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Figure 1: Video Generator Network: We illustrate our network architecture for the generator. The
input is 100 dimensional (Gaussian noise). There are two indenendent streams: a movine foresronnd
pathway of fractionally-strided spatio-temporal convoluw Background Foreground Generation Background Foreground Generation

fractionally-strided spatial convolutions, both of which up- I

to create the generated video using a mask from the moti - +

and the number of channels in parenthesis.
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Generating Videos with Scene Dynamics (NIPS2016) Figure 3: Streams: We visualize the background, foreground, and masks for beaches (left) and golf

(right). The network generally learns to disentangle the foreground from the background.
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Figure 1: Architecture of the CDNA model, one of the three proposed pixel advection models. We
use convolutional LSTMs to process the image, outputting 10 normalized transformation kernels
from the smallest middle layer of the network and an 11-channel compositing mask from the last
layer (including 1 channel for static background). The kernels are applied to transform the previous 8
image into 10 different transformed images, which are then composited according to the masks. The
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