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생성모델소개

• 컴퓨터는어떻게존재하지않는그럴싸한이미지를만들어낼수있을까요?

Generative Adversarial Networks (NIPS 2014)
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확률분포

• 확률분포는확률변수가특정한값을가질확률을나타내는함수를의미합니다.

• 예를들어주사위를던졌을때나올수있는수를확률변수 X라고합시다.

• 확률변수 X는 1, 2, 3, 4, 5, 6의값을가질수있습니다.

• 𝑃(𝑋 = 1)는 1/6

• 𝑃(𝑋 = 1) = 𝑃(𝑋 = 2) = 𝑃(𝑋 = 3) = 𝑃(𝑋 = 4) = 𝑃(𝑋 = 5) = 𝑃(𝑋 = 6)
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이산확률분포

• 확률변수 X의개수를정확히셀수있을때이산확률분포라말합니다.

• 주사위눈금 X의확률분포는다음과같습니다.

X=1 X=2 X=3 X=4 X=5 X=6
P(X) 1/6 1/6 1/6 1/6 1/6 1/6
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축제목

주사위이산확률분포

P(X)
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연속확률분포

• 확률변수 X의개수를정확히셀수없을때연속확률분포라말합니다. (확률밀도함수를이용해분포를표현)

• 연속적인값의예시: 키, 달리기성적

• 정규분포(normal distribution) 예시
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연속확률분포

• 실제세계의많은데이터는정규분포로표현할수있습니다.

• IQ에대한정규분포예시 (표준편차 = 24)
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이미지데이터에대한확률분포

• 이미지데이터는다차원특징공간의한점으로표현됩니다.

• 이미지의분포를근사하는모델을학습할수있습니다.

• 사람의얼굴에는통계적인평균치가존재할수있습니다.

• 모델은이를수치적으로표현할수있게됩니다.
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이미지데이터에대한확률분포

• 이미지에서의다양한특징들이각각의확률변수가되는분포를의미합니다.

• 다변수확률분포(multivariate probability distribution) 예시는다음과같습니다.
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생성모델 (Generative Models)

• 생성모델은실존하지않지만있을법한이미지를생성할수있는모델을의미합니다.

• A statistical model of the joint probability distribution

• An architecture to generate new data instances

Generative Model An image that does not exist but is likely to exist

(produce)
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생성모델 (Generative Model)의목표

• 이미지데이터의분포를근사하는모델 G를만드는것이생성모델의목표입니다.

• 모델 G가잘동작한다는의미는원래이미지들의분포를잘모델링할수있다는것을의미합니다.

• 2014년에제안된 Generative Adversarial Networks (GAN)이대표적입니다.

• GAN으로부터매우다양한논문들이파생되었습니다.
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생성모델 (Generative Model)의목표

• 모델 G는원래데이터(이미지)의분포를근사할수있도록학습됩니다.

원본데이터의분포

생성모델의분포 시간이지나면서생성모델 G가원본데이터의분포를학습
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생성모델 (Generative Model)의목표

• 모델 G의학습이잘되었다면원본데이터의분포를근사할수있습니다.

• 학습이잘되었다면통계적으로평균적인특징을가지는데이터를쉽게생성할수있습니다.

있을법한이미지생성
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Generative Adversarial Networks (GAN)

• 생성자(generator)와판별자(discriminator) 두개의네트워크를활용한생성모델입니다.

• 다음의목적함수(objective function)를통해생성자는이미지분포를학습할수있습니다.

min
𝐺

m𝑎𝑥
𝐷

𝑉 𝐷, 𝐺 = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝐷 𝑥 + 𝐸𝑧~𝑝𝑧 𝑧 [log(1 − 𝐷 𝐺 𝑧 )]

Generator

Discriminator

G 𝑧 : 𝑛𝑒𝑤 𝑑𝑎𝑡𝑎 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒

𝐷 𝑥 = 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦: 𝑎 𝑠𝑎𝑚𝑝𝑙𝑒 𝑐𝑎𝑚𝑒 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑟𝑒𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 (𝑅𝑒𝑎𝑙: 1 ~ 𝐹𝑎𝑘𝑒: 0)

z Generator Fake image

Real Image

Discriminator 𝐿𝑜𝑠𝑠(Latent vector)

−𝛻𝜃𝑔
1

𝑚
෍

𝑖=1

𝑚

[log 1 − 𝐷 𝐺 𝑧𝑖 ]

𝛻𝜃𝑑
1

𝑚
෍

𝑖=1

𝑚

[𝑙𝑜𝑔𝐷 𝑥𝑖 + log 1 − 𝐷 𝐺 𝑧𝑖 ]
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GAN에서의기댓값계산방법

• 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝐷 𝑥

• 원본데이터분포(data distribution)에서의샘플 𝑥를뽑아 𝑙𝑜𝑔𝐷 𝑥 의기댓값계산

• 𝐸𝑧~𝑝𝑧 𝑧 [log(1 − 𝐷 𝐺 𝑧 )]

• 노이즈분포에서의샘플 𝑧를뽑아 log(1 − 𝐷 𝐺 𝑧 )의기댓값계산

• 프로그램상에서기댓값(expected value)을계산하는가장간단한방법은?

• 단순히모든데이터를하나씩확인하여식에대입한뒤에평균을계산하면됩니다.
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기댓값공식

• 기댓값은모든사건에대해확률을곱하면서더하여계산할수있습니다.

• 이산확률변수에대한기댓값은다음의공식을통해계산할수있습니다.

• 연속확률변수에대한기댓값은다음의공식을통해계산할수있습니다.

𝐸 𝑋 = න𝑥 ∙ 𝑓 𝑥 𝑑𝑥

𝐸 𝑋 =෍

𝑖

𝑥𝑖 ∙ 𝑓(𝑥𝑖)

𝒙: 사건

𝒇(𝒙): 확률분포함수
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GAN의수렴과정

• 공식의목표(Goal of Formulation)

• Pg → Pdata, 𝐷 𝐺 𝑧 → 1/2 𝐺 𝑧 𝑖𝑠 𝑛𝑜𝑡 𝑑𝑖𝑠𝑡𝑖𝑛𝑔𝑢𝑖𝑠ℎ𝑎𝑏𝑙𝑒 𝑏𝑦 𝐷

• How can the formulation lead Pg converge to Pdata? original data instance

new data instancekey of proof

원본데이터의분포

생성모델의분포

판별모델의분포
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증명: Global Optimality ①

Proof: For G fixed,

𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑦 → 𝑎𝑙𝑜𝑔 𝑦 + 𝑏𝑙𝑜𝑔 1 − 𝑦 𝑎𝑐ℎ𝑖𝑒𝑣𝑒𝑠 𝑖𝑡𝑠 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑖𝑛 0, 1 𝑎𝑡
𝑎

𝑎 + 𝑏

𝑉 𝐺, 𝐷 = 𝐸𝑥 ~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝐷 𝑥 + 𝐸𝑧~𝑝𝑧 𝑧 [log(1 − 𝐷 𝐺 𝑧 )]

= න
𝑥

𝑝𝑑𝑎𝑡𝑎 𝑥 log 𝐷 𝑥 𝑑𝑥 + න
𝑧

𝑝𝑧 𝑧 log 1 − 𝐷 𝑔(𝑧) 𝑑𝑧

= න
𝑥

𝑝𝑑𝑎𝑡𝑎 𝑥 log 𝐷 𝑥 + 𝑝𝑔 𝑥 log 1 − 𝐷 𝑥 𝑑𝑥

𝐸 𝑋 = න
−∞

∞

𝑥𝑓 𝑥 𝑑𝑥

P𝑟𝑜𝑝𝑜𝑠𝑖𝑡𝑖𝑜n: DG
∗ 𝑥 =

𝑝𝑑𝑎𝑡𝑎 𝑥

𝑝𝑑𝑎𝑡𝑎 𝑥 + 𝑝𝑔 𝑥

same as 𝒐𝒑𝒕𝒊𝒎𝒂𝒍 𝒄𝒐𝒏𝒕𝒓𝒐𝒍:
𝛿𝑉 𝐺, 𝐷

𝛿𝐷
[𝐷∗(𝑥)] = 0
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증명: Global Optimality ②

Proof:

P𝑟𝑜𝑝𝑜𝑠𝑖𝑡𝑖𝑜n: 𝐺𝑙𝑜𝑏𝑎𝑙 𝑜𝑝𝑡𝑖𝑚𝑢𝑚 𝑝𝑜𝑖𝑛𝑡 𝑖𝑠 𝒑𝒈 = 𝒑𝒅𝒂𝒕𝒂

𝐶 𝐺 = max
𝐷

𝑉 𝐺, 𝐷 = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝐷∗ 𝑥 + 𝐸𝑧~𝑝𝑧 𝑧 [log(1 − 𝐷∗ 𝐺 𝑧 )]

= 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔
pdata x

pdata x + pg(x)
+ 𝐸𝑥~𝑝𝑔 𝑥 𝑙𝑜𝑔

pg x

pdata x + pg(x)

DG
∗ 𝑥 =

𝑝𝑑𝑎𝑡𝑎 𝑥

𝑝𝑑𝑎𝑡𝑎 𝑥 + 𝑝𝑔 𝑥

= 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔
2 ∗ pdata x

pdata x + pg(x)
+ 𝐸𝑥~𝑝𝑔 𝑥 𝑙𝑜𝑔

2 ∗ pg x

pdata x + pg(x)
− log(4)

= 𝐾𝐿(𝑝𝑑𝑎𝑡𝑎||
pdata x + pg x

2
)) + 𝐾𝐿(𝑝𝑔||

pdata x + pg x

2
) − log(4)

= 2 ∗ 𝐽𝑆𝐷 𝑝𝑑𝑎𝑡𝑎||𝑝𝑔 − log(4)
𝐽𝑆𝐷 𝑝||𝑞 =

1

2
𝐾𝐿(𝑝||

𝑝 + 𝑞

2
) +

1

2
𝐾𝐿(𝑞||

𝑝 + 𝑞

2
)

removed
when 𝑝𝑔 = 𝑝𝑑𝑎𝑡𝑎 𝐾𝐿(𝑝𝑑𝑎𝑡𝑎||𝑝𝑔) = න

−∞

∞

𝑝𝑑𝑎𝑡𝑎 𝑥 log
𝑝𝑑𝑎𝑡𝑎 𝑥

𝑝𝑔 𝑥
𝑑𝑥
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GAN 알고리즘

for the number of training iterations do

for k steps do

Sample minibatch of 𝑚 noise samples {𝑧(1), … , 𝑧(𝑚)} from noise prior 𝑝𝑔(𝑧).

Sample minibatch of 𝑚 examples {𝑥(1), … , 𝑥(𝑚)} from data generating distribution 𝑝𝑑𝑎𝑡𝑎(𝑥).

Update the discriminator by ascending its stochastic gradient:

𝛻𝜃𝑑
1

𝑚
σ𝑖=1
𝑚 [𝑙𝑜𝑔𝐷 𝑥𝑖 + log 1 − 𝐷 𝐺 𝑧𝑖 ].

end for

Sample minibatch of 𝑚 noise samples {𝑧(1), … , 𝑧(𝑚)} from noise prior 𝑝𝑔(𝑧).

Update the generator by descending its stochastic gradient:

𝛻𝜃𝑔
1

𝑚
σ𝑖=1
𝑚 log 1 − 𝐷 𝐺 𝑧𝑖 .

end for

The gradient-based updates can use any standard gradient-based learning rule. They used momentum.
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Visualization of Experiment

Fig. Visualization of samples from the model

• Not cherry-picked

• Not memorized the training set

• Competitive with the better generative models

• Images represent sharp

Fig. Digits obtained by linearly interpolating between coordinates in 𝑧 space of the model


