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ANEHSEE = Hand-crafted &&=

5| : image patch gradient
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(SIFT)

FENRFEHE = E2HAAAZ1—TI)LXR Y MCNN)FEL
'fﬁu : Convolutions] Fully-

1 X : .
Convalutional connected

Convolutional Locally- lawcr
laver 3 connceied I,
. laver @[ "TIe[T |@
L el el e
[ﬂ --:"-: ’ .-.-.- j‘ : ."'. : ‘ 'Vl
= ""‘-'— ._:;..-‘ [} ",-" ".‘. "'. "'.‘.
o ""-..{'-----:!&"_ .
Fully-
xraw connected Output layer
Input layer - laver 1

x5 S 1ufc (pre-trained on ImageNet) CNNETI/ILZFBW3




BRI E DRI

AABEEE = Hand-crafted 7=

T. Kobayashi,
“Structured Feature Similarity with Explicit Feature Map”,
CVPR2016

FENRFEHE = E2HAAAZ1—TI)LXR Y MCNN)FEL

T. Kobayashi,
“Learning Additive Kernel For Feature Transformation

and Its Application to CNN Features”,
BMVC2016
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FICEAR T DLEEICNT 2FENEEINTEL
(77’]’ 2 ) -distance

- Earth Mover’s distance (EMD)

- Faster EMD (=3&HREMD)

- SiftDist (SIFTTDEMD)
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SSIMICED S FEEERE (1)

Structural Similarity Index Measure (SSIM)
BHEHROGBEFHAED-HDEENIBIEE UTHWSNS

MSE=306, SSIM=0.928 MSE=309, SSIM=0.987 MSE=309, SSIM=0.576
CW-SSIM=0.938 CW-SSIM=1.000 CW-SSIM=0.814
()

MSE= 313 SSIM=0.730 MSE=309, SSIM=0.580 MSE=308, SSIM=0.641 MSE=694, SSIM=0.505
CW-SSIM=0.811 CW-SSIM=0.633 CW-SSIM=0.603 CW-SSIM=0.925

() (h)

Z.Wang and A. C. Bovik. Mean squared error: love it or

CW_SSE?)/EO'Q% CW-SSE?;EO'%S CW_SS(IL\;I =0.917 CW_SSH\)/EO'% ° Signal Processing Magazine,26(1):98—117, January 2009



SSIMICED S FEEERE (1)

Structural Similarity Index Measure (SSIM)
BROmMEBFFHMOICOHDOEENEZRE UTHWS NS

(SSII\/I formulation: EI® x, y | c_S(]‘ LfC h

Sorg(x,y) = M(z,y) x V(x,y) x C(x,y)

B35S QYIS AF @EINY—
DIFLE DIFLE DIFLE

N\ Y

MSE=313, SSIM=0.730 MSE=309, SSIM=0.580 MSE=308, SSIM=0.641 MSE=694, SSIM=0.505
CW-SSIM=0.811 CW-SSIM=0.633 CW-SSIM=0.603 CW-SSIM=0.925

() (h)

Z.Wang and A. C. Bovik. Mean squared error: love it or

MSE=871, SSIM=0.404 MSE=873, SSIM=0.399 MSE=590, SSIM=0.549 MSE=577, SSIM=0.551 leave 1t‘7 - anew look at signal ﬁdellty measures. IEEE

CW'SS:!\)A=O'933 CW_SSH-\)A=O'933 CW‘SS(I;XI =0-917 CW'SSH\)A=O'91 ° Signal Processing Magazine, 26(1):98—117, January 2009



SSIMICED K FREERE (2)

HEERICEWTSSIMEIRRERE & UTIRE
KFER & Y LT

R BE{REL

_ T(ne
Sorg(@,y) = M(z,y) x V(z,y) > C(@,y) c<w,y>=uf_£§2'§?f ||(y—3<(y>) |)r ’
B3 & m P2 NS EN I — 2(Y —uly)||2
2ab

k(u(w)a u(y))7 k(q(w)a q(y))7 where sEERIM k(a, b) =

. . a® + b?
BRI AR O

BHEHEFN\DOIEENEZ S8 DO FEENRIEL SINENRIEA
o FEEDTRIRSorgld M, V, C DT HRETALICH BUR

%5%5/‘] : Sorg — MxV xC (W, wy,we) = (2,2,1)
</% M YV C
non-neg. feat. [0,+1] [0,+1] [-1,+1]

value range
’UJM,U]]},UJC) — (17271)

HBER @ Spdd = wpM + wypV + weC Q’ real feat. [-1,+1] [0, +1] [-1,+1]
(



MENERE o FH TR ORI (1)

FALE SZEEHR (explicit map) OARBANEHR
« IRIERIRICED, EEREEN DRI HnlasZzEEn]8e

S(x,y) =wpM(x,y) +wyV(x,y) + weC(x,y)
= ¢(z) P(y)

BER (explicit map) € R”
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FALE SZEEHR (explicit map) OARBANEHR
« IRIERIRICED, EEREEN DRI HnlasZzEEn]8e

S(x,y) =wpM(x,y) +wyV(x,y) + weC(x,y)
= ¢(z) P(y)

[ZE& (explicitmap) € R

O = JUMPMDV Wy Pe Dy wyde
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MENERR o BH TR ORE (1)

FALE SZEEHR (explicit map) OARBANEHR
« IRIERIRICED, EEREEN DRI HnlasZzEEn]8e

S(x,y) =wpM(x,y) +wyV(x,y) + weC(x,y)
= ¢(z) P(y)

BER (explicit map) € R”

O = JUMPMDV Wy Pe Dy wyde

B

L (z—u(@)) (y—u(y))
v )= @)y —aw)l
?M(w,y):g(u(m),u(y)), B 2ab
$ Vi y)-xq@)qy), S @P=a



MENERE o BT ORE (2)

FAUERS k ZIFEMR (explicit map) DRNENER

2ab 2sgn(ab)  2sgn(ab)
AL T+ B e e

k(a,b)=

= sgn(ab)sech(w)

where w = log|§|

B #sech® 7 —Y) TRERICEWT
k(a, b) = san(ab)sech(w) = san(ab) / T e g (A)dA

:/ [sgn z)\log|a|\/7 SgIl z)\log|b|m]d)\7

la = 0]

il> Py = | 1 )\ c R%
&1 (\;a) = sgn(a)e Aloglal §sech( 5 )
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MENA—RILREDFE (2)

CDEEH—XI)LERIT

D
k(x,y) =Y f(x;) WW 'f(y;) = tr{F(x) WW 'F(y)},
=1 where F(x) = [f(x1), - ,f(xp)] € RM*P.
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3TEHEDCNNETIL
[Tran, 2015] pretrained on sports1M
[Krizhevsky, 2012]
VGG for Images
[Simonyan, 2014] pretrained on ImageNet

T—Y v b
Video: HMDB51, UCF101/50, Hollywood2 (En{EZE&)
Image: Caltech256, VOC2007, (12{4853:8)
MIT67, SUN397, (2 —>/ 58:8k)

CatDog37, Dog120 (FEfl/2TERIE2E4)

5 for Images

pretrained on ImageNet
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I ours 2 rank (7=0.63)
3L I ours 3 rank (7=0.78)
I ours 4 rank (7=0.87)

I ours 5 rank (7=0.92)
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HMDB51 Hollywood2 UCF101 UCF50

2 AlexNet (E[{5R) 15 VGG (HIfR

I ours 2 rank (7=0.55)
I ours 3 rank (7=0.65)
1.5+ I ours 4 rank (7=0.75)
N ours 5 rank (7=0.82)
— 1 [ ours 6 rank (7=0.88)
o - 0 [ ours 7 rank (7=0.92
9\_°/ 1 2\/ _ zgrs rank (7 )
c c _ [ Jsqrt
S 05T S o5
> |||||| l o
O O = = [ O
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: 1 1 0§ :.
€05 £
O I ours 2 rank (7=0.51) O
E I ours 3 rank (7=0.59) e
o -1+ I ours 4 rank (7=0.67) Dq_)
I ours 5 rank (7=0.74) -05+-
[N ours 6 rank (7=0.80) )
-1.5+ N ours 7 rank (7=0.85)
v L
[ Isart -
-2 * -1

Caltech256 VOC2007  MIT67  SUN397 CatDog37 Dog120 Caltech256 VOC2007 MIT67 SUN397 CatDog37 Dog120
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ABBEEE EFENESEEICHT U TOFEE
AAEFE = hand-crafted®&5# : SIFT, HOG& &
FEAEFEL = CNNEFEL : AlexNet, VGG &
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