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Abstract

Image coding is a fundamental technology for visual communication, storage, and
intelligent sensing. Over the past decade, end-to-end learned image coding (LIC)
has shifted codec design from hand-crafted transforms and fixed decoder pipelines
toward data-driven optimization of nonlinear transforms, quantization, entropy
models, and reconstruction objectives. This article reviews still-image LIC from
its variational-autoencoder foundations to its current deployment-oriented phase.
We organize the field around two linked questions: how learned codecs obtain
rate–distortion gains, and what is required for reliable practical use. We system-
atize the literature on learned transforms, quantization, entropy modeling, and
rate–distortion objectives, then review variable-rate control, integer-precision
inference, cross-platform decoder consistency, robustness, lightweight implemen-
tation, and standardization. We also introduce TinyLIC as an open benchmark
and reproducible case study for rate–distortion–complexity analysis; under peak
signal-to-noise ratio (PSNR)-based Bjontegaard delta-rate (BD-rate) evaluation,
its low-complexity variant, measured at 10 thousand multiply–accumulate oper-
ations per pixel (KMACs/pixel), requires about 15% lower bitrate than the
H.265/High Efficiency Video Coding (HEVC) image-profile anchor at equivalent
PSNR on Kodak, while its 50 KMACs/pixel variant matches or slightly surpasses
the H.266/Versatile Video Coding (VVC) image-profile anchor on several test
sets. By connecting algorithmic evolution, deployment requirements, and repro-
ducible benchmarking, this review provides a practical reference for industrial
adoption and standardization, clarifying how learned image codecs can progress
from rate–distortion gains to deployable and interoperable compression systems.
Materials are accessible at https://njuvision.github.io/TinyLIC/.

Keywords: learned image coding, neural compression, rate–distortion optimization,
perceptual compression, deployment, visual communication
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1 Introduction

Image coding has long been a cornerstone of visual communication systems [158, 319].
It supports a wide range of Internet-based multimedia services, including social photo
sharing, cloud storage, online advertising, video-on-demand, live streaming, and video
conferencing. For more than three decades, mainstream image coding standards have
largely followed a modular and rule-driven design philosophy [28, 298, 365]. Rep-
resentative codecs improve compression efficiency by refining individual components
such as transform [75], prediction [191], quantization [117], and entropy coding [316],
while maintaining interoperability through carefully specified bitstream syntax and
standardization procedures. This paradigm has achieved remarkable success, but its
components are mostly hand-crafted and optimized within a constrained design space.

Over the past decade, image compression has undergone a paradigm shift driven
by deep learning. By learning compact latent representations directly from data, end-
to-end learned image coding (LIC) frameworks [57, 92, 139, 245, 258] have surpassed
the Joint Photographic Experts Group (JPEG) standard [365], JPEG 2000 [208],
and even image-profile anchors derived from modern video coding standards, includ-
ing Better Portable Graphics (BPG; H.265/High Efficiency Video Coding (HEVC)
image-profile anchor) and VTM Intra (H.266/Versatile Video Coding (VVC) image-
profile anchor) [28, 298], on many public benchmarks in terms of rate–distortion (R–D)
performance [83, 151].

This progress marks an important shift in the history of image coding. The advan-
tage of learned codecs is not merely the use of deeper networks. Rather, it comes from
the joint optimization of representation learning, probability modeling, quantization
behavior, and reconstruction quality. This optimization framework also accommo-
dates perceptual realism and machine-task-oriented objectives, extending LIC toward
ultra-low-bitrate communication [180] and machine intelligence [94].

However, as LIC matures, the field’s primary bottleneck is shifting. The central
question is no longer only whether learned codecs can achieve better R–D curves,
but also whether they can operate as reliable, controllable, efficient, and interoperable
compression subsystems in real communication environments. Practical deployment
imposes constraints that are often underrepresented in academic benchmarks, includ-
ing computational complexity, decoding latency, rate-control flexibility, robustness to
content variation and perturbations, and compatibility with heterogeneous hardware
platforms [348].

This shift has redirected attention from performance-driven model design to
system-oriented codec design. Recent studies have explored lightweight architec-
tures [26], low-complexity entropy models [137], variable-rate and multi-rate cod-
ing [54], robustness under distribution shifts and adversarial perturbations [55], model
quantization and integer inference [346], and hardware-friendly implementations [49].
In parallel, the standardization of JPEG Artificial Intelligence (JPEG AI)1 [12] and
IEEE 1857.112 [338] indicates that LIC is moving from academic prototypes toward
industrial validation. These developments motivate a survey that treats compression
efficiency, deployability, and interoperability as coupled design objectives.

1https://jpeg.org/jpegai/
2https://standards.ieee.org/ieee/1857.11/10691/
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Table 1 Comparison of relevant learned image compression surveys.

Survey Year
Core

architecture
Perceptual

coding
Practical
functions

Performance
evaluation

Reproducible
benchmark

Ma et al. [267] 2019 ✓ ✗ ✗ ✗ ✗

Liu et al. [238] 2020 ✓ ✓ ✗ ✓ ✗

Ding et al. [83] 2021 ✓ ✗ ✗ ✓ ✗

Hu et al. [151] 2021 ✓ △ ✗ ✓ ✓

Mishra et al. [277] 2022 ✓ △ ✗ ✓ ✗

Jamil et al. [160] 2023 ✓ ✗ ✗ ✓ ✗

Zhang et al. [436] 2023 ✓ ✓ ✗ ✓ ✗

Chen et al. [64] 2024 ✓ ✓ ✗ ✓ ✗

Chen et al. [48] 2024 ✓ ✓ ✗ ✗ ✗

Huang et al. [153] 2024 ✓ ✓ ✗ ✓ ✗

Ours 2026 ✓ ✓ ✓ ✓ ✓

Note: ✓ : clear coverage; ✗ : no coverage; △ : partial or limited coverage. A topic is marked
as clear coverage when a survey contains a dedicated section, table, or repeated discussion;
partial coverage denotes brief or indirect treatment.

This article is therefore written as a survey and tutorial on end-to-end LIC for
still images. Its scope is the line of codecs that optimize analysis–synthesis transforms,
quantization strategies, entropy models, and reconstruction objectives in an end-to-
end manner, mainly from the resurgence of deep compression around 2015–2017 to
the current standardization and deployment phase. Foundation-model-assisted com-
pression, implicit representations for compression, as well as the extension to learned
video coding are not surveyed exhaustively. They are discussed only when they clarify
the boundaries and future trajectory of learned image coding.

1.1 Survey Criteria

This survey was assembled through a structured narrative review process covering lit-
erature from 2015 to June 2026, with emphasis on the period after end-to-end learned
image compression became a reproducible research topic. We screened papers from
major machine learning, computer vision, multimedia, signal processing, and com-
munications venues, including NeurIPS, ICML, ICLR, CVPR, ICCV, ECCV, ACM
Multimedia (ACM MM), DCC, PCS, ICIP, TIP, TMM, TCSVT, and related IEEE
venues. We also considered arXiv preprints when they showed clear field influence
through open-source adoption, repeated benchmark use, released implementations, or
standardization-relevant evidence. Backward and forward citation tracing from rep-
resentative codecs, standards documents, benchmark reports, and prior surveys was
then used to refine both coverage and taxonomy.

Papers were included when they met at least one of the following criteria: (i)
proposing a core LIC component, such as a transform, quantizer, entropy model,
variable-rate mechanism, or optimization objective; (ii) reporting reproducible evalua-
tion on public image-compression benchmarks, such as Kodak, Tecnick, Challenge on
Learned Image Compression (CLIC), JPEG AI test material, or related common test
sets; (iii) addressing deployment constraints, including complexity, latency, quantiza-
tion, robustness, rate control, network resilience, or cross-platform consistency; or (iv)
contributing to standards, common test conditions, or reference software, including
JPEG AI and IEEE 1857.11.
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Given this context, this survey centers on end-to-end LIC as a representative and
relatively mature branch of learned visual compression. Compared with video cod-
ing, still-image coding currently benefits from more stable benchmarks, lower system
complexity, more concrete standardization progress to date, and stronger near-term
deployment potential. It therefore provides a tractable entry point for understanding
how learned compression is evolving from algorithmic innovation to practical codec
design. Rather than listing R–D gains alone, this survey emphasizes the transition
from neural compression models to deployable compression systems.

To provide a structured overview, we organize end-to-end LIC from two comple-
mentary perspectives. The architectural perspective explains how learned transforms,
signal quantization, entropy models, and optimization objectives interact to deter-
mine coding efficiency. The system perspective explains how variable-rate control,
cross-platform consistency, robustness, lightweight deployment, and standardization
determine whether a learned codec can function in real communication pipelines. This
two-level taxonomy connects the historical evolution of neural codec architectures with
the emerging requirements of practical deployment. Accordingly, Sec. 2 focuses on
architectural foundations, Sec. 3 focuses on system-level deployment issues, and Sec. 4
connects the two through a reproducible deployment-oriented case study.

The main scope and contributions of this survey are summarized as follows.

• Architectural foundations and taxonomy (Sec. 2): We review the evolution
of end-to-end LIC through its core components and explain how analysis–
synthesis transforms, signal quantization, entropy modeling, and R–D objectives
jointly produce coding gains.

• System-level deployment analysis (Sec. 3): We examine system-level issues
that determine practical viability, including variable-rate coding, rate control,
model quantization, cross-platform consistency, robustness, lightweight deploy-
ment, and standardization progress.

• Reproducible case study and open benchmark (Sec. 4): We introduce
TinyLIC as a lightweight reference platform for studying practical LIC design
under controlled conditions. The benchmark is used to analyze rate–distortion–
complexity trade-offs, controllability, robustness, progressive transmission, loss
resilience, and deployability.

• Outlook and open problems: We identify and discuss open challenges in
coding for intelligence, neural scene representations, foundation-model-assisted
compression, complexity, and interoperable standards.

Existing reviews have played important roles in mapping the early development
of neural visual coding. Ma et al. [267] reviewed neural-network-based image and
video compression at a stage when many methods were still connected to traditional
coding modules, while Liu et al. [238] and Ding et al. [83] emphasized deep tools and
case studies for video coding systems. These works clarified how neural networks can
improve prediction, transform, filtering, post-processing, and early end-to-end coding
pipelines. However, their main focus is the transition from hand-crafted or hybrid
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Fig. 1 A variational-autoencoder (VAE)-based LIC. The analysis transform maps the input image
into latents that are then quantized and entropy-coded. The decoder reconstructs the image using
the entropy-decoded latents and the synthesis transform.

codecs to learning-based coding tools, rather than the deployment requirements of
mature end-to-end still-image codecs.

More recent image-oriented surveys provide broader coverage of learned image com-
pression architectures and benchmarks. Hu et al. [151] offered an influential benchmark
and organized end-to-end LIC around network architectures, entropy models, and rate
control; Mishra et al. [277] and Jamil et al. [160] further summarized deep architec-
tures and learning-driven lossy image compression methods. In parallel, perceptual and
generative coding surveys [48, 64, 436] focus on visual quality, generative priors, and
perceptual optimization, while Huang et al. [153] connects LIC with human-machine
coding and emerging standards. These reviews provide valuable algorithmic and con-
ceptual context, but deployment-oriented issues such as integer inference, decoder
consistency, entropy-coder runtime, robustness, rate-control guarantees, lightweight
implementation, and standard conformance are usually discussed separately or only
as future challenges.

This survey therefore extends prior work by treating deployability as a central
organizing dimension rather than an afterthought. We first review the architec-
tural mechanisms that produce R–D gains, and then examine how these mechanisms
interact with practical constraints required by real communication, storage, and edge-
intelligence systems. The inclusion of TinyLIC further turns this discussion into a
reproducible case study for rate–distortion–complexity, controllability, robustness, pro-
gressive transmission, and loss resilience. Table 1 summarizes these differences from
representative prior surveys.

2 Core Framework

For clarity, this survey uses learned image coding (LIC) to denote still-image com-
pression systems whose transform, entropy model, and reconstruction objective are
optimized from data. We use end-to-end LIC when the analysis transform, differ-
entiable quantization relaxation, entropy model, and synthesis transform are trained
jointly under a coding objective. The term neural image coding is used only as a
broader synonym when discussing the literature. Unless otherwise stated, quantization
in Sec. 2 refers to signal quantization of latent variables, whereas model quantization
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Table 2 Frequently used acronyms and metrics in this survey.

Acronym Description

General concepts and model families
LIC Learned image coding
VAE Variational autoencoder
CNN Convolutional neural network
GAN Generative adversarial network

Objectives, metrics, and complexity
R–D Rate–distortion
R–D–P Rate–distortion–perception
BPP Bits per pixel
MSE Mean squared error
PSNR Peak signal-to-noise ratio
MS-SSIM Multi-scale structural similarity
LPIPS Learned perceptual image patch similarity
FID Frechet inception distance
BD-rate Bjontegaard delta rate
CTC Common test conditions
KMACs/pixel Thousand multiply–accumulate operations per pixel

Codecs, standards, and anchors
HEVC High Efficiency Video Coding
VVC Versatile Video Coding
BPG H.265/HEVC image-profile anchor
VTM Intra VVC Test Model in intra/image-profile configuration
JPEG AI JPEG Artificial Intelligence standard
IEEE 1857.11 Neural network-based image coding standard

for hardware deployment is discussed separately in Sec. 3.2. Methods focused pri-
marily on learned post-processing, learned enhancement, purely lossless compression,
neural rendering, or implicit scene representation are outside the core scope unless
they directly clarify still-image LIC mechanisms or deployment boundaries.

In rate–distortion theory, high-dimensional vector quantization (VQ) can approach
optimal compression performance [118, 125], but its practical use is severely limited
by the curse of dimensionality. As the source dimension increases, both the size of
the reproduction codebook and the complexity of nearest-codeword search grow expo-
nentially [22]. For high-dimensional signals such as images, prevailing image codecs
therefore rely on transform coding, which decomposes compression into a set of
more tractable modules: transform, quantization, and entropy coding. These modules
are jointly designed and optimized under the R–D principle [123, 384], forming the
foundation of modern image compression systems.

Since the mid-20th century, researchers and engineers have primarily relied on
physical principles and statistical methods to design and optimize the aforementioned
modules. Representative milestones include entropy-optimal prefix codes such as Huff-
man coding [156], and energy-compacting linear transforms such as the Discrete Cosine
Transform (DCT) [5]. While early attempts to incorporate neural networks into image
coding dated back to the late 1980s [74, 81, 88, 171], their impact remained limited due
to a lack of efficient training methods and computational resources. It was not until
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Fig. 2 Taxonomy of representative works in end-to-end LIC. Existing studies are organized from two
complementary perspectives: core framework, including transform, quantization, entropy modeling,
and optimization; and practical extensions, including flexibility, robustness, consistency, standardiza-
tion, etc.

the resurgence of deep learning that end-to-end LIC solutions began to demonstrate
competitive performance, marking a turning point around 2015–2017 [19, 56, 354].

Most end-to-end LIC frameworks are built upon the variational autoencoder (VAE)
paradigm [124, 189], which offers a probabilistic interpretation of transform coding. As
illustrated in Fig. 1, these frameworks retain the classical coding pipeline of transform,
quantization, and entropy coding, but implement its key components using neural
networks and optimize them jointly. In this formulation, an analysis transform fθ maps
an input image x into a latent representation y = fθ(x), which is then quantized into
discrete symbols ŷ. These symbols are compressed by an entropy coder according to
a learned probability model, while a synthesis transform gθ reconstructs the image as
x̂ = gθ(ŷ). At the communication-system level, the learned encoder and entropy coder
must produce a standards- or implementation-specific bitstream that satisfies storage,
channel, network, and decoder-consistency constraints before the reconstruction is
consumed by either human viewers or machine-vision modules.

The main strength of the VAE formulation lies in its ability to unify represen-
tation learning and probabilistic modeling within a single end-to-end optimization
framework. In practice, learned codecs are trained by minimizing a Lagrangian R–
D objective that balances reconstruction distortion and expected code length. This
formulation generalizes classical transform coding while providing a flexible foun-
dation for incorporating learned priors, context models, adaptive quantization, and
increasingly expressive neural transforms.

In the following sections, we review transform design, quantization mechanisms,
entropy modeling, rate estimation, and end-to-end optimization strategies.
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Fig. 3 Representative transform paradigms in LIC, including hierarchical, convolutional, attention-
based, state-space, and graph-based transforms. These designs differ in their receptive fields,
dependency modeling mechanisms, and computational characteristics: convolution aggregates local
neighborhoods, attention establishes explicit long-range interactions, state-space models propagate
context along scan paths, and graph transforms capture irregular relations through nodes and edges.
The red box denotes the target region; lines indicate dependency connections, which may be local,
global, or irregular depending on the transform; arrows represent sequential state propagation.

2.1 Transform

Similar to classical DCT or wavelets, the learned analysis transform fθ aims to
produce representations that are compact and approximately decorrelated, thereby
facilitating subsequent quantization and entropy coding. Unlike handcrafted linear
transforms, neural transforms are highly nonlinear and data-adaptive, enabling more
flexible approximation of complex image manifolds, thereby yielding improved R–D
performance.

2.1.1 Convolutional transforms

Since the inception of modern LIC, convolutional neural networks (CNNs) have served
as the dominant backbone for learned transforms, owing to their strong inductive
bias toward local spatial correlations and their computational efficiency on modern
hardware. The origin of this line of research can be traced back to around 2015, when
works such as [18, 23] demonstrated that deep convolutional architectures can learn
effective nonlinear analysis–synthesis mappings directly from data, often surpassing
traditional codecs at comparable bitrates.

Subsequent studies [7, 17, 19, 66, 67, 169, 170, 218, 219, 352] progressively improved
CNN-based transforms through deeper architectures, residual connections, content-
adaptive modulation, enlarged receptive fields, and carefully designed nonlinearities.
Despite their effectiveness, conventional CNN-based transforms remain primarily
biased toward local aggregation, making it difficult to explicitly capture long-range
spatial dependencies. To mitigate this limitation, non-local-attention-based image
compression (NLAIC) [57, 241] incorporated non-local attention into CNN-based
transforms, allowing distant spatial positions to interact directly within an otherwise
convolutional architecture. This represents an important intermediate step from purely
local convolutional transforms toward hybrid designs with explicit global-context mod-
eling. It also points to the later shift toward Transformer-based transforms, where
self-attention becomes a central mechanism for representation learning.
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2.1.2 Transformer-based transforms

Building upon this trend toward global-context modeling, Transformer architec-
tures [253, 292, 363] have been increasingly introduced into neural image compression.
Around 2022, Transformer-based LIC [14, 186, 194, 257, 258, 274, 303, 451, 453]
emerged as a major research direction, introducing sequence modeling paradigms
into transform design. By leveraging self-attention, these models capture long-range
dependencies and dynamically adapt their receptive fields, yielding more expres-
sive latent representations than purely convolutional approaches. This is particularly
advantageous for high-resolution images and structured visual content.

However, the quadratic complexity of standard self-attention limits scalability in
practical deployment. To address this issue, a variety of efficient architectures have
been proposed, including window-based attention [453], hierarchical attention [186],
and spatio-channel attention [194, 437]. Hybrid CNN–Transformer architectures [245]
further attempt to balance local inductive bias and global modeling capability. More
recently, linear-complexity attention mechanisms [100] have been explored to improve
scalability for high-resolution and resource-constrained scenarios.

2.1.3 Mamba-based transforms

Beyond Transformers, state-space models (SSMs) have recently been explored as an
alternative paradigm for learned transform design. Instead of explicitly computing
pairwise token interactions as in self-attention, SSMs aggregate contextual infor-
mation through recurrent state transitions, offering linear complexity with respect
to sequence length. Built upon selective SSMs, Mamba further introduces input-
dependent state propagation, enabling content-adaptive long-range modeling with
improved efficiency. Recent Mamba-based codecs, including MambaIC [416], Mam-
baVC [304], CASSIC [305], and CMIC [60], incorporate such selective state-space
representations into LIC to efficiently capture long-range spatial dependencies. Early
evidence suggests that these methods may offer a trade-off between the representation
capability of Transformers and the efficiency of CNN-based architectures, although
their deployment maturity remains less established than that of CNN–hyperprior
families.

2.1.4 Hierarchical transform paradigm

While most LIC models adopt a single-scale VAE architecture, more recent approaches
have explored hierarchical transform designs to improve representation capacity. In
this paradigm, an image is encoded into a hierarchy of latent variables at multiple
spatial resolutions3. Such representations naturally support coarse-to-fine modeling,
where low-resolution latents capture global structures and higher-resolution latents
progressively refine local details.

Early attempts in this direction [37, 150, 281] introduced coarse-to-fine refinement
frameworks by aggregating multi-scale latent representations through concatena-
tion. More principled approaches, such as the QARV series [92, 93, 440], explicitly

3Unlike hyperprior or autoregressive latent variables used solely for entropy estimation, these hierarchical
latents directly contribute to image reconstruction.
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model latent variables as additive residual components across multiple layers. This
hierarchical decomposition enables progressive reconstruction and reduces reliance
on computationally expensive spatial autoregressive entropy models. Extensions to
video coding further integrate spatial and temporal hierarchies within a unified
framework [259, 260], demonstrating the generality of hierarchical representation
learning.

2.1.5 Alternative transform architectures

In parallel, several alternative transform paradigms have been explored. They can be
viewed as complementary ways to introduce non-grid dependency modeling, invertible
likelihood-preserving mappings, or frequency/subband priors into learned transforms.
Graph neural networks (GNNs) [61, 337, 349, 395] model images as irregular graphs,
enabling a more flexible representation of structural relationships than grid-based
convolutions. Invertible neural networks and normalizing flows [109, 114, 143, 377, 386]
aim to construct bijective transforms, enabling theoretically information-preserving
latent mappings and exact likelihood estimation.

Another line of work explores frequency-domain representations. Methods such
as [110, 172, 368] and FTIC [215] introduce frequency-aware transform designs
to better capture frequency-dependent structures, while iWave [266] and WeCon-
vene [107] explicitly leverage wavelet-domain representations for multi-scale subband
decomposition.

SQ Traditional VQ Lattice VQ Non-Uniform Q Soft / Hard Q

Hard Quant

Soft Quant

Codebook

Quant 
boundary

Fig. 4 Illustration of representative quantization mechanisms in LIC. Scalar quantization (SQ) uses
independent scalar intervals, while vector quantization (VQ) and lattice VQ form learned or struc-
tured partitions of the latent space. Non-uniform quantization adapts decision boundaries to latent
statistics, and soft-to-hard quantization bridges differentiable training and hard discretization. Orange
dots denote codewords and pale lines denote quantization boundaries.

2.1.6 Discussion and Perspective

The evolution of transform design in LIC reflects a clear transition from handcrafted
local transforms to highly expressive, data-driven nonlinear transforms. Existing
approaches increasingly converge toward three major directions: (i) global con-
text modeling, (ii) hierarchical representation learning, and (iii) resource-efficient
computation.

Despite substantial progress, several fundamental challenges remain open. First,
hierarchical representations are often difficult to optimize due to redundancy in rep-
resentations across latent layers. Recent work such as DHIC [78] attributes this issue
to insufficient inter-layer disentanglement and introduces explicit regularization to
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enforce frequency-aware coarse-to-fine decomposition. Interestingly, DHIC achieves
state-of-the-art performance using a purely CNN-based backbone, suggesting that
a well-structured representation hierarchy can reduce the reliance on more complex
backbone architectures such as Transformers.

Second, an inherent trade-off persists between global modeling capability and
computational efficiency. Although Transformers and SSMs substantially improve
representation power, their practical deployment is still constrained by latency,
memory consumption, and hardware compatibility. Consequently, CNN-based mod-
els like PICO [351] remain highly competitive in real-world systems, particularly
for low-latency and resource-constrained applications. A practical design implica-
tion is that CNN-based transforms remain attractive for low-latency deployment,
attention or SSM modules are useful when long-range dependency modeling domi-
nates, and hierarchical designs provide a natural bridge to scalability and progressive
reconstruction.

2.2 Quantization

Quantization4 is the key operation that bridges continuous neural representations and
discrete symbols in end-to-end LIC. It maps real-valued latent variables into a finite set
of symbols, making them amenable to lossless entropy coding. As such, quantization
directly determines not only the distortion introduced by discretization, but also the
statistical structure of the symbols to be modeled and compressed.

Compared with classical codecs, quantization in neural image compression intro-
duces two coupled challenges. The first is an optimization challenge: hard quan-
tization, typically implemented by rounding or nearest-neighbor assignment, is
non-differentiable and therefore incompatible with standard gradient-based training.
The second is a compact representation challenge: the choice of quantization gran-
ularity, partition geometry, and codebook structure strongly affects rate–distortion
efficiency, entropy-modeling difficulty, and computational complexity.

These two challenges determine how we organize the following discussion. We first
review scalar quantization (SQ), because it is the dominant choice in modern LIC and
exposes the training–inference mismatch most directly: discrete rounding is used at
test time, but a differentiable relaxation is needed during learning. This motivates the
discussion of additive noise, universal quantization, straight-through estimation, and
soft-to-hard relaxation as training strategies for SQ-based codecs.

We then turn to methods that change the quantization structure itself. Vec-
tor quantization (VQ), product quantization (PQ), and lattice vector quantization
(LVQ) increase representational capacity by capturing inter-dimensional dependen-
cies or imposing structured partitions, usually at higher optimization or search cost.
Non-uniform and adaptive quantizers instead reshape decision intervals according to
latent statistics, acting as implicit bit-allocation mechanisms. This organization links
the optimization issue to the first subsubsection and the representation issue to the
second.

4In this subsection, we focus on signal quantization, while model quantization for deployment is discussed
separately in Sec. 3.2.
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2.2.1 Scalar Quantization and Training Relaxations

Scalar quantization (SQ) remains the dominant paradigm in neural image compres-
sion due to its simplicity and efficiency. In SQ, each latent element is quantized
independently, typically by rounding it to the nearest integer or predefined level.
However, scalar rounding is non-differentiable, which prevents direct gradient-based
optimization. Therefore, most SQ-based learned codecs rely on differentiable training
relaxations to reconcile discrete inference with gradient-based learning.

Additive Uniform Noise (AUN). A seminal strategy is to replace hard round-
ing with additive uniform noise during training. Specifically, the quantized latent
ŷ = ROUND(y) is approximated as

ỹ = y + u, u ∼ U(−0.5, 0.5), (1)

as introduced by Ballé et al. [19, 23]. This formulation yields a differentiable relaxed
objective and enables end-to-end rate–distortion optimization. However, the resulting
rate term corresponds to the differential entropy of the perturbed variable rather than
the discrete entropy of quantized latents, leading to an objective mismatch between
training and actual coding.

Universal Quantization (UQ). To alleviate this mismatch, Choi et al. [73]
introduced universal quantization [415] with subtractive dithering:

z = ROUND(y + u)− u, u ∼ U(−0.5, 0.5). (2)

This formulation preserves exact quantization in the forward pass while making the
quantization error statistically independent of the source. It establishes an equivalence
between the discrete entropy of quantized variables and the differential entropy of their
noise-perturbed counterparts. As a result, the rate optimized during training becomes
more consistent with the true coding rate, mitigating the mismatch inherent in AUN.

Straight-Through Estimator (STE). STE [29] performs hard rounding in the
forward pass while replacing the true derivative of the quantizer with an identity
mapping during backpropagation, e.g., ∂ŷ/∂y ≈ 1. Although simple and computa-
tionally efficient, STE introduces biased gradients and ignores the statistical effect of
quantization noise, which may lead to suboptimal convergence.

Soft-to-Hard Annealing. Soft-to-hard strategies introduce differentiable relax-
ations that gradually approach hard scalar quantization during training. For example,
SHVQ [2] employs temperature-controlled soft assignments that progressively converge
to nearest-neighbor decisions. Similarly, STH [131] first trains with soft quantiza-
tion and then fine-tunes with hard quantization, thereby reducing the gap between
differentiable optimization and discrete inference. Further analyses of differentiable
quantization relaxations are provided in [1, 420].

Gradient Correction. Recent work revisits scalar quantization from an optimiza-
tion perspective. For instance, [297] identifies a gradient mismatch between entropy
modeling and quantization, and introduces correction terms into the loss function to
better align training dynamics with actual coding objectives.
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Overall, SQ-based learned codecs benefit from a simple discretization rule and
mature differentiable training relaxations. When combined with expressive entropy
models, SQ provides an effective solution and has therefore become the de facto
standard in modern neural image compression.

2.2.2 Vector Quantization (VQ) and Its Variants

In contrast to SQ, vector quantization (VQ) jointly quantizes groups of latent variables
by mapping each latent vector to an entry in a learned codebook. Formally, a latent
vector is replaced by its nearest codeword, allowing VQ to capture inter-dimensional
dependencies that scalar quantization ignores. From a rate–distortion perspective, VQ
is theoretically attractive because it can realize more flexible partitions of the latent
space than independent scalar quantization. However, these benefits come at the cost
of increased training complexity, codebook collapse risks, and higher encoding latency.
A further difficulty is that hard nearest-codeword assignment makes it challenging for
the entropy loss to directly shape the encoder-induced index distribution, which weak-
ens the coupling between codebook learning and entropy coding. As a result, many
VQ variants aim to preserve the expressiveness of joint quantization while improving
trainability, and computational efficiency.

Product Quantization (PQ). Product quantization provides a compromise
between scalar quantization and full vector quantization by decomposing high-
dimensional latent vectors into multiple low-dimensional subspaces, each quantized
independently with a small codebook [161]. This decomposition substantially reduces
the complexity of nearest-neighbor search while preserving part of VQ’s dependency-
modeling capability. Recent studies have explored PQ in neural compression. For
example, NVTC [102] introduces hierarchical PQ to improve representation effi-
ciency, while PQ-MIM [97] integrates PQ into masked image modeling for perceptual
compression.

Lattice Vector Quantization (LVQ). Lattice VQ replaces learned codebooks
with structured lattice points, enabling efficient tessellation of the latent space [164].
Compared with scalar quantization, LVQ yields more efficient Voronoi partitions and
can improve rate–distortion performance while maintaining relatively low computa-
tional complexity. However, classical LVQ relies on fixed lattice structures, which
limits its adaptability to non-stationary latent distributions. To address this limita-
tion, LVQAC [431] combines LVQ with spatially adaptive companding, allowing the
effective quantization resolution to vary across spatial locations. More recently, adap-
tive lattice VQ [388] further generalizes this idea by dynamically adjusting lattice
density to support variable-rate compression.

Non-Uniform and Adaptive Quantization. Beyond uniform quantization,
non-uniform and adaptive schemes aim to better match the distribution of latent vari-
ables. Dead-zone quantizers [222] allocate larger quantization intervals around zero,
which is particularly effective for sparse latent representations. Contextual sequential
quantization (CSQ) [116] further introduces spatially and contextually adaptive quan-
tization levels, enabling finer discretization in perceptually or semantically important
regions. These methods can be interpreted as implicit bit allocation mechanisms, where
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（a）Hierarchical AR （b） Spatial AR （c） Channel AR （d） Spatial-Channel AR 

Fig. 5 Representative context modeling strategies for entropy estimation. Hierarchical, spatial
autoregressive, channel autoregressive, and spatial–channel autoregressive models exploit different
dependency structures to improve probability estimation of quantized latents.

quantization precision is modulated according to local signal statistics to improve
rate–distortion efficiency.

2.2.3 Discussion and Perspective

The evolution of quantization in neural image compression reflects a fundamental
trade-off among representation capability, optimization tractability, and entropy-
modeling efficiency. Scalar quantization has become the dominant paradigm due to
its simplicity, scalability, and compatibility with modern entropy models, while differ-
entiable relaxations such as additive noise relaxation and straight-through estimation
enable end-to-end optimization despite the non-differentiability of rounding.

In contrast, vector quantization provides more expressive discrete representations
and is theoretically appealing from a rate–distortion perspective, but its practi-
cal adoption remains limited by codebook complexity, optimization instability, and
entropy-modeling difficulty. In particular, hard nearest-codeword assignment prevents
the entropy loss from directly shaping the encoder-induced index distribution, making
joint optimization of codebook learning and entropy coding challenging. Recent works,
such as RDVQ [173], revisit VQ from an explicit rate–distortion optimization per-
spective by introducing differentiable relaxations for discrete codebook assignments,
thereby improving the coupling between token distribution learning and entropy
modeling.

Meanwhile, progress in VQ-based generative modeling and ultra-low-bitrate com-
pression has renewed interest in structured discrete latent representations [43, 99, 181,
192]. A promising direction is to combine the scalability and entropy-modeling friend-
liness of scalar quantization with the representation power of structured VQ, while
maintaining stable and rate-aware end-to-end optimization.

2.3 Entropy Modeling

Entropy modeling aims to characterize the probability distribution of latent variables
such that the estimated distribution closely matches the true one, thereby minimizing
statistical redundancy. The expected coding rate can be expressed as

R = Eŷ∼q(ŷ)[− log2 pψ(ŷ)], (3)

where q(ŷ) denotes the empirical distribution of quantized latents and pψ(ŷ) denotes
the learned entropy model. Therefore, the effectiveness of learned image compression
critically depends on how accurately pψ(ŷ) approximates q(ŷ). For a full codec, this
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cross-entropy term is combined with auxiliary-rate terms, such as the bitrate of hyper-
latents, and with the discrete probability tables or cumulative distribution functions
used by the actual entropy coder.

Early neural compression methods relied on fixed, non-adaptive entropy coding
based on empirical symbol statistics. For instance, DeepCoder [56] directly applied
Huffman coding to quantized deep features through piece-wise histogram estima-
tion. However, such approaches fail to capture contextual dependencies among latent
variables, limiting compression efficiency.

Modern LIC has shifted toward learnable entropy modeling, which can be broadly
decomposed into two components: (i) a distribution model that specifies the parametric
form of pψ(ŷ), and (ii) a context model that conditions this distribution on auxiliary
side information or previously decoded symbols to better approximate q(ŷ).

2.3.1 Parametric Distribution

The choice of distribution family determines the expressiveness of the entropy model.
Early works adopt simple parametric distributions, while recent approaches explore
increasingly flexible formulations.

Basic unimodal distributions. The Gaussian model (GM) is the most widely
adopted choice, assuming

p(y|µ, σ) = N (y;µ, σ2), (4)

and serves as the default in most modern codecs [276], mainly due to its analytical
tractability.

Alternative unimodal distributions have also been explored. The Laplacian model
(LaM) exhibits sharper peaks and heavier tails, making it better suited for sparse or
edge-dominated latents [447]. The logistic distribution model (LoM) and its discretized
variant [272] provide improved flexibility for modeling quantized variables, particularly
in lossless or near-lossless settings.

Mixture models. To capture complex latent distributions beyond a single com-
ponent, mixture models have become increasingly popular. A representative example
is the Gaussian mixture model (GMM):

p(y) =
K∑
k=1

πkN (y;µk, σ
2
k), (5)

which significantly improves modeling capacity for textured and non-stationary
regions [57, 68, 450].

Subsequent works further generalize this idea by combining multiple distribu-
tion families, leading to hybrid models such as Gaussian–Logistic–Laplacian mixtures
model (GLLMM) [105], which demonstrate stronger fitting capability across diverse
latent statistics. More recently, generalized Gaussian models (GGM) [422] provide
a unified formulation with adaptive shape parameters, enabling better modeling of
skewness, kurtosis, and sparsity.
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2.3.2 Context Modeling

Context modeling aims to exploit dependencies among latent variables to improve
probability estimation. Its evolution reflects a progression from independence assump-
tions to increasingly expressive conditional models.

Factorized models. The earliest end-to-end framework [19] assumes indepen-
dence among latent variables:

p(y) =
∏
i

p(yi), (6)

which enables simple and fully parallelizable entropy coding. This assumption neglects
spatial and channel correlations, resulting in suboptimal rate–distortion performance.

Hyperprior models. To capture global statistical dependencies, Ballé et al. [21]
introduced the hyperprior, which models the distribution of latents conditioned on
auxiliary variables z:

p(y|z) =
∏
i

p(yi|z). (7)

Here, z is generated via a hyper encoder (typically with spatial downsampling) and
conveys side information such as local mean and scale. Due to its significantly lower
spatial resolution, z is usually modeled with a factorized prior at a relatively low bitrate
cost, thereby substantially improving entropy estimation accuracy and reducing the
overall bitrate. Hyperpriors can therefore be interpreted as learned side information
capturing global statistics, and have become a standard component in modern LIC
frameworks.

Autoregressive (AR) models. While hyperpriors capture global dependencies,
they are less effective at modeling fine-grained local correlations. Autoregressive (AR)
models address this limitation by conditioning each latent variable on previously
decoded neighbors [276]:

p(y) =
∏
i

p(yi|z, y<i). (8)

Depending on the spatial-channel dependency structure, AR models can be
categorized into:

• Spatial Autoregressive (SAR), modeling local spatial neighborhoods [210,
276];

• Channel Autoregressive (CAR), capturing inter-channel dependencies [275];
• Spatial–channel Autoregressive (SCAR), jointly modeling both dimensions

via 3D convolutions or grouped designs [57, 220].

Despite their strong modeling capabilities, AR models suffer from inherently
sequential decoding, which limits parallelism. To alleviate this issue, various acceler-
ation strategies have been proposed, including checkerboard masking [103, 106, 137],
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channel grouping [136, 139, 275], and hybrid schemes [174, 175, 194, 195, 214, 257]
that trade off dependency modeling and decoding efficiency. These methods aim to
approximate full autoregression using a limited number of parallelizable steps.

Hierarchical autoregressive (HAR) models. Recent advances extend entropy
modeling to hierarchical and multi-scale settings, inspired by hierarchical VAEs [356,
360]. In HAR, the latent space is decomposed into multiple levels:

p(y) =
L∏
l=1

p(y(l)|y(<l)), (9)

where higher-level latents capture global structures and lower-level latents encode fine
details.

Two distinct paradigms are identified. In reconstruction-oriented HAR, hierarchi-
cal latents directly contribute to image reconstruction, often in a residual [78, 92, 150,
450]. These models jointly improve representation and entropy modeling. In contrast,
entropy-oriented hierarchies (e.g., HPCM [228]) introduce multiscale latent variables
solely to facilitate probability estimation, without contributing to reconstruction.

2.3.3 Discussion and Perspective

More broadly, entropy modeling in learned image compression is closely related to gen-
erative modeling. Both aim to approximate the underlying data distribution, but differ
in their objectives: generative models focus on sampling fidelity, whereas compression
models emphasize accurate likelihood estimation. In particular, learned compression
requires calibrated probabilities that can be converted into code lengths by an entropy
coder, whereas many generative models can tolerate approximate likelihoods when
sample quality is the main objective. From this perspective, learned compression can be
viewed as a constrained form of probabilistic generative modeling under rate–distortion
optimization.

This connection explains why advances in generative modeling have consistently
influenced the design of entropy models. Early compression frameworks were built
upon VAEs, which provide a natural probabilistic formulation for rate estimation.
Subsequent works have incorporated ideas from autoregressive models and gener-
ative adversarial networks (GANs) to improve perceptual quality and dependency
modeling. More recently, emerging paradigms such as diffusion models [142, 334], nor-
malizing flows [262, 311], and frequency-domain autoregressive modeling [65] offer new
opportunities for more accurate and flexible density estimation.

2.4 Rate-Distortion Optimization

Most modern LICs can be interpreted as variational compression models trained by
backpropagation [314]. Under common VAE-style formulations [33, 124], the train-
ing objective decomposes into two competing terms: the expected code length needed
to describe the latent variables and the distortion between the input and recon-
struction. This makes the connection between variational inference and classical R–D
optimization explicit.
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Ballé et al. [22] and Duan et al. [92, 93] further showed that, for single-layer and
hierarchical VAEs, the variational objective can be cast as a rate–distortion (R–D)
optimization problem5 [342].

Concretely, the objective is to minimize distortion under a bitrate constraint, or
equivalently, to minimize bitrate under a distortion budget. Introducing a Lagrange
multiplier λ, the problem is formulated as

min
θ,ψ

LRD = Ex∼pX [R(ŷ) + λD(x, x̂)], (10)

where ŷ = Q(fθ(x)) and x̂ = gθ(ŷ). Here, fθ and gθ denote the analysis and synthesis
transforms, respectively; θ are the transform parameters; Q is the quantizer; and R(·),
parameterized by ψ, estimates the expected code length via entropy modeling; D(·, ·)
is the distortion metric.

This formulation highlights a central design axis in learned image compression: the
choice of the distortion function D(·, ·), which fundamentally determines how infor-
mation is allocated under bitrate constraints. In the following, we categorize existing
approaches into three major paradigms: objective fidelity-oriented optimization, per-
ceptual realism-oriented optimization, and machine task-oriented optimization. These
paradigms correspond to different definitions of useful information under a bitrate
constraint: pixel fidelity, human perceptual realism, and machine-task utility.

2.4.1 Objective Fidelity-Oriented Optimization

Early and still dominant approaches optimize distortion in the pixel domain, aiming to
faithfully reconstruct the original signal using point-wise or structure-aware similarity
measures.

Mean Squared Error (MSE) remains the most widely adopted distortion function
due to its simplicity, differentiability, and its direct connection to classical Gaus-
sian rate–distortion theory. Under a Gaussian source assumption, minimizing MSE is
equivalent to maximizing the log-likelihood of a Gaussian observation model:

min 1
2σ2 ∥x− x̃∥22 ⇔ max logN (x|x̃, σ2). (11)

From a variational inference perspective, such pixel-wise losses correspond to fixed
likelihood models: MSE implies an i.i.d. Gaussian assumption, while ℓ1 loss corre-
sponds to a Laplacian model [120, 189]. More generally, ℓp losses can be interpreted
as assuming generalized Gaussian distributions. Although individual images may vio-
late these assumptions, dataset-level statistical averaging makes such losses effective
in practice.

To better align with human visual quality sensation, Structural Similarity
(SSIM) [378] and its multiscale extension MS-SSIM [380] were introduced. Unlike pixel-
wise errors, these metrics explicitly model local luminance, contrast, and structural

5In classical information theory, distortion usually refers to signal fidelity, such as mean squared error
(MSE) or PSNR. In learned compression, the distortion term may also encode perceptual realism or task-
driven criteria. We use R–D for the general Lagrangian form and explicitly use rate–distortion–perception
(R–D–P) or rate–distortion–accuracy (R–D–A) when realism or machine-task objectives are central.
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correlations, placing greater emphasis on structural consistency rather than absolute
intensity differences.

Beyond the explicit choice of distortion metric, recent studies further show that
the final R–D performance is strongly influenced by the training dynamics of learned
codecs. Since transform learning, entropy modeling, and quantization are tightly
coupled, stable convergence and balanced gradients become critical to coding effi-
ciency. For example, CCA [136] improves the utilization of early autoregressive
context through causal adjustment. AuxT [216] introduces lightweight auxiliary trans-
forms to precondition uneven latent energy distributions and accelerate convergence.
CMD-LIC [438] reduces instability in entropy modeling through a Sampling-then-
Moving-Average strategy, while balanced R–D optimization [439] treats training as a
multi-objective problem and explicitly balances gradient magnitudes.

In addition, optimizer design has also attracted increasing attention. While most
LIC methods rely on first-order optimizers such as Adam [188], recent work, such
as SOAP [364, 434], explores second-order curvature modeling [132, 407] to better
capture the local geometry of the R–D objective and improve convergence stability.
These developments suggest that coding performance is determined not only by the
distortion metric itself, but also by the optimization strategy used to navigate the
highly non-convex and coupled R–D landscape.

2.4.2 Perceptual Realism-Oriented Optimization

Despite their success, fidelity-driven objectives often lead to over-smoothed recon-
structions, particularly at low bitrates. A growing body of evidence since 2017 has
shown that minimizing pixel-wise distortion does not necessarily correlate with human
perceptual quality. This discrepancy arises because pixel-domain losses penalize all
deviations uniformly, whereas human perception is primarily sensitive to structures,
textures, and semantics [128, 271]. As a result, modern research has shifted from objec-
tive fidelity toward perceptual realism, where the goal is not only to reproduce the
input signal exactly, but also to generate reconstructions that are visually plausible
to human observers.

Theoretical foundations: rate–distortion–perception trade-off. The
empirical success of perceptual optimization was formalized by Blau and Michaeli [31,
32], who established a fundamental trade-off among rate, distortion, and perception.
They showed that, for a fixed bitrate, improving perceptual quality—defined as reduc-
ing the divergence between the distribution of reconstructed images and that of natural
images—necessarily increases distortion measured in a signal fidelity sense, and vice
versa. Here, perceptual realism is quantified as the distributional proximity between
px̂ and px. This result provides a unifying interpretation of perceptual compression
methods: improving realism corresponds to allocating limited bitrate toward modeling
the natural image distribution rather than preserving exact pixel values.

Subsequent works extended this framework to more general settings, including
perceptual metrics such as learned perceptual image patch similarity (LPIPS) for
empirical analysis [190], conditional coding with side information [133, 283], and
randomness [134, 284], as well as Gaussian sources [317]. These extensions further
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reveal how additional priors, side information, or randomness can effectively relax the
trade-off boundary.

In addition, several recent works explore perceptual compression from alterna-
tive theoretical perspectives. Xu et al. [389] proved that conditional generative codecs
satisfy an idempotence property, and further showed that an unconditional gener-
ative model constrained by idempotence is theoretically equivalent to a conditional
generative codec, enabling the conversion of MSE-optimized codecs into perceptual
ones. SIC [235] introduces Synonymous Variational Inference (SVI), which reformu-
lates perceptual compression as variational inference over semantic equivalence classes
(synsets), providing a semantic-level interpretation of perceptual reconstruction.

Guided by these theoretical insights, practical perceptual optimization requires
quantifiable surrogates that can approximate human perceptual judgments during
training. Existing approaches mainly instantiate this idea from two complementary
perspectives: distribution-level alignment, which encourages reconstructions to match
the natural image distribution, and representation-level similarity, which compares
reconstructed and original images in perceptually meaningful feature spaces.

Adversarial learning. Early perceptual compression methods relied on proxy
models to approximate perceptual importance. Representative approaches, including
SPIC [300], CDPIC [91], OBIC [385], and SDPIC [294], employ auxiliary semantic
or saliency networks to guide spatial bit allocation toward perceptually important
regions. However, these methods largely depend on handcrafted or task-specific
perceptual proxies and lack a unified formulation of perceptual quality.

A major breakthrough came with generative adversarial networks (GANs), which
implicitly characterize perceptual quality through distribution matching. Rather
than minimizing point-wise distortion, GAN-based methods introduce an adversarial
objective that encourages reconstructed images to match the distribution of natu-
ral images, thereby promoting outputs that lie on the manifold of realistic visual
signals [121, 254, 308].

Building upon this idea, Liu et al. [240], Agustsson et al. [3] and Huang et al. [152]
first incorporated adversarial learning into learned image compression, demonstrating
that visually plausible textures can be synthesized at extremely low bitrates (e.g.,
below 0.1 bits per pixel (bpp)). More recently, [4] and [159] proposed conditional GAN-
based frameworks capable of producing multiple reconstruction modes from a single
compressed representation, enabling flexible trade-offs between perceptual realism and
distortion fidelity at the decoder side.

From an optimization perspective, GAN training remains challenging due to the
instability of min–max optimization and the sensitivity to discriminator design. Con-
sequently, substantial effort has been devoted to improving training stability and
perceptual quality through enhanced discriminator architectures [69, 295], improved
adversarial objectives [296], and refined training strategies [369, 375]. Despite these
challenges, adversarial learning remains one of the most effective approaches for
enforcing distribution-level realism in perceptual compression.

Deep feature-based perceptual learning. A more principled and stable direc-
tion arises from the observation that deep features extracted from pretrained vision
networks correlate well with human perceptual judgments [53, 85, 293]. Early work
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by Liu et al. [240] first introduced perceptual losses based on Visual Geometry Group
(VGG) features into learned image compression and combined them with adversar-
ial training, demonstrating significant perceptual quality improvements over purely
distortion-driven optimization.

This idea was formalized by Zhang et al. [441], who proposed LPIPS, a percep-
tual similarity metric defined as distances in deep feature spaces (e.g., VGG [331] or
AlexNet [198]). Compared with pixel-wise distortion, LPIPS performs representation-
level comparison, enabling better modeling of high-level structures and semantic
consistency. From a modeling perspective, LPIPS can be interpreted as an ℓ2 dis-
tance in a learned perceptual feature space, analogous to MSE in the pixel domain
but defined over semantically meaningful representations.

Feature-based perceptual losses have since become standard components in per-
ceptual compression. HiFiC [273] systematically integrates LPIPS-style losses with
adversarial objectives to achieve controllable trade-offs between fidelity and realism,
while subsequent works such as PO-ELIC [140] further refine this paradigm through
improved optimization and training strategies.

Beyond LPIPS, alternative metrics such as Deep Image Structure and Texture
Similarity (DISTS) [84] decompose perceptual similarity into structural and tex-
ture components, offering improved robustness. Some work [127, 329, 375] gradually
incorporates DISTS into optimization.

Alternative methods. Recent works incorporate richer priors, including vision
foundation models [285, 381], text-guided compression [209, 306], and perceptual
thresholds such as just noticeable difference (JND) [288, 353]. These approaches high-
light a growing trend toward leveraging high-level semantics and human perceptual
characteristics to guide compression, especially in the low-bitrate regime.

Diffusion-based generative models have also recently emerged as a promising direc-
tion for perceptual compression, owing to their strong capability in modeling complex
data distributions [62, 127, 180, 199, 224, 232, 256, 291, 310, 324, 329, 390, 394, 399,
429]. However, existing approaches are still at an early stage, with open questions
regarding rate range, coding efficiency, and integration with practical entropy coding
frameworks. We therefore treat them as an emerging frontier rather than a mature
codec family in the present survey.

2.4.3 Machine Task-Oriented Optimization

Beyond human perception, images are increasingly consumed by machine vision sys-
tems in applications such as autonomous driving, robotics, and embodied AI. In these
scenarios, the ultimate objective is not visual quality, but task performance, giving
rise to a new paradigm of rate–distortion–accuracy (R–D–A) optimization [47, 263].

Reconstruction-then-understanding. A straightforward approach follows the
conventional pipeline: reconstruct the image and then perform downstream tasks. In
this setting, the key challenge is to preserve task-relevant semantic information during
compression.

Early works incorporate task loss (e.g., classification or detection loss) into the R–D
objective [46, 263], enabling joint optimization for both reconstruction and task accu-
racy. Interestingly, several studies [104, 293, 406] observe that perceptual-optimized
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Table 3 Overview of representative learned image compression methods.

Method Pub. Core Components
Params
(M) ↓

KMACs/
pixel ↓

BD-rate
(%) ↓

Arch. Context Dist.

Factorized [19] ICLR’17 CNN Factorized UM 7.03 204.00 67.80

Hyperprior [21] ICLR’18 CNN Hyperprior GM 11.81 208.97 30.14

JointAR [276] NeurIPS’18 CNN SAR GM 25.50 224.80 10.61

ChannelAR [275] ICIP’20 CNN CAR GM 28.72 243.00 7.22

NLAIC [57] TIP’20 Attention SCAR (3D) GM 65.50 823.54 5.92

GMM [68] CVPR’20 CNN SAR GMM 29.63 512.80 4.55

ELIC [139] CVPR’22 CNN SCAR GM 36.93 573.88 -3.22

TIC [258] DCC’22 Attention SCAR GM 28.40 506.72 -4.58

TCM [245] CVPR’23 Attention CAR GM 76.57 1823.58 -10.70

QARV [92] TPAMI’24 CNN HAR GM 93.40 718.96 -5.81

FLIC [215] ICLR’24 Attention CAR GM 70.97 1096.04 -12.97

MLIC++ [175] TOMM’25 CNN SCAR GM 116.72 1282.81 -11.83

MambaIC [416] CVPR’25 Mamba SCAR GM 75.78 1284.86 -15.72

HPCM [228] ICCV’25 CNN HAR GM 89.71 1261.29 -19.19

DHIC [78] ICLR’26 CNN HAR GM 106.93 977.73 -19.73

Note: Pub.: publication venue and year;Arch.: main architecture;Dist.: distribution model.
Because BD-rate and complexity values depend on anchor version, color pipeline, test-set
split, interpolation protocol, and whether results are reproduced or reported by the original
papers, the table should be read as a normalized high-level comparison rather than a bit-
exact cross-paper leaderboard.

compression often yields better task performance, suggesting that human perception
and machine vision share common sensitivity to structural and semantic features.
However, task-oriented compression reveals a critical insight: not all information is
equally important for downstream tasks. This motivates scalable or layered coding
schemes, where a base layer preserves task-relevant semantics, and enhancement lay-
ers progressively refine visual quality [149, 401]. Such designs enable bitrate-efficient
transmission tailored to machine-centric applications.

A limitation of this paradigm is that pretrained vision models are typically trained
on clean, uncompressed images, leading to domain mismatch when applied to com-
pressed reconstructions. To address this, recent works [47, 207, 249, 371] explore joint
optimization of compression and task networks. For example, ICMH-Net [249] explic-
itly models how to aggregate latent representations to balance human and machine
objectives, while recent multi-path aggregation [432] extends this idea to multi-task
scenarios.

Understanding in latent space. An alternative paradigm bypasses reconstruc-
tion entirely and performs inference directly in the compressed latent domain. This
is motivated by the observation that high-level vision tasks operate on abstract
representations rather than raw pixels.

This direction can be traced back to early studies on collaborative intelli-
gence [70, 358], where neural networks are partitioned between edge devices and
the cloud to reduce communication overhead. Around the same period, CodedVi-
sion [322] explored a unified framework that jointly optimizes image compression
and understanding, and further extended the paradigm to multi-task learning. These
early studies demonstrate that compressed latent representations can directly support
downstream tasks, suggesting that a single learned representation may simultaneously
serve both compression and machine vision objectives. Subsequent works [71, 332]
further refine this paradigm through improved latent representations and task-aware
optimization strategies.
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From an information-theoretic perspective, this paradigm reflects a hierarchy of
semantic abstraction: as tasks progress from reconstruction to segmentation, detection,
and classification, the required information content gradually decreases. Higher-level
tasks rely less on fine-grained signal details and more on abstract semantic cues.
Therefore, the key to achieving high performance lies in selecting task-relevant, non-
redundant information from a unified latent representation.

Recent works explore various mechanisms to achieve this, including scalable latent
representations [72, 246], gating mechanisms for adaptive feature selection [244], and
self-supervised representation learning [101]. More recently, approaches based on pre-
trained codecs leverage lightweight adapters or prompt-based modulation [63, 94] to
enable task-specific inference without modifying the underlying codec.

2.4.4 Discussion and Perspective

The development of perceptual and task-oriented compression reflects a broader shift
from signal reconstruction to information utilization. In Shannon and Weaver’s classi-
cal view, communication can be considered at three levels: syntactic accuracy, semantic
meaning, and pragmatic effectiveness [319]. Traditional source coding has primarily
operated at the syntactic level, aiming to minimize bitrate while preserving recon-
struction fidelity. In contrast, perceptual compression moves toward the semantic level
by prioritizing visually meaningful structures over exact pixel values, while machine
vision-oriented compression further approaches the pragmatic level by optimizing for
downstream task performance.

This trajectory is closely aligned with the emerging paradigm of semantic com-
munication [25, 154, 320], where the goal is not to transmit all signal details, but to
preserve information relevant to perception, interpretation, or decision-making. From a
unified optimization perspective, signal fidelity, perceptual realism, and task accuracy
can be viewed as different forms of distortion measures. A central open challenge is
therefore to develop compact representations that can flexibly support reconstruction,
perception, and inference within a unified coding framework.

2.5 Benchmark and Evaluation

Over the past decade, learned image compression has evolved from proof-of-concept
models to highly optimized end-to-end systems. This rapid progress has made
benchmarking increasingly challenging. Unlike traditional codecs, which are typically
evaluated under standardized common test conditions (CTC), learned codecs are
strongly coupled with training data, optimization objectives, architectural design, and
implementation details.

To provide a clear and controlled comparison, this survey adopts a fidelity-oriented
evaluation protocol, focusing on PSNR-based rate–distortion (R–D) performance
and computational complexity. Although perceptual realism and machine task-
oriented compression have received increasing attention, their evaluation often depends
on task-specific objectives, datasets, and perceptual metrics, making direct cross-
method comparison difficult. By contrast, MSE-optimized codecs provide a relatively
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Fig. 6 Representative paradigms for variable-rate coding in learned image compression. Existing
approaches introduce rate adaptability through recurrent refinement, latent decomposition or pro-
gressive transmission, feature modulation, and adaptive quantization.

standardized and reproducible basis for benchmarking. Many architectural and mod-
ular advances developed under objective fidelity-oriented settings can also benefit
perceptual-realism and task-oriented codecs.

2.5.1 Evaluation

Table 3 summarizes representative learned image compression methods using a unified
set of metrics that characterize both compression efficiency and computational cost.

Distortion metric. We use PSNR as the primary fidelity metric and report
BD-rate [30] against the VTM Intra [35] anchor under the H.266/VVC image-profile
configuration to summarize R–D performance.

Complexity metric. We measure computational cost using KMACs/pixel, which
provides a hardware-agnostic proxy for model complexity. We also report parameter
counts to reflect model size and deployment overhead. Together, these metrics pro-
vide a consistent view of efficiency across heterogeneous codec designs. Nevertheless,
KMACs/pixel does not directly determine wall-clock latency, memory bandwidth,
entropy-coder runtime, or energy consumption, so it should be interpreted as an
architecture-level complexity proxy.

2.5.2 Discussion and Perspective

This benchmarking protocol highlights the central trade-off between compression effi-
ciency and computational complexity. As shown in Table 3, recent improvements in
R–D performance are often accompanied by substantially increased computational
cost, underscoring the importance of system efficiency-aware codec design.

As the field moves from performance-driven exploration toward practical deploy-
ment, lightweight, robust, and reproducible benchmark frameworks become increas-
ingly important. This need motivates the development of open and efficient reference
implementations, which we introduce in the next section.

To make this transition explicit, Table 4 summarizes the evidence base and deploy-
ment readiness of major LIC research directions. The matrix is a qualitative author
assessment based on evidence density, protocol maturity, and deployment validation.
The readiness levels are qualitative: High indicates mature benchmarks and clear
practical entry points; Medium indicates active progress but incomplete protocol or
system validation; and Low indicates that evidence remains fragmented or strongly
application-dependent.
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3 Practical Extensions

Toward real-world deployment, both academia and industry have devoted substantial
efforts to improving flexibility, controllability, and system efficiency. In this section, we
review practical extensions that enable learned codecs under operational constraints
encountered in communication, storage, and edge-intelligence pipelines.

3.1 Variable-Rate Coding and Rate Control

Variable-rate coding (VRC) and rate control are essential for practical image codecs,
as they enable a single model to adapt to varying bandwidth constraints and user
preferences without retraining or maintaining multiple models.

3.1.1 Variable-rate coding

Variable-rate coding aims to support multiple rate–distortion (R–D) operating points
within a unified framework. Unlike traditional codecs, where bitrate is primarily
controlled through explicit quantization parameter (QP) adjustment, learned image
compression requires dedicated mechanisms to regulate bitrate while maintaining sta-
ble reconstruction quality. Existing approaches mainly differ in how and where rate
adaptability is introduced into the codec pipeline.

Recurrent Models. Early variable-rate learned codecs were primarily based on
recurrent architectures. Toderici et al. [354, 355] proposed recurrent neural networks
(RNNs) for LIC, where each iteration progressively encodes additional residual infor-
mation to refine reconstruction quality. In this framework, bitrate is directly controlled
by the number of recurrent iterations, naturally enabling variable-rate coding. Subse-
quent works [157, 165, 177, 340] further improved network architecture and training
stability.

However, these approaches operate in the pixel-domain residual space and require
sequential inference, resulting in increased latency and computational cost at higher
bitrates. To alleviate this issue, Yang et al. [397] proposed slimmable compressive
autoencoders (SlimCAEs), where subnetworks with different capacities correspond to
different rate levels. Although this design reduces iterative decoding overhead, model
complexity still scales with the target bitrate, motivating the development of unified
architectures with approximately constant complexity across different rate points.

Feature Decomposition. Another line of work introduces rate scalability
through structured decomposition of latent representations within a single forward
pass. Rippel et al. [312] proposed bitplane decomposition of latent features, where
different bitplanes progressively encode finer image details. Similarly, Nakanishi et
al. [281] and Cai et al. [37] employed multi-scale transforms to generate hierarchical
latent representations.

These methods naturally support progressive transmission and multi-rate decoding
without repeated encoding. However, different decomposition levels are often strongly
coupled, making joint optimization across all rate points difficult. In addition, because
rate adaptation is performed through discrete bitplanes or hierarchical scales, the
achievable bitrates are inherently coarse, leading to sparse coverage of the R–D curve.
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Feature Modulation. A more flexible strategy introduces continuous modulation
mechanisms into latent representations or transform modules. Chen et al. [54] observed
that latent representations corresponding to different bitrates exhibit strong similarity,
and that bitrate variation can be effectively controlled through latent scaling. Build-
ing upon this insight, subsequent works incorporated modulation mechanisms into
transform layers, normalization parameters, or latent activations [22, 39, 40, 73, 80,
111, 129, 237, 347, 396]. Typically, the Lagrangian multiplier λ, which controls the R–
D trade-off, is mapped into a learned embedding that modulates the codec behavior
(e.g., convolutional kernels, normalization parameters, or latent activations).

Compared with recurrent or decomposition-based approaches, feature modulation
enables approximately continuous rate control within a single model while maintain-
ing nearly constant complexity across different operating points. Furthermore, several
works introduced spatially adaptive quality maps [40, 179, 233, 268, 335], enabling fine-
grained bit allocation across image regions. This mechanism is particularly promising
for region-of-interest (ROI) coding [38], although determining optimal quality maps
or ROI regions remains an open problem.

Adaptive Quantization. Inspired by traditional codecs, adaptive quantization
remains one of the most fundamental mechanisms for rate control in learned compres-
sion (see Fig. 6d). The core idea is to scale latent representations before quantization,
thereby adjusting the effective quantization step size and controlling bitrate.

Depending on the granularity of scaling, existing methods can be broadly divided
into: (i) global scaling, where a single scaling factor is applied to all latent variables [96,
223, 301, 357, 446], and (ii) latent-wise scaling, where different latent channels or
elements are assigned different quantization factors [6, 7, 89, 111, 352]. Compared with
global scaling, latent-wise strategies provide finer bitrate control and better adaptation
to heterogeneous latent statistics.

3.1.2 Progressive Coding

Progressive coding can be regarded as a constrained form of variable-rate coding. While
general variable-rate codecs aim to provide multiple R–D operating points within a
single model, progressive codecs further require these operating points to be nested
and incrementally decodable. In other words, a lower-rate reconstruction should be
obtained from a prefix or ordered subset of the same bitstream, and additional symbols
should progressively refine the reconstruction quality. This requirement imposes an
explicit ordering constraint on the latent or transmitted symbols.

Early recurrent codecs naturally supported progressive reconstruction through iter-
ative residual refinement [15], but suffered from high computational overhead due to
repeated inference. More recent approaches instead operate on a shared latent repre-
sentation and achieve progressiveness through structured decomposition or masking
strategies. In these methods, latent representations are partitioned into ordered subsets
according to importance, allowing partial decoding using only a subset of transmitted
symbols.

Representative strategies include trit-plane coding [163, 213], nested quantiza-
tion grids [212, 261], channel variance-based masking [135], learnable importance
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maps [211], and self-supervised feature priors such as DINO [45] for importance estima-
tion [16]. Another related paradigm is resolution-scalable compression [418], where a
low-resolution image is reconstructed first and spatial details are progressively refined
as more bits become available. More recently, hierarchical autoregressive modeling
has also been explored for progressive transmission [78, 419, 443], where different
autoregressive stages correspond to progressively refined reconstructions.

ProgDTD [144] further observed that latent bottlenecks naturally exhibit an intrin-
sic importance ordering. By modifying the training objective, the codec learns to
organize latent elements according to their contribution to reconstruction quality,
enabling progressive transmission without additional architectural overhead. Building
on this perspective, Presta et al. [302] introduced element-wise importance ranking and
masking strategies, achieving state-of-the-art progressive coding performance while
remaining compatible with standard compression pipelines. LossResilientLIC [318]
further incorporates network-aware progressive coding to improve robustness under
packet loss, extending progressive transmission from rate scalability toward resilient
communication.

3.1.3 Rate Control

While variable-rate coding provides multiple operating points, rate control (RC)
focuses on selecting appropriate coding parameters so that the actual bitrate closely
matches a target rate with minimal distortion. Formally, rate control can be formulated
as a constrained optimization problem:

min
{αi}

D, s.t. R ≤ Rtarget, (12)

where {αi} denotes tunable coding parameters, such as quantization scales or modu-
lation factors, and R, D, and Rtarget denote the actual bitrate, distortion, and target
bitrate, respectively. Existing rate control methods for LICs can be broadly grouped
into three categories.

Repeated encoding search. A direct strategy is to repeatedly encode the image
with different parameter settings until the target bitrate is reached. For example,
JPEG AI [12] adopts a coarse-to-fine strategy, where a candidate model is first selected
according to its nominal bitrate range, followed by fine adjustment of latent modu-
lation parameters. Jia et al. [166] further propose a two-stage rate control scheme: a
model closest to the target bitrate is first selected, and then a bitrate–parameter curve
is estimated by evaluating multiple parameter settings around the target. An itera-
tive search is finally performed to identify the configuration that minimizes distortion
under the bitrate constraint. Although search-based repeated encoding can achieve
accurate rate control, it requires multiple encoding passes at inference time, resulting
in considerable computational overhead and latency.

Bitrate–parameter mapping. To reduce repeated encoding, another line of
work explicitly models the relationship between target bitrate and coding parame-
ters. Shi et al. [330] investigate the R–λ relationship in learned compression. Zhang et
al. [428] propose a Rate-Feature-Level (RFL) model that uses both the target bitrate
and image content features to predict suitable quantization levels. Xue et al. [393]
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introduce an auxiliary rate estimator that leverages shallow, high-resolution encoder
features to predict the mapping from target bitrate to λ. Similarly, Pan et al. [286]
formulate rate control as a classification problem over discrete model and parame-
ter indices, using neural predictors to select the appropriate configuration for a given
image and target rate. These methods substantially reduce encoding overhead and are
more suitable for real-time applications, but their accuracy depends on how well the
predictor generalizes to unseen content and target rates.

Block-level rate allocation. Beyond global rate control, spatially fine-grained
allocation aims to exploit content heterogeneity within an image. Wang et al. [376]
divide an image into blocks and independently model the bitrate–parameter relation-
ship of each block through repeated encoding. A greedy optimization algorithm is then
used to allocate bits across blocks under a global bitrate constraint. To reduce the
computational burden, Dong et al. [87] exploit statistical correlations among neigh-
boring blocks and predict bitrate–parameter curves for most blocks using only a small
subset of sampled blocks. This strategy greatly reduces the number of required re-
encodings while maintaining high rate-control accuracy. Such methods provide more
precise spatial bit allocation, especially for images with strong content non-uniformity.

3.1.4 Discussion and Perspective

Variable-rate capability has become a de facto requirement for practical LIC. Empiri-
cal evidence suggests that simple modulation-based VRC mechanisms can provide rate
flexibility without noticeably degrading rate–distortion performance compared with
fixed-rate models [92, 169], while requiring limited complexity overhead. Conceptually,
feature modulation in compression is also related to conditional embedding mecha-
nisms widely used in generative models and large language models, where external
control variables modulate intermediate representations. This connection may inspire
more expressive conditioning frameworks for flexibility of LIC.

Compared with still-image compression, learned video rate control is more
constrained by temporal dependency, buffer dynamics, and stricter bandwidth require-
ments [126, 226, 417, 435]. The bit budget assigned to the current frame affects
both its own R–D behavior and the prediction quality of later frames; this sequential
dependency motivates joint λ–R/λ–D modeling and, in some settings, reinforcement-
learning-based allocation [79, 108, 126, 176, 309, 315, 412].

Although rate control for still images is less constrained by temporal dynamics,
emerging scenarios such as ultra-high-resolution imaging, immersive 360◦ content, and
bandwidth-limited edge deployment are increasing the demand for accurate and effi-
cient bitrate control. Future research should focus on robust bitrate–parameter predic-
tion, spatially adaptive and perceptually driven bit allocation, and tighter integration
between rate control, semantic importance, and downstream task objectives.

3.2 Model Quantization & Cross-Platform Consistency

Despite significant progress in rate–distortion performance, LIC models are typically
implemented using floating-point arithmetic, which introduces non-determinism across
different hardware platforms and software environments. Even minor discrepancies in
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floating-point precision or rounding behavior can lead to entropy decoding mismatch
or reconstruction drift, ultimately breaking bitstream compatibility. Such issues are
particularly critical in compression systems, where strict cross-platform consistency
and deterministic decoding are fundamental requirements.

To address these challenges, model quantization has emerged as a key technique for
enabling efficient deployment and standardized interoperability in LIC. Early work by
Ballé et al. [20] pioneered integer-only learned compression by redesigning the entire
codec in the integer domain, thereby eliminating floating-point inconsistencies at the
source. This work achieved fully deterministic cross-platform decoding and laid the
foundation for subsequent research on the model quantization of LICs.

3.2.1 Post-Training Quantization (PTQ) versus
Quantization-Aware Training (QAT)

From a methodological perspective, quantization strategies can be broadly categorized
into quantization-aware training (QAT) and post-training quantization (PTQ).

Quantization-Aware Training (QAT) simulates quantization effects during
training, allowing the model to adapt to low-precision representations. Early works
apply uniform quantization to convolutional weights [343, 345], and later extend to
both weights and activations [344]. However, directly applying those quantization
schemes developed for computer vision models to LIC often leads to noticeable perfor-
mance degradation. This is mainly because LIC latents are not merely intermediate
features, but are eventually quantized into discrete integer symbols for entropy coding.
To preserve rate–distortion flexibility, these latents often span a much larger numerical
range than standard neural activations, making low-bit quantization of LIC models
more challenging.

To address this issue, range-adaptive quantization (RAQ) [145] introduces layer-
wise dynamic range calibration and bit-width adaptation, jointly optimizing weights,
biases, and activations. QLIC [346] further mitigates quantization error by redistribut-
ing channels with large quantization distortion into multiple sub-channels, effectively
smoothing the dynamic range. IQ-LIC [162] incorporates layer-wise quantization loss
as an additional supervision signal to guide training. Beyond standalone quantization,
QAT has also been combined with model pruning [146] and variable-rate frame-
works [408], enabling joint optimization of compression efficiency, model size, and
bitrate flexibility.

While QAT generally preserves compression performance and yields deployable
integer models, it requires full retraining with access to training data, incurs sub-
stantial computational cost, and reduces flexibility once the quantized model is
fixed.

Post-Training Quantization (PTQ) converts pretrained floating-point mod-
els into low-precision representations without retraining, offering a more practical
and flexible deployment pipeline. Although originally developed for classification and
detection tasks, PTQ has recently been adapted to LIC models.
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He et al. [138] combine classical PTQ techniques [225, 280] with determinis-
tic entropy coding to achieve cross-platform consistent decoding. Rate–distortion-
optimized PTQ (RDO-PTQ) [325] further analyze the relationship between quanti-
zation error and rate–distortion performance, showing that minimizing quantization
error alone does not necessarily yield optimal compression performance, and propose
incorporating task-aware loss functions into PTQ optimization.

A key insight is provided by Koyuncu et al. [196], who identify that cross-
platform inconsistency primarily arises from discrepancies in probability estimation
of the entropy model between encoder and decoder. Based on this observation, they
demonstrate that quantizing the entropy model alone is sufficient to ensure consistent
decoding. This finding is further validated in their subsequent work within the JPEG
AI framework [12, 197].

3.2.2 Mixed-Precision Quantization

From the perspective of precision granularity, quantization strategies can be divided
into uniform quantization and mixed-precision quantization (MPQ). Uniform quanti-
zation assigns a fixed bit-width (e.g., INT8) to all layers, enabling efficient hardware
acceleration and straightforward implementation. However, it does not account for the
heterogeneous sensitivity of different layers or channels to quantization noise. Mixed-
precision quantization addresses this limitation by assigning different bit-widths across
modules, layers, or channels based on their impact on rate–distortion performance.
The central challenge lies in designing effective criteria for bit-width allocation.

Existing approaches explore various strategies. For instance, FMPQ [147] and MP-
PTQ [411] use the fractional change in rate–distortion loss as a sensitivity metric.
Other methods, such as [398] and DynaQuant [27], introduce routing mechanisms that
dynamically select bit-widths from a predefined set of candidates.

Another emerging direction considers transforming the feature distribution prior to
quantization. Since latent representations in LIC often exhibit long-tailed and highly
non-uniform distributions, performing quantization in a transformed domain can sig-
nificantly reduce information loss. For example, AWPB [410] applies adaptive warping
to better align the distribution with quantization bins.

3.2.3 Cross-Platform Consistency

Beyond quantization, additional mechanisms have been proposed to ensure cross-
platform consistency. Pang et al. [289] introduce a safeguarding mechanism that
transmits auxiliary guard bits to tolerate numerical deviations during decoding.
However, this approach may significantly increase bitstream size, especially at low
bitrates.

As discussed earlier, inconsistency largely stems from entropy model mismatch.
Motivated by this, Yang et al. [400] propose removing the entropy model altogether and
adopting chain coding, achieving competitive performance compared with BPG (the
H.265/HEVC image-profile anchor), while inherently avoiding probability mismatch
issues.
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3.2.4 Discussion and Perspective

Model quantization is essential for deploying learned codecs on resource-constrained
devices, where latency, memory footprint, and power consumption are tightly limited.
However, practical deployment remains constrained by hardware support. Most exist-
ing accelerators are optimized for uniform precision formats such as 16-bit floating
point (FP16) and INT8, whereas fine-grained mixed-bit operations, such as channel-
wise 4-bit or 6-bit integer (INT4/INT6) operations, are not yet efficiently supported.
This gap limits the practical benefits of mixed-precision quantization despite its
potential rate–distortion and complexity advantages.

A key direction is therefore to design hardware-friendly quantization schemes that
balance compression performance and deployability. For example, layer-wise activation
quantization combined with channel-wise weight quantization under standardized bit-
width formats, such as INT8, may offer an effective compromise between flexibility
and hardware efficiency [49]. In parallel, emerging low-precision floating-point formats,
including 8-bit floating point (FP8) and 4-bit floating point (FP4), provide promising
alternatives to integer quantization [202, 361, 370].

Another important challenge lies in cross-platform consistency, especially for
learned video compression. In still image compression, quantizing the entropy model
is often sufficient to ensure deterministic decoding for the tested architectures and
entropy-decoding paths. In video compression, however, decoded features are reused
as references for subsequent frames [77, 217, 242, 252, 255], so small numerical discrep-
ancies may accumulate and propagate temporally. Fully quantized and deterministic
decoder implementations are therefore crucial for reliable deployment. Recent works
have begun to address this issue [76, 362], but robust hardware-consistent quantized
video codecs remain an open problem.

3.3 Model Robustness

Beyond rate–distortion performance, robustness is a critical criterion for evaluating the
real-world viability of LIC systems. Unlike traditional codecs with manually designed
and largely deterministic modules, learned codecs rely on highly nonlinear transforms
and data-driven entropy models. As a result, small perturbations in the input or latent
space may lead to severe reconstruction artifacts, inaccurate entropy estimation, or
substantial bitrate inflation [55]. In this survey, robustness covers several threat and
stress models: benign distribution shift, adversarial evasion, training-time backdoors,
repeated compression, packet loss or bitstream corruption, and error propagation into
downstream machine-vision tasks.

Robustness is important for two reasons [36]. First, learned codecs may exhibit
unstable behavior even under benign inputs, producing atypical artifacts that differ
from those of classical codecs, as also observed in recent evaluations of JPEG AI [12].
Second, compression is increasingly used as a front-end module in downstream vision
pipelines. Perturbations introduced or amplified during compression may propagate
to recognition, detection, or other machine vision models, thereby compromising the
reliability of the entire system.
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Fig. 7 Illustration of attacks and defenses for LIC models. Attacks include test-time evasion pertur-
bations and training-time backdoor triggers, while defenses can be introduced through architecture
design, robust training, and inference-time protection.

Robustness evaluation in LIC differs from that in standard vision tasks. Perturba-
tions may affect both distortion and bitrate, and the entropy model itself becomes an
attack surface. Moreover, compression has a dual role: it can remove adversarial noise
and serve as a preprocessing defense [168, 282], but it may also amplify perturbations
or introduce artifacts that degrade reconstruction and downstream task performance.

3.3.1 Attacks

Given an input image x, an adversary seeks a perturbation δ such that the adversarial
input x∗ = x + δ degrades codec behavior under a bounded perturbation budget.
The attack objective may target reconstruction quality, coding cost, or downstream
task performance. Accordingly, attacks on LIC can be broadly grouped into test-time
evasion attacks and training-time backdoor attacks.

Evasion attacks. Evasion attacks construct adversarial inputs at inference time.
In the white-box setting, gradients through the codec can be used to optimize per-
turbations against R–D objectives. For example, Chen et al. [55] propose a fast
threshold-constrained distortion attack (FTDA) that increases reconstruction distor-
tion while maintaining imperceptibility. Subsequent works improve attack effectiveness
by designing compression-specific objectives [201, 269], exploiting transform-domain
representations such as wavelet-domain attacks [178], or directly targeting bitrate
inflation [383].

In the black-box setting, transferability-based attacks [250, 290] are commonly
adopted, where perturbations generated on surrogate codecs are transferred to unseen
models. Recent studies further extend adversarial objectives from human-oriented
reconstruction to machine vision tasks [341], showing that attacks at the compression
stage can propagate through the pipeline and degrade downstream predictions.
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Backdoor attacks. Backdoor attacks poison the training process by implanting
hidden triggers, causing the codec to behave normally on clean inputs but abnormally
when a trigger is present. Compared with evasion attacks, backdoors are more stealthy
and difficult to detect, posing substantial risks when learned codecs are trained or
fine-tuned on untrusted data.

For example, Yu et al. [413, 414] introduce frequency-domain trigger injection
based on discrete cosine transform (DCT) representations, where structured triggers
are embedded into a subset of training samples. Xue et al. [392] further address the
vulnerability of backdoor triggers to compression by enforcing feature consistency,
allowing trigger patterns to survive the compression process.

3.3.2 Defenses

Defenses for LIC can be categorized according to where robustness is introduced:
architecture-level design, training-time robustification, and inference-time protection.

Architecture-level design.One direction is to improve robustness through codec
design, especially in entropy modeling. Since learned entropy models are sensitive to
distribution mismatch, simplifying or stabilizing their structure can reduce vulnerabil-
ity to perturbations. Liu et al. [247, 248] replace complex autoregressive components
with simpler independent distribution models, and suggest that attention mechanisms
may improve robustness. Such designs reveal a trade-off between R–D efficiency and
stability: stronger entropy models improve compression performance but may also
increase sensitivity to adversarial or out-of-distribution inputs.

Training-time robustification. Training-based defenses expose the codec to
perturbations during optimization. Representative strategies include adversarial train-
ing [55, 270, 449] and consistency regularization. For instance, Kim et al. [185]
introduce latent consistency losses to mitigate error accumulation under repeated com-
pression, while Cao et al. [42] combine knowledge distillation with adversarial training.
These methods can improve robustness, but typically increase training cost and may
degrade clean-image R–D performance.

Inference-time protection. Inference-time defenses aim to improve robustness
without retraining the codec. Common strategies include input preprocessing, geo-
metric self-ensemble, randomized smoothing, and anomaly detection based on latent
or bitstream statistics [55, 336]. Some methods also modify numerical precision or
latent representations at inference time [269]. These approaches are flexible and easy to
deploy, but their protection is often partial and may be bypassed by adaptive attacks.

3.3.3 Practical Robustness Considerations

Beyond adversarial attacks, learned codecs must also be robust to non-adversarial
perturbations encountered in practical deployment.

Repeated compression. Repeated encoding and decoding can accumulate errors
in the latent space, leading to progressive reconstruction degradation [185]. This effect
can be more pronounced at high bitrates, where finer representation makes the codec
more sensitive to small perturbations [55].
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Transmission errors. In practical transmission scenarios, packet loss or bitstream
corruption may cause partial latent omission and severe reconstruction degrada-
tion. Traditional systems typically improve robustness through channel-side forward
error correction (FEC) [278], whereas learned codecs can enable joint source–channel
optimization by incorporating robustness directly into latent representations and
reconstruction objectives [318, 373, 421]. Such designs can achieve improved resilience
to unreliable channels under the same bandwidth budget. Incorporating transmis-
sion perturbations during training further enhances robustness to dynamic network
conditions.

Interaction with downstream tasks. Compression interacts nontrivially with
downstream machine vision systems. On one hand, it can suppress adversarial noise
and improve robustness as a preprocessing operation [168]. On the other hand,
compression artifacts or quantization noise can be exploited to attack downstream
models [251]. Recent evidence also suggests that high-fidelity compression can improve
robustness in certain task pipelines [307].

3.3.4 Discussion and Perspective

Robustness in learned image compression should be understood as a system-level prop-
erty involving adversarial security, numerical stability, transmission reliability, and
downstream task robustness. Recent studies reveal strong transferability of adversarial
perturbations across different codecs and architectures [36], suggesting that vulnerabil-
ities may arise from shared properties of learned representations and entropy modeling
rather than from isolated architectural choices.

Emerging generative and perceptual compression paradigms further complicate
robustness analysis. Compared with deterministic distortion-oriented codecs, these
methods may involve stochastic decoding, distribution sampling, and perceptual objec-
tives, whose robustness behavior is not yet well understood [204, 405, 430]. Existing
R–D-based attack and defense strategies may therefore not directly generalize to such
settings.

Looking forward, robust learned compression requires unified evaluation proto-
cols that jointly consider bitrate, reconstruction quality, adversarial vulnerability, and
downstream task performance. Developing codec architectures and training objectives
that balance compression efficiency, stability, and task reliability remains an important
open direction.

3.4 Lightweight Deployment

Under PSNR/MS-SSIM evaluation on common still-image benchmarks, several LIC
models now match or exceed conventional anchors such as JPEG [365] and VTM
Intra, the H.266/VVC image-profile anchor [298]. Nevertheless, classical standards
still dominate real-world deployment due to their mature status in practice. As a
fundamental system component, image compression must operate under strict con-
straints on latency, memory, and power consumption. This motivates the development
of lightweight LIC models that balance compression performance with practical
efficiency.
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Recent research has increasingly explored several directions, including knowledge
distillation, model compression (e.g., pruning and quantization), architecture-level
design, and test-time adaptation.

3.4.1 Knowledge Distillation

Knowledge distillation (KD) transfers knowledge from a high-capacity teacher model
to a lightweight student model [122]. In learned image compression, KD differs from
its use in classification: the objective is not only to match output logits, but also
to transfer structured representations, reconstruction behavior, and entropy-modeling
capability.

Early approaches mainly rely on output-level supervision, such as reconstruc-
tion consistency or entropy-related statistics [106]. More recent methods perform
finer-grained distillation in the latent or intermediate feature space [10]. KDIC [59]
introduces multi-level distillation across network blocks, improving training stability
and student performance. EVC [367] adopts a mask-decay mechanism that gradually
transforms a large model into a smaller one, implicitly transferring knowledge without
explicit distillation losses. CSLIC [374] further combines neural architecture search
(NAS) with KD to construct encoder–decoder configurations at multiple complexity
levels, enabling scalable complexity–compression trade-offs.

3.4.2 Quantization and Pruning

Model compression techniques, including quantization and pruning, are widely used
to reduce model size and computational cost. Quantization converts floating-point
parameters and activations into low-bit representations, enabling efficient integer infer-
ence [119], particularly for edge deployment. As model quantization has been discussed
in Sec. 3.2, we omit detailed discussion here.

Pruning removes redundant weights to reduce computation [448]. In LIC, pruning
is often applied to transform networks to accelerate inference. For example, Liao et
al. [236] propose structured pruning for efficient decoder design, achieving substantial
speedup with limited performance degradation. Hossain et al. [146] further combine
pruning and quantization for joint model compression, achieving better efficiency–
performance trade-offs.

3.4.3 Architecture-Level Design

Another important direction is to design inherently lightweight codec architectures
by simplifying network structures, reducing sequential dependencies, and improving
parallelism [86]. This strategy is often more deployment-friendly, since efficiency is
considered from the beginning of codec design.

A central bottleneck is autoregressive entropy modeling, which improves prob-
ability estimation but limits decoding speed. To address this issue, Ali et al. [8]
propose non-autoregressive compression models that improve throughput by relaxing
inter-latent dependencies. AsymLIC [372] reduces decoding complexity through an
asymmetric encoder–decoder design, shifting more computation to the encoder while
keeping the decoder lightweight.
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In addition, operator-level designs further improve efficiency. Lightweight atten-
tion modules [58, 141], efficient convolutions, and shift-based operations have been
explored to reduce redundant computation. For example, ShiftLIC [26] replaces large-
kernel convolutions with spatial–channel shift operations and small kernels, while Li
et al. [221] propose dynamic concatenated convolution (DCC) to reduce filter redun-
dancy. ShallowNTC [403] adopts a shallow, even nearly linear, decoding transform
reminiscent of JPEG-style reconstruction, achieving performance competitive with
BPG (H.265/HEVC image-profile anchor) at less than 50 KMACs/pixel decoding
complexity. FastNIC [423] incorporates switchable priors and achieves BPG-level or
better performance on Kodak with encoding and decoding complexities below 12 and
10 KMACs/pixel, respectively. Dynamic transform routing [350] further adaptively
allocates computation according to input content, offering a promising path toward
content-aware complexity control.

3.4.4 Test-Time Adaptation

Test-time adaptation (TTA) [50, 234] aims to improve inference performance without
modifying the model architecture or increasing model size.

One key motivation is the amortization gap in VAE-based compression models,
where the encoder may produce suboptimal latent representations, especially under
domain shifts [404]. Latent refinement methods address this issue by directly optimiz-
ing latent variables during encoding. For example, Campos et al. [41] update latents via
gradient descent under the rate–distortion objective. Yang et al. [404] further jointly
refine latent variables and side information while mitigating discretization errors.

Another line of work focuses on decoder-side adaptation, where a subset of model
parameters is updated and transmitted. Van Rozendaal et al. [313] update decoder
and entropy model parameters using rate–distortion optimization, while Lam et
al. [205] restrict updates to convolutional biases. Zou et al. [452] introduce lightweight
multiplicative parameters for efficient adaptation.

To reduce the overhead of parameter transmission, recent approaches adopt
parameter-efficient transfer learning (PETL) techniques [148], introducing lightweight
adaptation modules (e.g., adapters) for efficient decoder refinement [264, 323, 359].
Chen et al. [52] further study cross-domain TTA and propose a Bayesian regularization
framework to improve distribution modeling in a plug-and-play manner.

3.4.5 Discussion and Perspective

While recent advances have demonstrated the strong potential of learned codecs,
bridging the gap between research prototypes and real-world systems, traditionally
dominated by decades-old standards, remains a critical challenge. In this context,
achieving both superior compression performance and low computational complexity
is essential for practical adoption.

Moreover, existing LIC methods are primarily designed for natural images, with
limited understanding of their generalization to various data domains, such as screen
content [323, 366], artificial-intelligence-generated content (AIGC) [90, 115], and scien-
tific imagery [82, 130, 328]. These data often exhibit distinct characteristics, including
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wider dynamic ranges, higher bit-depths, and complex spatial or temporal structures.
Systematic evaluation and modeling for such data remain largely underexplored.

In addition, domain generalization and continual learning [95, 382] are important
yet insufficiently studied problems. Developing compression models that can robustly
handle distribution shifts and evolving data characteristics is a promising direction for
future research.

3.5 Standardization Progress

With the rapid maturation of learning-based image compression, international stan-
dardization bodies have initiated parallel efforts to bridge the gap between research
prototypes and deployable codecs. Early explorations can be traced back to the
JPEG XL activity around 2018, where next-generation coding tools began to incorpo-
rate learning-based components. Building upon this trend, two major standardization
tracks have emerged: IEEE 1857.11-2024 and JPEG AI, standardized as Interna-
tional Organization for Standardization/International Electrotechnical Commission
(ISO/IEC) 6048 and International Telecommunication Union Telecommunication
Standardization Sector (ITU-T) T.840. Both adopt a classical VAE-style architec-
ture: an end-to-end neural network compresses an image into a compact latent tensor
for entropy coding and transmission, and the receiver decodes this tensor to recon-
struct the image. Recent survey works [113, 239] also provide overviews of these
standardization efforts.

3.5.1 JPEG AI

The JPEG AI standard [11, 12], developed by the ISO/IEC Joint Photographic
Experts Group (JPEG), was initiated in 2019 and published as ISO/IEC 6048 / ITU-T
T.840, with Part 1 published in 2025 as ISO/IEC 6048-1:2025 / ITU-T T.840.1. It rep-
resents the first international standard that fully embraces end-to-end learning-based
image compression.

Architecture and Coding Framework. A key feature of JPEG AI is its multi-
branch architecture, which supports multiple decoder configurations with different
computational complexities. Representative decoder complexities range from approx-
imately 8 to 214 KMACs/pixel, enabling flexible deployment across heterogeneous
platforms. Notably, a mid-level configuration (around 23 KMACs/pixel) has been
demonstrated to be deployable on mobile devices, highlighting the practicality of the
design.

To improve coding efficiency and reduce memory consumption, JPEG AI adopts
a structured color processing strategy. The input image is first converted to a YUV
color space (BT.709), where the luminance (Y) component is encoded independently
using a more expressive neural network. The chrominance components (U and V) are
then encoded conditionally based on the decoded luminance signal. This conditional
coding mechanism effectively exploits inter-channel redundancy while reducing peak
memory usage, making it particularly suitable for resource-constrained scenarios.

Extended Functionalities. The learned latent representation in JPEG AI
enables several practical functionalities beyond conventional reconstruction.
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Progressive decoding is supported by ordering latent channels according to their
relative importance, allowing incremental reconstruction with gradually improving
quality as more channels are decoded. In addition, partial (spatial) decoding is enabled
by tiling the latent tensor, such that different spatial regions can be decoded inde-
pendently. This facilitates efficient region-of-interest (ROI) processing and scalable
decoding.

Beyond reconstruction, JPEG AI explicitly supports compressed-domain process-
ing. Three representative tasks have been defined, including image classification,
super-resolution, and image denoising. This design reflects a forward-looking trend
toward integrating image compression with downstream vision and image processing
tasks, and it is expected that additional compressed-domain functionalities will be
incorporated in future extensions.

Training, Evaluation, and Implementation. JPEG AI is optimized using a
weighted combination of distortion metrics, typically including mean squared error
(MSE) and structural similarity (SSIM). More importantly, the standard development
emphasizes perceptual quality rather than pixel-wise fidelity.

To ensure reliable and consistent evaluation, the JPEG AI Common Test and
Training Conditions (CTTC) define a comprehensive set of perceptual quality
metrics, including multi-scale structural similarity (MS-SSIM) [380], information-
weighted structural similarity (IW-SSIM) [379], Video Multi-Method Assessment
Fusion (VMAF)6 [24], visual information fidelity (VIF) [321], peak signal-to-noise
ratio with human-visual-system and masking terms (PSNR-HVS-M) [299], normal-
ized Laplacian pyramid distance (NLPD) [206], and feature similarity index measure
(FSIM) [425]. Conventional PSNR is deliberately excluded due to its limited cor-
relation with perceived visual quality. Under these criteria, JPEG AI demonstrates
substantial improvements in perceptual coding efficiency compared with traditional
codecs.

From a system perspective, JPEG AI adopts a heterogeneous deployment strategy.
Entropy decoding is typically executed on central processing units (CPUs) to guaran-
tee bit-exact behavior, while other neural network components are accelerated using
neural processing units (NPUs) or graphics processing units (GPUs). This separation
balances computational efficiency with standard compliance and facilitates practical
deployment across diverse hardware platforms.

Experience and Emerging Studies. As the first international standard for end-
to-end learning-based image compression, JPEG AI has attracted significant attention
from both academia and industry. A growing body of recent work has begun to sys-
tematically analyze its underlying principles, practical performance, and potential
extensions.

Several studies focus on understanding the core design and functionality of the
standard. For example, [98] provides a comprehensive overview of the technical fea-
tures and architectural characteristics of JPEG AI. Complementarily, [167] investigates
its variable-rate coding mechanism, including a three-dimensional quality control
framework, a fast bitrate matching algorithm, and corresponding training strategies.

6https://github.com/Netflix/vmaf
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Beyond architectural analysis, recent efforts have also examined the robustness and
generalization of JPEG AI. [193] conducts a large-scale evaluation under various per-
turbations and adversarial conditions, showing that although JPEG AI achieves strong
compression performance, it remains vulnerable to distribution shifts and adversarial
attacks, similar to other LIC models.

In terms of practical applications, JPEG AI has been explored in several emerging
scenarios. These include improved rate control strategies [287], domain adaptation for
remote sensing imagery [424], and extensions toward compressed-domain computer
vision tasks [9].

3.5.2 IEEE 1857.11

The IEEE 1857.11-2024 Standard 7 [338] emerged from the “Future Video Coding
Study Group” (FVC-SG) and was formally developed by the IEEE 1857.11 Subworking
Group (SWG), established in 2021. It was approved by the IEEE Standards Associ-
ation (IEEE SA) Board on September, 2024, and officially published on December,
2024.

Architecture and Coding Framework. IEEE 1857.11 defines three pro-
files—Base, Main, and High—targeting different complexity–performance trade-offs
and enabling adaptation to diverse deployment scenarios.

The reference implementations include three representative models: BEE [442],
NIC [57], and iWave [265, 266]. The Base profile (BEE) focuses on low complexity and
fast decoding, incorporating efficient design choices such as wavefront parallel process-
ing (WPP), adaptive quantization (AQ), and feature scaling. The Main profile (NIC)
introduces more advanced components, including non-local attention, hierarchical pri-
ors, and 3D masked entropy models, achieving a balance between coding efficiency
and computational complexity. The High profile (iWave) targets maximum perfor-
mance by employing a learned wavelet-like transform within a VAE-style framework,
enabling highly efficient representation of image content.

Training, Evaluation, and Implementation. During its verification phase,
IEEE 1857.11 evaluated models on datasets spanning multiple resolutions, includ-
ing 6K, 4K, 2K, and 768×512 (the latter corresponding to the Kodak dataset).
Its Common Training Conditions (CTC) mandate the use of a large-scale ultra-HD
dataset [243], with training images randomly cropped into 256× 256 patches.

For performance evaluation, the standard primarily targets improvements in MS-
SSIM and PSNR. Compared with BPG (the H.265/HEVC image-profile anchor), IEEE
1857.11 achieves bitrate savings of over 30% at equivalent quality levels under these
metrics.

Experience and Emerging Studies. As a recently established standard fol-
lowing JPEG AI, IEEE 1857.11 has attracted increasing attention in the research
community. It has been widely adopted as a baseline in subsequent studies [199, 231,
409].

7https://sagroups.ieee.org/fvc/
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Fig. 8 TinyLIC as a practical benchmark for learned image coding.

3.5.3 Discussion and Perspective

As emerging standards, learning-based image coding frameworks have already demon-
strated clear performance advantages over conventional formats such as JPEG.
AI-based image coding may become an important paradigm and is likely to coexist
with conventional standards in emerging AI-enabled visual communication systems.
Beyond improved rate–distortion performance, its integration with intelligent sys-
tems—such as autonomous agents [391] and embodied intelligence [187]—enables
functionalities that are difficult to achieve with traditional hand-crafted codecs. In
addition, a key advantage of learning-based approaches lies in their adaptability. While
the overall coding framework remains fixed, performance can be continuously improved
through advances in training strategies, model architectures, and data, without requir-
ing fundamental changes to the coding pipeline. This property provides a scalable
path for long-term evolution.

4 TinyLIC as a Reproducible Case Study for
Deployment-Oriented LIC

This section presents TinyLIC as a reproducible case study for deployment-oriented
learned image coding, rather than as the primary contribution of the survey. Its role is
to operationalize the design questions reviewed above: how R–D performance changes
when complexity, rate control, numerical consistency, robustness, progressive deliv-
ery, and network resilience are treated as coupled deployment constraints. TinyLIC
therefore serves as an open, lightweight reference implementation and benchmark
that makes these trade-offs measurable under a common architecture and evalua-
tion protocol. Unlike recent codecs optimized primarily for raw R–D performance,
TinyLIC provides a transparent and extensible baseline for analyzing rate, distortion,
complexity, controllability, robustness, and deployment behavior under reproducible
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conditions. The purpose of this section is therefore explanatory: TinyLIC is used to
illustrate how architectural choices and deployment tools interact, while the broader
survey remains the main contribution of the article.
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Fig. 9 TinyLIC employs a lightweight VAE-based architecture using a channel-autoregressive
entropy model and efficient depthwise ConvNeXt-style blocks. It further integrates five configurable
tools for variable-rate coding, consistent decoding, adversarially robust training, progressive trans-
mission, and loss resilience.

4.1 Design Philosophy

TinyLIC is guided by three principles: simplicity, diagnosability, and extensibility.
First, a compact architecture keeps computational cost and module contributions
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transparent. Second, key system-level tools are exposed as optional modules, enabling
controlled analysis of rate, distortion, complexity, and robustness trade-offs. Third, a
modular design permits new transforms, entropy models, rate-control strategies, or
deployment utilities to be integrated without modifying the core infrastructure.

4.1.1 Efficient Architecture

As illustrated in Fig. 9, TinyLIC follows a VAE-based pipeline:

y = ga(x), ŷ = Q(y), x̂ = gs(ŷ), (13)

where ga and gs denote the main analysis and synthesis transforms, and Q(·) denotes
scalar quantization. A hyperprior branch further estimates side information:

z = ha(y), ẑ = Q(z), ψ = hs(ẑ), (14)

where ψ provides entropy parameters for coding ŷ. The overall training objective
follows the standard Lagrangian R–D formulation:

L = R(ŷ, ẑ) + λD(x, x̂), (15)

where R denotes the estimated bitrate and D is either a fidelity-oriented or perceptual
distortion measure.

The main transforms are built primarily from convolutional blocks rather than
expensive attention modules. This design reflects the observation that, under strict
complexity constraints, well-designed convolutional networks often provide a more
favorable performance–complexity trade-off.

Lightweight design. The basic unit of TinyLIC is an efficient depthwise
ConvNeXt-style block, termed the EDN block. Its design is selected through ablations
on activation functions, normalization, residual placement, and re-parameterization,
with the goal of maximizing R–D gain under low-complexity budgets.

For entropy modeling, TinyLIC uses Gaussian likelihood estimation with a
lightweight channel autoregressive (CAR) context model:

p(ŷ|ẑ) =
T∏
t=1

p(ŷt | ŷ<t, hs(ẑ)), ŷt ∼ N (µt, σ
2
t ), (16)

where ŷt denotes the t-th channel group and T is the number of autoregressive steps.
By default, TinyLIC uses a 4-step CAR model, which balances coding efficiency and
computational overhead.

In this implementation, CAR is more suitable for lightweight deployment than
spatial autoregressive models. Spatial autoregression usually depends on masked con-
volutions. The mask limits the accessible spatial context, but the convolution itself
is still computed over the entire feature map. Therefore, SAR reduces context vis-
ibility rather than the actual spatial computation. In contrast, CAR only involves
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the required channel groups when predicting the current group, while unused chan-
nels can be excluded from computation. This makes its complexity easier to control
by adjusting the number of channel groups, which is more friendly to lightweight
deployment.

Complexity-aware scaling. TinyLIC offers three complexity configurations,
approximately 10, 20, and 50 KMACs per pixel, achieved by scaling channel width and
block depth while preserving the codec topology. These tiers target smart glasses and
other edge devices, mobile platforms, and higher-end platforms such as laptops and
servers, respectively. This design enables systematic analysis of the scaling relationship
between model complexity and compression performance.

Fidelity- and perceptual-realism-oriented variants. The fidelity-oriented
variant employs conventional R–D optimization with MSE loss, serving as a base-
line for PSNR benchmarking. The perceptual-realism-oriented variant incorporates
feature-space losses (AlexNet- and VGG-based, following LPIPS [427]) and adversar-
ial training to enhance visual quality at low bitrates. Together, these variants enable
controlled study of the rate–distortion–perception trade-off.

4.1.2 Practical Trade-offs

Beyond architectural efficiency, TinyLIC is designed to study system-level trade-
offs that are often overlooked in existing studies. As shown in Fig. 9, TinyLIC
integrates five optional tools: λ-modulated variable-rate coding, quantization-aware
consistent decoding, adversarially attack-resilient training, variance-aware progressive
coding, and network-aware loss-resilient coding. These tools are configurable rather
than mandatory, reflecting the reality that enhancing properties like robustness or
deployability often incurs R–D or complexity costs.

Controllability: λ-modulated variable-rate coding. Rate control is essential
for practical codecs. TinyLIC supports flexible rate control through a λ-modulated
variable-rate framework, where the Lagrange multiplier λ serves as a conditioning
signal to control the R–D operating point. Feature modulation is adopted because it
is simple, effective, and largely plug-and-play: it does not modify the codec topology
and can be integrated into different transform and entropy-model architectures. Given
an intermediate feature f , modulation is formulated as

f ′ = f + γ(λ)⊙ (α(λ)⊙ f + β(λ)), (17)

where α(λ), β(λ), and γ(λ) denote the learned scale, bias, and gate parameters used
for modulation, respectively. TinyLIC implements two different strategies.

• VR-Adaptive Layer. The adaptive-layer strategy uses a lightweight multilayer
perceptron (MLP) to map λ into modulation parameters dynamically, enabling
continuous rate control through MLP-based modulation.

• VR-Dictionary. The dictionary-based strategy defines a discrete set of modu-
lation parameters indexed by QP, where each QP is trained to correspond to a
specific λ. During inference, the target bitrate is first mapped to a QP, which
then retrieves the associated modulation parameters.
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Deployability: quantization-aware consistent decoding. A practical codec
must produce numerically consistent decoding results across heterogeneous platforms.
However, floating-point implementations may introduce small discrepancies, especially
in entropy-parameter networks executed on different devices or libraries. Since entropy
decoding depends on identical probability estimation between encoder and decoder,
such discrepancies may cause decoding mismatch or failure.

TinyLIC therefore introduces quantization-aware training and INT8 inference. The
quantization operator is defined as

Q(x) = clip
(⌊x
s

⌉
, qmin, qmax

)
s, (18)

where s denotes the quantization scale. Weights are quantized channel-wise, while
activations are generally quantized layer-wise. For depth-wise convolutions, channel-
wise activation quantization can also be applied since channel interactions are absent.
TinyLIC supports two quantization modes.

• Quant-Shared. Only the modules shared between encoder and decoder are
quantized, including the hyper-synthesis transform and entropy-parameter net-
work. This is sufficient to ensure cross-platform entropy decoding consistency
while preserving most transform modules in floating point.

• Quant-All. For hardware accelerators such as NPUs, TinyLIC additionally sup-
ports full INT8 inference through quantization-aware training initialized from
pretrained 32-bit floating-point (FP32) models. Although full quantization may
slightly reduce R–D performance, it improves hardware compatibility, inference
speed, memory efficiency, and energy efficiency.

Reliability: adversarial attack-resilient training. Neural codecs may be
sensitive to out-of-distribution inputs, repeated compression, and adversarial perturba-
tions. This issue is particularly important when compression is used as a preprocessing
stage for downstream vision tasks, where perturbations targeting the codec may propa-
gate through the entire perception pipeline. TinyLIC incorporates adversarially robust
training strategies inspired by existing robustness studies [55] without introducing
additional runtime overhead.

• AR-Source. AR-Source minimizes the discrepancy between the reconstruc-
tion from the adversarial input and the clean source image, encouraging the
codec to recover clean content from perturbed inputs, using adversarial examples
generated with a Carlini–Wagner (CW)-style optimization objective [44].

• AR-Noise. AR-Noise minimizes the discrepancy between the reconstruction of
x∗ and that of a noise-perturbed reference, encouraging consistent reconstruction
under small input perturbations [55, 200].

Progressiveness: variance-aware progressive coding. Progressive transmis-
sion is important for bandwidth-limited or coarse-to-fine reconstruction scenarios.
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Fig. 10 Rate–distortion and perceptual performance of TinyLIC under different complexity budgets
and practical tool configurations.

TinyLIC adopts a variance-aware progressive coding strategy inspired by recent effi-
cient progressive coding methods [302]. This design requires only minor modifications
to the standard VAE pipeline and introduces little additional complexity.

The key observation is that latent elements with larger predicted variances are
often more informative. During encoding, latent elements are ranked according to
the variance predicted by the entropy model and transmitted progressively. Under
bandwidth constraints, untransmitted elements are replaced by their predicted means:

ỹi = miŷi + (1−mi)µi, (19)

wheremi ∈ {0, 1} denotes whether the i-th latent element is transmitted. This enables
coarse-to-fine reconstruction from partial bitstreams while preserving the standard
VAE-based codec structure.

Resilience: network-aware loss-resilient coding. In practical communication
systems, compressed bitstreams may suffer from packet loss, burst errors, and latency
constraints. A codec optimized only for ideal transmission may fail when part of
the bitstream is missing. TinyLIC therefore incorporates network-aware loss-resilient
training by simulating packet loss during optimization.

For this module, TinyLIC removes the autoregressive entropy model and adopts
a hyperprior-only architecture. This is based on the performance–resilience trade-off:
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autoregressive dependencies improve entropy modeling under error-free transmis-
sion, but may amplify error propagation when packets are lost. Recent studies such
as [318, 373] show that different autoregressive dependencies can significantly affect
robustness under transmission loss. Therefore, the loss-resilient version keeps the trans-
form architecture unchanged while simplifying the entropy model. Two network models
are considered during training.

• LR-GE (Gilbert–Elliot model). The Gilbert–Elliot model is a two-state
Markov model alternating between good and bad states, enabling simulation of
burst packet losses.

• LR-Random model. The random loss model assumes independent packet loss
with a fixed probability, providing a simple baseline for stochastic transmission
errors.

4.2 Results and Analysis

4.2.1 Implementation Details

Training protocol. TinyLIC is trained on the MLIC-100K dataset [175]. Unless
otherwise specified, all models are trained for 400 epochs with a batch size of 32. The
initial learning rate is set to 2×10−4 and decayed to 2×10−5 after 300 epochs. Fidelity-
oriented models are optimized with the standard R–D objective using MSE distortion,
while realism-oriented models additionally incorporate perceptual losses as described
in Sec. 4. For reproducibility, the benchmark should report the optimizer, training
hardware, entropy-coder implementation, random-seed policy, and code/checkpoint
availability together with the released implementation.

Test datasets. We evaluate TinyLIC on Kodak8, Tecnick [13], CLIC Professional
validation9, and the JPEG AI test set [12], covering diverse resolutions and content
distributions. Kodak contains 24 images of size 768 × 512; Tecnick contains high-
quality 1200 × 1200 images; CLIC Professional validation contains 41 images with
approximately 2K resolution; and the JPEG AI test set contains 50 natural images
ranging from 1K to 4K. For high-resolution JPEG AI images, inference is performed
using non-overlapping or tiled patches no larger than 1024 × 1024 to avoid memory
overflow.

Compared methods. We include representative traditional and learned codecs
as anchors. For objective fidelity-oriented evaluation, VTM Intra 22.0 under the
H.266/VVC image-profile configuration [34] and BPG (the H.265/HEVC image-profile
anchor) [28] are used as conventional baselines. We compare with recent lightweight
learned codecs, including EVC [367], AsymLIC [372], ShiftLIC [26], CSLIC [374], Shal-
lowNTC [403], and FastNIC [423], which emphasize different complexity–compression
trade-offs through efficient architectures, scalable designs, or lightweight entropy
models.

For perceptual realism-oriented evaluation, we compare with representative percep-
tual codecs such as HiFiC [273] and MS-ILLM [279]. HiFiC is a classical GAN-based

8https://r0k.us/graphics/kodak/
9https://clic2025.compression.cc/
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Fig. 11 Qualitative comparison of TinyLIC with representative codecs. Fidelity-oriented variants
(D) preserve structural fidelity, while perceptual-realism-oriented variants (P) recover sharper tex-
tures and more visually realistic details.

neural image codec optimized for perceptual quality, while MS-ILLM represents a
recent strong baseline.

4.2.2 Rate–Distortion–Perception Performance

Table 5 summarizes the performance of TinyLIC under different complexity budgets
and practical tool configurations. The fidelity-oriented results are reported as PSNR
BD-rate with VTM Intra as the H.266/VVC image-profile anchor, while realism-
oriented results are reported using LPIPS and FID BD-rate with MS-ILLM as the
anchor.

Complexity scaling. TinyLIC exhibits a clear performance–complexity scaling
trend. Increasing the complexity budget from 10 to 20 KMACs/pixel significantly
improves fidelity-oriented performance, reducing the Kodak PSNR BD-rate from
14.78% to 5.43%. The 50 KMACs/pixel Base model further matches or slightly
surpasses the VTM Intra anchor on Kodak, CLIC, and Tecnick, reaching −0.79%,
−1.76%, and −4.21% BD-rate, respectively. TinyLIC adopts tile-based coding for
JPEG AI test images due to memory and deployment considerations, whereas VTM
Intra performs full-resolution coding. This protocol mismatch slightly disadvantages
TinyLIC in R–D evaluation.

These results suggest that a compact convolutional architecture with lightweight
entropy modeling can achieve competitive R–D performance without heavy attention
mechanisms. Performance gains also diminish at higher complexity levels, indicat-
ing saturation in model capacity. This observation aligns with recent scaling-law
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studies [229], which show that diminishing returns persist even in learned codecs
approaching 1B parameters.

Perceptual-realism-oriented performance. For perceptual optimization,
TinyLIC improves over HiFiC under the reported LPIPS/FID BD-rate protocol. The
perceptual gap to MS-ILLM consistently decreases as complexity increases. For exam-
ple, the FID BD-rate on Tecnick improves from 91.57% for Nano to 35.47% for Base
TinyLIC. These results demonstrate that the same lightweight backbone can also serve
as an effective platform for studying perceptual compression.

4.2.3 Effect of Practical Tools

The lower portion of Table 5 evaluates the practical system tools introduced in Sec. 4.
The results demonstrate a consistent trade-off between compression efficiency and the
added system functionalities.

Variable-rate behavior. The variable-rate variants maintain or slightly improve
compression performance over the fixed-rate baseline. This improvement is partly
related to the BD-rate computation protocol: BD-rate relies on interpolation over
discrete R–D points, and sparse fixed-rate operating points may introduce larger inter-
polation errors. In our evaluation, the fixed-rate setting contains only four operating
points, whereas the variable-rate models use 15, leading to denser bitrate coverage and
a more reliable R–D curve estimation.

Among the variants, VR-Adaptive Layer achieves the best fidelity-oriented per-
formance, reaching −1.50%, −2.75%, and −5.02% BD-rate gain over VTM Intra on
Kodak, CLIC, and Tecnick, respectively. Nevertheless, we use VR-Dictionary in the
following sections for its simplicity, as it only scales one activation layer in each of the
analysis and synthesis transforms while retaining effective variable rate.

Quantization-aware decoding. Quant-Shared introduces only a limited per-
formance drop relative to the VR-Dictionary baseline, while enabling consistent
cross-platform entropy decoding. By contrast, Quant-All introduces a larger but still
moderate R–D penalty, which is expected because all transform and entropy-model
components are quantized for hardware-friendly INT8 inference.

Progressive and robust coding. Variance-aware progressive coding intro-
duces a moderate penalty in both distortion and perceptual metrics, reflecting the
cost of enforcing importance-aware latent ordering. Attack-resilient training results
in a smaller degradation, with AR-Noise consistently outperforming AR-Source on
clean-image evaluation. Importantly, these tools preserve the same codec backbone,
enabling controlled studies of robustness and progressiveness without redesigning the
architecture.

Loss-resilient coding. The loss-resilient variants exhibit the largest clean-image
performance degradation. This is expected because the autoregressive entropy model
is removed to reduce error propagation under packet loss. The similar behavior of
LR-GE and LR-Random further suggests that the primary cost originates from the
resilience-oriented entropy-model simplification rather than the specific channel model
itself.
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4.2.4 Visual Comparison

We further provide qualitative comparisons to illustrate the behavior of TinyLIC
under different complexity levels and optimization objectives. The visual results
include distortion-oriented reconstructions, perception-oriented reconstructions, and
comparisons with JPEG AI operating points of different complexities.

The perceptual realism-oriented models produce sharper and more perceptually
plausible textures in the shown examples at low bitrates, although they may intro-
duce more synthesized high-frequency content. TinyLIC achieves a favorable balance
between visual quality and computational efficiency. These qualitative results are con-
sistent with the quantitative findings and further confirm that TinyLIC can serve as
a compact yet effective platform for analyzing practical learned image compression
systems.

4.2.5 Model Complexity

Table 6 reports the computational complexity and parameter distribution of TinyLIC.
The three variants provide a clear lightweight scaling path from Nano to Base,
covering approximately 10, 20, and 50 KMACs/pixel decoding budgets. Even the
largest Base model contains only 10.567M parameters, while the Nano model requires
9.99 KMACs/pixel for decoding with 3.161M parameters, making it suitable for
resource-constrained deployment.

4.3 Discussion and Perspective

TinyLIC is not intended to maximize raw R–D performance, but to provide a
lightweight, reproducible, and configurable framework for practical learned image
compression. By combining a compact backbone with modular system-level tools, it
enables controlled analysis of the interplay among compression efficiency, computa-
tional complexity, deployability, and robustness.

More broadly, TinyLIC reflects an important transition in learned image coding
research. Early studies primarily focused on improving R–D performance under ideal-
ized settings, whereas practical deployment requires codecs to satisfy a much wider set
of constraints, including hardware efficiency, numerical consistency, transmission reli-
ability, and flexible rate adaptation. These objectives are often coupled and sometimes
conflicting, making codec design increasingly a system-level optimization problem
rather than a purely algorithmic one. Our experiments suggest that many practical
functionalities can be integrated into a unified lightweight framework with manageable
overhead, although each additional constraint typically introduces some performance
trade-off.

In this sense, TinyLIC serves not only as a lightweight reference codec, but also
as a practical research platform for studying the broader design space of neural image
compression, where coding performance must be balanced together with complexity,
robustness, and real-world usability.
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5 Concluding Remarks & Future Perspective

Remarks. Over the past decade, end-to-end LIC has matured from proof-of-concept
neural compression into an increasingly deployable codec paradigm. This review
traces that transition through nonlinear transforms, differentiable signal quantization,
entropy modeling, and rate–distortion optimization, emphasizing how data-driven
joint optimization replaces hand-crafted module design while preserving the core
compression goal of compact and faithful representation.

The field is now judged not only by PSNR or perceptual R–D gains, but also by
computational complexity, memory footprint, numerical consistency, hardware com-
patibility, robustness, rate control, and transmission reliability. TinyLIC is used as
a lightweight and reproducible reference case to make these coupled trade-offs vis-
ible under controlled conditions, rather than as a claim of best raw compression
performance.

The standardization progress of JPEG AI and IEEE 1857.11 shows that learned
image coding is entering industrial validation, with early foundations for bitstream
syntax, model profiles, complexity levels, conformance testing, and interoperabil-
ity. Remaining challenges in model evolution, hardware support, and long-term
maintenance define the next stage of practical adoption.

Perspective. The long-term potential of LIC lies in enabling coding for intelli-
gence: a coding paradigm in which compressed representations are no longer optimized
solely for human-view reconstruction, but can also flexibly support downstream per-
ception, analysis, and decision-making. Although most existing studies still focus
on compression and reconstruction for human visual quality, recent efforts in both
academia and industry have increasingly explored machine-task-oriented coding [426]
and unified frameworks that jointly consider human visual reconstruction and machine
perception [402]. However, many existing solutions remain at an early stage. Some rely
on task-specific encoders, while others require joint optimization with downstream task
networks, which limits scalability and creates barriers to rapid deployment. A more
promising direction is to construct a unified compressed bitstream that can, through
lightweight control or adaptive decoding, support multiple objectives such as human-
view reconstruction, machine perception, and semantic analysis [94, 432, 433]. This
perspective is also consistent with biological vision, where the visual system does not
preserve all sensory details uniformly, but rapidly extracts compact and task-relevant
representations to support higher-level cognition, decision-making, and memory. Such
a mechanism provides an intuitive basis for the emerging view that compression and
intelligence are deeply connected [155, 444].

At the representation level, emerging paradigms beyond conventional latent-grid
VAEs are also expanding the design space of learned coding. Implicit neural represen-
tations (INRs) model signals as continuous coordinate-conditioned functions, enabling
flexible resolution scaling and compact continuous representations [333]. Meanwhile,
Gaussian-based representations [182] provide an alternative explicit scene representa-
tion through learnable Gaussian primitives, achieving highly efficient rendering and
view synthesis. Recent studies have begun exploring compression directly in INR
and Gaussian domains [184, 203, 326, 327, 339], suggesting that future codecs may
move beyond traditional pixel- or latent-grid representations toward more general
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neural scene representations. These paradigms are particularly attractive for immer-
sive media, free-viewpoint rendering, and AI-native visual communication, where the
goal is not merely reconstructing pixels, but representing underlying scene structure,
geometry, and semantics in a compact and editable form.

The rapid development of large models further expands the design space of learned
coding. Large language, vision, and multimodal models have demonstrated strong
capabilities in semantic understanding, context prediction, and visual generation, while
parallel progress in model compression and edge deployment is making their practical
use increasingly feasible [445]. This convergence suggests a new route for image and
video coding: instead of transmitting all visual details explicitly, future codecs may
transmit compact structural, semantic, or latent information, and rely on powerful
generative priors to recover perceptually plausible content. Recent studies have already
shown that large-model-based context modeling can substantially improve lossless
compression efficiency across text, images, video, and audio [230]. Similarly, extremely
low-bitrate visual reconstruction can be achieved by guiding diffusion models with
semantic descriptions generated by large language models and coarse latent features
extracted from variational autoencoders [43, 181]. These results indicate that founda-
tion models may shift the relevant evaluation frontier from signal fidelity alone toward
rate–distortion–perception and semantic reliability, especially in ultra-low-bitrate sce-
narios such as emergency communication, satellite links, deep-space communication,
and deep-sea exploration. At the same time, this paradigm also raises new challenges:
reconstructed content may become more generative than strictly faithful, making hal-
lucination, semantic consistency, controllability, and computational cost central issues
for future evaluation.

Although learned image and video coding share many core techniques, their deploy-
ment timelines are likely to differ. For still-image coding, the combination of strong
compression performance, manageable complexity, mobile NPU support, and stan-
dardization progress suggests nearer-term deployment potential than learned video
coding. For video coding, the situation is more challenging due to stricter require-
ments on latency, power consumption, memory bandwidth, temporal consistency, and
random access [51, 112, 183, 227, 362, 387]. Its adoption will likely depend on contin-
ued advances in semiconductor technology, NPU efficiency, model compression, and
standardization ecosystems.

Overall, learned coding is moving from neural compression toward AI-native media
representation. Future codecs will need to jointly optimize compression efficiency, sys-
tem deployability, and intelligence compatibility. The convergence of these dimensions
may define a new coding paradigm in which compression is no longer only a tool
for bitrate reduction, but also an interface between visual sensing, communication,
perception, and intelligent decision-making.
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[29] Bengio Y, Léonard N, Courville A (2013) Estimating or propagating gradients through
stochastic neurons for conditional computation. arXiv preprint arXiv:13083432

[30] Bjontegaard G (2001) Calculation of average psnr differences between rd-curves.
VCEG-M33

[31] Blau Y, Michaeli T (2018) The perception-distortion tradeoff. In: Proceedings of the
IEEE conference on computer vision and pattern recognition, pp 6228–6237

53

https://doi.org/10.1109/PCS.2016.7906310


[32] Blau Y, Michaeli T (2019) Rethinking lossy compression: The rate-distortion-
perception tradeoff. In: International Conference on Machine Learning, PMLR, pp
675–685

[33] Blei DM, Kucukelbir A, McAuliffe JD (2017) Variational inference: A review for
statisticians. Journal of the American statistical Association 112(518):859–877

[34] Bross B, Chen J, Ohm JR, et al (2021) Developments in international video coding
standardization after avc, with an overview of versatile video coding (vvc). Proceedings
of the IEEE 109(9):1463–1493

[35] Bross B, Wang YK, Ye Y, et al (2021) Overview of the versatile video coding (vvc)
standard and its applications. IEEE Transactions on Circuits and Systems for Video
Technology 31(10):3736–3764

[36] Bychkov G, Abud K, Kovalev E, et al (2025) Nic-robustbench: A comprehensive open-
source toolkit for neural image compression and robustness analysis. arXiv preprint
arXiv:250619051

[37] Cai C, Chen L, Zhang X, et al (2018) Efficient variable rate image compression with
multi-scale decomposition network. IEEE Transactions on Circuits and Systems for
Video Technology 29(12):3687–3700

[38] Cai C, Chen L, Zhang X, et al (2019) End-to-end optimized roi image compression.
IEEE Transactions on Image Processing 29:3442–3457

[39] Cai S, Zhang Z, Chen L, et al (2022) High-fidelity variable-rate image compression via
invertible activation transformation. In: Proceedings of the 30th ACM International
Conference on Multimedia, pp 2021–2031

[40] Cai S, Chen L, Zhang Z, et al (2024) I2c: Invertible continuous codec for high-fidelity
variable-rate image compression. IEEE Transactions on Pattern Analysis and Machine
Intelligence 46(6):4262–4279

[41] Campos J, Meierhans S, Djelouah A, et al (2019) Content adaptive optimization for
neural image compression. In: Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops, pp 0–0

[42] Cao Z, Bao Y, Meng F, et al (2024) Enhancing adversarial training with prior knowledge
distillation for robust image compression. In: ICASSP 2024-2024 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), IEEE, pp 3430–3434

[43] Careil M, Muckley MJ, Verbeek J, et al (2024) Towards image compression with perfect
realism at ultra-low bitrates. In: The Twelfth International Conference on Learning
Representations

[44] Carlini N, Wagner D (2017) Towards evaluating the robustness of neural networks. In:
2017 ieee symposium on security and privacy (sp), Ieee, pp 39–57

[45] Caron M, Touvron H, Misra I, et al (2021) Emerging properties in self-supervised vision
transformers. In: Proceedings of the IEEE/CVF international conference on computer
vision, pp 9650–9660

[46] Chamain LD, Cheung ScS, Ding Z (2019) Quannet: Joint image compression and classi-
fication over channels with limited bandwidth. In: 2019 IEEE International Conference
on Multimedia and Expo (ICME), IEEE, pp 338–343
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Table 4 Evidence and deployment-readiness matrix for learned image coding.

Direction Evidence base and
common evaluation

Main deployment gap Readiness

Fidelity-oriented
R–D coding

Strong evidence on Kodak,
Tecnick, CLIC, and JPEG
AI test material using
PSNR/MS-SSIM BD-rate
against BPG (H.265/HEVC
image-profile anchor) and
VTM Intra (H.266/VVC
image-profile anchor).

Training data, complexity
reporting, entropy-coder
runtime, and CTC are not
yet uniformly specified
across papers.

High

Transform and
entropy modeling

Mature empirical base
covering hyperpriors,
autoregressive context
models, checkerboard
contexts, channel-wise
contexts, and
attention-based transforms.

Stronger probability models
often introduce serial
decoding, memory pressure,
or hardware-unfriendly
operators.

High–
Medium

Variable-rate
and rate control

Growing evidence from
recurrent refinement, latent
scaling, feature modulation,
quality maps, and adaptive
quantization.

Continuous rate control,
region-of-interest (ROI)
control, and rate-error
guarantees remain less
standardized than
quantization-parameter
control in conventional
codecs.

Medium

Perceptual and
generative
compression

Increasing use of LPIPS,
Frechet inception distance
(FID), DISTS, and human
preference studies for
rate–distortion–perception
analysis.

Hallucination, semantic
fidelity, safety, and
perceptual-metric reliability
remain unresolved for
high-stakes or archival use.

Medium–
Low

Coding for
machines and
semantic
communication

Promising results on
classification, detection,
segmentation, and
task-aware latent-domain
inference.

Evidence is task-, dataset-,
and model-dependent;
interoperability between
human viewing and machine
inference is still fragile.

Medium–
Low

Integer inference
and hardware
deployment

Emerging evidence on mixed
precision, 8-bit integer
(INT8) inference,
cross-platform consistency,
latency, memory, and energy.

Platform-specific kernels,
numerical mismatch, and
incomplete hardware-aware
training still limit broad
reproducibility.

Medium

Robustness and
transmission
resilience

Initial studies cover
distribution shift, adversarial
perturbation, repeated
coding, packet loss, and
burst-error simulation.

No widely accepted CTC yet
exists for robustness or
lossy-network operation;
robustness gains often trade
against R–D efficiency.

Low–
Medium

Standardization
and
interoperability

JPEG AI and IEEE 1857.11
provide common test
material, reference software
directions, and
standardization momentum.

Bitstream conformance,
decoder complexity, tooling
maturity, and long-term
ecosystem support are still
evolving.

Medium
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Table 5 Performance of TinyLIC under different complexity budgets and practical tool
configurations. Fidelity-optimized models are evaluated by PSNR BD-rate using VTM Intra as the
H.266/VVC image-profile anchor, while realism-optimized models are evaluated by LPIPS and FID
BD-rate using MS-ILLM as the anchor. Lower values indicate better performance.

Objective-Fidelity-Oriented Perceptual-Realism-Oriented

PSNR BD-rate (%) LPIPS BD-rate (%) FID BD-rate (%)

Methods MACs/pixel K
od
ak

C
L
IC

T
ec
ni
ck

JP
E
G
A
I

K
od
ak

C
L
IC

T
ec
ni
ck

JP
E
G
A
I

T
ec
ni
ck

JP
E
G
A
I

Anchor
VTM Intra 22.0 (H.266/VVC image-profile anchor) [35] 0.00 0.00 0.00 0.00 / / / / / /
BPG (H.265/HEVC image-profile anchor) [28] 30.10 41.87 33.94 30.65 / / / / / /
ELIC [139] 573k -3.22 -3.89 -4.57 / / / / / / /
EVC-small [367] 52k 6.9 / / / / / / / / /
AsymLLIC [372] 130k 0.65 / / / / / / / / /
ShiftLIC-Small [26] 114k 15.56 11.18 10.67 / / / / / / /
CSLIC-3 [374] 125k -0.94 3.48 2.75 / / / / / / /
CSLIC-1 [374] 77k 5.37 10.18 10.12 / / / / / / /
ShallowNTC [403] 20k 22.22 30.36 / / / / / / / /
FastNIC [423] 10k 26.00 34.26 35.61 / / / / / / /
MS-ILLM [279] 600k / / / / 0.00 0.00 0.00 0.00 0.00 0.00
HiFiC [273] 600k / / / / 50.30 71.01 50.22 66.97 74.05 68.73

Fixed-Rate TinyLIC
Nano 10k 14.78 14.68 12.76 13.86 30.92 97.47 83.49 87.98 91.57 40.62
Small 20k 5.43 4.63 2.73 6.33 20.96 78.66 60.03 63.81 76.21 41.86
Base 50k -0.79 -1.76 -4.21 0.91 15.22 51.09 38.85 44.95 35.47 30.72

Variable-Rate TinyLIC
VR-Adaptive Layer 50k -1.50 -2.75 -5.02 0.29 14.75 49.17 41.30 40.02 28.35 26.47
VR-Dictionary 50k -0.94 -2.21 -4.26 0.96 15.20 49.80 41.57 40.66 28.97 28.75

Variable-Rate (VR-Dictionary) + Consistent Decoding
Quant-All (INT8) 50k 2.21 2.49 -0.22 4.74 17.16 60.02 43.20 51.52 32.59 28.60
Quant-Shared (INT8) 50k -0.41 -1.45 -3.68 1.52 13.98 50.06 38.38 45.32 26.80 29.22

Variable-Rate (VR-Dictionary) + Consistent Decoding (Quant-Shared) + Progressive Coding / Attack-Resilient / Loss-Resilient
PC-Variance Aware 50k 3.15 -1.04 -1.71 2.55 21.88 67.02 52.24 55.09 44.01 44.08
AR-Source 50k 0.75 -0.84 -2.69 2.67 15.45 61.89 42.41 51.76 37.63 34.43
AR-Noise 50k -0.20 -1.36 -3.36 1.80 14.55 60.05 41.07 49.69 35.19 32.98
LR-GE (20%) 50k 9.78 8.52 6.22 8.73 33.85 81.91 72.88 58.90 56.35 41.32
LR-Random (20%) 50k 9.69 8.54 6.01 8.53 33.52 81.01 71.41 57.30 54.54 39.53

Table 6 Complexity and parameter distribution of
TinyLIC variants.

TinyLIC
Complexity Parameters (M)

Enc. Dec. ga gs ha hs CAR LRP Sum

Nano 11.92 9.99 0.81 0.53 0.63 0.63 0.42 0.15 3.16

Small 20.81 19.99 1.26 1.07 0.65 0.65 0.97 0.15 4.76

Base 53.00 50.76 3.45 3.05 1.38 1.38 1.17 0.15 10.57

Note: Complexity is measured in KMACs/pixel.
Enc. and Dec. denote encoding and decoding com-
plexity. ga/gs: main analysis/synthesis transforms;
ha/hs: hyper analysis/synthesis transforms; CAR:
channel autoregressive context model; LRP: latent
residual prediction [275].
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