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Results & Analysis

Sample processed frame data 

Predicting future human motion has important applications in many fields, such as 
photo-to-video conversion and decision-making systems. However, the complex 
filming factors together with the unpredictability of human intent make this a 
challenging task for machines. 
Previous work using optical flow algorithms and CNN architectures have been 
proposed and implemented to predict motion of individual pixels, RNN models 
have been suggested for frame predictions. Recently, both LSTM and GAN based 
models have achieved impressive results for video frame prediction. 
We explore the application of a Convolutional LSTM model that was proposed for 
the use of precipitation nowcasting and a GAN model on human motion frame 
prediction and compare the performance of two promising, but very different 
deep learning techniques in the context of this important problem.

This project focuses on adapting and evaluating the performances of a 
Convolutional LSTM network and a GAN model on human motion video frame 
prediction. 

The Convolutional LSTM model has an input of four past frames and predicts one 
frame, while the GAN model receives six past frames and outputs six future 
frames.

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.

Dataset

The UCF101 dataset which includes approximately 13,320 video clips 
corresponding to 101 broad activity classes is used. The dataset is chosen as it 
provides large variability in both actions and filming features. 
For use with the ConvLSTM model, a custom collate function is implemented to 
remove audio and label data. Pytorch’s UCF101 class is used on the resulting video 
only data to specify desired parameters for the videos including frame rate and 
steps between clips. 
For the FutureGAN model, data is processed with FFmpeg library that split the 
video into component RGB frames with specific frame rate and image sizes. 

Convolutional LSTM
- Modified LSTM to capture spatial and temporal 

correlations in video data 
- The Convolutional LSTM cell follows the original LSTM cell 

design with the exception of using convolution instead of 
matrix multiplication, as seen in the equations below

- This architecture uses three Convolutional LSTM layers 
stacked together, each followed by a 3D batch 
normalization layer, with a final 2D convolutional layer to 
convert the last hidden state at the last time step to a 
frame prediction 

- Loss function: BCE Loss, optimizer: Adam optimizer, 
learning rate: 1e-6

FutureGAN
- GANs reduce blurriness caused by equally-likely future 

sequences  in frame prediction via a Generator G that 
learns to generate frames that Discriminator D cannot 
differentiate from truth. D learns to differentiate G’s fake 
frames from truth, and thus learns unlikely sequences

- G uses encoder to learn latent representation of past 
frames, decoder uses this to generate predicted frames. 
3D convolutional layers with asymmetric filter size and 
stride are used to encode and decode spatial and 
temporal parts of input and up and downsample for 
progressive growth. Leaky ReLU and pixel-wise 
normalization are used after convolution in hidden layers

- D uses 3D convolutional layers with asymmetric filter size 
and stride to downsample, and minibatch standard 
deviation to increase variation in G’s output. The fully 
connected output layer and linear activation function 
produce the score determining whether an image is fake

- Progressive growth from 4x4 to 128x128 px to stabilize
- Loss function: BCE Loss and Wasserstein GAN with 

gradient penalty (WGAN-GP) loss with epsilon-penalty 
(penalty coefficients λ = 10, ϵ = 0.001), optimizer: Adam 
optimizer with β

1
 = 0, β

2
 = 0.99, learning rate: 0.001

Experiments

ConvLSTM result 

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.

Convolutional LSTM
- Trained Convolutional LSTM model on UCF101 subset (365 videos of 4 action classes) for 20 epochs 

(~60 hrs on NVIDIA T4)
- Using model checkpoint trained on UCF101 subset, trained Convolutional LSTM on full dataset (13.320 

videos of 101 action classes) for 7 epochs (~209 hrs on NVIDIA T4)
- Evaluated trained model on UCF101 test set at 25 fps for videos of 64x64 resolution

- Input sequence of 4 frames, predict 1 frame
GAN:

- Trained FutureGAN model on UCF101 subset (365 videos of 4 action classes) for 161 epochs (~66 hrs on 
NVIDIA T4), using video frames at 128x128 resolution 

- Evaluated trained model on UCF101 test subset for videos at 128x128 resolution and 64x64 resolution
- Evaluated trained model on test subset for videos at 25 fps, 12 fps, and 6 fps

- Input sequence of 6 frames, predict 6 frame

Both models achieved reasonable predictions considering their respective training sets, but because 
ConvLSTM was trained on the full UCF101 dataset, it outperformed FutureGAN quantitatively and 
qualitatively on the first future frame. 

If given unlimited time and compute resources, we would train FutureGAN on the full UCF101 
dataset. We would also explore architectural changes, such as the number and design of the 
intermediate layers in the progressive growth steps. For ConvLSTM, we would modify the number of 
stacked convolutional LSTM cells and train for more epochs. For both models, we would investigate 
their long-term predictive abilities by varying the number of input frames and increasing the number 
of predicted frames. We would also experiment with slower frame rates to evaluate performance on 
predicting increasingly disjoint motion.

FutureGAN result 

A sample test video prediction from the FutureGAN model with (a) frame rate of 25 fps, 128x128 px resolution  (b) frame rate of 6 fps, 128x128 px 
resolution (c)  frame rate of 25 fps, 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.

(a) (b) (c)

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.

Quantitative results for ConvLSTM 
and FutureGAN’s 64x64 model 
evaluated on 25fps, 64x64 px 
videos, as well as FutureGAN’s 
final 128x128 model evaluated on 
25, 12 and 6 fps, 128x128 px 
videos.


