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Abstract

Despite considerable progress on end-to-end optimized
deep networks for image compression, video coding re-
mains a challenging task. Recently proposed methods for
learned video compression use optical flow and bilinear
warping for motion compensation and show competitive
rate-distortion performance relative to hand-engineered
codecs like H.264 and HEVC. However, these learning-
based methods rely on complex architectures and training
schemes including the use of pre-trained optical flow net-
works, disjoint training of sub-networks, adaptive rate con-
trol, and buffering intermediate reconstructions to disk dur-
ing training. In this paper, we show that a generalized
warping operator that better handles common failure cases,
e.g. disocclusions and fast motion, can provide competi-
tive compression results with a greatly simplified model and
training procedure. Specifically, we propose scale-space
flow, an intuitive generalization of 2D optical flow that adds
a scale parameter to allow the network to better model un-
certainty. Our experiments show that a low-latency video
compression model (no B-frames) using scale-space flow
for motion compensation can outperform analogous state-
of-the art learned video compression models while being
trained using a much simpler procedure and without any
pre-trained optical flow networks.

1. Introduction
Recently, there has been significant progress in the

area of end-to-end optimized image compression, which
went from barely matching JPEG [30], to methods such
as [7, 23, 5] that can outperform the best hand-engineered
codecs when evaluated in terms of multi-scale structural
similarity (MS-SSIM) [33], PSNR, and according to subjec-
tive quality from user studies. While this is very encourag-
ing, over 60% of downstream internet traffic currently con-
sists of video streaming data [1], which means that in order
to maximize impact on bandwidth reduction, researchers
should focus on video compression.

Since the area of neural video compression is in early

Figure 1. Our proposed Scale-Space Warping module: From the
source image x we construct a fixed-resolution scale space vol-
ume X. In contrast to bilinear warping, where the warped output is
sampled directly from the source image using a 2-D displacement
field (fx, fy), we tri-linearly sample from the 3-D volume using a
3-D displacements+scale field (gx,gy,gz). The additional scale
field gives a continuous (and differentiable) knob that can be used
to adaptively blur the source image during the warping step in re-
gions where the warp is not a good prediction of the desired target
image.

stages, it is not yet clear which network architectures are
most effective for which application scenario. We can
roughly categorize the existing research methods into the
following three categories:

1) 3D autoencoders: This is a natural extension of the
work done for learned image compression, and [24] demon-
strated that representing the video using spatiotemporal
transformations alone does not lead to better performance
compared to standard methods. However, when combined
with temporally conditioned entropy models [16], such
methods can perform on par with standard methods in terms
of MS-SSIM.

2) Frame interpolation methods: It is natural to use
neural networks to interpolate between frames in a video
and then encode the residuals [35, 15]. This approach is
commonly used in standard video coding (called “bidirec-
tional prediction” or “B-frame coding”) [34], but has the
disadvantage that it is generally not suitable for low-latency
streaming environments since such methods need informa-
tion “from the future” to decode each B-frame. However,
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im standard codecs, the use of B-frames typically provides
the best rate-distortion (RD) performance when low-latency
decoding is not required.

3) Motion compensation via optical flow [21, 27] is
based on estimating and compressing optical flow which
is applied with bilinear warping on the previously decoded
frames to obtain a prediction of the frame currently be-
ing encoded. The residual error is then separately com-
pressed to reduce total distortion and minimize temporal
error accumulation. Recently published methods [21, 27]
in this setting achieve compression that outperforms H.264
in terms of PSNR and HEVC in terms of MS-SSIM. How-
ever, these methods rely on complex architectures and train-
ing schemes, such as pre-trained optical flow networks [21],
disjoint training of sub-networks [27, 21], adaptive rate con-
trol during encoding [27] and buffering intermediate recon-
structions to disk during training [21].

Our research focuses on the last class of approaches,
since it provides a good balance between rate-distortion per-
formance and applicability to low-latency video streaming
systems. However, we argue that using pre-trained optical
flow networks[21] and bilinear warping[21, 27] may not be
ideal for motion compensation:

1. Flow estimation needs to solve the aperture problem,
which is not an issue for compression, so the model
needlessly solves a harder problem than necessary.
Moreover, optical flow networks aim to minimize mo-
tion vector error, while compression seeks to minimize
a compromise between the bitrate necessary to encode
the residual error and the distortion (i.e., reconstruction
error).

2. The need to rely on existing optical flow network archi-
tectures thus potentially adds unnecessary constraints
or complexity to the design of the compression net-
works.

3. Good optical flow performance requires a supervised
training stage, which relies on annotated flow data,
complicates the training procedure, and limits the do-
mains of applicability.

4. Unlike standard video codecs that use motion compen-
sation vectors, optical flow is dense, which means that
every pixel is warped. Since there is no concept of “not
using” a flow prediction, unnecessarily large residuals
are expected in the case of disocclusions.

In this paper, we propose a generalization of optical flow
and bilinear warping to scale-space flow and scale-space
warping (see Figure 1), where a scale field is added as a
third dimension to the typical spatial flow field. This per-
location scale parameter allows the warping operation to
better handle difficult cases and more gracefully degrade

when no flow-based prediction is possible. The scale di-
mension acts as a differentiable “knob” that allows the
model to adaptively blur the source content before warping,
based on how well it predicts the next frame. Intuitively, this
should lead to a smaller intermediate residual error and, in
turn, to a more compressible residual since the model won’t
need to spend as many bits to “undo errors” introduced by
the warping step.

Furthermore, we show that a scale-space warping op-
eration integrated into a simple low-latency compression
pipeline (depicted in Figure 2) can yield rate-distortion re-
sults outperforming recent state-of-the-art learning-based
methods. Specifically, for equal PSNR, our method pro-
vides an average Bjøntegaard Delta (BD) rate reduction [11]
of 13.4% compared to [21] and a savings of 42.9%
over [35], while we see a 30.3% savings over [16] for equal
MS-SSIM (see Section 5 for a detailed evaluation). Com-
pared to prior approaches for flow-based motion compensa-
tion [21, 27], our system is significantly simpler since we
do not need to separately estimate flow or use pre-trained
networks. To achieve this, we do not need to make use of
advanced training or encoding strategies such as buffering
reconstructions [21] or spatially adaptive rate control [27].

Our ablation studies show (see Section 5) that com-
pared to bilinear warping, the proposed scale-space warping
significantly improves the rate-distortion performance with
gains of more than 1dB at some bitrates.

In summary, our contributions are the following:

(i) We propose a scale space flow and warping, an intu-
itive generalization to flow + bilinear warping that re-
duces the need for complex residuals in failure cases.

(ii) Combined with a simple architecture and training pro-
cedure, we are able to train our model end-to-end from
scratch, and the network learns to do motion compen-
sation without utilizing any pre-trained optical flow
networks.

(iii) Our experiment show that such a system leads outper-
forms recent state-of-the-art methods such as [21, 16],
while our ablations show the same system trained
for flow and bilinear warping performs significantly
worse.

2. Related Work

Image Compression Recent image compression works [6,
9, 29, 4, 26, 7, 22, 5] have shown significant progress in
terms of rate-distortion performance compared to standard
codecs such as JPEG [31], JPEG2000 [18] and [10].

The most current state-of-the-art architectures [36, 13,
23] build on the hyperprior based system of [7], with im-
provements with autoregressive context models [23] and
multi-rate training [13].



Figure 2. Overview of our end-to-end optimized, low-latency com-
pression system: 1) the scale-space �ow is jointly estimated and
encoded to a quantized latent,[wi ]; 2) the previous reconstruc-
tion, x̂ i � 1 , is scale-space warped using the decoded scale-space
�ow �eld, gi , yielding the warped prediction,�x i ; 3) the remaining
residual,r i = x i � �x i , is encoded to a quantized latent,[vi ], and its
decoded version,̂r i , is added to the warped prediction giving the
�nal reconstruction,x̂ i = �x i + r̂ i . All of the encoder & decoder
networks are simple four layer CNNs that are trained jointly after
random initialization.

In this work, we consider these works foundational
building blocks that we aim to apply into the video com-
pression domain.

Standard Video CompressionThere is a long history of
progress for standard video compression, with codecs pro-
gressively improving over the years, from H.263 [14], to
H.264 [28] and more recently HEVC [3], so far roughly
doubling bitrate savings with each generation. The meth-
ods provide valuable strong baselines to assess the perfor-
mance of learned video compression methods, in particu-
lar [3] which remains a strong competitor to state-of-the-art
learned video models.

Learned Video CompressionAs mentioned above, recent
work on learned video compression roughly falls into three
categories, of which motion compensation via optical �ow
is most related to our work. The architecture we adopt can
be viewed as a greatly simpli�ed version of the method of
[21], which uses a pre-trained �ow estimation network [25]
combined with a �ow compression module. In contrast, we
directly learn the motion estimation module from scratch

(see `Scale Space Flow Encoder` in Figure 2) which jointly
estimates and encodes the motion from the current input
frame and previous reconstruction.

The training process of [21] happens in disjoint steps:
the I-frame model is �rst trained and then the P-frame
model, which only sees one frame at a time. To ensure the
P-frame model can handle its own outputs as inputs, recon-
structions of the P-frame model are buffered to disk during
training and fed to the model. This complicates the train-
ing process and means that the P-frame model is trained
using `stale` previous reconstructions from an older version
of the model. In contrast, we jointly train the I-frame and P-
frame models together from scratch, unrolling it over mul-
tiple frames during training, which greatly simpli�es the
training procedure.

Uncertainty estimates for optical �ow The scale parame-
ter of our proposed scale-space �ow (see Figure 1) can be
interpreted as an `uncertainty parameter` in the sense that
it is natural to use a high scale value in regions where it is
not feasible to obtain a good prediction via warping. While
prior work on supervised optical �ow studied how to in-
tegrate uncertainty into the predictions of �ow estimation
networks (see [17] for overview), such methods operate in
the supervised setting: i.e. they predict the uncertainty in
the prediction ofground truth�ow. In contrast, this work
focuses on generalizing the �ow + warping operation so that
the warped result forms a good prediction – irrespective of
the relationship between the displacement �eld and ground
truth �ow.

3. Method

3.1. Scale­space �ow

Our proposed scale-space �ow (see Figure 1 for
overview) generalizes �ow and bilinear warping to also in-
corporate Gaussian blurring.

Given an imagex with a spatial shape ofH � W and
a �ow �eld f = ( fx ; fy ), the bilinear warping ofx by f is
denoted as

x0 := Bilinear-Warp(x; f ) s.t.

x0[x; y] = x[x + fx [x; y]; y + fy [x; y]]
(1)

wherex[x; y] denotes sampling the imagex at (continu-
ous) coordinates(x; y) using bilinear interpolation. We re-
fer to the �ow channelsfx ; fy 2 RH � W as the x- and y-
displacement �elds of the �owf .

For scale-space warping, we construct a �xed-resolution
scale-space volumeX = [ x; x � G(� 0); x � G(2� 0); � � � ; x �
G(2M � 0)], wherex � G(� ) denotes the convolution ofx
with a Gaussian kernel with scale� . We use 3-D indexing
X [x; y; z] to denote a sample taken from a spatial location
(x; y) with a scale levelz.




