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OVERVIEW RESULTS

We propose a simple scheme to finetune CNN-based image codecs to mitigate
the "checker-board" artifacts problem. 

When finetuned, the codec effectively removes the artifacts at no extra cost.
At the same time we show that the machine vision performance could be
preserved as the visual quality improved.

Image coding for machines (ICM)

Fig.1: Image coding for machines (ICM)

OUR METHOD

Fig. 3: Proposed finetuning method based on PatchGAN

Achieving higher fidelity or task performance  
at no extra cost

For more output samples  
please visit our landing page:

Complete removal of the "checker-board" artifacts
Below are the input and output examples of our method in comparison with the
outputs of bilateral filter as the post-processing step.
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We finetune the first few layers of the decoder in a PatchGAN-based scheme,
where the ICM codec plays the role of the generator, taking uncompressed
image as input. Doing this makes our method:

1. a decoder-related technique,
2. finetune only a fraction of parameters of the ICM codec,
3. low computational cost using small image patches,
4. once finetuned, requires no extra computational resources for inference, 
5. and free of random hallucinations often found in GANs training.
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The proposed method is adoptable for different objectives: 

1. For better visual quality: variations of this method are consistently effective
against the artifacts, making the outputs more visually appealing to humans.

2. For higher task performance: when a machine is the primary consumer,
such as in the case of Image coding for machines (ICM), artifacts are tolerable.
We propose a "Low Impact" option where the adversarial dynamics are
attenuated, keeping high task performance while still enhancing all of the other
metrics.
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https://flysofast.github.io/human-finetuned-icm/
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Fig.2: Generative Adversarial Networks (GANs) training 

In Image coding for machines, the primary objective is not pixel fidelity but the
machine vision performance. Although these qualities, in many cases, have a
strong correlation, in many other they do not.

The Generator is trained to fabricate fake images from random noise that
resemble samples from a distribution of real images of the training data, while
Discriminator's job is to correctly categorize the fake and real images. This
adversarial training eventually helps the Generator to learn the distribution of
real images.


