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The past decade has witnessed an exponential increase in data and the rise of deep

learning systems to handle it. These systems primarily analyze, learn and interpret the

data by excelling in exploiting patterns. This leads us to the question - can we use these

patterns to efficiently store the data as well ? Essentially this would mean moving from

the paradigm of data compression towards model compression. This thesis introduces and

investigates a variety of methods in the realm of model compression, with the eventual goal

of replacing data compression itself.

To explore this, we start with the most information rich, yet sparse media form -

videos. In the first part of this thesis, we introduce a framework for representing videos as

continuous functions using Implicit Neural Representations (INRs), which aim to represent

any given signal as a mapping between the spatial/temporal coordinate space to its values.

We propose an auto-regressive framework that exploits the redundancies of a video for



efficient compression and real time decoding - a first in this field. We then build upon

this framework by introducing a shared video prior that captures common patterns across

video frames, significantly improving the encoding times by 10-20×, while improving the

compression rates.

Despite these value additions, INR’s aren’t really representations of underlying data

unless the resulting model weights also encode some semantics. Based on this intuition,

we introduce a hypernetwork-based INR system enables us to perform semantic tasks like

video retrieval and understanding along with compression.

Having established that the problem of data compression is actually a model compres-

sion problem, I will then present a case study on a widely used model compression method:

pruning. We take a popular pruning method - the Lottery Ticket Hypothesis which of-

fers extreme sparsity and study its effects on fundamental vision tasks like classification,

detection and segmentation.

Finally, we take a look at the proposed future directions in which we explore enhanced

network and algorithmic designs with random networks for greater compression and meta-

learning for achieving faster video encoding.
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Chapter 1: Introduction

“Compression is

Understanding”

Ilya Sutskever’s Ghost

The invention of the transistor sparked a communication revolution in the world,

which eventually led to creation of humongous amounts of data, which has only grown

exponentially since then. This growth necessitated the need for algorithms that could

efficiently store, retrieve and process this data. Historically data was stored on physical

media like tapes, hard drives, CDs with specific compression algorithms - both lossy and

lossless forms. However, these algorithms were often hand-crafted for the niche they serve

and often did not exploit the underlying structure of the data. The deep learning revolution

of the past decade aimed to challenge this paradigm. By training large models that could

extract patterns in huge swathes of data, we were finally building efficient priors of the

world which we could exploit. But we hit a roadblock - the models were too large to

be stored on disk, too slow to decode and too power hungry to be deployed on edge

devices. Consequently, traditional codecs like JPEG remains the king of image compression,

while HEVC and MP4 continue to dominate video and audio compression respectively.

In this work, I aim to revisit this paradox, albeit with a fresh perspective. What if,
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Figure 1.1: The figure shows the general framework of using INRs as efficient databases of media
which not only offer compression, but also enable a variety of important semantic tasks.

instead of training large models, we could train much smaller models, which capture the

local patterns of a particular data point in an implicit manner? From a signal processing

standpoint this would mean training a neural network to be a continuous function mapping

from the coordinate space to the signal space. Once trained, the network itself becomes

our data, effectively transitioning us from a data compression paradigm to one of model

compression. These class of networks - known as Implicit Neural Representations can be

used to represent any kind of data, have excellent decoding speeds, and are also resolution

agnostic. Moreover, compressing the data now becomes compressing its INR.

This shift in thinking triggered a series of works that provided a “neural” way of

approaching a variety of problems. Works like [1] and [2] tackled image compression

using this approach, while [3] developed the first scalable INR for videos. For videos,

these existing approaches fell short on many areas. Prohibitively slow encoding times,

fixed model architectures that prevent scaling to different video resolutions and inability
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to encode videos of any length. In Chapter 2, we develop a scalable framework for Video-

INRs that addresses many of these shortcomings. Our proposed method NIRVANA treats

videos as groups of frames and fits separate small networks to each group, while performing

patch-wise prediction. Each of these networks are trained auto-regressively by initializing

from the previous trained model, drastically reducing video encoding times by over 12×

compared to previous methods at similar compression levels while improving the encoding

quality on benchmark datasets. We also quantize the parameters while training itself, thus

not relying on any form of post-hoc pruning or quantization. This allows NIRVANA to

achieve variable bitrate compression that adapts based on the video content - a key feature

missing in existing methods. In contrast to prior video INR works which struggle with

larger resolution and longer videos, we show that our algorithm scales naturally due to its

patch-wise and auto-regressive design. NIRVANA also achieves 6× decoding speed and also

exhibits linear scaling with GPUs, making it practical for various deployment scenarios.

NIRVANA introduced a new way of thinking about video INR architectures. It had

components of a “shared prior” at a video level, while maintaining faithful reconstruction at

the frame level. Eventhough this lead to massive improvements in encoding times, it is still

far from practical for real-world applications. In Chapter 3, we propose SIEDD, a spiritual

successor to NIRVANA, where we borrow the idea of a shared video prior and combine it

with sampling and optimization tricks to achieve a 10 - 20× speedup in encoding times

over existing methods. It is the first INR based codec that can encode UVG-4K videos

under 60 mins with excellent quality and compression rates.

Despite these improvements, INR based methods have a long way to go before they

can be considered as credible alternatives for traditional video codecs. One glaring issue
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is that these trained networks are not really “representations” of the underlying videos, as

we cannot use them for anything apart from faithful reconstruction. In Chapter 4, we pro-

pose Latent-INR, an architecture that not only encodes the video, but in the process also

creates latents which are used for various downstream tasks like video retrieval, interpola-

tion and video-LLM based chat. In our model we have a dictionary of per-frame latents

along with video specific hypernetworks that modulate the INR weights to reconstruct

a particular frame. This framework not only retains the compression efficiency, but the

learned latents can be aligned with features from large vision models, which grants them

discriminative properties. We align these latents with CLIP and show good performance

for both compression and video retrieval tasks. By aligning with VideoLlama, we are able

to perform open-ended chat with our learned latents as the visual inputs. Additionally,

the learned latents serve as a proxy for the underlying weights, allowing us perform tasks

like video interpolation. These semantic properties and applications, existing simultane-

ously with ability to perform compression, interpolation, and super-resolution properties,

are a first in this field of work. These collective advancements finally bring in “semantics”

into the pipeline of INR based codecs, paving way for compressed yet meaningful video

representations.

On an orthogonal note, once we are fully entrenched in this paradigm where model

compression and data compression are interchangeable, it is important to investigate various

techniques. One such area is the interesting field of model pruning and sparsity which

involves gains in storage and compute by driving most parameters in a trained model to

zeros. In Chapter 5 we present a case study of a popular pruning method - the Lottery

Ticket Hypothesis (LTH) and its effects on downstream tasks like object detection, instance
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segmentation, and keypoint estimation. The learnings from these empirical experiments

can be directly applicable to compressing INRs as well.

This thesis provides a glimpse at a future where neural networks evolve from being

analyzers of data, to efficient data warehouses that allow us to interact with them in a

friction-less manner. In the final chapter, I discuss some proposed future directions and

existing problems with these systems which need to be solved before we can build a real-

time, universal data codec that is both compressed and semantically meaningful.
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Chapter 2: NIRVANA: A Scalable Framework for Video-INRs

This chapter 1 introduces the paradigm of using compressed models as proxy for

the underlying data, using Implicit Neural Representations (INRs). Neural networks are

usually used to either model the underlying data distribution or analyze the given data

and perform specific predictions. INRs on the other hand construct a coordinate-signal

mapping which serves as a continuous function of the data, enabling efficient storage and

retrieval. But building such functions to represent video data can be challenging. Existing

methods struggle either in fidelity, long encoding times, inability to represent videos of

arbitrary length and scale. Our method NIRVANA is designed precisely to avoid these

pitfalls. We introduce patch based prediction and an autoregressive design allowing us to

encode any length videos with fast encoding times, while achieving compression and greatly

improved inference speed.

2.1 Introduction

In the information age today, where petabytes of content is generated and consumed

every hour, the ability to compress data fast and reliably is important. Not only does

compression make data cheaper for server hosting, it makes content accessible to popula-
1Joint work with Sharath Girish. I was responsible for primary architecture design, implementation,

and experiments. Sharath Girish was responsible for neural entropy coding.
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Figure 2.1: Overview of NIRVANA: Prior

tion/regions with low-bandwidth. Conventionally, such compression is achieved through

codecs like JPEG [4] for images and HEVC [5], AV1 [6] for videos, each of which compresses

data via targetted hand-crafted algorithms. These techniques achieve acceptable trade-offs,

leading to their widespread usage. With the rise of deep learning, machine learning-based

codecs [7, 8, 9, 10] showed that it is possible to achieve better performance in some as-

pects than conventional codecs. However, these techniques often require large networks

as they attempt to generalize to compress all data from the distribution. Furthermore,

such generalization is contingent on the training dataset used by these models, leading to

poor performance for Out-of-Distribution (OOD) data across different domains [11] or even

when the resolution changes [12]. This greatly limits its real-world practicality especially

if the input data to be compressed is significantly different from what the model has seen

during training. In recent years, a new paradigm, Implicit Neural Representations (INR),
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emerged to solve the drawbacks of model-learned compression methods. Rather than at-

tempting to generalize to all data from a particular distribution, its key idea is to train a

network that specifically fits to a signal, which can be an image [13], video [3], or even a

3D scene [14]. With this conceptual shift, a neural network is no longer just a predictive

tool, rather it is now an efficient storage of data. Treating the neural network as the data,

INR translate the data compression task to that of model compression. Such a continuous

function mapping further benefits downstream tasks such as image super-resolution [15],

denoising [16], and inpainting [13].

Despite these advances, videos vary widely in both spatial resolutions and temporal

lengths, making it challenging for networks to encode videos in a practical setting. Towards

solving this task, SIREN [13], attempted to learn a direct mapping from 3D spatio-temporal

coordinates of a video to each pixel’s color values. While simple, this is computationally

inefficient and does not factor in the spatio-temporal redundancies within the video. Later,

NeRV [3] proposed to map 1D temporal coordinates in the form of frame indices directly

to generate a whole frame. While this improves the reconstruction quality, such a mapping

still does not capture the temporal redundancies between frames as it treats each frame

individually as a separate image encoding task. Finally, mapping only the temporal coor-

dinate also means one would need to modify the architecture in order to encode videos of

different spatial resolutions.

To address the above issues, we propose NIRVANA, a method that exploits spatio-

temporal redundancies to encode videos of arbitrary lengths and resolutions. Rather than

performing a pixel-wise prediction (e.g., SIREN) or a whole-frame prediction (e.g., NeRV),

we predict patches, which allows our model to adapt to videos of different spatial resolutions

8



without modifying the architecture. Our method takes in the centroids of patches (patch

coordinates) (xp, yp) as inputs and outputs a corresponding patch volume. Since patches can

be arranged for different resolutions, we do not require any architectural modification when

the input video resolution changes. Furthermore, to exploit the temporal nature of videos,

we propose to train individual, small models for each group of video frames (“clips”) in an

autoregressive manner: the model weights for predicting each frame group is initialized from

the weights of the model for the previous frame group. Apart from the obvious advantage

that we can scale to longer sequences without changing the model architecture, this design

exploits the temporal nature of videos that, intuitively, frame groups with similar visual

information (e.g., static video frames) would have similar weights, allowing us to further

perform residual encoding for greater compression gains. This adaptive nature, that static

videos gain greater compression than dynamic ones, is a big advantage over NeRV where

the compression for identical frames remain fixed as it models each frame individually.

To obtain further compression gains, we employ recent advances in the literature to add

entropy regularization for quantization, and encode model weights for each video during

training [17]. This further adapts the compression level to the complexity of each video,

and avoids any post-hoc pruning and fine-tuning as in NeRV, which can be slow.

Finally, we show that despite its autoregressive nature, our model is linearly paralleliz-

able with the number of GPUs by chunking each video into disjoint groups to be processed.

This strategy largely improves the speed while maintaining the superior compression gains

of our method, making it practical for various deployment scenarios.

We evaluate NIRVANA on the benchmark UVG dataset [18]. We show that NIR-

VANA reaches the same levels of PSNR and Bits-per-Pixel (BPP) compression rate with

9



almost 12× the encoding speed of NeRV. We verify that our algorithm adapts to varying

spatial and temporal scales by providing results on videos in the UVG dataset with 4K

resolution at 120fps, as well as on significantly longer videos from the YouTube-8M dataset,

both of which are challenging extensions which have not been attempted on for this task.

We show that our algorithm outperforms the baseline with much smaller encoding times

and that it naturally scales with no performance degradation. We conduct ablation studies

to show the effectiveness of various components of our algorithm in achieving high levels

of reconstruction quality and understand the sources of improvements.

Our contributions are summarized below:

• We present NIRVANA, a patch-wise autoregressive video INR framework which ex-

ploits both spatial and temporal redundancies in videos to achieve high levels of

encoding speedups (12×) at similar reconstruction quality and compression rates.

• We achieve a 6× speedup in decoding times and scale well with increasing number of

GPUs, making it practical in various deployment scenarios.

• Our framework adapts to varying video resolutions and lengths without performance

degradations. Different from prior works, it achieves adaptive bitrate compression

based on the amount of inter-frame motion for each video.

2.2 Related Work

Implicit Neural Representations (INR) are a novel family of methods designed to

map a set of coordinates to a specific signal - such as a single image or video - using

a neural network as a function for such mappings. SIREN [13] demonstrates that by

10



utilizing periodic activation functions in MLPs, such a function can be fit and used to

map a wide array of signals, including images, 3D shapes and videos. As an alternative,

[19] shows than an INR network with standard activations can be trained by utilizing

random Fourier features. [20] and [21] propose adaptive block-based approaches whose

complexity mirrors the underlying signals. Frequency-based approaches are proposed in [22,

23, 24] that enable multi-scale representations. The first image specific INR method is

COIN [1], which is extended to encode multiple images through network modulations in

COIN++ [2]. A method for learning local implicit functions is proposed in [25] that results

in smoother super-resolution outputs. Several methods [26, 27, 28] have explored meta-

learning approaches to reduce the long encoding times of image INRs; [29] further shows

that directly initializing a meta-sparse network not only gives a good initialization but also

helps with model compression.

INR for videos. Despite the significant advances in INR methods for image compression,

videos present a more challenging task for INR methods. For example, if we naively add

time as an extra dimension to image-based methods, such as in SIREN [13], the resulting

outputs are grainy. In [30, 31], INR methods that utilize flow-based information to en-

code videos are introduced; however, they cannot scale beyond short low-resolution videos.

NeRV [3] is the first method to scale video compression using INRs. They modify the

implicit mapping function to learn a direct mapping from a video frame index to an entire

frame. Further extensions of NeRV, such as [32, 33], provide minor improvements over the

original architecture. [34] propose learning a single shared NeRV for a diverse set of videos

but are closer to explicit methods. Despite good reconstruction, the problems of long en-

coding times, the lack of inter-frame encoding, and the inability to adapt to video content
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act as major drawbacks for widespread adoptions. [35] use learnable features instead of

coordinates as input but also do not scale to higher video resolution and duration.

Model compression is typically achieved by pruning or quantization of network weights.

A plethora of works perform model pruning with minimal loss of performance [36, 37, 38,

39]. Pruned models contain a majority of zeros and can be stored in sparse matrix formats

[40] for reduction in model size. Alternatively, quantization works [41, 42, 43, 44] to reduce

the number of bits needed to store each model weight, resulting in reduced disk space. As

implicit neural networks represent the data using their model weights, data compression

translates to model compression. In this work, we adopt the works of [17, 45] for model

compression by maintaining a set of quantized parameters during training which are then

stored on disk. These recent methods have shown to achieve high levels of compression

through entropy regularization without sacrificing downstream network performance. We

perform quantization and model compression during training, unlike the post-hoc pruning

and quantization in NeRV [3].

2.3 Approach

2.3.1 Background

Given a video V ∈ RN×H×W×3 consisting of N frames, each with spatial reso-

lution H × W , an INR defines a mapping from the spatio-temporal coordinate X =

(x, y, t);X ∈ R3 to the pixel value p ∈ R3. Thus, it implicitly represents a function

hθ : R3 → R3 parameterized by θ. The function is typically trained by minimizing the

MSE-loss ||hθ(X) − V ||2. While this is a straightforward extension of image-based INR
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methods to the spatio-temporal domain, it fails to exploit the spatial and temporal consis-

tency in videos. Pixel-wise prediction leads to redundant computation and long encoding

times while also producing blurry outputs[13],[1]. To mitigate this issue, NeRV [3] directly

encodes the frame index t ∈ R as a positional embedding input to a model which out-

puts the entire image frame RH×W×3. NeRV consists of several MLP layers followed by

convolution layers which upsamples the latent representation to the target frame’s spatial

resolution. While this formulation improves upon the naive pixel-based formulation, it

does not adapt to arbitrary resolutions, and does not capture the temporal dependencies

between frames as it effectively acts as only an image encoder for each frame.
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Figure 2.2: Overview of NIRVANA: (Left) We propose an autoregressive video INR framework
which performs patch-wise prediction of groups of frames by fitting separate networks to each
group. Each network is initialized with the previous group’s network weights. We store quantized
weights which are optimized during training. (Right) Our architecture consists of several SIREN
MLP layers followed by convolutional blocks. It takes patch coordinates as inputs and outputs
patches across a group of G frames.

2.3.2 Autoregressive Patch-wise Modeling

Patch prediction. The two dominant INR paradigms for video encodings, SIREN [13]

and NeRV [3] represents two extreme ends of a spectrum: the former predicts every pixel

in a video volume independently, while the latter predicts the pixels for a single frame
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simultaneously. Through pixel-wise prediction, SIREN accommodates varying the output

image’s spatial resolution but does not exploit the spatial consistency of the image. In

contrast, while NeRV exploits the spatial consistency of an image through convolutions, it

cannot vary the image’s spatial resolution. We adopt a middle ground between these two

extremes by adopting a modeling approach that instead predicts patches of an image. This

gives us the best of both approaches, since our model utilizes the spatial consistency of an

image while still naturally scaling to varying image resolutions.

We push further in this direction by exploiting the temporal consistency in videos

to predict a volume of patches across neighboring frames. We thus predict a patch group

P ∈ RG×Hp×Wp×3, where G is the number of frames in a group and (Hp,Wp) is the patch

size. This method enables us to reduce the amount of redundant computation in both the

spatial and temporal dimensions, leading to significantly shorter encoding times compared

to NeRV or SIREN.

Autoregressive networks. While it is straightforward to input a 3D patch coordinate

(xp, yp, g) (where (xp, yp) are the patch centroids within a frame and g is the frame in-

dex within each group) and output a patch volume using a single network, it still suffers

from adaptability to varying video content, resolutions, or durations as mentioned in Sec-

tion 2.3.1. To overcome these challenges, we propose to autoregressively fit separate net-

works to each frame group. Each network is fed with the centroids of patches (xp, yp), and

it outputs the corresponding 3D patch volume of the group. Every subsequent network is

finetuned from the previous one, leading to shorter encoding times. As video content does

not change much over a short time period of multiple frames, the difference in weights (or
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weight residuals) after fine-tuning is small. Thus, encoding the weight residuals instead

of the weights themselves leads to higher compression rates. The design of the algorithm

1 allows us to encode multiple chunks of a long video in a parallel manner, a key feature

missing from existing methods. This means NIRVANA can scale linearly with the number

of GPUs without any drop in performance (see Section 2.4.6).

2.3.3 Model Compression and Weight Storage

Since the network weights are the latent representations for the video, network size

directly translates to bitrate of the video encoding. To reduce network size, we adapt

existing works which perform model weights/latent representation compression [17, 45].

For a weight parameter W ∈ θ, where θ is the set of model parameters, we maintain a

corresponding quantized latent weight W̃ . The continuous weight parameter W is then

obtained as W = fϕ(W̃ ) where fϕ is a learned linear transform. The entire setup is trained

end to end, without any post-hoc quantization and fine-tuning. As previously explained,

we encode the quantized latent residuals instead of the latents themselves to achieve higher

levels of compression. We encode these residuals using arithmetic coding [46], a lossless

entropy-based compression algorithm. In order to encourage the latents to have lower

entropy, we add an entropy regularization term to our loss function. This term encourages

the network to have a lower entropy and hence a lower bitrate.

When decoding, each weight is obtained sequentially by cumulatively adding residu-

als. This approach helps in making the bitrate of NIRVANA adaptive to the video content:

for frame-groups that have little motion, they are already closer to convergence and thus
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have small differences in their network weights, leading to sparser residuals and subse-

quently, lower bitrates. This feature is missing in other methods as the models are fixed

for a given video.

2.3.4 Network Architecture

In this section, we describe the network architecture which is used for each frame

group, as illustrated in Figure 2.2. For a group of G frames, we segment patch volumes

of shape (Hp,Wp, G). The input to the network is the 2D patch coordinate (xp, yp) ∈ R2

and the output is the corresponding RGB patch volume P ∈ RG×Hp×Wp×3. We stack

multiple MLP layers with SIREN activations to obtain an output feature representation

vector sp ∈ Rd of dimension d. We replicate sp by G times, and add positional encoding

vectors based on the position of the frame within the group, using the following embedding

function:

τ(t, 2i) = sin
(

t

f 2i

)
τ(t, 2i+ 1) = cos

(
t

f 2i

)
, i ∈ [0, d) (2.1)

where t ∈ [0, G) represents the position of the frame within the group of G frames. We then

add a decoder block as in [3] followed by a 3× 3 convolutional layer to output G patches.

For a video with N frames, we segment it into Ng frame-groups with each group consisting

of G frames (N = Ng × G). For the gth frame-group (g ∈ [0, Ng)), the corresponding

network is represented as hθg consisting of parameters θg. The overall loss objective for
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Algorithm 1: Sequential Video INR
1 Init: Randomly initialize network hθ0 with initial weights θ0 and training iterations

T . The video contains N frames segmented into Ng frame groups of size G each.;
2 for g in 0, 1, 2, · · · , Ng − 1 do
3 if g = 0 then
4 Train hθ0 for T iterations for all patches;
5 Store weights hθ0 ;
6 else
7 Initialize weights hθk ← hθk−1

;
8 Finetune hθk for Tr iterations for all patches;
9 Store quantized latent of residuals hθk − hθk−1

;
10 end
11 end

training the network for the gth frame-group is therefore

Lg = Lmse(hθg(p), vg) + λILent(θg) (2.2)

where p represents patch grid coordinates and vg means the corresponding ground-truth

frame-group pixel values. Lent(θg) represents the entropy regularization loss on the model

parameters θg. It is weighed by the coefficient λI controlling the rate-distortion trade-off

for reconstructing the frame groups.

2.4 Experiments

2.4.1 Datasets and Implementation Details

The standard benchmark UVG dataset [18] is used to compare our approach NIR-

VANA with prior video INR works. Following similar setups [3], our approach is evaluated

on 7 videos from the dataset at 1080p resolution (UVG-HD) and 120 fps with 6 videos con-
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Dataset Method Encoding Time (Hours)
↓

Decoding Speed
(FPS) ↑

PSNR ↑ BPP ↓

UVG-HD

SIREN ∼30 15.62 27.20 0.28
NIRVANA (Ours) 5.44 87.91 34.71 0.32

NeRV ∼80 11.01 37.36 0.92
NIRVANA (Ours) 6.71 65.42 37.70 0.86

UVG-4K NeRV ∼134 8.27 35.24 0.28
NIRVANA (Ours) 20.89 50.83 35.18 0.27

Table 2.1: Comparison with video INR approaches on UVG benchmarks. We vary patch
size of NIRVANA on UVG-HD to match the BPP of SIREN and NeRV respectively. NIRVANA
achieved much faster encoding and decoding speed, while maintaining better or on-par quality at
comparable BPP.

sisting of 600 frames and 1 with 300 frames. To show our scalability for higher resolution

videos, we show results for the 7 videos at 4K resolution (UVG-4K) as well. We addition-

ally include a video from the Youtube-8M (see supplement) [47] dataset at 1080p resolution

and 60 fps with 3 separate versions segmented at 2000/3000/4000 frames to demonstrate

our model’s capability for long videos. We use the standard PSNR (in dB) to measure the

reconstruction quality and bits-per-pixel (BPP) to measure the compression rate. We also

include encoding times as well as their decoding speed in fps.

The MLP network consists of 5 SIREN layers with a layer size of 512 and sine acti-

vation. The network predicts 32× 32 patches for 3 frames (G = 3) in all our experiments

unless mentioned otherwise. The number of iterations is set to 16000 for the first group

in order to obtain a good initialization and 2000 iterations for subsequent groups. We

set the learning rate to be 5 × 10−4 and optimize the network with the MSE and entropy

regularization loss. The entropy loss weight coefficient λI as defined in Equation 2.2 is

set to 1 × 10−4. In practice, the coefficient can be varied to control the trade-off between

PSNR and BPP. We use the torchac library to perform arithmetic encoding of the quan-

tized weight residuals. Since the convolutional layers typically contain only a fraction of
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the total network parameters (∼10%), we do not quantize their weights and use the LZMA

compression method for storing their residuals.

We use pixel-wise method SIREN [13] and frame-wise method NeRV [3] as our base-

lines. For SIREN, we use a 5-layer MLP with hidden dimension of 2048. For NeRV, we use

the NeRV-L configuration as specified in the paper. Encoding times reported are equiv-

alent to when fully run on a single NVIDIA RTX 2080 GPU. For NeRV, we fit separate

models to each video and remove 40% of the parameters during the pruning stage with the

remaining weights quantized to lowest possible bit-width without significant performance

drop. Further architectural details can be found in the supplementary material.

2.4.2 UVG-HD

Comparisons on the UVG-HD dataset are summarized in Table 2.1. By varying

the patch size, we let NIRVANA achieve similar BPP to SIREN and NeRV respectively.

NIRVANA outperforms SIREN by a significant margin in terms of PSNR with 6× shorter

encoding times. Similarly, our approach obtains speedups of ∼12× compared to NeRV

while still achieving marginally higher PSNR (+0.34dB) and lower BPP. Additionally, we

obtain a decoding speed of ∼65 FPS which is nearly 65× and 6× speedup in inference

time/decoding compared to SIREN and NeRV respectively. This shows the efficacy of our

framework to reduce redundant computation in both the spatial and temporal domains.

We show our qualitative results in Fig. 2.6.
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Num Frames Method Encoding Time
(Hours) ↓

PSNR ↑ BPP ↓

2000 NeRV 84.44 33.38 0.22
NIRVANA (Ours) 20.85 35.43 0.62

3000 NeRV 134.58 31.6 0.16
NIRVANA (Ours) 31.37 35.21 0.64

4000 NeRV 190.30 30.53 0.12
NIRVANA (Ours) 41.84 35.15 0.65

Table 2.2: Video duration adaptability: For longer videos, we maintain similar reconstruction
quality (∼35 PSNR) and compression rate (∼0.62 BPP). We retain a significantly faster encoding
speed than NeRV which suffers from significant degradation with increased number of frames.

2.4.3 UVG-4K

To analyze the spatial adaptability of our approach, we test our method on the UVG-

4K dataset, with results shown in Table 2.1. Compared to NeRV, we achieve a∼6× speedup

in both encoding and decoding times, while maintaining similar PSNR (35.24 vs 35.18) and

slightly better BPP (0.28 vs 0.27). Furthermore, to adapt to such higher resolution data,

our method does not require any architectural modifications as opposed to NeRV which

requires addition of 2X upsampling blocks to increase predicted resolution. Note that a

higher PSNR can be achieved with longer training schedules as we show in Section 2.5.4,

but we limit to 2000 iterations to maintain consistency across datasets.

2.4.4 Long Videos

We now analyze the effect of increasing video duration for our approach. We utilize

a video from the Youtube-8M dataset and evaluate on 3 separate segments consisting

of the first 2000/3000/4000 frames. Results are summarized in Table 2.2. Our approach

maintains a similar PSNR (< 0.3 drop) with increased number of frames while still encoding
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at a similar bitrate (< 0.04 increase). In contrast, even with higher encoding times (4×

slower), NeRV suffers from significant degradation on longer videos with PSNR dropping

from 33.38 → 31.6 → 30.53. Since NeRV’s model size remains constant, its BPP reduces

with increased number of frames. However, the fixed number of network parameters limits

its ability to fit to a larger set of frames, leading to performance drops.

Additionally, since our approach is autoregressive, it needs to be trained only once

even with increasing number of frames. Networks for future frames are simply initialized

with the weights of the previous networks and trained before encoding the weight residuals.

Such a modeling makes it suitable for online scenarios as well with a constant stream of

frames. In contrast, NeRV requires separate models to be trained for different video dura-

tions as each training epoch consists of training on all frames. Note that both approaches

scale linearly with increased video duration, but NeRV fits the same model to larger video

signals, leading to performance drops. Specific architectural modifications are necessary to

improve the PSNR for longer videos which comes at the cost of even higher encoding times.

2.4.5 Adaptive Compression

Videos can consist of different levels of inter-frame motion with more static videos con-

taining higher levels of temporal redundancy in comparison to dynamic ones. To illustrate

the capability of our approach to exploit such redundancies, we evaluate the compression

rate on 6 videos in the UVG-HD dataset which consist of 600 frames. We sort each video

according to their average MSE between subsequent frames, which serves as a proxy to

the amount of temporal redundancy in the video. More static scenes like Honeybee have a
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lower MSE compared to highly dynamic scenes like Jockey. We plot the PSNR and BPP

of NIRVANA and NeRV with increasingly dynamic video content and show the results

in Figure 2.3. Note that the average PSNR/BPP over the 6 videos can be increased or

decreased by varying other hyperparameters such as patch size, number of groups, entropy

loss coefficient etc. (as shown in Section 2.5), but we focus on adaptability to videos for

a given hyperparameter configuration. We see that our approach has an adaptive bitrate

compression with more static scenes like Honeybee (MSE 2.2 × 10−4) that has a lower

bitrate (0.51), compared to dynamic scenes such as Jockey (MSE 0.9 × 10−3) which are

allocated more bits (0.96). We maintain similar PSNR as NeRV which has a constant BPP

due to the same model applied to all videos. While NeRV’s quantization bit width can be

reduced further for lower BPP, it is a post-hoc approach which comes at the cost of PSNR

and requires tuning for each video. In contrast, our approach adaptively varies the BPP

during training with no change in hyperparameters.

2.4.6 GPU Parallelization

We now analyze the scalability of our approach with a larger number of GPUs. In

Figure 2.4 we plot the encoding times for “Jockey” (both 1080p and 4K versions) from UVG

dataset for NeRV (using distributed training) and our methods. The design in Algorithm

1 allows different chunks of the source video to be processed autoregressively on separate

GPUs. As the number of GPUs are scaled with a factor of 2×, our approach achieves

close to linear scaling with very little overhead for the case of UVG-4K (1.0× → 2.0× →

3.8× → 7.3×) compared to a weaker scaling of NeRV (1.0× → 1.7× → 2.7× → 4.3×).
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UVG-HD shows a higher amount of overhead but still scales fairly well with increased

GPUs compared to NeRV. Thus, we see the capability of parallelization of our approach

with higher number of GPUs. Also note that the time taken by NeRV for HD videos on 8

GPUs is still higher than the time taken by NIRVANA on a single GPU.

2.5 Ablation Studies

In this section, we study the impact of various parameters of our approach on the

PSNR-BPP tradeoff curves as seen in Figure 2.5. By varying the entropy loss coefficient, we

obtain different points on the tradeoff curve with a higher coefficient leading to lower BPP

(low rate) but also lower PSNR (high distortion). We additionally show the convergence

effects of longer training for each group with increased number of iterations. Results are

evaluated on the Jockey video of the UVG-HD dataset. While varying each parameter

along with the entropy coefficient, we fix other parameters to their default values of patch

size at 32 × 32, group size at 3, and number of iterations at 2000. We sample values of

the entropy coefficient λI between 1 × 10−5 and 5 × 10−4 to obtain various points on the

tradeoff curve.

2.5.1 Effect of Entropy Regularization

We analyze the effect of varying the entropy coefficient λI and obtain a PSNR-BPP

curve visualized in Figure 2.5(a). In general, we see that increasing λI decreases the BPP

at the cost of PSNR. This is to be expected as increasing the entropy regularization forces

the quantized weights of each frame group’s networks to lie in fewer quantization bins.
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Consequently, more weight residual (difference between quantized weights of subsequent

frame groups’ networks) values are 0 leading to lower entropy of the weights and subse-

quently lower BPP of the model. The entropy coefficient thus provides a natural way of

controlling the PSNR-BPP tradeoff according to the required application.

2.5.2 Effect of Patch Size

We vary the patch prediction size of our network from 8 × 8 to 48 × 48 in steps of

8. We visualize the results in Figure 2.5(b). In general, increasing patch size shifts the
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Figure 2.6: (Left) Ground truth video frames. (Center) Reconstruction from NIRVANA. (Right)
Reconstruction from NeRV. We show that NIRVANA is able to preserve the image fidelity after
reconstruction, capturing important details such as the veins in the eye of Beauty, and the color
quality in the Bosphorus video.

curve upwards and to the right corresponding to higher PSNR but also high BPP. A higher

patch size results in an increase in number of network parameters (both in convolutional

and SIREN layers) and hence its expressivity, leading to higher PSNR. However, as patches

are less localized, the outputs of networks between subsequent frame-groups vary more sig-

nificantly with dynamic scenes (such as Jockey), leading to larger residuals. This increases

the entropy of the residuals and as a result, the BPP.

2.5.3 Effect of Frame Group Size

We vary the frame group size from 2 to 8 in steps of 1, visualizing the results in

Figure 2.5(c). Increasing the group size, in general, reduces BPP at the cost of PSNR. This

is expected as a single model shares computation across a larger group of frames effectively

leading to fewer parameters per frame and lower BPP. However, group size of 3 obtains

the best tradeoff curve in the < 0.8 BPP regime with higher group size detrimental to

the performance. This is likely because of the fixed MLP representation capability which

learns a shared global representation for all frames within a group. For a dynamic scene

such as Jockey with significant pixel shift between frames (Section 2.4.5), a larger MLP is

necessary for capturing the variations within a group.
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2.5.4 Effect of Number of Training Iterations

To analyze the effect of longer training schedules, we vary the number of training

iterations for the network for each frame group from 500 to 5000. Results are shown

in Figure 2.5(d). Increasing the number of iterations improves the PSNR-BPP tradeoff

with the curve shifting upwards. This shows that our network can obtain higher quality

reconstructions for longer training times at no cost to the compression rate. This can be

made feasible with higher number of GPUs as shown in Section 2.4.6. However, increasing

iterations provides diminishing gains as we observe the curves approaching closer to each

other with higher iterations.

2.6 Discussion

In this work, we propose an autoregressive video INR framework, NIRVANA, which

segments videos into groups of frames and fits separate neural networks to each group.

Each network performs a patch-wise prediction across the group of frames thus exploiting

both the spatial and temporal redundancy present in videos, improved from the previous

works. Each network is initialized with the weights of the previous frame-group’s trained

network. We additionally quantize weights during training, requiring no post-hoc pruning

or quantization and store weight residuals between subsequent frame group’s networks to

obtain high levels of compression. NIRVANA achieves 12× speedups on standard datasets

compared to previous methods while maintaining similar levels of reconstruction quality and

compression rate. NIRVANA adapts to varying video resolution and duration without large

performance degradation and no architectural modifications. Additionally, our framework

27



adaptively compresses videos based on their inter-frame variation and also achieves high

levels of decoding speed compared to prior works.

2.7 Appendix

2.7.1 Additional Implementation Details

2.7.1.1 NeRV

We use the NeRV-L config from the original paper. The model takes in positional

embedding of time coordinate as input. We set the number of sine levels to 80 and base

value to 1.25. The hidden dimension of the 2-layer MLP in the beginning is set to 1024,

with 128 output channels and an 8× channel expansion for the first NeRV Block. We

stack 5-NeRV blocks with upscale factors of {5, 3, 2, 2, 2} for HD version and an additional

block with 2× upsampling for the 4K version. Following the standard training schedule,

we use cosine learning rate schedule starting with 5e−4, with a warmup of 0.2. We use the

combination of L1 and SSIM loss and train the model with a batch size of 1, as mentioned

in the paper.

2.7.2 Entropy Loss and Weight Quantization

We follow the works of [17, 45] for performing model compression with small varia-

tions. We represent our MLP layer weights as w1,w2, ...,wL for L layers with the lth layer

weight matrix wl ∈ ROl×Il having a shape Ol × Il consisting of continuous values. For

each weight matrix, we maintain a corresponding flattened latent quantized representation
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vector ~wl ∈ ZOlIl . ~wl consists of integer values for each corresponding element in wl. For

ease of notation, we drop the subscript l.

We then maintain decoders fϕ(.) parameterized by parameters ϕ. The weight matrix

w is then obtained from the quantized weights ~w as w = fϕ(~w). Prior works use matrices or

vectors to represent the weight decoders while we use a single scalar ϕ as a parameter of the

decoder. The weight matrix is thus simply, w = reshape(ϕ~w), where the scale parameter

ϕ is multiplied with individual values of ~w. We make the scale parameter learnable by

passing gradients. Thus, it effectively controls the bit width of the weight matrix. We

maintain separate decoders for each layer of the MLP.

To make the network fully differentiable, we maintain continuous surrogates ŵ for the

discrete latents ~w. During training, we simply round the surrogates to their nearest integer

to obtain the discrete latents which are then passed to the decoder. We make the rounding

operation differentiable using the straight-through estimator [48] to pass the gradients from

ŵ to ~w.

To reduce the entropy of the quantized latents, we use probability models from [8].

For each continuous surrogate ŵ, we maintain probability models cθ(.) parameterized by θ

which output the CDF of the latent distributions. Similar to prior works, we use uniform

noise n ∼ U
(
−1

2
, 1
2

)
as a substitute for quantization. The entropy of the model can now

be minimized by minimizing the self-information I as follows:

I(~w) = − log2(cθ(ŵ + n)). (2.3)
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This serves as the entropy regularization loss which controls the rate-distortion tradeoff.

A higher entropy coefficient λI leads to more compressed latents (lower rate), but usually

at the cost of PSNR (higher distortion). The network latents, decoder parameter, and

probability model parameters are learnable and jointly optimized. Following prior works,

we use a learning rate of 1e−4 for the probability model weights and the same learning rate

for the decoder weights. We set the learning rate of the latents to 5e−4. All the parameters

are optimized in an end-to-end manner with an Adam optimizer during training, thus

requiring no post-hoc approaches. After training, we discard the probability models and

use the frequency of each quantized value in the latent vector to obtain the probability

tables required for arithmetic entropy coding. Note that the continuous surrogates are

discarded and only their rounded discrete latents are stored using entropy coding. These

latents can then be decoded using the probability tables. The decoder parameters and

probability tables have almost no overhead compared to the overall model latents.

2.8 Additional Dataset Details

2.8.1 UVG-4K

In addition to the datasets shown in Section 4 of the main paper, we show quantitative

and qualitative results on 7 more videos from the UVG dataset at the 4K resolution:

Twilight, Sunbath, CityAlley, FlowerFocus, FlowerKids, RiverBank, and RaceNight. We

dub this dataset UVG-4K (Set 2).
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2.8.2 Youtube-8M

We select 5 more videos from the Youtube-8M dataset, with varying video content to

further test the ability of our model to encode longer videos. This is an extension of the

experiments from Section 4.4 which consists of a single video (Mario Kart). We present

the details of each video used in Table 2.3:

Video Frames Link

Mario Kart 4000 http://bit.ly/3XjIvfR
Dota 4261 http://bit.ly/3Xf6Nru
Ride 4000 http://bit.ly/3TOEgWI
Submarine 3626 http://bit.ly/3EJKzGM
Water Scooter 4199 http://bit.ly/3OhF99h
Mortal Kombat 3239 http://bit.ly/3EdvNGU

Table 2.3: Details of Youtube-8M dataset.

2.9 Video-wise comparison

In addition to the datasets shown in Section 4 of the main paper, we show quantitative

results on 7 more videos from the UVG dataset at the 4K resolution: Twilight, Sunbath,

CityAlley, FlowerFocus, FlowerKids, RiverBank, and RaceNight, we dub this dataset UVG-

4K (Set 2). For videos with longer duration, we pick 5 additional videos from the Youtube-

8M dataset and encode approximately 4000 frames for each video and show the quantitative

results averaged over the 5 videos.

We show additional quantitative results on UVG-4K (Set 2) and Youtube-8M men-
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tioned above.

2.9.1 UVG-HD

We provide video-wise results of our approach along with that of NeRV [3]. We

evaluate the video on the additional perceptual quality metrics of FLIP [49] and VMAF

[50] as well, along with the standard PSNR. In addition to the image quality metrics, we

also measure the tOF/tLP metrics proposed by [51] for measuring temporal consistency.

tOF measures the L1-error between the optical flows from the predicted frames and the

ground-truth frames while tLP uses the LPIPS metric instead. Results are summarized in

Table 2.4. We see that we continue to obtain similar performance compared to NeRV in

terms of these metrics while being ∼12× faster. Also note the adaptive BPP of our method,

which is based on the amount of motion in each video. In contrast, NeRV maintains a fixed

BPP due to fixed model size (ShakeNDry shows twice the BPP due to half the number

of frames). We observe a small drop in VMAF (92.33 → 91.14) while maintaining similar

value of FLIP (∼ 0.0632) compared to NeRV. We marginally outperform NeRV based on

the temporal metrics of tOF (0.3167→ 0.3077) and tLP (0.2125→ 0.2032).

2.9.2 UVG-4K

We provide video-wise results on the 2 sets of UVG at 4K resolution. For Set 1,

we obtain comparable performance to NeRV while obtaining ∼6× faster encoding speed.

Similar to UVG-HD, we continue to show the benefits of adaptive compression, with static

videos such as Honeybee showing lower levels of BPP (0.14) compared to the most dynamic
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Video Name NIRVANA (Ours) NeRV

PSNR ↑ VMAF ↑ FLIP ↓ tOF ↓ tLP ↓ BPP ↓ PSNR ↑ VMAF ↑ FLIP ↓ tOF ↓ tLP ↓ BPP ↓

ReadySteadyGo 35.43 98.04 0.0862 0.3348 0.2231 1.26 34.59 96.95 0.0862 0.3604 0.2089 0.81
Bosphorus 40.53 90.97 0.0549 0.1900 0.1371 0.68 39.11 88.26 0.0621 0.1980 0.1654 0.81
Beauty 35.77 84.46 0.0524 0.2716 0.3123 0.96 34.57 86.35 0.0605 0.3352 0.3646 0.81
Honeybee 38.83 91.31 0.0505 0.0918 0.1511 0.51 39.71 95.08 0.0419 0.0824 0.1491 0.81
Jockey 37.56 93.07 0.0710 0.7303 0.2777 0.96 38.16 95.76 0.0653 0.7001 0.2684 0.81
Yachtride 37.94 91.31 0.0668 0.3480 0.1604 1.03 35.68 88.70 0.0786 0.4243 0.1881 0.81
ShakeNDry 37.82 88.81 0.0608 0.1875 0.1607 0.76 39.68 95.20 0.0468 0.1165 0.1429 1.61

Average 37.70 91.14 0.0632 0.3077 0.2032 0.86 37.35 92.33 0.0631 0.3167 0.2125 0.92

Table 2.4: Video-wise performance on UVG-HD: We show video-wise results of the 7 videos
in UVG-HD and compare the reconstruction quality using the 3 image metrics: PSNR, VMAF,
and FLIP, the 2 temporal metrics: tOF/tLP [51], along with compression rate measured by BPP.
We see that we maintain similar performance as NeRV in all 5 metrics and BPP while having
12× faster encoding speed (as also shown in Table 1 of the main paper).

video, ReadySteadyGo (0.41 BPP). For Set 2, we outperform NeRV by 1.5 PSNR while still

obtaining 25% lower BPP 0.28→ 0.21. The PSNR drop of NeRV on the Twilight video is

largely due to quantization at the fixed bit width of 20. Hand-tuning is necessary in order

to maintain higher PSNR but at the cost of BPP. In contrast, our approach maintains the

reconstruction quality for a variety of videos and adaptively quantizes for each video.

2.9.3 Youtube-8M

We now provide video-wise results of 5 videos picked from the Youtube-8M dataset at

1080p resolution. Details of the videos are provided in Table 2.3. Results are summarized

in Table 2.6. We see that our reconstruction quality does not degrade with longer videos.

This behavior is different from NeRV, which obtains a significant drop in PSNR (about

−5.2). This is in line with the observations in Section 4.4 of the main paper, where we see

that increasing number of frames results in drop of NeRV’s reconstruction quality while we

maintain similar levels of performance.
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Video Name NIRVANA (Ours) NeRV

PSNR BPP PSNR BPP

ReadySteadyGo 33.85 0.41 33.22 0.24
Bosphorus 38.71 0.21 39.0 0.24
Beauty 31.96 0.28 31.05 0.24
Honeybee 35.64 0.14 36.36 0.24
Jockey 35.05 0.30 35.9 0.24
Yachtride 36.33 0.33 35.05 0.24
ShakeNDry 34.78 0.24 36.09 0.49

Average 35.18 0.27 35.23 0.28

Video Name NIRVANA (Ours) NeRV

PSNR BPP PSNR BPP

FlowerFocus 36.50 0.12 37.08 0.24
CityAlley 37.43 0.17 38.39 0.24
Twilight 38.02 0.13 20.99 0.24
FlowerKids 34.62 0.26 33.77 0.24
RiverBank 33.83 0.26 32.35 0.24
RaceNight 32.72 0.27 32.92 0.24
Sunbath 37.75 0.24 44.17 0.49

Average 35.84 0.21 34.23 0.28
(a) UVG-4K (Set 1) (b) UVG-4K (Set 2)

Table 2.5: Video-wise comparison on different sets of UVG-4K: We show video-wise results
on 2 different sets of 7 UVG videos at 4K resolution. Set-1 consists of videos from UVG-HD at
4K resolution while Set 2 consists of additional 7 videos from the dataset. We maintain similar
performance in terms of PSNR and BPP as NeRV while also being ∼6× faster for both sets and
being 6× faster in terms of encoding time.

2.10 Additional Ablations

In addition to the ablations shown in Fig. 5, we analyze the effect of layer size and

the number of layers of the MLP in our network when evaluating on the Jockey video of

the UVG-HD dataset. Note that the default values of layer size is 512 and the number of

layers is 5.

2.10.1 Effect of Layer Number

We increase the number of layers from 3 to 6, while keeping other parameters at their

default values and varying the entropy coefficient λI for each curve as in Section 5. Results

are summarized in Figure 2.7(a). We see that increasing the number of layers from 3 to

5 improves the tradeoff curve (shifts upwards) in the low BPP regime (<0.8). However,

increasing it further shifts the curve upwards and to the right. This might be because the
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Video Name NIRVANA (Ours) NeRV

PSNR BPP PSNR BPP

Dota 38.03 0.62 35.53 0.34
Ride 36.65 1.09 29.74 0.36
Submarine 38.48 0.69 33.64 0.40
Water Scooter 37.79 0.84 30.46 0.34
Mortal Kombat 36.02 1.03 31.36 0.45

Average 37.39 0.85 32.14 0.38

Table 2.6: Results on Youtube-8M videos with long duration. We provide video-wise re-
sults on 5 videos picked from the Youtube-8M datasets with approximately 4000 frames compared
to the typical 600 from UVG. Still we maintain PSNR/BPP with no change in hyperparameters,
whereas NeRV shows large degradation in performance for the same network and similar encoding
times.
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Figure 2.7: Increasing number of layers improves the PSNR/BPP curve upto 5 layers in the lower
BPP regime (<0.8). Increasing layer size shifts the PSNR/BPP curve upwards and to the right
as representation capacity increases along with more parameters.

MLP network requires higher levels of non-linearity to learn a global representation for a

group of 3 frames which typically contain significant motion in the case of Jockey. However,

for 6 layers the network shifts the curve upwards and to the right, and we no longer obtain

increase in PSNR at no cost of BPP.
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2.10.2 Effect of Layer Size

We vary the layer size from 128 to 768 progressively, in steps of 128 for each of the

5 layers. Results are summarized in Figure 2.7(b). We see that increasing the layer size

simply shifts the curve upwards and to the right, which is expected as a higher number

of parameters leads to more representation capability of the network at the cost of more

parameters. While increasing the number of layers increases number of parameters as

well, a similar tradeoff is not present in that case up to a certain level, suggesting that

a minimum number of non-linearities/activation functions are important to achieve the

optimal tradeoff.

2.10.3 Effect of video content

Section 4.5 in the paper shows the capability of our approach to adapt to video

content based on varying stability. To further illustrate this, we visualize the correlation

between BPP and L1-error (average L1 norm between pixel values of two frame groups)

in Fig. 2.8. We see that for the Jockey video, lower L1-error between 2 subsequent frame

groups shows direct correlation with the BPP required for storing that frame-group. This

is to be expected as lower frame residuals reduces the entropy of the quantized residual

weights as well and subsequently, lower BPP.

In addition to BPP, we also analyze the effect of convergence speed for various types

of videos. We vary number of iterations for training networks for each frame group for the

Honeybee and Jockey videos and visualize the results in Table 2.7. Stable videos such as

Honeybee converge faster with only a 0.9 dB PSNR drop for 4× encoding speedup from
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Iterations Honeybee Jockey
PSNR BPP PSNR BPP

500 37.93 0.35 35.97 0.85
1000 38.25 0.37 36.82 0.90
1500 38.72 0.50 37.25 0.93
2000 38.83 0.51 37.56 0.96

Table 2.7: Convergence. We vary number of training iterations for each frame group in the
Honeybee (static) and Jockey (dynamic) videos from UVG-HD. Honeybee achieves faster conver-
gence showing that stable videos can be encoded faster.
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Figure 2.8: BPP correlates with L1 error: lower L1 error gives lower BPP.

2000 to 500 iterations while dynamic videos such as Jockey obtain a larger 1.5dB PSNR

drop at similar encoding speedups. Due to our autoregressive modeling, the initialization

of the network weights from the previous frame group provides a good solution for stable

videos with little inter frame shift in comparison to dynamic ones.

37



Denoising Method Black White Salt& Pepper Random Average
Baseline 27.5 28.29 27.95 30.95 28.74
Mean Filter 29.11 29.06 29.10 29.63 29.22
Median Filter 33.89 33.84 33.87 33.89 33.87
Gaussian Filter 30.27 30.14 30.23 30.99 30.41
NIRVANA 37.18 37.19 37.21 37.22 37.20

Table 2.8: Results for video denoising. We outperform classical denoising filters by a large
margin for different types of noises.

2.11 Denoising

To test our method on downstream applications, we choose the task of denoising.

Given a noisy video, our method is capable of removing the noisy patterns without any

explicit supervision. We train and test our method on videos with various noise patterns and

observe that out method outperforms all classical filter baselines. Results are shown in table

2.8. We outperform classically filters such as Mean/Median/Gaussian filter for a variety of

noises such as Black/White/Salt and Pepper showing the efficacy of our representations to

be applied to other tasks as well.

2.12 Qualitative Results

In Figure 2.10 we qualitatively visualize the reconstruction results for 3 videos from

Set 2 of UVG-4K and 2 videos from Set 1. We obtain higher-quality and more faithful

reconstructions while preserving more details at similar or even lower BPP compared to

NeRV; e.g., Twilight (0.24 → 0.13), RiverBank (0.24 → 0.26), CityAlley (0.24 → 0.17).

Notice the bird which is reconstructed by our approach in Twilight (top), or finer details
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Figure 2.9: Qualitative results from UVG-4K Set-2: (Left) Ground truth video frames.
(Center) Reconstruction from NIRVANA. (Right) Reconstruction from NeRV. Top to bottom: We
show further examples where NIRVANA is able to preserve the image fidelity after reconstruction,
such as the bird in Twilight, the tree in RiverBank, and the human faces in CityAlley.

of the branches in RiverBank (second), or maintaining the right color information of the

door and the people’s shirts in CityAlley (third) or the red dot in Yachtride (fourth).

We continue to maintain important information in the images such as the number on the

signboard of ReadySetGo (bottom) while NeRV fails to capture these fine details.
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Ground Truth NIRVANA NeRV

Figure 2.10: Qualitative results from UVG-4K: (Left) Ground truth video frames. (Center)
Reconstruction from NIRVANA. (Right) Reconstruction from NeRV. Top to bottom: We show
additional examples where NIRVANA is able to preserve the image fidelity after reconstruction,
such as the bird in Twilight (top), the tree in RiverBank (second), humans in CityAlley (third)
and signboards in ReadySetGo (bottom).
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Chapter 3: SIEDD: Fast Implicit Neural Video Coding

In this chapter we dive deep into the most obvious drawback of video INR systems -

encoding speed. In real world settings, long encoding times translate to higher costs, which

negates any potential benefits from the compression. The science might “just work”, but

the economics don’t. Hence, it is crucial to develop INR-based video codecs that have fast

encoding speeds along with good compression. Since the problem is overfitting, we need to

find a way where we can have a good enough prior and at the same time ensure that the

optimization process is fast.

3.1 Introduction

Video data forms the majority of internet traffic and it is projected to grow expo-

nentially over the next decade. Traditional video codecs [52, 53, 54] have hit a wall and

the field is increasingly looking towards neural-based methods [cite] to deliver efficient rate-

distortion trade-offs. Implicit Neural Representations (INRs) for videos offer an alternative

functional representation of videos. Video-INRs have good compression and great decoding

speeds, but suffer from slow encoding speeds, which makes them impractical.

Unlike autoencoder-based video coding methods [55, 56, 57], Video-INRs are opti-

mized per video, making them more truthful to the source, without any hallucinations [11]
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a necessary property. But this presents a huge problem - encoding a video is no longer a

simple forward pass, but an extensive gradient optimization process which can take hours

to encode a single clip. We stress on the fact that encoding time is crucial for widespread

adoption of INR-based video codecs. For example, the price of encoding a single minute of

1080p video at 30fps costs around $0.04 on AWS Mediaconvert, while training a Video-INR

like [58] on the same clip with an RTXA5000 would cost upwards of $3, a whopping 75x

increase.

Existing works [29, 59, 60] in the field point towards having a good prior/initialization

to be the key factor in imporving optimization times. However, these methods require

huge memory [29] or do not scale beyond small video resolutions [60], limiting their im-

pact. To overcome these limitations, we introduce SIEDD, a shared-encoder architecture

designed for scalable and efficient encoding. We first rapidly train a shared encoder on

a small set of keyframes—without requiring full convergence—to capture low-frequency,

video-specific features. Inspired by findings in [61, 62], we leverage the insight that early

INR layers encode generalizable representations that converge quickly and transfer well

across frames. In contrast to frame-wise video INRs, which require per-frame encoding

and lack spatial flexibility, our method takes normalized 2D coordinates as input. This

enables continuous-resolution decoding from a single encoding pass—eliminating the need

for resolution-specific transcoding and significantly reducing overhead. Once the encoder

is trained, we freeze it and train lightweight, frame-group-specific decoders independently.

This design enables scaling to long videos and allows parallelized decoder training, as

demonstrated in [63]. Additionally, by exploiting spatial sparsity, we subsample the coor-

dinate space during training—yielding large gains in encoding speed without compromising
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reconstruction fidelity. Finally, by using simple MLP layers throughout, our architecture

remains compatible with recent advances in LLM quantization [64, 65], enabling further

compression without any architectural changes. SIEDD achieves an impressive 20× en-

coding speed-up on UVG-HD [18] and over 30× on UVG-4K [18], while preserving high

reconstruction quality. This speedup is a step towards making INR based video codecs

more practical for deployment.

To summarize, our contributions are as follows:

• A novel architecture with shared encoder and discrete decoders that greatly speeds

improves video encoding times of Video-INRs. Our model can scale both spatially

(to 4K) and temporally (for longer videos) without any modifications.

• A two-stage training process that uses the fact that early INR layers require fewer

iterations to converge, combined with sparse sampling.

• Extensive experiments on UVG [18], UVG-4K and DAVIS datasets along with archi-

tectural ablations.

3.1.1 Video Compression

Legacy video codecs like H264 [52], HEVC [53] and the more recent VVC [54] operate

on similar first principles. They compress videos by exploiting redundancy and motion

between frames. However, such hand-engineered techniques and heuristics have hit a limit

in terms of performance gains [66]. Neural video codecs [55, 56, 57] build on existing

autoencoder based hyper-prior architectures [8] to improve compression.

43



3.1.2 Implicit Neural Representations

Implicit Neural Representations (INRs). have emerged as a compact and differen-

tiable paradigm for modeling continuous signals such as images[13], videos [3], audio [67]

and 3D scenes [14]. Rather than storing discrete data, INRs encode a signal as the weights

of a neural network that maps input coordinates to output values, offering high fidelity

and resolution-agnostic reconstructions. Early works like SIREN [13] demonstrated the

expressivity of periodic activation functions in fitting detailed signals from scratch. Ex-

tending to video, NeRV [3] introduced a frame-wise INR architecture mapping timestamps

to RGB frames, enabling fast inference but at the cost of limited spatial control. Subsequent

efforts[58, 63, 68, 69] addressed these limitations: HNeRV[58] introduced content-adaptive

embeddings to improve convergence and generalization, while NIRVANA [63] adopted an

autoregressive, patch-wise approach to exploit spatio-temporal redundancy and support

scalable encoding of high-resolution, long-duration videos. Works like Tree-Nerv [70], DS-

Nerv [71]incorporated ideas of efficient sampling and dynamic codes to further improve

these systems.

3.2 Model Compression

With Video-INRs, the task of Video compression is essentially transformed into a

model compression problem. In this functional paradigm, the challenge then becomes to

effectively quantize [72, 73, 74] and store the weights of the resulting neural network with

minimal loss. We employ HQQ Quantization [64] - a post training quantization technique

combined with lossless entropy coding [75] to provide efficient bitstream.
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Figure 3.1: Overview of the SIEDD architecture. During the shared encoder training phase
(left), a positional encoding of 2D coordinates is passed through a shared encoder and used to
train a small number of frame-specific decoders on anchor frames sampled every Ng frames. In
the decoder training phase (right), the encoder is frozen, and separate lightweight decoders (or
last layers) are trained independently for each frame group, enabling parallelization and efficient
scaling to longer videos.

3.3 Method

3.3.1 Overview

Here, we will introduce our video encoding pipeline. SIEDD consists of a two-stage

training process. First we train a shared encoder model using a small subset Ns out of

N video frames (Ns ≪ N). In the next stage, we freeze the trained encoder and only

train separate decoder networks for each frame group Ng. In all our experiments, we held

Ns = Ng.

3.3.2 Shared Encoder Training

We define the shared encoder as an MLP fθ : Rin → Rd, which maps input coordinates

to a latent representation. Each decoder gϕ,i : Rd → R3, where 0 < i < Ns, is also an MLP

that maps the shared latent vector to an RGB output for frame i. Prior to the encoder, we
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apply a positional embedding γ : R2 → Rin to the 2D input coordinates. Both the encoder

and decoder use the sine activation function [13] with frequency parameter ω = 30 in all

layers except the final one, which is left linear to produce the output. A SIEDD network is

composed of a frozen positional embedding, followed by a shared encoder, and finally the

Ns decoders. This is defined as

hϕ,θ(x) = concati (gϕ,i ◦ fθ ◦ γ(x))

h : R2 → RNs×3

We initially fit a shared encoder by overfitting it to Ns separate decoders on uniformly

sampled keyframes from the whole video. To achieve this, we optimize

θ∗, ϕ∗ = argmin
θ,ϕ

L(hϕ,θ(x), y)

These trained decoders are used to initialize the weights of frame specific decoders in the

next stage. We use the standard L2 loss for all of our experiments unless specified otherwise.

3.3.3 Discrete Decoder Training

We chunk our videos into groups of Ng frames each. We take the trained shared

encoder from stage-1 and freeze it, while proceeding to train individual decoders for each

frame group. To improve the speed, decoder weights are initialized from the closest key

frame’s decoder weights from the shared encoder model. This method deviates from [61]

where the shared encoder is also trained for unseen images. Note that since our encoder
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is frozen, these decoders are not dependent on each other, allowing us to train them in

parallel, across devices.

3.3.3.1 Sharing Decoder Weights

Using the same architecture as the shared encoder model for the video frame fitting is

highly parameter inefficient due to independent weights between similar frames. Therefore,

in the second stage of the pipeline, we combine the Ng separate decoder MLPs into a

shared decoder for the frame group. However, the last layer of the decoder must remain

separate to allow for precise prediction of pixel colors. This approaches vastly improves

video compression. We employ BatchLinear layers to speed up matmuls in the decoder,

allowing us to decode entire frame groups at once.

3.3.3.2 Coordinate Sampling

Efficient coordinate sampling was critical to achieve low encoding time for SIEDD. A

forward pass using a 1080p image’s (x, y) coordinates of shape (1920 · 1080)× 2 consumes

excessive GPU VRAM and is extremely computationally heavy. While this is necessary to

reconstruct the image, we find sampling can greatly speed up training. The N coordinates

we use while training are effectively different data samples and it is not necessary to train

on each one in every iteration. We use uniform random sampling to sample C points where

C ≪ H ·W . To reduce the overhead of random sampling, we shuffle all coordinates once

per epoch and iterate through them sequentially, with each minibatch containing C frame

coordinates. We also found an approximate lower limit for C, which was ≈ H·W
1024

which
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accelerates training while causing minimal loss to reconstruction quality. For 1080p, this

decreases our batch size from 2e6 to 2e3, a 1000× reduction.

3.3.4 Compression Pipeline

The shared encoder is not quantized due to its insignificant contribution to the overall

parameters. The decoders for all video frames undergo post-training quantization. In par-

ticular, Half Quadratic Quantization (HQQ) [64] was the optimal method for compressing

model weights while retaining reconstruction quality. An important note is that the last

layers of the decoders, which produce the output pixels, are kept unquantized to preserve

reconstruction quality. After the model weights are quantized, they are compressed fur-

ther using huffman encoding. Finally, the resulting bitstream is saved to the disk using

lzma-based compression.1

3.4 Experiments

3.4.1 Datasets and Implementation

We perform experiments using multiple datasets including UVG [18], DAVIS, and

Big Buck Bunny. We experimented on 7 UVG-HD videos (Beauty, Bosphorus, HoneyBee,

Jockey, ReadySteadyGo, ShakeNDry, and YachtRide) containing a total of 3900 1920×1080

video frames. For 4k experiments, we used the same 7 UVG-4k videos with image sizes

of 3840 × 2160. For the DAVIS dataset, we use 10 1080p videos from the validation set

(blackswan, bmx-trees, boat, breakdance, camel, car-roundabout, car-shadow, cows, dance-
1https://github.com/lucianopaz/compress_pickle
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Figure 3.2: Comparison of our method and baselines on UVG. Left: rate–distortion; Right: speed–
quality trade-off.

twirl, and dog). In total, this subset of DAVIS contains 748 frames. Finally, to study long

video performance, we use one video from Youtube-8M [47] about Mario Kart. The video

was downloaded at 1280 × 720 resolution and the first 4000 frames were used. We use

ffmpeg to convert the raw YUV files into PNG frames. Further details are included in the

Appendix.

We use the standard metrics of PSNR (Peak signal to noise ratio) and SSIM (Struc-

tural similarity) as our primary measures of video quality. We use BPP (bits per pixel)

to measure the compression efficiency. All encoding time measures for all models are for a

single NVIDIA RTXA5000 GPU. Additional quality and speed metrics are included in the

supplementary.

3.4.2 Setup

Our models were implemented using PyTorch and experiments were run using NVIDIA

RTX A5000 GPUs. We used the schedule-free AdamW optimizer [76] which provided stable
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training when compared to commonly used optimizers such as those of the Adam family.

We define 3 SIEDD models: SIEDD-S with a model dimension of 512, SIEDD-M with a

model dimension of 768, and SIEDD-L with a model dimension of 1024. For all 3 mod-

els, the shared encoder has 1 hidden layer while the decoders contain 3. The number of

iterations for the shared encoder training and the video frame training were kept equal at

20000.

3.4.3 HD Video Reconstruction

We showcase SIEDD’s ability to efficiently encode 1080p videos from the UVG-HD

dataset. In Figure 3.2a, we compare the rate-distortion trade-off of our method against

several frame-based Video-INR baselines [3, 58, 63, 68, 69], all given a maximum encoding

time budget of 1 hour for a single 600-frame, 1080p clip. SIEDD achieves high-quality

reconstructions at competitive compression levels, outperforming several methods that ei-

ther sacrifice quality (e.g., HiNeRV[68]) or require substantially more bandwidth (e.g.,

Nirvana [63], FFNeRV[69]). Figure 3.2b visualizes the trade-off between PSNR and encod-

ing time (log-scale), with marker size proportional to BPP. SIEDD consistently achieves

the best quality-per-time ratio. Notably, it is approximately 20× faster than the closest

high-quality baseline while operating at lower or comparable bitrates. Unlike FFNeRV

[69] or NIRVANA [63] which cluster in the high-time, high-rate regime, SIEDD pushes the

pareto front forward—offering both efficiency and fidelity.

A key observation is that some methods like NeRV[3] and HNeRV[58] attain de-

cent reconstruction quality but at significantly higher encoding costs, making them less
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Ground Truth

SIEDD (Ours) HNeRV

HiNerv FFNeRV

Ground Truth

SIEDD (Ours) HNeRV

HiNerv FFNeRV

Figure 3.3: Video Reconstruction Visualization. We compare the reconstructions of SEIDD with
other baselines for 2 UVG-HD Videos: Jockey (top) and Bosphorus (Bottom). We can clearly see
that SEIDD produces much sharper reconstructions, staying true to the ground truth.

practical. SIEDD’s performance illustrates the advantage of its shared encoder design, ef-

ficient sampling strategy, and decoder parallelizability. This positions SIEDD not only as

a competitive Video-INR in terms of compression, but as a viable candidate for real-world,

time-sensitive deployment scenarios. In Fig 3.3 we visualize the reconstructed frames from

SEIDD and other baselines for “jockey” and the “bosphorous” sequence from UVG-HD [18]

dataset. We can clearly see that our method preserves high frequency details and does not

have the smudging/smoothing effect that is visible in the baselines.

3.4.4 4K Video Reconstruction

We additionally show SIEDD’s ability to encode 4k video and present the results for

3 different model configurations in 3.3. We can see that SEIDD clearly outperforms all the

baselines in terms of reconstruction quality with excellent encoding speeds. In fact, this is
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Ground Truth

SIEDD (Ours) Nearest

Bilinear Bicubic

Figure 3.4: Super resolution visualization between baseline methods (nearest, bilinear, bicubic)
and SIEDD-L. Upon close inspection, it is visible that the noise present in the ground truth image
is not represented by SIEDD compared to other methods.

Table 3.1: Shared Encoder Weight Transfer from UVG-HD to DAVIS

Method PSNR SSIM Time (s)
SIEDD-M 30.71 0.82 442
From UVG-HD 30.63 0.83 158

the first Video-INR method that is able to encode a 600-frame 4K video in under an hour,

achieving upto 30X faster times compared to baselines.

We additionally test two SIEDD-L models on UVG-4k with 3× 3 and 6× 6 patches.

We use square patches of size p× p, meaning that for every image coordinate, SIEDD will

output the colors of p2 pixels. This reduces the total number of image coordinates by a

factor of p2 while increasing the number of parameters in the last layer of the decoder by

p2 as a tradeoff. As shown in 3.3, decoding speed drastically improves with associated

trade-offs in encoding time, and compression.

3.4.4.1 Shared Encoder Transfer

We also show the possibility of shared encoder transfer across datasets in 3.1. To

show this, we use the weights of the shared encoder trained on UVG-HD and use it to

train DAVIS in place of the shared encoder training process. We compare this to training
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Table 3.2: Long Video Results

Method PSNR BPP Time (s)
SIEDD-M 31.10 0.325 6408
HNeRV 24.78 0.035 7800
NeRV 23.94 0.12 11000
HiNeRV 26.68 0.04 6860

Table 3.3: 4K reconstruction results on UVG-4K. SIEDD variants compared with NeRV, HiNeRV,
and Nirvana. Encoding Time reported in seconds.

Method PSNR SSIM BPP FPS Encoding Time (s)
SIEDD-M 33.41 0.83 0.078 1.16 2574
SIEDD-M Ng = 10 34.42 0.84 0.147 1.14 2223
SIEDD-L, Ng = 10 35.41 0.85 0.256 0.76 3033
3×3 Patches 34.52 0.84 0.275 7.49 3160
6×6 Patches 33.70 0.82 0.331 21.70 4211
NeRV 28.67 0.83 0.486 6.3 3660
HiNeRV 30.47 0.86 0.0051 21.0 10200
Nirvana 35.18 0.93 0.270 28.4 75600

SEIDD on DAVIS from scratch and find that using a shared encoder from UVG-HD provides

similar reconstruction quality while reducing the encoding time significantly due to the lack

of shared encoder training. This points us towards a broader idea - that the shared encoder

is like an ever growing “prior” of videos which can be updated when required, else used to

perform zero-shot transfer to unseen videos.

3.4.5 SuperResolution

We demonstrate SIEDD’s capability for continuous-resolution decoding by comparing

its super-resolved outputs against traditional interpolation methods. As shown in Figure 4,

SIEDD-L reconstructs fine details such as eyelashes and iris contours with greater fidelity

compared to nearest, bilinear, and bicubic upsampling. Interestingly, the noise texture
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Figure 3.5: Comparison of our method and baselines on UVG. Left: rate–distortion; Right: speed–
quality trade-off.

seen in the ground truth is absent in SIEDD’s reconstruction, suggesting that the model

implicitly denoises while super-resolving. Unlike baselines that rely on fixed grid interpo-

lation, SIEDD leverages learned implicit mappings to reconstruct semantically meaningful

detail, making it well-suited for applications requiring resolution-adaptive decoding.

3.4.6 Any Resolution Decoding

Unlike Frame-based Video-INRs our method takes 2D positional grid as input which

allows us to control the spatial resolution of the decoded output. In Figure 3.5a we measure

how the decoding speed is impacted at different resolutions and observe a consistent pattern

of faster decoding at lower resolutions.

3.4.7 GPU parallelization

We evaluate how encoding time scales with the number of GPUs for various Video-

INR baselines and our SIEDD variants. As shown in Figure 3.5b, SIEDD exhibits near-
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Table 3.4: Ablation studies: (a) Effect of coordinate sampling rate on reconstruction quality and
encoding time. (b) Effect of shared encoder training iterations on reconstruction quality.

(a) Sampling rate vs. quality and encoding
time.

Sampling Rate PSNR (dB) SSIM Time (s)
1/128 33.30 0.766 5318.51
1/256 33.28 0.765 2790.15
1/512 33.27 0.765 1556.00
1/1024 33.24 0.765 887.49
1/2048 32.72 0.758 618.18

(b) Shared encoder iterations vs. quality.

Shared Iters PSNR (dB) SSIM
500 35.15 0.886
2000 35.23 0.886
5000 35.27 0.886

linear scaling with increasing GPU count. Specifically, our largest model (SIEDD-L) shows

a consistent drop in encoding time from 1 GPU to 8 GPUs, highlighting the effectiveness

of parallel decoder training across frame groups.

Compared to baselines like NeRV [3] and HiNeRV [68], which show limited gains

with more GPUs due to their sequential or monolithic training structure, SIEDD benefits

directly from architectural parallelism. For example, at 8 GPUs, SIEDD-L achieves a 8×

speedup relative to its single-GPU decoder training time, while NeRV improves by only

4×. Even smaller SIEDD variants outperform stronger baselines like Nirvana, despite using

fewer parameters and lower computational overhead.

This scalability makes SIEDD a compelling choice for high-resolution or long video

scenarios where encoding throughput is critical.

3.4.8 Long Video Training

To test the scaling of our model on the temporal axis, we train on a sequence of 4000

frames from “mario-kart” sequence from Youtube-8M dataset. The results are presented in

Table 3.2 and we see that SEIDD outperforms other baselines with great encoding speeds.
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3.4.9 Ablation Analysis

3.4.9.1 Sampling Rate

We perform an ablation study on the coordinate sampling rate to understand its im-

pact on encoding time and reconstruction quality. As shown in Table 3.4(a), reducing

the sampling rate from 1/128 to 1/2048 leads to a significant drop in encoding time—

from 5318s to just 618s—demonstrating a nearly 9× speedup. Notably, the reconstruction

quality (PSNR and SSIM) remains largely stable for moderate reductions (up to 1/1024),

with only a minor degradation ( 0.05 dB PSNR). Beyond this, quality drops more no-

ticeably, indicating diminishing returns. This trade-off highlights the effectiveness of our

sparse coordinate sampling strategy, allowing users to balance compute budget and fidelity

depending on application needs.

3.4.9.2 Shared Encoder iterations

We study the effect of shared encoder training iterations on reconstruction quality

in Table 3.4(b). As expected, increasing the number of training steps improves PSNR

marginally—from 35.15 at 500 iterations to 35.27 at 5000—while SSIM remains largely un-

changed. This suggests that the encoder converges quickly to useful low-frequency features,

validating our design choice to limit encoder training for faster overall encoding.
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Figure 3.6: Ablation study on decoder architecture. (a) PSNR vs. BPP when varying decoder
layer count (with fixed dim = 768) and model dimension (with fixed 3 decoder layers). (b) PSNR
vs. encoding time, illustrating trade-offs in reconstruction quality with increased decoder depth
or width. More layers improve quality marginally with negligible cost, while increasing model
dimension significantly boosts quality at the expense of higher encoding time.

3.4.9.3 Model Layers and Layer dimension

We investigate how architectural capacity—specifically the number of decoder layers

and model dimensionality—affects the rate-distortion performance and encoding time of

SIEDD. The results are summarized in Figure 3.6. In Figure 3.6a, we vary the decoder

MLP dimension (256, 512, 768, 1024) and also vary the number of decoder layers (2, 3,

4, 5). We observe a consistent improvement in PSNR as dimensionality increases, along

with a mild rise in BPP. Notably, the 1024d variant achieves the highest reconstruction

quality while maintaining competitive compression, demonstrating that increased latent

capacity allows the decoders to model finer visual details more effectively. In contrast,

Figure 3.6b explores the impact of model hyperparameters on encoding speed. While

larger decoders yield marginal gains in PSNR, the returns diminish beyond 3 layers and

d=768. More importantly, larger networks incur significant increases in encoding time
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due to slower convergence and additional compute. Overall, we find that increasing width

(dimensionality) provides better quality–bitrate trade-offs, while deeper networks primarily

affect training time. These trends guided our default configuration (768d, 3-layer decoder),

striking a balance between efficiency and quality.

3.5 Discussion

We present SIEDD, a fast and scalable Video-INR architecture that leverages shared

representations and per-group decoders to dramatically reduce encoding time. By training

the encoder on sparse anchor frames and freezing it for the rest of the video, SIEDD

enables parallelized decoding and efficient representation learning—achieving up to 30×

faster encoding compared to existing INR methods. Our coordinate-based formulation

allows continuous-resolution decoding, and our use of simple MLPs makes the architecture

amenable to post-training quantization using state-of-the-art compression techniques like

HQQ and BNB.

While SIEDD significantly advances the practicality of INR-based codecs, a few ar-

eas remain open. Inference-time decoding, especially for high-resolution and high-framerate

video, could be further accelerated with fused matmul kernels and specialized hardware-

aware optimizations. Our current quantization is post-training; future work could explore

quantization-aware training (QAT) to further improve compression without sacrificing fi-

delity. Finally, while our shared encoder shows strong transfer potential, systematic studies

on cross-video generalization and zero-shot inference remain a rich direction for explo-

ration.
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3.6 Appendix

3.6.1 Experimental Baseline Settings

Note that all the following models were trained with a hard limit of 60 minutes on

encoding time, on an RTXA5000. We chose to train from scratch as the learning rate

schedule has a significant effect on final quality.

3.6.1.1 NeRV

We use the NeRV-L setting from the original paper [3]. This comes with 5-NeRV

blocks with upscale factors of [5, 3, 2, 2, 2] for UVG-HD and [5, 3, 2, 2, 2] for UVG-4K. We

use the standard hyperparameter settings from the paper.

3.6.1.2 HiNeRV

Since HiNeRV [68] training can be quite slow, we choose to use the HiNeRV-S con-

figuration from the original paper and add an additional block to make it work for 4K.

3.6.1.3 FFNeRV

To balance quality and encoding time, we choose the FFNeRV configuration with

C1, C2, S as (112, 896, 54)
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Ground Truth No Patching

3 × 3 Patch 6 × 6 Patch

Figure 3.7: Visual comparison between the ground truth frame, patching output, and the default
SIEDD-L model output on UVG-4k ShakeNDry. Pixels within a patch are always very similar,
causing a pixelated effect.

3.6.1.4 HNeRV

We use the default model configuration for UVG-HD as reported in the paper and

added an additional block for UVG-4K. Due to architectural constraints, HNeRV [58]

output is restricted to 960 × 1920 ( 12% less) for UVG-HD and 3600 × 2160 for UVG-4K

( 7% less).

3.6.2 Additional Qualitative Results

We also provide qualitative results from the UVG-4k experiments. We compare a

ground truth frame from ShakeNDry with the result from SIEDD-L, SIEDD-L with a 3×3

patch, and SIEDD-L with a 6 × 6 patch in 3.7. While patching improved the decoding

speed enormously, it comes at a cost of higher encoding time and a loss in reconstruction

quality. The pixels within a patch are relatively uniform, causing an effect similar to

nearest-neighbor upsampling.
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Figure 3.8: FLIP Visualization on UVG-HD YachtRide using SIEDD-L

Table 3.5: VMAF and FLIP metrics on UVG-HD using SIEDD-S, SIEDD-M, and SIEDD-L

Model FLIP VMAF

SIEDD-S 0.100 66.69
SIEDD-M 0.080 80.85
SIEDD-L 0.068 87.75

3.6.3 Additional Reconstruction Metrics

To provide additional metrics to ensure high quality video reconstruction, we use FLIP

[77] and VMAF [78]. We evaluate these metrics on SIEDD-S, SIEDD-M, and SIEDD-L on

the UVG-HD dataset. We visualize the FLIP error map in 3.8 on a frame from UVG-HD

YachtRide and list the FLIP and VMAF metrics in 3.5.

3.6.4 Effect of Group Size

To study the effect of the group size parameters (Ng, Ns) on SIEDD, we ran an

ablation experiment on SIEDD-M in 3.6. SIEDD-M uses Ng = Ns = 20 by default, so
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Table 3.6: Group Size Ablation

Group Size PSNR SSIM bpp Time (s)

10 36.54 0.907 0.587 14915
15 35.67 0.892 0.402 11171
20 34.84 0.878 0.297 9296
25 34.52 0.871 0.255 8720
30 34.14 0.864 0.218 8225

in this experiment, we test the values of 10, 15, 25, and 30. We encode and evaluate the

metrics of SIEDD-M with each group size on the UVG-HD dataset.

The group size hyperparameter is negatively correlated with the reconstruction qual-

ity (PSNR, SSIM) and compression (bpp) and is positively correlated with the encoding

time. This is because with a larger group size, more frames share a single decoder, de-

creasing the number of parameters (and the bpp) for the video. A larger group size also

means fewer decoder training loops, speeding up the encoding time. However, these come

at a heavy cost to the reconstruction quality, and we chose 20 as the balanced default for

SIEDD.

3.6.5 Decoders with Low Rank Adaptation (LoRA)

Table 3.7: LoRA Decoder Results

LoRA Type LoRA Rank PSNR SSIM bpp fps Time (s)

None (SIEDD-M) - 34.84 0.878 0.297 6.27 9296

Sin LoRA 1 35.65 0.891 0.385 6.30 42802
Sin LoRA 2 35.78 0.893 0.432 6.31 42781
Sin LoRA 4 35.96 0.896 0.523 6.36 42614
Sin LoRA 8 36.22 0.900 0.703 6.34 43385

LoRA 1 35.58 0.890 0.385 6.30 41701
LoRA 2 35.71 0.892 0.431 6.30 42286
LoRA 4 35.87 0.894 0.523 6.33 42389
LoRA 8 36.10 0.898 0.700 6.34 42787

In SIEDD, the shared decoder has no independent parameters for each output frame

with the exception of the last layer which produces the output coordinates. To introduce
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Method Bits PSNR SSIM bpp fps

None 32 35.00 0.880 1.294 6.38

BNB 4 30.19 0.789 0.184 6.25
BNB 8 34.96 0.879 0.335 3.09

HQQ 4 32.54 0.838 0.222 6.26
HQQ 6 34.97 0.879 0.310 6.26
HQQ 8 35.16 0.882 0.378 6.26

Post 4 15.55 0.418 0.178 6.39
Post 5 27.34 0.758 0.220 6.38
Post 6 33.13 0.852 0.263 6.39
Post 7 34.51 0.873 0.306 6.38
Post 8 34.87 0.878 0.348 6.37

Table 3.8: Quantization Sweep on SIEDD-M with Different Methods

additional parameters that are unique to each video frame to the decoders, we use low rank

adapters on each decoder layer.

In particular, we test traditional LoRA [79] and Sine LoRA [80]. Sin LoRA introduces

a sine nonlinearity when multiplying the low rank matrices, allowing for more representative

abilities. We find that the Sin LoRA provides marginal boosts in reconstruction quality

(PSNR) compared to traditional LoRA.

Due to the materialization of a unique activation for each video frame in the forward

pass, using LoRA adapters on the decoder layers increase encoding time by a significant

value, as seen in 3.7.

3.6.6 Quantization Results

Due to the importance of quantization in our compression pipeline, we experimented

with different quantization methods. Traditional post-training quantization (PTQ) involves

scaling the tensor from 0 to 2b where b is the number of bits to quantize to, casting

this tensor to an integer, and storing it. While this method works for larger b values,

performance degrades rapidly at lower precision integers as shown in 3.8. We also show the
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Bit bpp PSNR SSIM

4 0.106 31.19 0.812
5 0.127 32.78 0.841
6 0.145 33.24 0.849
8 0.179 33.39 0.851

(a) SIEDD-S

Bit bpp PSNR SSIM

4 0.222 32.82 0.843
5 0.268 34.50 0.872
6 0.310 35.00 0.880
8 0.377 35.16 0.882

(b) SIEDD-M
Bit bpp PSNR SSIM

4 0.380 34.00 0.865
5 0.461 35.77 0.895
6 0.534 36.31 0.903
8 0.644 36.49 0.905

(c) SIEDD-L

Table 3.9: Quantization Sweep for HQQ on SIEDD-S, SIEDD-M, and SIEDD-L

performance of BNB [65] which has 4 bit and 8 bit implementations. However, the best

performing method at low precision is hqq [64] which shows minimal degregation in PSNR

and SSIM compared to other methods at low bpp.

To further show the limits of hqq in the SIEDD architecture, we tested the recon-

struction quality against bpp for each of the SIEDD-S, SIEDD-M, and SIEDD-L models

in 3.9. As 6 bit gave a negligible (<0.2 PSNR) performance drop compared to 8 bit, this

became the baseline for the SIEDD models.

3.6.7 Decoding

Decoding a coordinate based model such as SIEDD is an extremely computationally

intensive task. A naive implementation will result in out-of-memory errors and a low FPS.

To make 1080p and 4k decoding possible, the forward pass must be batched in terms of

coordinates and the separate decoders. In our implementation, we chunk the coordinates

into 8 separate forward passes, and within each forward pass, the decoders are run one

at a time. For 4k decoding, we instead chunk the coordinates into 32 forward passes of
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the model, ensuring that 4k videos can be encoded using an A5000 GPU. In addition,

the SIEDD model parameters are converted to bfloat16 to accelerate decoding speed. To

calculate the decoding speed (fps), we record the time required to run the forward pass on

all coordinates on the GPU and send the frames to the CPU.

For our LoRA experiments, the FPS would normally be extremely low due to the

materialization of activations for each individual frame, as opposed to one activation for

the frame group. As a result, LoRA decoding performance would have been even worse.

However, we split the shared decoder and LoRA adapters into separate decoder layers,

effectively splitting the decoder into Ng parallel MLPs. This allows the FPS to be on par

with SIEDD without LoRA adapters.

3.6.8 Video Denoising

Table 3.10: Video Denoising PSNR Results

All White All Black Salt & Pepper Random

Baseline 28.08 29.69 28.07 30.95
Gaussian Blur 35.25 36.03 35.56 36.71
Median Blur 36.47 36.46 36.47 36.47
SIEDD-L 35.66 35.66 35.66 35.66

We also showcase SIEDD’s ability to carry out image denoising in 3.10. To achieve

this, we add different types of image noise to UVG-HD, encode the video using traditional

denoising methods and SIEDD, and compare the output quality to the original frames. To

add noise, we tested setting certain pixels to all white, all black, adding salt and pepper

noise, and random noise. We added noise to 104 pixels of each frame using these different

methods. The traditional denoising methods include gaussian and median blurs. We also

record the baseline which is the PSNR of the noisy image and the ground truth. The results
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show a comparable performance to traditional denoising techniques such as gaussian and

median blurring with the added benefits of SIEDD.
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Chapter 4: Latent INR: A framework for semantically meaningful video

compression

In the previous chapter 1 , we discussed in detail about building efficient and com-

pressed functional video representations which were fast to encode (compared to current

methods) and offer real time decoding. However, one wonders whether these functional

mappings are really “representations”? Maybe yes, if we use a narrow definition of the

word, where we are only concerned about efficient compression. But a codec of the fu-

ture entails much more. We expect not just faithful reconstructions, but some form of

built-in understanding, a proxy for the data that enables many semantic tasks. In this

chapter, we showcase Latent-INR, a new INR based architecture for videos that not only

achieves compression, but offers us a learnt latent that abstracts the underlying weights,

allowing us to perform tasks like video retrieval, frame interpolation and even interfacing

with video-LLMs to enable chat.
1Work done jointly with Anubhav Gupta. I was responsible for the idea, philosophy, and implemen-

tations of video compression, Video-LLM and interpolation. Anubhav Gupta was responsible for video
retrieval task.
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4.1 Introduction

In today’s age of content explosion, large quantities of data are created every second,

and storing them reliably and efficiently is of utmost importance for many applications.

A scalable compression technique enables companies to provide better services at reduced

cost and helps the end consumer by improving their access to high-fidelity data in addition

to decongesting the network. Since the early 90s, several compression techniques have been

created and widely deployed for this exact purpose. Out of these, JPEG [81] for images,

HEVC [53], AV1[6], and H.264 [82] for videos have emerged as the most popular choices,

owing to their simple design and scalable performance.

In the past decade, the rise of deep learning led to a renaissance in computer vision,

eventually impacting the visual data compression landscape [83, 84, 85]. Despite their

success, these ML-based codecs have not seen widespread adoption like traditional codecs.

This is in part due to failure to generalize, since ML codecs trained on large datasets can

give sub-optimal compression for data points that differ significantly from their training set

[86, 87]. Implicit Neural Representations (INR) attempt to avoid the generalization issue by

operating internally. Instead of training large models that learn to identify general patterns

in training data and apply them to specific out-of-distribution data, implicit techniques

involve training a small model to exploit the specific patterns for the given data point.

That is, for video compression, this approach would train one network per video, and for

image compression, it would train one network per image. The resulting model is essentially

a function that represents the underlying signal in spatial/temporal space.

Despite these advances, neural video compression remains unsolved. Various methods
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Figure 4.1: Existing INRs for video (left) typically take some time-coordinate, or time and po-
sitional coordinates and train a single network to reconstruct a video. In contrast to these, we
propose an INR system where a dictionary of implicit latent codes is learned for a video, one
latent per frame. The latents are aligned to the image features of a large vision model, while
simultaneously an INR system is learned which, given these latent codes, generates a positional
INR which can reconstruct the frame. With this framework, we successfully develop an INR
which performs both reconstructive tasks like compression, and semantic downstream tasks like
retrieval and interactive chat.

address issues of compression quality [3, 88], but two crucial questions remain unanswered

– (i) how to scale for longer videos given architectural rigidity and (ii) how to reduce long

encoding time due to training a network for every video. Although recent works make

some progress for these [63], the training time is still quite long, and INR behavior for lossy

compression is not well-understood [89], limiting potential for practical adoption.

Furthermore, these approaches for INR tackle only one axis of the problem, i.e., how

to formulate video INRs with the primary goal of compression. These aim to solve problems

like long encoding time directly, by reducing it. In contrast to these works, we instead aim

to justify the compute and time needed to train implicit representations. So, as a step

towards ML-based codecs with compelling real-world potential, we present Latent-INR – a
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new flexible framework for formulating video INRs, where in addition to compression, the

INR enables downstream tasks like retrieval and video question answering, without the need

to decode the video. Our framework consists of two parts: (i) a dictionary of learnable

latents, one for each frame, and (ii) a set of hypernetworks learned on the entire video

which, given a latent as input, predict frame-specific weight modulations on the shared

base network. This shared base takes a spatial coordinate grid as input and outputs the

specific frame

This design allows us to separate the spatial and temporal aspects of the video by

modeling them separately. We can view the set of hypernetworks as a base model that

learns the general structure and style of the video, while each learned latent conditions it

to output a specific frame. The latent here acts as a proxy for the weights of the frame-

specific INR. This property is apparent from the video interpolation ability of our model

- a task that other video INR representations struggle to perform. Like other video INRs,

our method is competitive for compression, but uniquely retains the properties of original

coordinate-based INR. That is, our continuous representations of frames allows for spatial

interpolation, which can be leveraged for superresolution and a decoding paradigm we

refer to as “any-resolution inference.” That is, at inference/decoding time, our same model,

with no changes to latents or architecture, can decode a video at any resolution - a key

feature missing from traditional codecs. This latent is also quite flexible, and according to

the procedure shown in Figure 4.1, we can align it with the features from a large vision

model, such as CLIP [90] to encode the visual semantics of the frame while retaining nice

properties such as alignment with CLIP text embeddings. This allows for a whole spectrum

of applications, including frame, concept, and whole video retrieval with text queries.
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In summary, our framework gives that extra edge apart from compression to ML-

based codecs, paving the way for their widespread adoption. Concretely,

• We propose an auto-decoder latent-based framework with spatio-temporal decoupling

for implicit video representations. Compared to other video INR methods, this is a

new way of formulating the problem.

• Our system has good compression performance, competing well with other ML-based

codecs for PSNR, BPP, and decoding speed while also enabling any-resolution infer-

ence.

• The learnt latent embeddings from our framework demonstrate internal generalization

from the encoded dataset, achieving video interpolation, a task that other INR based

methods struggle to achieve.

• We align our latents with large foundational models like CLIP [90], thus making our

representations useful for retrieval tasks.

• We align our entire dictionary with video features for VideoLlama [91] to enable

chat-style applications, including video question answering and captioning.

4.2 Related Work

Implicit Neural Representations (INR’s) are a class of neural networks designed

with the intention of representing a given data point or dataset perfectly rather than

exploiting general patterns and generalizing for unseen data. SIREN [13] pioneered the

use of periodic activations to train simple MLP’s that worked well across images, SDF and
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audio. This was followed by a host of works that improved the training process of INR’s

by making them faster [19, 92, 93] work across multiple scales [94] and encode multiple

data points [95]. Models that used meta learning [26, 96] started gaining ground as they

offered the advantages of compression along with generalization. [97, 98] further made

improvements to this line of work by directly learning sparse-INR’s leading to improved

compression and improved optimization by dataset selection respectively.

Hypernetworks are a class of networks optimized for predicting parameters of an-

other network, with the aim of generalizing across unseen tasks[99]. Some utilized these

for scenes [100, 101, 102]. Trans-INR [28] introduced the paradigm of using a transformer

based hypernetwork to convert data directly from image-space to INR’s. [62] improved

upon this idea and made the important observation that it is sufficient to modulate only

the first hidden layer of an INR to represent a dataset of points. Unfortunately, these hy-

pernetworks act on input data points which require test-time optimizations, making them

unsuitable for compression tasks. [103] try to overcome this with an “auto-decoder” frame-

work, where learnable latents represent a dataset of videos, with each latent corresponding

to a single video, such that no encoder is needed. Others have investigated this paradigm

for a variety of modalities[104, 105, 106]. Still, the lack of decoupling space from time

prohibits the method from scaling to real-world videos.

Video INRs have recently gained popularity for compression. [3] was the first im-

plicit representation which modelled a video as a function mapping the temporal coordi-

nates to the corresponding frames. Later works [33, 58, 107, 108] iterated on this method,

providing improvements in performance. [88] enhanced this concept by incorporating hash-

grid [93] representations to speed up encoding times. NIRVANA [63] represented a video
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using a series of smaller INR models trained in an autoregressive manner to scale for longer

videos.

Video Interpolation has been a fundamental task in computer vision, helping in

creating smoother visual experiences. Over the past few years, deep learning based methods

have vastly improved the quality of these interpolations [109, 110].However, current INR-

based video encoders lack this feature (see discussion in [58, 111], for example), hindering

their widespread usage.

Video Retrieval is an essential process in the digital media landscape, where the

objective is to efficiently search and extract specific video content from expansive datasets.

The complexity of understanding and indexing diverse video content has traditionally posed

significant challenges. However, with the advent of machine learning-based methods, there

has been a remarkable improvement in both the accuracy and efficiency of video retrieval

systems [112, 113, 114]. These advances are limited to systems requiring an additional

model, which can act as a burden on the system as they do not compress the data.

4.3 Approach

4.3.1 Background

Implicit Neural Representations parameterize a function,

fθ : X → Y where X = {(xi, yi)|0 ≤ xi ≤ W, 0 ≤ yi ≤ H}
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Figure 4.2: We propose a new framework for video INR models by decoupling the spatial and
temporal aspects of modeling. Our framework consists of auto-decoder based learnable latents
that modulate the base network using a hypernetwork, via low-rank modulation. Once encoded,
the resulting latents act as a proxy for the underlying weights of the representation. On the
right, we show the use of these latents for additional tasks like video interpolation. By aligning
these latents to the embedding space of foundational models like CLIP and VideoLlama, we also
perform retrieval and chat.

which represents a mapping between the coordinate space, with height H and width W, and

the underlying signal Y . This formulation is usually trained with a standard MSE-loss:

||fθ(X) − Y ||2. For a given video V ∈ RN×H×W×3 containing N frames, [13] represents

them as pixels moving across time, i.e.,

fθ(x, y, t) = Yt

Other formulations exist which learn frame-based [3] or patch-based [63] representa-

tion, yet in each of these formulations, the focus is on representing the underlying data,

with the added motivation of compressing it. However, none of these systems are designed

with the goal of making these representations, fθ, useful for downstream tasks [89, 115].
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Instead, we utilize a learnable latent, z, as a part of an auto-decoder framework, along with

a hypernet h to not only compress but to create useful representations.

fθ((x, y)|θt) = Yt θt = h(zt) (4.1)

The resulting latent z can be used for various downstream tasks like interpolation and

retrieval, as we show in our work.

4.3.2 Latent-INR

Directly predicting the weights θ of the base network f , using the hypernet h, is

expensive, parameter-heavy, and unsuitable for compression. Hence, we follow [116] [105]

and instead predict low-rank matrices, which are then applied to the base network weights.

This type of modulation acts as a form of subnetwork selection, analogous to systems

proposed in [36] [117]. For a base network f with L layers, our formulation now looks like

fθ((x, y)|θl1t , θl2t ...θlLt ) = Yt

θlt = σ(P l ×Ql) · θl hl(zt) = [P l, Ql]

(4.2)

where θl represents the weights of the l-th layer and θlt denotes the modulated weights for

frame t. Here, σ signifies an activation function on the matrix-product of low rank matrices

P l , Ql, which are of dimensions RN×r and RM×r, where N ×M is the width of the base

network fθ and rank r ≪ (N,M). These matrices are responsible for adjusting the weights

θl as dictated by the corresponding hypernetwork hl. Note that all hypernetworks use the

same latent zt ∈ RD as input. The rank r and the number of modulated layers essentially

75



act a hyperparameters that control the compression-performance trade-off.

4.3.3 Model architecture

In our experiments, both the base network fθ and hypernetworks hl are feedforward

MLP’s that take in a coordinate input. Following [63], we also propose a variation to the

base network with an additional convolutional up-sample block, which accepts coordinates

of centroids as input and gives frame patches as output. We use the standard ReLU for

base network and tanh for the hypernetwork as the respective non-linearities. The latents

Z are initialized to be a standard normal with small variance, as we found empirically that

this made the convergence faster. The complete model architecture is presented in Figure

4.2. For more details, see Appendix.

4.3.4 Model Compression

We train this entire system end-to-end with MSE-loss as the objective function. Once

trained, we apply a standard quantization to all network parameters, further reducing the

required storage. Given ϕ, a flattened parameter tensor, we transform it according to the

following equations

ϕi =

⌈
ϕi − ϕmin

2b

⌋
scale = ϕmax − ϕmin

2b
(4.3)

where the ⌈·⌋ (round) operation converts its argument to the nearest integer as dictated

by bit width b of the quantization process. We also store the scale, ϕmax, ϕmin and the

parameter shapes. These quantized values for all parameters are concatenated and further
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compressed using Huffman encoding.

4.3.5 Interpolation

Given a video of N frames and a scale α, the task of interpolation involves creating

α · N coherent frames. Once we encode a video using our framework, we perform linear

interpolation on the frame latents {zt} and pass the resulting latent through the hyper-

network. This gives us the weight modulation required in the INR, and the updated base

network is used to obtain the interpolated frames:

zinter = βi · zt + (1− βi) · zt−1 Yinter = fθ(X;h(zinter)) (4.4)

where,

βi ∈
[
1

α
,
2

α
, ...,

α− 1

α

]

essentially generating α− 1 frames between any two given frames. We train with held out

frames and show results for α ∈ {2, 4, 8}.

4.3.6 Downstream Tasks

Retrieval. Video retrieval involves searching and retrieving videos or clips from a large

database based on similarity to given user search queries that are usually in the form of

text. This can be viewed as a function R mapping query q to a set of corresponding videos

V .

R : q → V (4.5)
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The function R can use any similarity measure like cosine, euclidean, or nearest neigh-

bors to retrieve matches. We encode a dataset of videos using our Latent-INR framework

and use the resulting trained latents as our frame level representations. To ensure these

latents share the same space as the text queries, we add a cosine similarity loss between

the latents and the CLIP image embeddings of the corresponding frames. Our encoding

loss function is modified to be:

L = LMSE + λ · Lclip(Zt, Z
clip
t ) (4.6)

where Zclip
t is the CLIP Image embedding of the input frame and λ controls the strength

of this loss. In all our experiments, λ is set to 0.01.

Chat. We modify the formulation from retrieval slightly, aligning our dictionary of features

to VideoLlama [91] instead of CLIP. Since the shapes are not compatible, we treat our

latents as tokens and project the dimension to match the VideoLlama space. With this,

we are able to integrate our latents with a powerful LLM, substituting our latents for the

raw video input tokens. We can then perform any task that VideoLlama can, in particular

question answering and captioning. We wish to emphasize that our latents are flexible –

we can align well with any large off the shelf model, for any downstream task.
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Figure 4.3: We plot the rate distortion curves on PSNR and SSIM to compare compression
with other methods. We observe that our large model achieves comparable PSNR to the current
SOTA [88]. Note that, while not plotted here, our decoding FPS is superior. Additional per-video
results are available in the Supplementary.

4.4 Experiments

4.4.1 Video Compression

We perform comparative analysis for video compression on the standard Ultra Video

Group (UVG) dataset [18]. This dataset comprises seven high-quality videos, each featur-

Figure 4.4: With the same model, we can per-
form inference at any resolution, with speeds
competitive or beating HEVC. We show sample
frames for each resolution.
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Figure 4.5: We achieve high quality reconstruc-
tion and are able to reproduce even the finer
details like water fountains and the hair on the
horse.

ing diverse scenes shot at 120fps over a duration of five seconds. While most videos contain

600 frames, the ‘shakendry’ video is an exception with 300 frames, all at a resolution of
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1080x1920. To assess the visual quality, we use standard metrics such as Peak Signal-

to-Noise Ratio (PSNR) and Structural Similarity index (SSIM). We measure the storage

efficiency of these methods using bits per pixel (BPP). As mentioned earlier, we use feedfor-

ward MLPs for both the base network fθ and hypernetworks hl. The base network consists

of 6 layers with layer size of 512 and each hypernetwork that modulates a selected layer

has one hidden layer of size 128 with tanh non-linearity, followed by the output layer. In

the case where we use patch centroids as inputs, we add a convolutional layer followed by

a pixel-shuffle [118] for upsampling.

We use hash-grids [93] for positional encoding due to their high quality reconstruction,

although it should be noted we can use other schemes, such as Fourier features [19] to

exchange some quality for faster training (see Appendix). We compare our method against

NeRV [3] and NVP [88], with each of them encoding a video per model, and the results are

presented in Figure 4.3. We observe that compression from our framework is comparable

to baselines at similar bpp ranges, in addition to the other downstream benefits it offers.

Due to our architecture, we are also able to operate in a novel paradigm,“any-

resolution inference.” Without changing the network architecture at all, we can decode

the video at arbitrary smaller resolutions, as well as at higher resolutions (super-resolution)

by leveraging the continuous resolution property of our hash grids and MLPs. We show our

FPS decoding at various resolutions in Figure 4.4, although it should be noted that HEVC,

the standard codec we compare to, must encode separately for every resolution while we

can store all in the same model. Figure 4.5 provides samples that showcase our method’s

fidelity.
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Table 4.1: Interpolation Performance (PSNR),
for different scale strides (α).

Dataset α NeRV NIRVANA NVP Ours

Bunny
2 15.92 19.14 20.10 33.17

4 15.43 18.90 19.11 28.08

8 13.68 18.67 18.08 25.88

TaiChi
2 16.91 18.19 19.33 35.13

4 17.14 17.71 18.52 31.84

8 15.72 16.21 17.7 27.72

Table 4.2: Reconstruction and retrieval abla-
tions of CLIP on MSR-VTT.

Reconstruction Retrieval (T2V)

CLIP λ PSNR R@1 R@5 R@10

0.0 30.03 0.1 0.3 0.8

1e-3 29.83 28.4 50.8 60.6

1e-2 29.46 30.2 52.4 61.0

1e-1 28.93 29.7 51.5 61.8

1.0 28.61 30.2 51.4 61.3

Seen Frame Seen Frame Seen FrameInterpolated Frames Interpolated Frames
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Figure 4.6: We compare interpolation with Latent-INR to NVP and NIRVANA. We find that our
method has less artifacts and smoother motion in the interpolated frames.

4.4.2 Video Interpolation

In our framework, we can interpolate in the latent space to generate valid interpolated

frame outputs. We conduct experiments on two datasets: the “big buck bunny sequence”

and a selection of ten videos from the Taichi test set. Frames are held out at a scale stride

α during encoding. During testing, we interpolate the resulting latents on the held out

frames and evaluate their performance.

We use the same INR models utilized for compression as our baselines, with a re-
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Table 4.3: Class and segment retrieval. Our
method often exceeds CLIP performance.

Class Level Segment Level

Dataset Method R@1 R@5 R@10 R@1 R@5 R@10

COIN
CLIP 31.60 44.70 50.70 6.60 13.10 16.50

Ours 34.40 45.10 50.50 6.40 13.30 17.00

HowTo100m*
CLIP 31.58 36.84 47.37 21.13 37.32 40.85

Ours 31.58 42.11 47.36 23.24 43.67 48.60

Table 4.4: Whole video retrieval. Our method
matches CLIP performance.

Text to Video Video to Text

Dataset Method R@1 R@5 R@10 R@1 R@5 R@10

MSR-VTT
CLIP 30.10 51.50 61.50 24.70 49.30 61.90

Ours 30.20 52.40 61.10 25.40 49.90 61.70

ActivityNet*
CLIP 38.4 74.8 86.6 36.2 73.6 84.8

Ours 38.5 73.9 86.4 36.1 73.5 84.7

duction in network layer size and modulating mask rank. While NeRV [3] and NVP [88]

interpolate time positions used as input, NIRVANA interpolates the weights. In Table 4.1,

we observe that while other INR methods fail to produce perceptual frames at scale of 2,

our model can give reasonable interpolations even at a scale of 8. We confirm this qual-

itatively also, by inspecting interpolated frames such as those shown in Figure 4.6. Our

outputs have noticeably fewer artifacts, and while imperfect, handle the motion better.

Compared to other video INR methods, our approach of using learnt latents facilitates the

model to have an internal representation of the video content.

4.4.3 Downstream Tasks

Retrieval

To showcase the flexibility of our latents, we align them with CLIP and evaluate their

performance on standard retrieval tasks. We utilize the validation set of COIN dataset [119]

and a subset of Howto100m dataset to evaluate performance. We first encode each video in

our split using our Latent-INR framework with a loss that encourages the latents to be closer

to the CLIP-Image embeddings of the frames, in addition to the standard reconstruction

loss. We consider two distinct problems – retrieval of the correct class across all videos

82



.350 .345 .342.343 .341 .341 .341 .341

.314 .313 .311.311 .311 .311 .310 .310

.322 .319 .317.317 .316 .315 .313 .312

.346 .338 .334.335 .333 .332 .330 .329

Fry Salmon

Cross the rope to wrap the bolt

Spray towards the fire

Put the clothes neatly on an ironing table

Figure 4.7: Nearest Neighbours for segment-level matching of sample queries from COIN vali-
dation set. The green boxes denote the true positives and the red ones are false positives. We
show the inner product similarity between the image and the corresponding query inside the green
boxes at the bottom of each image.

and retrieval of the correct segment within a video. These two use cases cover both ends

of the spectrum, from localizing an event in a given video to searching for similar events

across videos. We utilize the standard recall at K, where we have selected k ∈ [1, 5, 10] to

evaluate the efficacy of our method. The results are presented in Table 4.3. We can see that

our method matches CLIP in its retrieval performance and even exceeds it in some cases.

The qualitative results are presented in Figure 4.7, where we visualize the top 5 nearest

neighbours of the text query that map to trained latents across all videos. Further results

can be found in the supplementary. We even find that our method can perform whole-

video retrieval on MSR-VTT [120] and a custom 1,000 video sample from the ActivityNet

Captions [121] ‘val-1’ split. We average-pool both our features and CLIP features (similar

to [122]) and use CLIP features computed on video captions. In Table 4.4 we find that

our retrieval is quite competitive to retrieval using the CLIP features themselves, showing
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Figure 4.8: Latent-INR LLM. We show results for aligning our learned latents to a VideoLlama
model, which allows for interactive chat. We show successes (left) and failures (right) for sum-
marization (top) and question answering (bottom).

that the learnt latents have similarly good averaging and summarizing properties even over

longer (180 seconds) videos, as well as alignment even to the paragraph-length captions

used in ActivityNet.

Video-based Chat

We evaluate the performance of our trained latents, when aligned to intermediate

VideoLlama features. This alignment enables access to the full scope of text chat with video

understanding. We show a sample of such results, in the form of text and video prompts

with text response, in Figure 4.8. These results show the LLM is able to understand video

inputs when provided in the form of INR latents rather than raw video tokens. While not

perfect, we infer the majority of the shortcomings of this system are primarily the fault of

the LLM we align to. Furthermore, on the basis of our success in aligning with CLIP and

now VideoLlama, we believe our latents can be aligned to any representation. So, for more

powerful chat, one simply needs to align to a more powerful chatbot. We thus provide these

results two purposes. First, we show our model’s capability to power efficient open-ended
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Figure 4.9: We visualize the trained latents Zt projected to 2D using UMAP. We show that the
trained latents from our framework capture meaningful semantics of the underlying data. Latents
for Bosphore (left), Honeybee (middle) and Jockey (right) from UVG dataset. Dark to Light color
indicates frame numbers ranging from 0 to 600.

captioning and question answering, while still retaining reconstruction capabilities. Second,

we point to the immense potential of our model (or a similar paradigm) to continue to be

leveraged with such models as they expand in their size and performance.

4.4.4 Visualizing Trained Latents

The trained latents, representing the modulated frames, offer intriguing insights when

visualized in a reduced dimensional space. Utilizing Uniform Manifold Approximation and

Projection (UMAP)[123] we project the embeddings Zt into a 2D space, allowing for an

intuitive interpretation of their relationships. In Figure 4.9, we plot the UMAP for three

distinct videos from the UVG dataset: ‘Bosphore,’ ‘Honeybee,’ and ‘Jockey,’ each offering

unique characteristics for examination.

‘Bosphore’, characterized by its slow-moving object and relatively static foreground,

exhibits a smooth latent trajectory in the 2D space. This smoothness reflects the minimal

variance in frame content, suggesting that our method effectively captures the subtle dy-
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namics of the scene. In contrast, the ‘Honeybee’ video, with its repetitive frames, results in

latents that cluster tightly together, signifying our model’s ability to recognize and encode

repetitive patterns efficiently. The most dynamic of the three, ‘Jockey’, presents a more

complex scenario with rapid changes in both the foreground and background. Here, the

latents form clusters around similar scenes, yet maintain a discernible trajectory through

the 2D space. These visualizations illustrate the semantic richness embedded within the

latents obtained from our framework even when trained only for compression.

4.5 Ablation Studies

CLIP λ. We investigate the impact of the large model alignment weighting term on both

reconstruction and retrieval for MSR-VTT. In Table 4.2, we find that PSNR decreases

slightly as λ increases. However, the retrieval performance seems to saturate at λ = 0.01.

So, we suggest not tuning the λ too high for any application, given the diminishing returns.

Layer Modulations. In our approach, we have separate hypernetworks that modulated

the selected layers. To evalute the importance of each, we design an experiment where they

are modulated in isolation. We use the same setup as the compression experiments with

the modulating mask rank fixed at 20 for all models. In Figure 4.10, we can clearly see that

the first few layers have a significant impact on the encoding performance. This matches

the observations from [62] about the out sized impact of first few layers while modulating

INRs.

Patch Size. Scaling to higher-resolution videos can be memory-intensive. This is par-

ticularly true when employing memory-demanding positional encoding schemes such as
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Figure 4.10: Ablations to study the effect of layer modulations in the hypernetwork (top) and
the effect of patch size on reconstruction quality (PSNR) (bottom). The layer modulations study
shows how different types of modulations affect the model’s performance. The patch size study
demonstrates the relationship between patch size and reconstruction quality, measured in PSNR
(Peak Signal-to-Noise Ratio).

hash-grids [93]. To investigate this aspect further, we experiment with models that process

centroids of fixed-size patches, directly predicting the corresponding frame patches, to save

memory. From Figure 4.10, performance is consistent for smaller patch sizes, but drops off

sharply for higher patch sizes.

4.6 Discussion

Limitations. Our latents are somewhat restricted by the quality of the embeddings they

are aligned to. Additionally, more work is still required to match standard codecs in terms
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of storage and encoding time, in spite of impressive gains in terms of quality and decoding

speed. Future work could both improve the compression, and leverage more powerful vision

models.

Broader Impacts. Our method for simultaneously compressing and learning useful fea-

tures for recognition could reduce the need to decode videos for these tasks and thus save

computational resources, cutting costs and helping the environment. However, work that

advances performance for compression and recogntion also has applications in surveillance

and warfare.

In this work, we propose a new framework, Latent-INR, where we decouple the tem-

poral aspect from the spatial into a dictionary of learnable latents. These auto-decoder

based learnable latents modulate the layers of the base INR network via low-rank modu-

lation using hypernetworks. Latent-INR is not only well-suited to video compression, but

the resulting latents learn an internal representation of the data they encode that lends

itself to SOTA interpolation for video INRs. Additionally, we also augment these latents

by training them to be aligned with CLIP and VideoLlama, which allows us to bring the

power of foundational models to compressed representations, and perform retrieval and

chat-based applications like captioning and question answering. Our work thus opens up

new possibilities of research in the implicit neural space where downstream tasks can be

performed by these model without the need for decoding.
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4.7 Appendix

4.7.1 Network Architecture

Base Network: We use an MLP with 10 layers, width of 512 and ReLU non-linearity

as our base network fθ.

Hypernetwork: All hypernetworks hl used to modulate a layer l of the base network have

3 layers with a hidden dimension of 512 and tanh as non-linearity. Unless specified, we

only modulate the first hidden layer of the base network.

Latents: Each latent Zt corresponding to a frame has a dimension of 512 and is initialized

to be standard Gaussian before training. We set our learning rate as 5e-4 and used the

standard Adam optimizer without any weight decay.

4.7.2 Compression

4.7.2.1 Fourier Features

We use the multiresolution hash grid for positional encoding in all our models. In

table 4.5 we show results for full coordinate resolution using fourier features for positional

encoding. Due to lack of a hash grid, the resulting models train upto 30% faster, but at

the cost of inferior reconstruction.

4.7.2.2 Quantization

Instead of quantizing all components equally, we notice that retaining the latents and

the base network at full precision provides better reconstruction at negligible additional
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Figure 4.11: Effect of varying latent dimension across different bitrates. (a) PSNR vs. bitrate.
(b) SSIM vs. bitrate.

storage.

4.7.2.3 Effect of latent dimension

To study the effect of latent dimension on compression, we train models by varying it

and encode the “bosphore” video from UVG dataset. The results are presented in Figure

4.11. We notice that there is positive gains till dimension 512 and diminishing returns

thereafter. Hence we choose that as our default latent size in all our experiments.

4.7.3 Video Retrieval

We perform two retrieval tasks on the COIN dataset[119] - class-level, and segment-

level. In both settings, we use the standard val set as the database. For class-level, we

use the distinct video-level task names in COIN as our query set. For segment-level, we

use the set of distinct clip-level captions in COIN as our query set. We get the CLIP

ViT-B/32 text embeddings of each of these captions, and these become our query vectors.

For database vectors, we use the per-frame learned latents for each video in the database.
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Figure 4.12: Nearest Neighbours for segment-level matching of sample queries from COIN vali-
dation set. The green boxes denote the true positives and the red ones are false pos- itives. We
show the inner product similarity between the image and the corresponding query inside the green
boxes at the bottom of each image

For comparison with CLIP, we replace these database vectors with the CLIP ViT-B/32

image embeddings for each frame. For class-level retrieval, we consider a result frame a

positive match if it belongs to a video with the same class label as the queried caption.

On the other hand, for segment-level retrieval, we consider a result frame a positive match

only if it belongs to a segment with the same caption as the query. Further, this search

is done over all videos. We use FAISS[124] as our retrieval implementation and use cosine

similarity as the distance metric.

We perform whole-level video retrieval as described in the main paper. For text, we

use CLIP to compute a feature for the paragraph caption. For the video, we compute a

per-frame feature for CLIP, or use the learnt latents from Latent-INR. For a single video

feature, we then average these per-frame features. We normalize all features, and perform

retrieval by finding the closest embeddings using dot product similarity. Both text-to-

video and video-to-text are performed in the same manner, the only difference being which

features are used as query and key.
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Table 4.5: Fourier Feature Models

Method PSNR BPP

Ours- Fourier - S 31.99 0.31
Ours- Fourier - M 33.69 0.62
Ours- Fourier - L 33.19 0.84

Fig.4.12, shows the retrieval results on the COIN data in the segment-level setting. It

can be seen that a majority of failure cases could be attributed to visual similarity across

different tasks when seen at an individual frame level.

4.7.4 Video Chat

We interface our latents with learned features from Video-Llama [91] to enable inter-

active chat with the compressed videos. In [91], the N video frames are passed through a

ViT based visual encoder to extract features of size k×d per frame. These are then passed

through a Query Former [125] to obtain a unified video representation of size kv× dv. This

tensor is then passed to a trainable MLP layer before aligning with an LLM of our choice

(LLama-2 [126] in our models).

We align our latents Z with these per-video features of size kv×dv using a linear projection

layer which is trained end to end. The loss function is slightly modified to incorporate a

cosine similarity loss between the terms.

L = LMSE + λ · Lcos(Ft, F
V-LLM
t ) (4.7)

where Ft is the predicted feature and FV-LLM
t is the corresponding Video-LLama extracted

features. We show additional results of the interactive chat in Figure 4.13.
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Figure 4.13: Additional results for Latent-INR interface with Video-LLM.
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Chapter 5: LTH for object recognition

In this chapter 1 we explore the role of sparsity in vision systems. The Lottery

ticket hypothesis (LTH) states that we can find sparse sub-networks within a fully trained

network that can either match or sometimes even exceed the performance of the original

network. We explore the effects of LTH on recognition systems such as object detection,

instance segmentation, and keypoint detection. Since sparse networks also lead to model

compression and faster inference, this chapter lays the foundation for a series of works which

then go on to explore the transformation from data compression to model compression.

5.1 Introduction

Recognition tasks, such as object detection, instance segmentation, and keypoint

estimation, have emerged as canonical tasks in visual recognition because of their intuitive

appeal and pertinence in a wide variety of real-world problems. The modus operandi

followed in nearly all state-of-the-art visual recognition methods is the following: (i) Pre-

train a large neural network on a very large and diverse image classification dataset, (ii)

Append a small task-specific network to the pre-trained model and fine-tune the weights

jointly on a much smaller dataset for the task. The introduction of ResNets by He et al. [127]
1Work done jointly with Sharath Girish. I was responsible for implementing LTH on detection, segmen-

tation and ablations. Sharath was responsible for the keypoint detection task and ablations.
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Figure 5.1: Performance of lottery tickets discovered using direct pruning for various object
recognition tasks. Here we have used a Mask R-CNN model with ResNet-18 backbone (top) and
ResNet-50 backbone (bottom) to train models for object detection, segmentation and human key-
point estimation on the COCO dataset. We show the performance of the baseline dense network,
the sparse subnetwork obtained by transferring ImageNet pre-trained “universal” lottery tickets,
as well as the subnetwork obtained by task-specific pruning. Task-specific pruning outperforms
the universal tickets by a wide margin. For each of the tasks, we can obtain the same performance
as the original dense networks with only 20% of the weights.

made the training of very deep networks possible, helping in scaling up model capacity, both

in terms of depth and width, and became a well-established instrument for improving the

performance of deep learning models even with smaller datasets [128]. As a result, the past

few years have seen increasingly large neural network architectures [129, 130, 131, 132],

with sizes often exceeding the memory limits of a single hardware accelerator. In recent

years, efforts towards reducing the memory and computation footprint of deep networks
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have followed three seemingly parallel tracks with common objectives: weight quantization,

sparsity via regularization, and network pruning; Weight Quantization [133, 134, 135, 136,

137] methods either replace weights of a trained neural network with lower precision or

arithmetic operations with bit-wise operations to reduce the memory up to an order of

magnitude. Regularization approaches, such as dropout [138, 139] or LASSO [140], attempt

to discourage an over-parameterized network from relying on a large number of features

and encourage learning a sparse and robust predictor. Both quantization and regularization

approaches are effective in reducing the number of weights in a network or the memory

footprint, but usually at the cost of increased error rates [137, 141]. In comparison, pruning

approaches [142, 143] disentangle the learning task from pruning by alternating between

weight optimization and weight deletion. The recently proposed Lottery Ticket Hypothesis

·(LTH) [144] falls in this category.

According to LTH, an over-parameterized network contains sparse sub-networks which

not only match but sometimes even exceed the performance of the original network, all by

virtue of a “lucky” random initialization before training. The original paper was followed

up with tips and tricks to train large-scale models under the same paradigm [73]. Since

then, there has been a large, growing body of literature exploring its nuances. Although

some of these recent works have tried to answer the question – how well do the tickets

transfer across domains [145, 146], when it comes to vision tasks – the buck stops at image

classification.

In this work, we aim to extend and explore the analysis of lottery tickets to funda-

mental visual recognition tasks of object detection, instance segmentation, and keypoint

detection. Popular methods for such recognition tasks use a two-stage detection pipeline,
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with a supervised pre-trained convolutional neural network (ConvNet) backbone, a re-

gion proposal network (RPN), and one or more region-wise task-specific neural network

branches. Loosely speaking, a ConvNet backbone is the most computationally intensive

part of the architecture, and pre-training is the most time-consuming part. Therefore, as

part of this study, we explore the following questions: (a) Are there universal sub-networks

within the ConvNet backbone that can be transferred to the downstream object recognition

tasks? (b) Can we train sparser and more accurate sub-networks for each of the downstream

tasks? And, (c) How does the behavior or properties of these sub-networks change with

respect to the corresponding dense network? We investigate these questions under the dom-

inant settings used in object recognition frameworks. Specifically, we use ImageNet [147]

pre-trained ResNet-18 and ResNet-50 [127] backbones, Faster R-CNN [148] and Mask R-

CNN [149] modules for object recognition on Pascal VOC [150] and COCO [151] datasets.

Our contributions are as follows:

• We show that tickets obtained from ImageNet training don’t transfer to object recog-

nition in case of COCO, i.e., there are no universal tickets in pre-trained ImageNet

models that can be used for downstream recognition tasks without a drop in perfor-

mance. This is in contrast with previous works related to ticket transfer in vision

models [145, 146]. In case of smaller datasets such as Pascal VOC, we are able to

find winning tickets from ImageNet pre-training with upto 40% sparsity.

• With direct pruning, we can find “task-specific” tickets with up to 80% sparsity

for each of the datasets and backbones. We also investigate the efficacy of methods

introduced by [144, 145, 152, 153] such as iterative magnitude pruning, late resetting,
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early bird training, and layerwise pruning in the context of object recognition.

• Finally we analyse the behavior of tickets obtained for object recognition tasks, with

respect to various task attributes such as object size, frequency, and difficulty of

detection, to make some expected (and some surprising) observations.

5.2 Related Work

Model Compression: Ever since deep neural networks started gaining traction in real-

world applications, there have been serious attempts made to reduce their parameters,

intending to attain lower memory footprints [133, 134, 135, 136, 137, 154], higher inference

speeds [155, 156, 157] and potentially better generalization [158]. Amongst the various pro-

posed techniques, model pruning approaches are predominant mainly due to their simplicity

and effectiveness. One line of methods follow an unstructured process where insignificant

weights are set to zero and are frozen for the rest of the training. The significance of

weights are quantified either by magnitude [143] or gradients during training time [159].

In structured pruning methods, relationships between pruned weights are taken into con-

sideration, leading to pruning them in groups. Methods like [160] utilize Group Lasso

regularization to prune redundant filter weights to enable structural sparsity, [161] uses

explicit L0 regularization to make weights within structures have exact zero values, and

network slimming [162] learns an efficient network by modelling the scaling factor of batch

normalization layer.

The Lottery Ticket Hypothesis: The introduction of Lottery Ticket Hypothesis by [73]

opened a pandora’s box of immense possibilities in the field of pruning and sparse models.
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The original paper was followed by [37] where the authors introduce the concept of ”late

resetting” which enabled the application of the hypothesis to larger and deeper models. [163]

followed up by proposing an extensive, in-depth analysis where they show that the resetting

of the weights need not be to the exact initialization, but just need to the initial signs. [152]

probes the aspect of resetting further to show that the reason why LTH works is because

of its ability to make the subnetwork stable to SGD noise. [164] probed an orthogonal

question about the number of possible tickets from a network. They showed that a single

initialization had multiple winning tickets with low overlap and empirically conclude that

there exists an entire “distribution” of winning tickets. Complementary to LTH[73], [159]

and [165] offer algorithms that can pick the winning ticket without the need for training.

But they do not match the performance of the original procedure. The problem of longer

training using LTH was effectively tackled by [166] which introduced the concept of “early

bird tickets” where the authors show that the winning tickets and their masks are obtained

in the first few epochs of training, foregoing the need to train the original initialization till

convergence. The intriguing properties of LTH led to a glut of works which investigated its

eclectic aspects. [145] scrutinize the generalization properties of winning tickets and offer

empirical evidence that winning tickets can be transferred across datasets and optimizers,

in the realm of image classification. [146] then proposed a variation of the theory titled

“transfer ticket hypothesis” where they investigate the effectiveness of transferring a mask

generated from source dataset to a target dataset. The work of [167] briefly analyzes LTH

on single stage detectors such as YOLOv3 [168] and achieves 90% winning tickets, while

maintaining the mAP on the Pascal VOC 2007 dataset. However, as they evaluate on light-

weight and fast detectors, their mAP (∼ 56) is much lower compared to networks like Faster
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R-CNN [148] which reach mAP of ∼ 69 with just a ResNet-18 backbone. Their work is also

limited to object detection and does not provide a detailed analysis of LTH for the task.

The idea for transferring subnetworks obtained from ImageNet to object detection tasks

was concurrently discussed by [169]. For small datasets such as Pascal VOC, [169] observes

that ImageNet tickets transfer for detection and segmentation tasks. However, we extend

the analysis to the larger COCO dataset and show that this observation doesn’t hold. We

further build upon these results, to test out the generalization and transfer capabilities of

winning lottery tickets across different object recognition datasets and tasks in computer

vision.

5.3 Background: Lottery Ticket Hypothesis

LTH states that dense randomly-initialized neural networks contain sparse sub-networks

which can be trained in isolation and can match the test accuracy of the original network.

These sub-networks are called winning tickets and can be identified using an algorithm

called Iterative Magnitude Pruning (IMP). Suppose the number of iterations for pruning

is T and we wish to prune p% of the network weights. The weights/parameters are repre-

sented by w ∈ Rn and the pruning mask by m ∈ {0, 1}n where n is the total number of

weights in the network. The complete algorithm is presented in 2. This pruning method

can be one-shot when it proceeds for only a single iteration or it can proceed for multiple

iterations, k, pruning p
1
k% each round. The authors also use other techniques such as

learning rate warmup and show that finding winning tickets is sensitive to the learning

rate.
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Algorithm 2: Iterative Pruning for LTH
1 Randomly initialize network f with initial weights w0, mask m0 = 1, prune target

percentage p, and T pruning rounds to achieve it.
2 while i < T do
3 Train network for N iterations f(x;mi ⊙ w0)→ f(x;mi ⊙ wi)

4 Prune bottom p
1
k% of mi ⊙ wi and update mi

5 Reset to initial weights w0

6 i← i+ 1 // next round
7 end

While this method obtains winning tickets for smaller datasets, like MNIST [170], CIFAR10

[171], they fail to generalize to deeper networks, such as ResNets, and larger vision bench-

marks, such as ImageNet [147]. [37] shows that IMP fails when resetting to the original

initialization. They claim that resetting instead to the network weights after a few iter-

ations of training provides greater stability and enables them to find winning tickets in

these larger networks. They show that rewinding/late resetting to 3 − 7% into training

yields subnetworks which are 70% smaller in the case of ResNet-50, without any drop in

accuracy.

5.4 Experiments

In this section, we extend the Lottery Ticket Hypothesis to several object recognition

tasks, such as Object Detection, Instance Segmentation, and Keypoint Detection and study

their effects. Then we analyze the transfer of winning tickets from ImageNet to these tasks,

and the effect of direct pruning on these tasks. Finally, we analyze the properties of these

winning tickets, ablate the effect of various hyperparameters, and study the effect of task-

specific properties on the winning tickets.
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5.4.1 Setup

We evaluate LTH primarily on the 2 datasets - Pascal VOC 2007 and COCO. We

deal with the 3 tasks of object detection, instance segmentation, and keypoint detection for

COCO and only object detection for VOC. We use Mask-RCNN for object detection and

segmentation for COCO, Keypoint-RCNN for keypoint detection, and Faster-RCNN for

object detection on VOC. We compare the results for ResNet-18 and ResNet-50 backbones.

Note that while we use the term mean Average Precision (mAP) as a performance metric

for all the tasks and datasets, the actual calculation of mAP is done using code provided

in the respective datasets (and cannot be compared across the tasks).

5.4.2 Transfer of ImageNet Tickets

Many object recognition tasks utilize pre-trained networks whose backbones are trained

on the ImageNet dataset. This is because ImageNet features and weights have shown the

ability [149] to generalize well to several downstream vision tasks. A plethora of works

exists which perform LTH for the ImageNet classification task and obtain winning tick-

ets. Therefore, tickets for standard convolutional backbones, such as ResNets, are readily

available. This raises the pertinent question of whether pruned ImageNet trained models

transfer directly to object recognition tasks. In order to answer this question, we trans-

fer the pruned model to the backbone of the RCNN-based network and fine-tune the full

network while ensuring the pruned weights in the backbone remain as zeros.

We perform experiments for the two architectures: ResNet-18 and ResNet-50, where

we obtain 10%, 20%, and 50% tickets on ImageNet by following the approach of [37], and
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Table 5.1: Performance on the COCO dataset for ImageNet transferred tickets for ResNet-18
backbone at varying sparsity. The results for VOC are averaged over 5 runs with the standard
deviation in parentheses.

COCO COCO COCO VOC

Prune
(%)

Detection segmentation Keypoint Detection

sparsity mAP AP50 sparsity mAP AP50 sparsity mAP AP50 sparsity mAP

90 31.61% 25.59 43.69 31.61% 24.03 40.89 21.47% 55.30 79.30 79.49% 63.91 (±0.41)
80 28.10% 27.70 46.50 28.10% 25.90 43.70 19.09% 56.70 81.10 70.66% 65.82 (±0.23)
50 17.57% 28.52 47.54 17.57% 26.60 44.66 11.94% 56.96 80.83 44.16% 68.06 (±0.11)
0 0% 29.91 49.05 0% 27.64 46.00 0% 58.59 82.04 0% 68.53 (±0.29)

Table 5.2: Performance on the COCO dataset for ImageNet transferred tickets for ResNet-50
backbone at various levels of pruning. The results for VOC are averaged over 5 runs with the
standard deviation in parentheses. We obtain higher levels of sparsity compared to ResNet-18
transferred tickets which can be expected as it has fewer redundant parameters. Additionally,
tickets for VOC have much higher sparsity with no drop in mAP compared to unpruned model.

COCO COCO COCO VOC

Prune
(%)

Detection segmentation Keypoint Detection

sparsity mAP AP50 sparsity mAP AP50 sparsity mAP AP50 sparsity mAP

90 41.99% 30.66 50.75 41.99% 28.68 47.76 31.49% 57.78 82.25 65.37% 71.20 (±0.21)
80 37.33% 31.01 50.98 37.33% 29.04 47.90 28% 58.55 83.06 58.11% 71.08 (±0.20)
0 0% 38.5 59.29 0% 35.13 56.39 0% 64.59 86.48 0% 71.21 (±0.32)
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then transfer the model to the backbones of the three R-CNN based networks. All mod-

els were trained on COCO, encompassing the three recognition tasks and the results are

summarized in Tables 5.1, 5.2. Additionally, we also perform similar experiments on the

smaller Pascal VOC 2007 dataset for object detection to verify whether ImageNet tickets

transfer without a significant drop in mAP. The results are shown in the last column of

Tables 5.1, 5.2. Note that pruning percentage of the ImageNet ticket is not equal to the

actual network sparsity of the various networks as only the backbone of the networks are

transferred and they make up a fraction of the total weights. We see that ImageNet tickets

transferred to COCO show a noticeable drop in mAP even with low levels of sparsity. We

also note that another drawback of training transferred tickets on COCO is that they re-

quire careful tuning of learning rate and batch size for different tasks. On the other hand,

for smaller datasets such as Pascal VOC, winning tickets are easily obtained at higher levels

of sparsity which is ∼ 45% for ResNet-18 and ∼ 65% for ResNet-50. The larger networks

can be pruned to a greater extent for both datasets. ImageNet transferred tickets offer very

little sparsity as the backbone of the networks usually do not make up most of the weights.

For example, the ResNet-18 based Mask-RCNN for COCO Detection and Segmentation

has only 44% of the parameters in the backbone, and hence, the overall network sparsity

reaches 31% when pruning 90% of the backbone weights, as shown in Table 5.1. The rest

of the weights are usually from the fully-connected layers of the network. It is therefore

imperative to prune layers in addition to the backbone to increase network sparsity without

decrease in mAP. As a consequence, we look into directly pruning the full network using

LTH.
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Figure 5.2: Effect of varying different hyperparameters for pruning Faster RCNN with ResNet-18
backbone on the Pascal VOC 2007 [150] dataset. All solid lines reported are the values averaged
over 5 runs and the error bands are within 3 times the standard deviation.

5.4.3 Direct Pruning for Downstream Task

In this section, we analyze the effect of various hyperparameters and pruning strate-

gies for detection networks in order to obtain winning tickets. We primarily use the ResNet-

18 backbone for Faster-RCNN trained on VOC for all our experiments in this section, unless

mentioned otherwise. Even though the ResNet-18 backbone is smaller than other backbone

networks such as ResNet-50, we find that similar conclusions hold for the larger networks

as well. The Faster RCNN network consists of parameters which we group into 4 main

modules: Base Convolutions, Classification Network Convolutions (Top), Region Proposal

Network (RPN), Classification network box and classification fully connected heads (Box

and Cls Head). We provide a detailed analysis of pruning these 4 groups and their effect
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on winning tickets. Additionally, we also analyze different pruning strategies and the role

played by hyperparameters.

Varying Pruning Percentage: We evaluate the network performance at varying levels

of sparsity. We prune different percentages of parameters in the Base and Top modules

which include 88% of the total network parameters. The results are plotted in Fig.5.2??.

We achieve performance within one standard deviation of the baseline, with 70% sparsity.

Our models outperform the baseline mean, thereby proving that we can indeed obtain high

performance winning tickets at much higher levels of sparsity for detection. Additionally,

we see that at any given sparsity, direct pruning yields much better results compared to

ImageNet transferred tickets. We also show that these observations pan other vision tasks

by obtaining winning tickets for Mask-RCNN and Keypoint-RCNN with both ResNet-18

and ResNet-50 backbones on the COCO dataset. We additionally prune FC layers in these

set of experiments in order to achieve desired sparsity levels as they take up ∼ 50% of the

total weights. The results for ResNet-18 are shown in Fig. 5.1. We obtain winning tickets

with 80% sparsity on all the three tasks while outperforming the unpruned network for

lower levels of sparsity. Additionally, we consistently outperform the different ImageNet

transferred tickets (50%, 80%, 90%) by a large margin supporting our claim that direct

training of tickets on downstream tasks yield better results than ImageNet tickets.

Effect of Early/Late Resetting: [37] states that resetting the network to a few iterations

through training instead of the initialization stabilizes the winning ticket training. We

evaluate whether this holds true for detection tasks as well. We show the performance of

winning tickets as a function of resetting at various stages of training in Fig. 5.2?? and

106



observe that resetting during the earlier or even mid stages of training does not have a very

strong effect on the final mAP. This is likely because the backbones of detection networks

are initialized with ImageNet weights and are not random as is the case with other papers

dealing with LTH in the classification setting. Therefore, the weights are more stable and

late resetting is not necessary. We also additionally analyze effects of resetting towards the

end of training and notice that there is a sharp drop in the performance after 8k iterations.

This is because the learning rate is decayed at this stage of training and the parameters

change significantly right after. A similar case holds when we perform learning rate warmup

but do late resetting before the learning rate is fully warmed up. The performance drops

significantly as the learning rate keeps fluctuating showing that late resetting is quite

sensitive to learning rate.

Pruning different Faster-RCNN modules: We prune 20% of the parameters of the

various modules within the Faster-RCNN network and analyze their effects on the mAP.

We also try different combinations of pruning with the modules and report the results in

Table 5.3. Pruning the Box and Classification head (which takes up only 65% weights)

outperforms the baseline case of no pruning, but does not always improve performance

when other modules are being pruned. Additionally, pruning the RPN module increases

the performance slightly even though it comprises of only 10% of the network weights.

Next, pruning the Base module and/or the Top module of the backbone leads to a drop in

performance, which is expected as they consist of 22% and 66% of the weights respectively.

Pruning the Base alone, excluding the Top, performs nearly as well as the baseline, while

including the Top yields a lower mAP.
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Table 5.3: Performance on Pascal VOC by pruning different modules of a ResNet-18 Faster-RCNN
network. The results are averaged over 5 runs with the standard deviation in parantheses. ✓
represents the module being pruned, while Param % represents the percentage of parameters
occupied by the modules being pruned.

Base Top RPN Box,
Cls Head

Param
%

Network
Sparsity mAP

- - - - 0 0% 69.74 (±0.16)
- - - ✓ 0.65 0.52% 70.30 (±0.14)
- - ✓ - 9.71 7.77% 70.02 (±0.19)
- - ✓ ✓ 10.36 8.29% 70.08 (±0.10)
✓ - - - 21.93 17.55% 69.32 (±0.07)
✓ - - ✓ 22.59 18.07% 69.60 (±0.19)
✓ - ✓ - 31.64 25.31% 69.39 (±0.25)
✓ - ✓ ✓ 32.29 25.83% 69.47 (±0.15)
- ✓ - - 66.39 53.11% 69.02 (±0.19)
- ✓ - ✓ 67.04 53.63% 68.74 (±0.21)
- ✓ ✓ - 76.09 60.88% 68.88 (±0.25)
- ✓ ✓ ✓ 76.75 61.40% 68.93 (±0.26)
✓ ✓ - - 88.32 70.66% 68.45 (±0.21)
✓ ✓ - ✓ 88.97 71.18% 68.54 (±0.23)
✓ ✓ ✓ - 98.03 78.42% 68.51 (±0.23)
✓ ✓ ✓ ✓ 98.68 78.94% 68.47 (±0.10)
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(c) Keypoint Estimation

Backbone
ResNet18 (unpruned mAP: 58.60)
ResNet50 (unpruned mAP: 64.59)

Figure 5.3: ResNet-18 vs. ResNet-50. We analyse change in mAP by using LTH on Mask R-CNN
with different backbones.

Performance of Early-bird tickets: [166] showed that tickets can be found at early

stages of training. We visualize this by obtaining masks at various stages in training and

evaluating their performance. We also plot each masks’ Intersection over Union (IoU)

with the default mask obtained at the end of training. This IoU shows the overlap in the

parameters being pruned. The results are visualized in Fig. 5.2??. We see that within 50%

of network training we find tickets whose performance is within a standard deviation of

the performance of the default ticket (obtained at the end of training). This is because the

IoU becomes more or less stable at around 0.96 during the middle stages of training and

the mask is unchanged as training advances. This allows us to cut down on the number of

training iterations significantly with very little cost to the network performance.

Effect of number of rounds of pruning: [144] states that iterative pruning performs

better than one-shot pruning on the classification task with small datasets and networks.

We show that this does not necessarily hold true for detection and larger backbones. We

plot the network’s performance against various rounds of pruning and observe that one-shot

pruning outperforms iterative methods in Fig. ??.

Layer-wise vs. global pruning: [37] performs global pruning for larger datasets and
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networks and claims that pruning at the same rate in lower layers as compared to higher

layers, is detrimental to the network performance. We evaluate the two methods of pruning

on the detection task and show the results in Fig. 5.2??. Additionally, for global pruning, we

plot the percentage of parameters pruned in each layer of the backbone network in Fig. ??.

Layer-wise pruning does as good as global pruning for lower levels of sparsity. However,

there is a noticeable performance gap for sparsity levels above 60%. This is because layer-

wise pruning forces lower layers with very few parameters to have high sparsity percentages.

But as per Fig. ??, for global pruning, we see that lower layers are pruned less as they are

crucial to both the RPN and Classification stages of the network.

5.4.4 Properties of Winning Tickets

In Section 5.4.3, we showed that we can discover sparser networks within our two-

stage Mask-RCNN detector if we directly prune on the task itself. We build upon those

results to further probe the properties of winning tickets.

Effect of backbone architecture: In Fig. 5.3, we show how winning tickets behave for 2

different backbones, ResNet-18 and ResNet-50, at different sparsity levels (50%, 80%, 90%).

We make two observations: First, the breaking point for both networks is ∼ 80% sparsity.

However, performance of ResNet-18 drops more sharply than ResNet-50 afterwards. This

is intuitive since ResNet-18 has fewer redundant parameters and over-pruning leads to drop

in the performance. Second, as we gradually increase the sparsity of the networks, mAP

increases for all tasks in case of both networks. However, gains for ResNet-18 models are

consistently more than ResNet-50.
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(a) Bounding Box Detection (b) Instance Segmentation (c) Keypoint Estimation

Figure 5.4: Comparison of Mean Average Precision (mAP) of pruned model for different object
sizes in case of Object Detection, Instance Segmentation, Keypoint Estimation. x-axis shows the
sparsity of the subnetwork (or the percentage of weights removed). y-axis shows the percentage
drop in mAP as compared to the unpruned network. For all tasks, and object sizes, performance
doesn’t drop till about 80% sparsity. After which, small objects are hit slightly harder as compared
to medium and large objects.

Do winning tickets behave differently for varying object sizes? Using the definition

from [151], we categorize bounding boxes into small (area < 322), medium (322 < area

< 962), and large (area > 322). To understand how sparse networks behave for different

sized objects, we plot the percentage gain or drop from the mAP of a dense network.

Figure 5.4 shows the percentage change in mAP for different levels of sparsity in the Mask

R-CNN model. We can observe that in each case, the model performance increases with

sparsity, until sparsity reaches 80%, after which, mAP sharply declines. We note that the

percentage drop for small boxes is more, with winning tickets (10% of weights) showing a

drop of over 17% in case of detection and segmentation tasks while medium sized objects

show smaller drops than large objects for all tasks.

How does the performance of the pruned network vary for rare vs. frequent

categories? We sort the 80 object categories in COCO by their frequency of occurrence in

training data. We consider networks with 80% and 90% of their weights pruned and observe

the percentage change in the bounding box mAP of the model with respect to the unpruned

network for each of the categories. Figure 5.5(a) depicts the behavior with a bar graph.
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Low High Easy Hard Easy Hard

Figure 5.5: Comparison of Mean Average Precision (mAP) of pruned model for 80 COCO object
categories. x-axis in each of the plot is a list of categories (sorted using different criteria). y-axis
shows the percentage drop in mAP as compared to the unpruned network.

While for most categories, winning tickets are obtained at 80% sparsity, performance drops

sharply with more pruning in case of rare categories (such as toaster, parking meter, and

bear) as compared to common categories (such as person, car, and chair).

Do the winning tickets behave differently on easy vs hard categories? For a

machine learning model, an object can be easy or hard to recognize because of a variety of

reasons. We have already discussed two reasons that influence the performance — number

of instances available in the training data, and size of the object. There can also be other

causes that can render an object unrecognizable in given surroundings. Camouflage or

occlusion, poor camera quality, light conditions, distance from the camera, or just variations

within different instances or views of the object are few of them. Since exhaustive analyses of

these causes is intractable, we rank object categories based on performance of an unpruned

Mask R-CNN model. We do this categorization for detection and segmentation models

as shown in Figure 5.5(b) and (c). Note that ‘easy’ and ‘hard’ categories from these two

definitions have an overlap but they are not the same. For example, knife, handbag, and

spoon are the categories with lowest bounding box mAP, and giraffe, zebra, and stop signs

are one with the highest (excluding ‘hair drier’ which has 0 mAP). On the other hand, skis,

knife, and spoon have the lowest segmentation mAP, while stop sign, bear, and fire hydrant
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Table 5.4: Effect of ticket transfer across tasks. Transferred tickets do worse than direct training
as expected, but still do not result in drastic drops in the mAP or AP50. Here we do task transfer
using the 80% pruned model.

Target task Source task Network sparsity mAP AP50

Detection Detection/Segmentation 78.4% 30.04 49.40
Keypoint 50.11% 23.94 41.08

Segmentation Detection/Segmentation 78.4% 27.90 46.68
Keypoint 50.11% 23.02 39.01

Keypoint Detection/Segmentation 76.98% 58.31 81.53
Keypoint 79.4% 59.34 82.36

have the highest. From the Figure 5.5(b) and (c), we make the following observations — (i)

tickets with 80% sparsity can actually increase mAP for certain categories like snowboard

by as much as 38%, (ii) Going from 80% to 90% sparsity, mAP drops significantly for easy

categories compared to hard categories, (iii) categories that are hit the hardest such as skis,

hot dog, spoon, fork, handbags usually have long, thin appearance in images.

Do winning tickets transfer across tasks? We showed that ImageNet tickets transfer

to a limited extent to downstream tasks. We further study whether the tickets obtained

from the downstream task of detection/segmentation transfer to keypoint estimation and

vice-versa. We train Mask-RCNN and Keypoint-RCNN respectively for the two tasks on

the COCO dataset while maintaining a sparsity level of 80%. For both the tasks we transfer

all values till box head modules, after which the model structures differ. The results are

shown in Table 5.4. We can observe that the drop is marginal for the transfer of tickets

between detection-segmentation to keypoint task, as compared with the reverse case which

registers a significant drop. This might be because the ticket is obtained on the keypoint

task which is trained only on ‘human’ class and it fails to transfer well for the detection

task which uses the entire COCO dataset.
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5.5 Discussion

[145, 146] show that winning tickets transfer well across datasets. However, the study

in [146] was limited to smaller datasets, like CIFAR-10 and FashionMNIST, and both [145,

146] are limited to classification tasks. We obtain contrasting results when transferring

tickets across tasks as shown in Sec. 5.4.2. ImageNet tickets transfer with approximately

40% sparsity to fall within one standard deviation of the baseline network. This is likely

due to the fact that winning tickets retain inductive biases from the source dataset which

are less likely to transfer to a new domain and task. Additionally, we show that unlike

prior LTH works, iterative pruning degrades the performance of subnetworks on detection

and one-shot pruning provides the best networks. We also observe that due to the use of

pre-trained weights from ImageNet for the backbone of detection networks, late resetting is

not necessary for finding winning tickets. This is in contrast to the [37], which is restricted

to the classification task involving random initialization for the networks. Like previous

works, in our experiments as well, we find that sparse lottery tickets often outperform the

dense networks themselves. However, we make another interesting observation — in each of

object recognition tasks, tickets with fewer parameters such as ResNet-18 show more gains

in performance as compared to tickets with more parameters (ResNet-50). We also find

that small and infrequent objects face higher performance drop as the sparsity increases.
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5.6 Remarks

We investigate the Lottery Ticket Hypothesis in the context of various object recog-

nition tasks. Our study reveals that the main points of original LTH hold for different

recognition tasks, i.e., we can find subnetworks or winning tickets in object recognition

pipelines with up to 80% sparsity, without any drop in performance on the task. These

tickets are task-specific, and pre-trained ImageNet model tickets don’t perform as well on

the downstream recognition tasks. We also analyse claims made in recent literature regard-

ing training and transfer of winning tickets from an object recognition perspective. Finally,

we analyse how the behavior of sparse tickets differ from their dense counterparts. In the

future, we would like to investigate how much speed up can be achieved using these sparse

models with various hardware [172] and software modifications [173]. Extending this anal-

yses for even bigger datasets such as JFT-300M [174] or IG-1B [129] and for self-supervised

learning techniques is another direction to pursue.

5.7 Appendix

We provide additional details for some of the experiments presented in the paper.

In particular, we provide comparison with a simpler ImageNet ticket transfer alternative

in Section 5.7.1, compare the different errors made by dense and pruned models in Sec-

tion 5.7.2, and finally verify the faster convergence of sparser models in Section 5.7.3.

115



Table 5.5: Performance on the COCO dataset for ImageNet backbones with mask transfer tickets
for ResNet-50 at various levels of pruning. The results for VOC are averaged over 5 runs with
the standard deviation in parentheses.

COCO Detection COCO segmentation COCO Keypoint VOC Detection
Prune

(%)
Network
sparsity mAP AP50 Network

sparsity mAP AP50 Network
sparsity mAP AP50 Network

sparsity mAP

90 41.99 35.46 56.51 41.99 32.40 52.89 31.49 62.27 84.93 65.37 61.75
80 37.33 36.52 57.28 37.33 33.53 54.15 28.00 63.48 85.72 58.11 67.30
50 24.55 37.99 58.83 24.55 34.76 55.91 19.71 64.21 86.32 36.32 70.32
0 0.00 38.50 59.29 0.00 35.13 56.39 0.00 64.59 86.48 0.00 71.21

5.7.1 Mask Transfer Without Retraining

In Section 4.2, we analyzed the effects of transferring tickets only for the ImageNet

trained backbones. While this deals with transferring the ticket mask as well as values, we

further analyze whether transferring only the mask provides winning tickets for these tasks

using the methodology from [146]. We use the default ImageNet weights in the ResNet-18

and ResNet-50 backbone and keep the top p% of the weights in convolutional layers while

setting the rest to zeros and maintaining it throughout the training of the entire network.

We refer to this method as ‘Mask Transfer’. Since training the backbone on much larger

ImageNet data is performed only once, ‘Mask Transfer’ is a much cheaper or computa-

tionally efficient way of obtaining tickets from parent task. We observe that behavior of

‘Mask Transfer‘ is similar to the ‘Transfer Ticket‘ obtained by method discussed in Section

4.2 where the sparse subnetwork weights are fully retrained on ImageNet. Either cases are

outperformed by direct pruning on the downstream tasks. The results are summarized in

Figure 1 (ResNet-18) and Table 1 (ResNet-50).
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Figure 5.6: Transferring ImageNet backbone tickets to object recognition tasks vs. Direct pruning
via LTH on the object recognition tasks. We experiment with two variations of transferring
ImageNet backbone tickets to object recognition tasks. ‘Transfer ticket’ refers to the case when we
transfer the lottery ticket backbone trained on ImageNet data to downstream task (also discussed
in the Section 4 of the paper). ‘Mask Transfer’ refers to the case when ticket is transferred
without retraining on ImageNet, i.e., only the relevant mask from backbone is transferred keeping
ImageNet weights the same. Best viewed in color.
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5.7.2 Error analysis on downstream tasks

The mAP score provides us a good way to summarize the performance of an object

recognition model with a single number. But it hides a lot of information regarding what

kind of mistakes the model is making. Do the sparse subnetworks obtained by LTH make

same mistakes as the dense models? In order to answer this question, we consider a dense

Mask R-CNN model with ResNet-50 backbone and a sparse Mask R-CNN model with

20% of the parameters obtained via LTH. Both the models achieve same performance on

downstream tasks as also discussed in Section 4.2 of the paper.

5.7.2.1 Object Detection and Instance Segmentation

We resort to a toolbox from [175] to analyze object detection and instance segmen-

tation errors. We consider 5 main sources of errors in object detection. (i) ‘Cls’ refers to

an error corresponding to miss-classification of a bounding box by a model, (ii) ‘Loc’ refers

to the case when bounding box is classified properly but not localized properly, (iii) ‘Dupe’

corresponds to the errors when model makes multiple predictions at the same location, (iv)

‘Bkgd’ are the cases when background portion of the image (with no objects) are tagged as

an object, and finally (v) ‘Missed’ cases when the objects are not detected by the model.

Figures 5.9 and 5.10 summarize the analysis of detection and segmentation errors obtained

for dense model as compared to a sparse model (with only 20% of the weights). While in

the case of object detection, the performance of both the models is identical, subtle differ-

ences emerge in case of segmentation where sparse model makes fewer localization errors

but higher background errors.
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Figure 5.7: Unpruned model Figure 5.8: Pruned model

Figure 5.9: Error analysis of unpruned vs. pruned models on object detection. The error types of
unpruned and pruned models are nearly the same.

5.7.2.2 Keypoint Estimation

We use [176] to perform a similar analyses for sparse and dense models on the task

of keypoint estimation. In case of keypoints, we compute the Precision Recall Curve of the

model while removing the impact of individual errors of following kinds — (i) ‘Miss’ - large

localization errors, (ii) ‘Swap’ - confusion between same keypoint of two different persons,

(iii) ‘Inversion’ - confusion between two different keypoints of the same person, (iv) ‘Jitter’

- small localization error, and (v) ‘FP’ - background false positives. Fig. 5.12 summarizes

the results. As in the previous case, it appears that both the dense and sparse models make

similar mistakes.
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(a) Unpruned model (b) Pruned model

Figure 5.10: Error analysis of unpruned vs. pruned models on instance segmentation. The error
types of unpruned and pruned models are quite similar.
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Figure 5.11: Disk space and MAC operations of pruned models with ResNet18 backbone for the
various tasks on the COCO dataset.
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Figure 5.12: Error analysis of unpruned vs. pruned models on keypoint estimation. The error
types of unpruned and pruned models are quite similar while the unpruned one has slightly better
performance.

5.7.3 Sparse subnetworks converge faster

The LTH paper [144] claimed that sparse subnetworks obtained by pruning, often

converge faster than their dense counterparts. In this section we verify the claims of the

paper on object recognition tasks and found them to hold true. We plot the validation

loss during training for the dense unpruned model, and the sparse subnetwork obtained

by keeping only 20% of the weights of dense model. Both the models achieve a similar

mAP after convergence. Fig. 5.13 shows the task loss against the number of epochs during

training. The comparisons confirm that the sparse subnetwork initialized from the winning
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Figure 5.13: Training curves of dense model vs. sparse model

ticket weights converge much faster. This observation is consistent for heterogeneous tasks,

e.g., object detection, instance segmentation, and keypoint estimation.

5.7.4 Disk space and compute operations

Finally, we analyze the disk space and MAC operations of pruned models in Figure

5.11. We store the index and values of only the non zero weights, when above a threshold

sparsity, while we store the full weight values for denser sparsity levels. As expected, we

observe significant reductions in disk space for higher levels of sparsity. However, number

of operations decreases at a much slower rate. This can possibly be improved further with

dedicated hardware for sparse operations.
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Chapter 6: Future Work and Conclusion

6.1 Future work

6.1.0.1 Meta Learning

Meta learning involved learning a prior of the world in which the target model op-

erates, with the aim of quick adaptation towards the end goal. In our paradigm, it would

translate to having a good model initialization for faster encoding of INRs. In neural net-

works, meta-learning typically involves a two-loop optimization process. The outer loop

optimizes the meta-parameters (often the initialization of the network), while the inner

loop performs task-specific adaptation. This approach allows the model to learn how to

learn, enabling rapid adaptation to new tasks with minimal data. Meta-learning algorithms

like Model-Agnostic Meta-Learning (MAML) [99] and Reptile [177] have shown promising

results in few-shot learning scenarios. To formalize this concept, let’s consider a simple

meta-learning setup:

For a given task Ti with dataset Di, we perform gradient descent to adapt the pa-

rameters θ. Let LTi
be the loss function for task Ti. Update the parameters using:

θ′i = θ − α∇θLTi
(θ)
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where α is the learning rate for the inner loop. The meta-objective is to minimize the loss

across all tasks after adaptation:

min
θ

∑
i

LTi
(θ′i)

Update the meta-parameters using:

θ ← θ − β∇θ

∑
i

LTi
(θ′i)

where β is the learning rate for the outer loop. In our case, the dataset Di can be

a large collection of images/videos which is used in learning global priors and the task

specific loss refers to overfitting on a new video. Works like [26], [96] have shown that this

technique works for image data. I propose to extend these techniques to videos to not only

improve encoding speeds, but also reduce storage as the global priors can be considered as

a constant, one time cost.

6.1.0.2 Sampling

Another important area which has out-sized influence on training times of INRs is

the coordinate sampling. While training implicit networks, the actual input to the network

either tends to be coordinate values of each point or in some cases, the centroids of patches

which are then mapped to the signal values (with an optional conditional vector). From

the perspective of the model, there are N inputs from which we can sample in every

forward pass. In the proposed methods, we just take pass all inputs at once and train till

convergence which is inefficient.

The DCT least squares theorem states that a reconstruction loss always favours the
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low frequency components. This translates to large variation in learning with respect to

the signal. For example, a region of the image which represents clear blue sky will be

much easy to learn that a region having animal fur. Incorporating this knowledge into the

learning process can result in huge speedups of encoding times. The simplest method to try

would be to complete the forward pass on all coordinates, but retain only top-K based on

loss for the backward pass. More efficient methods which involve Monte-Carlo estimation

and soft-mining to achieve sampling during forward pass too [178] have shown impressive

results for 3D-scenes. I propose to adapt these techniques to speed-up the encoding times

for Video-INRs.

6.1.1 Random Networks

In Chapter 5, we talked about how sparse sub-networks found within trained dense

networks contain enough information to reproduce the same results. This begs the question

- can we find these sparse networks without the additional overhead of re-training? In their

work [117] show that a sufficiently large random network can contain sub-networks which

match its accuracy. This result has direct impact on INRs for data compression as we

only need to store a sparse mask that “selects” this sub-network, while an integer random

seed can recover rest of the network. It is important to note that there is an inevitable

trade-off in training INR models. More parameters leads to decreased training times, but

that comes at the cost of storage. Tricks like quantization aware training can mitigate

this but inevitably end up increasing training times! In their work [179] show that it is

possible to train NeRV [3] model within such a framework. [180] take a similar approach
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for latent based INR frameworks where they use a random matrix as a hypernetwork to

predict network weights, resulting in high rates of compression. I propose to extend these

techniques to encode videos in order to achieve faster encoding with extremely low bitrates.

6.2 Conclusion

This thesis began with a simple question - Can neural networks store data? or

are they just analyzers of data? We explored this question in a Rashomon-esque manner,

exploring different aspects of building such a system We started with NIRVANA, a practical

reimagining of video compression through the lens of implicit neural representations. By

adopting patch-wise autoregressive modeling and model-based compression, we showed that

INRs can offer a scalable, fast, and resolution-agnostic alternative to traditional codecs.

We then pushed this line of work further in SIEDD, marrying speed and performance.

The key innovation was a shared encoder-decoder paradigm that enabled not just faster

encoding, but also better scaling, bringing the gap between INR codecs and real-world

viability.

But speed and quality weren’t enough. Compression without semantics is merely stor-

age. So in Latent-INR, we proposed a framework that infused meaning into compression—

enabling retrieval, interpolation, and even video-language tasks through learned per-frame

latents. This was the turning point where INRs evolved from being just signal approxima-

tors to true representations.

To examine how compression generalizes beyond INRs, we also explored pruning and

sparsity via the Lottery Ticket Hypothesis. Through a comprehensive empirical study, we

126



highlighted how extreme sparsity, if done right, preserves performance across classification,

detection, and segmentation. These results deepen our understanding of model compression

at scale.

Together, these works argue for a paradigm shift: from compressing data to learning

functions that are the data. While open questions on generalization, real-time encoding,

and universal codecs remain, the trajectory is clear: Compression, when rooted in structure

and semantics, becomes a form of intelligence. After all, great compression is understanding

and vice versa.
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