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Generative adversarial networks

GANSs can generate incredibly
realistic images!
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Hidden connections...

Generative adversarial networks Variational inference

Reinforcement learning



Hidden connections...

Generative adversarial networks

Reinforcement learning

GANs:
The generator produces an image.
The discriminator judges how good the image is.

RL:
The actor (policy) produces an action.
The critic (value function) judges how good the action is.



Hidden connections...

Variational inference

Reinforcement learning

RL as inference: Maximum-entropy reinforcement learning can be
implemented as a variational inference procedure.



Hidden connections...

Generative adversarial networks Variational inference

Reinforcement learning

A lot of the same techniques:
e Reparameterization trick
e Log-derivative trick/REINFORCE
e Stochastic gradient descent
e Neural networks



Hidden connections...

Generative adversarial networks Variational inference

Reinforcement learning

There are a surprising number of connections among
these fields: is there an underlying explanation?



Hidden connections...

Generative adversarial networks
We are interested in an optimal
generator. The discriminator tells
us how to improve the generator.

Reinforcement learning
We are interested in an optimal
policy. The critic [value function]
tells us how to improve the actor
[policy].

Variational inference
We are interested in an optimal
approximate posterior. The ELBO
tells us how to improve the
approximate posterior.



Hidden connections...

Generative adversarial networks
We are interested in an optimal
generator. The discriminator tells
us how to improve the generator.

Reinforcement learning
We are interested in an optimal
policy. The critic [value function]
tells us how to improve the actor
[policy].

Variational inference
We are interested in an optimal

approximate posterior. The ELBO
tells us how to improve the
approximate posterior.

First-order optimization

We are interested in an optimal
value of a variable. The gradient of
the loss function tells us how to
improve the value of the variable.



Hidden connections...

GAN/RL/VI algorithms minimize some loss function, for which
the discriminator/value function/ELBO /s the “gradient”!



GANs minimize the Jensen-Shannon divergence

min max E,,, [log Dy(x)] + E.<alog(l — Dy(Ge(2)
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GANs minimize the Jensen-Shannon divergence
minmax By, [10g Dy(z)] + . allog(1 — Dy(Goe(2)))]
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GANs minimize the Jensen-Shannon divergence
minmax By, [10g Dy(z)] + . allog(1 — Dy(Goe(2)))]
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GANSs, VI, RL all minimize loss functions
JGAN(p) — JSD(pdataap)
Jvi(q) = KL(q(2) || p(z|z))
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GANSs, VI, RL all minimize probability functionals

J:P(X)—
/

Contains all probability
distributions over elements in X



GANSs, VI, RL all minimize probability functionals

Jaan(p) = ISD(pgatas p) L.r;;t: SfAIIr\ln;Z: Héiess4t>t]§4x3

/

J:P(X)—
/ .

Contains all probability space of all distributions
distributions over elements in X over images.




GANSs, VI, RL all minimize probability functionals

Jvilg) = KL(q(2) || p(z])) cpace of parameters

/

J:P(X)—
/

Contains all probability
distributions over elements in X

In the VI case: P(X) is the space of
all distributions over parameters
(all possible posteriors).



GANSs, VI, RL aII minimize probability functionals

JRL — — K [ E fYth} In the RL case: X is the space of

states and actions S X A

m(s,a) = mw(als) /

/ In the RL case: P(X) is the space of

Contains all probability all distributions over state-action
distributions over elements in X  Pairs (= all possible policies)




GANSs, VI, RL all minimize probability functionals

J:P(X)—




von Mises influence function

probability functional
J:P(X) — [

l gradient VJ(u)

von Mises influence function

VY. X—> R



von Mises influence function

The von Mises influence function

VJ(p): X - R

is the function W, unique up to an additive
constant, such that for all distributions v,

o [0(2)] ~ By ()] = T 2= O ) = T

e—() €



von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).
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von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).




von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).
VJ(W)(x)




von Mises influence function

VIaan(pe) = gl
Y ula)) =log =12
VJrL(m)(s,a) = : (QW(S, a) — V”(s))

L —7



von Mises influence function

1 p(x) |
J — _1 disSrFi)'rcrlriT:]?altor
Vdcanlr) =gl

negative ELBO

VJyi(q)(z) = log

value functions
1 (advantage)

VJrL(m)(s,a) = (@W(s,a) — V”(s))




von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).




von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).
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von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).
VJ(w)(x) = ¥(x)
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von Mises influence function

Let J: P(X) — R be a probability functional, and let un € P(X).
VJ(w)(x)




Theorem 1 (chain rule):
Vo (1g) = Vo Egrpy| V()]
where

U(r) =VJ(uy)(x)

is the von Mises influence function, treated as
constant w.r.t. .




Theorem 1 (chain rule):
Vo (1g) = Vo Egrpy| V()]
where

U(r) =VJ(uy)(x)

is the von Mises influence function, treated as
constant w.r.t. .

VoJ(pg) “=" Vi J(pg) X Vg g



Theorem 1 (chain rule):
Vo (1g) = Vo Egrpy| V()]
where

U(r) =VJ(uy)(x)

is the von Mises influence function, treated as
constant w.r.t. .




Probability functional descent

1. Initialize parameters O arbitrarily

2. Fit a neural network to the von Mises influence function:;

U(z) ~ VJ(ug)(x)

3. Perform the gradient update

N\

0 < 0 — aVyEpmp, V()]

4 Repeat 2 and 3 Theorem (chain rule):

Vod(pg) = Vo Egropy| V()]




Probability functional descent

1. Initialize parameters O arbitrarily

2. Fit a neural network to the von Mises influence function:;

U(z) ~ VJ () (x) E..w (Vi (fol2))
3. Perform the gradient update _—— Efﬁwu@[\i’(x)ve log pug ()]

0« 60— aVy 435,;,\,”9[@(@]

4 Repeat 2 and 3 Theorem (chain rule):

Vod(pg) = Vo Egropy| V()]




Probability functional descent (GANS) ““ %,

1@ o
1. Initialize generator parameters 6 arbitrarily Yo %
2. Fit a neural network to the von Mises influence function: //Xg’bé/
V)
. 1 oz "y 2
U(x) ~ =log o) %
2" 7 paatalT) + Po() o
3. Perform the gradient update 7z,
=2

0 < 60— aVy 41:,;,\%[\11(33)]

4, Repeat2and 3.



Probability functional descent (VI)

1. Initialize approx. posterior parameters 0 arbitrarily

2. We can evaluate the von Mises influence function directly:

) — 1o qp(2)
Nz =g

3. Perform the gradient update

AN

0« 0—aVYE, ) V(2)]

4. Repeat2and3. Negative ELBO



Probability functional descent (RL)
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1. Initialize policy parameters 0 arbitrarily (3%
W)
2. Fit a neural network to the von Mises influence function: %%
I 1 7 e %\S}O'
U(s,a) ~ —3——(Q(s,a)=V"™(s))

1 =7
3. Perform the gradient update

<+ 0—aE, 4|VyE U(s,a)l

“a~1g(als)

4, Repeat2and 3. d"(s) = (1 =) > _~'pf(s)



Probability functional descent (RL)

2,
%,
%,
“®
1. Initialize policy parameters 0 arbitrarily (3%
W)
2. Fit a neural network to the von Mises influence function: %%
I 1 7 e %\S}O'
U(s,a) ~ —3——(Q(s,a)=V"™(s))

1 =7
3. Perform the gradient update

0 < 00—« aswdﬂ[VQ D (a]s) [\P(Sv a)”

“a~Ty
4, Repeat2and 3. d™(s) = (1 — 7’)%71‘]){7(8)
t=0
V. Jge(7)(s,a) = —ﬁf(—g(@”(s?a) —V7(s)) 0«0 —aVy ES@NW@(S,CI)[

U(s,a)l



Probability functional descent

1. Initialize parameters O arbitrarily

2. Fit a neural network to the von Mises influence function:;

U(z) ~ VJ(ug)(x)

3. Perform the gradient update

(9%9—05\/9

4, Repeat 2 and 3.

‘%Nug[‘i’(x)]




Lots of algorithms... but PFD “under the hood"!

Generative adversarial networks Variational inference
e Minimax GAN e Black-box variational
e Non-saturating GAN inference
e Wasserstein GAN e Adversarial variational
o f-GAN Bayes

Reinforcement learning
REINFORCE
Deep deterministic policy gradient
Dual actor-critic
Soft actor-critic



Probability functional descent

1. Initialize parameters O arbitrarily Requires some creativity!

2. Fit a neural network to the von Mises influence function:;

V(z) = VJ(ug)(z)
3. Perform the gradient update

0« 60— aVy 4333,\,”9[\11@)]

4, Repeat 2 and 3.




Influence function via convex duality

Suppose J is convex. Then:

VJ (1) = argmax B, [p(2)] — J*(¢)]

peC(X)
where
J*(¢) = sup /SOdM—J(M)
pEM(X)

is the convex conjugate of J.



Probability functional descent (convex function)

1. Initialize parameters O arbitrarily

2. Fit a neural network to the von Mises influence function:;

b(2) ~ arg ma [Bgnglip(2)] - T*()]

peC(X)
3. Perform the gradient update

(9%9—04\/9

‘%Nug[@(x)]

4. Repeat2and 3. We've recovered a minimax, adversarial game!

min  max [E;UNM[QO(.??)]—J*(SD)]

HEP(X) peC(X)



Lots of algorithms... but PFD “under the hood"!

Generative adversarial networks Variational inference
e Minimax GAN~* e Black-box variational
e Non-saturating GAN* inference
e Wasserstein GAN* e Adversarial variational
o f-GAN* Bayes

Reinforcement learning
REINFORCE
Deep deterministic policy gradient
Dual actor-critic*
Soft actor-critic

Gradient descent in the space of probability distributions!



Lots of algorithms... but PFD “under the hood"!

Generative adversarial networks Variational inference
e Minimax GAN~* e Black-box variational
e Non-saturating GAN* inference
e Wasserstein GAN* e Adversarial variational
o f-GAN* Bayes
Reinforcement learning Your field!
e REINFORCE e Your algorithm!
e Deep deterministic policy gradient
e Dual actor-critic*
e Soft actor-critic

Gradient descent in the space of probability distributions!






What is gradient descent really?

Taylor expansion

FiR" =R Afa Vi) (@)

Generic descent algorithm: choose x such that Af<0.

Gradient descent Af~VFflixn - (—aVflx
ey A% T 05

0

A



Gradient descent in the space of probabilities

Suppose Xis a finite set with n elements,

J : P(X) — R so that P(X) is simply a subset of R”".

Generic descent algorithm: choose p such that AJ<0.

AJ ~VJ(po) - (P—Po)
=VJ(po) P —J(Po) - Po
= Eipl(VI(P0)il = Einp (VI (P0))d]




Gradient descent in the space of probabilities

AJ ~

inpl(VI(P0))i] —

ipol (VI (P0))il

amopiol VI (110) ()]




Gradient descent in the space of probabilities

AJ =~ E;p[(VJ(Po))i] —

ipol (VI (P0))il

Generalize to general sets X, The gradient is now a function

VJ(/LQ):X%R

L~ NV J (o)

()]



Von Mises influence function

The von Mises influence function

VJ(p): X - R

is the function ¥, unique up to an
additive constant, such that for all v,

o [0(2)] ~ By ()] = T 2= O ) = T

e—() €



Gradient descent in the space of probabilities

AJ ~

“3x~u[v<](ﬂ()>(x>]_

b~ [VJ(/LO) (33)]

Generic descent algorithm: choose x such that AJ<0.

At every update, we'd like to find a distribution p such that

Eonu VI (10)(2)] < Eanpy [V (p10) ()]






PFD for Wasserstein GAN

J*( )_ Emwyo[so(x)] ifQOiS 1-LipSChitZ
= 00 otherwise

‘](:u) = W (/J’a VO)

1) Fit a neural network by maximizing the
inner objective (can use SGD)

V() = arg max E.ulo(@)] - J*(#)

2) Take a gradient step on

0 = Epnpy ()]

Probability functional descent
1. Compute or approximate VJ (1)
2. Take a gradientdescentstepon 6 +— E,.,, |V J(ug,)(z)]



PFD for Wasserstein GAN

J*( )_ EmNVO[SO(x)] ifQOiS l-LipSChitZ
= 00 otherwise

‘](:U) = W (/J’a VO)

1) Fit a neural network by maximizing the
inner objective (can use SGD)

VJ(.U) — arg max [Ew,\,# [go(w)] = [ [90(33)]]
p€Lip, (X)

2) Take a gradient step on
0= By lo(2)]

Probability functional descent
1. Compute or approximate VJ (1)
2. Take a gradientdescentstepon 6 +— E,.,, |V J(ug,)(z)]



