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CNN GAN BiGAN Experiments

Generative Adversarial Network

Inputs data: X ∼ PX on ΩX random noise: Z ∼ PZ on ΩZ

Generator G : ΩZ 7→ ΩX

Goal: Find G s.t. G(Z ) L≈ X

Discriminator: D : ΩX 7→ [0, 1], Y ∼ B(1/2)
Goal: Find D s.t.

D
(
YX + (1− Y )G(Z )

)
≈ P

(
Y = 1|YX + (1− Y )G(Z )

)
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Generator G : ΩZ 7→ ΩX

data: X ∼ PX generated data: G(Z ) ∼ PG

Discriminator G : ΩX 7→ [0, 1], Y ∼ B(1/2)
Log loss for D:

− E
[
Y log

(
D(X )

)
+ (1− Y ) log

(
1− D

(
G(Z )

))]
.

Minimax objective
min

G
max

D
V (D, G) .
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Generator G : ΩZ 7→ ΩX

data: X ∼ PX generated data: G(Z ) ∼ PG

Discriminator G : ΩX 7→ [0, 1], Y ∼ B(1/2)
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Divergences

Kullback-Leibler divergence between P and Q

KL(P, Q) =


∫

Ω
ln
(dP

dQ

)
dP if P � Q;

+∞ else.

Jensen-Shannon divergence between P and Q

JS(P, Q) = 1
2KL

(
P,

P + Q
2

)
+ 1

2KL
(

Q,
P + Q

2

)
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V (D, G) = E
[
Y log

(
D(X )

)
+ (1− Y ) log

(
1− D

(
G(Z )

))]
=
∫

ΩX

1
2 log

(
D(x)

)
dPX (x) + 1

2 log
(
1− D(x)

)
dPG(x) dx

Optimal discriminator:

Objective at G∗:

V (D∗G , G) = JS(PX , PG)− log(2)

Global minimum

G∗ = arg min
G

V (D∗G , G) ⇔ PX = P∗G

C(G∗) = − log(2)
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How to learn the inverse mapping X 7→ Z ?
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Bidirectional Generative Adversarial Network

Inputs data: X ∼ PX random noise: Z ∼ PZ

Generator G : ΩZ 7→ ΩX
Goal: Find G s.t. G(Z ) L= X

Encoder E : ΩX 7→ ΩZ
Goal: Find E s.t. Z L= E (X )

Discriminator: D : ΩX × ΩZ 7→ [0, 1], Y ∼ B(1/2)
Goal: Find D s.t.

D
(
Y
(
X , E (X )

)
+ (1− Y )

(
G(Z ), Z

))
≈

P
(
Y = 1|Y

(
X , E (X )

)
+ (1− Y )

(
G(Z ), Z

))
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Bidirectional Generative Adversarial Network
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Minimax objective

V (D, G , E ) = E
[
Y log

(
D
(
X , E (X )

))
+ (1− Y ) log

(
1− D

(
G(Z ), Z

))]
Minimax objective: min

(G,E)
max

D
V (D, G , E )

(
(X , E (X )

)
∼ PXE

(
G(Z ), Z

)
∼ PGZ

Optimal discriminator:

V (D∗G,E , G , E ) = JS(PXE , PGZ )− log(2)

Global minimum:

(G∗, E ∗) = arg min
(G,E)

V (D∗G,E , G , E ) ⇔ PXE∗ = PG∗Z
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Theorem
For (G , E ) an optimal generator-encoder, then G

(
E (x)

)
= x PX a.s. on ΩX

and E
(
G(z)

)
= z PZ a.s. on ΩZ .

Proof. RX =
{

x ∈ ΩX : G
(
E (x)

)
6= x

}
We need to prove that

PX (RX ) = 0.

R =
{(

x , z
)
∈ ΩX × ΩZ : z = E (x) ∧ x ∈ RX

}

PX (RX ) =
∫

ΩX
I{(x ,E(x))∈R

}dPX (x)dx

= PXE (R) = PGZ (R)

=
∫

ΩZ
I{(G(z),z)∈R

}dPΩZ (z)dz

=
∫

ΩZ
I{z=E(G(z)))∧G(E(G(z))) 6=G(z)

}dPΩZ (z)dz = 0
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Empirical evaluation

On MNIST
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On ImageNet
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Convolutional filters learned
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ImageNet classification
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M. Noroozi and P. Favaro. Unsupervised learning of visual representations
by solving jigsaw puzzles
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