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Abstract

In this work we adapt and evaluate the performance
of two different architectures, a Convolutional LSTM
network and a GAN model, for human motion video
frame prediction. Each of these models outputs a
sequence of future video frames conditioned on a
sequence of past video frames. In particular, our
Convolutional LSTM model has an input of four
past frames and predicts one frame, while our GAN
model receives six past frames and outputs six future
frames. We conducted experiments on the UCF101
dataset. The predicted frames are evaluated visu-
ally and quantitatively using MSE, SSIM and PSNR.
Our results show that the GAN trained on a sub-
set of the dataset outputs plausible predictions, but
was outperformed by the Convolutional LSTM model
trained on the full dataset, which achieved an SSIM
of 0.8743.

1 Introduction

Predicting future human motion has important ap-
plications in many fields, such as photo-to-video con-
version and decision-making systems. While rela-
tively simple for humans, human motion prediction
is a challenging task for computers due to filming fac-
tors such as lighting changes, occlusions and camera
position, the unpredictability of human intent, and
the presence of multiple plausible outcomes. Several
techniques have been proposed for frame prediction,
but many have not been applied to human action.
As such, this work adapts and evaluates the perfor-

mance of two of these architectures, a convolutional
long short-term memory (LSTM) network and a gen-
erative adversarial network (GAN) model, to predict
future frames of video clips depicting human motion.

Each of these models receives a sequence of im-
ages as the input, representing the past video clips,
and outputs a different sequence of images, represent-
ing the predicted video clips. The frame sequence is
represented by a tensor, with dimensions (T, H, W,
C) where T is the number of frames, C is the num-
ber of channels, H is the height of each frame, and
W is the width of each frame. The output has all
the same dimensions as the input with the exception
of T, which we varied. We evaluate the predicted
frames both qualitatively and quantitatively; quali-
tatively, we visually examine whether the generated
frames are a coherent continuation of the input data;
quantitatively, we use Mean Standard Error (MSE),
Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity (SSIM) to compare the generated frames
with the future frames in the original clip. Our re-
sults show that the GAN trained on a subset of the
dataset output plausible predictions, but was outper-
formed by the Convolutional LSTM model trained on
the full dataset, which achieved an SSIM of 0.8743.

2 Related Work

Future frame prediction is a widely researched topic.
Optical flow algorithms and CNN architectures have
been used to predict the motion of every pixel [1, 2].
This flow vector is then used to generate new images,
representing future frames. Instead of producing im-
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ages based on per-pixel metrics, convolutional recur-
rent neural networks (RNN) were suggested for frame
prediction [3, 4]. Following this baseline work, sev-
eral different approaches have been taken for frame
prediction. One branch of research suggests using
LSTMs, whose ability to capture temporal correla-
tion is appealing for video prediction [5, 6, 7]. Shi et.
al found that a Convolutional LSTM outperforms a
fully-connected LSTM for precipitation nowcasting
[5]. We found this to be a particularly interesting
approach and in this project experiment with its po-
tential to perform well in human activity video frame
prediction. Alternative techniques involve incorpo-
rating stochasticity into the models, which handles
future frame uncertainty by averaging over a set of
possible predictions [8, 9]. Another promising ap-
proach for reducing uncertainty is to use an adver-
sarial network [10, 11, 12, 13]. By using a GAN in
addition to a multi-scale architecture and modified
loss function, the authors of [11] achieved sharper,
but less similar predicted images compared to those
predicted by [3]. [14] builds upon this idea by incor-
porating a progressively growing structure, as sug-
gested in [15]. We found this work to be particularly
interesting, as it outperformed three other architec-
tures on three datasets; MovingMNIST, KTH Action
and Cityscapes. Our work adds to this body of re-
search by applying the techniques from [5] and [14]
to human motion, and comparing these two very dif-
ferent deep learning architectures.

3 Methods

3.1 Convolutional LSTM

The first approach we implemented is a Convolu-
tional LSTM model, which is effective in the frame
prediction task due to the model’s ability to capture
both temporal and spatial correlations. The Con-
volutional LSTM model was presented by Shi et al.
in 2015 for the purpose of precipitation nowcasting
[5]. To start, the model follows the general struc-
ture of the traditional LSTM. LSTM is a modified
version of an RNN that is designed to solve long-
term dependency problem such that information can

be maintained in memory for longer period of time.
The LSTM network achieves this by utilizing multiple
gates instead of one tanh layer in its repeating mod-
ules and cell states that get modified slightly in each
cell. These added layers include a ”forget gate” that
decides which elements of the previous cell state to
forget, an ”update gate” that decides which elements
of the previous cell state to update and the values to
add to those elements. The final output of the cell
will be based off of the updated cell state. Specifi-
cally, a sigmoid layer is used to decide the parts to
output and tanh layer to force the values between -1
and 1. The below equation describes a single LSTM
module:

it = σ(Wxixt + Whiht−1 + Wci ◦ Ct−1 + bi)

ft = σ(WxfXt + Whf ∗ Ht−1 + Wcf ◦ Ct−1 + bf )

Ct = ft ◦ Ct−1 + it ◦ tanh(WxcXt + WhcHt−1 + bc)

σt = σ(WxoXt + WhoHt−1 + Wco ◦ Ct + bo)

Ht = σt ◦ tanh(Ct)

The Convolutional LSTM proposed by Shi et al.
modifies the original LSTM module in that convolu-
tion is used instead of matrix multiplication [5]. The
updated equations are shown below:

it = σ(Wxixt + Whiht−1 + Wci ◦ Ct−1 + bi)

ft = σ(Wxf ∗ Xt + Whf ∗ Ht−1 + Wcf ◦ Ct−1 + bf )

Ct = ft ◦ Ct−1 + it ◦ tanh(Wxc ∗ Xt + Whc ∗ Ht−1 + bc)

σt = σ(Wxo ∗ Xt + Who ∗ Ht−1 + Wco ◦ Ct + bo)

Ht = σt ◦ tanh(Ct)

where i, f, o, c, h are the input gate, forget gate,
output gate, cell activations and hidden states respec-
tively.

The final network design stacks three of these con-
volutional LSTM layers together, each followed by
a 3D batch normalization layer and with a final 2D
convolutional layer that predicts a frame from the
hidden state at the last time step of the last layer.
We apply this modified model to our human activity
video frame prediction task.

3.2 GAN

The second technique we used is a multi-scale archi-
tecture with adversarial training, as suggested in [11]
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and [14]. A GAN consists of a generative model G
and a discriminative model D that are trained simul-
taneously. In the video prediction setting, G learns to
generate frames that are challenging for D to predict
whether they are manufactured by G , and D learns
to discriminate which frames are created by G .
One of the main challenges with frame prediction

is the presence of multiple plausible outcomes; when
pixel-wise loss is used, these equally-likely predictions
are averaged and lead to a blurred frame [11]. How-
ever, a GAN architecture helps alleviate this prob-
lem. The input frame followed by the averaged out-
put frame is an unlikely sequence, and so D should
be able to discriminate such sequences easily. This
forces G to learn to output predicted frames with an
increasingly similar distribution as the real frames.
Specifically, we trained FutureGAN, the progres-

sively growing, encoder-decoder model proposed in
[14]. The loss function is a combination of the ap-
plication specific loss and the adversarial loss. For
the application loss we used Binary Cross Entropy,
and for the adversarial loss we used Wasserstein GAN
with gradient penalty (WGAN-GP) loss with epsilon-
penalty. The WGAN-GP with epsilon penalty loss
function is shown below

LD(x, x̃, x̂) = E[D(x̃]−E[D(x)]+λE[(||∇x̂)D(x̂)||2−1)
2
]+ϵE[D(x)

2
]

, where x̃ = G(z), ϵ is the epsilon-penalty coefficient,
and λ is the gradient-penalty coefficient.

3.2.1 Progressive Growth Structure

Particularly with image and video data like the
UCF101 data we use, training GANs is a highly un-
stable process. As such, a progressive growth struc-
ture allows us to perform the beginning stages of the
training process on lower resolution data and learn
broader image features first, and then gradually in-
crease the frame resolution [15]. FutureGAN begins
by transforming the input frames to 4x4 px resolu-
tion frames. Layers are then added during training,
increasing the resolution to 8x8 px, 16x16 px, 32x32
px and 64x64 px in intermediary steps, and then fi-
nally, to the desired 128x128 px. To ensure a seamless
transition between two different resolution steps, lay-
ers are added to the network in a two step process,

comprised of the transition phase and the stabiliza-
tion phase. In the transition phase, the network re-
gards the layers operating on the larger resolution as
a block with weights α which increase linearly from 0
to 1, and interpolates inputs of the two different reso-
lutions. This is followed by the stabilization phase, in
which the network resolution is continually doubled
after training for a certain number of epochs.

3.2.2 Generator Design

The role of the generator G is to receive an input
frame sequence and output future frame sequences
that are able to fool the discriminator D . Fu-
tureGAN’s G uses an encoder-decoder architecture,
where the encoder learns a latent representation of
the historical frames and the decoder uses this latent
representation to generate the predicted frames. As
such, 3D convolutional layers are used in order to en-
code and decode both the spatial and temporal parts
of the input sequence. Furthermore, 3D convolu-
tional layers with asymmetric filter shape and strides
are used to handle upsampling and downsampling be-
tween layers operating on different resolution frames,
in the decoder and encoder, respectively. Two ad-
ditional convolutional layers are used to increase the
network’s resolution in both the encoder and the de-
coder. Other layers are included to upsample and
downsample between the input sequence’s and pre-
dicted sequence’s temporal depth. Lastly leaky ReLU
with a parameter of 0.2, followed by a pixel-wise fea-
ture vector normalization layer, are used after each
convolution in the hidden layers [15]. The exact gen-
erator design is shown in Figure 1.

3.2.3 Discriminator Design

The discriminator D learns to identify sequences cre-
ated by the generator G . It receives a ground truth
frame sequence and returns a score, ranking the pro-
vided input as real or fake. D downsamples via 3D
convolutional layers with asymmetric filter shape and
strides. Additionally, mini-batch standard deviation
is used in one of the last layers to increase variation
in G ’s outputs [15]. This generates a feature map
of the scalar standard deviation of every feature in
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Figure 1: GAN generator architecture. This diagram depicts the generator
design for the full 128x128 generator. Similar models with fewer layers are
used in the 4x4, 8x8, 16x16, 32x32 and 64x64 models that are trained during
progressive growth. Adapted from [14].

each spatial and temporal location in the mini-batch,
averaged over all features and spatial and temporal
locations. Finally, the output layer is fully connected
and followed by a linear activation function in order
to produce the score.

4 Dataset

We use the UCF101 dataset, which includes approxi-
mately 13,320 video clips corresponding to 101 broad
activity classes [16]. The videos in each class are
grouped into 25 groups, which each consist of 4-7
videos of an action. We selected this dataset as it
provides large variability in both actions and filming
features, such as camera motion, object appearance
and pose, object scale, viewpoint, background clut-
ter, lighting conditions. Sample video frames from
this dataset are visualized in the Appendix.
For use with our Convolutional LSTM model, we

implemented a custom collate function to remove the
audio and label data, and keep only the video data in
each batch. We then used PyTorch’s UCF101 class
to specify certain desired parameters for the videos,
such as the number of frames per clip and steps be-
tween clips.
For the GAN, we preprocessed the data by using

FFmpeg, a suite of libraries for handling multimedia

data, to split each video into its component RGB
frames, with a specified frame rate and image size
[17].

5 Experiments

5.1 Convolutional LSTM

We conducted experiments with the Convolutional
LSTM model using both a subset of and the full
UCF101 dataset. Videos in this data set have a frame
rate of 25 frames per second (fps). For the sake
of keeping training time to a manageable level, the
data in these experiments are loaded as a sequence
of frames at a resolution of 64x64.

To get a baseline idea of the predictive power of the
model, we started with predicting one future frame
given an input sequence of 4 frames. A total of 5
video frames was chosen to load per training example
(4 input frames, 1 target frame) in order to reduce
the GPU memory requirement during training.

To select the learning rate, we performed a hy-
perparameter search over a sequence of learning rate
values in the range [1e-3, 1e-6]. From this search,
a learning rate of 1e-6 was selected as the optimal
value to avoid the exploding gradients problem while
increasing training speed as much as possible. An
Adam optimizer was used to optimize over the bi-
nary cross entropy loss. A batch size of 64 was cho-
sen as the largest batch size (which is optimal given
the large training data set size) that could be used
without exceeding the available GPU memory.

In order to visualize intermediate results in a more
time efficient manner, we decided to first train the
Convolutional LSTM model on a subset of the full
UCF101 activity training dataset. This subset is
comprised of 365 videos in the following four action
classes: Baseball Pitch, High Jump, Volleyball Spik-
ing and Walking with Dog. The corresponding train-
ing set consists of 151 videos from these same activity
classes. The Convolutional LSTM model was trained
for 20 epochs for approximately 60 hours using an
NVIDIA T4 GPU.

To further improve the frame prediction results
of the trained Convolutional LSTM model, we
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conducted further training on the full UCF101
dataset. Because of the massive size of the full
UCF101 dataset (13,320 videos), training using ran-
dom weight initialization would likely require a long
training period before stabilizing. To reduce train-
ing time, weights were initialized using the learned
weights previously trained on the data subset. The
model was then trained for 7 epochs for approxi-
mately 209 hours.
The trained model was also evaluated on its ro-

bustness to frame rate to explore how well the model,
which was trained on the full UCF101 dataset, is able
to predict future frames using test video data at a
lower frame rate.

5.2 GAN

The FutureGAN model was trained on the same data
subset mentioned above, using videos with a default
frame rate of 25 fps and a size of 128x128 pixels. We
passed six frames as the input sequence and predicted
six future frames.
Since we are using a progressively growing model,

which varies from training on 4x4 pixel images to
128x128 pixel images, we have an increasing number
of parameters. As such, to optimize the trade-off be-
tween accuracy and GPU memory, we use a different
batch size on each of the intermediate models; 32 for
the 4x4 model; 16 for the 8x8 model; 8 for the 16x16
model; 4 for the 32x32 model; 2 for the 64x64 model;
and 1 for the 128x128 model. We also used an Adam
optimizer with parameters β1 = 0.0 and β2 = 0.99
and had a learning rate of 0.001. For the WGAN-GP
loss with epsilon-penalty, we used penalty coefficients
λ = 10 and ϵ = 0.001 [15, 14].
We trained the model for a total of 161 epochs;

20 epochs on each of the 5 intermediary models (10
for the transition phase and 10 for the stabilization
phase) and 61 on the final 128x128 stage, which took
approximately 66 hours.
We then evaluated the final 128x128 model on our

original test set, in which the videos have a frame rate
of 25 fps, and on two modified versions of the same
clips: one with a frame rate of 12 fps and the other
with a frame rate of 6 fps. We selected these three
values because they are each large enough to ensure

that the six predicted frames correspond to times-
tamps that have ground truth frames in the origi-
nal clips, and thus enable us to accurately character-
ize the network’s performance, but the downsampling
factor of two is significant enough to observe mean-
ingful changes in the evaluation.

In order to more accurately compare the GAN’s
performance to the Convolutional LSTM network, we
also evaluated the intermediate 64x64 model on the
same video clips as before, but this time scaled to
64x64 pixels and with the default frame rate of 25
fps, in order to match the video parameters used in
evaluating the Convolutional LSTM model.

6 Results

To evaluate the models’ performance quantitatively,
we use three metrics, Mean Square Error (MSE),
Peak Signal-to-Noise Ration (PSNR), and Structural
Similarity Index (SSIM) to compare the predicted
frames to their corresponding ground truth frames.

MSE measures the average squared differences be-
tween every pixel in two images [18]. For RGB im-
ages, it is defined by the following equation, where
mxn images I and K are the ground truth frame and
the predicted frame, respectively, and (i, j, c) repre-
sents the particular pixel location and color channel
being compared:

MSE =
1

3mn

m−1∑
i=0

n−1∑
j=0

2∑
c=0

[I(i, j, c) − K(i, j, c)]
2

(1)

PSNR is defined in terms of the MSE, and repre-
sents the ratio between the maximum pixel intensity
of the ground truth image divided by the MSE be-
tween the ground truth and predicted images [19]. It
is defined below, where MAX2

I is the maximum pixel
intensity of image I, and MSE is the MSE between
image I and image K:

PSNR = 10 log10(
MAX2

I

MSE
) (2)

The last metric, SSIM, considers dependency be-
tween neighboring pixels [20]. It is computed by con-
sidering two NxN windows x and y, the mean and
variance of pixel intensities over each of these win-
dows µx, µy, σ

2
x, σ

2
y, respectively, the covariance of the
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pixel intensities of these windows, σxy, and stabiliza-
tion variables, c1 and c2, that depend on the dynamic
range of the pixel values and a constant:

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2
(3)

As can be seen in Figure 2, the Convolutional
LSTM model, trained over the entire training
dataset, produces a predicted frame that is visually
relatively similar to the ground truth frame. While
the sample visualized result shows some blurriness in
the predicted frame, the image is able to capture a
difference in movement between the input frames and
the new predicted frames, with the predicted frame
showing the human subject positionally-lower to the
ground with respect to the green line than in the four
input frames.

Figure 2: A sample test video prediction from the Convolutional LSTM
model. The input sequence of 4 frames is highlighted in green on the left,
and the predicted fifth frame is shown in red on the right next to the ground
truth frame. To better visualize the falling motion of the video’s subject, a
green line representing the distance between the falling person and the ground
in the first frame is placed at the same pixel location in each frame.

Quantitative metrics comparing the average peak
signal-to-noise ratio, pixel mean squared error, and
structural similarity between ground truth and pre-
dicted frames over the test dataset are listed in Tables
1, 3 and 5.

Figure 3: Average MSE, PSNR, and SSIM values evaluated at each training
iteration over the full test set. At epoch 0, weights trained for 20 epochs over
the data subset are used.

Figure 3 depicts the average MSE, PSNR, and
SSIM values at each training iteration over the en-
tire UCF101 dataset. As can be seen from each of

these figures, there is a significant decrease in aver-
age MSE and significant increase in average PSNR
and SSIM between the model trained over the data
subset (shown here as epoch 0) and the model trained
over the full dataset at epoch 7.

Results for a sample test video for the FutureGAN
model are also visualized in Figures 4, 5, 6 for dif-
ferent frame rates and resolution. We can see from
the visualized example that the predicted frames rel-
atively capture the same subject components of the
input frames as well as some movement of the human
subject, but also display blurriness, which increases
with future frames.

The quantitative evaluation metrics for Future-
GAN are also displayed in the below tables.

Figure 4: A sample test video prediction from the FutureGAN model with
frame rate of 25. The input sequence of 6 frames is highlighted in green on
the right, and the predicted 6 frames is shown in red on the left under the
corresponding ground truth frame in black.

Figure 5: A sample test video prediction from the FutureGAN model with
frame rate of 6. The input sequence of 6 frames is highlighted in green on
the right, and the predicted 6 frames is shown in red on the left under the
corresponding ground truth frame in black.
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Figure 6: A sample test video prediction from the FutureGAN model with
64x64 resolution. The input sequence of 6 frames is highlighted in green on
the right, and the predicted 6 frames is shown in red on the left under the
corresponding ground truth frame in black.

MSE
Frame ConvLSTM

64x64
FutureGAN
64x64

1 0.0046 0.0706
2 N/A 0.0795
3 N/A 0.0900
4 N/A 0.0989
5 N/A 0.1062
6 N/A 0.1140
Avg. 0.0046 0.0932

Table 1: Average MSE over each frame for ConvLSTM and FutureGAN eval-
uated on 25 fps, 64x64 px images

MSE for 128x128 FutureGAN
Frame 25 fps 12 fps 6 fps
1 0.0841 0.0918 0.1038
2 0.0930 0.1047 0.1192
3 0.1031 0.1177 0.1378
4 0.1119 0.1259 0.1586
5 0.1214 0.1352 0.1710
6 0.1289 0.1435 0.1806
Avg. 0.1071 0.1198 0.1452

Table 2: Average MSE over each frame for FutureGAN evaluated on 128x128
px images with different frame rates

PSNR
Frame ConvLSTM

64x64
FutureGAN
64x64

1 25.5266 18.0436
2 N/A 17.5727
3 N/A 17.0052
4 N/A 16.6343
5 N/A 16.3350
6 N/A 16.0261
Avg. 25.8583 16.9361

Table 3: Average PSNR over each frame for ConvLSTM and FutureGAN
evaluated on 25 fps, 64x64 px images

PSNR for FutureGAN 128x128
Frame 25 fps 12 fps 6 fps
1 17.4465 17.0446 16.3874
2 17.0350 16.4775 15.8366
3 16.5750 15.9938 15.2262
4 16.2431 15.6777 14.6320
5 15.8703 15.3676 14.3152
6 15.5948 15.0721 14.1123
Avg. 16.4608 15.9389 15.0849

Table 4: Average PSNR over each frame for FutureGAN evaluated on
128x128 px images with different frame rates

SSIM
Frame ConvLSTM

64x64s
FutureGAN
64x64

1 0.8743 0.3348
2 N/A 0.3086
3 N/A 0.2810
4 N/A 0.2599
5 N/A 0.2424
6 N/A 0.2226
Avg. 0.8777 0.2749

Table 5: Average SSIM over each frame for ConvLSTM and FutureGAN
evaluated on 25 fps, 64x64 px images

SSIM for FutureGAN 128x128
Frame 25 fps 12 fps 6 fps
1 0.3011 0.2846 0.2609
2 0.2866 0.2674 0.2431
3 0.2688 0.2507 0.2231
4 0.2553 0.2387 0.2038
5 0.2402 0.2258 0.1915
6 0.2284 0.2138 0.1832
Avg. 0.2634 0.2468 0.2176

Table 6: Average SSIM over each frame for FutureGAN evaluated on 128x128
px images with different frame rates

7 Discussion

To compare ConvLSTM, which receives 25 fps, 64x64
px images, to FutureGAN, we evaluated a testset of
25 fps, 64x64 px images on FutureGAN’s intermedi-
ate 64x64 model checkpoint. ConvLSTM only pre-
dicts one frame, so we look at the results obtained on
each model’s first predicted frame. ConvLSTM out-
performs FutureGAN significantly in all of the quan-
titative evaluation metrics presented in Tables 1, 3
and 5. Moreover, through visual examination, we see
that ConvLSTM’s predicted frame highly resembles
the ground truth frame. Specifically, it successfully
outlines the surrounding background as well as pro-
ducing a reasonable prediction of the in-motion ob-
ject, all of which the FutureGAN model fails to do.

7



This is likely a result of ConvLSTM being trained on
the full UCF101 dataset, while FutureGAN was only
trained on a subset of four classes, due to limitations
in computational resources and time.

We also evaluated the final 128x128 px Future-
GAN model on videos with different frame rates. The
quantitative per-frame average results in Tables 2, 4
and 6 demonstrate that the prediction accuracy de-
creases as the frame rate decreases. A lower frame
rate means that the time between frames is larger,
meaning the sequence captures much more disjoint
motion, and thus the similarity between frames is
smaller. Intuitively, this implies that as the model
predicts further into the future, more inference is re-
quired, and as such the distance between the pre-
dicted frame and the input frame will increase. As
a result, it is expected that the deviation from the
ground truth frames increases as well, which is sup-
ported by our results. The qualitative results, shown
in Figures 4 and 5 further supports this claim: Fig-
ure 5, which depicts the frames for 6 fps videos, shows
far more error and noise between the predicted and
ground truth sequences.

The original FutureGAN paper trained the model
on three datasets, MovingMNIST, KTH Action and
Cityscapes [14]. The quantitative results we ob-
tained using UCF101 are comparably worse than
those from the original paper. This difference can
be attributed to a few aspects. First, the datasets
used in [14] are significantly larger than the subset we
used. For example, MovingMNIST have 13,499 train-
ing sequences, and KTH Action have 15,156 training
sequences. Furthermore, MovingMNIST and KTH
Action, which have comparable level of motion to
UCF101, were trained using grayscale images, while
the UCF101 data was trained in RGB. Cityscapes
was trained in RGB, but has much more subtle video
motion. Moreover, both KTH Action and MovingM-
NIST have static backgrounds that are easily distin-
guished from the foreground action figure. In sum-
mary, using limited training data in RGB with com-
plex motion and dynamic backgrounds contributed
to the large errors between our results and [14].

8 Conclusion and Future Work

While both models produced plausible predicted
frames given their training data, because ConvLSTM
was trained on the full UCF101 dataset, it outper-
formed FutureGAN quantitatively and qualitatively
on the first future frame.

Since video data is very large and the networks
used are complex, time and compute resources were
our largest obstacle. Even on a small subset of
UCF101, training the models took several days and
each teammate almost fully used their AWS credits.
If these constraints were not imposed, we would ex-
plore the following next steps.

For FutureGAN, we would begin by training the
network on the full UCF101 dataset with the current
hyperparameters and network architecture, since as
discussed in the results section, training over the full
dataset significantly increased the performance of the
Convolutional LSTM model. Other future steps in-
clude tuning the loss component weights to ensure
that the GAN model is appropriately prioritizing ad-
versarial loss, and performing an ablation study to
determine how many intermediate layers are neces-
sary in the progressive growing step.

We would also like to explore architectural changes
to the current Convolutional LSTM model. Given
more compute resources, we would modify the num-
ber of stacked Convolutional LSTM layers to find
the optimal architecture for this predictive task. We
would also train the model for more epochs.

For both models, we would modify the number of
input and predicted frames, in order to improve their
ability to perform long-term predictions. Ideally, the
networks would be able to accurately predict more
frames than the input sequence has. In a similar
vein, we would also feed our predicted images back
into the network to output even more future frames,
to analyze the evolution of prediction.

Furthermore, we would experiment with slower
frame rates to evaluate the models’ performance on
a sequence of images that are increasingly dissimi-
lar. This is of particular importance for ConvLSTM,
since we have only trained and evaluated it on videos
with a frame rate of 25 fps.
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9 Appendices

Figure 7: Sample video frames from the UCF101 dataset. The dataset in-
cludes videos of various human activities captured at a frame rate of 25 fps.

Figure 8: A sample test video prediction from the FutureGAN model with
frame rate of 12. The input sequence of 6 frames is highlighted in green on
the right, and the predicted 6 frames is shown in red on the left under the
corresponding ground truth frame in black.

10 Contributions and Acknowl-
edgements

Each of the project members contributed to this work
equally. All three of us worked together on all data
preprocessing, model code adaptation, and training
and evaluation. We adapted and trained the models
from [21, 22]
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