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Generating Realistic Videos from Keyframes
with Concatenated GANs

Shiping Wen, Weiwei Liu, Yin Yang, Tingwen Huang, and Zhigang Zeng

Abstract—Given two video frames X0 and Xn+1, we aim to generate a series of intermediate frames Y1, Y2, · · · , Yn, such that the
resulting video consisting of frames X0, Y1-Yn, Xn+1 appears realistic to a human watcher. Such video generation has numerous
important applications, including video compression, movie production, slow-motion filming, video surveillance, and forensic analysis.
Yet, video generation is highly challenging due to the vast search space of possible frames. Previous methods, mostly based on video
prediction and/or video interpolation, tend to generate poor-quality videos with severe motion blur. This paper proposes a novel,
end-to-end approach to video generation using generative adversarial networks (GANs). In particular, our design involves two
concatenated GANs, one capturing motions and the other generating frame details. The loss function is also carefully engineered to
include adversarial loss, gradient difference (for motion learning) and normalized product correlation loss (for frame details).
Experiments using three video datasets, namely Google Robotic Push, KTH human actions, and UCF101, demonstrate that the
proposed solution generates high-quality, realistic and sharp videos, whereas all previous solutions output noisy and blurry results.

Index Terms—video generation, GANs, concatenated GANs
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1 INTRODUCTION

W E study the problem of automatic video frame generation
from two given key frames X0 and Xn+1, which are the

first and last frames of the video clip to be generated, respectively.
The goal is to generate n frames in between X0 and Xn+1,
so that the resulting video clip correctly captures subject/object
motions, presents sharp details of the scene, and appears realistic
to the human eye. Such a technique has numerous real-world
applications. For instance, it can be applied to increase the frame
rate of a given video, which can then be converted into a slow-
motion one. Meanwhile, video frame generation can be utilized
in movie/animation production, which could supplement exist-
ing model-based computer-generated imagery (CGI) techniques.
Further, video frame generation could also be applied to alter an
existing video, which might have far-reaching effects on security
and forensics. For instance, currently surveillance videos and
dashboard camera videos are commonly used as evidence in legal
investigations. The credibility of such evidence might be com-
promised, however, if these videos can be falsified through video
frame generation, e.g., an intruder might hack into a surveillance
system, and modify parts of the video footage that record certain
actions.

Deep convolutional neural networks (ConvNets) [38] have
been successfully applied in various video analytics tasks, such
as video classification [39], and activity detection [40]. Recently,
there have been several attempts to apply ConvNets to video gener-
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ation, among which a common approach is to employ Generative
Adversarial Networks (GANs) [10]. In a nutshell, a GAN contains
both a generator network G and a discriminator network D, which
are trained simultaneously. D aims to distinguish real inputs (i.e.,
video frames in our contexts) from generated ones produced by G;
meanwhile G aims to generate realistic video frames that can fool
D. GANs have been shown to be effective in generating static
images, such as scenes [27] and human faces [25], as well as
increasing the resolution of given images [22]. For video frame
generation, however, existing approaches are insufficient for our
problem, yielding rather poor results according to our experiments,
due to inherent challenges in the problem as well as deficiencies
of previous methods, explained below.

First, there is a vast search space for possible video frames,
with no explicit constraints; yet, the actual result space is rather
restrictive, i.e., a sequence of frames that smoothly and realisti-
cally connect the given two key frames. In the video analytics
literature, in order to reduce the search space, video interpolation
is often narrowly defined as generating a single frame, given two
input frames immediately before and after it in the video (e.g.,
[41], [42]). Theoretically, one could apply this approach iteratively
to generate intermediate frames, e.g., to generate 9 frames Y1-Y9

in between two given input key frames X0 and X10, we could first
interpolate X0 and X10 to produce Y5 (the frame in the middle
of the sequence), and then continues to interpolate X0 and Y5 to
generate Y2, and so on. The problem with this approach is that
it often fails to correctly capture the motions in the video, which
can be nonlinear (e.g., a person waving hands in the KTH dataset
[43]) and complex (e.g., several objects interacting in the Google
Robotic Push dataset [5]).

Second, most existing video generation techniques are simply
not designed for our purpose, i.e., generating video between two
given key frames X0 and Xn+1. Specifically, several methods
(e.g., [4], [7], [8]) aim to predict future frames given past ones. In
other words, they extrapolate a given video rather than interpolate
key frames. Not surprisingly, the extrapolated frames from the
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input first frame X0 often do not match the given last frame
Xn+1. Other solutions generate video clips from random noise,
e.g., [1], [6]. The main motivation to have a random vector as
input is to generate a variety of results, e.g., in GAN-based static
image generation, different outputs (e.g., face images) can be
produced with different input vectors. Result variety, however, is
not a major consideration in our setting, since the intermediate
frames connecting two key frames are usually predictable from a
human perspective, especially when the given key frames are close
in time, e.g., within a second. In fact, the entropy in the random
inputs often leads to noisy outputs as we found in our experiments,
which hurts performance.

Motivated by this, we propose a novel solution for video frame
generation from input key frames, using a pair of concatenat-
ed GANs. Figure 1 illustrates the architecture of the proposed
ConvNet, which contains two generator networks, G1 and G2, as
well as two discriminator networks, D1 and D2. The outputs of
G1 feed to G2 as inputs. In particular, G1 is mainly responsible
for learning motions from training videos, whereas G2 enhances
the outputs of G1 by adding finer details. In our design, G2

follows the U-Net architecture [18], which is originally used
in image segmentation. U-net architecture, which can keep the
structure information of inputs, consists of a contracting path
which can transfer the detailed context information of inputs to
outputs. Thus U-net can help the second generator to keep the
motion information learned by the first generator. D1 and D2

provide adversarial training for G1 and G2, respectively, and
following standard ConvNet pipelines. The resulting video frames
are extracted from the outputs of G2.

Besides a novel network architecture, another major contribu-
tion of this work is the loss function when training the network.
The main idea is to view the ConvNet as both a GAN and an
autoencoder [3]. In particular, the proposed loss function incorpo-
rates both adversarial loss (i.e, the effectiveness of D1 and D2 at
distinguishing real and generated frames) and autoencoding loss,
which includes pixel-level and gradient-level differences between
the generator outputs and training inputs. Extensive experiments,
using two real datasets KTH [43], Google Robotic Push [5] and
UCF101 [52], demonstrate that the proposed solution generates
smooth and clear video clips, whereas previous approaches lead
to rather blurry ones. Meanwhile, both the concatenated GAN
structure and all components of the loss function are vital in
obtaining sharp, realisitic output videos.

The rest of the paper is organized as follows. Section 2 reviews
related work on GANs and video generation. Section 3 describes
the proposed solution. Section 4 contains an extensive set of
experiments that evaluate the proposed method both qualitatively
and quantitatively. Section 5 concludes the paper with directions
for future work.

2 RELATED WORK

GAN. Generative adversarial network (GAN) [10] is a popular
approach to generating new data that follow similar distribution
as those in the training sets. For many data generation tasks (e.g.,
face image generation [25] and visual manipulation [45]), GANs
have obtained significantly improved results compared to previous
approaches, such as variational autoencoders [19] and deep belief
networks [20]. Specifically, a GAN contains two networks, a
generator G and a discriminator D, which are trained together
(e.g., alternatively [10]). The two networks are adversaries to each

other: D aims to tell real inputs from generated ones from G,
whereas the goal of G is to maximize the error of D. The goal
of training a GAN is to converge to a Nash Equilibrium [44],
in which neither G nor D can gain by unilaterally changing its
internal parameters. Intuitively, at convergence G should be able
to generate realistic datasets, at least from D’s point of view.
Straightforward GAN models often suffer from problems such as
model collapse [26]. Hence, various improvements, e.g., DCGAN
[24], WGAN [26], WGAN-GP [27], BEGAN [25], have been
proposed to improve the convergence and performance of GANs.
Conditional-GAN [28] and info-GAN [29] add extra condition
information to the network, in order to further customize the
generative results. The proposed solution is based on the GAN
approach.

Image generation using GANs. GANs have been successfully
applied to generating samples of photo-realistic images [15]. Such
images can be created from a short text description [21], or
from a simple sketch [22]. GANs have also been utilized to
generate high-resolution images from lower-resolution ones [14],
[22]. Additional applications of GANs include image translation
[13], [16] and automatic image editing [23]. According to [46],
Facebook has been using GANs in production to generate realistic-
looking images. In these applications, it is common to build a
GAN following an autoencoder architecture (e.g., in [3], [13]);
meanwhile, in contrast to the original GAN [10], which takes ran-
dom noise as input, in these applications the inputs are often real
images in their respective problem domain (e.g., image translation
in [13] and super-resolution in [22]). The proposed solution is
inspired by these designs.

Besides 2D images, GANs have also been used to generate
3D models, e.g., from 2D inputs [33]. However, these solutions in
general are not suitable for generating video frames, which are a
sequence of images with temporal semantics, e.g., subject/object
motions. Hence, GANs for video generation (including this work)
often follow very different architectures from those for generating
static images, explained below.

Video generation. Since a video has both spatial and temporal
aspects, it is difficult to handle videos using a simple ConvNet
[30], which is known to be good at capturing spatial features but
often not temporal ones. A popular approach to video analytics is
to combine ConvNet with recurrent neural network (RNN) [32]
and its variants such as LSTM [31], which are known to capture
temporal features well. In [17], the authors combine the RNN with
restricted Boltzmann machine (RBM) [47] to predict bouncing ball
motions. Ref. [5] combines ConvNet and LSTM to predict object
movements from pixels in previous frames, and generate future
video frames accordingly. As explained in Section 1, predicting
future frames (i.e., video extrapolation) is a different problem than
ours (interpolation); thus, the method in [5] does not directly apply
to our setting.

Regarding GAN-based video generation models, Ref. [7] uses
an auto-encoding GAN to predict future frames for time-lapse
videos. In [4], future frames are predicted using gradient loss
to enhance the quality of results. Domain knowledge on the
human skeleton is exploited to help generate skeleton motion
frames in [2]. The proposed method is inspired in part by these
approaches; nevertheless, predicting future frames is an orthogonal
problem as described above. Ref. [1] generates video frames from
random noise, using two stream networks and a GAN. These
results demonstrate that it is possible to generate realistic video
frames with a convolutional GAN, without using RNN. However,
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Fig. 1. Illustration of the proposed concatenated-GAN architecture: X0 to Xn+1 denote the real video frames in the training set. X̄1 to X̄n represent
interpolated frames from X0 and Xn+1 obtained using a simple deterministic method. D1, G1 (resp. D2, G2) are the generator and discriminator of
the first (resp. second) GAN, respectively. Ȳ and Y denote the outputs of G1 and G2, whereas y1 and y2 are the outputs of D1 and D2, respectively.

as explained in Section 1, randomness in the output frames is
not a major objective in our problem setting; rather, randomized
inputs hurt performance by introducing noise in the output frames.
Inspired by reinforcement learning, some researchers predict the
future frames in Atair games based on conditioned action [3].
The objects of the game can be controlled by the actions directly.
They predict futures frames using strong supervised learning way
which is different with [4], [50] and our proposed solution. To
effectively predict the future frames using unsupervised learning
way, authors in [50] proposed to decompose videos motion and
content to generating dynamics. They also use encoder-to-decoder
architecture and convolutional LSTM as the basic model for frame
pixel prediction. And their results on UCF101 dataset [52] and
KTH dataset [43] are better than others. However the method can
not generate longer sequence frames and accurate motion. Future
frames are predicted by using hierarchical methods which model
the motion structure from inputs to predict the motions evolved
in the future [51]. They also built their model using convolution
LSTM and encoder to decoder network. However, neither method
can predict a long sequence of video frames.

3 PROPOSED SOLUTION

Section 3.1 overviews the network architecture of the proposed
method for automatic video generation. Section 3.2 focuses on
adversarial training aspects of our solution. Section 3.3 presents
the loss function. Section 3.4 provides important details in imple-
mentation and training.

3.1 Network Architecture
Recall from Section 1 that in our problem setting, the input
consists of two frames X0 and Xn+1, and the outputs are
frames Y1, · · · , Yn such that the video with n + 2 frames
X0, Y1, · · · , Yn, Xn+1 appears natural to the human eyes. To do
this, we train a ConvNet-GAN using a dataset containing similar
videos as the ones to be generated during test time. The neural
network consists of 4 components, two generators G1, G2 and
two discriminators D1, D2, as illustrated in Figure 1. The dis-
criminators follow a standard ConvNet pipeline, with convolution,
pooling, and fully-connected layers. Each discriminator outputs a
single Boolean value signifying whether or not it believes the input

is from the real dataset. Details of our specific implementation of
the discriminators are provided later in Section 3.4.

Next we focus on the generators. Figure 2 exhibits the concate-
nated generators architecture. Following common practice in GAN
design, each generator is a fully convolutional network, containing
exclusively convolution layers. There is no pooling layer in the
network; instead, we control feature map sizes using strides in
the convolution layers. Further, we use only 2D convolutions:
there is no expensive 3D convolutions or recurrent layers in
our network. Meanwhile, each generator can be viewed as an
encoder (containing down-sampling convolution layers) followed
by a decoder (up-sampling deconvolutions). The outputs of each
generator are of the same shape as the inputs, i.e., n + 2 video
frames with the same resolution as the input frames. Note that
our network design assumes the number of frames n to be
generated is known in advance. This assumption holds in many
applications, for example, in video compression and slow-motion
video generation. Generating videos with a varying number of
frames is left as future work.

The inputs of generator G1 include (i) X0 and Xn+1, which
are the given start and end frames of the video to be gener-
ated, respectively, and (ii) X̄1, X̄2, · · · , X̄n, which are derived
from X0 and Xn+1, and do not depend on the real frames
X1, X2, · · · , Xn. Frames X̄1-X̄n are created using a simple, de-
terministic interpolation method. However, the linear interpolation
is a simple way to expand the number of inputs. In our imple-
mentation, we obtain them with pixel-wise linear interpolation of
X0 and Xn+1. Since we use only 2D convolutions, each frame
is treated simply as three color channels (red, green and blue).
Hence, in total the input to a generator has 3× (n+ 2) channels.
Note that in our design, there is no randomness in the inputs;
hence, the outputs are deterministic given the input key frames
X0 and Xn+1 and network parameters.

Generator G1 outputs frames Ȳ1, · · · , Ȳn, each with the same
resolution as the input key frames X0 and Xn+1. During training,
these frames are compared to the real frames from the input video
X1, · · · , Xn for autoencoder training (detailed in Section 3.3.
Meanwhile, Ȳ1-Ȳn are also fed to discriminator D1 as inputs for
adversarial training (explained in Section 3.2).

Generator G2 takes as input the outputs of G1, i.e., frames Ȳ1-
Ȳn. It outputs frames Y1, Y2, · · · , Yn, with the same resolution as
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Fig. 2. Illustration of concatenated generators architecture. Generator G1 is shown on the left, whose output feeds into generator G2 on the
right. Yellow rectangles represent feature maps with different sizes. conv and dconv indicate the convolution and transpose convolution layers,
respectively, and the numbers (e.g., 64*64) are the size of features. There is no pooling layer in the network; instead, we control the feature map
sizes through strides in the convolution layers. The blue rectangle on the left represents motion information, and we set it as a action-constrain
to guide the network to learn the motion information. Generator G2 is based on the U-net architecture, where the orange arrows are the cross
connections. We concatenate different feature maps as new features.

the input frames X0 and Xn+1. Similar to G1, to train G2, Y1-
Yn are compared to true frames X1-Xn, and fed to discriminator
D2 for adversarial training. The main difference between G1 and
G2 is that the latter follows the U-Net architecture [18], with
cross-connections between layers of the same frame resolution,
e.g., the first layer is fed to the last layer as input, as shown in
Figure 2. The U-Net is known to be able to add fine details to
coarse-grained results, e.g., in image segmentation tasks. The U-
net architecture is known to be used in segmentation tasks and
pix-to-pix tasks because it consists of a contracting path which
can transfer the detailed context information of inputs to outputs.
In our experiment, U-net can help the second generator to keep
the detailed information such as the motion information learned
by the first generator. By the way, the motion distribution does
not exist in inputs frames of first generator, so we design the
first generator using the auto-encoder architecture to learning the
motion distribution without U-net. We use the U-Net for exactly
this purpose, i.e., refining the output frames with details.

Discussion. In our network architecture we made several
design choices that are important for performance. First and most
importantly, we use two GANs instead of one. Intuitively, the first
GAN learns motions using a normal autoencoder pipeline, where-
as the second learns frame details with U-Net. If we were to use
one GAN only, we would have to choose between frame details
(for which a U-Net helps significantly) and motions (for which U-
Net hurts performance). This is confirmed in our experiments, as
results obtained with two GANs are noticeably better than those
from a single GAN. Second, we use only 2D convolutions, without
recurrent layers or 3D convolutions, which are computationally
expensive. We empirically found that for generating short video
sequences (e.g., less than a second), 2D convolutions are sufficient;
for very long sequences, the results are rather poor either way,
due to the difficulty to learn and generate long and complex
motions. Lastly, the generators in the GANs are also trained as
autoencoders, which is detailed in the following subsections.

3.2 Adversarial Training

A GAN is essentially a zero-sum game between a pair of genera-
tor/discriminator neural networks, where the discriminator aims to

minimize classification error of real and generated inputs, whereas
the generator aims to maximize the discriminator’s error. There-
fore, we include in the generator’s loss function the following term
for adversarial loss:

Ladv =EX∼Pdata
(log(D(X))

+ EX̄∼Pdata
(log(1−D(G(X̄))). (1)

In our neural network architecture, there are two pairs of
generators/discriminators, namely G1/D1 and G2/D2. Each pair
of networks are trained with the above loss independently. Observe
that neither generators G1 or G2 has access to the real frames
X1, · · · , Xn in the training set from their respective inputs.
Instead, information on these real frames are back propagated
through the adversarial losses given by their respective discrim-
inators. The generators also obtain information on the real frames
through auto-encoder training, elaborated in the next subsection.
Adversarial training complements auto-encoder training, because
the latter focuses on pixel- and gradient- level matches between
the real and generated frames, where as adversarial training
additionally corrects the generated frames in higher level features
extracted by the discriminators’ deep neural networks.

It is worth mentioning that a naive implementation of GAN
training process is not guaranteed to converge to a Nash Equi-
librium, and the generator may collapse by always outputting the
same frames regardless of the inputs. There are various training
techniques to mitigate these issues, e.g., [48]. This is an orthogonal
topic and we omit further details for brevity.

L=λ1∗Ladv + λ2∗Lmse + λ3∗Lgdl + λ4∗Lnpcl. (2)

where λ1-λ4 are hyperparameters, whose values are given in the
next subsection.

3.3 Joint Loss Function
As explained earlier, the generators G1 and G2 in the proposed
solution also undergo autoencoder training, in which we compare
their outputs with real frames in the training set. In our design,
we compare real and generated frames in three different aspects.



1051-8215 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2018.2867934, IEEE
Transactions on Circuits and Systems for Video Technology

5

Fig. 3. Qualitative comparison in KTH dataset between our proposed solution, MCNet model [50] and MSE model [4]. The inputs for our model are
the 10th frame and the 24th frame to predict the middle frames, the first ten frames for MCNet model and MSE model to predict the next 14 frames.
The first row is the ground truth frames from the 10th frame to 22th frame. catGAN denote our proposed deep net, and catGAN + triple loss row
denotes the results come from catGAN with adversarial loss, mse loss and gdl loss. All losses include triple loss and our proposed NPCL loss. We
also made compared experiments to validate the effective of NPCL loss. Given 4 input frames from the 6th frame to 9th frame, the MCNet and the
MSE model predict next 24 frames. Given the 4th frame and the 29th frames, our methods predict the missing 24 frames between them.

Without loss of generality, here we focus on generator G1, which
outputs frames Ȳ1, · · · , Ȳn. First, we measure the mean squared
error (MSE) to estimate the difference between real frames X1-
Xn and generated ones Ȳ1-Ȳn. For each pair of frames X and Ȳ ,
the corresponding MSE loss is defined as follows:

Lmse = ||Ȳ −X||pp (3)

where p is set to 1 in our implementation 1. Intuitively, MSE
directly penalizes the mean differences of pixels in the real frames
X and generator output Y .

The MSE loss considers each frame independently, and does
not capture frame transitions. Hence, we introduce another term in
the loss function: gradient difference loss (GDL) [4]. GDL directly
penalizes the differences of image gradient predictions.

1. We have also tested other values of p empirically, and found p = 1 yields
sharper frames.

Lgdl =
∑
i,j

∣∣∣|Ȳi,j − Ȳi−1,j | − |Xi,j −Xi−1,j |
∣∣∣α

+
∣∣∣|Ȳi,j−1 − Ȳi,j | − |Xi,j−1 −Xi,j |

∣∣∣α (4)

In the above definition, α is a hyper-parameter, which is set
to 1 in our implementation. Compared to Mean Square Error loss,
GDL also ensures smooth frame transitions, and reduces motion
blur; i ∈ H, j ∈ W , where H and W are the frame’s height and
width.

Lastly, we also include in the loss function the normalized
product correlation loss function (NPCL) [36], which is a metric
commonly used in image matching. NPCL loss is defined as
follows:
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Fig. 4. Qualitative comparison in KTH dataset. We display the predictions starting from 4th frames in every 2 timesteps. Given 10 input frames, the
MCNet and the MSE model predict next 24 frames. Given the 10th frame and the 35th frames, our methods predict the missing 24 frames between
them.

R(Ȳ , X) =

∑
i,j

[Ȳi,j ∗Xi,j ]√∑
i,j
Ȳ 2
i,j ∗

∑
i,j
Xi,j

2
(5)

Lnpcl = − log(R(Ȳ , X)). (6)

The logarithmic operation converts its value range from [0,1]
to (∞, 0). WhenR is equal to 1, L is 0, and we can easily estimate
that L is convex function. Compared to MSE and GDP, NPCL is
scale-free, and resilient to white noise. Hence, it measures the
difference of real and generated frames from another perspective.

The joint loss loss function for each generator in our solution
is then the weighted sum of the above loss components, as follows.

3.4 Implementation and Training
We implement the proposed solution using Tensorflow [35], and
choose three datasets including UCF101, Google Push and KTH

dataset to valid the effectiveness of our proposed solution. The
first two dataset have more than 10000 action video clip. We
choose to generate 128*128 frames for KTH and Google Push
dataset and 240*320 resolution frames for UCF101 dataset, as
in papers [4] and [50]. The detailed dataset information will be
shown in Section 4. The generators in our solution involve 2D
convolutions/deconvolutions with RELU activation, and Instance
Norm between layers [49]. We choose Adam optimizer to optimize
our Deep Net with beta1 as 0 and beta2 as 0.99. We use the
following learning rate schedule: the initial learning rate is 0.0001,
and it decays every 4000 iterations with decay factor 0.95. One
epoch in training has more than 20000 iterations when trained on
UCF101 dataset and Google Push dataset. Learning rate decay
stops once its value is smaller than 1E-7. During training, the
discriminators were first optimized and generators next. For detail,
we first optimize discriminator1 and discriminator2 five times, and
then optimize generator1 and generator2 one time. Our deep nets
were trained in end to end way. The details of our deep net are
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Fig. 5. Qualitative comparison in UCF101 dataset. Following the MCNet [50], we choose the first 4 frames as the inputs of MCNet [50] and MSE
model [4], the 4th frame and the 19 th frame for our proposed solution. The triple losses include adversarial loss, mse loss and gdl loss. All loss
include triple losses and NPCL loss. We display the predictions starting from 4th frames in every 3 time steps.

layers encoder framework
1 Conv2d(5, 64, stride=1) ReLU
2 Conv2d(3, 128, stride=2) ReLU
3 Conv2d(3, 128, stride=1) ReLU
4 Conv2d(3, 256, stride=2) ReLU
5-6 Conv2d(3, 256, stride=1)x2 ReLU
7-8 Conv2d(3, 256, stride=1)x2 ReLU
layers decoder framework
1-2 Conv2d(3, 256, stride=1)x2 ReLU
3 Deconv2d(4, 128, stride=2) ReLU
4 Conv2d(3, 128, stride=1) ReLU
5 Deconv2d(4, 64, stride=2) ReLU
6 Conv2d(3, 64,stride=1) ReLU
7 Conv2d(3, 3, stride=1) tanh

TABLE 1
ConvNet structure for generator G1.

provided in Tables 1 and 2.
The first generator G1 also utilizes explicit motion informa-

layers details
1-2 Conv2d(3, 128, stride=1)x2 ReLU
3 Conv2d(3, 256, stride=2) ReLU
4 Conv2d(3, 256, stride=1) ReLU
5 Conv2d(1, 256, stride=2) ReLU
6 Conv2d(1, 256, stride=1) ReLU
7 Deconv2d(3, 512,stride=2) ReLU
8-9 Conv2d(3, 512, stride=1) x2 ReLU
10 Deconv2d(3, 512,stride=2) ReLU
11-12 Conv2d(3, 512, stride=1) x2 ReLU
13 Conv2d(3, 3, stride=1) tanh

TABLE 2
ConvNet structure for generator G2.

tion, if such information is available in the dataset, e.g., motion
vectors in Google Robotic Push. Such information is fed to
G1 together with the inputs. Nevertheless, the proposed solution
does not rely on such explicit motion information, and it obtains
good performance on datasets (such as KTH) without motion
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Fig. 6. The results of our methods. The first column is the ground truth. The last columns are the comparison of catGAN and single GAN model.
We also validate the function of NPCL loss. We display the predictions starting from 4th frames in every 3 time steps.

vectors, as shown in our experiments. For KTH and UCF dataset
without motion vector, we train first generator to learn the image
difference. It takes the key frames as inputs and output the image
difference map. By adding to the starting frame, we can get the
outputs Ȳ of G1 which used as the inputs of the second generator
and first discriminator. The second generatorG2 is a U-Net, which
contains cross-connections. Specifically, each convolution layer is
connected to the corresponding deconvolution layer with the same
image resolution. Both generators G1 and G2 are trained using
the improved WGAN technique.

The two discriminators D1 and D2 share the same structure,
which is a standard ConvNet pipeline, summarized in Table 3.

Hyperparameters λ1, λ2, λ3, λ4 are set to 0.001, 0.99, 1.0,
and 1.0, respectively. The number of frames to be generated is
set to n = 10 in our experiments. For the weight of NPCL loss,
we experimentally set it as 1.0 because we observed NPCL loss
is numerically similar with (slightly smaller than) the MSE loss
and GDL loss when its weight is 1.0. Meanwhile we set the other
hyperparamters inspired by [4] and [13].

layers details
1 Conv2d(5, 64, stride=2) LeakyReLU
2 Conv2d(3, 64, stride=1) LeakyReLU
3 Conv2d(3, 128, stride=2) LeakyReLU
4 Conv2d(3, 256, stride=2) LeakyReLU
5 Conv2d(3, 256, stride=2) LeakyReLU
6 Conv2d(3, 512, stride=2) LeakyReLU
7 Conv2d(3, 512, stride=1) LeakyReLU
8 fullyconnect(1)

TABLE 3
Discriminator ConvNet structure.

4 EXPERIMENTS

We evaluate the proposed solution using two datasets, described
in Section 4.1. Section 4.2 shows the experimental results in terms
of generated video frames2. Section 4.3 defines two quantitative

2. Note that since the results are video clips, their quality is not immediately
clear when shown as 2D images. Hence, we encourage the reader to view the
generated video samples in the supplementary materials.
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quality metrics PSNR and SSIM, and shows the evaluations results
on these metrics.

4.1 Datasets

The KTH dataset includes six types of actions completed by 25
people in four different scenarios. There is only one subject in each
video, and the background is fixed. We split the dataset for train
and valid. The train dataset includes the first 16 person actions
videos and the videos of the last actions for valid following [50].
Sample images in the dataset are shown in Figure 7.

Fig. 7. Samples of KTH dataset.

Google Push dataset is collected from 10 robotic arms and
their interaction sequences. It contains roughly 59,000 examples
of robot pushing motions, including one training set (train) and
two test sets of previously seen (testseen) and unseen (testnovel)
objects. The dataset includes not only the video frames but also
the corresponding gripper poses, which are stored as a vector. The
dataset has already been divided into a training set and a test set.
Sample images in the dataset are shown in Figure 8.

Fig. 8. Samples of Google Robotic Push dataset.

UCF101 is built for action recognition, which includes 13320
realistic action videos from 101 action categories, collected from
Webnet. The videos in UCF101 have largest diversity in terms of
actions and the large variations in camera motion. Therefore, it is
a better dataset to valid the effective of video prediction and video
compression.

4.2 Results

In order to expand train dataset, we split the video in train dataset
into video clips in every 48 frames and discard videos shorter than
48 frames. In KTH dataset, given 4 input frames from the 6th

frame to the 9th frame, the MCNet and the MSE model predict
next 24 frames. Given the 4th frame and the 29th frames, our
methods predict the missing 24 frames between them. For UCF

Fig. 9. Motion learning. Left: motion features extracted from generator
G1. Right: ground truth.

dataset, we use the even frames as the training data. We can get 24
even frames from the 48 frames video. And the first 4 frames are
used for MCNet and MSE model to predict the next 10 frames.
And the 4th frames and the 15th frames are used in our method
to generate the missing 10 frames. For google robotic dataset, we
extract the dataset from the ckpt files which proposed by google
and use the first frame and the 13th frame to predict the missing
12 frames.

Our experiment results are shown in Figures 9, 10, 3, 3.2, and
5. In Figure 9, we compare the motion features extracted from
generator G1 and the ground truth. Figures 3, 3.2, and 5 show
the results generated on the Google Robotic Pushing dataset and
the KTH dataset, respectively. In the experiment of hand-waving
video generation, we did not add the extra action condition to the
generator G1 in our solution, though information such as human
skeleton structure can be utilized to further enhance results.

We emphasize that since the results of our solution are video
clips, it is best to view them in the supplemetary materials,
instead of the static frames shown in the paper. Additionally,
the supplementary materials also include videos generated by
previous approaches, whose quality is noticeably worse than our
solution. More results can be found online: https://github.com/
LDOUBLEV/Results

4.3 Quantitative Evaluation
We calculate the Peak Signal to Noise Ratio (PSNR) and SSIM
to evaluate the quality of the generative frames resulting from the
tested experiments. PSNR is defined as follows:

PSNR = −10log10(
(2n − 1)

2

MSE
) (7)

where MSE is the mean square error between the ground truth X
and prediction results Y :

MSE =
1

HW

H∑
i=1

W∑
j=1

|Xi,j − Yi,j | (8)

We also use SSIM [34] to measure the image similarity from
image brightness, contrast to structure. The value of SSIM is range
from 0 to 1, and the larger value of SSIM means the results have
higher quality.

SSIM(X,Y ) =
(2µXY µY + C1)(2σXY + C2)

(µ2
X + µ2

Y + C1)(σ2
X + σ2

Y + C2)
(9)

where µX and µY denote the mean values of images X and Y ,
σX and σY denote the variances of X and Y , σXY is covariance
between X and Y , and C is a constant. In order to avoid the
case of denominator is zero, it is usually set C as the followed
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Fig. 10. The results of our methods on google push dataset. We display the predictions starting from the 2th frames in every 2 time steps.

Fig. 11. Quantitative evaluation results. We use PSNR and SSIM as the metrics of models. The large value of PSNR and SSIM means the according
model have better performance. We compare our algorithm against the MSE [4] and MCNet [50]. The detailed evaluation experiments setting can
be found in Section 4.2

form, where K1, K2, and L are equal to 0.01, 0.02, and 255
respectively:

C1 = (K1 ∗ L)
2 (10)

C2 = (K2 ∗ L)
2 (11)

We calculate the values of SSIM and PSNR, and show
them in Figure 11, from which We can easily know that N-
PCL loss can improve the quality of images, and we can get
the most satisfying results using the concatenated nets with the
joint loss. The code that we use to calculate SSIM is avail-
able on online: https://github.com/tensorflow/models/blob/master/



1051-8215 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2018.2867934, IEEE
Transactions on Circuits and Systems for Video Technology

11

research/compression/image encoder/msssim.py.
Summarizing the experimental results, the proposed solution

successfully generates realistic videos from the input key frames,
with correct motions and frame details. The concatenated GAN
architecture is vital for the performance of our solution, and all
components of the loss function contribute to the quality of the
generated video frames. Quantitive measurements also confirm
that the generated frames closely match those in the original
videos. Overall, the proposed solution is highly effective in all
tested settings.

5 CONCLUSION

We have designed and implemented an end-to-end concatenated
GAN to generate videos using non-adjacent images as inputs.
The proposed network architecture features two concatenated
generators, for learning motions and frame details (using a U-Net),
respectively. Extensive experiments demonstrate that the proposed
solution generates clear and smooth frames that correctly captures
both motions and frame details. Regarding future work, we plan
to investigate the case where the number of frames n is not given
in advance, but as an input parameter. Another important direction
is to generate longer video sequences involving complex motions
and interactions.
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