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2. Method : 2 E!
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2. Method : =& A7j
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2. Method : =& A7j

Input Ground truth L1 cGAN L1 + cGAN

e Loss functiond| L1 loss2t A2 SIH Generatore=
low — frequency O|O|X[2FS 24 gt

- 20Z 0| &2 EH L1 lossPt AFERE M low-frequency
MEO2 AME blurredEl O[OfX |% golgh = US.

« [M2tM 7|F9] GAN loss?t high-frequency 22 & &0t
HCt= =S O[8510 F 712 loss& ©MAM Foll=CHH
geiot O|0|X| & d8e = US.

Figure 4: Different losses induce different quality of results. Each ¢

olumn shows results trained under a different loss. Please see
https://phillipi.github.io/pix2pix/ for additional examples,
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2. Method : Generator 2.2 A 7|
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2. Method : Discriminator 2 &
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3. Result
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3. Result

shallow layer model
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3.

Result

[3 layers] Unet
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3. Result
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3. Result
nmam

0.1386 0.7783 3.424
MSE 0.05005 2.765 3.3768
# of Layers [ Dloss | Gloss | Valid RVSE
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4 layers 0.6901 0.9659 3.26
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Unet X 0.3188 3.111



4. Initial Ideas....
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Two networks Combined
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Two networks Combined
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Noise2Self: Blind Denoising by Self-Supervision, Batson et al. CVPR
2019
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5. Github &2

https://github.com/Sooyyoungg/SAIT.git

A1t &2 Y3
https://docs.google.com/presentation/d/1rEttg4fKeAeZj2otnZy2LAB6ImVaMh05kgz3KmVTLWU/edit?u
sp=sharing
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