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PREN RO AR BREE
o OJFIHT RIS EIRRE Traindata 9638 100009 15 %
. %EEP%/I\/@_?FE%QE Trial data 139 1504 15 7
Quality data 500 5081 15 B
LN A+
o T FEHR
Test data - - - -
- o) EERRER: QAC=Z&ZXJ[0)7REYN / 210]
+ REEAE: PACEREENREIN/ BRELN
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1. “IEEE T 7 MERLE”,
2. “UNREB—TMBBERET TR,
n. “KEEI—P LS, BEEREE A B ETE AR S
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1.—BXEHRAEFERERIEEEE. ‘“BHFe— THT4AENENRME L EE S a7, MEHILLE?Z34eH,/\ K E )L, [BLANK2]......
2—RXT=MEFERIREEEE., “BFe—TMTAEMNEKRYVNKE—TMEERT FR?”ZIFMLP,JKEEF )L, [BLANK2]......
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iE: ZCoLAMISWAG2 Rk, #ESFHAFIMGFSIEE., ERMER, FRBARE

1. Alex Warstadt, Amanpreet Singh, and Samuel R Bowman. 2018. Neural network acceptability judgments. arXiv preprint arXiv: 1805.12471.
2. Rowan Zellers, Yonatan Bisk, Roy Schwartz, and Yejin Choi. 2018. Swag: A large-scale adversarial dataset for grounded commonsense

inference. Empirical Methods in Natural Language Processing (EMNLP), 2018.
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RB I ZR-45 E g Fi)l2ke  (SpanBERT-wwm-ext)

o FlZR¥)IBRE . bert-wwm-ext4
o 1FETUYFHR: CMRC2017+CMRC2019 Dataset
e HSMASK?

e« Span MASK?>

« &ZNext Sentence Prediction®

« FIF: 1e-4

e Epochs: 3

« Ht=R/h: 128

« XAFRAKE: 128

e {L1t28: AdamW + LookAhead®
o HZEN: bert/RIAIRE

3. Howard J , Ruder S . Universal Language Model Fine-tuning for Text Classification. Association for Computational Linguistics (ACL), 2019.

4. https://github.com/ymcui/Chinese-BERT-wwm

5. Joshi M, Chen D, Liu Y, et al. Spanbert: Improving pre-training by representing and predicting spans|J]. arXiv preprint arXiv:1907.10529, 2019.
6. Zhang M R, Lucas J, Hinton G, et al. Lookahead Optimizer: k steps forward, 1 step backl[J]. arXiv preprint arXiv:1907.08610, 2019.
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For each BLANK
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ﬁ!?ﬁﬁi-ﬁﬂiéim LineTaru)

Linear (768)+Tanh

T

Linear (768)+LayerNorm

T

Linear (768)+LayerNorm

T

Concat (768*4)

S —

BERT Attention

Position Embeddings + Token Embeddings

EoJ EoJ EoJ EoJ EoJEoJEoJ EoJEoJEJEo S Eol EoJ Eo J EoJ Eo ] Eo

Input Sequence [CLS] LeftContext [SEP] | [CLS] choice [SEP] | [CLS] RightContext [SEP]

Segment Embedding
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{E R A -Margin Loss

Coein = Z max{0,E — f(p,c)+ f(p,c)|

ceCc#c
NARZERNE, SR, PRALETX, cHIEWEIN, cRNEIRIEIN, ENERSEK

iR RIEZREZFNN— I SIEERIFRIE, MAE D X0

/. LiZ, Chen T, Van Durme B. Learning to Rank for Plausible Plausibility. Association for Computational Linguistics (ACL), 2019.
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studentX A #lteachertBEIRIM B 1) (BEMWELS8) , {FMHteacher annealing
TRERS, ZRAZSHFERABIIKRRKELI T

e (S(518 e (3,000 ) H (1= A) i (90 (512600

L NKLBEIRRK, (. Amarginiisk. EIZGEREFR, AM1EI0Z %R

i

8. Furlanello T, Lipton Z C, Tschannen M, et al. Born again neural networks. International Conference on Machine Learning (ICML), 2018.
9. Clark K, Luong M T, Khandelwal U, et al. Bam! born-again multi-task networks for natural language understanding. Association for
Computational Linguistics (ACL), 2019.
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VAR RIS E . spanbert-wwm-ext

I ZE3E: CMRC2017+CMRC2019 Dataset

F3)F: 3.5e-5 (2e-5. 3.5e-5. 4e-5)

epochs: 3

fit= K/ 16
N
ISR EN . margin loss (£=0.36)

. 128 (64. 128)

i

f1r22: AdamW + LookAhead

Hh S5 bert RIS E

(margin loss. X&)
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FEBEEHIFIRE): choice1 (0.9)
0.5 - 0.26(BLANK1) >

R EFFAAEBLANK N AEIERERE  0-95-0.35(BLANK2)
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IGUESR (dev) HBUSCINZESRITEE
QAC/PAC

B RA(RSFD) A H =B(ZEEHIF) A

Complete Model with MarginLoss 79.30 / 16.89

86.15/ 42.33

- answer back /7.20/17.00 -2.10/+0.11 83.13/36.33 -3.02/-6.00

- multi [MASK] /78.10/15.67 -1.20/-1.22 84.91/38.89 -1.24/-3.44

- fake answer 78.67 /16.11 -0.63/-0.78 84.93/38.78 -1.22/-3.55

- attention 79.08/16.73 -0.22/-0.16 85.88/40.67 -0.37/-1.66

Complete Model with CrossEntropyLoss 79.00/ 15.67 -0.30/-1.22 84.60/38.00 -0.85/-4.33
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JGUESR (dev) AEIFIZGEESCIGLERITEL

QAC/PAC

B RARSED) 5 =B(ZEHIF)

86.15 / 42.33

SpanBERT-wwm-ext 79.30 / 16.89

BERT-wwm-ext 77.76 /13.67 -1.54 / -3.22 84.80 / 38.33 -1.35/-4.00

BERT-wwm 75.43/12.67 -3.87 / -4.22 82.38 / 30.67 -3.77 / -11.66
BERT 75.20/13.33 -4.10/ -3.56 81.46 / 32.67 -4.69 / -9.66

RoBERTa-wwm-ext 78.58 / 14.67 -0.72 /2.22 84.93 / 39.33 -1.22 / -3.00
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IGUESR (dev) REISRANSCINGRITLL

QAC/PAC

H =B(ZEEHF)

86.15/42.33

Complete Model 79.30/16.89 _

Complete Model+Distillation 79.20/16.83 -0.10/-0.06 86.77/42.00 +0.62 / -0.33

Ensemble 80.97 /19.67 +1.67/+2.78 88.21/48.00 +2.06/+ 5.67

N

BT TMRE, A3 TRE, oaldlF

Ensemblef= #Y
1. +distill+attention (21")
2. +distill-attention (37")
3. -distill+attention (27)
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HES BA{R FFREPAC FREEQAC HIEEPAC HIBEQAC ML SEPAC A EQAC

bert_scp_spm (ensemble)

1 PINGAN-GammaLab 60.0 90.927 58.2 90.789 57.6 90.055

mojito system (ensemble)

SFTech

3 DA'BERTg(;f'semb'e’ 34.3 86.341 29.2 84.905 27.6 84.447
-

CMRC2019 MULTIPLE BERT (ensemble)
4 Six Estates 38.7 82.968 35.6 83.507 32.2 82.591

https://www.6estates.com

nkuzhangyi_cmrc_v2 (ensemble)

| 937 | 31 . 79.
5 gl 29.7 80.93 26.0 80.319 26.6 9.562
MRC-ZZ SYSTEM (single model)
6 ¥ LSS 29.0 80.380 25.8 78.292 26.6 78.781
IS T AN FE
MB-R bl
7 Sader (ensembie) 18.7 78.218 17.8 76.422 15.6 76.319
ECUST
= Il B3 L7 IR A
RBRRSLIGER
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4. XL TXRRK (ZHMEZTBLANKEZEBRAT) , SEEERRLERIELENESR, AANBIAERBESER, Wl:
e " IARARTEEFIZIE! "/ NERBIAZRER T RERNEFSF/EN T, 5! BEZMIE, [BLANKT],
[BLANKS], [BLANK9], [BLANK10], [BLANK11], RFHEERE: "HEXMMER 7! " XNE2MRAXk, IXNTE, KLY
ARRM, —F

IFRESR: RFEIRIEERHE

MNESE: XN EKIREBEIREFT

"ERARTEEERIZIE! "NERBIFAZRERX T RIJFRVBEFZEMRRT, 5! BEEMIE, [BLANK7], [BLANKSE],
[BLANK9], [BLANK10], [BLANK11], #FEFEFRKIR: "EEXMMEBRT! " XNEaWEk, IXIE, REMETINAK,

IFiRES: NERBIRESTR, K7 A D%
ESE: DARR N, ILA—R—RIOMEE LM ERIBMEXRER
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LIS R-TE1XDTH

5. InFABBtH, {xEIEHESRABENEFER., W:

7, BAURBRERTHME130AMIT, XEEE, XEEA LT 48%. [BLANKSE],
BLANKG][BLANK7][BLANKS] 2 #4%|2250 75 75;[BLANK9], FlEXLt, —%£—5 %B,E*"‘ HA £
o, EZEn]

IFiAESE: 20BN ZRMm;
FESE: RAKRMEE42/7T;

|I|n|

HEELH X,
, (FEABRIUAESE, TR

, BRI ERTMAEIZ0REIT,. XEAEE, XEEA LT 48, [BLANKS], AIEBEEHMEXF,
BLANKG][BLANK7][BLANKS8] 2 1452505 7T;[BLANK9], FiE@Xtt, —£—==#F2HEA, TR AZBAIUEN, AJTURRH R
o, EZnJLIE

IEESE: RABRMEE42/7T;

&S 205 cMIxRENZRm;
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HEERNPHINRERILNSRIILE (dev)

QAC/PAC

H =B(ZEEHF)

86.15/42.33 —

Sigle Model 79.30/ 16.89

Sigle Model +/54 R EiE (R Z 80.18/18.00 +0.88/+1.11 88.60/53.67 +2.45/11.34
Ensemble Model 80.97 / 19.67 — 88.21 /48.00 —

o N o le =i el E e e = E 81.26/19.67 +029/0.00 90.21/57.67 +2.00/9.67
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