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Meta-Transfer Learning for Zero-Shot Super-Resolution (CVPR 2020)
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1. Transfer learning: &t

2. Meta-learning: Ct&f

ZSSR (2,850 updates) MZSR (1 update)

T
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Q131 HA: Single Image Super-Resolution (SISR)

- oF 2| Mol = O[0|X|(LR)E 118l O|O|X|(HR)Z #iEhot= WS Y7tot= ZO0FRILICE.
EH
H

+ Ei2id 0|To| MEHQ! e oijA| A0
L ® ®
_.l @ : Interpolated point | H H l H :
@ : Neighbouring sample 1 1%%%%?5:' Linear Cubic
@ : Neighbouring sample 2 * " .
@ : Neighbouring sample 3 T . |
@® : Neighbouring sample 4 ™ i _
2D nearest- .
neighbour Bilinear
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- oF 2| Mol = O[0|X|(LR)E 118l O|O|X|(HR)Z #iEhot= WS Y7tot= ZO0FRILICE.

+ ZIZ CNN 7[50| H2 Al0] 52 M52 1|1 YAELICE

F(6)
Neural Network

Low Resolution (LR)
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Q131 HA: Single Image Super-Resolution (SISR)

- MEXOI CNN 7|gte] Super-Resolution2 Ct21} 242 S 0| 8%fLILCt.
k
I7r = (Igr xk) |s +n

O|0|X|ZEE Ol0IXI2 oJ|=EF A Ol 2 &FA X|8H
I : TSHALE O|O|X|(HR) LR O|0|X|2EE{ HR O|0|X|E o5 & UL 2 sk T3

IX - X{SHALE O[O X|(LR)

k : &2 HZ(Blur kernel) > @ Downsample
% : Z=FM(Convolution) S I p
Inr
1 :EIAIH0]4(Decimation) Cat downsampling ZPEOIA bicubicat 2+ & 2a4%l F{gote
Cl

» 0| 23}1M, non-bicubic #[0|A0| CHEIY 450| HO{X|= domain

1N : 7t A|QF 0| X(Gaussian noise) N
gap =A7} Hd o~ Uz LICE
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& diHof| 2 28 Externally Trained Network (Supervised SISR)

» o5 APl Bf2l HR-LR 40| CHSH ofg5 TR LIC,

Train Dataset 714 ’ \

Low Resolution (LR)
Ct-0| 3t 0|

High Resolution (HR)
Cha2| 3 GlOJE
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ohs HItHO|| I E 25 Externally Trained Network (Supervised SISR)

(o]3

 EH|AE AD|: Ct==2| CO|H 2 ot & §E S EO= 94X H|AE H|0|E0f| CHet sl Z2atE O|SELIC.

i

Low Resolution (LR)
B AE Cf|0]Ef

High Resolution (HR)

o= &1
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ojo|x|2] x}2] =53

. St 0| 0|0|X|0| = X}?| HHEM(internal recurrence)0| ZX{&rL|C.

- OO Xt919| 0|0|X|E2 LiXHEl H|0|E| HH=(internal data repetition)2 SX Q2 JtEIL|Ct.

o Internal patch Supervised CNN-
“The only evidence to the existence of _ Bicubic based SR based SR
interpolation  [Glasner et al. 2009] [VDSR 2016]

these tiny handrails exists internally,
inside this image, at a different location “ n ‘ m H Q

Low-res input

0By

and different scale. It cannot be found in
any external database of examples, no

matter how large this dataset is!”
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of LIE 25 Internally Trained Network (Unsupervised “Zero-Shot" SISR)

+ St A|7|: BIAE O|0|X| x| XM O RBE] £ZEI HR-LR W0l CH5}0] S 2 FlstetL|Ct,

-

- ZMHO 2 of F2o| 0|0[X|0| E=tEl CNNO| st&ElL|Ct.

IFr = (Iur *k) |5 +n
v

Train Dataset ++/d ’

Low Resolution (LR)

High Resolution (HR)
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HO|| (L2 27 Internally Trained Network (Unsupervised “Zero-Shot” SISR)

- E|AE APD: o Fe| o|o|X[of LixfE EF EEE EM=E oo E Z20tE oS TLIC

Low Resolution (LR)

St ZHo| H|AE O|0]E (RI&) High Resolution (HR)

o= &1}
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Model-Agnostic Meta-Learning (MAML)

. XS XJ| IIEX|(weight) 37| Q[t HiEHQIL|CY,

—

odd
.+ CRISH&HQ (task)Ofl CHaHA] BE2 | 242 (adaptation) & 4 QU= JHEX|Z AH&LICH

* Fine-tuningd| =5= & + UASLICL Algorithm 1 Model-Agnostic Meta-Learning
Require: p(7): distribution over tasks
— meta-learning Require: «, (3: step size hyperparameters
9 ---- learning/adaptation 1: randomly initialize 6
7 2: while not done do
3 3:  Sample batch of tasks 7; ~ p(T)
VL, 4. forall 7; do
VL N\ .-~ 03 5: Evaluate Vo L7 (fg) with respect to K examples
P (: 6: Compute adapted parameters with gradient de-
AN scent: 0! = 0 — aVeLT (fo)
1° = 7. end for
8:  Update 0 < 0 — 8V > 1 1 L7 (for)
9: end while
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MZSR2| HA| =t 2}

External large-scale dataset Self-supervised internal learning

Input LR

Om

Large-scale Training

9T ~ BM

Meta-Transfer Learning

Meta Test

Dataset involvement

—» Parameter updates

Downsampling with specific kernel Input LR
- Super-Resolution with CNN
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