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Abstract—Over the past decades, numerous approaches have
been proposed to compress images while maintaining high image
quality and reducing computational cost. Traditional approaches
such as JPEG rely on linear transformations, whereas more
recent neural network based methods often referred to as learned
image compression achieve high performance by training on
large datasets. Implicit Neural Representations (INRs) have also
emerged as a promising alternative. INRs overfit a compact
neural network to a single image, enabling competitive com-
pression performance with a lightweight decoder. Additionally,
context models have been used to predict image features in
order to reduce the overall bitrate. However, existing INR-based
methods typically utilize a fixed context across all images, which
may limit its adaptability to image-specific structures. In this
work, we propose an adaptive context modeling method that
constructs image-specific contexts to improve the rate-distortion
performance. The proposed adaptive context is integrated into the
INR-based compression model, and its effectiveness is evaluated
in comparison with conventional methods.

Index Terms—Context model, implicit neural network.

I. INTRODUCTION & RELATED WORKS

Recent advances in image compression have introduced Im-
plicit Neural Representations (INRs) as a promising alternative
to conventional methods such as JPEG [1] and auto-encoder-
based models. Unlike learned image compression models
trained on large datasets, INR-based approaches overfit a
compact neural network to a single image, offering competitive
performance with significantly reduced decoder complexity.

A notable example is the Cool-ChiC (C3) [2], [3], which
formulates image compression as an optimization problem
balancing rate and distortion as follows:
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The C3 model consists of four components: an autoregressive
model f,, multi-resolution latents ¢, an upsampling network
fv, and a synthesis network fy. The autoregressive model
serves as a context model to estimate latent values and guide
entropy coding. The latent features are structured as a hierar-
chy of L spatial tensors at multiple resolutions, represented as
follows:
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These latent features are first upsampled to match the resolu-
tion of ¢y using the upsampling function f,, and then decoded
into the image using the synthesis network fy. In the original
C3 implementation, the autoregressive model f, utilizes a
fixed context configuration that is applied to all input images.
Although this approach demonstrates effectiveness, it lacks the
flexibility to adapt to image-specific variations. To address this
limitation, we propose an adaptive context mechanism that
dynamically selects the most relevant features based on the
content of each image. This approach aims to improve the
accuracy of feature prediction.

II. PROPOSED METHOD

To enhance the adaptability of INR-based image compres-
sion, we propose a context modeling approach that dynami-
cally selects features for each image. This approach reduces
the decoding bitrate by selecting the most relevant neighboring
features for latent prediction. An overview of the proposed
framework is shown in Fig. 1. The original C3 framework
uses a fixed context of 24 neighboring features. In contrast,
our method adaptively configures the context for each image
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Fig. 1. Decoding process of the proposed method. Cool-chic decoder diagram is from Blard et al. [2].
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Fig. 2. Context created by the proposed method (target pixels in the middle,
white area is the context used for prediction).

to improve the accuracy of latent predictions. To achieve this,
we introduce a context modeling module that selects related
features by evaluating the contribution of spatially adjacent
features using a single-layer perceptron. Specifically, for each
target y, a set of 40 neighboring features located in the upper-
left region is fed into the perceptron, which is trained to
predict y based on these inputs. After training, we compute
the gradients with respect to each input to estimate their
individual contributions. The 40 input features are ranked by
gradient magnitude, and the top 10 are selected as the primary
context. To complete the context configuration, an additional
14 features are selected from the remaining candidates in the
original fixed context used in C3. These are chosen based
on their contribution scores, excluding any features already
selected in the top 10. Finally, the fixed 24-feature context in
C3 is replaced with an image-specific configuration to improve
prediction accuracy and rate-distortion performance.

III. EXPERIMENTS

We integrate our context modeling approach into the C3
compression framework to evaluate its effectiveness. Its perfor-
mance is then compared with that of the original C3 method.
Experiments are conducted on 24 images from the Kodak
dataset [4]. Each image is compressed using a customized
context generated by our method. An example of the resulting
contexts is shown in Fig. 2. Out of the 24 test images, 15
resulted in the same context configuration as the original C3,
while the remaining 9 adopted distinct image-specific contexts.

To assess the impact of these adaptive contexts, we train
the C3 model using the 9 images whose contexts differ
from the default. The rate-distortion trade-off parameter A
in (1) is set to 0.0001, 0.00015, 0.0002, and 0.0003, while
the number of resolution levels L in (2) is fixed at 7. We
compare the proposed method with the original C3 in terms
of compression efficiency. As shown in Fig. 3, our method
achieves better performance at higher bitrates, demonstrating
the effectiveness of adaptive context selection. However, the
performance improvement becomes less significant at lower
bitrates. In the high bitrate region, our method achieves a BD-
rate reduction of 0.44% compared to the baseline.

IV. DISCUSSION

Based on these results, we analyze the trends observed in
compression performance based on these results. First, we
examine why the proposed method outperforms the baseline at
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Fig. 3. Rate-distortion curves for the proposed method and original C3 at A
= 0.00015 and 0.0002 on the Kodak dataset.

high bitrates but shows limited improvement at lower bitrates.
The adaptive context is constructed based on the original
image, which shares the same resolution as the latent represen-
tation gy defined in (2). When the parameter A in (1) is small,
the optimization emphasizes fidelity reconstruction of the input
image, which results in gy retaining rich information. As
A increases, the optimization shifts toward bitrate reduction,
leading to a decrease in the information content of gy and thus
diminishing the benefit of context adaptation.

Second, we examine why the compression gains remain
relatively modest despite using adaptive contexts. As shown
in Fig. 2, the selected contexts often overlap with those in the
original C3. When the default context already includes most
of the informative features, adaptive context offers limited
additional benefit. Therefore, the effectiveness of the proposed
approach depends on the extent to which contexts distinct from
the original ones enhance prediction.

V. CONCLUSION

In this paper, we propose a context modeling approach that
adaptively constructs image-specific contexts to enhance INR-
based image compression. The proposed method leverages a
perceptron to evaluate the contribution of neighboring features
to prediction accuracy and selects the most informative fea-
tures as context. Experimental results demonstrate that tailor-
ing the context to each image leads to improved compression
performance, particularly at high bitrates. Future research will
focus on optimizing the number of contextual features to
enhance rate-distortion efficiency.
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