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Inception Score (IS) 5
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Inception Net

- Grid Size Reduction . 7%
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Input: 299x299x3, lOutpul:8x8x20-18 2% Inc epti on Module C

e 5x Inception Module A | 4x Inception Module B L ~

Convolution Input: Output:
AvgPool 299x299x3 8x8x2048
MaxPool
Concat

Dropout

Fully connected
Softmax

Final part:8x8x2048 -> 1001

Auxiliary Classifier




IS DiEZ 5 EE

F D ZERIME Z RN 7E Ly,

> mode collapse R TZ 7Ly,

> BROERENEEZHRING,

AEEICNNGE D DL ?

> IR AA DT —2TFHELENNZFF@EICAWNS Z EDERED

AEHA,
> BRUNDO T —RIFNE WS NNGERETIL) A U,

A\

\7



Inception Score

9.0

8.5 9
© 8.0F{4f

3
3 7.5

& 7.0t
2
£6.5
o
£6.0
5.5
5.0

0

10 20 30 40 50 60 70 80
Iterations

H(y)

5.80

5.70

5.65}

0 10 20 30 40 50 60 70 80

Iterations

7

~

4.1
4.0

3.9} C

3.8
E[HlyX)T 51|
3.6}
3.4

0 10 20 30 40 50 60 70 80
Iterations

AT I DD



> FHMICE S ET LA A TEE T S MBI,

0.08 : . 2000
{|HEE airplane
.‘?0'07. ; ) » Bl automobile
% 5 : 8 _ : o |m bird
g 0.06} = D 2.1500 E £ F B cat
0.05} i i . |mEE deer
2 & & : |=m dog
= 0.04} ; L %5 1000 k) . frog
© = H ....|NEE horse
2 0:03 2 2 . ship
& 0.02} E 500} E |- eruck
= 3 3 LV
< 0.01+ |} _ : : : : :
0.0 e e o a0 I i 2 3 4 s e 7 Y P00 001 002 003 004 005 Y
ImageNet Classes H(ylx) with ImageNet Classifier H(ylx) with CIFAR-10 Classifier

ImageNet TF&E L 7- ImageNet =& L 7- CIFAR-10 T%& L 7-
Inception Net(Z Inception Net [Z Inception Net (Z

CIFAR-10&x AN TN, HEKT—EXEANTDLD LT —2%ANTDHD
p(y)



IS DI¥Fz 2 WEE (ZHRME. BB X)

> T — NERIE (R,
> X7 TADY T ILE—DFEINIXISIETE RS,

exp (Ex [KL(p(y[x)[[p(y))]) = exp (H(y) — Ex[H (y|x)])

Inception Net S5 NIV BEDEI
D H 77 D% IRE
4 )

ZREZEH D Bk p(y) p(ylx)
T y y

J




Modified Inception Score (m-IS)
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Fréchet Inception Distance (FID)

» ImageNet TEEFHAD Inception Net & LN /-F51E,
> ETFT—XEERT—ROOHED Fréchet (Wasserstein-2) FEEE,
> NE W T ERW,

FID(r,g) = |1, — g3 + T (B, + 2y — 2(2,5,) )

N
where o, = 1 Zhgf') Inception Net @
N = rhfEE o 1(2048Kk7T)

1 N

N;( W =) — p)



Inception Net

Grid Size Reduction — -
(with some modifications) Grid Size Reduction

Input: 299x299x3, IOutput:8x8x2048 2% Inception Module C
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Concat
Dropout

Fully connected
Softmax
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Sliced Wasserstein Distance
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SSIM(Structural Similarity)
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everybody dance now

Source Subject Target Subject 1 Target Subject 2 Source Subject Target Subject 1 Target Subject 2



base idea - training
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base idea - transfer
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Temporal Smoothing
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CartoonGAN

(a) Original scene (b) Our result
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(a) NST (b) CycleGAN (c) CartoonGAN
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