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ṓ ῳ ᶈּוἄᶃӵấ₩Ά ᴨệ҃ ṝιӇῗҡӵ ImageNet ‾￼ᶶ ᾭὯ

ѧἄוּוἄ ֫ ꞌιᶺ‾ק￼‾ Ҡⱡῗ Ѧ Ҩḫא￼ ‰  ѭ℅ιἅҪҨ

ῳᶽ ₩ᶡ ἄḾἰוּ҃ ιẊ ҃ ₩Ἅ⸗ῶ￼ј ḧớ  ἅҪᴧא

Ṅ⃰Ґֱ⃰קẔּוּ҈זἄᵸӔệḜ ҈זּ ᴅ￼ñἈᾸἩṬòιӹ ἈᾸ☺ᶈ

‎ ίֺ‾ Ӡ ẙᵙᴪקѳ ￼  ἅҪ￼ӢᾡṀ ₩ᶚᶈ ָ‍ҭї￼

ᶃӵᵀἄѧ ֹ҃Ὰ￼Ἡ ↨Ẉ  ẸἅҪӔּז 128 128֫ ꞌᶈ ImageNetі

ῊιἅҪ￼₩ᶚεBigGANζ￼ Inception  ScoreεISζѭ 166.3ιIuèfkhw 

Inception Distance εFIDζѭ 9.6ι ⅝ѳׁ￼ῳӓ ISѭ 52.52ιFIDѭ 18.65ɺ 

 
1  
 
 
 
 
 
 
 
 
 
 
 
 
 

ᶃ 1χּיἅҪ￼₩ᶚּוἄ￼ ָ‍ҭї￼‾    

 

ẉ‎ιּוἄᶃӵấ₩￼ꜛỗᴧṝ ιּוἄḾἰ εGANsιGoodfellow Қ,2014ζᶴ

҈Ӕּז ὶҡᾭὯѧḙѽ￼₩ᶚּוἄ Ӡ ᶺ‾קᶃӵ￼ῳׁ⌐‟‗  GANs ῗטỗ￼ιẊ

ћ֡ѶḾԎ ￼⅛ѦΆ ỄᾧỵεҡҸקᴠᾭֹ₩ᶚ‟‗ζιј ᶽ ￼ Ṱ ᶈ ᵙת

і ֧҃ ḫι ῎ GANs ᴵҨᶈᴿ ᶫѧע ḧ￼  ṓ ᴨệ҃ Ҏ ṝιӇῗᶈ‍

ҭ ImageNet їấ₩εZhang Қι2018ζ￼אῶḫ Ἡ ↨Ẉᴱ ֹ҃ 52.5 ￼ ISεSalimans

Қι2016ζι ḫᾭὯ￼ ISӪֱѭ 233  

ᶈ ṪӐѧιἅҪ ἐ ṇ GAN ἄ￼ᶃӵљוּ ImageNet ᾭὯ ѧ￼ ḫᶃӵѳ ￼Ӡ

ẙᵙᴪקṮ  ἅҪѭ℅ ‰Ӯ֧ҨїѕѦ Ꞌ: 

 

ɓ ἅҪ ῎҃ GANҡ ᾣѧ ╚ιẊћљאῶἩ  ⅝ι ₩ᶚ￼ᴠᾭѭ 2ֹ 4Ӥιbatch ᶽ

ṇ ֹ 8 Ӥ  ἅҪҟ ҃ѣ ᴅ￼ ӌזּ ‗῭ᾡιᴵҨώ ᴵӄ ớιẊӢᾡֱ⃰קΆ⁮јᾸ

ιҡ Ῐ ώ״ớ ɺ 
 

DeepMindיּ ᵽ Ḣἄ 
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ɓ ӐѭἅҪӢᾡ￼אӐּזιἅҪ￼₩ᶚᴪệ ᵀñἈᾸἩṬòι ῗ ᴅ￼ ‾Ἡ ιᴵҨḾ‾ 

ᵙӠ ẙѳ ￼  ῎ ẙ￼ίֺ  

 

ɓ ἅҪᴧא⸗ḧ҈ᶽ ₩ GAN￼ј ḧớιẊ⁞Ὧ ềḜҪ ￼‘֫℅זַּ  ιἅҪ ῎Ὰ

Ἡ ᵙאῶἩ ￼ ᵀᴵҨ֟Ṉ Ҏј ḧớιӇḢԅ￼ ḧớᴱ Ҩ‖ ￼ớ ἄ ḫא. 

 

ἅҪ￼Ӣᾡᶽᶽᾡᵱ҃ ָ‍ҭї￼GAN  ẸἅҪᶈ 128Ö128 ֫ ꞌїḾ ImageNet

ῊιἅҪ￼₩ᶚεBigGANζṄῳӾ ￼ IS ᵙ FID ָ֫ҡ 52.52 ᵙ 18.65 ώ ֹ 166.3 ᵙ 9.6  

ἅҪ ἄוᶊᶈ ImageNet іҨ 256Ö256 ᵙ 512Ö512 ֫ ꞌ BigGANιẊћᶈ 256Ö256 ᶴ

ḫ҃א TSᵙ FID ѭ 233.0 ᵙ 9.3 Ҩᴣᶈ 512Ö512 ᶴ￼ ISᵙ FID ѭ 241.4 ᵙ 10.9 ῳᵅιἅҪᶈ

῭ᶽ￼ᾭὯ і ἅҪ￼₩ᶚ - JFT-300M - Ẋ ῎ἅҪ￼ Ὅᶈ ImageNet ҽ Ḅ  

 

2  
ἄḾἰוּ εGANζ╧ᴣּוἄᵸεGζᵙ ָᵸεDζ ιԎ ￼ָ֫ῗṄ  ᵹᶲῑṃֹ

‾ Ẋ֫תḫ ᵙּוἄ￼‾  ⃰ẪᶊιGAN ‰ιԎᴝḊẻẪεGoodfellow Қι2014ζ

ѭҨїѣѦﬞḲῳṇ - ῳᶽ ἧֹ Ҝᶎ ￼ χ 

 

Ԏѧ ῗҡ֫ṵ P(z)ệ֧￼☺ᶈᴪ ιḅN(0,I)ἆ U[-1,1]  ẸẔּ҈זᶃӵῊιGᵙ D

Ẃῗᴒ εRadford Қι2016ζ  ḅ‛≡ῶ י ḧἩ ι ẑ Ẃ Ẵι

ᾯ ᴠᾭᵙ‟‗ Ὅἑ ṪӐ  

ᵼ℅ι ᶺῳ ￼ ѧ҈Ḿ Vanilla  GAN ẑ￼ӢᾡҨ ҄ ḧớιӨ ‎ ᶺ￼

ᵙת εNowozin Қι2016ψV÷qghue|Қι2017ψFedus Қι2018ζ ṪӐ

♇ῗᾡᴪ ‰֩ᾭεArjovsky Қι2017; Mao Қι2016; LimγYeι2017; Bellemare Қι

2017; Salimans Қι2018ζιҨ ᾠᾩכ ᴰ ‍њ├҈ ₃ẙỰ ‎ ​ DεGulrajani

Қι2017; Kodali Қι2017; Mescheder Қι2018ζἆ εMiyatoק Қι2018ζιҨἹ

╦ῂּף ￼ӔּזὫ᷂֩ᾭẊ ӠD ѭGώӗ₃ẙẬṀ  

љἅҪ￼ṪӐ⸗ָ ԋ￼ῗӿ ặ εMiyatoק Қι2018ζιԎ ḾԎᴠᾭ ặ Ẋק

Ԏזַּ ᷈ầӪ￼ ӂ ‎ẶֺἚ Lipschitz ớιҡ ẬԄ Ẕᶊ ᾯ ᷈ầΆᵇ￼

ᵇᵅטỗᴪק ԋ￼εOdena Қι2018ζ֫‘ G ￼ ᴵ⅝ ֯Ẫ￼‍ҭᾭιẊᴧאớ ᴨ֘

҈ G ￼‍ҭ εZhang Қι2018ζᴧאᶈ G ѧ ӿזּ ặ ώק ҃ ḧớιӹ ⅛₭ Ҧ῭

Ṉ￼D ℓ ἅҪḾ Ҏ֫‘ ҃ἛṝιҨ ℓ҃ GAN ת￼  

ԎҤṪӐ ѧᶈ‟‗￼ Ὅіιӕḅ SAGANεZhang Қι2018ζιḜᶭ҃זεWang 

Қι2018ζ￼ self-attention ₩ᶒιҨώ G ᵙ D ₩Ὁԅṕ ‗￼ ד  ProGANεKarras

Қι2018ζ ᶈ ֯јᾸᶭז￼֫ ꞌі ᴅѦ₩ᶚ‎ ᴅ ѧ￼ ֫ ꞌGAN  

ᶈῶ‍ҭ￼ GANιᴏ cGAN ѧεMirzaγOsindero ι2014ζι ӡỤᴵҨҨᴿ ΆẪ Ԅ₩

ᶚ ᶈεOdena Қι2017ζѧι Ṅ 1-hot ᵇ ὶֹᵹᶲᵇ ‎ώӗ GιẊћӢᾡ ‰

Ҩ יιẊּק‍ҭ‾ ῳᶽכ ֫י ᵸ ╜ḾẔ ￼₦ꞌ εde Vries Қι2017ζᵙ

εDumoulin Қι2017ζ ᶈ BatchNorm εIoffe γSzegedyι2015ζṖѧώӗ ‍ҭᶭ ᵙ

ӭṮ‎Ӣᾡ ҽ G￼ΆẪ ᶈεMiyato γKoyamaι 
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1χἅҪώ֧￼Ӣᾡ￼₩ᶚї￼Iuèfkhw Lqfhswlrq GlvwdqfhεFIDι Ӊ Ḅζᵙ Inception  ScoreεISι

Ḅζ  Batch ῗἥ ᶽṇιParam ῗᴠᾭỞᾭιCh. ῗ⅛ṖѧᴅӺᾭ￼ ѺᾭιShared ῗᵋӔּזԊ

ҕṧԄιHier .ῗᵋӔּ֫זṖ☺ᶈ ιOrth o.ῗᵋ⃰Ґֱ⃰קιItr ḅ‛Ӫѭ 1000ιֱ Ḿ ₭ Ҧ

ῗ ḧ￼ιᵋֱ ᶈ Ҧ₭ᾭїḜṏṦ▼҃  ҃ 1-4ѳᶹι ҃ 8Ѧјᵃ  ִḊק￼ ‛ɺ 

 

2018ζѧι ӔּזԎ⸗ềљ ḙѽ ṧԄѳ ￼ӎằ ӆớӐѭ֫ת ḫᵙּוἄ‾ ￼ ז

Ὧ‎‍ҭקDιῶᾦᶊ ἄԎ⸗ềљוּכ ᴝᶚש ￼‾   

ḭ ӂ ớּוἄ₩ᶚỄᵿ εTheis Қι2015ζ ᴿ ṪӐṰ ώּ֧҃҈ז╜ ₩ᶚ￼‾

  ᴐјԏῶ῏ᶴתớ￼ᵏᴧẪΆ│εSalimans Қι2016; Heusel Қι2017; Bin kowski

Қι2018; Wu Қι2017ζ  ԎѧιInception Score εIS,Salimans Қι2016ζᵙ Iuèfkhw 

Inception Distance εFID,Heusel Қι2017ζṓ ḕᶈ῎Ῐ εBarratt γSharmaι2018ζι

ӇṰ ᴪệ╙  ἅҪṄḜҪּזӐ‾  ￼ ӆẙ ιẊљҨׁ￼ṪӐ ⅝  

 

2 GANS  

ᶈ  ѧιἅҪṄή Ἓᶽ GAN ￼Ά│ιҨ ệ῭ᶽᶚᴺᵙ῭ᶽἥ ￼ớ Ҹמ Ӑѭᶢ

ιἅҪ εZhangזּ Қι2018ζ￼ SAGAN ‟‗ Ӕּז Ὣ᷂εLimγYeι2017; Tran 

ι2017ζӐѭ GAN ‰֩ᾭ ἅҪӔּז ‍ҭ BatchNormεDumoulin Қι2017; de Vries

Қι2017ζᵙᵍἮẽ￼ DεMiyatoγKoyamaι2018ζᵇ Gώӗ ӡỤ Ҹק ỈεZhang

Қι2018ζε⸗ָῗᶈ G ѧӔּז Spectral Norm ζ￼ӢᾡιἅҪṄḙѽꞌ֟ᴁẊћ⅛Ѧ G ℓ

ѣѦזּ D ℓ ѭ҃ ӂιἅҪ εKarras҃זּ Қι2018ζ￼ G   ẈᶎӪ;εMeschederט

Қι2018 ẉζ ᴪѭ 0.9999 ἅҪӔּ⃰זҐִḊקεSaxe Қι2014ζι ѳׁ￼ṪӐӔּז

N(0,0.02I)εRadford Қι2016ζἆ Xavier ִḊקεGlorot γBengio ι2010ζ ⅛Ѧ₩ᶚ ᶈ

Google TPU v3 Pod εGoogle ι2018ζ￼ 128 ֹ 512 Ѧ⁄Ọі ιẊᶈἍῶ ᶵі G

ѧ￼ BatchNorm ӡỤι јῗӵ‰֝ḫאѧ ‾Ὗ ᶵ ἅҪᴧאιᴏӔḾ҈ἅҪῳᶽ￼

512Ö512 ᶚᴺιѼј ℓᶭ εKarras Қι2018ζ  

ἅҪ Ӿᶭזᶢ ₩ᶚ￼ἥ ᶽṇιẊ ᴏᴧא ‾Ӯ￼ṭᶽḄᶴ 1￼ 1-4 ῎ι ᴅ

ᶊṄἥ ᶽṇᶭז 8ӤιӔאῶἩ  ISώ ҃ 46β ἅҪὸ╜ ῗ⅛ἥ₭ ῭ᶺ₩Ẫ￼ ‛ιѭ

ѣѦ ώӗ῭Ḅ￼₃ẙ ᾣ￼ ѦӪệ├Ỵ￼אӐּזῗἅҪ￼₩ᶚᶈ῭Ṉ￼ Ҧѧ ֹ῭Ḅ

￼ῳ ớ ιӇᴪệј ḧẊћ ᴗḢԅ￼ Ṧ▼ ἅҪṄᶈ 4 ѧ Ԏᴝᵼᵙᵅ‛ Ḿ҈

Ҏḫ ιἅҪᶈṦ▼ᵅ ᴏӯ₿ ιẊἵᵓѳׁӠḕ￼₅‬♇￼֫ᾭ  

ⱡᵅιἅҪṄ⅛Ṗѧ￼Ḵẙε ᾭζᶭז 50βιᶽ ѣӤ҈ѣѦ₩ᶚѧ￼ᴠᾭᾭ Ṁ

IS ℓώ 21βιἅҪ ѭ ῗּ҈י₩ᶚ￼ḳ Ḿ҈ᾭὯ ￼ᶶ ớ ᶭז Ӥ▄ẙӆѶјז

ҺḾ ImageNet₩ᶚғּו ᵃ￼ẽᵠιᴦ Һ Ӊớ ɺ 
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(a) (b) 

ᶃ 2χεaζᶭזἈᾸ￼ẽᵠ  ҡṫֹᴸι Ӫ= 2,1.5,1,0.5,0.04  

                    εbζṄἈᾸẔּ҈ז‍ҭṮ￼₩ᶚ￼ ᵙẙӬ  

 

ἅҪ├Ỵֹּ҈ז G ѧ￼‍ҭ BatchNorm ᶃṖ￼ ṧԄ c ᵍᶽץ   ἅҪ ὍӔּזԊҕṧ

Ԅι јῗѭ⅛ѦṧԄָ֫ ѦṖι ѦṧԄҺ ớἮẽֹ⅛ѦṖ￼ᶭ ᵙӭṮεPerez Қι

2018ζ Ӊ҃ ᵙԓḕἄ ιẊṄ ẙε ֹ ḧớ Ἅ ￼ Ҧ₭ᾭζώ ҃ 37β

ὶї‎ιἅҪ Ṗ☺ᶈ֫זּ ￼ᴪӌιԎѧᵹᶲᵇ z ֹ G ￼ᶺѦṖ јҝҝῗִḊṖ

ᵅ￼ ῗӹ G Ӕּז☺ᶈ ὶẽᵠјᵃ֫ ꞌᵙṖ₭ ‗ ָ￼⸗ề Ḿ҈ἅҪ

￼‟‗ι Ṅ z ֫ἄ⅛Ѧ֫ ꞌ￼ ѦᶒιẊṄ⅛Ѧᶒ ὶֹ‍ҭᵇ cιᴵҨỄḳ῏ᶊḫא

♇ι‍ҭᵇ c Ἦṃֹ BatchNorm ￼ᶭ ᵙӭṮ Ҩׁ￼ṪӐεGoodfellow Қι2014; 

Denton Қι2015ζṰ ҃ Ѧ₦Ổ￼ᴪӌ;ἅҪ￼ ꞋῗḾ℅ ￼ ѦṇӢᾡ ֫Ṗả

ᴵҨώ ԓḕᵙ ἄ εѮ Ӊ Ѧ ớṖ￼ᴠᾭ ζιώӗ 4β￼ ẙớ ώ״ι

ẊṄ ẙώ 18β  

 

3.1 ӓⱴợᾘἆṫᶳⱣᴾ ᴾ‒ַײӠ  

љ Ԏ☺ᶈᴦᵇҽᾘ￼₩ᶚјᵃιGAN ᴵҨӔּזүỴӾ pεzζιӇ ᶽᶺᾭӾׁ￼Ṫ

Ӑ Ὅҡ N(0,I)ἆ U[-1,1] ἅҪ תּ Ὅ￼ῳҸớιẊᶈ ẹ Eѧή ῲҦΆ⁮  

Ӫệ├Ỵ￼ῗιἅҪ￼ῳӓ ‛‎ ҈Ӕּזљ ѧӔּז￼јᵃ￼☺ᶈ֫ṵ Ἲ‾ זּזּ

z~ N(0,I) ￼₩ᶚᵙҡἈᾸ￼⃰ẂӪεԎѧ ֧ ᶀ￼Ӫ Ὰ ‾Ҩ Ԅ ᶀԓζ￼‾  z

ᴏḫאḾ IS ᵙ FID ￼ώ״ ἅҪṄԎ ѭἈᾸἩṬχ Ὰ ᾯẄẙ ҈Ἅ Ӫ￼Ӫ‎ἈᾸ z

Ṁ ᴅѦ‾ᵝ ￼ᾡᵱιӇҦҮῗᾯӌ‾ᵝᵝ ￼֟Ṉ ᶃ 2εaζ ῎҃ ♇χ Ӫ

￼֟ṇιz￼Ӻ ἈᾸѭ ε☺ᶈ֫ṵ￼₩ẪζιᴿѦ‾ ὶ G￼ ֧֫ṵ₩Ẫ  

Ἡ ӹ Ḿ ḧ G ￼‾  ᵙᴪקѳ ￼ ẙιᶈ҆ᵅ Ὅ   Ӫệ├Ỵ￼

ῗιἅҪᴵҨ ֯ Ӫ￼ FID ᵙ ISι ệҧҚ ỳֹ ᵻỎΎ εprecision -recall  

curveζ￼ᶺ‾Ӡ Ύ εvariety -fidelity curve ιᶃ 16ζ ҈יּ IS јҺḾ ‍ҭ₩ᶚѧ ѷᶺ‾

ớ Ự ιᵼ℅ ӉἈᾸ ӪҺṀ IS ￼ ὶᶭזε ӆ҈ ẙζ  FID Ự ѷᶺ‾ớε ӆ

҈ᴳᵻζӇѼ᷾כ ẙιᵼ℅ἅҪῳִ ֹ FID ￼ ẙᾡᵱιӇ ἈᾸὶ Ẋћᴪ֟קṈι

FID Ớׅї Ḿ҈ ᶺ₩ᶚ ιּיјᵃ ‾Ậ ￼֫ṵι ⅝ᶈ ѧ ֹ￼Һј ‾ιỄḳ῏

ἄ Ҏ ♩ ἅҪ￼ Ҏ ᶽ₩ᶚј ᵀἈᾸιᶈ ἈᾸᵹᶲῊҺғּו ᵙӀẽ(ᶃ 2(b)) ѭ҃

Ἱ╦ ừ֙ιἅҪ ᶃ Ṅ G ѭẈ◌‎ẶֺḫאἈᾸ￼ ẔớιҨӝ z ￼ᾯѦ ῑṃֹ

Ḅ￼ ֧‾  ѭ℅ιἅҪ ᵇ⃰Ґֱ⃰קεBrock Қι2017ζιḜ ὶẶֺ⃰Ґớ‍ҭ: 

 

Ԏѧ W ῗ  ᵙƚῗ ᴠᾭ  ҷἍᵕ ι ỀỀקֱ⃰ ҈ṕ εMiyato Қι

2018ζιᵼ℅ἅҪή ҃֡ Ὲᶈᾣ— ​￼ᴪӌιᵃῊ 
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ҠⱡѭἅҪ￼₩ᶚ ỳ￼ӿ◌ẙת҃҄  ἅҪᴧאῳḄ￼ⱱ ҡֱ⃰קѧֵ ҃Ḿ ιẊћ ‰

ῗῳṇק◒└ᵸѳ ￼ἄḾӎằ ӆớιӇј ֺḜҪ￼ ᾭχ 

 

Ԏѧ 1 Ѧ ιԎѧἍῶӺ ѭ 1 ἅҪἜὼƚӪẊ Ὅѭ ιҡ ἧֹ ᶼ

ṇ￼ ᶹֱ⃰קιҨώ ἅҪ￼₩ᶚ῏҈ἈᾸ￼ᴵ ớ  ᶈ 1 ѧιἅҪ ḻֹ≡ῶ⃰Ґֱ⃰ק

Ὴιᴱῶ 16β￼₩ᶚ ᵀἈᾸι ῶ⃰Ґֱ⃰ק Ὴֱῶ 60β  

 

3.2  

ἅҪᴧאẸׁ￼ GAN Ἡ  ҨἛṝֹᶽᶚ₩ᶚᵙ֫ṵẪᶽἥ  ἅҪᴧאιἅҪᴵҨῘ

ᾡ ῶἩ ιẊא ₩ᶚ ֹ 512Ö512 ֫ ꞌι ῂ ӵεKarras Қι2018ζ ‾Ӕּז῎

￼ᶺṑẙΆ│  ṓ ῶ Ҏᾡ ιἅҪ￼₩ᶚӘῇ ᴗ҃ Ṧ▼ιẊ ᶈḫ ѧṓΈӯ₿  

ᶈὶї‎￼ѣ ѧιἅҪṄ ѭҜѱᶈᶽ ₩ẔּזῊιҨׁṪӐѧ ḧ￼ Һᴪệј ḧ  

 

4  
 
 
 
 
 
 
 
 
 
 
 
 
 

 

(a) G (b) D 
 

ᶃ 3χӿ ặ ѳׁק Gεaζᵙ DεbζṖѧ Ѧ᷈ầӪ ￼Ԑᶚᶃ  Gѧ￼ᶽᶺᾭṖ ԏῶ Ḅ￼ӿ ι

Ӈῗ≡ῶ ​ι Ѧṇ￼Ḓ ᶈᾯѦ ѧҺᶭ ẊᶈṦ▼Ὴⱨ♆  D ￼ӿ ᵹᶲ ᶽιӇ Ḅ῭א  ҡ

ֹ ￼ ᶭז▄ẙɺ 

 

4.1 Ềї Ḧ σⱳởᵷ 

Ҩׁ￼ ᶺṪӐ ҡᴿ ֫‘ ẙᵙﬞḲ і ҃ GAN ￼ ḧớιӇἅҪ ḻֹ￼ј ḧ

ớᴧּוᶈṇ ₩ ḧ￼עᶫѧι ᶽ ₩ ὶ֫‘ ἅҪᶈ ῼ ╜ ֯  ι₃ẙᵙὫ᷂

ᾭὯιҨḿἧᴵ Ṧ▼ẦḊ￼Ὕ‰ι ӆ҈εOdena Қι2018ζ ἅҪᴧא⅛Ѧ 

ѧ￼ׁѕѦ᷈ầӪ ῗῳῶּז￼ ḜҪᴵҨӔּז Alrnoldi ҦΆ│εGolub γder 

Vorstι2000ζ ῶᾦ ι Ά│Ἓṝ҃εMiyato Қι2018ζӔּו￼זꞌ ҦΆ│ιӂ

ầᵇ᷈￼ז ᵙӪ ḅᶃ 3εaζᵙ ẹ FἍ ι֧҃א▐ῠ￼₩Ẫχᶽᶺᾭ G Ṗԏῶ Ḅ￼ӿ

ẪιӇῶҎṖε Ẃῗ G ѧ￼ Ṗι ҈Ḣᾯћ ᴒ ζ јӓιӿא ẪᶈᾯѦ ѧ

ᶭ ιᶈṦ▼Ὴⱨ♆  

ѭ҃ ḧ ῗᵋῗꜛאל ἄ￼ἆ ҝҝῗ ιἅҪꜛאל ҃Ḿ G ᾼז ᶹ Ҩ῎

Ἱ╦ӿ ⱨ♆￼ẽᵠ ӾιἅҪ ὶ 
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Ӕ⅛Ѧ  ￼ ᷈ầӪ ιΏᵇᶁḧӪקֱ⃰ ἆ Ҩ•Ѧ⅝ꞌ r Ώᵇ ҇᷈ầӪ

εԎѧ ѭӯ₿₃ẙᾛӐҨ זᶭקֱ⃰₿ ζ  ἆ ιἅҪӔּז ֫᷈ầӪ֫ ‎Ҧῲ ḧ

  WιԎ Ѧ᷈ầᵇ ᵙ ιҨᴣ Ṅ Ӫ ֺιἅҪ￼  ᴪѭχ 

 

Ԏѧ ѭ ἆ  ἅҪ ḻֹῂ ῶῂӿ ặ ιק ҎἩ  ԏῶ

₿ ἆ ░ᶭזᵙⱨ♆￼ᾦ‛ιӇᴏӔᶈ•Ҏừ֙їḜҪᴵҨ□ᵙᶊώ ớ ιӇ≡ῶүӍ

ᵀᴵҨ ₿ Ṧ▼  Ὧ ῎ι ⱡ Gᴵ Һᾡᵱ ḧớιӇḜј Ҩ Ӡ ḧớ  ᵼ

℅ιἅҪṄ├Ỵד ᵇD  

 

4.2 Ềї Ḧ σֵַᵷ 

љ G ‾ιἅҪ֫‘ D ￼  ￼ӿ Ҩ▄Ԅ҃ Ԏ ѭιⱡᵅ ᾼז ᶹ￼ ​‎ḿ∂ ḧ

ᶃ 3εbζῘ ҃ D ￼ ￼Ԑᶚᶃε ẹ F ѧ￼ ᶃζ љ G јᵃιἅҪ ֹӿ ῗ  

￼ι א ḄιẊћ᷈ầӪᶈᾯѦ ѧᶭ ιӇᴱῗᶈṦ▼Ὴ јῗⱨ♆  

D ӿ ѧ￼ṤӪᴵ ῎Ḝᵕῼớᶊὶᾠֹ Ẃᶽ￼₃ẙιӇἅҪ ḻֹ Frobenius ῗẈ

◌￼ε ẹ Fζι ῎ ᾦẔѮ ѧᶈׁ֡Ѧ᷈ầΆᵇі ἅҪӬ ᵹᶲῗ Ḿἰ

Ҹק￼ ‛ιԎѧ G ḧῼғּוẶ♥ẇἣ D ￼ batch ḅ‛ ᵹᶲљј ḧớῶᵼ‛ԋ

ι ѱ ⱡ￼ᴦֺῗӔּ₃זẙỰ ι ῎Ῐᶊ ҃ D ￼ ᴵ⅝ ֯Ẫ￼ᴪק ἅҪҡ

εMescheder Қι2018ζ ή ѧỌ₃ẙ ֫χ 

  

ấ Ặẙ ƛѭ 10 Ὴι ᴪệ ḧẊᾡᵱ G ᵙ D ѧӿ ￼Ẉ◌ẙᵙῶּףớιӇớ Ѥ

ї ιṀ IS ֟Ṉ 45β ֟ṈỰ ᴵҨ ֫ ỦקιӇҺṀ ‎ ј ;ᴏӔṄỰ

ẙד Ӊֹ 1ε≡ῶᴧּו ⱡṦ▼￼ῳӉẶẙζιIS ѼҺ֟Ṉ 20β Ӕּ⃰זҐֱ⃰קιDropOut

εSrivastava Қι2014ζᵙ L2ε ẹ Hζ￼ᴿ ᾡ ᶶ ḫ ιᾂ ҃ Ҏֱ⃰ק ￼צּ

ѭᾦ‛χḾD ￼Ự ᶼ ῊιᴵҨḫא ḧớӇῗớ ἄ Ễ  

ἅҪ ḻֹ D ᶈ ῼ ￼Ὣ᷂ὶ ҈ ιӇᶈṦ▼Ὴ ᴗ҃Ớׅ￼ᵇі ε ẹ Fζ

ѭ￼ Ѧᴵ ￼ ῗ D ẙὉᵀ ι Ỏ ‾  јῗḙѽ ḫᵙּוἄᶃӵѳ ￼

ҎῶỴѲ￼ ףּ Ӑѭ D Ỏ￼ ᴅ╜ εљεGulrajani Қι2017ζ ԋζιἅҪᶈ

ImageNet ᵙ і ӂ῾ἱᴬ￼ ָᵸιẊ╜ ‾ ֫ ѭ ḫἆּוἄ￼︣֫⅝ ⱡ

ẙḊ ҈ 98βιӇ ֝ ẙҝᶈ 50-55β￼ ᶀԓιẊј⅝  ꞊╜῭Ḅεῂ קֱ⃰ צּ

ḅӍζ ḫ҃ D ḫ ӊ҃ ;ἅҪ ѭ ᵀ D ￼ ι јῗ῎ ￼₦ὐι ῗώ♠

ᾭὯẊѭGώӗῶּז￼ḙѽӡᴺ  

 

4.3  

ἅҪᴧא ḧớјҝҝ‎ G ἆ Dι ῗ‎ ҤҪ Ḿἰớ ￼ ҊӐּז  ⱡҤҪ

￼ј ꜛאל ᴵּ҈ז ᵙ ָј ḧớιӇ Ӡᵀת￼ ῗ Ἅọ ￼ιӇј Ҩ ₿ῳ

￼ Ṧ▼  ᴵҨ Ặ♥ ​ D‎Ặֺḫא ḧớιӇ ‾ӮҺṀ ớ і￼ṭᶽἄ   Ӕּאז

ῶἩ ιᴵҨ ᾣ— Ẋӹ ᶈ ￼ᵅῼ ⅎᴧּו ‎ḫא῭Ḅ￼ῳ ớ ι℅Ὴ₩ᶚ

Ӽ֫ Ҩ ệ Ḅ￼ ‛  
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2χјᵃ֫ ꞌї₩ᶚ￼ ӂ  ἅҪἵᵓ≡ῶἈᾸ￼֫ᾭε 3֯ζιῳӓ FIDε 4֯ζ￼֫ᾭι ᾭὯ

￼ IS֫ᾭε 5֯ζᵙῳᶽ IS￼֫ᾭε 6֯ζ  ᶈ Ṉѕ₭  ִḊקі ‰֝ӭṮɺ 

 

5  
 
 
 
 
 
 
 
 
 
 
 

 
(a) 128 128 (b) 256 256 (c) 512 512 (d) 

ᶃ 4χ‎ ₩ᶚ￼‾ ιἈᾸ Ӫѭ 0.5εa-cζι ֫ ₩ᶚѧ￼ ⌠◖ ӕεdζɺ 

 

5.1 ᶇ IMAGENETѕַײ ≡ 

ἅҪӔּז 1 8 ѧ￼ ιᶈ Imagenet ILSVRC 2012 εRussakovsky Қι2015ζі

ӂ 128Ö128,256Ö256 ᵙ 512Ö512 ֫ ꞌ￼₩ᶚ ẹ Bѧώӗ҃⅛ ֫ ꞌ￼‟‗ ḅᶃ 4

Ἅ ι ẹ A ѧῶԎҤ‾ᵝιἅҪᶈ 2 ѧἵᵓ҃ ISᵙ FID ἅҪ￼₩ᶚ҈יּ ᶼҐὭ‾ᵝᵝ ￼

ιᵼ℅ј▐₣ḅӍῳḄᶊљאῶἩ  ⅝ ;ᵼ℅ιἅҪᶈѕѦ ѧἵᵓệ֫Ӫι ẹ D ѧ

ῶ ￼Ύ ӾιἅҪἵᵓἈᾸ ї￼ FID / IS Ӫι Ӫ ֹῳӓ FID Ԏ₭ιἅҪᶈἈᾸ

ѧἵᵓ FIDιἅҪ￼₩ᶚ IS љḫ ᾭὯ￼ IS ᵃιὸᾸ ῗḫאῳᶽ‾ ᴪק￼ᴵ ẙ

ιᵃῊҠⱡ ֹ҃ Ḅ￼ɒḾ ớɓ↨Ẉψ ѕιἅҪἵᵓ⅛Ѧᶚᴺ ֹ￼ῳᶽ IS ￼ FIDιҨ

῎ọ ҐὭᶺṈᵝ ἑ ῳᶽ ẙᶊώ ᶈἍῶ ѕ ừ֙їιἅҪ￼₩ᶚ Ҹ҈εMiyato

Қι2018 ẉζᵙεZhang  Қι2018ζӾׁ ệ￼ῳӾ ￼ ISᵙ FID֫ᾭ  

ἅҪ ḻֹ D ҃ ιזіἅҪ₩ᶚ￼‾  ιώ֧҃ Ѧ῎Ῐ￼ ιᴏ G ῗᵋᴱ

Ỏ ♇ ѭ҃╜ ♇ιἅҪᶈӵ ᵙ ֫ ᵸ ￼⸗ề ѧἚ ֫ ῳ ֫

‘ε ẹ Aζ ℅ᶹιἅҪᶈᶃ 8 ᵙᶃ 9 ѧᵒ҃א‾ ᵙ֫ ᾀӪεԎѧ z ӠὙјᴪζѳ ￼ᾀ

Ӫ ἅҪ￼₩ᶚҧҚӡῸᶊᶈјᵃ￼‾ ѳ ᾀӪιẊћԎ‾ ￼ῳ ṗᶈ іῗјᵃ￼ι

῎ἅҪ￼₩ᶚјῗ ᴅᶊ ӊ ᾭὯ  

ἅҪ├ỴֹιἅҪ ֫ ₩ᶚ￼ Ҏ᷂ᾦ₩ẪљӾׁ ḻֹ￼јᵃ ᶽᶺᾭӾׁ￼᷂ ╧ᴣṕ

ҚṪֺᵝεOdena Қι2016ζιּי ♇ᾱת јῗⱶӌ ἄ￼ᶃӵεSalimans Қι

2016ζιἆ ₩ẪṦ▼ ἅҪ ḻֹ ⌠◖ιԎѧ‎ Ѧ ￼ᶃӵץᵍᴰ Ѧ ￼Ṟớιḅᶃ

4εdζἍ ἅҪ ᴧאιḾ҈ἅҪ￼₩ᶚιImageNet і￼ ᶺ ָ⅝ԎҤ ָ῭ ;ἅҪ￼₩ᶚ

ᶈּוἄꜟε‗ἄᾭὯ ￼ᶽ ֫ιẊћѮ Ԏ ζΆ֫תת ⅝Қ εԎץᵍᾭὯ ￼ ṇ ֫

Ẋћԏῶ῭ᶽ ₩￼ ‗ζ῭ἄו ẹ A ѧώӗ҃ ℓ￼  
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3χJFT-300M ᶈ 256Ö256 ֫ ꞌї￼ ‛  FID ᵙ IS֯ἵᵓּי JFT-300M ￼ Inception v2 ֫ ᵸ

֧￼ Ҏ֫ᾭιᵹᶲ֫ṵѭ z~ N(0,I)ε ἈᾸζ (mi n FID)/ IS ᵙ FID / (max IS)֯ἵᵓῳӓ FIDᵙ IS￼Ἔὼệ

֫ιἜὼἈᾸᵹᶲ֫ṵ ᶀҡƫ = 0 ֹƫ = 2 ‎ JFT-300M ￼ᶃӵԏῶ 50.88 ￼ ISᵙ 1.94 ￼ FID  

 

5.2 ᶇ JFT-300Mѕַײ ᶸ ≡ 

ѭ҃ ἅҪ￼ ὍḾ῭ᶽι῭ᶶ ᵙḾ῭ᶺ‾ק￼ᾭὯ ῶᾦιἅҪ ᶈ JFT-300M ￼

Ḓ іṝ ҃ἅҪ ￼ ‛εSun Қι2017ζ Ḣᾯ￼ JFT-300M ᾭὯ ᵍ‰ῶץ 18K ָ￼

300M ḫќּףᶃӵ ҈יּ ָ֫ṵῗ Ṕ￼ιἅҪḾᾭὯ Ḓ ‾ҨҝӠּפԏῶ 8.5K ῳẂ

‰ ￼ᶃӵ ἄ￼ᾭὯוּ ᵍץ 292M ᶃӵ - ⅝ ImageNet ᶽѣѦᾭ Ḿ҈ԏῶᶺѦ‰ ￼ᶃ

ӵιἅҪҺᶈ ‾ᶃӵῊ  ћ꜠ ᶊ ‾ᴅѦ‰ ѭ҃ ᶈ ᾭὯ і ￼ GAN ￼ IS ᵙ

FIDιἅҪӔּזᶈ ᾭὯ і ￼ Inception v2 ֫ ᵸεSzegedy Қι2016ζ ḧ ‛ḅ

3 Ἅ Ἅῶ₩ᶚᶎ זּ 2048 ἥ₭ ᶡ ἅҪ⅝ ҃₩ᶚ￼♪ ⱱ  - љ SAGANεZhang 

Қι2018ζ ẸιӇἥ ᶽṇљɒḢᾯɓ ⅝ ӔּזἍῶẔּזἩ ᶈ ImageNet і ệῳӓ ‛￼

ⱱ εԊҕṧԄι֫Ṗ ᵙ⃰Ґֱ⃰קζ ἅҪ￼ ‛ ῎ιᴏӔᶈ ᵃ₩ᶚḳ ε64 Ѧᶢ 

ζї ѱᶽ￼ᾭὯ ι ҎἩ Ѽ Ῐ ώ ớ ἅҪ ℓ ῎ιḾ҈ ₩￼ᾭὯ

ιἅҪ ֹҡṄ₩ᶚ￼ḳ Ἓṝֹ 128 Ѧᶢ  ￼Ῐ ￼ ᶹᾡ ι Ḿ҈ ImageNet GAN ι

ᶹ￼ḳ ≡ῶ ᶴ  

ᶈᶃ 18ε ẹ DζѧιἅҪ ֧҃ᶈ ᾭὯ і ￼₩ᶚ￼ἈᾸᶃ љ ImageNet јᵃιἈ

Ᾰ ֺѭ 0 ӫᵇ҈ғּוῳ Ӡ ẙ֫ᾭιẸἈᾸӪ ᶀҡ 0.5 ֹ 1 ῊιIS ẂῳᶽקἅҪ￼ JFT-

300M ₩ᶚ ἅҪỖּת Ṉ ֫ῗּ҈יԓ JFT-300M ‰ ￼ ᴵᴪớιҨᴣᶃӵ֫ṵ￼ Ḿᶶ

 ớιԎץὐԏῶᶺ ṑẙ￼ᶺѦḾ ￼ᶃӵ ῶ ￼ῗιљᶈ ImageNet і ￼₩ᶚјᵃι

ӫᵇ҈ᶈ≡ῶᶽ ⃰ ừ֙їṦ▼ε￼ק 4 ζιᶈ JFT-300M і ￼₩ᶚᶈᾭײє₭ Ҧ

ѧӠὙ ḧ ῎ ImageNet ֹ῭ᶽ￼ᾭὯ ᴵ Һ ֫ GAN ḧớ  

ἅҪᶈ℅ᾭὯ іḫא￼ᶢ GAN ₩ᶚ￼ᾡ ≡ῶᾡᴪᶢ ₩ᶚἆ ᵙֱ⃰קἩ ε ֧Ἓ

ṝḳ ζι ῎҃ἅҪ￼ ‛ҡ ImageNet Ἓṝֹԏῶ ₩ᵙᶶ ớ￼ᾭὯ ι Ҟѭ₿≡ῶ

Ӿӕᶃӵ￼ּוἄ₩ᶚ  

 

 

6  

 

ἅҪṰ ῎ιḾ҈ᶺѦ ָ￼ ⱡᶃӵ ἄḾἰוּ￼ ᶈӠ ẙᵙּוἄ‾ ￼

ᶺ‾ớΆ Ẃῶַ҈Ἓᶽ ₩  ᵼ℅ιἅҪ￼₩ᶚᶈ ImageNet GAN₩ᶚѧֳ ҃Ὰ￼ớ ↨

Ẉιᶽᶽώ ῶἩ ↨Ẉא҃  ἅҪ Ḿᶽ ₩ GAN￼ ѭ ҃֫‘ιẊ⁞ὯԎ  ￼᷈ầ

Ӫ ề҃ḜҪ￼ ḧớιẊ ҃ ḧớᵙớ ѳ ￼ ҊӐּז . 

 
8 

http://www.gwylab.com/
https://arxiv.org/pdf/1809.11096.pdf


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1809.11096.pdf 

 

ἅҪ ỵ Kai Arulkumaran ιMatthias Bauer ιPeter Buchlovsky ιJeffrey Defauw ι

Sander Dieleman ιIan Goodfellow ιAriel Gordon ιKarol Gregor ιDominik Grewe ιChris 

JonesιJacob Menick ιAugustus Odena ιSuman Ravuri ιAli RazaviιMihaela Rosca ι ᵙ

Jeff Stanway  

 

 
 

MartËēn Abadi, Paul Barham, Jianmin Chen, Zhifeng Chen, Andy Davis, Jeffrey Dean, 
Matthieu Devin, Sanjay Ghemawat, Geoffrey Irving, Michael Isard, Manjunath Kudlur, 
Josh Levenberg, Rajat Monga, Sherry Moore, Derek Murray, Benoit Steiner, Paul 
Tucker, Vijay Vasudevan, Pete Warden, Martin Wicke, Yuan Yu, and Xiaoqiang Zheng. 
TensorFlow: A system for large-scale machine learning. In Proceedings of the 12th 
USENIX Conference on Operating Systems Design and Implementation, OSDIô16, pp. 
265ï283, Berkeley, CA, USA, 2016. USENIX Association. ISBN 978-1-931971-33-1. 
URL http://dl.acm.org/citation.cfm?id=3026877. 3026899. 

 
Martin Arjovsky, Soumith Chintala, and Leon ́Bottou. Wasserstein generative adversarial networks.   

In ICML, 2017. 
 

Shane Barratt and Rishi Sharma. A note on the Inception Score. In arXiv preprint 
arXiv:1801.01973, 2018. 

 
Marc G. Bellemare, Ivo Danihelka, Will Dabney, Shakir Mohamed, Balaji 

Lakshminarayanan, Stephan Hoyer, and Remi ́ Munos. The Cramer dista nce as a 
solution to biased Wasserstein gra-dients. In arXiv preprint arXiv:1705.10743, 2017. 

 
Mikolaj Binkowski, ́ Dougal J. Sutherland, Michael Arbel, and Arthur Gretton. 

Demystifying MMD GANs. In ICLR, 2018. 
 

Andrew Brock, Theodore Lim, J.M. Ritchie, and Nick Weston. Neural photo editing with 
introspec-tive adversarial networks. In ICLR, 2017. 

 
Xi Chen, Yan Duan, Rein Houthooft, John Schulman, Ilya Sutskever, and Pieter Abbeel. 

Infogan: Interpretable representation learning by information maximizing generative 
adversarial nets. In NIPS, 2016. 

 
Harm de Vries, Florian Strub, Jerémie ́ Mary, Hugo Larochelle, Olivier Pietquin, and 

Aaron Courville. Modulating early visual processing by language. In NIPS, 2017. 
 

Emily Denton, Soumith Chintala, Arthur Szlam, and Rob Fergus. Deep generative image 
models using a laplacian pyramid of adversarial networks. In NIPS, 2015. 

 
Vincent Dumoulin, Jonathon Shlens, and Manjunath Kudlur. A learned representation for 

artistic style. In ICLR, 2017. 
 

William Fedus, Mihaela Rosca, Balaji Lakshminarayanan, Andrew M. Dai, Shakir 
Mohamed, and Ian Goodfellow. Many paths to equilibrium: GANs do not need to 
decrease a divergence at every step. In ICLR, 2018. 

 
Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training deep 

feedforward neural networks. In AISTATS, 2010. 
 

Gene Golub and Henk Van der Vorst. Eigenvalue computation in the 20th century. 
Journal of Computational and Applied Mathematics, 123:35ï65, 2000. 

 
Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil 

Ozair, and Aaron Courville Yoshua Bengio. Generative adversarial nets. In NIPS, 2014. 
 

Google. Cloud TPUs. https://cloud.google.com/tpu/, 2018. 
 

Ishaan Gulrajani, Faruk Ahmed, MartËēn Arjovsky, Vincent Dumoulin, and Aaron C. 
Courville. Im-proved training of Wasserstein GANs. In NIPS, 2017. 

 
9 

http://www.gwylab.com/
https://arxiv.org/pdf/1809.11096.pdf
http://dl.acm.org/citation.cfm?id=3026877.3026899
http://dl.acm.org/citation.cfm?id=3026877.3026899
https://cloud.google.com/tpu/


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1809.11096.pdf 

 
Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for 

image recog-nition. In CVPR, 2016. 
 

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, Gunter ̈
Klambauer, and Sepp Hochreiter. GANs trained by a two time-scale update rule 
converge to a local nash equilib-rium. In NIPS, 2017. 

 
Sergey Ioffe and Christian Szegedy. Batch normalization: Accelerating deep network 

training by reducing internal covariate shift. In ICML, 2015. 
 

Tero Karras, Timo Aila, Samuli Laine, and Jaakko Lehtinen. Progressive growing of 
GANs for improved quality, stability, and variation. In ICLR, 2018. 

 
Diederik Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In ICLR, 2014. 

 
Naveen Kodali, Jacob Abernethy, James Hays, and Zsolt Kira. On convergence and 

stability of GANs. In arXiv preprint arXiv:1705.07215, 2017. 
 

Alex Krizhevsky and Geoffrey Hinton. Learning multiple layers of features from tiny images. 2009. 
 

Jae Hyun Lim and Jong Chul Ye. Geometric GAN. In arXiv preprint arXiv:1705.02894, 2017. 
 

Xudong Mao, Qing Li, Haoran Xie, Raymond Y. K. Lau, and Zhen Wang. Least squares 
generative adversarial networks. In arXiv preprint arXiv:1611.04076, 2016. 

 
Lars Mescheder, Andreas Geiger, and Sebastian Nowozin. Which training methods for 

GANs do actually converge? In ICML, 2018. 
 

Mehdi Mirza and Simon Osindero. Conditional generative adversarial nets. In arXiv 
preprint arXiv:1411.1784, 2014. 

 

Takeru Miyato and Masanori Koyama. cGANs with projection discriminator. In ICLR, 2018. 
 

Takeru Miyato, Toshiki Kataoka, Masanori Koyama, and Yuichi Yoshida. Spectral 
normalization for generative adversarial networks. In ICLR, 2018. 

 
Sebastian Nowozin, Botond Cseke, and Ryota Tomioka. f-GAN: Training generative 

neural sam-plers using variational divergence minimization. In NIPS, 2016. 
 

Augustus Odena, Vincent Dumoulin, and Chris Olah. Deconvolution and checkerboard 
arti-facts. Distill, 2016. doi: 10.23915/distill.00003. URL http://distill.pub/2016/ deconv-
checkerboard. 

 

Augustus Odena, Christopher Olah, and Jonathon Shlens. Conditional image synthesis 
with auxil-iary classifier GANs. In ICML, 2017. 

 
Augustus Odena, Jacob Buckman, Catherine Olsson, Tom B. Brown, Christopher Olah, 

Colin Raf-fel, and Ian Goodfellow. Is generator conditioning causally related to GAN 
performance? In ICML, 2018. 

 
Ethan Perez, Florian Strub, Harm de Vries, Vincent Dumoulin, and Aaron Courville. FiLM: 

Visual reasoning with a general conditioning layer. In AAAI, 2018. 
 

Alec Radford, Luke Metz, and Soumith Chintala. Unsupervised representation learning 
with deep convolutional generative adversarial networks. In ICLR, 2016. 

 
Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, 

Zhiheng Huang, Andrej Karpathy, Aditya Khosla, and Michael Bernstein. ImageNet 
large scale visual recognition challenge. IJCV, 115:211ï252, 2015. 

 
Tim Salimans and Diederik Kingma. Weight normalization: A simple reparameterization 

to accel-erate training of deep neural networks. In NIPS, 2016. 
 

Tim Salimans, Ian Goodfellow, Wojciech Zaremba, Vicki Cheung, Alec Radford, and Xi Chen.  
Improved techniques for training GANs. In NIPS, 2016. 

 
10 

http://www.gwylab.com/
https://arxiv.org/pdf/1809.11096.pdf
http://distill.pub/2016/deconv-checkerboard
http://distill.pub/2016/deconv-checkerboard
http://distill.pub/2016/deconv-checkerboard


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1809.11096.pdf 

 
Tim Salimans, Han Zhang, Alec Radford, and Dimitris Metaxas. Improving GANs using 

optimal transport. In ICLR, 2018. 
 

Andrew Saxe, James McClelland, and Surya Ganguli. Exact solutions to the nonlinear 
dynamics of learning in deep linear neural networks. In ICLR, 2014. 

 
Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for large-

scale image recognition. In ICLR, 2015. 
 

Casper Kaae Sønderby, Jose C aballero, Lucas Theis, Wenzhe Shi, and Ferenc Huszr. 
Amortised map inference for image super-resolution. In ICLR, 2017. 

 
Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, and Ruslan 
Salakhutdinov. 

Dropout: A simple way to prevent neural networks from overfitting. JMLR, 15:1929ï
1958, 2014. 

 
Chen Sun, Abhinav Shrivastava, Saurabh Singh, and Abhinav Gupta. Revisiting 

unreasonable ef-fectiveness of data in deep learning era. In ICCV, pp. 843ï852, 2017. 
 

Christian Szegedy, Vincent Vanhoucke, Sergey Ioffe, Jonathon Shlens, and Zbigniew Wojna. 

Re-thinking the inception architecture for computer vision. In CVPR, pp. 2818ï2826, 2016. 
 

Lucas Theis, Aaron ̈ van den Oord, and Matthias Bethge. A note on the evaluation of 
generative models. In arXiv preprint arXiv:1511.01844, 2015. 

 
Dustin Tran, Rajesh Ranganath, and David M. Blei. Hierarchical implicit models and 

likelihood-free variational inference. In NIPS, 2017. 
 

Xiaolong Wang, Ross B. Girshick, Abhinav Gupta, and Kaiming He. Non-local neural 
networks. In CVPR, 2018. 

 
Yuhuai Wu, Yuri Burda, Ruslan Salakhutdinov, and Roger B. Grosse. On the quantitative 

analysis of decoder-based generative models. In ICLR, 2017. 
 

Han Zhang, Ian Goodfellow, Dimitris Metaxas, and Augustus Odena. Self-attention 
generative adversarial networks. In arXiv preprint arXiv:1805.08318, 2018. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
11 

http://www.gwylab.com/
https://arxiv.org/pdf/1809.11096.pdf


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1809.11096.pdf 

 

 A IMAGENET  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 5χἅҪ￼₩ᶚҨ 256Ö256 ֫ ꞌּוἄ￼‾   ‾ᵝ ᴵᶈ here ệ  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 6χἅҪ￼₩ᶚҨ 512Ö512 ֫ ꞌּוἄ￼ԎҤ‾   
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(a) (b) 
 

ᶃ 7χ⅝ ῏ εaζᵙᵿ εbζᶈ 512Ö512 ֫ ꞌіᾦ‛ ӆꜟ￼ ָỄᶽ ẙіῗ ιᶈᾭὯ￼ת

ѧỄẂ ι⅝╧ᴣ῾Ḿ ￼Қ ἆҚ ￼ ῭ḳ῏ấ₩  Ҏ ῭ԏטỗớᵙ ‗ớιẊћ ẂԏῶҚ ḻ

῭ᾧỵ￼  ᶈּוἄ ֫ ꞌᶃӵῊιᴏӔӔּז ṕ ᶒιѼҺ ℓׅזḾԅṕ ‗ấ₩￼ ẙ  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 8χzιcḾѳ ￼ᾀӪ  
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ᶃ 9χc љ zѳ ￼ᾀӪӠὙјᴪ  ♇ѳ ẂӠὙ מ Ѳε⸗ָῗᶈῳᵅ ζ  2 ῎♃ẙῗᶈԋ

zιc ᵀ ѧ ￼ι јῗҝᶈ z   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 10χVGG-16-fc7 ѧῳ εSimony anγZissermanι2015ζ￼⸗ề ἄ￼ᶃӵӈ҈ṫіוּ   
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ᶃ 11χResNet-50-avgpool εHe Қι2016ζѧῳ ￼⸗ề ἄ￼ᶃӵӈ҈ṫіוּ   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 12χӵ ѧῳ ￼ ṗ ἄ￼ᶃӵӈ҈ṫіוּ   
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ᶃ 13χVGG-16-fc7εSimonyan γZissermanι2015ζѧῳ ￼⸗ề ἄ￼ᶃӵӈ҈ṫіוּ   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 14χResNet-50-avgpool εHe Қι2016ζѧῳ ￼⸗ề ἄ￼ᶃӵӈ҈ṫіוּ   
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B  
 

ἅҪӔּזResNetεHe Қι2016ζGAN ‟‗εZhang Қι2018ζ  ‟‗љεMiyato

Қι2018ζӔּז￼‟‗ ᵃιӇ D ѧ￼ӡ ₩Ẫ ӢᾡιӔệ⅛Ѧᶒ￼ Ѧᴒ Ṗѧ￼◒└ᵸ

ᾭ ҈ ֧◒└ᵸ￼ᾭ ε јῗ Ԅ ◒ᵸ￼ᾭ ιḅεMiyato Қι2018ζιεGulrajani

Қι2017ζ  

ἅҪᶈ G ѧӔּזᴅѦԊҕ ṧԄι ớἮẽҨּוἄ BatchNorm ᶃṖ￼⅛Ѧ‾ ᶭ ᵙӭṮ  

ӭ ἮẽҨ ѭѧỌι ᶭ ἮẽҨ ѦѭѧỌ  Ẹ Ṗ☺ᶈ֫זּ Ὴι☺ᶈᵇ z ⌐Ԏӡ

ẙ ֫ἄ ᶽṇ￼ᶒιẊћ⅛Ѧᶒ ᴅ꜠ᶊ ὶֹҽ ḧᶒ￼ ṧԄ￼א   

 
ᶃ 15χεaζG￼Ԑᶚ‟‗ṵṕ; ӡỤḅї Ἅ εbζGѧ￼⅍Ṯᶒ cљ zᶒ ὶẊἮṃֹ

BatchNorm ￼ᶭ ᵙӭṮ  

 

4χImage net ￼ӌ ‗ι128Ö128 ӵ  ɒchɓ 1 ѧ⅛Ѧ ѧ￼ ḴẙѺᾭ  

 
 

 
17 

 

http://www.gwylab.com/
https://arxiv.org/pdf/1809.11096.pdf


 
 
 
 

www.gwylab.com                   https://arxiv.org/pdf/1809.11096.pdf 

 

5χImageNet ￼ӌ ‗ι256Ö256 ӵ  ɒchɓ 1 ѧ⅛Ѧ ѧ￼ ḴẙѺᾭ Ḿ҈ 128Ö

128 ‟‗ιἅҪᶈ 16Ö16 ֫ ꞌ￼⅛Ѧ ѧ▌ז ᶹ￼ 8-ch ￼ ResBlockιẊṄ G ѧ￼  ᶊᶒ ֹט Ѧ 

ⅎҨ 128Ö128 ֫ ꞌ  ԓḕ ​ ₿ἅҪ ￼Dѧט  ᶊᶒ  

 
 

6χImageNet ￼ӌ ‗ι512Ö512 ӵ  ɒchɓ 1 ѧ⅛Ѧ ѧ￼ ḴẙѺᾭ Ḿ҈ 256Ö

256 ‟‗ιἅҪᶈ 512Ö512 ⅎ▌ז ᶹ￼ 1-ch ￼ ResBlock  ԓḕ ֺ ӔἅҪṄѣѦ ѧ￼  ᶊᶒ

ᵻ 64Ö64 ⅎιḅ 128Ö128 ӵ  
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C  

ἅҪ￼ᶢ  Ỉ SA-GANεZhang Қι2018ζιẊᶈ TensorFlow ѧḫᾼεAbadi

Қι2016ζ ἅҪ זּ ẹ B ѧ ￼ӌ ‗ιᶈ⅛Ѧ ￼ᴅѦ ⅎᾀԄ  ᶊᶒ  G ᵙ D

εSaxeקḊִקҐִḊ⃰זּ Қι2014ζ ἅҪӔּז Adam ҸקᵸεKingma γBaι

2014ζιD ￼ḙѽꞌѭ ιG ￼ḙѽꞌѭ ;ᶈѣѦ ѧι  = 0 ᵙ  = 0 .999

ἅҪ ҃⅛Gℓ ￼ D ℓᾭεҡ 1 ֹ 6 ᴪקζιᴧא⅛Gℓ￼ѣѦD ℓ ֧҃ῳḄ￼ ‛  

ἅҪᶈ ‾ῊӔּז G￼  ￼Ὕᾭ ẈᶎӪιט ֟ꞌ ѭ 0.9999 ἅҪᶈ GѧӔּזҐᴢא

  BatchNorm εIoffe γSzegedyι2015ζιԎѧἥ ӡỤᶈἍῶ ᶵі ᵀι јῗӵ‰֝

ḫאѧ ‾ᶈᴅѦ ᶵі ᵀ ᶈ SA-GAN ѳᵅιᶈ G ᵙ D ѧӔּזӿ ặ εMiyatoק Қι

2018ζεZhang Қι2018ζ ἅҪӔּזGoog le TPU v3 Pod ιԎ⁄Ọᾭљ֫ ꞌἄ⃰

⅝χ128Ö128 ѭ 128,256Ö256 ѭ 256ι512Ö512 ѭ 512 ᶽᶺᾭᶚᴺ￼ 24 ֹ 48 ṇ

Ὴ ἅҪᶈ BatchNorm ᵙ Spectral Norm ѧṄ ҡ Ӫ ᶭֹז ιҨӝ ᵙӉ ẙᾭ

Ӫ  

ἅҪ ⌐ ׇ‎ ᶴתᾭὯιẊ ᶟת ‾ Ὰ ᾣֹ ḧ￼֫ ꞌ ҈יּ

ImageNet ᾭὯ ԏῶ ᶺӉ֫ ꞌᶃӵιᵼ℅ ὶᶈ 512Ö512 ᶴ Һғּו█ᴬ ‛ιᵼ℅

ἅҪҺ ◒ὲἍῶ ẙṇ҈ 400 ӵ ￼ᶃӵ ӆ҈εKarras Қι2018ζӔּז￼ CelebA-

HQ ᾭὯ ṄᾭὯ ᶽṇ֟Ṉֹᶽ 200,000 Ѧḫӕ  

 

C.1 BATCHNORM ᵘἙ‒ 

ἥ ֫ק֝‰ ᵸ ￼ ѭῗᶈ╜ ῊӔּז☼╗Ὴ־￼ ẈᶎӪ Ҩׁ￼ṪӐ

εRadford Қι2016ζᶈ ‾ᶃӵῊӔּזἥ ⱡҡἩ і јῗ ῂᾦ￼ ‾Ά

ẪιӇ Ỵᵖ ‛ᴨ֘҈╜ ἥ ᶽṇεҨᴣ֫ב￼ ᶵᾭ ζιẊћ ℓӔԜאớᴪệᶶ   

ἅҪᴧא Ѧ Ẃ ι╜ ἥ ᶽṇ￼ᴪקҺṀ ớ ￼Ớׅᴪק ẸӔּז G ￼  ￼

Ὕᾭ ẈᶎӪט ‾Ὴι ℓׅזιᵼѭ BatchNorm ẈᶎӪῗӔּז Ẉᶎ 

￼ιẊћῗḾẈᶎ  ￼☼╗ ᾭὯ￼Ṯӂ  

ѭ҃ ֘ ѣѦ ιἅҪ ɒẂזּ ɓιἅҪ G ᶺѦׁᵇҽ ε Ẃѭ

100ζ‎ ‾Ὴ ￼☼╗ ᾭὯι⅛Ѧҽ ԏῶјᵃἥ₭￼  ᵹᶲιẊћḕӴᶎӪᵙΆṮ

Ἅῶׁ ҽר ӆ҈Ӕּז ᾭὯι Ṁ G ￼ ֧ᴪệḾἥ ᶽṇᵙ ᶵᾭ јᴪιᴏӔ

ᶈּוἄᴅѦ‾ ῊѼῗḅ℅  

 
C.2 CIFAR-10 

ἅҪӔּז 1 8 ѧ￼ ᶈ CIFAR-10εKrizhevskyγHinton ι2009ζі ἅҪ￼

ιẊḫא ISѭ 9.22 ᵙ FIDѭ 14.73 јἈᾸ  

 

C.3 IMAGENETᶂӴַײ Inception Score 

ἅҪѭ ImageNet ￼ ᵙ IS  ᶈ 128Ö128 ᶴι ᾭὯ￼ ISѭ 233ιẊћ

ᾭὯ￼ IS ѭ 166 ᶈ 256Ö256 ᶴι ᾭὯ￼ IS ѭ 377ιẊћ ᾭὯ￼ IS ѭ 234 ᶈ 512Ö

512 ᶴι ᾭὯ ISѭ 348ι ᾭὯ￼ ISѭ 241 ᵙ ֫ᾭѳ ￼Ṯầῗִּ҈יḊ֫ ᵸ

Ṱ Ḿ ᾭὯ ҃ ιҡ ғִּ҃וḊ֫ᾭ ￼ ӡẙ ֧  
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 D  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

ᶃ 16χISљ FIDᶈ 128Ö128 ᶴ  ֫ᾭᶈѕѦ   ḒѧᴨẈᶎӪ  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

ᶃ 17χ256 ᵙ 512 ӵ ￼ ISљ FID  ệ֫ᶈѕѦ   ḒѧẈᶎѭ 256  
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ᶃ 18χJFT-300M IS љ 256Ö256 ᶴ￼ FID ἅҪῘ ἈᾸӪҡƫ = 0 ֹƫ = 2ε ζᵙҡƫ = 0 .5 ֹƫ = 1 .5

εẕ ζ  ⅛‍Ύ ḾẔ҈ 3ѧ￼ ᶢזּ ‰ ￼Ύ ḾẔ҈ ε ᵙԎҤἩ ζιקҐֱ⃰⃰זּ

ԎӎḾẔ҈ 2-4 ɋɋјᵃḳ εChζ￼ ᵃ‟‗  
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 E  

ⱡᶽᶺᾭҨׁ￼ṪӐ זּ N(0,I)ἆ U[-1,1]Ӑѭ z ￼Ӿ ε Ԅֹ G ￼ᵹᶲζιἅҪᴵҨ יּ

ὍἅҪᴵҨ ‾￼үӍ☺ᶈ֫ṵ ἅҪ ֯ᴵ ￼ ‎ή ☺Ҵ￼ ὍιḅїἍ

Ḿ҈⅛Ѧ☺ᶈ￼ιἅҪώӗԎ ᵅ￼ ιẊ ὼ Ḝᶈ SAGAN ᶢ ѧּז z~ N(0,I) ὶῲ

ҦῊ￼ א ἈᾸἩṬ҈יּ ῎⅝֬Ὥֹ Ҏ☺Ҵѧ￼үӍ Ѧ῭ῶ ιἅҪј Ḣԅ╦

ιẊћӔּז z~ N(0,I)‎ ệἅҪ￼Ѯ ‛ҨӼַּ֫זἈᾸ ἅҪᴧאᶈ≡ῶἈᾸ￼ừ֙їᾦ‛

ῳḄ￼ѣѦ☺Ҵ ῗ Bernoulli {0,1}ᵙ Censored Normal  max(N(0,I) ,0)ιѣ ώ ҃ ẙẊ

ỉώ ҃ῳ ớ ιӇјᶿḳ῏ἈᾸ  

ἅҪ ╦ ҃☺ᶈ ẙ￼ Ὅε ừ֙їῗ ζιᴧאἅҪ ᶼἄוᶊ ☺ᶈ

ẙӉ ιẊћḾ҈ ἅҪ ֹớ ￼ῳṇї ⱡ ⅝Ҩׁ￼ ᶺӐᵝ ṇệ

ᶺιӇ ὶ⅝ ᴅ εӕḅεKarras Қι2018ζιᶈ ẙ ​￼ᾭὯ ѧӔּזṾῶ 30,000

ắᶃӵ￼ ☺ᶈ ζῗјᵀ ￼ιἅҪ￼ ώӗ҃ ᶹ￼֫ ӡỤӐѭ Ԅ  

 

▄ᶇ  

ɓ  N(0,  I) ἅҪᶈѮ ḫ ѧӔּז￼☺ᶈ ￼‰֝ Ὅ  

ɓ  U [ -1,1] ᴰ Ѧ‰֝ Ὅ;ἅҪᴧאḜ￼ љNε0; Iζא ӆ  

ɓ Bernoulli  {0,1} ᾫ￼☺ᶈᴵ ᴦῑ҃ἅҪѳׁ￼ ⱡᶃӵᴪק￼☺ᶈᵼ јῗ

￼ι ῗ ᾫ ￼ε Ѧ⸗ềḕᶈιᴰ Ѧ⸗ềјḕᶈζ Ѧ☺ᶈҸ҈N(0, I)εҨ IS

ζ8βιẊћ Ҧ₭ᾭ֟Ṉ 60β  

ɓ max αN(0, I),  0βιѼ ѭἈṔ⃰ỗ Ѧ☺Ҵ ᶈ☺ᶈ҈זּ ѧẬԄ ớεᴦשּ

ῑἅҪѳׁ￼•Ҏ☺ᶈ⸗ềῶῊḕᶈιῶῊјḕᶈζιӇѼӹ Ҏ☺Ҵⱶ ᴪקι

╗֧א ￼☺Ҵῼ￼јᵃ ẙ￼Ặẙ Ѧ☺ҴҸ҈ N(0, I)εṏ IS ζ15-20βι

ẊћỀỀ ῭Ṉ￼ Ҧ  

ɓ Bernoulli {-1,1} Ѧ☺ᶈ￼ ῗ ᾫ￼ιӇјῗ εᵼѭ￼שּ ᴵҨḙѽ☼╗Ҩ

ᵠẔ Ԅζ ☺ҴớљN(0, I)֡Ѷ ᵃ  

ɓ {-1,0,1 }Ѧ ♀ײַ♆⁭ ֪ Ὅ ֫ṵῗ ᾫ￼Ẋћԏῶ ớιӇѼӹשּ ☺Ҵ

Ӫᵙ⃰זּ Ӫ ☺ҴớљN(0, I)֡Ѷ ᵃ  

ɓ N(0, I) ѹҧ Bernoulli {0,1} Ὅ ֫ṵҨԏῶ ￼☺ᶈᵼḒιԎѼῗ εṤӪ￼שּ

ѭ ζι ӆ҈ἈṔ⃰ẂӇј ҈ѭ⃰ ☺Ҵớљ N(0, I)֡Ѷ ᵃ  

ɓ ὓ N(0,  I)ᵘ Bernoulli {0,1} ε₤ѥᴈ▄ᶇṐḼַײ ᴀ ῗᴩεChen Қι2016ζ

￼ᵏᴧιẊ Ὅӹ Ҏᴪầᵼ ῗ ᾫ￼ι ԎҤᵼ ῗ ￼ Ѧ☺ҴҸ҈ N(0, I)

5β  

ɓ ᾛṭ χἅҪҡN(0, ƫI) ‾ιӹ ƫᶈ ѧᴪק ἅҪ⅝ ҃ᴿ ֫ⅎῊ ιᴧ

ᶈא ѧҡ ƫ =  2 ẦḊẊ ᵻֹ ƫ =  1ιớ ῶώצּ ᴵ ￼Ṯầ ֮ Ễ

ᶽιἅҪ≡ῶ▄Ԅή -ἅҪỖּת῭ῶᴝֱἆ῭Ḅ ᾯ￼ ֮ᴵ Һ῭Ặ♥ᶊẽᵠ ᾦ  

ɓ ₤‒῞ᴩ ᾛṭχ ιԎѧ Ḿ҈ἥ₭ѧ￼⅛Ѧ‾ᵝ i ꜠ ᶊι

Ẋћ ῗ ᴠᾭ Ὅ ֫ṵҨ Ҩ ởḧΆṮ ᵹᶲ‾ ‎ṍ Ẋᾡ

ᵱḾἈᾸἩṬ￼ Ẕớ ӆѶẊ≡ῶẽᵠớ ιӇἅҪ≡ῶ▄Ԅή Ḝ ҚҪѼᴵҨ

ẙ ι ӆ҈ΆṮ ♀  
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 F  

 
 
 

ᶃ 19χ≡ῶ⸗℮Ӣᾡ￼Ԑᶚ₩ᶚ￼ᶡ ᾭὯ  ᶈ 200000 ₭ Ҧᵅᴧּוἱᴬ. 
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ᶃ 20χG ᾭὯιGѧ￼ƫ0 ѭקֱ⃰ 1 ᶈ 125000 ₭ ҦᵅᴧּוṦ▼  

 

 

 
 

ᶃ 21χD ᾭὯιGѧ￼ƫ0 ѭקֱ⃰ 1 ᶈ 125000 ₭ ҦᵅᴧּוṦ▼  
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ᶃ 22χᶈD іӔּזR1₃ẙỰ Ặẙѭ 10 ￼G ᾭὯ ℅₩ᶚјҺṦ▼ιӇҝ ֹῳᶽӪ ISѭ 55  

 

 

 
ᶃ 23χᶈD іӔּזR1₃ẙỰ Ặẙѭ 10 ￼ D ᾭὯ ℅₩ᶚјҺṦ▼ιӇᴱҺ ֹῳᶽ ISѭ 55  
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ᶃ 24χӔּז Dropout εӠὙ₦ꞌ 0.8ζ￼ G ᾭὯẔּ҈ז D ￼ῳᵅ Ѧ Ṗ ℅₩ᶚјҺṦ▼ιӇҝ

ֹῳᶽӪ ISѭ 70  
 
 

 
ᶃ 25χӔּז Dropout εӠὙ₦ꞌ 0.8ζ￼ D Ẕּ҈ז D ￼ῳᵅ Ѧ Ṗ ℅₩ᶚјҺṦ▼ιӇᴱ ֹ

ῳᶽӪ ISѭ 70  
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