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We perform experiments on two low level image processing tasks with CelebA dataset: We wrap classical solvers with
Related Works 1. Inpainting: Classical Solver: gradient decent meta-learning to learn a prior

across the dataset.

From deblurring task, our
approach gives us: better
performance compare to run
classical solver with fixed
number of iterations; similar
277 29.3 performance with RED run till
convergence.

For inpainting task, our
method gives meaningful
output but does not beat the
baseline like U-Net.

(we test on different number of inner-loop updates for 8: 3/5 times (3/5-Meta)

2. Deblurring: Classical Solver: RED + pre-trained CNN denoiser
(MetaRED+CNN: RED updates 3 times, 8 updates 3 times)

e b  UNet  3-Meta  5Meta

PSNR 32.9 32.3 32.6

Implicit Representation:
* MLPs with sinusoidal activation functions (SIREN)
can represent complex natural signals[1].

Deblurring

Meta-learning - MAML.:
* Learn to Learn: an outer loop optimization is used
to improve inner loop optimization[2].

0.898 0.913
0.119 0.0801
1.8e-3
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MSE 6.8e-4 /.8e-4
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Future Direction:

* Find a better way to
incorporate prior into the
inner loop optimization.
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