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Abstract

The usage of deep generative models for image compression has led to impressive
performance gains over classical codecs while neural video compression is still in
its infancy. Here, we propose an end-to-end, deep generative modeling approach to
compress temporal sequences with a focus on video. Our approach builds upon
variational autoencoder (VAE) models for sequential data and combines them
with recent work on neural image compression. The approach jointly learns to
transform the original sequence into a lower-dimensional representation as well
as to discretize and entropy code this representation according to predictions of
the sequential VAE. Rate-distortion evaluations on small videos from public data
sets with varying complexity and diversity show that our model yields competitive
results when trained on generic video content. Extreme compression performance
is achieved when training the model on specialized content.

1 Introduction

The transmission of video content is responsible for up to 80% of the consumer internet traffic, and
both the overall internet traffic as well as the share of video data is expected to increase even further
in the future (Cisco, 2017). Improving compression efficiency is more crucial than ever. The most
commonly used standard is H.264 (Wiegand et al., 2003); more recent codecs include H.265 (Sullivan
et al., 2012) and VP9 (Mukherjee et al., 2015). All of these existing codecs follow the same block
based hybrid structure (Musmann et al., 1985) which essentially emerged from engineering out and
refining this concept over decades. From a high level perspective, they differ in a huge number of
smaller design choices and have grown to become more and more complex systems.

While there is room for improving the block based hybrid approach even further (Fraunhofer,
2018), the question remains as to how much longer significant improvements can be obtained while
following the same paradigm. In the context of image compression, deep learning approaches that
are fundamentally different to existing codecs have already shown promising results (Ballé et al.,
2018, 2016; Theis et al., 2017; Agustsson et al., 2017; Minnen et al., 2018). Motivated by these
successes for images, we propose a first step towards innovating beyond block-based hybrid codecs
by framing video compression in a deep generative modeling context. To this end, we propose an
unsupervised deep learning approach to encoding video. The approach simultaneously learns the
optimal transformation of the video to a lower-dimensional representation and a powerful predictive
model that assigns probabilities to video segments, allowing us to efficiently entropy-code the
discretized latent representation into a short code length.
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H.265 (21.1 dB @ 0.86 bpp) VP9 (26.0 dB @ 0.57 bpp) Ours (44.6 dB @ 0.06 bpp)

Figure 1: Reconstructed video frames using the established codecs H.265 (left), VP9 (middle),
and ours (right), with videos taken from the Sprites data set (Section 4). On specialized content as
shown here, higher PSNR values in dB (corresponding to lower distortion) can be achieved at almost
an order of magnitude smaller bits per pixel (bpp) rates. Compared to the classical codecs, fewer
geometrical artifacts are apparent in our approach.

Our end-to-end neural video compression scheme is based on sequential variational autoen-
coders (Bayer & Osendorfer, 2014; Chung et al., 2015; Li & Mandt, 2018). The transformations to
and from the latent representation (the encoder and decoder) are parametrized by deep neural networks
and are learned by unsupervised training on videos. These latent states have to be discretized before
they can be compressed into binary. Ballé et al. (2016) address this problem by using a box-shaped
variational distribution with a fixed width, forcing the VAE to ‘forget’ all information stored on
smaller length scales due to the insertion of noise during training. This paper follows the same
paradigm for temporally-conditioned distributions. A sequence of quantized latent representations
still contains redundant information as the latents are highly correlated. (Lossless) entropy encoding
exploits this fact to further reduce the expected file size by expressing likely data in fewer bits and
unlikely data in more bits. This requires knowledge of the probability distribution over the discretized
data that is to be compressed, which our approach obtains from the sequential prior.

Among the many architectural choices that our approach enables, we empirically investigate a model
that is well suited for the regime of extreme compression. This model uses a combination of both
local latent variables, which are inferred from a single frame, and a global state, inferred from a multi-
frame segment, to efficiently store a video sequence. The dynamics of the local latent variables are
modeled stochastically by a deep generative model. After training, the context-dependent predictive
model is used to entropy code the latent variables into binary with an arithmetic coder.

In this paper, we focus on low-resolution video (64× 64) as the first step towards deep generative
video compression. Figure 1 shows a test example of the possible performance improvements using
our approach if the model is trained on restricted content (video game characters). The plots show
two frames of a video, compressed and reconstructed by our approach and by classical video codecs.
One sees that fine granular details, such as the hands of the cartoon character, are lost in the classical
approach due to artifacts from block motion estimation (low bitrate regime), whereas our deep
learning approach successfully captures these details with less than 10% of the file length.

Our contributions are as follows:

1) A general paradigm for generative compression of sequential data. We propose a general
framework for compressing sequential data by employing a sequential variational autoencoder (VAE)
in conjuction with discretization and entropy coding to build an end-to-end trainable codec.

2) A new neural codec for video compression. We employ the above paradigm towards building
an end-to-end trainable codec. To the best of our knowledge, this is the first work to utilize a deep
generative video model together with discretization and entropy coding to perform video compression.

3) High compression ratios. We perform experiments on three public data sets of varying complexity
and diversity. Performance is evaluated in terms of rate-distortion curves. For the low-resolution
videos considered in this paper, our method is competitive with traditional codecs after training and
testing on a diverse set of videos. Extreme compression performance can be achieved on a restricted
set of videos containing specialized content if the model is trained on similar videos.

4) Efficient compression from a global state. While a deep latent time series model takes temporal
redundancies in the video into account, one optional variation of our model architecture tries to
compress static information into a separate global variable (Li & Mandt, 2018) which acts similarly
as a key frame in traditional methods. We show that this decomposition can be beneficial.
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Our paper is organized as follows. In Section 2, we summarize related works before describing
our method in Section 3. Section 4 discusses our experimental results. We give our conclusions in
Section 5.

2 Related Work

The approaches related to our method fall into three categories: deep generative video models, neural
image compression, and neural video compression.

Deep generative video models. Several works have applied the variational autoencoder
(VAE) (Kingma & Welling, 2014; Rezende et al., 2014) to stochastically model sequences (Bayer &
Osendorfer, 2014; Chung et al., 2015). Babaeizadeh et al. (2018); Xu et al. (2020) use a VAE for
stochastic video generation. He et al. (2018) and Denton & Fergus (2018) apply a long short term
memory (LSTM) in conjunction with a sequential VAE to model the evolution of the latent space
across many video frames. Li & Mandt (2018) separate latent variables of a sequential VAE into local
and global variables in order to learn a disentangled representation for video generation. Vondrick
et al. (2016) generate realistic videos by using a generative adversarial network (Goodfellow et al.,
2014) to learn to separate foreground and background, and Lee et al. (2018) combine variational and
adversarial methods to generate realistic videos. This paper also employs a deep generative model to
model the sequential probability distribution of frames from a video source. In contrast to other work,
our method learns a continuous latent representation that can be discretized with minimal information
loss, required for further compression into binary. Furthermore, our objective is to convert the original
video into a short binary description rather than to generate new videos.

Neural image compression. There has been significant work on applying deep learning to image
compression. In Toderici et al. (2016, 2017); Johnston et al. (2018), an LSTM based codec is used
to model spatial correlations of pixel values and can achieve different bit-rates without having to
retrain the model. Ballé et al. (2016) perform image compression with a VAE and demonstrate how
to approximately discretize the VAE latent space by introducing noise during training. This work
is refined by (Ballé et al., 2018) which improves the prior model (used for entropy coding) beyond
the mean-field approximation by transmitting side information in the form of a hierarchical model.
Minnen et al. (2018) consider an autoregressive model to achieve a similar effect. Santurkar et al.
(2018) studies the performance of generative compression on images and suggests it may be more
resilient to bit error rates. These image codecs encode each image independently and therefore
their probabilistic models are stationary with respect to time. In contrast, our method performs
compression according to a non-stationary, time-dependent probability model which typically has
lower entropy per pixel.

Neural video compression. The use of deep neural networks for video compression is relatively
new. Wu et al. (2018) perform video compression through image interpolation between reference
frames using a predictive model based on a deep neural network. Chen et al. (2017) and Chen et al.
(2019) use a deep neural architecture to predict the most likely frame with a modified form of block
motion prediction and store residuals in a lossy representation. Since these works are based on motion
estimation and residuals, they are somewhat similar in function and performance to existing codecs.
Lu et al. (2019) and Djelouah et al. (2019) also follow a pipeline based on motion estimation and
residual computation as in existing codecs. In contrast, our method is not based on motion estimation,
and the full inferred probability distribution over the space of plausible subsequent frames is used
for entropy coding the frame sequence (rather than residuals). In a concurrent publication, Habibian
et al. (2019) perform video compression by utilizing a 3D variational autoencoder. In this case, the
3D encoder removes temporal redundancy by decorrelating latents, wheras our method uses entropy
coding (with time-dependent probabilities) to remove temporal redundancy.

3 Deep Generative Video Compression

Our end-to-end approach simultaneously learns to transform a video into a lower-dimensional latent
representation and to remove the remaining redundancy in the latents through model-based entropy
coding. Section 3.1 gives an overview of the deep generative video coding approach as a whole
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Quantization

z̃t
<latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit>

Encoding Binarization

z̃t
<latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit><latexit sha1_base64="Yt2K9k0MRgUKaCEUNNmLvHQQcUM=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyLUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wf1ppfZ</latexit>

Decoding

x̃t
<latexit sha1_base64="X4Q1aFm5XrHWDo+IKYEVuO42eN8=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyKWEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wfylpfX</latexit><latexit sha1_base64="X4Q1aFm5XrHWDo+IKYEVuO42eN8=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyKWEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wfylpfX</latexit><latexit sha1_base64="X4Q1aFm5XrHWDo+IKYEVuO42eN8=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyKWEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wfylpfX</latexit><latexit sha1_base64="X4Q1aFm5XrHWDo+IKYEVuO42eN8=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYwbZCE8Jms2mXbjZhdyKWEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE3kXYEU5E7QLDDi9SyXFccBpPxhflX7/nkrFEnELk5R6MR4KFjGCQUu+eeAC4yHN3SDhoZrE+ssfisIH32zaLXsKa5E4FWmiCh3f/HLDhGQxFUA4Vmrg2Cl4OZbACKdFw80UTTEZ4yEdaCpwTJWXTy8orGOthFaUSP0EWFP1d0eOY1VupytjDCM175Xif94gg+jCy5lIM6CCzAZFGbcgsco4rJBJSoBPNMFEMr2rRUZYYgI6tIYOwZk/eZH0TluO3XJuzprtyyqOOjpER+gEOegctdE16qAuIugRPaNX9GY8GS/Gu/ExK60ZVc8++gPj8wfylpfX</latexit>

In
pu

t V
id

eo

R
ec

on
st

ru
ct

ed
 V

id
eo

Noise
Round

Training

After training

p✓(z̃t | z̃<t)
<latexit sha1_base64="LbQgD7kqKzy9eS/a3cS6ePEaYZw=">AAACPHicdVA9SwNBEN3z2/gVtbRZDEJswp0IWliINpYRTSLkjmNvb2IW9z7YnRPicT/Mxh9hZ2VjoYittXtJCjX6YNnHezPMzAtSKTTa9pM1NT0zOze/sFhZWl5ZXauub7R1kikOLZ7IRF0FTIMUMbRQoISrVAGLAgmd4Oa09Du3oLRI4kscpOBF7DoWPcEZGsmvXqR+7gaJDPUgMl/uYh+QFQWtuyhkCD/Mu6LwkbqRCOk/bn6Exa5frdkNewg6SZwxqZExmn710Q0TnkUQI5dM665jp+jlTKHgEoqKm2lIGb9h19A1NGYRaC8fHl/QHaOEtJco82KkQ/V7R84iXW5oKiOGff3bK8W/vG6GvUMvF3GaIcR8NKiXSYoJLZOkoVDAUQ4MYVwJsyvlfaYYR5N3xYTg/D55krT3Go7dcM73a8cn4zgWyBbZJnXikANyTM5Ik7QIJ/fkmbySN+vBerHerY9R6ZQ17tkkP2B9fgEoTbGk</latexit><latexit sha1_base64="LbQgD7kqKzy9eS/a3cS6ePEaYZw=">AAACPHicdVA9SwNBEN3z2/gVtbRZDEJswp0IWliINpYRTSLkjmNvb2IW9z7YnRPicT/Mxh9hZ2VjoYittXtJCjX6YNnHezPMzAtSKTTa9pM1NT0zOze/sFhZWl5ZXauub7R1kikOLZ7IRF0FTIMUMbRQoISrVAGLAgmd4Oa09Du3oLRI4kscpOBF7DoWPcEZGsmvXqR+7gaJDPUgMl/uYh+QFQWtuyhkCD/Mu6LwkbqRCOk/bn6Exa5frdkNewg6SZwxqZExmn710Q0TnkUQI5dM665jp+jlTKHgEoqKm2lIGb9h19A1NGYRaC8fHl/QHaOEtJco82KkQ/V7R84iXW5oKiOGff3bK8W/vG6GvUMvF3GaIcR8NKiXSYoJLZOkoVDAUQ4MYVwJsyvlfaYYR5N3xYTg/D55krT3Go7dcM73a8cn4zgWyBbZJnXikANyTM5Ik7QIJ/fkmbySN+vBerHerY9R6ZQ17tkkP2B9fgEoTbGk</latexit><latexit sha1_base64="LbQgD7kqKzy9eS/a3cS6ePEaYZw=">AAACPHicdVA9SwNBEN3z2/gVtbRZDEJswp0IWliINpYRTSLkjmNvb2IW9z7YnRPicT/Mxh9hZ2VjoYittXtJCjX6YNnHezPMzAtSKTTa9pM1NT0zOze/sFhZWl5ZXauub7R1kikOLZ7IRF0FTIMUMbRQoISrVAGLAgmd4Oa09Du3oLRI4kscpOBF7DoWPcEZGsmvXqR+7gaJDPUgMl/uYh+QFQWtuyhkCD/Mu6LwkbqRCOk/bn6Exa5frdkNewg6SZwxqZExmn710Q0TnkUQI5dM665jp+jlTKHgEoqKm2lIGb9h19A1NGYRaC8fHl/QHaOEtJco82KkQ/V7R84iXW5oKiOGff3bK8W/vG6GvUMvF3GaIcR8NKiXSYoJLZOkoVDAUQ4MYVwJsyvlfaYYR5N3xYTg/D55krT3Go7dcM73a8cn4zgWyBbZJnXikANyTM5Ik7QIJ/fkmbySN+vBerHerY9R6ZQ17tkkP2B9fgEoTbGk</latexit><latexit sha1_base64="LbQgD7kqKzy9eS/a3cS6ePEaYZw=">AAACPHicdVA9SwNBEN3z2/gVtbRZDEJswp0IWliINpYRTSLkjmNvb2IW9z7YnRPicT/Mxh9hZ2VjoYittXtJCjX6YNnHezPMzAtSKTTa9pM1NT0zOze/sFhZWl5ZXauub7R1kikOLZ7IRF0FTIMUMbRQoISrVAGLAgmd4Oa09Du3oLRI4kscpOBF7DoWPcEZGsmvXqR+7gaJDPUgMl/uYh+QFQWtuyhkCD/Mu6LwkbqRCOk/bn6Exa5frdkNewg6SZwxqZExmn710Q0TnkUQI5dM665jp+jlTKHgEoqKm2lIGb9h19A1NGYRaC8fHl/QHaOEtJco82KkQ/V7R84iXW5oKiOGff3bK8W/vG6GvUMvF3GaIcR8NKiXSYoJLZOkoVDAUQ4MYVwJsyvlfaYYR5N3xYTg/D55krT3Go7dcM73a8cn4zgWyBbZJnXikANyTM5Ik7QIJ/fkmbySN+vBerHerY9R6ZQ17tkkP2B9fgEoTbGk</latexit>

f̃
<latexit sha1_base64="aobgVshmD4k+WfMer3PzPpROslE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0W3bisYB/QlDKZ3LRDJ5MwMxFKzMJfceNCEbf+hjv/xkmbhbYeGOZwzr3MmeMnnCntON9WZWV1bX2julnb2t7Z3bP3DzoqTiWFNo15LHs+UcCZgLZmmkMvkUAin0PXn9wUfvcBpGKxuNfTBAYRGQkWMkq0kYb2kacZDyDz/JgHahqZKwvzfGjXnYYzA14mbknqqERraH95QUzTCISmnCjVd51EDzIiNaMc8pqXKkgInZAR9A0VJAI1yGb5c3xqlACHsTRHaDxTf29kJFJFNjMZET1Wi14h/uf1Ux1eDTImklSDoPOHwpRjHeOiDBwwCVTzqSGESmayYjomklBtKquZEtzFLy+TznnDdRru3UW9eV3WUUXH6ASdIRddoia6RS3URhQ9omf0it6sJ+vFerc+5qMVq9w5RH9gff4AOcKW3g==</latexit><latexit sha1_base64="aobgVshmD4k+WfMer3PzPpROslE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0W3bisYB/QlDKZ3LRDJ5MwMxFKzMJfceNCEbf+hjv/xkmbhbYeGOZwzr3MmeMnnCntON9WZWV1bX2julnb2t7Z3bP3DzoqTiWFNo15LHs+UcCZgLZmmkMvkUAin0PXn9wUfvcBpGKxuNfTBAYRGQkWMkq0kYb2kacZDyDz/JgHahqZKwvzfGjXnYYzA14mbknqqERraH95QUzTCISmnCjVd51EDzIiNaMc8pqXKkgInZAR9A0VJAI1yGb5c3xqlACHsTRHaDxTf29kJFJFNjMZET1Wi14h/uf1Ux1eDTImklSDoPOHwpRjHeOiDBwwCVTzqSGESmayYjomklBtKquZEtzFLy+TznnDdRru3UW9eV3WUUXH6ASdIRddoia6RS3URhQ9omf0it6sJ+vFerc+5qMVq9w5RH9gff4AOcKW3g==</latexit><latexit sha1_base64="aobgVshmD4k+WfMer3PzPpROslE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0W3bisYB/QlDKZ3LRDJ5MwMxFKzMJfceNCEbf+hjv/xkmbhbYeGOZwzr3MmeMnnCntON9WZWV1bX2julnb2t7Z3bP3DzoqTiWFNo15LHs+UcCZgLZmmkMvkUAin0PXn9wUfvcBpGKxuNfTBAYRGQkWMkq0kYb2kacZDyDz/JgHahqZKwvzfGjXnYYzA14mbknqqERraH95QUzTCISmnCjVd51EDzIiNaMc8pqXKkgInZAR9A0VJAI1yGb5c3xqlACHsTRHaDxTf29kJFJFNjMZET1Wi14h/uf1Ux1eDTImklSDoPOHwpRjHeOiDBwwCVTzqSGESmayYjomklBtKquZEtzFLy+TznnDdRru3UW9eV3WUUXH6ASdIRddoia6RS3URhQ9omf0it6sJ+vFerc+5qMVq9w5RH9gff4AOcKW3g==</latexit><latexit sha1_base64="aobgVshmD4k+WfMer3PzPpROslE=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0W3bisYB/QlDKZ3LRDJ5MwMxFKzMJfceNCEbf+hjv/xkmbhbYeGOZwzr3MmeMnnCntON9WZWV1bX2julnb2t7Z3bP3DzoqTiWFNo15LHs+UcCZgLZmmkMvkUAin0PXn9wUfvcBpGKxuNfTBAYRGQkWMkq0kYb2kacZDyDz/JgHahqZKwvzfGjXnYYzA14mbknqqERraH95QUzTCISmnCjVd51EDzIiNaMc8pqXKkgInZAR9A0VJAI1yGb5c3xqlACHsTRHaDxTf29kJFJFNjMZET1Wi14h/uf1Ux1eDTImklSDoPOHwpRjHeOiDBwwCVTzqSGESmayYjomklBtKquZEtzFLy+TznnDdRru3UW9eV3WUUXH6ASdIRddoia6RS3URhQ9omf0it6sJ+vFerc+5qMVq9w5RH9gff4AOcKW3g==</latexit>
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Figure 2: High-level operational diagram of our compression codec (see Section 3). A video segment
is encoded into per-frame latent variables zt and (optionally) also into a per-segment global state f
using a VAE architecture. Both latent variables are then quantized and arithmetically encoded into
binary according to the respective prior models. To recover an approximation to the original video,
the latent variables are arithmetically decoded from the binary and passed through the neural decoder.

before Sections 3.2 and 3.3 detail on the model-based entropy coding and the lower-dimensional
representation, respectively.

3.1 Overview

Lossy video compression is a constrained optimization problem that can be approached from two
different angles: 1) either as finding the shortest description of a video without exceeding a certain
level of information loss or 2) as finding the minimal level of information loss without exceeding
a certain description length. Both optimization problems are equivalent with either a focus on
description length (rate) or information loss (distortion) constraints. The distortion is a measure of
how much error encoding and subsequent decoding incurs while the rate quantifies the amount of bits
the encoded representation occupies. When denoting distortion by D, rate byR, and the maximal
rate constraint byRc, the compression problem can be expressed as

minD subject to R ≤ Rc:

Such a constrained formulation is often cumbersome but can be solved in a Lagrange multiplier
formulation, where the rate and distortion terms are weighted against each other by a Lagrange
multiplier � :

minD + � R: (1)

In existing video codecs, encoders and decoders have been meticulously engineered to improve
coding efficiency. Instead of engineering encoding and decoding functions, in our end-to-end
machine learning approach we aim to learn these mappings by parametrizing them by deep neural
networks and then optimizing Eq. 1 accordingly.

There is a well-known equivalence (Ballé et al., 2018; Alemi et al., 2018) between the evidence lower
bound in amortized variational inference (Gershman & Goodman, 2014; Zhang et al., 2018), and the
Lagrangian formulation of lossy coding of Eq. 1. Variational inference involves a probabilistic model
p(x ; z) = p(x |z)p(z) over data x and latent variables z . The goal is to lower-bound the marginal
likelihood p(x ) using a variational distribution q(z |x ). When the variational distribution q has a
fixed entropy (e.g., by fixing its variance), this bound is, up to a constant,

Eq[log p(x |z)]− � H [q(z |x ); p(z)]; (2)

where H is the cross entropy between the approximate posterior and the prior. When allowing
for arbitrary � , Ballé et al. (2016) showed in the context of image compression with variational
autoencoders that the negative of Eq. 2 becomes a manifestation of Eq. 1. While the first term
measures the expected reconstruction error of the encoded images, the cross entropy term becomes
the expected code length as the (learned) prior p(z) is used to inform a lossless entropy coder about
the probabilities of the discretized encoded images. In this paper we generalize this approach to
videos by employing probabilistic deep sequential latent state models.

Fig. 2 summarizes our overall design. Given a sequence of frames x 1:T = (x 1; : : : ; x T ), we
transform them into a sequence of latent states z1:T and optionally also a global state f . Although
this transformation into a latent representation is lossy, the video is not yet optimally compressed
as there are still correlations in the latent space variables. To remove this redundancy, the latent
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