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ABSTRACT OF THE DISSERTATION

Video Enhancement with Internal Learning and Blind Priors
by
Akash Ashok Gupta

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, December 2021
Dr. Amit K. Roy-Chowdhury, Chairperson

With the increasing popularity of mobile cameras in various computer vision and
multimedia applications, the demand for high-quality visual content is also increasing. How-
ever, videos captured using current consumer-grade cameras often suffer from a variety of
quality issues such as motion blur, low frame-rate, low resolution, and rolling shutter ar-
tifacts. The reasons vary, including low shutter frequency, long exposure times, type of
imaging sensors, and the movement of the device itself. These factors limit the quality
of videos captured. As a vast majority of videos is captured using mobile cameras these
days, it calls for improved quality of the video captured by these devices. In this the-
sis, we focus on enhancing the quality of videos by leveraging the spatio-temporal internal
structure of the given video along with the external information available from the external
dataset. Most of the existing works make a prior assumption on the degradation model
that affects the quality of videos. Examples of such assumptions in degradation models
include knowledge that all input frames are blurry, known degradation kernel for spatio-

temporal down-sampling, and absence of rolling shutter artifacts. Nevertheless, in many

viii



real-world applications, these assumptions don’t hold true as the input priors are usually
unknown. We term these unknown priors as blind priors for the task of video enhancement.
In this regard, we first present our work on joint video deblurring and interpolation with
no prior assumption that input frames are always blurry. We utilize internal information
available from neighbouring frames to deblur and interpolate between frames. Then, we
describe our approach on blind spatio-temporal video super-resolution with the unknown
down-sampling kernel, by leveraging an external dataset and internal structure of a given
video. Next, we present our work on joint rolling shutter correction and super-resolution to
recover the high-resolution global shutter video using patch-recurrence property in videos.
Finally, we show an application of enhancement techniques in biomedical imaging, where
we utilize quantization in feature space for unsupervised image denoising. We demonstrate
that the proposed approaches effectively utilize the internal learning for the task of video

enhancement and show impressive performance in different real-world blind prior settings.

X



Contents

[List of Figures|

IList of Tablesl

(1__Introduction|

2 Joint Video Deblurring and Interpolation|

2.1 Introductionl. . . . ... ... ... ..

2.4 ALANET: Adaptive Latent Attention Network| . . . . . .. ... ... ...

A1

Latent Representation of Frames| . . . . . . . . ... ... ... ...

R.4.2

Adaptive Latent Attention| . .

[2.4.3  High Frame-Rate Video Generation| . . . . ... ... ... .....

2.4.4 Network Architecturel . . . . .

2.5 Experiments|. . . . ... ... ... ..

0.5.2

Implementation Details| . . . .

2.5.3

Qualitative Results|. . . . . ..

R.5.4

Quantitative Results| . . . . . .

255

Ablation Study| . . . . . . . ..

2.6 Additional Qualitative Results| . . . .

2.7 Conclusion| .. ... ... ... ....

[3 Spatio-Temporal Video Super-Resolution]

3.1 Introductionl. . . . ... ... ... ..

BI1

3.3 Methodologyl . . . .. ... ... ...

B3.1

External Learning] . . . . . ..

B.3.2

Internal Learning and Inference

il

XVi

oo

14
15
16
17
20
20
21
21
22
24
24
27
29
32



[3.4 EXperiments. . . . . . . . .. 50
341 DatasetsandMetrics. . . . . ... ... ... .. ... ... 50
[3.4.2 Implementation Detaul§ . . . . ... ... ... .. .. ........ 51
[3.4.3 Qualitative Results] . . ... .. ... .. ... ... ......... 51
3.4.4 Quanttative Results . . . . .. ... ... ... 54
3.45 AblationStudy . . . . . ... 56

3.5 Conclusions . . . . . . ... 56

Joint Video Rolling Shutter Correction and Super-Resolution 58

4.1 Introduction. . . . . . . . .. e e 59

42 Related Work . . . . . . . . 64

4.3 Approach . . . . . . 68
4.3.1 Features Extraction . . ... ... ... . ... . ... . 70
4.3.2 Patch Attention Network . . . . .. .. .. .. ... ... ... 71
4.3.3 GS-HR Video Generation . . . . . .. ... .. .. ... 73
434 LossFunction. . .. ... ... .. .. ... 73

4.4 EXperiments. . . . . . . . . e 74
4.4.1 Datasets and Evaluation Metrics . . . . . .. ... ... ... .... 74
4.4.2 Implementation Details . . . . ... ... ... ... .. .. .. ... 75
443 Qualitative Results . . . . . . . . . ... .. . o 75
4.4.4 Quantitative Results . . . . . .. .. ... .. .. .. . oo 78

45 Conclusion . . . . . . . . e e 79

5 Application in Biomedical Image Enhancement 81

5.1 Introduction. . . . . . . . ... 82

5.2 Related Work . . . . . . . . . 83

5.3 Methodology . . . . . . . . . . 84
5.3.1 Problem Formulation . ... ... ... .. ... ... ... ... 85
5.3.2 Proposed Approach . .. .. .. ... ... ... .. .. .. . ..., 86
5.3.3 Optimization . . . ... ... . ... . ... 87

5.4 Experimentationand Results . . ... ... ... ... ... ... ..., 88
5.5 Conclusion . . . .. . 91
6 Conclusions 92
6.1 Thesis Summary . . . . . . . . . . . e e e e e 92
6.2 Future Research Directions . . . . .. .. .. .. ... .. .. .. .. ... 94
6.2.1 Learning Video compression through Super-Resolution . . . . . . . . 94
6.2.2 Video Stabilization using Motion Estimation . . . .. ... ... .. 94
6.2.3 Generation of 3D Dynamic Scenes using Videos . . . . . ... .. .. 95
Bibliography 96

Xi



List of Figures

2.1 Conceptual Overview of ALANET. Given a poor-quality video consisting
both blurry and sharp frames, the frames are projected on a latent space.
These latent representations are modulated and interpolated using the pro-
posed Adaptive Latent Attention module to generate optimized latent repre-
sentations for deblurring and interpolation. These optimized representations
are then used to generate a high frame-rate sharp video. . . . . . . ... ..

2.2 Architectural Overview of ALANET. Given a low frame-rate poor quality
video V = [ Vi1; V3 7 VL], we extract latent representations Xy =
[ x1; X2; ; X_ ] using encoder networkE. Adaptive Latent Attention
module M utilizes combination of self-attention and cross-attention on Xy
to generate optimized representations for deblurring s) and interpolation
(ES). These optimized representations are used by the generative networt
to synthesize deblurred frames &;; Sz; :Sv 1) from &5 and interpolated
frames ($;S4; ;Sv) from b, thereby generating a high frame-rate video
S=[S; S PSN] e

2.3 Proposed Attention Module. (a) Self-Attention (top) on latent representation
xi and Cross-Attention (bottom) for representation x; conditioned on X;.
Symbol denotes element-wise multiplication of each attention weight with
respective channel of the representation. (b) The channel weight computation
function F. It generates channel descriptor by channel-wise global average
pooling to learn attention weights for each channel. . . . . . ... ... ...

2.4 Qualitative result comparison with the state-of-the-art. Top row consists
of the input blurry frames and the missing frames faded. We show two
high frame-rate videos generated by our proposed method (bottom row) and
compare it with the state-of-the-art BIN 4 (middle row). ALANET is able to
generate superior quality high frame-rate video.
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sponding to frame V; using the encoder networkE and the ow features
Fp and Fy with respect to the past frame V; 1 and future frame Vj.1, re-
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used by the decoder networkG to produce high-resolution global shutter
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motion features F, and F¢, we rst utilize the deformable attention network
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Chapter 1

Introduction

With increasing popularity of high-performance higher resolution displays such as
4K Ultra HD (UHD), the consumer expectation for high quality visual content is also in-
creasing [40, 51, 50]. Recently, with prevalence of mobile cameras, more and more videos
are being captured using mobile devices. However, motion blur, low frame-rate, low reso-
lution and rolling shutter artifacts are often commonplace in videos captured using these
devices [106, 44]. Enhancing video quality at device level requires restoring the degrada-
tion caused by motion blur, increasing the frame-rate for temporal smoothness and rolling
shutter recti cation. Consequently, video super-resolution is necessary for the compatibility
of videos captured using mobile devices with high-resolution displays for high perceptual
quality. As vast majority of video media is captured using mobile cameras these days, it
calls for improved quality of the video captured by these devices.

The success of deep learning methods and the availability large-scale datasets [97,

43, 119, 61] have greatly facilitated the research in video restoration techniques. Although



the deep learning approaches have shown remarkable performance in individual video en-
hancement tasks, most of the existing works ignore the correlation between di erent factors

a ecting quality of any video. Moreover, these approaches often make unrealistic assump-
tions regarding the video quality degradation model such as the knowledge that all input
frames are blurry [98, 105, 44, 53, 38, 98, 73, 128], xed and known degradation kernel
for spatio-temporal down-samplings [47, 45, 59, 119, 104, 10, 112], and absence of rolling
shutter artifacts in CMOS cameras [47, 45, 119, 32]. The joint formulation of di erent
degradation models with blind priors on image formation is hardly explored.

In this thesis, we address three novel video enhancement problems in realistic
settings. In the rst chapter, we study the task of high frame-rate sharp video genera-
tion. Existing works address the problem of generating high frame-rate sharp videos by
separately learning the frame deblurring [98, 105, 44, 53, 38, 98, 73, 128] and frame interpo-
lation [66, 130, 4, 5, 43, 64, 74, 75, 1, 65] modules. Most of these approaches have a strong
prior assumption that all the input frames are blurry whereas in a real-world setting, the
quality of frames varies. Moreover, such approaches are trained to perform either of the
two tasks - deblurring or interpolation - in isolation, while many practical situations call for
both. Dierent from these works, we address a more realistic problem of high frame-rate
sharp video synthesis with no prior assumption that input is always blurry. We introduce a
novel architecture, Adaptive Latent Attention Network (ALANET), which synthesizes sharp
high frame-rate videos with no prior knowledge of input frames being blurry or not, thereby
performing the task of both deblurring and interpolation. We hypothesize that informa-

tion from the latent representation of the consecutive frames can be utilized to generate



optimized representations for both frame deblurring and frame interpolation. Speci cally,
we employ combination of self-attention and cross-attention module between consecutive
frames in the latent space to generate optimized representation for each frame. The op-
timized representation learnt using these attention modules help the model to generate
and interpolate sharp frames. Extensive experiments on standard dataset and web-crawled
dataset demonstrate that our method performs favorably against various state-of-the-art
approaches, even though we tackle a much more di cult problem.

Most of the existing works in supervised spatio-temporal video super-resolution
(STVSR) heavily rely on a large-scale external dataset consisting of paired low-resolution
low-frame rate (LR-LFR) and high-resolution high-frame rate (HR-HFR) videos. De-
spite their remarkable performance, these methods make a prior assumption that the low-
resolution video is obtained by down-scaling the high-resolution video using a known degra-
dation kernel, which does not hold in practical settings [47, 45, 59, 119, 104, 10, 112].
Another problem with these methods is that they cannot exploit instance-speci ¢ inter-
nal information of a video at testing time. Recently, deep internal learning approaches
have gained attention due to their ability to utilize the instance-specic statistics of a
video. However, these methods have a large inference time as they require thousands
of gradient updates to learn the intrinsic structure of the data. In the second chapter,
to address these challenges in real-world video super-resolution task, we propose a novel
Adaptive Video Super-Resolution (Ada-VSR) framework which leverages external as well
as internal information through meta-transfer learning and internal learning, respectively.

Speci cally, meta-learning is employed to obtain adaptive parameters, using a large-scale



external dataset, such that the obtained parameters can adapt quickly to the novel condition
(degradation model) of the given test video during internal learning task, thereby exploit-

ing external and internal information for video super-resolution task. The model trained

using our approach can quickly adapt to a speci c video condition with only a few gradient

updates, which reduces the inference time signi cantly. Extensive experiments on standard
datasets demonstrate that our method performs favorably against various state-of-the-art
approaches in terms of perceptual quality and computational resources.

Our next work on video enhancement addresses the problem of rolling shutter
correction and super-resolution. With the prevalence of CMOS cameras in many computer
vision applications, there is increase in appearance of rolling shutter (RS) artifacts in cap-
tured videos. However, existing video super-resolution algorithms assume that the motion
in the input video is global and no rolling shutter e ect is present [47, 45, 119, 32]. The
problem of video super-resolution for video captured using RS cameras is challenging as
the model needs to learn the row-wise local pixel displacements and the global structure
of the objects for RS correction and super-resolution, respectively. We propose Patch At-
tention Network (PatchNet) to address the problem of joint rolling shutter correction and
super-resolution (RS-SR). Our conjecture is that the combination of information from the
neighbouring patches in feature space can span more detailed feature space for the task of
super-resolution. In particular, the Patch Attention Network leverages bi-directional mo-
tion information in feature space to extract relevant information from neighbouring patches
using attention mechanism, and deformable elds using deformable convolution layers to

extract local pixel-level information. We perform extensive experiments on real as well as



synthetic datasets and demonstrate that our model is favourable against various benchmark
baselines for the task of rolling shutter correction and super-resolution.

We also explore application of enhancement technique in biomedical imaging. In
Chapter 5, we extend the process of quantization in the feature space and show that quan-
tization, that is usually utilized to denoise any image in pixel space, can also be applied in
the internal feature space for the task of unsupervised denoising.

In this thesis, we demonstrate that signi cant information regarding video en-
hancement is available within each video. We show that internal structure from neighbour-
ing frames and patches can be utilized for video enhancement tasks. Additional, we show
that external information available from external datasets can be leveraged to e ectively
tackle video enhancement problem in blind prior setup. Various experiments with combina-
tion of internal learning, blind prior and external dataset show promising results for various

video enhancement tasks.

Organization of the Thesis. The rest of the thesis is organized as follows. In Chap-
ter 2, we address the problem joint deblurring and interpolation using self-attention and

cross-attention mechanisms in the latent representations. We present a novel meta-learning
framework for blind spatio-temporal super-resolution where degradation kernel is not known
in Chapter 3. We leverage meta-training using external dataset to learn a model that can
easily adapt to unseen degradation models. Furthermore, we exploit the internal structure
of the test video to adapt the model, trained using external learning, speci c to the given

video. In Chapter 4, we exploit the patch-recurrence property in frames to recover high-

resolution global shutter frames from low-resolution rolling shutter video. In Chapter 5, we



presented application of vector quantization in biomedical microscopy imaging for the task
of unsupervised denoising. We conclude the thesis in Chapter 6 by providing some future

directions related to the problem of video enhancement and video compression.



Chapter 2

Joint Video Deblurring and

Interpolation

Existing works address the problem of generating high frame-rate sharp videos by
separately learning the frame deblurring and frame interpolation modules. Most of these
approaches have a strong prior assumption that all the input frames are blurry whereas in
a real-world setting, the quality of frames varies. Moreover, such approaches are trained
to perform either of the two tasks - deblurring or interpolation - in isolation, while many
practical situations call for both. Dierent from these works, we address a more realistic
problem of high frame-rate sharp video synthesis with no prior assumption that input
is always blurry. We introduce a novel architecture, Adaptive Latent Attention Network
(ALANET), which synthesizes sharp high frame-rate videos with no prior knowledge of input
frames being blurry or not, thereby performing the task of both deblurring and interpolation.

We hypothesize that information from the latent representation of the consecutive frames



can be utilized to generate optimized representations for both frame deblurring and frame
interpolation. Speci cally, we employ combination of self-attention and cross-attention
module between consecutive frames in the latent space to generate optimized representation
for each frame. The optimized representation learnt using these attention modules help
the model to generate and interpolate sharp frames. Extensive experiments on standard
datasets demonstrate that our method performs favorably against various state-of-the-art

approaches, even though we tackle a much more di cult problem.

2.1 Introduction

Motion blur and low frame-rate are often commonplace in videos captured by
mobile devices, whether hand-held or on a moving platform. The reasons vary, including
low shutter frequency, long exposure times, and the movement of the device itself [106,
44]. These factors limit the quality of videos captured. As vast majority of video media
is captured using mobile cameras these days, it calls for improved quality of the videos
captured by these devices. Enhancing video quality requires restoring the degradation
caused by motion blur along with increase in the frame-rate at which video is captured for
temporal smoothness.

Most existing approaches have addressed the problem of high frame-rate sharp
video generation by frame deblurring and frame interpolation, separately. In [44], separate
models are used to deblur input frames and to interpolate between frames. The phenomenon
of motion blur and frame-rate at which video is captured are related. Thus, a joint formu-

lation is needed when addressing the task of high frame-rate sharp video generation from



Figure 2.1: Conceptual Overview of ALANET. Given a poor-quality video consisting both
blurry and sharp frames, the frames are projected on a latent space. These latent repre-
sentations are modulated and interpolated using the proposed Adaptive Latent Attention
module to generate optimized latent representations for deblurring and interpolation. These
optimized representations are then used to generate a high frame-rate sharp video.

a low frame-rate blurry video. Recently, [92] studied the problem of joint video deblur-
ring and interpolation. Here, authors proposed to use pyramid deep models to deblur and
interpolate along with a pyramid of convolutional Long-Short Term Memory (LSTM) to
capture temporal smoothness. However, these methods assume that all input frames are
blurry, which is often unrealistic because the quality of a video usually varies non-uniformly
over time.

In this work, we introduce a novel architecture A daptive Latent A ttention
NET work (ALANET ) which aims to jointly deblur and interpolate frames from a poor
quality video input without an assumption that all input frames are blurry. Speci cally, we
construct a Adaptive Latent Attention module that leverages the latent space with attention
mechanisms to generate high frame-rate sharp videCALANET has a U-Net variant [87] as

it's backbone, combined with the proposed attention module. Similar to U-Net, we utilize



contracting path (encoder) of the network for latent space representation and expanding
path (generator) for video generation. However unlike U-Net, we do not pass the bottleneck
features extracted from the encoder directly to the generator. We introduce our proposed
adaptive attention module to modulate and interpolate the latent features for deblurring
and interpolating frames from the input video. Figure 2.1 illustrates the concept of proposed
adaptive attention module. Given a set of input blurry and sharp frames, their projection in
latent space can be modulated and interpolated using Adaptive Latent Attention module,
to generate optimized representations for sharp frames. These modulated and interpolated
latent representations are then used by the generator to synthesize the high frame-rate
sharp video.

Approach Overview. An overview of our approach is illustrated in Figure 2.2. Given a
low frame-rate poor quality input, our objective is to generate a high frame-rate sharp video.
Our proposed architecture, ALANET , consists of three modules: the frame encoding net-
work E, the Adaptive Latent Attention network M, and the high frame-rate sharp video
generator G We modulate and interpolate the frame features by applyingself-attention
and cross-attention on channels of the latent features of consecutive frames using our
proposed adaptive attention module. Self-attention on the feature space helps the model
to focus on important features of the same frame whereas cross-attention helps the model
to retrieve information from neighbouring frames that can be useful for either deblurring
or interpolation tasks. In turn, the Adaptive Latent Attention module will give less im-
portance to the neighbouring frame feature if the input is a sharp frame, and utilize this

information from the neighbours if input frame is blurry. Hence, our proposed approach is
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able to deblur and generate high quality interpolated frames using self-attention and cross-
attention on frame representations. To the best of our knowledgepur approach is the rst
work to exploit the ability of learning optimized latent representation for generation of high
frame-rate sharp video using self-attention and cross-attention

Contributions. The key contributions of our proposed framework are summa-

rized as follows.

We introduce a novel framework ALANET , Adaptive Latent Attention Network,
designed to jointly deblur and interpolate for high frame-rate visually sharp video

generation.

This is the rst work to generate high frame-rate sharp video from low frame-rate
poor quality video by applying attention in the latent space without any assumption

on the uniformity of blurriness in di erent frames of the video.

Our framework demonstrates consistently e ective results on two datasets, the bench-
mark Adobe240 and crawled YouTube240 with better or at par performance with

state-of-the-art in both deblurring and interpolation tasks.

2.2 Related Work

Our work relates to research in video deblurring, video interpolation, attention
model, and joint video deblurring and interpolation. In this section, we discuss some rep-
resentative methods closely related to our work (see Table 2.1).

Video Deblurring. Inversion of motion blur is an ill-posed problem [82, 77]. Recent

works have used deep learning based methods to solve this restoration problem either using
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a single frame [98, 105] or multiple frames [44, 53, 38, 98, 73]. [15] attempts to deblur a
video by exploring similarity between the frames of the video and exploiting sharp patches
of neighbouring frames. DeBlurNet [98] proposes to use consecutive frames stacked as input
to generate a single clean central frame. ESVR [112] tries to align the features of multiple
frames using a temporal and spatial fusion module for feature fusion from di erent layer to
deblur a video. [52] proposes an integrated model to jointly predict the defocus blur, optical
ow and latent frames. [39] proposed a spatio-temporal recurrent neural network that en-
forces temporal consistency between neighbouring frames. [128] proposes a spatio-temporal
recurrent architecture with dynamic temporal blending mechanism. In contrast, we do not
estimate any extra information like optical ow (which can be noisy and computationally
heavy) in our approach and rely on proposed attention model to generate high frame-rate
sharp videos.

Video Interpolation. Many of the existing approaches [66, 130, 4, 5, 43, 64] for frame
interpolation use optical ow estimation between input frames. Consequently, the quality

of estimated optical ow governs the quality of frame interpolation. Recent learning based
methods have demonstrated e ectiveness in frame interpolation tasks. A direct applica-
tion of convolutional neural networks (CNNSs) for intermediate frame synthesis is presented
in [65]. Some methods [74, 75] apply CNNs to estimate space-varying and separable con-
volutional kernels for synthesis using neighbourhood pixels. [1] proposes to generate videos
by learning optimized representation by a non-adversarial approach and then interpolat-
ing between the optimized latent representation of two frames to synthesize central frame.

However, they average the latent representations of two frames for frame interpolation

12



which often generates a blurry image. Unlike these methods, our approach utilizes adaptive
attention in the latent space for interpolation.

Attention Model. Attention mechanism has garnered a lot of interest due to their learn-
able guidance ability. With pioneering work in language translation [110], variations of
attention mechanism have shown promising results in object recognition [3], image gen-
eration [120] and image super-resolution [124]. Residual channel attention mechanism for
super-resolution is introduced in [124]. Authors in [115] used di erent length sequences to
deblur the center frame and attention is applied on di erent outputs to generate a single cen-
tral frame. Recently, variations of attention models are proposed for video deblurring [115]
and video interpolation [16]. In [16], attention is applied channel-wise on concatenated
down-shu ed frames for video interpolation. In contrast to our work, where we apply at-
tention in latent space, the existing methods employ attention for video deblurring and
interpolation tasks in pixel space.

Joint Video Deblurring and Interpolation. Joint video deblurring and interpolation
still remains a challenging problem. [44] proposed DeBlurNet, to deblur, and InterpNet,
for interpolating input frames in a jointly optimized cascade scheme to generate sharp slow
motion videos using blurry input. Blurry Video Frame Interpolation proposed in [92] uses
pyramid structure to deblur and interpolate along with a pyramid convolutional LSTM

to capture temporal information. However, both these methods strongly assume that all
the input frames are blurry. We relax this assumption to address a more di cult problem
where we do not know which input frames are blurry and where to interpolate. Hence,

the proposedALANET  framework is self-su cient to make decisions on which frames to
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Table 2.1: Categorization of prior works in video deblurring and interpolation. Di erent
from the state-of-the-art approaches, ALANET demonstrates adaptive attention in latent
space to perform joint deblurring and interpolation.

Settings
Methods
Interpolate? | Deblur? | Joint Deblur & Interpolate? | Latent Attention?
DAIN [4] 4 7 7 7
Jin [44] 4 4 7 7
BIN [92] 4 4 4 7
ALANET  (Ours) 4 4 4 4

deblur using information from neighbouring frames.

2.3 Problem Formulation

Given a low frame-rate poor quality videoV =[ Vi; V2; ; VL], with L frames,
we aim to generate a high frame-rate sharp vide®s = [S;; S; ; Sy] with N frames,
where N > L . Our objective is to deblur and increase the frame-rate of the given input
video V. Corresponding to each input frame V; 8i = 1; 2 . L, letthere be a feature
representation x; in latent space X 2 RH1 W1 Ci L gych that Xy = [ X1; X2, ; XL ]
whereH; W; C; is the dimension of the latent representation.

We propose to generate a high frame-rate video by adaptive attention modeling
(see Section 2.4.2) of the feature representations of input video frames in the latent space.
Our hypothesis is that in latent space, information from neighbouring frames can help learn
optimized representations for deblurring and interpolation. Thus, the proposed Adaptive

Latent Attentive model transforms input blurry frame representation ( Xy ) to the optimized
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representations s 2 Rt Wi €1 Ny for deblurring and interpolation in the latent space

given by
S
Zs =[z1; bp; z3; ba;  ; zn]= 85 Bs (2.1)

where zy; is the representation for a deblurred frame S, and byi+1 is the representation
for an interpolated frame between Sy and Spiv2, i.e., S+ . We denote all latent repre-
sentations for deblurred frames by2s and for interpolated frames by Bs. These optimized
representationsZs = 2s S B are used to deblur and interpolate sharp frames to generate

a high frame-rate video.

2.4 ALANET: Adaptive Latent Attention Network

In this section, we describe the proposed frameworkALANET , in detail. Our
framework consists of three components: the encodeE, the Adaptive Latent Attention
module M and, the generator G. We use the encoder module to extract latent represen-
tation for each input frame. The Adaptive Latent Attention module generates optimized
representations for frames to reduce blur and to interpolate frames, simultaneously. Finally,
the optimized representations are used by the generator to synthesize a high frame-rate

sharp video. Our overall framework is shown in Figure 2.2.
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Figure 2.2: Architectural Overview of ALANET. Given a low frame-rate poor quality video

V =] Vi1; V2; ; VL], we extract latent representations Xy =[ Xi1; X2; ; Xp ] using
encoder network E. Adaptive Latent Attention module M utilizes combination of self-
attention and cross-attention on Xy to generate optimized representations for deblurring
(2s) and interpolation (ES). These optimized representations are used by the generative net-
work Gto synthesize deblurred frames §;;S;;  ; Sy 1) from 25 and interpolated frames
($2;S4; ;Sy) from b, thereby generating a high frame-rate videoS =[S;; S, ; S

2.4.1 Latent Representation of Frames

The encoderE is a trainable convolutional neural network which projects the input

video into a latent representation for each frame.

E(V)=E [V1; V2, VL] (2.2)

=[ x1; X235 X]= Xy

Here,x; 2 RH1 W1 Ci js the latent representation corresponding toV;. The representations
generated by the encodeE are used by the Adaptive Latent Attention module M to generate

optimized representations for deblurring and interpolation.
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2.4.2 Adaptive Latent Attention

The latent representation of a frame generated by the encoder may not be opti-
mized as all the channels of the input representation are not equally important for generation
task. Also, since frames of a video are temporally correlated, their latent representation
can be leveraged to extract information from neighbouring frames to generate an optimized
representation for deblurring and interpolation.

To extract important information from the latent representation of the given frame
and utilize the information from the neighbouring frames, we propose an Adaptive Latent
Attention module M. The proposed moduleM applies attention on the input latent repre-
sentations to generate the optimized representations for deblurring and interpolation. This
module takes two latent representations §&;, x; 2 Rt Wi C1) as input, where H; Wy is
dimension of each feature inC; channels of the latent representation. A combination ofself-
attention Mg and cross-attention M is then used to generate latent representations to
jointly deblur and interpolate between consecutive frames in an adaptive manner.

The basic building block of the attention mechanism is the channel attention func-
tion F. It computes attention weights of each channel in the latent representation. As
in [124], the channel-wise global spatial information is extracted using global average pool-
ing to condense input features to a channel descriptor. Then, a gating mechanism is applied
to learn non-linear interactions and correlation between multi-channel features such that
F:RH: Wi G R1 1 CiwhereH; W; C;is the dimension of the latent represen-
tation. Figure 2.3 shows the self-attentionM s and cross-attention M ¢ modules along with

the basic building block F for computation of the channel attention.
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(a) Attention Mechanism

(b) Channel Attention Computation Network

Figure 2.3: Proposed Attention Module. (a) Self-Attention (top) on latent representation
X; and Cross-Attention (bottom) for representation x; conditioned onx;. Symbol denotes
element-wise multiplication of each attention weight with respective channel of the repre-
sentation. (b) The channel weight computation function F. It generates channel descriptor
by channel-wise global average pooling to learn attention weights for each channel.

Self-Attention (M g) correlates di erent channels of the latent representation of a frame
in order to generate an informative representation. This is achieved by computing atten-
tion weights for each of the channels of the input representation followed by element-wise
multiplication of the channels with their attention weights. This self-attention on x; can
then be expressed as in (2.3).

Cross-Attention (M ¢) provides attention weights for each channel of the latent repre-
sentation x; conditioned on another latent representation x;. Cross-attention leverages
information from other frames to generate a conditional representation. The conditional

representation provides insight on what information is useful from other frames. This cross-
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attention on x; given the input x; can then be computed as in (2.4).

Ms XijXi xi  F(xj) (2.3)

Mc XjJX; Xj  F(xi) (2.4)
Note that, symbol in (2.3) and (2.4) represents element-wise multiplication, input vari-
ablesxi;x; 2 RHt Wi C1i gre the encoded feature representations of frames and output
of Ms(xijXi); Mc(xjjx;) 2 RH1 Wi €1

Deblurred and Interpolated Representations. A combination of self-attention and

cross-attention modules is employed to obtain optimized latent representations for de-

blurring and interpolation. Given a window W, the optimized latent representations

Zy =[ z1; by; z3; by; ; zn] for a high frame-rate video S is computed as follows:
. X .
Zzi = Ms Xijxi +  Mc XjjXj (2.5)
i2Q

boi+1 = Ms XijXi + Mc XijXj+1
+ Ms Xi+1)Xi+1 + Mc Xj+1)Xi (2.6)

where Q denotes integer values ini  0:5W; i) S (i; 1 +0:5W ], zy is the optimized
representation for deblurred frame S, and byi+; is the optimized representation for the
interpolated frame betweenS,; and Spi+2 .

As de ned by (2.5), an optimized representation z,; for sharp output S is com-
puted using self-attention on i input representation x; and cross-attention of all the re-
maining input latent representation x; in a neighbourhood of W frames. Cross-attention
is computed in a temporal window of W frames as the signi cant information for deblur-

ring and interpolation is available in neighbouring frames compared to temporally distant
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frames. Similarly, a latent representation by;.1 for interpolated frame Spi.1 between Sy
and Spi+2 is given by (2.6), where we consider self-attention on each latent representations

Xi and X;j+1, and cross-attention for each representation conditioned on the other.

2.4.3 High Frame-Rate Video Generation

To generate a high frame-rate video from blurry inputs, we employ a generative
neural network G that transforms the optimized representations to a sequence of frames.
The optimized representations generated by the adaptive attention moduleM are used by
generatorGto synthesize deblurred frames as well as interpolate between frames represented
by S= [ z1; by; z3; ba; ; Zn]) where zy; and byj+1 are optimized representation used

to deblur and interpolate frames Sy; and Syi+1 , respectively.

2.4.4 Network Architecture

In this section, we describe the network architecture used for di erent modules in
the proposedALANET framework.
Encoder-Generator Network . A variation of U-Net [43] is employed to design the back-
bone network for the proposed framework. The contracting path is used as the encoder
network E and the expansive path is used as the generator networts. The encoder-decoder
network also retains the skip-connections as in the original U-Net architecture [87]. How-
ever unlike the U-Net architecture, our proposed Adaptive Latent Attention module M is
introduced after the bottleneck to optimize the latent representations before they are fed
to the generator G

Adaptive Latent Attention Network. In order to make the generator model,G, focus
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more on informative features, we exploit the inter-dependencies within frame feature (self-
attention) and across frame features (cross-attention). The basic building block of self-
attention and cross-attention is the attention weight computation module, F. We adopt the
channel attention module as in [124] forF. This channel attention module rst extracts
the channel-wise global spatial information into a channel descriptor using global average
pooling. Then, a gating mechanism is applied to learn non-linear interactions and non-
mutually-exclusive relationship between multi-channel features [124]. Unlike self-attention
for super-resolution in [124], we also employ cross-attention between consecutive features

to learn interactions between these features for deblurring and interpolation.

2.5 Experiments

In this section, we rst introduce the benchmark datasets, and evaluation metrics.
Next, the model used for generation of blurry training data is described. Finally, exten-
sive experiments are shown to demonstrate the e ectiveness of our proposed approach in

generating high frame-rate sharp videos.

2.5.1 Datasets and Metrics

We evaluate the performance of our proposed approach using publicly available
Adobe240 [98] dataset which has been used in many prior works and a dataset crawled from
YouTube as in [92].

Adobe240 Dataset. This dataset contains 118 videos captured at 240 frames per second

(fps) with the resolution of 1280 720 . We choose 110 videos for training and remaining
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8 for evaluation following the split provided in [43] for fair comparison.

YouTube240 Dataset. = We download 60 random video videos captured at 240fps from
the YouTube website to construct an evaluation dataset similar to that used in [92]. The
resolution of the downloaded video is 1280 720. For this dataset, we train the model in
Adobe240 but test on YouTube240 without any ne-tuning.

Dataset Preparation. For Adobe240 [98] and crawled YouTube240 dataset, low frame-
rate poor quality videos of 30fps are generated using process described in section 2.5.2. All

the frames are resized to 640 352 for training and evaluation purposes.

2.5.2 Implementation Details

Our framework is implemented in PyTorch [80]. All the experiments are trained
for 200 epochs with a batch size of 2. We use ADAM [54] optimizer with initial learning
rate of 0.0001 and weight decay 5 10 *. The learning rate is reduced by a factor of 10
after 100 and 150 epochs. The proposed framework takes a 30fps blurry video as an input
and generates a 60fps sharp video.

Blurry Video Formation. Camera shutter frequency a ects degradation due to motion
blur in each frame of a captured video. A low shutter frequency may not be able to capture
temporal smoothness and hence generate blurry frames. To simulate the motion blur, we
approximate the blurry frame as a discrete averaging of sharp frames within an overlapping
window as de ned in [44, 43, 98]. Let 2 + 1 be the number of sharp frames between two

blurry frames and be the rate at which frames are captured. Then, a blurry frameV; is
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approximated as:

Vi = S (2.7)

where, S's are the sharp frames in the given video. Since we do not assume that all the
input frames are blurry, we average 11 consecutive frames randomly using (2.7) on a sharp
video to generate a poor quality video with low frame-rate.

Training and Testing Protocol. During training, random blurry frames are generated
on-the-y by averaging 11 frames as de ned in (2.7). The 8" and 9" sharp frames are
considered as the ground-truth for deblurring and interpolation, respectively. The frame-
work is jointly optimized for deblurring and interpolation using Adaptive Latent Attention
Network. During testing, a low frame-rate (30fps) poor quality video is used as an input to
the trained model and a high frame-rate (60fps) sharp video is generated.

Objective Function. Our objective function consists of a1 pixel reconstruction loss'

and the perceptual loss [46] de ned as follows.
L=1Lr+ Lp (2.8)

P
Here,L; = |G Sjj; denotes™; reconstruction loss with G; being the ground-truth frame

[
corresponding to the generated frameS. L, denotes the perceptual loss computed using a
pre-trained VGG16 network [46], and is a hyper-parameter. We use = 0.2 for all our

experiments.

LFor pixel reconstruction loss, we choose ':-loss instead of Mean-Squared Error (MSE) ", loss as latter
has inherent property of generating blurry output as shown in the literature [125].
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2.5.3 Qualitative Results

Figure 2.4 shows some examples of high frame-rate videos generated using the
proposed method and state-of-the-art BIN, [92] given a low frame-rate video (top row).
From Figure 2.4a, it can be seen that our approach is able to tackle the motion blur
introduced due to the object motion (car in the bottom left corner for this particular
example) along with the blur produced by averaging of consecutive sharp frames. As our
approach is extracting information by applying attention on latent representation of input
frame, our method is able to deblur and interpolate visually more appealing videos. In
Figure 2.4b, the last two frames of middle and bottom row show that the proposed method
is able to deblur and interpolate visually good quality frames whereas BIN generates a
blurry interpolated frame. As the BIN 4 utilizes the deblurred frame to interpolate, the
error from deblurred frame may propagate during interpolation and hence produce a blurry
interpolated frame as shown in Fig 2.4b (middle row, last frame). Our approach overcomes
this by generating optimized representation using attention mechanisms, which extracts
relevant information from neighbouring frames in the latent space for both deblurring and

interpolation.

2.5.4 Quantitative Results

Our proposed method performs joint deblurring and interpolation. There are
several methods that only solve the tasks of either deblurring or interpolation. We compare
our proposed approach with these state-of-the-art methods that either perform deblurring

or interpolation [43, 5, 4] given an input blurry video. We also compareALANET  with
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(a) Representative result from Adobe240 dataset. Observe zoomed-in patch of the car. The motion of
car introduces motion blur. ALANET is able to signi cantly reduce the motion blur in all the frames
and also generate superior quality interpolated frames.

(b) Representative result from Adobe240 dataset. The last frame in blurry input (top row) is of poor
quality. ALANET is able to deblur and interpolate clear frame (last two frame in the bottom row) as
compared to the state-of-the-art (last two frame in the middle row).

Figure 2.4: Qualitative result comparison with the state-of-the-art. Top row consists of the
input blurry frames and the missing frames faded. We show two high frame-rate videos
generated by our proposed method (bottom row) and compare it with the state-of-the-art
BIN 4 (middle row). ALANET is able to generate superior quality high frame-rate video.
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two recent approaches where deblurring and interpolation is performed jointly [44, 92].
Quantitative result comparison with these baselines are shown in Table 2.2.

Results on Adobe240 Dataset. For deblurring task on Adobe240 dataset, we report
a relative improvement of 1.04dB in the average PSNR value and 2.09% improvement in
SSIM metric when compared to [92]. Our method achieves 32.98dB average PSNR in inter-
polation task as opposed 32.51dB reported by state-of-the-art method BIl [92]. Overall,
for the joint task of deblurring and interpolation the proposed method achieves relative
improvement of 2.3% in average PSNR and 1.04% in SSIM index against BIN It can be
observed that BIN4s and ALANET  both jointly formulate the deblurring and interpolation
tasks which helps to outperform [44]. We again highlight that our method does not know
which frames are blurry or where to interpolate, unlike BIN4 [92].

Results on YouTube240 Dataset. We evaluate the performance of our model trained
on Adobe240 dataset for deblurring and interpolation on YouTube240 dataset. For this
experiment we crawled 60 videos from YouTube to create this dataset following authors
in [92]. However, we do not have the same set of videos as in [92] as the list of videos is not
publicly available. From Table 2.2, it can be observed that network trained on Adobe240
performs at-par when evaluated on YouTube240 dataset with average PSNR of 35.89dB

and SSIM index of 0.9504 for joint deblurring and interpolation.

2.5.5 Ablation Study

In this section, we investigate the contribution of self-attention and cross-attention

in the proposed approach. First, we study the impact of self-attention on video deblurring
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Figure 2.5: Ablation study on di erent attention modules. Frame generated using di erent
attention mechanisms (top) and the residue image (bottom) computed by taking its di er-
ence with the ground-truth frame. Scale for the error range [0. 255] is given on the bottom
left. Our proposed ALANET which combines self-attention and cross-attention produces
superior results compared to using only one of the attention mechanisms. Results best
viewed when zoomed-in.

and interpolation. We remove the cross-attentionM ¢ terms from (2.5) and (2.6) and train

the network using only self-attention in the latent space. Secondly, we study the impact of
cross-attention in absence of self-attention by removingVi s terms from (2.5) and (2.6) for

training the network.

Figure 2.5 presents the qualitative results of the ablation study. It can be observed
that the network trained using only self-attention produces inferior results as compared to
that of using only cross-attention. The network trained with only self-attention module
assumes that all the information to deblur and interpolate resides in a single frame and
discards the temporal information available in consecutive frames. This loss in information
results in poor quality frame when using only self-attention. On the other hand, using only
cross-attention produces better results than using only self-attention module as it exploits
the available temporal information by applying cross-attention on latent representation of

the consecutive frames.
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Table 2.3: Ablation study on attention mechanism. We evaluate contribution of self-
attention and cross-attention for high frame-rate video generation on Adobe240 dataset.

Deblurring Interpolation

Attention
PSNR SSIM PSNR SSIM

only Self-Attention  31.98 0.9373 30.87 0.9233

only Cross-Attention 32.36 0.9385 32.77 0.9340

ALANET 33.71 0.9429 3298 0.9362

The guantitative results of impact of di erent attention mechanisms are shown in
Table 2.3. Network trained on only cross-attention achieves improvement of 0.38dB PSNR
as compared to using only self-attention for deblurring. However, for interpolation there is
improvement of 1.90dB when using only cross-attention as, unlike self-attention, it exploits
the temporal information available from neighbouring frames. From Table 2.3, we can
observe that ALANET performs best as it extracts quality information from the latent
representation by exploiting combination of self-attention and cross-attention for deblurring

and interpolation.

2.6 Additional Qualitative Results

We present a few videos generated by the proposeILANET on Adobe240 and
crawled YouTube240 dataset. Figure 2.6- 2.9 presents a few of the test videos in Adobe240
dataset [98]. An example video from crawled YouTube240 dataset is show in Figure. 2.10.
It can be observed from Figure 2.6- 2.10 that the video generated by the proposed approach

are clear and interpolated frame are of high perceptual quality. Not only blur caused by
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averaging of frame but ALANET is able to tackle motion blur caused by motion of the
object as can be seen from Figure 2.7. These examples show e cacy of the Adaptive Latent

Attention mechanism in synthesis of high-frame rate sharp video.

Figure 2.6: Representative video from Adobe240 dataset. The girl at the left hand side of
the input frames is blurry. ALANET is able to deblur the blur portion of the frames and
interpolate high quality frames

Figure 2.7: Representative video from Adobe240 dataset. The car at the bottom left has
motion blur due to frame averaging as well as the motion of the car. Our proposed approach
is able to enhance the frame by removing motion blur caused by frame averaging as well as
object motion.
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Figure 2.8: Representative video from Adobe240 dataset. Since the bus is moving there is
blur towards the right window in the input frame. Our proposed approach is able to deblur
speci ¢ parts of the video showing e cacy of Adaptive Latent Attention.

Figure 2.9: Representative video from Adobe240 dataset. In this video, the girl is holding
the camera and there is lot of motion blur. Since we are leveraging information from
neighbouring frames using cross-attention mechanism we are able to produce quality results
even when very blurry input is given (observer last frame).

Figure 2.10: Representative video from crawled YouTube240 dataset. In this video, bubbles
are moving objects. If observed carefully, it can be seen that our approach is able to
generated sharp boundaries for each bubble while deblurring as well as interpolation.
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2.7 Conclusion

We present an Adaptive Latent Attention Network ( ALANET ) for generating
high frame-rate sharp videos with no knowledge that either an input frame is blurry or not.
The proposed approach employs self-attention and cross-attention mechanism in the latent
representations of input video frames for deblurring and interpolation. Speci cally, the
self-attention module extracts information local to the input frame and the cross-attention
module exploits the temporal relationship from latent representations of neighbouring frame.
Using a combination of self-attention and cross-attention our approach is able to generate
high frame-rate sharp video. Experiments on standard datasets show the e cacy of our
proposed attention module in the task of joint deblurring and interpolation over the state-

of-the-art methods.
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Chapter 3

Spatio-Temporal Video

Super-Resolution

Most of the existing works in supervised spatio-temporal video super-resolution
(STVSR) heavily rely on a large-scale external dataset consisting of paired low-resolution
low-frame rate (LR-LFR) and high-resolution high-frame rate (HR-HFR) videos. De-
spite their remarkable performance, these methods make a prior assumption that the low-
resolution video is obtained by down-scaling the high-resolution video using a known degra-
dation kernel, which does not hold in practical settings. Another problem with these meth-
ods is that they cannot exploit instance-speci c internal information of a video at testing
time. Recently, deep internal learning approaches have gained attention due to their ability
to utilize the instance-speci ¢ statistics of a video. However, these methods have a large
inference time as they require thousands of gradient updates to learn the intrinsic struc-

ture of the data. In this work, we present Ada ptive V ideo Super-R esolution (Ada-VSR )
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which leverages external as well as internal information through meta-transfer learning and
internal learning, respectively. Speci cally, meta-learning is employed to obtain adaptive
parameters, using a large-scale external dataset, that can adapt quickly to the novel condi-
tion (degradation model) of the given test video during the internal learning task, thereby
exploiting external and internal information of a video for super-resolution. The model
trained using our approach can quickly adapt to a speci ¢ video condition with only a few
gradient updates, which reduces the inference time signi cantly. Extensive experiments on
standard datasets demonstrate that our method performs favorably against various state-

of-the-art approaches.

3.1 Introduction

With the increasing popularity of high-performance higher resolution displays such
as 4K Ultra HD (UHD), the demand for high-quality visual content is also increasing. How-
ever, professional video production and TV screen content are still at Full HD (1080p)
resolution [40, 51, 50]. As rendering low-resolution content on higher resolution displays
lowers perceptual quality, it calls for improving the resolution of the content to match that
of the display. Enhancing the quality of video not only requires increasing the spatial reso-
lution but also the temporal resolution for smooth rendering on high-performance displays.
Therefore, it is critical to improve the spatial as well as the temporal resolution of videos
to enhance the perceptual quality.

Most existing approaches have addressed the task of video spatial super-resolution

(VSR) [47, 45, 119, 104, 10, 112] and temporal video super-resolution (TSR) [66, 130, 4,
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