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Motion Disentangled Bidirectional GAN
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Abstract: Video data contains information on the movement of objects or the sequential pattern.

In general, when extracting motion information of the object from the video, it is necessary to

capture not the consistent pattern for the object recognition but the sequential pattern for the

motion recognition. To tackle this problem, we propose Motion Disentangled Bidirectional GAN
(MDBiGAN) that decomposes the latent variable of Bidirectional GAN into two different variables.
One represents the sequential patterns, and the other represents the consistent patterns. Then,

the exeperiments show that MDBiGAN clearly extracts the motion feature from the video.
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min max Lean(D,G)
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+ Eeonn(ze) zmmp(zm) [108(1 = Dy (G(ze, 2m)))] - (6)

2.3 BiGAN

GAN &, 7— X EWRIZE X DIBELEE Z O
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MDBiGAN(Motion Disentangled Bidirectional GAN)
I, BES AT Y s b OEEIEERERET B ELE
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L(Dr, Dy, E,G)
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tionMNIST % fEf L 7=. MotionMNIST I, MNIST

DFHEZHF (0~ 9) VEFT 2FE &, B)EhoFE
SHFOEIIHIRT 2HET NV (0~ T7) 15725,
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Motion label Video data (Sequential images of the moving digit)
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PCA of latent variables
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Motion label Video data (top: Original, bottom:Generated)
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