Deep Random Projector:
Accelerated Deep Image Prior (THU-AM-162)
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Deep Image Prior

Deep image prior (DIP):
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Credit to [1].




Deep Image Prior Is Good At. ..
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Image super-resolution

Image denoising

Image inpainting

All figures are credited to [1].



Deep Image Prior Suitfers From...

e Overfitting to noise

* Slowness 1n optimization

e DIP
== DRP-DIP
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Key(s) to Accelerating Optimization

Optimizing the input seed, not the network — 1mprove the convergence
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Key(s) to Accelerating Optimization

Cutting down the network depth:
1) improve per-iteration cost

2) speed up the convergence
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Key(s) to Retaining Restoration Quality

Adopting an explicit regularizer:

min |1y — foGe(z)| + ATV(Ge(2))
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. Implementation

Experiments

Loss (reconstructed image, noisy observation)
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Loss (reconstructed image, noisy observation)

: Frozen Weights

e~

: Learnable Weights

o

(b) The framework of DRP-DD.

{............... : Backward Pass



Experiments: Image Denoising

Problem setting:
e olven a noisy 1magey = X + n
* restore X

Original Image

Objective function:

min [ly — Go(2)|| + ATV(Ge(2))
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Experiments: Image Denoising
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Experiments: Image Inpainting

Problem setting:
e given a noisy image y = X © m and the
corresponding mask m

e restore X by only using y and m

Objective function:

min ||y — Ge(2) © m|| + ATV(Ge(2))
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Experiments: Image Inpainting
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Conclusion

* We 1nvestigate the slow optimization issue of DIP

* We propose a simple-yet-effective method named Deep Random Projector to speed up DIP

* We evaluate our method on common 1mage restoration tasks and verify its effectiveness
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