ABSTRACT

Title of Dissertation: Advance Video Modeling Techniques
for Video Generation and Enhancement Tasks

Gaurav Shrivastava
Doctor of Philosophy, 2024

Dissertation Directed by: Professor Abhinav Shrivastava

Department of Computer Science
University of Maryland, College Park

This thesis investigates advanced techniques that are useful in video modeling
for generation and enhancement tasks.

In the first part of the thesis, we explore generative modeling that exploits
the external corpus for learning priors. The task here is of video prediction, i.e.,
to extrapolate future sequences given a few context frames. In a followup work we
also demonstrate how can we reduce the inference time further and make the video
prediction model more efficient. Additionally, we demonstrate that we are not only
able to extrapolate one future sequence from a given context frame but multiple
sequences given context frames.

In the second part, we explore the methods that exploit internal statistics of
videos to perform various restoration and enhancement tasks. Here, we show how
robustly they perform the restoration tasks like denoising, super-resolution, frame
interpolation, and object removal tasks. Furthermore, in a follow-up work, we utilize

the inherent compositionality of videos and internal statistics to perform a wider



variety of enhancement tasks such as relighting, dehazing, and foreground /background
manipulations.

Lastly, we provide insight into our future work on how data-free enhancement
techniques could be improved. Additionally, we provide further insights on how

multisteps video prediction techniques can be improved.



Advance Video Modeling Techniques
for Video Generation and Enhancement Tasks

by

Gaurav Shrivastava

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment
of the requirements for the degree of
Doctoral of Science
2024

Advisory Committee:

Professor Abhinav Shrivastava, Chair/Advisor
Professor Carol Y. Espy-Wilson, Dean’s Representative
Professor Chris Metzler, Committee Member

Professor Tianyi Zhou, Committee Member

Professor David Jacobs, Committee Member



© Copyright by
Gaurav Shrivastava
2024



With profound gratitude, I thank my family and friends for their unyielding
and unconditional support. Their constant encouragement, love, and belief in me
have been the bedrock of my journey. Every achievement I've reached is a testament
to their unwavering presence in my life, and I am forever grateful for the strength

they have given me throughout this process.

i



Acknowledgments

I owe my gratitude to all the people who have made this thesis possible and
because of whom my graduate experience has been one that I will cherish forever.

First and foremost, I’d like to thank my advisor, Professor Abhinav Shrivastava,
for giving me an invaluable opportunity to work on challenging and extremely
interesting projects over the past five years. He has always made himself available
for help and advice, and there has never been an occasion when I’ve knocked on his
door and he hasn’t given me time. It has been a pleasure to work with and learn
from such an extraordinary individual. From helping me structure my experiments
and guiding my writing of the first paper, to encouraging me to pursue bold ideas,
Professor Shrivastava has been an exceptional mentor. Beyond academics, he was
the best advisor, supporting me as I navigated both my personal and professional
life over these five years.

I am also deeply grateful to Professor Carol Y. Espy-Wilson, Professor Chris
Metzler, Professor Tianyi Zhou, and Professor David Jacobs for agreeing to serve on
my thesis defense committee and for dedicating their valuable time to review this
manuscript. Your feedback and insights have been invaluable in shaping the final
version of this work.

To my wife, Devanshi, I owe the deepest thanks. You stood by me as a pillar of
unwavering support throughout my PhD journey, giving me strength when I needed

il



it most. Your love, patience, and encouragement have been a constant source of
motivation, and I could not have accomplished this without you by my side.

I also want to extend my heartfelt appreciation to my labmates at the PI lab.
Without you, this journey would not have been nearly as fulfilling or enjoyable. The
engaging discussions, collaborative problem-solving, and the sense of community
we built together have been essential to my growth as a researcher. From tackling
complex technical challenges to sharing lighter moments, your camaraderie made
every day, in this journey, something to look forward to.

I must also acknowledge my friends outside of academia, who provided me
with emotional support and much-needed balance during this intense period. Your
encouragement, humor, and friendship helped me stay grounded and reminded me
of the world beyond my research. I am deeply grateful for the joy and perspective
you brought into my life.

To my parents and especially my brother Harsh, who have always believed in
my abilities and have supported me unconditionally—thank you. Your sacrifices
and encouragement throughout my life have been the foundation for all that I have
accomplished. This achievement would not have been possible without your support
and guidance.

I am also thankful to the multiple industry and academic mentors I have had,
who have helped shape the way I think and tackle problems. Your guidance and
perspectives have played an instrumental role in my development as a researcher and
a thinker.

Lastly, I would like to acknowledge the funding agencies (Office of Naval

v



Research (N000141612713), Defense Advanced Research Projects Agency (DARPA)
SAIL-ON program (W911NF2020009), NSF CAREER Award (2238769) to AS,
independent grants from Facebook Al and Dean’s Fellowship), Industry support
through internship(Google, Meta, ByteDance) and institutional support (UMD -
TAship) that made this work possible. The resources and infrastructure provided by
the university were critical in conducting my research, and I am deeply appreciative
of the opportunities I've been given to explore, learn, and grow.

To everyone who has played a role in this journey, whether big or small, I am
eternally grateful. This accomplishment is as much yours as it is mine. Thank you.

Lastly, I like to thank everyone who helped me through the journey!



Table of Contents

[Dedication] ii
[Acknowledgements| iii
Lable of Contentsl vi
[List of Tabled X
[List of Figures| XV
[Chapter 1: Introduction| 1
(1.1 Internally Learnt Prior| . . . . . . ... ... ... .. ... ...... 2
(1.2 Externally Learnt Prior|. . . . . .. ... ... ... ... ... ... . 3
[Chapter 1: Video Prediction by Modeling Videos as Continuous Multi-Dimensional |
| Processes(CVP)| 5
(L1 Introduction| . . . . . . . .. . o 5
(.2 Related Worksl. . . . . ... ... oo 7
1.3 Methodl . . . .. . .. 9
(1.4 Experiments| . . . . . . .. ... ... 16
[L4.1 Datasets . . . . . .. . ... . . 17

4.2 Metrics . . . . . .. 18

(1.5 Setup and Results|. . . . . ... ... ... o oo 18
(.6 Dimitationl . . . . . . . . . .. 25
(L7 Conclusion|. . . . . . . . . . .. 27
[1.8  Broader Impact| . . . . . . ... ... 28
(1.9 Appendix| . . . . . . . . 29
1.9.1 Extended derivations of Eq. (L.21)) . . . ... ... ... ... 29

1.9.2 Extended derivation for Eq. .2)] . . . . ... ... ... ... 31

(1.9.3  Training Details|. . . . . . .. ... .. ... ... ... ... . 32

(1.9.4 Ablation Studies . . . . . . ... ... L 33
[Chapter 2: Efficient Continuous Video Flow Model for Video Prediction| 36
2.1 Tntroductionl . . . . . . . . . . ... 36
2.2 Related Worksl. . . . . ... .. oo 38
23 Methodl . . . . . . . 42
2.3.1  Video Prediction Frameworkl . . . . . .. ... ... ... ... 42

vi



2.3.3  likelihood and Variational Boundl . . . . . . ... .. ... .. 44
.34 Reverse Process| . . . . . . . . .. oo 45
[2.3.5  Training Objective] . . . . . . . . . . . . ... ... ... ... 45

2.4 Experiments . . . . ... ... 46
241 Datasets . . . . ... ... 46
242 Metrics . .. .. 47

2.5 Setup and Results|. . . . . ... ... o000 48
2.6 Timitationl . . . . . . . . ... 54
2.7 Conclusion|. . . . . . . . . . 56
[Chapter 3: Diverse Video Generation using a Gaussian Process Trigger| 57
8.1 TIntroduction| . . . . . . . . .. 57
3.2 Relatedworkl . . ... ... .. ... ... ... ... .. ... 61
B.3  Review of Gaussian Processl . . . . . ... ... ... ... ... ... 63
[3.3.1 Learning and Model Selection| . . . . . . . ... ... ... .. 64
[3.3.2 Scalable GPl . . . . . . . . ... 64

[3.4 Our Approach| . . . . . . .. ... 66
[3.4.1  Frame Auto-Encoder . . . . . . . ... 66
[3.4.2  LSTM Temporal Dynamics Encoder| . . . . . . ... ... .. 67
[3.4.3  G'P Temporal Dynamics Encoder| . . . . . . .. ... ... .. 68
3.4.4  Training Objective] . . . . . . . . ... .. ... ... ... .. 69

3.4.5 Inference Model of Diverse Video Generator (DVG)| . . . . . . 69
[3.4.6  Trigger Switch Heuristics|. . . . . . ... ... ... ... ... 70

[3.5 Experiments . . . . .. ... oo 70
3.50.1  Baselines|. . . . . . ... o 72
3.5.2 Metrics . . . ... 73
3.5.3 Resultsl. . . .. ... 75

3.6 Conclusion|. . . . . . . . . .. 78
[3.7 Appendix . . . ... 78
[3.7.1 Ablation Studies for Temporal Dynamics Encoder| . . . . . . . 78
[3.7.2  Analysis: Changes in action after GP triggeringl . . . . . . . . 79
B.7.3 SSIM and PONR Resultsl . . . . . ... .. ... 82
[3.7.4  Qualitative Results| . . . . . . ... ... ... ... 82
[3.7.5  Gaussian Layer Specifics| . . . . . . ... ... 85
B.2.6 13D Network architecture for Action Classifier] . . . . . . . . . 85
[Chapter 4: Video Dynamics Prior: An Internal Learning Approach for Robust |
I Video Enhancements 87
4.1 Introduction| . . . . . . . . ..o 87
4.2 Related Worksl. . . . . ... ..o 90
4.3 Model Overviewl. . . . . . . . . . . . 93
4.3.1 Latent Frame predictor Network (LEFPNet)|. . . . . . . .. .. 93
4.3.2  Frame Decoder Network (FDNet) . . . . ... ... ... ... 94
[4.3.3  Formulation of Video Dynamics Priorf. . . . . . . .. ... .. 94

vil



[4.3.4  Neural Module Weights Optimization| . . . . . . . .. ... ..
[4.3.5 Robustness of Video Dynamics Prior| . . . . . . ... ... ..
(4.4 Video Denoising{. . . . . . . . ... ... Lo
4.5 Video Frame Interpolation . . . . . . . ... ... ... ..
4.6  Video Super Resolution|. . . . . . . . .. ... ... ... ...
4.7  Video Object Removal| . . . . ... .. ... .. ... ... ......
4.8 Timitations . . . . . . . . .
49 Conclusion|. . . . . . . . .o
[4.10 Broader Impact| . . . . . . . .. ... oo
[4.11 Appendixl . . . . . . ..
[4.11.1 Comparison with cascaded models|. . . . . . ... .. ... ..
[4.11.2 Ablation study| . . . . . . . .. .. ... ... ... ... ...
[4.11.3 Processing time| . . . . . . . . . .. ... L
[4.11.4 Optimization Details| . . . . . . ... .. ... ... ... ...
“.11.5 Additional Details - FDNetl . . . .. ... ... ...
[4.11.6 Dataset Descriptions| . . . . . . . . .. . ... ... ...

[Chapter 5: Video Decomposition Prior: Editing Videos Layer by Layer|

[5.3.2  VDP: Optimization objective for generic video decomposition| .
[5.4 Video Relighting] . . . . .. ... .. ... .. ...
[5.5  Unsupervised Video Object Segmentation] . . . . . . ... ... ...
[5.5.1 Coherent Edits Propogationl . . . . . .. ... ... ... ...
[>.6  Video Dehazing| . . . . . . . ... ...
[>.7  Limitations of our approach| . . . . .. ... ... ... ... ... ..

[5.9.2  Optimization Details| . . . . . ... ... ... .. ... ....
E93 TUVOS . . . . .
[5.9.4 Intuition for Dehazing/Relighting Tasks| . . . . . ... .. ..
[5.9.5 Ablation for Dehazing and Relighting tasks|. . . . . . . .. ..
[5.9.6  Edit propagation| . . . . ... ...
[5.9.7  Limitations of our approach| . . . . . . .. ... ... ... ..
.9.8 Optical Flow| . . . ... ... ... ... .. .. ........
[5.9.9  Optical Flow Warping Operation| . . . . . . .. ... ... ..
[5.9.10 Optical Flow RGB Representation| . . . . ... ... ... ..

[Chapter 6: Future Work and Conclusion|
6.1 Future Workl. . . . . . . . ..
[6.1.1 Data-Free Enhancement Techniques|. . . . . . . . .. ... ..

viil



[6.1.2  Future Directions for Enhancing Temporal Coherence in Con-

1X



List of Tables

M1

Video prediction results on KTH (64 x 64), predicting 30 and 40

frames using models trained to predict k frames at a time. All models

condition on 10 past frames on 256 test videos.|. . . . . . . . . . . ..

20

T2

BAIR dataset evaluation. Video prediction results on BAIR (64 x 64)

conditioning on p past frames and predicting pred frames in the future

using models trained to predict £ frames at at time.The common way

to compute the F'VD is to compare 100x256 generated sequences to

206 randomly sampled test videos. Best results are marked in bolda. | .

23

3

(Quantitative comparisons on the Human3.6M dataset. 'T'he best

results under each metric are marked in bold. | . . . . . . . . . . ...

25

1

Video prediction results on UCF (128 x 128), predicting 16 frames.

All models are conditioned on 5 past frames.| . . . . . . . .. ... ..

25

5

U-NET: We utilize Hugging tace diffusers library for our U-Net

implementation. We utilize ‘positional’ type for timestep embeddings.

We utilize 4 layers per block. The target resolution tor KTH, BAIR

and Human3.6M i1s kept at 64 x 64 and 128 x 128 for UCF101 dataset.

Additionally, we keep the number of timesteps 1" as 100 given our

compute resources. ¢ denotes the number of channels present in the

[ frame. n 18 the number of initial context frames based on which next |

frame is predicted.i.e., x°" — x L o 00 L

.6

Comparison with baselines on sampling steps and sampling time

required for BAIR robot push dataset.| . . . . . . ... .. ... ...

7

Ablation study: Video prediction results on KTH (64 x 64), pre-

dicting 30 frames. All models condition on 4 past frames on 256 test

videos. The method with settings marked with % 1s reported in the

MAIN PAPET.| « « v o o e e e e e e e e e e

R 1

Video prediction results on KTH (64 x 64), predicting 30 and 40

frames using models trained to predict k frames at a time. All models

2.2

condition on 10 past frames on 256 test videos.|. . . . . . . . . .. ..

BAIR dataset evaluation. Video prediction results on BAIR (64 x 64)

conditioning on p past frames and predicting pred frames in the future,

using models trained to predict k frames at at time.The common way

to compute the F'VD is to compare 100x256 generated sequences to

256 randomly sampled test videos. Best results are marked in bold. | .

20



23

Comparison with baselines on number of parameters, sampling steps

and sampling time required for BAIR robot push dataset.. . . . . . .

52

[2.4  Quantitative comparisons on the Human3.6M dataset. The best

| If:ﬁ!ll“i !lllslle f:i“:h, IIlf:!Il(: illf: Illillliﬂd, 1‘11 le!l, | -------------

o4

B5

Video prediction results on UCF (128 x 128), predicting 16 frames.

All models are conditioned on 5 past frames.| . . . . . . . ... .. ..

54

B

Quantitative results on K'TH, BAIR, Human3.6M datasets. For

the FVD Score, all methods use the best matching sample out of

100 random samples and lower numbers are better. For the Diversity

Score, we compute the score across 50 generated samples, for 500

starting sequences, and higher numbers are better.|. . . . . . . . . ..

74

B2

Quantitative results on K'TH, BAIR, Human3.6M datasets. For the

FVD Score, all the ablation methods use the best matching sample

out of 100 random samples and lower numbers are better. For the

Diversity Score, we compute the score across b0 generated samples,

tor 500 starting sequences, and higher numbers are better.| . . . . . .

A1

Quantitative video denoising results: To evaluate our method,

we calculate the Aveg PSNR score between the generated noise-free

video and ground truth video. T'he o denotes the standard deviation

| or ol G . . To 1 While the X d |

the intensity of additive Poisson noise. For all baselines and our

method, the score is calculated on the DAVIS dataset |1]. Also, blue

(bold) denotes the best score. Please note we use pretrained models

for baselines provided by the authors. The baselines marked with *

| d,f:llQ!f: ;1 d,ﬂtﬂ-d,ll&f:ll bﬂfif:llllf:,l ----------------------

A2

Quantitative video frame interpolation results: For the eval-

uation of our method we calculate the Avg PSNR and 55IM score

between the generated interpolated video frames and ground truth

video. For all baselines and our method, the score i1s calculated on the

UCF101 dataset [2]. The color blue (bold) denotes the best perfor-

mance. Please note we use pretrained models tor baselines provided

by the authors. The baselines marked with * denote a data-driven

baselimel . . . . ..

4.3

Quantitative video super-resolution results: For the evaluation

of our method, we calculate the Avg PSNR and SSIM scores between

the generated super-resolution video and ground truth video tfor all

baselines along with our method. 'The score is calculated on the

| standard VIMEO-90K-T dataset. Best results in the table are shown |

in blue (bold). Please note we use pretrained models for baselines

provided by the authors. The baselines marked with * denote a

| (1;3“!—(111&“11 tzﬂﬁf:lllls:,l ---------------------------

x1



4.4 Quantitative Object Removal results: We compare the average |
| PSNR and S5IM scores of our method with the existing baselines on |
| the DAVIS dataset. The best performance is denoted by the score |
| in blue (bold). Please note we use pretrained models for baselines |
| provided by the authors. The baselines marked with * denote a |
| data-driven baselinel . . . . . . . ... ... oL 106

1.5 Quantitative cascaded video super-resolution(4x) results: For |
| the evaluation of our method, we calculate the Ave PSNR and SS5IM |

|
|

| scores between the generated super-resolution video and ground truth
| video for all baselines along with our method. The score is calculated
| ] o VINEOOUE-T 4 R T D |
shown in blue (bold). Please note we use VSR baselines by cascading
it with the video denoiser model FastDVDnet [3]. The baselines
L marked with * denote a data-driven baselimel. . . . . .. . ... ... 111
4.6  Quantitative cascaded video frame interpolation results: For |
| the evaluation of our method, we calculate the Avg PSNR and SS5IM |
| score between the generated interpolated video tframes and ground |
I |
I |

truth video. For all baselines and our method, the score is calculated
on the UCKF101 triplet dataset. Please note we use VFI baselines by
cascading it with the video denoiser model FastDVDnet [3]. The color
blue (bold) denotes the best performance. The baselines marked with

4.7 Quantitative ablations results: lo evaluate our method, we calcu- |
| late the Aveg PSNR score between the generated noise-iree video and |
| ground truth video. blue (bold) denotes the best score.|. . . . . . .. 114

[4.8  Training and inference time comparison with the best baselines. Note |
| that the inference time in the table is given as the time required to |
| process per frame of a video.| . . . . . . . ... ..o 116
1.9  We include LPIPS and FVD [4] metrics for completeness of quantita-

tive evaluation of enhancement tasks (video denoising, object removal,

and video interpolation). FVD is a deep neural network based metric
| that evaluates both the spatial and temporal quality of the processed |
| video with the ground truth video. FVD requires minimum of 16 |
| frames 1n a sequence for evaluation. Hence, we were unable to evaluate |
I |
I

FVD for task like VFI and VSR on UCE101 triplet and Vimeo90K'T
datasets) . . . . . . . 118

[>.1  Quantitative evaluation on Video Relighting benchmarks: For
| the evaluation of our method, we calculate the Ave PSNR and SSIM
| scores between the re-lit video and ground truth video. We use the
| pretrain model for the baselines that are publicly made available tor
| calculating the PSNR and SSIM scores. For all baselines and our
method, the score is calculated on the SDSD dataset (5). Also, blue
(bold) denotes the best score| . . . . ... ... o000 127

x1i



[>.2  Quantitative evaluation on VOS benchmarks: For the evaluation

of our method, we calculate the IOU score () between the generated

masks and the ground truth mask. Also, blue (bold) denotes the best

score. Please note that the DyStab is trained using a video dataset,

while all the other methods require only a test time video sequence to

segment the object from the video,| . . . . . . ... ... ... .. ..

[6.3  Quantitative evaluation on Video Dehazing benchmarks: 'To

evaluate our method, we calculate the Avg PSNR and SSIM scores

between the generated haze-free video and ground truth video. For

all baselines and our method, the score 1s calculated on the REVIDE

dataset (0). . . . . . . .

[>.4  RGBnet: Fach convolution is followed by batch normalization and a

leaky rectified linear unit (LeakyReLU; negative slope = 0.2), except

for the last layer of the encoder and decoder. In the last layer of the

encoder and decoder, we use the sigmoid activation function. We

utilize Pytorch for our implementation.| . . . . . . ... ... ... ..

139

[b.5 a-net: Each convolution layer 1s followed by batch normalization

and a leaky rectified linear unit (LeakyReLU; negative slope = 0.2),

except tor the last layer of the encoder and decoder. In the last layer

of the encoder and decoder, we use the sigmoid activation tunction.

We utilize Pytorch for our implementation.| . . . . . . ... ... ...

140

[>.6 Ablation Study: We utilize the DAVIS-16 dataset for pertorming

the ablation study. We calculate the IOU score (J) between the

generated mask and the ground truth mask.| . . . ... .. ... ...

[>.7 Quantitative evaluation on Dehazing/Relighting ablations:

This Table presents the results of quantitative evaluations conducted

on dehazing and relighting tasks using three different settings ot our

method. To assess the performance of our approach, we measured

the average PSNR and SSIM scores between the processed videos

and ground truth videos. For dehazing evaluations, we used the

REVIDE [6] dataset, and for relighting evaluations, we used the

SDSD [5] dataset] . . . . . ... ... 145

.8 Quantitative evaluation on VOS benchmarks: 'This Table

presents the results of a quantitative evaluation of our method on VOS

benchmarks. To assess the performance of our approach, we calculated

the IOU score (J) between the generated masks and the ground truth

mask on the DAVIS dataset [1]. The scores were computed for all

baselines and our method. It 1s important to note that the methods

listed above the line require no annotated data for performing the VOS

task, while the methods mentioned below the line require annotated

data for training. 'The best score in each category is highlighted in

blue (bold)|. . . . . . .. .. 147

xiil



6.9  Quantitative evaluation of Video Edits Propagation: For the |
| evaluation of our method, we calculate the Ave PSNR and S5IM scores |
| between the reconstructed videos and ground truth video sampled |
L from the DAVIS-16 dataset 1. We use the code for the baselines that |
| are publicly available to calculate the PSNR and SSIM scores. For |
| all baselines and our method, the score is calculated by averaging the |
PSNR and SSIM value over a sequence length of 15 frames (frames: |
2-16).[. . . 148

Xiv



List of Figures

In

The higure 1s divided 1nto two parts. The top portion of the figure

lustrates the intermediate frames x; between two consecutive frames.

X,y represents consecutive frames from a video sequence where y =

x’*t! and x = x/. x/ denotes some frame at timestep ;7 in the video

sequence V = {x'}Y,. z denotes the white noise. The lower portion

of the figure represents the directed graphical model considered in this

work to represent the continuous video process. | . . . . . . . . . . ..

T2

Fig. (a) demonstrates the methodology for estimating x; in a single

step, showcasing the specific computational process involved. Fig. Qb)

details the training pipeline of our Continuous Video Process (CVP)

model, where x; and ¢ are fed as inputs to the U-Net architecture,

and the anticipated output is y, with y = x""**! in this scenario. Fig.

(c) provides an overview of the sampling pipeline utilized in our CVP

method, illustrating the sequential steps to predict the next frame of

the video sequence given the context frames. | . . . . . ... ... ..

3

Figure represents qualitative results of our CVP model on the KTH

dataset. The number of context frames used in the above setting 1s 4

for all three sequences. Every 4" predicted future frame is shown in

the figure. | . . . . ..o

I

Figure represents qualitative results of our CVP model on the BAIR

dataset. The number of context frames used in the above setting is

two for both sequences. Every 6" predicted future frame is shown in

the figure.| . . . . . .

5

| 1s shown in the figure.| . . . . . . . ..o o000 24
(1.6  Figure represents qualitative results of our CVP model on the UCFK |
dataset. T'he number of context frames used in the above setting is 5
for all three sequences. Every 4 predicted future frame is shown in
the figure.| . . . . . . .. 26

XV



R

Fig. (a) represents a naive adaptation of the diffusion model for the

video prediction task. Here, the sampling process always starts from a

Gaussian distribution, and sampling steps are taken in the direction of

conditional distribution given by Xj.;|X;. Here, Xj.; denotes frame

at time 7 + 1. In contrast, Fig. (b) introduces our Continuous Video

Flow (CVF) approach, which reimagines the problem by treating video

not as a discrete sequence ot frames but as a continuously evolving

process. Instead of starting from a static Gaussian distribution for

each sampling step, CVFE models the underlying dynamics ot the

entire video, learning to predict changes smoothly over time. This

continuous framework allows the model to better capture temporal

coherence and evolution, leading to more accurate and fluid video

predictions. | . . . . . . . ..

R2

Overview of the Continuous Video Flow (CVF) framework.

(a) Stage 1 depicts the auto-encoding process where input video

frames X; are passed through an encoder (Enc) and decoder (Dec)

to reconstruct X;. (b) Stage 2 illustrates the forward and reverse

processes 1n the latent space. In the forward process, latent embeddings

zr, ..., 2 are generated through a fixed process given by Eqn|2.2, The

reverse process involves sampling zj,; from z; through the learned

process py for continuous video frame prediction. (c¢) The full pipeline

of CVF, showing how frame X, 1s passed through the encoder to

obtain latent embedding z; and 2;,;, which is then used for decoding

toobtain X,y frame. | . . . .. ..o 00000

2.3 Figure represents qualitative results of our CVF model on the KTH

dataset. The number of context frames used in the above setting is 4

for all three sequences. Every 4" predicted future frame is shown in

the figure. | . . . . ..o

D1

Figure represents qualitative results of our CVE model on the BAIR

dataset. The number of context frames used in the above setting is

two for both sequences. Every 6" predicted future frame is shown in

the figure.| . . . . . .o

P25

Figure represents qualitative results of our CVE model on the Hu-

man3.6M dataset. The number of context frames used in the above

setting is 4 for all three sequences. Every 4" predicted future frame

1s shown in the figure . . . . . ... ..o

26

Figure represents qualitative results of our CVE model on the UCKE

dataset. T'he number of context frames used in the above setting is 5

for all three sequences. Every 4 predicted future frame is shown in

the figure.| . . . . . ...

B1

Given “person holding cup,” humans can often predict multiple possible

futures (e.g.,“drinking from the cup” or “keeping the cup on the table.”).| 58

B2

An 1illustration ot using G'P variance to control sampling on-going

actions vs. mew actions.). . . . . . . . .. ..o

Xvi

61



B3

An overview of the proposed Diverse Video Generator (DVG).|. . . . 67

B4

LPIPS Quantitative Results on K'T'H, BAIR, and Human3.6M

datasets. All methods use the best matching sample out of 100 random

samples. We used fixed trigger heuristic to keep trigger point for each

sample the same for our approach.|. . . . . .. ... ... ... .. .. 72

B5

Qualitative Results on BAIR (left), KTH (center), Human3.6M

(right, top), and UCF (right, bottom) datasets. First row is the

ground-truth video in each figure (with the last frame of the provided
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A1

Model pipeline: We are given Xy, ..., X; frames of a person exercising

(depicted in the Fig). Here, we start by sampling zy ~ N (0, ) as an

initial latent representation. Our model comprises two key modules:

(i) the Frame Decoder Network (FDNet) and (ii) the Latent Frame

Predictor Network (LFPNet), depicted in the figure. These modules,

together form the pipeline of our VDP model, as shown in (iii). We

optimize the weights of these neural modules on this specific input

sequence by doing backpropagation over the loss pertaining to the

task at hand . . . . . . ..

m2

(i) Video B is generated by replacing the second frame of video A.

(i1) Top row depicts the video obtained during the early round of

optimization of the objective given by kq. |4.4] for video B. Further,

the average Mutual information [7] of video(intermediate) is much

closer to video A. (iii) The loss plot depicts the convergence of our

VDP model for in five different settings. | . . . . . . . ... ... ...

i3

Video Denoising: Frame from a video in the DAVIS dataset denoised

using different approaches. (a) Frame corrupted with additive poisson

noise of intensity 25 (relative to intensity range [0-255]). Figure (b)

depicts the denoised frames generated by FastDVDnet 5 method.

Figure (c) depicts the denoised frame generated by UDVD [8] method.

Figure (d) depicts the denoised frame generated by M2F2 [9] method.

Figure (e) depicts the denoised frames generated by our method.

Figure (f) shows the clean ground truth frames| . . . . . . .. .. ..

i

Video Frame Interpolation: In order to compare our method to

existing baseline methods, we conducted visual comparisons using

three frames for each method. We introduced Gaussian noise (o = 15)

in the second frame and tasked all methods with interpolating frames

between them. It can be observed that our method not only denoises

the second noisy input frame but also generates denoised intermediate

frames. This is in contrast to other baseline methods that interpolate

noise along with the clean signal.| . . . . . ... ... ... ... ...

5

Video Super Resolution: Comparison of results of the ‘Cameraman’

sequence from VIMEO-90K-T dataset. Gaussian noise of std o = 5

is added to the lower-resolution input frames. (a) High-resolution

noise-free ground truth frame. (b) Patch from higher resolution frame

generated by BiCubic method. (c) Patch from higher resolution

generated by BasicVSR++ [10]. (d) Patch from higher resolution

frame generated by EDVR [11] method. (e) Patch from the higher

resolution by Ours VDP method. (f) Patch from higher resolution

ground truth frame. Note the noise suppression and details of the

camera in the patch generated by our method compared to baselines.| 102
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4.6

Video Object Removal. In the above figure, we describe a video ob-

ject removal task. The input in the figure represents the original video

sequence frame without any alterations. The InterVI [12], FGVC [1],

and LongVT [14] in the figure represent the frames generated by re-

moving the object “car” from the video sequence. The rightmost frame

depicts the removal of the object from the video frame by our method.

[ Tt can be observed that our method do not create hallucinations). .

. 105

i.7

Video Super Resolution: Comparison of results of the ‘Cameraman’

sequence from VIMEO-90K-T dataset. Gaussian noise of std ¢ = 5 1s

added to the lower-resolution input frames. (a) Bicubic extrapolation

of noisy low-resolution frame (b) Bicubic extrapolation of denoised

low-resolution frame. (c) Patch from higher resolution generated

by BasicVSR++ [10] over the denoised low-resolution frame. (d)

Patch from higher resolution frame generated by EDVR. [I1] over the

denoised low-resolution frame. (e) Patch from the higher resolution

by Ours VDP method. (f) Patch from higher resolution ground truth

frame. We use standard video denoiser FastDVDNet [3] to denoise

the mput low-resolution video tframes. Based on the figure, it appears

that the denoiser used in the first stage of the model removes vital

information from the lower-resolution frames, which leads to errors

in the second stage. Our VDP model, on the other hand, preserves

more detalls compared to the baselines.|. . . . . . ... .. ... ...

111

s

Video Denoising (Ablation): Frame from a video in the DAVIS

dataset denoised using loss functions. (a) Frame corrupted with

additive poisson noise of intensity 25 (relative to intensity range [0-

255|). Figure (b) depicts the denoised frames generated by only L.

Figure (c) depicts the denoised frame generated by L,e. + Ly, Figure

(d) depicts the denoised frame generated by Lo + Lyar. Figure (e)

depicts the denoised frames generated by Liec + Lspl + Lyar. Flgure

(f) shows the clean ground truth frames] . . . . ... .........

9

Video Super Resolution (Ablation): Comparison of results of

the ‘Cameraman’ sequence from VIMEO-90K-T dataset. (a) Bicubic

extrapolation of low-resolution frame. (b) Patch from higher resolution

generated by utilizing only the reconstruction loss given by Eqn. 1.

(c) Patch from higher resolution frame generated by L. + L (d)

Patch from the higher resolution frame generated by Lec + Lyar- (€)

Patch from the higher resolution frame generated by L,ec + Lsp1 + Lvar

(f) Patch from higher resolution ground truth frame,|. . . . . .. . ..

114

.10

Video Frame Interpolation (Ablation): In order to compare our

method with different loss functions, we conducted a visual comparison.

(a) Patch generated by utilizing only the reconstruction loss given by

Eqn. 1. (b) Patch generated by L,.. + Ly, (¢) Patch generated by

Lyec + Lyar. (d) Patch generated by Liec + Lopi + Loars - - - o o o L.

XixX
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4.11 Video Object Removal (Ablation). In the above figure, we

describe a video object removal task. The G'I' in the figure represents

the original video sequence frame without any alterations. (a) Patch

generated by utilizing only the reconstruction loss given by kqn. 1.

(b) Patch generated utilizing the loss given by L. + Ly, (c) Patch

generated by utilizing the loss given by L.+ L. (d) Patch generated

by utilizing the loss given by Liec + Lot + Lvar| - - - - o o o o o L.

b1

Visual representation of video edits obtained using VDP. The first

row demonstrates a foreground manipulation example that leverages an

object mask as the decomposition guide. This object mask is obtained

by performing Unsupervised Video Object Segmentation (UVOS), which

1s a downstream task of video decomposition and is achieved using our

proposed framework. Our approach effectively separates the foreground

objects and background in the video sequence, enabling us to perform object

manipulation. The second row shows the result of our approach for video

dehazing, where our method eftectively removes the haze from the scene.

Finally, the third row showcases the effectiveness of our approach for video

relighting, where our method effectively changes the lighting of the scene.

Our proposed approach outperforms the state-ot-the-art methods for the

latter two tasks, highlighting the efficacy of our unified framework tor video

decomposition.| . . . . . . . . ... e e

b.2

VDP for relighting a video sequence. In this pipeline, the input

video frame t is fed into a shallow U-Net denoted by félf);B. While

the flow-RGB is given as input to a separate shallow U-Net network

denoted by fi’. The intermediate output of filpy is a re-

lit version of the input frame t. While the output of fc(,l) is

transmission maps or Tmap denoted by 1/A4,. It is important to note

that v~ is also treated as a trainable parameter in the pipeline. After

obtaining the reconstructed frame ¢, we apply reconstruction and

warping losses respectively to optimize fB(lc)] B R

Qualitative evaluation on Video Relighting benchmark: We

compare the re-lit result of our method with the baselines on the

SDSD (5)) dataset. We compare our method against both the image

and video baselines. ZeroDCE++ @method is a image-based

baseline while SDSD (5)) and Stablellve (16)) are video baselines. Please

note that we have utilized the pretrained models of all the baselines

to obtain qualitative results. Methods SDSD and Stablellve require

training on the external dataset, while our approach operates directly

on the low-light video sequence.| . . . . . . ... ... ... ... ...
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Our Framework: In this figure, we present the pipeline for the

task of decomposing the video into two different components. For

the above configuration, the mmput video frame ¢ i1s fed into two

different shallow U-Nets denoted by fR(lg) g and fB(QC),  respectively. We

obtain two different intermediate components of the input frame ¢

i the form of layer 1 and layer 2. Additionally. we process forward

flow-RGBs using a separate shallow U-Net network denoted by £5".

'This network outputs a compositing maps, which are then used for

blending both layers respectively to reconstruct the original input

frame t. After the compositing, we apply various losses (reconstruction

loss and regularization loss) depending on the task at hand. (Right)

Illustration of Flow Similarity loss: we define this loss over tlow-

RGB image (F*“"). This loss ensures that pixels with similar motions

are grouped together. Illustration of Reconstruction layer loss:

We define this loss over the masked object layers and masked mput

frame X,. This loss ensures that the masked object layer such as

M, fB(lc), g has the same appearance as the masked input frame M, X;.

. 129

(.5 Qualitative evaluation on VOS benchmark: We compare the

mask from our method with the baselines on DAVIS-16 (1) dataset. We

compare our method against the baselines DS (17) and DyStab (18).

Please note the above masks (exception: DoubleDIP) for baselines

are pre-computed masks provided by the authors of the papers.|

. 131

[0.6

Edits propagation: First column in the figure represents the mput

frame to be edited. Second column represents the edits performed.

Next columns in Fig. (a) represent the qualitative comparison of

propagated edits with baselines, while Fig. (b) represents propagated

edits throughout the video. From Row 1, 2 - it can be observed

that the quality of our framework’s propagated edited decals 1s much

better as compared to the baselines. The legs of the camel(Row 1)

and parachute bag shape(Row 2) are preserved in our method’s edit

propagation. Row 3 - It can be observed that consistent edits in a

particular layer can be pertormed throughout the video. In this case,

we show an example of style transter being performed on the swan.

Row 4 - we can selectively replace the background layer and propagate

the edits through the video. |. . . . . . ... ... ... ... ... ..
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5.7

Qualitative evaluation on Video Dehazing benchmark: We

compare the dehazed result ot our method with the baselines on the

REVIDE (6) dataset. We compare our method against both the

image and video baselines. MSBDN | l§) method is an image-based

baseline while EDVR (L1, DoubleDIP (20) and CG-IDN (6) are video

[ baselines. Please note that both the EDVR and CG-IDN methods are |

trained using the training data of the REVIDE dataset. In contrast,

our approach operates directly on the hazy video sequence. As can

be seen from the figure, our approach to dehazing produces a color

palette in the dehazed trame that closely resembles the color palette

in the ground truth frame.| . . . . . . . .. ..o

137

[.8

Comparison with pretrained image segmentation model: The

examples presented in the figure above are samples from the MoCA

dataset [21]. In comparison to MaskRCNN [22], a pretrained image

segmentation model trained on the COCO dataset, our model 1s more

robust in handling unfamiliar objects in the scene. The figure shows

some examples where MaskRCNN fails to segment the unfamiliar ob-

ject correctly, while our approach produces much better segmentation

results) . . . .

5.9

(a) Segmentation in variable lighting conditions throughout

the scene. We compare the mask from our method with the baselines

Deformable sprites [I7] and MG [23] on frames of three video sequences.

It can be observed from the above figure methods such as Detformable-

sprites and MG are more prone to lighting changes as opposed to our

method. (b) Decomposition into multiple layers We demonstrate

an example where the number of layers L is set to both L = 2 and

L = 3. L =2 results in foreground and background layers separation,

while . = 3 results in the separation of individual person in different

object layers. | . . . . . . ..

[>.10

Ablation Study: We study the eflfect of using only a subset ot the

loss tunction for the video object segmentation task. | . . . . . . . ..

B.11

Ablation Study:This figure presents the results of an ablation study

where we analyzed the impact of using FlowRGDB, Gaussian Noise,

and RGB frame as input to the a-net. Row (a) shows a qualitative

comparison for relighting tasks, where we evaluated three different

settings for the a-net. Row (b) presents a comparison for the dehazing

poell



Chapter 1: Introduction

The phrase coined by Henrik Ibsen "a picture is worth a thousand words"
suggests that a single image can convey a lot of information. If we extrapolate
this idea to videos, which are essentially moving images, a video could be worth
significantly more than a thousand words! In fact, this definition can be extrapolated
for videos which suggests a one minute video (1000 x 60 x 24 for a 24 fps video) is
equivalent to around 1.5 million words! This is because videos can convey complex
information, emotions, and stories in a more engaging and dynamic way than static
images or text.

Recently, there has been a significant uptick in the generation of video content,
especially following the advent of short-form content. This surge can be attributed
to the availability of high-quality cameras and storage on handheld devices, as well
as the push from companies such as Meta, TikTok, YouTube, and Netflix for content
creators to generate new content for their platforms. However, capturing high-quality
video poses a significant challenge due to various factors. For example, noise, haze,
or low lighting conditions may be introduced due to non-ideal settings for capturing
a scene. Additionally, sometimes cameras may not be of sufficient quality to capture

a scene at the required resolution or frame rate. Furthermore, creating or editing



existing videos is a professional task that requires artistic levels of expertise, which
can be difficult to acquire.

To propose a solution for such ill-posed tasks(there is insufficient information
to uniquely determine a solution) priors play a pivotal role. When these priors are
derived from a internal statistics of a video we termed them as internally learnt prior.
Alternatively when these priors are learned using external data corpus we termed
them as externally learnt priors. In our proposed direction we explore ways to exploit
both these type of priors for different tasks and model videos to perfection. We
propose four different types of priors namely 1st) video dynamics prior 2nd) video
decomposition prior and 3rd) diverse video generation prior and 4th) continuous

video process prior.

1.1 Internally Learnt Prior

In the realm of video modeling, internally learnt priors represent a fundamental
concept where prior knowledge or assumptions are derived solely from the inherent
statistical properties of a single video, without reliance on external sources or
supplementary training data. These priors play a crucial role in identifying significant
patterns, structures, and regularities intrinsic to the video data, encompassing
phenomena such as spatio-temporal coherence between frames.

The appeal of internally learnt priors lies in their effectiveness in scenarios
characterized by scarcity or unavailability of external data such as for the task of video

dehazing/relighting. However, it is essential to recognize the potential limitations of



internally learnt priors, particularly regarding their ability to generalize to unseen
data beyond the explicit scope of a single video. Hence, careful consideration of
these factors is essential in the utilization of internally learnt priors within the
dynamic landscape of video modeling. Two of our proposed approaches namely,

video dynamics prior and video decomposition prior are internally learnt prior.

1.2 Externally Learnt Prior

Externally learnt priors in the context of video modeling refer to prior knowl-
edge or assumptions about the dataset that are derived from external sources or
supplementary training data. Unlike internally learnt priors, which rely solely on the
intrinsic statistical properties of the query video, externally learnt priors draw upon
a broader array of data sources to inform the modeling process.

In the realm of generative modeling, externally learnt priors hold significant
promise and utility. One of their key advantages lies in their ability to generalize
beyond the statistics of the query video. By leveraging information gleaned from
diverse external datasets [2], 24 25, [26], these priors can capture a more comprehensive
understanding of the underlying dynamics and characteristics of the video domain.

Furthermore, externally learnt priors can facilitate the synthesis of novel content
and open up new avenues for artistic expression, storytelling, and content creation
within the realm of video generation. Moreover, externally learnt priors offer valuable
insights and guidance in scenarios where the query video may be limited in size,

scope, or diversity. By supplementing the inherent information present in the query



video with knowledge acquired from external sources, these priors can enrich the
modeling process and enhance the generalization capabilities of generative models.

In summary, externally learnt priors play a pivotal role in generative modeling
by harnessing knowledge from external datasets to inform and enrich the modeling
process. Their ability to generalize beyond the statistics of the query video enables
models to produce outputs that are diverse, creative, and expressive, opening up
new possibilities for content generation and artistic exploration in the realm of video

modeling.



Chapter 1: Video Prediction by Modeling Videos as Continuous Multi-

Dimensional Processes(CVP)

1.1 Introduction

In the evolving landscape of machine learning and generative models, par-
ticularly in the domain of video representation, there exists a pivotal challenge in
adequately capturing the dynamic transitions between consecutive frames. In this
paper, we introduce a novel approach to video representation that treats the video
as a continuous process in multi-dimensions. This methodology is anchored in the
observation that transitions between consecutive frames in a video do not uniformly
contain the same amount of motion. Modeling these transitions with a single-step pro-
cess often leads to suboptimal quality in sampling. Our method, therefore, involves
multiple predefined steps between two consecutive frames, drawing inspiration from
recent advancements in diffusion models for image data. This multi-step diffusion
process has been instrumental in better modeling image data, and we aim to extend
this success to video data.

Previous efforts in video modeling with diffusion models have tended to ap-

proach videos as a series of images, generating separate volumes of video frame
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Figure 1.1: The figure is divided into two parts. e ttop portion of the figure illustrates

the intermediate frames x; between two consecutive frames. X,y represents
consecutive frames from a video sequence where y = x/*! and x = x/. xJ
denotes some frame at timestep j in the video sequence V = {x*}¥ . z denotes
the white noise. The lower portion of the figure represents the directed graphical
model considered in this work to represent the continuous video process.

sequences and applying external constraints such as applying temporal attention to
maintain the temporal coherence. We argue that this approach overlooks the inherent
continuity in video data, which can be more naturally conceptualized as a continuous
multi-dimensional process. Our proposed method defines this continuous process,
beginning with two consecutive frames from a video sequence as endpoints this can
be observed in Fig. We delineate the forward process through interpolation
between these endpoints, with a predefined number of steps guiding the transition
from one point to another. To ensure the existence of p(x;) at all points, we introduce
a novel noise schedule that applies zero noise at both endpoints.

We approximate each step between these endpoints using a Gaussian dis-

tribution, following the assumptions made in diffusion models for images by the



paper [27, 28, 29, B0]. In defining this forward process, we also lay the groundwork
for estimating a reverse process. This paper presents a novel lower variational bound
for estimating this reverse process.

To summarize, our contribution in this work is as follows:

e We introduce a novel approach for representing videos as multi-dimensional

continuous processes.

e We derive a novel variational bound that efficiently estimates the reverse

process in our proposed ‘Continuous Video Process (CVP)’ model.

e Our method employs a unique noise schedule for the continuous video process,
characterized by zero noise at both endpoints, ensuring the existence of p(x;)

at all intermediate timesteps.

e We demonstrate the efficacy of our approach through state-of-the-art results
in video prediction tasks across four different datasets namely, KTH action

recognition, BAIR robut push, Human3.6M, and UCF101 datasets.

1.2 Related Works

Understanding and predicting future states based on observed past events is a
cornerstone challenge in the domain of video understanding, crucial for applications
where capturing the inherent multi-modality of future states is vital, such as in
autonomous vehicles. Early methods in this field, as noted by Yuen et al.[31] and

Walker et al.[32], primarily focused on matching past frames within datasets to



extrapolate future states, although these predictions were constrained to either
symbolic trajectories or directly retrieved future frames. The advent of deep learning
has significantly propelled advancements in this area. One of the seminal works
by Srivastava et al.[33] leveraged a multi-layer LSTM network for deterministic
representation learning of video sequences. Subsequent studies [34] 35, 36, 37, 38, 39,
40], have expanded the scope of this research by constructing models that account
for the stochastic nature of future states, marking a notable shift from earlier
deterministic approaches.

Recent research in this domain has explored both implicit and explicit probabilis-
tic modeling approaches. Implicit probabilistic modeling, typified by GAN [41]-based
models, has a substantial history. Nonetheless, these models [42, 43|, [44] often grapple
with training stability issues and mode collapse(where model only focuses on a few
modes in the dataset) issues. On the other hand, explicit probabilistic modeling
for video prediction encompasses a range of methodologies, including Variational
Autoencoders (VAEs) [45], Gaussian processes, and Diffusion models. VAE-based
video prediction methods [42] 46], [47] tend to average results to align with all potential
future scenarios, which undermines the fidelity of predictions. Gaussian process-based
models [48] 49| exhibit proficiency with smaller datasets but encounter scalability
issues owing to matrix inversion limitations when calculating training likelihood.
While workarounds exist, they tend to compromise result fidelity.

Recent advancements in diffusion models [50] 511, 52, 53] have positioned them
as the preferred choice for video prediction tasks. These multi-step models offer

superior sample quality and are resilient to mode collapse. However, even with such



lucrative advantages, modeling videos with these models tends to have downsides.
Majorly methods falling under this category enforce temporal consistency using
artificial external constraints such as the introduction of temporal attention blocks.
This might be effective but comes at a cost of significant computing power.

Another class of popular video prediction models is hierarchical prediction [54]
5o, Bl 57, B8] models. These models are multistage models that decompose the
problems into two stages. They first predict a high-level structure of a video, like a
human pose, and then leverage that structure to make predictions at the pixel level.
These models generally require additional annotation for the high-level structure
for training, unlike ours that predicts future frames utilizing only the pixel-level
information of context frames.

We also want to highlight some very recent works like InDI [59], and Cold
diffusion [60] that provide an alternate approach to denoising diffusion models that
is similar to our approach. However, their works only explored such formulation for

image-based computational photography and image generation tasks.

1.3 Method

Instead of introducing noise iteratively to the frames until they conform to a
Gaussian distribution, and adopting a reverse process such as denoising diffusion,
a commonly employed technique for video prediction, we introduce a novel model
category designed to depict videos as continuous processes. This section delves into

the modeling of this continuous video process.
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Figure 1.2: Fig. (a) demonstrates the methodology for estimating x; in a single step,
showcasing the specific computational process involved. Fig. (b) details the
training pipeline of our Continuous Video Process (CVP) model, where x; and
t are fed as inputs to the U-Net architecture, and the anticipated output is y,
with ¥ = x"#+1 in this scenario. Fig. (c) provides an overview of the sampling
pipeline utilized in our CVP method, illustrating the sequential steps to predict
the next frame of the video sequence given the context frames.

Suppose we have a video sequence denoted by V = {x'} where x7 € R®h*w
is the frame at the timestep j. We represent this video sequence as a continuous
process. The intermediate frames between x = x/ and y = x’*! are given by the

following equation.

tlog(t)
—1z

x;=(1—t)x+ty — 7

(1.1)

Here, z ~ N(0, I) denotes the white noise. From the above Eqn, it can be seen
that at t = 0, we get the frame x’and at t = 1, we get the frame x/*!. We utilize
this continuous process of evolving x/ — x/*! given by Eqn. [2.1] and derive both the
forward and reverse processes. For defining the forward process, we take steps in the
direction ¢ : T" — 0 instead of the other way, which happens in denoising diffusion
process [27]. The reason for this is we want the reverse process to start from past

frame x and according to the Eqn. 2.1]x; = x at t = 0.
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We can write the forward process, i.e., going from the start point y at t =T

to endpoint x at t = 0,
Xerar =X + (y — x)At — tlog(t)z (1.2)

From the above equation, we can write the posterior for the forward process as
q(xe1]%6,%,y) = N (X1 1 i(xe, %, y), g*(¢)I). Where g(t) = —tlogt. The whole
derivation is provided in the appendix.

For modeling our video diffusion process, we like to model the likelihood
function py(xr) = [ pe(Xo.r) dXo.r—1 and minimize the negative log-likelihood to
obtain the best fit for our model. Here, py(xo.7) is the probability of the reverse
process, and it is defined as a Markov chain with learned Gaussian transitions starting
at p(Xo) = Paata(x). Important note about the notations xq, x7, unless specified
consider xo = x and xy = y where x is the frame in the video sequence at ;"
position and y is the frame at (j + 1) position. One important assumption about
the continuous video process is we assume the transition between the frames x and
y to follow Markov chain, i.e., the current state at timestep ¢ only depends on the
previous state at timestep t — 1. Leveraging this assumption we can define the reverse

process as follows,

T
pe(Xor) = p(Xo H (x¢[x¢-1) (1.3)
where, pg(x;_1]x:) = N (x5 prg(X4—1,t — 1), Bp(x4-1,t — 1)). We are interested in

11



learning the reverse process to perform our video prediction task.
The forward process or the diffusion process is a fixed Markov chain that

gradually transforms the frame y to frame x.

T

Q(XO:TAIXT) = HQ(thl‘Xt)a (1-4)

t=1

Training is performed by minimizing the variational bound on the negative

log-likelihood.

Bl og ()] < B, |~ og - 22002 (15)
<E,| —logp(xo) Zl bo ;:T;tl))} (1.6)
— (o) (17)

12



This variational bound can be simplified to the following,

_Zl

t>1
_ Eq{
— log
=E

&

E

t>1

5[~

—log

|-

_Zl

po(X0:1) }

Q(XO-T 1 ’XT)

—log p(xp) — Y _ log m (%X }

>1 q(%¢-1[%2)
—logp(xO)
Do Xt’Xt 1) ) Q(Xt|X07XT) }
Xt\Xt 17X07XT> Q(Xt71|X07XT)

Po(X¢|X¢ 1)
log p(x0) Zlo
=1 q(xe[%¢-1, %0, X7)

Q(XT’X[); XT):|
Q(XO|XO>XT)

log p(x0) Zlo Po(Xi[X1-1) }

=1 Xt\Xt 17X07XT>

log p(xo)

Do Xt|Xt 1,X0) 'p(X0|Xt—1)}
Xt|xt 1;X07XT> p(X0|Xt)

Po(Xe|X¢—1,%0)
log p(xo) ZIO
t>1 Xt‘xt 17X07XT)

ey Eq |: — log Z)(LO)) _ Z log ‘pe()(tb(t_l7 XO)

Q(Xt|Xt—1, X0, XT)

(1.10)

(1.11)

(1.12)

(1.13)

(1.14)

(1.15)

(1.16)

(1.17)

(1.18)

(1.19)

(1.20)

Both x( and x are observed variable hence, we ignore the first term in the RHS. We

focus on the second term for training the parameters for our CVP models. Therefore,
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the resulting loss function becomes,

L(#) = ZDKL(q(Xt|Xt,1,X, y) || po(x¢|xi-1,%0)) - (1.21)

t>1

In the above Eqn, the KL divergence term utilizes the comparison of py(x;|X;_1, X)
with forward process posterior term, which is tractable under the process given by

Eqn. The forward process posterior term is given by

Q(Xt’Xt*th Y) = N(Xt : /](Xt*17X7Y)7g2<t)[) (122)

where, [i(x,X,y) = x; + (y — x) and g(t) = —tlog(t). Consequently, all KL
divergences in Eqn.[I.2T]are comparisons between Gaussians, so they can be calculated
in a Rao-Blackwellized fashion with closed-form expressions instead of high-variance
Monte Carlo estimates. It is important to note while deriving the Eqn. [1.21] we
ignore some terms that purely involve the forward process posteriors as ¢ has no
learnable parameters, so such terms are constants during training.

Now we discuss our choices in pg(x¢|x;_1, %) = N (X¢; g (%41, t—1, %), Xg(x4_1, t—
1,x)) for 1 <t <T. First, we set 3g(x;_1,t — 1) = ¢g*(t)I to untrained time depen-
dent constants. Experimentally, the choice of g(t) = —tlog(t) works the best. This
noise function has an interesting property that noise is absent both at the start and
end points, i.e., g(t) =0 Vt={0,1}.

Second, to represent the mean py(x,t,%x), we propose a specific parame-

terization motivated by the forward process posterior given by Eqn. [1.22, With
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po(Xe|xi_1,%x) = N (x4 g (X¢-1,t — 1,%), g*(t)I), we can write:

1 ~
L(0) = E, WHM(%X, y) — po(xi, 1, x) ||| +C (1.23)

where C' is a constant that does not depend on 6. So, we see that the most
straightforward parameterization of p, is a model that predicts f,, the forward
process posterior mean.

However, we can simplify Eqn. further and obtain a very simple training
loss objective by delving in the term p. We further parameterize the term p, as

follows,

Po(Xe, T, %) = X + (Yo (X:) — %) (1.24)

When we substitute this py(xy, t,x) parameterization in the Eqn. we get
the simplified version of the loss L() as follows,
1 2
I

Lsimple(g) = IEt,xt P YAY ||y - ya((Xt7 t)

270 (1.25)

For training the video prediction model utilizing the above Eqn. 2.9 we obtain the
x; as a function of ¢ by leveraging the Eqn. 2.1} The following equation gives a more

generic form of the final loss function utilized to train the video prediction model,

. Hy (= tx+ty + 205 5

29%(t) V2

GEt,x,y

] (120
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The whole training and sampling pipeline is described in the training Alg. {4, sampling

Alg. [l and depicted in Fig. 2.2]

Algorithm 1 Training of CVP model
1: repeat
20 X, ¥ ~ Qdata(X,y)

3: t ~ Uniform({1,...,7})

4.

)

z ~ N(0,1)
Take gradient descent step on

2
Vosam Iy = yo((1 = )x + ty — (tlog(t)/v2)z,1)|
: until converged

[=p}

Algorithm 2 Sampling Algorithm

I x~ Qdata(x)

2: X=X

3:d= %, Here N denotes number of steps.
4: fort=1,...,N do

5 z~N(0,Id)ift >1,elsez=0

6: Xpy1 = x¢ + (J(x¢4,t) — x)d — tlog(t)z

7: end for

8: return xr

1.4  Experiments

Video prediction task can be defined as given a few context frames, the
model has to predict the subsequent future frames. In this section, we empirically
demonstrate that our approach yields superior results in modeling the video prediction

task.
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1.4.1 Datasets

We chose 4 different types of datasets to demonstrate the efficacy of our
approach. These are standard benchmarks for video prediction tasks. Dataset
lists include KTH action recognition dataset [61], BAIR robot pushing dataset [62],
Human3.6M [63] and UCF101 [2] datasets. Training and architecture-specific details
about the approach are included in the appendix.

KTH Action Recognition Dataset. The KTH action dataset [61] consists of
video sequences of 25 people performing six different actions: walking, jogging,
running, boxing, hand-waving, and hand-clapping. The background is uniform, and a
single person is performing actions in the foreground. The foreground motion of the
person in the frame is fairly regular. The frames in the video for this dataset consist
of a single channel. The spatial resolution of the frames in the video is downsampled
to the size of 64 x 64.

BAIR pushing Dataset. The BAIR robot pushing dataset [62] contains the videos
of table mounted sawyer robotic arm pushing various objects around. The BAIR
dataset consists of different actions given to the robotic arm to perform. The spatial
resolution of the frames in the video is kept to be 64 x 64.

Human3.6M Dataset. Human3.6M [63] dataset consists of 10 subjects performing
15 different actions. The pose information from the dataset was not used in predicting
next frame. The background is uniform, and a single person is performing actions in
the foreground. The foreground motion of the person in the frame is fairly regular.

The frames in the video for this dataset consist of ‘RGB’ channels. The spatial
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resolution of the frames in the video is downsampled to the size of 64 x 64.

UCF101 Dataset. This dataset [2] consists of 13,320 videos belonging to 101
different action classes. The video seems to have a variety of backgrounds and the
frames of the video have three channels, namely ‘RGB’. We reshape the resolution of
frames from the original size of 320 x 240 down to 128 x 128 for our video prediction

tasks. The downsampling is done utilizing the bicubic downsampling.

1.4.2 Metrics

We primarily use the FVD [64] metric to determine the best-performing baseline
when evaluating a video prediction task. FVD metric evaluates a baseline on both
terms, the reconstruction quality and diversity of the generated samples. FVD is
calculated as the frechet distance between the I3D embeddings of generated video
samples and real samples. The 13D network used for obtaining the embeddings for

real and generated video is trained on the Kinetics-400 dataset.

1.5 Setup and Results

Below, we describe in detail how the setup for our experiment looks compared
to baselines. We also showcase our findings about the performance of our method
and comparison to baselines in this section.

KTH action recognition dataset: For this dataset, we adhered to the baseline
setup [50], which utilizes the first 10 frames as context frames. In baseline setup,

these 10 frames are utilized to predict the subsequent 30 and 40 frames. A notable
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Figure 1.3: Figure represents qualitative results of our CVP model on the KTH dataset.
The number of context frames used in the above setting is 4 for all three
sequences. Every 4" predicted future frame is shown in the figure.

4

aspect of our experiment is we only used the last 4 frames from this sequence of
10 frames as context frames in our CVP model, while disregarding the information
in the remaining 6 frames. This decision was taken to maintain consistency with
the experimental setups used in prior baseline methodologies. The outcomes of this
evaluation are summarized in Table. 2.1l

It can be observed from the Table. 2.1, our model’s unique approach requires a
significantly reduced number of frames for training. Contrary to other methods that
train on an additional set of k frames (10[context frames|+k[future frames|), our
model uses just one frame (effectively 4|context frames|+1[future frames|). We employ
the 4 context frames to predict the immediate next frame and then autoregressively
generate either 30 or 40 frames, depending on the evaluation requirement. This
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KTH [10 — #pred; trained on k|| k #pred| FVD| PSNR?T SSIM?}
SVG-LP [46] 10 30 (377 28.1 0.844
SAVP [42] 10 30 (374 26.5 0.756
MCVD [50] 5 30 (323 27.5 0.835
SLAMP [65] 10 30 |228 29.4  0.865
SRVP [66] 10 30 [222 207 0870
RIVER [51] 10 30 |180 30.4 0.86
CVP (Ours) 1 30 |140.6 208 0.872
Struct-vRNN [67] 10 40 1395.0 24.29 0.766
SVG-LP [46] 10 40 |157.9 23.91 0.800
MCVD [50] 5 40 [276.7 26.40 0.812
SAVP-VAE [42] 10 40 |145.7 26.00 0.806
Grid-keypoints [68] 10 40 (1442 27.11 0.837
RIVER [5]] 10 40 |170.5 29.0 0.82
CVP (Ours) 1 40 |120.1 29.2 0.841

Table 1.1: Video prediction results on KTH (64 x 64), predicting 30 and 40 frames using
models trained to predict k frames at a time. All models condition on 10 past
frames on 256 test videos.

methodology is supported by our model’s efficient handling of video sequences as
continuous processes, which eliminates the need for external artificial constraints,
such as temporal attention mechanisms.

The results, as shown in Table [2.1] clearly indicate that our method delivers
state-of-the-art performance when compared to other baseline models. Additionally,
the qualitative results for our CVP model on the KTH dataset can be observed in
Fig. 2.3
BAIR Robot Push dataset: The BAIR Robot Push dataset is characterized by
highly stochastic video sequences. In our study, we adhered to a baseline setup [50]
with three main experimental settings: 1) using only one context frame to predict
the next 15 frames, 2) employing two context frames to predict 14 future frames,
and 3) utilizing two context frames to forecast the next 28 frames. The outcomes of
these approaches are summarized in Table [2.2]

As observed in Table a trend emerges where increasing the number of

frames predicted at a time concurrently results in a degradation of prediction quality.
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This phenomenon is hypothesized to stem from an augmented disparity between
the blocks of context frames and predicted future frames. Specifically, consider the

0:

scenario where two context frames are designated as x*2, corresponding to x in the

context of Eqn2.1} Under the first experimental condition, where the model predicts
a single frame at a time, the future frame prediction block is represented as x'3,
analogous to y in Eqnf2.1] Conversely, in the second condition, where two frames are
predicted simultaneously, the future frame block extends to x%4, again paralleling y
in the equation. This setup implies that in the former setting, interpolation occurs

!and x! — x?), while in

between adjacent frames (i.e., the transition from x° — x
the latter, interpolation spans a two-frame interval (i.e., the transition from x° — x>
and from x' — x3). The expanded interval in the second scenario is posited as the
causative factor for the observed reduction in predictive performance, particularly in
configurations where k = 2 and p = 2.

The results, as shown in Table [2.2] clearly indicate that our method delivers
state-of-the-art performance compared to other baseline models. Additionally, the
qualitative results for our CVP model on the BAIR dataset can be observed in
Fig. 2.4
Human3.6M dataset: Similar to the KTH dataset, the Human3.6M dataset
features actors performing distinct actions against a static background. However,
the Human3.6M dataset distinguishes itself by offering a greater variety of distinct
actions within its videos and providing three-channel video frames, in contrast to the
single-channel frames of the KTH dataset. For evaluating the Human3.6M dataset,

we employed a similar setup to that used for the KTH dataset, where 5 frames are
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Timesteps Progression

Context Frames

Figure 1.4: Figure represents qualitative results of our CVP model on the BAIR dataset.
The number of context frames used in the above setting is two for both sequences.
Every 6" predicted future frame is shown in the figure.

provided as context, and the model predicts the subsequent 30 frames based on these
context frames. The results of this evaluation are summarized in Table 2.4

An analysis of Table reveals that our model, with its unique approach,
requires a significantly lower number of frames for training, needing only a total of
6 frames per block to yield results that are considerably better than those of the
baselines.

The results, as presented in Table [2.4] unequivocally demonstrate that our
method outperforms other baseline models, establishing a new state-of-the-art on
the Human3.6M dataset. Furthermore, the qualitative efficacy of our CVP model on
the Human3.6M dataset is illustrated in Fig. [2.5] showcasing the model’s ability to

effectively capture and predict the dataset’s varied actions.
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BAIR (64 x 64) |p k #pred | FVD]
LVT [69] 1 15 15 | 1258
DVD-GAN-FP @3] |1 15 15 | 109.8
TrIVD-GAN-FP [44] | 1 15 15 | 103.3
VideoGPT [70) 1 15 15 | 1033
CCVS [71] 1 15 15 | 99.0
FitVid [72] 1 15 15 | 936
MCVD [50] 1 5 15 | 895
NUWA [73] 1 15 15 86.9
RaMViD [53] 1 15 15 | 84.2
VDM [52] 1 15 15 | 669
RIVER [5]] 1 15 15 | 735
CVP (Ours) 1 1 15 70.1
DVG [48] 2 14 14 | 1200
SAVP [42] 2 14 14 | 1164
MCVD [50] 2 5 14 87.9
CVP (Ours) 2 2 14 68.2
CVP (Ours) 2 1 14 65.1
SAVP [42] 2 10 28 | 1434
Hier-vRNN [47] 2 10 28 | 1434
MCVD [50] 2 5 28 | 1184
CVP (Ours) 2 2 28 95.1
CVP (Ours) 2 1 28 85.1

Table 1.2: BAIR dataset evaluation. Video prediction results on BAIR (64 x 64) condi-
tioning on p past frames and predicting pred frames in the future, using models
trained to predict k frames at at time.The common way to compute the FVD is
to compare 100x256 generated sequences to 256 randomly sampled test videos.
Best results are marked in bold.

UCF101 dataset: The UCF101 dataset presents a greater level of complexity
compared to the KTH or Human3.6M datasets, owing to its substantially higher
number of action categories, diverse backgrounds, and significant camera movements.
Notably, we only use information from the context frames for our prediction task. No
extra information, like class labels, was used for the prediction task. In evaluating the
UCF101 dataset, we adopted an approach similar to that used for the Human3.6M

dataset, where 5 context frames are provided, and the model is tasked with predicting
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Figure 1.5: Figure represents qualitative results of our CVP model on the Human3.6M
dataset. The number of context frames used in the above setting is 4 for all
three sequences. Every 4" predicted future frame is shown in the figure.

the next 16 frames based on these. The outcomes of this evaluation are detailed in
Table. 2.5

An examination of Table. reveals that our CVP model surpasses the
performance of other baseline models, thereby setting a new benchmark for the
UCF101 dataset. Additionally, the qualitative performance of our CVP model on
the UCF101 dataset is depicted in Fig. [2.6| This illustration showcases the model’s
proficiency in accurately capturing and predicting the diverse range of actions featured

in the dataset.
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Human3.6M ‘p k #pred ‘ FVDJ

SVG-LP [46] 510 30 | 718

Struct-VRNN [67]|5 10 30 |523.4
DVG [48] 510 30 |479.5
SRVP [66] 510 30 |416.5
Grid keypoint [68]|8 8 30 |166.1
CVP (Ours) 51 30 |144.5

Table 1.3: Quantitative comparisons on the Human3.6M dataset. The best results under
each metric are marked in bold.

UCF101 [5 — 16]|p k #pred|[FVD]

SVG-LP [46] 510 16 | 1248
CCVS |71 516 16 | 409
MCVD [50] 55 16 | 387
RaMViD [53] 54 16 | 356

CVP (Ours) 51 16 |245.2

Table 1.4: Video prediction results on UCF (128 x 128), predicting 16 frames. All models
are conditioned on 5 past frames.

1.6 Limitation

While our method demonstrates promising results in video prediction, it is
important to acknowledge its limitations to guide future research and application
development.

A primary limitation of our approach is its reliance on a limited context frame
window for predicting the next frame. Specifically, when a context vector, denoted
as x4, comprising 4 video frames is used, the prediction of the subsequent frame
is entirely dependent on this four-frame window. This model architecture performs
adequately in scenarios involving uniform video sequences. However, its efficacy

diminishes in a setting that requires more context to predict the future frame.

Addressing this limitation requires a more adaptive approach that can handle varying
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Figure 1.6: Figure represents qualitative results of our CVP model on the UCF dataset.
The number of context frames used in the above setting is 5 for all three

sequences. Every 4" predicted future frame is shown in the figure.

contextual information, a challenge we have earmarked for future research.
Another constraint lies in the computational efficiency of our model. Currently,
it necessitates multiple steps to sample a single frame, which could become a
significant bottleneck, especially when a larger number of frame predictions are
required. Although our method is more efficient in terms of the number of steps needed
for frame sampling compared to diffusion-based counterparts, further optimization is
necessary to reduce the computational overhead associated with this process.
Additionally, our experimental setup was constrained by the computational
resources available to us. The model was developed and tested using just two

A6000 GPUs. This limitation raises questions about the potential improvements
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that could be achieved with a more powerful computational setup. A larger model
with an increased number of parameters, trained on more advanced hardware, could
potentially unveil further advancements in video prediction capabilities. We recognize
this as an important area for investigation and encourage labs with more substantial
resources to explore this avenue.

In summary, while our model represents a significant step forward in video pre-
diction, these limitations highlight crucial areas for future research and development,

paving the way for more robust and versatile video prediction models.

1.7 Conclusion

In this work, we have presented a novel model class designed specifically for
video representation, marking a significant advancement in the field of video prediction
tasks. Our comprehensive experimental evaluations across various datasets, including
KTH, BAIR, Human3.6M, and UCF101, have not only validated the effectiveness of
our model but also established new benchmarks in state-of-the-art performance for
video prediction tasks.

A notable aspect of our approach is its efficiency in terms of the required number
of context and future frames for training. Moreover, our model’s continuous video
process capability uniquely operates without the need for additional constraints such
as temporal attention, which are typically employed to ensure temporal consistency.
This aspect of our model underscores its inherent ability to maintain temporal

coherence, further simplifying the video prediction process while enhancing its
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effectiveness.

In conclusion, the innovations introduced in our model offer promising direc-
tions for future research in video representation and prediction. The achievements
demonstrated in this paper not only contribute to the advancement of video predic-
tion methodologies but also open avenues for exploring more efficient and effective

ways of video representation in various real-world applications.

1.8 Broader Impact

We used this method for video prediction; however, such modeling can make
a major impact on many computational photography tasks. Here, one end of the
CVP can be a corrupted image and the other end be a clean ground truth image.
Additionally, a larger model with an increased number of parameters, trained on more
advanced hardware, could potentially have advanced video prediction capabilities.
This can lead to a significant increase in the creation of high-quality artificially
generated content, further compounding the problems of fake content. However, a
positive contribution of this approach can help with its application in autonomous

driving.
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1.9 Appendix

1.9.1 Extended derivations of Eq. ({1.21

Below is a derivation of Eq. (1.21)), the reduced variance variational bound for

our CVP models.
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Both x( and x are observed variable hence, we ignore the first term in the RHS. We

focus on the second term for training the parameters for our CVP models. Therefore,
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the resulting loss function becomes,

L(0) =) Dxrla(xlxi1,%y) || po(xelxi-1,%0)) -

t>1

1.9.2 Extended derivation for Eq. (2.2

Using Eq. (2.2]) we can write the term x;, a; as follows,

xpear = (1= (t+ At))x + (t + At)y

_ (t+ Ab)log(t+ AY)
\/§ t+At

Considering the term (t + At)log(t + At) we simplify further,

(t+ At)log(t + At) =t (1 + %) log ¢ (1 + %) .

(1.27)

if At is infinitesimally small we can write (1 + %) — 1. Using this property we can

rewrite Xy a¢ as,

tlog(t
Xppar = (L= (t+ AL)x + (t + At)y — og(t)

31
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Now, Subtracting x;. a¢(Eq. (1.29)) and x;(Eq. (2.1))) we get,

tlog(t)
X —x; = (y — 0)At — —=2(z — 7 1.30
t+AL t (y ) \/§ ( t+AL t) ( )

Focusing on the term (z;,a; — z;). Here, z;, 2, a¢ ~ N(0, I). Hence, we can write,
(Zernr —24) = V22 where, z ~ N(0, 1) (1.31)
Substituting this result back to Eq. we get the following,
Xerar — Xp = (y — x) At — tlog(t)z. (1.32)
Rearranging the terms we get the Eq. .

1.9.3 Training Details

For the optimization of our model, we harnessed the compute of two Nvidia
A6000 GPUs, each equipped with 48GB of memory, to train our CVP model effectively.
We adopted a batch size of 64 and conducted training for a total of 500,000 iterations.
To optimize the model parameters, we employed the AdamW optimizer. Additionally,
we incorporated a cosine decay schedule for learning rate adjustment, with warm-up
steps set at 10,000 iterations. The maximum learning rate (Max LR) utilized during

training was He-5.
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Module | Type Num Inputs | Num Outputs

Conv2D nxec 128

DownBlock2D 128 128

DownBlock2D 128 128

Encoder DownBlock2D 128 256
DownBlock2D 256 256
AttnDownBlock2D 256 512
ResnetDownsampleBlock2D 512 512
ResnetUpsampleBlock2D 512 512
AttnUpBlock2D 512 512

UpBlock2D 512 256

Decoder UpBlock2D 256 256
UpBlock2D 256 128

UpBlock2D 128 128
Conv2d 128 nxec

Table 1.5: U-NET: We utilize Hugging face diffusers library for our U-Net implementation.
We utilize ‘positional’ type for timestep embeddings. We utilize 4 layers per block.
The target resolution for KTH, BAIR and Human3.6M is kept at 64 x 64 and
128 x 128 for UCF101 dataset. Additionally, we keep the number of timesteps T
as 100 given our compute resources. ¢ denotes the number of channels present in
the frame. n is the number of initial context frames based on which next frame
is predicted,i.e., xO" — xtntl,

1.9.4 Ablation Studies

In this section, we present a series of ablation studies conducted to ascertain
the impact of various components in our proposed methodology. These studies focus
on three primary aspects: the modification of the noise schedule denoted as g(t), the
variation in the number of sampling steps, and the exploration of different strategies
for sampling the timestep . Our experimental framework utilizes the KTH dataset
for these evaluations.

The outcomes of these experiments are systematically tabulated in Table. [I.7]

offering a comprehensive view of the results. The key insights derived from these
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Method Sampling(Steps/Frame) Time Taken(hrs)

MCVD 100 2
RaMVID 500 7.2
Ours 25 0.45

Table 1.6: Comparison with baselines on sampling steps and sampling time required for
BAIR robot push dataset.

ablation studies are threefold. Firstly, our analysis underscores the criticality of
sampling the timestep ¢ from a uniform square root distribution, specifically ¢ ~
\/m . This approach appears to significantly influence the model’s performance.

Secondly, regarding the noise schedule g(t), we find that the optimal formulation
for the task of video prediction is given by g(t) = %g(t). This particular noise
schedule is characterized by a zero initial and final noise level, with a peak near
t = 0. Such a configuration is advantageous for our application.

Thirdly, our results, as detailed in Table [I.7] indicate that an increase in the
number of sampling steps beyond 25 does not substantially improve the outcome. Our
method outperforms MCVD by producing higher-quality frames in just 25 sampling
steps, a 75% reduction compared to its 100 steps. This efficiency is attributed to
our CVP method, which retains information from preceding frames, eliminating the
need for regeneration from a Gaussian noise vector. Refer to the Table for more
details.

In summary, these ablation studies provide valuable insights into the dynamics

of our model under varying conditions, highlighting the importance of specific

parameter settings and offering guidance for future research directions.
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KTH Noise Sampling t FVDJ
Schedule(v/2g(t)) steps  Distrbution
] 25 uo,1] |348.2
sin(rt) 25 ulo,1] |278.2
sin(rt) 95 U0, 1] |237.7
t sin(7rt) 25 ulo,1] |240.7
tsin(mt) 25 VU[0,1] |208.4
CVP ) 25 U[0,1 |209.6
Model HI—¢t) 25  JU[0,1] |187.8
Ablations —tlog(t) 25 ulo,1] |190.4
—tlog(t)x 25% U[0,1]x |140.6x
—tlog(t) 5 VU1 |165.7
—tlog(t) 10 U0, 1] |144.3
—tlog(t) 50 Vvulo,1] |139.4

Table 1.7: Ablation study: Video prediction results on KTH (64 x 64), predicting 30
frames. All models condition on 4 past frames on 256 test videos. The method
with settings marked with * is reported in the main paper.
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Chapter 2: Efficient Continuous Video Flow Model for Video Prediction

2.1 Introduction

Videos serve as digital representations of the continuous real world. However,
due to inherent camera limitations, particularly fixed framerate constraints, these
continuous signals are discretized in the temporal domain when captured. This
temporal discretization, while often overlooked in generative video modeling, presents
significant challenges. Current approaches, such as diffusion-based models, generally
focus on generating the next frame in a sequence based on a given context frame,
neglecting intermediate moments between frames (e.g., predicting frames at 7'+ 0.5 or
T +0.25 given a context frame at T"). In this work, we aim to address the limitations
imposed by such discretization during the generative modeling of videos.

Diffusion models have emerged as a state-of-the-art technique for video genera-
tion, but they face computational challenges, particularly in inference time. High
fidelity inferences from diffusion models require hundreds or even thousands of sam-
pling steps, which may be feasible for single-image generation but becomes prohibitive
for video generation, where thousands of frames must be generated for even a short
video. The naive adaptation of diffusion models for video tasks results in significant

computational bottlenecks during inference, especially in production settings. To
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address this issue, we propose a method that reduces the need for extensive sampling
by starting the process from previous context frames rather than from an analytical
distribution. This continuous modeling approach not only reduces the number of
sampling steps but also enhances fidelity and reduces the model’s parameter count.

Our proposed method introduces a continuous process that treats video frames
as multi-dimensional endpoints. Starting with two consecutive frames, we pass
them through an encoder network to obtain their latent embeddings. We then
interpolate between these endpoints using a noise schedule that applies zero noise at
the boundaries, thus ensuring the existence of p(x;) at all points. This continuous
framework, grounded in Gaussian approximations between frames, builds on existing
diffusion models for images while extending their applicability to videos.

In summary, our contributions are as follows:

e We introduce a novel approach for representing videos as multi-dimensional

continuous processes in latent space.

e We empirically demonstrate that our model requires fewer sampling steps,
reducing inference-time computational overhead without compromising result

fidelity.

e By reducing the memory footprint of frames in latent space, our model can

predict future frames over a longer context sequence.

e Our approach requires fewer parameters compared to state-of-the-art video

prediction models.
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Diffusion - Conditional Generation Our Novel Approach Video Prediction

Figure 2.1: Fig. (a) represents a naive adaptation of the diffusion model for the video
prediction task. Here, the sampling process always starts from a Gaussian
distribution, and sampling steps are taken in the direction of conditional
distribution given by Xj;1|X;. Here, Xj;1 denotes frame at time j + 1. In
contrast, Fig. (b) introduces our Continuous Video Flow (CVF) approach, which
reimagines the problem by treating video not as a discrete sequence of frames but
as a continuously evolving process. Instead of starting from a static Gaussian
distribution for each sampling step, CVF models the underlying dynamics of the
entire video, learning to predict changes smoothly over time. This continuous
framework allows the model to better capture temporal coherence and evolution,
leading to more accurate and fluid video predictions.

o We demonstrate state-of-the-art performance across several video prediction
benchmarks, including KTH action recognition, BAIR robot push, Human3.6M,

and UCF101 datasets.

2.2  Related Works

Predicting future frames from past observations is a fundamental task in video
understanding, critical for domains requiring accurate modeling of multi-modal future
outcomes, such as autonomous driving. Early approaches, such as those by Yuen et
al. [31] and Walker et al. [32], tackled this problem by matching observed frames to
predict future states, primarily relying on symbolic trajectories or directly retrieved

future frames from datasets. While these methods laid important groundwork, their
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predictions were constrained by the deterministic nature of their models, limiting
their ability to capture the inherent uncertainty of future frames.

The introduction of deep learning marked a significant advancement in this
area. Srivastava et al. [33] pioneered the use of multi-layer LSTM networks, which
focused on deterministic representation learning for video sequences. Building upon
this, subsequent work explored more complex and stochastic methods. For instance,
studies such as [34], 35, 136, 37, 38, 39, [40] shifted towards incorporating stochastic
processes to better model the uncertain nature of future frame predictions. This
transition represents a growing recognition in the field: capturing uncertainty is
essential for more accurate and robust future frame prediction.

Research in video prediction has advanced along two primary directions: im-
plicit and explicit probabilistic models. Implicit models, particularly those rooted
in Generative Adversarial Networks (GANs) [41], have been widely explored but
frequently encounter difficulties with training stability and mode collapse—where
the model disproportionately focuses on a limited subset of data modes [42 43, [44].
These limitations have motivated increased interest in explicit probabilistic methods,
which offer a more controlled approach to video prediction.

Explicit methods cover a spectrum of techniques, such as Variational Au-
toencoders (VAEs) [45], Gaussian processes, and diffusion models. VAE-based
approaches to video prediction [42] 46, [47]| often produce results that average multi-
ple potential outcomes, resulting in lower-quality predictions. Gaussian process-based
models [48] 49], while effective on small datasets, struggle with scalability due to the

computational expense of matrix inversions required for training likelihood estima-
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tions. Attempts to circumvent this limitation usually result in reduced predictive
accuracy.

Diffusion models |50, 51}, 52], 53] have emerged as a powerful alternative, pro-
viding high-quality samples and mitigating issues like mode collapse. These models
leverage multi-step denoising, ensuring more consistent predictions. However, main-
taining temporal coherence across frames requires additional constraints, such as
temporal attention blocks, which can significantly increase computational demands.

An emerging method, the continuous video process [74], conceptualizes videos
as continuously evolving data streams. This approach efficiently utilizes redundant
information in video frames to reduce the time needed for inference. Despite its
promise, this method relies on pixel-space blending between consecutive frames,
leading to suboptimal redundancy exploitation. Our approach [75] instead performs
blending in the latent space, facilitating improved semantic interpolation between
frames, as evidenced by previous work [74].

Finally, recent advancements such as InDI [59], rectified flow methods |76}, [77],
and Cold Diffusion [60] propose alternative diffusion-based strategies, though their
focus has predominantly been on image generation and computational photography.
In contrast, our approach extends these ideas to video prediction, achieving a balance

between computational efficiency and temporal consistency.
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Figure 2.2: Overview of the Continuous Video Flow (CVF) framework. (a) Stage
1 depicts the auto-encoding process where input video frames X; are passed
through an encoder (Enc) and decoder (Dec) to reconstruct X;. (b) Stage 2
illustrates the forward and reverse processes in the latent space. In the forward
process, latent embeddings z7, ..., z; are generated through a fixed process
given by Eqn The reverse process involves sampling 2j,1 from z; through
the learned process py for continuous video frame prediction. (c) The full
pipeline of CVF, showing how frame X is passed through the encoder to obtain
latent embedding z; and Z;41, which is then used for decoding to obtain X J+1
frame.
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2.3 Method

Videos contain significant redundancy at the pixel level, and directly inter-
polating between frames in pixel space often results in blurry intermediate frames.
To address both the redundancy and interpolation issues, we encode the frames
into a latent space. This encoding offers two key benefits - First, Compression:
Reduces irrelevant pixel information. Second, Semantic Interpolation: Ensures
that interpolation in the latent space corresponds to more meaningful, semantic
transitions between frames [78]. In addition, encoding frames into the latent space

allows for a larger context window when performing video prediction tasks.

2.3.1 Video Prediction Framework

Let V = {x!}¥, be a video sequence where each frame x/ € R*"*% is a tensor
representing the frame at timestep j. Our video prediction framework consists of

two main stages:

Stage 1: Encoding in Latent Space. Each frame in the sequence is encoded into the
latent space using a pre-trained autoencoder [79]. The encoder processes the video
sequence V and produces a corresponding sequence of latent representations, frame

by frame.

Stage 2: Continuous Process in Latent Space. Once the frames are encoded in latent

space, we model the sequence as a continuous process. Specifically, the interpolation
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between consecutive latent frames z’ and z’*! is given by:

B zflog(zf)E

V2

z; = (1 —t)z, + tz, (2.1)

where e ~ N(0, ) denotes white noise. This process ensures smooth transitions
between frames in latent space. At ¢t = 0, we retrieve the latent z7, and at t = 1, we

retrieve the latent z/*1.

2.3.2 Forward and Reverse Process

We utilize a forward process to transition from latent z, to latent z, over time
t. The forward process starts at t = T" with latent z, and moves to ¢t = 0 for latent

Z., as described by:

Ziiar = 2t + (2, — 2,) At — tlog(t)e (2.2)

From this, the forward process posterior is:

Q(Zt+1|Zt7 Zy, Zy) = N<Zt+1; [L(Zt’ Zy, Zy)? 92(t)]) (23)

where g(t) = —tlog(t) and ji(z¢, 2., zy) = z¢ + (2, — Zy).
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2.3.3 Likelihood and Variational Bound

We model the continuous process in latent space through the following likelihood

function:

po(zr) = /Pe(Zo:T) dzo.r—1 (2.4)

To train the model, we minimize the negative log-likelihood. The training objective

involves minimizing the following variational bound:

E[~ log po(zr)] < E, [— log —La(Z0T)_ (25)

C](ZO:T—l |ZT)

which can be simplified following the paper [74]:

L(0) = ) KL(q(2i|2e1, 20, 2,)||po(2|2i-1, 2,)) (2.6)

t>1

Here, the KL divergence compares the forward process posterior with the reverse

process model.
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2.3.4 Reverse Process

We assume a Markov chain structure for the reverse process, meaning that the

current state depends only on the previous timestep:

po(Zo1) Po(Zt|Zs1)

H:ﬂ

The reverse process is modeled as a Gaussian distribution:

Po(zi-1|2¢) = N(Zt; Mo(2zi1,t — 1), 92(75)1)

2.3.5 Training Objective

The training objective simplifies to:

1
Lsim e 9 = E Zt | 9/ )
pl ( ) t, 292(t) sz (Zt )H

where g(t) = —tlog(t) controls the noise added at each timestep.

(2.7)

(2.8)

(2.9)

We use the

interpolation function in Eqn. to model the intermediate frames during training.

Final Loss Function. The final training objective to optimize the video prediction

model is given by:

1

9E —_—
t’ i 29 ()

z, — zg((1 — t)z, + tz, +
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Algorithm 3 Sampling Algorithm Algorithm 4 Training of CVF model

1: Z; ~ qdata(Zz) 1: repeat
2: Zg = Enc(x) 2 Xy~ Qdata( Y)
3:d = %, Here N denotes number o Zz:Zy ~ Enc(x),Enc( )
of steps. 4: t ~ Uniform({1,...,T})
4: fort=1,...,N do 5: ffr\l;N(OijI) .
5. e~ N(0,Id) ift > 1, else e =0 6 a?gra 16Nt descent step on )
6: 2z = 2¢ + (G2, t) — 25)d — tlog(t)e Vosga 12y — 20 (1 = )2z + tzy — (tlog(t)/v2)e, t) |
7: end for 7: until converged
8: return Dec(zr)

The entire training and sampling pipeline is described in Algorithm 4] and

Algorithm [3] and visualized in Figure [2.2]

2.4 Experiments

The video prediction task is defined as predicting future frames from a given
sequence of context frames. In this section, we empirically validate the performance of
our proposed method, demonstrating its superior results in modeling video prediction

tasks across diverse datasets.

2.4.1 Datasets

We employ four standard benchmarks to evaluate the efficacy of our approach:
KTH Action Recognition, BAIR Robot Pushing, Human3.6M, and UCF101. Each
of these datasets presents unique challenges for video prediction, allowing for a
comprehensive assessment of our method’s robustness. Training protocols and
architecture specifics are provided in the appendix.

KTH Action Recognition Dataset: This dataset [61] contains video sequences
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of 25 individuals performing six actions—walking, jogging, running, boxing, hand-
waving, and hand-clapping. The videos feature a uniform background with a single
person performing the action in the foreground, offering relatively regular motion
patterns. Each video frame is downsampled to a spatial resolution of 64 x 64 and is
represented as a single-channel image.

BAIR Robot Pushing Dataset: The BAIR dataset [62] captures a Sawyer robotic
arm pushing various objects on a table. It includes different robotic actions, providing
a dynamic and controlled environment. The resolution of the video frames is also
64 x 64.

Human3.6M Dataset: Human3.6M [63] features 10 subjects performing 15 different
actions. Unlike other works, we exclude pose information from the prediction task,
focusing solely on video frame data. The dataset offers regular foreground motion
against a uniform background, with video frames in RGB format and downsampled
to 64 x 64.

UCF101 Dataset: UCF101 [2] consists of 13,320 videos spanning 101 action
classes. This dataset introduces a diverse range of backgrounds and actions. Each
frame is resized from the original resolution of 320 x 240 to 128 x 128 using bicubic

downsampling, retaining all three RGB channels.

2.4.2 Metrics

For performance evaluation, we use the Fréchet Video Distance (FVD) [64]

metric, which assesses both reconstruction quality and diversity in generated samples.
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Figure 2.3: Figure represents qualitative results of our CVF model on the KTH dataset.
The number of context frames used in the above setting is 4 for all three
sequences. Every 4" predicted future frame is shown in the figure.

The FVD computes the Fréchet distance between 13D embeddings of generated and
real video samples. The I3D network is pretrained on the Kinetics-400 dataset to

provide reliable embeddings for this metric.

2.5 Setup and Results

In this section, we detail the experimental setup, comparing our method to
existing baselines. We then present the performance of our approach across all
datasets, analyzing both quantitative metrics and qualitative results.

KTH Action Recognition Dataset: For this dataset, we followed the baseline
setup from [74], which uses the first 10 frames as context to predict the subsequent 30

or 40 future frames. A key distinction in our experiment is that, instead of utilizing
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KTH [10 — #pred; trained on k|| k #pred| FVD| PSNR1 SSIM1
SVG-LP [40] 10 30 |377  28.1 0.844
SAVP [42] 10 30 (374 26.5 0.756
MCVD [50] 5 30 |323 275 0.835
SLAMP [65] 10 30 |228 29.4  0.865
SRVP [66] 10 30 |222 29.7 0.870
RIVER [51] 10 30 |180 30.4 0.86
CVP [74] 1 30 [140.6 29.8 0.872
CVF (Ours) 1 30 |108.6 30.6 0.891
Struct-vRNN [67] 10 40 [395.0 24.29 0.766
SVG-LP [46] 10 40 |157.9 23.91 0.800
MCVD [50] 5 40 |276.7 26.40 0.812
SAVP-VAE [42] 10 40 |145.7 26.00 0.806
Grid-keypoints [68] 10 40 |144.2 27.11 0.837
RIVER [51] 10 40 |170.5 29.0 0.82
CVP [74] 1 40 (120.1 29.2 0.841
CVF (Ours) 1 40 |100.8 29.7 0.852

Table 2.1: Video prediction results on KTH (64 x 64), predicting 30 and 40 frames using
models trained to predict k£ frames at a time. All models condition on 10 past
frames on 256 test videos.

all 10 context frames, we only use the last 4 frames as context in our CVF model,
deliberately discarding the first 6 frames. This choice aligns with prior methodologies
and allows a fair comparison. The results of our evaluation are summarized in Table
2.1

From Table[2.]] it is evident that our model achieves superior performance while
requiring fewer training frames. Unlike other approaches that rely on a larger number
of frames for both context and future predictions (e.g., 10 context frames plus k
future frames), our model operates effectively with just 4 context frames and 1 future
frame. Specifically, we predict the immediate next frame using 4 context frames and
then autoregressively generate 30 or 40 future frames, depending on the evaluation
setting. This efficiency stems from our model’s continuous sequence processing

capabilities, which avoid the need for explicit temporal attention mechanisms or
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artificial constraints.
The results, as presented in Table [2.1] confirm that our method delivers state-
of-the-art performance relative to baseline models. Qualitative results of our CVF

model on the KTH dataset are shown in Fig. 2.3

BAIR (64 x 64) |p k #pred | FVD|
LVT [69] 1 15 15 125.8
DVD-GAN-FP [43] |1 15 15 109.8
TrIVD-GAN-FP [44] | 1 15 15 103.3
VideoGPT [70] 1 15 15 103.3
CCVS |71] 1 15 15 99.0
FitVid [72] 1 15 15 93.6
MCVD [50] 1 5 15 89.5
NUWA [73] 1 15 15 86.9
RaMViD [53] 1 15 15 84.2
VDM [52] 1 15 15 66.9
RIVER [51] 1 15 15 73.5
CVP [74] 1 1 15 70.1
CVF (Ours) 1 1 15 65.8
DVG [48] 2 14 14 | 1200
SAVP [42] 2 14 14 | 1164
MCVD [50] 2 5 14 87.9
CVP [74] 2 1 14 65.1
CVF(Ours) 2 1 14 61.2
SAVP [42] 2 10 28 143.4
Hier-vRNN [47] 2 10 28 143.4
MCVD [50] 2 5 28 118.4
CVP [74] 2 1 28 85.1
CVF (Ours) 2 1 28 78.5

Table 2.2: BAIR dataset evaluation. Video prediction results on BAIR (64 x 64) condi-
tioning on p past frames and predicting pred frames in the future, using models
trained to predict k frames at at time.The common way to compute the FVD is
to compare 100x256 generated sequences to 256 randomly sampled test videos.
Best results are marked in bold.

BAIR Robot Push Dataset: The BAIR Robot Push dataset is known for its
highly stochastic video sequences. In line with previous studies [74], we experimented

with three different setups: 1) using one context frame to predict the next 15 frames,
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2) using two context frames to predict 14 future frames, and 3) using two context
frames to predict 28 future frames. The results for these settings are detailed in
Table 2.2

As shown in Table 2.2] there is a clear trend where increasing the number of
predicted frames leads to a gradual decline in prediction quality. This performance
drop is likely due to an increasing mismatch between the context frames and the
predicted future frames. For instance, when using two context frames, denoted as
x"2 to predict a single future frame, the prediction block is represented as z'*3,
aligning with the setup in Eqnf2.1} In the second scenario, where two frames are

2:4

predicted, the future block extends to x This setup means that in the first

I and

condition, interpolation occurs between adjacent frames (i.e., from z° — z
z! — 2z?), while in the second condition, interpolation spans a larger gap (e.g.,
z° — z% and z' — z3). This extended gap likely contributes to the observed decrease
in predictive performance, particularly when £ = 2 and p = 2.

As indicated in Table[2.2] our method consistently outperforms baseline models.
Qualitative results of our CVF model on the BAIR dataset can be seen in Fig. [2.4]

Table[2.3highlights the superior efficiency of the proposed CVF model compared
to diffusion based baselines across key metrics. CVF has the fewest parameters
and requires only 5 sampling steps per frame. This makes CVF highly efficient and
practical for video prediction tasks, where speed and resource efficiency are critical.
Human3.6M Dataset: Like the KTH dataset, the Human3.6M dataset features
actors performing distinct actions against a static background. However, Human3.6M

provides a broader range of actions and includes three-channel RGB video frames,
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Figure 2.4: Figure represents qualitative results of our CVF model on the BAIR dataset.

The number of context frames used in the above setting is two for both sequences.
Every 6" predicted future frame is shown in the figure.

BAIR ‘# Params‘ # Sampling(Steps/Frame) Time Taken(in hrs)
MCVD [50] 251M 100 2
RaMViD [53] | 235M 500 7.2

CVP [74] 118M 25 0.45

CVF (Ours)| 40M 5 0.112

Table 2.3: Comparison with baselines on number of parameters, sampling steps and sam-
pling time required for BAIR robot push dataset.

whereas KTH offers single-channel frames. For our evaluation, we adopted a setup
similar to that used for KTH, providing 5 context frames and predicting the sub-
sequent 30 future frames. The results of this evaluation are summarized in Table
24

From Table it is clear that our model requires significantly fewer training
frames to achieve superior results. Specifically, it only uses 6 frames per block (5
context frames and 1 future frame), yet delivers performance that surpasses the

baseline methods.
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Figure 2.5: Figure represents qualitative results of our CVF model on the Human3.6M
dataset. The number of context frames used in the above setting is 4 for all
three sequences. Every 4" predicted future frame is shown in the figure.

The results, as shown in Table demonstrate that our approach outperforms
existing models, establishing a new state-of-the-art on the Human3.6M dataset.
Additionally, the qualitative results in Fig. highlight our CVF model’s ability
to accurately capture and predict the diverse actions within the dataset, further
showcasing its effectiveness.

UCF101 Dataset: The UCF101 dataset introduces a significantly higher level
of complexity compared to the KTH and Human3.6M datasets, primarily due to
its large variety of action categories, diverse backgrounds, and pronounced camera
movements. For our frame-conditional generation task, we strictly utilize information
from the context frames, without leveraging any additional data, such as class labels,
for the prediction task. Our evaluation setup mirrors that used for the Human3.6 M

dataset, where 5 context frames are provided, and the model is tasked with predicting
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Human3.6M ‘p k #pred ‘ FVDJ

SVG-LP [46] 510 30 | 718
Struct-VRNN [67]|5 10 30 |523.4
DVG [48] 510 30 |479.5
SRVP [66] 510 30 |416.5
Grid keypoint [68]|8 8 30 |166.1
CVP [74] 51 30 |144.5
CVF(Ours) 51 30 |120.2

Table 2.4: Quantitative comparisons on the Human3.6M dataset. The best results under
each metric are marked in bold.

UCF101 [5 — 16]|p k #pred|[FVD]

SVG-LP [46] 510 16 | 1248
CCvs |71 516 16 | 409
MCVD [50] 55 16 | 387
RaMViD [53] 54 16 | 356
CVP [74] 51 16 |245.2
CVF(Ours) 51 16 |221.7

Table 2.5: Video prediction results on UCF (128 x 128), predicting 16 frames. All models
are conditioned on 5 past frames.

the subsequent 16 frames. The results of this evaluation are presented in Table [2.5]

Upon analyzing Table it is evident that our CVF model outperforms all
baseline models, setting a new state-of-the-art benchmark for the UCF101 dataset.
Furthermore, the qualitative results shown in Fig. [2.6] demonstrate the model’s ability
to effectively capture and predict the diverse actions present in this challenging

dataset, even without the use of external information like class labels.

2.6 Limitation

While our method demonstrates strong performance in video prediction, it is

essential to acknowledge certain limitations that point toward avenues for future
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Figure 2.6: Figure represents qualitative results of our CVF model on the UCF dataset.
The number of context frames used in the above setting is 5 for all three
sequences. Every 4t" predicted future frame is shown in the figure.

work.

First, a key limitation lies in computational efficiency. Although our approach
requires fewer sampling steps compared to traditional diffusion-based models, generat-
ing each frame still demands a sequential process that can become a bottleneck when
scaling to longer video sequences or real-time applications. Further optimization,
particularly in reducing the number of sampling steps and computational overhead,
remains an open challenge.

Second, our experiments were constrained by computational resources, utilizing
only two A6000 GPUs. With access to more powerful hardware or distributed
computing, there may be potential for significant gains in both model complexity and

performance. We encourage future research to investigate the model’s behavior on
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larger datasets and with more substantial computational resources, as these factors

could reveal additional improvements in video prediction quality.

2.7 Conclusion

In this work, we introduced a novel model architecture designed to more ef-
fectively leverage video representations, marking a significant contribution to video
prediction tasks. Through extensive experimental evaluation on diverse datasets,
including KTH, BAIR, Human3.6M, and UCF101, our approach consistently demon-
strated superior performance, setting new benchmarks in state-of-the-art video
prediction.

A key strength of our model is its efficient utilization of parameters and
significantly lower number of sampling steps during inference compared to existing
methods. Notably, our model’s ability to treat video as a continuous process
eliminates the need for additional constraints, such as temporal attention mechanisms,
which are often used to enforce temporal consistency. This highlights the model’s
inherent capacity to maintain temporal coherence naturally, streamlining the video

prediction process while improving both efficiency and predictive accuracy.

o6



Chapter 3: Diverse Video Generation using a Gaussian Process Trigger

3.1 Introduction

Humans are often able to imagine multiple possible ways that the scene can
change over time. Modeling and generating diverse futures is an incredibly challenging
problem. The challenge stems from the inherent multi-modality of the task, i.e.,
given a sequence of past frames, there can be multiple possible outcomes of the future
frames. For example, given the image of a “person holding a cup” in Figure. 3.1 most
would predict that the next few frames correspond to either the action “drinking
from the cup” or “keeping the cup on the table.” This challenge is exacerbated by
the lack of real training data with diverse outputs — all real-world training videos
come with a single real future and no “other" potential futures. Similar looking past
frames can have completely different futures (e.g., Figure. 3.1)). In the absence of
any priors or explicit supervision, the current methods struggle with modeling this
diversity. Given similar looking past frames, with different futures in the training
data, variational methods, which commonly utilize [45], tend to average the results
to better match to all different futures [34], 42}, [46], 80, RI]. We hypothesize that
explicit modeling of future diversity is essential for high-quality, diverse future frame

generation.
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Past Potential Future 1 Potential Future 2

Person Holding Cup Person Keeping Cup on the Table Person Drinking from the Cup

Figure 3.1: Given “person holding cup,” humans can often predict multiple possible futures
(e.g.,“drinking from the cup” or “keeping the cup on the table.”).

In this paper, we model the diversity of the future states, given past context,
using Gaussian Processes (GP) [82], which have several desirable properties. They
learn a prior on potential future given past context, in a Bayesian formulation. This
allows us to update the distribution of possible futures as more context frames are
provided as evidence and maintain a list of potential futures (underlying functions
in GP). Finally, our formulation provides an interesting property that is crucial to
generating future frames — the ability to estimate when to generate a diverse output
vs. continue an on-going action, and a way to control the predicted futures.

In particular, we utilize the variance of the GP at any specific time step as
an indicator of whether an action sequence is on-going or finished. An illustration
of this mechanism is presented in Figure. . When we observe a frame (say at
time t) that can have several possible futures, the variance of the GP model is high
(Figure. (left)). Different functions represent potential action sequences that can
be generated, starting from this particular frame. Once we select the next frame (at
t+2), the GP variance of the future states is relatively low (Figure. (center)),
indicating that an action sequence is on-going, and the model should continue it as
opposed to trying to sample a diverse sample. After the completion of the on-going

sequence, the GP variance over potential future states becomes high again. This

o8



implies that we can continue this action (i.e., pick the mean function represented by
the black line in Figure. (center)) or try and sample a potentially diverse sample
(i.e., one of the functions that contributes to high-variance). This illustrates how
we can use GP to decide when to trigger diverse actions. An example of using GP
trigger is shown in Figure. (right), where after every few frames, we trigger a
different action.

Now that we have a good way to model diversity, the next step is to generate
future frames. Even after tremendous advances in the field of generative models
for image synthesis [42], 46], 80, 83, [84], 85], 86], 87, 88], the task of generating future
frames (not necessarily diverse) conditioned on past frames is still hard. As opposed
to independent images, the future frames need to obey potential video dynamics that
might be on-going in the past frames, follow world knowledge (e.g., how humans and
objects interact), etc.. We utilize a fairly straightforward process to generate future
frames, which utilizes two modules: a frame auto-encoder and a dynamics encoder.
The frame auto-encoder learns to encode a frame in a latent representation and
utilizes it to generate the original frame back. The dynamics encoder learns to model
dynamics between past and future frames. We learn two independent dynamics
encoders: an LSTM encoder, utilized to model on-going actions and the GP encoder
(similar to [33]), and a GP encoder, utilized to model transitions to new actions. The
variance of this GP encoder can be used as a trigger to decide when to sample new
actions. We train this framework end-to-end. We first provide an overview of GP
formulation and scalable training techniques in §3.3] and then describe our approach
in §3.4
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Comprehensively evaluating diverse future frames generation is still an open
research problem. Following recent state-of-the-art, we will evaluate different aspects
of the approach independently. The quality of generated frames is quantified us-
ing image synthesis/reconstruction per-frame metrics: SSIM [39, [89], PSNR, and
LPIPS [90, OT], 02]. The temporal coherence and quality of a short video clip (16
neighboring frames) are jointly evaluated using the FVD [64] metric. However, high-
quality, temporarily coherent frame synthesis does not evaluate diversity in predicted
frames. Therefore, to evaluate diversity, since there are no multiple ground-truth
futures, we propose an alternative evaluation strategy, inspired by [55]: utilizing
action classifiers to evaluate whether an action switch has occurred or not. A change
in action indicates that the method was able to sample a diverse future. Together,
these metrics can evaluate if an approach can generate multiple high-quality frames
that temporally coherent and diverse. Details of these metrics and baselines, and
extensive quantitative and qualitative results are provided in §3.5

To summarize, our contributions are: (a) modeling the diversity of future states
using a GP, which maintains priors on future states given the past frames using a
Bayesian formulation (b) leveraging the changing GP distribution over time (given
new observed evidence) to estimate when an on-going action sequence completes and
using GP variance to control the triggering of a diverse future state. This results in
state-of-the-art results on future frame generation. We also quantify the diversity of

the generated sequences using action classifiers as a proxy metric.
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Figure 3.2: An illustration of using GP variance to control sampling on-going actions wvs.
new actions.

3.2 Related work

Understanding and predicting the future, given the observed past, is a funda-
mental problem in video understanding. The future states are inherently multi-modal
and capturing their diversity finds direct applications in many safety-critical ap-
plications (e.g., autonomous vehicles), where it is critical to model different future
modes. Farlier techniques for future prediction [31], [32] relied on searching for
matches of past frames in a given dataset and transferring the future states from
these matches. However, the predictions were limited to symbolic trajectories or
retrieved future frames. Given the modeling capabilities of deep representations,
the field of future frame prediction tremendous progress in recent years. One of
the first works on video generation [33] used a multi-layer LSTM network to learn
representations of video sequences in a deterministic way. Since then, a wide range of
papers [34] 35, [36] 37, B8, 39, [40] have built models that try to incorporate stochas-
ticity of future states. Generally, this stochasticity lacks diverse high-level semantic
actions.

Recently, several video generation models have utilized generative models,
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like variational auto-encoders (VAEs) [45] and generative adversarial networks
(GANSs) [41], for this task. Onme of the first works by Xue et al. [93] utilized a
conditional VAE (cVAE) formulation to learn video dynamics. Similar to our ap-
proach, their goal was to model the frame prediction problem in a probabilistic
way and synthesizing many possible future frames from a single image. Since then,
several works have utilized the cVAE for future generation [46], 80]. The major
drawback of using the cVAE approach is that its objective function marginalizes
over the multi-modal future, limiting the diversity in the generated samples [94].
GAN-based models are another important class of synthesis models used for future
frame prediction or video generation [83], 84 85, [86, 87, 88]. However, these models
are very susceptible to mode collapse [95], i.e., the model outputs only one or a few
modes instead of generating a wide range of diverse output. The problem of mode
collapse is quite severe for conditional settings, as demonstrated by [96, 97, [98]. This
problem is worse in the case of diverse future frame generation due to the inherent
multi-modality of the output space and lack of training data.

Another class of popular video generation models is hierarchical prediction [54]
59, 56, [57]. These models decompose the problems into two steps. They first predict
a high-level structure of a video, like a human pose, and then leverage that structure
to make predictions at the pixel level. These models generally require additional
annotation for the high-level structure for training.

Unlike these approaches, Our approach explicitly focuses on learning the
distribution of diverse futures using a GP prior on the future states using a Bayesian
formulation. Moreover, such GP approaches have been used in the past for modeling
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the human dynamics as demonstrated by [99, 100, 1T01]. However, due to the
scalability issues in GP, these models were limited to handling low dimensional data,
like human pose, lane switching, path planning, etc. To the best of our knowledge,
ours is the first approach that can process video sequences to predict when an

on-going action sequence completes and control the generation of a diverse state.

3.3 Review of Gaussian Process

A Gaussian process (GP) [82] is a Bayesian non-parametric approach that learns
a joint distribution over functions that are sampled from a multi-variate normal
distribution. Consider a data set consisting of n data-points {inputs, targets}?,
abbreviated as {X,Y}}, where the inputs are denoted by X = {xi,...,%,}, and
targets by Y = {y1,...,¥n}. The goal of GP is to learn an unknown function f
that maps elements from input space to a target space. A GP regression formulates
the functional form of f by drawing random variables from a multi-variate normal
distribution given by [f(x1), f(X2),. .., f(xn)] ~ N (p, Kx x), with mean p, such
that p; = pu(x;), and Kx x is a covariance matrix. (Kx x)i;; = k(x;,%;), where k(-)
is a kernel function of the GP. Assuming the GP prior on f(X) with some additive

Gaussian white noise y; = f(x;) + ¢, the conditional distribution at any unseen
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points X, is given by:

£.|X., X, Y ~ N(EIf.], Covf.]), where (3.1)
E[f.] = px. + Kx. x[Kxx +*[]7'Y

Covlf.) = Kx, x. — Kx, x[Kxx + 0°I)] ' Kx x.

3.3.1 Learning and Model Selection

We can derive the marginal likelihood for the GP by integrating out the f(x)
as a function of kernel parameters alone. Its logarithm can be defined analytically

as:

1 _
log (p (VX)) = -5 (YT (Ko +0°1) 'Y +log | Ky + UQID + const, (3.2)
where 6 denotes the parameters of the covariance function of kernel Kx y . Notice
that the marginal likelihood involves a matrix inversion and evaluating a determinant
for n x n matrix. A naive implementation would require cubic order of computations
O(n?) and O(n?) of storage, which hinders the use of GP for a large dataset. However,

recent researches have tried to ease these constraints under some assumptions.

3.3.2 Scalable GP

The model selection and inference of GP requires a cubic order of computations

O(n?) and O(n?) of storage which hinders the use of GP for a large dataset. Titsias
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[102] proposed a new variational approach for sparse approximation of the standard
GP which jointly infers the inducing inputs and kernel hyperparameters by optimizing
a lower bound of the true log marginal likelihood, resulting in O(nm?) computation,
where m < n. Hensman et al. [I03| proposed a new variational formulation of true
log marginal likelihood that resulted in a tighter bound. Another advantage of this
formulation is that it can be optimized in a stochastic [103] or distributed [104] [105]
manner, which is well suited for our frameworks which use stochastic gradient descent.
Further, recent works [106], 107, [I08] have improved the scalability by reducing the
learning to O(n) and test prediction to O(1) under some assumptions.

In this work, for scalability, we leverage the SVGP approach proposed by Hens-
man et al. [I03|. It proposes a tighter bound for the sparse GP introduced by Titsias
[102], which uses pseudo inputs u to lower bound the log joint probability over targets
and pseudo inputs. SVGP introduces a multivariate normal variational distribution
q(u) = N(m,S), where the parameters m and S are optimized using the evidence
lower bound or ELBO (eq. [3.3)) of true marginal likelihood (eq. [3.2)). The pseudo
inputs, u, depend on variational parameters {z,,}*_,, where M = dim(u) < N.

Therefore, the ELBO for SVGP is

Lsvgp (Y, X) = Eqw) logp (Y, u|l X, Z)] + H[g(u)], (3-3)

where the first term was proposed by Titsias [102], and the modification by Hensman
et al. [T03] introduces the second term. For details about the pseudo inputs u and

variational parameters z;, we refer the readers to [102] [103].
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In this work, we build on the sparse GP approach from GPytorch [109], which

implements [103].

3.4 Our Approach

Given a set of observed frames, our goal is to generate a diverse set of future
frames. Our model has three modules: (a) a frame auto-encoder (or encoder-
generator), (b) an LSTM temporal dynamics encoder, and (c¢) a GP temporal
dynamics encoder to model priors and probabilities over diverse potential future
states.

The frame encoder maps the frames onto a latent space, that is later utilized
by temporal dynamics encoders and frame generator to synthesize the future frames.
For inference, we use all three modules together to generate future frames, and use
the GP as a trigger to switch to diverse future states. Below we describe each module

in detail.

3.4.1 Frame Auto-Encoder

The frame encoder network is a convolution encoder which takes frame z,; €
RP*W and maps them to the latent space z; € R? where H x W is the input frame
size and d is the dimension of latent space respectively. Therefore, fone : RV — R?,
i.€., Zt = fenc(Zy¢). Similarly, the decoder or generator network, utilizes the latent
feature to generate the image. Therefore, feeon : R — RTW ie 7, = foen(z1).

We borrow the architectures for both encoder and generator networks from [46],
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Figure 3.3: An overview of the proposed Diverse Video Generator (DVG).

where the frame encoder is convolutional layers from VGG16 network [110] and the
generator is a mirrored version of the encoder with pooling layers replaced with
spatial up-sampling, a sigmoid output layer, and skip connections from the encoder
network to reconstruct image. Lgen(Zut, Zer) = ||[X¢ — X¢||* is the reconstruction loss

for frame auto-encoder. This auto-encoder is illustrated in Figure. (stage 1).

3.4.2 LSTM Temporal Dynamics Encoder

The first dynamics we want to encode is of an on-going action sequence, 1i.e.,
if an action sequence is not completed yet, we want to continue generating future
frames of the same sequence till it finishes. This module frgmy : R — RY, has
a fully-connected layer, followed by two LSTM layers with 256 cells each, and a
final output fully-connected layer. The output fully-connected layer takes the last
hidden state from LSTM (h;;1) and outputs z;,, after tanh(-) activation. Therefore,
Ziy1 = fustm(z:). The training loss is given by Lrstm = Zthl |Zes1 — Z441]|%, where
T are the total number of frames (both past and future) used for training. This
simple dynamics encoder, inspired by [33] and illustrated in Figure. (stage 2), is

effective and performs well on standard metrics.
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3.4.3 GP Temporal Dynamics Encoder

Next, we want to learn the priors for potential future states by modeling the
correlation between past and future states using a GP layer. Given a past state,
this temporal dynamics encoder captures the distribution over future states. This
enables us to use the predictive variance to decide when to sample diverse outputs,
and provides us with a mechanism to sample diverse future states. The input to
the GP layer is z; and the output is a mean and variance, which can be used to
sample Z;, 1. The loss function for the GP dynamics encoder follows from eq.
Lgp = _LSVgP(ZtJrI; Zt)-

Unlike LSTM, the GP layer does not have hidden or transition states; it only
models pair-wise correlations between past and future frames (illustrated in Figure.
(stage 2)). In this work, we use the automatic relevance determination (ARD)
kernel, denoted by k(z,z') = oirp €xp (—0.5 Z;lzl w;(z; — z})2>, parameterized by

learnable parameters oagrp and {wy,...,wy}. This GP layer is implemented using

GPyTorch [109] (refer to §3.3]).
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3.4.4 Training Objective

All three modules, frame auto-encoder and the LSTM and GP temporal

encoders, are jointly trained using the following objective function:

Frame Auto-Encoder LSTM Frame Generation GP Frame Generation
7\ 7\ 7\

T la ~N la ~

EDVG - Z ( /\lﬁgen<zxt7 ZAa:t) + /\2£gen (th7 fgen(it)) + >\3£gen (Z.TtJ fgen(zt)) +

t=1

MLrstv(Ze41, Zev1) + AsLap (241, 2¢) >

(. S . J/

Vv VvV
LSTM Dynamics Encoder GP Dynamics Encoder

(3.4)

where [A1,...,\s] are hyperparameters. There are three frame generation losses,
each utilizing different latent code: z; from frame encoder, z; from LSTM encoder,
and z; from GP encoder. In additional, there are two dynamics encoder losses, one
each for LSTM and GP modules. Empirically, we observed that the model trains
better with higher values for Ay, Ag, A4, possibly because GP is only used to sample

a diverse state and all other states are sampled from the LSTM encoder.

3.4.5 Inference Model of Diverse Video Generator (DVG)

During inference, we put together the three modules described above as follows.
The output of the frame encoder z; is given as input to both LSTM and GP encoders.
The LSTM outputs z;4; and the GP outputs a mean and a variance. The variance
of GP can be used to decide if we want to continue an on-going action or generate

new diverse output, a process we call trigger switch. If we decide to stay with the
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on-going action, LSTM’s output z,,; is provided to the decoder to generate the next
frame. If we decide to switch, we sample z;,; from the GP and provide that as input
to the decoder. This process is illustrated in Figure. (stage 3). The generated
future frame is used as input to the encoder to output the next z;,q; this process is

repeated till we want to generate frames.

3.4.6 Trigger Switch Heuristics

An important decision for a diverse future generation is when to continue the
current action and when to switch to a new action. We use the GP to switch to
new states. We use two heuristics to decide when to generate diverse actions: a
deterministic switch and a GP trigger switch. For the deterministic switch, we do not
use the variance of the GP as a trigger, and switch every 15 frames. Each switch uses
the sample from GP as the next future state. This enables us to have a consistent
sampling strategy across generated samples. For the GP trigger switch, we compare
the current GP variance with the mean of the variance of the last 10 states. If the
current variance is larger than two standard deviations, we trigger a switch. This
variable threshold allows the diverse video generator to trigger switches based on

evidence, which can vary widely across samples.

3.5  Experiments

Next, we describe the experimental setup, datasets we use, qualitative and

quantitative results. We evaluate our models on four datasets and compare it with
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the state-of-the-art baselines. All models use 5 frames as context (past) during
training and learn to predict the next 10 frames. However, our model is not limited
to generating just 10 frames. All our models are trained using Adam optimizer.
KTH Action Recognition Dataset. The KTH action dataset [61] consists of
video sequences of 25 people performing six different actions: walking, jogging,
running, boxing, hand-waving, and hand-clapping. The background is uniform, and
a single person is performing actions in the foreground. Foreground motion of the
person in the frame is fairly regular.

BAIR pushing Dataset. The BAIR robot pushing dataset [62] contains the videos
of table mounted sawyer robotic arm pushing various objects around. The BAIR
dataset consists of different actions given to the robotic arm to perform.
Human3.6M Dataset. Human3.6M [I11] dataset consists of 10 subjects performing
15 different actions. We did not use the pose information from the dataset.

UCF Dataset. This dataset [2] consists of 13,320 videos belonging to 101 different
action classes. We sub-sample a small dataset for qualitative evaluation on complex
videos. Our subset consists of 7 classes: Bench press, Bodyweight squats, Clean
and Jerk, Pull-ups, Push-ups, Shotput, Tennis-Swing, Lunges and Fencing. The
background of this dataset can bias our diversity evaluation metric. Therefore, we

only include this dataset only for qualitative evaluation.
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Figure 3.4: LPIPS Quantitative Results on KTH, BAIR, and Human3.6M datasets.
All methods use the best matching sample out of 100 random samples. We
used fixed trigger heuristic to keep trigger point for each sample the same for
our approach.

3.5.1 Baselines

We compared our method with the following prior works. Further, wherever
available, we used either the official implementation or the pre-trained models for
the baselines uploaded by their respective authors.

SVG-LP [46]: Stochastic Video Generation with a Learned Prior (SVG-LP) is a
VAE-based method that uses a latent space prior for generating video sequences. It
outperforms other VAE-based approaches (e.g., SV2P [80]). It also uses an LSTM-
based dynamics model. This model similar to ours except that we use a GP to model
the prior on future states to aid with multi-modal outputs.

SAVP [42]:Stochastic Adversarial Video Prediction (SAVP) is a VAE-GAN based
approach that combines the best of both families of approaches. It also uses the
LSTM dynamics model.

Conditional VRNN [40]: Condition variational RNN leverages the flexibility of

hierarchical latent variable models to increase the expressiveness of the latent space.
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VidFlow [I12]: VideoFlow model uses a normalizing flow approach that enables
direct optimization of the data likelihood.
GP-LSTM: We train a model inspired by [113], where the dynamics model is a GP,
which uses recurrent kernels modeled by an LSTM. This method is closest to ours
since it utilizes the constructs of both GP and LSTM. However, they train a single
dynamics model and have no way to control the generation of future states.

We refer to our model as Diverse Video Generator (DVG), which uses
a GP trigger switch. We also study heuristic switching at 15 and 35 frames for

ablation analysis.

3.5.2 Metrics

Evaluation of generated videos in itself is an open research problem with new
emerging metrics. In this work, we tried our best to cover all published metrics

which have been used for evaluating future frame generation models.

Accuracy of Reconstruction. One way to evaluate a video generation model is to
check how close the generated frames are to the ground-truth. Since the models
are intended to be stochastic or diverse for variety in prediction, this is achieved
by sampling a finite number of future sequences from a model and evaluating the
similarity between the best matching sequence to the ground-truth and the ground
truth sequence. Previous works [42] 46, 80| used traditional image reconstruction
metrics, SSIM and PSNR, to measure the similarity between the generated samples

and ground-truth. As shown by [64], [90] O] 02|, these metrics are not suited for
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Diversity Score (1) Diversity Score (1)
(frames: [10,25]) (frames: [25,40])

KTH BAIR  Human3.6M KTH Human3.6M KTH Human3.6M

Model Trigger FVD Score ()

SVG-LP - 156.35  270.04 718.04 20.10 4.8 21.20 4.6
SAVP - 65.98 126.75 - 26.60 - 24.50 -

GP-LSTM - 92.34 197.49 604.75 31.40 5.4 30.90 6.0
VidFlow - - 124.81 - .- - - -

VRNN - 67.26 134.81 523.45 32.50 5.6 31.80 5.9
DVG [ours] @15,35 65.69  123.08 479.43 48.30 9.3 46.20 9.0
DVG |[ours| gpP 69.63  120.03 496.89 47.71 10.8 48.10 10.1

Table 3.1: Quantitative results on KTH, BAIR, Human3.6M datasets. For the FVD
Score, all methods use the best matching sample out of 100 random samples
and lower numbers are better. For the Diversity Score, we compute the score

across 50 generated samples, for 500 starting sequences, and higher numbers are
better.

video evaluation because of their susceptibility towards perturbation like blurring,
structural distortion, etc.. We evaluate the similarity of our generated sequences
using recently proposed perceptual metrics, VGG cosine similarity (LPIPS), and
Frechet Video Distance (FVD) score. LPIPS or Learned Perceptual Image Patch
Similarity is a metric developed to quantify the perceptual distance between two
images using deep features. Several works [90, 011, [02] show that this metric is much
more robust to perturbation like distortion, blurriness, warping, color shift, lightness
shift, etc. Frechet Video Distance (FVD score) [64] is a deep metric designed to
evaluate the generated video sequences. As is standard practice, all methods use the

best matching sample out of 100 randomly generated samples.

Diversity of Sequences. Reconstruction accuracy of generated samples only implies
that there is at least one generated sequence close to the ground-truth. However,
these metrics do not capture the inherent multi-modal nature of the task. Aside

from being able to generate samples close to ground truth, a video generation model
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should be able to represent diversity in its generated video sequences. Therefore,
we propose a metric inspired by [55] that utilizes a video classifier to quantify the
diversity of generated sequences. The action classifier is trained on the respective
datasets (KTH and Humans3.6M). Note that we cannot utilize this metric for the
BAIR dataset since we do not have corresponding action labels. For the diversity
metric, we use 500 starting sequences of 5 frames, sample 50 future sequences of
40 frames. We ignore the first 5 generated frames since they are likely correlated
with the ground-truth and correspond to the on-going sequences. Then, we evaluate
the next two clips, made of frames [10,25] and [25, 40]. Ideally, a method that can
generate diverse sequences will generate more diverse clips as time progresses. For
the Diversity Score, we compute the mean number of generated clips that changed
from the on-going action as classified by the classifier. More concretely, if N is the
total number of generated clips (N = 25000 for us ), ¢; is the ground-truth class,
¢; is the predicted class, and 1(-) is the indicator function if the the parameter is

correct, then Diversity Score = + >\ L(c; # &).

3.5.3 Results

3.5.3.1 Quantitative Results (Reconstruction)

We report the quantitative results on KTH, BAIR, and Human3.6M datasets
using the LPIPS metric in Figure. and FVD metric in Table[3.1] For comparisons
with baselines in Figure. [3.4] we see that on the KTH and Human3.6M dataset, our

approach generally performs on-par or better than the baselines. In fact, except
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for SAVP, all methods are very close to each other. For the Human3.6M dataset,
the GP-LSTM baseline performs poorly, and all other methods are similar, with
ours being better than others. On the BAIR dataset, we notice that our GP-LSTM
baseline performs better, closely followed by our approach. Again, SAVP performs
worse on all metrics. For the FVD metric (Table , variants of our approach
achieve state-of-the-art results on all datasets. Note that using a fixed trigger at
frames 15 and 35 leads to better FVD scores for KTH and Human3.6M dataset,
while GP trigger performs better for the BAIR dataset. All settings, except one, of

our approach perform better than the baselines.

3.5.3.2  Quantitative Results (Diversity)

We report the quantitative results using the proposed diversity score in Ta-
ble 3.1 We notice for the KTH dataset that SVG-LP/SAVP baseline change actions
20.1%/26.6% of the time in the first clip and 21.2%/24.5% of the time in the second
clip. In comparison, our approach gives the diversity score of 48.53% and 48.10% for
the first and second clips, respectively. As can be observed, the GP trigger results in
considerably higher diversity as the sequence progresses. On the Human3.6M dataset,
the difference between the scores of baselines and our methods is ~6%. The overall
score drop between the KTH and the Human3.6M datasets on diversity metric can
be accounted to actions performed in the videos are very distinct. Besides, cameras
are placed far off from the person performing actions making it harder for the models

to generate diverse samples.
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Figure 3.5: Qualitative Results on BAIR (left), KTH (center), Human3.6M (right, top),
and UCF (right, bottom) datasets. First row is the ground-truth video in each
figure (with the last frame of the provided 5 frames is shown as ‘GT’). Every
5% frame is shown.

We further analyze common action triggers for the GP trigger and notice that
it separates the moving (walk, jog, run) and still (clap, wave, box) actions, and

common action switches are within each cluster; e.g., walk <> jog, wave <> clap.

3.5.3.3 Qualitative Results

Qualitative Results are shown in Figure. For KTH results in Figure.
we plot a randomly selected sample for all methods. As we can see, SAVP and
SVG-LP output average or blurry images after 20-30 frames, and our method is
able to switch between action classes (for diverse sample using GP trigger). For
the BAIR dataset, we show the best LPIPS results for all approaches; where we
can see that our method generates samples much closer to the ground-truth. We
also included a random sample with a fixed trigger at 15" frame, where we can see
a change in the action. For the Human3.6M dataset (after digital zoom), we can
see that our best LPIPS sample matches the ground-truth person’s pose closely as
opposed to SVG-LP, demonstrating the effectiveness of our approach. Similar results
are observed for the UCF example.
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3.6 Conclusion

We propose a method for diverse future video generation. We model the
diversity in the potential future states using a GP, which maintains priors on future
states given the past and a probability distribution over possible futures given a
particular sample. Since this distribution changes with more evidence, we leverage
its variance to estimate when to generate from an on-going action and when to
switch to a new and diverse future state. We achieve state-of-the-art results for both

reconstruction quality and diversity of generated sequences.

3.7 Appendix

3.7.1 Ablation Studies for Temporal Dynamics Encoder

We perform ablation studies on our model by trying different variants of
recurrent modules for our temporal dynamics encoder networks. These models are:
DVG-RNN, our model with an RNN dynamics encoder; DVG-GRU, with an
RNN dynamics encoder with GRU units.

Figure. shows ablation analysis for different variants of our approach. On
the KTH dataset, different dynamics models (RNN, GRU, LSTM) all perform the
same. On the BAIR dataset, RNN perform poorly and LSTM performs the best
among the three. On Human3.6M dataset RNN performs higher than our LSTM
and GRU models. On the FVD metric in Table [3.2] all variants of our approach

perform better than all baselines. In approaches, GRU dynamics model performs
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better on KTH and LSTM performs better on Human3.6M and BAIR dataset.

Average LPIPS on KTH Average LPIPS on BAIR Average LPIPS on HUMAN 3.6M
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Figure 3.6: Ablation results on KTH, Human3.6M and BAIR dataset using variants of
temporal dynamics model in our method. We report best LPIPS metric. All
methods use the best matching sample out of 100 random samples. We used
fixed trigger to keep trigger point for each sample the same. On KTH, all
temporal dynamics models have similar performance; and on BAIR, our LSTM
model have best performance.

Diversity Score (1) Diversity Score (1)
(frames: [10,25]) (frames: [25,40])

KTH BAIR Human3.6M KTH  Human3.6M KTH Human3.6M

Model Dynamics  Trigger FVD Score ()

DVG |ours]| LSTM @15,35  65.69 123.08 479.43 48.30 9.3 46.20 9.0
DVG |ours| GRU @15,35 64.89 124.38 485.96 48.53 8.5 44.23 9.1
DVG [ours] RNN @15,35  66.84 126.07 503.64 46.60 7.6 41.50 8.2

Table 3.2: Quantitative results on KTH, BAIR, Human3.6M datasets. For the FVD
Score, all the ablation methods use the best matching sample out of 100 random
samples and lower numbers are better. For the Diversity Score, we compute
the score across 50 generated samples, for 500 starting sequences, and higher
numbers are better.

3.7.2  Analysis: Changes in action after GP triggering

KTH action dataset comprises of 6 action classes: walking, running, jogging,
waving, clapping, and boxing. On an abstract level, we can cluster these actions
into two categories moving actions and still actions. From the Figure. it is
interesting to observe that our GP triggering model captures the future trajectories
of the videos and clusters them into these two categories moving actions and still
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Figure 3.7: Changes in action from past frames to future frames on KTH dataset.
Total of 25,000 generated videos were used to calculate percentage change
shown in the above figure.
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actions. Common action switches that are to be expected can be observed from the
Figure. for example, walk and jog, wave and clap interchange frequently after

triggering. Still actions seldom change to moving actions.
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3.7.3 SSIM and PSNR Results

We evaluated our generated video sequences using the tradition metrics like
structural similarity index (SSIM) and peak signal-to-noise ratio (PSNR) for com-
parison with previous baselines which reported these metrics. We trained all models
on 64 x 64-size frames from the KTH, Human3.6M, and BAIR datasets. We used
the standard training practice of using 5 frames as context (or past) and the model
have to predict the next 10 frames. For all methods, SSIM and PSNR is computed
by drawing 100 samples from the model for each test sequence and picking the
best score with respect to the ground truth. We emphasize that these results are
only for completeness and we hope that the community will stop relying on such
reconstruction metrics for video prediction.

Results are reported in Figure. [3.§ represent the evaluation plots for traditional
metrics on KTH, BAIR, and Human3.6M dataset. We follow the experimental setups

from the baseline papers.

3.7.4 Qualitative Results

It can be observed from Figure. that after 15th frame SVG-LP is stuck in
the same pose while after 35th frame SAVP starts distorting the human. However,
our method (DVG) consistently generates frames that are diverse and distortion free
for longer period of time. Similarly, in Figure. |[3.14] it can be observed that after
30th frame SVG-LP and SAVP start generating subpar frames while our method

is able to generate visually acceptable sequences for longer term. Few additional
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Figure 3.8: Quantitative results on KTH, BAIR and Human3.6M dataset. We report
average SSIM and PSNR metrics. All methods use the best matching sample
out of 100 random samples. We used fixed trigger to keep trigger point for each
sample the same.

qualitative results on the BAIR dataset are provided in Figures. 3.1043.11] and on

the Human3.6M dataset in Figures. |3.1213.13
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Figure 3.9: KTH dataset: Qualitative comparison of the generated video sequences (every
5" frame shown). First row is the ground-truth video (with last frame of the
provided 5 frames is shown)
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Figure 3.14: KTH dataset: Qualitative comparison of the generated video sequences
(every 5 frame shown). First row is the ground-truth video (with last frame
of the provided 5 frames is shown)

3.7.5 Gaussian Layer Specifics

As mentioned in the paper, GPytorch was used for our GP layer implementation.
We utilized a large-scale variational GP implementation of GPytorch for our multi-
dimensional GP regression problem of learning to predict the variance over the
future frames in the latent space. For variational GP implementation, 40 inducing
points were randomly initialized and learned during the training of GP. We used a
RBF kernel along with gaussian likelihood for our GP layer. For optimization of
our GPLayer, we employed stochastic optimization technique (Adam optimizer) to

minimize the variational ELBO for a GP.

3.7.6 13D Network architecture for Action Classifier

For our diversity metric mentioned in we utilized the standard kinetics-
pretrained 13D action recognition classifier. The input to the action classifier is a

15 frames clip and each frame has a size of 64 x 64. The action classifier attains
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accuracy close to 100% for KTH dataset and is above 90% accuracy for human3.6m

dataset.
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Chapter 4: Video Dynamics Prior: An Internal Learning Approach for

Robust Video Enhancements

4.1 Introduction

Recently, video enhancement [3, [1T], 114] 115, [116], 117, 118] 119] and editing [12]
13), 14], 120] tasks have attracted much attention in the computer vision community.
Most of these tasks are ill-posed problems, i.e., they do not have a unique solution.
For example, enhancement tasks such as video frame interpolation can have infinitely
many plausible solutions. Therefore, the aim is to find a visually realistic solution
coherent in both the space and time domain for such tasks.

Priors play a critical role in finding reasonable solutions to these ill-posed
problems by learning spatio-temporal constraints. In recent years, deep learning has
emerged as the most promising technique [3, 11, 48], 58|, 114] 121, 122} 123 [124] for
leveraging data to create priors that enforce these spatio-temporal constraints. How-
ever, the generalization of these data-driven priors mainly relies on data distribution
at training time.

In the current era of short video platforms such as TikTok, Instagram reels,

YouTube shorts, and Snap, millions of new artistic elements (e.g., new filters, trends,
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etc.) are introduced daily. This trend causes substantial variations between the
train and the test sets, which results in diminished effectiveness of the learned prior.
Moreover, frequent fine-tuning or frequent training to improve the efficacy of the
prior significantly hamper the scalability of such models.

Furthermore, the existing video enhancement approaches assume clean and
sharp input frames, which may not always be the case due to factors like bad lighting
conditions during the scene capture or video compression for internet transmission.
These factors introduce noise in the clean video signal, and feeding such noisy input
frames to video enhancement approaches results in suboptimal enhancements.

To address these challenges, we propose a novel Video Dynamics Prior (VDP)
that leverages the internal statistics of a query video sequence to perform video-
specific enhancement tasks. By utilizing a video’s internal statistics, our approach
eliminates the need for curated training data. Thus, removing the constraints with
regard to encountering test time variations. Additionally, we introduce a spatial
pyramid loss that enhances robustness in the temporal domain, enabling our method
to handle noisy input frames encountered at test time.

VDP utilizes two fundamental properties of a video sequence: (1) Spatio-
temporal patch (ST patch) recurrence and (2) Spatio-temporal consistency. ST
patch recurrence is a fundamental finding [I125] that reveals significant recurrence
of small ST patches (e.g., 5x5x3 or 7x7x3) throughout a natural video sequence.
To leverage this strong prior, we employ an LSTM-Convolution-based architecture,
which is detailed in Sec. [4.3] Moreover, to leverage the ST patch recurrence property

across scales in a video, we introduced a novel spatial pyramid loss. In Sec. 4.3.5] we
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demonstrate that our novel spatial pyramid loss helps the VDP model to be more
robust to unstructured noise in both spatial and temporal domains.

Further, our approach considers the next frame prediction task to initialize our
recurrent architecture. The task aims to auto-regressively predict the next frame,
taking the current frame and previous frames information as context. We leveraged
architecture from such a task as it promotes the spatio-temporal consistency in
the processed video frames and models the complex temporal dynamics required
for various downstream tasks. In our approach, we first formulate a next-frame
prediction model with unknown parameters. Then depending on the downstream
task, we maximize the observation likelihood with slight modification in the objective
function.

This paper presents three key contributions to the field of video processing.
Firstly, we introduce a novel inference time optimization technique that eliminates the
need for training data collection to learn neural module weights for performing tasks.
Secondly, we propose a novel spatial pyramid loss and demonstrate its effectiveness
in providing robustness to spatial and temporal noise in videos. Lastly, we showcase
the superior performance of our approach in multiple downstream video processing
tasks, including video denoising, video frame interpolation, and video object removal.
Our method outperforms current baselines and exhibits robustness in case noisy
frames are provided as input for enhancement.

The rest of the paper is organized as follows. In Sec. we briefly introduce
the background work done in the area of video enhancement tasks. In Sec. [d.3] we

discuss our methodology and key components of our architecture. Sec. 4-7, we briefly
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describe the video processing tasks and accompanying modifications to the objective

function for dealing with different tasks at hand. Finally, we conclude our work in

Sec. 5.8

4.2 Related Works

Over the past decades, many research efforts have been made to increase
the efficacy of video enhancements. Traditional methods like [126], 127, 128] uti-
lized affine-estimation based motion approach to perform video enhancement tasks.
However, these methods were very limited in their capability of learning a good
representation of videos to generalize well on various scenes. All of this changed with
the recent developments in deep learning techniques that considerably improve the
representation of videos and deliver high performance gains on video enhancement
tasks.

Internal Learning. In the recent past, a considerable number of deep internal
learning approaches were put forth to perform image enhancement tasks using just
a single test image [20, 129] 130, 131, 132} 133| 134], 135]. Such approaches utilize
patch recurrence property in a natural image as a strong prior to deal with inverse
problems such as image denoising [20], 130} 136], super-resolution [129, 130, [134],
and object removal [I30]. However, when such internal learning approaches are
directly applied to videos for enhancement tasks, it creates flickering artifacts in
the processed video [137, [138]. These artifacts arise as image-based methods fail

to maintain a video’s temporal consistency, a critical component of a video signal.
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Extending the deep internal-learning based approach to videos remains a challenging
problem. There are very few works proposed in the area that deal with videos, and
all of these works are tailored towards a specific video enhancement task [12, [139].
In this paper, we extend a deep internal-learning based framework to the video
space that effectively explores various video enhancement tasks such as denoising,
super-resolution, frame interpolation and inpainting, utilizing a single structure of
our VDP model.

Flow Guided Methods. In the image processing tasks, most of the methods
utilize the 2D CNN modules. However, if we use such models in standalone settings,
we often find that they are inept at processing the additional temporal dimension
present in a video sequence. In order to overcome the temporal consistency problem,
some researchers have opted for an optical-flow based approach to capture the motion
occurring in the videos [114} [115], 117, 140l 141, 142 [143]. Essentially, they model
the flow of the video sequences by doing explicit motion estimation. Then they
perform warping operations (motion compensation) to generate enhanced video
frames. These optical-flow based approaches have found plenty of applications in
tasks such as video denoising [114, [115], video super-resolution [10], 114, 117, [144],
video object removal [13] [145], video frame interpolation [114], 123, [146], 147, [148].
However, accurate motion estimation using optical flow is inherently challenging and
computationally expensive. Therefore, deep neural networks such as RAFT [149]
and SPyNet [150] are employed to estimate optical flow. These networks rely on lots
of training data to learn to predict the optical flow. This double reliance on data

by both the video enhancement approach and optical flow prediction networks can
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Figure 4.1: Model pipeline: We are given X7, ..., X; frames of a person exercising (depicted
in the Fig). Here, we start by sampling zp ~ N(0,I) as an initial latent
representation. Our model comprises two key modules: (i) the Frame Decoder
Network (FDNet) and (ii) the Latent Frame Predictor Network (LFPNet),
depicted in the figure. These modules, together form the pipeline of our VDP
model, as shown in (iii). We optimize the weights of these neural modules on

this specific input sequence by doing backpropagation over the loss pertaining
to the task at hand.

introduce dataset biases. Further, we showcase that the flowbased models for video
super-resolution and frame interpolation tasks are not robust to noise or artifacts
arising from capturing the scene in low-lighting or bad lighting conditions. In our
work, instead of explicitly performing motion estimation and motion compensation,
we utilize LSTM-Conv decoder networks represented in Fig. to capture the
temporal information implicitly. Furthermore, our method is able to infer context
directly from the test video sequence itself. Thus, mitigating the problems arising
from dataset biases. Additionally, we empirically demonstrate that our approach is
stable for tasks like super-resolution and frame interpolation, even in the presence of

noisy input frames sequence.
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4.3 Model Overview

Given a video sequence as context, we perform various video-specific processing
tasks on this sequence of frames. In traditional settings, the training data is used to
learn good representations that capture the patterns in the video sequences. However,
in our case of no data, we rely on a proper choice of a deep neural network that can
capture the ST patch recurrence property of a video as an informative prior for the
video processing task at hand. Our model for performing all video-specific tasks is a
combination of two modules. (1) The latent frame predictor network and (2) The

frame decoder network as depicted in Fig. [4.1] (iii).

4.3.1 Latent Frame predictor Network (LFPNet)

The task of the latent frame predictor network is to maintain the spatio-
temporal consistency of the video. It learns the dynamics of a video sequence in
latent space, i.e., it models the temporal relations between the frames in latent space.
We use LSTM cells as the building block for this module as they implicitly capture
the temporal relation between the latent frames. This LFPNet module (is inspired
by [46, 48]) g() : R? — R? has a fully-connected layer, followed by four LSTM
layers with 1024 cells each, and a final output fully-connected layer. The output
fully-connected layer takes the last hidden state from LSTM (h,,) and outputs z;,

after tanh(-) activation.
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4.3.2  Frame Decoder Network (FDNet)

This network maps the frame embeddings from the latent space to the image
space, i.e, f() : RT — R*"*%_ The architecture for our VDP’s frame decoder network
is depicted in the Fig. 4.1}(i). The residual skip connections in our architecture play
a crucial role in the performance of our module FDNet by addressing the vanishing

gradient problem and facilitating faster convergence.

4.3.3 Formulation of Video Dynamics Prior

For our proposed Video Dynamics Prior or VDP prior we only rely on the two
modules namely LFPNet and FDNet. We start by sampling an initial latent noise
vector zg ~ N(0, ) where 2o € R”. Here, D is the dimension of latent space. For our
experiments, we keep the dimension D of latent space as 1024. Now, as illustrated in
Fig. [4.1] we pass this zy embedding through the ‘LFPNet’ and obtain the next frame
embedding z;. We then pass z; through the frame decoder network to obtain the next
image frame X Mathematically, we can write the expression for the forward pass
to obtain the future frame as X1 = f(g(z)). Where, f : RP — R®"** denotes
the frame decoder network ( that maps the latent space to image space i.e.
Xi11 = f(2141). Function g(-) denotes the latent frame predictor network. This
network takes the latent embedding at the current step as the input and predicts
the latent embedding at the next step as the output, i.e., 2,11 = g(2;). Leveraging

future frame prediction task helps in initializing the LFPNet in the latent space.
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4.3.4 Neural Module Weights Optimization

Since we optimize the weights of neural modules (LFPNet and FDNet) using a
corrupted sequence, reconstruction loss alone is not enough to find a visually plausible
enhancement of the input video. Hence, we introduce a few other regularization
losses.

Reconstruction Loss: We use a combination of L1 and perceptual loss to formulate

the reconstruction loss. It is given by Eqn. [5.2]

Lree = [ Xes1 = flg(z)ll + l(Xis1) — o(F(g(2))) I (4.1)

Here, ¢(-) in the Eqn. denotes the pre-trained VGG network on ImageNet [I51].
X, X, denotes the input and reconstructed video frames at timestep t, respectively.
Spatial Pyramid Loss: It has been well established that small ST patches of
size 5 X 5 x 3 recur within and across the scales for a video. Additionally, bicubic
downscaling of a video results in coarsening of the edges in the downscaled video.
This results in the downscaled video to have less motion speed and less motion blur.
Both of these properties are extremely useful for video enhancement tasks. Hence,
to utilize such lucrative properties of a video, we introduced spatial pyramid loss.
h,

For this loss, we scale down the input image to 3 levels (73 where k is 2,4,8) using

a downsampler and calculate the reconstruction loss for each level. It is given by

Eqn.
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Lor= Y lldi(Xiia) = di(f(g(z0))]] (4.2)

i=2,4,8
Here, X4 denotes the input video frames at timestep ¢ + 1. d;(+) in the Eqn.
denotes the downsampler network and 7 denotes scale of downsampler. For example,
d2(_) - Rexhxw _y chh/zxw/Z‘
Variation Loss: This is a variant of Total variational loss introduced in the

paper [152]. Variation loss smoothens the frames while preserving the edge details

in the frame. It is given by Eqn. 4.3

Lvar Z Z ” l)j“ + “ T (] 1)||~ (43)

Here, #}; denotes the pixel of the processed video frames (Xt = f(g(z-1))) at
timestep ¢ and location X,[i, j].

Final Loss: We combine all the losses together into a final loss term as follows,

T-1
ﬁﬁnal - Z )\recﬁrec + )\splﬁspl + Avar‘cvar'
=0 (4.4)

4.3.5 Robustness of Video Dynamics Prior

In this section, we explore the internal learning properties of our model. For
thorough exploration, we perform various experiments to explore the spatio-temporal

patch recurrence [I125] in natural videos using our model. In the past, authors of the
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Figure 4.2: (i) Video B is generated by replacing the second frame of video A. (ii) Top row
depicts the video obtained during the early round of optimization of the objective
given by Eq. for video B. Further, the average Mutual information [7] of
video(intermediate) is much closer to video A. (iii) The loss plot depicts the
convergence of our VDP model for in five different settings.

papers [20, 130] have explored the utilization of the patch recurrence property in
images by the deep learning models to perform various enhancement tasks. Following
these prior works, we extend such understanding to the non-trivial spatio-temporal
patch (or ST-patch) recurrence phenomenon exhibited by our model.

We design a simple experiment where we have a natural video sequence A
denoted as V, = {Xi, Xo, X3} and depicted in Fig. [4.2/(i). We create another
sequence V; by replacing the frame X, with a random noisy frame X, resulting in
V, = { X1, Xu, X3}. As shown in Fig. [4.2, (ii), the noisy frame is fairly independent
of frames X; or X3 hence, we get mutual information between these frames close
to zero. This replacement of frame X, with X, s results in higher entropy [153] of
the video sequence V, (larger diversity in temporal dimension — lower ST patch
recurrence — lower self-similarity— higher entropy of sequence) in comparison to
original sequence V,(lower diversity in temporal dimension — higher ST patch
recurrence — higher self-similarity — lower entropy of sequence). Hence when the
VDP model is optimized over both the sequences V, and Vj, it requires a longer

duration for loss convergence as depicted by Fig. [4.2](iii). During the optimization
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over the video sequence V3, our model obtains the sequence resembling V, (given by
Vintermediate 10 Fig. [4.2(ii)) in early rounds of optimization, near the epochs where
we observe the first dip in the convergence curve and before ending up overfitting
sequence Vj,.

We conducted such experiments on our model under five different settings. 1)
Using only L1 reconstruction loss (given by Eqn. on video V,. 2) Using only
L1 reconstruction loss on video V;. 3) Using only L1 reconstruction loss and spatial
pyramid loss (given by Eqn. on video V;. 4) Using only L1 reconstruction loss
and variation loss (given by Eqn. on video V;. 5) Using L1 reconstruction loss,
spatial pyramid loss, and variation loss on video V.

The energy plot in Fig. M(iii) represents the trend in MSE loss for the
aforementioned five settings. It can be observed that in the absence of any noise in
the video signal ( ), the model fits the input quickly. The quick convergence
can be attributed to higher ST patch recurrence in video sequence A. The VDP
model optimized over the video sequence V, using only the L1 reconstruction loss
( ) provides some impedance to the temporal noise but quickly overfits the noise
after a couple of iterations. Further, the VDP model optimized under setting 3 (red)
or 4 (blue) provides higher impedance to noise than setting 2 but still converges after
a few hundred epochs. However, when the VDP model is optimized using setting
5 (cyan), it provides considerably higher impedance to the noise in the temporal
domain.

We observe a similar phenomenon when optimizing our model with a larger
void filled with noisy frames. Additionally, when we optimize our VDP model over
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Figure 4.3: Video Denoising: Frame from a video in the DAVIS dataset denoised using
different approaches. (a) Frame corrupted with additive poisson noise of
intensity 25 (relative to intensity range [0-255]). Figure (b) depicts the denoised
frames generated by FastDVDnet [3] method. Figure (c) depicts the denoised
frame generated by UDVD [8] method. Figure (d) depicts the denoised frame
generated by M2F2 [9] method. Figure (e) depicts the denoised frames generated
by our method. Figure (f) shows the clean ground truth frames.

a noisy video (here, every frame in the video sequence consists of Gaussian noise),
we do not see convergence at all. We attribute this behavior of our VDP model to
promoting self-similarity of the st-patches over the output video sequence. Moreover,
incorporating the spatial pyramid loss introduces frame matching at multiple levels
of coarse scale. This encourages a more structured signal in the output and provides
a higher impedance to the unstructured noise. We performed the same experiment
over 250 different video sequences (randomly sampled from different datasets like

Vimeo-90K, DAVIS, and UCF101) and came up with similar findings as given by

Fig. 2] (iii).
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Metric ~ Additive Noise Type  Noise Level ~M2F2 [9]* FastDVDnet [3]* UDVD [§]*  Ours

PSNR Gaussian (o =20) 34.89 35.77 35.12 35.74

PSNR Gaussian (o =30) 33.21 34.04 33.92 34.07

PSNR Poisson (A =25) 18.19 19.02 22.08 31.96

PSNR Poisson (A= 30) 17.12 18.03 20.98 30.07
Table 4.1: Quantitative video denoising results: To evaluate our method, we calculate

the Avg PSNR score between the generated noise-free video and ground truth
video. The o denotes the standard deviation for the added Gaussian noise to
the frames. While the A denotes the intensity of additive Poisson noise. For
all baselines and our method, the score is calculated on the DAVIS dataset [].
Also, blue (bold) denotes the best score. Please note we use pretrained models
for baselines provided by the authors. The baselines marked with % denote a
data-driven baseline.

Metrics ~ # Noisy Frames  Noise level — ToFlow [114]*  DAIN [123]*  SoftSplat [148]*  RIFE [147]* Ours

PSNR None None 34.68 35.00 35.39 35.41 35.41

SSIM None None 0.9677 0.968 0.970 0.970 0.970

PSNR 274 Frame o=15 20.30 20.87 18.25 20.22 34.92

SSIM 2" Frame o=15 0.514 0.521 0.4012 0.512 0.918
Table 4.2: Quantitative video frame interpolation results: For the evaluation of our

method we calculate the Avg PSNR and SSIM score between the generated
interpolated video frames and ground truth video. For all baselines and our
method, the score is calculated on the UCF101 dataset [2]. The color blue
(bold) denotes the best performance. Please note we use pretrained models
for baselines provided by the authors. The baselines marked with * denote a
data-driven baseline.

4.4 Video Denoising

In this section, we present our VDP model utilized for the video denoising task.

A noisy video can be defined as the combination of a clean video signal and additive

noise. As shown in the previous section, our VDP model exhibits higher impedance

to the noise signal and lower impedance to the clean video signal. Exploiting this

property, we propose a denoiser for video sequences. Unlike traditional approaches,

our denoiser does not require data collection, as we demonstrate that the final loss

function (Eqn. [4.4)) alone is sufficient for effective video denoising.

We optimize our model parameters on the noisy test-time video sequence using
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Noisy Frame 2

Figure 4.4: Video Frame Interpolation: In order to compare our method to existing
baseline methods, we conducted visual comparisons using three frames for each
method. We introduced Gaussian noise (¢ = 15) in the second frame and tasked
all methods with interpolating frames between them. It can be observed that
our method not only denoises the second noisy input frame but also generates
denoised intermediate frames. This is in contrast to other baseline methods
that interpolate noise along with the clean signal.

the loss function given by Eqn. [1.4, We then use these optimized LFPNet & FDNet
modules for generating high-quality clean video frames. The new enhanced video
frames for each timestamp can be obtained by X, 1 = f(g(z)).

The presence of noise in a video can be attributed to various factors, such as
non-ideal video capture settings or lossy video streaming over the internet. While
curating training datasets for baselines, it is common to assume that the additive
noise follows a Gaussian distribution. However, at test time, when this additive noise
is drawn from a Poisson distribution, the performance of baseline models deteriorates
significantly. In contrast, our VDP model, optimized on the test sequence by
minimizing the loss given in Eqn. [£.4] achieves highly effective denoising results.

Fig. provides a qualitative comparison between our method and the baselines,
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(a) Noise-Free High Resolution Frame

(b) Bicubic  (c) BasicVSR++  (d) EDVR (e) Ours ) GT

Figure 4.5: Video Super Resolution: Comparison of results of the ‘Cameraman’ sequence

from VIMEO-90K-T dataset. Gaussian noise of std ¢ = 5 is added to the
lower-resolution input frames. (a) High-resolution noise-free ground truth frame.
(b) Patch from higher resolution frame generated by BiCubic method. (c) Patch
from higher resolution generated by BasicVSR++ [10]. (d) Patch from higher
resolution frame generated by EDVR [11] method. (e) Patch from the higher
resolution by Ours VDP method. (f) Patch from higher resolution ground
truth frame. Note the noise suppression and details of the camera in the patch
generated by our method compared to baselines.

Metrics  Noisy Frames  Noisy Intensity ~BiCubic ToFlow [I14]* EDVR [IIJ* BasicVSR++ [I0]*  Ours
PSNR 3112 33.20 35.79 35.95 35.70
SSIM 0.870 0.920 0.937 0.940 0.936
PSNR c=5 29.90 30.20 32.02 31.58 33.87
SSIM c=5 0.796 0.712 0.758 0.720 0.878
Table 4.3: Quantitative video super-resolution results: For the evaluation of our

method, we calculate the Avg PSNR and SSIM scores between the generated
super-resolution video and ground truth video for all baselines along with our
method. The score is calculated on the standard VIMEO-90K-T dataset. Best
results in the table are shown in blue (bold). Please note we use pretrained
models for baselines provided by the authors. The baselines marked with *
denote a data-driven baseline.

clearly demonstrating the superior performance of our approach.

To further evaluate the effectiveness of our method, we conduct experiments

on the DAVIS dataset using different noise settings. We compare our model against

state-of-the-art baselines and present the quantitative evaluation in Table. The

results highlight the superiority of our method in video denoising tasks, showcasing

its robustness in handling diverse noise distributions.
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4.5 Video Frame Interpolation

Frame interpolation is a challenging task that involves generating intermediate
frames between the given frames in a video sequence. The primary objective is
to synthesize high-quality and realistic frames that accurately capture the spatio-
temporal coherence of the original video. However, existing baseline methods for
frame interpolation assume that the input video consists of high-quality frames
without any noise. In real-world settings, video sequences often contain noise
due to non-ideal capturing conditions, which poses challenges and diminishes the
performance of these baseline methods. Such limitations are addressed by our VDP
model.

For this task, we utilize the latent embeddings to perform the frame interpola-
tion. First, we optimize our VDP model parameters using the loss function given by
Eqn. [4.4] Now, to generate intermediate frames, we linearly interpolate the latent

embeddings of the video using the equation.

Xintermediate = f(OéZt+1 + (1 - Oé)Zt> Va € (O, 1) (45)

Here, Xintermediate 18 the interpolated frame between the frames X; and X, ;. For
example, to perform a 4x frame interpolation, we select v = [0.25,0.5,0.75] in the
Eqn. To evaluate the performance of our method, we conduct experiments on
the UCF101 (triplet) dataset [2, 123] under two conditions: 1) ideal triplet input

sequence, 2) triplet input sequence containing one noisy frame. We make a qualitative
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comparison between our method and the baselines depicted in Fig. [£.4] It can be
observed from Fig. [£.4] that our method is more robust to noisy input and outputs
the crisp intermediate frames without noise, unlike baseline methods DAIN [123],
SoftSplat [148] and RIFE [147].

Table. represents the quantitative evaluation of our approach on the UCF-
101 dataset. It can be observed from the table that our method outperforms the
existing baselines on PSNR and SSIM metrics in the video frame interpolation task,

further validating the effectiveness and suitability of our approach for this task.

4.6 Video Super Resolution

Given our ever-increasing screen resolutions, there is a great demand for higher-
resolution video content. In this task, we are given a lower-resolution video sequence
as input. We are tasked to change this input to a higher-resolution video sequence.

For this task, we modify the loss objective given by Eqn. [£.4] as follows,

T-1

f,gz /\rec»Crec(Xt—I—l; dsc(f(g(zt)))) + /\spl»cspl(Xt—&-h dsc(f(g<zt)))) + Avar»cvar(f(g(zt)))'
=0

(4.6)

The modified objective for the video super-resolution task is given by Equ. [4.6]

Here, function dg.(-) denotes the downsampling function. For example, to perform

4x super-resolution, we would define downsampling function as dy, : R —

REX (h/4)x (w/4)
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Input Mask InterVI FGVC LongVI Ours

Figure 4.6: Video Object Removal. In the above figure, we describe a video object
removal task. The input in the figure represents the original video sequence
frame without any alterations. The InterVI [12], FGVC [13], and LongVI [14]
in the figure represent the frames generated by removing the object “car” from
the video sequence. The rightmost frame depicts the removal of the object from
the video frame by our method. It can be observed that our method do not
create hallucinations.

We evaluate our method for the video super-resolution task on the VIMEO90-K-
T dataset and contrast our model against the state-of-the-art baseline methods. We
evaluate our method on two different settings: 1) When sharp lower-resolution frames
are provided, 2) When noisy lower-resolution frames are provided. We perform a 4x
super resolution of frames in the video sequences. We make a qualitative comparison
between our method and the baselines for the setting when noisy frames are given
as input frames, depicted in Fig. 4.7 It can be observed from Fig. [4.7] that our
method outputs better and noise-free higher resolution frames with more details in
comparison to the baseline methods. Table. represents the quantitative evaluation
of our approach. It can be observed from the table that there is a significant drop in
the performance of baselines to our method when a slight amount of Gaussian noise
is added to the input frames. We demonstrate empirically that our method is much

more robust to noise as compared to other baseline methods.
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Metrics DIP [I30] DFGVI [I54* FGVC [I3]* InterVI [I2] LongVI [I4]  Ours

PSNR 26.03 27.57 31.92 30.86 31.80 32.06
SSIM 0.921 0.9289 0.9499 0.9350 0.9457 0.9512

Table 4.4: Quantitative Object Removal results: We compare the average PSNR and
SSIM scores of our method with the existing baselines on the DAVIS dataset.
The best performance is denoted by the score in blue (bold). Please note we use
pretrained models for baselines provided by the authors. The baselines marked
with * denote a data-driven baseline.

4.7 Video Object Removal

Unwanted items in a video can grab the viewers’ attention from the main
content. In this task, we remove such objects from the original video stream. For
this task, we assume a mask M = {m,;}IVm; € {0,1}***" is provided for each
frame to remove an object from the video sequence. To perform the removal of an

object, we modify the objective function given by Eqn. [4.4] as follows,

T
f,gz ArecLrec(Mu X, mtf(g<ztfl>))+>\sp1£spl(mtXt7 mef(9(2-1)))FAvarLvar (f(9(21-1))).
=1
t (4.7)
We evaluate our method for the video object removal task on the DAVIS
dataset. A qualitative comparison between our method and the baselines can be
seen in Fig. [1.6] It can be observed from Fig. that our method performs better
than the existing methods in removing the object from the video without creating
any artifacts in the processed videos.

Table. represents the quantitative evaluation of our approach. We perform

the evaluation based on the stationary mask setting. In this setting, a stationary
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mask is applied to all frames of the video sequence. This setting helps us evaluate
the model’s ability to generate temporally coherent frames even if some information

in the frames is consistently missing.

4.8 Limitations

One severe limitation of our approach is that it is an offline approach, i.e.; it
can not be used in real-time to perform video enhancements. One way to rectify
this limitation is to work on reducing the parameters for the frame decoder network.
One suggestion is modifying the residual skip connection from concatenation-based
connections to additive connections. This would drastically reduce the number of
parameters to be trained with minimal effects on the efficacy of the model.

The second limitation of our approach is that it is a recurrent approach and
can not be scaled using multiple GPUs. This issue can be alleviated using a temporal
attention-based approach that can have long-term memory and is scalable across
multiple GPUs.

Our approach, in its current stage, requires no data and is only able to perform
low-level vision tasks. However, to perform high-level vision tasks such as performing
video segmentation or video manipulation, we conjecture that external knowledge
would be required, like a collection of external datasets or a pretrained model on a

such external dataset to aid our VDP method.
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4.9 Conclusion

We conclude in this work that a video-specific approach is a way to go for a
considerable number of video processing tasks. Our VDP method not only performed
better than the task-specific approaches but also it is not hamstrung by the limited
availability of either the computing power or the training data. We demonstrate that
the introduction of a spatial pyramid loss enhances the robustness of our proposed
VDP method. Leveraging this loss, we were able to achieve state-of-the-art results
in all enhancement tasks, even in the presence of noise in the input frames. One
limitation of our method is the long processing time compared to other methods at
the test time inference. Nevertheless, it is important to note that we do not require
training as the other baseline methods (requires multiple GPU hrs if not days). In
the future, we will focus on improving efficiency to shorten the processing time for
increased practical utility. One great advantage of our approach is removing the data
collection requirement for such processing tasks. We hope that this step towards
a data-free approach will reduce the massive data mining across the internet and

provide better data privacy measures.

4.10 Broader Impact

Our approach offers a significant advantage by eliminating the need for data
collection in processing tasks. This shift towards a data-free approach has the

potential to mitigate the extensive data mining activities conducted across the
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internet, thereby addressing concerns related to data privacy. By reducing the
reliance on data collection, our approach promotes more ethical and responsible use
of technology.

However, it is crucial to acknowledge that our approach also has some lim-
itations. We believe that addressing these challenges through ongoing research
and development will contribute to the continuous improvement and refinement of

data-free approaches, thereby enhancing their broader impact.

4.11 Appendix

4.11.1 Comparison with cascaded models

Existing video enhancement approaches rely on clean and sharp input frames
to perform the task at hand. However, this is not always the case depending on the
lighting condition of scene capture or compressing a video stream to send it over
the internet. All of these introduce noise in the clean video signal. Applying video
enhancement approaches in such conditions results in sub-optimal enhancements, as
demonstrated in the main paper. One other way of dealing with such conditions is the
use of a two-stage cascaded approach. For example, we have to provide super-resolute
frames for a noisy video sequence. We can get the solution by first denoising the
frames and then processing these with super-resolution approaches. However, this
also results in error propagation from one stage to another and results in artifacts.

To evaluate the aforementioned reasoning, we perform a two-stage cascaded

approach for video super-resolution and frame interpolation tasks. In this cascaded
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approach, we apply the frame denoiser first and then apply the VSR or VFI model.
For video denoiser we use the FastDVDnet [3]. Table. and describe the
quantitative evaluation of baselines(cascaded approach) with our VDP model for
super-resolution and frame interpolation tasks. It can be observed that there is
a deterioration in results for the super-resolution task for the cascaded approach
than directly applying the baseline. This is primarily due to the fact that when
the denoiser is applied in the first stage, it washes away important details from the
lower-resolution frames. When these frames are passed through the video super-
resolution baselines, the error from the first stage is propagated further. A qualitative
visualization of this is depicted in Fig. [£.7] However, for the frame interpolation
task, the case is reversed, and cascaded baseline approaches yield better results than
only baseline approaches. It can be seen from Table. [£.0] that the cascaded baselines
perform better than only baseline approaches but still perform worse than our VDP
approach.

Also, we have shown in the main paper that denoisers like FastDVDnet [3] are
also prone to variations in noise distribution. This would hurt the efficacy of the
cascaded models if the noise is coming from a distribution other than the Gaussian

distribution.

4.11.2 Ablation study

We performed ablation experiments to study the effect of losses for our video

dynamics prior. We report the quantitative results for all the enhancement tasks in
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(a) Bicubic (b) Bicubic (c) BasicVSR++ (d) EDVR (e) Ours fHGT
(Noisy) (Denoised)
Figure 4.7: Video Super Resolution: Comparison of results of the ‘Cameraman’ sequence

from VIMEO-90K-T dataset. Gaussian noise of std o = 5 is added to the lower-
resolution input frames. (a) Bicubic extrapolation of noisy low-resolution frame
(b) Bicubic extrapolation of denoised low-resolution frame. (c) Patch from higher
resolution generated by BasicVSR++ [10] over the denoised low-resolution
frame. (d) Patch from higher resolution frame generated by EDVR [11] over
the denoised low-resolution frame. (e) Patch from the higher resolution by Ours
VDP method. (f) Patch from higher resolution ground truth frame. We use
standard video denoiser FastDVDNet [3] to denoise the input low-resolution
video frames. Based on the figure, it appears that the denoiser used in the first
stage of the model removes vital information from the lower-resolution frames,
which leads to errors in the second stage. Our VDP model, on the other hand,
preserves more details compared to the baselines.

Metrics  Noisy Frames Noisy Intensity ~BiCubic EDVR [II]* BasicVSR++ [I0]*  Ours
PSNR oc=5 27.78 31.56 31.03 33.87
SSIM oc=5 0.806 0.857 0.853 0.878
Table 4.5: Quantitative cascaded video super-resolution(4x) results: For the eval-

uation of our method, we calculate the Avg PSNR and SSIM scores between
the generated super-resolution video and ground truth video for all baselines
along with our method. The score is calculated on the standard VIMEO-90K-T
dataset. Best results in the table are shown in blue (bold). Please note we use
VSR baselines by cascading it with the video denoiser model FastDVDnet [3].
The baselines marked with * denote a data-driven baseline.

Metrics

# Noisy Frames  Noise level — ToFlow [II4]*  DAIN [123]*  SoftSplat [I48]*  RIFE [T47]* Ours

PSNR 2 Frame o=15 33.31 33.51 34.20 33.95 34.92
SSTM 214 Frame o=15 0.882 0.891 0.898 0.892 0.918
Table 4.6: Quantitative cascaded video frame interpolation results: For the evalua-

tion of our method, we calculate the Avg PSNR and SSIM score between the
generated interpolated video frames and ground truth video. For all baselines
and our method, the score is calculated on the UCF101 triplet dataset. Please
note we use VFI baselines by cascading it with the video denoiser model FastD-
VDnet [3]. The color blue (bold) denotes the best performance. The baselines
marked with x denote a data-driven baseline.
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Table. [£.7] It can be observed from the denoising section of the table that spatial
pyramid loss Ly, (given by Eqn. 2) is very important to provide robustness to both
the spatial and temporal domains. Additionally, it can be observed that variation
loss L, is very important for tasks like super-resolution, frame interpolation, and
object removal. In Fig. we show a qualitative comparison between VDP
model optimized with different subsets of losses.

Video denoising: It can be observed from Fig. that only using the reconstruction
loss L. results in very suboptimal denoising. Optimizing for a high number of
epochs using only L. results in the total reconstruction of the noisy signal. Adding
the variation loss L., to L. results in smoothening of the video frame as can be
observed from the Fig. However, adding the spatial pyramid loss Lq1 to Lyec
results in a very strong denoiser. This can also be observed in the quantitative
evaluation given by Table. [4.7]

Video Super Resolution: It can be observed from Fig. that only using the
reconstruction loss L., results in suboptimal quality of super resolute frames with
edginess in the texture. The addition of the spatial pyramid loss Lgp to Lyee results
in better texture in the high-resolution frames, yet some edgyness in the texture
remains. However, the addition of the variation loss Ly to Lep + Liec results in
smoothening of the texture while retaining the edges. This can also be observed in
the quantitative evaluation given by Table.

Video Frame Interpolation: It can be observed from Fig. that only using
the reconstruction loss L. results in suboptimal quality of interpolated frames with
rough textures and missing details. The addition of the spatial pyramid loss Lg, to
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Figure 4.8: Video Denoising (Ablation): Frame from a video in the DAVIS dataset
denoised using loss functions. (a) Frame corrupted with additive poisson noise of
intensity 25 (relative to intensity range [0-255]). Figure (b) depicts the denoised
frames generated by only Lyec. Figure (c) depicts the denoised frame generated
by Lrec + Lspi. Figure (d) depicts the denoised frame generated by Lyec + Lvar-
Figure (e) depicts the denoised frames generated by Lyiec + Lspl + Lyar. Figure
(f) shows the clean ground truth frames.

L. results in better texture and increased details in the interpolated frames however,
some edginess in the texture remains. However, the addition of the variation loss
Lyar to Lgp + Lyec Tesults in smoothening of the texture while retaining the details.
This can also be observed in the quantitative evaluation given by Table. [£.7]

Video Object Removal: It can be observed from Fig. that only using the
reconstruction loss L,.. results in suboptimal quality of interpolated region in the
frames with rough textures and color jitter artifacts. The addition of the spatial
pyramid loss Lgp to Lyec results in better texture and reduced jittering artifacts in
the interpolated region in the frames. However, the addition of the variation loss
Lar 10 Lgp1 4 Lye Tesults in smoothening of the texture and merging of the inpainted

region with the background. This can also be observed in the quantitative evaluation

given by Table. [1.7]
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Figure 4.9: Video Super Resolution (Ablation): Comparison of results of the ‘Cam-
eraman’ sequence from VIMEO-90K-T dataset. (a) Bicubic extrapolation of
low-resolution frame. (b) Patch from higher resolution generated by utilizing
only the reconstruction loss given by Eqn. 1. (c¢) Patch from higher resolution
frame generated by Liec + Lspi (d) Patch from the higher resolution frame
generated by Lrec + Lyar. (€) Patch from the higher resolution frame generated
by Lriec + Lspl + Lyar (f) Patch from higher resolution ground truth frame.

4.11.3 Processing time

We would like to point out here that if we take cumulative training and inference
time, then our baseline would come out to be a better bargain in many scenarios, as
depicted by Table. [£.8. To put it in perspective, a data-heavy baseline requires an
ample amount of time to train, even when provided with perfect hyperparameters,
making exploring different architectures quite expensive. In addition, the training
dataset is limited in terms of representing real-world scenarios; this would further
increase the spending time and effort in fine-tuning the network every time for a new

setting. Please note that the inference time for our method has been calibrated on

Task Dataset Metric  Additive Noise Type Noise Level ~ Liee  Lrec + Lvar  Lrec + Lspt Lrec + Lvar + Lepl
Denoising DAVIS PSNR Poisson (A=25) 20.58 24.63 30.14 31.96
PSNR Poisson (A =30) 20.11 23.82 29.81 30.07
Super-Resolution Vimeo-90KT PSNR 31.23 33.86 32.18 35.70
SSIM 0.890 0.924 0.915 0.936
Frame-interpolation UCF-101 PSNR 33.29 34.13 33.88 35.41
SSIM 0.943 0.945 0.963 0.970
Object Removal DAVIS PSNR 29.31 31.78 30.12 32.06
SSIM 0.9125 0.9451 0.9352 0.9512

Table 4.7: Quantitative ablations results: To evaluate our method, we calculate the
Avg PSNR score between the generated noise-free video and ground truth video.
blue (bold) denotes the best score.

114



-

.-
sel o ‘4

(a) ‘Crec (b) Lrec+Lspl (C) Lrez:"' Lvar (d) Lrec+Lspl+ Lvar

Figure 4.10: Video Frame Interpolation (Ablation): In order to compare our method
with different loss functions, we conducted a visual comparison. (a) Patch
generated by utilizing only the reconstruction loss given by Eqn. 1. (b)
Patch generated by Lyec + Lsp1 (¢) Patch generated by Lyec + Lyar. (d) Patch
generated by Liec + Lspt + Lyar-

InpUt Mask (a) Lrec (b) Lrec+Lspl (C) Lrec+ Lvar (d) Lrec+Lspl+ Lvar

Figure 4.11: Video Object Removal (Ablation). In the above figure, we describe a
video object removal task. The GT in the figure represents the original video
sequence frame without any alterations. (a) Patch generated by utilizing only
the reconstruction loss given by Eqn. 1. (b) Patch generated utilizing the
loss given by Lrec + Lepi (¢) Patch generated by utilizing the loss given by
Lrec+ Lyvar. (d) Patch generated by utilizing the loss given by Liec + Lspi + Lvar-

one Nvidia A6000 GPU.

4.11.4 Optimization Details

To optimize our model, we use a single Nvidia A6000 GPU with 48G memory
to process a single video at a time with 15-frame sequences of size 448x256. We
optimize the modules LFPNet and FDNet weights using the entire test sequence
with the Adam optimizer at a learning rate in the range of [0.0002, 0.002].

Video Denoising: For getting a good performance on the denoising task, we utilize

the following weights for the different losses; Arec = 1, Asp1 = 0.0001 and Ay, = 0.0001.
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Task Dataset size Resolution Ours Best Baseline
(Train + Infer) (Train + Infer)

Super-Resolution 38,990 (7 fr/v) 112 x 64 — 448 x 256 0+ 15s 300 hrs + 1s

Denoise 50 seq (3450 fr) 448 x 256 0+ 12s 200 hrs + 0.1s
Object Removal 50 seq (3450 fr) 448 x 256 0+ 8.5s 160 hrs + 8.3s
Frame Interpolation 3,782 triplets 448 x 256 0 + 10s 120hrs + 0.08s

Table 4.8: Training and inference time comparison with the best baselines. Note that the
inference time in the table is given as the time required to process per frame of
a video.

We observed that the performance of our VDP denoiser plateaued after 3600 epochs.
Video Frame Interpolation: For getting a good performance on the frame
interpolation task, we utilize the following weights for the different losses; Ajee = 1,
Aspi = 0.0001 and Ay, = 0.0001. We observed that the performance of our VDP
frame interpolation model plateaued after 1800 epochs.
Video Super-Resolution : For getting a good performance on the VSR task,
we utilize the following weights for the different losses; A\jec = 1, Ay = 0.01 and
Avar = 0.0001. We observed that the performance of our VDP SR model plateaued
after 4200 epochs.
Video Object removal: For getting a good performance on the object removal
task, we utilize the following weights for the different losses; Ajec = 1, Agp1 = 0.01
and Ay, = 0.0001. We observed that the performance of our VDP object removal
model plateaued after 1800 epochs.

Additionally, we conducted our experiments using multiple random initializa-

tions of FDNet and LEPNet modules and observed consistent quantitative results

across all runs.
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4.11.5 Additional Details - FDNet

Each convolution layer is followed by batch normalization and a leaky rectified
linear unit (LeakyReLU; negative slope = 0.2), except for the last layer of the decoder.
In the last layer of the decoder, we use the sigmoid activation function. We utilize

Pytorch for our implementation.

4.11.6 Dataset Descriptions

Vimeo-90K-T [114] This dataset contains 7824 short clips downloaded from
'vimeo.com’. Each clip only contains 7 frames per clip. We used this dataset for
a video super-resolution task. The lower resolution input frames have a size of
3 x 112 x 64 while the higher resolution frames have a size of 3 x 448 x 256.
DAVIS [1] This dataset contains 50 curated video clips, and each clip contains a
unique object in the clip. The dataset has masking annotation present for this object
for each clip. Each frame in each clip contains 1 mask annotation. There is 3450
total number of frames in this dataset. We used this dataset for video denoising and
object removal task. We resized the resolution of each clip for the aforementioned
tasks. The resolution of input frames for the task was of the size 3 x 448 x 256.
UCF [2] The UCF101 dataset contains videos with a large variety of human actions.
We utilized this dataset for the video frame interpolation task. We used this dataset
under standard settings put forth by paper [123]. There are 379 triplets with a

resolution of 256 x 256 pixels.
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Task Method

Dataset  Noisy Frames Noise Intensity FVD| LPIPS| PSNR?t SSIM1

Denoise FastDVDnet DAVIS A=25 1743  0.65 19.02 -
(Poisson) Ours 54 0.0056 31.96 -
Object FGVC DAVIS - 580 0.0556 31.92 0.9499
Removal Owurs 445 0.0408 32.06 0.9512
Inter- RIFE UCF101 274 Frame oc=15 - 0.412 20.22 0.512
-polation SoftSplat-Lp - 0.624 18.25 0.401
Ours - 0.102 34.92 0.918
VSR EDVR Vimeo90KT oc=5 - 0.5051 32.02 0.758
BasicVSR++ - 0.5263 31.58 0.720
Ours 0.181 33.87 0.878

Table 4.9: We include LPIPS and FVD [4] metrics for completeness of quantitative evalu-
ation of enhancement tasks (video denoising, object removal, and video inter-
polation). FVD is a deep neural network based metric that evaluates both the
spatial and temporal quality of the processed video with the ground truth video.
FVD requires minimum of 16 frames in a sequence for evaluation. Hence, we
were unable to evaluate FVD for task like VFI and VSR on UCF101 triplet and
Vimeo90KT datasets.
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Chapter 5:  Video Decomposition Prior: Editing Videos Layer by Layer

5.1 Introduction

Deep learning techniques, prominently convolutional networks [I55] and vision
transformers [156], have emerged as the preferred choice for video-related tasks due to
their superior results. Typically, these frameworks are trained using a standardized
method: curate a dataset of input/corrupted and ground truth/clean sequences,
design the model, and minimize the L2 loss between predictions and actual values.
While this supervised approach sets state-of-the-art benchmarks, it grapples with
two significant challenges. First, collecting extensive datasets with annotated pairs
for every task is impractical and expensive. Second, as demonstrated by prior works
like [157], the performance of pretrained models deteriorates when the test data
slightly deviates from the training data.

To circumvent these challenges, emerging video editing methods [I57], 158 159,
160} T61] were developed and they offer three key advantages: they operate directly
on test sequences (also known as inference-time optimization), thereby obviating the
need for collecting input and ground truth pairs; they are immune to dataset biases
and generalize well to unseen examples [I57]; and they are resource-efficient as they

do not have to optimize over an external training corpus instead they optimize only
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on the given test input video. However, these techniques are not without limitations.
They are often designed for very specific tasks, and they often perform inferior to
their data-trained counterpart.

In this paper, we propose a inference-time optimization framework VDP, that
does not rely on a collection of task-specific video input and ground truth sequence
pairs. We took inspiration from professional video editing techniques — where
sequences are broken down into multiple RGB layers. Each RGB layer is associated
with a distinct opacity layer, and by manipulating these RGB layers and their
associated opacity levels, desired outcomes are achieved. In this work, we emphasize
that proper decomposition formulation of a video leads to visually realistic solutions
for the tasks. Fig. illustrates our approach for the 3 different tasks discussed.
Our framework relies only on the input video and its derived optical flow to solve a
wide variety of video-specific tasks.

From a technical standpoint, VDP consists of two integral modules: ‘RGB-Net’
that operates on the appearance aspect of the input video and ‘a-Net’ that operates
on the associated optical flow RGB of the input video. Both of these modules are
designed using the convolutional U-Net architecture. Based on the tasks, we use the
appropriate video decomposition formulation and appropriate regularization terms.
We then jointly optimize these convolutional U-Nets for the same.

Our work makes three main contributions. 1) We propose a novel inference-
time optimization framework that decomposes a video into multiple layers and can
effectively perform tasks like video object segmentation, dehazing, and relighting.
2) We introduce a new formulation of the logarithmic decomposition of a video to
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Figure 5.1: Visual representation of video edits obtained using VDP. The first
row demonstrates a foreground manipulation example that leverages an object
mask as the decomposition guide. This object mask is obtained by performing
Unsupervised Video Object Segmentation (UVOS), which is a downstream
task of video decomposition and is achieved using our proposed framework.
Our approach effectively separates the foreground objects and background in
the video sequence, enabling us to perform object manipulation. The second
row shows the result of our approach for video dehazing, where our method
effectively removes the haze from the scene. Finally, the third row showcases the
effectiveness of our approach for video relighting, where our method effectively
changes the lighting of the scene. Our proposed approach outperforms the
state-of-the-art methods for the latter two tasks, highlighting the efficacy of
our unified framework for video decomposition.

perform a relighting task. This new formulation leads to significant improvement in
performance when compared to the current baseline methods. 3) We achieve state-
of-the-art performances on relevant downstream applications of video decomposition,
such as video dehazing and relighting. VDP outperforms the existing inference-time

optimization techniques for video object segmentation.
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5.2 Related Works

Traditionally, priors played a pivotal role in transforming an ‘ill-posed prob-
lem’(one with multiple plausible solutions) to a well-posed problem. Past proposed
priors [162], [163] 164, 165, 166] were very limited in their capability of learning a
good representation of videos to generalize well on various scenes. All of this changed
with the recent developments in deep learning techniques that considerably improve
the representation of videos and deliver high-performance gains on video editing
tasks.

Established works such as [130, 131}, 157, 167, [168] are test time optimization
techniques, i.e., they directly work on the corrupted input image/video sequences
and do not require any ground truth for training. These approaches have highlighted
the importance of formulating a loss function, combined with the optimization of
neural network parameters, to achieve significant results for both image and video
restoration problems. However, these insights predominantly catered to limited
vision tasks such as denoising, super-resolution, and inpainting. Using our approach,
we are able to address video relighting, dehazing, and unsupervised video object
segmentation tasks under a unified framework. We demonstrate this breadth of
applications by leveraging the compositionality properties inherent in videos.

DoubleDIP [20] employs a similar strategy, but their convolutional framework
relies heavily on the appearance of the video when optimizing a task objective.
This becomes a limitation when working with videos, as motion plays a critical role

alongside appearance. Our method tackles this bottleneck by harnessing optical flow
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as a motion cue. This inclusion of optical flow not only captures motion effectively but
also permits warping operations vital for downstream tasks such as edit propagation,
an ability absent in DoubleDIP’s decomposition framework.

Other inference-time optimization methodologies, such as [158, 160} 161, 169]
are very task-specific and utilize a singular form of video composition formulation,
i.e., a-blending. Techniques like these are heavily reliant on user-generated masks
or image-centric baselines. In contrast to these methods, our proposed method can
tackle a wide variety of tasks. In addition, our framework does not rely on pretrained
image segmentation networks, thereby enhancing its robustness, especially when
confronted with unfamiliar objects in videos. Method [I7] is another inference-time
optimization technique that avoids the use of pretrained image segmentation but
encounters issues with objects whose appearances fluctuate over time, perhaps due
to shifts in lighting. Such a limitation arises from their approach of encapsulating
an object’s global appearance in videos into a single canonical texture layer. In
contrast, our proposed methodology takes advantage of frame-by-frame appearance
and motion cues, making our model significantly more resilient to variations in

lighting.

5.3 Video Decomposition Prior Framework

Given a video sequence denoted as {X;}T, this section delves into our frame-
work’s methodology to decompose the video into multiple layers. To facilitate this

decomposition, our framework requires an associated forward optical flow of the
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Figure 5.2: VDP for relighting a video sequence. In this pipeline, the input video frame
t is fed into a shallow U-Net denoted by fél();B. While the flow-RGB is given as

input to a separate shallow U-Net network denoted by fél). The intermediate
output of flgéB is a re-lit version of the input frame ¢. While the output

of fo(él) is transmission maps or Tmap denoted by 1/A;. It is important to
note that 7! is also treated as a trainable parameter in the pipeline. After

obtaining the reconstructed frame ¢, we apply reconstruction and warping losses

respectively to optimize fP(Llc);B, fél), v~ L

input video, represented as {F;_.;11}2. Subsequently, we will detail the design of
the modules incorporated within VDP and outline the generic structure of our loss

function.

5.3.1 Modules Overview

VDP framework consists of the following two modules.
(I) RGB layer predictor module (RGBnet): RGBnet (functional notation
frap) is a fully convolutional bottleneck network [I70]. Given that we only optimize
the weights over a single video, a shallow convolutional U-Net is sufficient for the
task. RGBnet takes image frame X; of the video sequence as input and outputs a
RGB layer (a 3 channel layer of same resolution as the input frame Xj).
(IT) « layer predictor module (a-net): a-net (functional notation f,) architecture

is similar to RGBnet, i.e., a fully convolutional bottleneck network. We utilize a
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shallow convolutional U-Net for predicting the Tmaps or opacity layer. a-net takes
flow-RGB (RGB representation of forward optical flow denoted as FRGB ) feature

maps of the video sequence as input and outputs the Tmap /opacity layer (a 1 channel

layer of same resolution as the input frame X}).

5.3.2  VDP: Optimization objective for generic video decomposition

VDP framework decomposes the input video into multiple layers and then
composite these layers again to reconstructs the same video input. In this process,
the intermediate outputs generated by VDP are of particular interest. In this
section, we will discuss a generic structure of the loss function that will help ensure
temporal consistency and faithful reconstruction of the original input video.

Loss Objective: The loss objective used to optimize our framework for different

tasks is given by the following Eqn [5.1],

Eﬁnal = )\recﬁrec + Awarp‘cwarp- (51>

Reconstruction Loss: We use a combination of L1 and perceptual loss [I71] to

facilitate faithful reconstruction of the original input video, which is given by,

Lice = Y 11X = Xilh + [[6(X2) = S(X) - (5.2)

where, ¢(-) denotes embeddings obtained from the pre-trained VGG network trained

on Imagenet [24].
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Optical Flow Warp Loss: The intermediate output of interest X/, should follow
the same temporal coherence as the input video X; at any given timestamp. This is

ensured by the optical-flow warp loss,

Loarp = ) IFrm1on (X)) — X7 (5-3)
t

where, F;_;_,; denotes the forward optical flow between the frames X; ; and Xj,.

The subsequent sections will discuss various applications of our VDP framework.

5.4 Video Relighting

During the nighttime, less amount of luminescence leads to darker capture of
a scene. Traditionally, gamma correction is used to relight such captured scene as
gamma is what translates well between our eye’s light sensitivity and that of the

camera. Mathematically, gamma correction can be defined as given by the Eqn.
XM= A, (X)) vte (1,T), (5.4)

where, X" is the output of gamma correction at time step t. X® is the input to
which the gamma correction is applied. A; and ~ are the hyperparameters of gamma
correction. An image frame is either darkened or lightened up based on the value of

v in Eqn. 5.4 For our model, we change the Eqn. as follows,

log(X,") = = (log(1 @ A;) + log(X™)) vt € (1,T). (5.5)

= |
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Metrics  ZeroDCE-++ (I5) SDSD (5) StableLLVE (I6)  Ours

PSNR 26.46 24.92 26.01 27.92
SSIM 0.85 0.73 0.84 0.90

Table 5.1: Quantitative evaluation on Video Relighting benchmarks: For the
evaluation of our method, we calculate the Avg PSNR and SSIM scores between
the re-lit video and ground truth video. We use the pretrain model for the
baselines that are publicly made available for calculating the PSNR and SSIM
scores. For all baselines and our method, the score is calculated on the SDSD
dataset (5). Also, blue (bold) denotes the best score.

Where @ operation denotes element-wise division.

The goal of the video relighting task is to recover a video {(X?")}T with
good lighting conditions from its poorly lit counter-part video {X*}T. We treat
the relighting problem as a video decomposition problem, where one layer is the
well-lit video. In addition, we model the transmission maps 1 @ A; with our a-net
model. Further, we model y~! as a trainable parameter that can take a value between
(0,1). In summary, to find the well-lit video from the given input video, we initialize
one RGBnet, one a-net, one trainable parameter v, and use the Eqn. for
reconstruction loss. This whole pipeline is given by Fig. 5.2l One advantage of
utilizing the convolution nets to model RGBnet(Frgp) is that convolutional nets
provide a high impedance to the noise [I30] when reconstructing a natural image.
This property proves beneficial as merely applying gamma correction to a dark image
can introduce noise into the relit image.

Our final loss objective to perform the relighting task is given by Eqn. [5.1

We evaluate our method for the video relighting task on the SDSD dataset [5]
and compare our model against the existing state-of-the-art baselines. It is important

to note that the SDSD dataset consists of low-light captured RGB videos as the
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Input ZeroDCE++ SDSD StableLLVE Ours GT

Figure 5.3: Qualitative evaluation on Video Relighting benchmark: We compare the
re-lit result of our method with the baselines on the SDSD ([5) dataset. We com-
pare our method against both the image and video baselines. ZeroDCE++ (15)
method is a image-based baseline while SDSD (5]) and Stablellve (16]) are video
baselines. Please note that we have utilized the pretrained models of all the
baselines to obtain qualitative results. Methods SDSD and Stablellve require
training on the external dataset, while our approach operates directly on the
low-light video sequence.

input. The SDSD dataset has a total of 150 sequence pairs (low-lit seq, gt seq).
Each sequence contains 100-300 high-resolution frames of size 1920 x 1080. We
follow the same evaluation strategy for this dataset as the paper [5]. We choose the
ZeroDCE++ [15], SDSDJ5], and StableLLVE[16] approaches as baselines. SDSD
and StableLLVE approaches are trained using the RGB video dataset; hence, these
methods act as perfect baselines.

A qualitative evaluation can be seen in Fig. [5.3] Note that ours and the
ZeroDCE++ approach do not require any training data. Our approach is optimized
directly on the inference-time video sequence instead of other approaches that have
to be trained using external data. Table. [5.] represents the quantitative evaluation
of our approach on the SDSD dataset. It can be observed from the table that

our method outperforms the existing baselines by a significant margin in the video
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Our Framework: In this figure, we present the pipeline for the task of decom-
posing the video into two different components. For the above configuration,
the input video frame t is fed into two different shallow U-Nets denoted by
flgc);B and fl(f();B respectively. We obtain two different intermediate components
of the input frame ¢ in the form of layer 1 and layer 2. Additionally, we process
forward flow-RGBs using a separate shallow U-Net network denoted by fél).
This network outputs a compositing maps, which are then used for blending
both layers respectively to reconstruct the original input frame t. After the
compositing, we apply various losses (reconstruction loss and regularization loss)
depending on the task at hand. (Right) Illustration of Flow Similarity
loss: we define this loss over flow-RGB image (FB). This loss ensures that
pixels with similar motions are grouped together. Illustration of Recon-
struction layer loss: We define this loss over the masked object layers and
masked input frame X;. This loss ensures that the masked object layer such as

M fgéB has the same appearance as the masked input frame M;X;.

task.

5.5 Unsupervised Video Object Segmentation

Given a video sequence, the aim of unsupervised video object segmentation

(UVOS) is

to coherently track and segment the most salient object in a video without

any human annotations. Several past works such as these (172, 173 [174], [175] 1706,

177, 178, [179, 180) have made attempts to segment the primary object in a video

without the use of any annotations. Unlike these works, our goal is not to detect

semantic object categories but to find a decomposition that explains the scene motion

and its appearance.

We start by leveraging the a-blending equation to write the reconstruction of
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the input video,
L

X, =Y MO figp(Xi) Ve (1,T] (5.6)
=1

Here, M; denotes the alpha map for the i'! object layer and t*® frame. Further, M

is obtained using the following,
]\4’15Z = fé(Ftlicl}EQ Vt S (17 n]? (57)

where, FRGB,, is the RGB image of flow estimate from frame t — 1 to ¢. Additionally,

the following condition about the alpha maps should also satisfy

L
Thw = Y M, (5.8)
=1

where, Jj,,, denotes the all-ones matrix of size [h, w].

Since the problem of video decomposition is severely ill-posed, the loss objective
given by Eqn.[5.1]alone is not enough to find a visually plausible layered decomposition
of an input video. Additionally, to find the right decomposition we need the opacity
layers to be binary masks. Hence, we introduce a few other regularization losses to
mitigate such challenges.

Flow Similarity Loss: This loss ensures the motion of the layer ¢ is uncorrelated
with the rest of the video layers. We define the loss as cosine similarity between the
VGG embeddings of the masked flow-RGB of layer ¢ with the rest of the layers. The

illustration for this loss is depicted in Fig. [5.4, We can mathematically write this

130



DoubleDIP

DyStab Ours

Ground Truth Deformable-sprites

gz,

Figure 5.5: Qualitative evaluation on VOS benchmark: We compare the mask from
our method with the baselines on DAVIS-16 (1)) dataset. We compare our
method against the baselines DS (I7)) and DyStab (18). Please note the above
masks (exception: DoubleDIP) for baselines are pre-computed masks provided
by the authors of the papers.

Model Flow model DAVIS (I) FBMS (I81)
DoubleDIP (20) - 24.6 -
ARP (182) CPMFlow (183) 76.2 59.8
CIS (184) PWCNet (I85) 715 63.5
MG (23) RAFT (149) 68.3 53.1

DS (17) RAFT (149) 79.1 71.8
DyStab* (I8) PWCNet (I85) 80.0 73.2
Ours RAFT (149) 81.1 73.2

Table 5.2: Quantitative evaluation on VOS benchmarks: For the evaluation of our
method, we calculate the IOU score (J) between the generated masks and the
ground truth mask. Also, blue (bold) denotes the best score. Please note that
the DyStab is trained using a video dataset, while all the other methods require
only a test time video sequence to segment the object from the video.

loss as follows,

S(M] © FIOP) - (1 — M}) © FRCP)
le(M; © FREP)[[lo((1 = M}) © FREB)||

EFsim = (59)

Here, ¢(+) in the Eqn. denotes the embeddings obtained by the pre-trained VGG
network trained on ImageNet. FRSB is the RGB image of flow estimate from frame
t—1tot.

Mask Loss: This loss ensures binarization in the generated layer mask. We utilized
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the mask loss put forth by [20]. We can mathematically write this loss as follows,

Lotk = (1M} —0.5]) " (5.10)

LT

Reconstruction layer Loss: This loss ensures the appearance of the layer i is a
segment of the original input video. We define the loss as an L1 loss between the
masked RGB image prediction of layer i and the masked RGB image prediction of

the original video. We can mathematically write this loss as follows,

Elayer - HMZ @ Xt - MZ @ Xt” (511)

Here, X; is the RGB frame in the video sequence at time-step ¢. M/ is the alpha
map for the i'" object layer and t** frame.
Final Modified Loss: We combine all the losses together into a final loss term as

follows,

'CUVOS :)\rec:['rec + )\Fsim»CFsim + >\layer£layer
(5.12)

+ )\warpﬁwarp + )\MaskEMask-

We leverage our final modified loss objective, given by Eqn. to perform
unsupervised video object segmentation. For this task, we want to split an input
video into foreground and background layers. Hence, we initialize 2 RGBnets ( frap)
and one anet (f,). Weights for all these modules are optimized using the test

sequence only. The illustration of this is shown in the Fig. [5.4f Because we are
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(@) Input Frame Edited Frame

(b) InputFrame | Edited Frame

Figure 5.6: Edits propagation: First column in the figure represents the input frame to
be edited. Second column represents the edits performed. Next columns in Fig.
(a) represent the qualitative comparison of propagated edits with baselines,
while Fig. (b) represents propagated edits throughout the video. From Row 1, 2
- it can be observed that the quality of our framework’s propagated edited decals
is much better as compared to the baselines. The legs of the camel(Row 1) and
parachute bag shape(Row 2) are preserved in our method’s edit propagation.
Row 3 - It can be observed that consistent edits in a particular layer can be
performed throughout the video. In this case, we show an example of style
transfer being performed on the swan. Row 4 - we can selectively replace the
background layer and propagate the edits through the video.

dealing with a decomposition of the input video into two layers, i.e., as L = 2, we

modify Eqn. [5.6] as follows,
Xo =M, 0 fhap(X)) + (1 = M) © fiap(X,) Vte (1,n]. (5.13)

All the loss functions in the Eqn. [5.12]are modified with the value of L = 2. We fit our
model parameters using loss function given by Eqn. [5.12] We then use the learned a-
net to generate a segmentation mask for the input video. The predicted segmentation
masks for each timestamp can be obtained by M; = f,(FESB,). where, FRSE, is the

—1-t

RGB image of flow estimate from frame ¢ — 1 to .
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We evaluate our method for unsupervised video object detection on the DAVIS-
16 dataset [I] and compare our model against the existing baselines. A qualitative
comparison between our approach and the baselines can be seen in Fig. It can be
observed from Fig. [5.5] that our method performs better than the existing methods
in terms of segmenting the most salient object from the scene. Table. presents
a quantitative evaluation of our approach. Our method outperforms the existing
inference-time optimized baselines in the unsupervised video object segmentation

setting. DoubleDIP is the worst-performing baseline in our evaluation.

5.5.1 Coherent Edits Propogation

With our approach, we are able to perform downstream applications like
coherently editing the foreground and background object layers in a scene. It can be
observed from Fig. [5.6] the type of edits we can perform on one layer in some keyframe,
which can then be propagated throughout the video. The distinct advantage of
our method over other such methods is that the user can perform the edit on any
keyframe which has a better view of the object. This makes it easier for the user to
make the edit instead of making it in one global atlas for the object layer with a
distorted single view. In Fig. 5.6 we perform different edits such as add decals or
modify a keyframe with style transfer [I86] or swap the background. These edits
are then consistently propagated using a combination of flow warping operation and

composition using the obtained masks.
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5.6 Video Dehazing

Videos captured in outdoor settings are often degraded by a scattering medium
(e.g., haze, fog, underwater scattering). The degradation is such that it grows with
the depth of the scene. Typically, we can write a hazy video {X;}T as put forth by

papers [20, 166, 187, [188]:

where A; is the Airlight map (A-map), Clr(X;) is the haze-free image, and « here is
the transmission (t-map).The goal of video dehazing is to recover the clear underlying
video {Clr(X;)}¥ from a hazy input video {X;}T i.e., recover the input video that
would have been captured on a clear day with good visibility conditions. We treat the
dehazing problem as a video decomposition problem, where one layer is the haze-free
video and the other layer is the Airlight map. This Airlight map is obtained using
the standard methodology proposed in [I89] and kept as a fixed (non-trainable) layer.
Further, we model the transmission t-maps with our a-net model. In summary, to
find the dehazed video from the given input video, we initialize one RGBnet, one
a-net, and use the Eqn. for reconstruction loss.

To optimize the model parameters, we optimize the objective function given
by Eqn. 5.1}

We evaluate our method for the video dehazing task on the REVIDE dataset [6]

and compare our model against the existing state-of-the-art baselines. It is important
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Metrics EDVR (II) DoubleDIP (200 MSBDN (I9) CG-IDN () Ours

PSNR 21.22 17.32 22.01 23.21 24.83
SSIM 0.8707 0.7942 0.8759 0.8836 0.9164

Table 5.3: Quantitative evaluation on Video Dehazing benchmarks: To evaluate
our method, we calculate the Avg PSNR and SSIM scores between the generated
haze-free video and ground truth video. For all baselines and our method, the
score is calculated on the REVIDE dataset ().

to note that the REVIDE dataset consists of real-world captured hazy RGB video
and clean video pairs. REVIDE dataset has a total of 48 sequence pairs (hazy seq,
gt seq). There are 42 sequence pairs for the train set and the remaining 6 sequence
pairs for the test set. Each sequence contains 10-60 high-resolution frames of size
2708 x 1800. We choose both image-based and video-based approaches as baselines.
MSBDN [19] is an image based dehazing baseline, while DoubleDIP [20], EDVR [11]
and CG-IDN [6] are the video based baseline. EDVR and CG-IDN approaches are
trained using the videos of the REVIDE dataset; hence, these methods act as perfect
baselines.

A qualitative evaluation can be seen in Fig. 5.7l Note that only ours and
DoubleDIP approaches do not require any task-specific training data. Both ap-
proaches are optimized directly on the inference-time video sequence instead of other
approaches that have to be trained using external data. Table. represents the
quantitative evaluation of our approach. It can be observed from the table that
our method outperforms the existing baselines by a significant margin in the video
dehazing task. DoubleDIP performs worst among the baselines in our quantitative

evaluation.
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Figure 5.7: Qualitative evaluation on Video Dehazing benchmark: We compare the
dehazed result of our method with the baselines on the REVIDE ([6]) dataset. We
compare our method against both the image and video baselines. MSBDN (19)
method is an image-based baseline while EDVR (I1]), DoubleDIP (20) and
CG-IDN (6)) are video baselines. Please note that both the EDVR and CG-IDN
methods are trained using the training data of the REVIDE dataset. In contrast,
our approach operates directly on the hazy video sequence. As can be seen from
the figure, our approach to dehazing produces a color palette in the dehazed
frame that closely resembles the color palette in the ground truth frame.

5.7 Limitations of our approach

Our method has four limitations that must be considered. First, the accuracy
of the decomposition is dependent on the effectiveness of the optical flow estimator
network (RAFT). This means that any inaccuracies or limitations of the network
will directly impact the quality of the results. Second, the number of separable layers
is a hyperparameter that must be determined prior to implementation. Third, If the
number of separable layers is set to N, then 2N independent frgg and f, need to be
initialized, which can significantly increase computational costs. Finally, it’s worth
noting that our method is a test-time optimization technique and may be slower
than its trained counterparts. However, as mentioned earlier, our model can be sped
up by resizing the frame size for the VOS task or by utilizing multiple GPUs for
optimization. These limitations must be taken into consideration when implementing

our method in practice.
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5.8 Conclusion

We have demonstrated in the paper how the layered decomposition could
be applied to a wide variety of downstream tasks. It is important to note that
our model does not require any explicit training, i.e., we optimize the parameters
using the test sequence itself. Additionally, in this paper, we achieve state-of-the-
art performances in downstream tasks such as UVOS (among the other test time
optimization techniques), dehazing, and relighting. We also demonstrated that the
targeted edits propagation can also be performed as a downstream task of UVOS.
With the help of semantic or perception cues, we believe our framework can also
be extended for monocular depth estimation, semantic segmentation, and other

high-level vision tasks.

5.9 Appendix

5.9.1 Network Architecture for RGBnet and a-net

RGBnet is a fully convolutional network. It is designed in such a way as to
handle frames of all resolutions. The input to this network is RGB frame at time ¢.
We utilize a U-net architecture for this network without the skip connections. More
details about the architecture can be found in Table. [5.4] Similarly, more details

about the a-net can be found in Table. 5.5
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Module ‘ Type ‘ Kernel Size ‘ Num Inputs ‘ Num Outputs ‘ Stride ‘ Padding

Conv2D 3x3 3 64 1 1
Conv2D 3 x3 64 64 1 1
Maxpool2D 2 %2 64 64 2 0
Conv2D I x3 64 96 1 1
Conv2D 3x3 96 128 1 1
Encoder Maxpool2D 2 %2 128 128 2 0
Conv2D 3 x3 128 128 1 1
Conv2D 3x3 128 128 1 1
Conv2D 3x3 128 128 1 1
Maxpool2D 2x2 128 128 2 0
Conv2D 4x4 128 96 1 0
ConvTranspose2d 4 x4 96 128 1 0
Bicubic upsample | (scale =2) - - - -
Conv2D 3x3 128 128 1 1
Conv2D I x3 128 128 1 1
Conv2D 3 x3 128 128 1 1
Decoder | Bicubic upsample | (scale =2) - - - -
Conv2D I x3 128 96 1 1
Conv2D 3x3 96 64 1 1
Bicubic upsample | (scale =2) - -
Conv2D 3 x3 64 64 1 1
ConvTranspose2D 3x3 64 3 1 1

Table 5.4: RGBnet: Each convolution is followed by batch normalization and a leaky
rectified linear unit (LeakyReLU; negative slope = 0.2), except for the last layer
of the encoder and decoder. In the last layer of the encoder and decoder, we use
the sigmoid activation function. We utilize Pytorch for our implementation.

5.9.2 Optimization Details

To optimize our model, we use a single Nvidia A6000 GPU with 48G memory
to process a single video at a time of resolution 856x480. We optimize the module
(fraa(+) and f,(+)) weights using the entire test sequence with the Adam optimizer at
a learning rate in the range of [0.00002, 0.002|. Because our approach is non-recurrent,
it can be scaled up by parallelizing over multiple GPUs, which speeds up the process
for longer sequences. We achieve a processing rate of 60 frames/min for dehazing
and relighting and 40 frames/min for VOS with one salient object. However, we

can speed up the VOS task by reducing the dimension from 856x480 to 224x128
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Module ‘ Type ‘ Kernel Size ‘ Num Inputs ‘ Num Outputs ‘ Stride ‘ Padding

Conv2D 3x3 3 64 1 1
Conv2D 3 x3 64 64 1 1
Maxpool2D 2 %2 64 64 2 0
Conv2D I x3 64 96 1 1
Conv2D 3x3 96 128 1 1
Encoder Maxpool2D 2 %2 128 128 2 0
Conv2D 3 x3 128 128 1 1
Conv2D 3x3 128 128 1 1
Conv2D 3x3 128 128 1 1
Maxpool2D 2x2 128 128 2 0
Conv2D 4x4 128 96 1 0
ConvTranspose2d 4 x4 96 128 1 0
Bicubic upsample | (scale =2) - - - -
Conv2D 3x3 128 128 1 1
Conv2D I x3 128 128 1 1
Conv2D 3 x3 128 128 1 1
Decoder | Bicubic upsample | (scale =2) - - - -
Conv2D I x3 128 96 1 1
Conv2D 3x3 96 64 1 1
Bicubic upsample | (scale =2) - -
Conv2D 3 x3 64 64 1 1
ConvTranspose2D 3x3 64 1 1 1

Table 5.5: a-net: Each convolution layer is followed by batch normalization and a leaky
rectified linear unit (LeakyReLU; negative slope = 0.2), except for the last layer
of the encoder and decoder. In the last layer of the encoder and decoder, we use
the sigmoid activation function. We utilize Pytorch for our implementation.

and then running the VOS task pipeline. This results in a 16x speed-up of the
pipeline, increasing the processing rate to 640 frames/min without affecting the
efficacy of our method. We use 100 epochs for a 60-frame sequence in VOS and
60 epochs for dehazing and relighting. Additionally, we conducted our experiments
using multiple random initializations of frgp(:) and f,(-) modules and observed

consistent quantitative results across all runs.

5.9.2.1 Hyper parameter setting

Unsupervised Video Object Segmentation: For getting a good performance

on the UVOS task we utilize the following weights for the different losses; A\jec = 1,
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Input Sequence Mask RCNN Ours

Figure 5.8: Comparison with pretrained image segmentation model: The examples
presented in the figure above are samples from the MoCA dataset [21I]. In
comparison to MaskRCNN [22], a pretrained image segmentation model trained
on the COCO dataset, our model is more robust in handling unfamiliar objects
in the scene. The figure shows some examples where MaskRCNN fails to
segment the unfamiliar object correctly, while our approach produces much
better segmentation results.

Arsim = 0.001, Mager = 1, Awarp = 0.01 and Ayage = 0.01.

Unsupervised Video Dehazing: For getting a good performance on the Dehazing
task we utilize the following weights for the different losses; Ajec = 1 and Ayarp = 0.02.
Unsupervised Video Relighting: For getting a good performance on the Relight-
ing task we utilize the loss weights similar to the Dehazing task, i.e., A\.c = 1 and

Awarp = 0.02.

5.9.3 UVOS

5.9.3.1 UVOS - Scene with Irregular Objects

In Fig. [5.8] we demonstrate that our method doesn’t mandate the object to
belong to a common category to achieve the correct decomposition. This is in stark
contrast to other methods like that of [161], which heavily relies on MaskRCNN or
a user-input mask for video decomposition. This flexibility provides our approach
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with an advantage, allowing for precise video foreground (FG) and background (BG)

edits and ensuring seamless propagation throughout the sequence.

5.9.3.2 UVOS - Lighting Changes

It’s notable that the efficacy of deformable sprites [I7] tends to deteriorate
in video sequences where the appearance of an object undergoes alterations due
to shifts in lighting. This decrement in performance emerges primarily because
deformable sprites attempt to encapsulate an object’s universal appearance using a
singular canonical RGB texture. In contrast, our framework operates by modeling
video decomposition at an individual frame level. Such an approach amplifies the

resilience of the object segmentation process against lighting modifications, a fact

that is evident from Fig. [5.9(a).

5.9.3.3 UVOS - Decomposition into Multiple Layers

Our model’s capabilities are not confined to a binary layer decomposition (Fore-
ground layer and Background layer). As depicted in Fig. [5.9}(b), upon configuring
the layer parameter to 2, our model precisely segregates the foreground from the
background. Intriguingly, when the layer parameter is adjusted to 3, the model
successfully isolates each person into their distinct layer while maintaining a separate

layer for the background.
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Input Sequence MG Deformable-sprites Ours

Input Video Layers =2

)

At

Figure 5.9: (a) Segmentation in variable lighting conditions throughout the
scene. We compare the mask from our method with the baselines Deformable
sprites [17] and MG [23] on frames of three video sequences. It can be observed
from the above figure methods such as Deformable-sprites and MG are more
prone to lighting changes as opposed to our method. (b) Decomposition
into multiple layers We demonstrate an example where the number of layers
L is set to both L =2 and L = 3. L = 2 results in foreground and background
layers separation, while L = 3 results in the separation of individual person in
different object layers.

5.9.3.4 UVOS - Ablation Study

We performed ablation experiments to study the effect of losses for our unsu-
pervised video object segmentation method. We report the quantitative results on
the DAVIS-16 dataset in Table. [5.6] In Fig. [5.10] we show a qualitative comparison
between architectures optimized with different subsets of losses given by Eqn. 12.
It can be observed from Fig. that removing the reconstruction loss drastically
reduces the ability of our method to segment the object of interest in the scene. This
is also reflected in the quantitative evaluation given by Table.[5.6] Dropping the Lggim

reduces our model’s ability to separate the motion of the foreground object from the
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Ground Truth w/o Rec w/o Fsim w/o RLayer w/o warp All Losses

Figure 5.10: Ablation Study: We study the effect of using only a subset of the loss
function for the video object segmentation task.

Low-lit Input Ours w/ Flow Ours w/ Gaussian Noise Ours w/ RGB Frame

Ours w/ RGB Frame

_____

Hazy Input Ours w/ Flow Ours w/ Gaussian Noise
e n— - .

Figure 5.11: Ablation Study:This figure presents the results of an ablation study where
we analyzed the impact of using FlowRGB, Gaussian Noise, and RGB frame
as input to the a-net. Row (a) shows a qualitative comparison for relighting
tasks, where we evaluated three different settings for the a-net. Row (b)
presents a comparison for the dehazing task.

background scene. Optimizing Eqn. 12 without the Ly, results in a performance
drop as the obtained object mask lacks the appearance grouping provided by the
addition of the layer loss. Lastly, dropping the Ly, reduces the temporal consistency

of the masks throughout the sequence.

5.9.3.5 Complete VOS Evaluation for DAVIS-16

We include the supervised VOS approaches along with the unsupervised ap-
proaches for the completeness of the evaluation. It is important to note that
unsupervised in the context of this paper implies that no human annotation is

required either for the training or testing process of the approach. Table. reflects
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W/0 Lrec  W/0 Lrsim  W/0 Liayer W/0 Lyarp  All Losses

Davis 52.6 67.3 72.8 78.5 81.1

Table 5.6: Ablation Study: We utilize the DAVIS-16 dataset for performing the ablation
study. We calculate the IOU score (J) between the generated mask and the
ground truth mask.

Metrics Task Ours w/ FlowRGB  Ours w/ Gaussian Noise =~ Ours w/ RGB
PSNR Dehazing 24.83 16.79 16.84
SSIM Dehazing 0.9164 0.7768 0.7721
PSNR Relighting 27.92 23.74 24.52
SSIM Relighting 0.9046 0.7221 0.7342

Table 5.7: Quantitative evaluation on Dehazing/Relighting ablations: This Table
presents the results of quantitative evaluations conducted on dehazing and
relighting tasks using three different settings of our method. To assess the
performance of our approach, we measured the average PSNR and SSIM scores
between the processed videos and ground truth videos. For dehazing evaluations,
we used the REVIDE [0] dataset, and for relighting evaluations, we used the
SDSD [5] dataset.

the evaluation of the baselines on the DAVIS-16 dataset for VOS task.

5.9.4 Intuition for Dehazing/Relighting Tasks

Dehazing: Previous studies, such as [189], have shown that small image patches are
recurrent in natural images, but this recurrence is disrupted in non-ideal conditions
such as haze/noise. [20] established this patch recurrence property could be exploited
using a coupled DIP [130]. When a combination of multiple DIPs is used to recon-
struct a frame, those DIPs tend to “split” a frame such that the patch distribution
of each DIP output follows high patch recurrence. Hence, when we use a coupled
version of U-nets in our framework to reconstruct the haze frame, it always converges
into a natural image with repetitive patches (termed as a haze-free image) and a
non-linear airlight map.
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For the relighting task, we begin by defining a manifold for the relit frame,
which is based on the gamma correction formulation as delineated in Eqn. 5. Our
architectural choice incorporates convolutional U-Nets, leveraging their inherent
property to enhance self-similarity in the produced outputs. Notably, natural images,
particularly those captured in optimal conditions, consistently exhibit the patch
recurrence property. When we employ the U-Net for optimization, its output (termed
as ‘relit’ frame) reliably gravitates towards a natural image marked by repetitive
patches. Concurrently, the system fine-tunes and selects the appropriate parameters
for y~! and Tmaps (1/A4;). A salient feature of the U-Net’s output is its pronounced
patch recurrence, which, in turn, translates to a substantial reduction in noise levels
for the relit frame. This inherent noise reduction alleviates the need for a subsequent,

explicit denoising process.

5.9.5 Ablation for Dehazing and Relighting tasks

We perform ablation studies of our framework for dehazing and relighting tasks.

We evaluate our method utilizing three different settings, namely

e First setting, where we provide flow-RGBs as an input to a-net (ours VDP
prior setting).

e Second setting, here, we provide a Gaussian Noise as an input to a-net.

e Third setting, in which we provide an RGB frame as an input to a-net.

We report the quantitative evaluation on REVIDE dataset for dehazing and SDSD
dataset for relighting tasks. Please refer to Table. and Fig. for the findings.
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Model Annotations  No. of Annotations DAVIS [I] FBMS [181]

DoubleDIP [20] - - 24.6 -

ARP [182] ; : 76.2 59.8
CIS [184] - - 71.5 63.5
MG [23] ; ; 68.3 53.1
DS [17] . ; 79.1 71.8
DyStab* [18] - - 80.0 73.2
Ours - - 81.1 73.2
COSNet [159] v 17,000 80.5 75.6
AnDiff [190] v 2,000 81.7 .

EPONet [191] v 2,000+ 80.6 ;

PDB [192] v 17,000 7.2 74.0
LVO [193] v 2,000+ 75.9 65.1
MATNet [194] v 14,000 82.4 76.1
DyStab [18] v 2,000 82.8 73.2

Table 5.8: Quantitative evaluation on VOS benchmarks: This Table presents the
results of a quantitative evaluation of our method on VOS benchmarks. To assess
the performance of our approach, we calculated the IOU score (J) between the
generated masks and the ground truth mask on the DAVIS dataset [1]. The
scores were computed for all baselines and our method. It is important to note
that the methods listed above the line require no annotated data for performing
the VOS task, while the methods mentioned below the line require annotated
data for training. The best score in each category is highlighted in blue (bold).

It can be observed that using flow-RGBs as input to a-net provides significant gain
over the other settings. We attribute this behavior to information obtained from
neighboring frames that help the model to refine the Tmaps further and produce
results with higher fidelity.

It is important to note that in our experiments, we initially attempted to employ
raw (x,y) offsets as feature maps for input to the a-Net. However, this approach
exhibited suboptimal normalization performance. Conversely, the colorization of
optical flow effectively normalizes flow-rgb values within the range [0,1], proving to

be a more suitable input for the a-Net.
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Metrics  Naive Flow  Deformable Sprites [17] Ours

PSNR 22.54 27.50 29.73
SSIM 0.4527 0.9543 0.9726

Table 5.9: Quantitative evaluation of Video Edits Propagation: For the evaluation
of our method, we calculate the Avg PSNR and SSIM scores between the recon-
structed videos and ground truth video sampled from the DAVIS-16 dataset [1l
We use the code for the baselines that are publicly available to calculate the
PSNR and SSIM scores. For all baselines and our method, the score is calculated
by averaging the PSNR and SSIM value over a sequence length of 15 frames
(frames: 2-16).

5.9.6 Edit propagation

In the case of Salient Object Stylization/Background swapping, we utilize X
as the edited frame. The forward optical flow F}_,;,; is obtained using the original
input video. Given a frame X; at time ¢ and the forward flow F;_,;; from frame ¢

to frame ¢ + 1, we can define the warped frame X, using the following relation:

X1 (u,v) = Xy(u+ Au, v+ Av) (5.15)

Where Au and Av are the horizontal and vertical displacements, respectively,
from the forward flow F; ;1 at pixel location (u,v).
Furthermore, let M;,; be a binary mask at time ¢ + 1 where its values are

either 0 or 1. The prediction X;., for a pixel at location (u,v) is then obtained by:

Xir1(u,v) = Myga (u,0) © Xppa (u,0) 4+ (1= Myga (u,0)) © X{, (w,0) - (5.16)
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This formulation suggests that the prediction X, ,; is a weighted combination of
the actual frame X, and the warped frame X7, ,, where the weighting is determined

by the mask M, ;.

5.9.6.1 FEdits - Evaluation

To quantitatively evaluate the effectiveness of our approach for propagating
coherent edits, we conducted a proxy experiment. Rather than editing the frame,
we applied the warping operations without modifying the original frame. We then
evaluated the quality of the reconstructed warped frames and compared our results
against the baselines. The findings of this experiment are presented in Table. [5.9

which shows that our method outperformed all of the other baselines.

5.9.7 Limitations of our approach

Our method has four limitations that must be considered. First, the accuracy
of the decomposition is dependent on the effectiveness of the optical flow estimator
network (RAFT). This means that any inaccuracies or limitations of the network
will directly impact the quality of the results. Second, the number of separable layers
is a hyperparameter that must be determined prior to implementation. Third, If the
number of separable layers is set to N, then 2N independent frgp and f, need to be
initialized, which can significantly increase computational costs. Finally, it’s worth
noting that our method is a test-time optimization technique and may be slower

than its trained counterparts. However, as mentioned earlier, our model can be sped
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up by resizing the frame size for the VOS task or by utilizing multiple GPUs for
optimization. These limitations must be taken into consideration when implementing

our method in practice.

5.9.8 Optical Flow

Optical flow pertains to the pattern of visible motion of objects, surfaces, and
edges within a visual scene. It provides an estimation of the motion of objects
between two consecutive frames, which results from the relative movement between
the object and the camera. Unless mentioned otherwise we use pretrained
RAFT [149] model to predict the optical-flow between the two consecutive
frames.

Given two successive frames X;(u,v) and X1 (u,v), the goal of optical flow is

to identify a displacement vector (Au, Av) for each pixel (u,v) such that:

Xi(u,v) = X1 (u + Au,v 4+ Av) (5.17)

Here, Au and Awv represent the horizontal and vertical displacements, respectively.

5.9.9 Optical Flow Warping Operation

Optical flow warping denotes the application of the computed optical flow
vectors to "warp" or "remap" one image in order to predict the subsequent image in
the sequence. For each pixel in the present frame, its new position in the next frame

is forecasted via the optical flow, transferring the intensity to this new location.
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Given an frame X; and its optical flow F,_,;11 = (Au, Av), the warped image

X/ for the next time frame ¢ + 1 can be expressed as:

X (u+ Au,v + Av) = Ii(u,v) (5.18)

5.9.10 Optical Flow RGB Representation

To visualize optical flow vectors, one can represent them in an RGB format.
The 2D optical flow vectors (Au, Av) are first converted into polar coordinates (r, 6).
The hue in the HSV color space corresponds to the motion direction, while the
intensity or value indicates the motion magnitude.

To transition from (Au, Av) to (r,0):

0 = arctan 2(Av, Au) (5.19)

r=vVAu? + Av? (5.20)

Subsequently, € and r are proportionally scaled and mapped to their respective
HSV values. Afterward, this HSV image can be converted into RGB for effective
visualization. Note that to enhance visualization, there’s often an imposed limit on
the maximum value of . Thus, any motion exceeding this threshold is typically

visualized at maximum brightness.
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Chapter 6: Future Work and Conclusion

6.1 Future Work

There are several promising research directions that build upon our work and
offer exciting opportunities for further exploration. In future work, we aim to pursue
these avenues, which we outline and discuss in detail in the following sections.

While our works video dynamics prior (VDP), video decomposition prior (VDP),
and continuous video flow (CVF) models have demonstrated considerable promise
across multiple video processing tasks, there are several areas that warrant further
exploration. Future research directions should focus on both improving the efficiency

of these models and extending their applicability to a broader set of vision problems.

6.1.1 Data-Free Enhancement Techniques

For Video Dynamics Prior 78|, one key limitation remains the longer process-
ing time during test-time inference, which stems from its sequential nature. We
aim to explore more efficient architectures that reduce the time complexity while
maintaining the state-of-the-art performance demonstrated by our spatial pyramid

loss. Techniques such as parallelization, model pruning, or leveraging advances in
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hardware acceleration could help mitigate the current computational bottlenecks.
Moreover, enhancing the model’s capacity to handle real-time video tasks without
sacrificing accuracy is an essential next step.

For the Video Decomposition Prior (VDP), we have demonstrated its potential
across a variety of downstream tasks. Future work could investigate how layered
decomposition techniques can be generalized to higher-level vision tasks such as
monocular depth estimation and semantic segmentation. These tasks, often requiring
rich temporal and spatial cues, stand to benefit from the intrinsic structure our
model provides. Furthermore, multi-task learning frameworks could be explored to
unify various vision tasks under a single model architecture, optimizing both time
and resource efficiency.

Finally, we believe that future research direction could focus on integrating
semantic cues such as depth into video processing models. This would enable tasks
such as targeted edits propagation to become more robust, especially in dynamic
scenes with occlusion or complex object interactions. The inclusion of perception-
driven information can bridge the gap between low-level video enhancement tasks
and higher-level vision applications, potentially extending our framework’s use case

to real-world scenarios, such as autonomous driving or augmented reality.
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6.1.2 Future Directions for Enhancing Temporal Coherence in Continu-
ous Video Flow (CVF)

In the case of Continuous Video Flow (CVF), one future research direction
could focus on further enhancing the model’s temporal coherence by leveraging
advanced methods for continuous representations, such as neural ordinary differential
equations (ODEs). Incorporating ODE-based solvers into the CVF framework could
help smooth out temporal inconsistencies and better capture long-range dependencies
in videos. Additionally, exploring spatio-temporal transformers could improve the
model’s ability to handle complex, multi-dimensional relationships across frames. This
could enable CVF to achieve even higher accuracy while remaining computationally
efficient.

Another direction that could be used to improve the performance of CVF
is to use implicit neural representation(INRs) to perform the encoding of frames.
Generative training in the parameter space of the implicit model, can enable the syn-
thesis process to operate within a structured, lower-dimensional space that inherently
respects spatio-temporal constraints. This paradigm shift in video synthesis can have
several critical advantages. First, it can enhance the spatio-temporal consistency
by leveraging the continuous nature of implicit representations, which allows for
smoother transitions across frames. Second, it could offer efficient video represen-
tations by encoding videos compactly and flexibly in the implicit space, making it
scalable across various framerates and resolutions. Lastly, the method’s inherent

flexibility will allow for adaptability to any framerate or resolution, addressing a
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significant limitation in current generative models, which often struggle to generalize

across different video specifications.

6.2 Conclusion

Through this thesis we have looked at various video generation and enhancement
techniques commonly used across the generation landscapes. Starting with Diverse
Video Generation [48] we look at how a gaussian process prior can help generate
diverse video trajectories from the same given context. We also proposed a diversity
metric that helped quantitatively evaluate the diversity in the generated sequences.

Video Dynamics Prior [78] where we introduced a test-time optimization
technique to perform robust video enhancement tasks. In this paper we demonstrated
that we can perform enhancement task such as denoising, frame interpolation, super-
resolution and inpainting without requiring any external data corpus. We also
demonstrated that because the technique does not rely on data it is free of biases
arising because of training dataset. We also showed that the technique is more robust
than any data trained technique. For example the performance of our model does
not go down if it is dealing with gaussian noise/poisson noise which is not the case
with data trained model.

Video Decompostion Prior [195] is a work where we introduce a unified frame-
work where we are able to bring seemingly very unrelated video task such as dehazing,
relighting, unsupervised video object segmentation and edits propogation into single

framework. A primary contribution in this framework is it does not utilize any
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external training corpus but utilizes only the information present in the test video in
the form of motion and appearance. We demonstrated state of the art results for all
mentioned video tasks.

Continuous Video Process or CVP [74] is a very important work. In this
work, we introduce the idea of treating videos as a continuous evolving process given
that it is a representation of our continuous real world. The idea is advancement
of diffusion [27] methodology which got extremely famous for its success in image
generation tasks. We came up with novel forward process and derived the reverse
process that maximizes the likelihood of underlying video data distribution. We
showed that our methodology not only achieve state-of-the-art results in video
prediction tasks but also reduces compute overhead involved during the inference time.
In the follow-up work to this which is Continuous video flow work we demonstrate
further improvement in generation fidelity, more efficient model and even less compute
requirement for video prediction tasks.

While these works cover a wide breadth of generation and enhancement tasks
for videos, we in no way touch all existing directions but are positive our insights

would be helpful for future research along the directions we explored.
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