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Abstract

The exponential growth of digital imagery—propelled by advances in camera technology
and the ubiquity of social media—has led to an unprecedented demand for efficient image
compression techniques capable of reducing data sizes without sacrificing quality. To cope
with this demand, learned image compression (LIC) methods have emerged as a promis-
ing alternative, leveraging deep learning to surpass traditional compression approaches.
However, a critical challenge remains: developing accurate and efficient entropy models
that effectively capture the intricate dependencies within compressed representations with-
out incurring prohibitive computational costs. This thesis addresses this challenge by pre-
senting a series of advancements in context modeling of entropy models, introducing two
key architectures—Contextformer and Efficient Contextformer—that leverage the flexibility
and power of transformer-based models to significantly enhance compression performance
and computational efficiency. These contributions lay the foundation for novel context mod-
els aimed at achieving high compression ratios and low computational overhead.

The Contextformer innovates upon widely adopted context models by employing a
Spatio-Channel Multi-Head Attention (SC-MHA) mechanism. By generalizing the tradi-
tional attention mechanism to jointly process spatial and channel dimensions, the Context-
former dynamically captures complex spatial and inter-channel dependencies in the latent
space with a content-adaptive approach. Additionally, it includes several optimizations that
accelerate encoding and decoding while maintaining precision. These innovations signifi-
cantly enhance entropy modeling, achieving up to 11% bitrate savings over the state-of-the-
art Versatile Video Coding (VVC) Test Model (VTM) 16.2. Extensive evaluations on standard
datasets such as Kodak, CLIC, and Tecnick demonstrate that the Contextformer outperforms
existing LIC models in terms of Peak Signal-to-Noise Ratio (PSNR) and Multi-Scale Struc-
tural Similarity Index Measure (MS-SSIM).

The Efficient Contextformer (eContextformer) builds upon the foundations of the Con-
textformer, prioritizing computational efficiency while preserving performance to tackle the
computational demands inherent in transformer-based models. The eContextformer intro-
duces Spatio-Channel Window and Shifted-Window Attention (SC-W-MHA and SC-SW-
MHA) mechanisms, effectively approximating global spatio-channel attention with drasti-
cally reduced complexity. By integrating parallel context modeling techniques—including
patch-wise, checkered, and channel-wise grouping—it reduces the number of autoregres-
sive steps required, enabling efficient processing. The eContextformer employs several ad-
ditional optimizations, such as dynamic attention scaling and caching mechanisms, resulting
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in a remarkable 145x reduction in model complexity and a 210x increase in decoding speed
compared to the Contextformer. Additionally, its lightweight design enables the use of on-
line rate-distortion optimization (oRDO), further refining compression results on a per-image
basis and achieving bitrate savings of up to 17% against VTM 16.2 on standard benchmark
datasets.

In summary, this thesis contributes a robust framework for high-performance, efficient
LIC, validated across diverse datasets and complexity levels, offering a scalable solution
that balances visual fidelity and resource constraints. The proposed models not only es-
tablish new benchmarks in LIC performance but also introduce scalable transformer-based
techniques that push the boundaries of context modeling in compression, addressing the
pressing need to manage the ever-expanding volume of visual data in the digital age.



Kurzfassung

Das exponentielle Wachstum digitaler Bilder, angetrieben durch Fortschritte in der Kame-
ratechnologie und die Allgegenwart sozialer Medien, hat zu einer signifikanten Nachfrage
nach effizienten Bildkompressionstechniken geführt. Dabei ist es wichtig, dass die Daten-
mengen reduzieren werden können, ohne die Qualität zu beeinträchtigen. Um dieser Nach-
frage gerecht zu werden, sind gelernte Bildkompressionsmethoden (LICs) als vielverspre-
chende Alternative entstanden, die Deep Learning nutzen, um traditionelle Kompressions-
ansätze zu übertreffen. Allerdings bleibt eine kritische Herausforderung bestehen: die Ent-
wicklung genauer und effizienter Entropiemodelle, die komplexe Abhängigkeiten innerhalb
komprimierter Repräsentationen effektiv erfassen, ohne prohibitive Rechenkosten zu verur-
sachen. Diese Arbeit adressiert dieses Problem, indem sie eine Reihe von Fortschritten in
der Kontextmodellierung von Entropiemodellen präsentiert und zwei Schlüsselarchitektu-
ren einführt: den Contextformer und den Efficient Contextformer. Diese nutzen die Flexi-
bilität und Leistungsfähigkeit transformerbasierter Modelle, um die Kompressionsleistung
und Recheneffizienz signifikant zu verbessern. Die Beiträge dieser Arbeit sind Basis für die
Entwicklung neuartiger Kontextmodelle, die darauf abzielen, hohe Kompressionsraten bei
geringem Rechenaufwand zu erreichen.

Der Contextformer verbessert weit verbreitete Kontextmodelle, indem er einen Spatio-
Channel Multi-Head Attention (SC-MHA)-Mechanismus verwendet. Durch die Verallgemei-
nerung des traditionellen Aufmerksamkeitsmechanismus zur gemeinsamen Verarbeitung
von Raum- und Kanaldimensionen erfasst der Contextformer dynamisch komplexe räumli-
che und kanalübergreifende Abhängigkeiten im latenten Raum mit einem inhaltsadaptiven
Ansatz. Darüber hinaus enthält er mehrere Optimierungen, die das Kodieren und Dekodie-
ren beschleunigen, ohne die Präzision zu beeinträchtigen. Diese Innovationen verbessern die
Entropiemodellierung erheblich und erreichen bis zu 11 % Bitratenersparnis gegenüber dem
modernen Versatile Video Coding (VVC) Test Model (VTM) 16.2. Umfangreiche Bewertun-
gen auf Standard-Datensätzen wie Kodak, CLIC und Tecnick zeigen, dass der Contextformer
bestehende LIC-Modelle in Bezug auf das Spitzen-Signal-Rausch-Verhältnis (PSNR) und den
Mehrskalen-Index struktureller Ähnlichkeit (MS-SSIM) übertrifft.

Der Efficient Contextformer (eContextformer) baut auf den Grundlagen des Context-
formers auf und priorisiert die Recheneffizienz, während er die Leistung beibehält, um
den rechnerischen Anforderungen transformerbasierter Modelle gerecht zu werden. Der
eContextformer führt Spatio-Channel Window und Shifted-Window Attention (SC-W-MHA
und SC-SW-MHA)-Mechanismen ein, welche die globale räumliche und kanalübergreifende
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Aufmerksamkeit mit drastisch reduzierter Komplexität effektiv annähern. Durch die Inte-
gration paralleler Kontextmodellierungstechniken, einschließlich patchweiser, schachbrett-
artiger und kanalweiser Gruppierung, reduziert er die Anzahl der erforderlichen autore-
gressiven Schritte und ermöglicht eine effiziente Verarbeitung. Der eContextformer verwen-
det mehrere zusätzliche Optimierungen wie dynamische Aufmerksamkeits-Skalierung und
Caching-Mechanismen, was zu einer bemerkenswerten 145-fachen Reduktion der Modell-
komplexität und einer 210-fachen Erhöhung der Dekodiergeschwindigkeit im Vergleich zum
Contextformer führt. Darüber hinaus ermöglicht sein leichtgewichtiges Design die Verwen-
dung von Online-Rate-Distortion-Optimierung (oRDO), welche die Kompressionsergebnis-
se pro Bild weiter verbessert und durchschnittliche Bitrateneinsparungen von bis zu 17 %
gegenüber VTM 16.2 auf Benchmark-Datensätzen erzielt.

Zusammenfassend liefert diese Arbeit ein robustes Framework für leistungsstarke, effi-
ziente LICs, validiert über verschiedene Datensätze und Komplexitätsstufen. Sie bietet ei-
ne skalierbare Lösung, die visuelle Qualität und Ressourcenbeschränkungen ausbalanciert.
Die vorgeschlagenen Modelle setzen nicht nur neue Maßstäbe in der LIC-Leistung, sondern
führen auch skalierbare, transformerbasierte Techniken ein, die die Grenzen der Kontextmo-
dellierung in der Kompression erweitern und dem dringenden Bedarf gerecht werden, das
ständig wachsende Volumen an visuellen Daten im digitalen Zeitalter zu bewältigen.
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Chapter 1

Introduction

With the increasing accessibility of smartphones and digital cameras, the number of images
captured and shared online continues to grow at an exponential rate. Recent statistics [13]
reveal that approximately 1.94 trillion photos are taken globally every year, with over 136
billion images indexed by Google Image Search as of 2024. Social media platforms see ap-
proximately 14 billion images shared daily, which is expected to continue rising as visual
content dominates online communication. This explosion in image creation and sharing
places immense pressure on storage and transmission systems, highlighting the critical need
for scalable and efficient solutions to manage vast quantities of visual data.

The improving quality of smartphone cameras has further intensified this challenge.
Modern cameras typically have sensors ranging from 10 to 20 megapixels (MP); some de-
vices now feature resolutions as high as 100 MP. For instance, a 24-bit color image captured
by a 10 MP camera requires approximately 30 megabytes of storage in its uncompressed, raw
format. If images shared on social media were transmitted in raw form, the daily data load
would easily exceed 400 petabytes—equivalent to 400,000 terabytes. Additionally, techno-
logical advancements enhancing color gamut and visual vividness, such as High Dynamic
Range (HDR) imaging, require up to 48 bits per pixel to represent an image [14], [15], which
further inflates the data footprint. These trends highlight the pressing need for advanced
compression technologies to reduce both storage and bandwidth demands while preserving
high image quality.

Traditional lossy image compression algorithms, such as Joint Photographic Experts
Group (JPEG) [16], JPEG 2000 [17], and WebP [18], were developed to address the grow-
ing need for efficient image storage and transmission. These algorithms work by reducing
spatial, statistical, and psychovisual redundancies in images through a combination of block-
based transform coding, quantization, and entropy coding, aiming to lower the bitrate—i.e.,
the number of bits needed to represent the image—while maintaining the highest possible
reconstruction quality. For instance, JPEG [16] decomposes the image into frequency com-
ponents, which are quantized to eliminate perceptually less important components. These
quantized components are then encoded using lossless entropy coding techniques, such as
Huffman coding [19], into a compact bit representation by reducing the statistical dependen-
cies within them. Over time, image and video compression standards have often improved
in parallel. Many image compression algorithms borrow principles from video coding al-
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2 Chapter 1. Introduction

gorithms such as adaptive block-partitioning [20], [21] and predictive coding [22], [23] since
video coding standards like High-Efficiency Video Coding (HEVC) [24] and its successor,
Versatile Video Coding (VVC) [25], use similar techniques for both still images and video
frames. In fact, modern smartphones from major manufacturers, including Android and
Apple devices, now support the High Efficiency Image File Format (HEIF) [26], which em-
ploys the still image (intra-frame) coding framework of HEVC [24] to deliver more efficient
image compression. While traditional codecs have achieved significant improvements in
compression efficiency, they face limitations in handling increasingly complex visual data
and adapting to diverse content, especially as image sizes and qualities continue to rise. Fur-
thermore, their reliance on hand-engineered coding decisions, such as a fixed set of linear
transforms and quantization parameters, restricts their flexibility and efficiency in dynami-
cally changing environments. Moreover, recent algorithms can suffer from very long encod-
ing times since they search for optimal parameters from a set of different coding decisions
during encoding.

Driven by the availability of powerful computing resources and vast amounts of train-
ing data, the rapid advancement of deep learning techniques has led to significant break-
throughs in fields such as computer vision, autonomous driving, and natural language
processing [27]–[30]. In recent years, this trend has extended into image and video com-
pression, where learned image compression (LIC) methods [1]–[4], [31]–[76] have emerged
as a promising alternative to traditional methods [77]. Instead of relying on fixed, hand-
engineered transforms and entropy coding schemes used in traditional codecs, LIC employs
neural network models, particularly autoencoders [78], to learn complex non-linear trans-
forms [36] that map input images into compact latent representations. These latent variables
are then compressed using entropy models, which learn the probability distribution of each
latent element, allowing for more efficient compression by better estimating the dependen-
cies within the data. A critical component of LIC is its ability to jointly optimize both bitrate
and reconstruction quality by learning powerful transforms and entropy models end-to-end
during training, unlike traditional methods where these are optimized separately. This flex-
ibility has allowed LIC to surpass the compression performance of traditional codecs like
JPEG [16], and even challenge HEVC [24] and VVC [25] in intra-frame coding scenarios.
Notably, these deep learning-driven approaches are not limited to academic research; stan-
dardization bodies have recognized their potential. Initiatives such as JPEG AI [79] for image
coding and Neural Network-based Video Coding (NNVC) [80] for video coding explore the
integration of deep learning into future compression standards, further highlighting the im-
pact of learned methods on the field.

An accurate entropy model is crucial in achieving high performance in the LIC frame-
work. Two key techniques are employed in entropy modeling [36]—forward adaptation
and backward adaptation. Forward adaptation, often implemented via a hyperprior net-
work [33], leverages a side-channel of auxiliary data to model the distribution of latent el-
ements. In contrast, backward adaptation, commonly referred to as context modeling [34],
estimates the distribution of the current latent element by utilizing contextual information
from previously decoded elements with an autoregressive process. This makes context mod-
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eling particularly efficient as it enhances the entropy model without requiring additional sig-
naling overhead. Given its effectiveness, context modeling has become a critical part of LIC
research, exploring a variety of context model architectures to further improve compression
performance and efficiency. Ideally, a context model processes each latent element sequen-
tially and builds contextual information for them based on all previous elements. However,
practically, this is infeasible due to the increased computational cost, and it might even re-
sult in reduced performance due to noise introduced by irrelevant relations added to the
computation. Therefore, one research track focuses on high-performance context models by
investigating what kind of contextual information in latent space optimizes the accuracy of
probability estimation. These mechanisms include models exploiting spatial local dependen-
cies [34], [37]–[40], [47], [49] and inter-channel dependencies [1], [2], [35], [42], non-local mod-
els capturing long-range dependencies [44], [45], and dynamic models leveraging content-
adaptive modeling [1], [2], [46], [59], [61]–[63]. Another research track focuses on more effi-
cient context models achieved by decreasing the model’s latency due to the serial processing
of autoregressive operations, which increases significantly with the image resolution. For
more efficient context modeling, studies have introduced parallelized context modeling ap-
proaches such as grouped latent coding. Rather than processing each latent element in a
strictly sequential order, the elements within a group are processed in parallel, significantly
accelerating the context modeling process. While grouped latent coding reduces processing
time and enhances parallelism, it often comes at the cost of slightly reduced compression per-
formance, as inter-group dependencies may not be fully captured. Therefore, various group-
ing mechanisms have been explored, such as spatial patches [3], channel segments [35], or
even checkered patterns [52], to reduce the performance drop from the parallelization and
achieve computationally efficient models, particularly for real-time applications.

Attention mechanisms have emerged as a powerful tool in deep learning due to their
ability to selectively focus on relevant parts of the input and suppress irrelevant informa-
tion [81]. An advanced implementation of attention mechanisms was proposed in trans-
former networks for natural language processing [82], which later became the backbone
of successful algorithms for various computer vision tasks, from object detection to image
generation [83]–[88]. Unlike traditional convolutional neural networks (CNNs), transform-
ers excel in capturing long-range dependencies and are dynamically adaptable to varying
contexts through their flexible receptive fields [89]. By leveraging the attention mechanism,
transformer-based context models can dynamically refine their predictions based on the spa-
tial, channel, and semantic relations within the latent space, making them ideal candidates
for efficient and high-performance entropy models.

This thesis seeks to further advance the field of context modeling in learned image
compression by focusing on transformer-based architectures. By exploiting the dynamic
and adaptive nature of transformers, this work aims to invent more high-performance and
computationally efficient entropy models, capable of achieving state-of-the-art compression
performance while maintaining a scalable solution for both high-resolution and resource-
constrained scenarios.
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1.1 Main Contributions

This thesis introduces several contributions in the field of LIC, focusing on advanced con-
text modeling techniques. The two main innovations—Contextformer and Efficient Con-
textformer—advance the state of entropy modeling by enhancing both compression perfor-
mance and computational efficiency.

Contextformer delivers a highly content-adaptive context model by leveraging a novel
transformer-based architecture, which significantly improves compression performance up-
on previous LIC methods. The core innovation is the Spatio-Channel Multi-Head Atten-
tion (SC-MHA) mechanism, which extends the traditional Multi-Head Attention (MHA) to
operate in higher dimensions, capturing both spatial and channel-wise dependencies dy-
namically. This mechanism allows for two distinct coding strategies, which prioritize either
spatial or channel-wise dependencies depending on the processing order of the latent tensor
elements. Additionally, Contextformer incorporates several optimizations aimed at improv-
ing encoding and decoding efficiency. To handle high-resolution images efficiently, a three-
dimensional sliding window strategy is introduced, ensuring that the computational cost of
SC-MHA remains within reach of the current hardware. Encoder-side optimizations exploit
the parallelizable nature of transformer architectures, significantly enhancing throughput
during encoding. Finally, three-dimensional wavefront coding is proposed to accelerate the
decoding process by allowing multiple sliding windows to be processed in parallel, further
improving the system’s efficiency.

Efficient Contextformer builds upon the Contextformer, aiming at high performance
while drastically reducing computational complexity. By introducing a range of optimiza-
tions, it addresses the latency and resource demands of context modeling, making it well-
suited for resource-constrained applications. At the core of Efficient Contextformer is the
Spatio-Channel Window and Shifted-Window Attention (SC-W-MHA and SC-SW-MHA)
mechanism, which maintains the dynamic and content-adaptive nature of the original SC-
MHA while significantly reducing its computational overhead. This mechanism approxi-
mates global attention by dividing the latent space into non-overlapping windows and shift-
ing the windows across layers to capture both local and global spatio-channel dependencies.
The proposed mechanism also integrates several grouped latent coding techniques to fur-
ther reduce the number of autoregressive steps required in context modeling. One of these
techniques is based on previously published work [3]. Moreover, Efficient Contextformer in-
troduces a few novel runtime optimizations. On the encoder side, a reordering technique is
proposed which maximizes parallel processing and efficiency of the attention computation.
On the decoder side, caching mechanisms are adopted, allowing the model to store interme-
diate attention computations for reuse, which minimizes redundant calculations and reduces
decoding time. The proposed optimization techniques enable the implementation of online
optimization strategies, adjusting the latent representation during encoding to optimize the
bitrate and reconstruction quality for each individual image. This adaptability allows more
refined compression results across diverse datasets and use cases.

Additionally, an evaluation of various training and test datasets using multiple com-
plexity criteria—such as texture, color variety, and structural segmentation—is provided,



1.1. Main Contributions 5

offering a detailed guideline for future research. This approach ensures that both fairness
and generalization are addressed when developing and testing new compression algorithms.
Similarly, a large variety of state-of-the-art LIC frameworks is investigated for compression
performance and efficiency, providing a benchmark for further studies.

This dissertation is based on the scientific works and results described in the following
international peer-reviewed journal and conference publications:

• [1] A. B. Koyuncu, P. Jia, A. Boev, E. Alshina, and E. Steinbach, “Efficient Context-
former: Spatio-Channel Window Attention for Fast Context Modeling in Learned Im-
age Compression,” IEEE Transactions on Circuits and Systems for Video Technology, vol. 34,
no. 8, pp. 7498–7511, 2024

• [2] A. B. Koyuncu, H. Gao, A. Boev, G. Gaikov, E. Alshina, and E. Steinbach, “Con-
textformer: A Transformer with Spatio-Channel Attention for Context Modeling in
Learned Image Compression,” in European Conference on Computer Vision (ECCV),
Springer, 2022, pp. 447–463

• [3] A. B. Koyuncu, K. Cui, A. Boev, and E. Steinbach, “Parallelized Context Modeling
for Faster Image Coding,” in 2021 International Conference on Visual Communications and
Image Processing (VCIP), IEEE, 2021, pp. 1–5

Furthermore, the following peer-reviewed publications are not directly included in this
thesis. However, the results they present have been obtained and published during the
course of this work:

• [4] P. Jia, A. B. Koyuncu, G. Gaikov, A. Karabutov, E. Alshina, and A. Kaup, “Learning-
based Conditional Image Coder Using Color Separation,” in 2022 Picture Coding Sym-
posium (PCS), IEEE, 2022, pp. 49–53

• [5] H. B. Dogaroglu, A. B. Koyuncu, A. Boev, E. Alshina, and E. Steinbach, “Adapt-
ing Learned Image Codecs to Screen Content via Adjustable Transformations,” in 2024
IEEE International Conference on Image Processing (ICIP), IEEE, 2024, pp. 1774–1780

• [6] P. Jia, A. B. Koyuncu, J. Mao, Z. Cui, Y. Ma, T. Guo, T. Solovyev, A. Karabutov, Y.
Zhao, J. Wang, et al., “Bit Rate Matching Algorithm Optimization in JPEG-AI Verifica-
tion Model,” in 2024 Picture Coding Symposium (PCS), IEEE, 2024, pp. 1–5

• [7] P. Jia, J. Mao, E. Koyuncu, A. B. Koyuncu, T. Solovyev, A. Karabutov, Y. Zhao, E.
Alshina, and A. Kaup, “Bit Distribution Study and Implementation of Spatial Quality
Map in the JPEG-AI Standardization,” in 2024 International Conference on Visual Com-
munications and Image Processing (VCIP), IEEE, 2024, pp. 1–5

• [8] N. Giuliani, H. You, A. B. Koyuncu, A. Boev, E. Alshina, and E. Steinbach, “CALC-
VFS: Content-Adaptive Low-Complexity Video Frame Synthesis,” in 25th IEEE Inter-
national Symposium on Multimedia, IEEE, 2023, pp. 57–61
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• [9] K. Cui, A. B. Koyuncu, A. Boev, E. Alshina, and E. Steinbach, “Quality-Blind Com-
pressed Color Image Enhancement with Convolutional Neural Networks,” in 2021
IEEE International Symposium on Circuits and Systems (ISCAS), IEEE, 2021, pp. 1–5

• [10] K. Cui, A. B. Koyuncu, A. Boev, E. Alshina, and E. Steinbach, “Convolutional Neu-
ral Network-based Post-Filtering for Compressed YUV420 Images and Video,” in 2021
Picture Coding Symposium (PCS), IEEE, 2021, pp. 1–5

• [11] A. B. Koyuncu, E. Erçelik, E. Comulada-Simpson, J. Venrooij, M. Kaboli, and
A. Knoll, “A Novel Approach to Neural Network-based Motion Cueing Algorithm
for a Driving Simulator,” in 2020 IEEE Intelligent Vehicles Symposium (IV), IEEE, 2020,
pp. 2118–2125

1.2 Thesis Organization

This thesis is organized as follows:
Chapter 2 presents a comprehensive background on image compression, covering both

traditional and learned image compression techniques. It introduces key concepts such as
transform coding, quantization, entropy modeling, and recent advancements involving at-
tention mechanisms and transformers.

Chapter 3 outlines the performance evaluation methodology, including an analysis of
the testing and training datasets, the performance and complexity metrics used to assess the
models, and the experimental setup employed throughout the thesis.

Chapter 4 introduces Contextformer, highlighting its architecture based on spatial and
spatio-channel attention mechanisms, along with several architectural and algorithmic op-
timizations to improve computational efficiency. Moreover, this chapter provides detailed
experiments and ablation studies to validate the performance of the proposed methods.

Chapter 5 presents the Efficient Contextformer, highlighting the spatio-channel shifted-
window attention mechanism, which fuses several parallelization techniques to reduce
model complexity while retaining a high performance. It presents additional runtime op-
timizations, including encoder-side reordering and decoder-side caching mechanisms. Fur-
thermore, this chapter includes extensive experiments and ablation studies to demonstrate
the effectiveness of the proposed methods.

Finally, Chapter 6 concludes the thesis by summarizing the contributions, discussing lim-
itations, and outlining potential future research directions.



Chapter 2

Background and Related Work

This chapter introduces the essential concepts and advancements in image compression. Sec-
tion 2.1 covers the definition and types of image compression, setting the foundation for
understanding the techniques discussed. Section 2.2 introduces traditional lossy image com-
pression (TIC), detailing key components such as block-based transform coding, quantiza-
tion, entropy coding, and rate-distortion optimization, and offers an overview of widely used
traditional compression frameworks. Section 2.3 transitions to learned lossy image compres-
sion (LIC), highlighting advancements such as non-linear transform coding, differentiable
quantization, learned entropy modeling, and online rate-distortion optimization, while also
providing an overview of modern learned frameworks. Additionally, this section introduces
the transformer neural network architecture, which forms the basis of the proposed learned
entropy models in this thesis. Finally, Section 2.4 concludes the chapter with a summary.

2.1 Fundamentals of Image Compression

With the growing demand for higher-quality visuals, particularly in applications such as
streaming, online storage, and media sharing, the management of vast quantities of data has
become an important aspect of industrial applications. Image compression is the process of
reducing the amount of data required to represent an image while maintaining the highest
possible perceptual quality. Since image data typically contains significant redundancies,
such as spatial, statistical, and psychovisual redundancies, various decorrelation operations
are performed during the encoding process to map the input image into a more compact bi-
nary representation, called a bitstream, which is used for efficient storage and transmission of
the data. On demand, the bitstream is converted back to a reconstructed image through the
decoding process. Image compression techniques are broadly classified into two categories:

1. Lossless Image Compression: This technique refers to algorithms allowing perfect re-
construction of an original image from the compressed data. Since no information is
lost during the process, the ability to achieve small file sizes is limited. Lossless tech-
niques are typically used in applications where data fidelity and integrity are crucial,
such as medical imaging or archival purposes. Widely used examples of lossless al-

7
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gorithms are Portable Network Graphics (PNG) [14] and Graphics Interchange Format
(GIF) [90].

2. Lossy Image Compression: In contrast to lossless algorithms, lossy approaches allow
for the permanent removal of certain information from the original image, usually de-
tails that are less perceptually important. This results in an even smaller file size, yet
some image quality is sacrificed. Lossy compression algorithms aim to balance the
trade-off between visual quality and file size depending on the use case. For example,
professional photography typically requires minimal compression to preserve image
quality for detailed editing or high-resolution displays. Mobile photography allows for
more compression to optimize storage and transmission efficiency, balancing file size
and quality. Instant messaging applications require even more aggressive compression
to minimize bandwidth usage, resulting in much smaller file sizes but with more no-
ticeable quality degradation. Widely used examples of lossy compression algorithms
include Joint Photographic Experts Group (JPEG) [16], JPEG 2000 [17], and WebP [18].
Additionally, intra-frame coding algorithms of video coding standards are also used
for image compression, such as High Efficiency Image File Format (HEIF) [26] and
Better Portable Graphics (BPG) [91], based on High Efficiency Video Coding (HEVC)
standard [24].

This thesis focuses on lossy image compression, exploring modern techniques and ad-
vancements for neural network-based learned image compression (LIC) methods, which
provide more efficient solutions compared to widely used traditional image compression
(TIC) techniques. Hereafter, whenever “image compression” is referred to in this thesis, it
denotes lossy image compression.

2.2 Traditional Lossy Image Compression

2.2.1 Image Representation

An image is a visual representation of information that is captured, scanned, generated, or
processed in various forms, such as digital photographs, scanned pictures, or computer-
generated graphics. Digital images typically consist of picture elements, i.e., pixels, each con-
veying information about color intensities. The pixels are arranged in a three-dimensional
(3D) tensor x ∈ RH×W×C with two-dimensional (2D) spatial coordinates, referred to as
height H and width W , and the last dimension C encompasses the color components. The
resolution of an image (W×H) is historically expressed as the number of pixels in the hor-
izontal and vertical dimensions, e.g., 3840×2160 pixels for a 4K image. Higher-resolution
images contain more pixels and generally have finer details, whereas lower-resolution im-
ages may appear pixelated or blocky.

In a grayscale image, each pixel has a single value (C=1) that represents a shade of gray
ranging from black to white. In a color image, each pixel contains multiple values (C>1)
corresponding to the intensities of primary color components. When displayed or captured,
these components are typically represented using the RGB model, which combines Red (R),
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Green (G), and Blue (B) channels to approximate human color perception reasonably well.
Each color component in an image has a digital representation using a certain number of
bits, referred to as bit depth B. The bit depth determines the number of distinct shades or
intensity levels that can be assigned to each color component. For instance, in the case of
RGB images, a 24-bit image with 8-bit bit depth per channel allows 28 possible shades for
each of the red, green, and blue components, resulting in 16.7 million possible colors.

Another commonly used color space is the YCBCR, which breaks the image into one lumi-
nance (Y) and two chrominance (CB, CR) components. Y represents brightness, while CB and
CR reflect the deviation of blue and red color components from the luminance. The human
eye is more sensitive to changes in brightness than to changes in color [92]. YCBCR is pre-
ferred in traditional image and video compression since separating luminance from chromi-
nance allows compression algorithms to take advantage of this property by reducing the
amount of color information without noticeably affecting the perceived image quality. For
instance, chrominance channels can be downsampled to reduce the amount of data. In 4:2:0
subsampling, the chrominance channels are stored at half the horizontal and vertical reso-
lution of the luminance channel. When luminance and chrominance components have the
same number of samples, the scheme is referred to as the 4:4:4 YCBCR. The RGB and YCBCR

formats can be seamlessly converted back and forth through linear transformations follow-
ing the International Telecommunication Union (ITU) Recommendations such as BT.601 [93],
BT.709 [94], and BT.2100 [15].

For further information about the human vision system and fundamentals of image rep-
resentations, the reader is referred to [92], [95]–[98].

2.2.2 Block-based Transform Coding

A fundamental principle behind image compression is that neighboring pixels in an image
are often highly correlated, as summarized in layman’s terms in [96]:

‘The Principle of Image Compression. If we select a pixel in an image at random,
there is a high probability that its neighbors will have the same or very similar colors.’

(Data Compression: The Complete Reference, 2002)

Due to a significant amount of redundancy, the compression of images in the spatial
domain is not always the most efficient. To remedy this, a fundamental technique called
transform coding [99] uses a linear transform to convert image data from the spatial do-
main into a transformation coefficients domain—often the frequency domain—where the
data is highly decorrelated. The frequency domain represents the rate of variation in pixel
intensities across space, rather than the pixel values themselves. Low-frequency components
correspond to slow, smooth changes in pixel intensity, while high-frequency components cor-
respond to areas with sharp changes containing complex edges and fine details. Due to the
high correlations in the spatial domain, most of the energy of natural images is concentrated
in low-frequency components in the frequency domain, which allows for better compression
by prioritizing these low-frequency components after the transform.
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Given the monochrome input image x ∈ RH×W×1, the linear transformation T (·) can be
mathematically formulated by:

y = T (x) (2.1a)

= r−1(A r(x)), (2.1b)

where r : RH×W×1 → RHW×1 stands for the flattening transform vectorizing the input im-
age, and r−1 : RHW×1 → RH×W×1 is its inverse. The transformation matrix A ∈ RHW×HW

is an invertible matrix to guarantee a lossless transform. The reconstruction x̂ is obtained by
applying the inverse transform defined as:

x̂ = T−1(y) (2.2a)

= r−1(A−1 r(y)). (2.2b)

Images contain different levels of complexity and detail across different regions. Given
an image of a landscape, some regions (e.g., trees and grassland) may have complex tex-
tures and sharp edges, whereas other regions (e.g., sky and lake) consist of smooth gradi-
ents. Performing a single transform on the entire image limits the ability to capture local
frequency features, which may result in suboptimal compression. Moreover, processing a
full-resolution image in a single step is computationally expensive due to large matrix mul-
tiplications, making transform coding infeasible on devices with limited resources such as
mobile phones. To remedy both limitations, modern compression algorithms use block par-
titioning to perform block-based transform coding, which divides the image into smaller
blocks of N×M pixels and separately applies transform coding to each block. Depending
on the traditional image compression (TIC) algorithm, the block size can be fixed [16], i.e.,
agnostic to the content, or adaptive, adjusting to the local content within the image [24], [25].
Complex regions may use smaller blocks for better detail capture, while smoother areas can
use larger blocks to efficiently reduce redundancy.

2.2.3 Quantization

Once an image has been transformed into the frequency domain, the transform coefficients
typically have the same precision as those in the spatial domain, which is inefficient for high
degrees of compression. Therefore, a quantization operation is applied to the transform coef-
ficients to reduce their precision by mapping them into a set of discrete values. The alphabet
size of the quantized values is significantly lower than that of the coefficients, which leads to
fewer bits being required to store them. Quantization is the key step where data loss occurs,
and it plays a central role in the lossy compression process.

Quantization operations can be broadly categorized into two groups—scalar and vector
quantization. Scalar quantization maps each coefficient independently to a scalar value, pro-
viding a simple, low-complexity procedure. On the other hand, vector quantization maps
a set of coefficients to a vector from a finite list of possible vectors. This allows capturing
more complex relationships between the coefficients but at the cost of significantly higher
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computational complexity, making it less practical for many applications. A simple scalar
quantization Q(·) of transform coefficients and its inverse operation Q−1(·) can be formu-
lated by:

ŷ = Q(y) =
⌊ y
∆

⌉
, (2.3a)

ȳ = Q−1(ŷ) = ∆ŷ, (2.3b)

where ∆ defines the quantization step size. Larger ∆ values correspond to a coarser quanti-
zation, and ∆=1 corresponds to rounding values to their nearest integer. ∆ can be a single
value uniformly quantizing the entire input range (uniform quantizer), or can have different
values throughout the input range (non-uniform quantizer).

In image compression, more optimal quantization can be achieved by exploiting the limi-
tations of the human visual system to reduce psychovisual redundancies. Humans are gener-
ally less sensitive to high-frequency details (rapid changes in intensity, such as sharp edges)
than to low-frequency information (smooth gradients), and are more sensitive to brightness
than to color [92]. Therefore, TIC algorithms can leverage these limitations by applying sep-
arate scaling factors to the coefficients prior to quantization, such as:

ŷi,j = Q

(
yi,j
qi,j

)
, (2.4a)

ȳi,j = qi,j Q
−1 (ŷi,j) , (2.4b)

where the quantization table q determines how aggressively each transform coefficient at co-
ordinate (i, j) is quantized, and its values are selected based on psychovisual experiments on
the human visual system’s sensitivity to different frequencies [100]. The choice of quantiza-
tion values qi,j can significantly impact the compression ratio and image quality. For larger
quantization values, the reconstructed image will have more artifacts but a smaller file size.
On the other hand, smaller quantization values preserve more detail at the cost of a higher
compressed file size.

2.2.4 Entropy Coding

After transform coding and quantization reduce the spatial and psychovisual redundancies,
the next step in the compression process is to eliminate any remaining statistical redundancy
in the quantized transform coefficients. This is achieved with a lossless compression tech-
nique called entropy coding. It reduces the number of bits required to represent the quan-
tized coefficients by taking advantage of their statistical properties and maps them into a
bitstream.

The concept of information entropy H(·) is defined in information theory [101]. It mea-
sures the average amount of information produced by a stochastic source of events or data
in bits, quantifying the uncertainty or randomness in a signal. The information entropy of
a source signal X with a symbol alphabet X = {x0, x1, . . . , xN−1} can be mathematically
defined as:

H(X) = −
∑
x∈X

p(x) log2(p(x)), (2.5)
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where X encapsulates all possible outcomes, with each symbol having a probability p(x) and
an information content of− log2(p(x)). The more probable observing a symbol is, the less the
symbol contributes to the overall entropy.

In the context of image compression, the information entropy represents the theoreti-
cal lower bound on the number of bits required to represent the quantized coefficients.
For efficient compression, entropy coding follows the principle of Variable-Length Coding
(VLC) [97], which assigns shorter codewords to more frequent symbols and longer code-
words to less frequent ones, ensuring that the average number of bits used approaches the
entropy H(X). Two common VLC methods are Huffman coding [19] and arithmetic cod-
ing [102]–[104]. Huffman coding [19] uses a prefix-free binary tree structure where the deep-
est leaves represent the least frequent symbols. More frequent symbols appear higher in the
tree, meaning they require fewer bits to code. Huffman coding [19] is optimal for indepen-
dent and identically distributed (i.i.d.) signals with a dyadic probability distribution. On the
other hand, arithmetic coding encodes an entire sequence of symbols as a fractional number
in the range [0, 1). It iteratively subdivides the interval [0, 1) based on symbol probabilities
p(x), narrowing the range as symbols are processed. Compared to Huffman coding [19],
this method can achieve non-integer bit lengths for each symbol, allowing the average bit
length to come closer to H(X) for skewed and non-dyadic distributions. However, it re-
quires higher computational complexity than Huffman coding [19].

Another important technique in entropy coding is context-adaptive variable-length cod-
ing (CAVLC). Although transform coding reduces spatial correlations between the coeffi-
cients, some underlying dependencies may remain, which can reduce the efficiency of en-
tropy coding. Given two source signals X and Y with their corresponding symbol alpha-
bets X = {x0, x1, . . . , xN−1} and Y = {y0, y1, . . . , yM−1}, the joint information entropy can be
mathematically defined as:

H(X,Y ) = −
∑
x∈X

∑
y∈Y

p(x, y) log2 (p(x, y)) (2.6a)

= −
∑
x∈X

∑
y∈Y

p(x, y) log2 (p(y) · p(x | y)) (2.6b)

= −
∑
y∈Y

p(y) log2 (p(y))−
∑
y∈Y

p(y)
∑
x∈X

p(x | y) log2 (p(x | y)) (2.6c)

= H(Y ) +H(X | Y ) ≤ H(Y ) +H(X)†, (2.6d)

where the conditional entropy H(X | Y ) is lower than or equal to the marginal entropy
H(X ). This implies that conditioning on an additional signal Y can only reduce entropy
or, at worst, keep the entropy unchanged. CAVLC leverages the properties of conditional
entropy by employing a context model. The context model considers previously encoded
symbols X<i as the additional signal Y and uses them for coding the current symbol Xi

at coding step i. It improves upon traditional entropy coding by adjusting the conditional
probability p(Xi |X<i) ofXi which is updated based on previously encoded dataX<t, also
referred to as the context.
† A detailed proof can be found in [105]
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Figure 2.1: Illustration of traditional image compression frameworks: (a) early approaches, such as
JPEG [16], and (b) more advanced methods, including the intra-coding of HEVC [24] and VVC [25].
T (·), Q(·) , T−1(·), and Q−1(·) stand for the linear transformation, quantization, and their inverse op-
erations, respectively. EC and ED denote lossless entropy encoder and decoder.

2.2.5 Overview of Traditional Image Compression Frameworks

Fig. 2.1 illustrates the overall workflow of TIC frameworks, integrating the concepts ex-
plained in the previous sections (Sections 2.2.1 to 2.2.4). The encoder-side pipeline begins
with the conversion of the image from the RGB color space into the YCBCR color space.
Algorithms like JPEG [16] apply 4:2:0 chrominance subsampling to reduce data size and
computational complexity. More modern video coding standards such as HEVC [24] and
VVC [25] support multiple subsampling formats, such as 4:4:4 and 4:2:0, depending on the
specific use case.

Following color conversion, the image undergoes block-based transform coding to re-
duce spatial redundancies. JPEG [16] applies the type-II Discrete Cosine Transform (DCT-
II) [106] to fixed 8×8 blocks of pixels. JPEG 2000 [17] adopts a different approach by using
Discrete Wavelet Transform (DWT) [107] instead of the DCT, without a theoretical limita-
tion on the block size. On the other hand, HEVC [24] and VVC [25] introduce more flexible
transform coding techniques. For instance, HEVC [24] replaces fixed blocks with hierarchical
partitioning [108], where the image is split into Coding Tree Units (CTUs) with sizes ranging
from 8×8 to 64×64 pixels. Quad-tree partitioning [20] is then applied to recursively split
the CTUs into even smaller blocks for transform coding, allowing the codec to adapt block
sizes based on local image details. VVC [25] extends this by introducing more advanced
partitioning structures, such as binary-tree and ternary-tree [21], which provide even more
adaptive and flexible block partitioning. Moreover, HEVC [24] and VVC [25] can also use
different types of transforms such as type-VIII DCT and type-VII Discrete Sine Transform
(DST-VII) [109], depending on the content of the image.

Following the transform stage, the precision of the transform coefficients is reduced by
the quantization step. JPEG [16] and JPEG 2000 [17] use a simple scalar quantization, where
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each coefficient is divided by a value from a quantization matrix. In contrast, HEVC [24] and
VVC [25] allow for more sophisticated quantization schemes, adapting quantization param-
eters based on local image characteristics to achieve a better balance between compression
and visual quality. Moreover, VVC [25] adopts a vector quantization technique called Trellis-
Coded Quantization [110] (TCQ) for higher compression performance.

Another key innovation in modern compression algorithms like HEVC [24] and VVC [25]
is the use of predictive coding techniques such as intra-prediction [22], [23], which further
reduces spatial redundancy by predicting the pixel values of the current block using neigh-
boring blocks within the same picture. Instead of encoding an entire block of pixels, the codec
predicts the values from already decoded adjacent block samples, and only the differences
between the predicted and actual values, also called residuals, are encoded.

The final step in the encoder-side process is entropy coding, which compresses the quan-
tized coefficients into a bitstream. JPEG [16] traditionally uses Huffman coding [19], while
JPEG 2000 [17] employs a type of CAVLC, called the MQ Arithmetic Coder [111]. In con-
trast, HEVC [24] and VVC [25] adopt a more advanced entropy coding technique known
as Context-based Binary Arithmetic Coding (CABAC) [112], maximizing compression effi-
ciency through detailed context modeling and adaptive probability estimation.

On the decoder side, the process mirrors the encoder’s workflow. The compressed bit-
stream undergoes entropy decoding to retrieve the quantized coefficients, which are then
dequantized to restore their original scale. The next step involves applying the inverse trans-
forms, such as the inverse DCT, inverse DST, or inverse DWT, to convert the data back from
the frequency domain to the spatial domain. For HEVC [24] and VVC [25], intra-prediction
is reversed by adding the residuals back to the predicted values to reconstruct the origi-
nal block. Finally, the color components are merged back into the original RGB color space,
yielding the final reconstructed image. While the overall process is symmetrical, some loss of
quality is inherent due to the lossy nature of the quantization employed during the compres-
sion. By leveraging these techniques—color space conversion, chroma subsampling, block-
based transform coding, intra-prediction, quantization, and entropy coding—TIC frame-
works can achieve substantial reductions in image size while maintaining acceptable visual
quality.

2.2.6 Rate-Distortion Optimization

Rate-Distortion Optimization (RDO) [113] plays a fundamental role in modern lossy com-
pression frameworks, balancing the trade-off between the size of the compressed bitstream
(i.e., the bitrate R) and the loss of quality in the reconstructed image (i.e., the distortion D).
The strength of modern TIC algorithms, such as HEVC [24] and VVC [25], lies in their abil-
ity to perform computationally expensive encoding tasks, allowing the encoder to search
through various encoding configuration parameters to achieve the optimal balance between
bitrate and quality. These parameters involve selecting appropriate transform coding types,
partitioning strategies for dividing the image into blocks, and determining the best quantiza-
tion parameters, among others. The optimal parameter setting may vary for different images
depending on their content.
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Figure 2.2: Rate-distortion plot for different configurations of the encoding parameters. Solid curve
shows the hypothetical lower-bound for the best compression performance for each bitrate. (Adapted
from [114])

Fig. 2.2 illustrates the bitrate as a function of distortion R(D), where different configu-
rations of encoding parameters result in different points on the rate-distortion curve for a
single image. The dashed Pareto curve represents the optimal lower bound, providing the
highest possible quality for each bitrate. Finding points on the lower bound is often for-
mulated as a Lagrangian optimization problem, which can be mathematically expressed as:

Popt = argmin
P∈P

J(P | λ) (2.7a)

= argmin
P∈P

[D(P ) + λR(P )] , (2.7b)

where J(P | λ) represents the cost function for a given configurationP from a set of configu-
rationsP . Each configurationP contains a set of parameters {p1, . . . , pN} and can differ from
other configurations by one or many parameters depending on the complexity requirements.
Typically, combinatorial optimization of multiple parameters results in a larger search space,
leading to much higher computational complexity in encoding. The Lagrangian multiplier λ
controls the trade-off between bitrate and distortion by adjusting the cost function.

Since the parameters of the optimal configuration Popt are signaled to the decoder, no
RDO process is required during decoding. This results in asymmetric computational com-
plexity in TIC frameworks, where the encoder requires time and memory complexity orders
of magnitude higher than that of the decoder.
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2.3 Learned Lossy Image Compression

2.3.1 Non-linear Transform Coding

In lossy learned image compression frameworks (LIC), non-linear transform coding [36] has
emerged as a powerful alternative to traditional linear transform coding methods such as
DCT [106] or DWT. The core concept behind non-linear transform coding is to replace man-
ually designed linear transforms with learned non-linear transformations, typically imple-
mented using Artificial Neural Networks (ANN, or shortly NN). Known for their univer-
sal approximation capabilities [115]–[118], NNs can approximate highly complex functions,
making them suitable for learning more sophisticated transforms. Unlike fixed traditional
transforms, learned transforms adapt to the content of the image and capture intricate non-
linear dependencies in a high dimensional space.

At the heart of LIC is an autoencoder structure [78], [119], which implements the non-
linear transforms. The encoder side of the autoencoder employs an analysis transform
ga(· ; φa), composed of several convolutional neural network (CNN) layers with learnable
parameters φa. Each layer of the CNN applies a combination of linear operations (such
as convolutions and downsampling) and non-linear activations. Convolutional layers help
capture local spatial correlations, while non-linear activations enhance the network’s mod-
eling capacity. One common activation function is Generalized Divisive Normalization
(GDN) [120], inspired by processes in the human sensory system, where neural responses are
normalized based on surrounding activity. GDN [120] normalizes activations across chan-
nels by dividing each activation by a weighted sum of other activations, allowing higher
image decorrelation.

The analysis transform ga(· ; φa) projects the input image x ∈ RH×W×3 into a lower-

dimensional latent space representation y ∈ R
H

2D
× W

2D
×C , where D defines the number of

downsampling layers. This reduces spatial redundancies similarly to traditional transform
coding, but with the added flexibility of learning the transformation during training. The
dimensionality ratio between the input image and the latent space can be computed as:

dim(x)

dim(y)
=

3HW
CHW
22D

=
3 · 22D

C
, (2.8)

which results in a factor of 4 for typical values of D=4 and C=192. However, this does not
necessarily lead to information loss, as the latent space is typically represented with a much
higher bit depth (e.g., 32-bit or 64-bit) compared to the bit depth of the original image space
(e.g., 8-bit).

On the decoder side, the synthesis transform gs(· | φs), analogous to the inverse transform
in traditional coding, reconstructs the image X̂ from the quantized latent representation ŷ.
Here, φs represents the learnable parameters of the synthesis transform. Typically, it mirrors
the structure of the analysis transform, using deconvolution layers to upsample the data and
activation functions like inverse GDN (IGDN) [120] to denormalize the activations. Both
transforms are learned end-to-end using optimization techniques such as backpropagation,
as detailed in later sections.



2.3. Learned Lossy Image Compression 17

2.3.2 Differentiable Quantization

As introduced in Section 2.2.3, quantization plays a crucial role in lossy image compression
by reducing the precision of variables. In LIC frameworks, the continuous latent space rep-
resentation y must be quantized into discrete variables ŷ to encode them into a bitstream
efficiently. Traditional quantization methods, such as rounding in Eq. (2.3), introduce dis-
continuities that prevent gradient calculation during training, making them unsuitable for
the end-to-end training of NNs through gradient descent. To address this issue, several tech-
niques have been developed, enabling quantization to become differentiable and allowing
the use of gradient-based optimization.

A widely used method for handling non-differentiable operations in NNs like quantiza-
tion is the Straight-Through Estimator (STE) [121]. In this method, non-differentiable op-
erations are applied directly during the forward pass through the NN. However, during
backpropagation, gradients simply pass through the non-differentiable operator unchanged,
as if the operation did not exist. Formally, this can be described for hard quantization
from Eq. (2.3) as:

ŷ = Q(y),
∂ŷ

∂y
≈ 1, (2.9)

where the gradients at the final layer of the analysis transform and the first layer of the syn-
thesis transform are approximated the same.

While STE [121] provides a simple yet effective solution for achieving differentiable quan-
tization during training, it introduces some limitations in the context of efficient LIC frame-
works. Studies have shown [31]–[33] that training with discretized latent variables ŷ results
in learning a discrete probability distribution and, consequently, a discrete entropy model,
which limits the capacity of learned entropy coding (explained in the next section). To rem-
edy this, the additive uniform noise strategy was introduced by [31]. Instead of performing
hard rounding (see Eq. (2.3)), small random uniform noise U ∼ U(−0.5, 0.5) is added to y, ap-
proximating the effect of quantization. Mathematically, this approximation can be expressed
as:

ỹ ≈ y + U, U ∼ U(−0.5, 0.5). (2.10)

This smooth gradient approximation ensures that gradients can be propagated and a differ-
ential entropy model can be learned instead of a discrete one.

Another technique to address the differentiability issue is soft assignment quantiza-
tion [122]. Instead of rounding to a single nearest value, continuous latent variables are
probabilistically assigned to a scalar-valued cluster center from a codebook [42]. This allows
for smooth gradient propagation while training, eventually converging toward hard deci-
sions as the network optimizes the latent space. The codebook of the cluster centers is also
learned via backpropagation and gradient descent, allowing for non-uniform quantization.
Moreover, using vectors as cluster centers achieves differentiable vector quantization [70],
[123]. Given the cluster centers from the learned codebook C = {c1, c2, . . . , cK}, where K is
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the number of discrete vectors in the codebook, the soft quantization process is defined as:

ỹ =
K∑
i=1

p(ci | y) · ci, (2.11a)

p(ci | y) = softmax(‖y − ci‖) (2.11b)

=
exp

(
−‖y−ci‖

τ

)
∑K

j=1 exp
(
−‖y−cj‖

τ

) , (2.11c)

where p(ci | y) is the probability weighting the membership of the latent tensor y to each
codebook vector c. The temperature parameter τ determines the “smoothness” of the proba-
bilistic assignment to codebook vectors, while lower values of τ approach hard assignment.
After training, the soft vector quantization is replaced with a hard one as:

ŷ = argmin
ci∈C

‖y − ci‖. (2.12)

While soft vector quantization [70], [123] can offer better compression performance, espe-
cially for complex distributions, it is computationally expensive due to soft assignments and
gradual transitions. STE [121] provides a more computationally efficient approach, though
it may lead to sub-optimal compression performance due to ill-conditioned gradients. The
smooth gradient approximation [31] offers smoother training than STE [121] with a similar
computational cost. However, it is less flexible than soft quantization, and training the non-
linear transforms with approximate values ỹ may lower performance due to its stochastic
nature. Therefore, multiple studies [32]–[34] suggest combining both approximation tech-
niques Eqs. (2.9) and (2.10) for training different parts of the same LIC framework. For in-
stance, STE [121] can be used for training the analysis and synthesis transforms, i.e., the
synthesis transform receiving hard quantized values ŷ, while the learned entropy coding
model uses the approximated values ỹ. Consequently, both methods are replaced with hard
quantization during inference.

2.3.3 Learned Entropy Modeling

The entropy coding techniques such as Huffman coding [19] and arithmetic coding [102],
[103] rely on probability distributions of the quantized transform coefficients, which in TIC
algorithms are often hand-engineered. These probability tables are built on heuristic as-
sumptions, such as that the distribution is either i.i.d., or follows a simple predefined prob-
ability model, treating the transform coding and entropy modeling stages as separate com-
ponents. While this approach may be effective for simpler linear transforms like DCT [106],
the high-dimensional latent representations of LIC frameworks are far more complex, with
intricate dependencies and correlations. Moreover, hand-engineering a probability model
during the training of LIC is practically infeasible due to the continuous updates of non-
linear transform coding parameters.

To address these limitations, LIC frameworks replace the predefined probability models
with learned probability models that are trained to minimize entropy in the latent space,
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which reduces the statistical redundancies of the latent representation. By learning the en-
tropy model alongside the transform coding parameters, LIC frameworks can find better
transforms that not only decorrelate the data more effectively but also result in a more com-
pact latent representation that is easier to compress. The improved transforms produce more
structured latents with lower entropy, easing the learning of more accurate entropy models.
After training, the entropy model provides the probability distribution of the latent repre-
sentation, which is used to encode latents into the bitstream with lossless entropy coding
methods such as Huffman coding [19] and arithmetic coding [102], [103].

In recent learned image compression models, the entropy modeling process has evolved
into several advanced techniques. One of the earliest innovations was the factorized entropy
model [32]. This model consists of NN layers with non-negative weights and activations,
learning the marginal probability distribution of the quantized latent representation p(ŷ). In
essence, it treats each latent element as conditionally independent from the others, building
local histograms for entropy modeling, thereby providing a simple yet effective method for
entropy coding. The factorized entropy model can be mathematically expressed as:

p(ŷ ; θf ) =
∏
i

p(ŷi ; θf ), (2.13)

where θf stands for the parameters of the NN†. Although this method captures some of the
redundancies in the latent space, it cannot exploit the dependencies between latent variables,
which could lead to suboptimal compression, particularly when statistical dependencies ex-
ist in the actual distribution of the latent representation.

To improve upon the factorized entropy model, the concept of the hyperprior network was
introduced in [33] to implement hierarchical coding. In this framework, a second autoen-
coder, called the hyperprior, processes the latent representation (y or ŷ) to generate a side
information representation z. The side information ẑ is quantized, modeled using a factor-
ized entropy model, and transmitted along with the compressed bitstream. The quantized
side information ẑ serves as context for modeling the conditional probability distribution
of the latent variables pŷ(ŷ | ẑ). The hyperprior network can be viewed as a non-linear
transform coding scheme applied to the latent tensor. It can capture the spatial dependen-
cies within the latent tensor ŷ, and signaling those dependencies helps decouple the latent
tensor, resulting in a more refined entropy model. The conditional probability distribution
pŷ(ŷ | ẑ) learned by the hyperprior is mathematically formulated as:

pŷ(ŷ | ẑ)← hs(ẑ ; θs), (2.14a)

ẑ = Q(z), (2.14b)

z = ha(ŷ ; θa), (2.14c)

where ha and hs represent the analysis and synthesis transforms of the hyperprior with their
learnable parameters θa and θs. The operator← indicates that the hyperprior provides the
parameters, or priors, for modeling the conditional distribution p(ŷ | ẑ). For instance, if the

† For more information about the design of the NN, the reader is referred to Section 6.1 of the Appendix in [33].
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... ...

Figure 2.3: Illustration of the context model proposed in Minnen et al. [34], featuring a 3×3 masked
convolution that processes one row of the latent tensor from left to right. The context model ag-
gregates information from neighboring latent elements ( ) to estimate the symbol probability of the
current latent element to be coded ( ). Elements already coded in previous steps are shown in ( ),
while those yet to be coded are displayed in ( ). For simplicity, only part of the convolutional kernel
is shown at the edges, where the latent tensor is padded with zeros for actual coding.

latent tensor ŷ is modeled with a Gaussian distribution N (·), Eq. (2.14a) becomes:

pŷ(ŷ | ẑ) =
∏
i

N (ŷi ; µi, σ
2
i ) (2.15a)

µ,σ = hs(ẑ ; θs), (2.15b)

where each latent element ŷi is parametrized by a dedicated mean µi and variance σ2
i sig-

naled via the hyperprior network.
Even greater compression gains in LIC frameworks can be achieved by learned context

modeling, which is inspired by the principles behind CAVLCs used in TIC frameworks such
as HEVC [24] and VVC [25]. Unlike the fixed and manually designed methods in TIC frame-
works, LIC frameworks can adaptively learn the context from data during training. This
allows for a more powerful and flexible estimation of the entropy of each latent element,
enhancing the ability to capture complex dependencies in the latent space. By autoregres-
sively updating entropy predictions based on both the local spatial structure and previously
encoded information, learned context models significantly improve compression efficiency.

The first implementation of learned context models [34], [49] used masked convolutions
proposed in PixelCNN [124]. In this approach, K×K convolutional kernels are applied,
where the lower triangle of the coefficients is set to zero to ensure causality in the raster-scan
coding process by masking future, unseen data. This guarantees that the model only has
access to previously encoded data from the spatial local neighborhood during the predic-
tion process. Fig. 2.3 illustrates the context model with a masked convolution processing the
latent tensor in raster-scan order. A typical high-performance entropy model combines the
hyperprior with the context model, which can be expressed as:

pŷi
(ŷi | ẑ)← gep(Ω,Ψ ; θep), (2.16a)

Ω = gc(ŷ<i ; θc), (2.16b)

Ψ = hs(ẑ ; θs), (2.16c)

where gc(· ; θc) is the context model with learnable parameters θc, and gep(· ; θep) is the en-
tropy parameters network with learnable parameters θep, which combines the outputs of the
context model (Ω) and the hyperprior (Ψ).
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In this combined framework, the hyperprior is referred to as forward adaptation [36], as
it transmits global side information to update conditional entropy estimation. As the bit-
stream size increases with the size of the side information, the performance gain that can be
achieved by forward adaptation alone is limited. In contrast, the context model performs
backward adaptation [36], conditioning the current latent ŷi on previously coded elements ŷ<i,
without requiring additional side information. However, context modeling decreases com-
putational efficiency due to its autoregressive nature. Combining forward and backward
adaptation allows the model to capture both global and local dependencies, resulting in a
more accurate entropy model but with higher latency.

2.3.4 Transformers

The transformer architecture, initially introduced for natural language processing (NLP)
tasks [82], has since been adapted for various computer vision (CV) applications due to its
ability to build dynamic relationships between elements in a sequence. Unlike traditional
CNN-based architectures, which use fixed coefficients after training to process inputs, trans-
formers use mechanisms to weigh interactions between different parts of the input, making
them more flexible and powerful for modeling complex spatial and semantic relationships
within images.

One of the core mechanisms of the transformer is the self-attention mechanism. Inspired
by information retrieval methods [125], self-attention operates by projecting an input se-
quence of vectors x ∈ RS×C , called tokens, where S is the sequence length and C is the
channel dimension, into an embedding e ∈ RS×de using learnable linear transformations.
Next, the embedding representation e is mapped into three distinct representations: queries
(Q), keys (K), and values (V ), all typically in RS×de . This can be formulated as:

Q(x) = xWQ, K(x) = xWK , V (x) = xWV , (2.17)

where WQ ∈ Rde×de , WK ∈ Rde×de , and WV ∈ Rde×de are the weights of the learned linear
transformations, applied to each token separately.

The transformer then computes the attention using the scaled dot-product between the
query and key pairs, which determines how strongly each token in the sequence relates to
others. The similarity scores are then used to weight the values V , determining how much
attention each input element should pay to others in the sequence. The attention mechanism
is formulated as:

Attention(Q,K,V ) = softmax

(
QKT

√
de

)
V , (2.18)

where softmax(·) normalizes the attention scores across the sequence, ensuring a probabilis-
tic output.

To enhance the model’s ability to capture multiple relationships, transformers implement
Multi-Head Attention (MHA). This involves splitting the query, key, and value tensors into h

smaller sub-representations across their embedding dimension. Each sub-representationQi,
Ki, and Vi has the dimensionality of RS× de

h , and they are also referred to as heads. The atten-
tion of each head independently processes part of the sequence, allowing the model to focus
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Figure 2.4: Illustration of transformer network with self-attention [82]. The Multi-head Attention
mechanism is displayed in details.

on different aspects of the input, such as global context or fine-grained local details. The
results of each attention head are then concatenated and combined using a learned weight
matrixWH , producing the final MHA output:

MHA(Q,K,V ) = (Head1++Head2++ . . .++Headh)WH , (2.19a)

Headi(Qi,Ki,Vi) = softmax

(
QiK

T
i√

de

)
Vi, (2.19b)

where ++ denotes to concatenation of heads along their last dimension as defined in [126].
Moreover, in autoregressive tasks such as image generation and context modeling, the

attention mechanism applies a mask to prevent access to elements that appear later in the
sequence. This ensures that each position only considers previous or current information,
preserving the causal flow and preventing any unintended “look-ahead” to future elements.
The masked attention extends Eq. (2.19b) to:

Headi(Qi,Ki,Vi) = softmax

(
QiK

T
i√

de
�M

)
Vi, (2.20)

where M ∈ RS×S is a mask that blocks access to unprocessed elements by assigning −∞ to
the positions representing future interactions, and � is the Hadamard product [127]. Typ-
ically, the mask is implemented as a lower triangular matrix, where the upper triangle has
values of −∞.

Following the attention mechanism, the transformer applies a Multi-Layer Perceptron
(MLP) with a non-linear activation function γ(·) to the output of the attention mechanism z,
as:

MLP(z) = γ(zW1 + b1)W2 + b2, (2.21)

where MLP is a point-wise network, i.e., applied to each position in the sequence indepen-
dently. W1 ∈ Rde×dmlp , W2 ∈ Rdmlp×de , b1 ∈ Rdmlp , and b2 ∈ Rde are the learnable weights
and biases of the network, where dmlp defines the inner-layer dimensionality. The non-linear
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(a)

(b) (c) (d) (e)

Figure 2.5: Illustration of different attention mechanisms developed for CV tasks applied to a tensor
shown in (a). In each illustration, the attention is computed between the elements depicted as ( )
and their neighboring elements ( ). (b) shows the global attention computation for two different ele-
ments. (c) show the sliding-window attention mechanisms for two different spatial positions. In (d),
the patch-wise attention mechanism in ViT [85] is illustrated, where the non-overlapping patches are
flattened into a single element, and the attention is computed between the flattened patches. (e) shows
the application of the (top) window and (bottom) shifted-window attention proposed in SwinT [88],
where the attention is computed within each window.

activation function γ(·) is typically implemented by Rectified Linear Unit (ReLU) [128] or
Gaussian Error Linear Unit (GELU) [129]. The MLP introduces non-linearity, enabling the
model to learn more complex mappings beyond linear combinations of input features.

Furthermore, residual connections [130] and layer normalization [131] are also employed
for both attention and MLP layers to stabilize the training process and allow for deeper ar-
chitectures. Learnable or fixed positional encodings pe are also input to transformer to in-
troduce permutation-variance [82], [85]. The transformer network consists of multiple layers
(L), where each layer has an attention mechanism followed by an MLP layer, as illustrated
in Fig. 2.4.

One of the key strengths of transformers is their ability to dynamically capture long-
distance dependencies in the input, which makes them effective for a wide range of CV
tasks [84]–[87]. However, the computational complexity of transformers grows quadrati-
cally with the sequence length S, since attention computes the outer-product of tensors. As
images typically contain a large number of pixels, directly applying a vanilla transformer to
high-resolution images can be computationally infeasible. To address this, various adapta-
tions of transformers have been developed for vision tasks, illustrated in Fig. 2.5.
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The Vision Transformer (ViT) [85] mitigates the complexity by dividing an image into
non-overlapping patches, treating each patch as a token in a sequence. Instead of com-
puting a global attention for the whole input tensor, ViT [85] computes attention between
these patches, reducing the overall number of tokens while still capturing global relation-
ships within the image. This approach allows transformers to handle higher-resolution im-
ages more efficiently while benefiting from long-range dependencies. ViT [85] demonstrates
strong performance, particularly in tasks such as image classification. However, it presents
a trade-off between patch size and computational complexity. Tasks that rely on pixel-level
details, such as image segmentation or reconstruction, require smaller patch sizes, which in
turn increases the number of patches and, thus, the quadratic complexity of the attention
mechanism. This inherent limitation in ViT [85] makes it less computationally efficient for
tasks where precise, pixel-level decisions are necessary.

To address these issues, several alternatives to global attention have been proposed.
One such approach is sliding window attention, where attention is computed locally within
smaller windows [2], [83], [86]. This limits the attention span and significantly reduces the
computational complexity compared to global attention. However, sliding window atten-
tion must be re-computed for each position in the sequence, which can introduce latency
and reduce efficiency in real-time applications.

A more refined solution for local attention computation is the Hierarchical Vision Trans-
former using Shifted Windows [88], also known as the Swin Transformer (SwinT). The
SwinT [88] computes the attention within non-overlapping windows, reducing the over-
all complexity. To approximate global attention, the windows are cyclically shifted between
layers, allowing information to be shared across windows. This shifted window mechanism
alternates between non-shifted and shifted attention layers, leading the model to progres-
sively capture both local and global information while maintaining manageable computa-
tional costs. This scalable hierarchical structure enables efficient handling of high-resolution
images while maintaining accuracy in pixel-level tasks.

Transformers have shown great potential in advancing learned image compression due
to their high modeling capacity and flexibility in dynamically capturing both local and global
structures across different regions of an image. They are particularly suited for improving
various components of compression frameworks. Transformers can achieve better analy-
sis and synthesis transforms with higher decorrelation properties for the latent tensor, and
more accurate entropy and context modeling, exploiting complex statistical dependencies in
the latent space, which ultimately leads to higher compression efficiency. Additionally, the
recent developments in computationally efficient versions of transformers, such as ViT [85]
and SwinT [88], have made it feasible to integrate these architectures into image compression
pipelines.

2.3.5 Overview of Learned Frameworks

Fig. 2.6 illustrates the historical evolution of LIC architecture, focusing on the major advance-
ments in entropy modeling. The figure highlights three key architectures: models based on
a factorized entropy model, those utilizing a hyperprior network, and the most advanced
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Figure 2.6: Illustration of learned image compression frameworks ordered with respect to their im-
provements in entropy modeling: (a) Ballé et al. [32] with factorized entropy model, (b) Ballé et
al. [33] with a hyperprior network, and Minnen et al. [34] employing a hyperprior and context model.
ga(·;φa) and gs(·;φs)) stand for the analysis and synthesis transforms, and ha(·;θa), hs(·;θs) and
gc(·;θc) denote the analysis and synthesis transforms in the hyper prior and the context model re-
spectively. Entropy parameters block gep(·;θep) provides probability estimation of the latent tensor
ŷ based on the given probability model, e.g., Gaussian distribution, modeled by the outputs of the
hyperprior and context model. φa, φs, θa, θs, θc, θep and θf correspond to the learnable parameters
of each block in the non-linear transforms and the entropy model. EC and ED denote lossless entropy
encoder and decoder.

models combining both a hyperprior and a context model. Each represents a significant leap
in performance and complexity, as these frameworks evolved to better capture dependencies
and reduce entropy. The first generation of learned models predominantly relied on factor-
ized entropy models and hyperpriors, providing a simple yet effective method for entropy
coding, which is particularly well-suited for computationally restricted hardware. In con-
trast, models that employ a context model offer the best compression performance, making
them the preferred choice for high-performance implementations. However, they typically
require higher computational resources, making them less suitable for environments with
strict hardware limitations.

At a high level, the process of encoding an image in LIC starts with the analysis trans-
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form, which projects the input image into a latent space. These latent variables are then quan-
tized and entropy-coded using a learned entropy model, resulting in a compressed bitstream.
On the decoder side, the process is reversed: the latent representation is entropy-decoded,
and the synthesis transform reconstructs the image. These concepts were covered exten-
sively in Sections 2.3.1 to 2.3.3, detailing the role of each module in compression. The overall
lossy LIC framework from Fig. 2.6c during inference can be summarized based on Eqs. (2.9)
to (2.16):

ŷ, ỹ = Q(ga(x ; φa)), (2.22a)

x̂ = gs(ŷ ; φs), (2.22b)

ẑ, z̃ = Q(ha(ŷ ; θa)), (2.22c)

pŷi
(ŷi | ẑ)← gep(gc(ŷ<i ; θc), hs(ẑ ; θs) ; θep), (2.22d)

pẑ(ẑ ; θf ) =
∏
i

p(ẑi;θf ), (2.22e)

where each module contains learnable parameters φ={φa,φs} and θ={θa,θs,θf ,θc,θep}.
The fundamental goal of LIC is to find optimal parameters that minimize a rate-distortion
trade-off during training, achieved through a joint loss function L:

φopt,θopt = argmin
φ,θ

L(φ,θ), (2.23a)

L(φ,θ) = R(ỹ) +R(z̃) + λ ·D(x, x̂), (2.23b)

= E[log2(pỹ(ỹ | ẑ))] + E[log2(pz̃(z̃))] + λ ·D(x, x̂), (2.23c)

where D(·) denotes the distortion between the input and reconstructed images, and R(·)
represents the bitrate required to encode the latent variables and side information. The La-
grange multiplier λ regulates the trade-off between distortion and rate. End-to-end training
of LIC frameworks uses backpropagation and gradient descent to minimize this loss func-
tion, which simultaneously optimizes each component, such as the analysis and synthesis
transforms, the entropy model (including the hyperprior and context model), and the quan-
tization process.

Over the years, there have been significant improvements in each of these components,
resulting in progressively more efficient learned codecs:

• Analysis and Synthesis Transforms: The early LIC models [32]–[34] used simple
CNNs for the analysis and synthesis transforms with GDN [120] activation func-
tion. However, more recent architectures [38], [41], [45], [47], [48], [56], [71], [75]
have investigated alternative non-linearities such as ReLU [128], LeakyReLU [132], and
GELU [129], and more complex CNN-based architectures such as residual layers [130]
and attention modules [133], [134]. Transformer-based transforms have also been ex-
plored in multiple studies [59], [62], [63], [68] to implement more sophisticated atten-
tion mechanisms, capturing more long-distance dependencies and improving coding
efficiency.
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• Hyperprior: Parallel to the improvements in analysis and synthesis transforms, the
hyperprior network has also seen numerous refinements. Multiple studies have in-
vestigated more sophisticated hyperprior architectures with deeper and wider CNN-
based networks with different non-linearities [38], [41], [45], [47], [48], [56], [71], and
transformer-based models [46], [59], [61]–[63], [68]. Additionally, other studies pro-
posed multiple sequential hyperprior networks [73], [74] to provide multiple side-
information with different levels of detail, and parallel hyperprior networks [72] to
signal variable quantization steps as additional side information.

• Context Modeling: Context models can substantially enhance coding efficiency with-
out adding signaling overhead but introduce computational costs due to their autore-
gressive nature. In the literature, numerous model architectures have been explored
to improve the context model’s coding performance and its computational complex-
ity. These architectures extend context modeling beyond basic masked convolutions,
which are limited to capturing local spatial dependencies. More advanced techniques
enable the exploration of broader and more complex dependencies in the latent space,
and efficiently reduce the required autoregressive steps. A detailed discussion of these
architectures and their efficient implementations is provided in Chapter 4 and Chap-
ter 5.

• Conditional Probability Model: Several studies [34], [35], [75] explored the choice of
conditional probability models pŷ(ŷ | ẑ), such as Gaussian distributions [34], [35], Lo-
gistic distributions [34], and Laplacian distributions [34], [75]. Other studies [39], [47],
[135] investigated more complex probability models such as the Asymmetric Gaussian
Model (AGM) [39] and mixture models like the Gaussian Mixture Model (GMM) [47],
Asymmetric Gaussian Mixture Model (AGMM) [1], [2], Logistic Mixture Model [135],
and even a combined mixture of Gaussian-Laplacian-Logistic mixtures [76].

Overall, learned image compression frameworks have evolved into highly sophisticated
systems with complex neural network architecture, advanced entropy modeling, and im-
proved optimization strategies. Each component in non-linear transform coding and en-
tropy modeling has seen continual advancements, driving the field toward more efficient
and high-performance compression algorithms.

2.3.6 Online Rate-Distortion Optimization

Autoencoder-based frameworks, such as LIC, are typically trained on large datasets to per-
form well on average, leading to globally optimal but locally sub-optimal results for specific
images. This discrepancy, referred to as the amortization gap [136], arises because the model
parameters are optimized across the entire training set, sacrificing per-image performance in
favor of generalizability.

As discussed in Section 2.2.6, traditional codecs face a similar issue, where a generic con-
figuration may not be ideal for all images. To address this, traditional codecs employ an
encoder that searches for the best configuration from a set of encoding parameters to achieve



28 Chapter 2. Background and Related Work

an optimal rate-distortion balance. In LIC, these “configurations” are analogously embed-
ded in the model’s parameters {φ, θ}. Different configurations in TIC frameworks, such
as quantization levels or transform types, correspond to different rate-distortion trade-offs.
Similarly, different model parameters in an LIC framework result in different compression
performance. However, unlike traditional frameworks, LIC models contain millions of pa-
rameters. Optimizing the entire set of model parameters for each individual image would be
computationally expensive and impractical due to the signaling overhead required to trans-
mit the updated parameters.

To address this challenge, several online Rate-Distortion Optimization (oRDO) meth-
ods [53]–[55], [137] have been introduced in LIC frameworks. Instead of re-optimizing the
network for every image, oRDO focuses on adjusting the latent representations {y, z} dur-
ing encoding. The oRDO process starts by passing the input image x through the encoder
network to generate initial latent representations y and side information z, while keeping
the network parameters fixed. Once the latent variables are initialized, they are iteratively
refined through optimization to minimize the Lagrangian cost function:

yopt, zopt = argmin
y,z

[D(x, gs(Q(y))) + λR(Q(y), Q(z))] , (2.24)

where yopt and zopt correspond to the optimal latent variables, which are quantized and
encoded into the bitstream after optimization. The oRDO can refine the latent tensor with
backpropagation and gradient descent by updating the residuals [53], [137], adjusting the
quantization step for each latent element [55], or even deciding whether to round elements
up or down [54].

While oRDO enables image-specific optimization and significantly narrows the amortiza-
tion gap, it comes with increased computational complexity on the encoder side. However,
the decoder remains unaffected, maintaining a low complexity similar to the one in TIC
frameworks. Given the higher complexity of the encoding process, oRDO is most suited for
LIC frameworks that use simpler entropy models with low-complexity context models, or
even without applying any context modeling, such as in [32], [33]. A comprehensive exam-
ple of an oRDO algorithm based on [53], applied to an efficient context model, is provided
in Section 5.5.

2.4 Chapter Summary

This chapter provided an overview of the image compression techniques, with a focus on
lossy TIC and LIC methods. Core components such as transform coding, quantization, and
entropy coding were explained, alongside a review of widely used TIC frameworks such
as JPEG [16], HEVC [24], and VVC [25], as well as learned methods Ballé et al. [32], Ballé
et al. [33] and Minnen et al. [34]. A detailed comparison was drawn between TIC and LIC
techniques, highlighting the strengths of learned methods.

Special attention was given to recent advancements in transformers, emphasizing their
efficiency in handling complex image data for computer vision tasks. The chapter also intro-
duced context modeling, providing a foundational understanding of its critical role in LIC
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methods. However, more in-depth analysis and exploration of context modeling, especially
transformer-based approaches, is reserved for Chapters 4 and 5, where these concepts will
be pivotal to the proposed innovations.





Chapter 3

Performance Evaluation
Methodology

This chapter outlines the methodology used to evaluate the performance and complexity of
traditional and learned image compression frameworks. Section 3.1 introduces the testing
and training datasets, offering a detailed analysis of their content complexity and emphasiz-
ing the importance of dataset selection in ensuring fair and effective model evaluation and
training. Section 3.2 defines the metrics used for performance and complexity evaluation,
covering key benchmarks such as rate-distortion performance, perceptual quality, and com-
plexity metrics that account for the computational and runtime demands of different algo-
rithms. Section 3.3 details the performance evaluation setup, specifying the hardware, soft-
ware, and frameworks used to guarantee consistent and reproducible benchmarking across
various compression methods. This consistent setup ensures reliable results, forming a solid
foundation for the evaluations and comparisons presented in subsequent chapters. Finally,
Section 3.4 concludes the chapter with a summary.

3.1 Testing and Training Datasets

3.1.1 Test Datasets

The selection of an appropriate test dataset is of great importance for having a meaningful
evaluation of both TIC and LIC models. Test datasets must represent a broad spectrum of
scenarios to evaluate whether the models generalize well and perform robustly across differ-
ent image types. An inadequate or biased dataset could lead to skewed results, potentially
overestimating or underestimating a model’s actual capabilities. To achieve accurate assess-
ments, it is essential that the test datasets include diverse image content types. Moreover,
the complexity of the images should reflect real-world use cases to ensure that the model
performs efficiently in various scenarios, covering different resolutions, formats, and a wide
range of textures, colors, and structures.

In this work, the following test datasets are used to represent a variety of content proper-
ties and ensure robust evaluation of the proposed models:

1. Kodak Dataset [138]: The Kodak Lossless True Color Image Suite, commonly referred

31
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to as the Kodak Dataset, consists of 24 uncompressed true-color images in 24-bit PNG
format, each with a resolution of either 768×512 or 512×768 pixels. The images cover
real-world scenes such as nature, buildings, outdoor environments, and human por-
traits, and are widely used for benchmarking image compression algorithms. Although
historically popular, the dataset’s small size and limited diversity reduce its effective-
ness in evaluating models across a broad range of conditions. The dataset is available
for download at http://r0k.us/graphics/kodak/.

2. Tecnick Dataset [139]: The Tecnick Dataset is a subset of the TESTIMAGES archive,
which is a large collection of images designed for quality assessment of displays and
image processing techniques. This subset includes 100 PNG images, each with a res-
olution of 1200×1200 pixels and 24-bit color depth. The images cover a wide range
of real-world scenes, including both indoor and outdoor environments, animal por-
traits, and challenging lighting conditions such as sunsets and low-exposure scenes.
The dataset’s diversity and higher resolution make it a popular choice for image com-
pression research. The dataset is available at https://sourceforge.net/projects/testi
mages/files/OLD/OLD_SAMPLING/.

3. CLIC Test Dataset [140]: The CLIC dataset was created for the Challenge on Learned
Image Compression 2020 (CLIC) [140], and is used to benchmark rate-distortion per-
formance in lossy image compression. The test dataset consists of two subsets: CLIC
Professional (CLIC-P), which contains 250 images captured with professional cameras,
and CLIC Mobile (CLIC-M), which includes 178 images taken with mobile devices,
with all images from both subsets having 24-bit RGB PNG format. The dataset of-
fers a broad variety of scenes, such as indoor and outdoor environments, night scenes,
low-exposure conditions, and images of humans, animals, and nature. Together, the
subsets provide a comprehensive evaluation of compression models in diverse, real-
world conditions. The images range from 0.5 MP to 5 MP in resolution, with 97 unique
resolutions and 75 different aspect ratios. The datasets are available online:

• CLIC-P: https://data.vision.ee.ethz.ch/cvl/clic/test/CLIC2020Professional_test
.zip

• CLIC-M: https://data.vision.ee.ethz.ch/cvl/clic/test/CLIC2020Mobile_test.zip

3.1.2 Training Datasets

The selection of an appropriate training dataset is critically important for achieving high
performance in learning-based models. As numerous studies have emphasized [141]–[143],
the quality, representativeness, and diversity of the training data significantly influence the
learning based model’s performance. Poorly selected datasets can lead to suboptimal models
that exhibit decreased accuracy, overfitting, or failure to generalize to real-world conditions.

In LIC frameworks, robust datasets are essential to ensure that models can handle diverse
content, varying resolutions, and structural and entropy-based complexities. Moreover, to
enable fair comparisons between different models, it is crucial that all models are trained on

http://r0k.us/graphics/kodak/
https://sourceforge.net/projects/testimages/files/OLD/OLD_SAMPLING/
https://sourceforge.net/projects/testimages/files/OLD/OLD_SAMPLING/
https://data.vision.ee.ethz.ch/cvl/clic/test/CLIC2020Professional_test.zip
https://data.vision.ee.ethz.ch/cvl/clic/test/CLIC2020Professional_test.zip
https://data.vision.ee.ethz.ch/cvl/clic/test/CLIC2020Mobile_test.zip
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the same dataset. A more sophisticated model trained on a poor-quality dataset may under-
perform compared to a simpler model trained on a higher-quality dataset. Therefore, using
consistent and representative datasets is key to accurately determining performance domi-
nance between models. In this work, the following training datasets are utilized to train the
proposed models discussed in Chapters 4 and 5:

1. Vimeo90K [144]: This dataset comprises 89,800 video shots sourced from Vimeo, cap-
tured using professional cameras across diverse scenes, including both indoor and out-
door environments. Only videos without inter-frame compression were selected to en-
sure that each frame is compressed independently, preventing distortions introduced
by video codecs. Each frame is resized to a resolution of 256×448 and stored as a sep-
arate RGB 24-bit PNG file. This diversity makes the dataset particularly suitable for
training models in video and image compression tasks. Additionally, the open-source
CompressAI library [145] has implemented and trained many state-of-the-art LIC mod-
els using the triplets subset of Vimeo90K [144], which contains 73,171 3-frame sequences
extracted from 14,777 video clips. Replication studies using this dataset have closely
reproduced results from the original works, making Vimeo90K [144] a reliable standard
for fair comparisons between different compression models.

2. COCO [146]: The Microsoft Common Objects in Context (COCO) dataset is a large-
scale dataset primarily designed for object detection, segmentation, and captioning
tasks. The training subset, train2017, consists of 118,287 images featuring a wide range
of resolutions and everyday scenes, including indoor and outdoor environments, ob-
jects, human activities, and complex backgrounds. Due to its rich content, COCO [146]
has been used in recent LIC studies [57], [66]–[68], demonstrating its applicability be-
yond object detection.

This work primarily utilizes the Vimeo90K [144] dataset to ensure a fair comparison of the
proposed models with state-of-the-art models. Additionally, the complexity of the dataset
and the impact of training with the COCO [146] dataset on model performance are also in-
vestigated in Sections 3.1.3 and 5.7, addressing specific limitations of the Vimeo90K [144].

3.1.3 Complexity Assessment of Datasets

An ideal image dataset for image compression evaluation should encompass scenes with
varied content complexity. Various methods [147]–[155] exist which evaluate different as-
pects of dataset complexity, including color diversity, structural and semantic richness, and
image dimensionality. In this work, the following metrics are used to quantify the com-
plexity of both the test and training datasets, focusing on entropy, structural, and semantic
complexities, as well as dimensionality analysis:

1. Color Variety (HC) [152]: This metric measures the diversity of colors within an im-
age by calculating the entropy based on the distribution of color values. Images with
a large number of uniformly distributed unique colors exhibit higher entropy, posing
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challenges for compression algorithms. The metric is formulated as:

HC = −
NC−1∑
i=0

ni log
ni

HW
, (3.1)

where NC represents the number of unique colors within the image, and ni is the num-
ber of occurrences of the i-th unique color.

2. Average Entropy of Gray-Level Co-occurrence Matrix (HGLCM ) [153], [154]: This met-
ric captures texture and spatial relationships by analyzing how often pairs of grayscale
pixel values occur at specific spatial distances, called offsets. It is particularly useful for
evaluating the complexity of natural textures and fine details in images. For a normal-
ized co-occurrence matrix Gk ∈ [0, 1]N×N , with K different grayscale values at offset k,
the metric is expressed as:

HGLCM = − 1

M

K−1∑
k=0

N−1∑
i=0

N−1∑
j=0

Gk,i,j logGk,i,j , (3.2)

where M represents the number of different offsets used. Offsets of k ∈ {1, 4, 8, 16, 32}
are employed in this work, following [155]. For a detailed explanation of GLCM com-
putation, refer to [156].

3. Mean Spatial Information (SImean) [149], [150]: This metric measures the average
edge energy in an image, indicating structural complexity. It computes the average
gradient magnitude of the luminance channel using horizontal and vertical Sobel op-
erators [157]. Higher values indicate more complex structures and edges in the image.
SImean is formulated as:

SImean = − 1

HW

H−1∑
i=0

W−1∑
j=0

√
sh(Y )2i,j + sv(Y )2i,j , (3.3)

where sh(Y ) and sv(Y ) are the horizontal and vertical gradient images, and the lumi-
nance channel Y of RGB images is computed using the BT.709 standard [94].

4. Minimum Description Length Clustering (MDLC) [155]: This metric identifies the
minimum number of clusters required to represent an image by solving an optimiza-
tion problem across multiple hierarchical levels. At the first level, clustering is applied
at the pixel level to generate a pixel-wise segmentation map. The subsequent levels
perform clustering on patches of the previous level’s map. This metric is optimized
for measuring so-called “meaningful complexity”, introduced in [155], aligning with
human perception—assigning higher complexity to scenes with multiple objects, a va-
riety of edges, and rich structures, while assigning the lowest complexity to white noise
and repetitive patterns.

5. Image Dimensionality: The dimensionality of an image is assessed by analyzing its
resolution and aspect ratio. A dataset with diverse resolutions and aspect ratios is
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Figure 3.1: Density estimation of images from the test datasets, including Kodak [138], Tecnick [139],
and CLIC-P/-M [140], with respect to content complexity metrics: Average Entropy of Average En-
tropy of Gray-Level Co-occurrence Matrix (HGLCM ) [153], [154] and Color Variety (HC) [152]. Exam-
ple images, labeled A, B, C, D, and E, are shown to illustrate how each metric works. Images A and B
have similar HGLCM but differ in HC . Conversely, images C and D share a similar color palette and
HC , yet differ in HGLCM . Image A has the highest score in HC , while image D has the highest score
inHGLCM . Image E has the lowest score on both metrics.

important for evaluating model robustness. Low-resolution images often lose more
data during compression, leading to visible artifacts, especially when LIC algorithms
use downsampling layers. Conversely, high-resolution images present challenges due
to their higher frequency content, making them harder to compress, while the larger
number of pixels increases computational complexity. The diversity of aspect ratios is
also crucial, as certain content types (e.g., large human faces in portrait format) tend to
appear in specific ratios. Additionally, horizontal and vertical frequency distributions
can vary with aspect ratio, further influencing compression performance.

Figs. 3.1 to 3.3 illustrate the image complexity metrics across four test datasets: Ko-
dak [138], Tecnick [139], and CLIC-P/-M [140]. Fig. 3.1 compares these datasets using GLCM
entropy (HGLCM ) and color variety (HC), and includes exemplary images, labeled A, B, C,
D, and E, to help visualize how these metrics reflect image content. For instance, the im-
ages A and B share similar HGLCM , yet the image A has significantly higher color variety,
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Figure 3.2: Density estimation of images from the test datasets, including Kodak [138], Tec-
nick [139], and CLIC-P/-M [140], with respect to content complexity metrics: Mean Spatial Infor-
mation (SImean) [149], [150] and Score of Minimum Description Length Clustering (SMDLC) [155].
Example images, labeled A, B, C, D, and E, are provided to demonstrate the behavior of each metric.
While images A and B share a similar SImean, they differ in SMDLC . Similarly, image pairs B, C and
A, D have comparable SMDLC values but differ in SImean. Image D achieves the highest scores in
both metrics, whereas image E exhibits the lowest values in both.

making it appear more colorful despite comparable textural complexity. The images C and D
have similarHC , as both feature predominantly cold color palettes. The image D exhibits the
highest HGLCM of all examples, depicting an escalator floor with intricate details and high-
frequency components. Conversely, the image E has the lowestHGLCM andHC , illustrating
a dark, low-exposure scene with minimal color and content, making it the simplest example.

On average, the Kodak dataset [138] shows lower color variety and moderate textural
complexity, indicating simpler image content. CLIC-M [140] exhibits slightly higher aver-
ageHC andHGLCM compared to Kodak [138], indicating more intricate textures and colors.
However, CLIC-M’s narrower complexity range compared to Tecnick [139] or CLIC-P [140]
suggests a more consistent level of difficulty for compression. Tecnick [139] and CLIC-P [140]
datasets cover a broad spectrum of scene complexity according to those metrics—with Tec-
nick [139] showing highest average complexity in terms of both metrics, and CLIC-P [140]
having the highest variance.
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Figure 3.3: Resolution of images from the test datasets, including Kodak [138], Tecnick [139], and
CLIC-P/-M [140]. Images with identical height (H) and width (W ) are represented as a single point,
with the size of each point corresponding to the number of samples (n). The diagonal line indicates
a 1:1 aspect ratio (square resolution). CLIC-P [140] displays the widest range in both resolution and
aspect ratio, while Tecnick [139] comprises only images with a resolution of 1200 × 1200. The Ko-
dak [138] dataset contains the smallest images in terms of resolution."

Fig. 3.2 compares complexity using mean spatial information (SImean) and the Minimum
Description Length Clustering score (SMDLC), along with exemplary images, labeled A, B,
C, D, and E, to increase metric explainability. Images A and B exhibit similar SImean values,
indicating comparable edge variety. However, image B has a much lower SMDLC due to its
repetitive pattern, requiring fewer groups to be clustered. The images A and D share similar
SMDLC , yet the image D has a significantly higher SImean due to its complex edge patterns
(e.g., an infinity mirror-like brick arrangement), which increases the number of clusters re-
quired for MDLC. In contrast, the images C and B have similar, moderate SMDLC values
since the pavement pattern in B and the landscape in C can be segmented relatively easy.
However, the grassland in the image C increases spatial complexity due to much complex
edge structures. The image E is the simplest in terms of both SImean and SMDLC , with just a
few simple objects against a plain background, making it the least complex example.

On average, the Kodak dataset [138] has the highest average SMDLC , indicating com-
plex structural segmentation with relatively low spatial complexity. Recall that MDLC met-
ric assigns the lowest score to white noise, Kodak’s high score indicates lower noise, mak-
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Figure 3.4: Density estimation of images from the training datasets, including Vimeo90K [144] and
COCO [146], with respect to content complexity metrics: Average Entropy of Average Entropy of
Gray-Level Co-occurrence Matrix (HGLCM ) [153], [154] and Color Variety (HC) [152]. Compared to
Vimeo90K [144], COCO [146] exhibits higher complexity on average and includes more extreme sam-
ples across both metrics. Example images, labeled A, B, C, and D, illustrate the extremes within each
dataset. Images labeled A and C have the lowestHGLCM andHC , respectively, while images labeled
B have the highestHGLCM and those labeled D exhibit the highestHC .

ing compression less challenging. However, the high SMDLC also suggests the retention of
meaningful structural segments, making Kodak dataset [138] valuable for the tasks such as
compression for machine vision [69], [158], where the compressed representations are used
for different downstream tasks. The Tecnick [139] and CLIC-P/-M [140] datasets span a wide
range of both metrics, with while CLIC-P/-M datasets [140] covering more extreme ranges
in spatial complexity.

Fig. 3.3 illustrates the dimensionality of images in each dataset, plotting image width and
height, with scatter point sizes representing the number of samples at each resolution. The
Kodak dataset [138] contains fewer images, clustered at lower resolutions with two aspect
ratios, indicating less complexity in size. The Tecnick [139] dataset features higher-resolution
images, though they all share the same resolution and aspect ratio. The CLIC-M [140] dataset
covers a wider range of resolutions, from low to high, with a moderate aspect ratio variety.
The CLIC-P [140] dataset shows the highest complexity, covering a broad range of resolutions
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Figure 3.5: Density estimation of images from the training datasets, including Vimeo90K [144] and
COCO [146], with respect to content complexity metrics: Mean Spatial Information (SImean) [149],
[150] and Score of Minimum Description Length Clustering (SMDLC) [155]. Compared to
Vimeo90K [144], COCO [146] exhibits higher average spatial complexity and greater variety in
SImean, with more extreme samples. Both datasets show similar complexity in terms of SMDLC .
Example images, labeled A, B, C, and D, illustrate the extremes within each dataset. Images labeled
A and C have the lowest SImean and SMDLC , respectively, while images labeled B exhibit the highest
SImean and those labeled D show the highest SMDLC .

and aspect ratios, including many high-resolution images that demand more computational
resources.

Figs. 3.4 to 3.6 provide a similar analysis for the training datasets: Vimeo90K [144] and
COCO [146]. Fig. 3.4 compares both datasets usingHGLCM andHC . The COCO [146] dataset
has higher average complexity than Vimeo90K [144], exhibiting more challenging content
with higher color variety and textural complexity. This complexity makes COCO [146] par-
ticularly useful for training models aimed at improving performance on test datasets such as
Tecnick [139] and CLIC-P/-M [140] that have similarly high average complexity.

Fig. 3.5 compares the training datasets based on SImean and SMDLC . Both datasets have
similar average SMDLC , suggesting that they contain images with a comparable number of
meaningful segments, making them equally useful for machine vision tasks relying on com-
pressed representations. However, the COCO [146] dataset has higher average SImean and
greater variance, indicating more complex textures and spatial details. The dataset contains



40 Chapter 3. Performance Evaluation Methodology

0 100 200 300 400 500 600 700

Image Width (W )

0

100

200

300

400

500

600

700

Im
ag

e
H

ei
gh

t(
H

)

1:1

Vimeo90K [144] COCO [146]

n<=102 102<n≤103 103<n≤104 n>104

Figure 3.6: Resolution of images from the training datasets, including Vimeo90K [144] and
COCO [146]. Images with the same height (H) and width (W ) are clustered as a single point, with
the size of each point representing the sample size (n). The diagonal line corresponds to a 1:1 aspect
ratio (square resolution). COCO [146] has large variety of images with different resolution and aspect
ratios, exhibiting an asymmetrical distribution around 1:1 line, whereas Vimeo90K [144] comprises
only images with a resolution of 256×448.

images approaching the spatial complexity found in test datasets, such as Tecnick [139] and
CLIC-P/-M [140].

Figs. 3.4 and 3.5 contain exemplary images, labeled A, B, C, and D, which covers the ex-
tremities of each dataset in terms of the complexity metrics. The images labeled as A and C
from each dataset shows the images with the lowest score according to the metric displayed
in x and y-axes, respectively. Similarly, the images B and D have the highest score on the
metrics of the axes x and y, respectively.

Fig. 3.6 compares the dimensionality of images in the training datasets. Vimeo90K [144]
contains only one resolution and aspect ratio, making it uniform and less varied in terms of
size. In contrast, COCO [146] features a wide variety of resolutions and aspect ratios, with
image heights up to 2.4x larger and widths up to 1.4x larger than those in Vimeo90K [144].
This variety makes COCO [146] more useful for training, as it exposes the model to higher-
resolution images, whose benefits will be discussed in Section 5.7.



3.2. Performance and Complexity Metrics 41

3.2 Performance and Complexity Metrics

3.2.1 Performance Metrics

The performance of an image compression algorithm is determined by two key factors: the
size of the compressed data to be transmitted (measured, e.g., as bitrate) and the quality
or distortion of the reconstructed image (measured as the difference from the original im-
age). This relationship is often referred to as rate-distortion (RD) performance throughout
this thesis. Since the majority of benchmark test datasets contain 3-channel RGB images
(see Section 3.1), the bitrate is computed as bits per pixel (Bpp)†, formulated as:

Bpp =
Nbits

Nsamples
=

Nbits

HW
, (3.4)

where Nbits is the total number of bits in the bitstream and Nsamples refers to the total number
of pixel samples in the image, calculated as the product of the image height (H) and width
(W ). Notably, Bpp is computed for each pixel coordinate without differentiating between the
number of color channels.

To assess the quality of the reconstructed image, either objective quality metrics such as
Peak Signal-to-Noise Ratio (PSNR), or perceptually optimized metrics modeling the subjec-
tive quality, such as the Structural Similarity Index Measure (SSIM) [159] and Multi-scale
Structural Similarity Index Measure (MS-SSIM) [160] are used in TIC frameworks and stan-
dardization activities [16], [24], [25], [91], [161]. Additionally, the JPEG AI standardiza-
tion activity [79] explores several other perceptually optimized metrics, including Visual
Information Fidelity (VIF) [162], Feature Similarity Index Measure (FSIM) [163], Normal-
ized Laplacian Pyramid Distance (NLPD) [164], Information Content Weighted MS-SSIM
(IW-MS-SSIM) [165], Video Multimethod Assessment Fusion (VMAF) [166], and a modi-
fied PSNR metric based on Hue Saturation Value (PSNR-HSV) [167]. While these advanced
perceptual metrics are actively being explored, state-of-the-art LIC frameworks primarily
rely on PSNR and MS-SSIM [160] in the RGB color space for quality evaluation. They also
provide publicly available models trained for these two metrics. Therefore, to ensure fair
comparisons, this thesis focuses on PSNR and MS-SSIM [160] metrics for both objective and
perceptually optimized quality assessments.

Given an original image x ∈ NH×W×3 and its reconstructed version x̂ ∈ NH×W×3 in the
RGB space, the PSNR in decibel (dB) is formulated as:

PSNR(x, x̂) = 10 · log10
(

2B − 1

MSE(x, x̂)

)
, (3.5a)

MSE(x, x̂) =
1

3HW

2∑
c=0

H−1∑
i=0

W−1∑
j=0

[xi,j,c − x̂i,j,c]
2, (3.5b)

where MSE(x, x̂) represents the mean-squared error. B refers to the bit depth used to calcu-
late the maximum possible pixel value, i.e., 2B − 1. For all test and training datasets used in
this thesis, the bit depth is 8, meaning the maximum possible pixel value is 255.

† In the literature, the terms bpp, BPP, and Bpp are used interchangeably. This thesis uses Bpp.
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MS-SSIM [160] refines SSIM [159] by computing it over multiple scales and combin-
ing these into a single measure. Given a set of original and reconstructed image pairs
{(x1, x̂1), . . . , (xM , x̂M )}, where the images are progressively down-sampled by a factor of
2m−1 for each scale m, the SSIM [159] at scale m is expressed as:

SSIMm(xm, x̂m) =
1

3

2∑
c=0

SSIMm,c(xm,c, x̂m,c) (3.6a)

=
1

3

2∑
c=0

Lm,c(xm,c, x̂m,c) · Cm,c(xm,c, x̂m,c) · Sm,c(xm,c, x̂m,c), (3.6b)

Lm,c(xm,c, x̂m,c) =
2µxm,cµx̂m,c + C1

µ2
xm,c

+ µ2
x̂m,c

+ C1
, (3.6c)

Cm,c(xm,c, x̂m,c) =
2σxm,cx̂m,c + C2

σ2
xm,c

+ σ2
x̂m,c

+ C2
, (3.6d)

Sm,c(xm,c, x̂m,c) =
σxm,cx̂m,c + C3

σxm,cσx̂m,c + C3
, (3.6e)

where Lm,c(·), Cm,c(·), and Sm,c(·) denote the luminance, contrast, and structure comparison
measures for each channel c and scale m. The variables µxm,c and µx̂m,c represent the local
means per channel; σ2

xm,c
, σ2

x̂m,c
is the variances per channel; and σxm,cx̂m,c stands for the

covariance of the original and reconstructed images per channel. Constants C1, C2, and C3

are used to stabilize the division when the denominator is small. Finally, MS-SSIM [160] is
computed by combining these values:

MS-SSIM(x, x̂) =
1

3

2∑
c=0

(
[SSIMM,c]

αM

M−1∏
m=1

[Cm,c]
αm · [Sm,c]

αm

)
, (3.7a)

where αm weights are assigned to different scales—higher scales are generally given more
importance, reflecting their contribution to perceived changes in structural information.

In this thesis, the implementation in PyTorch MS-SSIM package [168] is used for the com-
putation of MS-SSIM [160], following the JPEG AI standardization activity [79] and the Com-
pressAI benchmarking platform [145]. At higher compression qualities, MS-SSIM [160] val-
ues typically range between 0.98 and 1.00. Within this narrow range, even small differences
can signify significant quality changes. This makes it difficult to visually interpret these vari-
ations in linear graphs or effectively compare the performance of different codecs. Therefore,
the MS-SSIM [160] is transformed into a log-scale metric following [18], [65], which is defined
as:

Log-MS-SSIM(x, x̂) = −10 log10(1−MS-SSIM(x, x̂)). (3.8a)

MS-SSIM is designed to model the human visual system’s sensitivity to structural in-
formation in images. It evaluates image quality based on luminance, contrast, and struc-
tural changes across multiple scales, which are crucial to how humans perceive image qual-
ity [159], [160]. Specifically, it focuses on structural elements like edges, textures, and pat-
terns, which are more critical to perceived image quality than pixel-level errors, such as
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Figure 3.7: Rate-distortion plots used to compare the performance of two different codecs. The entire
shaded area between two curves corresponds to the overall BD-Rate [169] metric, which quantifies
the average bitrate savings or penalties across a range of quality points. The generalized BD-Rate
metric, as proposed by Minnen&Singh [35], is calculated by determining the BD-Rate for each spe-
cific interval, represented by the dashed lines, independently.

those measured by PSNR. On the other hand, PSNR can be more advantageous than MS-
SSIM [160] in specific scenarios such as compression of sensitive data, medical and scientific
imaging, where high data fidelity is required, i.e., exact pixel value accuracy is crucial. It is
also useful for benchmarking algorithms that require a straightforward, uniform measure of
pixel error. Therefore, despite its limited perceptual relevance, PSNR remains valuable in
contexts that prioritize exact error quantification over visual quality.

Once the rate and distortion metrics are available, the efficiency of different compres-
sion frameworks can be evaluated using the Bjøntegaard Delta-Rate [169] (BD-Rate) metric.
This metric quantifies the average bitrate difference for the same level of distortion. It in-
volves encoding an image at various quality levels to generate rate-distortion (RD) points,
interpolating these points to obtain R(D) curves, and comparing the average performance
across a specified bitrate range by integrating the difference of these curves. The BD-Rate is
then calculated as a percentage difference, indicating how much more or less efficient one
codec is over another in terms of bitrate savings for equivalent quality. Notably, discrepan-
cies between the curves become more pronounced at higher bitrates. As bitrate increases,
the gap between the curves tends to widen. Therefore, performing the integration on a log-
arithmic bitrate scale is preferred, as this approach balances potential biases toward higher
bitrates [169]. Fig. 3.7 illustrates BD-Rate [169] by showing the interpolated curves of two
coding algorithms for an image. Given the first algorithm (Codec 1) as the baseline, the
shaded area corresponds to the BD-Rate [169], mathematically defined as:

BD-Rate =

(
exp

(∫ Dmax

Dmin
log(R1(D))− log(R2(D))dD

Dmax −Dmin

)
− 1

)
× 100%, (3.9)
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where R1(D) and R2(D) are the interpolated rate-distortion curves of the two codecs, and
Dmin and Dmax define the distortion range over which the integrals are computed. The per-
centage indicates how much more or less bitrate is required by the Codec 2 to achieve the
same level of distortion as the Codec 1. A positive BD-Rate [169] suggests that the Codec 2
requires more bitrate to achieve the same quality as Codec 1, while a negative value indicates
greater efficiency of the Codec 2.

To evaluate codec performance across a test dataset, BD-Rate [169] is calculated by first
averaging distortions and bitrates for each codec at predefined bitrates across all test images.
This yields a unified set of average RD points for each codec, from which interpolated RD
curves are derived. The BD-Rate [169] is subsequently computed using these curves, serving
as a metric that quantifies the average performance difference between the codecs through-
out the dataset, thereby providing a holistic assessment of codec efficiency across diverse
content and encoding scenarios.

Visualizing RD curves is useful for comparing multiple compression algorithms. How-
ever, as the number of algorithms increases, particularly when their performances are close,
the plots can become cluttered and difficult to interpret. To address this, comparing all
algorithms to a single baseline using the BD-Rate metric [169] offers a clearer score that
quantifies how much better or worse each method is relative to the baseline. However,
BD-Rate [169] provides only a single aggregated score across all quality levels, which can
obscure performance variations at specific quality intervals. To overcome this limitation,
Minnen&Singh [35] introduced a generalized BD-Rate computation. This approach calcu-
lates BD-Rate over smaller, non-overlapping intervals of the RD curves, as illustrated by
dashed lines in Fig. 3.7. The negative BD-Rate per interval, which represents rate savings, is
then plotted as a function of quality, offering more detailed insights into the quality ranges
where one codec outperforms another. In this thesis, the generalized BD-Rate [35] for PSNR
is computed using an interval length ∆PSNR of 0.25 dB, providing four quality evaluations
per 1 dB change in distortion.

3.2.2 Complexity Metrics

In this thesis, the complexity of compression frameworks is evaluated based on three key
criteria: runtime complexity, computational complexity, and model complexity. Traditional
compression frameworks [16], [24], [25], [91], [161] typically report complexity in terms of
runtime, measured during both encoding and decoding, using a Central Processing Unit
(CPU) in a single-threaded configuration. In contrast, LIC frameworks rely heavily on large
matrix multiplications due to the use of NN-based modules, which are more efficiently de-
ployed on accelerated architectures like Graphics Processing Units (GPUs), Tensor Process-
ing Units (TPUs), and Neural Processing Units (NPUs). These architectures make use of
parallel computation Application Programming Interfaces (APIs) such as Compute Unified
Device Architecture (CUDA) [170], PyTorch [171], and TensorFlow [172]. Even within the
same parallel computing platform, runtime measurements can vary across LIC frameworks
due to differences in API versions and optimizations. To address this variability, runtime
complexity for different LIC frameworks in this thesis is measured under uniform condi-
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tions using the DeepSpeed Profiler [173], ensuring consistency across all frameworks.
While runtime measurements are useful, they are closely tied to the specific hardware on

which they are performed, limiting information about their general applicability. For exam-
ple, an LIC implementation may perform efficiently on high-end GPUs but struggle or be
infeasible on resource-constrained devices, e.g. mobile phones, due to the high number of
parallel arithmetic operations. Therefore, it is essential to report more generalized computa-
tional complexity metrics, such as the number of multiply-accumulate (MAC) operations or
floating point operations per second (FLOPS).

For instance, given an input x ∈ RHin×Win×Cin and an output y ∈ RHout×Wout×Cout , the
number of MAC operations for a CNN layer with kernel size K×K is computed as:

Cconv = K2CinCoutHoutWout, (3.10)

Similarly, for a vanilla transformer layer with MHA (see Section 2.3.4) applied to a flattened
input x ∈ RS×Cin , where S=HinWin, the complexity is given by:

Ctrans = CQKV + CMHA + CMLP, (3.11a)

= (3Sde
2) + (2S2de + Sde

2) + (2Sdedmlp), (3.11b)

= (2S2de + 4Sde
2) + (2Sdedmlp), (3.11c)

where CQKV, CMHA, and CMLP represent the MAC operations for the query-key-value map-
ping, the attention mechanism, and the MLP layers, respectively. Here, the complexity of
CNN layers scales linearly with input resolution (Hin×Win), while the complexity of trans-
former layers grows quadratically with the input size due to the S2 term in the MHA.

Recent standardization efforts, such as JPEG AI [79], normalize MAC computations by
image resolution, resulting in the complexity metric MAC per pixel (MACpp). Following
these guidelines, computational complexity in this work is measured in MACpp or kilo
MACpp (kMACpp) by using the ptflops package [174] and DeepSpeed [173].

Another important aspect is model complexity, which refers to the number of learnable
parameters in the LIC model. Generally, models with more parameters have greater capac-
ity for complex tasks [175], but they also require more storage and memory, which can limit
their usability on certain hardware platforms. Deep learning APIs, such as PyTorch [171]
and TensorFlow [172], provide tools to calculate the number of learnable parameters, which
are used in this thesis to measure model complexity of each LIC model.

3.3 Performance Evaluation Setup

In this work, a wide variety of state-of-the-art learned image compression frameworks [32]–
[35], [39], [40], [43]–[47], [52], [56]–[63] are evaluated for their compression performance. The
evaluation includes models with publicly available source code as well as those without. For
models with source code and pretrained models, official implementations were used with de-
fault configurations. Evaluations were conducted on hardware comprising a single NVIDIA
Titan RTX with CUDA Toolkit 11.4 [170] and Intel Core i9-10980XE, ensuring consistency
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across experiments. For models without open-source implementations and pretrained mod-
els, results were extracted using WebPlotDigitizer [176], [177], a tool that semi-automatically
extracts data from plots. The accuracy of the extraction process was validated by comparing
the extracted results with those obtained from models with available source code, showing
negligible differences (<0.1% in BD-Rate difference). Table 3.1 provides an overview of all
evaluated LIC models, including details on source code and pretrained model availability,
with links to respective repositories.

In addition to the LIC methods, the TIC frameworks were used for comparison, includ-
ing Better Portable Graphics (BPG) [91], which is based on the intra-frame coding of the
High Efficiency Video Coding (HEVC) standard [24], and the intra-frame coding framework
of Versatile Video Coding (VVC) [25], the latest video coding standard.

For BPG [91], the official executable is used, with the following command-line parameters
for encoding:

bpgenc -m 444 -b 8 -c ycbcr -e x265 -q <Q> -o <Bitstream> <InputPNG>

Command 3.1: Command used for encoding with BPG [91]

Here, InputPNG, and Bitstream stand for the file paths of the input PNG image and its
encoded binary file, respectively. The encoding uses 4:4:4 chroma subsampling (-m 444)
and converts the RGB images to YCBCR (-c ycbcr) for optimized compression. The BPG
encoder is executed at different quality values Q ∈ [12, 47] in increments of 5 to explore a
wide range of RD trade-offs.

The reconstruction of images (ReconstructedPNG) is performed by decoding binary
bitstream (Bitstream) with the following command:

bpgdec -o <ReconstructedPNG> <Bitstream>

Command 3.2: Command used for decoding with BPG [91]

For VVC [25], the VVC Test Model (VTM) [178] version 16.2 was used. Since VTM 16.2
[178] requires images in YCBCR format, the input RGB images (InputPNG) is first converted
to YCBCR (InputYCbCr) using FFmpeg [179] with the BT.709 standard [94]:

ffmpeg -i <InputPNG> -pix_fmt yuv444p -vf scale=in_range=full:

in_color_matrix=bt709:out_range=full:out_color_matrix=bt709

-color_primaries bt709 -color_trc bt709 -colorspace bt709

-y <InputYCbCr>

Command 3.3: Command for FFmpeg [179], applying color conversion from RGB to YCBCR

according to the BT.709 [94]

After conversion, the intra-frame coding framework of VTM 16.2 [178] is executed for
encoding the input image using the following command:

EncoderApp -c encoder_intra_vtm.cfg -i <InputYCbCr> -wdt <W> -hgt <H>

-b <Bitstream> -f 1 -fr 1 -q <Q> -InputBitDepth=8

-InputChromaFormat=444 -ConformanceMode=1

Command 3.4: Command used for encoding with VTM 16.2 [178]
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Same as the setup for BPG [91], the encoding is performed for quality values Q ∈ [12, 47]

in increments of 5. The binary bitstream (Bitstream) was decoded back into reconstructed
image (ReconstructedYCbCr) in YCBCR format with the following command:

DecoderApp -d 8 -b <Bitstream> -o <ReconstructedYCbCr>

Command 3.5: Command used for decoding with VTM 16.2 [178]

Finally, the reconstructed YCBCR image is converted back to RGB using FFmpeg [179]:

ffmpeg -f rawvideo -vcodec rawvideo -s <W>x<H> -r 1 -pix_fmt yuv444p

-i <ReconstructedYUV> -pix_fmt rgb24 -vf scale=in_range=full:

in_color_matrix=bt709:out_range=full:out_color_matrix=bt709

-color_primaries bt709 -color_trc bt709 -colorspace bt709

-y <ReconstructedPNG>

Command 3.6: Command for FFmpeg [179], applying color conversion from YCBCR to RGB
conversion according to the BT.709 [94]

3.4 Chapter Summary

This chapter outlined the evaluation methodologies used throughout this thesis. It provided
a detailed analysis of widely adopted testing datasets such as Kodak [138], Tecnick [139],
and CLIC [140], with a particular emphasis on their content complexity. The discussion
highlighted the critical importance of selecting diverse datasets for robust and fair evalua-
tions of image compression models. Additionally, the chapter addressed the limitations of
the Vimeo90K [144] dataset, which serves as the primary training dataset for many state-of-
the-art approaches, including those discussed in this thesis. To mitigate these limitations, the
COCO [146] dataset was introduced as a supplementary resource, enhancing the diversity of
training data. This investigation into training datasets forms the foundation for experiments
in Chapter 5.

Furthermore, the chapter presented a set of performance and complexity metrics, which
are essential for evaluating the trade-offs between bitrate and reconstruction quality, and
computational efficiency, which are a key focus throughout this thesis. These metrics are
used to benchmark state-of-the-art TIC and LIC methods, as well as the proposed ap-
proaches. Finally, a detailed explanation of the performance evaluation setup, including both
hardware and software configurations, was provided to ensure consistent and reproducible
benchmarking across state-of-the-art compression methods used in this thesis.
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Table 3.1: Details of the state-of-the-art LIC frameworks used for the experimental evaluation

Availabilty

Model Code Model Link to Official Implementation

Ballé et al. [32] 3 3 https://github.com/tensorflow/compression

Ballé et al. [33] 3 3 https://github.com/tensorflow/compression

Chen et al. [48] 3 3 https://github.com/NJUVISION/NIC/tree/
main/code

Cheng et al. [47] 3 3 https://github.com/ZhengxueCheng/Learn
ed-Image-Compression-with-GMM-and-Att
ention

Cui et al. [39] 7 7 –

Fu et al. [58] 3 7 https://github.com/fengyurenpingsheng/As
ymmetric-Learned-Image-Compression-wit
h-MRSB-IM-and-PQF

Guo et al. [45] 7 7 –

He et al. [52] 7 7 –

He et al. [56] 7 7 –

Kim et al. [61] 3 7 https://github.com/junhyukk/informer

Liu et al. [59] (L) 3 7 https://github.com/jmliu206/LIC_TCM

Liu et al. [59] (S) 3 3 https://github.com/jmliu206/LIC_TCM

Lu et al. [62] 3 7 https://github.com/lumingzzz/TIC

Lu et al. [63] 3 3 https://github.com/lumingzzz/TinyLIC

Minnen et al. [34] 3 3 https://github.com/tensorflow/compression

Minnen&Singh [35] 3 7 https://github.com/tensorflow/compression

Qian et al. [44] 3 3 https://github.com/damo-cv/img-comp-ref
erence

Qian et al. [46] (PCM) 3 3 https://github.com/damo-cv/entroformer

Qian et al. [46] (SCM) 3 3 https://github.com/damo-cv/entroformer

Tang et al. [43] 3 7 https://mic.tongji.edu.cn/1f/e3/c9778a2703
07/page.htm

Wang et al. [60] (LL) 3 3 https://github.com/microsoft/dcvc

Yang&Mandt [57] 3 3 https://github.com/mandt-lab/shallow-ntc

https://github.com/tensorflow/compression
https://github.com/tensorflow/compression
https://github.com/NJUVISION/NIC/tree/main/code
https://github.com/NJUVISION/NIC/tree/main/code
https://github.com/ZhengxueCheng/Learned-Image-Compression-with-GMM-and-Attention
https://github.com/ZhengxueCheng/Learned-Image-Compression-with-GMM-and-Attention
https://github.com/ZhengxueCheng/Learned-Image-Compression-with-GMM-and-Attention
https://github.com/fengyurenpingsheng/Asymmetric-Learned-Image-Compression-with-MRSB-IM-and-PQF
https://github.com/fengyurenpingsheng/Asymmetric-Learned-Image-Compression-with-MRSB-IM-and-PQF
https://github.com/fengyurenpingsheng/Asymmetric-Learned-Image-Compression-with-MRSB-IM-and-PQF
https://github.com/junhyukk/informer
https://github.com/jmliu206/LIC_TCM
https://github.com/jmliu206/LIC_TCM
https://github.com/lumingzzz/TIC
https://github.com/lumingzzz/TinyLIC
https://github.com/tensorflow/compression
https://github.com/tensorflow/compression
https://github.com/damo-cv/img-comp-reference
https://github.com/damo-cv/img-comp-reference
https://github.com/damo-cv/entroformer
https://github.com/damo-cv/entroformer
https://mic.tongji.edu.cn/1f/e3/c9778a270307/page.htm
https://mic.tongji.edu.cn/1f/e3/c9778a270307/page.htm
https://github.com/microsoft/dcvc
https://github.com/mandt-lab/shallow-ntc


Chapter 4

High-performance Learned Image
Compression Framework

This chapter introduces a high-performance context model, named the Contextformer, which
significantly improves the compression performance of learned image compression frame-
works. Unlike CNN-based approaches, the Contextformer employs a transformer-based ar-
chitecture to achieve context modeling that is highly adaptive to the input content. More-
over, the proposed architecture presents a novel application of the attention mechanism,
extending its functionality beyond conventional use to include spatial and channel-wise de-
pendencies in the latent space. In this chapter, both the performance and complexity of the
Contextformer are comprehensively analyzed through empirical evaluations conducted on
commonly used test datasets. Additionally, ablation studies are presented to demonstrate
the impact of model design and hyperparameters.

Parts of the work presented in this chapter have been published in [2], [3].

4.1 Motivation

Forward and backward adaptation for entropy modeling, as explained in Chapter 2, play an
important role in the performance of the LIC framework. Entropy modeling of the primary
bitstream of ŷ necessitates the refinement of forward adaptation to provide accurate side in-
formation, which inherently increases the amount of the secondary bitstream information
of ẑ [34]. Conversely, backward adaptation uses a context model to condition the entropy
modeling of the primary bitstream elements on the preceding ones, or their contextual data.
The context model reduces the necessity for additional signaling, significantly increasing the
compression performance. Early approaches [34], [47], [49] utilized 2D masked convolutions
as context models, inspired by the PixelCNN [180], which autoregressively models the joint
image distribution pixel by pixel. However, 2D masked convolutions limit the capability
of exploiting complex contextual relations in the latent space to only the spatial dimension,
constrained by the kernel size of the convolutions. Therefore, recent literature has investi-
gated a large variety of context modeling schemes and architectures (see Fig. 4.1), which can
be categorized into three groups according to the limitations they address:

49
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1. Underexplored spatial dependencies in the latent space [3], [37]–[39]

2. Underexplored cross-channel dependencies in the latent space [35], [40]–[43]

3. Underexploited content-adaptivity in the entropy estimation [44]–[46], [61]

To address the first problem, studies such as [3], [37]–[39] implemented a multi-scale 2D con-
text model extending the context model introduced by Minnen et al. [34]. Instead of using
a single 2D masked convolution, they employ multiple masked convolutions with varying
kernel sizes, aiming to capture short- and long-distance dependencies in the latent space.

To exploit the cross-channel dependencies along with the spatial ones, studies such
as [40]–[43], [48] introduced 3D masked convolutions to the context model. Their studies
show that 3D convolutions improve the coding performance significantly, at the expense
of increased complexity due to the additional dimension for the autoregressive process.
To reduce the complexity, Minnen&Singh [35] introduced a channel-wise autoregressive
model (ChARM). In their model, the latent tensor is split across the channel dimension, and
preceding channel segments are used as context for the current segment to be coded. The
proposed method drastically reduces the complexity; however, it completely discards the
spatial dependencies in the latent space.

In a trained CNN, each layer may have unique convolutional kernels that progressively
extract complex image features through successive layers. However, the weights of these ker-
nels remain fixed for every input, making models based solely on classic CNN architectures
agnostic to input content [89], [181]. To achieve a content-adaptive context model, early pro-
posals [44], [45] combine 2D masked convolutions and simplified attention mechanisms, cap-
turing local and global correlations of latent elements. Inspired by template matching [182],
Qian et al. [44] implemented a global reference approach for increasing context adaptivity.
They employ a 2D masked convolution in context modeling similar to [34]. Additionally,
they use the masked convolution’s output as a template for searching for a similar patch
in the previously coded positions, which is also included in the entropy modeling. Guo et
al. [45] combines multiple advancements from prior works. Similar to ChARM [35], they
split the latent tensor into two channel segments for exploiting cross-channel dependencies.
The first segment is processed by a 2D masked convolution without any adaptive mecha-
nism. For coding the second segment, they use two different mechanisms: first, an “im-
proved” version of the 2D masked convolutions, named MaskConv+, that uses the spatially
co-located elements from the first segment in addition to the local neighbors; second, an
advanced global reference. They extend the patch-based global reference to a more precise
element-based one. They first compute the causal similarity between all elements from the
first segment. Based on the spatial position of the top-k similar elements in the first segment,
corresponding k elements from the second segment are used in the entropy model. More-
over, Kim et al. [61] proposed two different hyperprior networks: a CNN-based local hy-
perprior and a transformer-based global hyperprior. The transformer-based model extracts
eight fixed-size global features signaled to the decoder as secondary bitstream. The local
hyperprior applies point-wise operations without downsampling, i.e., 1×1 convolutions, to
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(a)

(b) (c) (d)

(e) (f)

++

Figure 4.1: Illustration of various context modeling processes for one step in: (a) multi-scale 2D con-
text model [3], [37]–[39], (b) 3D context model, (c) channel-wise autoregressive model (ChARM) [35],
(d) context model with a global reference [44], (e) context model with an advanced global refer-
ence [45], and (f) transformer-based context model with spatial attention [46]. The context model
gathers information from neighboring latent elements ( ) to predict the probability of the current
latent element(s) ( ). Elements that have already been encoded are shown in ( ), while those still
to be encoded are represented in ( ). Notably, in (a), ++ stands for the concatenation of the outputs
from each masked convolution in the channel dimension; in (c), all latent elements depicted as ( )
are coded independently of each other; and in (e), the primary channel segment is displayed at the
bottom for better visibility.

generate a third latent space which is also signaled. Additionally, they also employ the con-
text model of [34] with 2D masked convolutions. Furthermore, Qian et al. [46] implemented
a transformer-based hyperprior and context model instead of a CNN-based approach. They
used a global attention mechanism, which scales with the whole latent space to obtain a large
degree of content-adaptivity for the spatial dimension. Additionally, their model computes
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the attention between the current element and all previously coded elements, but then distills
context information by selecting the top-k of them, to prevent a large number of irrelevant
latent elements from dominating the softmax computation, which can result in an unstable
training procedure [183], [184].

Although these advancements in context modeling increase the performance and capa-
bilities of entropy modeling, the aforementioned limitations are only partially addressed by
the proposed methods. For instance, the multi-scale 2D context models [3], [37]–[39] focus
only on the spatial dependencies without any content-adaptive behavior. The 3D context
models [40]–[42], [48] are only feasible for small kernel sizes due to the significantly high
model complexity; therefore, they cannot build long-distance relations along the channel
dimension. The ChARM architecture simplifies channel-wise contextual information aggre-
gation by sacrificing the exploration of the spatial dependencies. Additionally, both 3D con-
text models and ChARM are CNN-based architectures without any attention mechanism.
The architectures using a global reference [44], [45] provide limited content adaptivity, as
the computation of the spatial relations is limited to the size of the template or k-similar
elements, and the cross-channel elements are partially or not considered for the adaptive
modeling. According to the experiments of [45], the primary channel segment contains 60%
of the information on average, while the context model utilizes only 2D masked convolu-
tions for modeling it. Due to the intrinsic properties of transformers, such as a dynamic
receptive field [89], transformer-based context models can support a large degree of content
adaptivity, making them a promising candidate for high-performance entropy modeling.
However, the proposed methods [46], [61] have several issues in reaching that goal. First,
those models partially explore the channel-wise adaptive modeling due to the limitations
of the multi-head attention (MHA) mechanism, which is discussed in Section 4.2.2. Second,
both methods have limitations on the number of elements or features to attend. Lastly, they
apply global attention to the whole latent space, where the performance and complexity
scale poorly with increased image resolution, and training and testing with large-resolution
images may become infeasible. Additionally, the model in [61] only uses transformer-based
architectures as hyperpriors while still using a CNN for the context modeling.

Notably, in all mentioned entropy modeling algorithms except those of [3], [35], the con-
text model separately processes each element of the quantized latent tensor ŷ in an autore-
gressive fashion, resulting in a high-performance model with potential to capture each sin-
gle dependency in the latent space. These models are referred to as serial context models
(SCMs). When multiple latent elements are processed simultaneously, the resulting, more
computationally efficient context models are referred to as parallel context models (PCMs).
This chapter is mainly focused on the serial approaches, and more detailed explanations for
the parallel approaches are reserved for Chapter 5. For instance, Qian et al. [46] proposed
SCM and PCM variants of their architecture; in the following, only the SCM version is ad-
dressed.
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Figure 4.2: Illustration of the ResBlock [40], [48] and simplified residual attention blocks (sRAB) [38]–
[40], [47], [48] used in the proposed framework with Contextformer. “Conv: 3×3×C sX” stands for
a convolutional layer with kernel size of 3×3, number of C output channels, and stride “s” of X .
Similarly, “Deconv” is an abbreviation for transposed convolutions. Sigmoid and ReLU [128] are the
activation functions. ⊕ and � correspond to element-wise addition and multiplication (Hadamard
product [127]), respectively.

4.2 Contextformer

4.2.1 Contextformer with Spatial Attention

The compression framework of the Contextformer is inspired by advanced autoencoder ar-
chitectures introduced by Guo et al. [38], Cui et al. [39], and Cheng et al. [47]. On the encoder
side, the analysis transform ga incorporates 3×3 convolutional layers with a stride of 2, each
followed by GDN activation functions [120]. On the decoder side, gs mirrors the architecture
of ga, using 3×3 deconvolutional layers with IGDN [120]. Additionally, residual blocks (Res-
Blocks) [40], [48] are integrated into the first layer to broaden the receptive field and reduce
quantization error. Recent studies [38]–[40], [47], [48] have demonstrated that using resid-
ual attention blocks (RABs) [133] in the autoencoder improves compression performance by
redistributing bit allocation—assigning more bits to salient areas and high-frequency edges,
and fewer bits elsewhere. Moreover, Cheng et al. [47] showed that RABs can be simplified by
omitting the non-local mechanism [133] to reduce model complexity with minimal perfor-
mance degradation. Following these studies, a single layer of simplified RAB (sRAB) is used
in both ga and gs (see Fig. 4.2). The entropy model employs a hyperprior network [33] and
universal quantization [185]. The entropy of the secondary bitstream ẑ is modeled by a fac-
torized entropy model [32], while the conditional entropy of the primary bitstream pŷi

(ŷi | ẑ)
is estimated using an Asymmetric Gaussian Mixture Model (AGMM) [186] with km=3 mix-
tures. This approach combines the methods in [38], [39] and [47], providing a skewed distri-
bution with two separate variances per mixture.

The primary difference between the proposed framework and the architectures of [38],
[39] is that the multi-scale context model is replaced by the Contextformer. The Context-
former implements L transformer layers with an architecture similar to the ViT [85]. Since
ViT [85] requires the input in a sequential format (i.e., flattened patches) for attention com-
putation (see Section 2.3.4), the quantized latent tensor ŷ ∈ R

H
16

×W
16

×C is rearranged into a
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Figure 4.3: Illustration of (a) the proposed LIC framework utilizing Contextformer, (b) the sequence
generation process for Contextformer with spatial attention (Ncs=1), and (c) the sequence genera-
tion process for Contextformer with spatio-channel attention (Ncs>1). In (a), S-MHA and SC-MHA
stand for the spatial and spatio-channel multi-head attention mechanisms as explained in Section 4.2.1
and Section 4.2.2, respectively. The sequence generation method shown in (b) is applied to the output
of the hyperdecoder, regardless of the chosen Ncs value. In both (b) and (c), prepended start token is
depicted as a dark gray element.

sequence of spatial patches ŝ ∈ RN×(phpwC), where N= HW
256phpw

. Here, (ph, pw) represents
the shape of each spatial patch, and N corresponds to the number of sequential elements.
ViT [85] involves a trade-off between its complexity and the patch size—larger patch sizes
reduce the complexity of attention computation but degrade the granularity of exploiting
correlations. Therefore, ViT [85] is originally designed for tasks such as object recognition,
which do not require pixel-level decisions. However, context modeling requires dense pre-
dictions, and the spatial relations of neighboring elements within a patch cannot be fully
exploited when using large patches. To address this, the spatial patch size of the Context-
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former is set to 1×1. The resulting sequential representation is formulated as:

ŝ = {0, ŷ0,0, ŷ0,1, . . . , ŷi,j , . . . , ŷH
16

−1,W
16

−2, ŷH
16

−1,W
16

−1}, (4.1)

where each sequential element corresponds to one latent element ŷi,j ∈ R1×1×C with spatial
coordinates (i, j) rearranged in raster-scan order. The index of the last dimension is omit-
ted for simplicity. To ensure the autoregressive process is not violated, a zero-valued latent
element (also called a start token) is prepended to ŝ. Fig. 4.3a illustrates the overall com-
pression framework employing the Contextformer, and Fig. 4.3b shows the spatial sequence
generation process.

After obtaining the sequential representation ŝ, it is projected to vector embeddings us-
ing a learnable linear transformation RN×C → RN×de (embedding layer), where de is the
embedding dimension. Positional variance is introduced by applying a learned positional
encoding (pe) to the first layer, similar to the approaches in [85], [86]. The Contextformer uses
Multi-Head Attention (MHA), which allows it to focus independently on different parts of
the channel dimension of ŷ. However, due to the sequential representation in Eq. (4.1), the
attention primarily focuses on the spatial dimension. Therefore, the proposed mechanism
in this section is referred to as S-MHA (Spatial Multi-Head Attention) to distinguish it from
other proposed techniques. Additionally, a coding mask is applied to the S-MHA layers to
ensure causal coding, as explained in Section 2.3.4.

4.2.2 Contextformer with Spatio-Channel Attention

As described in Section 2.3.4, the S-MHA mechanism enables each head, or part of a se-
quential element, to focus efficiently on distinct parts of other sequential elements. In the
context of entropy modeling, each head of the Contextformer corresponds to a channel seg-
ment, and applying attention between different heads implements a context model that can
explore cross-channel dependencies in the latent space. However, the S-MHA mechanism
has several limitations in fully exploiting channel-wise dependencies when used for context
modeling.

To simplify the analysis, consider a Contextformer with a single transformer layer. The
first limitation is that intra-channel information cannot be exploited during attention com-
putation (see Fig. 4.4d). Given an element from the sequential representation ŝn ∈ R1×C at
coding step n and its corresponding latent tensor element ŷi,j,0...C−1 ∈ R1×1×C , each element
ŷi,j,c with the same spatial coordinates (i, j) but different channel index c is entropy-coded
independently. Therefore, the context modeling of ŷi,j,c cannot utilize information from spa-
tially co-located elements in other channels ŷi,j,6=c.

The second limitation arises from how S-MHA is performed. Given sub-representations
ĥ ∈ RN×h×Ch of the sequential representation ŝ ∈ RN×C used for S-MHA (where h repre-
sents the number of heads and Ch = C

h ), the n-th sub-representation ĥn,i,0...Ch−1 with head
index i can only apply attention to preceding elements in the coding order ĥ<n,i,0...Ch−1 with
the same head index. Since each sub-representation also corresponds to a channel segment,
S-MHA strictly limits the Contextformer’s ability to exploit inter-channel information.
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(a)

(b)

(c)

(d)

(e)

Figure 4.4: Illustration of different attention mechanisms for context modeling: (a,b,d) spatial multi-
head attention (S-MHA), and (a,c,d) spatio-channel multi-head attention (SC-MHA). In (a), a portion
of the flattened latent tensor is shown. (b) and (c) highlight the current latent element to be coded
( ), along with the neighboring elements participating in its context modeling ( ), where Ncs=4 in
(c). (d-e) illustrate the application of MHA, where attention is computed across each head (indicated
by shared colors) and aggregated to form the final attention used in context modeling of the current
element ( ). In this example, the number of heads h is set to 4.

To address these limitations, the sequence generation process presented in Section 4.2.1
is extended to spatio-channel patch generation, as illustrated in Fig. 4.3c. The proposed
sequence generator rearranges ŷ ∈ R

H
16

×W
16

×C into a sequence of spatio-channel patches

ŝ ∈ R
HWC

256phpwpc
×(phpwpc), where each channel segment has a size of pc, and the total number of

channel segments is Ncs=
C
pc

. Following the reasoning in Section 4.2.1, the spatial patch size
is selected as 1×1, providing N=HWNcs sequential elements to the context model, ensuring
more accurate entropy coding. Combined with the MHA, the resulting context model can
apply attention with higher granularity, including sub-segments of each channel segment,
as illustrated in Fig. 4.4e, resulting in a novel Spatio-Channel Multi-Head Attention (SC-
MHA). Depending on the arrangement of the spatio-channel patches, the proposed segmen-
tation method enables two different coding strategies (Sc), termed Spatial-first Order (SfO)
and Channel-first Order (CfO).

Let r̂ ∈ R
H
16

×W
16

×Ncs×pc be a proxy tensor for ŷ, where the third dimension corresponds to
the indices of the channel segments of ŷ. By extending Eq. (4.1) with channel segmentation,
the sequential representation for different coding strategies can be formulated as:

ŝSfO = {0, r̂0,0,0, r̂0,1,0, . . . , r̂i,j,k, . . . , r̂H
16

−1,W
16

−2,Ncs−1, r̂H
16

−1,W
16

−1,Ncs−1}, (4.2a)

ŝCfO = {0, r̂0,0,0, r̂0,0,1, . . . , r̂i,j,k, . . . , r̂H
16

−1,W
16

−1,Ncs−2, r̂H
16

−1,W
16

−1,Ncs−1}, (4.2b)

where r̂i,j,k ∈ R1×1×1×pc corresponds to a vector with spatial coordinates (i, j) and channel
segment index k, with the last dimension omitted for simplicity.
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Fig. 4.3c illustrates how the Contextformer processes the sequential representation of the
latent tensor according to both coding strategies. Notably, the Contextformer with SfO codes
all sequential elements from the same channel segment before starting the next channel seg-
ment. When coding the sequential element corresponding to the latent tensor r̂i,j,k, the Con-
textformer with SfO can use the information from the latent elements r̂0...H

16
−1,0...W

16
−1,<k from

all spatial locations in the preceding channel segments. This enables prioritization of the spa-
tial dimensions over the channel dimension for entropy modeling. On the other hand, the
Contextformer with CfO first codes all channel segments of the same spatial location before
moving to the next spatial location. In this case, the context of the latent tensor r̂i,j,k can con-
tain information from the latent elements r̂<i,0...W

16
−1,0...Ncs−1 from all channel segments in

preceding spatial locations. This enables prioritization of the channel dimension for entropy
modeling.

As explained in Chapter 2, the entropy parameters network gep combines the outputs of
the context model and the hyperprior network for entropy modeling. Since the output of
the hyperprior network Ψ ∈ R

H
16

×W
16

×C is fully available during the entropy modeling of
ŷ, the hyperprior provides a future lookup for context modeling. Studies by Lee et al. [49]
and Koyuncu et al. [3] showed that exploiting the available future information from hyper-
prior networks yields higher compression performance. They proposed using not only the
spatially co-located element of the hyperprior output Ψi,j ∈ R1×1×C but also including local
hyperprior neighbors Ψ(i−K)...(i+K),(j−K)...(j+K) for entropy coding of ŷi,j , where K defines
the kernel size of the neighboring elements included in the computation. Inspired by these
studies, the Contextformer implements channel-wise local hyperprior neighbor aggregation
to improve compression performance. This is achieved by rearranging Ψ into a sequential
format Γ, similar to Eq. (4.2), where ΓSfO can be formulated as:

ΓSfO =

×Ncs︷ ︸︸ ︷
{ψ,ψ, . . . ,ψ, . . . ,ψ,ψ}, (4.3a)

ψ = {Ψ0,0,Ψ0,1, . . . ,Ψi,j , . . . ,ΨH
16

−1,W
16

−2,ΨH
16

−1,W
16

−1}, (4.3b)

and ΓCfO can be formulated as:

ΓCfO = {ψ0,0,ψ0,1, . . . ,ψi,j , . . . ,ψH
16

−1,W
16

−2,ψH
16

−1,W
16

−1}, (4.4a)

ψi,j = {Ψi,j ,Ψi,j , . . . ,Ψi,j , . . . ,Ψi,j ,Ψi,j}︸ ︷︷ ︸
×Ncs

. (4.4b)

This means that Ψ is not split into channel segments but is instead replicated accord-
ing to the number of channel segments Ncs, and the entropy modeling of the spatio-channel
segment r̂i,j,k uses Ψi,j with all its channels, regardless of the selected coding strategy.
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4.3 Complexity Optimizations

4.3.1 Architectural Optimizations

Given one of the sequential representations from Eq. (4.2), the complexity Cctx of a Context-
former layer, in terms of the number of MAC operations, can be formulated as follows:

Cctx ∼ NCtrans, (4.5a)

Ctrans = (2N2de + 4Nde
2) + (2Ndedmlp), (4.5b)

N =
HWNcs

256
, (4.5c)

where Ctrans is the complexity of the spatio-channel attention mechanism for one iteration of
the autoregressive context modeling, and N represents the number of elements to be entropy
coded, which is equivalent to the receptive field size of the transformer-based model. For
simplicity of the explanation, the complexity of the embedding layer is omitted, as it can be
applied to all latent elements at once, prior to context modeling. For the same reason, the
context model is assumed to have a fixed receptive field size (HWNcs

256 ) for all coding steps.
The Contextformer is designed with a receptive field that, in theory, can process inputs

of any size. However, in practical applications, the processing of long input sequences, such
as high-resolution images, is limited by the exponential growth of Ctrans in both memory us-
age and computational load as input sequence length increases. This limitation necessitates
constraining the receptive field size, leading to the adoption of a sliding-window attention
mechanism, similar to the approach proposed in studies such as [83], [86].

Inspired by the principles of 3D convolutions, a 3D sliding-window approach is pro-
posed to navigate through the spatio-channel data. Unlike traditional 3D convolutions, this
receptive field is specifically tailored to traverse spatial dimensions while expanding to en-
compass all elements in the channel dimension. Fig. 4.5 illustrates the application of the
sliding-window attention mechanism across different configurations of Contextformer†. To
avoid unnecessary padding at the tensor boundaries, the number of elements involved in
the attention computation increases without moving the sliding-window to the next spatial
coordinate. The proposed sliding-window attention reduces the complexity of the attention
mechanism to:

Ctrans = (2N2
wde + 4Nwde

2) + (2Nwdedmlp), (4.6a)

Nw = K2Ncs, (4.6b)

where Nw is the number of elements within a spatio-channel window, with a channel-wise
kernel size of Ncs and a spatial kernel size of K×K, where K � H

16 and K � W
16 . Here, for

simplicity, the context model is assumed to have a fixed receptive field size (K×K) for all
coding steps. In reality, only half of the elements within the kernel is processed for most of
the coding steps, while number of processed elements only grows at the edges.

† The sliding-window processing of Contextformer with CfO is available as a flipbook animation in reverse in
pp. 1–145, bottom right.
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(a)

(b)

(c)

... ...

... ...

... ...

Figure 4.5: Illustration of the sliding-window process in different Contextformer variants, which pro-
cess one row of the latent tensor from left to right: (a) Contextformer with spatial multi-head atten-
tion (S-MHA) for Ncs=1, (b) Contextformer with spatio-channel multi-head attention (SC-MHA) and
spatial-first-order (SfO) coding for Ncs=4, and (c) Contextformer with SC-MHA and channel-first-
order (CfO) coding for Ncs=4. In all cases, the context model gathers information from neighboring
latent elements ( ) to predict the symbol probability of the current element being coded ( ). Ele-
ments already coded are shown in ( ), while elements yet to be coded are displayed in ( ). Notably,
at the tensor edges, the kernel size grows rather than sliding, which eliminates the need for padding.

4.3.2 Algorithmic Optimizations

4.3.2.1 Encoder-side Optimizations

The serialized nature of autoregressive processes inherently complicates their efficient de-
ployment on hardware architectures optimized for parallel execution, such as GPUs [3], [35],
[52]. A commonly used solution, as described in [82], [187], involves standardizing sequence
lengths through padding, thereby enabling parallel sequence processing during training by
stacking them into the batch dimension. This method is referred to as the Pad&Batch method.
However, when integrating Pad&Batch with sliding-window attention, a computational bot-
tleneck arises due to the attention being computed for every padded element.

On the other hand, sliding-window attention can be directly implemented without at-
tention masking by varying sequence lengths at each window’s position, as in [86]. This
method, referred to as Dynamic Sequence processing (DS), can avoid the inefficiency caused by
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(a) Step n (b) Step n+Ncs−1 (c) Step n+2Ncs−1

... ...

Figure 4.6: Illustration of the context modeling process in a Contextformer with channel-first-order
(CfO) processing and sliding-window attention across different steps: (a) n, (b) n+Ncs−1, and (c)
n+2Ncs−1. The latent tensor is color-coded to highlight the different elements: the current latent
elements to be coded ( ), the elements contributing to the context model ( ), the previously coded
elements ( ), and the elements yet to be coded ( ). Notably, in step (b), the attention computation
already includes all necessary calculations from step (a), which enables the proposed SCS method.
Additionally, both steps (b) and (c) involve the same number of elements participating in the context
modeling process ( ), allowing to use the proposed BDS method.

padded elements. However, a straightforward implementation of DS lacks parallelism due
to the use of variable sequence lengths, which complicates efficient hardware utilization.

To address these challenges and optimize the parallelization of spatio-channel sliding-
window attention, sophisticated algorithms have been proposed by analyzing the inherent
properties of the Contextformer. Fig. 4.6 illustrates several processing steps of Contextformer
with CfO. Transformers, being sequence-to-sequence models, compute outputs for each el-
ement within a sliding window simultaneously. Processing step n+Ncs−1 also computes
the output for step n, ensuring causality in context modeling through attention masking
as described in Section 2.3.4. Consequently, intermediate channel segments from step n to
n+Ncs−2 can be skipped, directly calculating the last channel segment’s output for each spa-
tial coordinate. This method is referred to as Skipping intermediate Channel Segments (SCS).

Furthermore, as highlighted in Fig. 4.6, different spatial coordinates can share the same
number of sequential elements joining the context modeling within a sliding-window. All
sliding-windows with different spatial coordinates, but the same number of sequence ele-
ments can be grouped together in batches for parallel processing. This method is named
Batched Dynamic Sequence processing (BDS).

Algorithm 1 outlines the implementation of these optimizations. The algorithm begins by
determining a processing order or priority (Algorithm 2) for each sliding-window position,
while grouping windows with identical priorities for batched processing. Once priorities
are computed for all window positions, context modeling is applied to groups of windows
starting from the highest-priority group. For implementing BDS, the priority is determined
by the number of elements in each window, allowing them to be processed from the small-
est to the largest number of elements. BDS can be disabled by simply setting the priority to
the linear index of each window. Additionally, SCS is implemented by skipping the priority
computation for all channel segments except the last one.

It is important to note that this algorithm requires simultaneous access to distant parts of
the latent tensor. Therefore, BDS and SCS methods can only be applied on the encoder side.
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Figure 4.7: Top-down illustration of the context modeling process in a Contextformer using sliding-
window attention and wavefront processing for an arbitrary step n. Each latent element is processed
in the order n+N , where N corresponds to the number assigned to each latent element in the figure.
Simultaneously processed windows for step n+ 29 are highlighted in different colors. For clarity, the
channel dimension has been omitted.

4.3.2.2 Decoder-side Optimizations

To optimize decoder-side computations, the studies [51], [12] implement wavefront coding
for a 2D context model, which is similar to wavefront parallel processing (WPP) [188] in
HEVC [24] and the partitioning slices used in VVC [189]. In their approach, all masked con-
volutions along the same diagonal can be processed simultaneously, as they do not contain
overlapping elements that would compromise the causality of autoregressive modeling.

Inspired by this, a 3D wavefront parallel processing strategy (3D-WPP) is adopted for
Contextformer by computing non-overlapping spatio-channel sliding windows along the
diagonal of the spatial dimensions with the same channel segment (see Fig. 4.7). The same
algorithm described in Algorithm 1 is used on the decoder side, where the priority of each
window is set based on the index of the diagonal in the spatio-channel grid (see Algorithm 2).

Utilizing wavefront processing in the decoder requires that the sequence of encoding the
latent tensor elements into the bitstream aligns with the sequence used by the encoder. This
alignment ensures the accurate computation of entropy parameters, regardless of the encod-
ing optimization algorithm employed. Consequently, the parameters need to be re-ordered
according to the wavefront processing index before being incorporated into the bitstream.

The primary requirement for using wavefront processing in the decoder is that the latent
tensor elements must be encoded into the bitstream in the same order as in the encoder. This
alignment allows the entropy parameters to be computed correctly, independent of the spe-
cific algorithm used for encoding optimization, and ensures that they are ordered according
to the wavefront processing index before bitstream encoding.

4.4 Comparison to the Prior Art Context Models

The proposed spatio-channel sequence generation extends the default spatial attention mech-
anism of the transformer architecture into the channel dimension, creating a more general-
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ized context model. By parameterizing the number of channel segments Ncs and coding
strategies Sc (SfO and CfO), the Contextformer can replicate the behavior of various state-
of-the-art context models discussed in Section 4.1, while enhancing their context modeling
capabilities with additional features. Notably, Figs. 4.1 and 4.5 provide visual references for
the following comparisons:

• In case of Ncs=1: The attention mechanism is confined to the spatial dimensions, and
only the SfO coding strategy is available, as elaborated in Section 4.2.1. Despite these
limitations, the Contextformer exhibits faster encoding and decoding speeds due to
fewer autoregressive steps compared to its versions with Ncs> 1. Even with this restric-
tion, it can surpass certain prior models in context modeling capabilities. Compared to
other models that enhance spatial dependency support for context modeling [3], [37]–
[39], the Contextformer uses a much larger kernel size and applies attention to increase
content adaptivity. When compared to architectures using a global reference [44], [45],
the Contextformer’s receptive field is not limited to a template or a fixed number of
k elements; it can theoretically expand to cover the entire latent tensor. Moreover, the
Contextformer with Ncs=1 closely resembles the transformer-based model in [46], but
it is more expressive due to employing full attention instead of a sparse top-k attention
mechanism.

• In case of C >Ncs> 1: The attention mechanism leverages both spatial and cross-
channel dependencies, with different coding strategies prioritizing specific dimen-
sions, as explained in Section 4.2.1. The number of channel segments is proportional to
the context model’s ability to exploit channel-wise information but inversely propor-
tional to computational efficiency. The Contextformer with SfO exhibits operational
characteristics similar to [45]. However, unlike [45], which limits adaptive entropy es-
timation to non-primary channel segments, the Contextformer’s receptive field adap-
tively encompasses all channel segments, offering a more versatile approach to context
modeling. Additionally, other transformer-based approaches [46], [61] have limited ca-
pacity to explore channel-wise relationships due to the standard MHA mechanism (see
Fig. 4.4 and Section 4.2.1). In contrast, the proposed SC-MHA provides a more granu-
lar exploration of these relations. Unlike ChARM [35], the Contextformer’s modeling
is not restricted to the channel dimension alone; it adapts to both spatial and channel
dimensions. Moreover, the Contextformer does not require additional modules to ag-
gregate decoded channel segments (further details are discussed in Chapter 5). The
Contextformer with CfO also introduces a unique context modeling mechanism that
cannot be replicated by previous approaches.

• In the extreme case Ncs=C: The Contextformer fully exploits spatio-channel attention
by processing each latent element individually. This represents the most comprehen-
sive use of the model’s capabilities, with other configurations functioning as scaled-
down versions designed to balance efficiency and computational complexity. In this
configuration, the Contextformer with SfO operates as a sophisticated version of the
3D context models [40]–[42], featuring an expansive and dynamic receptive field.
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Table 4.1: The architecture of the proposed model using the Contextformer. Each row depicts one
layer or component of the model. “Conv: Kc×Kc×C s2” stands for a convolutional layer with kernel
size of K ×K, number of C output channels, and stride “s” of 2. Similarly, “Deconv” is an abbrevi-
ation for transposed convolutions. The fully-connected “Dense” layers are specified by their output
dimension, whereas D1 =2Cm + de, D2 =(4kmCM )/Ncs. ResBlock and sRAB are the residual blocks
and simplified residual attention mechanisms, shown in Fig. 4.2.

Encoder (ga) Decoder (gs) Hyperencoder (ha) Hyperdecoder (hs)

Conv: 3×3×CN s2 2×ResBlock: 3×3×CM Conv: 3×3×CN s1 Conv: 3×3×CM s1

GDN [120] Deconv: 3×3×CN s2 Leaky ReLU [132] Deconv: 3×3×CM s2

sRAB [39], [47], [133] IGDN [120] Conv: 3×3×CN s1 Leaky ReLU [132]

Conv: 3×3×CN s2 Deconv: 3×3×CN s2 Conv: 3×3×CN s2 Conv: 3×3×CM s1

GDN [120] IGDN [120] Leaky ReLU [132] Deconv: 3×3× 3
2M s2

Conv: 3×3×CN s2 Deconv: 3×3×CN s2 Conv: 3×3×CN s1 Leaky ReLU [132]

GDN [120] sRAB [39], [47], [133] Conv: 3×3×CN s2 Deconv: 3×3×2CM s2

Conv: 3×3×CN s2 IGDN [120] Leaky ReLU [132]

Conv: 1×1×CM s2 Deconv: 3×3×3 s2

Context Model (gc) Entropy Parameters (ge)

Contextformer: Dense: (2D1+D2)/3

{L, de, dmlp, h,Ncs,K,Sc} GELU [129]

Dense: (D1+2D2)/3

GELU [129]

Dense: D2

4.5 Experiments

4.5.1 Experimental Setup

4.5.1.1 Training

To investigate the effect of different hyperparameters, various compression frameworks with
different Contextformer architectures were trained, defined by the following configuration:

{CN , CM , L, de, dmlp, h, Ncs, Sc, K}, (4.7)

where CN corresponds to the intermediate layer size of the encoder and decoder, and CM is
the bottleneck size. The rest of the parameters define the Contextformer, where L, de, dmlp,
and h correspond to the number of layers, embedding size, MLP size, and the number of
heads, respectively (see Section 2.3.4). Ncs and Sc stand for the number of channel segments
and the coding strategy—either SfO or CfO (see Section 4.2.2). K is the spatial kernel size of
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the sliding-window attention (see Section 4.3.1). Table 4.1 provides a detailed description of
the compression framework utilizing the Contextformer.

For all models, h is set to 12, and dmlp is selected as 4de to simplify the search space of the
experiments, and the base configuration of the Contextformer is selected as:

{L=8, de=
8CM

Ncs
, dmlp=4de, h=12, Ncs=4, Sc=CfO} (4.8)

which is used to compare the performance of the proposed framework using the Context-
former to other state-of-the-art approaches.

For the training of all variants, random 256×256 image crops from the Vimeo90K [144]
dataset were utilized, along with a batch size of 16 and the ADAM optimizer [190] set to
default settings. The models were trained for 120 epochs (around 1.2 million iterations).
For computational efficiency during the training phase, the sliding-window operations were
omitted by selecting K as 16, which is equal to the latent space size. Following prior
work [145], an initial learning rate of 10−4 was employed, which was halved whenever the
validation loss remained nearly constant for a duration of 20 epochs. For validation, the vali-
dation set of Vimeo90K [144] was used. The distortion metric D(·) was chosen as MSE, and a
series of models were trained across a range of λMSE ∈ {0.002, 0.004, 0.007, 0.014, 0.026, 0.034,
0.070} to span various bitrates. Models optimized for MS-SSIM [160] were also developed by
fine-tuning the MSE-trained models for approximately 500,000 iterations with the distortion
function complementary MS-SSIM [160] (1−MS-SSIM) and λMS-SSIM=1300λMSE.

By default, the size of the intermediate layer CN for both the encoder and decoder, as
well as the bottleneck size CM , were set to 192. To boost the model’s capacity at higher bi-
trates, corresponding to λ5, λ6, and λ7 for both MSE and MS-SSIM optimized models, CM

was increased to 312, aligning with state-of-the-art approaches [34], [35], [47].

4.5.1.2 Evaluation

The compression framework utilizing the proposed Contextformer is evaluated through em-
pirical studies on the Kodak [138], Tecnick [139], and CLIC-P/-M [140] datasets, all of which
are described in detail in Section 3.1. Unless specified otherwise, the base configuration of
the Contextformer is used for comparative studies, with the spatial receptive field size K set
to 16×16 for the sliding-window attention. Ablation studies on different configurations are
presented in Section 4.5.2.3.

Various learned image compression frameworks with different context model architec-
tures are used for performance comparison, as summarized in Table 4.2. For a fair compari-
son, the model of Guo et al. [45] without the GRDN post-filter [191] is used, since none of the
other frameworks utilize a post-filter. Similarly, the serial context model (SCM) from Qian
et al. [46] is selected for comparison, as it achieves higher rate-distortion performance, and
Contextformer is also a serial context modeling approach. Additionally, TIC algorithms such
as BPG [91] and VTM 16.2 [178] are included in the comparative study.

Depending on the published implementation, the number of parameters in the compres-
sion frameworks, especially in the entropy models, are measured using the summary func-
tions of PyTorch [171] or TensorFlow [172]. The model complexity in kilo MACpp (kMACpp)
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is computed using the ptflops package [174], following the recent JPEG-AI [79] standards,
and confirmed by re-evaluating them with DeepSpeed [173]. Similarly, DeepSpeed [173] is
used for runtime measurements, where the time for arithmetic coding is excluded due to
variations in its implementation across different compression frameworks. All tests, includ-
ing runtime measurements, are performed on hardware with a single NVIDIA Titan RTX
and Intel Core i9-10980XE, using PyTorch 1.10.2 [171] and CUDA Toolkit 11.4 [170].

More details on the experimental setup and how results of the state-of-the-art approaches
were obtained are described in Section 3.3.

4.5.2 Experimental Results

4.5.2.1 Model Performance

Fig. 4.8a presents the RD performance of the Contextformer with the SC-MHA mechanism,
alongside the comparative performance of prior methods on the Kodak [138] dataset. The
Contextformer, using its base configuration, consistently surpasses competing approaches in
PSNR values across all tested bitrates. According to the BD-Rate [169], the method achieves
an average saving of 6.9% over VTM 16.2 [178] on the Kodak [138] dataset. It is noteworthy
that the major difference between the Contextformer and the framework using the multi-
scale 2D context model from [39] is the context and entropy modeling, with the Context-
former saving an average of 10% more bits compared to [39]. Figs. 4.8b and 4.8c display the
Contextformer’s performance against prior methods on the Tecnick [139], CLIC-P [140], and
CLIC-M [140] datasets in terms of PSNR. On these datasets, the Contextformer outperforms
the previous models, achieving BD-Rate [169] performances of −10.6%, −8.8%, and −5.9%
over VTM 16.2 [178].

Fig. 4.9 highlights the Contextformer’s performance using the generalized BD-Rate [35]
metric, which is explained in Section 3.2. On the Kodak dataset [138], the Contextformer
delivers 4% bitrate savings at the highest quality point, while reaching a remarkable 9.2%
improvement in bitrate savings at the lowest quality point. Even larger performance gains
are observed on the other datasets, confirming the generalization ability of the proposed
model across various image contents. The Contextformer demonstrates up to 12.4%, 11.9%,
and 6.6% relative bitrate savings over VTM 16.2 [178] on the Tecnick [139], CLIC-P [140], and
CLIC-M [140] datasets, respectively.

Fig. 4.10 shows the RD performance of the Contextformer with respect to MS-SSIM [160]
across different datasets. The evaluation includes only the versions of the Contextformer
and related prior models that were optimized for MS-SSIM [160] during training. The Con-
textformer consistently outperforms prior-art models for this perceptual quality metric, sav-
ing 49.4%, 47.0%, 43.8%, and 36.3% more bits than VTM 16.2 [178] on the Tecnick [139],
CLIC-P [140], and CLIC-M [140] datasets, respectively. On the test datasets, the proposed
model provides 3%–7% more bitrate savings than the commonly used baseline from Cheng
et al. [47].

A comprehensive report on BD-Rate [169] performance is available in Table 5.7.
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Table 4.2: Key properties of the state-of-the-art LIC frameworks compared to the Contextformer.

Model Details

Model Encoder (ga) and Decoder (gs) Entropy Model

Ballé et al. [33] A similar framework as Contextformer (see
Table 4.1) is used, but without sRABs and Res-
Blocks. It uses 5×5 convolutions instead of
3×3 and has lower channel capacity (CN =
128 and CM = 192).

A similar hyperprior network as in Contextformer is used (see Ta-
ble 4.1), but with only one convolutional layer with stride 1 instead
of three. It uses 5×5 convolutions instead of 3×3 and employs
ReLU activation. The entropy model only employs a hyperprior
network without a context model and uses a zero-mean Gaussian
distribution as the probability model for p(ŷ | ẑ).

Minnen et al. [34] A similar framework as Ballé et al. [33] is used,
but with higher channel capacity (CN = 192
and CM = 192).

The same hyperprior network as Ballé et al. [33] is used, but it em-
ploys a context model using 2D masked convolutions and models
the mean and variance of p(ŷ | ẑ) using a Gaussian distribution.

Minnen&Singh [35] A similar framework as Ballé et al. [33] and
Minnen et al. [34], with higher channel capac-
ity (CN = 192 and CM = 320).

A similar hyperprior network as Minnen et al. [34] is used, but
larger with higher channel sizes. Additionally, it contains the
channel-wise autoregressive context model (ChARM) with mul-
tiple CNN layers modeling each channel segment (10 segments in
total) using a Gaussian distribution probability model. More de-
tails available in Section 5.1.

Cheng et al. [47] A similar framework as Contextformer (see
Table 4.1) is used, but every convolutional
layer is replaced by residual layers with a
stride. The GDN and IGDN are replaced by
residual CNNs with Leaky ReLU activation.
It contains four attention modules similar to
sRAB and has lower channel capacity (CN =
128 and CM = 192).

A similar hyperprior network as Contextformer is used (see Ta-
ble 4.1), where the deconvolutions are replaced by subpixel con-
volutions. It employs a context model using 2D masked convo-
lutions and models p(ŷ | ẑ) using a Gaussian Mixture Model
(GMM) with 3 mixtures.

Cui et al. [39] The same framework is used as Contextformer
(see Table 4.1).

The same hyperprior network as Contextformer is used (see Ta-
ble 4.1), but it employs a context model using multi-scale masked
convolutions and an Asymmetric Gaussian Mixture (AGM) for
modeling p(ŷ | ẑ).

Chen et al. [48] A similar framework as Contextformer (see
Table 4.1) is used, but it uses 5×5 convolu-
tions instead of 3×3. It contains four attention
modules with non-local mechanisms, which
are more complex than sRAB, and includes
four ResBlocks each having three layers.

The hyperprior implements a similar architecture as the analysis
and synthesis transforms with attention modules and ResBlocks.
The context model contains 3D masked convolutions, and a Gaus-
sian distribution is used as the probability model.

Qian et al. [44] A similar framework as Ballé et al. [33] and
Minnen et al. [34] is used, but with higher
channel capacity (CN = 192 and CM =
384) and implements a slightly more complex
variant of GDN with a residual connection.

The same hyperprior network as Minnen et al. [34] is used, but
it employs a context model using 2D masked convolutions with
template matching-based global reference. A Gaussian distribu-
tion is used for probability modeling of p(ŷ | ẑ).

Guo et al. [45] A similar framework as Cheng et al. [47] is
used, but it contains seven ResBlocks.

The same hyperprior network as Cheng et al. [47] is used. The con-
text model contains MaskConv+ layers and an advanced global
reference using top-k attention. A GMM with 3 mixtures is imple-
mented for modeling p(ŷ | ẑ).

Qian et al. [46]
(SCM)

A similar framework as Ballé et al. [33] and
Minnen et al. [34] is used, but with higher
channel capacity (CN = 192 and CM =
384).

The hyperprior network implements transformer-based layers
with global attention. The context model has a similar architecture
as the hyperprior layers, containing six transformer layers with
only a global attention mechanism applied to spatial dimensions.
Similar to Minnen et al. [34], p(ŷ | ẑ) is modeled with a Gaussian
distribution.

Lu et al. [62] A similar framework as Minnen et al. [34] is
used, where all the activation functions are re-
placed by multiple transformer layers (Swin
Transformer) with residual connections.

The hyperprior implements a similar architecture as the analysis
and synthesis transforms with multiple Swin Transformer layers
and residual connections. The context model uses a single-layer
ViT-based transformer with a patch size of 5×5, computing at-
tention for only spatial dimensions. The conditional probability
p(ŷ | ẑ) is modeled with a Gaussian distribution, similar to Min-
nen et al. [34].

Kim et al. [61] The same framework as Minnen et al. [34] is
used.

The entropy model contains the context model using 2D masked
convolutions from Minnen et al. [34], and two hyperprior net-
works. One contains only 1×1 convolutional layers, and the other
has a single-layer ViT-based transformer with a patch size of 1×1,
computing global attention for only spatial dimensions. Similar to
Minnen et al. [34], a Gaussian distribution is used for modeling the
conditional probability p(ŷ | ẑ).
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Figure 4.8: RD performance in terms of PSNR, comparing various frameworks to Contextformer
across: (a) Kodak [138], (b) Tecnick [139], and (c) CLIC-P/-M [140] datasets.
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Figure 4.9: Rate savings relative to VTM 16.2 [178] as a function of PSNR, comparing various frame-
works to Contextformer across: (a) Kodak [138], (b) Tecnick [139], and (c) CLIC-P/-M [140] datasets.
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Figure 4.10: RD performance in terms of MS-SSIM [160], comparing various frameworks to Context-
former across: (a) Kodak [138], (b) Tecnick [139], and (c) CLIC-P/-M [140] datasets.
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Table 4.4: Number of parameters of different modules and the entropy model complexity of various
LIC frameworks compared to proposed model with Contextformer.

Number of Parameters [×106]

Hyperprior Context+Entropy

Encoder Decoder Encoder Decoder Parameters

Method (ga) (gs) (ha) (hs) (gc+gep)

Contextformer 8.1 9.4 1.6 2.4 15.9

Cui et al. [39] 8.1 9.4 1.6 2.4 17.2

Qian et al. [46] 3.8 3.8 8.2 16.0 13.2

Minnen et al. [34] 2.8 2.8 2.1 2.1 2.8

Minnen&Singh [35] 4.2 4.2 5.2 5.8 101.9

4.5.2.2 Model and Runtime Complexity

Table 4.4 shows the number of parameters in the proposed framework utilizing the Context-
former compared to various other frameworks. Notably, the proposed spatio-channel con-
text modeling method contains an order of magnitude fewer parameters than the ChARM
mechanism of Minnen&Singh [35], as it does not rely on additional modules to combine pre-
viously coded channel segments. Additionally, the proposed framework with the Context-
former has a similar total complexity to the baseline [39]. Compared to other transformer-
based models such as Qian et al. [46], the Contextformer framework exhibits a different dis-
tribution of complexity across the entire framework. The analysis and synthesis transforms
in the proposed framework are 2.3x more complex than those in [46], while the framework
employs entropy modeling (ha+hs+gc+ge) that is 1.8x simpler, leading to lower overall com-
plexity compared to [46].

Table 4.5 presents the encoding and decoding time complexities of the Contextformer us-
ing both existing and proposed sliding-window computation methods, alongside compar-
isons with several prior-art LIC frameworks and VTM 16.2 [178]. The results indicate that
padding-based approaches (Pad), even when combined with batch processing (Pad&Batch),
are less efficient compared to dynamic sequence length methods (DS). The proposed BDS
algorithm, which leverages both dynamic sequence lengths and batch-wise parallelism,
achieves up to a 2x speed-up over DS. When combined with SCS, the encoding complex-
ity of BDS approaches that of the 3D context model [40] and the transformer-based SCM
with global spatial attention from [46]. This combined parallelization approach shows even
greater benefits when applied to 4K images, where the encoding time increases by only 15x
relative to the Kodak [138] dataset, despite a 37x increase in pixel count. Additionally, the
implementation of wavefront coding (3D-WPP) results in decoding times that are 9x faster
than a typical 3D context model.

One issue encountered by frameworks like [46] is the quadratic increase in memory re-
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Table 4.5: Encoding and decoding time of different compression frameworks compared to the frame-
work with Contextformer using proposed optimization methods.

Encoding Time [s] Decoding Time [s]

Method Kodak 4K∗ Kodak 4K∗

Pad 97 2100 114 2480

Pad&Batch 72 1510 – –

DS 56 1240 62 1440

BDS 32 600 – –

BDS&SCS 8 120 – –

3D-WPP 40 760 44 820

Cheng et al. [47] 2 54 6 140

Qian et al. [46] (SCM) 2 –∗∗ 74 –∗∗

Chen et al. [48] 4 28 316 7486

VTM 16.2 [178] 420 950 0.8 2.5
∗ The time is measured on 4K images with 3840x2160 resolution.
∗∗ Can not be computed due to out of memory (OOM)

quirements for their global attention mechanism and hyperprior, which made experiments
with 4K images infeasible on GPUs with 24 GB of memory, resulting in out-of-memory
(OOM). Another observation is that frameworks such as [40], [46], [47] implement vector-
ized operations, i.e., Single Instruction, Multiple Data (SIMD), optimized by CUDA [170]
for the encoder’s autoregressive process, helping to accelerate encoding. However, they still
rely on explicit loops for the decoder, which leads to higher time complexity during decod-
ing compared to encoding. Conversely, the Contextformer applies explicit loops on both the
encoder and decoder, due to the straightforward implementation of sliding-window atten-
tion. Therefore, a more optimized encoder-side implementation could further reduce the
time complexity in the future.

Table 4.6 highlights the impact of various sliding-window computation methods on the
algorithmic complexity of the Contextformer. Methods that support dynamic sequence
lengths (DS, BDS, and 3D-WPP) roughly halve the complexity compared to padding-based
methods (Pad and Pad&Batch) by eliminating redundant computations in the attention
mechanism. Although BDS and 3D-WPP offer significant runtime improvements, they do
not reduce algorithmic complexity compared to DS, as they only increase the number of co-
ordinates processed simultaneously without changing the total number of coordinates. In
contrast, SCS reduces complexity by 75% as it processes a single channel segment at a time,
rather than all four. However, this reduction is only applicable on the encoder side, leav-
ing the decoder-side complexity unchanged. Overall, the Contextformer’s computational



72 Chapter 4. High-performance Learned Image Compression Framework

Table 4.6: Ablation study of the proposed optimization methods for Contextformer with respect to
the effects on the context model complexity

Optimization Methods Complexity [kMACpp]∗

Pad Pad&Batch DS BDS SCS 3D-WPP Context Model (gc)

3 7 7 7 7 7 227 · 103

7 3 7 7 7 7 227 · 103

7 7 3 7 7 7 120 · 103

7 7 7 3 7 7 120 · 103

7 7 7 3 3 7 30 · 103

7 7 7 7 7 3 120 · 103

∗ The time is measured on 4K images with 3840x2160 resolution.

complexity remains high, limiting its deployment to high-end hardware. The limitations are
further explored in Chapter 5, where more efficient architectures based on the Contextformer
are proposed.

4.5.2.3 Ablation Studies

Fig. 4.11a depicts the performance variations of the Contextformer with respect to differing
numbers of channel segments (Ncs), and the coding strategy (Sc). It is evident that perfor-
mance enhancements correlate with an increase in channel segments, attributed to a more
comprehensive exploration of cross-channel dependencies. Nevertheless, a balance must be
maintained, as complexity and computational costs rise quadratically with an increase in Ncs

(see Eq. (4.6)). Observations indicate that exceeding four channel segments during training
leads to increased complexity with diminishing gains in performance.

Fig. 4.11b presents the effect of different model sizes on the Contextformer’s performance,
compared to the base configuration. Modifications to both the network depth (L), and the
embedding dimension (de), similarly affect model performance, with the most significant
improvements observed when both parameters are increased. However, an enhancement
plateau is reached beyond a network depth of 8 layers. Given the state-of-the-art perfor-
mance of the Contextformer with the base configuration, further upscaling of the model,
e.g., L>12, was not pursued to avoid unnecessary complexity. Notably, the base model of
the Contextformer and the proposed network in [39] share a similar complexity in entropy
and context modeling, yet the Contextformer achieves an additional 10% BD-Rate [169] per-
formance gain on the Kodak dataset.

Comparatively, the Channel-first Order (CfO) configuration of the Contextformer demon-
strates superior performance over the Spatial-first Order (SfO) model, highlighting the crit-
ical role of cross-channel dependencies. As shown in Fig. 4.12a, the CfO variant allocates
more than 70% of the informational content to the first two channel segments, in contrast
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Figure 4.11: Ablation studies on various Contextformer models using the Kodak [138] dataset, illus-
trating the effects of hyperparameters on rate savings. In (a), models maintain the base configuration
while varying the number of channel segments (Ncs) and coding strategies (Sc). The performance
is compared to to VTM 16.2 [178]. In (b), the influence of model size is examined by adjusting the
embedding size (de) and the number of layers (L), while performance is compared to the base config-
uration. The size of each point represents the combined number of parameters in the entropy model
parameter network (gep) and the context model (gc), with the total number of parameters annotated.

to the SfO model’s relatively uniform distribution. For example, at low to mid-range bi-
trates, the last channel segment in the SfO model predominantly contains more informa-
tion. However, this information cannot be used for coding elements from the preceding
three channel segments due to the coding order, potentially resulting in inefficient modeling.
Fig. 4.12b shows the proportion of images from the Kodak dataset according to the coding
order, with lower rate-distortion loss (see Eq. (2.23)). The figure indicates that spatial-first
coding marginally provides benefits at lower bitrates, i.e., models with λ<4—corresponding
to Bpp< 0.3 on average—particularly in uniformly textured images, denoting an elevated
significance of spatial dependencies in such smoother images.

4.5.2.4 Visual Results

To evaluate qualitative performance, reconstructed images from the Contextformer mod-
els (optimized separately for MSE and MS-SSIM) are compared with those from traditional
codecs such as BPG [91] and VTM 16.2 [178]. Fig. 4.13 illustrates the reconstructions of
kodim07 (Kodak [138] dataset), along with several cropped sections of the images. Each im-
age was reconstructed at approximately 0.1 Bpp. Similarly, Fig. 4.14 depicts reconstructions
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Figure 4.12: Ablation studies on Contextformer models with different coding strategies (Sc) using the
Kodak [138] dataset. In (a), the percentile bit distribution across channel segments is illustrated for
models utilizing different Sc, where each model index corresponds to a model trained for a specific λ.
Notably, the CfO variant allocates more bits to the first two segments across all model indices, while
last channel segment of the SfO dominates other segments in the low bitrate models. (b) displays
the percentage of Kodak [138] images where one Sc surpasses another in terms of RD loss according
to Eq. (2.23).

of kodim23 at approximately 0.06 Bpp.
From both figures, it is evident that traditional codecs exhibit noticeable artifacts, such as

blocking, aliasing, and smearing, particularly in regions with high-frequency details such as
edges and textures. In contrast, both the MSE- and MS-SSIM-optimized versions of the Con-
textformer preserve finer details, resulting in sharper contours and fewer visual distortions.
This leads to improved perceptual quality, as reflected by the higher PSNR and MS-SSIM
metrics achieved at lower bitrates in comparison to the classical codecs.

The distortions introduced by the Contextformer are influenced by the loss functions
used during optimization. The MSE-optimized model produces less noisy reconstruction
with more vivid colors, though they may appear slightly blurred, particularly in areas re-
quiring fine detail. Meanwhile, the MS-SSIM-optimized model excels in maintaining struc-
tural and textural consistency, making it visually more appealing in terms of preserving the
overall appearance of objects.

Objectively, as shown Fig. 4.13, the MSE-optimized Contextformer shows a PSNR of
30.834 at 0.098 Bpp compared to VTM 16.22 [178] (30.230 dB at 0.108 Bpp) and BPG [91]
(28.791 dB at 0.103 Bpp). The MS-SSIM-optimized version demonstrates its capacity to en-
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hance perceptual quality with an MS-SSIM score of 0.971 at 0.086 Bpp. In Fig. 4.14, the
MSE-optimized Contextformer reconstruction achieves a PSNR of 32.268 dB at 0.059 Bpp,
surpassing both VTM 16.22 [178] (31.617 dB at 0.063 Bpp) and BPG [91] (30.175 dB at 0.060
Bpp). Similarly, the MS-SSIM-optimized model achieves an MS-SSIM of 0.967 at 0.065 Bpp,
outperforming the other codecs.

Overall, the results indicate that the Contextformer provides superior RD performance
and better preserves the visual integrity of the images compared to traditional codecs, even
at lower bitrates.

4.6 Chapter Summary

This chapter provided an in-depth investigation of state-of-the-art LIC frameworks, with a
particular focus on various context models. It identified key limitations of existing meth-
ods, such as their inability to fully exploit spatial and channel-wise dependencies in the
latent space, and their limited adaptability to content variations in context modeling. To
address these challenges, the chapter introduced the Contextformer, a transformer-based
context model that advances beyond spatial attention mechanisms to a novel spatio-channel
attention approach, effectively capturing both spatial and cross-channel dependencies in a
dynamic manner.

The chapter extensively explored different configurations of the spatio-channel attention
mechanism, along with various architectural choices and hyperparameters. Ablation studies
provided valuable insights into how these design choices influenced compression perfor-
mance and computational complexity, leading to the refinement of Contextformer’s final
architecture. Experimental results demonstrated significant improvements in rate-distortion
performance, with Contextformer achieving up to an 11% reduction in BD-Rate [169] for
PSNR compared to VTM 16.2 [178] on the test datasets. Additionally, Contextformer sur-
passed existing LIC frameworks in terms of PSNR and MS-SSIM across a range of context
model architectures. Visual examples further highlighted Contextformer’s ability to deliver
superior perceptual quality at lower bitrates.

Furthermore, the chapter introduced several architectural and algorithmic optimizations
that significantly improved Contextformer’s computational efficiency while maintaining its
compression performance. However, despite these improvements, Contextformer remains
resource-intensive, though it demonstrates considerable promise for scenarios requiring high
compression performance, such as cloud storage. The chapter’s findings lay the groundwork
for the next chapter, which focuses on achieving more computationally efficient innovations.



76 Chapter 4. High-performance Learned Image Compression Framework

Original BPG VTM 16.2
Contextformer

(MSE)
Contextformer

(MS-SSIM)

Bpp PSNR MS-SSIM

BPG 0.103 28.791 0.946

VTM 16.2 0.108 30.230 0.960

Contextformer
(MSE)

0.098 30.834 0.968

Contextformer
(MS-SSIM)

0.086 27.542 0.971

Figure 4.13: The kodim23 image from the Kodak [138] dataset, and several crops from the images com-
pressed by BPG [91], VTM 16.2 [178], Contextformer (optimized for MSE or MS-SSIM), where each
algorithm requires about 0.1 Bpp.



4.6. Chapter Summary 77

Original BPG VTM 16.2
Contextformer

(MSE)
Contextformer

(MS-SSIM)

Bpp PSNR MS-SSIM

BPG 0.060 30.175 0.922

VTM 16.2 0.063 31.617 0.941

Contextformer
(MSE)

0.059 32.268 0.952

Contextformer
(MS-SSIM)

0.065 29.694 0.967

Figure 4.14: The kodim07 image from the Kodak [138] dataset, and several crops from the images com-
pressed by BPG [91], VTM 16.2 [178], Contextformer (optimized for MSE or MS-SSIM), where each
algorithm requires about 0.06 Bpp.
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Algorithm 1: Algorithmic optimizations for Contextformer
Input: Seq. Latent Tensor ŝ, Contextformer gc, Coding Strategy Sc, Optimization

Method opt
Output: Contextformer Output Ω

1 Qctx, Qcrt ← {} // initialize priority queues
2 Ω← 0 // initialize Context Model Output
3 H,W ← get_original_shape(ŝ)
4 Ncs,Sc,K ← get_parameters(gc)// hyperparameters of Contextformer

//loop over sliding windows & store indices
5 foreach coord. (i,j,k) in 3DMeshCube(H ,W ,Ncs) do

//get indices residing in current window
6 indices← get_indices(i, j, k)

//compute priority described in Algorithm 2
7 priority ← get_priority((i, j, k), indices, (H,W,Ncs),Sc,K, opt)

//store current latent index
8 Qcrt[priority].append((i, j, k))

//store latent indices used as context. If "SCS" method is
utilized, store only the context for the last segment

9 if “SCS” in opt and k < Ncs − 1 then
10 continue
11 else
12 Qctx[priority].append(indices)
13 end
14 end

//loop over coding priorities & run context model
15 foreach priority in Qcrr do

//restore latent indices
16 icrt ← Qcrt[priority]
17 ictx ← Qctx[priority]

//run context model for the current latents
18 Ω[icrt]← gc(ŝ[ictx])

19 end
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Algorithm 2: Helper function computing the priority of each sliding window
(get_priority)

Input: Current Coordinates (i, j, k), Indices within Current Window indices, Latent
Tensor Size (H,W,Ncs), Coding Strategy Sc, Spatial Kernel Size K,
Optimization Method opt

Output: Priority priority
1 if opt is “None” then

//if no optimization is in use, the priority is set to the
linear index according to the coding order

2 if Sc is “SfO” then
3 priority = H ·W · k +W · i+ j
4 end
5 if Sc is “CfO” then
6 priority = W ·Ncs · i+Ncs · j + k
7 end
8 end
9 if opt is “BDS” then

//if BDS is in use, the priority is set to length of the
number of elements within the window

10 priority = length(indices)

11 end
12 if opt is “3D-WPP” then

//if 3D-WPP is in use, the priority is set to wavefront
index according to the coding order

13 if Sc is “SfO” then
14 priority = (K · (H − 1) +W ) · k +K · i+ j
15 end
16 if Sc is “CfO” then
17 priority = K ·Ncs · i+Ncs · j + k
18 end
19 end





Chapter 5

High-efficiency Learned Image
Compression Framework

This chapter explores several architectural designs for parallel context modeling and in-
troduces a computationally efficient transformer-based autoregressive context model, aptly
named the Efficient Contextformer (eContextformer), building upon the previous work, Con-
textformer, introduced in Chapter 4. The eContextformer incorporates recent advance-
ments in efficient transformer models and fast context model architectures, fusing patch-
wise, checkered, and channel-wise grouping techniques through the introduction of a novel
shifted window spatio-channel attention mechanism. Additional complexity optimizations
are proposed, which can dynamically scale the attention span and cache previous attention
computations, significantly reducing runtime and model complexities. These enhancements
enable the use of online rate-distortion algorithms (oRDO), described in Chapter 2, to further
improve compression performance. In this chapter, the performance and complexity of the e-
Contextformer are comprehensively analyzed based on empirical evaluations conducted on
commonly used test datasets. Furthermore, ablation studies are presented to demonstrate
the effects of model design, training strategies, and hyperparameters.

Parts of the work presented in this chapter have been published in [1]–[3].

5.1 Motivation

As explained in Chapter 2 and Section 4.1, compression performance is strongly influenced
by the precision of entropy modeling, where context modeling plays a fundamental role by
analyzing dependencies between latent elements and using this information to estimate the
conditional probabilities of the values. This process facilitates more efficient encoding and
reduces redundancy. To improve estimation accuracy, state-of-the-art approaches [37]–[42],
[44]–[46], including the Contextformer introduced in Chapter 4, implement a serial autore-
gressive context model, handling each individual latent element sequentially. While effective
in performance, such approaches are inherently limited by their sequential nature, leading
to significant computational overhead. Each prediction step depends on the completion of
its predecessors, introducing latency and limiting encoding and decoding speed. Moreover,
these models often fail to fully leverage modern parallel computing architectures, such as
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Figure 5.1: Illustration of various latent grouping techniques used for parallelized context modeling:
(a) patch-wise grouping [3], (b) checkered grouping [46], [52], (c) channel-wise grouping [35], and (d)
a combination of checkered and channel-wise grouping [56], [59]. Latent elements are coded accord-
ing to Coding Order, where elements within the same group (colored identically) are coded simul-
taneously. The context model can utilize information from previously coded groups. (e-h) provide
simplified illustrations of the corresponding entropy models for (a-d), respectively. In (e), Koyuncu
et al. [3] employs multi-scale 2D context modeling with an Information Sharing Block (ISB), which
aggregates inter-patch information using a recurrent neural network. For simplicity, only one kernel
of the multi-scale model is depicted. In (f), He et al. [52] uses checkered masks for convolution. In (g),
Minnen&Singh [35] code each channel segment separately, applying multiple CNNs to channel-wise
concatenated previously coded groups. Finally, He et al. [56] combines checkered and channel-wise
grouping techniques, as illustrated in (h).

NPUs and GPUs, which are designed to efficiently handle multiple operations concurrently.
The inability to parallelize tasks within the context modeling phase represents a critical inef-
ficiency in these LIC frameworks.

The inherent limitations of serial autoregressive models have driven the development of
parallel approaches for enhancing the computational efficiency of context modeling. These
optimizations can be grouped into two categories:

1. Algorithmic optimizations [2], [51], [12]

2. Architectural optimizations [3], [35], [46], [52], [56], [59], [60], [63], [64]
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The first group includes optimizations such as wavefront coding [51], [12], and SCS, BDS,
and 3D-WPP introduced in Section 4.3. These algorithms exploit the properties of exist-
ing context models by determining which latent elements can be processed simultaneously.
Since they use the existing context model architecture, they maintain the LIC’s compression
performance. However, they achieve only marginal improvements in reducing complexity
due to the limited number of independent latent elements—the conditional entropy of each
latent element is still iteratively dependent on all preceding elements.

The second group focuses on limiting the conditional entropy computation by divid-
ing the latent tensor into independent coding groups that can be processed simultaneously.
Studies [3], [35], [46], [52], [56], [59], [60], [63], [64] have introduced several parallel context
model architectures by exploring various heuristics to group latent elements (see Fig. 5.1).
Inspired by block-based processing in classical coding frameworks [17], [24], [25], [192],
Koyuncu et al. [3] split the latent tensor into spatially non-overlapping patches. A multi-scale
context model [37]–[39] simultaneously exploits local relations inside each patch. However,
straightforward parallelization significantly lowers compression performance since informa-
tion within each patch is not available to other patches. To address this, a recurrent neural
network (RNN)-based module, called the Information Sharing Block (ISB), was proposed
to exploit inter-patch relations by aggregating information from co-located tensor elements
across patches. Later, Lin et al. [64] explored different coding orders within each patch to
avoid the need for additional modules like ISB.

In [52], He et al. investigated correlations in the latent space by training a context model
conditioned on randomly generated masks. Their experiments revealed that the highest cor-
relations lie in a cross-shaped pattern—spatially adjacent neighbors are strongly correlated,
while diagonal neighbors share less mutual information. Based on this analysis, they pro-
posed splitting latent elements into two groups using a checkered pattern. The first group’s
entropy is estimated solely by the hyperprior network, while a context model with a check-
ered mask is used for the second group. As illustrated in [64], the checkered grouping can
be seen as a special case of patch-wise grouping, where the patch size is 2×2. Moreover,
Qian et al. [46], explained in Section 4.1, introduced a parallel version of their context model
architecture, adopting the checkered grouping technique in their transformer-based context
model with spatial attention. Additionally, Wang et al. [60] developed a hybrid model incor-
porating checkered patterns across both spatial and channel dimensions, simplifying model
complexity but sacrificing some RD performance.

The ChARM architecture [35], described in Section 4.1, is another example of a paral-
lel context model. It uses a channel-wise grouping strategy, splitting the latent tensor into
channel segments while discarding spatial relations within each segment. Each segment
is concatenated with its preceding segments after decoding, and the concatenated tensor is
processed by additional CNN-based modules aggregating information between channel seg-
ments. The models in [56], [63] achieve higher RD performance by utilizing combinations
of checkered and channel-wise groupings. He et al. [56] extends the ChARM [35] architec-
ture with checkered masked convolutions, while Lu et al. [63] uses a similar framework but
splits the latent tensor into four groups using a checkered pattern. Liu et al. [59] enhances the
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framework of [56] by incorporating transformer-based modules with spatial attention.
The architectural optimizations proposed in the literature are not limited to context mod-

eling. For instance, multiple studies [57], [58], [60] introduced asymmetrical compression
frameworks, shifting the complexity from the decoder to the encoder. In these approaches,
the synthesis transform has orders of magnitude lower complexity than the analysis trans-
form. Wang et al. [60] presents a low-complexity decoder with real-time coding speed, while
Yang and Mandt [57] achieves low complexity by avoiding the implementation of a context
model. Fu et al. [58] provides a lower complexity decoder compared to their baseline, though
their framework is still slow due to the implementation of a serial context model. In general,
asymmetric frameworks achieve ultra-low complexities compared to symmetrical ones, yet
their RD performance is not competitive with more advanced and high-complexity frame-
works [2], [3], [35], [46], [52], [56], [59], [60], [63], [64]. Therefore, the results of asymmetrical
models are reported in this thesis for completeness; however, deeper investigation of those
methods is beyond the scope of this thesis.

While advancements in parallel context modeling significantly improve efficiency—
reducing the runtime complexity of entropy modeling by two to three orders of magnitude—
each method has its own limitations. Approaches using patch-wise and checkered group-
ings [3], [46], [52], [64] outperform their serial baselines at high bitrates in terms of RD
performance but underperform at low bitrates, experiencing an average drop of up to 3%
in BD-Rate [169]. Additionally, Koyuncu et al. [3] suffers from increased model complexity
due to the ISB. Similarly, in order to process each channel segment, ChARM-based archi-
tectures [35], [56], [59], [63] aggregate information from all preceding channel segments us-
ing separate NN-based modules. This increases model complexity even more than the ISB,
reaching two to three orders of magnitude higher complexity compared to non-ChARM-
based approaches. He et al. [56] showed that combining ChARM with checkered grouping
significantly narrows the performance gap between serial and parallel context model ap-
proaches, although the parallel model still shows a 1.5% drop in BD-Rate [169] compared to
a serial baseline using ChARM with a 2D masked convolution. To close this gap, both He
et al. [56] and Liu et al. [59] presented more complex analysis and synthesis transforms to
compensate for the loss introduced by parallelization. For instance, He et al. [56] used multi-
ple stacked residual blocks instead of GDN/IGDN in the analysis and synthesis transforms,
while Liu et al. [59] replaced GDN/IGDN with CNN and transformer-based modules.

Moreover, these methods suffer from the limitations discussed in Section 4.1. For in-
stance, context models with patch-wise and checkered groupings [3], [46], [52], [64] focus
only on spatial dependencies in the latent space and do not fully employ content-adaptive
modeling for spatio-channel elements. The ChARM [35] lacks the ability to exploit spatial
dependencies. He et al. [56] and Lu et al. [63] do not use content-adaptive mechanisms, and
Liu et al. [59] introduces content-adaptive context models through their transformer-based
design but only implements a classical MHA, limiting the attention mechanism for the chan-
nel dimension, as explained in Section 4.2.2.
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Coding Order

0 1 2 3 4 5 6 7

(a) (b)

(c)

(d)

Figure 5.2: Illustration of context modeling in the experimental pContextformer for different cod-
ing strategies (Sc): (a) Spatial-first-Order (SfO) and (b) Channel-first-Order (CfO). Latent elements
are encoded based on the Coding Order, with elements in the same group (colored similarly) being
processed simultaneously. The context model uses information from groups that have already been
encoded. (c-d) demonstrate the application of a 4×4 attention kernel on the latent groups in (b). In (c),
attention is applied to non-overlapping patches with a stride of 4, while in (d), attention is applied
to overlapping patches with a stride of 2. For simplicity, (c-d) show a top-down view of the latent
tensor.

5.2 Investigations on Parallelization of Contexformer

Although the optimization techniques presented in Section 4.3 improve the efficiency of Con-
textformer, it still exhibits high complexity compared to prior methods, as shown in Sec-
tion 4.5.2.2. Further investigation into the model’s design reveals several interrelated areas
for enhancement:

1. High computational complexity within each sliding-window

2. Discrepancy in model behavior between training and testing phases

3. Excessive number of required autoregressive steps

To recall and refine Eq. (4.5) and Algorithm 2, the complexity, with a stride of s=1 de-
scribing the spatial traverse of the sliding window, is reformulated as:

Cctx ∼ NNsCtrans, (5.1a)

Ctrans = (2N2
wde + 4Nwde

2) + (2Nwdedmlp), (5.1b)

N =
HWNcs

256s2
, Nw = K2Ncs, (5.1c)

where N represents the number of spatial positions of sliding-window, and Ns stands for
the number of sequential steps or number of groups of elements which is coded sequentially
within each window. For instance, Ns=Ncs in Contextformer, since Ncs channel segments
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Figure 5.3: Ablation study on the experimental pContextformer model using the Kodak [138] dataset,
illustrating the impact of various coding strategies (Sc), attention kernel sizes (K), and the strides
used during training (sT ) and inference (sI ).

should be processed for each spatial coordinate independently. The total number of autore-
gressive steps for Contextformer is equivalent to N ·Ns. The complexity of the embedding
layer is omitted for simplicity, as it is applied to all latent elements at once, prior to modeling.

In the Contextformer, a large spatial kernel size of K=16 was used during training to
capture spatial dependencies in the latent space. This choice contributed to the first two is-
sues: total complexity Cctx grows biquadratically with kernel size K and quadratically with
input resolution. To manage this complexity during training, Contextformer was trained
on 256×256 image crops, effectively disabling sliding-window computation (since the spa-
tial latent space resolution was 16×16). Although sliding-window attention reduces latency
compared to global attention during inference, the Contextformer did not incorporate this
behavior during training, leading to discrepancies between training and inference perfor-
mances. To rectify this, training could be adjusted to incorporate sliding-window attention
by either increasing the crop size or reducing the kernel size while keeping the crop dimen-
sions constant. The first option increases training complexity without affecting inference
complexity. The second option greatly reduces the computational complexity of each win-
dow while increasing the parallelization capability.

Even with a reduced kernel size, Contextformer still requires excessive autoregressive
steps, as the sliding-window computation cannot be optimized at large scales due to s=1.
To address this, increasing the stride reduces window interdependencies and quadratically
reduces total complexity Cctx. In the extreme case of s=K, all window positions can be com-
puted simultaneously, similar to the patch-wise grouping technique [3]. This reduces the
number of autoregressive steps to Nw and the window positions to N= HW

256K2 . However,
within each window, context modeling remains serial (Ns=K2Ncs) without improving the
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Table 5.1: BD-Rate [169] performance over VTM 16.2 [178] (intra) and complexity of various pCon-
textformers with K=16 compared to Contextformer, showing the effect of coding strategy (Sc) and
using overlapped windows during inference.

Coding Overlapped Window BD-Rate

Method Strategy @Inference kMACpp [%]

Contextformer CfO 3 30 · 103 −6.9

pContextformer

CfO 7 320 −3.1

CfO 3 1072 −3.5

SfO 7 320 −1.2

SfO 3 1072 −1.9

complexity. Moreover, patch-wise grouping can introduce discontinuities in context model-
ing, necessitating additional modules like ISB [3].

To address both issues, an experimental model, parallelized Contextformer (pContextformer)
is introduced, which combines patch-wise [3] and checkered [52] grouping techniques.
Fig. 5.2 illustrates the parallel context modeling strategy of the pContextformer. Integration
of checkered grouping decouples the number of autoregressive steps from the window size,
resulting in Ns=2Ncs. Moreover, it allows pContextformer to operate with arbitrary strides
(s), enabling the use of overlapping or non-overlapping windows due to reduced window in-
terdependencies (see Figs. 5.2c and 5.2d). Additionally, pContextformer inherently supports
a channel-wise grouping strategy [35], leveraging the spatio-channel attention mechanism.
However, unlike ChARM [35], it uses the same architecture to aggregate channel informa-
tion. Overall, the model requires eight autoregressive steps for Ncs=4.

To evaluate performance and complexity, a set of pContextformer models was trained on
256×256 image crops, using the same strategies described in Section 4.5.1, for approximately
65% of the total training iterations. The coding strategy Sc (SfO or CfO) and kernel size K is
varied during the experiments. Additionally, the effect of overlapping or non-overlapping
windows is explored by selecting different stride parameters for both training (sT ) and in-
ference (sI ). Overlapping windows are achieved by setting the stride (sT or sI ) to K

2 . When
K=16, the model learns only global attention, but this could transition to local attention by
varying the stride during inference. Performance and complexity are measured using the
same methodologies as described in Section 4.5.1.2. For simplification of the experiments,
complexity evaluation focuses on a single pass on the encoder side, processing the entire
latent tensor ŷ simultaneously under a predefined causality mask.

The outcomes of these evaluations are detailed in Fig. 5.3 and Tables 5.1 and 5.2, leading
to the following key observations:

• In case of sT =K =16: The pContextformer learns a global attention mechanism. The
SfO strategy exhibits superior performance over CfO coding at high bitrates, yet it
underperforms at lower bitrates. The reduced efficiency at low bitrates is due to
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Table 5.2: Performance and complexity analysis of various pContextformer models with respect to
attention kernel size (K), coding strategy (Sc), and the use of overlapping windows during both train-
ing and inference. PSNR remains approximately the same across models, with lower ∆Bpp values
compared to the model in the first row indicating higher performance.

Coding Overlapped Window

Strategy K @Training @Inference kMACpp ∆Bpp

CfO 8 3 7 195 0

CfO 8 3 3 710 −4 · 10−3

SfO 8 3 7 195 −6 · 10−3

SfO 8 3 3 710 −10 · 10−3

CfO 16 7 7 320 −14 · 10−3

CfO 16 7 3 1072 −16 · 10−3

limited spatial dependency utilization, exacerbated by sparse latent space and non-
overlapping windows during inference. The SfO strategy benefits more from overlap-
ping window attention during inference (sI<K).

• In case of sT <K: The pContextformer learns an overlapping window attention. The
SfO strategy demonstrates better performance than CfO strategy. Furthermore, using
overlapping windows during inference particularly helps models with smaller kernel
sizes (K=8) to achieve similar performance to those using larger kernels (K=16).

• Overall: The optimized pContextformer architectures reduce computational complex-
ity exponentially—by over 100-fold—with a marginal performance degradation of 3%.
More efficient models could potentially be developed by implementing overlapping
window attention during both training and inference phases. However, the rudimen-
tary deployment of such overlapping window attention, although theoretically advan-
tageous, remains suboptimal as it quadruples the complexity.

5.3 Efficient Contextformer

The experiments conducted in Section 5.2 indicate that the pContextformer supports both
checkered and patch-wise parallelization techniques, yet it necessitates a more sophisti-
cated mechanism for managing overlapping window attention during training and infer-
ence. Based on the advancements in efficient transformers explained in Section 2.3.4, this can
be achieved by substituting the initial ViT [85]-based architecture with a SwinT [88]-based
alternative, complemented by the addition of spatio-channel attention. Fig. 5.4 illustrates the
compression framework with the modified architecture, namely the Efficient Contextformer
(eContextformer).
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Figure 5.4: Illustration of the proposed LIC framework utilizing eContextformer with spatio-channel
window and shifted-window multi-head attention (SC-W-MHA and SC-SW-MHA).

Fig. 5.5 shows the segment generator of the revised architecture. The segment gener-
ator rearranges the latent variable ŷ ∈ R

H
16

×W
16

×C into coding groups with a segmented
spatio-channel format ŝ ∈ RNcs×H

16
×W

16
×pc , where the segmentation granularity is defined

by Ncs=
C
pc

. To avoid violating the autoregressive process, a zero-valued start token is
prepended to the segmented tensor ŝ, and its values are systematically shifted according
to the coding group order, resulting in the padded and shifted representation û. Let M(i, j)

be the function representing the checkered indexing, formulated as:

M(i, j) = (i+ j) mod 2, (5.2)

where (i, j) corresponds to the spatial coordinates of a tensor. Here, M(i, j)=0 denotes the
first checkered group, and M(i, j)=1 denotes the second one.

The padded and shifted representation û is mathematically defined as:

ûncs,iu,ju =


0, if ncs = 0 and M(ir, jr) = 0,

ŝncs,is,js , if ncs ≥ 0 and M(iu, ju) = 1 and M(is, js) = 0,

ŝncs−1,is,js , if ncs > 0 and M(iu, ju) = 0 and M(is, js) = 1,

(5.3)

where ncs ∈ [0, Ncs − 1] represents the index of the channel segments, (iu, ju) and (is, js)

stand for the spatial coordinates of each tensor. For simplicity, the last dimension is omitted.
Next, the rearranged data is transformed by a linear layer into a tensor embedding e ∈

RNcs×H
16

×W
16

×de , expanding the last dimension. In each autoregressive step n ∈ [0, 2Ncs−1],
a part of the embedding representation e0...⌊n

2

⌋ traverses through L layers of a SwinT [88].
Here, only the first index of e is addressed for simplicity. The spatio-channel window and
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Latent Groups
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Coding Order
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ŷ ŝ û

e

Figure 5.5: Illustration of (top row) the segment generation creating the Latent Groups, and (bottom
row) the context modeling process in eContextformer, where latent elements are encoded based on
the Coding Order. Following the arrows, the segment generator first splits the latent tensor ŷ into
channel segments, generating ŝ. It prepends zero-valued start token (shown in dark gray) while
shifting the values of each group, obtaining û. Next, û is mapped into embedding representation e,
which is fit to the transformer layers in eContextformer. In each coding step n, e0...⌊n

2

⌋ is processed
by eContextformer, applying SC-W-MHA and SC-SW-MHA mechanisms alternately across its layers,
in order to model the entropy of the ŝ⌊n

2

⌋
,i,j with spatial coordinates, where M(i, j)=0 or M(i, j)=1

for even- and odd-numbered steps, respectively.

shifted-window multi-head attention mechanisms (SC-W-MHA and SC-SW-MHA) are alter-
nately applied to e0...⌊n

2

⌋, as illustrated in Fig. 5.5. Prior to the window attention, each in-

termediate tensor is rearranged into RNw×
(⌊

n
2

⌋
K2

)
×de . Here, the first dimension, Nw=

HW
256K2 ,

indicates the number of windows processed simultaneously, while the second dimension
corresponds to the sequential data within each spatio-channel window with the size of
(
⌊
n
2

⌋
+1)×K ×K.

Moreover, SC-(S)W-MHA is provided with a checkered mask to ensure that each group
integrates data from all previously coded groups without violating coding causality. For
instance, for each even-numbered coding step, the elements with spatial coordinates (i, j)

where M(i, j)=1, and channel index
⌊
n
2

⌋
, are masked during attention computation.

In alignment with suggestions from [88], absolute positional encodings are substituted
with relative ones to enhance permutation invariance and efficiency. Moreover, the imple-
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mentation of MHA with h heads improves parallel processing capabilities and establishes
distinct connections among the various segments within the spatio-channel framework.

5.4 Complexity Optimizations

5.4.1 Architectural Optimizations

Using a start token is advantageous for the Contextformer, as it enables the model to utilize
different values for each sliding-window position, incorporating elements from preceding
window positions. However, in the eContextformer, the start token has a higher-dimensional
representation compared to the original Contextformer, where the attention modules always
compute the same value for the first coding group, regardless of the input content. To elimi-
nate this inefficiency, the entropy modeling for the first coding group skips context modeling
altogether, assuming it as zero, and instead relies solely on the hyperprior. This optimization,
termed Skipping First coding Group (SFG), reduces the total number of autoregressive steps in
the eContextformer to 2Ncs − 1, which corresponds to a theoretical complexity reduction of
13% for Ncs=4.

Another inefficiency arises from how the eContextformer applies SC-(S)W-MHA mech-
anisms iteratively, as illustrated in Fig. 5.5. The generation of shifted and non-shifted win-
dows requires that the input be in a planar form, while attention is calculated on sequen-
tial data. Thus, the transformations between Rbn

2
c×H

16
×W

16
×de ↔ RNw×(bn

2
cK2)×de partition

and recombine the intermediate outputs of the SwinT [88] layers before and after applying
SC-(S)W-MHA. When the eContextformer is configured in the Spatial-first Order (SfO), its
spatio-channel kernel expands iteratively over the channel segments, applying two autore-
gressive steps per segment to model the spatial context. The first step employs a checkered
mask to block information from subsequent parts, while the second step processes the en-
tire segment. This results in half of the computation in each even step—around 10% of the
total computation—being unnecessary. To address this, the segment generation process is
reformulated as ŷ → r̂ ∈ R2Ncs×H

16
×W

32
×pcs , where all the elements processed during even-

numbered steps are rearranged into the first dimension, with the first dimension dedicated to
coding groups. To ensure equal receptive field sizes for both spatial dimensions, the window
size is set to K×K

2 . This optimization is referred to as Efficient Coding Group Rearrangement
(EGR). Fig. 5.6 illustrates the optimized application of SC-(S)W-MHA using SFG and EGR†.

The integration of EGR reveals a unique characteristic inherent to the proposed SC-(S)W-
MHA. In each autoregressive step n for coding r̂n, the eContextformer leverages the previ-
ously coded spatio-channel groups r̂<n without requiring a coding mask. Essentially, SC-
(S)W-MHA mimics the original shifted window mechanism of SwinT [88], applied to r̂n.
However, the receptive field of attention dynamically expands with each sequential coding
step, encompassing both spatial and channel dimensions. Therefore, the combined imple-
mentation of EGR and SC-(S)W-MHA is also referred to as expanding SC-(S)W-MHA.

† The optimized processing of eContextformer is available as a flipbook animation in pp. 2–146, bottom left.
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Latent Groups
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Coding Order
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e

Figure 5.6: Illustration of (top row) the optimized segment generation creating the Latent Groups
according to proposed EGR technique, and (bottom row) the context modeling process in eContext-
former, where latent elements are encoded based on the Coding Order. Following the arrows, the
segment generator first splits the latent tensor ŷ into channel segments and reorders them to r̂ using
the proposed EGR technique. Next, r̂ is mapped into embedding representation e, which is fit to the
transformer layers in eContextformer. In each coding step n, e0...n−1 is processed by eContextformer
for entropy modeling of the r̂n, by applying SC-W-MHA and SC-SW-MHA mechanisms alternately
across eContextformer’s layers. Notably, r̂0 is coded only by using the hyperprior without the context
modeling according to the proposed SFG technique.

5.4.2 Algorithmic Optimizations

Let Attention(Q0...n,K0...n,V0...n) represent the attention computed up to coding step n,
where Q0...n, K0...n, and V0...n contain all the queries, keys, and values up to step n, re-
spectively. Recalling Eq. (2.18), Attention(Q0...n,K0...n,V0...n) computes attention between
every query and key-value pair in a single pass, simultaneously for all coding steps 0 ≤ n.
This approach is beneficial for encoder-side operations.

However, during the decoding phase of the autoregressive process, only the attention
between the current query and all preceding key-value pairs, Attention(Qn,K0...n,V0...n),
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is required for each step n. To improve efficiency on the decoder side, a more optimal im-
plementation can be achieved using key-value caching, which stores the preceding key-value
pairs in memory for reuse in upcoming coding steps. The key-value caching method is de-
tailed in the white paper [193] and the published work [194]. This method balances the
computational complexity of expanding SC-(S)W-MHA, reducing it from O(N2) to O(N).

5.5 Online Rate-Distortion Optimization

The integration of the proposed optimization methods significantly reduces the encoder
complexity of eContextformer, enabling the use of an online rate-distortion optimization
(oRDO) technique (see Section 2.3.6) to further improve compression performance. For this
purpose, an oRDO algorithm based on Campos et al. [53] has been adapted, replacing its
original noisy quantization method with the straight-through estimator (STE), as described
by Bengio et al. [121]. Algorithm 3 presents the pseudo-code for the modified oRDO method,
which refines the quantized latent tensor elements (ŷ, ẑ) on the encoder side.

To simplify the oRDO process and achieve faster convergence, an exponential decay
mechanism [195] is applied to the learning rate schedule. The learning rate at the i-th it-
eration is calculated as follows:

αi = α0γ
i, (5.4a)

NoRDO = dlog
(
2·10−7

α0

)
/ log(γ)e, (5.4b)

where γ represents the decay rate, α0 is the initial learning rate, and NoRDO is the number
of oRDO steps. If the immediate learning rate becomes too low, performance improvements
saturate, and therefore, the oRDO process halts when αi ≤ 2·10−7. Throughout the iter-
ations, the oRDO algorithm updates only the latent space tensor tuple (ŷ, ẑ), storing the
best-performing version, and returns it for encoding into the bitstream.

5.6 Comparison to the Prior Art Context Models

Table 5.3 summarizes the improvements introduced by the eContextformer over the Context-
former and pContextformer. Compared to the Contextformer, the most significant improve-
ments are evident in the required number of autoregressive steps and attention window
positions—the computation of both is decoupled in the eContextformer and pContextformer.
For instance, given a 4K image with a resolution of 3840×2160, the Contextformer requires
about 130,000 serial operations over the latent tensor, while the eContextformer and pCon-
textformer require only 8 or even 7 steps when SFG is applied. Moreover, the overlapping
window strategy of the pContextformer provides lower efficiency compared to the proposed
SC-(S)W-MHA of the eContextformer due to two aspects. First, achieving higher RD perfor-
mance in the pContextformer necessitates larger spatial kernels; in contrast, the eContext-
former can achieve a similar “effective” kernel size by using window and shifted-windows
alternately. Second, the overlapping window strategy overburdens the implementation of
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Table 5.3: Improvements of eContextformer over Contexformer and pContextformer.

Contextformer pContextformer eContextformer

Model architecture ViT [85] inspired ViT [85] inspired SwinT [88] inspired

Attention mechanism expanding

spatio-channel spatio-channel spatio-channel

sliding window overlapping window shifted window

Attention span

spatial 16×16 16×16 8×8

channel-wise 4 4 4

Processing type SCM PCM PCM

by fusing by fusing

[3], [35], [52] [3], [35], [52]

# autoregressive steps HW
64 7 7

# window positions (N ) HW
64

HW
4096

HW
4096

Additional Optimizations

Decoding runtime 3D-WPP EGR, SFG EGR, SFG, Caching

(43% reduction) (30% reduction) (64% reduction)

Complexity SCS EGR, SFG EGR, SFG, Caching

(75% reduction)∗ (26% reduction) (84% reduction)

Supports oRDO 7 7 3

∗ SCS reduces only the encoder side complexity since it can be implemented only on the encoder side
due to its non-causal process. The other methods (EGR, SFG and Caching) reduce both complexity of
both encoder and decoder side implementations.

key-value caching, demanding additional cache for storing multiple copies of the same key-
value pairs at the overlapping parts.

Similar to the analysis of the Contextformer provided in Section 4.4, the eContextformer
can also be parameterized to achieve an improved version of different state-of-the-art context
models explained in Section 5.1, defining how dependencies in the latent space are handled.
Notably, Figs. 5.1 and 5.6 provide a visual aid for the following comparisons:

• In case of Ncs=1: The attention mechanism is limited to spatial dimensions, and the
parallelization technique is simplified to the checkered grouping. Despite these limita-
tions, the eContextformer requires even fewer autoregressive steps, resulting in a much
lower model and runtime complexity compared to its variants with Ncs > 1. It can still
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outperform certain prior models in terms of context modeling capability. For instance,
compared to [3], [52], [64], the eContextformer has much larger support for spatial de-
pendencies and can achieve better content adaptivity due to the attention mechanism.
Unlike Koyuncu et al. [3], it can aggregate inter-window information without the need
for modules like ISB [3]. Compared to [46], the eContextformer (Ncs = 1) provides
a better complexity trade-off with respect to increasing image resolution—the com-
plexity of SC-(S)W-MHA scales linearly with the resolution, whereas the complexity of
Qian et al. [46] increases quadratically due to its global attention mechanism.

• In case of C >Ncs> 1: The attention mechanism can handle both spatial and cross-
channel dependencies. The model’s ability to leverage channel-wise information scales
directly with the number of channel segments, though this scalability is inversely re-
lated to the model and runtime complexity. The operational characteristics of the eCon-
textformer mirror state-of-the-art models that combine checkered and channel-wise
grouping techniques, such as [56], [59], [63]. However, contrary to those approaches,
the eContextformer achieves a more adaptive context model due to the spatio-channel
attention, whereas He et al. [56] and Lu et al. [63] lack attention-based mechanisms for
context modeling, and content-adaptive modeling in Liu et al. [59] is limited to spatial
dimensions. Moreover, all of those models require additional neural network modules
to aggregate information from previously coded channel segments, which drastically
increases the model complexity. In contrast, the eContextformer’s design allows the
same model to be used for each autoregressive step, aggregating the information with
the attention mechanism directly.

• In the extreme case Ncs=C: The eContextformer maximizes its use of spatio-channel
attention by treating each channel as a coding group, resulting in 2C total autoregres-
sive steps. This represents the most comprehensive use of the model’s capabilities, with
other versions acting as scaled-down adaptations to optimize the balance between ef-
ficiency and computational complexity. Under these conditions, the eContextformer
acts theoretically as an advanced form of the 3D context models [40]–[42] with patch-
wise [3] and checkered [52] grouping and an attention mechanism. Although this so-
phisticated version might boost the performance of the eContextformer, in practice,
the resulting model might not be feasible for real-world applications due to its high
computational demands.

5.7 Experiments

5.7.1 Experimental Setup

5.7.1.1 Training

The eContextformer is parameterized with the following default configuration:

{CN =192, CM =192, L=8, de=
8CM

Ncs
, dmlp=4de, h=12, Ncs=4 , K=8 , Sc= SfO}. (5.5)
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Table 5.4: The architecture of the proposed model using the eContextformer. Each row depicts one
layer or component of the model. “Conv: Kc×Kc×C s2” stands for a convolutional layer with kernel
size of K ×K, number of C output channels, and stride “s” of 2. Similarly, “Deconv” is an abbrevi-
ation for transposed convolutions. The fully-connected “Dense” layers are specified by their output
dimension, whereas D1 =2CM + de, D2 =(4kmCM )/Ncs. ResBlock and sRAB are the residual blocks
and simplified residual attention mechanisms, shown in Fig. 4.2

Encoder (ga) Decoder (gs) Hyperencoder (ha) Hyperdecoder (hs)

Conv: 3×3×CN s2 2×ResBlock: 3×3×CM Conv: 5×5×CN s1 Conv: 5×5××CM s1

GDN [120] Deconv: 3×3×CN s2 Leaky ReLU [132] Deconv: 5×5×CM s2

sRAB [39], [47], [133] IGDN [120] Conv: 5×5×CN s1 Leaky ReLU [132]

Conv: 3×3×CN s2 Deconv: 3×3×CN s2 Conv: 5×5×CN s2 Conv: 5×5×CM s1

GDN [120] IGDN [120] Leaky ReLU [132] Deconv: 5×5× 3
2M s2

Conv: 3×3×CN s2 Deconv: 3×3×CN s2 Conv: 5×5×CN s1 Leaky ReLU [132]

GDN [120] sRAB [39], [47], [133] Conv: 5×5×CN s2 Deconv: 5×5×2M s2

Conv: 3×3×CN s2 IGDN [120] Leaky ReLU [132]

Conv: 1×1×CM s2 Deconv: 3×3×3 s2

Context Model (gc) Entropy Parameters (ge)

eContextformer: Dense: (2D1+D2)/3

{L, de, dmlp, h,Ncs,K,Sc} GELU [129]

Dense: (D1+2D2)/3

GELU [129]

Dense: D2

Most of these parameters are shared with the Contextformer (see Eq. (4.8)), ensuring a fair
comparison of the parallelization efforts. The eContextformer utilizes only the SfO coding
method, as the combination of CfO with parallelization was found to deteriorate perfor-
mance, as observed in Section 5.2. The spatial kernel size of expanding SC-(S)W-MHA is
defined as K×K

2 , as explained in Section 5.4.1. A detailed description of the compression
framework using the eContextformer is provided in Table 5.4. Notably, the hyperprior em-
ploys 5×5 convolutions, in contrast to the 3×3 ones used in Contextformer, to better align
with other state-of-the-art parallel architectures [35], [56]. Table 5.4 provides a detailed de-
scription of the compression framework utilizing the eContextformer.

Similar to the Contextformer (see Section 4.5.1.1), the eContextformer was trained for
120 epochs (around 1.2 million iterations) on random 256×256 image crops from the Vimeo-
90K [144] dataset. A batch size of 16 was used, and the ADAM optimizer [190] was em-
ployed with an initial learning rate of 10−4. The models were trained across different bi-
trates by setting λMSE ∈ {0.002, 0.004, 0.007, 0, 014, 0.026, 0.034, 0.058}, using MSE as the
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distortion metric D(·). To assess perceptual quality using MS-SSIM [160], the models were
fine-tuned for approximately 500,000 iterations, using the distortion function 1−MS-SSIM
and λMS-SSIM=1300λMSE. For models targeting higher bitrates (λ5, λ6, and λ7 for both MSE
and MS-SSIM [160]-optimized models), the bottleneck size CM was increased to 312, follow-
ing common practice [34], [35], [47]. It was empirically determined that using fewer heads
(h = 6) yielded better results for the highest bitrate model (λ7).

To explore the effects of training dataset and crop size (see Section 5.2 and Section 5.7.2.2),
the models were also fine-tuned using image crops of 256×256 and 384×384 from the
COCO [146] dataset.

5.7.1.2 Evaluation

The empirical evaluation of the proposed compression framework using eContextformer
was conducted on the Kodak [138], Tecnick [139], and CLIC-P/-M [140] datasets, with com-
prehensive dataset details provided in Section 3.1.

Comparative analyses were performed to benchmark the eContextformer’s performance
against a wide range of state-of-the-art LIC frameworks with serial and parallel context mod-
els, including traditional 2D and 3D models as well as advanced transformer-based models,
summarized Table 5.5. The models from the previous chapter described in Table 4.2 are also
included to the comparison. The SCM and PCM variants from Qian et al. [46] were tested,
along with the small (S) and large (L) models of Liu et al. [59], which differ in their number
of channels in their transforms. The evaluation also covered low-complexity asymmetric
frameworks developed by Wang et al. [60], Fu et al. [58], and Yang&Mandt [57]. Specifically,
the model (LL) from Wang et al. [60] was selected due to its superior RD performance, which
is characterized by its large synthesis and large analysis transforms.

Due to the proposed optimizations in Section 5.4, eContextformer achieves significantly
reduced complexity, enabling iterative oRDO explained in Chapter 2. Additional experi-
ments using oRDO with eContextformer were conducted and are detailed in Section 5.7.2.4.
For comparison, results from Yang and Mandt [57]’s framework, which integrates Stochastic
Gumbel Annealing (SGA) [54] to perform oRDO for 3000 steps, were also included. Tradi-
tional image coding standards such as BPG [91] and VTM 16.2 [178] served as benchmarks
in this analysis. The methodologies used to evaluate all state-of-the-art approaches are de-
scribed in detail in Section 3.3.

The number of model parameters was determined using summary functions from ei-
ther PyTorch [171] or Tensorflow [172], depending on the implementation details of each
framework. Following the guidelines from the JPEG AI standardization effort [79], model
complexity was measured in kilo MACpp (kMACpp) using the ptflops package and re-
verified through DeepSpeed [173]. For models without explicit hooks for precise complex-
ity measurement of the attention mechanism, these were implemented based on the official
SwinT [88] repository*.

Runtime measurements were also performed using DeepSpeed [173], deliberately ex-
cluding the time spent on arithmetic coding to ensure a consistent basis for comparison

* https://github.com/microsoft/Swin-Transformer

https://github.com/microsoft/Swin-Transformer
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Table 5.5: Key properties of the state-of-the-art LIC frameworks compared to the eContextformer.

Model Details

Model Encoder (ga) and Decoder (gs) Entropy Model

He et al. [52] Uses the same framework as Cheng et al. [47]
(see Table 4.2).

The entropy model has the same architecture as Cheng et al. [47],
but the SCM using 2D masked convolutions is extended with
checkered grouping to achieve a PCM.

Qian et al. [46]
(PCM)

Uses the same framework as Qian et al. [46]
(SCM) (see Table 4.2).

The entropy model has the same architecture as Cheng et al. [47],
but the transformer-based SCM with spatial attention is extended
with checkered grouping to achieve PCM.

He et al. [56] A similar framework to Minnen&Singh [35]
(see Table 4.2) is used, but every activation
function is replaced by stacked CNN layers
with residual connections and ReLU activa-
tion, which are slightly more complex than
ResBlocks. It contains four attention modules
similar to sRAB and has higher channel capac-
ity (CN = 192 and CM = 320).

A similar hyperprior network as Cheng et al. [47] is used (see
Table 4.2). The entropy model has a similar architecture to Min-
nen&Singh [35] but achieves PCM by extending ChARM with 2D
masked convolutions and checkered grouping. The model uses 5
channel groups instead of 10. Moreover, a Gaussian distribution
is used for probability modeling of the residual p(r̂ | ẑ), where
r̂ = Q(y − µ) + µ, achieving similar performance as GMM.

Liu et al. [59] (L) Uses a similar framework as Cheng et al. [47]
(see Table 4.2), but all activation functions are
replaced by multiple layers combining CNN
and Swin Transformer (SwinT) layers with
residual connections. The model has much
higher channel capacity (CN = 256 and
CM = 320).

The entropy model has a similar architecture to Min-
nen&Singh [35], where all CNNs are replaced by multiple layers
combining convolutional and SwinT layers, applying attention
to the spatial dimensions. Similar to He et al. [56], a Gaussian
distribution is used for probability modeling of the residual.

Liu et al. [59] (S) Uses the same framework as Liu et al. [59] (L)
but with lower channel capacity (CN = 128).

The entropy model is the same as in Liu et al. [59] (L), but the
number of some neural network layers is reduced.

Lu et al. [63] Uses a similar framework as Minnen et al. [34]
(see Table 4.2), but all activation functions are
replaced with ViT-based transformer layers
with residual connections, and the model has
higher channel capacity (CM = 320).

The entropy model has the same architecture as He et al. [56],
where the activation functions are replaced with ViT-based trans-
former layers similar to its analysis and synthesis transforms.
Moreover, it has the ChARM architecture combined with check-
ered grouping, where the 2-stage checkered grouping of He et
al. [52] is extended to 4-stage grouping for the spatial dimensions.
The Gaussian distribution is used for probability modeling of the
residual p(r̂ | ẑ), similar to He et al. [56].

Wang et al. [60] (LL) Uses a similar framework as Cheng et al. [47]
(see Table 4.2), but it does not contain atten-
tion layers, and CNN layers without stride
are replaced with depth-wise convolutions for
lower complexity. Several versions of the
model are available with varying complexity;
the Large Encoder and Large Decoder (LL)
model is chosen due to its higher performance,
which has channel capacities of CN = 192
and CM = 192.

Uses a similar hyperprior as Minnen et al. [34], where all con-
volutional layers are replaced with depth-wise convolutions to
achieve a low-complexity model. The entropy model contains
a PCM similar to He et al. [52]. The checkered grouping is ap-
plied in both spatial and channel dimensions, while the channel
groups with different checkered patterns are merged into a sin-
gle group to keep the total modeling steps as two.

Fu et al. [58] Uses a similar framework as Cheng et al. [47]
(see Table 4.2), where the residual convo-
lutional layers are replaced with residual
modules containing multiple branches and
grouped convolutions to reduce complexity.
Moreover, fewer residual modules are used on
the decoder side to achieve an asymmetrical
compression framework.

The entropy model is similar to the one in the Contextformer (see
Table 4.1), but the model has an SCM with 2D masked convolu-
tions from Minnen et al. [34].

Tang et al. [43] The architecture of the framework is based on
Liu et al. [40] but introduces asymmetry to
each layer by spatially factorizing K×K con-
volutional kernels into 1×K and K×1 asym-
metrical CNNs. Additionally, attention layers
are replaced by graph attention networks with
reduced complexity.

The hyperprior implements a similar architecture to the analy-
sis and synthesis transforms with graph attention networks and
residual layers. The context model uses the same SCM with 3D
masked convolutions as in Chen et al. [48].

Yang&Mandt [57] The architecture of the framework is highly
asymmetrical, where the analysis transforms
are the same as in He et al. [56], and the syn-
thesis transform has only CNNs with 2 layers.

The entropy model is similar to the one in Minnen et al. [34] but
without any context model.
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Figure 5.7: RD performance on the Kodak [138] dataset, comparing various compression frameworks
to eContextformer trained on Vimeo-90K [144] in terms of: (a) PSNR, and (b) MS-SSIM [160].

across different codec implementations. All evaluations, including runtime tests, were car-
ried out on a system equipped with an NVIDIA Titan RTX GPU and an Intel Core i9-10980XE
CPU, using PyTorch 1.10.2 [171] and CUDA Toolkit 11.4 [170].

More details on the experimental setup and how results of the state-of-the-art approaches
were obtained are described in Section 3.3.

5.7.2 Experimental Results

5.7.2.1 Model Performance

Fig. 5.7a presents the RD performance of the eContextformer on the Kodak [138] dataset,
when trained using 256×256 image crops from the Vimeo90K [144] dataset. In terms of
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Figure 5.8: Experimental study of the effects of different training datasets and crop sizes on the per-
formance, showing the RD performance on (a) Kodak [138] and (b) Tecnick [139] datasets.

PSNR, this model consistently outperforms VTM 16.2 [178] across all evaluated bitrates,
achieving a 5.3% reduction in bitrate, as detailed in Table 5.7. Compared to Cui et al. [39]
and the Contextformer, the key differences in the proposed LIC framework lie in the context
modeling and a slightly larger hyperprior. Relative to the implementation by Cui et al. [39],
the eContextformer achieves an additional 8.5% bitrate reduction. However, it exhibits 1.6%
lower performance compared to the Contextformer. This performance gap, introduced by
the parallelization of the Contextformer, is consistent with observations from other parallel
context modeling studies [3], [52], [56] (see Section 5.1).

The eContextformer also competes closely with models that utilize the ChARM architec-
ture, which typically involve a higher number of parameters, such as those developed by
Minnen&Singh[35] and He et al. [56]. Specifically, compared to VTM 16.2 [178], Minnen and
Singh [35] demonstrates a 1.6% lower BD-Rate [169] performance, whereas the model from
He et al. [56] achieves a 6.7% gain.

The perceptually optimized models display similar performance characteristics, as as-
sessed in Fig. 5.7b. In terms of the MS-SSIM metric [160], the eContextformer achieves an
average bitrate saving of 48.3% compared to VTM 16.2 [178], performing 0.8% better than
He et al. [56] but 1.1% worse than the Contextformer. This comparative evaluation high-
lights the trade-offs between computational complexity and perceptual quality inherent in
the design of advanced image compression algorithms.
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5.7.2.2 Optimization of the Training Setup

Figs. 5.8a and 5.8b show the comparative performance of the eContextformer on the Ko-
dak [138] and Tecnick [139] datasets when trained with 256×256 image crops from the
Vimeo90K [144] dataset. The eContextformer closely matches the performance of the Con-
textformer on the Kodak [138] dataset but exhibits lower performance on higher-resolution
test datasets such as Tecnick [139], which might be degraded due to several issues.

The first issue is that the initial 256×256 image crops result in a 16×16 latent space during
training. The combination of a K=8 attention window size with the relatively low resolution
of latent variables restricts the model’s capacity for learning efficient context modeling. For
instance, SC-W-MHA layers learn a 2×2 grid of patches in the latent space, whereas SC-SW-
MHA layers can explore only a single patch for the central area of the latent space. Therefore,
a larger latent space size is required during training to improve learning efficiency. How-
ever, this is not possible with the Vimeo90K [144] dataset, which has an original resolution
of 448×256—training with the original image size might result in a bias towards horizontal
image orientations.

Another issue is that the dataset complexity assessments from Section 3.1.3 show that the
Vimeo90K [144] dataset contains images with limited variety in terms of content complexity
compared to all test datasets, especially to Tecnick [139] and CLIC-P/-M [140]. In contrast,
the COCO [146] dataset displays a closer match to those test datasets according to multi-
ple complexity metrics. Additionally, COCO [146] contains images with a large variety of
resolutions, allowing training models with larger crop sizes.

Similar issues have been observed in other studies [3], [35], [46], [56], [58]. To address
these challenges, these studies experimented with training on higher-resolution datasets,
such as ImageNet [196], COCO [146], and DIV2K [197], and utilized larger crop sizes, up to
512×512, which resulted in improved RD performance.

Following the prior-art studies and the analysis in Section 3.1.3, the eContextformer was
fine-tuned using 256×256 and 384×384 image crops from the COCO [146] dataset to explore
both the effect of training with a more complex dataset and larger crop sizes. As illustrated
in Figs. 5.8a and 5.8b, both adjustments provide significant improvements in performance
on both test datasets, as reflected in the complexity assessments in Section 3.1.3. Training
with larger crops provides additional performance gain—the benefit is more pronounced on
the Tecnick [139] dataset—suggesting that inefficient initial training of SC-(S)W-MHA mech-
anism. Based on these observations, the eContextformer fine-tuned with 384×384 image
crops from COCO [146] is used for further analysis.

Fig. 5.9 demonstrates the RD performance of the fine-tuned (f.t.) eContextformer com-
pared to state-of-the-art compression frameworks on the Kodak [138], Tecnick [139], and
CLIC-P [140]. Table 5.7 summarizes the BD-Rate [169] performance of each model compared
to VTM 16.2 [178]. The eContextformer (f.t.) matches the performance of leading LIC frame-
works, showing more than 5% bitrate savings from the initial configuration and achieving
average bitrate savings of 10.9%, 13.2%, 12.3%, and 6.9% over VTM 16.2 [178] across those
datasets. Notably, the eContextformer (f.t.) surpasses Liu et al. [59] with a 1% bitrate saving
on higher-resolution datasets, such as Tecnick [139].
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Figure 5.9: RD performance in terms of PSNR, comparing various frameworks to eContextformer
finetuned with COCO [146] dataset across: (a) Kodak [138], (b) Tecnick [139], and (c) CLIC-P/-M [140]
datasets.
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Figure 5.10: Rate savings relative to VTM 16.2 [178] as a function of PSNR, comparing various
frameworks to eContextformer finetuned with COCO [146] dataset across: (a) Kodak [138], (b) Tec-
nick [139], and (c) CLIC-P/-M [140] datasets.
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Table 5.7: BD-Rate [169] performance of eContextformer compared to various compression frame-
works accross Kodak [138], Tecnick [139], and CLIC-P/-M [140] datasets.

BD-Rate [%] over VTM 16.2 [178] (intra)

Method Kodak [138] Tecnick [139] CLIC-P [140] CLIC-M [140]

eContextformer (f.t.) −10.9 −13.2 −12.3 − 6.9

+ oRDO −14.7 −17.0 −14.1 −10.4

Contextformer − 6.9 −10.6 − 8.8 − 5.8

Liu et al. [59] (L) −11.0 −12.2 –

He et al. [56] − 6.7 – –

Liu et al. [59] (S) − 6.2 − 8.0 − 9.8 − 4.1

Guo et al. [45] − 3.7 – –

Lu et al. [63] − 3.6 − 5.9 –

Wang et al. [60] (LL) − 0.6 − 0.7 − 1.6 0.4

Fu et al. [58] − 0.3 – –

Lu et al. [62] 0.4 – –

Minnen&Singh [35] 1.9 − 2.2 –

Cui et al. [39] 3.2 – –

Qian et al. [46] (SCM) 3.4 –∗ –∗

Cheng et al. [47] 4.2 4.8 5.9 9.1

He et al. [52] 4.5 1.5 –

Qian et al. [46] (PCM) 5.6 –∗ –∗

Tang et al. [43] 5.7 3.5 –

Qian et al. [44] 7.9 – –

Kim et al. [61] 8.5 – –

Chen et al. [48] 10.6 – –

Minnen et al. [34] 14.7 15.4 11.6 13.9

Yang&Mandt [57] 36.5 44.7 –

+ SGA [54] 22.4 26.7 –

BPG [91] 30.3 29.5 36.2 27.8

Ballé et al. [33] 38.7 34.2 38.3 40.7

VTM 16.2 [178] (intra) 0.0 0.0 0.0 0.0
∗

Can not be computed due to OOM
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Table 5.8: Ablation study of the proposed optimization methods for eContextformer with respect to
the effects on the context model complexity.

EGR SFG Single Pass Caching kMACpp

7 7 7 7 1200

3 7 7 7 1075

3 3 7 7 829

3 3 3 7 212

3 3 7 3 204

Fig. 5.10 highlights the eContextformer’s performance on the generalized BD-Rate [35]
metric, as described in Chapter 3. On the Kodak [138] dataset, the eContextformer demon-
strates 6.5% bit savings at the highest quality point, while achieving up to 12.3% bitrate
savings at the lowest quality point compared to VTM 16.2 [178]. Even larger performance
gains on the generalized BD-Rate metric are observed on the other datasets, underscoring the
model’s generalization capability across different image types. The eContextformer provides
up to 14.9%, 14.2%, and 9.1% relative bitrate savings over VTM 16.2 on the Tecnick [139],
CLIC-P [140], and CLIC-M [140] datasets, respectively.

5.7.2.3 Model and Runtime Complexity

Table 5.8 highlights the impact of the proposed complexity optimizations for the eContext-
former, as discussed in Section 5.4. The implementation of both EGR and SFG methodologies
simplifies the computation of context modeling, with each method reducing the complex-
ity by approximately 10-13% during encoding and decoding. Furthermore, when combined
with key-value caching, the model achieves an overall complexity reduction of 84%. Caching
is particularly more efficient than the traditional single-pass approach, where the entire latent
variable ŷ is processed simultaneously because it selectively computes only the necessary at-
tention map components.

Table 5.9 offers a comparative analysis of the eContextformer against existing LIC frame-
works, focusing on the number of parameters and the computational demands of the entropy
model, including components such as gc, ha, hs, and gep. The eContextformer’s SC-(S)W-
MHA exhibits lower computational requirements than both the sliding window attention of
the Contextformer and the global attention used in [46]. With the optimizations enabled, the
eContextformer demonstrates a complexity that is 145x lower than that of the Contextformer
for an equivalent parameter count. The expanding SC-(S)W-MHA efficiently gathers channel
segment information without requiring additional NN modules, resulting in a reduced and
less complex entropy parameter network relative to [39], and significantly fewer parameters
in the entropy model compared to ChARM-based approaches [35], [56], [59].

Table 5.10 outlines the encoding and decoding runtime complexities for the eContext-
former, comparing it against various prior LIC frameworks and VTM 16.2 [178]. The op-
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Table 5.9: Number of parameters of different modules and the entropy model complexity of various
LIC frameworks during encoding compared to proposed model with eContextformer

Number of Parameters [×106] Complexity [kMACpp]∗

Analysis&Synthesis Entropy Model Entropy Model

Method (ga+gs) (ha+hs+gc+gep) (ha+hs+gc+gep)

eContextformer (opt.)∗∗ 17.5 26.9 253

Contextformer (opt.)† 17.5 20.1 30 · 103

Liu et al. [59] (L)‡ 28.5 47.4 125

Liu et al. [59] (S) 8.8 36.2 116

He et al. [56] 14.7 44.8 266

Cui et al. [39] 17.5 21.8 56

Qian et al. [46] ‡ 7.6 29.0 868

Minnen&Singh [35] 8.4 113.5 426

Yang&Mandt [57] 8.6 15.2 22

Wang et al [60] (LL) 6.6 10.8 37

Minnen et al. [34] 5.6 8.3 24
∗ The complexity is measured on 4K images with 3840x2160 resolution.
∗∗ The combination of the proposed EGR, SFG and Caching optimizations are applied.
† The combination of the proposed BDS and SCS are applied.
‡ The complexity is approximated by using images with 1024x1024 resolution due to OOM.

timizations integrated into the eContextformer have enhanced encoding and decoding effi-
ciencies by a factor of three, yielding a 210-fold improvement in performance over the op-
timized Contextformer configuration (described in Section 4.3). Additionally, the runtime
scalability of the eContextformer proves superior to its non-optimized counterpart. For in-
stance, although 4K images contain 21x the pixel count of Kodak images [138], the relative
increase in encoding and decoding runtime for the optimized model on these high-resolution
images is only 14-fold compared to the Kodak dataset. Furthermore, the optimized eCon-
textformer demonstrates competitive runtime performance relative to Minnen and Singh [35]
and both the small and large configurations of Liu et al. [59] (S/L).

There were issues with the memory usage of some of the models. For example, the
global attention mechanism in Qian et al. [46] significantly increases memory consumption
with increasing image resolution. Similarly, the models of Liu et al. [59], which employ
residual transformer-based layers in their synthesis and analysis transforms and incorporate
ChARM-based context models, also impose considerable memory demands. As a result,
testing the large configuration model Liu et al. [59] (L) and the models with SCM and PCM
in Qian et al. [46] on 4K images is not feasible using a GPU with 24 GB of memory.



5.7. Experiments 107

Table 5.10: Encoding and decoding time of different compression frameworks compared to the frame-
work with eContextformer using proposed optimization methods.

Encoding Time [s] Decoding Time [s]

Method Kodak 4K∗ Kodak 4K∗

eContextformer (opt.)∗∗ 0.16 2.24 0.17 2.41

eContextformer 0.33 6.55 0.35 6.75

Contextformer 56 1240 62 1440

Contextformer (opt.)† 8.72 120 44 820

Yang&Mandt [57] 0.09 0.81 0.02 0.43

Wang et al. [60] (LL) 0.04 0.56 0.04 0.57

Minnen&Singh [35] 0.16 1.99 0.12 1.37

Liu et al. [59] (S) 0.18 1.74 0.17 1.47

Liu et al. [59] (L) 0.25 –‡ 0.23 –‡

Qian et al. [46] (PCM) 1.57 –‡ 2.59 –‡

Cheng et al. [47] 2.22 54 5.81 140

Chen et al. [40] 4.11 28 316 7486

VTM 16.2 [178] (intra) 420 950 0.84 2.53
∗ The time is measured on 4K images with 3840x2160 resolution.
∗∗ The combination of the proposed EGR, SFG and Caching optimizations are applied. Less

than 0.1% change in BD-Rate performance is observed due to the complexity optimizations.
† Complexity optimization techniques proposed in Section 4.3 are applied.
‡ Can not be computed due to OOM.

5.7.2.4 Online Rate-Distortion Optimization

Different combinations of hyperparameters (α0, γ) in Eq. (5.4) result in varied learning be-
haviors, affecting the performance of the oRDO process. Fig. 5.11a shows the immediate
learning rate αi during the oRDO process for different combinations of (α0, γ). The opti-
mal hyperparameters for (α0, γ) were explored through a search using the Tree-Structured
Parzen Estimator (TPE) [198]. This search process uses Algorithm 3, guided by the same ob-
jective function employed during training (see Eq. (2.23)), with constraints α0 ∈ [0.02, 0.08]

and γ ∈ [0.5, 0.7]. To mitigate overfitting, the parameter search was conducted using a set of
20 randomly selected full-resolution images from the COCO [146] dataset.

Figs. 5.11b and 5.11c display the findings from the TPE for models trained for λ1 and
λ4. It was observed that models designed for higher bitrates (λ>3) tend to perform slightly
better with a higher initial learning rate compared to those targeting lower bitrates (λ<4).
This indicates that optimizing denser latent spaces benefits from larger initial learning rate
increments. Consequently, the configuration (α0, γ)=(0.032, 0.62) is selected for low bitrate
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Figure 5.11: Illustration of (a) the learning rate decay for oRDO across optimization iterations, shown
for different initial learning rates (α0) and decay rates (γ). Results of the TPE [198] for eContextformer
are displayed in (b) for λ1 and (c) for λ4, with each square size representing the number of required
oRDO iteration steps.

models (λ<4), while higher bitrate models (λ>3) use (α0, γ)=(0.072, 0.60), leading to a uni-
form 26 iteration steps across all models.

Figs. 5.7, 5.9 and 5.10 and Table 5.7 demonstrate that the proposed oRDO enhances the RD
performance of the eContextformer by up to 4%, achieving average bitrate savings of 14.7%,
17.0%, 14.1%, and 10.4% over VTM 16.2 [178] Kodak [138], Tecnick [139], CLIC-P [140], and
CLIC-M [140] datasets, respectively. Notably, the initial models without fine-tuning benefit
more from oRDO, achieving up to 7% additional gain. This suggests the potential subopti-
malities of the initial training and underscores the importance of the fine-tuning step with
larger crop images.
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Table 5.11: Ablation study for eContextformer on the Kodak dataset [138], illustrating the impact of
different configurations on BD-Rate [169] performance relative to VTM 16.2 [178] (intra) and the com-
plexity of the entropy model during both encoding and decoding.

AGMM kMACpp∗∗

Context Model Type∗ km Finetuned oRDO Encoder Decoder BD-Rate [%]

Multi-scale 2D [39] SCM 1 7 7 56 47 3.2

Contextformer

SCM 1 7 7 − 5.0

SCM 3 7 7 ≈30 · 103 ≈120 · 103 − 6.9

SCM 3 3 7 −10.2

pContextformer
PCM 3 7 7 1121 1112 − 3.5

(Section 5.2)

PCM 1 7 7 242 233 − 3.6

eContextformer PCM 3 7 7 253 244 − 5.2

(optimized) † PCM 3 7 3 ≈20 · 103 244 −12.6

PCM 3 3 7 253 244 −10.9

PCM 3 3 3 ≈20 · 103 244 −14.7
∗ SCM and PCM stand for parallel and serial context models.
∗∗ The entropy model complexity during encoding and decoding.
† The combination of the proposed EGR, SFG and Caching optimizations are applied.

5.7.3 Ablation Studies

Table 5.11 presents the findings from ablation studies conducted on the Kodak dataset [138]
using models such as Cui et al. [39], Contextformer, pContextformer, and eContextformer. All
models employed the same synthesis and analysis transformations but diverged primarily
in their approach to entropy modeling. Increasing the number of mixtures km of AGMM, as
shown in [47], was found to enhance the performance of both the Contextformer and eCon-
textformer by 1.6-1.9%, whereas incorporating spatio-channel attention within the context
model yields a significant performance improvement of over 6%.

In contrast to the straightforward parallelization approach used in pContextformer, the
integration of the proposed SC-(S)W-MHA mechanism, alongside complexity optimiza-
tion techniques, allowed the eContextformer to achieve a more favorable performance-to-
complexity balance. Fine-tuning with higher resolution images also proved beneficial for
both Contextformer and eContextformer. However, sliding window attention exhibited less
stability during training with higher-resolution images, which may have contributed to the
modest performance gains observed with the Contextformer. Furthermore, fine-tuning re-
duced discrepancies between training and testing at different image resolutions, thereby di-
minishing the relative performance gains provided by oRDO in fine-tuned models compared
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to those without fine-tuning.
Notably, oRDO does not affect the entropy model’s complexity on the decoder side, as

it is implemented solely during the encoding phase. Each oRDO iteration involves one for-
ward pass and one backward pass through the entropy model (see Algorithm 3), with the
backward pass carrying approximately twice the computational load of the forward pass, as
described in [173], [199]. Consequently, the complexity of the encoder side entropy model,
with n oRDO iterations, is projected to be three times that of the encoder without oRDO. Ad-
ditionally, across all models, the decoder side entropy model complexity remains marginally
lower (approximately 9 kMACpp) due to the non-utilization of the hyperprior’s analysis
transform (ha) during the decoding process.

5.7.3.1 Visual Results

The visual quality comparison in Figs. 5.12 and 5.13 highlights the effectiveness of the eCon-
textformer models with oRDO compared to traditional codecs, BPG [91] and VTM 16.2 [178].
The two uncompressed images from Kodak [138] dataset, kodim07 and kodim23, and enlarged
crops compressed by BPG [91] and VTM 16.2 [178], are presented to demonstrate the results.
For a fair comparison, images were compressed using each algorithm, targeting similar bi-
trates.

Across the two images, traditional codecs exhibit typical artifacts, including smear and
aliasing, particularly noticeable in regions with intricate textures and sharp edges. The e-
Contextformer models with oRDO produce sharper edges, more vivid colors and excel in
preserving finer structure and texture details, offering better perceptual quality at similar
bitrates.

Objectively, the MSE-optimized eContextformer achieves superior PSNR (e.g., 35.065 for
kodim07, compared to 34.069 by VTM 16.2 [178]). In contrast, the MS-SSIM-optimized model
excels in preserving perceptual quality, maintaining texture grain and structural integrity.
This advantage is reflected in its higher MS-SSIM scores, particularly for kodim07, where it
reaches 0.991, surpassing both VTM 16.2 [178] and BPG [91].

Similar trends are observed for kodim23 at lower bitrates. The MSE-optimized model
achieves a PSNR of 32.892 at 0.065 Bpp, outperforming both VTM 16.2 [178] (32.150 at 0.071
Bpp) and BPG [91] (31.200 at 0.077 Bpp), delivering clearer and less noisy reconstructions.
Meanwhile, the MS-SSIM-optimized model, with an MS-SSIM of 0.972, emphasizes struc-
tural fidelity over pixel fidelity, trading slight reductions in PSNR for improved perceptual
quality.

5.8 Chapter Summary

This chapter provided an in-depth investigation of state-of-the-art LIC frameworks with par-
allel context models, particularly focusing on grouped latent coding techniques. It identi-
fied key limitations of existing methods regarding context modeling capability (as discussed
in Chapter 4), performance degradation due to parallelization, and the increased model com-
plexity associated with parallel approaches. To address these challenges, the chapter ex-



5.8. Chapter Summary 111

plored techniques building upon the Contextformer framework, ultimately leading to the
development of the Efficient Contextformer (eContextformer), a transformer-based archi-
tecture that combines multiple grouping techniques and introduces a novel spatio-channel
shifted window attention mechanism.

Comprehensive experiments and ablation studies explored design choices, including at-
tention mechanism configurations, and training strategies based on findings from Chap-
ter 3. These experiments offered valuable insights into balancing performance and com-
plexity, resulting in significant optimizations that improved both speed and efficiency. In
terms of PSNR, eContextformer showed substantial improvements, achieving up to 13% bi-
trate savings over VTM 16.2 [178] and outperforming state-of-the-art LIC frameworks on test
datasets.

The chapter also introduced several architectural and algorithmic optimizations that re-
duced model complexity and runtime, including dynamic attention scaling and computa-
tion caching. These advancements led to a 145x reduction in model complexity and a 210x
increase in decoding speed compared to Contextformer. Crucially, these optimizations en-
abled support for per-image optimization strategies such as oRDO, allowing eContextformer
to achieve up to 17% bitrate savings over VTM 16.2 [178]. Visual examples further demon-
strated eContextformer’s ability to deliver higher perceptual quality at lower bitrates com-
pared to state-of-the-art approaches.
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Original BPG VTM 16.2
eContextformer

(MSE)
eContextformer

(MS-SSIM)

Bpp PSNR MS-SSIM

BPG 0.227 32.515 0.977

VTM 16.2 0.224 34.069 0.983

eContextformer
(MSE)

0.205 35.065 0.985

eContextformer
(MS-SSIM)

0.210 32.290 0.991

Figure 5.12: The kodim07 image from the Kodak [138] dataset, and several crops from the images com-
pressed by BPG [91], VTM 16.2 [178], eContextformer using oRDO (optimized for MSE or MS-SSIM),
where each algorithm requires about 0.22Bpp.
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Original BPG VTM 16.2
eContextformer

(MSE)
eContextformer

(MS-SSIM)

Bpp PSNR MS-SSIM

BPG 0.077 31.200 0.937

VTM 16.2 0.071 32.150 0.946

eContextformer
(MSE)

0.065 32.892 0.952

eContextformer
(MS-SSIM)

0.072 30.196 0.972

Figure 5.13: The kodim23 image from the Kodak [138] dataset, and several crops from the images com-
pressed by BPG [91], VTM 16.2 [178], eContextformer using oRDO (optimized for MSE or MS-SSIM),
where each algorithm requires about 0.07Bpp.
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Algorithm 3: Proposed oRDO method for refining latent tensors
Input: Original image x, LIC Modules {ga, gs, ha, hs, gep, fe, gc}, Lagrangian

Multiplier λ, Optimizer optimizer, Scheduler Parameters {α0, γ}, Number of
oRDO Steps NoRDO

Output: Refined Latent Tensors {yrdo, zrdo}
// Compression according to Eq. (2.22) to find the initial

parameters
1 x̂0, ŷ0, ẑ0,y0, z0, pẑ0 , pŷ0 ← compress_decompress(x, {ga, gs, ha, hs, gep, fe, gc})
// Find the initial loss according to Eq. (2.23)

2 L0 ← E[log2(pŷ0)] + E[log2(pẑ0)] + λ ·D(x, x̂0)
// Initialize oRDO parameters

3 Nsteps ← dlog(2e−7
α0

)/ log(γ)e
4 yrdo, zrdo, ŷbest, ẑbest,Lbest, αi ← y0, z0, ŷ0, ẑ0,L0, α0

5 foreach i in [1,...,NoRDO] do
// Compress according to Eq. (2.22) without computing ŷ and

ẑrdo
6 ŷrdo, ẑrdo ← Q(yrdo), Q(zrdo)
7 x̂rdo ← gs(ŷrdo)
8 pŷrdo

, pẑrdo ← ge(gc(ŷrdo), hs(ẑrdo)), fe(ẑrdo)
// Find the current loss according to Eq. (2.23)

9 Lrdo = E[log2(pŷ0)] + E[log2(pẑ0)] + λ ·D(x, x̂0)
// Store best performing latent tensors

10 if Lrdo < Lbest then
11 ŷbest, ẑbest,Lbest ← ŷrdo, ẑrdo,Lrdo
12 end

// Compute gradients according to Lrdo
13 Lrdo.backward()

// Update latent space parameters with αi

14 yrdo, zrdo ← optimizer.update(yrdo, zrdo, αi)
// Update αi according to Eq. (5.4)

15 αi ← α0γ
i

16 end



Chapter 6

Conclusion

The rapid growth of online media sharing, storage, and the increasing demand for higher
quality visual content have created unprecedented pressure on storage and transmission
systems. As camera and rendering technologies evolve, and as the volume of visual content
continues to surge, the need for more advanced, scalable, and efficient compression tech-
niques becomes critical. Traditional, hand-engineered codecs have made significant strides
but are increasingly limited in their ability to handle the rising complexity and variability of
modern visual data.

In contrast, deep learning approaches have transformed the field of computer vision,
offering greater flexibility and efficiency in handling complex data structures. Among these
innovations, learned image compression (LIC) has emerged as a promising alternative, lever-
aging deep neural networks to generate powerful latent representations of images and us-
ing learned entropy models for efficient compression. Learned entropy modeling, particu-
larly context modeling, plays a crucial role in reducing bitrate while maintaining high image
quality. However, as this thesis has identified, existing context models in LIC have not yet
reached their full potential in balancing compression performance with computational effi-
ciency.

Attention-based neural networks, such as transformers, have shown a unique ability to
capture complex, long-range dependencies in data, making them ideal candidates for ad-
vancing context modeling within LIC frameworks. This thesis builds upon this motivation,
proposing novel transformer-based context models to address the current limitations and
push the boundaries of context modeling in LIC.

6.1 Conclusion

This thesis introduces two innovations in the field of learned image compression, namely,
Contextformer and Efficient Contextformer (eContextformer), aimed at enhancing both com-
pression performance and computational efficiency. These transformer-based context mod-
els address key limitations identified in state-of-the-art approaches, particularly in their abil-
ity to fully exploit spatial and channel-wise dependencies, while reducing computational
overhead.

Contextformer introduced a dynamic and content-adaptive context model, utilizing a
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novel Spatio-Channel Multi-head Attention (SC-MHA) mechanism. This approach allowed
the model to capture both spatial and cross-channel dependencies, improving the accuracy
of the context model and leading to significant rate-distortion performance gains. Exten-
sive experiments demonstrated that Contextformer achieved up to an 11% reduction in BD-
Rate [169] for PSNR compared to traditional coding standard VTM 16.2 [178], while also out-
performing existing LIC frameworks on test datasets, including Kodak [138], CLIC2020 [140]
and Tecnick [139] datasets.

While the Contextformer with SC-MHA delivers noticeable compression gain, it also
increases the runtime complexity of context modeling. To optimize the encoder-side and
decoder-side implementations, the architecture of the SC-MHA was improved by introduc-
ing sliding-window processing for efficient coding of high resolution images, alongside with
proposed algorithmic optimizations such as Batched Dynamic Sequence processing (BDS),
Skipped intermediate Channel-Segments processing (SCS), and 3D Wavefront Coding (3D-
WC). These algorithmic optimizations determine the independent sliding-window positions
prior to context modeling to parallelize their processing during actual context modeling.
The combination of these optimizations led up to 10x faster encoding and 2x faster decoding
compared to baseline implementation of the Contextformer, while keeping its architecture
unchanged.

Despite its high compression performance, Contextformer remained computationally in-
tensive, due to its inherit serial autoregressive context modeling approach, where each latent
element is modeled sequentially. To overcome this challenge, Efficient Contextformer (eCon-
textformer) was developed as a more computationally efficient alternative. By combining
several existing parallelization techniques, such as patch-wise and checkered grouping, with
a novel Spatio-Channel Shifted Window Multi-head Attention (SC-SW-MHA) mechanism, e-
Contextformer drastically reduced both model complexity and runtime. Comprehensive ex-
periments on test datasets, including Kodak [138], CLIC2020 [140] and Tecnick [139] datasets,
showed that eContextformer achieved up to 13% BD-Rate [169] over VTM 16.2 [178] while
maintaining high image quality.

Additionally, the eContextformer architecture was further refined with the introduc-
tion of architectural optimizations, including the proposed Efficient Coding Group Re-
arrangement (EGR) technique. The EGR eliminates unnecessary attention computations in
latent parts, allowing the attention kernel to expand dynamically during coding. The refined
architecture enabled seamless integration of an algorithmic optimization called key-value
caching, reducing the computation of the attention mechanism even more. With the pro-
posed optimizations, eContextformer achieved a 145x reduction in model complexity and a
210x increase in decoding speed compared to Contextformer, making it suitable for real-time
and resource-constrained applications.

The proposed complexity optimizations enabled the introduction of online Rate-Distortion
Optimization (oRDO), which further enhanced eContextformer’s flexibility, enabling it to
dynamically adapt its compression strategy to the specific characteristics of each image.
This adaptability allowed eContextformer to achieve up to 17% BD-Rate [169] reduction
over VTM 16.2 [178] while maintaining high perceptual quality across a wide range of test
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datasets, including Kodak [138], CLIC2020 [140] and Tecnick [139] datasets.
Moreover, the thesis presented comprehensive ablation studies and performance evalu-

ations, which provided valuable insights into the impact of various design choices on both
compression performance and computational efficiency. These studies validated the effec-
tiveness of the proposed innovations and laid the groundwork for future research in opti-
mizing context models for LIC.

6.2 Future Work

While the contributions of this thesis significantly advance the state-of-the-art in LIC, sev-
eral potential directions for future work arise from the innovations and findings presented.
These directions explore how the proposed Contextformer and eContextformer models can
be extended and improved, and they highlight challenges that remain in the broader field of
LIC. Below is the author’s proposal for future research topics of key importance:

1. Investigating Alternative Loss Functions: This thesis primarily used MSE and com-
plementary MS-SSIM [160] (1−MS-SSIM) loss functions to maximize performance for
PSNR and MS-SSIM [160] metrics. More perceptually optimized metrics, such as
NLPD [164] and VMAF [166], could be explored both for training and testing. For
instance, the JPEG AI standardization activity [79] evaluates performance across nine
different metrics (see Section 3.2) but still trains its models using a combination of MSE
and complementary 1−MS-SSIM. The challenge here lies in balancing different metric
requirements. Optimizing for perceptual metrics may lead to models with high sub-
jective quality but lower pixel fidelity, resulting in visually appealing images that dif-
fer significantly from the original content. Additionally, using different loss functions
makes it harder to compare models directly, as each may prioritize different quality
aspects, potentially masking the true effects of the proposed methods.

2. Extension to More Complex Media Types: The proposed transformer-based (e)Con-
textformer models could be extended to handle more complex media data types, such
as 3D images and video. These models already extend typical spatial attention to
spatio-channel attention, so incorporating an additional temporal dimension would
be a natural evolution. For example, the Joint Video Exploration Team (JVET) [200]
has shown interest in deep learning for video compression, where these advancements
could be particularly useful. However, this extension would increase complexity, ne-
cessitating further research into how to efficiently scale these models for larger data
volumes and dependencies in video streams.

3. Complexity Reduction for Mobile Devices: When extending the proposed methods
to video compression or higher-resolution images, complexity becomes even more crit-
ical, especially for mobile devices with limited processing power. This thesis focused
on efficient attention mechanisms, adhering to the traditional definition of attention as
described in Section 2.3.4. Future work could explore more computationally efficient
methods, such as low-rank matrix approximations [201], [202], sparse attention [203],
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[204], or even linearized [205], [206] attention mechanisms. However, these simpli-
fications often involve performance trade-offs. The key challenge is minimizing the
degradation in performance while gaining computational efficiency.

4. Investigating Advanced Latent Grouping Techniques: The SC-(S)W-MHA mecha-
nism proposed in this thesis is a fusion of widely adopted latent grouping techniques,
such as patch-wise, channel-wise, and checkered grouping. There may be undiscov-
ered ways of grouping latents to optimize computation further, allowing the context
model to focus only on the necessary parts of the tensor on the decoder side. A promis-
ing approach in this direction, published recently in Mentzer et al. [207], uses pseudo-
random sequences to minimize mutual information within coding groups. However,
further research into heuristic or learned grouping methods tailored to the dynamics of
the underlying transform coding could improve performance. The challenge here lies
in learning sparse, discrete groupings with neural networks, which remains a difficult
problem.

5. Adapting (e)Contextformers to the Transform Coding Stage: The focus of this the-
sis was on optimizing learned entropy modeling, particularly context modeling, while
maintaining the rest of the compression framework for fair comparisons. Future work
could explore the application of attention mechanisms like SC-MHA and SC-SW-MHA
to the transform coding stage, enabling better exploitation of dependencies between
intermediate transform outputs. However, introducing autoregressive attention in the
transform coding stage may reduce performance and throughput, as all tensor ele-
ments are already available simultaneously. Methods that apply attention computa-
tion by clustering elements, such as those presented in [208]–[210], could be adapted to
selectively mask unnecessary computations during this stage to maintain efficiency.

Each of these research directions presents its own challenges but offers exciting opportu-
nities to push the boundaries of learned compression, enabling more efficient, scalable, and
adaptive solutions for the growing demands of modern multimedia applications.
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