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Abstract

This report is about using generative adversarial networks with predictive coding networks
for future frame prediction. Model selection choices for the components of the network are
explored by training different models and testing their performance on next frame prediction
in digital video from driving scenarios. Benefits and issues of using adversarial loss for future
frame prediction as well as different choices for the model are discussed.

1 Introduction
Making short-term predictions about the future states of the world has many applications in control
and machine intelligence. Autonomous vehicles need to predict where other road users will be to
drive in a safe and efficient manner. Robots interacting with humans anticipating how the person
will react to a certain action can optimize their behaviour with respect to predicted outcomes. Also
weather forecasting, music generation, natural language processing and many other applications
are problems best constructed as sequence prediction problems.

This report is concerned with future frame prediction in digital video and the use of a state of the
art sequence prediction architecture PredNet [Lotter et al., 2015, Lotter et al., 2016], implemented
in a modern artificial neural network framework that is inspired by the Predictive Coding theory
in neuroscience [Friston and Kiebel, 2009]. Predictive Coding theory is one of many theories that
describes human perception and action control. Predictive coding is a plausible theory in the
sense that the brain has the necessary components to do all the computations needed for learning
and inference, which makes it a good source of inspiration for machine intelligence using artificial
neural networks. This work will look at improving on the PredNet architecture by using adversarial
loss. Then a comparison of the performance on future frame prediction in video sequences is done
between the network with and without adversarial loss and with different choice of parameters.

In the report there will first be a review of previous work related to Predictive Coding, future
frame prediction using artificial neural networks and generative adversarial networks. A theoretical
description of the future frame prediction problem will given. Then there will be descriptions of
the suggested changes and additions to the model, which are tested and compared against to each
other. Finally there will be a discussion followed by a conclusion.

2 Previous Work
Recently there have been a wide range of neural network techniques applied to the problem of fu-
ture frame prediction. In [Srivastava et al., 2015] long short-term memory (LSTM) units [Hochre-
iter and Schmidhuber, 1997] was used together with unsupervised learning to predict sequences.
[Mathieu et al., 2015] used generative adversarial networks (GAN) in a deep convolutional network
to generate next frame predictions. [Xue et al., 2016] described a probabilistic motion sampling
model based on variational auto-encoders [Kingma and Welling, 2013] and trained a generative
encoder-decoder network to generate a distribution of next frame predictions based on this model.
[Kalchbrenner et al., 2016] designed a probabilistic video model that encodes time, space and color
structure in a dependency chain to estimate a joint distribution of future frames in a generative
network. [Byeon et al., 2017] used a pyramidical convolutional LSTM structure that accumu-
lates activation by propagating the convolutions for each space dimension and in the forward time
dimension to the pixel to predict for each pixel. [Liang et al., 2017] separated the frame predic-
tion problem into predicting flow and then predicting motion given flow in two joint networks
trained with adversarial loss. [Villegas et al., 2017a] also separated motion and frame prediction
but processed motion in different time scales by taking difference images between non-sequent
frames. Instead of directly predicting pixels, [Villegas et al., 2017b] made a network that learned
to estimate and predict human pose and then to generate an image based on the predicted pose.

[Lotter et al., 2015, Lotter et al., 2016] took inspiration from Predictive Coding [Friston and
Kiebel, 2009] to design a neural network called PredNet for next frame prediction. Their network
uses convolutional LSTMs as recurrent state units and the difference between prediction and current
frame as error units. This is done in a hierarchical structure where errors are propagated up in
the hierarchy to higher level states and the recurrent states are propagated down to lower level
states. [Zhong et al., 2018] used PredNet along with a Multi-layer Perceptron (MLP) and trained
the networks jointly to control a robot, optimizing predicted action, using PredNet as generator.
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3 Method

3.1 Future Frame Prediction Problem
Future frame prediction is the problem to estimate the next frame, or a sequence of next frames,
given past frames. Here the focus is the problem of finding the next frame. In general the next
frame xt+1 follows an unknown distribution P that depends on all previous frames

P (xt+1|xt, xt−1, ..., x1), (1)

where x1, x2, ..., xt is a sequence of observed frames. In this setting the video sequence data are
natural video sequences, and as such it is only possible to measure one of the real future frames xt+1.
The task is to find a function that generates the prediction x̂t+1 that maximizes the probability
given previous frames as

x̂t+1 = Gθ(xt, rt) = max
xt+1

P (xt+1|xt, xt−1, ..., x1), (2)

where Gθ is a generator, here implemented as a neural network with weights θ trained to generate
predictions given the current frame xt and the current network state rt as input. The generator
will sometimes be written as G without the subscript of the weights, when the weights are not
immediately relevant. The generator G only sees one frame at a time, but can save a representation
of previous frames x1, ..., xt−1 as rt, which endows the network with the ability to encode motion.

The learning problem for the networkGθ is to vary θ to find theGθ that minimizes some distance
measure between the real data xt+1 and the generated samples x̂t+1. This distance between the
predictions and the real next frames, denoted as L(x̂t+1, xt+1), is the loss function one wishes to
minimize. Some different loss functions such as adversarial loss and L1 distance will be explored
here. The loss can also measure the distance between network states calculated from real and
predicted frames as L(x̂t+1, xt+1, r̂t+1, rt+1) or more generally the distance between a function of
the predicted and real frame L(u(x̂t+1), u(xt+1)) for transfer learning, where an example of u could
be a utility function of outcomes of actions done based on evidence x̂t+1, xt+1. The loss function is
optimized by means of some optimization algorithm based on gradient descent. The loss function
should be chosen so that the distribution converges to P as the loss function is minimized.

To predict arbitrary future frames τ steps into the futue, the predictions x̂t+1 are passed to the
network as real frames to iteratively generate one frame at a time. Given a sequence x1,...,t frames
xt+τ+1 can, generally, be generated as

x̂t+τ+1 = G(x̂t+τ , rt+τ ), where x̂t+τ = G(x̂t+τ−1, rt+τ−1) if τ > 1, (3)
x̂t+1 = G(xt, rt) if τ = 1. (4)

In this work the focus is on τ = 1.

3.2 Artificial Neural Networks
Artificial Neural Networks are systems that use a model of a neuron in a network to learn to
approximate a function from some data. The learning algorithms are referred to as training and
is done by means of some gradient descent optimization method, minimizing a loss function with
respect to the network node weights. An introduction to neural networks can be found in the deep
learning book [Goodfellow et al., 2016]. The reader is assumed to be familiar with neural networks,
but most of the report can be understood without that background knowledge.

3.3 Generative Model
The predictive coding network of [Lotter et al., 2015, Lotter et al., 2016] is used as generator
network. The network has layers arranged in a top-down hierarchal fashion, where higher layers in
the hierarchy carry more abstract representations of the frames. [Lotter et al., 2015, Lotter et al.,
2016] use the name levels for what is usually called layers in artificial neural networks. Here the
name layer will be used. The model can be seen in figure 1. In each layer there is a convolutional
prediction unit that makes a prediction x̂lt of the frame xlt in layer l in the hierarchy. The prediction
error is passed to a convolutional LSTM unit that updates its states rlt, which is passed to the
prediction unit. The frame x0t is the input image xt and the states in higher layers are calculated
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Figure 1: This figure shows the states and model elements in layer l of the PredNet model. These
layers are stacked in a hierarchal structure, where xt0 is the input image and x̂t0 is the predicted
image. At higher layers xtl is a more abstract spatial representation of the image dynamics. rtl
are recurrent representations of the state of the model, represented as the recurrent state of the
ConvLSTM unit. etl is the prediction error produced by subtracting the input and the prediction
and separating it into two population, one for negative errors and one for positive errors. The
exact update equations are listed in (5).

in a convolutional layer that takes the error el−1
t of the lower layer as input. The update rules are

the same as in [Lotter et al., 2016] and are listed in (5).

xlt =

{
xt, if l < 0

MaxPool(ReLU(Conv(el−1
t ))), l > 0

(5a)

x̂lt = ReLU(Conv(rlt)) (5b)

elt = [ReLU(xlt − x̂lt),ReLU(x̂lt − xlt)] (5c)

rlt = ConvLSTM(elt−1, r
l
t−1,Upsample(rl+1

t )) (5d)

3.4 GAN - Generative Adversarial Network
To train the network the loss function must first be defined. Training a generative model using
mean squared error or mean absolute error as loss leads to blurry looking results [Lotter et al., 2016].
A way to combat this is to use adversial loss in a generative adversarial model, GAN [Goodfellow
et al., 2014]. The idea behind GAN is to use two adversely trained neural network models, one
that generates fake samples, called generator G, and one that distinguishes fake samples from real
samples, called critic D. The goal is to train G to generate samples close to the real samples and
using the ability of D to distinguish between the fake and real samples in a loss function of the
form

LD = L(D(x), D(x̂)), (6)

instead of using per-pixel mean squared or mean absolute error. The critic D is incorporated into
the generator loss function in such a way that minimizing the critic loss makes G try to generate
samples that D cannot distinguish from real samples. At the same time the critic loss has the
adverse objective, to distinguish real samples from fake samples, in the critic loss.
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3.4.1 Related work on GAN for future frame prediction

While GAN is general in that it can be applied to any type of generative model, their typical
application is to capture distributions of image sets with no input or only class label inputs.
Future frame prediction is closely related to the class of image-to-image translation problem, in
which [Isola et al., 2017] took an approach that used GAN conditioned on input images for a wide
variety of these problems. While they make the statement that all image-to-image translation
problems can be treated the same way, they did not apply it to future frame prediction. In other
previous work GANs have been used for future frame prediction. [Liang et al., 2017] and [Jang
et al., 2018] used GAN loss to predict motion and optical flow. For the work presented in this
report GAN will be used directly as loss on the image frames (6), rather than constructing a loss
on motion. This is similar to [Mathieu et al., 2015] who used GAN conditioned on a sequence of
input images on different image scales for future frame prediction. Just like in [Isola et al., 2017]
the conditioning will be from input image to output image and the GAN loss will be combined
with L1 loss, but instead of using the normal GAN [Goodfellow et al., 2014], the improved version
of Wasserstein GAN [Arjovsky et al., 2017, Gulrajani et al., 2017] is the GAN used here. This is
because it does not have problems with mode collapse and the generator trains well even when the
critic gets ahead in training, thus making training more reliable than ordinary GAN.

3.4.2 Adversarial model

The adversarial model is described in more detail here, with its main components critic loss,
generator loss and the training algorithm. The critic loss is as follows.

LD(xt+1, x̂t+1) = E (D(xt+1))− E (D(x̂t+1)) + λgp E
(
||∇x̃t+1

D(x̃t+1)||2 − 1
)
, (7)

where xt+1 ∼ PR are real samples, x̂t+1 ∼ PG are generated samples and x̃t+1 ∈ Px̃t+1 are
uniformly sampled on the straight line between the drawn samples xt+1 and x̂t+1. D is the critic
network and λgp is a loss weight. This is the unconditioned version of the critic loss. The first two
terms are the critic losses on real and fake samples. The last term is a penalty on the gradient.
The gradient penalty checks the gradient of the critic at a point uniformly sampled between the
generated sample and the real sample and penalizes it as it diverges from 1. This is done because
the critic has to be 1-Lipschitz in order to be able to use the Kantorovich-Rubinstein duality to
obtain the form of 1-Wasserstein distance in (7), which is satisfied when the gradients are less than
1 everywhere [Arjovsky et al., 2017]. Penalizing any divergence from 1, instead of just penalizing
the gradients being less than 1, has the added benefit of preventing the vanishing gradient problem.

By minimizing (7) the critic will be trained to minimizeD(xt+1), the critic value on real samples,
and to maximize D(x̂t+1), the critic value on fake samples. The critic value can be interpreted as
scores for the samples based on how real they look. To further help the critic, it is conditioned on
the generator input frame xt by passing the real/fake sample xt+1 or x̂t+1 with xt. If the critic
would not be conditioned on input frames it could at best distinguish realistically looking frames,
while a conditioned critic can potentially also take states of object in the input frame into account.
Writing this in the loss function it becomes

LD(xt+1, x̂t+1|xt) = E (D(xt+1, xt))− E (D(x̂t+1, xt)) + λgp E(||∇x̃t+1
D(x̃t+1, xt)||2 − 1). (8)

A graph visualization of the critic training model is shown in figure 2.
The generator loss function is the following combination of the critic loss on generated samples

and L1 distance,
LG = E (D(x̂t+1)) + λL1 E (||x̂t+1 − xt+1||1) . (9)

and the corresponding conditioned loss is

LG = E (D(x̂t+1, xt)) + λL1 E (||x̂t+1 − xt+1||1) . (10)

Minimizing this loss trains the generator to have a negative critic value on the generated samples,
while maintaining low absolute pixel error. The generator training minimizes critic loss on gener-
ated samples while the critic training is trying to minimize the negative critic score on generated
samples, that is to maximize the critic score on generated samples. These adverse objectives of the
critic and generator are trained alternatingly to make the critic better at distinguishing generated
samples from real samples and to make the generator better at generating fake samples that can
fool the critic.

6



xt�1
<latexit sha1_base64="y1BBL4xto3WYjeMLVMXX/zbH43s=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyXRgh4LXjxWsB/QhrLZbtqlm03YnYgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789iPXRsTqAScJ9yM6VCIUjKKV2k/9DC+8ab9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5uVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDG/8TKgkRa7YYlGYSoIxmf1OBkJzhnJiCWVa2FsJG1FNGdqESjYEb/nlVdK6rHpXVfe+VqnX8jiKcAKncA4eXEMd7qABTWAwhmd4hTcncV6cd+dj0Vpw8plj+APn8wcPEI9V</latexit>

xt�1
<latexit sha1_base64="y1BBL4xto3WYjeMLVMXX/zbH43s=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyXRgh4LXjxWsB/QhrLZbtqlm03YnYgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789iPXRsTqAScJ9yM6VCIUjKKV2k/9DC+8ab9ccavuHGSVeDmpQI5Gv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5uVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDG/8TKgkRa7YYlGYSoIxmf1OBkJzhnJiCWVa2FsJG1FNGdqESjYEb/nlVdK6rHpXVfe+VqnX8jiKcAKncA4eXEMd7qABTWAwhmd4hTcncV6cd+dj0Vpw8plj+APn8wcPEI9V</latexit>

xt
<latexit sha1_base64="dTOGZl9eJ4iNYUAruS4/btrlFMg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeCF48V7Qe0oWy2m3bpZhN2J2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GNzO//ci1EbF6wEnC/YgOlQgFo2il+6c+9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqndZde9qlXotj6MIJ3AK5+DBFdThFhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP22wjdc=</latexit>

x̂t
<latexit sha1_base64="kKSKAG5rJ/xiZYCVmkIq4JmljdQ=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeCF48V7Ie0oWy2m3bpZhN2J2IJ/RVePCji1Z/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GNzO//ci1EbG6x0nC/YgOlQgFo2ilh96IYvY07WO/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+cFTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZl9TwZCc4ZyYgllWthbCRtRTRnajEo2BG/55VXSuqh6l1X3rlap1/I4inACp3AOHlxBHW6hAU1gEMEzvMKbo50X5935WLQWnHzmGP7A+fwBPO2QpA==</latexit>

x̃t
<latexit sha1_base64="dP/XBodGXHgctDLv/zzjiXfMBQc=">AAAB8nicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fjw4rGC/YA2lM1m0y7dZMPuRCyhP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUikMuu63s7a+sbm1Xdop7+7tHxxWjo7bRmWa8RZTUuluQA2XIuEtFCh5N9WcxoHknWB8O/M7j1wboZIHnKTcj+kwEZFgFK3U66OQIc+fpgMcVKpuzZ2DrBKvIFUo0BxUvvqhYlnME2SSGtPz3BT9nGoUTPJpuZ8ZnlI2pkPeszShMTd+Pj95Ss6tEpJIaVsJkrn6eyKnsTGTOLCdMcWRWfZm4n9eL8Poxs9FkmbIE7ZYFGWSoCKz/0koNGcoJ5ZQpoW9lbAR1ZShTalsQ/CWX14l7cuad1Vz7+vVRr2IowSncAYX4ME1NOAOmtACBgqe4RXeHHRenHfnY9G65hQzJ/AHzucP0bGRjQ==</latexit>

G
<latexit sha1_base64="Exl+CF9GduMrDdOM2mkgFCZEge4=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKepKCBz22YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8MOME/YgOJA85o8ZK9bteqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1Fx65fl6k0eRwGO4QTOwIMrqMI91KABDBCe4RXenEfnxXl3PuatK04+cwR/4Hz+AJtrjMk=</latexit>

D
<latexit sha1_base64="Ud84ggcKeezUa0OtCkdfqOfj1yQ=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKepKCHjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8MOME/YgOJA85o8ZK9bteqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1Fx65fl6k0eRwGO4QTOwIMrqMI91KABDBCe4RXenEfnxXl3PuatK04+cwR/4Hz+AJbfjMY=</latexit>

critic loss
<latexit sha1_base64="Hb4UK6Njkbd2Q43DPx4LV+8PHGI=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZm60GXBjcsK9gHtUDJppg3NJENyRyhDP8ONC0Xc+jXu/BvTdhbaeiBwOOfeJOdEqRQWff/b29jc2t7ZLe2V9w8Oj44rJ6dtqzPDeItpqU03opZLoXgLBUreTQ2nSSR5J5rczf3OEzdWaPWI05SHCR0pEQtG0Uk9ZgQKRqS2dlCp+jV/AbJOgoJUoUBzUPnqDzXLEq6QSWptL/BTDHNq3I2Sz8r9zPKUsgkd8Z6jiibchvniyzNy6ZQhibVxRyFZqL83cppYO00iN5lQHNtVby7+5/UyjG/DXKg0Q67Y8qE4kwQ1mecnQ2E4Qzl1hBbp2ZgaytC1VHYlBKuR10m7Xguua/5DvdrwizpKcA4XcAUB3EAD7qEJLWCg4Rle4c1D78V79z6WoxtesXMGf+B9/gBSfZE1</latexit>

real loss
<latexit sha1_base64="KkzDwKhAQ/yWOBrJ5tX0m9pJzrk=">AAAB8HicbVC7SgNBFL0bXzG+opY2g0GwCrux0DJgYxnBPCRZwuxkNhkyj2VmVghLvsLGQhFbP8fOv3Gy2UITDwwczjmXufdECWfG+v63V9rY3NreKe9W9vYPDo+qxycdo1JNaJsornQvwoZyJmnbMstpL9EUi4jTbjS9XfjdJ6oNU/LBzhIaCjyWLGYEWyc9uihHXBkzrNb8up8DrZOgIDUo0BpWvwYjRVJBpSUcG9MP/MSGGdaWEU7nlUFqaILJFI9p31GJBTVhli88RxdOGaFYafekRbn6eyLDwpiZiFxSYDsxq95C/M/rpza+CTMmk9RSSZYfxSlHVqHF9WjENCWWzxzBRDO3KyITrDGxrqOKKyFYPXmddBr14Kru3zdqTb+oowxncA6XEMA1NOEOWtAGAgKe4RXePO29eO/exzJa8oqZU/gD7/MHtgmQRw==</latexit>

+1
<latexit sha1_base64="qUxpX50s6bKGPtQt/aIedMFTvds=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBZBEEpiBT0WvHisYj+gDWWz3bRLN5uwOxFK6D/w4kERr/4jb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFRy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvp357SeujYjVI04S7kd0qEQoGEUrPVx4/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+aXTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPEzoZIUuWKLRWEqCcZk9jYZCM0ZyokllGlhbyVsRDVlaMMp2RC85ZdXSeuy6tWq7v1Vpe7mcRThBE7hHDy4hjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD9wYjNo=</latexit>

gradient penalty
<latexit sha1_base64="jU/Jz20nf4B/AG/Dj1bswDo3uQ8=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZmpC10W3LisYB/QDuVOJtOGZh4kmcIw9E/cuFDErX/izr8xbWehrQcCh3PuTU6OnwqutON8W5Wt7Z3dvep+7eDw6PjEPj3rqiSTlHVoIhLZ91ExwWPW0VwL1k8lw8gXrOdP7xd+b8ak4kn8pPOUeRGOYx5yitpII9seSww4izVJWYxC5yO77jScJcgmcUtShxLtkf01DBKaReYOKlCpgeuk2itQak4Fm9eGmWIp0imO2cDQGCOmvGKZfE6ujBKQMJHmmAxL9fdGgZFSeeSbyQj1RK17C/E/b5Dp8M4reJxmmsV09VCYCaITsqiBBFwyqkVuCFLJTVZCJyiRalNWzZTgrn95k3SbDfem4Tw26y2nrKMKF3AJ1+DCLbTgAdrQAQozeIZXeLMK68V6tz5WoxWr3DmHP7A+fwC3UJOk</latexit>

r
<latexit sha1_base64="Dl3DfrKj+weHGTWXwreapdD7GcU=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyqoMeAF48RzAOSJfROZpMxszPLzKwQQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVpyhpUCaXbERomuGQNy61g7VQzTCLBWtHodua3npg2XMkHO05ZmOBA8phTtE5qdiVGAnvlil/15yCrJMhJBXLUe+Wvbl/RLGHSUoHGdAI/teEEteVUsGmpmxmWIh3hgHUclZgwE07m107JmVP6JFbalbRkrv6emGBizDiJXGeCdmiWvZn4n9fJbHwTTrhMM8skXSyKM0GsIrPXSZ9rRq0YO4JUc3croUPUSK0LqORCCJZfXiXNi2pwWfXvryo1P4+jCCdwCucQwDXU4A7q0AAKj/AMr/DmKe/Fe/c+Fq0FL585hj/wPn8AepyPAA==</latexit>

�gp
<latexit sha1_base64="OjFgHx+GKUP5s8mbuO058P1Nj6w=">AAAB83icbVBNSwMxFHxbv2r9qnr0EiyCp5JVQY8FLx4r2FroLiWbzbah2WxIskJZ+je8eFDEq3/Gm//GtN2Dtg4Ehpl5vJeJlODGYvztVdbWNza3qtu1nd29/YP64VHXZLmmrEMzkeleRAwTXLKO5VawntKMpJFgj9H4duY/PjFteCYf7ESxMCVDyRNOiXVSEAgXjcmgGKrpoN7ATTwHWiV+SRpQoj2ofwVxRvOUSUsFMabvY2XDgmjLqWDTWpAbpggdkyHrOypJykxYzG+eojOnxCjJtHvSorn6e6IgqTGTNHLJlNiRWfZm4n9eP7fJTVhwqXLLJF0sSnKBbIZmBaCYa0atmDhCqObuVkRHRBNqXU01V4K//OVV0r1o+pdNfH/VaOGyjiqcwCmcgw/X0II7aEMHKCh4hld483LvxXv3PhbRilfOHMMfeJ8/UJmRzQ==</latexit>

fake loss
<latexit sha1_base64="HhqdQYdpr9iR24u3VaQerDmQIZk=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5ioWXAxjKC+ZDkCHubuWTJ7u2xuyeEkF9hY6GIrT/Hzn/jJrlCEx8MPN6bYWZelApurO9/e4WNza3tneJuaW//4PCofHzSMirTDJtMCaU7ETUoeIJNy63ATqqRykhgOxrfzv32E2rDVfJgJymGkg4THnNGrZMeYzpGIpQx/XLFr/oLkHUS5KQCORr98ldvoFgmMbFMUGO6gZ/acEq15UzgrNTLDKaUjekQu44mVKIJp4uDZ+TCKQMSK+0qsWSh/p6YUmnMREauU1I7MqveXPzP62Y2vgmnPEkziwlbLoozQawi8+/JgGtkVkwcoUxzdythI6opsy6jkgshWH15nbRq1eCq6t/XKnU/j6MIZ3AOlxDANdThDhrQBAYSnuEV3jztvXjv3seyteDlM6fwB97nD6HykDo=</latexit>

�1
<latexit sha1_base64="gErGgfFatbmz0reO+ukzv12Ou68=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBiyWxgh4LXjxWsR/QhrLZbtqlm03YnQgl9B948aCIV/+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqEScJ9yM6VCIUjKKVHi68frniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/NLp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YY3viZUEmKXLHFojCVBGMye5sMhOYM5cQSyrSwtxI2opoytOGUbAje8surpHVZ9WpV9/6qUnfzOIpwAqdwDh5cQx3uoAFNYBDCM7zCmzN2Xpx352PRWnDymWP4A+fzB98ijNw=</latexit>

D
<latexit sha1_base64="Ud84ggcKeezUa0OtCkdfqOfj1yQ=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKepKCHjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8MOME/YgOJA85o8ZK9bteqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1Fx65fl6k0eRwGO4QTOwIMrqMI91KABDBCe4RXenEfnxXl3PuatK04+cwR/4Hz+AJbfjMY=</latexit>

D
<latexit sha1_base64="Ud84ggcKeezUa0OtCkdfqOfj1yQ=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKepKCHjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqd+6wmV5rF8MOME/YgOJA85o8ZK9bteqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1Fx65fl6k0eRwGO4QTOwIMrqMI91KABDBCe4RXenEfnxXl3PuatK04+cwR/4Hz+AJbfjMY=</latexit>

random weighted average
<latexit sha1_base64="mKXEjuW4HGukz9RDbAJVYRe2nGQ=">AAACAHicbVC7TsMwFHXKq5RXgIGBxaJCYqqSMsBYiYWxSPQhtVHlODetVceObAdURV34FRYGEGLlM9j4G9w2A7QcydLROefavidMOdPG876d0tr6xuZWebuys7u3f+AeHrW1zBSFFpVcqm5INHAmoGWY4dBNFZAk5NAJxzczv/MASjMp7s0khSAhQ8FiRomx0sA9UUREMsGPwIYjAxEmNk2GMHCrXs2bA68SvyBVVKA5cL/6kaRZAsJQTrTu+V5qgpwowyiHaaWfaUgJHdu7e5YKkoAO8vkCU3xulQjHUtkjDJ6rvydykmg9SUKbTIgZ6WVvJv7n9TITXwc5E2lmQNDFQ3HGsZF41gaOmAJq+MQSQhWzf8V0RBShxnZWsSX4yyuvkna95l/WvLt6teEVdZTRKTpDF8hHV6iBblETtRBFU/SMXtGb8+S8OO/OxyJacoqZY/QHzucPu+uWbA==</latexit>

Figure 2: This figure shows a
simplified version of the critic
computational graph. The
input frame xt−1 is passed
through the generator G to
generate a prediction x̂t. x̃t
is uniformly sampled on the
line between the prediction x̂t
and the real frame xt. xt, x̂t
and x̃t are passed to the critic
along with xt−1 to get the
wasserstein loss and the gra-
dient penalty. The losses are
summed as in (8) to get the
total critic loss. The loss is
applied to every time slice of
the input and optimized with
back propagation to get the
critic weight updates. To be
more precise, xt−1 is not ac-
tually passed to the genera-
tor, but rather G generates
a prediction based on its in-
ternal states and updates its
internal states using xt after
generating a prediction. See
listing 1.

The L1 loss term is added as in [Isola et al., 2017], who found that a combination of conditioned
adversarial loss and L1 loss is best for a variety of image-to-image translation tasks. [Lotter et al.,
2016] did not use adversarial loss but they had best results using L1 loss, producing less blurry
results than L2 loss. A graph visualization of the generator training model is shown in figure 3.

3.5 Training
To train the combined model both losses (7) and (9) are minimized. This is done by alternating
between updating the generator Gθ weights θ and the critic Dw weights w using Adam steps
[Kingma and Ba, 2014]. The training is done in minibatches of size M , with ND minibatches for
every batch. ND is called the training ratio and defines how many times the critic weights are
updated for each generator update. The complete training algorithm is listed in listing 1, with a
list of parameters in table 1. First a batch of M · ND real samples are drawn and split into ND
minibatches. The critic weights are updated using these minibatches and then another minibatch
of the same size is made from a combination of samples in each of the minibatches, which is then
used to update the generator. The procedure is similar to that in [Gulrajani et al., 2017] but
without the sampling and with the conditional critic.

The samples are sequences that the generator and critic process frame by frame. For each time
step the generator is first asked to predict the current frame using its internal states, and then it
receives the real current frame which it uses to update its internal states. This way the generator
can only use the past frame to make predictions. The critic receives the current fake or real frame
along with the previous real frame. This way the prediction for the first frame in the sequence is
based off of nothing, and this has to be taken into account when updating the weights. This is
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Figure 3: This figure shows the
generator computational graph.
The generator G takes the input
frame xt−1 and makes a predic-
tion x̂t. The crtic D is evaluated
on x̂t with xt−1 to get the wasser-
stein loss and the L1 distance be-
tween xt and x̂t is calculated to get
the L1 loss. L1 loss and wasser-
stein loss are summed to get the
total generator loss. This com-
putation is applied to every time
slice of the input and optimized
using back propagation to update
the generator weights. To be more
precise, xt−1 is not actually passed
to the generator, but rather G gen-
erates a prediction based on its in-
ternal states and updates its inter-
nal states using xt after generating
a prediction. See listing 1.
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Description Symbol Default Value
Number of training iterations N 31250 (400 epochs)
Training ratio ND 5
Minibatch size M 4
Sequence length T 10
Gradient penalty weight λgp 10
L1 loss weight λL1 100
Learning rate α 0.0001
Adams momentum weight β1 0.0
Adams momentum weight β2 0.9
Time loss weights λtD , λtL1

See equation 11 and 12

Table 1: This table shows a list of parameters that are used in the training algorithm, listed in
listing 1, with their default values.

done by weighting the loss for each time step with time loss weights

λtD =

{
0, if t = 0,

1, if t > 0,
(11)

λtL1
=

{
0, if t = 0,

1/(T − 1), if t > 0,
(12)

where λtD and λtL1
are time loss weights for critic loss and L1 loss respectively.

3.6 Critic model
A visualization of the critic model is shown in figure 4. The critic uses a structure with stacked
convolutional layers followed by densely connected layers. The benefit of using convolutions is
that they use weight sharing, requiring less trainable parameters while still being able to capture
information over an area in the image. Because of the weight sharing the convolutional layers
are also translationally invariant, which is to some extent an expected property in a next frame
prediction model, while the densely connected layers are not. The total receptive field of the
convolutional layers can be calculated by tracing the filter sizes and strides of the convolution
filters backward. For the parameters used in the experiments, shown in table 2, the total receptive
field is 70x70 pixels.

layer type filter size stride
Conv2D 3x3x16 1
Conv2D 3x3x32 1
Conv2D 3x3x32 2
Flatten
Dense 128
Dense 1

Table 2: This table shows the filter sizes and stride of the convolutional layers in the critic and
the number of ouput nodes in the densely connected layers. For densely connected layers the filter
size is the number of nodes in the layer. A filter size of AxBxC represents a stack of C filters each
covering an area of AxB pixels. The number of input channels to each layer is the stack size C of
the previous layer.

3.6.1 Training Ratio

Training ratio ND is a hyperparameter in the WGAN model that defines how many critic weight
updates should be done for each generator weight update. [Gulrajani et al., 2017] use sampling,
generating new samples for each critic update. However sampling is not well suited for future frame
prediction because the problem has a one-to-one mapping between input and output in the data.
Potentially there could be variations in possible future frames, due to noise and the random nature
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Algorithm 1 Training algorithm for GAN model. The required values are hyperparameters and
are listed in table 1.
Require: number of training iterations N , training ratio ND, minibatch size M , sequence length
T , gradient penalty weight λgp, L1 loss weight λL1, learning rate α, Adams momentum weights
β1 and β2

Require: time loss weights λtD , λtL1

Require: initial generator weights θ and critic weights w
for n = 1 : N do

Draw batch {xnD,m
t }nD=1,...,ND;m=1,...,M

t=0,...,T , where xnD,m
0 is an empty frame

Draw a random number ε ∼ U [0, 1].
for nD = 1 : ND do

for m = 1 :M do
r ← 0
for t = 1 : T do

x, xprev ← xnD,m
t , xnD,m

t−1

x̂, r ← Gθ(x, r)
x̃← εx̂+ (1− ε)x
L
(m,t)
D ← Dw(x̂, xprev)−Dw(x, xprev) + λgp(||∇x̃D(x̃, xprev)||2 − 1)

end for
end for
w ← Adam(∇w 1

MT

∑M
m=1

∑T
t=1 λtDL

(m,t)
D , w, α, β1, β2)

end for
Set batch {xmt }m=1,...,M

t=0,...,T = Repartion({xnD,m
t }nD=1,...,ND;m=1,...,M

t=0,...,T )
for m = 1 :M do

r ← 0
for t = 1 : T do

x, xprev ← xmt , x
m
t−1

x̂, r ← Gθ(x, r)

L
(m,t)
G ← −λtDDw(x̂, xprev) + λtL1

λL1||x̂− x||1
end for

end for
θ ← Adam(∇θ 1

MT

∑M
m=1

∑T
t=1 L

(m,t)
G , α, β1, β2)

end for
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Concatenate
<latexit sha1_base64="iOxbfgYMJtS7PH+D1gMqNcQmi6M=">AAAB/XicbVDLSgNBEJyNrxhf6+PmZTAInsJuPOgxkIvHCOYByRJmJ7PJkNmZZaZXjEvwV7x4UMSr/+HNv3GS7EETCxqKqm66u8JEcAOe9+0U1tY3NreK26Wd3b39A/fwqGVUqilrUiWU7oTEMMElawIHwTqJZiQOBWuH4/rMb98zbbiSdzBJWBCToeQRpwSs1HdPesAewNCsrqTVmLQ17btlr+LNgVeJn5MyytHou1+9gaJpzCRQQYzp+l4CQUY0cCrYtNRLDUsIHZMh61oqScxMkM2vn+JzqwxwpLQtCXiu/p7ISGzMJA5tZ0xgZJa9mfif100hug4yLpPU/kUXi6JUYFB4FgUecM0oiIklhGpub8V0RDShYAMr2RD85ZdXSata8S8r3m21XPPyOIroFJ2hC+SjK1RDN6iBmoiiR/SMXtGb8+S8OO/Ox6K14OQzx+gPnM8fUIqVtQ==</latexit>

Conv2D
<latexit sha1_base64="lZl9zRWRvtA8jPysDo6Mz68Tc0M=">AAAB+HicbVA9SwNBEN3zM8aPnFraLAbBKtzFQstALCwjmA9IjrC32UuW7O0eu3PBeOSX2FgoYutPsfPfuEmu0MQHA4/3ZpiZFyaCG/C8b2djc2t7Z7ewV9w/ODwquccnLaNSTVmTKqF0JySGCS5ZEzgI1kk0I3EoWDsc1+d+e8K04Uo+wDRhQUyGkkecErBS3y31gD2CoVldyUn1dtZ3y17FWwCvEz8nZZSj0Xe/egNF05hJoIIY0/W9BIKMaOBUsFmxlxqWEDomQ9a1VJKYmSBbHD7DF1YZ4EhpWxLwQv09kZHYmGkc2s6YwMisenPxP6+bQnQTZFwmKTBJl4uiVGBQeJ4CHnDNKIipJYRqbm/FdEQ0oWCzKtoQ/NWX10mrWvGvKt59tVzz8jgK6Aydo0vko2tUQ3eogZqIohQ9o1f05jw5L86787Fs3XDymVP0B87nD+REkyo=</latexit>

Leaky ReLU
<latexit sha1_base64="Nu3IVx/EYMcoO2y6GaX3y9Rvumg=">AAAB/HicbVDJSgNBEO1xjXEbzdFLYxA8hZl40GPAi4ccopgFkiH0dGqSJj0L3TXiMMRf8eJBEa9+iDf/xs5y0MQHBY/3qqiq5ydSaHScb2ttfWNza7uwU9zd2z84tI+OWzpOFYcmj2WsOj7TIEUETRQooZMoYKEvoe2Pr6d++wGUFnF0j1kCXsiGkQgEZ2ikvl3qITyi5nkd2Dijd1BvTvp22ak4M9BV4i5ImSzQ6NtfvUHM0xAi5JJp3XWdBL2cKRRcwqTYSzUkjI/ZELqGRiwE7eWz4yf0zCgDGsTKVIR0pv6eyFmodRb6pjNkONLL3lT8z+umGFx5uYiSFCHi80VBKinGdJoEHQgFHGVmCONKmFspHzHFOJq8iiYEd/nlVdKqVtyLinNbLdecRRwFckJOyTlxySWpkRvSIE3CSUaeySt5s56sF+vd+pi3rlmLmRL5A+vzB6selLQ=</latexit>

Conv2D
<latexit sha1_base64="lZl9zRWRvtA8jPysDo6Mz68Tc0M=">AAAB+HicbVA9SwNBEN3zM8aPnFraLAbBKtzFQstALCwjmA9IjrC32UuW7O0eu3PBeOSX2FgoYutPsfPfuEmu0MQHA4/3ZpiZFyaCG/C8b2djc2t7Z7ewV9w/ODwquccnLaNSTVmTKqF0JySGCS5ZEzgI1kk0I3EoWDsc1+d+e8K04Uo+wDRhQUyGkkecErBS3y31gD2CoVldyUn1dtZ3y17FWwCvEz8nZZSj0Xe/egNF05hJoIIY0/W9BIKMaOBUsFmxlxqWEDomQ9a1VJKYmSBbHD7DF1YZ4EhpWxLwQv09kZHYmGkc2s6YwMisenPxP6+bQnQTZFwmKTBJl4uiVGBQeJ4CHnDNKIipJYRqbm/FdEQ0oWCzKtoQ/NWX10mrWvGvKt59tVzz8jgK6Aydo0vko2tUQ3eogZqIohQ9o1f05jw5L86787Fs3XDymVP0B87nD+REkyo=</latexit>

Leaky ReLU
<latexit sha1_base64="Nu3IVx/EYMcoO2y6GaX3y9Rvumg=">AAAB/HicbVDJSgNBEO1xjXEbzdFLYxA8hZl40GPAi4ccopgFkiH0dGqSJj0L3TXiMMRf8eJBEa9+iDf/xs5y0MQHBY/3qqiq5ydSaHScb2ttfWNza7uwU9zd2z84tI+OWzpOFYcmj2WsOj7TIEUETRQooZMoYKEvoe2Pr6d++wGUFnF0j1kCXsiGkQgEZ2ikvl3qITyi5nkd2Dijd1BvTvp22ak4M9BV4i5ImSzQ6NtfvUHM0xAi5JJp3XWdBL2cKRRcwqTYSzUkjI/ZELqGRiwE7eWz4yf0zCgDGsTKVIR0pv6eyFmodRb6pjNkONLL3lT8z+umGFx5uYiSFCHi80VBKinGdJoEHQgFHGVmCONKmFspHzHFOJq8iiYEd/nlVdKqVtyLinNbLdecRRwFckJOyTlxySWpkRvSIE3CSUaeySt5s56sF+vd+pi3rlmLmRL5A+vzB6selLQ=</latexit>

Conv2D
<latexit sha1_base64="lZl9zRWRvtA8jPysDo6Mz68Tc0M=">AAAB+HicbVA9SwNBEN3zM8aPnFraLAbBKtzFQstALCwjmA9IjrC32UuW7O0eu3PBeOSX2FgoYutPsfPfuEmu0MQHA4/3ZpiZFyaCG/C8b2djc2t7Z7ewV9w/ODwquccnLaNSTVmTKqF0JySGCS5ZEzgI1kk0I3EoWDsc1+d+e8K04Uo+wDRhQUyGkkecErBS3y31gD2CoVldyUn1dtZ3y17FWwCvEz8nZZSj0Xe/egNF05hJoIIY0/W9BIKMaOBUsFmxlxqWEDomQ9a1VJKYmSBbHD7DF1YZ4EhpWxLwQv09kZHYmGkc2s6YwMisenPxP6+bQnQTZFwmKTBJl4uiVGBQeJ4CHnDNKIipJYRqbm/FdEQ0oWCzKtoQ/NWX10mrWvGvKt59tVzz8jgK6Aydo0vko2tUQ3eogZqIohQ9o1f05jw5L86787Fs3XDymVP0B87nD+REkyo=</latexit>

Leaky ReLU
<latexit sha1_base64="Nu3IVx/EYMcoO2y6GaX3y9Rvumg=">AAAB/HicbVDJSgNBEO1xjXEbzdFLYxA8hZl40GPAi4ccopgFkiH0dGqSJj0L3TXiMMRf8eJBEa9+iDf/xs5y0MQHBY/3qqiq5ydSaHScb2ttfWNza7uwU9zd2z84tI+OWzpOFYcmj2WsOj7TIEUETRQooZMoYKEvoe2Pr6d++wGUFnF0j1kCXsiGkQgEZ2ikvl3qITyi5nkd2Dijd1BvTvp22ak4M9BV4i5ImSzQ6NtfvUHM0xAi5JJp3XWdBL2cKRRcwqTYSzUkjI/ZELqGRiwE7eWz4yf0zCgDGsTKVIR0pv6eyFmodRb6pjNkONLL3lT8z+umGFx5uYiSFCHi80VBKinGdJoEHQgFHGVmCONKmFspHzHFOJq8iiYEd/nlVdKqVtyLinNbLdecRRwFckJOyTlxySWpkRvSIE3CSUaeySt5s56sF+vd+pi3rlmLmRL5A+vzB6selLQ=</latexit>

Flatten
<latexit sha1_base64="cwlDZ27KwPGJWHXB4TPOUVwxVuk=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBbBU0nqQY8FQTxWsB/QhrLZTtulm03YnRRL6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPzwkQKg5737RQ2Nre2d4q7pb39g8Mj9/ikaeJUc2jwWMa6HTIDUihooEAJ7UQDi0IJrXB8O/dbE9BGxOoRpwkEERsqMRCcoZV6rttFeELDszvJEEHNem7Zq3gL0HXi56RMctR77le3H/M0AoVcMmM6vpdgkDGNgkuYlbqpgYTxMRtCx1LFIjBBtrh8Ri+s0qeDWNtSSBfq74mMRcZMo9B2RgxHZtWbi/95nRQHN0EmVJLap/hy0SCVFGM6j4H2hQaOcmoJ41rYWykfMc042rBKNgR/9eV10qxW/KuK91At17w8jiI5I+fkkvjkmtTIPamTBuFkQp7JK3lzMufFeXc+lq0FJ585JX/gfP4ANjeT9g==</latexit>

Leaky ReLU
<latexit sha1_base64="Nu3IVx/EYMcoO2y6GaX3y9Rvumg=">AAAB/HicbVDJSgNBEO1xjXEbzdFLYxA8hZl40GPAi4ccopgFkiH0dGqSJj0L3TXiMMRf8eJBEa9+iDf/xs5y0MQHBY/3qqiq5ydSaHScb2ttfWNza7uwU9zd2z84tI+OWzpOFYcmj2WsOj7TIEUETRQooZMoYKEvoe2Pr6d++wGUFnF0j1kCXsiGkQgEZ2ikvl3qITyi5nkd2Dijd1BvTvp22ak4M9BV4i5ImSzQ6NtfvUHM0xAi5JJp3XWdBL2cKRRcwqTYSzUkjI/ZELqGRiwE7eWz4yf0zCgDGsTKVIR0pv6eyFmodRb6pjNkONLL3lT8z+umGFx5uYiSFCHi80VBKinGdJoEHQgFHGVmCONKmFspHzHFOJq8iiYEd/nlVdKqVtyLinNbLdecRRwFckJOyTlxySWpkRvSIE3CSUaeySt5s56sF+vd+pi3rlmLmRL5A+vzB6selLQ=</latexit>

Dense
<latexit sha1_base64="tZPF4g/V4Me7q7pKHjqx2/5iQRQ=">AAAB9XicbVA9SwNBEN3zM8avqKXNYhCswl0stAxoYRnBfEByhr3NXLJkb+/YnVPDkf9hY6GIrf/Fzn/jJrlCEx8MPN6bYWZekEhh0HW/nZXVtfWNzcJWcXtnd2+/dHDYNHGqOTR4LGPdDpgBKRQ0UKCEdqKBRYGEVjC6mvqtB9BGxOoOxwn4ERsoEQrO0Er3XYQnNDy7BmVg0iuV3Yo7A10mXk7KJEe9V/rq9mOeRqCQS2ZMx3MT9DOmUXAJk2I3NZAwPmID6FiqWATGz2ZXT+ipVfo0jLUthXSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPQzoZIUQfH5ojCVFGM6jYD2hQaOcmwJ41rYWykfMs042qCKNgRv8eVl0qxWvPOKe1st19w8jgI5JifkjHjkgtTIDamTBuFEk2fySt6cR+fFeXc+5q0rTj5zRP7A+fwBFimS0g==</latexit>

Dense
<latexit sha1_base64="tZPF4g/V4Me7q7pKHjqx2/5iQRQ=">AAAB9XicbVA9SwNBEN3zM8avqKXNYhCswl0stAxoYRnBfEByhr3NXLJkb+/YnVPDkf9hY6GIrf/Fzn/jJrlCEx8MPN6bYWZekEhh0HW/nZXVtfWNzcJWcXtnd2+/dHDYNHGqOTR4LGPdDpgBKRQ0UKCEdqKBRYGEVjC6mvqtB9BGxOoOxwn4ERsoEQrO0Er3XYQnNDy7BmVg0iuV3Yo7A10mXk7KJEe9V/rq9mOeRqCQS2ZMx3MT9DOmUXAJk2I3NZAwPmID6FiqWATGz2ZXT+ipVfo0jLUthXSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPQzoZIUQfH5ojCVFGM6jYD2hQaOcmwJ41rYWykfMs042qCKNgRv8eVl0qxWvPOKe1st19w8jgI5JifkjHjkgtTIDamTBuFEk2fySt6cR+fFeXc+5q0rTj5zRP7A+fwBFimS0g==</latexit>

D(xt, xt�1)
<latexit sha1_base64="Es5kIog8BOcNubN07utLwhoVVU0=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEIFbQkKuixoAePFewHtCFsttt26WYTdifSGvpLvHhQxKs/xZv/xm2bg7Y+GHi8N8PMvCAWXIPjfFu5ldW19Y38ZmFre2e3aO/tN3SUKMrqNBKRagVEM8ElqwMHwVqxYiQMBGsGw5up33xkSvNIPsA4Zl5I+pL3OCVgJN8u3pZHPpzikZ/CmTs58e2SU3FmwMvEzUgJZaj59lenG9EkZBKoIFq3XScGLyUKOBVsUugkmsWEDkmftQ2VJGTaS2eHT/CxUbq4FylTEvBM/T2RklDrcRiYzpDAQC96U/E/r51A79pLuYwTYJLOF/USgSHC0xRwlytGQYwNIVRxcyumA6IIBZNVwYTgLr68TBrnFfei4txflqpOFkceHaIjVEYuukJVdIdqqI4oStAzekVv1pP1Yr1bH/PWnJXNHKA/sD5/ABFukf4=</latexit>

Figure 4: This is a visualiza-
tion of the layers in the critic
model. Predictions x̂t or real
samples xt are concatenated with
the previous frame xt−1 and then
passed through convolutional lay-
ers with Leaky ReLU as activa-
tion function. This is followed
by flattening the samples to the
shape [nbatch, T, npixels · nchannels],
a densely connected layer with
Leaky ReLU activation and an-
other densely connected layer. De-
tails about filter parameters can be
seen in table 2.
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Category
Set City Residential Road Total
Training 820 2790 556 4166
Validation 11 0 0 11
Testing 16 48 30 94

Table 3: This table shows the dataset split for the Kitti dataset when using sequences of length
10.

of the observed dynamics, but it is still only possible to observe one of the possible future frames.
Sampling could possibly model the differences in scene dynamics, but with only one possible output
frame to calculate the loss on, it could easily lead to the model just ignoring the latent input [Isola
et al., 2017].

To still be able to vary the number of times the critic is updated per generator update, the
batches are divided into minibatches, with the number of minibatches being ND. Then each
critic update uses one of the minibatches and the generator update uses a mixed partition of the
minibatches of the same size as a minibatch, as described in algorithm 1. The relation between the
number of times the critic is updated per generator update is not what matters here, but rather
the amount of data used to update the critic and generator. The critic could almost equivalently
be updated with one batch and ND times larger learning rate because sampling is not used. Either
way the reason for having the training ratio is to give the critic an advantage in training.

There is one drawback with this method and that is that the generator can only be trained
on 1/ND part of the training dataset, which can be a big problem depending on how much data
is available. The effect of using the learning rate suggested in [Gulrajani et al., 2017] ND = 5 is
compared to using ND = 1 in the experiments. It would be interesting to try other learning rates
but that will be left to future work, and instead the effect of using scheduled optimization (that is
having many critic updates for each generator update) as opposed to alternating optimization.

4 Experiments

4.1 Datasets
In the experiments the Kitti dataset [Geiger et al., 2013] is used for training and the Caltech
Pedestrians datasets [Dollár et al., 2009] is used for evaluation. Kitti contains 6 hours of recordings
from driving in Germany with a camera on the car roof. The recordings are from diverse driving
scenarios in urban, suburban and rural environments. This dataset is split into a training set,
validation set and testing set. The number of samples in each set is listed in table 3. The
results on this testing set can be compared to the results on Caltech Pedestrians to evaluate the
generalization performance when testing on a new dataset. Caltech Pedestrians contains 10 hours
of recording, with a camera mounted in the dashcam location, driving around Los Angeles. All
video sequences are split into sample sequences with 10 frames in each sequence and frame rate 10
Hz. Each frame is an image of size 128x160 pixels in RGB format.

4.2 Tests
The generator model is trained on the Kitti dataset to generate next frame predictions, with five
different loss settings. The main setting is that of using a combination of conditional adversarial
loss and L1 loss as in (10) with λL1 = 100 as suggested in [Isola et al., 2017]. A baseline model with
only L1 loss is trained as a comparison. To see the effect of conditioning in the critic a model with
no conditioning is trained with loss as in (9). A model with only adversarial loss is also trained to
be able to see the effects of the L1 term.

4.3 Evaluation Method
The best way to evaluate generative models is not always clear. In this setting there is a target frame
to compare against using some metric. The metrics could be Structural Similarity Index Measure
(SSIM), mean average error, mean squared error or some other per pixel metrics. These metrics
have the benefit that they reward per pixel accuracy. Future frame prediction is a probabilistic
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problem and the error metric should measure the difference in distribution between the generator
and the real distribution, but because there is only one target in the data for each frame, any error
metric can at best take into account the mean of the distribution. Another drawback of these
metrics is that they reward blurry predictions because blurry images have a lower average error
for misaligned images.

Another metric that can be used is to let humans evaluate if the predictions look real. Blurry
images would be punished by this and humans can to some extent imagine if a frame can realistically
be the frame following the previous frame. Exact alignment and high per pixel accuracy is more
difficult for a human to critique. Another problem with human evaluation is the binary nature of
the answer to the question of whether the samples look real or not, maybe resulting in that all
fake samples are evaluated as fake. One approach to human evaluation can be found in [Villegas
et al., 2017b] where human evaluation was used to compare between samples generated by different
models, giving them a way to compare the quality of the different methods.

Evaluation is also application specific. If the goal is to use the generative model in a sensor
function in an autonomous vehicle, then per pixel accuracy may be more important than how real
the sample looks to a human, because it represents geometrically accurate information. On the
other hand if the goal is to generate fake videos for social media, then human evaluation is maybe
more appropriate. In this article per pixel metrics will be used, but the reader should keep the
issues with these metrics in mind.

To see the performance of the critic it has to be looked at in terms of its performance during
training, as that is when it is used, and it also has to be looked at in the light of how the generator
is performing, because the generator trains better when the critic can provide it with a meaningful
loss. The critic loss, the generator loss and the classification accuracy are important metrics, and
the development of these metrics during training can be useful in determining if the generator is
learning something from the critic. An ideal critic trains the generator to be an ideal generator, if
the design of the generator allows it, which means that it can generate samples indistinguishable
from real samples. Because the samples become indistinguishable, the critic accuracy goes to 0.5.
At the same time, if a critic does not learn anything and always makes the same distinction between
samples, then the critic accuracy would also be 0.5, but the critic performance would be very bad.

In normal GANs the loss is the classification accuracy of a discriminator, making it easy to
interpret. For WGAN there is no way to directly measure the classification accuracy of the critic.
One might be tempted to count the sign of the Wasserstein loss, counting negative loss for a real
sample and positive loss for a fake sample as a correct classification, but this is not a correct inter-
pretation. It is true that minimizing the critic loss encourages the critic to give a low wasserstein
value for real samples and a high wasserstein value for fake samples, but the critic value can have
an arbitrary translation built into it. In the critic loss function (8) this translation cancels because

E (D(xt+1, xt) + C)− E (D(x̂t+1, xt) + C) = E (D(xt+1, xt))− E (D(x̂t+1, xt)) . (13)

Because of this cancellation the sum E (D(xt+1, xt)) − E (D(x̂t+1, xt)) can be interpreted as the
performance of the critic. When this value is zero, it must be that wasserstein loss is same for real
and fake samples, implying that the critic makes no distinction between the samples. Likewise,
when this value is negative, the critic succesfully makes some distinction between real and fake
samples. The value should not be positive but could become by chance. In practice the full critic
loss, including the gradient penalty term, can be used equivalently, because the gradient penalty
should be small compared to the wasserstein loss. If the gradient penalty term grows large, there
are problems with either exploding or vanishing gradients.

The critic is a binary classifier with an unknown classification threshold. A useful way to
analyze binary classifiers with unknown thresholds is a Receiver Operating Characteristics (ROC)
curve. In a ROC curve the true positive rate (tpr) is plotted against the false positive rate (fpr) for
different classification thresholds. True positive rate is the rate of correctly classified real samples
and false positive rate is the rate of incorrectly classified fake samples.

5 Results
In this section the performance of the different models will be presented in terms of the evaluation
metrics on the testing dataset. Additionaly the performance of the models during training, on the
validation split of the training dataset, is presented.

13



epoch mean absolute error critic wasserstein loss
25 0.03181 -6.5055
50 0.02600 -7.8402
75 0.02416 -7.6461
100 0.02276 -7.7055
125 0.02311 -5.9373
150 0.02213 -6.3951
175 0.02100 -7.9216
200 0.02043 -7.4577
225 0.02021 -7.0891
250 0.01945 -7.8119
275 0.01974 -7.3401
300 0.01877 -7.4514
325 0.01856 -3.4960
350 0.01799 -6.5167
375 0.01811 -6.9934
400 0.01757 -7.9941

Table 4: This table shows the validation loss after every 25th epoch in terms of mean absolute
error and wasserstein loss for the critic.

5.1 Supplementary Material
Supplementary material of full resolution animated samples and code for the project can be found
at https://bitbucket.org/MagnusWallgren/exjobb/src/master/.

5.2 Training
The purpose of GAN is to be used during training. Here different parameters in the model are
looked at in terms of training performance. The parameters are number of epochs in training,
training ratio ND and loss function. The parameter space is large in terms of how much time it
would take to train enough models to explore the whole parameter space. Instead a standard model
is used and each parameter is varied one-by-one to explore how the training behavior changes with
different parameter changes.

5.2.1 Increasing Training Time

Increasing the training time can lead to increased performance because the weights are updated for
more iterations, but it can also lead to decreased performance because of overtraining. Overtraining
means that the model is trained to have a low loss on training data but does not generalize well to
other data. To investigate the robustness against overtraining two models with conditional WGAN
and L1 loss and ND = 5 were trained for 250 and 400 epochs respectively. Critic and generator
validation losses are shown in figure 5 and listed in table 4 for the model trained for 400 epochs.
Table 5 lists the evaluation metrics on the test dataset for both models.

The validation mean absolute error decreases for the whole training duration for the 400 epoch
model, which suggests that there is no overtraining in the generator. The performance on the test
set is better for the model trained for 250 epochs, which does not agree well with the consistent
decrease in validation loss for the model trained for 400 epochs. This may be due to variation in
weight initialization leading to the 250 epoch model finding a better minimum than the 400 epoch
model. Seeing that variations such as weight initialization makes a bigger difference than increasing
training time from 250 to 400 epochs, it can safely be said that the increased performance from
training more than 250 epochs is not large. There is a trade-off between performane and training
time and training the model for 250 epochs already takes 28 hours on two GPUs. How long
the training time should be depends on the application. For models that need to be fine-tuned,
going over 250 epochs may be important but otherwise it does not seem useful. Even training
two different models and choosing the one with lower test error could be a better approach than
training for more than 250 epochs. Even better could be to train an ensemble network, which is a
weighted sum of models that are trained jointly.
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Figure 5: This figure shows the generator and critic validation loss during training, at the end of
each epoch for 400 epochs, as means over batches of validation samples. The generator losses (top)
are given as the terms in the generator loss in (10). In the top left figure wass is the Wasserstein
loss on generated samples and mae is L1 loss, including the loss weight λL1 = 100. In the top right
figure the L1 loss is shown without the scaling weight λL1. The critic loss (bottom left and bottom
right) is given as the terms in the critic loss in (8), including the loss weights. real-fake is the
difference between the Wasserstein loss on fake and real samples D(x)−D(x̂), gp is the gradient
penalty and total is the total critic loss. real and fake are critic values on real and fake samples,
D(x) and −D(x̂), respectively.

Loss Parameters Pedestrians Kitti
epochs ND SSIM MSE MAE SSIM MSE MAE

CWGAN + L1 250 5 0.9028 0.003939 0.03311 0.8580 0.004431 0.03497
CWGAN + L1 400 5 0.8788 0.004828 0.03709 0.8188 0.005753 0.04054
L1 250 5 0.9257 0.002954 0.02607 0.8946 0.003302 0.02816
CWGAN 250 5 0.7535 0.01136 0.06011 0.6664 0.01492 0.06937
WGAN + L1 250 1 0.8861 0.004394 0.03409 0.7844 0.006875 0.04411
CWGAN + L1 250 1 0.9018 0.003879 0.03388 0.8510 0.004745 0.03688
Previous Frame 0.8581 0.006969 0.03474 0.6965 0.01435 0.05912

Table 5: This table shows performance of generators trained with different losses as means over
about 1000 samples. CWGAN is short for Conditional WGAN and WGAN is WGAN without
conditioning. SSIM is Structural Similarity Index Measure, MSE is Mean Square Error and MAE
is Mean Absolute Error. All models use training ratio ND = 5 except for the model in the bottom
row and all models are trained for 250 epochs except for the model in the second row. The model
with only L1 loss performs best on all metrics and the model with only WGAN loss performs worst.
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Figure 6: This figure shows ROC curves for two different critics. The true positive rates and
false positive rates are evaluated on about 1000 samples at the end of training. The left plot shows
ROC for a critic trained without conditining and the right plot shows ROC for a critic trained with
conditioning. The critic without conditioning is clearly better than the critic with conditioning,
with higher tpr and lower fpr for most thresholds. Both models use training ratio 1 and are trained
for 250 epochs.

5.3 Testing
5.3.1 Weighting of Critic

In the figure it can be seen that the L1 term in the generator loss is outweighed by the critic loss,
even though the L1 term is weighted by λL1 = 100. This is expected to happen because, even with
the loss weight, the L1 loss is small. The maximum possible distance between two pixels is 1 with
pixels value in the range [0, 1] or 100 if including the loss weight. On the other hand the critic
loss can be arbitrarily large, because of the canceled translation and in the figure it varies between
-30 and 5. The L1 loss decreases with increasing epoch, indicating that the generator learns to
minimize the pixel distance well.

In the critic loss the total loss varies in the range [−14,−4] for the first 25 epochs and then
stabilizes to the range [−8,−5] for the rest of the training. The important thing to note here is
that the total loss is always negative. This means that the critic outperforms the generator, in that
it is able to distinguish between real and fake samples better than guessing. From the 25th epoch
the total critic loss only has small variations and can neither be said to be increasing or decreasing.
This could be because the critic and generator have converged and the generator is unable to learn
anything more from the critic, because of some limit in the design or training. This does not seem
to be the case because the generator L1 loss keeps decreasing. Another possibility is that the critic
and generator are learning at the same rate and that neither of them have converged, but the critic
stays ahead of the generator. The gradient penalty in the critic is small, indicating that there is
no problem with vanishing or exploding gradients.

5.3.2 Conditioning the Critic

To see the effect of conditioning the critic on the previous frame two models are trained, one where
the critic is conditioned on the input frame using the loss function in (8), and one where the critic
is not conditioned on the input frame using the loss function in (7). The ROC curve of the critics
are shown in figure 6 and the area under the curves are listed in table 6.

The area under the ROC curve is larger for the critic without conditioning and from the shape
of the ROC curves it is apparent that the critic without conditioning consistently has higher
true positive rate and lower false positive rate for different classification thresholds. The critic
performance should always be looked at in relation to the generator performance because a better
generator makes distinguishing between samples more difficult for the critic. The performance of
the generators is better for the conditioned model in terms of per pixel error as can be seen in table
5. The question then is if the better critic performance of the model without conditioning has any
benefit that is not measured in per pixel error. Looking at the the samples in the supplementary
material it seems that the critic without conditioning produces samples that are sharper but contain
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ROC curve area
Loss ND Pedestrians Kitti
CWGAN + L1 5 0.6684 0.7462
CWGAN 5 0.6052 0.6402
WGAN + L1 1 0.6808 0.6772
CWGAN + L1 1 0.5740 0.5885

Table 6: This table lists the area under the Receiver Operating Characteristics (ROC) curve for
some different critics. Here CWGAN stands for Conditional WGAN and WGAN is WGAN without
conditioning. ND is the training ratio. ROC curve plots can be seen in figures 6, 7 and 8

Figure 7: This figure shows ROC curves for two different critics. The true positive rates and false
positive rates are evaluated on about 1000 samples at the end of training. The left plot shows ROC
for a critic trained with training ratio ND = 5 and the right plot shows ROC for a critic trained
with ND = 1. Both critics are conditional.

some visual artifacts, such as flickering colors in parts with large amounts of motion.

5.3.3 Training Ratio

To see the effect of using different training ratios ND two models are trained, one with ND = 1
and one with ND = 5. Their ROC curves are shown in figure 7 and the corresponding area under
the curves are listed in table 6. The performance of the generators for each of the models are listed
in 5. The generator performance of the model trained with ND = 5 is consistently better than the
model with ND = 1. The critic trained with training ratio ND = 5 has better critic performance as
can be seen in the ROC curve. The critic being better for higher training ratio is what is expected,
since a higher training ratio is meant to give the critic an advantage in training. There is no clear
difference in the visual quality of the output sequences in the supplementary material.

5.3.4 Combining GAN and L1 Loss

GAN loss and L1 loss can be combined arbitrarily or used individually, leaving three different
combinations, only GAN loss, only L1 loss or GAN and L1 loss combined. Here one each of
these models are trained, with the GAN models being trained with training ratio 5 and using
conditioning. The combined model weights the L1 loss term with λL1 = 100 as in (8). This may
seem like a large loss weight, but the L1 loss is small and the critic can be scaled in training to
suppress the L1 loss. This weight is the same as suggested in [Isola et al., 2017], in which they use
the classic GAN architecture, while here it is used with WGAN.

The generator performance in evaluation is listed in table 5. The ROC curves of the critics are
shown in figure 8 and the area under the curves are listed in table 6. The generator performance
is best for only L1 loss and worst for only WGAN loss, notably it is worse than using the previous
frame as prediction. For the models that use GAN, the model that uses the combined loss has a
higher true positive rate and the GAN only model has lower false positive rate for their respective
optimal threshold. The area under the ROC curve is larger for the combined model. From this
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Figure 8: This figure shows ROC curves for two different critics. The true positive rates and false
positive rates are evaluated on about 1000 samples at the end of training. The left plot shows
ROC for a critic in a model trained with a combination of GAN and L1 loss and the right plot
shows ROC for a critic in a model trained with only GAN loss. Both critics are conditional and
use training ratio ND = 5.

it is not immediately clear if the critic is better for the combined model, but from taking into
account the poor generator performance for the GAN-only model it is expected that the GAN-
only critic should have a better performance. Therefore it seems that the combined critic has better
performance than the GAN-only critic, which is notable because the only differences between the
models lie in the generator loss function and not in the critic.

5.4 Output Sequences
Figure 9 shows sequences of generated samples with the real sequence. Table 5 shows the perfor-
mance in evaluation for the different models.

6 Discussion

6.1 Model selection
The generator model selection that has been explored in this report is the choice between L1 loss,
WGAN or a combination of the two as loss function. The critic model has the options between
using conditioning or not and what training ratio to use. For the generator it is clear that adding
WGAN to the loss makes the generator worse in terms of per pixel error. Other than that it is not
apparent if the addition of WGAN loss has the supposed benefit of generating less blurry samples.
It looks like it does have this effect on the output sequences for the model without conditioning, but
without any objective method of testing it, this conclusion cannot be drawn. It can be concluded
that using WGAN loss only, without adding L1 loss, results in low performance in terms of per pixel
error and output sequences that do not make correct predictions, even having worse performance
than using last frame as prediction.

The two best performing critics are the critic with conditional WGAN loss and training ratio
ND = 5 and the critic without conditioning and training ratio ND = 1. With higher training ratio
it is expected that the critic performs better, and comparing the conditioned critics with ND = 1
and ND = 5 shows that this is the case. Whether this results in better generator performance
cannot be answered without having some way of evaluating the performance other than per pixel
error. Seeing that ND = 5 worked better than ND = 1 for the conditioned model and that not
using conditioning led to better critic performance for the critics with training ratio ND = 1, it
would be interesting to see if ND = 5 without conditioning is the best parameter choices for the
critic.

Other than performance in terms of output error, the critics are not equally efficient in com-
putation. It is desirable to be able to reduce the long training time and in this aspect the critic
model selection matters. Conditioning the critic means that the input data is twice as large and
therefore twice as much data has to uploaded with each batch, which could have a negative impact
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Conditional WGAN + L1 loss with training ratio 5

Conditional WGAN + L1 loss with training ratio 5, 400 epochs

Unconditional WGAN + L1 loss with training ratio 5

Conditional WGAN loss with training ratio 5

L1

Conditional WGAN + L1 loss with training ratio 1

Figure 9: This figure shows generated sequences (bottom) along with real sequences (top). The
images have been downsampled. More examples with full resolution, animated examples and
side by side comparisons can be seen at https://bitbucket.org/MagnusWallgren/exjobb/src/
master/
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on efficiency [Chollet et al., 2015]. With this in mind it might be better to not use conditioning
when efficiency is important. Using L1 loss only for the generator has a much higher impact on
computational performance, because the critic does not have to be trained at all.

6.2 Limitations in Data
One problem that was presented in section 3.1 is that the future frame prediction problem is the
problem of estimating a probability density of possible future frames given past frame, but with
natural video sequences only one future frame from the distribution is available for each sequence
of past frames, and as such the generator can learn the mean of the distribution at best. A
way to combat this could be to use some way of artificially generating frames. This could be
by generating the entire sequences artificially or by using some data augmentation technique. It
would be important that the generated data actually captures the distribution if the model should
be able to be transferred to a problem on real data, but the problem to begin with is that the
distribution is unknown.

7 Conclusion
This report has explored using Wassersteing GAN with predective coding networks for future frame
prediction in digital videos. The best model, in terms of per pixel error, using adversarial loss is
the conditioned WGAN model with training ratio 5, but this model does not perform better than
just using L1 loss. Other than per pixel error, it is difficult to evaluate the quality of generated
samples without adding subjective judgement, which makes it unclear if there are other benefits
of using adversarial loss.
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