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2. Video Action Classification Dataset
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3. Action Classification Networks

Video action classification &oFol A =

of sl A7hget

3.1 Long-term Recurrent Convolutional Networks

LRCN(Long-term Recurrent Convolutional Networks)[5]+
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3.2 3D Convolution Neural Networks
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3.3 Inflated 3D Convolutional Neural Networks

I3D(Inflated 3D Convolutional Neural Networks)[7]+
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3.4 Non-local Neural Networks

Non-local Neural Networks[lO]E non- local block ©]}+=
o} AIUAE BB FIFAT F2E A
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3.5 SlowFast Networks
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