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Generative modeling

e Density estimation

e Sample generation




Maximum Likelihood

M\LL[

0+ = arg meax —X~Dgata lOg pmodel(X | 9)

N
0 * = arg max Z log p.1oqel(X; | )
-



Maximum Likelihood

iy

0% = arg IIléE)lX ~X~Pdata lOg P model(X ‘ 9)

explicit density



Maximum Conditional Likelihood

iy

0* = arg mgax = p 10€ Pnodel(X 1 6, €)

explicit density



Maximum Conditional Likelihood

Q(X)>
Do (P = — P(o)l
« (P|lO) 2;( (x) "g(p<x>

M\LL[

0* = arg m@ax = p JO& Pinodel(X [ 6, ©)

equiv. to
0+ = arg m@in Dg1. (pdataupmodel(x |10, ¢ ))



Maximum Conditional Likelihood

Dy (P|Q) = — ) P(x)log (%8)
xeX

0 = arg meax ~X~Data lOg P model(X ‘ 9)

equiv. to
0% = arg mein DKL (pdataHpmodel(X ‘ (9))




Maximum likelihood for model learning

* — —
0% = arg max X~Ddata lOg P model(st+1 ‘ 9’ St Cl[)

explicit density



Maximum Likelihood

M\LL[

0* = arg mgax = p 10€ Pnodel(X 1 6, €)
I

2x)~2det(T) "2

1
PrmodelX 16, ¢) = exp <—5(X — (0, 0) "= (x — (o, c))> ,where X =1



Maximum Likelihood-Gaussian with fixed covariance

1
2r)~>det(X)2

1
exp <—5(X —u(0,0) 7 (x — (6, c))> ,where ~ =1

M\Lu

pmode](x | 99 C) —

0* = arg m@ax Evnp,. 108 Piode(X1 0, €)

— i : 2
mng A™~Pdata lOg pmodel(x ‘ 6, C) equiv. 10 mgln _prdata”X - /4((9, C) Hz



Taxonomy of Generative Models

l Direct

Maximum Likelihood
/ \ / GAN

Explicit density Implicit density

N o

- - . Markov Chai
Tractable density | Approximate density ALROV LAl

. . GOSN
-Fully visible belief nets
_NADE N

MADE Variational | Markov Chain

-Pixel RNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA) (Goodellow 2016



Fully Visible Belief Nets

e Explicit formula based on chain (Frey et al, 1996)

rule:

pmodel( ) pmodel X1 Hpmodel(fpz ‘ L1yeonydg— 1

1=2 aﬂ.
%ﬂ'ﬂ

PlxelCNN elephants
e Generation not controlled by a (van den Ord et al 2016)
latent code

e Disadvantages:

e O(n) sample generation cost



Variational Autoencoder

(Kingma and Welling 2013, Rezende et al 2014)

log p(x) > log p()
Jqu logp(a: z)+ H(q)

CIFAR—lO Samples
(Kingma et al 2016)

— Dkuv (q(2)|lp(z | x))

Disadvantages:

-Not asymptotically
consistent unless ¢ is
perfect

-Samples tend to have lower

quality

(Goodfellow 2016)



Energy based models

1
Po(X) = ~ exp (—Eg(x))

Remember from previous class our energy based model over
trajectories, where we parametrized the trajectory cost:

e _CH(T)

Z , e —Co(7)
T

p(r]|0) =

where t = {s,ay, 5, a,, ***, S7, ar} 1S a state/action trajectory

and the cost of a trajectory cy(7) is additive over states: cy(z) = Z cy(s, a,) .

5



Energy based models

1
Po(X) = ~ exp (—Eg(x))

Maximizing likelihood requires sampling to estimate Z:

o pr(x) = (—E,(x) — log Z)
O X) = X Q)

l



Maximum Likelihood

max . Z log p(7;)
0
TiEDdemo



Maximum Likelihood

max . Z log p(7;)

0
7 S Ddemo




Maximum Likelihood

max . Z log p(7;)
0
TiEDdemo




Maximum Likelihood

max . Z log p(7;)

0
7 S Ddemo




Sample approximation for Z

This is a huge integral, intractable to compute: Z = Je_ce(f)dr

i —Cy(7) 1 —Co(7))
Z=|e % = Jq(r) - dt & Z -
.J q(7) | Damp | ceDo q(7))
e—Cg(Tj)
Z(0) = A |
O = Tt & WO\ T5 T 2 T
exp(—cy(7))
Z0) =E,., cy7)+log ( =y e

What g shall we use? Let’s adapt it over time!



MaxEntIRL with Adaptive Importance Sampling

1. Initialize g, either from a random policy or using behavior cloning
on expert demonstations.

2. foriterationk=1...1

3. Generate samples D,, ;. from g,(7)

traj

4. Append samples: D «~D. UD

samp samp traj °

5. Use D, t0O update cost ¢, using gradient descent.

samp

6. Update ¢g,(7) using any RL methoa

1 e %) dc
VoZL(0) = > %D 2 1o 2 (
| demo | 1€D,., . do samp | S Q(T ) d@

Guided cost learning. Finn et al. 2016



MaxEntIRL with Adaptive Importance Sampling

1. Initialize g, either from a random policy or using behavior cloning
on expert demonstations.
2. for iteration k = 1...1

3. Generate samples D
4. Append samples: D

traj

samp

from g,(7)
«~D uD

samp traj °

5. Use D, t0O update cost ¢, using gradient descent.

samp

6. Update ¢g,(7) using any RL methoo

Z(q) =

T~

cy(T) +

maximize entropy of the policy

= gl10g q(7)]

Guided cost learning, Finn et al. 2016



IRL versus IL

In the first lecture, we had seen methods that imitate the experts
directly, without trying to recover a reward.

N
Behaviour cloning: 0 * = arg max Z log my(a; | s;)
A
N
equiv. to min Z || y(s;) — al-H% for a gaussian policy with
0 o a unit covariance

N
or, using an RNN: mein Z |7y(s; = T..5) — aill5
i=1

One problem we had was distribution shift.

Scheduled sampling (sampling from the output of the model during
training) could alleviate that.



IRL versus IL

N
mein Z |my(s;, — T..5s;) — al|,
i=1

* From that point, either you query the expert on what to do

» Or you are asked to map back to the original trajectory

Other problems?



Probability Density

Benaviour cloning

q° = argmin, Dk (p||q)

— p(o)
- ¢ (z)

Maximum likelihood

Probability Density

q" = argmin, Dx1.(q[p)

Reverse KL



GANS to the rescue



Adversarial Nets Framework

D tries to make
D(G(z)) near 0,
) tries to be (G tries to make
near 1 D(G(z)) near 1
Differentiable
function D

x sampled from x sampled from
data model
leferentlable
function G
( Input noise z >

)

(Goodfellow 2016)



Adversarial Nets Framework

=

Discriminator D

Generator G



A Generator network (DCGAN)

Most “deconvs”’ are batch normalized
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(Radford et al 2015)

(Goodfellow 2016)



Minimax Game

L
I = =S Banpia log D(@) — 5

2
JG) — _ (D)

1

. log (1 — D (G(2)))

-Equilibrium is a saddle point of the discriminator loss

-Resembles Jensen-Shannon divergence

-Generator minimizes the log-probability of the discriminator

being correct

(Goodfellow 2016)



Optimal discriminator strategy

m(;n max V(ID,G)=E,., wllogDX)]+E,,llog(l1-D(G(2)))]




Optimal discriminator strategy

m(;n max V(D,G) =E,., wllogDX)]+E,,llog(1-D(G(2)))]

V(D,G) = J Pdata()10g D(x)dx +J p()log(1-D(G(2)))dz

X <



Optimal discriminator strategy

m(;n max V(D,G) =E,., wllogDX)]+E,,llog(1-D(G(2)))]

VID,G) = | Pgaa(0)l0g D(x)dx + J p(2)log(1-D(G(2)))dz

4

Pdaa(0)10g D(x)dx + J p)log(1-D(x))dx

X

|
|



Optimal discriminator strategy

m(;n max V(D,G) =E,., wllogDX)]+E,,llog(1-D(G(2)))]

V(D,G) = J Pdata()10g D(x)dx +J p()log(1-D(G(2)))dz

X <

J Pdaa(0)10g D(x)dx + J p)log(1-D(x))dx

J Pdata(X)10g D(x)+ps(x)log(1—D(x))dx

X



Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X



Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X

dD(x) (pdata(x)log D(X)+pG(x)log(1 — D(x)) —0



Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X

dD(x) (pdata(x)log D(X)+pG(x)log(1 — D(x)) —0

0

1
pdata(x) D(.X) pG(x)l . D(.X) —



Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X

dD(x) (pdata(x)log D(X)+pG(x)log(1 — D(x)) —0

0

1
pdata(x) D(.X) pG(x)l . D(.X) —

1 1
pdata(x) D(X) — pG(x) 1 _ D(X)




Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X

dD(x) (pdata(x)log D(X)+pG(x)log(1 — D(x)) —0

0

|
pdata(x) D(X) pG(x)l D (X) —

1 |
pdata(x) D (X) — pG(x) 1_D (X)

pdata(x)(l o D(X)) — pG(x)D(x)




Optimal discriminator strategy

V(D, G) = J Pdata(X)10g D(x)+p(x)log(1—D(x))dx

X

dD(x) (pdata(x)log D(X)+pG(x)log(1 — D(x)) —0

0

|
pdata(x) D(X) pG(x)l D (X) —

Pdata(X) sz) = pg(x) T ; 5
Paara(¥)(1 = D(x)) = ps(x)D(x)
Pdata(X)
Pdata(*) + DG(X)

D*(x) =




Optimal generator strategy

C(G) = max V(G, D)
D



Optimal generator strategy

C(G) = max V(G, D)
D

=E,p, wllog DEW] +E ., [log(1 — D¥(G(2))]



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D é(G(Z))]
— [Ex~pdam(x)[10g D zl;(x)] + [EprG(x)[log(l _ DEX;(X)]



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D é(G(Z))]
— [Ex~pdam(x)[10g D zl;(x)] + [EprG(x)[log(l _ DEX;(X)]
p data(x) p data(x)

+E,., ollog(l—
Paata®) +pG<x>] wpoe 1O Paaa®) + Po(x) .

= [Eprdata(x) [log



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g D zl;(x)] + [EprG(x)[log(l _ DEX;(X)]

Pdata(X) Pdata(X)
=E._ . log 1+E,., wllogl - )]
pdata( ) pdata(x) _I_ pG(x) pG( ) pdata(x) + pG(-x)
Pdata(X) P(X)
= [Eprdata(x)[log : ] + [EprG(x)[log( )]

PdataX) + pg(x) PdataX) + pg(x)



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g D zl;(x)] + [EprG(x)[log(l _ DEX;(X)]

Pdata(X) Pdata(X)
=E._ . log 1+E,., wllogl - )]
pdata( ) pdata(x) + pG(x) pG( ) pdata(x) -+ pG(-x)
Pdata(X) P
=E,, llog ]+ Eoopoollog( )]
Paia*) Paaia®) + pe(x) P6v) Pdaia*) + pe(x)
Djata(X) Pg(x)
—F,., llog——% 1+ E,p o108 & )] — log 4 + log 4

pdata(x) + P G(-x) pdata(x) + pG(x)



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g Dzl;(x)] + [EprG(x)[log(l _ DEX;(X)]

Evpnllos (S B plloe(l =)

= Brraollo8 pdatalziitix;(;(x)] T [E”%@[log(pdatag}f)p(;(x) .

= Fenuol 108 pdatalziitix;(;(x)] ' [Ex“”’G‘”UOg(pdatag}?pdx) )~ logd ot
—E,, olog—Pae o og(— P00y g4

Pdata®) + pg(x) Pdata®) + pg(x)



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g Dzl;(x)] + [EprG(x)[log(l _ DEX;(X)]

Pdata(X) Pdata(X)
=E._ . log 1+E,., wllogl - )]
pdata( ) pdata(x) + pG(x) pG( ) pdata(x) -+ pG(-x)
Pdata(X) Pe(x)
=E,, llog ]+ Eoopoollog( )]
Paia*) Paaia®) + pe(x) P6v) Pdaia*) + pe(x)
Pdata(X) Pe(x)
=E._ .[log 1+ E,. log( )] —log4 +log4
Para(X) pdata(x) + PG(X) PG(x) p data(x) + pG(X)
2 X 2pc(x
= [Eprd z (X)[log Paas) 1+ [EXNPG(X)[IOg( P )| —log4
- Paaa(*) + pg(x) Paa(¥) + P6(X)
pdata(x) P G(x)

=

X~Piara(X) log PdataX) + Pc(x) ] + lExNPG(X)[lOg Paaa®) + pe®) ] o log 4

2 2




Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g Dzl;(x)] + [EprG(x)[log(l _ DEX;(X)]

p data(x) p data(x )

+E,.., . [log(l —
Paaa(®) + pG<x>] wpoe 1O Paaa®) + Po(x) .
P data(')C ) P G(x)

=E,, llog ]+ Eoopoollog( )]
Paia*) Paaia®) + pe(x) P6v) Pdaia*) + pe(x)

pdata(x) pG(x)
+Er ol —log4 + log4
pdata(x) + pG(x)] Pl )[ Og(pdata(x) + pG(X) )] o2 8

2P data(X) 2pg(x)

+E. [l Cloed
pdata(x) + pG(x)] Pl )[ Og(pdata(x) +pG(X) ) o8

pP data(x ) P G(x)
X~Piara(X) log Paata®) + pe(x) I+ ﬂEprG(x)[log Paata®®) + P6(x)

2 2

ata +
Paas) pG(X)> + Dgy <PG(X)||

= [Eprdata(x) [log

= [E-prdata(x) [log

= [Eprdata(x) [log

=

] —log4

P data(x) + pG(x) >
> — log 4

= DKL <pdata(x) | |



Optimal generator strategy

C(G) = max V(G, D)
D

- [Eprdata(x)[log D g(x)] + [EZNPZ(Z)[IOg(l - D g(G(Z))]
— [Ex~pdam(x)[10g Dzl;(x)] + [EprG(x)[log(l _ DEX;(X)]

p data(x) p data(x)
=E,. B (llog 1+E,., [log(l— )]
Paad ™2 b tata®) + P(X) Pot9) Paata®) + P(x)
P data(')C ) P G(x)
=E,.. B (llog 1+ E,.., llog( )]
Paad ™2 b ara(X) + P(x) P Paara®) + Pe(x)
P data(x) P G(x)
=E.. B (ollog 1+ E,.., llog( )] —log4 + log 4
Paaa®"" b ata®) + P(x) P2 Paara®) + P(x)
2 X 2D~(x
=E,., llog Paaia) 1+ E,., ollog( Pt )] — log 4
“ Pdata(®) + p(x) Pdata(¥) + p(x)
_ Pdata(*) pPg(x)
= Eprnllog el  Brpellog =l = log4
2 2
Pdata®) + po(x)

2
= 2Dygp (pdata(x) | |PG(X)) —log4

P data(x) + pG(x) >
> — log4

= Dgr. <pdata(x) || ) + Dy, <PG(X)||



Optimal generator strategy

C(G) = max V(G,D)
D

P data(x) P G(x )
=E,.  llog I1+E,., llog( )]
pa’ata( ) pdata(x) + pG(-x) pG( ) pdata(x) —|—pG(X)

— 2I)JSD (pdata(x) | |pG(x)) _ 10g4

Since Dygp > 0, C(G) > —log4
We setting P;(x) = pg..(X) IN the equation above, we get:

1 1
C(G) = [Eprdata(x) log 5 + [EprG(x) log 5 = —log4

Thus generator achieves the optimum when Ps(x) = pga(X) -



Learning process

pp(data) Data distribution
l / Model distribution
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Poorly fit model

Diagram from lan Goodfellow



Learning process

pp(data) Data distribution
l / Model distribution
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Poorly fit model After updating D

Diagram from lan Goodfellow



Learning process

pp(data) Data distribution
l / Model distribution
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Poorly fit model After updating D After updating G

Diagram from lan Goodfellow



Learning process

pp(data) Data distribution
l / Model distribution

""""""""""""""""""""""
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1
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' @ ---0--
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T 71 T& TN

Poorly fit model After updating D After updating G~ Mixed strategy
equilibrium

Diagram from lan Goodfellow



Non-Saturating Game

1 1
D) = =By, log D(@) — S, log (1 - D (G(2)))

1
JG) = —5Ezlog D (G(2))

-Equilibrium no longer describable with a single loss
-Generator maximizes the log-probability of the discriminator
being mistaken

-Heuristically motivated; generator can still learn even when

discriminator successfully rejects all generator samples

(Goodfellow 2016)



J(G)

Comparison of Generator Losses

5 '\ ! ! ! !
0 T
5L \‘
1O —  Minimax ]
_15 | — Non-saturating heuristic i
—— Maximum likelihood cost

—20 | |

0.0 0.2 0.4 0.6 0.8 1.0

D(G(2))

(Goodfellow 2014) (Gonion 2010



DCGANS for LSUN Bedrooms

(Radford et al 2015)

(Goodfellow 2016)



Vector Space Arithmetic

Man
with glasses

Woman with Glasses

(Radford et al, 2015)

(Goodfellow 2016)



Is the divergence important?

q" = argmin, Dk (p||q) ¢" = argmin, Dk1.(q|/p)
— @ S = v
> * P \ *
= - - g (x) = / - ¢ (x)
- - \
) )
A A
B z
2 2
a¥) a9)
e, e,
S S
A A

Maximum likelihood Reverse KL

(Goodfellow et al 2016)

(Goodfellow 2016)



Next Video Frame Prediction

Groundtruth Max. Likelihood Adversarial

(Lotter et al 2016)



LLoss does not seem to explain

Takeaway: the approximation strategy

matters more than the loss Goodiellon 2016



Conditional GANS

There is extra conditioning information as input to the
generator



Image-to-image translation




Image-to-image translation

Down

sampling E




Image-to-image translation

Down

sampling E’

---------------------------------------------------




Image-to-image translation

‘ Down

sampling lg,

match

different results



Image-to-image translation

! Down

sampling E I

By putting different memory in the repositories, we get
different results



Image-to-image translation

' Down

- sampling E’

By putting different memory in the repositories, we get
different results



Adversarial Inverse Graphics Networks




Adversarial Inverse Graphics Networks




Generative Adversarial Imitation learning

Find a policy”6 that makes it impossible for a discriminator
network to distinguish between state-action pairs from the expert
demonstations and those produced by the learnt policy 7

mén max V(D,G) = Egppyu(eylog D(x)| +E,p_ () log(1 — D(G(2)))]

D outputs 1 if states comes from the demo policy

min max E7 [log D(s)] + Ex, [log(1 — D(s))]
To

Reward for the policy optimization is how well | matched the demo
trajectory distribution, else, how well | confused the discriminator:
logD(s)



Generative Adversarial Imitation Learning

Jonathan Ho Stefano Ermon
Stanford University Stanford University
hoj@cs.stanford.edu ermon@cs.stanford.edu
NIPS 2016

Algorithm 1 Generative adversarial imitation learning

1: Input: Expert trajectories 7 ~ g, initial policy and discriminator parameters 6, w
2: for:=0,1,2,... do

3:  Sample trajectories 7; ~ my,

4 Update the discriminator parameters from w; to w;1 with the gradient

Er, (Vo log(Du(s, a))] + Er,[Vo log(1 — Dy (s, a))] (17)
5:  Take a policy step from 6; to 6, , using the TRPO rule with cost function log(D,,, ,, (s, a)).
Specifically, take a KL-constrained natural gradient step with

Iﬁ)ﬂ. (Vg log mg(als)Q(s,a)] — AVgH (my),

. 18
where Q(3,a) = E,, [log(D,, ., (s,a))|so = 5,a9 = @l o

6: end for




Generative Adversarial Imitation learning

Cartpole Acrobot Mountain Car HalfCheetah
1.0 R 3 é . 104 1.0 -6- - — —.— - — T— T 1.0 ‘1 - —y - " »; S ;— s : — ;—-0-
0.8 0.8 - o——-=0 < 7 g a
0.6 0.6 "'——_g/o ).6
0.4 0.4 .4 | il
0.2} 0.2} 2 —3~~\ - /__Z__# b
0l o o - o o - - - - wd D0 o - e e o - - | | .0»/---°—-“;—~—-—-
1 1 t’ ‘) ‘ ; 111 18 25
Walker Ant Humanoid
........ - T e :----------"“ | ———— |
A o 8 )5 N‘ ! |
—7 peesnt S S 0.6 |- — .
-0 \\ o o 0.4 /./
1 -1 e — 0.2} .
-o———©
e _1- . O o s - -
11 18 25 1 80 160 2

Performance (scaled)

Number of trajectories in dataset

ixpert ®——&  Behavioral cloning
andom &— FEM

© © GTAL
*  Qurs

Reacher

=

Number of trajectonies in dataset

« GAIL performs better but it requires interactions with the
environment,

» Behaviour cloning wo DAGGER simply fits expert demonstations

* DAGGER requires both interactive expert and interactions with the
environment



Reinforcement and Imitation Learning
for Diverse Visuomotor Skills

Yuke Zhu' Ziyu Wang? Josh Merel Andrei Rusu? Tom Erez? Serkan Cabit
Saran Tunyasuvunakool? Janos Kramar* Raia Hadsell} Nando de Freitas? Nicolas Heess?

fComputer Science Department, Stanford University, USA
iDeepMind, London, UK

Collecting IZ> Training in E> Running on

demonstrations simulation real robot
3D motion controller physics engine real environment

P P e P e *i
o ok

- Combining learning from demonstations with RL from sparse extrinsic rewards

- Used adersarial rewards, where state features were supplied to the discriminator

« Used state information for training the critic, while the actor(policy) was trained directly from
pixels

- Varies appearance and dynamics to permit sim2real tranfer

 Auxiliary tasks to help train visual features for the policy net
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« GAIL on state object-centric features: including actions of the robot deteriorated policy learning!
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Fig. 4: Learning efficiency of our reinforcement and imitation model against baselines. The plots are averaged over 5 runs
with different random seeds. All the policies use the same network architecture and the same hyperparameters (except \).



