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j—s, forj<s

f({j,s,e) =10, fors<j<e (D
j—e, forj>e
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d = argminy, p|d’| 3
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3.1.1 BiasProduct

BiasProduct Tl LT @ X 5 I Biased model ®
J1E3 b ¥ Main model D H IER p OB O %
softmax BIBUC ATIL T p 215 5.

p = softmax(log p + log b) ()

Z T X o C, Biased model BSIEL K FHIZTE 3
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3.1.2 LearnedMixin
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3.2.1 Answer prior
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3.2.2 Position-only model
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5 DOERNM: % G- L 72. Main model £ PosOnly {21
Wb BERT-base [13] & W 7=,

42 #HFR
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Dy 7 v b EHAWEE OFIFT D FEEOE A
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Evaluated on

Trained on Model d<-3 d=-2 d=-1 d=0 d=1 d=2 d=>3
ALL BERT-base 82.19 90.82 90.25 86.47 9249 90.14 81.43
d< -1 BERT-base 78.17 88.34 88.38 67.82 71.62 7722 69.54
d<-1 BiasProduct-AnsPrior 73.00 84.34 85.61 4632 2523 6491 59.06
d<-1 LearnedMixin-AnsPrior ~ 79.07 89.27 89.01 68.52 7235 8043 70.31
d< -1 BiasProduct-PosOnly 75.04 83.90 83.22 73.80 81.35 81.79 73.27
d<-1 LearnedMixin-PosOnly ~ 77.00 86.72 86.25 7426 82.66 82.81 7594
|d| =1 BERT-base 65.62 77.69 88.70 69.96 90.88 80.84 66.42
|d] =1 BiasProduct-AnsPrior 60.44 75.07 56.44 4932 5237 72.85 5798
|d] =1 LearnedMixin-AnsPrior ~ 73.42 83.39 88.70 74.24 90.47 8551 73.52
ld] =1 BiasProduct-PosOnly 72.41 80.59 84.01 7334 87.61 83.11 72.09
|d| =1 LearnedMixin-PosOnly ~ 73.76 80.63 86.10 74.50 89.64 8298 72.04
d=0 BERT-base 60.75 67.94 73.11 82.85 67.72 64.74 52.88
d=0 BiasProduct-AnsPrior 56.25 65.15 69.05 81.07 65.10 6295 4943
d=0 LearnedMixin-AnsPrior  59.66 69.62 72.53 83.06 68.04 66.03 53.29
d=0 BiasProduct-PosOnly 62.97 67.88 7022 78.66 66.69 69.12 59.88
d=0 LearnedMixin-PosOnly  65.09 70.47 72.51 8132 68.29 68.47 59.54
d=>1 BERT-base 68.03 74.63 74.08 63.21 90.28 89.44 75.42
d>1 BiasProduct-AnsPrior 58.63 63.13 29.08 39.22 88.53 88.34 72.29
d>1 LearnedMixin-AnsPrior  70.71 77.22 76.82 66.67 90.87 89.75 76.31
d>1 BiasProduct-PosOnly 68.54 78.13 78.58 70.72 85.17 81.59 72.90
d>1 LearnedMixin-PosOnly ~ 71.17 80.41 79.97 71.33 87.53 8433 7424
+]1 SQUAD fi%ty bOKY Ty MBI A Fl Ra7. K TRLUZEIT TR & MR D d PEE LT
W3, R TIERE2TOIE Yy M ERWREGEE (ALL) IZLERNTR a7 8@ R-h 2 @Emicdh 5.
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WEFFD A a7 —%[[ X425 729I121%, AnsPrior
XD % PosOnly DT HENT WD Z bbb ol.
FRZAIIFIZ d =0 TT A MRIZd < -3 DIHA
2, A d < -1 TT R MRIZ d > 3 DIFAEIE,
LearnedMixin-PosOnly & LearnedMixin-AnsPrior & D
H5KRA Y MEEES> TV, —H T, dllfRC
Rz od s HMMEd DT —2ANDPALE
RE—9hkbbE 1D K DEFTDR a7 —0#E
S TClX, LearnedMixin-AnsPrior 238 ® #LT W\ 7=,
LearnedMixin-AnsPrior A DR E 7L HE Ol
MENRTRa7Z2BEIETLES ZepZ0
bbb ot N4 7 RAREDOFMIL[14] TD
e TV 2203, HMED A 7 ZBRET B
HFERUTMEES THDOT Ay M TOR
FEIZT L= RA T T % 205 RENHS I
Kol
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LIHEBE Z =T ANFHA L TL % 5 BEN e X
72, HHBVERMSE CIREM e BIED X 4 T—H7E
TR 2 EMMNZ N & [16,9] %, [BIE DT
BAIBEDNA 7 ZAZETFTADNEH LTV L [4]
BHIGNTWS., EFABASL LOFRR X L%
HTETWER0E D EiHli$ 2121%, AL 7
2 METEIDHOT —XE[S Z e b ERZ
HED—DTH 5. KR TIIHEHMIEE VI H L
WHRT Z AU OV T L CTRIEZFER L, %)
BNA 7 AREFIEZRAFE L. EEBERIIEIED
K4 eELCBDDOZHV, HMLENS 7T ZAD7D
@ Biased model I3 B ICFRET L 7=,

6 HHOIC
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