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4.3

4.4

4.5

(depicted in the Fig). Here, we start by samplinggg, N (0;1) 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 gure. These modules,
together form the pipeline of our VDP model, as shown in (iii). We
optimize the weights of these neural modules on this speci ¢ input
sequence by doing backpropagation over the loss pertaining to the
taskathand. . . ... ... .. ... 92
(i) Video B is generated by replacing the second frame of video A.

(i) Top row depicts the video obtained during the early round of
optimization of the objective given by Eq. 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 ve dierent settings. . . ... ........... 97
Video Denoising : Frame from a video in the DAVIS dataset denoised
using di erent 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 FastDVDne&] [method.
Figure (c) depicts the denoised frame generated by UDVB][method.
Figure (d) depicts the denoised frame generated by M2F2][method.
Figure (e) depicts the denoised frames generated by our method.
Figure (f) shows the clean ground truth frames. . .. ... ... ... 99
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. . . . . .. ... ... ... ..... 101
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++ [LO]. (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
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Video Object Removal . Inthe above gure, we describe a video ob-
ject removal task. The input in the gure represents the original video
sequence frame without any alterations. The InterV112], FGVC [13],
and LongVI [14] in the gure 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.
It can be observed that our method do not create hallucinations. . .
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) 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 EDVRI1[1] 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 FastDVDNe8|[to denoise
the input low-resolution video frames. Based on the gure, it appears
that the denoiser used in the rst 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. . . . . . ... ... ......

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 [O-
255]). Figure (b) depicts the denoised frames generated by orlys..
Figure (c) depicts the denoised frame generated thyec + Lsp. Figure
(d) depicts the denoised frame generated Hy,.. + Ls. Figure (e)
depicts the denoised frames generated lhyec + Lsp + Lyar. Figure
(f) shows the clean ground truth frames. . . .. ... ... ......
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 Eqgn. 1.
(c) Patch from higher resolution frame generated by ec + Lsp (d)
Patch from the higher resolution frame generated b/ ec + Lyar. (€)
Patch from the higher resolution frame generated by rec + Lspi + Lyar
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(f) Patch from higher resolution ground truth frame.. . . . . . .. .. 114
4.10 Video Frame Interpolation (Ablation) . In order to compare our

method with di erent loss functions, we conducted a visual comparison.
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Eqn. 1. (b) Patch generated byl ¢ + Ly (C) Patch generated by
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4.11 Video Object Removal (Ablation) . In the above gure, we
describe a video object removal task. The GT in the gure 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 ¢ + Ly (C) Patch
generated by utilizing the loss given by ..+ L or. (d) Patch generated
by utilizing the loss given byLec+ Lspi+ Lvar. + -« o o oo oo L 115

5.1 Visual representation of video edits obtained using VDPThe rst
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 e ectively 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 e ectively removes the haze from the scene.
Finally, the third row showcases the e ectiveness of our approach for video
relighting, where our method e ectively changes the lighting of the scene.
Our proposed approach outperforms the state-of-the-art methods for the
latter two tasks, highlighting the e cacy of our uni ed framework for video
decomposition. . . . . . . .. e e e e e 121

5.2 VDPfor relighting a video sequence. In this pipeline, the input
video framet is fed into a shallow U-Net denoted byf .. While
the ow-RGB is given as input to a separate shallow U-Net network
denoted by f ™. The intermediate output of f,glciB is a re-

lit version of the input frame t. While the output of f@ s
transmission maps or Tmap denoted by=A;. It is important to note
that !is also treated as a trainable parameter in the pipeline. After
obtaining the reconstructed framet, we apply reconstruction and
warping losses respectively to optimizéélc);B, O 124
5.3 Qualitative evaluation on Video Relighting benchmark: We
compare the re-lit result of our method with the baselines on the
SDSD () dataset. We compare our method against both the image
and video baselines. ZeroDCE++ {5 method is a image-based
baseline while SDSD%) and Stablellve (L6) 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. . . . . . .. ... ... ... ..... 128
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5.4 Our Framework: In this gure, we present the pipeline for the
task of decomposing the video into two di erent components. For
the above con guration, the input video framet is fed into two
di erent shallow U-Nets denoted byf F@,B and f%B respectively. We
obtain two di erent intermediate components of the input framet
in the form of layer 1 and layer 2. Additionally, we process forward
ow-RGBs using a separate shallow U-Net network denoted bfy(l).
This network outputs compositing maps, which are then used for
blending both layers respectively to reconstruct the original input
framet. After the compositing, we apply various losses (reconstruction
loss and regularization loss) depending on the task at han@Right)
lllustration of Flow Similarity loss: we de ne this loss over ow-
RGB image (F R®B). This loss ensures that pixels with similar motions
are grouped together lllustration of Reconstruction layer loss:

We de ne this loss over the masked object layers and masked input
frame X;. This loss ensures that the masked object layer such as
MtféléB has the same appearance as the masked input framdeX,. . 129

5.5 Qualitative evaluation on VOS benchmark: We compare the
mask from our method with the baselines on DAVIS-16l] 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

5.6 Edits propagation: First column in the gure 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. . . . . . ... .. ... ... ....... 133
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5.7

5.8

5.9

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. MSBDNLQ) method is an image-based
baseline while EDVR (1), 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 gure, our approach to dehazing produces a color
palette in the dehazed frame that closely resembles the color palette

in the ground truth frame. . . . . . . . .. ... ... . . 137
Comparison with pretrained image segmentation model: The
examples presented in the gure above are samples from the MoCA
dataset R1]. In comparison to MaskRCNN R2], a pretrained image
segmentation model trained on the COCO dataset, our model is more
robust in handling unfamiliar objects in the scene. The gure shows
some examples where MaskRCNN fails to segment the unfamiliar ob-
ject correctly, while our approach produces much better segmentation
results. . . . . . L 141
(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 gure 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 is set to bothL =2 and

L =3. L =2 results in foreground and background layers separation,
while L = 3 results in the separation of individual person in di erent
objectlayers. . . . . . ... 143

5.10 Ablation Study:  We study the e ect of using only a subset of the

loss function for the video object segmentation task. . . . ... ... 144

5.11 Ablation Study: This gure presents the results of an ablation study

where we analyzed the impact of using FlowRGB, Gaussian Noise,
and RGB frame as input to the -net. Row (a) shows a qualitative
comparison for relighting tasks, where we evaluated three di erent
settings for the -net. Row (b) presents a comparison for the dehazing
task. . . . .. 144
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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
signi cantly more than a thousand words! In fact, this de nition can be extrapolated
for videos which suggests a one minute vide@q00 60 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 signi cant 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 Net ix for content
creators to generate new content for their platforms. However, capturing high-quality
video poses a signi cant 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 su cient 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 di cult to acquire.

To propose a solution for such ill-posed tasks(there is insu cient 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 di erent tasks and model videos to perfection. We
propose four di erent 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 signi cant
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 e ectiveness 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 signi cant
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 datasetsd, 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 o er 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 prede ned steps between two consecutive frames, drawing inspiration from
recent advancements in di usion models for image data. This multi-step di usion
process has been instrumental in better modeling image data, and we aim to extend
this success to video data.

Previous e orts in video modeling with di usion models have tended to ap-

proach videos as a series of images, generating separate volumes of video frame



Figure 1.1: The gure is divided into two parts. The top portion of the gure illustrates
the intermediate framesx; between two consecutive framesx;y represents
consecutive frames from a video sequence wheye= x/*1 and x = x/. x
denotes some frame at timestep in the video sequence/ = fx'gl, . z denotes
the white noise. The lower portion of the gure 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 de nes this continuous process,
beginning with two consecutive frames from a video sequence as endpoints this can
be observed in Fig. 5.1. We delineate the forward process through interpolation
between these endpoints, with a prede ned number of steps guiding the transition
from one point to another. To ensure the existence @fx;) 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 di usion models for images by the



paper [27, 28, 29, 30]. In de ning 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:

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

continuous processes.

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

process in our proposed "Continuous Video Process (CVP)' model.

Our method employs a unique noise schedule for the continuous video process,
characterized by zero noise at both endpoints, ensuring the existencep@f;)

at all intermediate timesteps.

We demonstrate the e cacy of our approach through state-of-the-art results
in video prediction tasks across four di erent 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 eld, as noted by Yuen et &]] 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 signi cantly propelled advancements in this area. One of the seminal works
by Srivastava et al.B3] leveraged a multi-layer LSTM network for deterministic
representation learning of video sequences. Subsequent studs#s 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, typi ed by GAN @1]-based
models, has a substantial history. Nonetheless, these moddlg (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 (VAESs) B5], Gaussian processes, and Di usion models. VAE-based
video prediction methods 42, 46, 47] tend to average results to align with all potential
future scenarios, which undermines the delity of predictions. Gaussian process-based
models B8, 49] exhibit pro ciency with smaller datasets but encounter scalability
issues owing to matrix inversion limitations when calculating training likelihood.
While workarounds exist, they tend to compromise result delity.

Recent advancements in di usion models5P, 51, 52, 53] have positioned them
as the preferred choice for video prediction tasks. These multi-step models o er

superior sample quality and are resilient to mode collapse. However, even with such
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lucrative advantages, modeling videos with these models tends to have downsides.
Majorly methods falling under this category enforce temporal consistency using
arti cial external constraints such as the introduction of temporal attention blocks.
This might be e ective but comes at a cost of signi cant computing power.

Another class of popular video prediction models is hierarchical predictiof4,
55, 56, 57, 58 models. These models are multistage models that decompose the
problems into two stages. They rst 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 InDI199], and Cold
di usion [ 6Q] that provide an alternate approach to denoising di usion 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 di usion,
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.



Figure 1.2: Fig. (a) demonstrates the methodology for estimatingx; in a single step,
showcasing the speci ¢ computational process involved. Fig. (b) details the
training pipeline of our Continuous Video Process (CVP) model, wheres; and
t are fed as inputs to the U-Net architecture, and the anticipated output isy,
with ¢ = x1k*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 denotedvby fx'g) wherex! 2 R¢ M W
is the frame at the timestepj. We represent this video sequence as a continuous
process. The intermediate frames between= x! andy = xI*' are given by the

following equation.

t Iog_(t) ,

Xe=(1 t)x+ty (1.2)

Here,z N (0;1) denotes the white noise. From the above Eqn, it can be seen
that at t = 0, we get the framex/and att = 1, we get the framex/**. We utilize
this continuous process of evolving! ! x/*1 given by Eqgn. 2.1 and derive both the
forward and reverse processes. For de ning the forward process, we take steps in the
directiont: T ! 0 instead of the other way, which happens in denoising di usion
process 27]. The reason for this is we want the reverse process to start from past

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

to endpointx att =0,
Xe+ t= X+ (y x) t tlog(t)z (1.2)

From the above equation, we can write the posterior for the forward process as
A(Xes1 j X5 X Y) = N (Xee1 - ~(Xe;X;y);0%(t)1). Where g(t) = tlogt. The whole
derivation is provided in the appendix.

For modeling our video di usion process, we like to model the likelihood
function p (x71) = Rp (Xo:7) dXo.r 1 @and minimize the negative log-likelihood to
obtain the best t for our model. Here, p (Xo1) is the probability of the reverse
process, and it is de ned as a Markov chain with learned Gaussian transitions starting
at p(xo) = paata(X). Important note about the notations Xo; X1, unless speci ed
considerxo = x and xr = y wherex is the frame in the video sequence gt"
position andy is the frame at(j + 1) position. One important assumption about
the continuous video process is we assume the transition between the frameand
y to follow Markov chain, i.e., the current state at timestept only depends on the
previous state at timestept 1. Leveraging this assumption we can de ne the reverse

process as follows,

v
P (Xo:1) = p(Xo) P (XtjXt 1) (1.3)

t=1

where,p (Xt 1jX¢) = N(X¢;  (X¢ 5t 1);  (X¢ 1;t  1)). We are interested in

11



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

gradually transforms the framey to frame x.

v
d(Xor 2jX7) = d(X¢ 1JXt); (1.4)

t=1

Training is performed by minimizing the variational bound on the negative

log-likelihood.
p (XO:T)
E[ logp (x1)] Eq |Ogm (1.5)
X .
P (XejXt 1)
Eq  logp(xo) t 1|Ogm (1.6)
= L() (1.7)
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This variational bound can be simpli ed to the following,

P (XO:T)

L=E log ————— 1.8
d gQ(Xo:T 1JX7) (18)
X .
_ P (XejXt 1)
= Eq logp(Xo) t 1Iog—q(xt ) (1.9
= Eq logp(Xo) (1.10)
X lo P (X¢jXt 1) a(XtjXo; XT) (1.11)
C1 AdXe 13X0iXT)  O(Xe 1jX0;XT)
X .
P (XejXt 1)
= E log p(x lo . 1.12
d 9p(xo) (1 gq(XtJXt 1, X0; XT) ( )
a(XTjXo; XT)
AXofoi X7 (1.13)
X .
P (X¢jXt 1)
= E lo X lo . 1.14
d 9p(xo) ¢ 1 gq(XtJXt 1, X0; XT) ( )
= Eq logp(Xo) (1.15)
X |0 p (thxt l;XO) p(XOth 1) (1 16)
cp AdXe 13X0rXT)  P(XojXt)
X i .
P (XXt 1;Xo)
= E logp(x lo - 1.17
d 9p(xo) ¢ 1 gq(XtJXt 1, X0; XT) ( )
P(XojXo0)
P(XojXT) (1.18)
p(xo) X P (X¢JX: 1;Xo)
= E lo . lo : 1.19
d gp(XoJXT) (1 a(XtjXt 1;Xo; XT) ( )
(1.20)

Both xo and x+ are observed variable hence, we ignore the rst term in the RHS. We

focus on the second term for training the parameters for o@VPmodels. Therefore,
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the resulting loss function becomes,

X
L()=: D (A(X¢jXt 1:X5y) K p (XejXt 15 X0)) (1.21)

t 1

In the above Egn, the KL divergence term utilizes the comparison pf (X¢jX; 1;X)
with forward process posterior term, which is tractable under the process given by

Eqgn. 2.2. The forward process posterior term is given by

a(XejXe 15%Y) = N (X¢ 1 ~(Xe 1;%;Y); g (D)) (1.22)

where, ~(xi;X;y) = X +(y x) and g(t) = tlog(t). Consequently, all KL
divergences in Eqn. 1.21 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 Eqgn. 1.21, we
ignore some terms that purely involve the forward process posteriors @has no
learnable parameters, so such terms are constants during training.

Now we discuss our choices g (X¢jX¢ 1;X) = N (X¢;  (X¢ 13t LX), (X¢ g5t
1;x)) for1<t T. First, we set (X; 1;t 1) = g?(t)! to untrained time depen-
dent constants. Experimentally, the choice of)(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 8t = f0; 1g.

Second, to represent the mean (X;t;X), we propose a specic parame-

terization motivated by the forward process posterior given by Eqn. 1.22. With
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P (XejXe 1;X) = N(X¢;  (X¢ 13t 1;x);%(t)1), we can write:

L( )= Eq Fl(t)k%xt;x;y) (xi;t;x)k? + C (1.23)

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

However, we can simplify Egn. 1.23 further and obtain a very simple training
loss objective by delving in the term~. We further parameterize the term as

follows,
(X3t x) = X¢+(y (X¢)  X) (1.24)

When we substitute this  (x;;t; x) parameterization in the Eqn. 1.23 we get

the simpli ed version of the lossL( ) as follows,

1
Lsmpe( ) = Evxi 55 kY Y (x¢; K> (1.25)

For training the video prediction model utilizing the above Eqgn. 2.9 we obtain the
Xt as a function oft by leveraging the Eqn. 2.1. The following equation gives a more

generic form of the nal loss function utilized to train the video prediction model,
n #

1 t 2
By g ¥ Y (@ Ox+ iy %%z;t) (1.26)
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The whole training and sampling pipeline is described in the training Alg. 4, sampling

Alg. 3 and depicted in Fig. 2.2.

Algorithm 1 Training of CVP model
1: repeat
2: XY Odaa(X;Y)
3: t Uniform(f1;:::;TQ)
4: z N (O;1)
5. Take gradient descent step on D
= 2
r Wl(t) y y (@ tx+ty (tlogt)= 2)z;t)
6: until converged

Algorithm 2 Sampling Algorithm

1: X Ogata(X)

2: Xp= X

3d= & Here N denotes number of steps.
4: for t=1;:::;N do

5 z N (O;ld)ift> 1,elsez=10

6: Xi+1 = X¢ +(Y(X;t)  x)d  tlog(t)z

7: end for

8: return Xt

1.4 Experiments

Video prediction task can be de ned 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.

16



1.4.1 Datasets

We chose 4 dierent types of datasets to demonstrate the e cacy of our
approach. These are standard benchmarks for video prediction tasks. Dataset
lists include KTH action recognition dataset §1], BAIR robot pushing dataset 62,
Human3.6M B3 and UCF101 P] datasets. Training and architecture-speci ¢ 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 di erent 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 of64 64

BAIR pushing Dataset. = The BAIR robot pushing dataset pb2] contains the videos
of table mounted sawyer robotic arm pushing various objects around. The BAIR
dataset consists of di erent actions given to the robotic arm to perform. The spatial
resolution of the frames in the video is kept to bé4 64.

Human3.6M Dataset. Human3.6M [63] dataset consists of 10 subjects performing
15 di erent 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@®t 64

UCF101 Dataset. This dataset 2] consists of 13,320 videos belonging to 101

di erent 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 0820 240down to 128 128for 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 I3D 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 ndings 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 B0, which utilizes the rst 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" predicted future frame is shown in the gure.

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. 2.1.

It can be observed from the Table. 2.1, our model's unique approach requires a
signi cantly reduced number of frames for training. Contrary to other methods that
train on an additional set ofk frames (10[context frames]+k[future frames]), our
model uses just one frame (e ectively 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 onk]| k # pred|FVD# PSNR" 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 29.7 0.870
RIVER [51] 10 30 |180 30.4 0.86
CVP (Ours) 1 30 [140.6 29.8 0.872
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 (Ours) 1 40 |120.1 29.2 0.841

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

methodology is supported by our model's e cient handling of video sequences as
continuous processes, which eliminates the need for external arti cial 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 se& [
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 2.2, 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. Speci cally, consider the
scenario where two context frames are designated %2, corresponding tox in the
context of Eqn.2.1. Under the rst experimental condition, where the model predicts
a single frame at a time, the future frame prediction block is represented a$?,
analogous toy in Eqn.2.1. Conversely, in the second condition, where two frames are
predicted simultaneously, the future frame block extends t®%*, again parallelingy

in the equation. This setup implies that in the former setting, interpolation occurs
between adjacent frames (i.e., the transition froox°! x* and x*! x?), while in
the latter, interpolation spans a two-frame interval (i.e., the transition fromx°®! x2
and fromx!! x3). The expanded interval in the second scenario is posited as the
causative factor for the observed reduction in predictive performance, particularly in
con gurations wherek =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
gualitative 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 o ering 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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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 gure.

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 2.4 reveals that our model, with its unique approach,
requires a signi cantly 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 e cacy of our CVP model on
the Human3.6M dataset is illustrated in Fig. 2.5, showcasing the model's ability to

e ectively capture and predict the dataset's varied actions.
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BAIR (64 64) |p  k #pred | FVD#
LVT [69] 1 15 15 | 1258
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 (Ours) 1 1 15 70.1

DVG [48] 2 14 14 | 120.0
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 64) condi-
tioning on p past frames and predictingpred frames in the future, using models
trained to predict k frames at at time.The common way to compute the FVD is
to compare 100 256 generated sequences to 256 randomly sampled test videos.
Best results are marked inbold

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 signi cant 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. Everg" predicted future frame is shown in the gure.

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

An examination of Table. 2.5 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
pro ciency in accurately capturing and predicting the diverse range of actions featured

in the dataset.
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Human3.6M Ip k # pred/FVD#

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 (1445

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 (128 128), 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. Speci cally, when a context vector, denoted
asx%4, 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 e cacy
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" predicted future frame is shown in the gure.

contextual information, a challenge we have earmarked for future research.
Another constraint lies in the computational e ciency of our model. Currently,
it necessitates multiple steps to sample a single frame, which could become a
signi cant bottleneck, especially when a larger number of frame predictions are
required. Although our method is more e cient in terms of the number of steps needed
for frame sampling compared to di usion-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 signi cant 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 speci cally for
video representation, marking a signi cant advancement in the eld of video prediction
tasks. Our comprehensive experimental evaluations across various datasets, including
KTH, BAIR, Human3.6M, and UCF101, have not only validated the e ectiveness 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 e ciency 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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e ectiveness.

In conclusion, the innovations introduced in our model o er 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 e cient and e ective

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 signi cant increase in the creation of high-quality arti cially
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 CVPmodels.
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p (XO:T)
a(XoT 1)XT)
X P (Xx; 1)

E log p(x lo .
d 9p(xo) (1 J a(Xt 1jXt)

L=Ey log

Eq  logp(xo)

X lo P (XtjXt 1) a(X¢jXo; XT)
L (XXt 1;X0iXT)  O(X¢ 1jX0iXT)

t

P (XXt 1)
a(XtjXt 1;Xo; XT)

X
= Eq  logp(xo) log
t 1
a(XTjXo; XT)
a(XojXo; XT)
P (XejXt 1)
a(XtjXt 1;Xo; XT)

X
Eq  logp(Xo) log

t 1

Eq  logp(Xo)

X og P (i 1i%0)  P(XojXe 1)
0 - .
a(XtjXt 1;X0; XT)  P(Xo0jXt)

t 1
X : )
P (X¢jXt 1;Xo)
= E logp(x lo .
g gp(Xo) . gq(XtJXt 1 X0 X1)
P(Xo0jXo0)
P(XojXT)
X ; .
=g, log P(Xo) log _P (XXt 1;Xo0)

p(xojxt) | T aA(Xt)Xt 1;X0;XT)

Both xo and x+ are observed variable hence, we ignore the rst term in the RHS. We

focus on the second term for training the parameters for o@VPmodels. Therefore,
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the resulting loss function becomes,

X
L()=: Diw (A(XejXt 1;X5y) K p (XtjXt 1;X0))

t 1

1.9.2 Extended derivation for Eq. (2.2)

Using Eqg. (2.2) we can write the termx,, ; as follows,

Xee ¢ =@ (t+ D)x+(t+ 1)y

(t+ Ylogt+ b

Ziy ¢

Considering the term(t + t)log(t + t) we simplify further,
t t
(t+ t)logt+ t)=1t 1+ T logt 1+ T : (2.27)

if tis in nitesimally small we can write 1+ — ! 1. Using this property we can

rewrite X+ t as,

t Iog_(t) ,

Xeo ¢ =(1 (t+ O)x+(t+ t)y t+ t (1.28)

(1.29)
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Now, Subtracting X+ {(EQ. (1.29)) and x{(Eq. (2.1)) we get,

tlog(t
e o x=(y 0t B0 2 (1.30)
Focusing on the term(z;+  z). Here,z;;z¢+ + N (0;1). Hence, we can write,
p_
(ztr ¢+ z)= 2z where,z N (0;1) (1.32)

Substituting this result back to Eg. (1.30) we get the following,

Xt+ ¢t Xe=(y x) t tlog(t)z: (1.32)

Rearranging the terms we get the Eq. (2.2).

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 ol€VAnodel e ectively.
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 5e-5.
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Module | Type | Num Inputs | Num Outputs

Conv2D n c 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 n c¢

Table 1.5: U-NET: We utilize Hugging face di users 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 64 and
128 128for UCF101 dataset. Additionally, we keep the number of timestepsT
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.,x%" I x1n+l,

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 modi cation of the noise schedule denoted g@), the
variation in the number of sampling steps, and the exploration of di erent strategies
for sampling the timestept. Our experimental framework utilizes the KTH dataset
for these evaluations.

The outcomes of these experiments are systematically tabulated in Table. 1.7,

o ering 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 timestept from a uniform square root distribution, speci cally t
U[0; 1]. This approach appears to signi cantly in uence the model's performance.

Secondly, regarding the noise schedujét), we nd that the optimal formulation
for the task of video prediction is given byg(t) = —to’s‘)%ﬂ This particular noise
schedule is characterized by a zero initial and nal noise level, with a peak near
t = 0. Such a con guration is advantageous for our application.

Thirdly, our results, as detailed in Table 1.7, 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 e ciency 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 1.6 for more
details.

In summary, these ablation studies provide valuable insights into the dynamics
of our model under varying conditions, highlighting the importance of specic

parameter settings and o ering guidance for future research directions.
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KTH Noise Sampling t FVD#
ScheduIeP 2g9(t)) steps Distrbution

- 25 U[0;1] |348.2

sin(t) 25 pU[O; 1] 1(278.2

sin(t) 25 u[0; 1] |237.7

tsin(t) 25 pU[O; 1] |240.7

IC}sin( t) 25 U[0;1] |208.4

CVvP D t(1 t) 25 pU[O; 1] 1]209.6

Model t(1 t) 25 uU[0;1] |187.8

Ablations tlog(t) 25 U[0;1] 1(190.4

tlog(t) 25 D U[0;1] [140.6

tlog(t) 5 D U[0;1] |165.7

tlog(t) 10 p UI01] |144.3

tlog(t) 50 U[0;1] |139.4

Table 1.7: Ablation study:  Video prediction results on KTH (64 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: E cient 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 xed framerate constraints, these
continuous signals are discretized in the temporal domain when captured. This
temporal discretization, while often overlooked in generative video modeling, presents
signi cant challenges. Current approaches, such as di usion-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 framesTat0:5 or
T +0:25 given a context frame atT). In this work, we aim to address the limitations
imposed by such discretization during the generative modeling of videos.

Di usion models have emerged as a state-of-the-art technique for video genera-
tion, but they face computational challenges, particularly in inference time. High
delity inferences from di usion 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 di usion models for video tasks results in signi cant

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 delity 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 pfx;) at all points. This continuous
framework, grounded in Gaussian approximations between frames, builds on existing
di usion models for images while extending their applicability to videos.

In summary, our contributions are as follows:

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

continuous processes in latent space.

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

delity.

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

predict future frames over a longer context sequence.

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

prediction models.
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Figure 2.1: Fig. (a) represents a naive adaptation of the di usion 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:+1jX;. Here, Xj+1 denotes frame at timej +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 uid video predictions.

" 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 signi cant 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 as34, 35, 36, 37, 38, 39, 4( shifted towards incorporating stochastic
processes to better model the uncertain nature of future frame predictions. This
transition represents a growing recognition in the eld: 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 (GANSs) 41], have been widely explored but
frequently encounter di culties with training stability and mode collapse where
the model disproportionately focuses on a limited subset of data mode,[43, 44).
These limitations have motivated increased interest in explicit probabilistic methods,
which o er a more controlled approach to video prediction.

Explicit methods cover a spectrum of techniques, such as Variational Au-
toencoders (VAEs) 5, Gaussian processes, and di usion models. VAE-based
approaches to video prediction42, 46, 47] often produce results that average multi-
ple potential outcomes, resulting in lower-quality predictions. Gaussian process-based
models §8, 49|, while e ective 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.

Di usion 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 signi cantly increase computational demands.

An emerging method, the continuous video procesg4], conceptualizes videos
as continuously evolving data streams. This approach e ciently 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 approach7p] instead performs
blending in the latent space, facilitating improved semantic interpolation between
frames, as evidenced by previous work [74].

Finally, recent advancements such as InDBP), rectied ow methods [76, 77],
and Cold Di usion [60] propose alternative di usion-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 e ciency 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 frame§; are passed
through an encoder (Enc) and decoder (Dec) to reconstrucl(\j . (b) Stage 2
illustrates the forward and reverse processes in the latent space. In the forward

given by Eqn 2.2. The reverse process involves samplirggy; from z; through
the learned processp for continuous video frame prediction. (c) The full
pipeline of CVF, showing how frameX; is passed through the encoder to obtain
latent embedding z; and 2.1, which is then used for decoding to obtainX; .
frame.
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2.3 Method

Videos contain signi cant 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 o ers two key bene ts - FirstCompression :
Reduces irrelevant pixel information. Secondsemantic Interpolation : Ensures
that interpolation in the latent space corresponds to more meaningful, semantic
transitions between frames78]. 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 = fx'g\; be a video sequence where each framxe2 R¢ " W is a tensor
representing the frame at timestepg . 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 autoencoder9]. The encoder processes the video
sequence/ 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. Speci cally, the interpolation
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between consecutive latent frame® and z'** is given by:

t Iog_(t)

z=(1 t)zc+ tzy (2.1)

where N (0O;1) denotes white noise. This process ensures smooth transitions
between frames in latent space. At = 0, we retrieve the latentz/, and att =1, we

retrieve the latent z/ 1.

2.3.2 Forward and Reverse Process

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

Z4, as described by:
Ziv 1= 2Z+(zy zy) t  tlog(t) (2.2)
From this, the forward process posterior is:
UZe1]2626:2y) = N (Zen s ~(20 243 2y); F(E)1) (2.3)

whereg(t) = tlog(t) and ~(z;2zx;2y) = z: +(zy  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:

z
Y (ZT) = p (ZO:T) dzor 1 (2.4)

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

involves minimizing the following variational bound:

p (ZO:T)

E[ lo z E log———— 2.5
L logp (zr)] ! gQ(Zo:T 1j27) (:5)
which can be simpli ed following the paper [74]:
X . e .
L()= KL(A(zejze 1;2x;2y)iiP (ZeJZe 1;2x)) (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:

v
P (zo7) = P(z0) P (zijzt 1) (2.7)

t=1

The reverse process is modeled as a Gaussian distribution:
p(zt 4Jz)= N(z; (2 uit 1)) (2.8)

2.3.5 Training Objective

The training objective simpli es to:

Lsimpie( ) = Etz, Z (z; 1)K (2.9)

1
2700

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

interpolation function in Egn. 2.1 to model the intermediate frames during training.

Final Loss Function. The nal training objective to optimize the video prediction
model is given by:
n #

1 t 2
Etzzy 2700 zy z (1 tzc+tzy+ %(12) 1) (2.10)
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Algorithm 3  Sampling Algorithm

Algorithm 4  Training of CVF model

11 Zx  Ogata(Zx)
2: 2o = Enc(x)

3d= g Here N denotes number

of steps.

N (O;l1d)ift> 1,else =0
Ziv1 = e+ (Y(ze;t)  zx)d  tlog(t)
end for
return Dec(zT)

©No gk

1:

N

repeat
X;Y  Odata(X;Y)

Zy,
t

zy  Enc(x)

N (0;1)

; Enc(y)

Take gradient descent step on

r
until

1
2g2(t)

converged

zy z (1 t)zx+tzy (tlog(t)zpi);t

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 de ned 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 e cacy 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 speci cs 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, o ering relatively regular motion
patterns. Each video frame is downsampled to a spatial resolution 64 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 di erent robotic actions, providing
a dynamic and controlled environment. The resolution of the video frames is also
64 64

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

UCF101 Dataset: UCF101 P] 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 320 240to 128 128using bicubic

downsampling, retaining all three RGB channels.

2.4.2 Metrics

For performance evaluation, we use the Fréchet Video Distance (FVD§4

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 predicted future frame is shown in the gure.

The FVD computes the Fréchet distance between 13D embeddings of generated and
real video samples. The 13D 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 rst 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# PSNR" 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 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 (1442 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 64), predicting 30 and 40 frames using
models trained to predictk 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 rst 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 2.1, 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 plis
future frames), our model operates e ectively with just 4 context frames and 1 future
frame. Speci cally, 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 e ciency stems from our model's continuous sequence processing

capabilities, which avoid the need for explicit temporal attention mechanisms or
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arti cial constraints.
The results, as presented in Table 2.1, con rm 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 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 14 120.0
SAVP [42] 2 14 14 116.4
MCVD [50] 2 5 14 87.9
CVP [74] 2 1 14 65.1
CVF(QOurs) 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 64) condi-
tioning on p past frames and predictingpred frames in the future, using models
trained to predict k frames at at time.The common way to compute the FVD is
to compare 100 256 generated sequences to 256 randomly sampled test videos.
Best results are marked inbold

BAIR Robot Push Dataset: The BAIR Robot Push dataset is known for its

highly stochastic video sequences. In line with previous studie&l], we experimented

with three di erent 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 a3,
aligning with the setup in Eqn.2.1. In the second scenario, where two frames are
predicted, the future block extends tox?4. This setup means that in the rst
condition, interpolation occurs between adjacent frames (i.e., frox® ! z! and
zt I z?), while in the second condition, interpolation spans a larger gap (e.g.,
z2°! z2andz!'! Zz3). This extended gap likely contributes to the observed decrease
in predictive performance, particularly whenk =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 2.3 highlights the superior e ciency of the proposed CVF model compared
to di usion based baselines across key metrics. CVF has the fewest parameters
and requires only 5 sampling steps per frame. This makes CVF highly e cient and
practical for video prediction tasks, where speed and resource e ciency 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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