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With the increasing popularity of videos, it has become crucial to find efficient and compact
ways to represent them for easier storage, transmission, and downstream video tasks. Our
dissertation proposes an innovative neural representation for videos called NeRV, which stores
each video implicitly as a neural network. Building on NeRV, we introduce a hybrid representation
for videos called HNeRV, which improves internal generalization and representation capacity.
HNeRYV allows for highly efficient video representation and compression, with a model size that
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operation, enables fast video loading and easy deployment. To enhance efficiency, we develope
an efficient neural video dataloader called NVLoader, which is 3-6 times faster than conventional
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a 10* faster encoding process.



Aside from developing compact and implicit video neural representations, we explore
several compelling applications, including frame interpolation, video restoration, and video editing.
Furthermore, the compactness of these representations makes them an ideal output video format
for video generation models, reducing the search space significantly. Additionally, they can serve

as an efficient input for video understanding models.
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Chapter 1: Introduction

In today’s world, video has emerged as the dominant form of multimedia, and its popularity
continues to increase. However, the high-dimensional and intricate visual information in videos
makes it challenging to efficiently represent them for storage, transmission, and downstream
video-related tasks. To tackle this issue, various attempts have been made, with the transform
encoding approach being the most popular.

This approach transforms the input video into a compact embedding space that is much
smaller than the original video, while maintaining high fidelity after reconstruction. We illustrate
the framework in Figure 1.1. These methods can be broadly divided into two categories based
on the chosen transform functions: traditional codecs with hand-crafted transforms and learning-
based methods that employ deep neural networks. Traditional video compression methods like
MPEG [7], H.264 [8], and H.265 [9] achieve good reconstruction results with decent decompression
speeds. In contrast, learning-based methods [10, 11, 12, 13, 14, 15, 16] focus on replacing the

entire compression pipeline or several components with deep learning tools, at varying levels of

complexity.
Input Transform Compact Transform Output
video encoding embed decoding video

Figure 1.1: Framework of transform encoding for video compression.

Despite efforts to improve video compression, traditional codecs and learning-based methods



both have limitations. Traditional codecs often have suboptimal compression performance, while
learning-based methods can be computationally expensive. As a result, a new approach is needed
that can combine the strengths of both methods to enhance video compression. Recent approaches
have tried to address this challenge by fine-tuning traditional codecs [17] and optimizing components
of the compression pipeline [18].

This thesis aims to develop efficient implicit neural representations for videos (NeRV),
where each video is represented as a deep neural network that can output the corresponding
video frame given a frame index as input. Such implicit representations are appealing because
they can represent a video with significantly fewer parameters and reconstruct it with high fidelity,
effectively converting the video compression problem into a model compression problem. Building
on NeRYV, we propose a hybrid neural representation for videos (HNeRV) through a small frame
embedding with a powerful decoder network, resulting in improved internal generalization and
representation capacity. With evenly distributed model parameters across layers, HNeRV significantly
improves convergence speed compared to NeRV.

To evaluate the efficiency of neural representation methods for videos, we consider four
key perspectives, as depicted in Figure 1.2. First and foremost, the compression ratio is the most
critical metric to assess the efficiency of video representations. Additionally, the encoding speed
to convert the original video to efficient representations and the decoding speed to reconstruct the
video from such representations should be considered. Finally, an important but often overlooked
aspect is the utilization of efficient video representations in downstream video tasks. While most
current approaches still rely on the original frame sequences as input, these high-dimensional
sequences significantly increase the computation burden for video-related tasks such as video

understanding and generation.
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Figure 1.2: Key evaluation metrics for efficient video representations.

Firstly, the use of implicit neural representations enables us to transform the video compression
problem into a model compression problem. This approach allows us to achieve comparable
compression ratios to other compression methods, with our methods showing superior compression
ratios for videos with still backgrounds. In addition to compression, our implicit representations
also provide a decoding advantage, as only a small neural network is required to fit one video.
Moreover, the simple forward pass decoding operation of HNeRV allows for easy deployment on
any platform. To further enhance the efficiency of our methods, we developed an efficient neural
video dataloader (NVLoader) that is approximately three times faster than conventional video
dataloaders. This faster processing speed enables more efficient training and evaluation of video
models.

In addition to compression and decoding speed, encoding speed remains a significant
challenge for implicit neural representations due to the long and tedious training process. To
address this issue, we introduce the HyperNeRV framework, which utilizes a hypernetwork to
directly map input videos to NeRV model weights. This approach significantly speeds up the
encoding process by approximately 10* times, while achieving similar reconstruction quality and

generalization to unseen videos compared to training the neural network from scratch.



Besides developing efficient implicit video representations and proposing the HyperNeRV
framework, we explore several downstream applications based on these representations. Due
to their compactness and efficiency, we have found that they perform well for tasks such as
frame interpolation, video restoration, and video editing. Furthermore, we believe that these
compact and implicit video representations have even more potential to be utilized in various
other applications. For instance, they can be an ideal output video format that significantly
reduces the searching space or serve as an efficient input for video understanding models. These
representations can also be employed in diverse other applications, such as video summarization,
action recognition, and content-based video retrieval, which we believe require further investigation
in future research

We present a summary of our dissertation framework in Figure 1.3. Firstly, we introduce
NeRY, an implicit neural representation for video, in Figure 1.3a. We then introduce HNeRYV,
a content-adaptive embedding that represents video as hybrid ones, in Figure 1.3b. Next, we
introduce HyperNeRV in Figure 1.3c, which enables fast learning of video neural representations.
Finally, we list different downstream tasks in Figure 1.3d which use the efficient video representations
directly, i.e., the model weights. The ultimate goal of these video neural representations is to
introduce a new perspective on video processing, similar to the Fourier transform for signal
processing. By converting video into neural space, we can greatly advance the research and
utilization of video data.

The following dissertation consists of 6 chapters, each of which is explained separately. In
Chapter 2, we provide a brief overview of the background knowledge relevant to this dissertation,
including three main topics: the efficient video presentations, implicit neural representations, and
deep neural networks. Specifically, we delve into the evolution of video compression methods
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and their applications in everyday life to provide a comprehensive understanding of the current
state-of-the-art techniques in the field.

In Chapter 3, we introduce an implicit neural representation for videos called NeRV. We
describe a novel image-wise approach where the neural network outputs one frame given a
frame index as input. Compared to previous pixel-wise representations that output one pixel at a
time, NeRV significantly improves the encoding/decoding speed and the quality of reconstructed
videos. In addition to the basic video reconstruction task, we also present results for video
compression and video denoising.

In Chapter 4, we present a hybrid neural representation for videos (HNeRV). We replace the
content-agnostic frame index input with a content-adaptive embedding generated by an encoder.
This change results in video data being represented by two parts: a large video decoder network

and a small frame embedding. This hybrid representation improves internal generalization, such



as video interpolation in the embedding space, and reconstruction capacity. Additionally, we
propose an evenly-distributed model where the model parameters are distributed more evenly
than in NeRYV, leading to significant improvements in reconstruction capacity. We also explore
video interpolation and video inpainting in this chapter.

In Chapter 5, we present an efficient neural video dataloader (NVLoader) that accelerates
the typical data loading process for video research. Essentially, for each video in a dataset, we
first fit a compact HNeRV model to it and save the model checkpoint. To load the video during
training or testing, we simply load the model checkpoint and generate the video frames via a
straightforward feed-forward operation. Because of the simplicity of our NVLoader, it can be
easily deployed on any device, and it improves the video loading speed by 3-6 times compared
to traditional data loading approaches.

In Chapter 6, we introduce the HyperNeRV framework, which uses a transformer hypernetwork
to generate model weights directly. We train this hypernetwork on a large-scale video dataset to
learn the mapping function between input video and model weights. With this approach, given a
new video, the well-trained hypernetwork can output the model weights directly, eliminating the
need for a tedious fitting process. As a result, HyperNeRV can speed up the encoding process by
around 10* times compared to training the video model from scratch.

In Chapter 7, we provide a summary of potential downstream tasks based on neural video
representations, including video compression, video restoration, efficient video loading, video
understanding, and video generation. Furthermore, we summarize and conclude the dissertation
by highlighting the contributions of each chapter and discussing potential future directions for

research in this area.



Chapter 2: Background

We provide background knowledge in Chapter 2 for efficient video representations and
their applications. Specifically, in Section 2.1, we discuss the evolution of video compression
methods and their potential applications in various domains. In addition, we provide background
knowledge for implicit neural representations in Section 2.2 and for deep neural networks in

Section 2.3.

2.1 Video compression

We present the video compression pipeline in Figure 2.1, which is designed to decrease the
video storage demand or speed up transmission. This is essential since the original video size can

often be too large for storage and transmission purposes.

Transmit .
Sender —> Encode —> or store —>» Decode —> Receiver

Figure 2.1: Framework of video compression.

2.1.1 Video redundancy overview

For video compression, there are three types of redundancy to remove: spatial redundancy,

temporal redundancy, and perceptual redundancy. We illustrate them in Figure 2.2.
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Figure 2.2: Redundancy for video compression.

The term spatial redundancy describes the occurrence of similar or identical information
in adjacent pixels or regions within a single frame of a video. This leads to unnecessary data that
can be compressed without significant loss of quality. In other words, when neighboring pixels
or areas in a frame contain the same or similar information, it creates redundant data that can be
removed.

In contrast, temporal redundancy refers to the redundancy between consecutive frames
in a video sequence. Because adjacent frames in a video sequence are often very similar, much
of the information in one frame can be predicted from the previous frame. Therefore, in video
compression, temporal redundancy can be exploited by transmitting only the differences between
frames rather than transmitting each frame entirety.

The human visual system’s sensitivity to different aspects of a video signal is not uniform,
which leads to perceptual redundancy. Thus, video compression algorithms can selectively
reduce the information in less perceptually important areas. For instance, compressing a low-
frequency color channel may not have a significant impact on overall image quality compared
to compressing a high-frequency detail channel. By exploiting perceptual redundancy, video
compression algorithms can significantly decrease the amount of data required to represent a

video signal without significantly affecting perceptual quality.



While our dissertation primarily focuses on leveraging spatial and temporal redundancy to
develop an efficient neural representation and a simple compression method for video data, we
acknowledge that addressing perceptual redundancy based on our approach can lead to additional

improvements and enhancements.

2.1.2 Image compression

Video compression is primarily based on image compression because of the spatial redundancy
in video data. In order to address this issue, this section explores spatial redundancy and the
background of image compression. The widely used image compression standard, JPEG [19],
divides the input image into non-overlapping 8 x 8 blocks that are transformed into the frequency
domain using block-DCT [20]. The transformed blocks’ DCT coefficients are then compressed
into a binary stream using quantization and entropy coding. The JPEG standard provides the
essential transform and prediction modules for traditional visual compression.

Block-based image and video coding standards suffer from block-dependent compression,
which limits parallelism on platforms like GPUs. Furthermore, the independent optimization
strategy for each coding tool restricts performance improvement compared to end-to-end optimization
compression. An alternative technological development trajectory, based on neural network
techniques for image and video compression, is emerging. The resurgence of neural networks
has significantly advanced traditional image and video compression by leveraging Convolutional
Neural Networks (CNNSs).

The first approach was proposed by Cui et al.[21], using an intra-prediction convolutional

neural network (IPCNN) to refine the prediction of the current block by leveraging neighboring



reconstructed blocks as additional context. Li et al.[22] proposed a fully connected network
(IPFCN) as a new intra prediction mode, which achieved obvious bitrate savings but at the
cost of extremely high complexity. Li et al. also explored using CNN-based down/up-sampling
techniques as a new intra prediction mode for HEVC, which achieved coding gains, particularly
at low bitrates. Additionally, several attempts have been made for CNN-based chroma intra
prediction, such as [23, 24], by utilizing both the reconstructed luma block and neighboring
chroma blocks to improve intra chroma prediction efficiency.

The image and video compression community has taken a step forward by introducing an
end-to-end optimization framework based on deep neural networks. Deep neural networks have
been successful due to back-propagation and gradient descent, which require differentiability
of the loss function with respect to the trainable parameters. However, directly incorporating a
CNN model into end-to-end image compression is challenging due to the quantization operation.
The quantization module produces zero gradients almost everywhere, preventing the parameters
from updating in the CNN. Additionally, the learning loss objective must be a differentiable loss
function. In 2016, Ball’e ef al. introduced the first end-to-end optimized CNN framework for
image compression under the scalar quantization assumption [25]. To handle the zero derivatives
resulting from quantization, an additive i.i.d uniform noise was used to simulate quantization in
the CNN training procedure, enabling gradient descent for neural network optimization. This
method outperformed JPEG2000 in terms of both PSNR and MS-SSIM metrics. Later, [26]
extended this end-to-end framework to a scale hyper prior, resulting in better compression performance.
Many other attempts [27, 28, 29, 30, 31] have been made to advance image compression using
neural networks.

Generative Adversarial Networks (GANs) are a popular deep learning technique that involves
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Figure 2.3: Compression for different video frames.

training a generator and a discriminator network simultaneously. In image compression, GANs
have been used to improve the subjective quality of decoded images. For instance, Rippel
and Bourdev [32] proposed an integrated GAN-based image compression method that achieved
significant improvements in compression ratio and enhanced the subjective quality of reconstructed
images. However, GAN-based compression has been successful only for narrow-domain images,
such as faces, and more research is needed to establish models for general natural images.

Video coding typically involves two types of frames, illustrated in Figure 2.3: keyframes
(also known as intra frames) and inter frames. A keyframe is a fully encoded frame that contains
all the necessary information to reconstruct an image. It is coded independently of any other
frames and serves as a reference for inter frames. Keyframes are often used as a starting point
for video playback and can be decoded without relying on any other frames. Popular video
coding standards such as MPEG[33], MPEG-2, H.264/AVC [8], and HEVC [34] can directly
apply image compression methods to keyframes.

Inter frames, on the other hand, only contain the changes from a previously encoded
frame (either a keyframe or another inter frame) and are coded based on motion estimation and
compensation. Because inter frames rely on previously encoded frames, they are usually much
smaller than keyframes and can achieve higher compression ratios. However, inter frames cannot

be decoded independently and require reference frames for reconstruction. The combination
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of keyframes and inter frames is commonly used in modern video coding standards such as

H.264/AVC and HEVC to achieve efficient compression and high video quality.

2.1.3 Traditional video coding

Video coding is a fundamental process that compresses videos to enable efficient transmission
and storage. It typically involves two techniques: entropy coding for lossless compression
towards the Shannon limit, and lossy coding for removing redundant and less significant data
in video. Although entropy coding can only achieve moderate compression ratios due to the
Shannon limit, lossy compression is generally more effective because the human visual system
can tolerate some loss of details.

The video coding process involves an encoder that converts video into a compressed format,
and a decoder that restores the compressed video back to an uncompressed format. Together,
these components form a codec (encoder/decoder), as illustrated in Figure 2.1. Video coding
plays a critical role in transmitting and storing video content efficiently while minimizing the
impact on image quality.

A standard video encoder typically consists of three primary components: (i) a predictive
coding unit, (ii) a transform coding unit, and (iii) an entropy coding unit.

(i) Predictive coding. The predictive coding unit is a crucial component of video coding
that exploits both temporal (inter-prediction) and spatial redundancies (intra-prediction) in a
video sequence to reduce redundancy. This process is achieved through two methods: motion
estimation (ME) and motion compensation (MC). ME involves finding a matching region in the

reference frame that corresponds to a block in the current frame, while MC involves determining
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Figure 2.4: Transform coding framework for video compression.

the difference (residual) between the matching regions and the target region. This generates
residuals and motion vectors that help to achieve high compression ratios while maintaining a
high level of video quality.

To create residuals, the encoder subtracts the prediction from the actual current frame,
while the motion vector is generated by computing the offset between the current block and the
position of the candidate region. The motion vector indicates the direction of movement of the
block. By using predictive coding, the encoder can reduce redundancies and transmit only the
necessary information, resulting in more efficient video compression.

(ii) Transform coding. Transform coding is a crucial step in video compression that
converts blocks of residual samples into a set of coefficients, each of which represents a weight
for the standard basis pattern. These coefficients are then fed into a quantizer, which produces
reduced precision yet bit-saving quantized coefficients. One of the most commonly used transform
coding techniques is the discrete cosine transformation (DCT), which was developed in 1974.

In the H.264 video coding standard, transform coding is used to convert a block of residual
samples into DCT coefficients. By reducing the dependency between sample points, transform

coding enables more efficient compression of the video data. The encoder can achieve high
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compression ratios by utilizing transform coding, while maintaining the video’s visual quality.
This reduction in data leads to improved storage and transmission efficiency, making transform
coding a critical component in video compression.

(iii) Entropy coding. After predictive coding and transform coding, the video data is still
not fully compressed. Entropy coding is the final stage in video coding that produces a compact
and efficient bit stream for storage and transmission. It compresses the residual signals and the
quantized transform coefficients generated by the previous stages.

Entropy coding techniques, such as variable length coding (VLC), arithmetic coding, and
Huffman coding, assign shorter codes to more frequently occurring symbols, and longer codes to
less frequent symbols. For instance, in Huffman coding, the most common symbols are assigned
shorter codes, while the less common symbols are assigned longer codes. The motion vectors are
also entropy coded separately using a VLC table.

By using entropy coding, the average bit rate of the encoded video stream can be further
reduced, leading to higher compression ratios and improved storage and transmission efficiency.

Video decoding. The video decoding process, as shown in the bottom part of Figure
2.4, works in reverse order of the encoder. First, the entropy decoder recovers the prediction
parameters and coefficients from the compressed bit stream. Then, the spatial decoder uses
these parameters to reconstruct the residual frame. Finally, the prediction decoder uses the
reconstructed pixels and the parameters to reconstruct the original frame, which is then displayed
to the viewer. The decoding process plays a crucial role in the video playback performance
since it needs to be performed in real-time. To achieve this, modern video codecs use parallel
processing and specialized hardware to improve the decoding efficiency. Additionally, video
decoding may also involve error resilience techniques to mitigate errors introduced during storage
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or transmission, such as error concealment and error resilience coding.

2.1.4 Traditional video codec standards

As the most common video codecs, let’s briefly go through the techniques used in H.264
and HEVC.

AVC H.264 encoding. The H.264 encoder operates on macroblocks, which are 16x16
pixel units. Inter-prediction is performed by utilizing a range of block sizes (from 16x16 to
4x4) to predict pixels in the current frame from similar regions in previously encoded frames.
Intra-prediction uses the same range of block sizes to predict the macroblock from the previously
encoded pixels within the same frame. The encoder then obtains a residual by subtracting the
prediction from the current macroblock. The residual samples are transformed using a 4x4 or
8x8 integer transformation, resulting in a set of DCT coefficients. The coefficients and other
information are quantized and coded into bit streams using entropy coding.

HEVC (H.265) encoding. The HEVC encoder follows a similar structure to H.264, utilizing
inter/intra prediction and transform coding. Each frame of the input video sequence is divided
into block-shaped regions called coding tree units (CTUs). A CTU can be of size 64x64, 32x32,
or 16x16 and is organized in a quad-tree form to further partition into smaller-sized coding
units (CUs). In HEVC, the first picture of the video sequence is coded using only intra-picture
prediction, and all remaining pictures are coded using inter-picture predictive coding. Each CU
can be predicted via intra-prediction or inter-prediction, and the prediction residual is coded using
block transforms. The entropy coding module uses context-adaptive binary arithmetic coding

(CABAC). The decoding process is the inverse of the encoding process.
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Table 2.1: Historical development of video codecs

Video coding standar Year ‘ Features
MPEG-1 part-2 1993 video and audio storage on CD-ROMS
MPEG | MPEG-2 part-2 1995 HDTYV and video on DVDs
family | MPEG-4 part-2 (visual) 1999 low bit-rate multimedia on mobile platforms
MPEG-4 part 10 (AVS) 2003 Co-published with H.264/AVC
H.120 1984 The first digital video coding standard
H.261 1988 Developed for video conferencing over ISDN
H.26X H.262 1995 See? MPEG-2 part 2 .
family H.263/H.263+ 1996/1998 Improved quality to H.261 at lower bit rate
H.264 AVC 2003 Significant quality improvement with lower bit rates
H.265/HEVC 2013 50% bit-rate savings compared with H.264
H.266/VVC 2020 50% bit-rate savings compared with H.265

Decoding. The decoding process starts by extracting the quantized, transformed coefficients
and the prediction information from the bit stream. The decoder then rescales the coefficients to
restore each block of the residual data. These blocks are combined together to form a residual
macroblock for frame reconstruction. The decoder then adds the prediction to the decoded
residual to reconstruct a decoded macroblock. Finally, the decoded macroblocks are combined
to reconstruct the original video frame.

Table 2.1 summarizes the historical development of video codecs. We provide a brief

summary of each codec’s features below:

* MPEG-1. Developed for video and audio storage on CD-ROMs; Supports YUV 4:2:0 with

a resolution of 352 x 288; Lossless motion vectors.

* MPEG-2. Supports HDTV and video on DVDs; Introduction of profiles and levels; Nonlinear

quantization and data partitioning.

* MPEG-4 part-2 (visual). Supports low bit-rate multimedia applications on mobile platforms;

Shares a subset with H.263; Supports object-based or content-based coding.
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* H.262. Developed for video conferencing over ISDN. Block-based hybrid coding with

integer pixel motion compensation; Supports CIF and QCIF resolutions.

* H.263 / H.263+. Improved quality to H.261 at a lower bit rate; Shares a subset with

MPEG-4 part 2.

* H.264 AVC. Supports video on the Internet, computers, mobile devices, and HDTVs;
Significantly improves quality with lower bit rates; Increased computational complexity;
Improved motion compensation with variable block size, multiple reference frames, and

weighted prediction.

* H.265 HEVC. Supports ultra HD video up to 8k with frame rates up to 120 fps; Greater
flexibility in prediction modes and transfer block sizes; Parallel processing; 50% bit-rate

savings compared with H.264 for the same video quality.

* H.266 VVC. Provides about 50% better compression rate for the same perceptual quality,
with support for lossless and subjectively lossless compression; Supports resolutions ranging

from very low resolution up to 4K and 16K, as well as 360° videos.

This revised version provides a clearer summary of each codec’s features, as well as some

additional details, such as the resolutions supported by each codec.

2.1.5 Learning-based video compression

Traditional video compression algorithms, such as H.265 and H.266, rely on hand-crafted
motion estimation and motion compensation techniques, such as block-based motion estimation,

to achieve inter-frame prediction. While these methods reduce temporal redundancy in video
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data, they cannot be end-to-end optimized with other neural networks developed for various
machine vision tasks, such as action recognition, using large-scale training datasets.

Recent advances in neural image compression have led to the development of neural video
codecs. The pioneering work of DVC [35] follows a residual coding-based framework similar
to traditional codecs. It first generates motion-compensated predictions and then encodes the
residual using a hyperprior [26]. With the help of an autoregressive prior [29], DVCPro achieves
even higher compression ratios.

Recent research in neural video codecs has focused on improving the motion estimation
and residual coding-based framework. Some works have proposed advanced network structures
to generate optimized residuals or motion. For instance, Yang ef al. [36] adaptively scaled
the residual using learned parameters, while Agustsson et al. [37] proposed using optical flow
estimation in scale space to reduce residual energy in fast motion areas. Hu et al. [38] applied
rate distortion optimization to improve motion coding, and Hu er al. [39] used deformable
compensation to enhance feature space prediction. Lin et al. [40] proposed using multiple
reference frames to reduce residual energy, and in [40, 41], motion prediction was introduced
to improve motion coding efficiency.

In addition to residual coding, researchers have explored other coding frameworks for
neural video codecs. One such framework is the 3D autoencoder[42, 43, 44], which encodes
multiple frames simultaneously and is an extension of neural image codecs. However, this
approach can introduce significant encoding delay and may not be suitable for real-time scenarios.
Another emerging framework is conditional coding, which has a lower or equal entropy bound
compared to residual coding [45]. For example, Ladune et al. [45, 46, 47] used conditional
coding to code the foreground contents, while in DCVC [48], the condition is the extensible
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Figure 2.5: Application of video compression.

high-dimensional feature instead of the 3D predicted frame. To further boost the compression
ratio, recent work has introduced feature propagation and multi-scale temporal contexts [49].
Most existing neural video codecs prioritize the optimization of the latent embedding and
network design. Previous research has largely concentrated on temporal correlation. For instance,
works such as [13, 48, 49, 50] employ techniques such as temporal context prior, conditional

entropy coding, or recurrent entropy model to explore this area.

2.1.6  Application of video compression

Video compression is a critical need for many real-time applications, as depicted in Figure
2.5. With the advent of the internet, service providers offer cheap and high-speed bandwidth,
leading to an explosion of data. As a result, a vast amount of data generated consists of videos.
However, storing all this data requires significant space, making it difficult to manage. To address
this challenge, efficient video compression techniques are essential. This section explores various
applications where such techniques can be useful in the 21st century.

Video streaming. Video streaming has revolutionized the way users consume video content

over the internet in real-time without downloading the entire video file. With the increasing
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availability of high-speed internet connections and growing popularity of online video content,
video streaming has become an essential part of our daily lives. However, the large size of video
files poses a significant challenge in transmitting them quickly and efficiently over the internet.
To overcome this challenge, video compression techniques have been developed to reduce the
size of video files while preserving their quality.

Video compression algorithms can significantly reduce the amount of data that needs to
be transmitted over the internet, making it possible to stream high-quality video content in real-
time. As internet speeds continue to increase and video streaming grows in popularity, video
compression techniques will become even more critical in delivering high-quality video content
to users worldwide.

Video Conferencing. Video compression is an essential application in video conferencing,
allowing individuals and businesses to connect remotely without having to worry about slow or
interrupted connections. Video compression works by reducing the amount of data needed to
transmit a video stream over the internet while maintaining a high-quality image. This makes
video conferencing accessible to a wider audience, including those with low-bandwidth internet
connections.

The use of video compression has become increasingly important as remote work and
distance learning have become more prevalent. Without video compression, video conferencing
would be prohibitively expensive and only accessible to those with high-speed internet connections.
However, video compression algorithms allow for real-time transmission of high-quality video,
making video conferencing an effective communication tool for businesses, schools, and individuals.

Social Media. Social media platforms have become an essential means of communication

worldwide, and video content is increasingly becoming the most popular form of media. However,

20



transmitting video content over the internet can be challenging due to the large file sizes involved.
As a result, video compression has emerged as a crucial application for social media platforms.
It allows users to share and view videos without worrying about slow or interrupted connections.
This makes it easier for social media platforms to store and transmit video content, as well as
for users to upload and view videos without experiencing delays or buffering. Without video
compression, social media platforms would struggle to keep up with the demand for video content
and provide a seamless user experience.

Moreover, video compression has made it possible for social media platforms to incorporate
live video streaming, which has become increasingly popular in recent years. Live video streaming
allows users to broadcast events and experiences in real-time, connecting people from all over the
world. Video compression algorithms play a critical role in making this technology accessible,
allowing for real-time transmission of high-quality video over low-bandwidth internet connections.
As video content continues to grow in popularity, video compression algorithms will undoubtedly
play a crucial role in making it accessible to a wider audience. Overall, video compression is
essential for social media platforms to meet the increasing demand for video content and provide
a seamless user experience.

Surveillance Video. Video surveillance has become ubiquitous in today’s world, with
cameras being used for security purposes in various settings. However, the storage and transmission
of the large amounts of video data generated by video surveillance systems pose a significant
challenge. Video compression has emerged as a critical application in this context, allowing for
more efficient storage and transmission of video data.

Video compression algorithms play a vital role in enabling real-time transmission of high-
quality video over low-bandwidth internet connections, making it possible for video surveillance
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to take place in remote areas with limited internet access. Additionally, the use of video compression
in video surveillance has many benefits, including lower storage costs, increased efficiency, and
improved accessibility. As technology continues to evolve, we can expect video compression
algorithms to become even more efficient, enabling higher-quality video to be transmitted and
stored at even lower costs. This development will enable businesses and individuals to improve
their security measures and ensure that video surveillance is a viable and effective means of

keeping people safe.

2.2 Implicit neural representation

Recent developments in deep learning have led to the emergence of implicit representations,
which are compact data representations [1, 51, 52, 53] that fit a deep neural network to signals
such as images, 3D shapes, and videos. One of the main branches of implicit representations
is coordinate-based neural representations, which take pixel coordinates as input and output
corresponding values such as density or RGB values using an MLP network. These representations
have shown promising results in a range of areas including image reconstruction [54, 55], image
compression [52], continuous spatial super-resolution [56, 57, 58, 59], shape regression [60, 61],
and 3D view synthesis [62, 63]. To improve coordinate-based representations, several approaches
have been proposed, such as using sine activation functions instead of ReLU [64] or converting

input coordinates to a Fourier feature space [65].
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2.3 Deep neural networks

With the interdisciplinary research of neuroscience and mathematics, the neural network
(NN) was invented, which has shown strong abilities in the context of non-linear transform and
classification. Intuitively, the network consists of multiple layers of simple processing units called
neuron (perceptron), which interacts with each other via weighted connections. The neurons
get activated through weighted connections from previously activated neurons. To achieve non-
linearity, the activation functions are always applied for all the intermediate layers [66].

The learning procedure of simple perceptron has been proposed and analyzed in 1960s.
During the 1970s and 1980s, backpropagation procedure [67, 68] inspired by the chain rule for
derivatives of the training objectives was proposed to solve the training problem of the multi-
layer perceptron (MLP). Then, the multi-layer architectures are mostly trained by stochastic
gradient descent with backpropagation procedure although it is computationally intensive and
suffers from bad local minima. However, the dense connections between the adjacent layers in
neural networks make the amount of model parameters increase quadratically and prohibit the
development of neural networks in computational efficiency. With the introduction of parameter-
sharing for MLP 1990 [69], a more light-weighted version of neural network called convolutional
neural network was proposed and applied in the documents recognition, which makes the large
scale neural network training possible.

Over the last 10 years, several CNN architectures have been presented [70, 71]. Model
architecture is a critical factor in improving the performance of different applications. Various
modifications have been achieved in CNN architecture from 1989 until today. Such modifications

include structural reformulation, regularization, parameter optimizations, etc. Conversely, it

23



should be noted that the key upgrade in CNN performance occurred largely due to the processing-
unit reorganization, as well as the development of novel blocks. In particular, the most novel
developments in CNN architectures were performed on the use of network depth. In this section,
we review the most popular CNN architectures, beginning from the AlexNet model in 2012 and
ending at the High-Resolution (HR) model in 2020. Studying these architectures features (such as
input size, depth, and robustness) is the key to help researchers to choose the suitable architecture
for the their target task. Table 2 presents the brief overview of CNN architectures.

AlexNet The history of deep CNNs began with the appearance of LeNet [72]. At that
time, the CNNs were restricted to handwritten digit recognition tasks, which cannot be scaled
to all image classes. In deep CNN architecture, AlexNet is highly respected [73], as it achieved
innovative results in the fields of image recognition and classification. Krizhevesky et al. [73]
first proposed AlexNet and consequently improved the CNN learning ability by increasing its
depth and implementing several parameter optimization strategies. Figure 15 illustrates the
basic design of the AlexNet architecture. The learning ability of the deep CNN was limited
at this time due to hardware restrictions. To overcome these hardware limitations, two GPUs
(NVIDIA GTX 580) were used in parallel to train AlexNet. Moreover, in order to enhance
the applicability of the CNN to different image categories, the number of feature extraction
stages was increased from five in LeNet to seven in AlexNet. Regardless of the fact that depth
enhances generalization for several image resolutions, it was in fact overfitting that represented
the main drawback related to the depth. Krizhevesky et al. used Hinton’s idea to address this
problem [74]. To ensure that the features learned by the algorithm were extra robust, Krizhevesky
et al.’s algorithm randomly passes over several transformational units throughout the training

stage. Moreover, by reducing the vanishing gradient problem, ReLU [75] could be utilized as
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a non-saturating activation function to enhance the rate of convergence [76]. Local response
normalization and overlapping subsampling were also performed to enhance the generalization
by decreasing the overfitting. To improve on the performance of previous networks, other modifications
were made by using large-size filters (5x5and11x11) in the earlier layers. AlexNet has considerable
significance in the recent CNN generations, as well as beginning an innovative research era in
CNN applications.

VGGNet After CNN was determined to be effective in the field of image recognition,
an easy and efficient design principle for CNN was proposed by Simonyan and Zisserman. This
innovative design was called Visual Geometry Group (VGG). A multilayer model [77], it featured
nineteen more layers than AlexNet to simulate the relations of the network representational
capacity in depth. This showed experimentally that the parallel assignment of these small-size
filters could produce the same influence as the large-size filters. In other words, these small-
size filters made the receptive field similarly efficient to the large-size filters (7x7and5x5). By
decreasing the number of parameters, an extra advantage of reducing computational complication
was achieved by using small-size filters. These outcomes established a novel research trend
for working with small-size filters in CNN. In addition, by inserting 1x1 convolutions in the
middle of the convolutional layers, VGG regulates the network complexity. It learns a linear
grouping of the subsequent feature maps. In general, VGG obtained significant results for
localization problems and image classification. While it did not achieve first place in the 2014-
ILSVRC competition, it acquired a reputation due to its enlarged depth, homogenous topology,
and simplicity. However, VGG’s computational cost was excessive due to its utilization of around
140 million parameters, which represented its main shortcoming. Figure 18 shows the structure

of the network.
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ResNet He er al. [78] developed ResNet (Residual Network), which was the winner of
ILSVRC 2015. Their objective was to design an ultra-deep network free of the vanishing gradient
issue, as compared to the previous networks. Several types of ResNet were developed based on
the number of layers (starting with 34 layers and going up to 1202 layers). The most common
type was ResNet50, which comprised 49 convolutional layers plus a single FC layer. The overall
number of network weights was 25.5 M, while the overall number of MACs was 3.9 M. The
novel idea of ResNet is its use of the bypass pathway concept, as shown in Fig. 20, which was
employed in Highway Nets to address the problem of training a deeper network in 2015. This is

a conventional feedforward network plus a residual connection.
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Figure 2.6: DenseNet architecture. Image obtained from [4].
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DenseNet To solve the problem of the vanishing gradient, DenseNet [4] was presented,
following the same direction as ResNet and the Highway network [79]. One of the drawbacks of
ResNet is that it clearly conserves information by means of preservative individuality transformations,

as several layers contribute extremely little or no information. In addition, ResNet has a large
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number of weights, since each layer has an isolated group of weights. DenseNet employed cross-
layer connectivity in an improved approach to address this problem. It connected each layer to
all layers in the network using a feed-forward approach. Therefore, the feature maps of each
previous layer were employed to input into all of the following layers. DenseNet demonstrates
the influence of cross-layer depth wise-convolutions. Thus, the network gains the ability to
discriminate clearly between the added and the preserved information, since DenseNet concatenates
the features of the preceding layers rather than adding them. However, due to its narrow layer
structure, DenseNet becomes parametrically high-priced in addition to the increased number of
feature maps. The direct admission of all layers to the gradients via the loss function enhances the
information flow all across the network. In addition, this includes a regularizing impact, which
minimizes overfitting on tasks alongside minor training sets. Figure 2.6 shows the architecture of
DenseNet Network.

Vision Transformer Transformer architectures are based on a self-attention mechanism
that learns the relationships between elements of a sequence. As opposed to recurrent networks
that pro- cess sequence elements recursively and can only attend to short-term context, Transformers
can attend to complete sequences thereby learning long-range relationships. Vision Transformer
(ViT) [80] (Figure 2.7) is the first work to showcase how Transformers can ‘altogether’ replace
standard convolutions in deep neural networks on large- scale image datasets. They applied
the original Transformer model [81] (with minimal changes) on a sequence of image “patches’
flattend as vectors. The model was pre-trained on a large propriety dataset (JFT dataset [82]
with 300 million images) and then fine-tuned to downstream recog- nition benchmarks e.g.,
ImageNet classification. This is an important step since pre-training ViT on a medium-range

dataset would not give competitive results, because the CNNs encode prior knowledge about the
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images (inductive biases e.g., translation equivariance) that reduces the need of data as compared
to Transformers which must discover such information from very large-scale data. The DeiT [83]
is the first work to demonstrate that Transformers can be learned on mid-sized datasets (i.e., 1.2
million ImageNet examples compared to 300 million images of JFT used in ViT) in relatively
shorter training episodes. Besides using augmentation and regularization procedures common in
CNNss, the main contribution of DeiT is a novel native distillation approach for Trans- formers

which uses a CNN as a teacher model (RegNetY- 16GF [84]) to train the Transformer model.
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Figure 2.7: An overview of Vision Transformer (on the leff) and the details of Transformer
encoder (on the right). The architecture resembles Transformers used in the NLP domain and
the image patches are simply fed to the model after flattening. After training, the feature obtained
from the first token position is used for classification. Image obtained from [5].

28



Chapter 3: NeRV: Implicit Neural Representations for Videos

3.1 Introduction

What is a video? Typically, a video captures a dynamic visual scene using a sequence
of frames. A schematic interpretation of this is a curve in 2D space, where each point can be
characterized with a (z,y) pair representing the spatial state. If we have a model for all (z,y)
pairs, then, given any z, we can easily find the corresponding y state. Similarly, we can interpret
a video as a recording of the visual world, where we can find a corresponding RGB state for every
single timestamp. This leads to our main claim: can we represent a video as a function of time?

More formally, can we represent a video V as V' = {v;}L,, where v; = fy(t), i.e., , a
frame at timestamp ¢, is represented as a function f parameterized by 6. Given their remarkable
representational capacity [85], we choose deep neural networks as the function in our work.
Given these intuitions, we propose NeRYV, a novel representation that represents videos as implicit
functions and encodes them into neural networks. Specifically, with a fairly simple deep neural
network design, NeRV can reconstruct the corresponding video frames with high quality, given
the frame index. Once the video is encoded into a neural network, this network can be used as
a proxy for video, where we can directly extract all video information from the representation.
Therefore, unlike traditional video representations which treat videos as sequences of frames,

shown in Figure 6.1 (a), our proposed NeRV considers a video as a unified neural network with
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Table 3.1: Comparison of different video representations. Although explicit representations
outperform implicit ones in encoding speed and compression ratio now, NeRV shows great
advantage in decoding speed. And NeRV outperforms pixel-wise implicit representations in all
metrics.

| Explicit (frame-based)

Implicit (unified)

Hand-crafted Learning-based Pixel-wise Image-wise
(e.g. ,HEVC [34]) (e.g.,DVC]I35]) | (e.g. , NeRF [62] (Ours)

Encoding speed Fast Medium Very slow Slow
Decoding speed Medium Slow Very slow Fast
Compression ratio Medium High Low Medium

all information embedded within its architecture and parameters, shown in Figure 6.1 (b).

Video Video
pu pu

t=>

f0 ‘ @ Network layers

(a) Explicit representations for videos (e.g., HEVC) (b) Neural implicit representations for videos (e.g., NeRV)

Figure 3.1: (a) Conventional video representation as frame sequences. (b) NeRV, representing
video as neural networks, which consists of multiple convolutional layers, taking the normalized
frame index as the input and output the corresponding RGB frame.

As an image-wise implicit representation, NeRV shares lots of similarities with pixel-wise
implicit visual representations [54, 55] which takes spatial-temporal coordinates as inputs. The
main differences between our work and image-wise implicit representation are the output space
and architecture designs. Pixel-wise representations output the RGB value for each pixel, while

NeRV outputs a whole image, demonstrated in Figure 3.2. Given a video with size of T'x H x W,

pixel-wise representations need to sample the video 7" * H x W times while NeRV only need to
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sample 7" times. Considering the huge pixel number, especially for high resolution videos, NeRV
shows great advantage for both encoding time and decoding speed. Different output space also
leads to different architecture designs, NeRV utilizes a MLP + ConvNets architecture to output
an image while pixel-wise representation uses a simple MLP to output the RGB value of the
pixel. Sampling efficiency of NeRV also simplify the optimization problem, which leads to better
reconstruction quality compared to pixel-wise representations.

We also demonstrate the flexibility of NeRV by exploring several applications it affords.
Most notably, we examine the suitability of NeRV for video compression. Traditional video
compression frameworks are quite involved, such as specifying key frames and inter frames,
estimating the residual information, block-size the video frames, applying discrete cosine transform
on the resulting image blocks and so on. Such a long pipeline makes the decoding process very
complex as well. In contrast, given a neural network that encodes a video in NeRV, we can
simply cast the video compression task as a model compression problem, and trivially leverage
any well-established or cutting edge model compression algorithm to achieve good compression
ratios. Specifically, we explore a three-step model compression pipeline: model pruning, model
quantization, and weight encoding, and show the contributions of each step for the compression
task. We conduct extensive experiments on popular video compression datasets, such as UVG [86],
and show the applicability of model compression techniques on NeRV for video compression. We
briefly compare different video representations in Table 3.1 and NeRV shows great advantage in
decoding speed.

Besides video compression, we also explore other applications of the NeRV representation
for the video denoising task. Since NeRV is a learnt implicit function, we can demonstrate its
robustness to noise and perturbations. Given a noisy video as input, NeRV generates a high-
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quality denoised output, without any additional operation, and even outperforms conventional
denoising methods.

The contribution of this paper can be summarized into four parts:

» We propose NeRYV, a novel image-wise implicit representation for videos, representating a
video as a neural network, converting video encoding to model fitting and video decoding

as a simple feedforward operation.

* Compared to pixel-wise implicit representation, NeRV output the whole image and shows
great efficiency, improving the encoding speed by 25x to 70, the decoding speed by 38 x

to 132, while achieving better video quality.

* NeRYV allows us to convert the video compression problem to a model compression problem,
allowing us to leverage standard model compression tools and reach comparable performance

with conventional video compression methods, e.g. , H.264 [8], and HEVC [34].

* As a general representation for videos, NeRV also shows promising results in other tasks,
e.g. , video denoising. Without any special denoisng design, NeRV outperforms traditional
hand-crafted denoising algorithms (medium filter ezc. ) and ConvNets-based denoisng

methods.

3.2 Related Work

Implicit Neural Representation. Implicit neural representation is a novel way to parameterize
a variety of signals. The key idea is to represent an object as a function approximated via a

neural network, which maps the coordinate to its corresponding value (e.g. , pixel coordinate

32



for an image and RGB value of the pixel). It has been widely applied in many 3D vision tasks,
such as 3D shapes [87, 88], 3D scenes [89, 90, 91, 92], and appearance of the 3D structure [62,
93, 94]. Comparing to explicit 3D representations, such as voxel, point cloud, and mesh, the
continuous implicit neural representation can compactly encode high-resolution signals in a
memory-efficient way. Most recently, [52] demonstrated the feasibility of using implicit neural
representation for image compression tasks. Although it is not yet competitive with the state-of-
the-art compression methods, it shows promising and attractive proprieties. In previous methods,
MLPs are often used to approximate the implicit neural representations, which take the spatial
or spatio-temporal coordinate as the input and output the signals at that single point (e.g. , RGB
value, volume density). In contrast, our NeRV representation, trains a purposefully designed
neural network composed of MLPs and convolution layers, and takes the frame index as input

and directly outputs all the RGB values of that frame.

Video Compression. As a fundamental task of computer vision and image processing, visual
data compression has been studied for several decades. Before the resurgence of deep networks,
handcrafted image compression techniques, like JPEG [19] and JPEG2000 [95], were widely
used. Building upon them, many traditional video compression algorithms, such as MPEG [33],
H.264 [8], and HEVC [34], have achieved great success. These methods are generally based on
transform coding like Discrete Cosine Transform (DCT) [20] or wavelet transform [96], which
are well-engineered and tuned to be fast and efficient. More recently, deep learning-based visual
compression approaches have been gaining popularity. For video compression, the most common
practice is to utilize neural networks for certain components while using the traditional video

compression pipeline. For example, [97] proposed an effective image compression approach
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and generalized it into video compression by adding interpolation loop modules. Similarly, [98]
converted the video compression problem into an image interpolation problem and proposed an
interpolation network, resulting in competitive compression quality. Furthermore, [37] generalized
optical flow to scale-space flow to better model uncertainty in compression. Later, [99] employed
a temporal hierarchical structure, and trained neural networks for most components including
key frame compression, motion estimation, motions compression, and residual compression.
However, all of these works still follow the overall pipeline of traditional compression, arguably
limiting their capabilities.

Model Compression. The goal of model compression is to simplify an original model by
reducing the number of parameters while maintaining its accuracy. Current research on model
compression research can be divided into four groups: parameter pruning and quantization [100,
101, 102, 103, 104, 105]; low-rank factorization [106, 107, 108]; transferred and compact convolutional
filters [109, 110, 111, 112]; and knowledge distillation [113, 114, 115, 116]. Our proposed NeRV
enables us to reformulate the video compression problem into model compression, and utilize
standard model compression techniques. Specifically, we use model pruning and quantization to

reduce the model size without significantly deteriorating the performance.

3.3 Neural Representations for Videos

We first present the NeRV representation in Section 3.3.1, including the input embedding,
the network architecture, and the loss objective. Then, we present model compression techniques

on NeRV in Section 3.3.2 for video compression.
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Figure 3.2: (a) Pixel-wise implicit representation taking pixel coordinates as input and use a
simple MLP to output pixel RGB value (b) NeRV: Image-wise implicit representation taking
frame index as input and use a MLP + ConvNets to output the whole image. (¢) NeRV block
architecture, upscale the feature map by S here.

3.3.1 NeRV Architecture

In NeRV, each video V' = {uv;}_; € RT*H*Wx3 ig represented by a function fp : R —
RZ>W>3 " \where the input is a frame index ¢ and the output is the corresponding RGB image
v; € RT>XW>3 The encoding function is parameterized with a deep neural network 6, v; = fy(t).
Therefore, video encoding is done by fitting a neural network fy to a given video, such that it can
map each input timestamp to the corresponding RGB frame.
Input Embedding. Although deep neural networks can be used as universal function approximators [85],
directly training the network f, with input timestamp ¢ results in poor results, which is also
observed by [62, 117]. By mapping the inputs to a high embedding space, the neural network

can better fit data with high-frequency variations. Specifically, in NeRV, we use Positional

Encoding [54, 62, 81] as our embedding function

[(t) = (sin (boﬁt) , COS (bowt) ,...,sin (bl_lﬂt) , COS (bl_lmf)) (3.1
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where b and [ are hyper-parameters of the networks. Given an input timestamp ¢, normalized
between (0, 1], the output of embedding function I'(+) is then fed to the following neural network.
Network Architecture. NeRV architecture is illustrated in Figure 3.2 (b). NeRV takes the time
embedding as input and outputs the corresponding RGB Frame. Leveraging MLPs to directly
output all pixel values of the frames can lead to huge parameters, especially when the images
resolutions are large. Therefore, we stack multiple NeRV blocks following the MLP layers so that
pixels at different locations can share convolutional kernels, leading to an efficient and effective
network. Inspired by the super-resolution networks, we design the NeRV block, illustrated in
Figure 3.2 (c), adopting PixelShuffle technique [118] for upscaling method. Convolution and
activation layers are also inserted to enhance the expressibilty. The detailed architecture can be
found in the supplementary material.

Loss Objective. For NeRV, we adopt combination of L1 and SSIM loss as our loss function for
network optimization, which calculates the loss over all pixel locations of the predicted image

and the ground-truth image as following

L= 2> alfolt) — wll + (1= )(1 = SSIM(fy(1), ) (32)

where 7' is the frame number, fy(t) € R¥*W>3 the NeRV prediction, v; € R¥*W>3 the frame

ground truth, « is hyper-parameter to balance the weight for each loss component.

3.3.2 Model Compression

In this section, we briefly revisit model compression techniques used for video compression

with NeRV. Our model compression composes of four standard sequential steps: video overfit,
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Figure 3.3: NeRV-based video compression pipeline.

model pruning, weight quantization, and weight encoding as shown in Figure 3.3.
Model Pruning. Given a neural network fit on a video, we use global unstructured pruning to
reduce the model size first. Based on the magnitude of weight values, we set weights below a

threshold as zero,

0;, if6; >4,

0, otherwise,

where 0, is the ¢ percentile value for all parameters in 6. As a normal practice, we fine-tune the
model to regain the representation, after the pruning operation.

Model Quantization. After model pruning, we apply model quantization to all network parameters.
Note that different from many recent works [104, 119, 120, 121] that utilize quantization during

training, NeRV is only quantized post-hoc (after the training process). Given a parameter tensor

1

Hi — Hmin
scale

Hmax — Mmin

o (3.4)

W; = round ( ) x scale + fimin, scale =

where ‘round’ is rounding value to the closest integer, ‘bit’ the bit length for quantized model,
Mmax and fimin the max and min value for the parameter tensor u, ‘scale’ the scaling factor.
Through Equation 5.1, each parameter can be mapped to a ‘bit’ length value. The overhead
to store ‘scale’ and gy, can be ignored given the large parameter number of p, e.g., they account
for only 0.005% in a small 3 x 3 Conv with 64 input channels and 64 output channels (37k

parameters in total).
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Entropy Encoding. Finally, we use entropy encoding to further compress the model size. By
taking advantage of character frequency, entropy encoding can represent the data with a more
efficient codec. Specifically, we employ Huffman Coding [122] after model quantization. Since
Huffman Coding is lossless, it is guaranteed that a decent compression can be achieved without
any impact on the reconstruction quality. Empirically, this further reduces the model size by

around 10%.

3.4 Experiments

3.4.1 Datasets and Implementation Details

We perform experiments on “Big Buck Bunny” sequence from scikit-video to compare our
NeRV with pixel-wise implicit representations, which has 132 frames of 720 x 1080 resolution.
To compare with state-of-the-arts methods on video compression task, we do experiments on the
widely used UVG [86], consisting of 7 videos and 3900 frames with 1920 x 1080 in total.

In our experiments, we train the network using Adam optimizer [123] with learning rate of
Se-4. For ablation study on UVG, we use cosine annealing learning rate schedule [124], batchsize
of 1, training epochs of 150, and warmup epochs of 30 unless otherwise denoted. When compare
with state-of-the-arts, we run the model for 1500 epochs, with batchsize of 6. For experiments
on “Big Buck Bunny”, we train NeRV for 1200 epochs unless otherwise denoted. For fine-tune
process after pruning, we use 50 epochs for both UVG and “Big Buck Bunny”.

For NeRYV architecture, there are 5 NeRV blocks, with up-scale factor 5, 3, 2, 2, 2 respectively
for 1080p videos, and 5, 2, 2, 2, 2 respectively for 720p videos. By changing the hidden

dimension of MLP and channel dimension of NeRV blocks, we can build NeRV model with
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Table 3.2: Compare with pixel-wise implicit representations. Training speed means time/epoch,
while encoding time is the total training time.

Training Encoding Decoding
Methods Parameters Speed 1  Time | PSNR 1 FPS 1
SIREN [55] 3.2M 1x 2.5% 31.39 1.4
NeRF [62] 3.2M 1x 2.5x% 33.31 1.4
NeRV-S (ours) 3.2M 25x 1x 34.21 54.5
SIREN [55] 6.4M 1x 5X 31.37 0.8
NeRF [62] 6.4M 1x 5Xx 35.17 0.8
NeRV-M (ours) 6.3M 50 1x 38.14 53.8
SIREN [55] 12.7M 1x X 25.06 0.4
NeRF [62] 12.7M 1x 7x 37.94 0.4
NeRV-L (ours) 12.5M 70x 1x 41.29 52.9

Table 3.3: PSNR v.s. epochs. Since video encoding of NeRV is an overfit process, the
reconstructed video quality keeps increasing with more training epochs. NeRV-S/M/L mean
models with different sizes.

Epoch | NeRV-S  NeRV-M  NeRV-L

300 32.21 36.05 39.75
600 33.56 37.47 40.84
1.2k 34.21 38.14 41.29
1.8k 34.33 38.32 41.68
2.4k 34.86 38.7 41.99

different sizes. For input embedding in Equation 3.1, we use b = 1.25 and [ = 80 as our default
setting. For loss objective in Equation 6.6, « is set to 0.7. We evaluate the video quality with two
metrics: PSNR and MS-SSIM [125]. Bits-per-pixel (BPP) is adopted to indicate the compression
ratio. We implement our model in PyTorch [126] and train it in full precision (FP32). All
experiments are run with NVIDIA RTX2080ti. Please refer to the supplementary material for

more experimental details, results, and visualizations (e.g. , MCL-JCV [127] results)
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3.4.2 Main Results

We compare NeRV with pixel-wise implicit representations on Big Buck Bunny’ video.
We take SIREN [55] and NeRF [62] as the baseline, where SIREN [55] takes the original pixel
coordinates as input and uses sine activations, while NeRF [62] adds one positional embedding
layer to encode the pixel coordinates and uses ReLLU activations. Both SIREN and FFN use a
3-layer perceptron and we change the hidden dimension to build model of different sizes. For fair
comparison, we train SIREN and FFN for 120 epochs to make encoding time comparable. And
we change the filter width to build NeRV model of comparable sizes, named as NeRV-S, NeRV-
M, and NeRV-L. In Table 3.2, NeRV outperforms them greatly in both encoding speed, decoding
quality, and decoding speed. Note that NeRV can improve the training speed by 25x to 70x, and
speedup the decoding FPS by 38 to 132 x. We also conduct experiments with different training
epochs in Table 3.3, which clearly shows that longer training time can lead to much better overfit
results of the video and we notice that the final performances have not saturated as long as it

trains for more epochs.

3.4.3 Video Compression

Compression ablation. We first conduct ablation study on video “Big Buck Bunny”.
Figure 3.4 shows the results of different pruning ratios, where model of 40% sparsity still reach
comparable performance with the full model. As for model quantization step in Figure 3.5, a 8-
bit model still remains the video quality compared to the original one (32-bit). Figure 3.6 shows
the full compression pipeline with NeRV. The compression performance is quite robust to NeRV

models of different sizes, and each step shows consistent contribution to our final results. Please
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Figure 3.6: Compression pipeline to show how much each step contribute to compression ratio.
note that we only explore these three common compression techniques here, and we believe that
other well-established and cutting edge model compression algorithm can be applied to further
improve the final performances of video compression task, which is left for future research.

Compare with state-of-the-arts methods. We then compare with state-of-the-arts methods
on UVG dataset. First, we concatenate 7 videos into one single video along the time dimension
and train NeRV on all the frames from different videos, which we found to be more beneficial

than training a single model for each video. After training the network, we apply model pruning,
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dataset.

quantization, and weight encoding as described in Section3.3.2. Figure 3.7 and Figure 3.8
show the rate-distortion curves. We compare with H.264 [8], HEVC [34], STAT-SSF-SP [36],
HLVC [99], Scale-space [37], and Wu et al. [98]. H.264 and HEVC are performed with medium
preset mode. As the first image-wise neural representation, NeRV generally achieves comparable
performance with traditional video compression techniques and other learning-based video compression
approaches. It is worth noting that when BPP is small, NeRV can match the performance of the
state-of-the-art method, showing its great potential in high-rate video compression. When BPP
becomes large, the performance gap is mostly because of the lack of full training due to GPU
resources limitations. As shown in Table 3.3, the decoding video quality keeps increasing when
the training epochs are longer. Figure 3.9 shows visualizations for decoding frames. At similar
memory budget, NeRV shows image details with better quality.

Decoding time We compare with other methods for decoding time under a similar memory
budget. Note that HEVC is run on CPU, while all other learning-based methods are run on a
single GPU, including our NeRV. We speedup NeRV by running it in half precision (FP16). Due

to the simple decoding process (feedforward operation), NeRV shows great advantage, even for
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(a) Ground Truth Frame (b) NeRV Decoded Frame (0.077 BPP) (c) HEVC Decoded Frame (0.075 BPP)

Figure 3.9: Video compression visualization. At similar BPP, NeRV reconstructs videos with
better details.

Table 3.4: Decoding speed with BPP 0.2 for 1080p videos

Methods | FPS 1
Habibian et al. [92] | 10737
Wu et al. [98] 1073
Rippel et al. [128] 1
DVC [35] 1.8
Liuetal [13] 3
H.264 [8] 92
NeRV (FP32) 5.6
NeRV (FP16) 12.5

carefully-optimized H.264. And lots of speepup can be expected by running quantizaed model
on special hardware. All the other video compression methods have two types of frames: key and
interval frames. Key frame can be reconstructed by its encoded feature only while the interval
frame reconstruction is also based on the reconstructed key frames. Since most video frames are
interval frames, their decoding needs to be done in a sequential manner after the reconstruction
of the respective key frames. On the contrary, our NeRV can output frames at any random time
index independently, thus making parallel decoding much simpler. This can be viewed as a

distinct advantage over other methods.
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3.4.4 Video Denoising

We apply several common noise patterns on the original video and train the model on the
perturbed ones. During training, no masks or noise locations are provided to the model, i.e., , the
target of the model is the noisy frames while the model has no extra signal of whether the input
is noisy or not. Surprisingly, our model tries to avoid the influence of the noise and regularizes
them implicitly with little harm to the compression task simultaneously, which can serve well for
most partially distorted videos in practice.

The results are compared with some standard denoising methods including Gaussian, uniform,
and median filtering. These can be viewed as denoising upper bound for any additional compression
process. As listed in Table 3.5, the PSNR of NeRV output is usually much higher than the noisy
frames although it’s trained on the noisy target in a fully supervised manner, and has reached
an acceptable level for general denoising purpose. Specifically, median filtering has the best
performance among the traditional denoising techniques, while NeRV outperforms it in most
cases or is at least comparable without any extra denoising design in both architecture design and
training strategy.

We also compare NeRV with another neural-network-based denoising method, Deep Image
Prior (DIP) [6]. Although its main target is image denoising, NeRV outperforms it in both
qualitative and quantitative metrics, demonstrated in Figure 3.10. The main difference between
them is that denoising of DIP only comes form architecture prior, while the denoising ability of
NeRV comes from both architecture prior and data prior. DIP emphasizes that its image prior
is only captured by the network structure of Convolution operations because it only feeds on a

single image. But the training data of NeRV contain many video frames, sharing lots of visual
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Table 3.5: PSNR results for video denoising. “baseline” refers to the noisy frames before any
denoising

. . salt &
noise white T black 1 pepper 1T random 7 | Average 1
Baseline \ 27.85  28.29 27.95 30.95 \ 28.74

Gaussian 30.27 30.14 30.23 30.99 30.41
Uniform 29.11 29.06 29.10 29.63 29.22

Median 33.89 33.84 33.87 33.89 33.87
Minimum | 20.55  16.60 18.09 18.20 18.36
Maximum | 16.16  20.26 17.69 17.83 17.99
NeRV | 3331 3420 3417 3480 | 34.12

Table 3.6: Input embedding ablation. PE Table 3.7: Upscale layer ablation

means positional encoding

| PSNR  MS-SSIM

Bilinear Pooling | 29.56 0.873
None | 2493  0.769 Transpose Conv | 36.63  0.967
PE | 37.26 0.970 PixelShuffle 37.26 0.970

| PSNR  MS-SSIM

contents and consistences. As a result, image prior is captured by both the network structure and
the training data statistics for NeRV. DIP relies significantly on a good early stopping strategy
to prevent it from overfitting to the noise. Without the noise prior, it has to be used with fixed
iterations settings, which is not easy to generalize to any random kind of noises as mentioned
above. By contrast, NeRV is able to handle this naturally by keeping training because the full set

of consecutive video frames provides a strong regularization on image content over noise.

3.4.5 Ablation Studies

Finally, we provide ablation studies on the UVG dataset. PSNR and MS-SSIM are adopted
for evaluation of the reconstructed videos.

Input embedding. In Table 3.6, PE means positional encoding as in Equation 3.1, which greatly
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(a) Ground Truth Frame

(d) NeRV Output (39.27 PSNR) (e) DIP Output (32.30 PSNR)-Iteration 3600

Figure 3.10: Denoising visualization. (c) and (e) are denoising output for DIP [6]. Data
generalization of NeRV leads to robust and better denoising performance since all frames share
the same representation, while DIP model overfits one model to one image only.

improves the baseline, None means taking the frame index as input directly. Similar findings
can be found in [62], without any input embedding, the model can not learn high-frequency
information, resulting in much lower performance.

Upscale layer. In Table 3.7, we show results of three different upscale methods. i.e., , Bilinear
Pooling, Transpose Convolution, and PixelShuffle [118]. With similar model sizes, PixelShuffle
shows best results. Please note that although Transpose convolution [129] reach comparable
results, it greatly slowdown the training speed compared to the PixelShuffle.

Normalization layer. In Table 3.8, we apply common normalization layers in NeRV block.
The default setup, without normalization layer, reaches the best performance and runs slightly
faster. We hypothesize that the normalization layer reduces the over-fitting capability of the
neural network, which is contradictory to our training objective.

Activation layer. Table 3.9 shows results for common activation layers. The GELU [130]

activation function achieve the highest performances, which is adopted as our default design.
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Loss objective. We show loss objective ablation in Table 3.10. We shows performance results
of different combinations of L2, L1, and SSIM loss. Although adopting SSIM alone can produce
the highest MS-SSIM score, but the combination of L1 loss and SSIM loss can achieve the best

trade-off between the PSNR performance and MS-SSIM score.

Table 3.8: Norm layer ablation Table 3.9: Activation function ablation

| PSNR  MS-SSIM | PSNR  MS-SSIM

ReLU 35.89 0.963
BatchNorm 36.71 0.971 Leaky ReLU | 36.76 0.968

InstanceNorm | 35.5 0.963 Swish 3708  0.969
None 37.26 0.970 GELU 37.26 0.970

Table 3.10: Loss objective ablation

L2 LI SSIM | PSNR MS-SSIM

v 35.64 0.956
v 35.77 0.959

v 35.69 0.971

v oY 35.95 0.960
v v 36.46 0.970
v v 37.26 0.970

3.5 Discussion

Conclusion. In this work, we present a novel neural representation for videos, NeRYV,
which encodes videos into neural networks. Our key sight is that by directly training a neural
network with video frame index and output corresponding RGB image, we can use the weights
of the model to represent the videos, which is totally different from conventional representations
that treat videos as consecutive frame sequences. With such a representation, we show that by

simply applying general model compression techniques, NeRV can match the performances of
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traditional video compression approaches for the video compression task, without the need to
design a long and complex pipeline. We also show that NeRV can outperform standard denoising
methods. We hope that this paper can inspire further research works to design novel class of
methods for video representations.

Limitations and Future Work. There are some limitations with the proposed NeRV. First,
to achieve the comparable PSNR and MS-SSIM performances, the training time of our proposed
approach is longer than the encoding time of traditional video compression methods. Second, the
architecture design of NeRV is still not optimal yet, we believe more exploration on the neural
architecture design can achieve higher performances. Finally, more advanced and cutting the

edge model compression methods can be applied to NeRV and obtain higher compression ratios.

3.6 Experiment supplement

3.6.1 NeRV Architecture

We provide the architecture details in Table 3.11. On a 1920 x 1080 video, given the
timestamp index ¢, we first apply a 2-layer MLP on the output of positional encoding layer, then
we stack 5 NeRV blocks with upscale factors 5, 3, 2, 2, 2 respectively. In UVG experiments on
video compression task, we train models with different sizes by changing the value of C', C; to

(48,384), (64,512), (128,512), (128,768), (128,1024), (192,1536), and (256,2048).

3.6.2 Results on MCL-JCL dataset

We provide the experiment results for video compression task on MCL-JCL [127]dataset

in Figure 3.11a and Figure 3.11b.
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Table 3.11: NeRV architecture for 1920 x 1080 videos. Change the value of C; and C} to get
models with different sizes.

31 A

30

Output Size &
Layer | Modules Upscale Factor (C x H x W)
0 Positional Encoding - 160 x 1 x 1
1 MLP & Reshape - C; x16 x9
2 NeRYV block 5x Cy x 80 x 45
3 NeRYV block 3x C/2 x 240 x 135
4 NeRV block 2x Cy/4 x 480 x 270
5 NeRV block 2x C5/8 x 960 x 540
6 NeRV block 2% C3/16 x 1920 x 1080
7 Head layer - 3 % 1920 x 1080
——= 1.00
/!T:Vf;/
A I 0.98

MS-SSIM

—+— H.264 0.90 1
+ HEVC

-4~ STAT-SSF-SP 0.88 1 —+- HEVC
Scale-space : Scale-space
—e— NeRV (Ours) —&— NeRV (Ours)
T T T T 0.86 T T T T
0.00 0.02 0.04 0.06 0.08 0.10 0.00 0.02 0.04 0.06 0.08 0.10
Bits per pixel (BPP) Bits per pixel (BPP)
(a) PSNR v.s. BPP (b) MS-SSIM v.s. BPP

Figure 3.11: Rate distortion plots on the MCL-JCV dataset.

3.6.3 Implementation Details of Baselines

Following prior works, we used ffimpeg [131] to produce the evaluation metrics for H.264

and HEVC.

First, we use the following command to extract frames from original YUV videos, as well

as compressed videos to calculate metrics:

ffmpeg —1 FILE.y4m FILE/{%05d.png
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Then we use the following commands to compress videos with H.264 or HEVC codec

under medium settings:

ffmpeg —i FILE/f%05d.png —c:v h264 —preset medium \

-bf 0 —crf CRF FILE.EXT

ffmpeg —i FILE/f%05d.png —c:v hevc —preset medium \

—x265—-params bframes=0 —crf CRF FILE.EXT

where FILE is the filename, CRF is the Constant Rate Factor value, and EXT is the video

container format extension.

3.6.4 Video Temporal Interpolation

We also explore NeRV for video temporal interpolation task. Specifically, we train our
model with a subset of frames sampled from one video, and then use the trained model to
infer/predict unseen frames given an unseen interpolated frame index. As we show in Fig 3.12,
NeRV can give quite reasonable predictions on the unseen frame, which has good and comparable

visual quality compared to the adjacent seen frames.

3.6.5 More Visualizations

We provide denoising results on ‘ig buck bunny’ video in Figure 3.13. Given the noisy
video as input, NeRV can reconstruct the original video with high fidelity. But it may also over-
smooth some high-frequency details in the image and introduce blurry effect.

Besides, we provide more qualitative visualization results in Figure 3.14 to compare the
our NeRV with H.265 for the video compression task. We test a smaller model on “Bosphorus”
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Jiglhurk Jiglhurk

(b) Interpolated Unseen Frame T+0.5 (c) Seen Frame T+1

Jighrk

(a) Seen Frame T

Figure 3.12: Temporal interpolation results for video with small motion.

Figure 3.13: Denoising visualization. Left: Ground truth; Middle: Noisy input Right; NeRV
output.

video, and it also has a better performance compared to H.265 codec with similar BPP. The

zoomed areas show that our model produces fewer artifacts and the output is smoother.
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(b) NeRV Decoded Frame (0.250 BPP)

(¢) HEVC Decoded Frame (0.247 BPP)

(a) Ground Truth Frame

(d) NeRV Difference (e) HEVC Difference

Figure 3.14: Video compression visualization. The difference is calculated by the L1 loss
(absolute value, scaled by the same level for the same frame, and the darker the more different).
“Bosphorus” video in UVG dataset, the residual visualization is much smaller for NeRV.
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Chapter 4: HNeRV: A Hybrid Neural Representation for Videos

4.1 Introduction

Given the massive amount of videos generated every day, storing and transferring them
efficiently is a key task in computer vision and video processing. Even for modern storage
systems, the space requirements of raw video data can be overwhelming. Despite storage becoming
cheaper, network speeds and I/O processing remain a bottleneck and make transferring and
processing videos expensive.

Traditional video codecs, such as H.264 [132] and HEVC [9], rely on a manually-designed
encoder and decoder based on discrete cosine transform [133]. With the success of deep learning,
many attempts [10, 11, 12, 14, 15, 16, 18, 35, 134] have been made to replace certain components
of existing compression pipelines with neural networks. Although these learning-based compression
methods show high potential in terms of rate-distortion performance, they suffer from complex
pipelines and expensive computation, not just to train, but also to encode and decode.

To address the complex pipelines and heavy computation, implicit neural representations [55,
60, 61, 63, 135] have become popular due to their simplicity, compactness, and efficiency. These
methods show great potential for visual data compression, such as COIN [52] for image compression,
and NeRV [1] for video compression. By representing videos as neural networks, video compression

problems can be converted to model compression problems, which greatly simplifies the encoding
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and decoding pipeline.

Implicit representation methods for video compression present a major trade-off: they
embrace simplicity at the expense of generalizability. Given a frame index ¢ as input, NeRV [1]
uses a fixed position encoding function and a learnable decoder to reconstruct video frames
from temporal embeddings. Another implicit representation, E-NeRV [136], takes a temporal
embedding and spatial embedding to reconstruct video frames. Since the embeddings of NeRV
and E-NeRV are based on spatial and/or temporal information only, without connection to the
actual content of frames, they are content-agnostic. They can be computed on the fly which
is necessary during training and decoding. This is quite elegant for video compression, since
instead of storing many frame embeddings, one would only need to store model weights and
basic metadata (e.g. , number of frames).

However, this comes with some major disadvantages. Firstly, since embeddings are content-
agnostic, and due to how the temporal embeddings are computed, there is no way to meaningfully
interpolate between frames. Secondly, and more importantly, the positional embedding used by
the fully-implicit models provides no visual prior and limits the regression capacity, since all the
information need to be learned by and stored in the video decoder.

In this paper, we propose this learnable encoder as a key component of hybrid neural
representation for videos (HNeRYV, Figure 4.1(top). Our proposed neural representation is a
hybrid between implicit (network-centric) and explicit (embedding-centric) approaches since it
stores videos in two parts: the tiny content-adaptive frame embeddings and a learned neural
decoder. Besides the issue of content-agnostic embedding, prior work such as NeRV also suffers
from an imbalance in the distribution of model parameters. In these decoders, later layers (closer

to the output image) have much fewer parameters than earlier layers (closer to the embedding).
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Figure 4.1: Top) Hybrid neural representation with learnable and content-adaptive embedding
(ours). Bottom) Video regression for hybrid and implicit neural representations.

This hinders NeRV’s ability to effectively reconstruct massive video content while preserving
frame details. To rectify this, we introduce the HNeRV block, which increases kernel sizes and
channel widths at later stages. With HNeRV blocks, we can build video decoders with parameters
that are more evenly distributed over the entire network. As a hybrid method, HNeRV improves
reconstruction quality for video regression and boosts the convergence speed by up to 16x
compared to implicit methods, shown in Figure 4.1(bottom). With content-adaptive embeddings,
HNeRYV also shows much better internal generalization (ability to encode and decode frames from
the video that were not seen during training), and we verify this by frame interpolation results in

Section 4.4.2.
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HNeRYV only requires a network forward operation for video decoding, which offers great
advantages over traditional codecs and prior deep learning approaches in terms of speed, flexibility,
and ease of deployment. Additionally, most other video compression methods are auto-regressive
and there is a high dependency on the sequential order of video frames. In contrast, there is no
dependency on the sequential order of frames for HNeRV, which means it can randomly access
frames efficiently to decode frames in parallel. Such simplicity and parallelism make HNeRV
a good codec for further speedups, like a special neural processing unit (NPU) chip, or parallel
decoding with huge batches.

HNeRYV is still viable for video compression, while also showing promising performance
for video restoration tasks. We design our encoder such that it can also be compressed; additionally,
our HNeRV decoder blocks perform well in the model compression regime, such that HNeRV is
competitive with state-of-the-art methods. We posit that neural representation can be robust to
distortion in pixel space and therefore restore well for video distortions, and verify this observation
on the video inpainting task.

In summary, we propose a hybrid neural representation for videos. With content-adaptive
embedding and re-designed architecture, HNeRV shows much better video regression performance
over implicit methods, in reconstruction quality (+4.7 PSNR), convergence speed (16 x faster),
and internal generalization. As an efficient video codec, HNeRV is easy to deploy, and is
simple, fast, and flexible during video decoding. Finally, HNeRV shows good performance over

downstream tasks like video compression and video inpainting.
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4.2 Related Work

Neural Representation. Implicit representations fit to each individual test signal [53] where the
model is regressed to a given image, scene, or video. Most implicit neural representations are
coordinate-based. These coordinate-based implicit representations are used in image reconstruction [54,
55], shape regression [60, 61], and 3D view synthesis [62, 63]. NeRV [1] instead proposes an
image-wise implicit representation, which takes frame indices as inputs and leverages neural
representation for fast and accurate video compression. Relying only on index, and not coordinates,
speeds up the encoding and decoding process compared to coordinate-based (pixel-wise) methods.
Based on NeRV, E-NeRV [136] further boosts the video regression performance via decoupling
frame index and spatial index. Traditional autoencoders would not be considered implicit representations
since most information is stored in their large image-specific embeddings. Nevertheless, they

are a form of neural representation, and HNeRV borrows the general concept for its encoder

from standard U-shaped autoencoders [133, 137, 138, 139]. HNeRV keeps the embedding
intentionally tiny and compact, so as to keep most of the representation implicit (stored in the
decoder).

Video Compression. Traditional video compression methods such as MPEG [7], H.264 [8], and
H.265 [9] achieve good reconstruction results with decent decompression speeds. Recently, deep
learning techniques have been proposed for video compression. While these approaches focus

on replacing the entire compression pipeline, they each borrow principles from the traditional
handcrafted approaches. Some have framed the problem primarily as image compression and
interpolation [10, 11], or attempt to solve this task with image compression via autoencoders [12],

or focus purely on interpolation for the sake of compression [13]. Others essentially reformulate
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traditional video compression pipelines using deep learning tools [14, 15, 16], at varying levels
of complexity. Recent approaches have focused on tackling the computational inefficiencies of
existing art, including by fine-tuning traditional codecs [17], and by optimizing pieces of the
compression pipeline [18]. The approach which inspired much of this work, NeRYV, responds
to these same inefficiencies by proposing a specialized architecture for video memorization [1].
Once video is represented as a neural network, the video compression problem can be converted
to a model compression problem and achieve good bit-distortion performance. With learnable
embeddings and re-designed decoder blocks, HNeRV improves the video regression capacity
and convergence speed, while video compression is still viable by model compression.

Model Compression. NeRV formulated video compression as model compression [1], which is
a diverse area. In this paper we apply only a small subset of possible methods. We use weight
pruning [140] and weight quantization [105, 141, 142]. We also use entropy encoding for lossless
compression after pruning and quantization [102, 122]. Note that many other model compression
methods can be leveraged to further reduce the size and video neural representation can always
benefit from developments in the model compression area.

Video Inpainting & Internal Learning. Video inpainting is typically framed as some combination
of object removal and attempting to recreate missing regions of images. Whereas some methods
rely on priors from training on large datasets [143], ours has more in common with a recent
zero-shot fully-internal approach [144]. We define “Internal learning” in terms of exploiting
recurrence of information within a single domain, like within an image [145]) or within an
video [146]. It can be thought of as a sort of DIP-for-video, a line of work that was started for
images with DIP [6] and extended for video by double-DIP [147]. Other methods have embraced

this paradigm partially, learning some priors from large external datasets, before learning video-

58



Input
, - . v (Cin, H, W) . Block parameters =
B Encoder |2| Decoder ' Convolution I K2 X Cip X Couy X S?
g I (Coue x SLHW) 1 oo .
ey TP ' PixelShuffle L 1 CT:;uﬁrr?:;rS]Zle
1 in-
Inputdrame Output frame | _ ¢ (Cou, S x H, S xW) | . Output channel
Encoder: Decoder: ! ACthatICin Layer rg: Upscale size
ConvNeXt blocks HNeRV blocks ' Output (Cout; S x H, S x W) ' H,W: Spatial size
a) HNeRYV architecture b) HNeRV block ¢) block parameters
F bed
Encoder: (3, h, w)ﬂ(cl,h/&w/5)—/4>(cl,h/20,w/20)£> (cl,h/40,w/40)i>(d, h/80,w/80) ﬁfm ¢
Input (c2,h/80,w/80)
Decoder: (%ﬁpj{')*—(cﬂr{ h, w) W(Cg/"‘j, h/2, ’LU/Q)W(CQ/TZ, h/4, w/4)T(63/r’, h/16,w/16) T,

d) output size of HNeRYV stages

Figure 4.2: a) HNeRV uses ConvNeXt blocks to encode frames as tiny embeddings, which are
decoded by HNeRV blocks. b) HNeRV blocks consist of three layers: convolution, PixelShuffle,
and activation (with input/output size illustrated). ¢) We demonstrate how to compute parameters
for a given HNeRV block. d) Output size of each stage with strides 5,4,2,2.

specific priors via internal learning [143].

4.3 Method

We first give an overview of HNeRV (section 4.3.1). We explain what makes HNeRV a
“hybrid” representation, and the advantages that this offers. We provide architectural details,
loss functions, and explain how we compute the size of our video representation. We then give
particulars necessary for utilizing HNeRV on downstream tasks (section 4.3.2). These include

vector quantization for video compression and reconstruction loss for inpainting.

4.3.1 HNeRV overview

HNeRYV can be viewed as an autoencoder with tiny embeddings (Figure 4.2(a)). We choose
ConvNeXt blocks [148] to build the encoder (1 block per stage), and propose novel HNeRV

blocks (Figure 4.2(b)) to build the decoder.
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Hybrid Neural Representation. Compact video representations can be divided into two parts:
explicit methods and implicit methods. Explicit methods use an autoencoder to encode and
decode all videos, and store content explicitly as a latent embedding. Given a video-specific
embedding as input, the decoder can reconstruct the video. Implicit methods use only a learnable
decoder to represent the video. Given fixed frame index as input, the video-specific decoder
can reconstruct the video. With content-adaptive embedding as input, explicit representation
shows better generalization and compression performance, while implicit representations have a
much simpler encoding/decoding pipeline and a high potential for compression (benefits from
model compression techniques) and other downstream tasks (e.g. efficient video dataloader,
video denoising, inpainting). In this paper, we propose a hybrid neural representation to combine
the advantages of both explicit and implicit methods. Similar to implicit representation, we use
a learnable decoder to model video separately and store most content implicitly in the video-
specific decoder. To achieve better reconstruction, we use a learnable embedding as input and
store information explicitly in these frame-specific embeddings, which is similar to explicit
methods. Therefore, we can use any powerful encoder to generate tiny content-adaptive embeddings
to boost the performance of implicit representation. Since these embeddings are quite small (e.g.
a 128-d vector for a 640 x 1280 frame), our hybrid neural representation is as compact as implicit
methods, but with stronger capacity, faster convergence, and better internal generalization, while
keeping the full potential for downstream tasks.

Model Architecture. Similar to a NeRV block, it consists of three layers: convolution layer,
pixelshuffle layer, and activation layer. Within an HNeRV block, only the convolution layer has
learnable parameters (Figure 4.2(b)). Illustrated in Table 4.1, a NeRV block uses fixed kernel

sizes for all stages K = 3, and reduces channel width by 2, C,,, = C},/2. Therefore, for blocks
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Table 4.1: HNeRYV block NeRV block. £k is kernel size for each stage, C,, and C}, are
output/input channels for each block. We decrease parameters via a small £ = 1 for first block,
and increase parameters for later layers with a larger £ and wider channels.

NeRV blocks ‘ k=3, Cou=Cp/2
HNeRV blocks | k=1,3, ..., Kmax,  Cou = Cin/7

at later stages, the parameters are quite few and may not be strong enough to store video content
at high resolution. In contrast, we increase the kernel size and channel width for later HNeRV
blocks, where K increases from 1 (stage 1), 3 (stage 2), to K. (5, etc. for later stages), and
we decrease channel width by a reduction factor r (1.2, efc. ). With kernel size 1, the first block
has much fewer parameters; with larger kernel size and wider channels, HNeRV blocks at later
stages are much stronger; and we therefore get a more even distribution of model parameters
across layers. We list output sizes of various stages in Figure 4.2(d), with embedding dimension
d and channel reduction r. Each stage has one block, and we use a 1 x 1 convolution layer to get
low-dimension frame embeddings (channel width from ¢; to d), and a 3 x 3 convolution layer for
final image predictions (channel width from ¢/ r* to 3).

Loss Functions. Since HNeRV attempts to reconstruct video with high fidelity, we use the loss
objective L. = Loss(z, p), where z is the input frame, p is the HNeRV prediction, and ‘Loss’ is
any reconstruction loss function like L2, L1, or SSIM loss.

Total size. As a hybrid neural representation, we include both frame embedding and decoder
parameters to compute the total size of our video representation: TotalSize = EmbedSize +

DecoderSize.
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4.3.2 Downstream tasks

Video Compression. We leverage both model compression and embedding quantization for
video compression. Similar to NeRV, we apply global unstrutured pruning, model quantization,
and weight entropy encoding for model compression (details can be found in the appendix).

For quantization of a vector i, we linearly map every element to the closest integer,

1; = Round (m_—fmm> x scale + fimin, Where
scale @
scale —Fmax — Hmin
26 —1

;18 vector element, ‘Round’ is a function that rounds to the closest integer, b is the quantization
bit length, jimax and pimi, are the max and min value of vector p, and ‘scale’ is the scaling factor.

Video Inpainting. For partially distorted video, we only compute loss for non-masked pixels,

Linpainiing = (1 — M)  Loss(z, p) 4.2)

where M is the mask matrix where distorted pixels are 1 and other are 0. For inpainting output,

following IIVI [144], we fill the masked region with HNeRV’s output.

4.4 Experiments

We first provide information necessary for replicating our results, including datasets used
and hyperparameter settings (Sec. 4.4.1). We then show our main results for video regression,
decoding, and internal generalization (Sec. 4.4.2). We show the effectiveness of decoder-side
parameter-redistribution for improving the appearance of high resolution frames (Sec. 4.4.3). We
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Table 4.2: Video regression with different sizes

Size. | 035M 075M 15M  3M | avg.

NeRV 26.99 2846 30.87 33.21 | 29.88
E-NeRV | 27.84 3095 32.09 36.72 | 31.90
HNeRV | 30.15 32.81 35.57 37.43 | 33.90

Table 4.3: Video regression with different epochs
Epoch \ 300 600 1200 1800 2400 3600

NeRV 2846 29.15 29.57 29.73 29.77 29.86
E-NeRV | 30.95 32.07 3279 33.1 33.36 33.67
HNeRV | 32.81 33.89 34.51 34.73 34.88 35.03

Table 4.4: Video regression at resolution 960 <1920, PSNR1 reported

Video ‘beauty swan bmx bosph dance camel bee jockey ready shake yach ‘ avg.

NeRV 33.25 2848 27.86 3322 2645 2481 3726 31.74 2484 33.08 28.30|29.94
E-NeRV | 33.17 29.38 28.68 33.69 27.88 25.16 37.62 31.63 2524 3439 28.42 |30.48
HNeRV | 33.58 30.35 29.98 34.73 3045 26.71 38.96 32.04 25.74 34.57 29.26 | 31.49

Table 4.5: Video regression at resolution 480 <960, PSNR1 reported

Video ‘beauty swan bmx bosph dance camel bee jockey ready shake yach ‘ avg.

NeRV 3627 29.75 2881 35.07 2947 2675 40.76 3258 25.81 35.33 30.11 | 31.88
E-NeRV | 36.26 30.27 29.20 36.06 30.83 27.39 43.26 32.70 26.19 35.64 30.38 | 32.56
HNeRV | 3691 31.92 31.27 3695 33.85 28.85 4205 3333 27.07 3697 30.96 | 33.65

Table 4.6: Internal generalization results. NeRV, E-NeRV, and HNeRV use interpolated
embedding as input, HNeRV{ uses held-out frames as input. With content-adaptive embedding
as input, HNeRV shows much better reconstruction on held-out frames

Method ‘beauty swan bmx bosph dance camel bee jockey ready shake yach ‘ avg.

NeRV 28.05 1794 1555 30.04 1699 1483 36.99 20.00 17.02 29.15 24.50 | 22.82
E-NeRV | 2735 194 15.12 2895 17.16 1797 3824 19.39 16.74 30.23 22.45 | 23.00
HNeRV | 3097 2144 1735 3438 202 19.93 38.83 23.67 2090 32.69 27.30 | 26.15
HNeRV{ | 31.10 21.97 18.29 3438 20.29 20.64 38.83 23.82 20.99 32.61 27.24 | 26.38

demonstrate compelling initial results for downstream tasks including video compression and
video inpainting (Sec. 4.4.4). Finally, we offer results for extensive ablation studies, both here

(Sec. 4.4.5) as well as in the appendix.
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4.4.1 Dataset and Implementation Details

We use the Big Buck Bunny (Bunny) [149], UVG [86] and DAVIS [127] datasets. Bunny
has 132 frames with resolution 720 x 1280, and we center-crop 640 x 1280 to get tiny spatial
size (e.g. 1 x 2) for embedding. UVG dataset has 7 videos' with size 1080 x 1920 at FPS 120
of 5s or 2.5s, and we center-crop 960 x 1920. We also take 10 videos® from DAVIS validation
(1080 x 1920, 50-200 frames) and center crop the 960 x 1920. Unless otherwise specified, we use
the Adam optimizer, with beta as (0.9, 0.999), weight decay as 0, and learning rate at 0.001 with
cosine learning rate decay. We also use batch size as 2 and L2 loss as reconstruction loss function.
K.« 18 set as 5, reduction 7 is set as 1.2 in Table 4.1. We set stride list as (5,4,4,2,2), (5,4,3,2,2),
and (5,4,4,3,2) for video resolutions of 640 x 1280, 480 x 960, and 960 x 1920 respectively.

For evaluation metrics, we use PSNR and MS-SSIM to evaluate reconstruction quality,
bits per pixel (bpp) for compression, and pixels per pixel (ppp) for model compactness. We
conduct all experiments in Pytorch with RTX2080ti GPUs, where it takes around 8s per epoch
to train a 130 frame video of size 640 x 1280. We choose HNeRV’s size to ensure the PSNR
lies between 30-40 for fair video reconstruction. We provide more experiment details such as
architecture details, qualitative results, number of some plots, and per-video compression results,

in the supplementary material..

4.4.2 Main Results

Video regression. We first compare HNeRV with implicit methods NeRV and E-NeRV

on Bunny. For fair comparison, we scale channel width to make total size comparable as the

'Beauty, Bosphorus, HoneyBee, Jockey, ReadySetGo, ShakeNDry, YachtRide
2bike—packing, blackswan, bmx-trees, breakdance, camel, car-round, car-shadow, cows, dance-twirl, dog
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Figure 4.3: Video decoding. Left: HNeRV outperforms traditional video codecs H.264 and
H.265, and learning-based compression method DCVC. Middle: HNeRV shows much better
flexibility when decoding only a portion of video frames, where the decoding time decreases
linearly for HNeRV while other methods still need to decode most frames. Right: HNeRV
performs well for compactness (ppp), reconstruction quality (PSNR), and decoding speed (FPS).

Left: NeRV Middle: E-NeRV Right: HNeRV

Figure 4.4: Visualization of Embedding interpolation.
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Ground Truth Ground Truth NeRV

Figure 4.5: Visualization of video neural representations at 0.003 ppp, which means the total
size is only about 0.3% of the original video size. On the left, we compare HNeRV to ground
truth. On the right, we compare NeRV, E-NeRV, and HNeRV for 5 patches with discernible
differences, indicated in the original frame by numbers and bounding boxes. For each patch,
HNeRYV preserves detail at a level of fidelity closer to the ground truth.

original paper did. In Table 4.2, with the same size and 300 epochs, HNeRV outperforms
both NeRV and E-NeRV. We also show comparison of different training time in Table 4.3 with
0.75M size and in Figure 4.1(Right) with 1.5M size, where HNeRV converges much faster
compared to implicit methods. We show improvements qualitatively as well in Figure 4.5. As
a compact representation, HNeRV reconstructs the video well with only 0.35M parameters, at
0.003 ppp. We also evaluate it on 7 UVG videos and 4 DAVIS videos, where HNeRV shows
large improvements at resolution 960 x 1920 in Table 4.4, and its resized 480 x 960 version in
Table 4.5, with size 3M and 300 epochs.

Video decoding. We evaluate video decoding on Bunny with channel reduction r as 1.5,
where H.264 and H.265 are tested with 4 CPUs?, while DCVC [150] and HNeRYV are tested with 1

GPU (RTX2080t1). We only measure the forward time for DCVC and HNeRV. We compare video

3Intel(R) Xeon(R) Silver 4216 CPU @ 2.10GHz
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decoding at various reconstruction qualities (PSNR at 32, 35, and 37) in Figure 4.3(Left), where
HNeRYV outperforms traditional codecs (H.264 and H.265) and learning-based DCVC. Note that
although many prior learning-based compression methods show bit-distortion improvements,
their decoding speeds lag far behind traditional codecs and neural representation. Besides, most
compression methods encode and decode frames in an auto-regressive way and can not access
frames randomly. Compared to these methods, the decoding of HNeRV is much simpler and can
be deployed to any platform easily. We compare decoding time in Figure 4.3(Middle) (PSNR at
35) where 100%), 50%, and 25% of frames (evenly sampled, to mimic e.g. a discrete reduction of
FPS) are decoded. Since there is no dependency among video frames, HNeRV can decode them
in parallel and decoding time decreases linearly with the number of frames decoded. In contrast,
H.264 and H.265 still need to decode most frames, even though only some of them are needed.
Finally, we compare with implicit methods in Figure 4.3(Right), where HNeRYV is slightly slower
than NeRV since the computation of later layers is more expensive due to large K and channel
width. As a hybrid neural representation, HNeRV achieves much better trade-offs with respect to
compactness (ppp), reconstruction quality (PNSR), and decoding speed (FPS).

Internal generalization. Since HNeRV leverages content-adaptive embeddings, we also
evaluate it for the video interpolation task. Holding out every other frame as a test set, NeRV,
E-NeRYV, and HNeRV use interpolated embedding as input, while HNeRV | uses the test frame as
input. With learnable and content-adaptive embedding, our HNeRV shows much better generalization,

quantitatively in Table 4.6 and qualitatively in Figure 4.4.
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Table 4.7: Analysis of parameter rebalancing.

NeRV HNeRV
K r | PSNR MS-SSIM ‘ PSNR MS-SSIM

33 2 | 30.87 0.9341 29.91 0.9203
33 1.2 3227  0.9496 33.09  0.9587
L5 2 | 3134 09399 3432 009715
L5 12| 33.03 0.9573 35.57 09773

4.4.3 Parameter Distribution Analysis

As part of our novel architectural innovation, we balance the parameters in the HNeRV
decoder. While NeRV-like architectures naturally have a vanishingly small number of parameters
in the final layers, fig. 4.6 shows how we adjust such that the initial and final layers have a roughly
equal number of parameters. Table 4.7 demonstrates how more even parameter distribution
achieves optimal results not only for HNeRYV, but also for NeRV*: setting K,,;,, to 1 and K4, to
5, with r at 1.2, maximizes PSNR and MS-SSIM for both architectures. table 4.9 and table 4.10
further verify that these hyperparameters are optimal for HNeRV. We offer these results as strong
evidence that our parameter balancing approach not only enables the success of HNeRYV, but

would be broadly applicable to NeRV-like networks.

4.4.4 Downstream Tasks

Video compression. With model pruning (10% pruned), embedding quantization (8 bits), model
quantization (8 bits), and model entropy encoding (8% saved), we show video compression
results on UVG in Figure 4.7. HNeRV outperforms the implicit method, NeRYV, and traditional

video codecs H.264 and H.265. Note that HNeRV achieves this using a small model for each

4We label NeRV with K .=5 as (1,5) since its FC layer can be seen as a 1 x 1 convolution layer.
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Figure 4.6: Parameter distributions for decoder blocks. See table 4.7 for PSNR and MS-SSIM
results with these 4 settings.

Table 4.8: Video inpainting results. With 5 fixed box masks on input videos, we evaluate the
output with PSNR 1. ‘Input’ is the baseline of mask video and ground truth

Video ‘bike b-swan bmx b-dance camel c-round c-shadow cows dance-twirl dog ‘ avg.

Input 23.14 2024 1999 21.36 17.3 2047 18.92 19.37 20.45 18.39 | 19.96
NeRV | 3094 3343 3207 27.82 3199 29.09 31.63 30.08 30.45 33.85 | 31.14
vl 31.87 36.02 3436 27.63 3511 32.61 33.69 31.26 31.44 35.7 | 32.97
HNeRV | 31.27 3424 3395 2794 3221 30.88 33.07 30.82 31.21 34.7 | 32.03

video, while NeRYV fits a big model on concat videos (for better compression) which greatly slows
down the encoding and decoding speed. We also show the best and worst cases of HNeRV video
compression for the ‘honeybee’ and ‘readysteadygo’ videos respectively in Figure 4.8, where
HNeRV achieves outstanding performance when the camera is not moving, such as with the
‘honeybee’ video (10x smaller than H.265 for equivalent PSNR). Given the limited performance
on videos of highly dynamic scenes, we propose finding a good size and network architecture for

such videos as future work.

Video inpainting. We also explore video inpainting with fixed and object masks. For fixed

masks, we use 5 boxes of width 50 (Figure 4.9 top) and show quantitative results in Table 4.8
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Figure 4.7: Compression results on UVG dataset.
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Figure 4.8: Compression results of best/worst cases from UVG dataset. HNeRV achieves good
performance especially for videos caputured by still cameras, like ‘honeybee’ video.

where HNeRV improves inpainting performance over the implicit method, NeRV. Although
we do not have any specific design for the inpainting task, HNeRV even achieves comparable
performance with an SOTA inpainting method, IIVI [144]. We show qualitative results in Figure 4.9

and the appendix.

70



Table 4.9: Kernel size (K i,, Knax) ablation,  Table 4.10: Channel reduction r ablation,

(with r=1.2) (with K=1,5)
K | PSNR  MS-SSIM r | PSNR MS-SSIM
13 | 35.02 0.9752 1 | 3496 09745
15 | 3557 0.9773 12| 3557  0.9773
17 | 35.07 0.9757 1.5 3498  0.9762
33 | 33.09 0.9587 2 | 3432 09715

Table 4.11: Embedding spatial size ablation Table 4.12: Embedding dimension ablation

h xw | PSNR MS-SSIM d | PSNR MS-SSIM
1x2 | 3479 09735 8 | 3513  0.9770
2x4 | 3557  0.9773 16 | 3557 09773
4x8 | 3512 09761 32| 35.08  0.9758

4.4.5 Ablation study

We show the effectiveness of even-distributed parameters in Table 4.9 and Table 4.10 by
increasing kernel size and channel width of later layers. For the NeRV block, it uses fixed K = 3,
and channel reduction factor » = 2. We also show an embeddings ablation study, for spatial

size (h X w) in Table 4.11 and embedding dimensions (d) in Table 4.12.

4.5 Conclusion

In this paper, we propose a hybrid neural representation for videos (HNeRV). With content-
adaptive embedding and evenly-distributed parameters, HNeRV improves video regression performance
compared to implicit methods in reconstruction quality, convergence speed, and internal generalization.
As a video representation, HNeRV is also simple, fast, and flexible for video decoding, and shows

good performance for video compression and inpainting.
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Figure 4.9: Inpainting results of fixed masks and object masks. Left) input frame; Right)
HNeRYV output.

There are many limitations of HNeRV as well. Firstly, as a neural representation, HNeRV
stores each video as a neural network. Given a new video, HNeRYV still needs time to train to fit
the video. Secondly, although HNeRV can represent a video well, finding a best-fit embedding

size, model size, and network architecture (K, 7, efc. ) remains an open problem.
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4.6 Experiment supplement

4.6.1 Video decoding

We firstly show command to evaluate decoding speed of H.264 and H.265:
ffmpeg -threads ThreadsNum -i Video -preset medium -f null -benchmark -

And we also show quantitative decoding results in Table 4.13, 4.14, and Table 4.15. In
Table 4.15, we can further increase video decoding speed with a smaller channel width (i.e., a

big reduction factor r = 2).

Table 4.13: Decoding FPS 1 Table 4.14: Decoding time (s) |

PSNR | 32 35 37 #Frames | 100% 50%  25%
H264 [279.7 2409 1927 H.264 0.548  0.480  0.343
H265 |2119 1632 1325 H.265 0.809 0.708  0.506
DCVC | 47 46 45 DCVC | 27913 24424 17.446
HNeRV | 395.9 332.7 224.8 HNeRV | 0.397  0.198  0.099

Table 4.15: HNeRV Decoding FPS
PSNR | 32 35 37

r=1.5 | 3959 3327 22438
r=1.75 | 397.4 373.8 320.7
r=2 405.5 383.3 350.5

4.6.2 Video compression

Then we show the details for downstream tasks of video compression, which can be divided
into three steps: global unstructure pruning, quantization, and entropy encoding.

1) Model Pruning. Given a pre-trained model, we use global unstructured pruning to reduce
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the model size, where parameters below a threshold are pruned and set as zero. For a model

0;, if6;, >0,
parameter 6¢;, 6, = where 0, is the ¢ percentile value for all model parameters

0, otherwise,

6. As a normal practice, we fine-tune the model to regain the representation after pruning.
2) Model and embedding quantization. Model quantization and embedding quantization

follow the same scheme. Given an vector p, we linearly map every element to the closest integer,

1; = Round (M) x scale + fimin, Where
scale

4.3)
Hmax — Hmin

le —
scale 2b_1

1; is one vector element, ‘Round’ is a function that rounds to the closest integer, ‘b’ is the bit
length for quantization, pim.x and pimi, are the max and min value of vector p, and ‘scale’ is the
scaling factor. For scaling factor and zero points at this step, we can also try other methods
instead of current min-max one, like choosing 2° evenly-distributed values to minimum the mean
square error.

3) Entropy encoding. Finally, we use entropy encoding to further reduce the size. Specifically,

we leverage Huffman coding [122] for quantized weights and get lossless compression.

4.6.3 Weight Pruning for Model Compression.

We appreciate this concern, which has been unresolved since the original NeRV paper.
By applying entropy encoding (assigning fewer bits for frequent symbols), we can store pruned
weights with limited bits, since all pruned weights share a frequent symbol: 0. We provide
corrected model compression results in table 4.16, and will update the paper accordingly. We use

2 baselines (models with no pruning) — one where the model is only quantized, and another where
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we apply entropy encoding after quantization. As we prune more parameters, entropy encoding

enables us to use fewer bits to store the sparse model weights.
Table 4.16: Compression results. “Size ratio” compares to model with quant. only, and “Sparsity”
indicates amount of weights pruned.

Compression | Quant Prune + Quant + Entropy coding
Sparsity 0% 0% 10% 15% 20% 25%
PSNR 37.61 37.56 37.51 37.32  37.02 36.61
Size (bits) 11.54M | 10.94M 1041M 10.09M 9.77M 9.36M
Size ratio 100% | 94.8% 902% 87.4% 84.7% 81.1%

4.6.4 HNeRV architecture details

We also provide architecture details for HNeRV models in various tasks and datasets in

Table 4.17, with total size, strides list, encoder dimension c1, embedding dimension d, channel

width of decoder input ¢2, channel reduction r, lowest channel width C'h;,, min and max kernel

size Kmin’ Kmax .

Table 4.17: HNeRV architecture details

Video size | size  strides ¢l d  ¢2 r  Chmin  Kuins Kinax
640x1280 | 0.35 54422 64 16 32 1.2 12 1,5
640x1280 | 0.75 54422 64 16 48 1.2 12 1,5
640x1280 1.5 54422 64 16 68 1.2 12 1,5
640x1280 3 54422 64 16 97 1.2 12 1,5
480%x960 3 54322 64 16 110 1.2 12 1,5
960x 1920 3 54432 64 16 92 1.2 12 1,5

4.6.5 Per-video compression results

We also show video compression results for UVG videos in Figure 4.10.
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Figure 4.10: Compression results averaged across all UVG videos, and for each specific videos.
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Chapter 5: NVLoader: A Neural Video Dataloader for Efficient Data Loading

5.1 Introduction

Data loading is an essential component in video research, especially for large-scale experiments.
Compared to image dataloaders, video loading has a complex decoding pipeline and varied data
access patterns. Computationally intensive dataloaders lead to long research cycles [151], are a
severe hindrance in training models with massive datasets, and are often a bottleneck for efficient
video models [152]. This is especially true for methods that require random access to patches
(e.g. , transformers [5, 153, 154]), as opposed to full frames, since existing video dataloaders
first decode the entire frame and then extract patches via post-processing. In some cases, a
subset of frame patches (as few as 10%) are used as input, since masking out patches is a good
augmentation strategy to improve generalization, and a common strategy to speedup training and
boost performance in self-supervised learning [155, 156]. The ratio of data loading time rises
from 4.3% to 31.5% in video MAE [156], which is a 7.8 x slow down even after using heuristics
like repeat sampling and caching.

In this work, we present a drastically different video loading framework by leveraging
video neural representations. By storing each video implicitly as a deep neural network, neural
representations have shown a lot of promise in reconstructing the video content efficiently by

inputting a frame index or pixel coordinate [1, 136, 157, 158]. Such video neural representations
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Figure 5.1: Comparison of video dataloaders based on H.264 videos, HEVC videos, JPEG
frames, and NVLoader (ours). With similar video size, NVLoader load videos much more
efficiently, measured by videos per second (VPS), without hurting accuracy for video recognition.

show promising results in many tasks, like video compression [1], spatial-temporal super-resolution [157,
158], and video inpainting [144, 157]. Inspired by its compactness, simplicity, and fast decoding,

we propose a Neural Video Dataloader (NVLoader) for efficient data loading. Given a video
dataset, we first create NVDataset by overfitting a small model for each video and storing them

as checkpoints. With quantization and entropy encoding, NVDataset is of similar size to the
original dataset and does not increase the storage space.

Most existing video dataloders have a complex decoding pipeline, since they are based on
traditional video codecs (e.g. , H.264), and its speedup or deployment needs specific design and
optimization on a new platform. Data loading for these dataloaders is computationally intensive
and exacerbated by the sequential decoding of video frames, where the decoding of inter-frames
is highly dependent on the decoding result of keyframes. This high dependency also holds for

the decoding of frame patches. Therefore, these video dataloaders are unfriendly to parallelism
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for further speedup. In contrast, video loading in NVLoader is quite simple and can be easily
deployed to most devices that are supported by standard deep learning libraries. When loading
video data, NVLoader loads the corresponding checkpoint and outputs the frame by inputting a
frame embedding, via a simple forward pass. Due to its simplicity, NVLoader can be deployed
on many devices (GPU, TPU, NPU, etc. ) easily and efficiently, thus accelerating video loading
due to parallel processing. Compared to existing video dataloaders, which are run on CPUs,
NVLoader shows a clear loading advantage especially for deep learning research, since it can be
run directly on powerful chips which are already the research platform for most.

To better support patch-based methods, like transformers, the video decoder of NVLoader
is designed to decode frame patches instead of the whole frame, as illustrated in fig. 5.2. Such
flexible design can further speed up the data loading when only a few patches are used, by up
to 7x compared to existing dataloaders. Finally, we also verify the effectiveness of NVLoader
on video recognition task with various setups, such as different models, different video datasets,
and various frame/patch sampling strategies. We show comparable accuracy to existing video
datasets (e.g. , H.264, HEVC, and JPEG dataset) with much faster loading speeds and similar
dataset size (fig. 6.1) demonstrating that NVLoader can serve as a good alternative.

In summary, we propose NVLoader, a neural video dataloader, for efficient data loading.
It can be deployed easily on any Al chip and can serve as a good alternative for existing CPU-
intensive video dataloders. Finally, without deteriorating accuracy on video recognition or increasing

dataset size, NVLoader shows a significant loading speedup from 2.6 X to 7x.
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Given a video dataset:

InilJt (Ci11> H7 W)
1) Prepare NVdataset: Convolution
Overfit model on each video ¢ (Cous * S2, H, W)
Save quantized checkpoint PixelShuffle

(Cout, S x H, S x W)
Activation Layer

2) Data loading: (Cout, S x H, S x W)

Load checkpoint & output video Output

a) NVLoader framework ¢) NeRV block

._ (0 =\ ‘
Frame _ NeRV NN NeRV blks w/ ReShape.m
> o —

Embed blocks 1 x 1 Conv
ST e
o VIS Vit un.
p
Input Image-wise decoding Patch-wise decoding Output patches

b) Video model for NVLoader

Figure 5.2: a) NVLoader framework; b) Video model for NVLoader, NeRV block upscale the
feature map to h x w, and MLP expand channels from c to 3 X p X p. d is frame embedding
dimension, h x w is patch number, p x p is patch size. ¢) NeRV blocks used in video model. S
is the upscale factor.

5.2 Related Work

Implicit neural representation. Implicit representations fit a function like a deep neural network
to each signal [53] like an image, a scene, or a video. Most implicit neural representations are
coordinate-based which input the pixel coordinate to the neural network and output corresponding
feature values at that place. These coordinate-based implicit representations are used in various
tasks, like image reconstruction [54, 55], shape regression [60, 61], and 3D view synthesis [62,
63]. NeRV [1] instead proposes an image-wise implicit representation, which takes frame index
as input and leverages convolution neural network, instead of the MLP used in coordinate-based
methods, for accurate video reconstruction. Such image-wise neural representation speeds up

the encoding and decoding process largely compared to coordinate-based (pixel-wise) methods.
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Based on NeRYV, E-NeRV [136] further improves the video reconstruction quality via decoupling
frame index and spatial index. Similar to CNeRV [159] and HNeRV [160], we use a hybrid
neural representation for videos and use a encoder from standard U-shaped autoencoders [133,
137, 139] to generate content-adaptive embedding. However, unlike all these image-wise neural
representations, we leverage a more flexible decoder to output patches and enable flexible video

decoding.

Efficient video codecs. Most existing video dataloaders are based on traditional video compression
codecs such as MPEG [7], H.264 [8], and HEVC [9] since they can largely reduce the dataset
size compared to the original lossless video or its corresponding image dataset. Although some
more advanced codecs like AV1 [161] or VVC [162] provide a better compression performance

it comes at the cost of longer decoding time which further slows down the speed. The complex
decoding process of these hand-crafted codecs also makes the deployment difficult for many
devices or achieves efficient and fast data loading.

Recently, deep learning techniques have been proposed for video compression as well.
While these approaches focus on improving traditional handcrafted approaches, like via image
compression and interpolation [10, 11], or via autoencoders [12], or modeling conditional entropy
between frames [13], or reformulate traditional video compression pipelines with deep learning [14,
15, 16]. Recent approaches have focused on improving efficiencies of existing art, by fine-
tuning traditional codecs [17], or optimizing existing compression pipeline [18]. Although these
learning-based methods improve the bits-distortion performance and further reduce the video size
compared to traditional codecs, they also largely increase the decoding latency and make them

not a good candidate for efficient video loading.
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Unlike traditional codecs or learning-based compression methods which have long decoding
latency, video loading for video neural representation is simple, fast, and efficient. Ad a recent
neural representation, NeRV [1] represent video as a deep convolution network and converts
video compression to a model compression problem. Through model pruning, weight quantization,
and entropy encoding, NeRV achieves similar compression performance with common video
codecs like H.264 or HEVC. Inspired by NeRYV, video model size in NVLoader can be largely
reduced by quantization and entropy encoding and achieve a similar size to the common H.264
video dataset. We further improve the architecture design and make it a hybrid representation to

improve the reconstruction quality, and enable flexible patch decoding.

5.3 Method

We propose NVLoader as an efficient video loading framework. As illustrated in fig. 5.2a,
given a video dataset, we first generate a NVDataset (section 5.3.1) by overfittting a video model
on each video and save the checkpoint. For video loading (section 5.3.2), we load the checkpoint

and output frame via a simple forward pass.

5.3.1 Prepare NVDataset

Video model. Video model is used to reconstruct the video for NVLoader. We use an auto-
encoder as the video model, which takes video frame as input, and extracts a tiny frame embedding
via a encoder, following by a decoder for frame reconstruction. We choose ConvNeXt [148]
as the encoder. For video loading, we only need frame embedding and the decoder for its

reconstruction, which are stored as the video checkpoint, as shown in fig. 5.2b. Unlike NeRV
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using content-agnostic embedding as input, we leverage an encoder to generate tiny content-
adaptive embedding, similar to HNeRV [160]. To achieve flexible video decoding and accessing
patches easily, we design the decoder with two parts: image-wise decoding and patch-wise
decoding.

For image-wise decoding, we use NeRV-style blocks to build the decoder for efficient
reconstruction. As illustrated in fig. 5.2c, there are three layers in this block: a convolution layer
with learnable parameters, a pixel shuffle layer to upscale the feature map, and an activation layer
at last. Unlike NeRV to reduce the channel whideth by 2, C,, = Ci,/2, we remain the channel
width the same as the input channel, C,, = Cj,. Also, we use a larger kernel size (5 here) for
convolution layers except the first one while NeRV use kernel size 3 for all convolution layers.

For patch-wise decoding, we first reshape the input feature map from (¢, h, w) to (h X w, ¢)
if we have h X w patches to decode. Then a two-layer MLP is used for patch decoding, expanding
the channel width from c to 3 x p x p where p is the patch size. By decoupling patch decoding
in this way, the loading of video patches can be run independently, with enables random and fast
patch access. Since we stack patches in the batch dimension, they can easily be selected by giving
a patch index list and therefore we can skip the computation of un-wanted patches. As will be
shown in fig. 5.3f, this flexible design can further improve the loading speed when only a part of

the video patches are loaded.

Video overfitting. Given the video model with learnable encoder Wepcoder) and decoder Wgecoder
we firstly overfit it on the input video x with a reconstruction loss function like L2 loss. Note that
the encoder Wepcoder 1S Only used to generate tiny frame embedding D (of shape 16 x 1 x 1, efc.

), and will be deserted in the following video storage and loading steps.
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Efficient video storage. Given a list of video checkpoints, including frame embeddings DD and
decoder weights Wecogers W€ use quantization and entropy decoding to further reduce model size.

We use simple uniform quantization with linear mapping for both frame embeddings D
and decoder weights Wecoqer- FOr quantization of a vector p, we linearly map every element to

the closest integer,

' — Round [ B Hmin ) o scale min
Hi ( scale  Hmin,
Hmax — Hmin

h le=——" 5.1

where scale o 1 (5.1

(; is one vector element, 1 is the quantized element, ‘Round’ is a function that rounds the value
to the closest integer, b is the quantization bit length (8 in this paper), fmax and fiyi, are the max
and min value of vector y, and ‘scale’ is the scaling factor.

We use Huffman coding in this paper for entropy encoding of quantized frame embeddings
D and decoder weights Wdecoder, to further reduce the video size. Concatenating D and Wdecoder
into a long flattened vector, we use Huffman coding to assign variable bits for different symbols
(2° symbols in our case) given its frequency. More details can refer to [122]. Through entropy

encoding, we can achieve lossless compression at this step.

5.3.2 Data loading

We summarize the whole process in algorithm 2, where the first step is to prepare for the
NVDataset as a list of checkpoints which is already explained in section 5.3.1. For data loading
in the second step, we first introduce the basic operations for frame decoding, followed by a patch

decoding description.
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Algorithm 1 NVLoader Pseudocode (PyTorch style)

####### Prepare NVDataset (Sec. 3.1) ######4#

# Input: a video dataset (VidDataset)

# Output NVDataset: a list of video checkpoints:

# {’embed’: frame_embed, ’'decoder’: decoder_weight}

for video in VidDataset:
video_model = Model (cfg) # initialize video model

# Overfit video model on given data
video_model.fit (video)

# Save video decoder and frame embeddings
decoder_w = video_model.decoder.state_dict ()
frame_embed = video_model.encoder.forward (video)

# Quantization and Huffman coding
frame_embed = frame_embed.quant ()
decoder_w = decoder_w.quant ()
HuffmanCode ([ frame_embed, decoder_w])

# Save video checkpoint
vid = {’embed’: frame_embed, ’'decoder’: decoder_w}
vid.save_as (vid_ckt)

##444# Data loading (Sec. 3.2) #####4
# Input: NVDataset, frame_idx, patch_idx
# Output: Video frames/patches

decoder = Decoder (cfg) # initialize video decoder
for vid_ckt in NVDataset:
# dequant checkpoint and load decoder weights
decoder_w = vid_ckt[’decoder’].dequantize ()
frame_embed = vid_ckt[’embed’].dequantize ()
decoder.load (decoder_w)

# data loading: frame selection first
input_embed = frame_embed[frame_idx]
if patch_idx != None:

# output video patches with idx list

out = decoder.forward (input_embed, patch_idx)
else:

# output video frames

out = decoder.forward (input_embed)

Huf fmanCode: Huffman coding;
quantize/dequantize: tensor quantization/dequantization.

Video loading As shown in algorithm 2, after a decoder model is initialized by the config file,
we iterate over the checkpoint list for video loading. Given a quantized checkpoint, we dequantize

frame embedding and decoder weights first,

[j’i - :U’; X scale + Homin, (5.2)
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where ji; is the dequantized vector element. Then the video decoder load weights from the
dequantized checkpoint. As a normal case for video sampling, a frame index list is an input for
data loading. With the input frame index, we choose the corresponding embedding as input. Then

the video frames can be reconstructed by a decoder forward pass.

Patch loading In cases where only part of frame patches are needed, we also input a patch index
list (w/ length V) as input. At the end of image-wise decoding, we select the patch index in the
batch dimension, where the feature map is trimmed from shape (h x w,c) to (N,c¢). Then N
patches are decoded by the MLP decoder. Since we skip the computation of un-selected patches,
the decoding speed can be much faster compared to the decoding of the whole frame. Patch-wise
decoding makes our NVLoader a flexible framework for many other applications as well, like
adaptive patch quality where different patches can have different reconstruction qualities.
We summarize the framework of NVLoader in fig. 5.2a and provide pseudocode in algorithm 2.

Due to the simplicity and efficiency of neural representation, NVLoader can be deployed to any

Al chip and shows a clear speed advantage over other video-loading methods.

5.4 Experiment

5.4.1 Datasets and implementation details

We choose three common video datasets, Kinetics-400 (referred to as K400 and our default
dataset)[163], Something-Something V2[164] (referred as SthV2), and UCF-101 dataset [165].
Due to limited resources and long overfitting time for a large-scale dataset, we create a subset

from these datasets for our experiments to show the utility of NVLoader. For all three datasets,
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we choose 20 classes with the most training videos. For k400 and SthV2, randomly pick 100
videos from the original training set for each class to construct the training set, and 20 videos
from the original test set for each class as the test set. For UCF101, we use all videos from the
original train/test set for these 20 classes.

For video dataloader baselines, we choose three common formats for video datasets: H.264
videos, HEVC videos, and JPEG frames. To generate these video datasets, we extract video from
the original dataset with the £ fmpeg tool. We choose H.264 video dataset as the default input
for video dataloaders since it shows good performance in regards to loading speed, video size,
and action recognition accuracy (shown in fig. 6.1. For a fair comparison, we resize the original
video with a shorter side as S, and center crop the S x S clip. S is set to 240 unless otherwise
stated. For video sampling, we choose 16 x 4 as the default setup, i.e., , 16 frames with strides
4. As is common practice, we randomly select a starting frame as long as the following 16 x 4
frames exist. For patch selection, we divide one frame into 8 x 8 patches without overlap and do
random patch selection with the given patch index.

Our implementation is based on Pytorch [126] and we choose three common video decoding
libraries as the backends: Decord (default backend), PyAV, and Torchvision. Traditional video
dataloaders are evaluated on CPU, where we use a 8-CPU! node. We set the worker number
in these dataloaders as 8 unless stated otherwise. To test the data loading speed, we warm
up the device with 1 epoch, and then average their loading speed over the following 3 epochs
(which is the same for testing of NVLoader). We use the training dataset (~2k videos) for
speed evaluation. For a fair comparison, we don’t use speedup tricks which are universal for all

dataloaders (including NVLoader), like caching videos, and repeat sampling at each decoding

'Intel(R) Xeon(R) Platinum 8280 CPU @ 2.70GHz
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step. Since all videos are of the same size, we do not need resize or crop operation in the speed
evaluation of dataloaders.

For training and testing of NVLoader, we use one RTX2080Ti GPU unless otherwise stated.
Given a 240 x 240 video with 300 frames, it takes 2 seconds per epoch for training. We train the
video for 1200 epochs on K400 and UCF101, 1800 epochs on SthV2. We use Adam optimizer
with a weight decay of 0, batch size of 2, a learning rate of 0.001, and a cosine learning strategy.
For model size, we keep the final checkpoint comparable with H.264 video.

To evaluate loading speed, we use video per second (VPS) as the metric. Table cells in
are the default setups. We provide details about video model architecture and training strategies,
the video subset list, £fmpeg command in supplementary for reproduction, as well as more

quantitative tables, and qualitative results.

5.4.2 Main results

We mainly focus on the loading speed for video dataloaders in this section.

Existing video backends. We first evaluate existing video decoding backends (PyAV, Decord,
and Torchvision) with two loading setups: naive decoding and dataloader loading (default setup).
For naive decoding, we iterate the training videos one by one and decode them respectively;
while for dataloader loading, we use 8 workers to load videos in parallel’. Results are shown in
fig. 5.3a, where Decord shows the best loading performance in both cases and is chosen as the
default video backend.

Different devices. Decord also supports video decoding with GPU, we compare it with NVLoader

on both CPU and GPU. Since the GPU decoding of Decord does not support parallel processing,

Batchsize (set as 8) in dataloaders doesn’t affect loading speed much.
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Figure 5.3: Video loading speed. a) common video backends. Naive decoding load videos
one by one, video dataloader use 8 workers for parallel speedup; b) naive decoding on different
devices; c¢) different frames for dataloader loading; d) different strides for dataloader loading; e)
video resolutions for dataloader loading; f) patch ratios for dataloader loading (for 64 frames).

Worker number | 4 8 12 16
H.264 dataloader | 46.3 91.8 1025 117.9

Table 5.1: Video loading speed (VPS) for video dataloader based on H.264 videos, with different
worker numbers.

Frames |8 16 32 o4

GTX 1080Ti | 211.3 199.2 1275 81.6
RTX 2080Ti | 289.6 292.8 209.1 1264
RTX A6000 | 400.3 386.7 293.2 187.6

Table 5.2: Video loading speed (VPS) for NVLoader, with different GPU devices.

we only evaluate Decord and NVLoader with naive decoding and show results in fig. 5.3b
(Decord is referred to as H.264 since it uses H.264 videos). NVLoader is much faster than Decord
in both cases. Note that due to poor deployment on GPU, its decoding speed is even slower than

on CPUs where Decord only has a GPU utilization around 2% while NVLoader reaches around
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Frames | 8*4 16%4 32%4
H.264 85 575 375
NVLoader | 7.00 5.50 5.00

Table 5.3: Top-1 error (%) with different
frames.

Patches | 0.1 025 05 1
H.264 575 55 625 575
NVLoader | 575 4.75 5.75 5.50

Table 5.5: Top-1 error (%) with different

Frames | 162 16%4 16%8
H.264 775 575 475
NVLoader | 6.50 5.50 5.00

Table 5.4: Top-1 error (%) with different
temporal strides.

Models ‘ MviTv2-S MviTv2-B  MviTv2-L
H.264 5.75 4.25 2.5
NVLoader 5.50 4.75 3.25

Table 5.6: Top-1 error (%) with different video
models.

patch ratios.

100%. We believe this also holds for other most chips where the complex decoding pipelines
greatly hinder its efficient deployment. Due to decoding simplicity, NVLoader can be faster than
Decord even on CPUs for naive video decoding, although Decord has better parallel support on
CPUs and shows better dataloader speed.

Besides naive decoding, we also evaluate dataloader loading speed with different workers®
in table 5.1. Since 8 workers per GPU is the most common practice and shows good loading speed
compared to dataloader with more workers, we choose it as the default setup. For NVLoader, we
evaluate its loading speed with different GPUs and frame numbers in table 5.2, with strides at 4.
As expected, better GPUs lead to faster loading speeds, for all cases.

Frame number. We evaluate NVLoader and H.264 video dataloader with different frames (with
stride 4) in fig. 5.3c, where NVLoader shows a consistant loading advantage.

Temporal stride. We evaluate NVLoader and H.264 dataloaer with different temporal strides in
fig. 5.3d. Since frame decoding is independent for NVLoader, temporal strides doesn’t affect

its loading speed. In contrast, the loading speed drops when increasing the temporal stride

3We increase node CPU number for workers 12 and 16.
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since H.264 needs to decode a longer clip to load the required frames and thus introduces extra
computation.

Video resolution. We evaluate NVLoader and H.264 dataloader when increasing resolutions
from 240 x 240 to 360 x 360 in fig. 5.3e, where NVLoader retains the loading speed advantage
and the speedup is slightly larger, from 3.2 to 3.8 .

Patch loading. We evaluate NVLoader and H.264 dataloader when only part of video patches
are loaded (using frames sampling at 64 x 4), which is shown in fig. 5.3f. We provide more patch
loading results in the supplementary material, where we observe that when loading fewer frames
(32, etc. ), the patch loading speedup is slightly smaller (VPS from 211 to 286). Compared to
loading the whole frame, NVLoader shows a clear speedup when only a subset of video patches
are loaded since it can skip the computation of skipped patches. In contrast, since H.264 video
dataloader uses patch loading as a post-processing step after frame decoding, it can even be

slightly slower than the frame loading baseline.

5.4.3 Action recognition.

Besides loading speed, it is also important to ensure that the quality of decoded video is
good for the downstream tasks. Therefore, we also evaluate the performance of video dataloaders
on the downstream task of action recognition. We use top-1 error for action recognition in this
section, and choose a recent transformer method MViTv2 [154] which is finetuned on K400
subset (20 classes, 120 videos per class) Similar to the last section, we also evaluate various
setups, like different frames in table 5.3, different temporal strides in table 5.4, different patch

ratios in table 5.5, and different models in table 5.6. NVLoader shows comparable accuracy with
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Figure 5.4: Comparison of video dataloaders based on H.264 videos, HEVC videos, HEVC
videos, and NVloaders (ours) . Left: Something V2 dataset. Middle: UCF101 dataset. Right:
Kinetics-400 dataset. Left y-axis is loading speed, videos per second. Right y-axis is top-1
accuracy.

K400 K400
(240 x 240) (360 x 360)

31.53 31.23 3563 3341

30.86 3092 3518 3275

K400 (240 x 240) K400 (360 x 360)
Acc.  Size  VPS | Acc. Size  VPS

575 2974k 918 | 550 03506 53.8 PSNR ;g
550 2975k 292.8 | 525 0.3342 2027 PSNR quan

Sthv2 UCF101

H.264
NVLoader

Table 5.7: Comprehensive results on datasets Table 5.8: Video quality for NVLoaders,
of different resolutions, top-1 accuracy, before (PSNRgi,) and after (PSNRgyant)
average video size, and loading speed. quantization.

H.264 dataset in all cases, demonstrating that it can serve as a good alternative for efficient data

loading.

5.4.4 Comprehensive comparison

We also compare with other video dataloaders based on JPEG folders or HEVC videos.
Their performance on K400 for data loading and action recognition are shown in fig. 5.4c, where
NVLoader outperforms them largely for loading speed while achieving comparable accuracy.
We also compare the dataset size of these datasets and show it in fig. 6.1 where the JPEG dataset
takes much more storage while at a slower loading speed. Although HEVC can save some space,
it also slows down the loading speed due to a more complex decoding compared to H.264.

Besides K400, we evaluate NVLoader on SthV2 and UCF101 as well and show results in
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MViTv2-S X3D-S
Batch size 1 1 4 16
H.264 1.28x 1.8x 2.8x 4.8x
NVLoader 1.08 x 1.2x 1.5Xx 2.1X

Table 5.9: Total forward time (model forward + data loading) at testing time. Pure computation
time acts as the 1x baseline. Data loading becomes a bottleneck, especially for efficient video
model and large batches.

fig. 5.4a and fig. 5.4b respectively. The observation on K400 still holds for these two datasets,
where NVLoader gets similar accuracy while showing much better loading speed compared to
other video dataloaders, no matter whether it is based on H.264 videos, HEVC videos, or JPEG
folders.

We also show a full comparison of K400 on different resolutions in table 5.7. NVLoader
outperforms H.264 in both cases for data loading speed, where the speedup increase from 3.2 x
(240 x 240) to 3.8 x (320 x 320), while remaining similar video size and video recognition

accuracy,

5.4.5 Other results

Total forward time. We evaluate the total forward time at test time, including both the model
computation and data loading time, and show results in table 5.9, where just the model forward
time (without video loading) is 1x baseline Besides model MViTv2-S, we also evaluate on
another video model X3D-S [152] which is designed for efficient video recognition. Since
model X3D-S is much faster than MViTv2-S [154], data loading becomes a serious bottleneck
for its deployment, especially when processing videos with a large batch. It clearly shows the

importance of efficient data loading for video research.
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Figure 5.5: Output video frames for NVLoader across datasets. NVLoader can reconstruct
videos well and capture details faithfully , for either ones with dynamic scenes, or with rich
textures.

Video quality. We present qualitative results for NVLoader (PSNR lies between 25% to 75%
over the whole dataset) in fig. 5.5 with dataset K400, SthV2, and UCF101. It can be seen that
for most videos, NVLoader can reconstruct it well with high fidelity and therefore can serve
as a good loading framework for downstream tasks. Finally, we show quantitative results for
video quality and video size with quantization and Huffman coding. In table 5.8, we show how
quantization affects video quality withf PSNR (dB).

Video sizes. In table 5.10, we show the average storage for video checkpoint files* by quantization
and Huffman coding. To save space and evaluate NVLoader in a real scenario, we take quantization

library functions from Pytorch [126] to perform quantization and dequantization, of which its

4Via python function os.path.getsize()
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Q H K400 K400 Sthv2 UCF101

(240 x 240) (360 x 360)
Parameters 301.7k 339.7k  154.8k 246.9k
Video size | v 315.3k 353.9k 168.7k  260.4k
Videosize | v v | 297.5k 3342k 158.6k 243.5k

Table 5.10: Average video size in NVLoader. Parameters is the total parameter of video
checkpoint (video decoder Wgecoqer and frame embedding D), video size measures video
checkpoint by MegaBytes. O means quantization and H means Huffman coding.

Train set — Test set ‘ 16 x2 16 x4 16 x 8
H.264 — H.264 7.75 5.75 4.75
NVLoader — NVLoader | 6.50 5.50 5.00
NVLoader — H.264 7.25 5.75 5.00

Table 5.11: Generalization to other dataloaders, top-1 err (%) is showed. We evaluate models
with different sampling frames, which are trained and evaluated on the same dataloader or
different video dataloaders.

implementation can be further improved for better reconstruction quality.

Generalization to other dataloaders. Given the long overfitting time, we also evaluate its
generalization to other video loaders when a model trained with NVLoader is deployed to videos
where its video checkpoint is not available. Results are shown in table 5.11. NVLoader shows
good generalization to H.264 videos as well, which should be expected since their output are still
RGB frames, although comes from different efficient video representations.

Limitations and future work. The largest limitations of NVLoader is the same as all implicit
neural representations, the long training time for a new video. So we expect NVLoader to be used
during model training first, since we can prepare an NVDataset for the whole training dataset once
and all researchers can use it directly and benefit from efficient data loading. Secondly, as we
discussed in section 5.3.2, the efficient storage of video checkpoints can still be improved to save
more space. Finally, we need to transfer data transformation tools (augmentation, etc. ) to GPU

so that the whole dataloader process can be done on GPUs.
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5.4.6 Video model architectures

We provide video model architecture details in table 5.12 used in different datasets.

‘ StrdSe,.  Strdsgec  Siz€epe Siz€gee d
K400240 | 5,4,3,22 5,3,22,4 028M 03M 16
UCF101 543,22 53224 028M 0.24M 16
Sthv2 543,22 53224 028M 0.15M 16
K400360 | 54,3,3,2 53,324 03M 0.34M 16

Table 5.12: Video model architectures. Strds.,. and Strdsg.. are stride list used in the encoder
and decoder. Size.,. and Size4. parameter nubmers for the encoder and decoder.

embedding dimension.

5.5 Conclusion

In this paper, we propose a neural video dataloader for efficient data loading. Our NVLoader
can be deployed easily on any Al chip and can serve as a good alternative for existing CPU-
intensive video dataloders. Without deteriorating accuracy on video recognition or increasing

dataset size, NVLoader shows a significant loading speedup from 2.6 x to 7x in a wide range of

setups.
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Chapter 6: HyperNeRV: Towards Fast Learning of Video Neural Representation

6.1 Introduction

Recent works have shown the potential of representing high-dimensional video data implicitly
as a deep neural network [1, 51, 136, 157]. With such representations, given a frame index or
pixel coordinate, the neural network can reconstruct the video content with high fidelity. These
representations are preferred by video compression [1, 136, 157], continuous spatial-temporal
super-resolution [158], and video restoration [1, 157] due to their simplicity and compactness.

However, training a neural network to overfit to a given video using gradient-based methods
can be time-consuming and hinder practical applications. To address this issue, some approaches
have been proposed for pixel-wise neural representations which take pixel coordinates as input
and output pixel values using an MLP. These methods generate a content-adaptive vector to
modulate the model parameters [61, 64, 166, 167] or learn a good initialization with meta-
learning to enable fast convergence on unseen signals [168]. Although these methods can improve
encoding speed, they still require test-time optimization to achieve satisfactory performance. In
contrast, our proposed HyperNeRV aims to directly generate model weights via a hypernetwork.

This paper seeks to address two fundamental questions. Firstly, is it possible to train
such a hypernetwork? Can we fit the hypernetwork on a given video dataset and obtain model

weights that can accurately reconstruct the videos? Secondly, can this well-trained hypernetwork
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Figure 6.1: Encoding time comparison between HyperNeRV and training NeRV [1] from
scratch. Encoding refers to generating a well-trained neural network for a given video.
HyperNeRYV eliminates the need for tedious fitting, enabling much faster video encoding.

generalize well to unseen videos, beyond the training dataset?

Given the exceptional performance of vision transformers in various visual tasks [5, 83,
169, 170, 171], we employ transformers as the hypernetwork to generate model weights, as
illustrated in fig. 6.2. With video patches and initial weight tokens as input, HyperNeRV can
produce model weights for the convolution neural network used for video representation. In this
paper, we demonstrate that HyperNeRV can answer both of the questions raised above with a
resounding yes. We show that it is possible to fit HyperNeRV on training videos and that it
can generalize effectively to unseen videos. In comparison to training from scratch, the simple
forward pass significantly reduces the encoding time, with a speed-up of ~10*x, as shown in
fig. 6.1. Trans-INR [2], a recent work that employs hypernetworks to generate weights for
implicit representations, is designed for images (rather than videos) and based on pixel-wise
representations. Our proposed HyperNeRV outperforms Trans-INR in terms of reconstruction
quality, generalization, and speed, as demonstrated in section 6.4.2 and 6.4.4.

In this work, we not only introduce a transformer hypernetwork for fast learning of video
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neural representations, but also explore various ways to generate more efficient representations.

To expand the video size, we increase the number of frames and spatial resolution, which results

in more compact representations. Furthermore, we analyze the impact of architecture design,
training data size and diversity, and data augmentation on HyperNeRV’s performance. Our
experiments demonstrate that a larger and more diverse training dataset, as well as data augmentation,
can further improve the performance for unseen videos. These findings suggest that HyperNeRV
has the potential for fast learning of efficient neural representations. The results presented in
fig. 6.1 are obtained using 10k training videos and 400 training epochs, but better performance
can be achieved by scaling up the training with more videos and epochs.

In summary, this paper introduces HyperNeRYV, a transformer hypernetwork that generates
model weights for efficient neural representations. We also investigate several design principles to
improve video representation efficiency, including expanding video sizes, optimizing architecture
design, increasing training data size and diversity, and using data augmentation. Our results
demonstrate that HyperNeRV has significant potential for fast learning of video neural representations,

achieving a speed-up of ~10%x compared to training neural networks from scratch.

6.2 Related Work

Implicit neural representations. Recent developments in deep learning have led to the emergence
of implicit neural representations, which are compact data representations [1, 51, 52, 53] that
fit a deep neural network to signals such as images, 3D shapes, and videos. One of the main
branches of implicit representations is coordinate-based neural representations, which take pixel

coordinates as input and output corresponding values such as density or RGB values using an
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MLP network. These representations have shown promising results in a range of areas including
image reconstruction [54, 55], image compression [52], continuous spatial super-resolution [56,
57, 58, 59], shape regression [60, 61], and 3D view synthesis [62, 63]. To improve coordinate-
based representations, several approaches have been proposed, such as using sine activation
functions instead of ReLU [64] or converting input coordinates to a Fourier feature space [65].

In contrast to coordinate-based methods, NeRV [1] proposes an image-wise implicit representation,
which takes the frame index as input and outputs the entire frame without iterative pixel-wise
computation. NeRV employs convolutional neural networks and achieves better efficiency and
regression quality compared to coordinate-based methods with a naive MLP network. By representing
the given video as a neural network, NeRV converts the video compression problem to model
compression and achieves comparable performance with common video codecs via model pruning,
quantization, and entropy encoding. Building on the success of NeRV, E-NeRV [136] improves
the architecture by incorporating both the frame index and spatial index as input; CNeRV [51]
takes content-adaptive embedding as input to enhance the internal generalization. Compared
to coordinate-based methods, image-wise neural representations offer higher capacity, faster
encoding and decoding speed for videos. Given these advantages, our HyperNeRV is based on
image-wise representations and exhibits superior performance compared to pixel-wise methods.
Hypernetworks. Hypernetworks [172] are widely used to generate model weights for another
neural network based on input data or a dataset. The concept of content-adaptive weights is
prevalent in the deep learning community, as seen in techniques like dynamic convolution [173]
and conditional convolution [174]. Many methods have also been developed to modulate model
weights in a latent space [61, 64, 166, 167] rather than generating all weights directly, as this
approach can alleviate the learning difficulty. In these works, the neural network takes both
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the pixel coordinate and a content-adaptive vector for modulation, where the modulate vectors
function as the hypernetworks.

The most closely related work to ours is Trans-INR [2], which uses a transformer hypernetwork
to facilitate fast learning of implicit neural representations. However, Trans-INR is designed for
images and based on pixel-wise representations, while our HyperNeRYV is tailored to videos and
based on image-wise representations. In our experiments, we provide a detailed comparison
between HyperNeRV and Trans-INR, highlighting the latter’s difficulties in fitting video data.
Meta-learning. Meta-learning is a popular method for achieving rapid convergence for a neural
network. Many prior works have employed meta-learning to address few-shot learning [175,
176, 177] or reinforcement learning [178, 179, 180], enabling a meta-learner to quickly adapt
to new scenarios. Meta-learning has also been applied to learn implicit neural representations
using gradient-based methods like MAML [178] and Reptile [181], as seen in MetaSDF [182]
for learning signed distance functions and [168] for learning a good initialization for all signals.
In contrast to these methods, our proposed HyperNeRV targets the direct generation of model
weights through a simple forward pass, without any optimization required at test time.
Transformers. Transformers [81] were initially introduced for natural language processing,
but they have since gained significant attention in vision research, particularly following the
success of ViT [5] in image classification. Vision transformers have since been improved through
advancements in training efficiency [83], multi-scale transformer structures [154], and advanced
self-attention design [169]. In addition to image classification, vision transformers have also
been leveraged in object detection [170] and self-supervised learning [171]. In this work, we
utilize vision transformers as a meta-learner to directly generate model weights for video neural

representations.
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Variable Definition

x Input video

Xy Video frame at time ¢

Ty Reconstructed video frame at time ¢

9o Hypernetwork function (w/ parameter ¢)

fo Video model (w/ parameter 6)

0o Hypernetwork input: initial weights

o' Hypernetwork output: video-specific weights
0, Shared model weights

o' Final model weights

Dyain, Diest  Training and test set

Cout, Cin Convolution output and input channel width
K Convolution kernel size for NeRV blocks

S Upscale factor for NeRV blocks

M Number of video patches

N Number of weight tokens

Niax Max number of weight tokens

d Token dimension for hypernetwork input

Table 6.1: Variables and their definitions.

6.3 Method

6.3.1 Overview

To eliminate the tedious process of fitting a neural network for video representation, HyperNeRV
aims to learn a hypernetwork function g, with parameter ¢ that maps a given video z € R¥*3xhxw

to model weights 6’ of a deep neural network fy. The function is defined as follows:

0" = gy(x). (6.1)

With the generated model fy—g. We can reconstruct the video x for a given frame index ¢, as

follows:
Ty = fo—p(t). (6.2)
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Here, 2, represents the reconstructed frame for index ¢. Our goal is to minimize the reconstruction
error between the ground truth frame z; and its corresponding reconstructed frame z;. We define

the loss function for this objective as follows:

¢* = argmin, Z Z | fo—ge () (£) — x¢]|3 - (6.3)

xeDtrain t

, where D, represents the training set and we use a L2 distance for illustration. After training
the hypernetwork, we evaluate its generalization performance on the test set Dy using the

following loss function:

L¢") = > > | fomgye(t) = xl3 (6.4)

TEDest 1t

which measures the reconstruction error between the ground truth frames and reconstructed
frames which are obtained using the generated model weights. Here, ¢* is the optimized hypernetwork
obtained from the training set Dy, and g4 () represents the generated model weights for input
video z.

We aim to address two problems to find the needed mapping function g,4. Firstly, can this
function g, fit well on the training set, illustrated in eq. (6.3). Secondly, will the optimal mapping

function g,4- generalize well on test set, illustrated in eq. (6.4).

6.3.2 HyperNeRV

We select a transformer neural network with L encoder layers to serve as the hypernetwork

g, Which maps a given video z and initial weights 6, to video-specific model weights g'. We
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Figure 6.2: Left: HyperNeRV takes videos as input and outputs NeRV model weights through
the hypernetwork. Right: Architecture details for the transformer hypernetwork (top) and the
video model (bottom).
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Algorithm 2 HyperNeRV Pseudocode in a PyTorch style.

FHFFEFHFFEHFF 1) Obtain model weights #H###H#HF#FHF##H

# Input: video x, initial weights 6y, shared weights 6,
# Transformer hypernetwork g_¢

# Output: final model weights ¢
#
x

tokenize video into patches
= FCy (x.tokennize())

S+

Concat video patches and initial weights as input
X = x.concat (p)

# Hypernetwork output video-specific weights 0
0 = g_¢.forward (x) [-N:].
0 = FCy (¢)

# Element-wise product to generate final weights:
# Cour \times Ci, \times K \times K
0

= @.expand_as(@ﬂ # broadcast
0 =6, ~ 0 # Cour \times Cip

#H#HFHFFHFHFHHFS 2) Video reconstruction ####HFFFFF44H4H
# Initial video model with final weights

f_60.reset_parameter (0)

# Input: frame index t
# output: frame prediction,
Tz, = £_60.forward(t)

——————— # Below is for model training only # ————————
#H##H##EHHF 3) HyperNeRV optimization (optional) #########4#
# Compute loss and backward gradients

loss = MSELoss (2, xt)

loss.backward()

# update all parameters
Update([¢r 00! 01})

# d \times M

# d \times (M+N)

# d \times N
# Cout \Limes N

into needed shape
\times K \times K

FC: fully connected layer;
tokenize: tokenize video into patches;
expand_as: broadcast into the same shape;
MSELoss: mean square error loss.

provide pseudocode for the process in Algorithm 2. The overall process can be divided into three

steps: a) generate model weights &', b) reconstruct the video with &', and ¢) optimize HyperNeRV.

a) Obtain model weights. We use NeRV blocks to construct the video model. as depicted in

fig. 6.3a. A NeRV block comprises three layers: a convolution layer with learnable parameters, a

pixelshuffle layer to upscale the feature map, and an activation layer. We illustrate how to output

model-specific weights ¢’ in fig. 6.3b, while fig. 6.3c shows the process of obtaining the final
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model weights ¢ from 6.

Step 1: Obtain video-specific weights. As shown in fig. 6.3b, we first divide input video
x into patches and generate patch tokens via a FC layer. The patch tokens are then combined
with initial weight tokens 6, to form the input tokens. After feeding the input tokens to the
hypernetwork, we obtain the video-specific weights g'.

Given a convolution layer with parameters 0; € RCou*CnxEXK "we yse Cf, x K x K as
the token number for initial weights 6, € R¥Y where d is the token dimension and N is the
the token number. Sometimes the token number can be too large, so we trim it to address the

memory issues,

N = min(Npax, Cin X K X K) (6.5)

where N, is the max token number for each convolution layer. We concatenate the initial
weights 6y and the video patches and input them to the transformer hypernetwork. We then
select the output of the last /V tokens, which correspond to the output of the initial weights. The

transformer output is then converted to video-specific weights g’ € RCowxN

via an FC layer.
Step 2: Obtain final model weights. As shown in fig. 6.3c, after we get the video-specific

weights g, we generate the final model weights by an element-wise multiply between ¢ and

shared weights 6. ¢’ is broadcast into the same shape as ; € RCouxCnxKXK firstly if needed,

since N can be set as N, instead of Cy, x K x K.

b) Video reconstruction. After we get weights ¢’ for all convolution layers, we can output the

video frame when given a time index ¢. Similar to other implicit neural representations [62], ¢ is

firstly normalized into [-1, 1] and then goes through a positional encoding function and outputs

a time embedding vector. The video model fy takes the time embedding as input and output
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Input Patch tokens Initial weights
v (Chn, H, W) € RIxM 6, € RIXN
Convolution
(Cout . SZ, H, W) l Transformer
PixelShuffle Output tokens € RN

(Cout, S x H, S x W)

o i FC layer
Activation Layer

v Video-specific weights
Output ' ¢ RCouxN
a) NeRV block b) Hypernetwork

Video-specific weights

é/ c RCO‘“XN
Final weights

9’ := 0, % 0'. expand_as(6;)

Shared weights
01 c RCouthinxKxK

c¢) Final model weights

Figure 6.3: a) NeRV block, only the convolution layer has learnable parameters 6 &
RCouxCinxKxK b)) Transformer hypernetwork, takes video patches x and initial weights 6,
as input tokens, and outputs video-specific weights ¢'. ¢) Obtain final model weights 0’ by an
element-wise multiply of shared weights 6; and video-specific weights g'.

video frame z; The output of the final layer is sumed with an out bias 0.5 since the images are
normalized between [0,1].

¢) HyperNeRYV optimization. HyperNerv has three parts of learnble parameters: hypernetwork
parameter ¢, initial weights 6, and shared model weights ¢;. For the optimization, we use a

reconstruction loss between the output frame and ground truth frames as the training objective,

loss = MSELoss(Z, 2;), (6.6)

where MSELoss is the mean square error loss.
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6.3.3 Efficient video neural representation

Video neural representations are preferred due to their compactness and efficiency, which
means they should be much smaller compared to original RGB videos. Therefore, we explore
using HyperNeRV to generate efficient video neural representations in two ways. Firstly, we
scale HyperNeRV to larger videos, either in terms of video length or resolution. This allows
us to store more video content within the same neural representation size. Secondly, we scale
HyperNeRV to stronger training setups, either by fitting on a larger or more diverse training
dataset, extending the training epochs, or introducing stronger data augmentation to improve the
generalization performance. For a given video, a more faithful reconstruction also means a more

efficient neural representation for such representation.

6.4 Experiment

6.4.1 Datasets and implementation details

In our experiments, we use three commonly used video datasets: Kinetics-400 (referred to
as K400 and our training dataset) [163], Something-Something V2 [164] (referred to as SthV2),
and UCF-101 [165]. K400 and SthV2 focus on different visual cues for action recognition. K400
contains around 240k training videos and 20k test videos of 10 seconds from 400 classes. As
the full dataset is too large and may take too long for HyperNeRV training, we randomly select
a subset of K400 as our default training set, with 25 videos per class. We use test set of K400,
SthV2 (around 20k motion-centric videos), and UCF101 (around 3.5k human-centric videos) for

evaluation. The quality of the reconstructed videos is assessed using PSNR and SSIM.
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The default video size is 128 x 128 with 4 frames. To preprocess the data, we first resize
the input video so that its shorter side is 128, and then perform a center crop to obtain a 128 x 128
clip. We then uniformly sample 4 frames from the clip and input them to the model. For data
tokenization, we divide the videos into 16 x 16 patches. The video model consists of four NeRV
blocks, each with upscale factors of 8, 4, 2, and 2, respectively [1]. For larger spatial size videos,
the patch and stride sizes are increased accordingly. The convolution layers in these blocks have
a fixed channel width of 32, except for the input channel of the first block (time embedding
dimension) and the output channel of the last block (video channels). The kernel size is 1 for the
first convolution layer and 3 for the others. Ny, is 128 for weight tokens unless stated otherwise.

The transformer hypernetwork consists of 6 encoder layers with a hidden dimension of
720 and a forward dimension of 2880. We use the Adam optimizer with a batch size of 16, an
initial learning rate of le-4, 400 epochs, and step-wise learning rate decay with a decay factor
of 0.1 at epoch 360. Our implementation is based on Pytorch [126]. We provide additional

implementation details and visualization results in the supplementary material.

6.4.2 Main results

As a method to reduce the encoding time for video neural representation, we compare
HyperNeRV with two baseline methods: NeRV [1], which trains the video model from scratch,
and Trans-INR [2], which leverages hypernetwork to generate pixel-wise neural representation.
For three test datasets, we randomly select 100 test videos from each for evaluation as training
the entire test set (around 44k videos) would be time-consuming. We provide PSNR results

in table 6.2a and SSIM results in table 6.2b, respectively. Compared to NeRV, HyperNeRV
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Encoding

Methods Epochs | UCF101 T+ K4001 SthV21 Avg. T time 4
NeRV [1] 300 2791 27.86 30.15 28.64 ~T.5kx
NeRV [1] 400 29.94 29.96 32.14 30.68 ~10k x
NeRV [1] 500 31.7 31.65 33.85 32.4 ~12.5kx
NeRV [1] 600 33.2 33.2 33.92 35.35 ~15kx
Trans-INR [2] - 24.19 24.32 24.65 24.38 2.7x
HyperNeRV - 32.98 33.27 33.55 33.27 1x
(a) PSNR results.

Methods Epochs | UCF101 1 K4001 SthV21 Ave. 1 En;‘r’femg !

NeRV [1] 500 0.9078 0.8964 09102 0.9048 ~12.5kx

NeRV [1] 600 0.9280 0.9176  0.9299 0.9252 ~15kx

NeRV [1] 800 0.9522 0.9427 09538 0.9496 ~20k x

NeRV [1] 1000 0.9655 0.9605 0.9675 0.9645 ~25k x

Trans-INR [2] - 0.6996 0.7229  0.7561 0.7262 2.7x

HyperNeRV - 0.9555 0.9589 0.9596 0.9580 1x

(b) SSIM results

Table 6.2: Encoding comparison for methods: NeRV [1] (train from scrach), Trans-INR [2],

and HyperNeRV (ours).

significantly reduces the encoding time required to generate video neural representations. It can
generate model weights efficiently with a simple forward pass, resulting in encoding speedups
of up to ~10*x while achieving comparable reconstruction quality. On an RTX2080ti GPU,
HyperNeRV can encode videos at a real-time processing speed of about 100 videos per second.
Compared to Trans-INR, HyperNeRV can output efficient neural representations with a faster

encoding speed (2.7 faster), while also resulting in higher video quality according to both PSNR

and SSIM metrics.

In fig. 6.4, we present qualitative results where HyperNeRV demonstrates the ability to
reconstruct unseen videos with high fidelity and generalizes well across different test datasets

(also shown in table 6.2). The reconstructions capture most video details, including dynamic
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Figure 6.4: Left: video ground truth. Right: HyperNeRV output. HyperNeRV can reconstruct
various videos across different datasets, and capture video details with high fidelity, for either
dynamic scenes, complex textures, or moving objects.

scenes, complex textures, and moving objects, with faithful reconstruction. These results, along
with the quantitative evaluations, demonstrate the effectiveness of HyperNeRV towards fast learning
of video neural representations. We also provide visualization comparisons with Trans-INR in

fig. 6.5, where HyperNeRV outputs videos of significantly better quality.
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Figure 6.5: Left: Trans-INR [2] output: Right: HyperNeRV output (ours). HyperNeRV
shows much better reconstruction quality than Trans-INR [2], with more faithful details, sharper
textures, and better visual preference.

6.4.3 Efficient neural representation.

In this section, we extend the capabilities of HyperNeRV to generate more efficient neural
representations that can accommodate larger videos or achieve better video reconstruction quality
with stronger training setups.

Compact video representation. We evaluate HyperNeRV with larger videos by increasing
spatial sizes or frame numbers and report the results in table 6.3a. We observe that wile the
performance can drop gradually when increasing video frames, it remains robust to bigger spatial
sizes and maintains the reconstruction quality. Specifically, the test PSNR drops by 0.6—0.8
when decreasing bits per pixel (bpp) by 3—4x via increasing spatial size, while the test PSNR
drops by around 2 when decreasing bpp by ~2Xx via incrasing video frames. We also compare

HyperNeRV with NeRV to generate compact representations in Tables 6.3b and 6.3c. Compared
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Video size
Tx HxW

4x128 x 128 249 32.98 33.27 33.55 33.27
4 x 256 x 256  9.37 32.21 32.67 3294 3261
4 x 512 x 512  2.41 31.24 31.69 32.53 31.82
8 x 128 x 128  12.5 30.98 31.19 31.56  31.24
16 x 128 x 128  6.29 29.07 29.18 29.43 29.23
32 x 128 x 128  3.16 26.85 27.25 27.55 27.22
8 x 512 x 512  1.25 28.63 29.08 2937  29.03
16 x 512 x 512 0.61 26.56 26.96 2727 2693

bpp ) | UCF101 1 K4001 SthV21 Ave. t

(a) HyperNeRYV results for different video sizes. bpp (bits per pixel) is the video checkpoint
size divided by pixel number.

Methods Epochs bpp ) | UCFI01 1+ K4001 SthV241 Ave. 1 EE?;’STg
NeRV [1] 100 125 | 2350 2291 2560 2291 ~3.2kx
NeRV [1] 200 125 | 2663 2606 2874 2606 ~6.4kx
NeRV [1] 300 125 | 2874 2828 3070 2828 ~9.6kx
NeRV [1] 400 125 | 3027 2985 3214 2985 ~12.8kx
HyperNeRV | - 125 | 2863 2908 2937 29.03 1x
(b) Encoding comparison for video size 8 x 512 x 512.

Methods Epochs bpp | | UCF101+ K4001 SthV21 Avg. 1 E‘t‘i‘;;’gfg
NeRV [1] 100 061 | 2341 2212 2525 2212 ~2.4kx
NeRV [1] 200 061 | 2617 2476 2788 2476 ~d4.8kx
NeRV [1] 300 061 | 2831 2686 2990 2686 ~7.2kx
NeRV [1] 400 061 | 2956 2810 3090 2810 ~9.6kx
HyperNeRV | - 061 | 2656 2696 2727 2693 1x

(c) Encoding comparison for video size 16 x 512 x 512.

Table 6.3: PSNR results for compact video representations.

to training NeRV from scratch, HyperNeRV can significantly reduce the encoding time (more
than 7x10? speedup) while achieving similar reconstruction quality.

Stronger training. a) Data augmentation. We investigate the use of augmentation techniques as
outlined in RandAugment [3] to boost the generalization performance. Results in table 6.4a show

that data augmentation during training can further improve performance on the test set (+1.73
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Aug ‘ Train T UCF101 T K4001 SthV21 Avg. 1

no 32.9 31.03 31.53 31.81 31.46
yes | 33.05 32.61 33.06 33.61  33.09

(a) Results with data augmentation.

C,v N |Traint UCFI011 K4001 Sthv24 Ave. 1

400,25 10k | 329 31.03 31.53 31.81 31.46
100, 100 10k | 30.49 28.39 28.85 29.14  28.79
400,50 20k | 34.16 31.97 325 3278 3242
400, 100 40k | 34.12 32.65 3342 33.65 33.24
400,200 80k | 34.03 33.35 34.21 3452  34.03

(b) Training dataset size and diversity for HyperNeRV. C is class numbers, V
is the video number per class. N is the number of total training videos.

pochs | Train t vg.
Epochs | Traint UCFI011+ K4001 SthV21 Avg. 1

200 31.25 30.33 30.76 31.03 30.71
400 329 31.03 31.53 31.81 31.46
600 33.73 31.33 31.89 32.18 31.80
800 35.19 31.78 32.36 32.65 32.26
1000 35.19 31.44 31.93 32.23 31.87
1200 35.09 31.04 31.58 31.87 31.50

(c) Results for longer training epochs.

Table 6.4: Stronger training setups to obtain efficient video representations. PSNR is reported
for training and test videos (UCF101, K400, SthV2, and Avg.).

PSNR), even though training PSNR does not increase much (+0.13 PSNR). We also examine
various common augmentation strategies in this study, including random scaling, flipping, and
changing the aspect ratio of the video, with results provided in the supplementary material.

b) Training data size and diversity. Results of different training datasets are presented
in table 6.4b, where we investigate how the size and diversity of the training dataset affect the
performance of HyperNeRV. We compare the default training dataset of 400 classes with 25

videos per class (400,25) to other datasets. We find that training videos with higher diversity
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Total ~ Video Img-
size model wise

Speedtrain ~|' Speedlesl T
(min/epoch) (VPS)

Trans-INR [2] ‘ 449M 296.7K no ReLU 64 ‘ 27.16 24.19 24.32 24.65 24.38 ‘ 1.9 36.5

399M 2232K yes ReLU 64 28.27 26.38 26.83 27.14  26.78
399M 2232K yes GELU 64 31.26 28.87 29.32 29.61 29.27
40.1M 2232K yes GELU 128 329 31.03 31.53 31.81  31.46

Methods Act.  Npax

Traint UCFI01 4 K4001 Sthv2+ Avg.T‘

HyperNeRV
(ours)

1.1 99.5
(1.7x) (2.7x)

Table 6.5: Component analysis for HyperNeRV. ‘Total size’ is the number of all learnable
parameters, ‘Video model’ is the parameters for the video model, ‘Img-wise’ is based on image-
wise neural representation while Trans-INR [2] is based on pixel-wise neural representation.
‘Act.’ is the activation layer in the video model, NV, is the maximum number for weight tokens,
‘Train’ and ‘Avg.’ are the average PSNR on the training and test set. ‘VPS’ is videos per second.

leads to much better performance on the test set (+2.67 PSNR) when comparing (400,25) to
(100,100), even though both datasets have 10k total videos. In addition to video diversity,
adding more videos to the training set also improved the reconstruction quality. For example,
(400,50), (400,100), and (400,200) outperformed (400,25). Although (400,50) does not improve
the training PSNR, it improves the test PSNR by +0.96, indicating better generalization due to
the increased number of videos. Further increasing the video number to (400,100) and (400,200)
resulted in even greater improvements of +1.78 and +2.57, respectively.

c) Longer training. In table 6.4c, we provide results on how training time affects the
final performance of HyperNeRV. We find that longer training leads to better fitting on training
videos and improved performance on the test set, up to a certain point (800 epochs in this case).
Increasing the training epochs from 200 to 400 results in a training PSNR increase of +1.65 and
a test PSNR increase of +0.75. This trend continues when increasing the epochs from 400 to

800, resulting in a training PSNR increase of 4+-2.29 and a test PSNR increase of +0.8.
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6.4.4 Component analysis.

We compare HyperNeRV with Trans-INR [2] which also uses a transformer hypernetwork
to generate model weights for implicit neural representations. The video model in HyperNeRV
takes frame index as input and uses a convolutional neural network for reconstruction, while that
of Trans-INR takes pixel coordinates as input and uses an MLP to output pixel RGB values. All
other setups follow the original paper. To ensure a fair comparison, the total parameters and video
model size are slightly smaller than those of Trans-INR. Results are presented in table 6.5.
Image-wise video model. Changing the video model from a pixel-wise to image-wise leads
to better generalization and a significant speedup. While HyperNeRV only improves training
PSNR by +1.1, it improves test PSNR by +2.4, indicating that it generalizes better to unseen
videos. In addition to its stronger capacity and better generalization, HyperNeRV also has a speed
advantage, since pixel-wise methods need to forward the video model H x W times to output
all pixels which results in a significant slowdown. Compared to Trans-INR [2], HyperNeRV is
1.7x faster for training and a 2.7x faster for testing. An image-wise neural representation only
requires one forward pass to output an entire frame, while pixel-wise methods need to forward the
video model H x W times to output all pixels, leading to a significant slowdown. The qualitative
results in fig. 6.5 show that HyperNeRV reconstructs unseen videos with a sharper appearance
and more faithful details across various videos.

Activation layer. We replace the ReLU activation layer in the naive HyperNeRV baseline with
GELU, which has been shown to be a better activation function for both pixel-wise and image-
wise methods. The improved activation layer significantly increases the video model’s capacity

and boosts the final video quality by an additional +2.5 PSNR.
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Number of weights tokens. Increasing maximum number of weight tokens (/Vy,.x) can further
improve the performance, +1.64 for training PSNR and +2.19 for test PSNR. We can interpret
the increase in Ny« as increasing the capacity of the hypernetwork to generate more complex

and expressive video models that can better capture the underlying structure of the input videos.

6.4.5 Discussion and limitations

In summary, we have presented two ways to enhance the reconstruction quality of test
videos. Firstly, by designing better architectures for the hypernetwork or video model, we can
improve the fitting on training videos. Secondly, exploring data augmentation techniques and
increasing the size and diversity of the training dataset can help achieve better generalization
for unseen videos. We believe that there is still much potential to explore for HyperNeRV
and hope that our work can contribute to further advancements for fast learning of video neural
representation.

As shown in table 6.3, there is still room for improvement when using HyperNeRV to
generate compact video representations, especially for videos with long sequences. Additionally,
HyperNeRV currently only works with a fixed number of frames and video resolutions. An
interesting future direction would be to extend HyperNeRV to support videos of varying lengths
and resolutions, allowing it to work with any videos in our daily lives and potentially further

popularize video neural representations.
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6.5 Conclusion

In this paper, we present HyperNeRYV, a transformer hypernetwork designed to generate
model weights for video neural representations. We also explore several design principles,
including bigger videos, architecture design, training dataset size and diversity, and data augmentation,
to improve representation efficiency. Our experiments demonstrate that HyperNeRV can achieve
fast learning of video neural representations, with a speed-up of ~10*x compared to training the

video model from scratch.

6.6 Experiment supplement

6.6.1 Ablation study

We first provide ablation results for data augmentation, weight token number, and learning

rate schedule.

6.6.1.1 Data augmentation

We first do an ablation study for common data augmentations, like cropping the video
with random aspect ratios, randomly resize the video before cropping, randomly flipping, and
random augmentation [3]. Results are shown in table 6.6. For random cropping, we choose a
aspect ratio between [0.67, 1.5]; for random scaling, we choose one scaling factor from [0.8,
1.25]; for random augmentation, we set the augmentation step as 1, the augmentation magnitude
as 2, and the augmentation magnitude bins as 5. Since random cropping and scaling of the

video may introduce a domain gap between training videos and test videos, they do not improve
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performance on the test set. In contrast, random flipping boosts the reconstruction of test videos
with a small margin at 4-0.2. Finally, we found random augmentation can significantly improve

the generalization of HyperNeRYV, by +1.3.

Aug. | UCF101 1 K4001 SthV21  Avg. 1
no | 31.03 3153 3181 3146

rand ratios 27.59 28.11 28.43 28.04
rand scale 30.75 31.31 31.58 31.21
rand flip 31.21 31.76 32.05 31.67
rand aug 32.61 33.06 33.61 33.09

Table 6.6: Data augmentations. ‘rand ratios’ is cropping the video with random aspect ratios
between [0.67,1.5]. ‘rand size’ is randomly scaling, between [0.8x,1.25x], the video before
cropping. ‘rand aug’ is random augmentation [3].

6.6.1.2 Weight token number.

We also provide ablation study on Ny, since it leads to significant improvements in table 6.5
when increasing Ny,,x from 64 to 128. But HyperNeRV with a larger NV« (128) does not lead to

further improvements, which is shown in table 6.7.

Nuax | Train + UCF1014 K4001 SthV21  Avg. 4

64 31.26 28.87 29.32 29.61 29.27
128 32.9 31.03 31.53 31.81 3146
256 31.44 29.59 30.07 30.37  30.01

Table 6.7: Ablation study for V.. Increasing Ny.x from 128 to 256 does not improve the
performance further.

6.6.1.3 Learning rate schedules.

Finally, we conduct ablation study for learning rate schedules in table 6.8, where we

compare step-wise learning rate decay with the common cosine decay schedule. Step-wise
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learning rate schedule gives better results for both training and test videos.

| Train t UCF1011 K4001 Sthv2t Avg. 1

Cosine 31.46 29.85 3036 30.65  30.29
Step-wise | 32.9 31.03 3153 31.81 31.46

Table 6.8: Ablation for learning rate schedules.

6.6.2 More implementation details

We provide more implementation details in table 6.9 for the default experiment setup, for

input frames, NeRV architecture, Transformer architecture, and Adam optimizer respectively.

Frame num 4
Tnput Frame §ize 128
Patch size 16
Batch size 16
Strides 8,4,2,2
NeRV Kernel size 1,3,3,3
details Channle width 32
Output bias 0.5
Model dim 720
Transformer Feedforward dim 2880
Attention heads 12
Encoder layers 6
Learning rate 0.0001
Optimizer Max epoch 400
Decay epoch 360
Lr decy 0.1

Table 6.9: Implementation details for HyperNeRV.
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Chapter 7: Conclusion

7.1 Efficient video representation

The dissertation’s main objective is to develop efficient implicit neural representations,
specifically for videos, which we will call NeRV. These representations aim to use a deep neural
network to generate the corresponding video frame when given a frame index, requiring fewer
parameters and achieving high accuracy. In essence, this approach converts the video compression
problem to a model compression problem.

To further enhance NeRV’s performance, we propose a hybrid neural representation for
videos (HNeRV). HNeRV combines a small frame embedding with a powerful decoder network,
resulting in better internal generalization and representation capacity. Additionally, the distribution

of model parameters across layers in HNeRV results in faster convergence compared to NeRV.
— Encoding speed

Compression ratio
Efficient video

representation
Decoding speed

“—  Downstream tasks

Figure 7.1: Framework of efficient video representation.

To provide a comprehensive evaluation of neural representation methods for videos, we
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Figure 7.2: Dissertation framework overview.

have identified four key perspectives, as illustrated in Figure 7.1. The compression ratio is the
primary metric for evaluating the efficiency of video representations, as it determines the amount
of data required to store and transmit the video. Additionally, the encoding and decoding speeds
required to convert the original video into efficient representations and reconstruct the video from
these representations should also be considered.

Moreover, the use of efficient video representations is a critical application that has not
been explored thoroughly in previous studies. Most downstream video tasks still rely on the
original frame sequences as input, which have high dimensions and significantly increase the
computational burden for video-related tasks such as video understanding and video generation.
However, utilizing compact and efficient video representations has the potential to alleviate this
issue and improve the efficiency of video-related tasks.

We have developed a comprehensive approach for addressing various challenges associated
with neural video representations. Our implicit neural representations enable us to transform the
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video compression problem into a model compression problem, achieving comparable compression
ratios to state-of-the-art methods. Additionally, our approach outperforms other compression
methods in videos with still backgrounds, making it an effective solution for different types of
videos.

Moreover, our implicit representations offer decoding advantages, allowing for easy deployment
on any platform. We have also developed an efficient neural video dataloader (NVLoader) to
enable faster training and evaluation of video models, which is approximately three times faster
than conventional video dataloaders.

To address the challenge of encoding speed, we introduce the HyperNeRV framework,
which utilizes a hypernetwork to directly map input videos to NeRV model weights. This
approach significantly accelerates the encoding process by approximately 10 times, while maintaining
similar reconstruction quality and generalizing well to unseen videos, compared to training the
neural network from scratch.

In addition to our contributions of developing efficient implicit neural representations and
introducing the HyperNeRV framework, we have also explored the potential of these representations
in downstream applications. Our findings demonstrate that the compactness and efficiency of
these video representations make them well-suited for frame interpolation, video restoration, and
video editing tasks.

Furthermore, we believe that these implicit video representations have a broad range of
applications beyond the ones we have explored. They can be used as an output video format that
significantly reduces the search space, or as an efficient input for video understanding models.
Additionally, these representations have the potential to enhance video summarization, action

recognition, and content-based video retrieval, among other applications. We recommend that
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future research further investigate these potential applications.

To provide an overview of our dissertation, we have created Figure 7.2, which illustrates
the key contributions of our research. The NeRV framework, an implicit neural representation for
videos, is introduced in Figure 7.2a and Chapter 3. In Figure 7.2b and Chapter 4, we upgrade the
representation by incorporating a content-adaptive embedding, which leads to the development of
the Hybrid Neural Representation for Videos (HNeRV). Additionally, we introduce the HyperNeRV
framework in Figure 7.2c and Chapter 6, which enables fast learning of video neural representations.
Finally, we demonstrate the versatility of the efficient video representations by showcasing various
downstream tasks that utilize the learned model weights directly in Figure 7.2d, such as efficient

video loading in Chapter 5.

7.2 Downstream tasks based on neural representations

The use of implicit representations allows for the representation of video data in a compact
and efficient manner. We explore several downstream tasks that directly utilize these representations,
either as input or output. This offers significant advantages over other video-related methods that
rely on high-dimensional frame sequences, as our video data requires much fewer computation
resources to process.

Our ultimate goal is to introduce a novel approach to video processing that is analogous to
the Fourier transform in signal processing. By transforming videos into neural space, we aim to

advance the research and application of video data.
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Figure 7.3: Downstream video tasks based on implicit neural representations.

7.2.1 Video compression

Our first task is to explore video compression using implicit neural representations. Our
approach is particularly attractive because the small size of the representation is inherently more
robust to parameter precision, allowing for pruning or quantization operations that can greatly
reduce storage space without sacrificing video quality. In this dissertation, we explore three
common compression techniques: model pruning, model quantization, and entropy coding. However,
we believe there is potential for even greater improvements through the use of other compression
techniques such as quantization-aware training, sparsity regularization, or stronger encoding

algorithms.

7.2.2 Efficient video loading

In addition to video compression, our neural representations also enable efficient video

loading. Since decoding a video is simply a feedforward operation of the neural network, our
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approach enables 3-6 times faster loading compared to conventional video dataloaders. Furthermore,
the simplicity of our decoding process allows for easy deployment on any device or platform,
without requiring device-specific optimization.

However, we believe that there is still potential for further speed improvements through
additional model optimization techniques. For example, we could use neural architecture search
to find a more efficient and faster neural network, or employ post-training quantization to speed

up the model decoding process.

7.2.3 Video restoration

In addition to compression and efficient data loading, our research shows that implicit
neural representations can also be robust to video degradation in the RGB space, making them
useful for video restoration tasks. We found that our approach can effectively remove noisy pixels
and inpaint missing regions in videos, without the need for specific designs or preprocessing
steps. This is because noisy pixels are difficult to optimize during the learning process, as they
lack clear patterns, but our implicit representation can easily remove them in the final output.
Similarly, for distorted videos, we simply ignore the masked areas during training, and our neural
network can automatically inpaint these regions during decoding. This feature is particularly

appealing because noise and distortion are common in real-world video scenarios.

7.2.4 Video editing

Implicit neural representations can also be used for video editing, allowing us to directly

edit the model weights and apply the changes to the entire video. Because the entire video is
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represented with one model, all frames share the same representation. We hypothesize that if
we can obtain the target model using a few frames, we can transfer the editing results to all
other frames. We have demonstrated promising preliminary results for various editing tasks such
as video colorization, background blur, and object colorization. With only 10% of the frames

edited, we were able to effectively edit the entire video.
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Figure 7.4: Implicit neural representation is a compact input for video understanding and perfect
for video generation due to its smaller size compared to original video data.

7.2.5 Video understanding

The compactness of implicit neural representations, as demonstrated in Figure 7.4, makes
them a promising input for video understanding models. Given that computation resources such
as processing latency and memory consumption increase significantly with input data dimension,

the ability of implicit neural representations to reconstruct videos despite their small size enables
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downstream recognition tasks while dramatically reducing computational demands.

7.2.6 Video generation

Implicit neural representations can also serve as an ideal output for video generation.
The compactness of these representations significantly reduces the search space, making the
generation process more efficient. Since the entire video is represented as a single entity, implicit

representations can also provide better temporal consistency in generated videos.
— NeRV: implicit neural representation

HNeRV: hybrid neural representation

Internal learning J
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NeRV2NeRYV: learn a general mapping function
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Video grounding: video-text embed pretraining
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Figure 7.5: Some ongoing or potential projects based on NeRV.
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7.3 Future work and limitations

We categorize our existing and ongoing projects into two types: internal learning based on
NeRV and scalable learning based on NeRYV, as depicted in Figure 7.5. In the case of internal
learning, the NeRV model is trained using data from a single video, while scalable learning

involves training the model on a large-scale dataset to obtain model weights.

7.3.1 Internal learning

Besides implicit neural representations for videos (NeRV) and hybrid neural representations

for videos (HNeRV), we are also working on three projects to build better video representaions.

T-NeRV. As demonstrated in NVLoader, patch-wise decoding has been shown to offer improved
flexibility and efficiency in video data loading. Therefore, our current research focuses on
developing a Transformer Neural Representation (T-NeRV) that utilizes a transformer neural
network for patch-wise decoding. We believe that T-NeRV can serve as an efficient hybrid
neural representation, and patch-wise modeling presents a novel approach for capturing patch

correspondence and geometry information, offering new perspectives in video analysis.

P-NeRV. We are currently engaged in research aimed at developing practical neural representations
for videos (P-NeRV), with the goal of addressing four key bottlenecks associated with video
compression methods: encoding and decoding speed, compression ratios, and lossless compression.
To accelerate the encoding speed, we are exploring the use of HyperNeRV to generate neural
representations directly, thereby avoiding the need to train models from scratch and significantly
increasing encoding efficiency. Additionally, we are employing post-quantization techniques
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to reduce the feed-forward latency and improve decoding speed. Furthermore, we are actively
working on improving compression ratios for videos featuring dynamic scenes. Lastly, we
plan to efficiently store residual videos for lossless compression using low-rank decomposition

techniques.

MS-NeRV. We are also actively developing a multi-scale neural representation for videos, known
as MS-NeRV. This novel representation enables a single model to store videos with various styles,
demonstrating superior efficiency compared to other existing video representations. One notable
advantage of hybrid neural representations is their ability to exhibit good internal generalization,
meaning that similar embeddings produce similar video frames. As a result, video styles can
propagate seamlessly among frames, enabling efficient style propagation within the representation.
Since multiple styles are stored in one model, conditioned on a style embedding, we further
investigate style interpolation in the style embedding space. This approach allows us to smoothly
interpolate between different styles, enhancing the versatility and expressiveness of the representation.
Furthermore, we investigate video decomposition for different object areas, where instead of
using a global style for the entire video, we can assign different styles to different objects. This
approach enables us to achieve a wide range of video combinations, adding to the versatility of

MS-NeRV.

7.3.2  Scalable learning

In addition to our efforts in developing more efficient video neural representations based on
NeRYV, we are also actively working on scalable video neural representations based on HyperNeRV.

These representations are designed to handle larger-scale video data and offer enhanced scalability
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for applications that require processing and analyzing videos at a larger scale.

SSL-NeRV. Our initial focus is on generating general video neural representations that can be
utilized in various downstream video processing tasks. For instance, if we aim to generate videos
by sampling from the NeRV parameter space, it is desirable for the NeRV model parameters to
follow a distribution, such as a Gaussian distribution. Additionally, we strive to ensure that the
NeRV parameters are robust to variations in visual context, spatial/temporal cropping, and action

category, to enable their effective application in diverse video processing scenarios.

NeRV2NeRV. In addition to learning a distribution of video neural representations, our research
also focuses on learning a general mapping function that can convert one NeRV model into
another, enabling video-to-video translation tasks such as video colorization, video super-resolution,
video segmentation, and video stylization. To achieve this, we will optimize the hyper-network
(to generate source NeRV model) and mapping function (to translate source NeRV to target
NeRV) jointly. Our aim is to ensure that the mapping function can adapt effectively to the NeRV

parameter space, allowing for accurate and versatile video-to-video translation capabilities.

Video-text embed pretraining Drawing inspiration from contrastive language-image pretraining
(CLIP), we are also exploring the computation of similarity between videos and text. Our
approach involves converting videos into the NeRV space, which offers a more efficient and
effective representation for videos, enabling us to leverage multi-modality data for learning tasks

that involve both videos and text.
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7.3.3 Limitations

Despite the advantages of implicit video neural representations, there are limitations as
well. One of the challenges is extracting spatial or temporal information from NeRV parameters
without decoding video frames. Since implicit video representations lack explicit spatial or

temporal dimensions, extracting such information remains a challenge at present.
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