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[0043]

[0044]

[0045]

[0046]

[0047]

[0049]

[0050]

[0051]

[0052]

[0053]

[0055]

[0056]

S=50dl 10-2303002

7] EYEF(310)F 52 RGB 945 g ol B ARFH E5S T3 sty S 545 A
t. 7z ZEFA ESS ANt g4 2 43 e olo] ABEFHA(CONY) #eolols xg38hH, A=’ AT
sl(Instance Normalization; IN) % ReLUE #|-&3lo] 7 EFA AAL(CONV—IN-ReLD)E Z3t). o] %,
T AL Ay B4 7o EE(ResBlock) & &3l MEETt. 559 o E5L2 7t B5dA AdxdH~
47t3 2 RelUE H&3lo] 2 BEollA A2 (CONV—IN-ReLU-CONV—IN) 2 E=3la1, A dx F9& HF A
24 dolojet g5 9d7d £ RGB 4 A gy Gu4S £33

Hd 4 (320)7F ofH] &
ke

stA
(32005 HAA3 s17] Y& A
A4S AT

SAF B AR-(320)= S dEY 98-S 5 F vE AF "B S AE A
&

ox} B FAH-(3200= EB, dEY, fdEY, UEY AExE H&5r] A9 AHsE dEHY dguHE
zt7] Qe WEr BAEd AgE Z7] b4 70 WE A5 gEYE USRS AAESES HE dE 3%
S Fsct. olu], WE MF dEHHE e HAsME H2E &40 HAS AMEStY AlbE ghto= g
o|EHT},

HAEF JEYER(330)= HF yEHHE-Z 59 He AdF dE8HE 7SS o]&ste] HE HAEES £33
o T 4 WA = 62 FEee] B odwyol Axde] ulE oAl By FAVE o] &3 Aol xstE gl
¥ BAHS o A Ay,

T 4E B ool o AAjde] w2 iy S AYshr] 9% =doltt

Eodbyol Aalde] w2, QIzF #d W AW mAe] AokS FAlo A&t A& 7 B oA sGEe
ey waS Aok, ojgd EYEL SAd wet EEg. W Eye sy EAe ZA o3
AAEE dbd ) QI7ke]l B AlA ™) o) 2Zcltl. E o o] Ao 2HS Aste i
FrEA B8 T4 X (YAF B8 471 (pseudo-blur synthesizer)E& FAsth. £ o] AAjdoae &
Al HRE @A ol {8 = Q& B=D-R—D WS A}, olF 93 = 4o =AE E 7kx] @A
& FH)3h)

B-D-R-DE S5 943l dBeY WEND I od wAS AWG. dBEY wAE o A= A=
Ed Qg ) F98 o 2e G471 Qo) oe) saach. 24 g Iv ey A e vy
A% BT, Ao, HAE WAL WA AEdY A9 AHgste] U 52 FAs,

A% guolEn I A% Ohewe 3¢ A4shs o AR
3

a9 7451 Ired. a¥ g ® 4b)E AW, UBYY WEYIE HEUY UEIL(IA

7NE TG, o] WA F92 ﬂ%ﬁ%(QT)Ql gE Wrlolth, 1w o & 4(0)E FEshd, o3 &

S
=

% sy

B ¥ (naive method) &2 A ¢Hs}
B 7teAE ol&sto] HE H A

E!_].—

.ﬂ o N

FEAE. olF, o4 B gHVE F

$l8) ®E(511, 512, 513, 514, 515)0] @M. 19 vhe FAE PLeld (A B, oA} el
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[0057]

[0058]

[0059]
[0060]

[0061]

[0062]

[0063]

[0064]

[0065]

S=50dl 10-2303002

9" HEAAY] vA 24 ML -
A

2 o] AAde] mEd, tied WEHAE
[8] 2 HIDE[16] dlolEejAlo] T#dte] FHET. =
£ 57 RGB ¥4 BY 9d¥€S FAlEt. z7]ol= B7F A8 A9
AT, 7t 52 AAset @435 §erol olo] AEFA dolo® HAAET.
SHIN) % RelU &A43tE AEste] 7 & &9
ole] ZEgto|E(strides)v 284 S5AS AW 47HA Fagoh. 29 o $37 5AS 499 o EF
(ResBlock)[9]& &3l ALdTH8], [11]. & oA = U] ResNet WM ZAH vlulste] th2A 2= 97)
zt EFoA INT RelUS &-&3}1L, o= tha Al (CONV—>IN—ReLU—
CONV—=IN) 2 Z#H¥t}, ResBlockd %3 EAL F Jle AdAx AEBFA Holol(transpose convolutional
layers)& &3 deEm, o] goloje EAS A 47t &gt w7k g, do]o] A2+ DEVCONV—
IN=ReLUZ HAE . piXBto g2 £ AT A8FH ASH 352 98 B AH F715o] HF v&Ey
=9 DS ((B) = DR)E AT}, £ I AAde wE fEed dake 8 EE o] MEYIE o
= s S AgEnt. o] vEe" 447 2Eo AT 78S 1 1o HERAT.

9] ResBlocks &&3tt}[9]. 53],

<3 1>
Layer Detail Output size Stride
Input (B or B) - (HxW x3) -
Conv7 x 7T IN+ReLU (H x W x64) 1
Conv 3 x 3 IN+ReLU H2xW/2x64) 2
Conv3 x 3 IN+ReLU (Hf4x W[4x128) 2
Res_Blocks_1-93 x 3 IN+RelLU (H/4 x W[4 x256) 1
ConvTrans 3 x 3 IN+ReLU (H2xW/2x128) 2
ConvTrans 3 x 3 IN+ReLU (H x W x 64) 2
Conv7 xT7T Tanh (HxW x3) 1
T 2 27 2EGe|E Fol meh e AEY 2 ¢ BEYAT),

7=
A5He 2 @48 e 7 ®o) AR Dol Aelso] IT. Conv 7X79] HE #olol: ¥ Be] YUB Ei
B)st g7 2oksle) vuey 28OS Yy @

1 b .
2 OBy qegag Agas g9 oy aq b, LS D) =52 l9e=Dell) g o
g Do} MM A=Aw g4 S Atole] wheE A 9F(L) ANS LT o714 o= 7wl do]
HE Uehdcl, o] £4& & 509l o] wel A (global) Tl ¥H/E fSH. EsE [41]0] &
M H HA AT GANLSGAN) Ol o]of A A Atdloll sl A3t Sof oA} Alo]zol ts] 25 g oA
NEANS THAT. DBy wEv|e HuE Ax 2 oA} &AL e} o] AT

b
c (1)
g B0 = g gae gean. = goe guoge garsls gy a0 AgEs, gon 2o
e
T &4 Z5F g4580] 0.000190 ADAM HA 3t = AES AFEsle] E5EY. dEEE #H7e 2RS4
S X 20 "k Eo] 9t

_10_
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[0067]
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[0069]

[0070]

[0071]
[0072]

[0073]
[0074]

[0075]

[0076]
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<# 2>

Layer Detail Qutput size Stride

Input (S or D) - (H x W x3) -

Conv 4 x 4 IN+LeakyRelU (H/2 x W/[2 x 64) 2

Conv 4 x 4 IN+LeakyRelU (H/4 x W[4 x 128) 2

Conv 4 x 4 IN+LeakyRelU (H/8 x W/[8 x 256) 2

Conv 4 x 4 IN+LeakyRelU (H/16 x W/[16 x 512) 2

Conv 4 x 4 IN+LeakyRelU (H/[16 x W/[16 x 512) 1

Conv 4 x 4 IN+Sigmoid (H/16 x W/16 x 1) 1

Aotshs BV E 1602 913 £89 9= A4S Zaw ez, Fd oA 128X1289] x| A& &
gah

o o] AAjde] wE oab-Ee] FA7I(THA] Zal, glEe] WEYT)Y S ZRAZot @ RES =
5ol RE(511, 512, 513, 514, 515)= YERAITH. ASkste glEely Zydgas &8¢ 949 doleE F7}
st s Alfsta tEeld UEAIS FASHA TAEET. o] RE9 ¥ MHE 94 S e fEYd
9 DY & itk A WA dAlNA, S HEVIE E-AZ] Y SE ZEent. o2 A st UES AV
dele) AdE A Gl Lue 54 998 5P 5 AT The WAGAE TRYY wE Dol &9
o Abgste] wEeE sedd. iy YEYIY Fdd tENE Tz gAdd. g2y 2Ee A4
T2 3 30 vERaL, elEe] WdvE i 40l JERAAT.
<# 3>

Layer Detail Output size Stride

Input (S or D) - (H x W x 3) -

Conv 7 xT IN+RelU (H x W x 64) 1

Conv 3 x 3 IN+RelU (H/2 x W/2 x 64) 2

Conv 3 x 3 IN+RelU (Hi4x W/4x128) 2

Res_Blocks_1-93 x 3 IN+RelU (Hi4 x W/4x256) 1

ConvTrans 3 x 3 IN+RelLU (H/2xW/2x128) 2

ConvTrans 3 x 3 IN+RelU (H x W x 64) 2

Conv 7 xT Tanh (HxW x3) 1
<3# 4>

Layer Detail Qutput size Stride

Input (B or B) - (H x W x3) -

Conv 4 x 4 IN+LeakyReLU (H/2 x W/2 x 64) 2

Conv 4 x 4 IN+LeakyReLU (Hf4 x W/1x 128) 2

Conv 4 x 4 IN+LeakyReLU (H/8 x W/8 x 256) 2

Conv 4 x 4 IN+LeakyReLU (H/16 x W/[16 x 512) 2

Conv 4 x 4 IN+LeakyReLU (H/16 x W/16 x 512) 1

Conv 4 x 4 IN+Sigmoid (H/16 x W/16 x 1) 1

QA 2 AW WATIE AMIY ARE Agete] F2F AHD AR NoR nagE dHe S
Puele v Fda) S8l teld WENDE sAse Ud ¢ Qs s o B wAn
#EE dolyAle (i) HIDE[16] 2 (ii) A74¥ &2 F9 vlo]eAl(blurry human datase)o|th. oH] &%
8288 YEYAdA FdHsr] g dEey YEYAE F45y 98 45S FX3h. HIDE doleAS
AZAR goR shiel AW Gt BHow off Je Bl Qe 54 AT el AEH
o) o} &3). HIDE dlo]lelA[16]c] FH 24 (human presence)E AFdh= Aoz d#A YA, thiio &
gt g ool A4t B agdAt o wie syl s FU mAT W mAe Edet A%
+ 5o F9 dolEAlS AT, o dHolHAL Tt FHo MHe Azt F4S XT3 Leeds Sport Hlo]
HAl[42]9] Ak ddelA e, 2 el s [17]9] wet dEd 94 FHlska e x=E QI3
Qe AATT, B owPe [43]e) L= A7) BES A8l ot TE QA A 7R 78 %9
THdE APH R Akeitt, olgg dAe B 9 95 A Ha @A HastHEr. AAdE bl
Bl Al = 2,000 o] Mg Qb #d A 59 QI3 ito]l xFE o Qi)

gEE T A dAelA ARbete oAl E¥ VI HEEE WESNT DY FHS FAldta olE
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uAN = Mo =
0 o o T B g BN
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™ T J_ _ ) N _AW 8o =K ™o w my
2R g F S LTI E A : P 5 2
. 8 .. ¥ ° " W o) 0 W w
TR B w TR s T e ﬂE & % n *
= o 1_,/| N T o ajo nB _ TN = ﬂ” — o ‘,Al odl
=1 TaEQ omwT e O ~ G %
o &y 20T I o s 8 o Ell . i
T dn Tooogp 45T = S E D o o N -
o ey BT A rgpm T oD —~ X
Fo MR v P T ® DG won 2 N o) K & o W
E oo T PEe T LET B oEn . F W i 0
T o= o T & L8 AW oy ~ 3 o
T T ® w < - iy X = o firy o oo = o
5o 0 = W%Eﬂw%-ﬁ.ﬂ ﬂﬂw.W o = ~ K N
T oy 5 RS m SR 50T “ = o T )
o T B SR ol - ~ 0 % w oW
w5 ms G ﬂrm%urin?rmuﬁ e 5 < gjo o X
ﬁi X ,ml - — K ‘w ,E et Lt h.a HL ‘mﬂ . ~y —_ . ,HA_I q w o]
T 3 pETREERETE B L - T T =
5 - Wr du N o 2w ] - ~o I 750 Mm ) e A,.Dw\ Ne T oy sl w WL
- e Moo = T %9 LB — 0) op S S z Moo
T T - ol W B B S w 5 © = w7
= R oo — e N - o= i » O < o
IR W o CON X W .= S o = > o = = -
=0 o 1 U X ™ . ,AE#qmw_q,Dl - —~ = T ny
P ¥ o Q0 TPy TTHTOE B L5 S c = ¥ ®
o = ST B M o 1 s - B < 5 T ar
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WX o P mu\ T Mm o TR B W mﬂe Q 5 © e o = 2 o QT &
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i Yo" — o = o o] D n o B 3 2 - 3 - =T rp..u o o o )
noTov oo+ R RN = P g, % < T O 9 » d s o ow T 5 E
- % = T T o g o o B o S WX ol 3 7 PR = £ ¥ W 5
° N2 e 0 K — 0 a3 p—ry A
W oo T » s el ) % TG = o = s 2 + - A m.‘ i
T o X 4 AB,. 03 v ol i = Wa T mwt 5o i o + - o _ il 3 k3
— — - ) L o X | 11r ‘7|‘A _ —_ 5 — -] = — v na L) ojp B
[ o X 20 W = 7 oo X o i Q - - - ~ T H
mw o AmD - = T o o KT = B = B( ey -y — = 5w % H@,ﬂ y-
w T iy _ TN ux Uk o Wk - ap QA+ | UG ok - o
woa W ™ %a_aﬂm@rﬂmoﬂ?ﬂﬂw R < ~ 8 - 2 B35 = Mﬂ%
s T @ 7 - Lmamovﬂ;ar.xﬂaw o W 0 Re - & Th T WE
do W< = > 0 T Sedymo RRE - T 5 9 = ~ X = T 72 o
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: I wﬂ bz o A % = = Mom e L W o = Z © LW v S -y el mﬁ m
{ —~— ) ) —_ — — e
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.~ £ 1o = N%X & % w W W / “ : bR B|A o
T O g M m . 8" m X T XN AR I Il s -4 © N o G
=g Py EwERE® 0T = = WD ST
G I <y > oo S op N o mﬁ_ S 35 2 ol B I g ® oS a
w " ! E 2 X 3 g w
=3 PP PIEFF L T m% = o = W - g 2 R W T/ = g u%a
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[0090]

[0091]

[0092]

[0093]

[0094]

W77k gAY, HID dolE e Auaw el 2lge] Al AgHT. dolHA Aue 7t Fa W A
dgow ofFojxir,
o7 WA, ¥ el AAelel mhe e = 4sh go) 20 viey UTs guey Aea We g
dat. g ZE: BoDoR-D A AR A4sE tuew AeulHE 3= Aold. og d4s 9
3 WEl H2E Fol A5" x7) kg HEA v g g ve de d% daks AHgdn. dudE 1o B
we] Axee] e He PAe g,
Algorithm 1: Meta-transfer Learning
Input : Pairs of blurry B and sharp images S from
data distribution T
Input : Leaming rates o, 3
Input : Reblurring model {1
Output: Deblurring model 0y
1 Initialize # with ¢
2 Initialize €} with Q4
3 Generate task distnibution p(7') from T
4 while nor done do
5 | Sample task batch 7" and T, from p(T)
6 | foreach:de
7 if 7' then
8 Deblur fp(B*) of TF: D
9 Scale lgsx (B, D) : Bir, D"
10 chlur,{r;(ﬂ'”] 5 2
11 Reblurm(l)m) R
12 Deblur j,,(h‘f') DL‘M
13 Evaluate training loss: L' () =
DY — D]+ [y( D7) — y(Die)]
14 Compute adapted parameters with
gradient descent using training loss:
0; «— 8 —aVal'" (0)
15 else if’?:.“ then
16 Deblur fs, (B') of T'*: D*
17 Scale losx (B, D) : Bi"‘. D'L”
i8 Deblur fe, (B®) : D}
19 Reblur ro (D) : Ry
20 Deblur fp, (R{) : Df,‘:‘,
21 Evaluate test lﬂ\.\. L*(8;) =
1Dy = D1+ (DY) = y(D55,)|
22
23 | end foreach
24 | Update # with respect to average test loss :
8« 8 — BVE,Ltc(8;)
25
26 end while
27 return meta-transferred @ ; @y
tr .
A4 622 A g wx pag nozd. w8 270))s naae 24 g9 T gan « <0012
AEAF WA deelEwh. Wek dele= Po= 0.000191 ADME Agstel AHsE HiE A
E.iLte(gi) o] W FOo Q3Fo o] HF == E© 3} SR 3 o o glolyl o B}
( ) o] A ts ARERToRM 2339 HF TISAE fulolEgtt. 9 1789 vk 2AYE S g
) Ttr Tte
o 5 WEgk £y AolE AlEHldsE AS BxRE k. BoDoR-DE A TR )T H2E( ) &
4 913 10-1283 182090 A AL,
(Dtr Dtr Dte Dte B
&4 e gEys Ay Toutr Taine Toutl gp 9 1 gAE A9 BEO o AU 27] g
(Dtr Dte)
gy 2e LT g g7 magd. od@ 9ot 2udF 10 139 218 v,
og el AAjde] me HE HAE WHE 2 E AolA ARk S/EIR la‘ﬂr FARHAl 2] Tl
BB geom MUNC WY Gas BEAT2], (5], LuelE 2 AAE A% F Fasl g9 AEw



[0095]
[0096]

[0098]

[0099]

[0100]

S550dl 10-2303002

o}

Algorithm 2: Meta-testing

Input : Blurry image B, meta-transfer trained model
@ 5r. number of gradient updates 7. and
leaming rate a

Qutput: Deblurred image )

1 Initialize € with @y

2 Initialize €2 with £},

3 Deblur fo(B): D

4 Scale Lo 54 (B, D): B, D,

5 Deblur fo(B,) : Dy,

6 Reblur ro(Dy,) - Ry

7 Deblur fo(Ry) : Dous

8 foreach n do

9 Evaluate test loss:
L(®) = ’)} — Din| + ff(Dv] = ¥ Dout)

10 Update ## +— 8 — oV L(0)

11

12 end foreach

13 Final deblur fy(B): D

3 fAb, e 2AdYe fde Hel e Bet vlwste] P e Lol

Puely yEYAE 639 EAE AAY A Bel WAL FH
& &0, 1EA setelEs A e AM% mT(109)E AHgste]
o AF Y 4413 W F Y ANG AEAG Agse] SR, 2

A2 TensorFlows AR&ste] 23 Titan RTX GPUOlA AdHtt, 2E 9
=

-

128X128 B3F A2 ALgste] FREH 89 my wWXE et E ouge Ao wed, 200y

Q7,00 712 YEASE FAs: o BRF F AN 3LoITh(E 4 F2).

ol el d AuE AAE sudo] TALA, AXES TALE, W/EE sudo] TR F AXEI 0]
TELRl 2R T v, oS 50f, AAdEddM dE A B P8, dE 59, IR

AA, ZEEZ2, ALU(arithmetic logic unit), ©AE A& ZZAA(digital signal processor), "}o]z =7
¥, FPA(field programmable array), PLU(programmable logic unit), WVlO|IRZZZAAN, == HH

(instruction)S Adstal SHL F = v& o st o], sht oo W& HiFE T 55 54

AFEE ol 83t FEE F Ak, AP FAE 9 AAO0S) D F7] =G AA AdelA FAEE S o)
o] AxEo] oY AolAE T 5 k. HEg, AT AT AZEo]9 Add Fgdte], HolHE
aA, A, 22, A" 9 A8 = v olgfo] HE I3, A FA= st AHEEHE AoR
AgyE AT AR, Y vlsiordA B AXES R A=, A AV B e Ay 84
(processing element) W/EE B¢ F8 Xy 245 2383 = IS & F Ak, 45 59, A7 ZXH
T 57 MY Z2AA Ee sy Z2AA 2 e FEEHE X vk, ERE, BE ZZAA
(parallel processor)® 2, W& Az 4 (processing configuration)= 7}&38}c}.

AT EYO]E= AFE ZT 2T (computer program), T =(code), W& (instruction), E& o|& F & o|4t9]
23S XL F dom, dike uE FANES Ay FHE FAASNAY FHASE e Ao
(collectively) A2 A5 W 4 v}, AZEo L/EE= dolg=, A AAd 23] =AY

F8t7] 9lskel, oW &) A, TA 84 (component), E2F x|, 7H
A2 (virtual equipment), AFE A& wjA] = Fxlo] FA|8H(embody)E & Yth. AZEYolE HEYZA
2 dAZ% AFEH Ala" Aol EaEoA, FakE oz AGEALY AddE FE Il AXEoe] 9 fo]
B sy ol e HAFH 5 7be 715 wiAel AE = .

_1

AFE SUg Bae] 4AE & e Teoas Wl Juw pdse] [FHY @
= ks wAel 159 4 ek, A7) AR W5 ks dAs =209 g, doly 3, Hely Fx B
2 wEoR wi 2¥ste] TFY & Atk 7] viAlel 1SHE Zead PuHe A sl 519
AAR T TR AsolAY AFE & 59 A9 £E dvh. AFY B

= 7bs 71F A dele st= gxz, T2 tad @ A7) glo]zsl e #7] A (magnetic media),
CD-ROM, DVD$} #& #F7]% vufA(optical media), ZFEIZA t~F(floptical disk)$} &2 A7]-% wjA]
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[0101]

[0102]

[0104]

[0105]

[0106]

[0107]

[0108]

[0109]

[0110]

[0111]

[0112]

[0113]

[0114]

[0115]

[0116]

[0117]

[0118]

(magneto-optical media), ¥ F(ROM), (RAM), ZNA] =
5 593 7449 st=qol ZX7F 2gEr. T2

=3 | =
o [e] o E
Aol meww ohel AdZeld S A AFEA dBM 29F £ Yt mF ddo] ;=g

olgat el AAelEel % WHH A wrel o8 HPHot, A lERol A Bde A4
A Avhd )9 AAERE G £ % AFe] sbsdth.  dF o, 4Yd JEEel AYE W
BE #AE FYRAG, B/EE AYE ALY, PR, 3, A2 B FHasE] MdE Pyn de 3
MR A% Et E2REAY, O PAes EE #5R dste] gAY AR 448 A%t 9
4 4 vt

aeuE, e FAE, nE ANGE 2 SHRTHAYG TEF AEE T SHRTEA Wl £

[1] S. Cho and S. Lee, "Fast motion deblurring," ACM Trans. on Graphics, vol. 28, no. 5, pp. 145:1-
145:8, 2009.

[2] O. Whyte, J. Sivic, A. Zisserman, and J. Ponce, "Non-uniform deblurringfor shaken images," in
Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2010, pp. 491-498.

[3] L. Xu and J. Jia, "Two-phase kernel estimation for robust motion deblurring," in European
Conference on Computer Vision, vol. 6311, 2010, pp. 157-170.

[4] D. Krishnan, T. Tay, and R. Fergus, "Blind deconvolution using a normalized sparsity measure," in
Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2011, pp. 233-240.

[5] 0. Whyte, J. Sivic, A. Zisserman, and J. Ponce, "Non-uniform deblurring for shaken images,"

International Journal of Computer Vision, vol. 98, no. 2, pp. 168-186, 2012.

[6] J. Pan, Z. Hu, Z. Su, and M.-H. Yang, "Deblurring text images via LO-regularized intensity and
gradient prior," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2014, pp.
2901-2908.

[7] J. Pan, D. Sun, H. Pfister, and M.-H. Yang, "Blind image deblurring using dark channel prior," in
Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2016, pp. 1628-1636.

[8] S. Nah, T. H. Kim, and K. M. Lee, "Deep multi-scale convolutional neural network for dynamic scene
deblurring," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2017, pp.
257-265.

[9] K. He, X. Zhang, S. Ren, and J. Sun, "Deep residual learning for image recognition," in Proc. of
the IEEE Conference on Computer Vision and Pattern Recognition, 2016, pp. 770-778.

[10] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, and Y.

Bengio, "Generative adversarial nets," in Advances in Neural Information Processing Systems, 2014, pp.

2672-2680.

[11] O. Kupyn, V. Budzan, M. Mykhailych, D. Mishkin, and J. Matas, "DeblurGAN: Blind motion deblurring
using conditional adversarial networks," in Proc. of the IEEE Conference on Computer Vision and
Pattern Recognition, 2018, pp. 8183-8192.

[12] O. Kupyn, T. Martyniuk, J. Wu, and Z. Wang, "DeblurGAN-v2: Deblurring (orders—of-magnitude)
faster and better," in Proc. of the IEEE International Conference on Computer Vision, 2019, pp. 8877-
3886.

[13] I. Gulrajani, F. Ahmed, M. Arjovsky, V. Dumoulin, and A. C. Courville, "Improved training of

wasserstein gans," in Advances in Neural Information Processing Systems, 2017, pp. 5767-5777.

[14] S. lizuka, E. Simo-Serra, and H. Ishikawa, "Globally and Locally Consistent Image Completion,"

_15_



[0119]

[0120]

[0121]

[0122]

[0123]

[0124]

[0125]

[0126]

[0127]

[0128]

[0129]

[0130]

[0131]

[0132]

[0133]

[0134]

[0135]

S550ol 10-2303002

ACM Trans. on Graphics, vol. 36, no. 4, pp. 107:1-107:14, 2017.

[15] Z. Shen, W.-S. Lai, T. Xu, J. Kautz, and M.-H. Yang, "Deep semantic face deblurring," in Proc. of
the IEEE Conference on Computer Vision and Pattern Recognition, 2018, pp. 8260-8269.

[16] Z. Shen, W. Wang, X. Lu, J. Shen, H. Ling, T. Xu, and L. Shao, "Humanaware motion deblurring," in
Proc. of the IEEE International Conference on Computer Vision, 2019, pp. 5571-5580.

[17] J. S. Lumentut, J. Santoso, and I. K. Park, "Human motion deblurring using localized body prior,"
in Asian Conference on Computer Vision, 2020.

[18] H. Chen, J. Gu, O. Gallo, M.-Y. Liu, A. Veeraraghavan, and J. Kautz, "Reblur2deblur: Deblurring
videos via self-supervised learning," in IEEE International Conference on Computational Photography.
IEEE, 2018, pp. 1-9.

[19] K. Zhang, W. Luo, Y. Zhong, L. Ma, B. Stenger, W. Liu, and H. Li, "Deblurring by realistic
blurring," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2020, pp. 2737-
2746 .

[20] S. Park, J. Yoo, D. Cho, J. Kim, and T. H. Kim, "Fast adaptation to super-resolution networks via
meta-learning," in Proc. of the European Conference on Computer Vision.

[21] M. Choi, J. Choi, S. Baik, T. H. Kim, and K. M. Lee, "Scene-adaptive video frame interpolation
via meta-learning," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2020,
pp. 9444-9453.

[22] J. W. Soh, S. Cho, and N. I. Cho, "Meta-transfer learning for zero-shot super-resolution," in
Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2020, pp. 3516-3525.

[23] C. Finn, P. Abbeel, and S. Levine, "Model-agnostic meta-learning for fast adaptation of deep
networks," in Proc. of the 34th International Conference on Machine Learning, pp. 1126-1135.

[24] M. Loper, N. Mahmood, J. Romero, G. Pons-Moll, and M. J. Black, "SMPL: a skinned multi-person
linear model," ACM Trans. On Graphics, vol. 34, no. 6, pp. 248:1-248:16, 2015. [Online]. Available:
https://doi.org/10.1145/2816795.2818013

[25] A. Sellent, C. Rother, and S. Roth, "Stereo video deblurring," in Proc. Of the European
Conference on Computer Vision, vol. 9906. Springer, 2016, pp. 558-575.

[26] P. P. Srinivasan, R. Ng, and R. Ramamoorthi, "Light field blind motion deblurring," in Proc. of
the IEEE Conference on Computer Vision and Pattern Recognition, 2017, pp. 2354-2362.

[27] J. S. Lumentut, T. H. Kim, R. Ramamoorthi, and I. K. Park, "Deep recurrent network for fast and
full-resolution light field deblurring," IEEE Signal Processing Letters, vol. 26, no. 12, pp. 1788-
1792, 2019.

[28] P. Isola, J.-Y. Zhu, T. Zhou, and A. A. Efros, "Image-to-image translation with conditional
adversarial networks," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition,
2017, pp. 5967-5976.

[29] W. Ren, J. Yang, S. Deng, D. Wipf, X. Cao, and X. Tong, "Face video deblurring using 3D facial
priors," in Proc. of the IEEE International Conference on Computer Vision, 2019, pp. 9387-9396.

[30] R. Kohler, M. Hirsch, B. Mohler, B. Scholkopf, and S. Harmeling, "Recording and playback of
camera shake: Benchmarking blind deconvolution with a real-world database," in European Conference on
Computer Vision, vol. 7578, 2012, pp. 27-40.

[31] W.-S. Lai, J.-B. Huang, Z. Hu, N. Ahuja, and M.-H. Yang, "A comparative study for single image
blind deblurring," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2016,
pp. 1701-1709.

_16_



[0136]

[0137]

[0138]

[0139]

[0140]

[0141]

[0142]

[0143]

[0144]

[0145]

[0146]

[0147]

[0148]

[0149]

[0150]

[0151]

S550dl 10-2303002

[32] T. Brooks and J. T. Barron, "Learning to synthesize motion blur," in Proc. of the IEEE Conference

on Computer Vision and Pattern Recognition, 2019, pp. 6840-6848.

[33] S. Zhang, Y. Lin, and H. Sheng, "Residual networks for light field image super-resolution," in
Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2019, pp. 11 046-11 055.

[34] 0. Vinyals, C. Blundell, T. Lillicrap, D. Wierstra et al., "Matching networks for one shot
learning," in Advances in neural information processing systems, 2016, pp. 3630-3638.

[35] J. Snell, K. Swersky, and R. Zemel, "Prototypical networks for few-shot learning," in Advances in
neural information processing systems, 2017, pp. 4077-4087.

[36] A. Santoro, S. Bartunov, M. Botvinick, D. Wierstra, and T. Lillicrap, "Meta-learning with memory-
augmented neural networks," in International conference on machine learning, 2016, pp. 1842-1850.

[37] B. Oreshkin, P. Rodriguez Lopez, and A. Lacoste, "Tadam: Task dependent adaptive metric for
improved few-shot learning," Advances in Neural Information Processing Systems, vol. 31, pp. 721-731,
2018.

[38] N. Mishra, M. Rohaninejad, X. Chen, and P. Abbeel, "A simple neural attentive meta-learner," in

International conference on learning representation, 2018.

[39] E. Grant, C. Finn, S. Levine, T. Darrell, and T. Griffiths, "Recasting gradient-based meta-
learning as hierarchical bayes," in International conference on learning representation, 2018.

[40] C. Finn and S. Levine, "Meta-learning and universality: Deep representations and gradient descent
can approximate any learning algorithm," in International conference on learning representation, 2018.

[41] X. Mao, Q. Li, H. Xie, R. Y. Lau, Z. Wang, and S. Paul Smolley, "Least squares generative
adversarial networks," in Proc. of the IEEE International Conference on Computer Vision, 2017, pp.
2813-2821.

[42] S. Johnson and M. Everingham, "Clustered pose and nonlinear appearance models for human pose
estimation," in Proc. of the British Machine Vision Conference. BMVA Press, 2010, pp. 1-11.

[43] G. Balakrishnan, A. Zhao, A. V. Dalca, F. Durand, and J. Guttag, "Synthesizing images of humans
in unseen poses," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2018,
pp. 8340-8348.

[44] A. Kanazawa, M. J. Black, D. W. Jacobs, and J. Malik, "End-to-end recovery of human shape and
pose," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2018, pp. 7122-
7131.

[45] A. Shocher, N. Cohen, and M. Irani, ""zero-shot" super-resolution using deep internal learning,"
in Proc. of the IEEE conference on computer vision and pattern recognition, 2018, pp. 3118-3126.

[46] H. Zhang, Y. Dai, H. Li, and P. Koniusz, "Deep stacked hierarchical multipatch network for image
deblurring," in Proc. of the IEEE Conference on Computer Vision and Pattern Recognition, 2019, pp.
5978-5986.

[47] M. Suin, K. Purohit, and A. Rajagopalan, "Spatially-attentive patchhierarchical network for
adaptive motion deblurring," in Proc. of the IEEE Conference on Computer Vision and Pattern
Recognition, 2020, pp. 3606-3615.

_17_



| (a)

SS=50dl 10-2303002

(c)

_18_

(d)



10-2303002

s==4

B
H

210

N %

=
=

g Jt34]

&

IS Eb 1

=
=

4
|

e @3 dibof ofstod

Z
gl
A

1o AT <
._Dmu_Eﬁﬂh_h
T o
55 5 =0
o <fp =°

Y

Ko

B
H

—~— 330

_19_

300




10-2303002

Imitial deblurring training

m.ﬂ... h.m_u

/ﬁw\ Meta-transfer delbolunding training

Pseudo-blur synthesizer training

W_ ﬂv"ﬂuﬁmﬁez_:mnﬁa -z Parameter [eaming. ﬁmv Deblurring procedure H”v"nm_u!_._.__._mn-.uumn_:-.m

H

(cd

Internal learning

By = 8,

Deblurring with meta testing

mn.- _
% s .
Y ‘ , E _ 3 J.

_20_



10-2303002

_21_



oin

_22_

10-2303002



	문서
	서지사항
	요 약
	대 표 도
	청구범위
	발명의 설명
	기 술 분 야
	배 경 기 술
	발명의 내용
	해결하려는 과제
	과제의 해결 수단
	발명의 효과

	도면의 간단한 설명
	발명을 실시하기 위한 구체적인 내용

	도면
	도면1
	도면2
	도면3
	도면4
	도면5
	도면6




문서
서지사항 1
요 약 1
대 표 도 1
청구범위 3
발명의 설명 4
 기 술 분 야 4
 배 경 기 술 4
 발명의 내용 5
  해결하려는 과제 5
  과제의 해결 수단 5
  발명의 효과 6
 도면의 간단한 설명 6
 발명을 실시하기 위한 구체적인 내용 6
도면 7
 도면1 18
 도면2 19
 도면3 19
 도면4 20
 도면5 21
 도면6 22
