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Abstract—In learning-based image compression methods, 

entropy modelling remains crucial for the achievement of higher 

compression performance with low computational cost. In this 

study, we introduce a framework for learned image compression 

that combines channel-wise autoregressive entropy modelling, 

LSTM-based context adaptation, and latent residual prediction 

(LRP) to improve entropy estimation and reduce reconstruction 

errors. The model employs channel-wise conditioning to 

progressively refine latent distributions, while an autoregressive 

prior captures spatial dependencies, allowing for more accurate 

probability predictions. Furthermore, latent residual prediction 

reduces quantization errors, resulting in more accurate 

reconstructions. Experimental results indicate that the proposed 

method surpasses other deep learning-based compression 

techniques, achieving a 12.7% BD-rate (Bjontegaard Delta-Rate) 

reduction compared to a baseline model that utilises channel-

conditioning and LRP. These findings highlight the effectiveness 

of combining hierarchical entropy modelling with spatial and 

channel-wise context adaptation to achieve state-of-the-art 

compression efficiency. 

Keywords—image compression, autoregressive modelling, 

channel conditioning, entropy modelling, context modelling, latent 

residual prediction 

I.  INTRODUCTION  

Image compression is a fundamental area of signal and 

image processing that has been extensively studied due to its 

significant role in efficient image storage and transmission. 

Over the past decades, several compression standards have 

been developed, including JPEG [1], JPEG2000 [2,3], JPEG 

XL [4], and, more recently, JPEG AI [5], which leverages deep 

learning techniques for enhanced compression performance. 

Learned image compression methods have increasingly 

surpassed traditional approaches in both objective and 

subjective evaluation metrics. This shift reflects a broader trend 

toward end-to-end optimization. 

During the initial stages of deep learning-based image 
compression development, most approaches adhered to the 
principles of traditional codecs, which involved a sequence of 
transformation, quantisation, and entropy coding. These 
methods typically substituted one of these stages with a deep 
learning-based element. In recent years, learning-based 
techniques have primarily evolved into two main categories. 

One focuses on entropy modelling to minimise redundancies 
found within images, while the other utilises transformers and 
attention mechanisms to improve the efficiency of feature 
representation. Both approaches have demonstrated promising 
compression performance, although their effectiveness is 
optimised for different aspects of the compression process.  

Estimating the code rate through entropy modelling is 
essential in image compression methods that rely on learning 
techniques. According to Shannon’s source coding theorem 
[6], given a discrete memoryless source that generates 
symbols from the set y = {y0,..., yN}, the optimal codelength 
for the representation of this source is given by 

            C = Ey [−log2 P(yi)]= − ∑N
i=0 [P(yi)∙log2 P(yi)]        (1) 

 
where Ey denotes the expected value over the discrete random 
variable y and P(yi) is the probability of symbol yi [7]. 
Therefore, in the case of autoencoders it is essential to 
accurately estimate the probability density functions (PDFs) of 
the bottlenecks in order to compute the compression rate [8].  

State-of-the-art models employ both forward and 
backward-adaptive components to enhance the predictive 
accuracy of the entropy model, thereby achieving higher 
compression rates without increasing distortion. Forward 
adaptation [9] typically utilises side information, such as a 
learned hyperprior [10]. The hyperprior approach is widely 
adopted, as it can be easily integrated into an end-to-end 
optimized network while enabling efficient encoding and 
decoding. In contrast, backward adaptation generally 
leverages predictions derived from the causal context of each 
symbol, including neighbouring symbols located above and to 
the left of the current symbol, as well as those in previously 
decoded channels [11,12]. 

In this study, an autoregressive approach with context 
modelling and latent residual prediction (LRP) is used to 
enhance compression performance. The key components of 
the proposed model include: (a) autoregressive (AR) 
modelling for sequential latent representation prediction, (b) 
LSTM-based context adaptation [13] to improve entropy 
estimation, (c) channel conditioning (CC) for better latent 
distribution estimation, (d) hyperprior-based entropy 
modelling to capture global dependencies and (e) latent 
residual prediction to minimise reconstruction errors. 



  

The remainder of this paper is structured as follows: 

Section II provides a review of deep learning-based image 

compression methods. Section III presents the details of the 

proposed technique and the network architecture employed in 

this study. The experimental setup and evaluation results are 

discussed in Section IV. Finally, Section V summarizes the 

findings and outlines directions for future research. 

II. RELATED WORK 

Numerous end-to-end techniques for image compression 
utilise a variational autoencoder (VAE), a widely used 
probabilistic generative model that is often combined with an 
approximate inference framework [14]. Ballé et al. included a 
hyperprior model [10] to communicate the distribution of latent 
representations and assumed a zero-mean Gaussian distribution 
for each code [7]. Minnen et al. have built on this architecture 
and incorporated a context-based autoregressive prior into the 
hierarchical hyperprior introduced by Ballé [15]. Lee et al. 
presented an autoregressive entropy model that improved 
coding efficiency through masked convolutions, which helped 
in capturing spatial dependencies in the latent space [16]. 

Minnen et al. introduced a channel-wise autoregressive 
entropy model that processed latent representations on a per-
channel basis rather than on pixel-level [11]. Instead of relying 
on full spatial autoregression, the model exploited causal 
dependencies between channels. Although autoregressive 
models improve compression performance, they introduce 
sequential dependencies that slow down the decoding process. 
To overcome these limitations, Guo et al. proposed a three-
dimensional context entropy model that, instead of relying 
exclusively on two-dimensional spatial neighbors, also 
incorporated information from previously processed channels 
in the latent space [17]. On the other hand, Fu et al. introduced 
a framework that integrated a wavelet-domain convolution 
module into a wavelet-domain channel-wise autoregressive 
entropy model [18]. 

Recent advancements in learned image compression have 
increasingly utilised transformers and attention mechanisms. 
Liu et al. combined a transformer-CNN mixture block with a 
channel-wise entropy model incorporating parameter-efficient 
Swin-Transformer-based attention modules [19]. Zou et al. 
proposed a window-based local attention block and a 
symmetrical transformer framework that incorporated absolute 
transformer blocks in both the downsampling encoder and 
upsampling decoder [20]. Finally, Yang et al. combined a 
neighborhood window attention mechanism that improved 
global modelling with an enhanced SwinT transformer and a 
CNN block that improved the transformation capabilities of 
both the main autoencoder and the hyper autoencoder [21]. 

III. PROPOSED IMAGE COMPRESSION METHOD 

A. Channel-Conditional Entropy Model 

 Our model builds on the architecture introduced in [11]. 
This framework leverages a hyperprior, a channel-wise 
autoregressive model, a long short-term memory (LSTM)-
based spatial context model and latent residual prediction to 
predict latent distributions. Fig. 1 provides a high-level 

overview of this architecture. Given an image x, the objective 
is to find a compressed representation y that minimises the rate-
distortion cost:  

                                   L=R+λ∙D                                         (2)  

where R is the expected bit rate, D is the distortion (e.g., the 
mean squared error - MSE), and λ controls the trade-off [22]. 
The proposed entropy model is hierarchical, first using a global 
prior via the hyperprior and then progressively refining the 
probability estimates using local dependencies via the channel-
conditional and autoregressive modelling. The hyperprior 
architecture is similar to the one presented in [10].  

Instead of modelling the entire latent space y directly, the 
channel-conditional entropy model decomposes y into M non-
overlapping slices along the channel dimension. Each slice is 
coded sequentially and is conditioned on the mean and scale 
parameters derived by the hyperprior, as well as all the 
previously decoded slices. For each slice, channel-wise 
conditional mean and scale estimates are refined using 
convolutional transforms. However, images exhibit strong 
correlations across neighbouring pixels too, so the model is 
also autoregressive along the spatial dimension to minimise 
these spatial dependencies.  The LSTM-based context model is 
designed to capture such dependencies. It processes previously 
encoded slices sequentially and updates a hidden state hm, that 
is used to correct the scale parameter: 

                               σ'm=σm+α⋅hm                                        (3) 

where σm and σ’m are the original and LSTM-enhanced scales 
respectively and a is a learnable weight.  

B. Latent Residual Prediction and Quantisation 

Neural image compression models rely on transforming 
images into a latent representation that can be entropy-coded 
efficiently. Like many other studies, in the proposed model a 
soft-to-hard quantisation approach is taken. During training, 
uniform noise U(-½ , ½) is added to the latents to simulate 
quantisation and avoid vanishing gradients [23]. On the other 
hand, during inference, rounding is applied. 

Due to the quantisation process that takes place before the 
lossless entropy coding, some information loss occurs, which 
may lead to increased distortion in the reconstructed image. 
Latent residual prediction aims to reduce the quantisation error 
by predicting and correcting the residual error that occurs 
between the original latent representation and its quantised 
version. Previously decoded latents are used to improve the 
reconstruction process [24]. For each slice, information from 
both the hyperprior and the autoregressive conditioning is 
used for a more accurate estimation of the residual error. 

The predicted residual is scaled and added to the quantised 
slice: 
                            ŷ'm = ŷm + λLR ∙ tanh(rm)                               (4) 

where ŷ'm  is the slice after LRP, ŷm is the quantised slice, λLRP  
is a learned scaling factor to control the strength of the 
correction and rm is the residual error. The hyperbolic tangent 
tanh(∙) is used to ensure that the predicted residual remains 
within a reasonable range. The layers of the compression 
network are presented in Table I. 



  

 

IV. EXPERIMENTAL SETUP AND RESULTS 

In this section, the performance of the proposed model is 
compared to various learned image compression techniques. 
The models are trained on the CLIC dataset [25] and 
evaluated over the Kodak dataset [26]. The number of slices 
that has been chosen for our model is 10. The models are 
trained with 256×256 patches that have been randomly 
cropped from the input images and a batch size of 8. For the 
experimental results, the model is trained for 400 epochs 
using the Adam optimizer with a learning rate of 10-4.  

The distortion metric that is used for the optimisation is 
the mean squared error (MSE) and experiments are 
conducted with λ ∈ {0.001, 0.005, 0.01, 0.03, 0.05}. The 
scaling factor for the latent residual prediction is set to 0.6 
and the LSTM-based context model is applied with a 0.5 

 
 

 
 
 
 

 

 

 

 

 
 

 
weight to reduce the risk of overcorrection. Fig.2 presents 
the rate-distortion curves for the evaluation of the proposed 
model with some popular image compression methods. The 
distortion metrics that are used in this paper are the PSNR 
and the MS-SSIM.  

 To evaluate the contribution of each component of the 
proposed framework, we conducted an ablation study. 
Specifically, we compared the baseline hyperprior model 
[10] against variants incorporating channel conditioning 
(CC), autoregressive modelling (AR), LSTM-based context 
modelling (LSTM), latent residual prediction (LRP), as well 
as their combination (CC+AR+LSTM+LRP). The models 
were trained and evaluated under identical conditions to 
ensure a fair comparison. The results, summarised in Fig. 3a, 
show that each component individually improves the 

 

 

 

 

 

 

 

 

 

Encoder Decoder Hyper Encoder Hyper Decoder Slice Transform Context Model 

Conv: 5×5 c192 s2 
GDN 

Conv: 5×5 c192 s2 

GDN 
Conv: 5×5 c192 s2 

GDN 

Conv: 5×5 c l_d s2 

Deconv: 5×5 c192 s2 
IGDN 

Deconv: 5×5 c192 s2 

IGDN 
Deconv: 5×5 c192 s2 

IGDN 

Deconv: 5×5 c3 s2 

Conv: 3×3 c320 s1 

ReLU 
Conv: 5×5 c256 s2 

ReLU 

Conv: 5×5 c h_d s2 
 

 

Deconv: 5×5 c192 s2 
ReLU 

Maskconv: 3×3 c192 s1 

Deconv: 5×5 c256 s2 
ReLU 

Maskconv: 3×3 c256 s1 

Deconv: 3×3 c320 s1 
 

Conv: 5×5 c224 s1 

ReLU 
Conv: 5×5 c128 s1 

ReLU 

Conv: 3×3 c s_d s1 
 

CLSTM: 3×3 c 128 s1 

Conv: 3×3 c l_s s1 
  

Conv: convolutional layer, Deconv: deconvolutional layer, c:channels, s:stride, l_d:latent depth (depends on the slice), h_d:hyperprior depth (depends 

on the slice), Maskconv: masked convolution, CLSTM: convolutional LSTM, l_s: latent depth/number of slices 

TABLE I.  NEURAL NETWORK LAYERS 

 

Fig. 1. The architecture of our compression model with a hyperprior, an LSTM context model, latent residual prediction and two slices for channel 

conditioning. Q denotes quantization and AE/AD is the lossless arithmetic encoder/decoder, μ and σ symbolise the mean and scale parameters. 

 

Fig. 2. Model evaluation over the Kodak dataset 

 



  

 

 

 

 

 

 

 

 

 

 

 
compression performance compared to the hyperprior 
baseline [10], and also highlight how complementary these 
modules are, with their combined use having a significantly 
better performance than any component in isolation..   

We further investigated the effect of the number of 
channel slices on the performance of the proposed model. 
Since channel conditioning operates on sequential slices, the 
level of slicing affects both the efficiency of the entropy 
model and the computational complexity. We evaluated 
models trained with different numbers of slices (2, 4, 5, 8 
and 10) while keeping all other parameters unchanged. As 
shown in Fig. 3b, increasing the number of slices generally 
improves the rate-distortion performance, since it allows for 
more accurate inter-slice conditioning. However, beyond a 
certain point – in this case 10 slices–, the gain significantly 
decreases while the computational complexity and inference 
time increase, suggesting a trade-off between compression 
performance and computational efficiency. For this reason, a 
slice count of 10 was selected for the final architecture to 
balance coding efficiency with inference cost. 

V. CONCLUSIONS 

This work presents a new method of learning-based 

image compression that is based on entropy modelling. The 

incorporation of autoregression combined with LSTM-based 

context modelling and latent residual prediction enhances the 

model’s performance compared to similar learned 

compression approaches. The channel conditioning captures 

inter-channel dependencies by sequentially encoding latent 

slices conditioned on previously decoded slices and the 

autoregressive prior captures spatial correlations in the latent 

representation by conditioning the probability distribution of 

each latent element on previously decoded elements. Thus, 

both the entropy estimation and the bit allocation are 

improved. Furthermore, latent residual prediction mitigates 

quantization errors, resulting in superior rate-distortion 

performance without increasing computational complexity.  

Fig. 4 presents visual comparisons between the proposed 

method and other compression techniques, highlighting the 

superior reconstruction quality achieved by our approach. 

  

 

 

 

 

 

 

 

 

 

 

The next step in our research is the refinement of this 

model. Studies have shown that adaptive slice sizes and 

number of slices can improve the overall performance of 

such architectures. While LSTMs are used in the proposed 

architecture, the inference time does not differ from that of 

Minnen et al. [9] which only applies channel conditioning 

and latent residual prediction. Despite that, we aim to replace 

the LSTM context model with a more lightweight 

alternative, making this architecture more energy compact 

and computationally efficient. Moreover, we plan to extend 

the evaluation of our method by benchmarking it against 

state-of-the-art traditional codecs such as the Versatile Video 

Coding (VVC) standard to provide a broader comparison 

with both traditional and learned compression techniques. 

Finally, since the models that include attention mechanisms 

display superior rate-distortion results, our goal is to reduce 

the computational cost of such a technique, while retaining 

excellent performance. Future iterations may also explore 

hybrid transformer - CNN modules, which have recently 

demonstrated strong performance in both entropy modelling 

and transformation stages. 

 

 

Fig. 3. The BD Rate savings of (a) different components of our framework campared to a scaled hyperprior baseline 

[10] and (b) models that are identical except for the number of channel splits. 

 

Fig. 4. At similar bit rates, our method provides the highest vidual quality 

on the Kodak dataset. 
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