
Semantic Image synthesis with 
Spatially-Adaptive Normalization

Sanghyuck Na

August, 8, 2019

Dongguk University

Artificial Intelligence Laboratory

shna@Dongguk.edu

AI Lab., Dongguk Univ. Sanghyuck Na

mailto:shna@Dongguk.edu


AI Lab., Dongguk Univ. Sanghyuck Na

1. Introduction

2. Pix2pixHD

3. Normalization 

4. spatially-adaptive normalization

5. Result & Discussion

6. Reference

Contents0



AI Lab., Dongguk Univ. Sanghyuck Na

Introduction1



AI Lab., Dongguk Univ. Sanghyuck Na

Introduction1



AI Lab., Dongguk Univ. Sanghyuck Na

Introduction1



AI Lab., Dongguk Univ. Sanghyuck Na

Pix2pixHD2

Conditional Generative adversarial networks

𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

𝑉 𝐷, 𝐺 = 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔 𝐷 𝑥|𝑦 + 𝔼𝑧~𝑝𝑧 𝑧 [𝑙𝑜𝑔 1 − 𝐷 𝐺 𝑧|𝑦
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Pix2pixHD2

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
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Pix2pixHD2

Global 
generator

Local 
enhancer

Local 
enhancer
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Pix2pixHD2

ℓ𝑝𝑒𝑟𝑐𝑒𝑝
𝐷,𝑗

=
1

𝑁


𝑖=1

𝑁

||𝑑𝑗 𝑦𝑖 −𝑑𝑗 𝑇(𝑥𝑖) ||

𝐿𝐹𝑀 𝐺, 𝐷𝑘 = 𝔼(𝑠,𝑥)

𝑖=1

𝑁
1

𝑁
[||𝐷𝑘

𝑖
𝑠, 𝑥 − 𝐷𝑘

𝑖
𝑠, 𝐺(𝑠)||1
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Pix2pixHD2

𝐺2 𝑖𝑛𝑝𝑢𝑡
2048 ∗ 1024

𝐺1 𝑖𝑛𝑝𝑢𝑡
1024 ∗ 512

𝐺1𝑜𝑢𝑡𝑝𝑢𝑡
1024 ∗ 512

𝐺2𝑜𝑢𝑡𝑝𝑢𝑡
2048 ∗ 1024

𝐸𝑙𝑒𝑚𝑒𝑛𝑡 − 𝑤𝑖𝑠𝑒 𝑠𝑢𝑚 𝑜𝑓 𝑡𝑤𝑜 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑝𝑠

concat

1024 ∗ 512
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Pix2pixHD2

Least Squares generative adversarial networks

min
𝐷

𝑉𝐿𝑆𝐺𝐴𝑁 𝐷 =
1

2
𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[ 𝐷 𝑥 − 𝑏)2 +

1

2
𝔼𝑧~𝑝𝑧 𝑧 [ 𝐷 𝐺 𝑧 − 𝑎)2

min
𝐺

𝑉𝐿𝑆𝐺𝐴𝑁 𝐺 =
1

2
𝔼𝑧~𝑝𝑧 𝑧 [ 𝐷 𝐺 𝑧 − 𝑐)2

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

0
1
1
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Pix2pixHD2

GAN loss used by pix2pixHD

min
𝐺
(( max
𝐷1,𝐷2,𝐷3



𝑘=1,2,3

𝐿𝐺𝐴𝑁(𝐺, 𝐷𝑘)) + 𝜆 

𝑘=1,2,3

𝐿𝐹𝑀(𝐺, 𝐷𝑘))
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Pix2pixHD2

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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Normalization3

• Batch normalization

𝜇ℬ ←
1

𝑚


𝑖=1

𝑚

𝑥𝑖

𝜎ℬ
2 ←

1

𝑚


𝑖=1

𝑚

(𝑥𝑖−𝜇ℬ)
2

ෝ𝑥𝑖 ←
𝑥𝑖 − 𝜇ℬ

𝜎ℬ
2 + 𝜖

𝑦𝑖 ← 𝛾ෝ𝑥𝑖 + 𝛽 ≡ 𝐵𝑁𝛾,𝛽(𝑥𝑖)

Reduces the internal covariate shift

Faster training

Higher accuracy

Higher learning rate

Reduces the need for dropout

mini-batch mean

mini-batch variance

normalize

scale and shift
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SPADE

spatially-adaptive denormalization4
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spatially-adaptive denormalization4

𝛾𝑐,𝑦,𝑥
𝑖 𝑚

ℎ𝑛,𝑐,𝑦,𝑥
𝑖 − 𝜇𝑐

𝑖

𝜎𝑐
𝑖

+ 𝛽𝑐,𝑦,𝑥
𝑖 (𝑚)

𝜇𝑐
𝑖 =

1

𝑁𝐻𝑖𝑊𝑖


𝑛,𝑦,𝑥

ℎ𝑛,𝑐,𝑦,𝑥
𝑖

𝜎𝑐
𝑖 =

1

𝑁𝐻𝑖𝑊𝑖


𝑛,𝑦,𝑥

(ℎ𝑛,𝑐,𝑦,𝑥
𝑖 )2 − (𝜇𝑐

𝑖 )2

𝑚 ∈ 𝕃𝐻 ∗𝑊

𝑚 ∶ 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑚𝑎𝑠𝑘
𝕃 ∶ 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 𝑙𝑎𝑏𝑒𝑙𝑠
ℎ𝑖 ∶ 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑖-𝑡ℎ 𝑙𝑎𝑦𝑒𝑟
𝐶𝑖 ∶ 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑙𝑎𝑦𝑒𝑟
𝐻𝑖 ∶ 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑚𝑎𝑝 ℎ𝑒𝑖𝑔ℎ𝑡
𝑊𝑖 ∶ 𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝑚𝑎𝑝 𝑤𝑖𝑑𝑡ℎ
𝑁 ∶ 𝑏𝑎𝑡𝑐ℎ 𝑜𝑓 𝑁 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑛 ∈ 𝑁, 𝑐 ∈ 𝐶𝑖 , 𝑦 ∈ 𝐻𝑖 , 𝑥 ∈ 𝑊𝑖

𝜇𝑐
𝑖 = 𝑚𝑒𝑎𝑛
𝜎𝑐
𝑖 = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝛽𝑐,𝑦,𝑥
𝑖 𝑚 ∶ 𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠

𝛾𝑐,𝑦,𝑥
𝑖 𝑚 ∶:𝑚𝑜𝑑𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠

Segmentation mask
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Label maps

Result & Discussion5
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• (Fréchet Inception Distance)FID

• Pixel accuracy

• (mean Intersection-over-Union)mIoU

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑚𝑎𝑡𝑐ℎ 𝑝𝑖𝑥𝑒𝑙

𝐴𝑙𝑙 𝑝𝑖𝑥𝑒𝑙

𝑚𝐼𝑜𝑢 =
1

𝑛

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛
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Result & Discussion5

mIou Higher is better

pixel accuracy Higher is better

FID lower is better
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• https://dade-ai.github.io/paperclip/style/adain/README.html

Reference6

AI Lab., Dongguk Univ. Sanghyuck Na

https://adamdking.com/blog/gaugan/
https://arxiv.org/pdf/1903.07291.pdf
https://arxiv.org/pdf/1711.11585.pdf
http://www.vision.ee.ethz.ch/ntire18/talks/Ming-YuLiu_pix2pixHD_NTIRE2018talk.pdf
https://www.quora.com/How-does-Conditional-Batch-normalization-work-and-how-is-it-different-from-regular-Batch-normalization
https://arxiv.org/pdf/1502.03167.pdf
https://dade-ai.github.io/paperclip/style/adain/README.html


AI Lab., Dongguk Univ. Sanghyuck Na

Thank you


