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01 Adversarial nets 

Input noise variables 𝑝𝑧(𝑧) 
 
𝐺(𝑧, 𝜃𝑔)represent a mapping to data space a 
𝐺 is a differentiable function represented by 
 a multilayer perceptron with parameters 𝜃𝑔. 
 
Multilayer perceptron 𝐷 x, 𝜃𝑑  outputs a single  
scalar.  
 
D(x) represents the probability that x came from the 
data rather than 𝑝𝑔.  



01 Adversarial nets 

D and G play the following two-player minimax game with value function V (G;D): 



02 Math 

𝑉 𝐺, 𝐷 = 𝐸𝑥~𝑃𝑑𝑎𝑡𝑎 log𝐷 𝑥 + 𝐸𝑥~𝑃𝐺[log⁡(1 − 𝐷(𝑥))] 𝐺∗ = argmin
𝐺
(max
𝐷
𝑉 𝐺, 𝐷 ) 

𝑚𝑎𝑥𝐷𝑉(𝐺, 𝐷) 𝑉 = 𝐸𝑥~𝑃𝑑𝑎𝑡𝑎 log𝐷 𝑥 + 𝐸𝑥~𝑃𝐺[log⁡(1 − 𝐷(𝑥))] 

= 𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙og𝐷 𝑥 𝑑𝑥 +  𝑝𝐺 log 1 − 𝐷 𝑥 𝑑𝑥 

= [𝑃𝑑𝑎𝑡𝑎log𝐷 𝑥 + 𝑃𝐺 𝑥 log 1 − 𝐷 𝑥 ]𝑑𝑥 

𝐷∗ 𝑃𝑑𝑎𝑡𝑎log𝐷 𝑥 + 𝑃𝐺 𝑥 log 1 − 𝐷 𝑥  



02 Math 

𝑓 𝐷 = 𝑎log 𝐷 + 𝑏log(1 − 𝐷) 
𝑑𝑓(𝐷)

𝑑𝐷
= a ×
1

𝐷
+ 𝑏log ×

1

1 − 𝐷
× −1 = 0 

a ×
1

𝐷∗
= 𝑏 ×

1

1 − 𝐷∗
 𝐷∗ =

𝑃𝑑𝑎𝑡𝑎(𝑥)

𝑃𝑑𝑎𝑡𝑎 𝑥 + 𝑃𝐺(𝑥)
 

max𝑉 𝐺, 𝐷 = 𝑉(𝐺, 𝐷∗) 

= 𝐸𝑥~𝑃𝑑𝑎𝑡𝑎 𝑙𝑜𝑔
𝑃𝑑𝑎𝑡𝑎 𝑥

𝑃𝑑𝑎𝑡𝑎 𝑥 + 𝑃𝐺 𝑥
+ 𝐸𝑥~𝑃𝐺[𝑙𝑜𝑔

𝑃𝐺(𝑥)

𝑃𝑑𝑎𝑡𝑎 𝑥 + 𝑃𝐺(𝑥)
] 

=  𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔

1
2
𝑃𝑑𝑎𝑡𝑎

𝑃𝑑𝑎𝑡𝑎 𝑥 + 𝑃𝐺(𝑥)
2

𝑑𝑥 +  𝑃𝐺 𝑥 𝑙𝑜𝑔

1
2
𝑃𝐺(𝑥)

𝑃𝑑𝑎𝑡𝑎 + 𝑃𝐺(𝑥)
2

𝑑𝑥 



02 Math 

= −2𝑙𝑜𝑔2 + 𝐾𝐿(𝑃𝑑𝑎𝑡𝑎|
𝑃𝑑𝑎𝑡𝑎 𝑥 + 𝑃𝐺 𝑥

2
+ 𝐾𝐿(𝑃𝐺(𝑥)||

𝑃𝑑𝑎𝑡𝑎 + 𝑃𝐺(𝑥)

2
) 

= −2𝑙𝑜𝑔2 + 2 ∙ 𝐽𝑆𝐷(𝑝𝑑𝑎𝑡𝑎||𝑝𝑔) 



03 Framework 

log(1 − 𝐷(𝐺(𝑧))) 

log(𝐷(𝐺(𝑧))) 



04 Cross-entropy cost function 

𝐶 =
1

2𝑛
 ||𝑦 𝑥 − 𝑎(𝑥)||2

𝑥

 𝐶 =
1

2
(𝑦 − 𝑎)2 

𝜕𝐶

𝜕𝑤
= (𝑎 − 𝑦)𝜎(𝑧)′𝑥 

𝜕𝐶

𝜕𝑏
= (𝑎 − 𝑦)𝜎(𝑧)′ 𝐶 = −

1

𝑛
 [𝑦𝑙𝑛𝑎 + 1 − 𝑦 ln⁡(1 − 𝑎)]

𝑥

 

𝜕𝐶

𝜕𝑤𝑗
= −
1

𝑛
 [
𝑦

𝜎 𝑧
−
1 − 𝑦

1 − 𝜎(𝑧)
]
𝜕𝜎(𝑧)

𝜕𝑤𝑗
𝑥

 = −
1

𝑛
 [
𝑦

𝜎 𝑧
−
1 − 𝑦

1 − 𝜎(𝑧)
]𝜎(𝑧)′𝑥𝑗⁡

𝑥

 

= −
1

𝑛
 

𝜎 𝑧 ′𝑥𝑗

𝜎 𝑧 1 − 𝜎 𝑧
𝜎 𝑧 − 𝑦

𝑥

=
1

𝑛
 𝑥𝑗(𝜎 𝑧 − 𝑦)

𝑥

 

𝜎 𝑧 =
1

1 + 𝑒−𝑧
 

𝜎 𝑧 ′ = 𝜎 𝑧 (1 − 𝜎 𝑧 ) 

𝜕𝐶

𝜕𝑏
=
1

𝑛
 (𝜎 𝑧 − 𝑦)

𝑥

 



04 Cross-entropy cost function 

 

𝜕𝐶

𝜕𝑏
=
𝜕𝐶

𝜕𝑎

𝜕𝑎

𝜕𝑧

𝜕𝑧

𝜕𝑏
 =

𝜕𝐶

𝜕𝑎
𝜎(𝑧)′
𝜕(𝑤𝑥 + 𝑏)

𝜕𝑏
=
𝜕𝐶

𝜕𝑎
𝜎(𝑧)′ =

𝜕𝐶

𝜕𝑎
𝑎(1 − 𝑎) 

𝜕𝐶

𝜕𝑏
= (a − y)𝜎(𝑧)′ 

𝜕𝐶

𝜕𝑏
= (a − y) 

𝜕𝐶

𝜕𝑎
𝑎 1 − 𝑎 = 𝑎 − 𝑦 𝐶 = − 𝑦𝑙𝑛𝑎 + 1 − 𝑦 ln 1 − 𝑎 + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 



05 Extra 

Training  processing 

𝜃𝐷 𝐽𝐷 𝜃𝐺 𝐽𝐺 

The discriminator's cost 

𝐽𝐷 𝜃𝐷, 𝜃𝐺 = −
1

2
𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 log 𝐷 𝑥 −

1

2
𝐸𝑧𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧))) 

The simplest version of the game is a zero-sum game, in which the sum of all player's costs is 
always zero 

𝐽𝐺 = −𝐽𝐷 



05 

Because 𝐽𝐺 ⁡is tied directly to 𝐽𝐷, we can summarize the entire game with a value function 
specifying the discriminator's payoff 

𝑉 𝜃𝐷 , 𝜃𝐺 = −𝐽𝐷(𝜃𝐷 , 𝜃𝐺) 

Zero-sum games are also called minimax games because their solution involves 
minimization in an outer loop and maximization in an inner loop: 

𝜃𝐺∗ = argmin
𝜃𝐺
max
𝜃𝐷
𝑉(𝜃𝐷 , 𝜃𝐺) 

Extra 



06 MLE 

𝑥1, 𝑥2, … , 𝑥𝑚 𝐿 = 𝑃𝐺(𝑥
𝑖; 𝜃)

𝑚

𝑖=1

 

𝜃∗ = argmax
𝜃
 𝑝𝐺(𝑥

𝑖 , 𝜃)

𝑚

𝑖=1

⁡⁡⟺ argmax
𝜃
𝑙𝑜𝑔 𝑝𝐺(𝑥

𝑖 , 𝜃)

𝑚

𝑖=1

 

𝐷𝐾𝐿(𝑃| 𝑄 = 𝑃 𝑖 𝑙𝑜𝑔
𝑃(𝑖)

𝑄(𝑖)
𝑖

 

𝐷𝐾𝐿(𝑃| 𝑄 =  𝑝 𝑥 𝑙𝑜𝑔
𝑝(𝑥)

𝑞(𝑥)

+∞

−∞

 
z Genetive 

model 

𝐺 𝑧 = 𝑥 
𝑝𝑧 

𝑃𝐺(𝑥; 𝜃) 𝑃𝑑𝑎𝑡𝑎 𝑥  



06 MLE 

= argmax
𝜃
 𝑙𝑜𝑔𝑃𝐺(𝑥

𝑖 , 𝜃)

𝑚

𝑖

 ≈ argmax
𝜃
𝐸𝑥~𝑃𝑑𝑎𝑡𝑎[𝑙𝑜𝑔𝑃𝐺(𝑥; 𝜃)] 

⟺ argmax
𝜃
 𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝑃𝐺 𝑥; 𝜃 𝑑𝑥 −  𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝑃𝑑𝑎𝑡𝑎 𝑥 𝑑𝑥 

=argmax
𝜃
 𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔

𝑃𝐺 𝑥;𝜃

𝑃𝑑𝑎𝑡𝑎 𝑥
𝑑𝑥 

argmin
𝜃
𝐾𝐿(𝑃𝑑𝑎𝑡𝑎||𝑃𝐺(𝑥; 𝜃)) 



07 Advantages and 
disadvantages 

There is no explicit representation of 𝑝𝑔 
 
D must be synchronized well with G during training 

Markov chains are never needed, only backprop is used to obtain gradients 
 
No inference is needed during learning 
 
A wide variety of functions can be incorporated into the model 


