SLAMP: Stochastic Latent Appearance and Motion Prediction
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Qualitative Results

Stochastic Video Prediction Model block

Goal: Given a few frames in a video, predict next frames. d A
Challenges: L,

e High dimensionality of the problem

e Uncertainty of the future // 2, \ i f
e Requires an understanding of the scene structure, motion in A “y ™ N(“qbp(t) ) a¢p(t)) “r " N(”’qbf(t) a a'qbf(t))

the scene, and object relations, etc.
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Given few frames of a video, our goal is to predict future frames. t—1:t
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SLAMP has three different decoders, pixel, flow and mask. It decodes two candidate images from pixel and flow decoders and combine them

via predicted mask. It also has two separate prior and posterior distributions, one models pixel space and the other models motion history.
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Methodology Quantitative Results C
— oncluding Remarks
Steps of SLAMP Inference Future Information Models PSR (1) SSIM (1) PIPS (1) g
e Encode past frames to create rich image features We learn two different posterior distributions, pixel and motion, from the future frames. — SV2P [2] 28.19 4+ 0.31 0.8141 + 0.0050 0.2049 + 0.0053 o Exolicit motion modelline via ontical flow
e Sample latent variables from prior distributions h? — PixelEnc(x,) hi — MotionEnc(x;_j, X¢) — SAVP [3] 26.51 + 0.29 0.7564 4+ 0.0062 0.1120 + 0.0039 I Pl. -+ learn . .g " £ ih . "
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e Predict next frame's features and optical flow features by con- : — LSTM,, (h?) t _1STM (hf) < SVG [1] 28.06 + 0.29 0.8438 + 0.0054 0.0923 + 0.0038 ¢ Implicit learning or moving p-artsf oT the sc.:erfe vida mas
ditioning on latent variables Ko (1) T ¢, t) = Vg \ 1L Foo (t) Topt) = ¢\ 11} SRVP [4] 29.69 + 0.32 0.8697 + 0.0046 0.0736 + 0.0029 e Comparable results on generic video prediction datasets
e Decode predicted features to next frame and optical flow for Past Information SLAMP 2939 + 03008646 - 0.0050 0.0795 - 0.0034 e State-of-the-art results on challenging real-world datasets with mov-
Warping current frame to the next one We learn two different prior distributions, beause it is better than using fixed prior as shown in [].], pixel and motion, from the past frames. m SV2P [2] 20.39 + 0.27 0.8169 + 0.0086 0.0912 0.0053 ng baCkground
e Predict a mask to decide which prediction to choose h! | = PixelEnc(x;_;) hi | = MotionEnc(x;_s, X;_1) g SSA\\>/GP[[3]] 18.44 + 0.25 0.7887 £ 0.0092 0.0634 = 0.0026
. _ . . . N | N N T 1| 18.95 + 0.26 0.8058 + 0.0088 0.0609 + 0.0034
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We decode predicted features and combine them with a predicted mask.
with challenging background motion.
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Evidence Lower Bound (ELBO) ~< SLAMP 13.46 + 0.74 0.337 + 0.034 0.537 + 0.042 o |
| ﬁ Our results are seen best in video, please check our website:
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