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1.  

 

‍ҭᶃӵᵀἄῗὝᶈ Ҏ ԄᾭὯіּוἄⱢⱭ ḫỵ

ᶃӵ￼үח Έῼ￼Ά│ῗ ὔὶᶃӵᾭὯẓ‎ ֧

ᶃӵ [3,13] Ὰ֫‘Ά│Ӕּז ὶḙѽῑṃ

[4,7,20,39,40,45,46,47]  ᵅ Ά│ Ẃ῭ồẊћј

ᶹ ᶃӵᾭὯẓ  

ἅҪỵԌ ￼ῗ ⸗ḧẻẪ￼‍ҭᶃӵᵀἄιḜṄ

Ѳ 
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ב֫ ⱱ Ὥѭ ￼ᶃӵ ₩Ẫԏῶẍ┌￼Ẕּזιḅ

ԓḳּוἄᵙᶃӵ [7,20,40] ἅҪṄ ẻẪ ѭ Ѳᶃ

ӵᵀἄ ᶈ ᾰѧιἅҪ ῎ι ᶤᴬᴒ ιặ ᵙק

ớṖ‗ấ￼ҽ ‟‗[20,40]ӼԎ ῗ₭Ҹ￼ιᵼѭḜ

Ҫ￼ặ Ṗӫᵇ҈ñ֗ק ò Ԅ Ѳό ѧ￼ӡỤ  

ѭ҃ ֘ Ѧ ιἅҪώ֧҃ Ẕặ ιק

ῗ ‍ҭặ ṖιḜק Ẕḙѽ ὭӔּז Ԅ

Ѳṵṕ‎ ֺ☼╗֩ᾭιẊћᴵҨῶᾦᶊᶈᾯѦ ѧώ

ӗ ѲӡỤ  

ἅҪḾ֡Ѧԏῶὠἇớ￼ᾭὯ ҃ḫ ιץὐ

COCO-Stuff [5,26]ιADE20K [48]ᵙ Cityscapes [8] ἅҪ

῎ιᶈἅҪ￼ Ẕặ їιљ֡יṖ￼ẁק ῳӾ

￼Ά│ ⅝ι ֠￼ ᴵҨᵀἄ῎Ῐ῭Ḅ￼ ‛ ℅

ᶹι ẍ┌￼ ῎ιἍώ֧￼ặ Ṗק Ḿ Ѳᶃӵ

ᵀἄүח￼֡ ᴪӌ ῶῶᾦớ ῳᵅιἅҪ￼Ά│ᾟὙᶺ

₩ỗᵙ‾ẪẬṀ￼ᶃӵᵀἄιḫאᴵίֺ￼ᶺ‾ק ֧ιḅ

ᶃ 1Ἅ  

 

2.  
 

       ┼ẘⱳở⁴ᶙ ᴵҨḙѽᵀἄ   ‾￼ᶃӵ ῳ ￼

Ά│ץὐּוἄḾἰ εGANζ [12]ᵙᴪ֫ ט ᵸ

εVAEζ[22] ἅҪ￼ṪӐấ ᶈ GAN ѳіιӇ ‰ῗ‍

ҭᶃӵᵀἄүח  GAN ἄᵸᵙֶָᵸוּיּ ἄιԎѧּוἄ

ᵸ￼ ‰ῗּוἄ ￼ᶃӵιӔệֶָᵸј Ṅᵀἄᶃӵљ

ḫᶃӵ֫תẦ‎  

       ῪҬᶂӴᴿở Ҩ ᶺẻẪḕᶈι ҎẻẪᶈ ԄᾭὯ

￼ ᶚѧῗјᵃ￼ ӕḅι ‍ҭ₩ᶚ[4,29,31,33]ḙѽᵀ

ἄԏῶ ‰ ￼ᶃӵ ҚᵔṰ ή ҃ᶢ҈ᾰ ּוἄᶃ

ӵ￼ᴿ ₩ᶚ[16,36,43,46] ᴰ ẍ┌Ӕּז￼ẻẪῗᶃӵ

ֹᶃӵ￼ Ὥ[18,20,23,27,49,50] ιԎѧ Ԅᵙ ֧ ῗᶃ

ӵ ᶈ ṪӐѧιἅҪњ├҈Ṅ֫ב ⱱ Ὥѭ ￼ᶃ

ӵ ἅҪӬ ᾭὯ ό₩ᵙᶃӵב֫￼ᵍἄḾץ

ώ֧￼ Ẕặ ιљק ӾΆ│ ⅝ιἅҪ￼ ֠ᶚ

ḫ҃א῭Ḅ￼ ‛  

       ᾢῪҬ Ҧ▄ẙאṕ ῗצ ѧ￼ Ѧ

ἄ ֫ιᴵҨᶈᴿ ֫ ᵸ ѧἧֹιץὐ AlexNet [24]

ѧ￼ ᶊᵠẔặ εLRNζᵙק Inception -v2 [19]ѧ

￼ἥ ặ εBNζק ԎҤ╙ ￼  ὐḫӕץṖק

 

 

 

 

 

 

ᶃ 2χᶈ SPADEѧι ӾṄό₩Ἦẽֹ embedding ιⱡᵅ

ᴒ Ҩғּו ֺᴠᾭ ƛ ᵙ ƚ  јᵃ҈Ӿׁ￼‍ҭặ Άק

│ιƛ ᵙƚẊјῗᵇ ι ῗԏῶ ẙ￼ắ  ғּו￼ ƛ ᵙ ƚ

Һ ѺẊֹזặ Ӻ╗☼ק ѧ  

 

ặ εINζ[38]ιṖặק εLNζ[2]ιק ặ εGNζק

[41]ᵙ  ặ εWNζ[37]ק ἅҪṄ Ҏặ ‰Ṗק

ѭјᵀתιᵼѭљї ￼‍ҭặ Ṗק ⅝ιḜҪјӘ

҈ᶹ ᾭὯ  

       ῪҬẶ ṕצ ὐ‍ҭἥץ   ặ εConditionalק   

BNζ[10]ᵙ Ẕḫӕặ εAdaINζ[17]ק ѣ Ӿ

זּ ҈ ⁪ ү ח ι ᵅ ‎ זּ ҈ ᴿ ү ח

[9,18,29,31,34,45] љΈῼ￼ặ Ἡ јᵃι‍ҭặק

Ṗק ᶹ ᾭὯιẊћ ẂḅїᾛӐ ӾιṄṖ☼╗ặ

ѭק ᶎӪᵙᴅӈΆṮ ⱡᵅ Ӕּזḙѽ￼ұṃᴪὭ

ֺ☼╗‎Ḿặ ╗☼ק ιἍק ұṃᴪὭ￼ᴠᾭ

ῗҡᶹ ᾭὯὸᾸ￼ Ḿ҈‾Ẫ ү[10,17]חιұṃᴠ

ᾭּ҈זίֺ ֧￼ԅṕ‾Ẫιᵼ℅ᶈ ᶑ‰іῗᶎפ￼

љӾׁ￼ṪӐјᵃιἅҪώ֧￼ặ זṖẔּק ᴪק￼ұ

ṃᴪὭιӔԎ ᵀ҈ҡ ᴪק￼ Ѳό₩ ᶃӵᵀἄ  

 

3.  

 

       ῗ Ѳ֫בό₩ιԎѧ ῗ Ѳ

‰ ￼ᾯᾭ ιH ᵙW ῗᶃӵ￼ ẙᵙḴẙ  m ѧ￼⅛Ѧ

‍ ӵ ￼ Ѳ‰ ἅҪ￼ ‰ῗḙѽᴵҨṄ Ԅ֫

₩όב m Ὥѭ ᶃӵ￼ῑṃ֩ᾭ  

       ẓ צ  ḧ ἥ N Ѧ‾ ￼

▄ᴒ ￼ i Ṗ☼╗Ṗ ῗᶃṖѧ ￼ᾭ

ᵙ ῗᴿᶃṖѧ☼╗Ṗ￼ ẙᵙḴẙ ἅҪώ֧

ѦᾺ￼ 

 

2 

http://www.gwylab.com/
https://arxiv.org/pdf/1903.07291.pdf


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1903.07291.pdf 

 

‍ҭặ │Άק ѭ SPatially -Adaptive εDEζֱ⃰ק(ẕ

1)εSPADEζ  љἥ ặ [19]ק ӆι☼╗Ҩ Ά

Ẫặ ￼ḙѽזιⱡᵅּק ᾣᵙӭṮ ֺ  ᶃ 2 Ῐ

҃ SPADE א  ᶋ ￼ ☼ ╗ Ӫ

ε ζּיїẪ ֧χ 

 

       Ԏѧ ῗ‰ׁ֝ק￼☼╗ӈ ι ᵙ ῗ

cѧ☼╗￼ẈᶎӪᵙ‰֝ӭṮχ 

 

     ε1ζѧ￼ᴪ ᵙ ῗặ Ṗ￼ḙק

ѽ ֺᴠᾭ љ BatchNorm [19] ᴦιḜҪӘ ҈ Ԅ֫ⅎ

ό Ẋћ Ḿ҈ӈ εy̆xζ ᴪק ἅҪӔּז ᴺ

ᵙ ‎ Ṅ Ԅ֫ⅎό m Ὥѭ i Ѧ☼╗ῑṃѧ

￼ӈ εc̆y̆xζᶴ￼ ᾣᵙӭ Ӫ￼֩ᾭ ἅҪӔּז

ᴅ￼ѣṖᴒ ḫ֩אᾭ ᵙ ιԎ ᴵ

Ҩᶈ ẹѧἧֹ  

       ҆ḫіιSPADE љ֡Ѧאῶ￼ặ Ṗק ԋιẊћῗ

Ѧ₦ὐ Ӿιּזᶃӵ ‰ ῲὭ֫בό₩ mιẊӔ ֺ

ᴠᾭᶈ іјᴪεᴏ ᵙ  

Ḿ҈үỴ ᵙ ζιἅ

Ҫệֹ‍ҭἥ ặ Ṗ[10]￼ẻẪק ḫ іιḾ҈үӍ

јᴪ￼‍ҭᾭὯιἅҪ￼Ά│ ѭק Conditional  BN

ӆᶊιἅҪᴵҨ ᴰזּ ѦᶃӵῲὭ֫בό₩‎ֹ

AdaIN [17]ιӔ ֺᴠᾭᶈ іјᴪẊ N = 1Ȃּ҈י

ֺᴠᾭ Ẕ Ԅ֫בό₩ιἍҨώ֧￼ SPADE ῗ῭ ᵀ

Ѳᶃӵᵀἄ  

       SPADE ⱳởᵷ Ӕּז SPADEιј Ṅ֫בᶃώӗ

￼ἄᵸוּ Ṗιᵼѭḙѽ￼ ֺᴠᾭṰ ҃ԋ҈‰

ṵṕ￼ ᶼӡỤ ᵼ℅ιἅҪѢẨּ҃וἄᵸ￼ ᵸ

֫ι ῗῳ ￼‟‗ѧẂּ[20,40]￼ז ῭ᴵҨᶈק

￼ ѧḫא ℅ᶹι ӆ҈ 
 
 

1 ‍ҭặ ᶹזӔּ[10,17]ק ᾭὯḾặ ╗☼ק  ;ק

ᴏι ק ֫ῗῶ‍ҭ￼. 

3 

 

 

 

 

 

 

 

 

 

 

ᶃ 3χ⅝ ḧᶎב֫פᶃ￼ ‛χẸ SPADE ￼תᵀוἄᵸғּוּ

Ὴιpix2pixHD [40]ת ặ҈יּ Ṗѳᵅק ѲӡỤ￼Ѣ᷂ ғּו

ᵃ￼ ֧   

 

Ḿ҈אῶ￼ ‍ҭּוἄᵸ[29,31,45]ιᾺּוἄᵸᴵҨṄ  

ᵇ Ӑѭ Ԅιѭᶺ₩ỗᵀἄḫא ᴅ ⱡ￼ΆẪ

[18,50]  

ᶃ 4 ῎҃ἅҪ￼ּוἄᵸ‟‗ιḜ ѦṾῶі֡҃זּ

‾Ṗ￼ ResNet ᶒ[14] Ӕּז SPADE ḙѽἍῶặ ￼Ṗק

ֺᴠᾭ ℅Ѧ⅍ṮᶒҨјᵃ￼⅝ӕᾛӐιᵼ⅛҈יּ

SPADEḾ Ѳό ї ‾Ҩש ֫ ꞌ  

ἅҪӔּז pix2pixHD ѧӔּז￼ ᵃ￼ᶺṑẙֶָᵸᵙὫ

᷂֩ᾭ‎ ἄᵸιוּ ҃ἅҪּז Ὣ᷂ [25,30,45]ῲ

ὭῳṇẈΆὫ᷂ [28] ἅҪ╜ ҃֡Ѧᶈῳ ￼ῂ‍ҭ

GANѧӔּז￼ᶢ҈ ResNet￼ֶָᵸ[1,29,31]ιӇῗҨ῭

￼ GPU ḕӴᵸ ∂ѭҦҮ ḻֹ ӆ￼ ‛ Ṅ SPADE

וᵸѼᴵҨғֶָֹּז▌ ӆ￼ớ Ḿ҈Ὣ᷂֩ᾭιἅҪ

ḻֹᴞ pix2pixHD Ὣ᷂֩ᾭѧ￼үӍὫ᷂ Ṁ ℓ￼

ἄוּ ‛  

ѬқѰ SPADE ṩӏỆΉḃψ ￼ᵻ ῗιḜᴵҨ῭

ḄᶊӠἴ ѲӡỤјᴩẂ ặ Ṗ￼ẽᵠק ԏӌ‎ ι

ⱡ InstanceNorm [38] ặ Ṗῗ֡ѶἍῶῳӾק ￼‍ҭ

ᶃӵᵀἄ₩ᶚ[40]ѧọјᴵṈ￼ ֫ιӇḜҪᶈẔּ҈זᶎפ

ἆẈ◌ Ѳ֫ב ῊỀỀҺ֗ὲ ѲӡỤ  

ἅҪ Ѧ ᴅ￼₩ᶒι ӾṄᴒ Ẕּב֫҈זό

ιⱡᵅ ặ ק ℅ᶹι ἅҪӬ ԏῶᴅѦ‰ ￼֫

₩όב ҄Ӑѭ₩ᶒ￼ ԄεӕḅιἍῶӵ ԏῶ ᵃ￼

‰ ιӕḅᶾ ἆ ζ ᶈ℅ їιᴒ ֧Ԝ₭ᶎפ

‰￼ιјᵃק ԏῶјᵃ￼ᶎפӪ ᶈιᶈἅҪṄא

InstanceNorm Ẕּ҈ז ֧ѳᵅιῂ Ԅ￼ Ѳ‰ ῗҜ

ѱι‰֝ק☼╗ Ṅᴪѭԅ ᵼ℅ι ѲӡỤḢԅѢ᷂

℅ ֺ ᴿ҈זּ ὐץἄᵸ‟‗ιוּ pix2pixHDᴣԎᴪӌ 
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ᶃ 4χᶈ SPADEּוἄᵸѧι⅛Ѧặ ⅎό֫זṖӔּק ‎ ֺᶃṖ☼╗  εṫζԏῶ SPADE￼ Ѧ⅍ӎᶒ￼ ‗  εᴸζּוἄᵸץᵍ

֯ԏῶі ‾Ṗ￼ SPADE⅍Ṯᶒ  ֵ Ӿׁ￼ᶃӵֹᶃӵ Ὥ εpix2pix HD [40]ζ￼ї ‾ṖιἅҪ￼‟‗ Ṉ￼ᴠᾭḫא

҃῭Ḅ￼ớ  

 

ᴱ Ẕּזᴒ ⱡᵅặ ֹק Ѳό ιṏᴵҨ ὶֹἍ

ῶѧ ṖẊӔּז Ѳό ᶈᶃ 3 ѧιἅҪ֣ ῎҃

⃰ῗ pix2pixHD ￼ừ֙ ⅎό֫҈יּ Ẃּ֡יѦ ת

ᶟ ἄιᵼ℅ᶈẔּזặ ӡỤѢ᷂אῊҺ֧ק  

       ᴦιSPADE Generator ѧ￼֫בό₩

Ẕ ֺ ј ặ ιҝׁק Ṗ￼☼╗ ‰֝

ק ᵼ℅ιSPADE ἄᵸᴵҨ῭Ḅᶊוּ Ӿώӗ ѲӡỤ

Ḝҕᴩặ Ḅᶴ￼ק јҺѢ᷂ Ѳ ԄӡỤ  

       ᶹ⁴ ᴿở Ӕּז  ᵇ Ӑѭּוἄᵸ￼ Ԅιἅ

Ҫ￼‟‗ѭᶺ₩ỗᵀἄώӗ҃ ᴅ￼Ά│ ᴏιᴵҨṄ

ᶴת ḫᶃӵ￼ ᵸ ֹז   ѧιⱡᵅṄԎ ֹ

ἄᵸוּ ᵸᵙּוἄᵸẻἄᴪ֫ ט ᵸ[22]ιԎѧ

ᵸ ᶃὪ ᶃӵ￼‾Ẫι ἄᵸוּ SPADE ᵀ

‾Ẫᵙ֫בό₩ӡỤҨ ấᴝḊᶃӵ ᵸ ᶈ╜ Ὴּז

Ӑ ⁪ẬṀ ҨὪ ‰ᶃӵ￼‾Ẫιḅᶃ 1 Ἅ Ḿ҈

ιἅҪ▌ז KL-Divergence Ὣ᷂ [22]  

 

4.  
 

       Ḫᾜ  ἅҪṄ Spectral Norm [30]Ẕּוּ҈זἄᵸᵙ

ֶָᵸѧ￼ἍῶṖ ἄᵸᵙֶָᵸ￼ḙѽꞌָ֫וּ  ѭ

0.0001ᵙ 0.0004 [15]  ἅҪӔּז ADAM [21]Ẋ ƚ1 = 0, 

ƚ2 = 0.999  Ἅῶḫ ᶎᶈ ᶵ 8Ѧ V100 GPU￼ NVIDIA 

DGX1і  ἅҪӔּזᵃℓᶎӪᵙΆṮ ιᴏҡἍῶ

GPUᾠ Ҏ ᾭὯ  

       ᾎὊ  ἅҪḾ֡ѦᾭὯ ҃ḫ  

 

ɗ  COCO-Stuff [5]◊ COCOᾭὯ [26] ḜὊῶ 118,000 ắ

ᶃӵᵙ 5,000 Ѧҡјᵃᶋ῟ѧὪ ￼ ᶃӵ Ḝῶ 182

Ѧ Ѳ ῶ￼ᶃӵᵀἄ₩ᶚᶈאԎᶺ‾ớι҈יּ ᾭὯ і

јӓא  

ɗ  ADE20K [48]ץᵍ 20,210 ắ ᵙ 2,000 ắ ᶃӵ љ

COCO ӆιᾭὯ ᵍԏῶץ 150 Ѧ Ѳ ￼ԏῶὠἇớ￼ᶋ

῟  

ɗ  ADE20K-outdoor ῗ ADE20KᾭὯ ￼ ѦḒ ιҝץᵍ Qi

ҚӔּז￼ḯᶹᶋ῟[35]  

ɗ  Cityscapes  [8] ￼ᵍỊᶂᶝṴѧץ  ῟ᶃӵ ᵙ ᶽ

ṇָ֫ѭ 3,000 ᵙ 500 ῳ ￼ṪӐṰ ᶈ Cityscapes ᾭὯ

іḫ҃א ￼ Ѳᶃӵᵀἄ ‛[35,39]  

ɗ  Flickr  Landscapes ἅҪҡ Flickr ᾠ 41,000 ắⱢⱭιẊӔ

זּ 1,000 Ѧ‾ Ӑѭ ἅҪӔּז Ӿ ￼ DeepLabV2

₩ᶚ[6]‎ Ԅ֫בό₩ι јῗἐט├  
 

 

ἅҪᶈᵃ і ҅ ѲᶃӵᵀἄΆ│ιẊᶈ⅛Ѧ

ᾭὯ ￼ ᵃ іἵᵓḜҪ￼ ‛  

       ἷ   ἅҪ ￼ҨׁṪӐזּ ӂᴃ [7,40]  ԏ

ӌ‎ ιἅҪᶈᵀἄᶃӵі Ѳ֫ב₩ᶚιẊ⅝ ╜

ό₩љב֫ ԄḾẔ￼Ḣԅ ḫᶃӵ￼ש ẙ  ῗᶢ

҈ḅї χḅ‛ ֧ᶃӵῗ ḫ￼ι ѱ ῶ ￼ Ѳ

ᶚẔ₩ב֫ ᶼ ╜Ḣԅ ḫ‰  ѭ҃╜ ב֫

ẙιἅҪӔּזẈᶎҐᴢ ᵀεmIoUζᵙӵ ε֝ζẙ

 ἅҪѭ⅛ѦᾭὯ ӔּזῳӾ ב֫￼ χ Ḿ

COCO-Stuff ￼ DeepLabV2 [6,32] ι Ḿ ADE20K ￼

UperNet101 [42] ᵙ Ḿ Cityscapes ￼ DRN-D-105 

[44] ב֫҃  ẙѳᶹιἅҪ Ӕּז Frechet' Ḋ

εFIDζ[15] ╜  
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ᶃ 5χCOCO-Stuff ᾭὯ і Ѳᶃӵᵀἄ ‛￼ᴵ ⅝ק  ἅҪ￼Ά│ἄוᶊҡ Ѳ‰ ᵀἄ҃ ḫ￼  

 
ᶃ 6χADE20Kḯᶹᵙ Cityscapes ᾭὯ і Ѳᶃӵᵀἄ ‛￼ᴵ ⅝ק  ἅҪ￼Ά│ᶈṆ Ѳṵṕ￼ᵃῊғּו ￼ᶃӵ  

 

 

1χἅҪ￼Ά│ᶈἍῶᶢ֝ᾭὯ і￼ Ѳ֫ⅎệ֫εẈᶎ IoU ᵙᾯӌӵ ẙζᵙ FID [15]Ά Ҹ҈Ẹׁ ӾΆ│  Ḿ҈ mIoU ᵙӵ

ẙι Ḅ  Ḿ҈ FIDι Ӊ Ḅ  

 

ᵀἄ ‛￼֫ṵљḫ ᶃӵ￼֫ṵѳ ￼  

       ᶡ  ἅҪṄἅҪ￼Ά│љѕ Ӿ￼ Ѳᶃӵᵀἄ

₩ᶚ ⅝ χpix2pixHD ₩ᶚ[40]ι ק ₩ᶚ

εCRNζ [7] ᵙᴁᴠᾭᶃӵᵀἄ₩ᶚε SIMSζ [35]  

pix2pixHD ῗ ׁῳӾ ￼ᶢ҈ GAN ￼ ᶃӵᵀἄ⁭

‟  CRN Ӕּז▄ẙ ᶶ ҡӉֹק ֫ ꞌ￼

֧ι SIMS  │ᴁᴠᾭΆזּ

 

Ḝ ᵀ҃ ѧ￼ ḫⱭⅎẊ ҃ק ףּ  CRN ᵙ

SIMS Ѯ Ӕּזᶃӵ ấὫ᷂  ѭ҃ԇẈ⅝ ι

ἅҪӔּזӐ ώӗ￼ḫא‎ CRNᵙ pix2pixHD ₩ᶚ  

זӔּ҈יּ SIMS ᵀἄᶃӵ Ḿ ᾭὯ ᶺ‬ ι

ᵼ℅Ḿ҈ ḅ COCO-stuff ᵙḢᾯ ADE20K ￼ᶽᶚᾭὯ

ιḜᶈ іῗ ṭ￼  ᵼ℅ιἅҪṓᴵ Ӕּז

Ӑ ώӗ￼ ‛ᶃӵ  

       Ḧ ₦  ḅ 1Ἅ ιἅҪ￼ 
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ᶃ 7χFlickr Landscapes ᾭὯ і￼ Ѳᶃӵᵀἄ ‛  ᶃӵῗҡ Flickr і￼ⱢⱭ￼ Ѳṵṕּוἄ￼  

 

Ά│ᶈἍῶᾭὯ ѧι ᶽᶽҸ҈ẸׁῳӾ ￼Ά│ Ḿ҈

COCO-StuffιἅҪ￼Ά│ḫ҃א 35.2 ￼ mIoU ֫ι

⅝ѳׁ￼ ӾΆ│Ḅᶽ 1.5 Ӥ ἅҪ￼ FIDѼ⅝Ҩׁ￼

ӾΆ│Ḅ 2.2 Ӥ ἅҪ├Ỵֹ SIMS₩ᶚғּו Ӊ￼ FID ֫

ᾭιӇᶈ Cityscapes ᾭὯ і￼֫בớ Ṯ ῗᵼѭ

SIMS Ӿὔὶ‎ ᾭὯ ￼ᶃӵᶒ‎ᵀἄᶃӵ

Ӕּז ḫᶃӵ ђῊιệֹ￼ᶃӵ֫ṵᴵҨ῭Ḅᶊש ḫ

ᶃӵ￼֫ṵ ⱡ ιᵼѭј Ӡ ᾭὯ ѧḕᶈḢ ‬

εӕḅι⸗ḧ שѧ￼ҚζιἍҨḜӫᵇ҈ᶶֺԏῶјמ

ⅎ￼Ḿ  

Ḧ Ὼ ᶈᶃ 5 ᵙᶃ 6 ѧιἅҪώӗ҃ ҅Ά│￼ḧ

ớ⅝ ἅҪᴧאἅҪ￼Ά│ғּו￼ ‛ԏῶ῭Ḅ￼

ᵙ῭Ṉ￼Ӏӵι⸗ָῗḾ҈ COCO-Stuff ᵙ ADE20K ᾭ

Ὧ ѧ￼јᵃᶋ῟ Ẹ ᾭὯ ᶽṇ ṇῊιSIMS ₩ᶚ

ᵒאԏῶ Ḅ ￼ᶃӵ ⱡ ιἍὼ ￼ԓḳ Ẃ

ӭ Ԅ֫בό₩εӕḅιᶃ 6 ￼ ҇ ѧ￼▫ −￼ẻ

ꜛζ  

ᶈᶃ 7 ᵙᶃ 8 ѧιἅҪῘ ҃‎ Flickr Landscape ᵙ

COCO-Stuff ᾭὯ ￼῭ᶺ ӕ ‛ ώ֧￼Ά│ᴵҨּוἄ

ԏῶ Ӡ ẙᶃӵ￼ᴿ ᶋ῟ 

 

 

2χּזἋӭḄ  ҎᾭḔ ἄἍώ Ά│￼ ‛

҅Ά│￼ּזἋ︣֫⅝  

 

῭ᶺ ᵍᶈץ‛ ẹѧ  

ҙַײ ҭ  ἅҪӔּז Amazon Mechanical Turk

εAMTζ‎⅝ ἅҪ￼Ά│љאῶΆ│￼ Ӡ ẙ  ԏ

ӌ‎ ιἅҪѭ AMT ṪӐҚᵔώӗ Ԅ֫ⅎό ᵙ‎ ј

ᵃΆ│￼ѣѦᵀἄ ֧ιẊ ∂ҤҪ Ὅ ‎῭ӵῗ֫ⅎ

ό ￼ Ẕᶃӵ￼ ֧ᶃӵ  ṪҚῶῂ ￼Ὴ

Ὅ  Ḿ҈⅛₭⅝ ιἅҪѭ⅛ѦᾭὯ ἄוּ  500 Ѧ

ι⅛Ѧ יּ 5 Ѧјᵃ￼ṪӐҚᵔᵻ  Ḿ҈ ί

ֺιᴱῶ үחἥ֝ꞌᶽ҈ 98β￼ᵔṪἑ ᴠљἅҪ￼

ӂ  

2 Ῐ ҃ ӂ ‛  ἅҪᴧזּאἋ Ẃ ἅҪᶈἍ

ῶᾭὯ і￼ ‛ι⸗ָῗᶈԏῶὠἇớ￼ COCO-Stuff ᵙ

ADE20KᾭὯ і  Ḿ҈ 
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ᶃ 8χCOCO-Stuff і￼ Ѳᶃӵᵀἄ ‛  ἅҪ￼Ά│ἄוᶊᶈҡטⱶֹӌ ᴿ￼ט╗ ᶋ῟ѧּוἄ ￼ᶃӵ  

 

 

3χẸӔּז SPADEṖῊιḾ҈ pix2pixHD++ ￼ ᵸ‟‗εᶃ

4ζᵙ ᵸ -  ᵸ‟‗εἅҪᶈ pix2pixHD і￼ᾡ ᶢ

[40]ζιmIoU ệ֫ệֹώ״  ᴰ Ά ι ᴅᶊᶈ⅛ Ṗ ὶ

Ѳ Ԅῗј ‾Ӯ￼  ℅ᶹιἅҪᶈἍῶṖіԏῶ ṇ▄ẙ￼

֠ᶚ₩ᶚҸ҈Ἅῶᶢ  

 

 

ᶝṴ ῟ιᴏӔἍῶ ҅Ά│ ֹ ᶃӵӠ ẙιּזἋҠ

ⱡ῭ᵴ₮ἅҪ￼ ‛  

       SPADE ῑᾇײַ  ѭ҃ SPADE￼ ớιἅҪ

ẬԄ҃ ѦẶᶽ￼ᶢ pix2pixHD++ ιḜ ᵀ҃ἅҪᴧא

￼ἍῶἩ ι ҃ SPADEѳᶹι ῶ҈יώ pix2pixHD

￼ớ  ἅҪ ᶈ Άᵇіѩ εpix2pixHD++ w 

/ Concat ζ‎ ᶈἍῶѧ Ṗὶᾠ֫ⅎό Ԅ￼₩ᶚ  

ῳ ᵅ ι Ṅ Ặ ᶢ љ SPADE ᵀ ￼ ₩ ᶚ ѭ

pix2pixHD++ w / SPADE  ᴰᶹιἅҪ 

 

 

4χSPADE ￼јᵃזἄᵸӔּוּ  ἅҪᾡᴪּ҃וἄᵸ￼

ԄιӐּב֫҈זᶃ￼ᴒ ⁄ᶽṇι ￼ḳ Ҩᴣῂᴠᾭặ Άק

│   ᾰѧӔּז￼ Ҩ ӌῘ  

 

ᶈּוἄᵸѧӔּזјᵃᾭ ￼ᴒ ⁄‎⅝ ԏῶјᵃḳ

￼₩ᶚ  

ḅ 3 Ἅ ιᶈᶃ 4 ѧὼ ￼ ᵸẪ‟‗ᵙ

pix2pixHD ѧӔּז￼῭ҽ ￼ ᵸ -  ᵸ‟‗ѧιԏῶ

Ἅώ֧￼ SPADE￼‟‗Ḋ Ҹ҈ԎḾẔⱶ  ἅҪ ᴧאι

ᶈἍῶѧ Ṗ ὶ֫ⅎό ιSPADE ώӗ Ѳӡᴺ￼

ῲҦΆ│ιẊ≡ῶ ֹљ SPADE ᵃ￼ớ  ℅ᶹι

ᵸẪ SPADEּוἄᵸḫ҃א῭Ḅ￼ớ  
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ᶃ 9χἅҪ￼₩ᶚᶈӔּזᶃӵ ᵸ Ὴᴵ ệᶺ₩ỗᵀἄו  ᶈ ῼ ι Ӕּזјᵃ￼  ᵹᶲιἅҪ￼₩ᶚᵀἄԏῶјᵃ

ᶹ ￼ ֧ιӇ ԏῶ Ԅό ѧὼ ￼ ᵃ Ѳṵṕ  Ӑѭᴠ ιḢԅ ḫᶃӵῘ ᶈ Ԅ֫בό₩ԓ  

 

⅝ ҈ Ặᶽ￼ᶢ ιᴏӔӔּז Ṉᾭ ￼ᴠᾭ  

       SPADE ⱳởᵷַײᴩצ 4 ἵᵓ҃ἅҪ￼ּוἄᵸᴪק

￼ớ ӾιἅҪṄѣ ᶚ￼ Ԅљּוἄᵸ ⅝ χ

 ᵹᶲἆї ᶃב֫‾ ἅҪᴧאѣ ԏῶ ӆ￼ớ

ιẊệ֧ ιSPADE ᴅ꜠￼ ֺώӗ҃ԋ҈ Ԅό₩

￼ ᶼӡᴺ Ԏ₭ιἅҪᶈẔּז ֺᴠᾭѳׁᾡᴪῂᴠᾭặ

￼Ṗק ᶚ ἅҪ ḻֹ SPADE ᶈјᵃ￼ặ Ά│ѧק

ᴵ ᶊṪӐ ὶї‎ιἅҪᾡᴪӐּ҈ז‰ ῑṃ￼ᴒ ԓ⁄

ᶽṇιẊᴧא 1x1 ￼ԓ⁄ᶽṇҺὫḱớ ιᴵ ῗᵼѭḜ

₿Ӕּז‰ ￼іїᾰ ῳᵅιἅҪ ᾡᴪᴒ ⁄￼ᾭ ‎

Ӣᾡּוἄᵸ ￼ḳ ἅҪᶈ ẹѧώӗ҃῭ᶺᴪקᵙ╦

ιҨӝ ῭ ￼ ‬  

       ᶹ⁴ ᴿở ᶈᶃ 9 ѧιἅҪᶈ Flickr Landscape ᾭ

Ὧ іῘ ҃ᶺ₩ỗᶃӵᵀἄ ‛ Ḿ҈ ᵃ￼ Ԅ֫ⅎό

ιἅҪ јᵃ￼ᵹᶲזּ Ԅ‎ḫאјᵃ￼ ֧ ῭ᶺ ‛

ᵍᶈץ ẹѧ  

 

ѱὺӏᵘẫḿᶂӴᴿở  ᶈᶃ 1 ѧιἅҪṝ ҃ Ѧ

Ἃזּ ֺјᵃ֫ב ⱱ￼Ẕּז ẑιἅҪ￼₩ᶚ …҃ Ẕ

￼῟ ᶃӵ  ℅ᶹιἅҪ￼₩ᶚӹ Ἃזּ Ὅᶹ ‾Ẫᶃ

ӵ‎ίֺ ֧ᶃӵ￼ԅṕᶹ  ἅҪ ᶃӵזּ ᵸ

￼‾Ẫᶃӵ￼ṧԄᵇ ῲὭ Ԅᵹᶲ‎ḫאḜ  

 

5.  

 

ἅҪṰ ώ֧҃ Ẕặ זιԎַּק Ԅ Ѳṵṕι

ᵃῊᶈặ ṖѧἚק ұṃᴪὭ  Ἅώ֧￼ặ Ṁק

Ѳᶃӵᵀἄ₩ᶚιԎᴵҨѭץὐḯԓιḯᶹι ῟ᵙ

ᶋ῟￼ᴿ ᶋ῟ғּוⱢⱭ ḫ ֧  ἅҪ ℓ ῎

҃Ḝᶈᶺ₩ỗᵀἄᵙẬṀᶃӵᵀἄѧ￼Ẕּז  
 
 

  ἅҪỵ Alexei A. Efros ᵙ Jan Kautz ώӗ￼ḹῶ╓

ḻד￼ấ  Taesung Park ᶈ NVIDIA ḫѽῼ ѭ Ṫ

ӐӮ֧҃ Ꞌ  Ҥ￼ᴈᶱḙӈּיѕῐ᷾ḙ ᾟὙ  
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A. ῭ ￼ḫא  
 
       ⱳởᵷ ἄᵸ￼ӌוּ  יּ‗ ֯ώ֧￼ SPADE 

ResBlks ἄιԏῶῳ і ‾  ἅҪᵃῊӔּז 8 Ѧ

GPU ἅҪ￼ ιẊӔּזἥ ặ  ᵃℓⱱ￼ק  ἅ

ҪṄ ặ ἄᵸѧ￼Ἅῶᴒוּ҈זẔּ[30]ק Ṗ  ώ֧￼

SPADEᵙ SPADE ResBlk￼‟‗ָ֫ᶈᶃ 10 ᵙᶃ 11 ѧ

֧ ἄᵸ￼‟‗ḅᶃוּ  12 Ἅ  

       ֵַᵷ  ֶָᵸ￼ӌ ‗ Ỉ pix2pixHD Ά│[40]

ѧӔּז￼ ‗ι Ά│Ӕּזԏῶḫӕặ εINζ￼ᶺṑẙק

 ᵪ ῗἅҪṄָת￼ ặ ᵸ￼Ἅῶֶָ҈זẔּק

ᴒ Ṗѧ  

 

ᶃ 10χSPADE    3Ö3-Conv-k ԏῶ kѦᴒ ⁄￼ 3

Ö3 ᴒ Ṗ  ᾯ֫בᶃ￼ᶽṇҨש Ӕּזῳ ї ‾￼ḾẔ⸗

ềᶃ￼֫ ꞌ  
 

 
 

 

       ֶָᵸӌ ‗￼ ḅᶃ 13 Ἅ  

 
ᶃ 12χSPADE ּוἄᵸ  љאῶ￼ᶃӵּוἄᵸ[20,40]јᵃι Ѳ֫

₩όב ᶃ 11ѧώ֧￼ SPADE ResBlksҽ ἄᵸוּ  

 

      ᶂӴ ᵷבֿ  ᶃӵ ᵸּי 6 ѦℓẄ-2 ￼ᴒ Ṗᵙ 2

Ѧ ớṖ ἄιҨғּו ֧֫ṵ￼ᶎӪᵙΆṮιḅᶃ 14 Ἅ

 

      ḘѼָא   ἅҪᶈ pix2pixHD ṪӐѧӔּזḙѽ ‰֩

ᾭ [40]ι ҃ἅҪּז Ὣ᷂ [25,30,45] ῲὭḜ￼ LS-

GAN Ὣ᷂ [28]  ἅҪᶈ ‰֩ᾭѧӔּזљ pix2pixHD Ṫ

Ӑѧ ᵃ￼   ז  

  
 

 
 

 

ẸӔּ҈זּזᶺ₩ỗᵀἄᵙ‾ẪẬṀᶃӵᵀἄ￼ᶃӵ

ᵸ Ἅώ֧￼⁭‟ῊιἅҪץὐ KLᾫẙὫ᷂χ 

 

      ԎѧӾ ֫ṵ pεzζῗ‰֝ Ᾱ֫ṵιᴪ֫֫ṵ q יּ

ᶎӪᵇ ᵙΆṮᵇ Ḣԅ ḧ[22]  ἅҪӔּז ᾺӀ ἩṬ

[22] Ṅ₃ẙҡּוἄᵸ ᴦᵇҽᾘֹᶃӵ ᵸ KL ᾫẙ

Ὣ᷂￼  ѭ 0.05  
 
ᶃ 11χSPADE ResBlk  ⅍Ṯᶒ Ễᶽ ẙі Ỉ[29]ᵙ[31]ѧ

￼  ἅҪ├ỴֹιḾ҈⅍Ṯᶒѳׁᵙѳᵅ￼ ᾭ јᵃ￼ừ

֙ιѼḙѽ҃ ὶεᶃѧ￼ ⁭ζ  
 
 

 

ᶈᶃ 15 ѧιἅҪ₦ ҃ ᾭὯ╙  ᶃӵ ᵸṄḫ

ӵ ѭᶎӪᵇ ᵙΆṮᵇ ιḜҪּ҈ז ᴠᾭקἩṬ

ἄᵸ￼ᵹᶲ[22]וּ  
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ᶃ 13χἅҪ￼ֶָᵸ Ễᶽ ẙі Ỉ pix2pixHD [40]  ḜṄ

ᶃᵙᶃӵӐѭב֫ Ԅ ὶ ‎  Ḝᶢ҈ Patch-GAN [20]  ᵼ

℅ιֶָᵸ￼ῳᵅ Ṗῗᴒ Ṗ  

 

 
ᶃ 14χᶃӵ ᵸּי ֯ᴒ Ṗ ἄιԎѧℓ 2 ᵅ ѣѦ

ớṖι ֧Ẉᶎᵇ ƤᵙΆṮᵇ ƫ  

 

ἄᵸוּ      όב֫҃זּ ԋ҈ 

 

Ӕּזấ ￼ SPADE ResBlks ԄᶃӵӐѭ Ԅ ֶָᵸṄ

όב֫ ᵙ‎ ￼ἄᵸוּ ֧ᶃӵѩ Ӑѭ ԄιẊћῈᶈ

ṄԎ֫ ѭӀ ￼  

        ἅҪḾ Cityscapes ᵙ ADE20KᾭὯ

҃ 200 ѦῊῼ￼ ιḾ COCO-Stuff ᾭὯ ҃ 100

ѦῊῼ￼ ιẊḾ Flickr Landscapes ᾭὯ ҃ 50

ѦῊῼ￼  ᶃӵṑḽѭ 256x256ιᶝṴ῟ ѭ

512x256 ᶹ  Ḿ҈ Cityscapes ᵙ ADE20K ᾭὯ ιἅҪ

Ṅḙѽꞌҡ epoch  100 ֹ epoch  200 ớ ֹ֟ 0  ἥ

ᶽṇѭ 32 ἅҪӔּז Gloro t ִḊקΆ│[11]ִḊק  

 

 

 

ᶃ 15χᶃӵ ᵸṄḫӵ ѭ☺ᶈ ιҨּוἄẈᶎᵇ ᵙΆṮ

ᵇ  ḜҪּ҈ז ᴠᾭקἩṬ ἄᵸ￼ᵹᶲוּ Ԅ[22] וּ 

ἄᵸ ώ ￼ SPADE ResBlksṄ Ԅᶃӵ￼֫ⅎό Ӑѭ

Ԅ  ֶָᵸṄ֫בό ᵙ‎ ￼ἄᵸוּ ֧ᶃӵѩ Ӑѭ ԄιẊ

ћῈᶈṄԎ֫ ѭӀ ￼  
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B. ᶹ￼╦  

 
5χԋ҈ mIoU ֫￼ ᶹ╦ ‛χ Ῐ ỵ Ὣ᷂ᵙ

GAN ⸗ềש Ὣ᷂ ῗ ￼  Ӕֶָᵸ῭▄јҺṀ ớ ώ

״  Ῐ ιἍώ֧￼Ά│ѧӔּז￼ ҭεᵃℓἥ ặ ιק

ặ ιTTURιק Ὣ᷂ᵙ SPADEζѼῶ҈יἅҪẶᶽ￼ᶢ

pix2pixHD++  

 
5 ώӗ҃ ᶹ￼╦ ‛ι֫‘҃ώ֧￼Ά│ѧ

ᴿѦ ֫￼ Ꞌ  ἅҪ Ӿᴧאҡ pix2pixHD [40] ￼ḙѽ

‰֩ᾭ Ἠ￼ỵ Ὣ᷂ᵙ GAN ⸗ềש Ὣ᷂ ῗ

￼  ֵ ԎѧүӍ Ѧ ҺṀ ớ ї  ἅҪ ᴧאι

ᶈ pix2pixHD ֶָᵸ￼ ᾀԄ ѦҨі￼ᴒ Ṗ‎

ᶭֶָזᵸ￼▄ẙјҺṀ ớ ώ״  

 

ᶈ 5 ѧιἅҪ ֫‘҃ἅҪ￼Ặᶢ ѧӔּז￼⅛Ѧ

ҭ￼ῶᾦớιpix2pixHD++ Ά│ι◊ pix2pixHD Ά│  

ἅҪᴧא ᾭιᵃℓἥ₭ ᾭιTTUR [15]ᵙ Ὣ᷂

ῶ҈יώ ớ  Ӈῗι Ṅ SPADE▌ֹזẶᶢ ιớ

Һ ℓώ  ├Ỵ pix2pixHD++ w/o Sync Batch 

Norm ᵙ w/o Spectral Norm Ҡⱡљ pix2pixHD јᵃιᶈ

҈ḜӔּז Ὣ ιTTURιᶽἥ ᵙ Glorot ִḊ[11]ק  

 

C. ̈̀ ᶺ ‛ 
 

ᶈᶃ 16,17 ᵙ 18 ѧιἅҪṝ ҃ COCO-Stuff ᵙ

ADE20K ᾭὯ іώ֧￼Ά│￼ԎҤᵀἄ ‛ιẊљ CRN 

[7]ᵙ pix2pixHD [40] Ά│ ҃⅝  

ᶈᶃ 19 ᵙ 20 ѧιἅҪᶈ ADE20K-outdoor ᵙ

Cityscapes ᾭὯ іῘ ҃ἍώΆ│￼ԎҤ ᵀ ‛ιẊ

љ CRN [7]ιSIMS [35]ᵙ pix2pixHD [40] Ά│ ҃⅝

 

ᶈᶃ 21 ѧιἅҪῘ ҃Ἅώ֧Ά│￼ԎҤᶺ₩ỗᵀἄ

‛ Ӑѭҡ‰֝ᶺᴪ Ᾱ֫ṵѧ ‾јᵃ￼ zιἅҪᵀἄ

҃јᵃᶹ ￼ᶃӵ  

ᶈ ￼ ѧιἅҪṝ ҃ἅҪ￼ Ѳᶃӵᵀἄּף

ἅҪṝ ἋḅӍזּ҃ ᶈּנṵі ֺ Ѳ‰ ‎ֳấ

￼ ῟ᶃӵ ἅҪ ṝ ἋḅӍזּ҃ Ḿ ᵃ￼ Ѳ֫

ό₩ᵀἄᶽṇјᵃᶹב ￼ᶃӵιҨᴣṄἍώӗ￼‾Ẫᶃӵ

￼ᶹ ֹᵀἄ￼‾Ẫᶃӵ  
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Label Ground Truth CRN pix2pixHD Ours  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 16χљ COCO-Stuff ᾭὯ і￼ CRN [7]ᵙ pix2pixHD [40] Ά│￼ ‛ ⅝ ￼ ז ‛  
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Label Ground Truth CRN pix2pixHD Ours  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 17χљ COCO-Stuff ᾭὯ і￼ CRN [7]ᵙ pix2pixHD [40] Ά│￼ ‛ ⅝ ￼ԎҤ ‛  
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Label Ground Truth CRN pix2pixHD Ours  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 18χљ ADE20KᾭὯ і CRN [7]ᵙ pix2pixHD [40] Ά│￼ ‛ ⅝ ￼ԎҤ ‛  
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