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2.2.1 Embedding and Contextual Embedding Layer
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2.2.2 Prior and Posterior Distributions
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2.2.3 Answer Extraction Model
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2.2.5 Question Generation Model
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Relevance Diversity

Precision Recall

Dist

Prop. Exact Prop. Exact

NER 34.44 19.61 64.60 45.39 30.0k

HarQG 45.96 33.90 41.05 28.37 -
Ours
C,=0 5839 47.15 21.82 16.38 3.1k
C,=5 30.16 13.41 83.13 60.88 71.2k
C,=20 2195 575 7226 42.15 103.3k

K1 FTRAFF—RIZBIT2EEMEORE.

Relevance Diversity
N BI-R ME-R RL-R Token D1 E4 SB4

SemQG 50 62.32 36.77 62.87 7.0M 15.8k 18.28 91.44

Ours

C,=0 503557 1831 3392 7.6M 14.4k 17.33 97.61
Cy=5 504419 2584 45.18 11.5M 19.0k 19.71 82.59
C, =20 50 48.19 2529 4826 4.9M 22.4k 19.72 44.41

K2 TRAPTF—RIIBITBEMEROIER.

BR R1ICHRERT. C, 2HEUIBEICHRE
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WIZEERERLREWEEZS.

3.3 BREMK

SIREMOFEE » AR S N B OZ M % 7T
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F£D BI/ME/RL @ Recall 25 SemQG D £ — AlE 10
DIFD R a7 48.59/24.86/46.66 L [AIZHETH 2 Z & h
5, BANCOEDLRL LD 1 DEIR—ZXT 4 VI
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‘ Generalization to OOD QA Datasets

Robustness to Challenge Test Sets

Data ‘ NewsQA TriviaQA NQ

non-Adv Adv Easy Hard

Implications

SQuAD-Du | 32.81/49.21 37.40/47.57 55.35/67.70 | 78.15/85.73 42.86/50.16 82.49/90.13 67.43/75.59 49.43/64.72

+HarQG | 32.85/48.46 36.42/45.84 54.97/66.20 | 76.65/85.15 51.79/56.52 82.00/89.67 66.04/73.01 49.24/63.47
+SemQG | 33.86/50.51 37.56/47.50 58.19/69.81 | 78.91/86.21 46.43/51.82 83.50/91.05 67.73/75.02 49.72/65.08
+Ours 32.81/49.25 38.19/47.72 58.02/70.06 | 79.00/86.73 51.79/59.00 83.87/90.94 68.75/76.10 50.63/66.26
Target ‘ 42.61/62.90 55.80/61.66 74.19/83.03
=3 HERMINEE TNV OTULIERE & Bl O i
| Dev | Test fER K3 OHIHIRZ/RT. non-Adv, Adv, Hard,

SQuAD-Du | 80.12 87.85 | 72.69 84.08
+HarQG | 79.49 87.05 | 72.32 83.31
+SemQG | 81.02 88.53 | 73.59 84.72

+Ours 81.49 88.61 | 73.11 84.53

x4 CPHED D FH

W3 [7,16]. T ZTEREFERTMNT -2y
FADRALERER [ T 2 2 % 5T 5. FFA6
"— X w MIZiE NewsQA [2], TriviaQA [3], Natural
Questions (NQ) [17] ZFW 5. NQ IZDOWTIX Sen 5
[16] iZfifl> TRWEE» SEWEIEZ M 2 2 X
ZHERME L. BErLTEAZNLDOT X b
FT—R R MO T — & (Target) THERMIG
BEETARIMU-ROREDRET 2.

£ 3 DOEIHEREZRT. IBETIE TriviaQA T
RO EWVHEEZER L, NQ TIX SemQG (2 VLl
TEHREEY o572, NewsQA TIXIFL A XM XA
LR o Fz. Wikipedia AN D = 2 — XFLHFED
XEEEHT2ZeBRERLELEZONS.

353 HEELETIXNTF—XADOERZEYE
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TV DA TS 5.
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[ DI { D HEE % > THOMHIERL L 72 %
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o #E L WE R [9]: SQUAD DAREE T — & & Hifili 7z
La— VAT 4 ZATHELTELNZHHE
7280 (Easy) ¥ L WEHM (Hard) O %7
v b

« —HM T3 2 [10]: SQuAD DE [ [BIZ~<
ThRERTAHEHMEERTPOREZTA MY
I (Implications)
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ZZeHMELTWS 6] Z80b, BT —X&
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AR TIEZ R EMBIER T 24K RER €
FLEERREL, AT —Xty FEREELE.
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KRB FFZNOADOPILEREZ A LXE 2 Z 21X
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Data | EM  Fl
SQuAD-Du+Ours | 81.49  88.61
—220.20 81.14 88.52
~Ds s 81.04 88.39
~Ds 20 81.00 8848

K5 WiLFT—&XTO7 7L —varv

B AFFHm

ZOWCAFHMOMEZRT. R=XF 14 1T
SemQG % F\ 7=, Amazon Mechanical Turk (AMT) %
FW T SQuAD & 100, Z D ik 200 3o E [[E1%
R7 ZFHE Lz HEIXERPSOENCE2 UL &
STEKRPZDDZ 008 50, BN EL B L T
WEDE S, BENERMICHT2EEE LTIEL
WY S [19], EENLEDXAL Y My 712
HLTWERESI»D4DTH5.

Experiments |SemQG P55 D020 SQUAD

Question i No 2.9% 23.1% 27.8%  2.3%
‘;Tsf‘f:]‘il Understandable| 34.5% 16.0% 17.0% 10.5%
well-forme Yes 62.6% 60.9% 55.1% 87.2%
Question is No 2.5% 9.5% 11.5%  4.0%
relevant Yes 97.5% 90.5% 88.5% 96.0%
Answer is No 2.8% 28.8% 30.5%  7.5%
" Partially 21.8% 28.1% 26.6% 11.8%

corree Yes 75.4% 43.2% 42.9%  80.6%
Answer is No 1.5% 10.0% 5.0% 6.0%
important Yes 98.5% 90.0% 95.0%  94.0%
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