sFshe] H3e WA dER)
ek he 284

oyj0813@hanyang.ac.kr, tachyunkim@hanyang.ac.kr

Super—Resolution with Cross—Entropy Loss
Adapted to High Frequencies

Oh Yoon Ju', Kim Tae Hyun’
Dept. of Artificial Intelligence, Hanyang University
’Dept. of Aritificial Intelligence, Hanyang University
& o

Super resolution®] 4] High-frequency DetailsE 7HAst= ZHo] HL FEAo|t}. 7|FEol= Super
resolutionS Regression task® HstEEM 12 LossE AM&ste] oln A7} &84 Hct o =
A A3st7] 93, Classification task@ BFE2ZM Cross Entropy Lossg 4839 Cross—entropy
Super-resolution (CS)E A Agttt CSE F3l AW X9 Detailse] 7/HAEA v A=39] CE Loss 8
FO 2913 Black Artifacts7} AT 184, L2 Losst AF3e} o] & Az ¢ 23S o
Fog A% ARNE gl AFFES L2 LossolA, 2FFE CE LossolA  dH5A7l
Frequency-specific Crossfentropy Super-resolution (FCS)& Attt -2l 9ol 73k
Human®] <123 HAFeF =4 A %<2 Learned Perceptual Image Patch Similarity (LPIPS)® 3 7} 3t
th AE3 wE ol AlolA TfﬂA FCS+ Baseline2t} LPIPS7F oF 1.7v] J= 714 5 At

&3ttt CE Lossv= 94 7He] izl zkolo] w1
1. ME A wbgstE R aFad digh o LAE =
Super resolution (SR)& Low resolution (LR)ol ol d ¢ B2 JFAE HAF § Aok A,
A AadE ARE Bdety, FH 2ol Implicitd W 1F97F o AgetA B9t oA, JEYAE
WS AME3Ele] o|nA]E  Arbitrary resolution®© % CE Loss®%F dk5Al7]E=  Cross-entropy  Super
Edsle A7 &3 Y. LTE  [1l= resolution (CS)E A At} £33k CE LossgE A&
Continuous representation® &<38t= =2 High- 371918 Super resolutione Regression taskol A
frequency Details& ¥ &ttt 299, L1 loss& At Classification task® ¥ 3}3slt},
&3t7] el Blury SRS ®=w A7 dth CS¥ A™alar Detaile] MM = AR, #5095
Edget+ Texture}t Te High-frequency CE Loss® 8F43te] Black Artifacts?} 23,
Information Blur & 37} §l& H o] DetailsE Y [2]e 4 L1, L2 Losst= AF3¢t o] & A3 o
2 A 4= 9lom g Cross Entropy (CE) Loss A} 288 wEva Adgskan. mekA, A5 oln|X]

LR

LR

= L2 Loss®, 1153} o|nX= CE LossZ %54

resolution (FCS)ZE A ¢k3tc},

CE loss

(b) FCS

= AAZE dastt
(19 1) CS % FCS o}718 A A )

- 709 -

sr |-SElossf g 7]+  Frequency-specific ~Cross—entropy

Super

dEF EE dolEAlelM  CSe FCS=

e i Baseline®.t} LPIPS7} 7J4 =91l FCSE CSel

— ™ Black ArtifactsE $8tAZA AWk, LPIPSE CSHth
LHR

2o FOoB R Artifacts A9k auFvkel] A HES



DIV2K (x4)

DIV2K (x3)

Bicubic

(19 2) SR A%l o

2.
2.1 Frequency-specific Loss

a9 1ol (a)= CS Y9 E, CE Losse EAS
7F2 SR olv A& AT Outpute] Channel <+
2567 =2 FAsEe] 0ol A4 2559 pixel #S AT
= Ef‘ﬂ%‘ T AUAEE v e CS 2d9

B
T2 Alg9 %= CE Lossol W3 Formulation

2o

rhoogt rr
£ o [o
: 1:101'

o

M

2.1

i=1
a9 194 (b)E FCS 292 HHRS CE Loss
st5AlA HSR ©|vA]E A3, LHRE L2 Loss
5AIA LSR ol A& et o] AAE F
N2 Agsle] HFEZHOZ SR olmAE A
#Ar}t. &3 o] FCS =99 Frequency-specific
Loss® Jointly-trainingS % -8 3+c}.

M

(1 g og yoy + ly, = FWIE) ()

i=1

0, = [y log y,) 6))

L kb

0, =

LHRE f(y)o& A3t} f()& LPFo L,
HRoltl. HHRE g¢(y) =y — f(y)
SR Y = Ypr T ?JkH—o-
jl, yk‘H% HSRO] ]:]'.

Z 1}
FCSo| A LPIPS+= Baseline<
2, a5} AFuR sl A

Baselineg ¢ 1.7+ -ia=

&7t
e

-
A= 5

32 §8X AE dnt

7 2004, CSE 74 AWEa, Detaild
ol A1 Black & Bright Artifacts7} Al3}t}.
FCSE Edge®l Black Artifacts7F 7} % 1tk
3] ZA)st= Bright Artifacts A 7ol tjsk 37
b dast

=]
ik
=13

o]
7}

2o B o

Tob 97 B35 A9 AAHA v
X2 X3 x4
PSNR | LPIPS | PSNR | LPIPS | PSNR | LPIPS
Baseline | 34.72 | 0.0591 | 31.02 | 0.1407 | 29.04 | 0.2021
DIV2K CS 34.28 | 0.0319 | 30.24 | 0.0663 | 28.08 | 0.0964
FCS 34.16 | 0.0331 | 30.50 | 0.0695 | 28.59 | 0.1011
Baseline | 38.04 | 0.0394 | 34.43 | 0.0925 | 32.24 | 0.1356
Set5 CS 37.83 | 0.0213 | 34.14 | 0.0495 | 31.85 | 0.0722
FCS 37.84 | 0.0223 | 34.26 | 0.0525 | 31.92 | 0.0794
Baseline | 33.72 | 0.0700 | 30.37 | 0.1617 | 28.65 | 0.2292
Set14 CS 33.30 | 0.0393 | 29.62 | 0.0830 | 27.88 | 0.1199
FCS 33.52 | 0.0400 | 30.10 | 0.0862 | 28.39 | 0.1254
Baseline | 32.21 | 0.1117 | 29.14 | 0.2291 | 27.62 | 0.3085
B100 CS 32.00 | 0.0549 | 28.71 | 0.0977 | 27.02 | 0.1325
FCS 32.06 | 0.0554 | 28.99 | 0.1001 | 27.49 | 0.1374
Baseline | 32.29 | 0.0476 | 28.32 | 0.1209 | 26.24 | 0.1827
urban I cs | 3159 | 0.0407 | 27.34 | 0.0911 | 2495 | 01366
FCS 31.73 | 0.0403 | 27.75 | 0.0939 | 25.72 | 0.1427
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