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Abstract

Video prediction is the generation of a sequence of predicted frames given a sequence of input frames. This is a relatively new and challenging problem in computer vision. We propose to enhance video prediction by using Natural Language Processing (NLP). In other words, we wish to input textual descriptions into our model. The dataset that we are using is the Large-Scale Movie Description Challenge dataset. We used various methods to solve our problem.

Introduction

The advances in Computer Vision in relation to Deep Learning have given researchers the opportunity to use NLP in the Computer Vision related problems. One problem in which NLP has not been used in is video prediction which is the generation of a sequence of frames given a sequence of input frames. We aim to use NLP by adding textual information in the various methods we use. 
Video prediction has many good applications, such as robotics. Another application could be resolving issues of video corruption. The advancement of prediction of future frames could help in the replacement corrupted frames. 

2. Related Works

	In a publication by Mathieu et al., the authors attempted to solve various problems related to frame prediction that other authors struggled with and used different image quality assessment like PSNR for comparison between their video prediction and others [1].
	Video prediction was enhanced even further by Lotter et al. They created a neural network architecture called the PredNet [2] which is referenced later in this paper. The basic concept is “predictive coding” which is used in neuroscience literature [2].
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Figure 1: Example from dataset. Descriptive textual sentence: Someone defensively grabs a picture frame and presses her back to a wall by a white-trim doorway.  
)




A recent attempt for the problem of video prediction by 
Villegas et al. used separation of motion and content in their video prediction [3]. They also used a Convolutional LSTM as a model for the problem [3].

3. Dataset

The dataset we are using is the Large-Scale Movie Description Challenge dataset which originally comes with 128,000 video clips around 2 to 20 seconds where each video clip comes with a full textually descriptive sentence. This dataset was challenging to work with due to the large variety of movie scenes. This is a problem, because the background and lighting was often different in each scene where most scenes are taken in dark lighting. Another problem was the shift in the motion of the camera in many of the video clips. Movies tend to have abrupt changes of scenes which is not ideal for video predictive problems. Finally, the length of each clip was a problem. Typically, clips that are less than one second are used in video prediction problems.
To solve some of these problems, we first split each video clip into one second shots. From this, we used shot segmentation to remove any shots with abrupt scene changes. Thus, the result from the shot segmentation was a total of 159,000 shots. When the individual frames from
1
the shots are taken, the size of each individual frame is 64 by 64 pixel frames.

4. Models/Methods

	We used three different methods and models in our problem for comparison. These are the ConvLSTM, the Spatial Transformer Network, and the PredNet [2] (which was mentioned previously). Currently, the models are only for frame prediction and not frame prediction with textual descriptions inputted.

4.1. ConvLSTM

	The main model we worked with is the ConvLSTM which is a spatio-temporal autoencoder [5]. This model takes in a sequence of ground-truth frames and inputs them into a convolutional layer, a LSTM, and then a deconvolutional layer. The output of this layer is a reconstructed frame. This reconstructed frame is once again inputted through the same layers to output yet another reconstructed frame. The process continues until the number of reconstructed frames matched the inputter ground-truth frames. These sequences of frames are the predicted frames. We call this “multiple frame” prediction.

4.2. Spatial Transformer Network (STN)

[bookmark: _GoBack]	The Spatial Transformer Network can be implemented into a neural network architecture. This network is used for spatially transforming images (or video frames in this project). The spatial transformer module finds the area in which the motion occurs for each region. Using this information, the network can spatially transform those areas. 

4.3. PredNet

	The PredNet is a deep recurrent convolutional neural network. As mentioned previously, the PredNet was influenced by the concept of “predictive coding” found in neuroscience literature [2]. The PredNet architecture consists of two layers. Each layer contains a representation neuron that outputs a prediction at each time step which is then compared with another instance to create an error value [2]. 
	Originally, the PredNet is trained on the Kitti dataset. We first trained the model on our own data. Also, the PredNet initially only uses single frame. We modified the code to do “multiple frame” prediction, and then trained again on our own dataset.

5. Measurements

5.1. Loss

 (
Figure 2: Loss formula
)


	Figure 2 is the equation for the loss. The left side of the equation preserves the intensity of the image, and the right side preserves the edges. “I” is the ground truth, “I” hat is the prediction. E is the sobel edge detector. 

5.2. PSNR and SSIM

 (
Figure 3: PSNR formula
)

	
The Peak signal-to-noise ratio (PSNR) is the ratio between the maximum power of a signal and noise. If the number computed by this equation is high then the image quality is good.
The structural similarity index (SSIM) computes the similarity between two images, as well the quality. A high SSIM indicate better quality.


6. Results

6.1. Quantitative Results

	Method
	PSNR 
	SSIM

	Prednet (single frame)
	17.602
	0.594

	PredNet (multiple frame)
	16.019
	0.579

	ConvLSTM
	20.287
	0.589

	ConvLSTM with text
	N/A
	N/A

	STN
	31.993
	0.944
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Figure 
4
: Results
)
	

The results from figure 2 show that the Spatial Transformer Network outperforms the other methods in video prediction. The PredNet architecture with “single frame” prediction has higher results than the PredNet architecture with “multiple frame” prediction. This is intuitive, because with each subsequent predicted frame the quality will decrease slightly. 
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 (
Figure 5: Qualitative results from 
ConvLSTM
 and STN models
)

6.2. Qualitative Results

	The results in figure 5 are for the STN and ConvLSTM. The green boxes indicate the ground truth frames, and the red indicates the predicted frames. As seen in figure 5, the STN produces slightly clearer frames.

7. Future Work
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	The next step for this project is to input text into our model. To do this, the text will be inputted first into a LSTM encoder. Then, the LSTM encoder will compute the spatial attention to create a spatial attention map. This will help separate background and foreground motions as the text will indicate where the action in happening. The foreground motion will be computed by pixel.

8. Conclusion

	In this project, we tackled the problem of video prediction. We used a challenging dataset of movie clips. We showed that the baselines can fail due to the large variability of our dataset in comparison to the datasets originally trained on their model. Finally, we introduced our method which is based on the ConvLSTM and pixel motion and showed that these methods outperformed the baselines when trained on our dataset. Furthermore, we will extend our current work to use text to separate foreground and background motions.
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