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BGAN and PROBGAN Theory Algorithm Experiments

Introduction

• Slightly improve Bayesian GAN(BGAN, Saatchi and Wilson).
• Change likelihood(operation switch) and prior(informative)

• Theoretically and empirically prove PROBGAN is better than BGAN.
• PROBGAN converges to the true data generation(if true is in our model).
• BGAN is not suitable for any minimax-style GAN objective.
• There are toy example BGAN fails in converging.
• Experiments

• Algorithm: BGAN algorithm + alpha
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BGAN and PROBGAN Theory Algorithm Experiments

GAN Framework

• Data space X , Latent space Z. True data generator: pdata : Z → X .
• Generator with para. θg: pgen(·|θg) : Z → X
• Discriminator with para. θd: D(·|θd) : X → [0, 1]

• GAN(Goodfellow, 2016): Find θg and θd s.t.

max
θd

min
θg

Ex∼pdata [logD(x|θd)] + Ex∼pgen(·|θg) [log (1 − D(x|θd))]

• General GAN Framework: Find θg and θd s.t.

max
θd

Jd(θd|θg) = Ex∼pdata [ϕ1 (D(x|θd))] + Ex∼pgen(·|θg) [ϕ2 (D(x|θd))]

max
θg

Jg(θg|θd) = Ex∼pgen(·|θg) [ϕ3 (D(x|θd))]

• minimax-style: ϕ2 = −ϕ3

• Mode Collapse (Control ϕ, Multiple generator, Bayesian GAN)
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BGAN and PROBGAN Theory Algorithm Experiments

BGAN

• Give a (underying) distn. for θd(qd) and θg(qg).
• Generator: pmodel(x|qg) = Eθg∼qg(θg) [pgen(x|θg)] for x ∈ X .
• Goal: estimate posterior of q
• Information

p(θg|θd) ∝ exp {Jg(θd|θg)} prior(θg|αg)

p(θd|θg) ∝ exp {Jd(θg|θd)} prior(θd|αd)
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BGAN and PROBGAN Theory Algorithm Experiments

BGAN

• Posterior estimation for q: for given q(t)
d and q(t)

g , update qd and qg as:

q(t+1)
g (θg)|q(t)

d ∝ exp
{
E
θd∼q(t)d

Jg(θg|θd)
}

prior(θg|αg)

q(t+1)
d (θd)|q(t)

g ∝ exp
{
E
θg∼q(t)g

Jd(θd|θg)
}

prior(θd|αd)

• prior: weak informative prior (indep. to θg, θd respectively).
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BGAN and PROBGAN Theory Algorithm Experiments

PROBGAN

• prior at time t: informative prior for generator. (Compatibility)

prior(t)(θg|αg) = q(t)
g (θg)(

q(t+1)
g (θg)|q(t)

d → q(t+1)
g (θg)|q(t)

d , q(t)
g

)
• likelihood: switch E and J (intuitive & empirical)
• Posterior estimation for q: for given q(t)

d and q(t)
g , update qd and qg as:

q(t+1)
g (θg) ∝ exp

{
Jg(θg|Eθd∼q(t)d

θd)
}

q(t)
g (θg)

q(t+1)
d (θd) ∝ exp

{
Jd(θd|Eθg∼q(t)g

θg)
}
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BGAN and PROBGAN Theory Algorithm Experiments

(Thm 1) Guarantee of Convergence

Assume the GAN objective(ϕ1, ϕ2, ϕ3) and the discriminator space are
symmetry. If there exist a distn. q∗

g for θg s.t.
pmodel(x|q∗

g ) = Eθg∼q∗g [pgen(x|θg)] = pdata(x) for all x ∈ X , there exists a ideal
discriminator distn. q∗

d s.t. D(x|q∗
g ) = Eθd∼q∗d D(·|θd) = Const.. Moreover, q∗

g
and q∗

d is an equilibrium of the dynamic in previous page.
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BGAN and PROBGAN Theory Algorithm Experiments

(Lemma 1) Compatibility Issue

Consider a joint distribution p(x, y) of variable X and Y. Its conditional
distributions can be represented in the forms of p(x|y) ∝ exp{L(x, y)}qx(x) and
p(y|x) ∝ exp{−L(x, y)}qy(y) only if X and Y are independent and L(x, y) is
decomposable, i.e. ∃Lx and Ly, L(x, y) = Lx(x) + Ly(y).
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BGAN and PROBGAN Theory Algorithm Experiments

(Lemma 2) Convergence Issue

• Set Data space X = {0, 1}, para. space for generator Θg = {θ0
g, θ

1
g}, para.

space for discriminator Θd = {θ0
d, θ

1
d}.

• Generator: pgen(x|θ0
g) = Bern(0), pgen(x|θ1

g) = Bern(1)
• Distn. of generators: qg(θg; |γ) = γI(θg = θ1

g) + (1 − γ)I(θg = θ0
g)

• Discriminator: D(x|θ0
d) = ϵI(x = 1) + (1 − ϵ)I(x = 0),

D(x|θ1
d) = ϵI(x = 0) + (1 − ϵ)I(x = 1)

Lemma 2. For every λ ∈ (0, 1) s.t. the desired generator distribution
q∗

g (θg) ≜ qg(θg|γ = λ) is not a fixed point of the iterative dynamics of
PROBGAN.
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BGAN and PROBGAN Theory Algorithm Experiments

SGHMC based - same with BGAN
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BGAN and PROBGAN Theory Algorithm Experiments

Difference from BGAN

• The only difference is prior term of generator.

∇θg log q(t+1)
g (θg) = ∇θgJ (θg|Eθd∼q(t)d

θd) +∇θg log q(t)
g (θg)

• Solution
• Gaussian Mixutre Approximation (GMA): From Monte Carlo samples of θg

at time t
{
θ
(t)
g,m

}Mg

m=1
, approax q(t+1)

g (θg) as:

q(t+1)
g (θg) ≃ C exp


Mg∑

m=1

∥θg − θ
(t)
g,m∥2

2
2σ2


• Partial Summation Approximation (PSA) Above equation can be expressed

inductively:

∇θg log q(t+1)
g (θg) =

t∑
i=0

∇θgJ (θg|E
θd∼q(i)d

θd)

Therefore, if we store all historical discriminator samples, it can be
calculated.
Practically, we store subset of discriminators.
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BGAN and PROBGAN Theory Algorithm Experiments

High-Dimensional Multi-modal synthetic dataset

• Dataset: latent dim(d) = 2, Data dim(D) = 100, number of modes(n) =
10

z ∼ U [−1, 1]d, x = Ai(z+bi),Ai ∼ N(0, σ2
AID×d), bi ∼ N(0, σ2

bId)(i = 1, .., n)

σA = σB = 5. Generate K samples {xk}K
k=1 ∼ pmodel

• Metric: projection distance
ϵp(x) = min1≤i≤n ϵi(x) ≜ ∥x − Ai(A⊤

i Ai)
−1A⊤

i x∥2.
Hit set Hi ≜ {xk|ϵi(xk) < η} (η: threshold. makes His are indep.)
Projected hit set PHi ≜ {(A⊤

i Ai)
−1A⊤

i x − bi|x ∈ Hi}
• Hit ratio Hr ≜

∑n
i=1 |Hi|/K

• Hit distance Hd ≜
∑n

i=1
∑

x∈Hi
ϵi(x)/

∑n
i=1 |Hi|

• Cover error Cϵ ≜ 1
n
∑n

i=1 KL
(
p̂(·|PHi)||U [−1, 1]d

)
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BGAN and PROBGAN Theory Algorithm Experiments

High-Dimensional Multi-modal synthetic dataset
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BGAN and PROBGAN Theory Algorithm Experiments

Natural Image Dataset

• Dataset: CIFAR10, STL-10, ImageNet
• Metric:

• Inception Score: exp (Ex [KL(p(y|x)∥p(y))]) where p(y|x): pre-trained
inception model(googlenet) and p(y) is average of p(y|x) over all images in
dataset.

Frechet Inception Distance(FID): measure the similarity between the real
and synthetic data.
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BGAN and PROBGAN Theory Algorithm Experiments

Natural Image Dataset
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