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Algorithm 1 1G T X % Input reduction DL I — ¥
1: function INpuT_REDUCTION_IG(D)

2: for all (x,y) € & do

3 Ve fx);x «—x

4 while y = §” do

5 Xprey < X5 x" « IG_mask(x’)
6: V= fx)

7 if all words in x” are mask then
8 break

9 end if

10 end while

i C = CUp= ey )}

12: end for

13: return C

14: end function
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F—X+t v b train  validation  test
SA

Tweeteval (sentiment) 45,615 2,000 12,284
MARC (en) 200,000 5,000 5,000
NLI

MNLI (matched) 392,702 9,815 9,796
ANLI (round3) 100,459 1,200 1,200

B fERALIETILOHH

R ETIL

SA[18] cardiffnlp/twitter-roberta-base-sentiment
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