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Fig. 1: We adapt classical patch-based approaches as a better, much faster non-

parametric alternative to single video GANs, for a variety of video generation

and manipulation tasks.
Abstract. GANs are able to perform generation and manipulation tasks,
trained on a single video. However, these single video GANs require un-
reasonable amount of time to train on a single video, rendering them
almost impractical. In this paper we question the necessity of a GAN for
generation from a single video, and introduce a non-parametric baseline
for a variety of generation and manipulation tasks. We revive classical
space-time patches-nearest-neighbors approaches and adapt them to a
scalable unconditional generative model, without any learning. This sim-
ple baseline surprisingly outperforms single-video GANs in visual qual-
ity and realism (confirmed by quantitative and qualitative evaluations),
and is disproportionately faster (runtime reduced from several days to
seconds). Other than diverse video generation, we demonstrate other
applications using the same framework, including video analogies and
spatio-temporal retargeting. Our proposed approach is easily scaled to
Full-HD videos. These observations show that the classical approaches, if
adapted correctly, significantly outperform heavy deep learning machin-
ery for these tasks. This sets a new baseline for single-video generation
and manipulation tasks, and no less important — makes diverse genera-
tion from a single video practically possible for the first time.
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1 Introduction

Generation and editing of natural videos remain challenging, mainly due to their
large dimensionality and the enormous space of motion they span. Most modern
frameworks train generative models on a large collection of videos, producing
high quality results for only a limited class of videos. These include extensions
of GANs [23] to video data [2, 36, 48, 58, 62, 66], video to video translation [8,
16, 40, 63-65, 71] and autoregressive sequence prediction [3, 6, 7, 17, 22, 59-61].

While externally-trained generative models produce impressive results, they
are restricted to the types of video dynamics in their training set. On the other
side of the spectrum are single-video GANS. These video generative models train
on a single input video, learn its distribution of space-time patches, and are then
able to generate a diversity of new videos with the same patch distribution [5, 25].
However, these take very long time to train for each input video, making them
applicable to only small spatial resolutions and to very short videos (typically,
very few small frames). Furthermore, their output oftentimes shows poor visual
quality and noticeable visual artifacts. These shortcomings render existing single-
video GANs impractical and unscalable.

Video synthesis and manipulation of a single video sequence based on its dis-
tribution of space-time patches dates back to classical pre-deep learning methods.
These classical methods demonstrated impressive results for various applications,
such as video retargeting [30, 47, 55, 70], video completion [27, 34, 39, 41, 42, 69],
video texture synthesis [14, 21, 28, 31-33] and more. With the rise of deep-
learning, these methods gradually, perhaps unjustifiably, became less popular.
Recently, Granot et al. [24] revived classical patch-based approaches for image
synthesis, and was shown to significantly outperform single-image GANs in both
run-time and visual quality.

In light of the above-mentioned deficiencies of single-video GANs, and in-
spired by [24], we propose a fast and practical method for video generation from
a single video that we term VGPNN (Video Generative Patch Nearest Neigh-
bors). In order to handle the huge amounts of space-time patches in a single
video sequence, we use the classical fast approximate nearest neighbor search
method PatchMatch by Barnes et al. [10]. By adding stochastic noise to the
process, our approach can generate a large diversity of random different video
outputs from a single input video in an unconditional manner.

Like single-video GANs, our approach enables the diverse and random gen-
eration of videos. However, in contrast to existing single-video GANs, we can
generate high resolution videos, while reducing runtime by many orders of mag-
nitude, thus making diverse unconditional video generation from a single video
realistically possible for the first time.

In addition to diverse generation from a single video, by employing robust
optical-flow based descriptors we use our framework to transfer the dynamics
and motions between two videos with different appearance (which we call “video
analogies”). We also show the applicability of our framework to spatio-temporal
video retargeting and to conditional video inpainting.
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Fig. 2: Diverse Single Video Generation: Given an input video (red), we
generate similarly looking videos (black) capturing both appearance of objects
as well as their dynamics. Note the high quality of our generated videos. Please
watch the full resolution videos in the supplementary material.

To summarize, our contributions are as follows:

{ We show that our space-time patch nearest-neighbors approach, despite its
simplicity, outperforms single-video GANs by a large margin, both in runtime
and in quality.

{ Our approach is the first to generate diverse high resolution videos (spatial

or temporal) from a single video.

{ We demonstrate the applicability of our framework to other applications:
video analogies, sketch-to-video, spatio-temporal video retargeting and con-
ditional video inpainting.



