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The Bag of Words Representation

I love this movie! It's sweet,
but with satirical humor. The
dialogue is great and the
adventure scenes are fun...
It manages to be whimsical
and romantic while laughing
at the conventions of the
fairy tale genre. | would
recommend it to just about
anyone. |'ve seen it several
times, and I'm always happy
to see it again whenever |
have a friend who hasn't

seen it yet!
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Qi ByteNet D575
Probabilities Deep-Att + PosUnk 39.2 1.0- 1020
GNMT + RL [31] 24.6 39.92 23-101° 1.4.10%
ConvS2S [8] 25.16 40.46 9.6-108 1.5-10%
MOoE [26] 26.03 40.56 2.0-10°® 1.2.10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0-10%
- 1 N GNMT + RL Ensemble [31] 2630  41.16 1810 131:-30%
ConvS2S Ensemble [8] 2636 41.29 L9 3.2:00°
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(A) 4 128 128 500 255
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_ Masked ®) 16 516  25.1 58
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Attention Attention 2 6.11 2351 36
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| — ) L — 8 488 255 80
o (©) 256 32 32 575 245 28
Positional @_@ @ Positional 1024 128 128 466 260 168
Encoding Encoding 1024 512 254 53
P o 4096 475 262 90
Embedding Embedding 0.0 STT 246
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I T 2 0.0 467 253
0.2 547 257
InpLits Olitperts (E) positional embedding instead of sinusoids 4.92 25.7
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