B
NFERE, HIFERIIUH, W AERR R R,
T B 0 AR

R UL MER 12 Bop i AENNRS R . @it

BEE HIBAE -
o EMTEEIENEE

{EAFBUONEE I — N R R, ARS8 7 2
R AN [ Kb 56 € AN R T RMEL, A 8 S8 nid
(s k2 % Wang S°VH K, ASCEARIE AR
R ZRI AR, (AR H AR SR A I BA5 R
DY ASIE 5 R TEE S B R ey S by Bt bt S P
RV R AT LSS, BURMIE T 0, (AR
TR THA2AES, WA FBIRBUS 1 Fr A i
Wo MM, BB — Pl 25 8 B EH 2 AR SR TR
— I BT

o TB B INSIERREA KR H

ASCRIUFE T A RIS E R 4L, TweetQA 7E
TST-F Lt RER: ZERO #VE BRIERE IR, Jo
HLL NarrativeQA 1E YRS A ER, I
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B o (H R YR ATUBOR AR A B D R AR T H A B ok
ULFHEA 2 RIBEE AT R AL, it 4L RETE
AR E gk sRiRTHERE, JFEUS I KRR ?

BT, AT R G RH bR
FUBFEARNE S Row, A L H bR R 8B
W5 HXT R RINEIERC R, BT LU 8 R
DIER, (H% SN R, B4R 2 s Il
TFARERS. Nk, FEFR6 LK, AL
%117 NarrativeQA | TweetQA TR sS4,
TweetQA - K £E1E ZERO Fl TST-F i Ff ik 74 1 #R 7l
I IERS (ffi ] BLEU-1. METEOR #1 ROUGE-L j#
TRV, =ANMERBEE R 18, RERFEAIE
) 11 418 ZFEAR MR B o A IR 2 m I b st
PRI (R ATIE N RE FT . b, RS RN
PRI B 65 TF 1 SRS A 01 5 R, FLATUIE0E N g
a0 S Ay Rl N

1
K ’
" Ik{=1 P(w*)

Kl 4 FROR 418 2 AL IERREARTE I P TR TR
R BT Ll o o, B 2R 26388 IR AR /E ZERO
R EREE, KR SR NIE TST-F LN XA

(BE T ®E N 0.5). BARRRFEARTS (HUE
JEHR 0~417), YPAFRFRRINEREE . HIE 4 7] i,
KB ZERO MR AL A i N 2% v T
TST-F. fEMIERL B, ARGt 7 ZERO MERFELL
TST-F mIFEARAN L, —3k 349 A, 7E 418 & 1EH)
FEA 5 EL 83.4%. FHULAT UL, R A2 TR0 IE A
FEA, HAE ZERO FIFAREE R EHRR, WIS
A R R, TR A SRR AT DL — 8
FERE B AL 5

Perplexity = #(15)

o EBEMEREGI R HT

N5 BT S G SR RS () TTRR AR A, AR
TRt 7 E R B R S . Fo s R OR
JEZFE 6 1) ZERO REAUFN TST-F-MTL B ({1 &
ghIL, A B DL TweetQA i H br4iits, H UL SQUAD
IR . EA R Z, ZERO BRI ghid 2
HRMNEHILIER, %, TSF-F-MTL il
YN T A ST I B AT S 2 2

Bl 1

B 1 won 't be able to sleep until I know how this person figured out they
were on the wrong flight. Thats all I ask. 150 people have been majorly
inconvenienced, please, just tell me— christine teigen (@chrissyteigen)
December 27, 2017

B3 BRAFBINE S TNLE LRI IS T 7P T EAME .
BHAZTSTELNT. 150 NZF] T RAHITAE, 175 77 JrFe——christine
teigen (@chrissy-teigen) 2017 412 4 27 H

FFIfE: who won't able to sleep?

B ELSHEAE?

FRAEZSR: christine teigen
&3 :christine teigen

ZERO FHMZ 2 i will not be able to sleep until i know how this person
figured out they were on the wrong flight
B e SRAFBAIE R TN LITR NN T7E 5 TR, 2 I F T/ EA ME

TST-F-MTL BMI%&R: christine teigen
B3C: christine teigen

FEB 2

B :Forget nail polish, Cookie's FUR matches #theshoe the best! #Empire
— Empire (@EmpireFOX) July 10, 2015

B B TIFAMIE, Cookie's E L AR AKX R # T A2 i 47 19 7%
AMHEmMpire——Empire (@ emirefox) 2015 47 /10 //

A &%E: what does cookie's fur match the best?
BE3C: Cookie's EMAMRAT4 IEFRLF

FRUEE SR theshoe

ZERO TFZZR: nail polish
B3 77

TST-F-MTL FAER: theshoe
B XHETF

FEG) 1 AR 2 I94RIL 7 —Fhesm 44 LR 5t
FIRER S 330 MRC = H 0 # . #£41 1+ ZERO
T8k = “christine teigen” I AW SR SN, MM 5
R #EB 2 o ZERO B/ theshoe "1 44 17] T4
R, TG ) 3 Fll 76 R A s AL v S AR
3 SR “nail polish”, T H TST-F-MTL 5[ A
RIS, BB RE TN IEA, JRuF 1 AR A
Xof iy 44 SEAA A T B TR o

o HHREMHT

ASCHET 2 9 1 CoQA ZE TweetQA [T 5¢
5, RPN R, ik T 400 148 iR
FEAHEAT 4 7 (ff A BLEU-1. METEOR Al
ROUGE-L #EA7 & VA, — ANl EEEUE R 0 B,
REFEARR) . W FCHIR, ACKH N 6 KK

DAMBEIHR (& EE 36%)

Bt¥%: BB, anyone could play a thousand notes and never say what you said
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in one. #RIP #BBKing Lenny Kravitz (@LennyKravitz) May 15, 2015
W B.BKING, (LN BGENTE M, FIAGES AT 0G4 Dl K
#I5#BBKINg F/E S I @ HE HEFTHER)

WP Z: republicrecords
B LA R

MIfH: what does bb king play?
B&3C: bbking HFEHIES 4

FRHER R guitar
X

FRMZER: notes
WL FH

WS i 0 5 B — o B AR R R A T A Bl . G b
BTN, B& i play a thousand notes ”HH SCifE X
TR R FE F AR WRAUNGE & By e, B4
LS “notes "B # “music " A AR AR AEET S . (HAE, H
AN RAIA AT AL, “BBKing & — & E T, FTLA
B R NAZ ST ORI 2l

2) FBARRIEE (HE 18%)

eI 57 RN B N VA 7 S 7 S
4.1 73K 2 BT, MARHEZ R B&, “InStyle” AN i
ZAR S HEAR 4 I Al <Style”, {H AL IEAL )
HER BLE R < InStyle” #E4T 37 5, SECHINE &
WHHT TR Soh—SeBaZifk o HAREATIR Y
tean B, Bk “republicrecords”FE A 73
% “republic” #*records”, 5:EUBI T (1) % R A
RIBATYRSY, T SARAES BA—E, KA
ST T3 SPLIT bk 75 Bt — 25 st

4) BRIEMERA (HE 14%)

B YOU ARE IN LOVE *slams face into bathroom counter while getting
ready* — Cattie =+ (@cattiehallway) May 5, 2015

BESL: FGE T T B I R AEF)E E A &L - % 2 A @ ZL #
/82015 45 /75 H

B¥%: The 3 goals the Predators scored in a 2:19 span in 3rd period are the
fastest 3 goals the team has scored in their postseason history. — ESPN
Stats & Info (@ESPNStatsInfo) April 18, 2015

B WFH MR =T192 419 AT T 3 15k, XEMNTFTH#
W E ARG 3 AR, - ESPN Z57115 H(@ESPN 7715 £) 2015 44
18 H

J . who is the one in love?
B HEAET?

Jf&E: how many goals did the predators score?

B G T ELIR?

RHEESR: YOU
B3

FRUEZ R 3 goals
B35

FER: cattie
B Y#

FRWER: three
BB 3

TH B ) R T AR SRS HE AR AR R,
AR = 5 fe A B RE 7. e, AR
FeYOourFil“Cattie”## . OREK, 532 EHET 1R .
B e—< 5 5 A MR SUAE# R IRE T, Hz
Ja LN 4 RN H 2 BT HESC N A IEE 44, FITEA
HESCBESR A #F Cattie” TS, A4 WA H<YOU”
MTCIEREE . FHSL B, “YOU $BC N E IX 44
I, RGBT ESE R a2 e« 7,

3) RIS EFRIFS (S 16%)

EL QD 7 25 R A2 “two”,  [HAR AR R 227,
BeE W EGITR, ARAEZ 2R3 goals”, {HZ NI
Zae“three”. TIIE R E5hRAER B L E—5L, 1%
SRR B FH 3 5 3 NAZ AR FE IER, (HILE PPl
Etr (BLEU-1. METEOR £1 ROUGE-L) ASGEXs
T2 R S5 PR 22 B BA A R R A R
VAL ik, BT BAE Rl e R A S O RE
RIS TR AR o

5)F. #EIRA (L 5%)

B Introducing the re-imagined "Do Ya Think I'm Sexy" ft @DNCE & a
newly minted partnership with @republicrecords. Sir Rod Stewart
(@rodstewart) August 23, 2017

B3C: (Do YaThink I'm Sexy ) 47 ft @DNCE ## i 1+4#9, I HE5@
FRIE UL RAIF 1o 18 H R 1557 1@ 18 H KR 1F) 2017 4 8
H23 H

B¥%: | asked @ElectricMayhem for a song to release on Christmas. So in
typical fashion, it’s here a day late. #TheMuppets—Kermit the Frog
(@KermitTheFrog) December 26, 2015

B KIFK@ T %1 F T RAT— B ITLAIEHERH), B
BT —K. #15— FLKIE (@ FKIE) 2015 12 /726 H

fEIf: who is asked something?
VESC: RN T

FIfE: who was the partnership?

BX: A UN?

FRUEZ R @electricmayhem
B AR

KRR S republic records
VESC: S i 7

FPEZR: kermit the frog
B ALKAE
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BRI BBk RARURK. s, i T
)« R T I ? R AEAS R, AR ]
FOHE W) 2 <Kermit the Frog™{E N &% %, SLhr L,
A S F A, “@ 5 /5@ H M AP EL
BSR4 TS B, Bt bL“@electricmayhem”
P N BN UL ) iy 44 AR SRR, AT LG
HGVEN EBIPRIER R . (HE, BRI AE W
A i X, I HARIRER = — 5 [ dr 4 SR N
W, FEORWYE SR .

6) TiEME (HEH 11%)

B 2014
BRI 2014

JR: what did akers just see in the sky?
W RIS K LHEF T 42

FrvEZ % :a shooting star

B — i
FARER: asky
W3 —H K

Tk FI B RAFEL € AT 1% (kA
IR S AR don't know”, LM BITCM), Bi&E %
SEMFEART R Lo ToR AW EBIFTR, BigM
HAF2014”, FACEHMAREE, HifE:
MR 25 5 BRI FLAh () In) R, (]I PR R sk = v
UHESCE 3 25 A HTR RIS, ook id e i
hnahs et 48 HAl E .

6 ZEig

RS Tl R A S AL el 155 2 A 54K
T MBS PR A 3 I ) AL, R SO REAR A D B
VLB, JHRM 7 —MaaERa NGRS 2
552 SIHUH R RUHE B . S I AE T R B I 2R 5t
fidh NSRS TN AT 55 55 Al X ] 5 LA A 55 1
ARSI, A DU SRR H AR SRR 2 1
SCHIERAR USRS AL, It — 2D S i AR H AR
U ANZACRE ST A2 AR SR EAESEAT AL
BeAh, 3ERE B SRS R s Utk g, S A
ARG B AR BTGRP AR RO e, B B
A EEE.

AR SR R 7 R AR LA I R 2 R 2 AR 55
St OR, it RR AR EAT TR
ENASBIMETRE S, WA IIZR BOsE S22 1

BE, LIS RN GRAE R A BT R AR A RCR I
B 2 AT 5 LT A5 R 1) A7 T R o

it  AHBHEATR/ARMBGZTEL. A
LB HBFETRERARLLE (BF:
2020YFB1313601), # < 2/E K A ARAF AL A
%4 (%5 : 62076174, 61836007).
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under-fitting of distributed representation across domains.
Ob-viously, building a substantial sample of annotations for the
tar-get domain can help solve this problem. However, the
timeliness of manual annotation is often difficult to be
guaranteed in the practical application scenarios of various
fields.

The previous unsupervised domain adaptation work is
mostly based on self-training. Data expansion is realized by
constructing pseudo samples in the target domain, and
optimization is carried out on this basis, which has achieved
good results. However, there is not much work that
incorporates
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based on the normative text domain,but the text domain
multi-tasking mechanisms to further improve the generalization
ability of the model. In addition, most of the previous work is
based on specific language phenomena such as Twitter is
scarce. Furthermore, the domain adaptation research based on
genera-tive reading comprehension is almost blank. To this end,
this paper is based on generative machine reading
comprehension, eliminates noise samples through filters, and
incorporates the multi-task mechanism of the mask language
model on the basis of transfer self-training, so as to further
improve the adaptability of the model in the target domain.
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