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Deep Fragment

Embeddings Karpathy et al. NIPS 2014

~~ 40.1 (PREP ON, bike, person)

/ 35.6 (DET, a, bike)
34.2 (PREP IN, midair, bike)

8.3 (PREP IN, blue, person)
4.7 (DET, a, person)

1. A person in blue on a bike in midair

2. Man on a dirt bike

3. A dirt biker flies through the air

4. A person on a dirt bike soaring through the air
sideways

5. A dirt biker leaps through the air
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Main idea:
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Dataset A: man-made Dataset B: natural
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transfer and selffer with frozen features plus O, 1, or 2 layers of preseved
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