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Lots of algorithms...

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

Reinforcement learning
Policy iteration/Q-learning
REINFORCE
Deep deterministic policy gradient
Dual actor-critic
Soft actor-critic



Lots of algorithms... but same “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
Policy iteration/Q-learning
REINFORCE
Deep deterministic policy gradient
Dual actor-critic
Soft actor-critic



They all minimize probability functionals

Generative adversarial networks Variational inference

Jaan(u) = D(p|[w) Jvi(q) = Dxw(q(0) || p(6]x))

Reinforcement Iearnmg

Jrn(m) = —E [ Z ’Yth}



They all minimize probability functionals

J:P(X)—
/

Probability distributions over elements in X
(in the GAN setting: generators of images)



Review: gradient descent in R"

f . Rn — R Tnew < Lo — OéVf(ZU())



Review: gradient descent in R"

flinear(w) — f(a;O) + (aj — ZEO) ) V.f(CEO)



Review: gradient descent in R"

() = finear(z) = f(20) + (x — 20) - Vf(x0)

Gradient descent says: if we move x such thatf.
decreases, hopefully f will decrease as well
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Review: gradient descent in R"

() % fiinear(z) = £a0) + (z — 30) - V£ (o)

Gradient descent says: if we move x such thatf.
decreases, hopefully f will decrease as well

Tnew < Lo — O{Vf(flf())
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S flinear ((I?())



Review: gradient descent in R"

() % fiinear(z) = £a0) + (z — 30) - V£ (o)

Gradient descent says: find x__ such that

Lnew * Vf(CU()) § Lo - Vf(il?())



Linear approximation of a probability functional

Q

f(z) = f(zo) + Vf(zg) - (x — x0)
J() ~ J(u /VJ A4 — o)

J:P(X)—>R  VJ(u): X —>R



Linear approximation of a probability functional
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Linear approximation of a probability functional
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Linear approximation of a probability functional

f(x) = f(xo) + Vf(zo) - (x — x0)
T (1) ~ T (o) + / V. (o) d(pt — po)

= J(e) + B[V (10) ()] — g NG

J
Eyn|VJI (o) ()] + const.

J:P(X)—>R  VJ(u): X —>R



Linear approximation of a probability functional

f(x) = f(xo) + Vf(zo) - (x — x0)
T (1) ~ T (o) + / V. (o) d(pt — po)

J Tt s VJ(po)(z)] — Egn o)
=E;,|VJ(10)(z)] + const.

;

J:P(X)—>R  VJ(u): X —>R

von Mises influence function



Probability functional descent

1. Compute or approximate VJ(MO)
2. Find a distribution p such that

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

J:P(X)—>R  VJ(u): X —>R

von Mises influence function



Probability functional descent

1. Compute or approximate VJ(MO)
2. Find a distribution p such that

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

2 (in practice). Parameterize p with 8 and take a gradient descent step

0 — Eypp, VJ(pa,) ()]

on the function




Probability functional descent

1. Compute or approximate VJ(MO)
2. Find a distribution p such that

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

1 (in practice). Fit a neural network to VJ(,UO) - X =2 R
2 (in practice). Parameterize p with 8 and take a gradient descent step

on the function Neural network

0 — Eypp, NVJ (e, )()]




PFD for minimax GANs

J(u) = Djs(u|vo)

VJ()(2) = 5 log — 12

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



PFD for minimax GANs

J(,LL) — DJS (:U" ’VO) 1) Fit a neural network to this

(a “discriminator”) D(:U)

2) Take a gradient step on the
generator

0 E,,, [} log D(x)

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



PFD for variational inference

J(q) = Dxr(q(2) || p(z|))

VJ(g)(z) = log p<?(> ;<z>

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



PFD for variational inference

J(Q) — DKL((](Z) Hp(z’a;))
(Z) 1) We can compute this exactly,
VJ(q)(z) = log

no need to fit a network to it

p(z|z) p(z)

2) Take a gradient step on the ELBO

q6,(2) ]

z|z) p(2)

00— E,. [log
qo p(

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



PFD for actor-critic RL algorithms

J(m) =—-E { i Vth}

VJ(m)(s,a) = —(1=7)(Q"(s,a) — V7(s))

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



PFD for actor-critic RL algorithms

00
E ' t
J(ﬂ') — —K |: i i Rti| 1) Fit a neural network to this advantage
function (e.g. by minimizing the Bellman
t=0 residuals)

VJ(m)(s,a) = —(1—7)(Q(s,a) — V(s))
2) Take a gradient step on

6 — —E(Sﬂ)wm [Qm’o (S, CL) — V™0 (S)}

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



PFD for minimax GANs

J(,LL) — DJS (:U" ’VO) 1) Fit a neural network to this

(a “discriminator”) D(:U)

2) Take a gradient step on the
generator

0 E,,, [} log D(x)
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convex conjugate

PFD for any convex function 7= M;ﬁ{’m/@d“ — )

J () convex

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

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



convex conjugate

PFD for any convex function 7 )= Mesﬁ{’x)/wd” — )

J(p) convex

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)]



convex conjugate

PFD for any convex function 7 )= Mesﬁ?x)/wd“ — )

J(p) convex

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

VJ(u) = arg max [Ewwu[gp(a})] — J*(go)}
weC(X)

Neatly summarized as a minimax game!

inf sup E,.,.|o(z)] — T (¢
HEP(X) pec(X) Sa ) 0 — Eoropy ()]

Fropdpllity turictioridi aescerit
1. Compute or approximate VJ (1)
2. Take a gradientdescentstepon 6 +— E,.,, |V J(ug,)(z)]

2) Take a gradient step on




PFD for Wasserstein GAN

‘](: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*( )_ 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)]



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

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

f-GAN

Bayes

Reinforcement learning
Policy iteration/Q-learning
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Deep deterministic policy gr
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