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Abstract

We study the problem of video-to-video synthesis, whose goal is to learn a mapping
function from an input source video (e.g., a sequence of semantic segmentation
masks) to an output photorealistic video that precisely depicts the content of the
source video. While its image counterpart, the image-to-image translation problem,
is a popular topic, the video-to-video synthesis problem is less explored in the
literature. Without modeling temporal dynamics, directly applying existing image
synthesis approaches to an input video often results in temporally incoherent videos
of low visual quality. In this paper, we propose a video-to-video synthesis approach
under the generative adversarial learning framework. Through carefully-designed
generators and discriminators, coupled with a spatio-temporal adversarial objective,
we achieve high-resolution, photorealistic, temporally coherent video results on
a diverse set of input formats including segmentation masks, sketches, and poses.
Experiments on multiple benchmarks show the advantage of our method compared
to strong baselines. In particular, our model is capable of synthesizing 2K resolution
videos of street scenes up to 30 seconds long, which significantly advances the
state-of-the-art of video synthesis. Finally, we apply our method to future video
prediction, outperforming several competing systems. Code, models, and more
results are available at our website.

1 Introduction

The capability to model and recreate the dynamics of our visual world is essential to building
intelligent agents. Apart from purely scientific interests, learning to synthesize continuous visual
experiences has a wide range of applications in computer vision, robotics, and computer graphics.
For example, in model-based reinforcement learning [2,24], a video synthesis model finds use in
approximating visual dynamics of the world for training the agent with less amount of real experience
data. Using a learned video synthesis model, one can generate realistic videos without explicitly
specifying scene geometry, materials, lighting, and dynamics, which would be cumbersome but
necessary when using a standard graphics rendering engine [35].

The video synthesis problem exists in various forms, including future video prediction [15, 18,42, 45,
50,64,67,70,76] and unconditional video synthesis [59, 66, 68]. In this paper, we study a new form:
video-to-video synthesis. At the core, we aim to learn a mapping function that can convert an input
video to an output video. To the best of our knowledge, a general-purpose solution to video-to-video
synthesis has not yet been explored by prior work, although its image counterpart, the image-to-image
translation problem, is a popular research topic [6,31,33,43,44,63,65,72,81,82]. Our method is
inspired by previous application-specific video synthesis methods [58,60,61,74].

We cast the video-to-video synthesis problem as a distribution matching problem, where the goal is
to train a model such that the conditional distribution of the synthesized videos given input videos
resembles that of real videos. To this end, we learn a conditional generative adversarial model [20]
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https://github.com/NVIDIA/vid2vid

Figure 1: Generating a photorealistic video from an input segmentation map video on Cityscapes.
Top left: input. Top right: pix2pixHD. Bottom left: COVST. Bottom right: vid2vid (ours). The
figure is best viewed with Acrobat Reader. Click the image to play the video clip.

given paired input and output videos, With carefully-designed generators and discriminators, and a
new spatio-temporal learning objective, our method can learn to synthesize high-resolution, photore-
alistic, temporally coherent videos. Moreover, we extend our method to multimodal video synthesis.
Conditioning on the same input, our model can produce videos with diverse appearances.

We conduct extensive experiments on several datasets on the task of converting a sequence of
segmentation masks to photorealistic videos. Both quantitative and qualitative results indicate that
our synthesized footage looks more photorealistic than those from strong baselines. See Figure 1
for example. We further demonstrate that the proposed approach can generate photorealistic 2K
resolution videos, up to 30 seconds long. Our method also grants users flexible high-level control
over the video generation results. For example, a user can easily replace all the buildings with trees in
a street view video. In addition, our method works for other input video formats such as face sketches
and body poses, enabling many applications from face swapping to human motion transfer. Finally,
we extend our approach to future prediction and show that our method can outperform existing
systems. Please visit our website for code, models, and more results.

2 Related Work

Generative Adversarial Networks (GANs). We build our model on GANs [20]. During GAN
training, a generator and a discriminator play a zero-sum game. The generator aims to produce
realistic synthetic data so that the discriminator cannot differentiate between real and the synthesized
data. In addition to noise distributions [14,20, 55], various forms of data can be used as input to the
generator, including images [33,43, 81], categorical labels [52, 53], and textual descriptions [56,79].
Such conditional models are called conditional GANSs, and allow flexible control over the output of
the model. Our method belongs to the category of conditional video generation with GANs. However,
instead of predicting future videos conditioning on the current observed frames [41, 50, 68], our
method synthesizes photorealistic videos conditioning on manipulable semantic representations, such
as segmentation masks, sketches, and poses.

Image-to-image translation algorithms transfer an input image from one domain to a corresponding
image in another domain. There exists a large body of work for this problem [6,31,33,43,44,63,65,
72,81,82]. Our approach is their video counterpart. In addition to ensuring that each video frame
looks photorealistic, a video synthesis model also has to produce temporally coherent frames, which
is a challenging task, especially for a long duration video.

Unconditional video synthesis. Recent work [59, 66, 68] extends the GAN framework for un-
conditional video synthesis, which learns a generator for converting a random vector to a video.




































