End-to-End Learned Image Compression: Approaches, Deployment, and
Standardization

Jasser Kraiem
Technical University of Munich
Chair of Media Technology
Arcisstr. 21, 80333 Munich, Germany
jasser.kraiem @tum.de

Abstract

Learned image compression (LIC) has emerged as a
promising alternative to conventional image compression
(CIC) methods, leveraging deep learning techniques to
achieve superior compression efficiency and visual quality.
This paper provides a comprehensive review of LIC, cov-
ering fundamental concepts, key innovations, and state-of-
the-art models. To evaluate practical feasibility, we bench-
mark representative models on a Tesla T4 GPU and discuss
deployment challenges. Additionally, we explore the JPEG
Al standardization efforts, highlighting its architecture and
features. We conclude that while standardization efforts like
JPEG Al are promising, future research must balance per-
Sformance with practical deployability, for instance through
adaptive compression techniques.

Index Terms—Learned Image compression, rate-distortion
optimization, variational autoencoder, JPEG AL

1. Introduction

Visual information plays a fundamental role in modern
applications, from multimedia communications and com-
puter vision to emerging technologies such as digital twin-
ning. Image compression is a critical enabling technology
that sits at the intersection of information theory, signal pro-
cessing, probability theory, and deep learning.

Compressing image data is typically formulated as a
lossy compression problem. Lossy compression approxi-
mates continuous sources to achieve finite representation,
which introduces information loss, in contrast to lossless
compression that preserves all original information. Quan-
tization is the fundamental operation in lossy compression
that approximates the continuous source with a finite set of
values. It maps a continuous input x to a discrete output
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Figure 1: The Rate-Distortion function R(D).

% = Q(z). Rate is the number of bits needed to represent
the source, e.g. for an image:

R number of bits )

number of pixels

Distortion is the expected loss between original and recon-
structed data, using some distortion metric d such as MSE
or MS-SSIM:

D = E[d(X, X)] 2)

In the context of lossy compression we always have a trade-
off between rate and distortion, [10]. This trade-off can be
visualized with the rate-distortion curve in Figure 1.

Images, especially high-resolution ones, contain vast
amounts of data but also exhibit significant redundancy.
Conventional image compression methods exploit this re-
dundancy through transform coding, which converts the im-
age into a domain with decorrelated coefficients, yielding a
more compact representation. In JPEG, [20], an image x
is transformed using the discrete cosine transform (DCT)
to obtain the transformed coefficients y, [20]. The trans-
formation can be represented as a linear operation using
a transformation matrix A as shown in equation 3. After
transformation, quantization is applied to the transformed



coefficients to obtain the quantized values 3.
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Since we obtain a discrete source after quantization, we can
apply entropy coding to losslessly encode the quantized val-
ues to bitstreams. For decoding, we apply the inverse op-
erations to reconstruct the image x’. The compression effi-
ciency is then evaluated by measuring the rate and distortion
according to equations 1 and 2.

CIC methods such as JPEG and JPEG2000 have dom-

inated the field for decades. However, these handcrafted
techniques are approaching theoretical and practical lim-
its in terms of compression efficiency and visual quality,
[23, 14]. Transform coding, quantization, and entropy cod-
ing blocks in CIC methods are designed based on expert
knowledge and optimized separately, [14]. Additionally,
CIC relies on linear tranforms which implicitly assume that
the image data follows a Gaussian distribution, [3]. In this
context, LIC aims to address two issues: 1) Use non-linear
transformations to better capture the complex distribution
of natural images and 2) Optimize the compression pipeline
in an end-to-end (E2E) manner.
This paper provides a comprehensive review of LIC. We
begin by introducing the VAE-based baseline framework
proposed by [4], which serves as the foundation for most
modern LIC approaches. Building on this foundation, we
survey key innovations in transforms, quantization, and en-
tropy modeling, and discuss representative state-of-the-art
models. Subsequently, we explore perceptual compression
methods that extend beyond traditional rate-distortion opti-
mization. We also address practical deployment challenges
and conclude with an overview of the recent JPEG Al stan-
dardization efforts.

2. VAE: Baseline Framework for LIC
2.1 VAE-based Architecture

Most of the LIC methods build upon the VAE based ar-
chitecture proposed by [4], which has a similar structure as
JPEG. The encoder g, and decoder g, correspond to the
analysis and synthesis transforms. [4] implements them
with CNNs. For quantization, the researchers use simple
rounding with equal bins of size 1. The assumption is that
the transformations are powerful and flexible enough such
that the combination of the transform and quantization can
approximate a Vector-Quantization. The entropy coding
block uses arithmetic coding with an entropy model F; to
estimate the PMF of the quantized latents. The overall ar-
chitecture is shown in Fig. 2.

2.2 E2E training with rate-distortion loss

For training the model, a representative loss function L
of the image compression task is needed. [4] use the loss
function in equation 4 to jointly optimize rate and distortion:

L=R+\D 4)

For training, we can not evaluate the rate using 1, since
counting bits is not differentiable. Instead, we estimate it
with cross entropy which is valid as long as the entropy cod-
ing technique is efficient, for example using arithmetic cod-
ing. For the distortion, we can use any differentiable metric
d(x,z"), for example MSE or MS-SSIM, [21]. We obtain
this objective:

L(6, ¢, P,) = —Ellog, P,| + AE[d(z, z")] (5)

The expectations are approximated with averaging over the
training dataset. End-to-end training requires all the opera-
tions to be differentiable, to update the weights of the NNs
using backpropagation. However, quantization is not differ-
entiable. From 5, it is also clear that the Probability mass
function (PMF) of the quantized latents F; required to esti-
mate the rate is discrete and thus not differentiable as well.
To address the non differentiability of the quantization,
[4] proposed to replace quantization with additive uniform
noise during training to approximate the quantization oper-

ation.
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Since y is continuous, we can learn its probability density

function (PDF) py as a proxy for the PMF of the quantized
latents P, to estimate the rate:

L(0, ¢, 1)) = —E[log, pg] + AE[d(z, z")] (7

where ¢ are the parameters of the entropy model. The
architecture during training is illustrated in Fig. 3.
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2.3. Improvements and SOTA

2.3.1 Transformations

Several improvements have been proposed for the design
of the encoder and decoder networks. [4] proposed to use
generalized divisive normalization (GDN) layers instead of
standard activation functions such as ReLU. [19] proposed
to use residual blocks in the architecture. [8] were the first
to introduce channel attention mechanisms. This allows
the network to learn the feature maps based on their im-
portance. Later work proposed to use transformer architec-
tures, for example a tranformer-CNN Mixture (TCM) was
proposed in [17]. The design is motivated by the ability
of transformers to capture global context, which is comple-
mentary to the local feature extraction of CNNs.
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Figure 2: Inference workflow of the VAE architecture proposed in [4]. The encoder
and decoder utilize CNNs. Latents are quantized via nearest-neighbor rounding and
compressed using arithmetic coding based on the learned PMF.

2.3.2 Quantization

One of the first improvements concerning quantization was
to use vector quantization (VQ) instead of simple rounding,
[1]. Additionally, [1] propose to parametrize the quantiza-
tion to train it jointly with the other NNs. Although additive
uniform noise proposed by [4] helps with differentiability
during training, it results in a rate mismatch between train
and test. [1] proposed to use soft-to-hard VQ to address this
issue. The training is divided into two stages. In the first,
additive uniform noise is used for end-to-end training and in
the second stage, rounding is used, but the encoder is fixed,
and only the decoder is fine-tuned to learn to reconstruct
from discrete values.

2.3.3 Entropy Models

[5] proposed to using a hyperprior to better estimate the
PMF of the latents. The hyperprior is a second latent rep-
resentation transmitted to the decoder as side information
along the bitstream. This concept is used to capture the lo-
cal scale (o) of the latent distribution. To further improve
entropy modeling, [19] introduced a context model (autore-
gressive prior). While the hyperprior captures local spatial
variation, the context model captures spatial correlations
between latents by using previously decoded neighbors to
predict the distribution parameters of the current latent. The
previous methods model the latents with a single Gaussian
distribution. [8] proposed to use a Gaussian Mixture Model
(GMM) to better model complex source distributions.

2.3.4 Representative SOTA Models

We consider two representative SOTA models for the VAE-
based approach. The first model, Spatial to Channel For-
mer (S2CFormer), achieves best performance by focusing
on the transform design [7]. It argues that channel ag-
gregation is more important than spatial aggregation for
LIC. Thus, it simplifies spatial operations and uses a so-
phisticated FeedForward Network (FFN) to better aggre-
gate channel information. The second model, Hierarchical
Progressive Context Model (HPCM), focuses on improving
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Figure 3: Training workflow of the VAE architecture [4]. To preserve differentiability,
quantization is approximated by additive uniform noise. The rate is estimated via the
cross-entropy of the continuous noisy latents, bypassing discrete entropy coding.

the entropy model, [16]. HPCM introduces a novel con-
text model that splits the latent representation into multi-
ple scales from coarse to fine details. Then, it uses cross-
attention fusion to predict the distribution parameters of
each scale based on the previous scales.

3. Beyond Rate-Distortion: Perceptual Models

Models discussed so far optimize for rate-distortion
trade-off using traditional metrics such as MSE or MS-
SSIM. Those metrics operate pixel-wise and do not corre-
late well with human perception. Moreover, in low bitrates,
optimizing for those metrics often leads to blurry results.
Perceptual image compression aims to solve this issue by
adding a perception or realism metric to the objective

L= LRate + )\DLDistortion + )\PLPerceptual (8)

One of the first models in this direction is High-Fidelity
Generative Image Compression (HiFiC) [18], where they
proposed to add a conditional discriminator (D) to the VAE-
based architecture. D distinguishes between real and re-
constructed images, pushing the generator/decoder (G) to
produce more realistic images. The overall architecture is
shown in Fig. 4. The model is trained in an alternating man-
ner typical of GANs, where the Encoder-Decoder minimize
the rate-distortion objective along with the output of D for
the reconstructed images, while D is trained with the stan-
dard adversarial loss.

Perceptual Models generate high-quality images even at low
bitrates, however they often hallucinate details that were not
present in the original image, [14]. To address this issue, the
discriminator in [18] is conditioned on the latent represen-
tation, which helps to preserve the content of the original
image. Other models include information in the prior, such
as a description of the image, to guide the compression pro-
cess, [14].

4. Deployment Limitations

Although LIC achieved better RD performance com-
pared to conventional methods, there are still several lim-
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Figure 4: Overall Architecture (adapted from [18]). The green elements indicate the
actual image compression pipeline, while D and its adversarial loss are in blue.

itations that hinder their deployment in real-world applica-
tions. LIC models are orders of magnitude more compu-
tationally expensive than conventional methods and typi-
cally require specialized hardware such as GPUs or TPUs
to achieve acceptable inference times, [22]. Computational
complexity of NNs is commonly measured by the number
of multiply-accumulate operations (MACs). For hardware-
independent comparison across different input resolutions,
complexity is typically normalized and reported as kilo-
MAC:s per pixel (kMACs/pixel). The number of operations
directly affects the latency and inference time of the model,
which is a critical factor for real-time applications. The size
of models indicated by the number of parameters also af-
fects the deployment feasibility.

Many models try to reduce computational complexity by
using efficient layers, [15, 12]. Since image compression is
an asymmetric task, with one-time encoding and multiple-
time decoding, [22] proposed to use a shallow decoder with
a more complex encoder to reduce the decoding complexity.
A big limitation of LIC models is the need to store different
models for different rate-distortion trade-offs. [9] proposed
a model that can adapt to different rates by conditioning on
the Lagrange multiplier A from equation 4. Although con-
text modeling is essential for entropy coding, some mod-
els use autoregressive models that are inherently sequential.
To address this issue, [13] proposed a checkerboard context
model that allows for parallel processing. Table 1 shows the
efficiency benchmark results for various models.

Table 1: Efficiency benchmark results on 512 X 768 resolution. Experiments were
performed using CompressAl [6] on an NVIDIA Tesla T4 GPU. For autoregressive
models, entropy coding and spatial context modeling are executed sequentially on
an Intel Xeon CPU. Enc/Dec KMACs/px denote the computational complexity of
the neural transforms (analysis/synthesis and hyperprior). Encoding and decoding
latency report the end-to-end system runtime measured using compress () and
decompress (), including CPU-bound entropy coding.

Model Enc Dec Enc. Latency Dec. Latency Params
KMACs/px KMACs/px (ms) (ms) M)
Factorized [4] 422 422 31.1 825 3.0
Hyperprior [5] 43.5 43.5 432 94.0 5.1
MBT (Joint) [19] 93.7 96.8 4356.6 8039.4 14.1
Cheng2020 [8] 166.3 2553 38232 8915.1 11.8
ELIC [12] 113.2 113.2 310.2 182.1 15.5

Figure 5: JPEG Al overall architecture (reproduced from [2]). The framework em-
ploys a multi-branch design to enable varying complexity-performance trade-offs.

5. JPEG AI Standardization

JPEG Al is the first image coding standard based on
deep learning, [2]. The standardization Efforts started in
around 2019 and officially became a standard in early 2025.
The standard is based on the VAE framework proposed by
[4]. JPEG Al aims to provide a practical LIC solution
that is high performant While providing computational ef-
ficiency and practical deployability. The model employs
a multi-branch architecture offering different complexity-
performance trade-offs. JPEG Al uses two encoders: a
lightweight version for mobile devices and a more complex
high-performance variant. Three decoder configurations
are available with increasing complexity: 8, 23, and 214
kMAC/pixel, defining low operating point (LOP) and high
operating point (HOP) modes. The LOP encoder/decoder
uses simple convolutions with residual connections, while
HOP incorporates attention mechanisms [11]. For Quan-
tization, JPEG Al uses the additive uniform noise during
training and rounding during inference, as proposed by [4].
For entropy coding, it uses a learned entropy model similar
to [5], with context modeling based on generalized version
of the checkerboard context model [13] called Multi-stage
Context Model (MCM). Similar to [9], JPEG Al supports
variable rate compression. However, the architecture is im-
plemented twice, because it uses YUV 4:2:0 color space
to allow for more compression. Thus, Y channel and UV
channels are handled separately with different models.

6. Conclusion and Future Work

The paper reviewed the rapid evolution of learned image
compression, starting from the VAE-based baseline frame-
work to recent SOTA models. We discussed key innova-
tions in transformations, quantization, and entropy model-
ing, along with the perceptual compression approach. We
also addressed practical deployment challenges and pro-
vided an overview of the JPEG Al standardization efforts.
Future research directions include exploring more efficient
architectures, better perceptual models and metrics, and
adaptive compression techniques that can dynamically ad-
just to different content and application scenarios to balance
performance and applicability of LIC.
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