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Main 1dea:

Deep learning Internal statistics
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Deep Internal Learning

We train an Image-Specific CNN
At test time
On the test Image only



A single 1mage contains tons of datal!

» A fully-conv net is actually learning
from a “bag of patches”

« #of patches = # of pixels of an image

* S0, an image Is a huge batch of many
patch example pairs




How can a network be trained at test time?

Inside Qutside

Low entropy [Zontak&Irani;2011]  High entropy
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Light network

Heavy network
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Slow training

Fast training



Seaans size
EORNN 275
RROS 222
R =7
‘2:\‘. A
s ;,—,—,:_;—,:
i X3 $s
1) ==

MEE S

Y5 1% I

WEIZMANN INSTITUTE OF SCIENCE
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Prior Work: External CNN-based SR

x K1,

_ SRCNN; Dong et al, 2014

VDSR: Kim et al, 2016

Training

DSR+; Lim et al, 2017
+2 dB improvement

/ “Ideal ” =
= « Same kernel

PROBLEMS: . Np artifacts

1. Work well only in “ideal ” conditions
2. Do not exploit well Internal Information
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“Zero-Shot” SR using Deep Internal Learning

Loss = ||SR(LR(I)) - ||
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In the wild
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“Ideal” case

ZEDPRBRsUrs)
PSNR

EDSR+: 25.29 dB

H E H G A /ZSSR: 25.68 dB
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Non-1deal downscaling kernels

"ldeal" The true  Estimated

(bicubic) (unknown)  Kernel
kernel kernel (via Blind-SR)

EDSR+: 26.42dB
Blind-SR: 27.29 dB
/ZSSR: 29.42 dB




Non-1deal downscaling kernels
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Poor-quality LR 1mages

PSNR
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EDSR+:  24.91 dB (SN e ot il

ZSSR:  26.25 dB [yann




Poor-quality LR 1mages

EDSR+: 35.88 dB
ZSSR: 37.80 dB




Empirical evaluations

* On “ideal” Images =» reasonably well

* On non-ideal images =» 1dB - 2dB better than SotA
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“ INGAN”: Capturing and Replicating the
“DNA” of a Natural Image
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Our approach:
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In all scales



How can we match distributions?

GANS 2N IAdOe RAtCRES AL e
(Goodfellow et al. 2014) hocher et 3 018

‘ Internal G/

We train a GAN on a single
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(Generator Architecture:
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Adaptive Multiscale Patch Discriminator:




Invertible Generator:
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Results:




X2 Comparison:
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INGAN | Bidirectonal | Seam Carving | Non-Stationary
Similarity Texture-Synthesis

(ours) (Simakov Et al.) | (Avidan&Shamir)| (Yang Et al.)




Comparison:

INGAN (ours)
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Not only resizing
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Not only resizing
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Double-DIP: Unsupervised Image Decomposition via
Coupled Deep-lmage-Priors

Yossi Gandelsman Assat Shocher Michal Iram
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Deep Image Prior |
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Image Decomposition

Image Segmentatlon_

Transparency

Mask

Transparency
Coefficient
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Flrst Layer —

First Layer

(1 - Mask)

Transparency
Coefficient

Second Layer —

Airlight

Second Layer__
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DoubleDIP
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DoubleDIP for Video

Reconstructed Video
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Learned mask




Watermark removal

A smgle input image (wuth watermark)



Watermark removal




Dehazing

[(z) = t(x)J(z) + (1 — t(z))A(z)

Tmap Haze-free Image (1 - Tmap) Airlight

-




Input Image He et al. Zhang et al. Ren et al. Recovered t-map




Dehazing: Non-uniform airlight

Input Image Our recovered t-ma

[
Our non-uniform A-map

F——

Bahat’s uniform A color




Take Home Message

* Tons of data in a single instance
* Local patch distribution Is the DNA of an image

* Deep Internal Learning needs nothing but the input
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