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Class Structure

14

/—[ Imitation Learning ]\
(

4 Model-free Reinforcement Learning

Policy Gradient

ADP

Model-based Reinforcement Learning

\—[ Unifying Perspectives on RL and IRL ]/

Exploration

Frontiers

Learning from Prior Data Learning across tasks




Ok, let’s talk about “optimality”

Optimal control problems aim to find the “max” reward policy

T
arg max » r(§,a])

J .3 J
Ay, -, A t:O

3t+1 ~ Dol |3t>at)

T

max E:r, Z r(st, az)
t=0

No notion of smooth suboptimality

People are not perfectly rational,

RRRRDD TR
uuuu&uuuuvyg
Muybridge (c. 1870)

Li & Todorov ‘06

Ziebart ‘08

Ill

noisily” rational



Can we think about “soft optimality”?

So how can we properly model suboptimality?

Some mistakes are more important than others
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Let’s use probability as a tool to represent “soft optimality”
* Going from deterministic to stochastic policies
» Better reward trajectories are “higher” likelihood

* Probabilistic measure of optimality, rather than an optimization one



Let's use probabilistic inference as a tool

T .
arg  max Zr(éi,a{) Rather than taking max wrt returns,

ad,ai,....ad =4 sample proportional to returns

St—l—l ~ Dol |St7at) R = 60

T
max Errg [Z r(s¢, at)]
t=0

Soft RL/IRL
Sampling > Optimization

Langevin Dynamics




Background: Probabilistic Graphical Models

NONO

Convenient way to encode
joint probability distribution

Encodes probabilities and conditional independences
P(A,B,..., ) = llx P(X|Parents(X))

P(A,B,...,) = P(A)P(B|A)P(C|A)P(D|B,C)P(E|D)



Probabilistic Graphical Models

So what can you do with a
6 G @ probabilistic graphical model?

P(B|C, E)
Answer posterior
inference queries

P(A, BIC, E)

What does this have to do

with RL?
Need to “eliminate” variables and use Bayes rule

Isn't RL about maximizing —> Easy in discrete space, challenging in continuous
expected reward?
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Using Probabilistic Graphical Models for Decision Making

p(O¢|s¢,a:) = exp(r(sg, at))

Rewards must be negative
(subtract max reward WLOG)

Introduce binary “optimality” variables — optimal if O=1, suboptimal if 0=0

Agents are observed to be optimal



Ok so how can we cast decision making as a PGM?

p(8t+1 ‘Sta at

50 )——{ 51)

© '@

Ot|8t7at

Otfst,at —exp( (Staat))
T

p(7|Oo.r = 1) o< p(7)p(Oo.7|7) = p(s0) HP(StH’St at)pla|st)p(Ot|se, at)

— p(T) eXp( T(St, at)) “Soft” optimality — higher return trajectories are higher likelihood
t=0



Ok big whoop, what do we do this?

p(3t+1 |3t7 Clt)

S0 fS—l\

t=0
Use case 1: Use case 2: Use case 3:
Derive soft RL algorithms Derive soft inverse RL  Great algorithms for transfer

algorithms



S0 what are we doing inference over?

St11|St, at)

p(
S0 /8—1\ ~
p(at|st) @ @ p(7]O0.r = 1) -
@ p(7) exp(z r(se, at))

p(ot |5t7 at)

Use case 1: Insight: Computing optimal policy = posterior inference

Derive soft RL algorithms p(at ‘Stv Or.r = 1)

“Given that you are acting optimally, what is the
likelihood of a particular action at a state”



Why isn't this trivial?

p(3t+1 |3t7 at)

S0 fs_l\ > p(ot‘sta at) — eXP(T(Sta at))

plag)s:) @ p(7|Oo.r = 1) .
p(7) exp(z r(se, at))

@ '@ @

Optimal Policy = Posterior Inference

p(at, Onr = 1|5¢) _ [ - [ plar, Our =1, sp.7)dS+1.7das 1.7
p(Opr = 1|s¢) [ [ | plae.r, Ovr =1, St.7)dstr1.7dar.T

“Given that you are acting optimally, what is Difficult/intractable to compute
the likelihood of a particular action at a state” - Most RL algorithms are approximations to this

p(at’Stvot:T — 1) —



What makes this so cool?

‘ 81 ‘ 32 Optimal Policy = Posterior Inference
p(a¢|se, Opr = 1)
@ ~ plag, Opr = 1sy)
 p(Opr = 1]sy)
@ @ @ _ J ) Jplaer, Our = 1, sur)dseerirdare v
[ [ | plaer, Onr = 1, sp.7)dsey1.rdas.r

Policy Gradient Approximate DP Model-Based RL
Variational Inference lower bound Variational Inference lower bound Posterior Inference Approximated with
solved with Gradient Ascent solved with dynamic programming Monte-Carlo Samples

Can derive old algorithms + new classes of algorithms from the same framework!
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Why isn't this trivial?

p(3t+1 |3t7 at)

S0 fs_l\ > p(ot‘sta at) — eXP(T(Sta at))

plag)s:) @ p(7|Oo.r = 1) .
p(7) exp(z r(se, at))

@ '@ @

Optimal Policy = Posterior Inference

p(at, Onr = 1|5¢) _ [ - [ plar, Our =1, sp.7)dS+1.7das 1.7
p(Opr = 1|s¢) [ [ | plae.r, Ovr =1, St.7)dstr1.7dar.T

“Given that you are acting optimally, what is Difficult/intractable to compute
the likelihood of a particular action at a state” - Most RL algorithms are approximations to this

p(at’Stvot:T — 1) —



Let's take the simplest possible example

Let us assume p(x|z) is known, as is p(z)

@
Goal: Infer posterior p(z|x)

" e _ P(@2) _ p(al2)p()
@ P =T T

Standard latent-variable model . p(z|2)p(2)

~ [olalz)p(z)dz w
Challenging to compute efficiently with samples

Blei et al




S0 how can we solve this posterior inference problem?

@ Let us assume p(x|z) is known, as is p(z)
Goal: Infer posterior p(z|x)
Xz <
" el =
(@)
Challenging to compute efficiently with samples

MCMC EBMs and Score Matching Variational Inference

Draw 6, ~ Normal(6..1,0)
Normal(0.500,0) = 0.497




What is the key idea behind variational inference?

~

p(©]X)
@ p(z ‘:C) _ p ( T | Z) p ( Z) Space of all distributions %’@} 4 Target distribution
e

Best variational solution
@ Intractable!

Approximate challenging posterior with closest possible “tractable” posterior

Space of
p q '

Gradient ascent

q9(6[2°)



L et’s derive the Evidence Lower Bound

Introduce a “tractable” approximation q(z|x)
fp(x|z)p(z)dz e.g. Gaussian

Intractable! Can choose whatever variational family you want
L - it's an approximation!

@ o " palop) tractable’

¢" argm(bin DKL(Q¢(Z‘$)“p(Z|fE)) Unknown

Known

How can we tractably approximate this objective?



L et’s derive the Evidence Lower Bound

@ p(zlr) = p(|2)p(2) Unknown

p(z) ¢ argmqbinDKL(QqS(Zk’?H|p(z|x))

@ Intractable! Known

Drsaslelolncla) = [ a(alo) log;z'gdz ~ [ atelo)tog B2
|

|
— [ azlo1og azlr)

p(z)

d / 1(2|z) log p(z|2)d= + log p(x)

— Dic(a(z[2)[1p(2)) = Eanygen) llog ple]2)] + log pla)



| et’s derive the Evidence Lower Bound

@ p(zlr) = p(|2)p(2) Unknown

p(z) ¢ argmqbinDKL(QqS(Zk’?H|p(z|x))

@ Intractable! Known

Drr(qs(2|2)||p(2]|2)) = Drr(q(z|z)||p(2)) — E.ng(zle) [log p(z]2)] + log p(x)

View 1: Find best posterior View 2: Maximize marginal likelihood



Fvidence Lower Bound: Best Posterior

@ View 1: Find best posterior
p(z|z) = PEP() Dicr(as(]2)|p(22))

p(x)

— Dic(a(z[2)[|p(2)) = Eanqofa) llog p(a]2)] + log pla)

Y Intractable!
@ Likelihood/prior known — posterior hard to compute

Maximum likelihood Stay close to the prior

Learn a tractable posterior q(z|x) with known likelihood and sampling



_Evidence Lower Bound: Max Marginal Likelihood

@ View 2: Maximize marginal likelihood
p(zlz) = PEIPE) Dic(as(212)|[p(=]2))

p(x)
= Drr(q(z|2)||p(2)) — Esmgzla) log p(x]2)] + log p(x)

Y Intractable!
@ Likelihood unknown and posterior hard to compute

log p() — Drcr(q(z|)[lp(z]2)) = E.nq(z)z) [log p(z|2)] — Dxr(q(z])||p(2))

Dkr(pllg) >0 logp(z) > E.y(z2) logp(z|2)] — Dir(q(z]z)||p(2))

Evidence lower bound — maximize to maximize likelihood \

Learned



Lets revisit our original inference problem in control

Optimal Policy = Posterior Inference

p(at|se, Opr = 1)
_ p(a'tv Opr = 1‘315)
p(Ot:T — 1’575)

_ f f B fp(a’tiT7 Onr = L, St:T)dSH—l;TdCLH_l:T

N f f e fp(a’t:Ta Ot:T — 1, StZT)dSt+1:Tdaft:T

ApprOXimate p(a’t‘st7 OtIT — ]-) by Q(at’St, Ot:T — 1)
& K K | — D
Variational MaxX Lz~ p(x) [ z~q(z|T) logp(z|z)] KL(Q(Z|CE)Hp(z))}

q

Inference , T Tractable techniques for >
a,: i posterior policy computation $
(007017"’7OT) (8076(/0781,0/1’...78’1—’7&’1")




Lets revisit our original inference problem in control

@
Variational

v

Inference
(@)

maxE,p(z) [Ermg(zlz) logp(z]|2)] — D r(q(z|z)|[p(2))]

q Next -
T z derive ELBO and work out how to compute
$ i Policy gradient/Actor-Critic

(007017 . -»OT) (807 apg,S1,A1y--.455T), CLT)



L ecture outline

Control as Inference - Formulation

Variational Inference

l

Control as Inference to Derive Policy Gradient

l

Control as Inference to Derive Q-learning

l

Control as Inference to Derive Model-Based RL



Lets revisit our original inference problem in control

(o)A
O®
OO

Variational
Inference

<

X

Optimal Policy = Posterior Inference

‘ Approximate p(a|s¢, Op.7 = 1) by q(a¢|sy, Opr = 1)

max B p(a) E.q(zlz) logp(z]2)] = Drcr(q(z|2)|p(2))]
<
) 0

(00701 ----- OT) (8070’07817a17‘°'78T7aT)

So what do we need to compute this?
- Choice for ¢(2|x)-- ¢(s0, ao, - - ., sT,a1|O, ...,Or)

Key desiderata:
1) Can sample,
2) Compute KL Divergence



Choice of Variational Family for Approximate Inference

max B p(a) Eg(zla) [logp(x]2)] — Drr(q(2|2)[p(2))]
xr <

! !

(00701?"'7OT) (807a07317a’17"°78T7a’T)

So what do we need to compute this?
- Choice for Q(S()) ag,...,ST, CLT‘007 ce ey OT)

Use temporal structure of the true dynamicsin g

q(s0, a0, - - -, 87,a7|O0; . .., Or) = p(50)P(51(50, @0)q(ao|so)p(s2|s1, a1)g(ails1) ... qlar|sT)

Does it satisfy: = p(So)H?ZOp(St+1 |s¢,a:)q(a¢|s;) Approximate policy for

1) Can sample, True dynamics and initial state platlse, Orr = 1)

2) Compute KL Divergence



Sampling from Variational Family

m(?XEpr(x) [Ezwqﬁzm logp(z|2z)] — DKL(Q(Z‘x)”p(Z))}
// £ <
-7 ¢

-
—
————_—
-

- (007017---7OT) (SO,@Q,Sl,CLl,...,ST,aT>

~~<__ _Doesitsatisfy:
1) Can sample

|

Just sample from the policy q in the true environment p




Computing Evidence Lower Bound

X (007017°°'7OT) Z(SO7a07817a17"'7ST7aT)

Exrvp(x),zwq(z|x) [1ng(33, Z) o log Q(Z’x)]

E so~p(50) logp(so,...,s7,a0,...,ar,0¢,...,0r)—
atNQ(at|8t)
st+1P(set1]se,ar) lOg Q(807 ag, .. .,9T, aT‘007 ce ey OT)‘

E so~p(s0) ”108;17(30) + Z logp(at|s:) + log p(st+1]st, at) + log p(Orst, at)] ] —
3) ar~q(at|st) t

str1~p(se+1]se,ar)

llogp(so) + Z log g(a¢|s:) +1ogp(sit1|se, ar)] ”



Computing Evidence Lower Bound

3)

4)

)

maXEpr(:c) [Ezwq(z|x) [10gp(£|2)] o DKL(q(Z‘x)Hp(z))}

q

E so~p(so) |:|:
at~q(at|st)

St+1~p(Str1|se,at)

E

so~p(so)
atNQ(at|3t)
8t+1NP(St+1|St,CLt)

K

so~p(so)
CLtNQ(CLt |3t)
St+1 Np(8t+1 |3t ,at)

Set to uniform
log/p(s/o) T Z log p(at|s:) + log
t

p(/31+/1’5t7 CLt) + logp(ot‘sta a't)] :| R

WSQ) + Z [1085 Q<at‘5t) T logp%st, at)] :|:|

Z log p(O¢|st, at) — log g(az|st)
t

Z r(se, ar) +Hig(:|se))

t

p(O4lse, ar) = exp(r(se, ar))

Maximum entropy RL

Gradient ascent = PG!



Ok so what did we show?

2
p(Orlse, ar) = exp(r(se, ar))

Optimal Policy = Posterior Inference

Approximate p(a¢|Se, Op.r = 1) by q(a¢|st, Opr = 1)



Ok so what did we show?

Optimal Policy = Posterior Inference

p(at|st, Opr = 1)

Difficult inference problem in closed form
— use variational inference

Find approximate posterior q(z|x) by optimizing the ELBO

Z
¢ {

(00701 ----- OT) (807a07817a17'°°78T7aT)



Ok so what did we show?

Find approximate posterior q(z|x) by
optimizing the ELBO

man Ea:wp(x) [Ezwq(zh:) [logp(zc]z)] T DKL (q(z\x)Hp(Z)ﬂ

E somp(so) [ZlOgP(Ot’St,at) —logq(at]st)] = E  somp(so) ZT(Stvat) + H(q(-|st))
ar~q(at|st) t at~q(at|st) t
St41~p(St+1]s¢,a1) st+1~p(St+1|8t,a1)

Maximize ELBO with SGD = policy gradient!
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~ Can we derive (soft) Q-learning from the ELBO?

Find approximate posterior q(z|x) by
optimizing the ELBO

man Ea:wp(x) [Ezwq(zh:) [logp(zc]z)] T DKL (q(z\x)Hp(Z)ﬂ

ll
=

so~p(so) Z’r(staat) +H(Q(|St))

ar~q(at|st) ¢
St+1NP(St+1 \St,at)

E so~p(s0) [Zlogp((’)t!st,at) — log Q(at’é’t)]
t

CLtNCI(at |3t)
St+1~p(St+1]st,at)

Maximize ELBO with DP = Soft Q learning!



S0 what are we doing inference over?

Use case 1: Analogues for optimal Q and V
V(st) =logp(Or.r = 1]s¢)

Q(st, ar) = log p(Or.r = 1|s¢, at)

Derive soft RL algorithms

"Likelihood of being optimal in the future at some state, action”



Let's optimize the last step of the ELBO

E so~p(so0) [ZT(St,CLt) +H(Q('|St))]

ar~q(at|st) /
st41~p(se+1]st,at)

Consider the last time step

max Esqu(sT) :Eaqu(aT|sT) [T(STa aT) — log Q(aT|ST)H

(log-exp)
R g-exp

sT~q(sT) :Eaqu(aT|sT) [lOg eXp(T(STv CLT)) _ 1Og Q(aT‘ST)H

= Bsrrg(sr) [EaT~q<aTsT> [logexp(T(SmaT)) —log / exp(r(st, ar))dar —IOgQ(aT\ST)] +log / exp(T(ST,aT))daT]

(Add subtract to normalize)
exp(r(st,ar))

[ exp(r(sr,ar))dar

= ESTNQ(ST) [ECLTNQ(CLT|ST) llog — log q(CLTlST)]]

q(ar|sT) exp(r(st,ar))
= ESTNC](ST) [ECLTNQ(GTST) [ log - exp(r(st,ar)) ] ] - ESTNQ(ST) [_DKL(Q(GT|ST)H f eXP(T(ST, aT))daT)
exp(r(st,ar))dar

(Definition of KL divergence)



Let's optimize the last step of the ELBO

E so~p(so0) [ZT(St,CLt) +H(Q('|St))]

at~q(at|st) f
St+1Np(8t+1 |3t ,at)

Consider the last time step

max Esqu(sT) [EQTNq(aﬂsT) r(sT,ar) — log Q(aT|ST)H

exp(r(st,ar)) ] KL-divergence D(p, q) is always non

:]E als —D . . o o .
sT~q(sT) [ xr(a(ar|sT)l] [ exp(r(sT,ar))dar negative and is minimized when p ==q

~ exp(r(st,ar))
a(ar|sr) = [ exp(r(st,ar))dar

Ok let's simplify

Q(st,ar) = r(st,ar) :> g(ar|st) = exp(Q(sr,ar) — V(sr))

Vi(sr) = log/exp(r(sT, ar))dar Optimal policy is proportional to exponential advantage
(soft-max)




Let's optimize the last step of the ELBO

I so~p(so0) [ZT(Shat) +H(Q('|St))]

at~q(ac|se) t
st+1~p(St+1]st,at)

Consider the last time step

max Esqu(sT) [Eaqu(aT|sT) [T(STa aT) o log Q(aT‘ST)H

B B exp(r(st,ar)) / dded back
= Esrng(sr) [ DKL(q<aT|ST)||feXp(T(ST,aT))daT) +log [ exp(r(sr,ar))dar |+—Fadded back)
f

Zero on optimal g Simply the value V(st)

= Eqpnqisr) [V (s7) qlar|sT) = exp(Q(sT,ar) — V(s7))

Simply the expected value Optimal policy is proportional to exponential advantage
(soft-max)




Let's optimize the step before

E so~p(so) Zr(8t7a’t) +H(Q(‘St))

atNQ(at|3t) t
st+1~p(St41]|st,at)

Consider the second last time step

arg méiX EST—lNQ(ST—l)

ECLT—lNQ(aT—1|ST—1) [T(ST—M aT—l) - log Q(CLT_l |8T—1) + ESTNP(ST|8T—1,GT_1) [T(8T7 CLT) - log q(aT|ST)] ]]

ar~q(ar|sT)

Exactly what we computed in the last step

—rarg man EST—lNQ(ST—l) EaT—qu(aT—l\ST_l) [T(STlv aT—1> — log q(aT—1|ST—1) + ]ESTNP(ST|3T—17GT—1) [V(ST>]
1 T From the last slide
Let us call this Q(st.q, a7.4)
Q(sr—1,ar—1) = r(s7—1,07-1) + Egpoip(srlsr_r.ar_1) [V (5T)] (Looks like Bellman!)
—argmax By, | q(sr 1) [Bar_i~glar_1]sr_1) [Q(ST_1, ar_1) —logqlar_1 IST_1)] ] Looks a lot like the previous time-step
q




Let's optimize the step before

E  somp(so) [Zr(st,at) +%(Q(°|8t))]

ar~q(as|st) /
st+1~p(St41]|st,at)

Consider the second last time step

arg méxx EST_l,\,q(ST_l)

EaT_qu(aT_1|ST_1) [Q(ST—17 a’T—l) T log Q(a’T_]- ’ST_]-)]]

Q(sr—1,ar—1) = r(s7—1,a7-1) + Espop(srlsr_1.ar_1) [V (5T)]

Referring back to the last time step math and pattern matching

V(sr—1) = 1Og/GXP(Q(ST—l,aT—1))daT—1 qlar—1|s7—1) = exp(Q(s7—1,ar—1) — V(s7-1))

Optimal policy is proportional to exponential advantage

—15 —-1) — —7—+Es~ss_1a_1v
Q(sr—1,ar-1) = r(s7-1,a7-1) + Esrop(srisr_i,ar_1) [V(57)] (soft-max)




L et’'s make it recursive

This suggests a recursive dynamic programming algorithm!

Q(st,ar) =7r(sr,ar)

Visr) = log/exp(r(sT,aT))daT

» Fort=T-1to1:
Qt(st? at) — T(Sta at) T E3t+1Np(8t_|_1|8t,at) [W+1(St+1)] (Bellman update)
Vi(st) = 1Og/eXp(Q(st,at))dat (Soft-max)
q(at|s:) = exp(Qe(se, ar) — Vi(st)) (Soft-max)

Very similar to the “soft” (entropy) Q-learning procedure from earlier lectures!



What does this suggest as an algorithm?

Optimize a "soft” Bellman equation

Q(st,at) < ¢ + 7E8t+1~ps [V (st41)] Qsoft(5t7 at) T 7E8t+1Nps [‘/SOft(St-l-l)]
V(st) + max Q(s¢, a) Vot (8¢) alog/ exp <;Qsoft(3t,a’)>da/
a A

1
m(alsy) < arg max Q(s¢,a) Tsoft (@]St) = exp (a(Qsoft(Sta a) — Vsoft(St))>

S _—

Go from max to “softmax” (imagine if a goes to 0, it becomes a max)

Prevents premature collapse of exploration while smoothing out optimization landscape!



Why should we ever do soft-Q learning?

Optimization benefits Transfer

Corollary 5.1. (Iteration complexity with log barrier regularization) Let 5 := (1—577)—3 + % Start-
ing from any initial 09, consider the updates (13) with A = <952 andn = 1 /Bx. Then for all
2

7r
4%

o

starting state distributions p, we have
2

320|S)?| A2
(1—n)0e

71.*
&

i *(p) — V® < >
I&lj{l{V (P —VY9(p)} <€ whenever T > .

Deals better with misspecification

Original Dynamics Perturbed Dynamics
* *
,\‘ ~
—
— —— Standard RL MaxEnt RL * goal —




Ok so what did we show?

Find approximate posterior q(z|x) by optimizing the ELBO using dynamic programming

man Emwp(a:) [Ezwq(z|m) [10gp(33|2)] _ DKL(Q(ZLCE) | |p(Z))}

B somp(so) [Zlogp(@\st;at) —logQ(at\St)] = B snptn [ZT(Sta at) + H(Q('St))]
at~q(at|st) n ar~q(at|st) t
3t+1Np(5t+1|Staat) St_|_1fvp(8t+1|8t,at)

Can derive a “soft” dynamic programming Q-learning update

— Fort=T-1to1:

Qt(St, CLt) — ’I“(St, at> + E3t+1NP(St+1 |5¢,a4) [‘/t—l—l (St_|_1)] (Bellman update)

Vi(ss) = 1Og/eXp(Q(St,at))dat (Soft-max)

q(at|s:) = exp(Qe(se, ar) — Vi(st)) (Soft-max)
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Let's back up from VI to max likelihood

p(8t+1 |3t> at)

S0 /5_1\ > p(ot‘sta at) — eXP(T(Sta at))

plag)s:) @ p(7|Oo.r = 1) .
p(7) exp(z r(se, at))

@ '@ @

Let us assume we get a bunch of data of (s, a, s, r) from the true system p

We will try to learn a surrogate model p to approximate p, use it for posterior inference



Model Learning via Maximum Likelihood

n%inDKL(p(so,...,ST,CLO,...,aT,OO,...,C’)T)Hﬁ(so,...,sT,ao,...,aT,(’)O,...,(’)T)

l Definition of KLD
mﬁa’xEp(SO,...,ST,CLO,...,CLT,OO,...,OT) [lOgﬁ(So, c ey ST, AQ, ..., AT, 007 U OT)]

l Expansion of joint

mﬁaXEp(so ..... s7,a0,..,a1,00,...,O) llogﬁ(80)+2[logﬁ(8t+1St,at)+logﬁ((9tst,at)]
t

Model learning Reward learning

Fitting p amounts to supervised learning on dynamics and rewards



Model Learning via Maximum Likelihood

Approximate model

Fitting p amounts to supervised learning on dynamics and rewards

How do we actually use this approximate model to obtain optimal actions?



Policy Extraction via Posterior Inference

Approximate model

Certainty equivalence <

Key idea: pretend that approximate
model p'is the true model

p(at|se, Opr = 1)

Just like in MFRL -
perform posterior inference

But pretend that the model were true



Ok so how we do perform this inference?

ﬁ(@t‘sta Oy = 1)

d

A %/’

3
N\

@él}% M

Model-based policy optimization methods (Dyna ++) MPPI-style planning methods

Idea 1: Variational inference in p ldea 2: Use Monte-Carlo Sampling for Inference



Fquivalence between posterior inference and MPPJ

ﬁ(at‘sta Oy = 1)

Let’s expand out the nasty integrals with Bayes rule
ﬁ(ata St Ot:T — 1)
ﬁ(sta Ot:T — 1)

[ pa, sty appr, Seq1s - - ar, 8T, Opr = 1)dsepidagyr - . . dspdar
ﬁ(staot:T — ]-)

X // . /ﬁ(at, Sty At11,Sta1,--- a7, ST, Opr = 1)dsii1dagiq ... dspdar



Fquivalence between posterior inference and MPPJ

pla¢|sg, Opr = 1)
X // .- /ﬁ(at, Sty At4+1,5 St+1,---50a17,5T, Ot:T — 1)d3t+1dat+1 c. dSTdCLT

Dynamics  Action prior  Optimality
s [ [ [ ptsom
[ [ [ itom,

P(ser1lst, ar)plas|se)p(Oslse, at) | dsir1dasyy - . . dspdar

P(St+1]s¢, at)p(at|st)] exp [Z (¢, at)] dsii1dagiq .. .dspdar

!
Substituting optimality definition p(O:|s¢, a;) = exp(r(s¢, at))

ox so~p(s0) CXp Z r(st, at) Just using definition of expectation
ar~p(at|st) t
St+1~P(St+1]s¢,at)



Fquivalence between posterior inference and MPPJ

ﬁ(at‘sty Oy = 1)

Zr(st,at)H

t

x K so~p(so) |:eXp
ar~p(at|st)

st+1~P(St+1]st,at)

Taking a bunch of samples through model -
choose actions proportional to the expected sum of rewards

Can keep repeating with ~x K so~p(s0) {GXP {Z r(st, at)} }

updated action prior > at~p(ag]se) t
st+1~P(st+1]5¢,a1)

Can be thought of as a sampling-based Monte-Carlo approximation to posterior



Ok so what did we show?

Step 2: Obtain posterior actions via Monte-Carlo approximation (approx MPPI)

_x K so~p(s0) [eXp [Z"“(St,at)]

at Nﬁ(at|8t)
st+1~P(St+1]s¢,a¢

t
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Class Structure

14

/—[ Imitation Learning ]\
/

4 Model-free Reinforcement Learning

Policy Gradient ADP

Model-based
Reinforcement Learning

J -

x[

Unifying Perspectives on RL and IRL

—

Exploration

Frontiers

Learning from Prior Data

Learning across tasks




