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Sentence  He layed down on the chair and pawed
at her as she ran in a circle under it.
Question How long did he paw at her?
Answer 2 minutes
Label yes
Type Event Duration
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max train num learning
seq_len batch_size train_epoc rate
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* 3: ek & HAGE O
fine-tuned on EM [%] F1[%)]
MC-TACO 409 (42.1)  69.9 (68.2)

HAGE MC-TACO  33.9 (41.0) 61.2 (65.3)
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. Masking
Masking Rate [%0]
Rate [%]  EM [%] F1[%]
(Temporal Words)  (Others)
English 80 20 45.1(44.3) 72.7(70.7)
100 0 35.7(38.6)  64.0(63.7)
90 10 37.1(40.3)  65.9(62.1)
Japanese
80 20 36.9(40.2)  66.1(63.3)
70 30 35.5(36.6) 64.8(62.3)
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. Masking
Masking Rate [%)]
Rate [%]  EM [%] F1[%]
(Saliency Words)  (Others)
English 90 10 43.8 (43.2) 70.7 (70.7)
100 0 35.1(39.9) 66.2 (64.4)
Japanese 90 10 34.9(36.5)  63.1(63.3)
80 20 34.8(36.8)  62.4(64.9)
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