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Datasets

Question and Answer

Positive passage

False Negative passage

(Question)
do veins carry blood to the heart or away

(Passage id: 406,356)
Vein Veins are blood vessels that carry
blood toward the heart. Most veins carry

(Rank 1)
... They are roughly grouped as
$¥"arterialW" and ¥'venousW", determined

Natural Question

big little lies season 2 how many episodes

(Answer)
seven

... Production on the second season began
in March 2018 and is set to premiere in
2019. All seven episodes are being
written by Kelley

Natural Question | (Answer) deoxygenated blood from the ... by whether the blood in it is flowing
to W'away from¥" (arterial) or ¥"toward"
(venous) the heart. The term ¥"arterial
blood#" is nevertheless ...
(Question) (Passage id: 18,768,923) (Rank 3)

... after the Critics' Choice Television Award
and Golden Globe Award nomination
voting periods were over, HBO officially
renewed the series for a seven-episode
second
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