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g Pix2pixHD

Conditional Generative adversarial networks

mGin max V(ID,G) = Exp,ncollogDx[Y)] + Ezep () [log(1—D(G(z|y))]
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Pix2pixHD

Input image Semantic label map Instance label map

Semantic label maps don’t distinguish object of the same class

Instance label maps has a unique ID for each individual object

Al Lab., Dongguk Univ. Sanghyuck Na



oz

Coarse-to-fine Generator Multi-scale Discriminators Robust Objective




2

Coarse-to-fine Generator Multi-scale Discriminators Robust Objective

' Residual
: blocks
-
o
@
h : Residual
Global e

generator




Robust Objective

rnnators

iIscrirnuna

Multi-scale D

for

encra

v
'

Coarse-to-fine C



2

Coarse-to-fine Generator Multi-scale Discriminators Robust Objective
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Pix2pixHD

Element — wise sum of two feature maps
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(b) Using label + instance map
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Pix2pixHD

Image generation 9
network G

Instance-wise average pooling

Feature encoder network E
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Pix2pixHD
Least Squares generative adversarial networks

1 1
min Visgan(D) = EIEx~pdata(x)[(D(x) —b)*] + EIEz~pz(z)[(D(G(Z)) - a)?]

1
mc,in Viscan(G) = EEz~pz(Z)[(D(G(Z)) - C)Z]

a = fake label 0
b = real label 1
c = the value that G wants to do for fake data 1
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g Pix2pixHD

GAN loss used by pix2pixHD

mGin((Dr%aXD Lean(G,Dy)) + 4 Lpm (G, D))
1,~2,3
k=1,2,3 k=1)2)3
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Pix2pixHD

pix2pixHD  SPADE

input

What's wrong with pix2pixHD?

In pix2pixHD, instance normalization tends to throw
away information from the segmentation map.

For single-class images, it produces the same image
regardless of the class
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Normalization

e Batch normalization

1 .
Up —Z X; mini-batch mean
m 4
i=1
m
, 1 2 . .
0 < EE(’C"_”B) mini-batch variance
i=1
~ Xi — UB

Xi < ;
) normalize
og T+ €

yi <« vX;+ f =BN,g(x;) scale and shift

Reduces the internal covariate shift
Faster training

Higher accuracy

Higher learning rate

Reduces the need for dropout
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spatially-adaptive denormalization

Batch Norm SPADE

element-wise

o J

normalization /
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spatially-adaptive denormalization

N
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3Ix3-Conv-k

3x3-Conv-k

3x3-Conv-128, RelU
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Sync Batch Norm
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’ ® ’ ®—) Resize (order=0)
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spatially-adaptive denormalization

m € LH*W

m : semantic segmentation mask
1 L : semantic labels
ut = TG z R ey x h' : activations of the i-th layer
Segmentation mask n,yx C' : channels in the layer
H' : activation map height

W' : activation map width
1 N : batch of N samples
ny.x neN,ce C,,ye H, xe W!
UL = mean
i i o; = standard deviation
i hn,c,y,x — HUc i
Yey.x (m) o + ,Bc,y,x (m)

¢ ,B(f:,y,x (m) : modulation parameters
yci,y’x (m) :: modulation parameters
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spatially-adaptive denormalization

I
I
I
I
I

o

. 3avds
ney
| AUOD g£XE

[
w =
v AW
p
u I_
m c g I
|"'""' ol =
e — — p SF‘ADE'_ _|EF'ADE'__
| ResBIk | ' ResBlk |

SPADE ResBlk

Al Lab., Dongguk Univ. Sanghyuck Na



5 Result & Discussion

Label maps

sky
mountain
grass

Semantic Manipulation Using Segmentation Map
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Ground Truth

CRN (8]
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E’ Result & Discussion

—

e (Fréchet Inception Distance)FID

match pixel

* Pixel accuracy Accuracy = = r

* (mean Intersection-over-Union)mloU
1 Area of Overlap

mlou = — ,
n Area of Union
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Result & Discussion

Label

Ground Truth

CRN [7

|

SIMS [ 5]

pix2pixHD [10]

mlou Higher is better
pixel accuracy Higher is better

FID lower is better

COCO-Stuff ADE20K ADE20K-outdoor Cityscapes
Method || mloU | accu FID mloU | accu | FID | mloU | accu | FID | mlolU | accu FID
CRN [7] 237 | 404 | 704 224 | 68.8 | 73.3 16,5 | 68.6 | 99.0 | 524 77.1 | 104.7
SIMS [35] N/A N/A N/A N/A N/A | N/A 13.1 747 | 67.7 | 47.2 75.5 49.7
pix2pixHD [10] 146 | 458 | 111.5 20.3 69.2 | 81.8 17.4 716 | 97.8 | 583 81.4 | 95.0
Ours 374 67.9 | 22.6 38.5 799 | 339 | 308 | 829 | 633 | 623 | 819 | 718
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