(/4
" PETUUM

g Carnegie Mellon University

Probabilistic Graphical Models

Reinforcement Learning & Control O O O O
Through Inference in GM (part 2) 0O 0 0 O
Maruan Al-Shedivat @ ®© ©®© O

Lecture 20, April 1, 2020

Reading: see class homepage



% A note on materials used in this module

0 Sutton & Barto. Reinforcement Learning: An Introduction. 2"9 edition.

o David Silver’s UCL course on reinforcement learning.

0 Materials from UC Berkeley’'s Deep RL course.

Q Sergey Levine’s tutorial on RL and control as inference.

0 Brian Ziebart's PhD thesis (maximum causal entropy models).


http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html
http://rail.eecs.berkeley.edu/deeprlcourse/
https://arxiv.org/pdf/1805.00909.pdf
http://reports-archive.adm.cs.cmu.edu/anon/anon/home/ftp/usr/ftp/ml2010/CMU-ML-10-110.pdf

% Plan

Part 1: Intro to RL and Control as Inference Framework
0 Intro to Reinforcement Learning (RL)

o RL and Control as Inference: The GM framework

o Connections to variational inference

Part 2: Max-entropy RL Algorithms Rigortom T Soft Acor e
: . tor cuch teradondo.
0 Recap and an inferential approach to RL o cch o spd
. . . . Se+1 ~ P(Se41/8t,ay)
a Classical Q-learning and policy gradient methods D& DU{fsvaur(suadisi))
. . . for each gradient step do
0 Soft Q-learning and soft policy gradients popnTy

P ¢— A,,V¢J,r(?)
YT+ (-1
end for
end for




Plan

Part 2: Max-entropy RL Algorithms

0 Recap and an inferential approach to RL

o Classical Q-learning and policy gradient methods
0 Soft Q-learning and soft policy gradients

Algorithm 1 Soft Actor-Critic

Initialize parameter vectors v, 1, 6, .
for each iteration do
for each environment step do
a; ~ my(asy)
Se+1 ~ P(Se41/8t,ay)
D« DU {(st,as,7(st,at),8¢41)}
end for
for each gradient step do
Y Y= AvVydv ()
91' «— 91 — )\QV&JQ(G;’) fori € {1, 2}
(;é —¢— )‘wvtﬁ‘]ﬂ'(?)
Vet +(1-7)¢
end for
end for
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{/ Recap: Control as Inference

state

';| Agent |

reward
R,

)
action
A,

r

Initial state

Transition

Policy
Reward

\

Environment ]4

S0 ~~ po(S)
St41 p(3t+1 \ Staat)
a¢ ~~ 7T(6Lt ‘ St)

ry = (8¢, ay)

Initial state
Transition
Policy
Reward

Optimality

s0 ~ po(s)

St+1 ~ P(Se+1 | ¢, a¢)
a; ~ m(as | S¢)
re = 1(S¢, at)

p<0t =1 ’ Styat): eXP(T(StaCLO)

I



/
(/ Recap: Control as Inference

In the classical RL setup, we have:

- T
';| A ent| ) 2 : k
'LJ VW(S) = ]Eﬂ- Y Ttrk41 | St = S
st;te ;;etward Z ction | —0
_ R ( ! - T
5., | Environment ]4 E
+— Qr(s,a) :=E,; E Yo et | s¢ = s,a; = a]
| k=0

max A
Initial state So ~ po(s) a s’
Transition Str1 ~ P(Sta1 | St,a¢) /\ /\ /\T’ max/B\ /8\
: /

Policy a; ~ m(as | s¢) OO OO OO0s e o o oa

Reward ry = T(St, at) Figure 3.4: Backup diagrams for v. and g¢-

m(a|s) =20 (a = arg max Q*(s,a))

X 4



ﬁ Recap: Control as Inference

Running inference in this GM allows us

@ to compute:

p(r | Ovr) x[P(S)Wp(s“.la, o)) ]
"€XP(2_.m)

() (a2 (o
OREFOMD)
o) © ©f © let Vi(s¢) = log Bi(st)

let Q¢(s¢,a¢) = log B (St, at)

Initial state so ~ po(s)
Transition Str1 ~ P(Sta1 | Sty a¢) (O‘b T l + qf)
Policy a ~wlar|s) 0 V(st) = log/GXp(Q(Staat) + log p(atst))a
Reward re = 1(S¢, ) (G )
Optimality p(Or = 1| s¢,a:)=exp(r(se, ar)) : sofrinnex

P(at ! St OI:T) = eXP(Qt(St,&t) — th(ft))
A(omres) @ 8




ﬁ Recap: Control as Inference

Wh|ch objective does inference optimize?

licq - twlucR
@ @ @ @ e o)
OO\ iy —DKL( (MIp(T)) = gassicat R,
/ O‘QJQQ"‘ v e
& F @ DRl
t=1
Initial state so ~ po(s) E(St)”\’ﬁ(st)[%(ﬂ(at ‘ St))]
Transition Str1 ~ P(Sta1 | Sty a¢) R ewl-q_,gf(tj res.
Polic a; ~ m(a; | St :
Rewarz " :T((St,lzt)) . > For deterministic dynamics, get it directly
Optimality p(Or = 1| st,a)= exp(r(st, at)) > For stochastic dynamics, obtain it from

the ELBO on the evidence
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/
(/ A unifying perspective on Imitation, RL, and Planning

@ @ @ @ One of the key advantages of PGM is

the unitying approach to learning

O OO0 pase on likelihood maximization.
@ @ @ @ Start with the complete likelihood:

10g P(Slsz al:Ta OliT)

- /\

Imitation (Behavioral Cloning) Imitation (Inverse RL) & Planning RL

log P(ay.T | s1.7) log P(s1.7,a1.7 | O1.7) log P(O1.7)




/
(/ A unifying perspective on Imitation, RL, and Planning

Imitation (Behavioral Cloning): /_\ = argmaxlog P(ai.r | s1.1)
o Given: t= (Sl:T' al:T) E "

Imitation (Inverse RL): /—\> arg max log P(s1.7, a1 | O1.7)
: T

o Given: t= (Sl:Tl al:T)r OI:T E o

Planning: /"’\> arg max log P(s1.7,a1.7 | O1.7)

o Given: T = (s, ay.7), 011 '

RL: - —> arg max log P(O1.7) >

o Given: Oq.1 T
Z E(Staat)Nﬁ(staat) [T(Stv at)] T
t=1

Eop(on) [H(m(ar | 50))]» M
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Policy Gradient Methods

[Barto & Sutton’s textbook; Sergey Levine’s lectures]



% How do we learn in RL?

M'ﬂ

0* — argmaXETNpe(T) [ r(s¢, }
t=1

Generate samples
(trajectories)
by running a policy

Fit a model /

estimate the return Improve the policy




/
{/ How do we learn in RL?

lteration O




Types of RL algorithms
T
0* = arg max Er e () [Z (¢, at)}
t=1
e Policy gradients: directly optimize the above stochastic objective

e Value-based: estimate V-function or Q-function of the optimal policy
(no explicit policy; the policy is derived from the value function)

e Actor-critic: estimate V-/Q-function under the current policy and use it to
improve the policy

e Model-based methods: estimate the transition model p(s¢41|ss az) and...
e Use it for planning

e Use it to improve the policy



/
f Types of RL algorithms
T
0* = arg max Er e () [Z (¢, at)}
t=1
e Policy gradients: directly optimize the above stochastic objective

e Value-based: estimate V-function or Q-function of the optimal policy
(no explicit policy; the policy is derived from the value function)



’ )'{ow —l—o é,ecn,l’Lad-!Z o -fiq:)ec‘-ora?
ﬁ Policy gradients S, = ewv. init()
. i ,L)ow =1l 4o T
0" = argmaxErnpy (n {Z"“(St»at) oy~ To (6154)
\ t':1 . SH‘) Vi = Cuv, 9+€]’3(Q+)
J(6)
T 1 N T
J(0) = ETNP0<7') [Z r(st¢, at)} ~ N Z ZT(Si,ta ai,t)
t=1 1=1 t=1
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(/ Policy gradients

ro R
0" = argmaxE. ., (r) {Zfr(st,at) No PQ(Z) = '@ T) Vo p(a(T)

0




{/ Policy gradients

0" = argmaxE. ., (r) {Zfr(st,at) No PQ (Z> - g((> Vo p@ (1)

0 \ i—1 ] 5 (T
|
J(6) 2 Lo (23665030
T 1 N
J — TNpem [Zr St, Q¢ } o NZZT(Si,taai,t)
t=1 i=1 t=1
v

VoJ(0) = VoE po(r) r(7)] = /T(T)Vgpg(T)dT = /T(T)pQ(T)VQ log pe(T)dT
= Erpe(r) [T(T) Vo log po(7)]

For more on how to compute derivatives of stochastic objectives see:



% Policy gradients P(QFP (S"’“S“a*>7/‘;(a*‘s*;?

7

VoJ(0) = Erp,(r) [1(T)Vglog pg(T)]

T
Vologpe(T) = Vy {l%) + Zlng(?u/\St, at) + log mg(ay | St)}
t=1
.

T
VoJ(0) =E wp, () [(Z Vologmg(as | s¢ ) (Zr St, Gt >}
t=1

t=1

VoJuL(0) = E

T~Pexpert (7-)

T
ZV@ log g (ay | st)}

t=1



% Policy gradients

V@ J(H) — ETNPQ (1)

(Z Vo log mg(ay | 3t)> (Z T(Staat)>}

. Generate Estimate
REINFORCE algorithm: ‘ the return
1. sample {7;};, under my(a; | s;) /
\
the policy %




Generate - Estimate
samples the return

% Policy gradients: Summary

REINFORCE algorithm

: \ Improve /
1. sample {7;}Y, under mg(a; | s¢) the policy

2. J Z (Z log mo(ait | si t)) (Zt (Si,taai,t))

3. 0« 0+ aVyJ(h)

e Represent a policy with a parametric function (e.g., neural net) and learn it by
optimizing the REINFORCE objective

e Relationship between PG objective and MLE objective: rewards reweight the samples

e REINFORCE gradients are often extremely high-variance —
make use of action causality + value estimators to reduce the variance

.
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{/ Can we get rid of the dependence on the policy?

;N T T
VQJ(H)%NZ[< Vo log g aztszt> (Zr szt,azt>
—1 t=1 t=1

1

e Recall that if we have access to an optimal Q, (s,a), it gives us right away
a corresponding optimal greedy (deterministic) policy:

m(a|s) =146 (a = argmax Q*(s,a))

e |f we don’t have access to an optimal Q, (s,a), we can still try:

a; = arg max Qr(a, st)]



% Policy iteration

e Can we learn a Q-function through interaction with the environment
without a policy?

w(ar | 1) = 8 (ar = argmax [Qn(a,50)]) 7 7
Policy iteration:
Generate Fit a model .
1. evaluate Q). (S, a) ‘ to returns Fit Or (s, @)

2. update m < 7’ \ /
Improve
the policy
T




/
4 Policy iteration via dynamic programming

Policy iteration:
1. evaluate Qr(s,a) = r(s,a) +YEs p(s/|s,a) [V (s")]
2. update ™ < 7’

Ur(8) < 8

vr(s') 8



% Policy iteration via dynamic programming

o (3 CL) — 7Q(S CL) + Y '~p(s’|s, a) Generate - Fit a model

samples to returns

Policy iteration:

\ Improve /
1. evaluate Q (s, a) Tl
/

2. update m « 7

Policy evaluation:
Vi(s) = r(s,7(5)) + YEg wp(s'|s,m(s)) [V (8)]



(/ Policy iteration

starting
V

<z
Policy evaluation Estimate v,
lterative policy evaluation

Policy improvement Generate 7’ > 7
Greedy policy improvement



/
(/ Policy iteration

evaluation

v v

n—>greedy(V)

starting
V

improvement

Policy evaluation Estimate v,
lterative policy evaluation

Policy improvement Generate 7/ > 7
Greedy policy improvement



/
4 Policy iteration

starting
V

<z
Policy evaluation Estimate v,
lterative policy evaluation

Policy improvement Generate 7/ > 7
Greedy policy improvement

evaluation

v v

n—>greedy(V)

improvement



% Value iteration

Generate Fit a model
\ Improve /
the policy

m'(as | s¢) =96 (at = arg max (Qx(a, st)])

e Can we get rid of the policy?

Value iteration:
1. set Q(s,a) < r(s,a) + VEg psis,a) [V (8)]
2. set V #* *
set V(s) ¢ max Q(s,a) «— | /* ()  w




% Fitted Q-iteration

Generate ‘ Fit a model
samples to returns
\ Improve /
—— b the policy
s C AR

e If the state space is high-dimensional, let's represent Qg (s, a) with a
parametric function instead of a tabular representation.

~ Aok CQLQ (S‘) C\>
-~ Ow

—N

Fitted Q-iteration: p .
1. set y; < T(Si, CL@) + ’Y:Es’rvp(s’|s,a) [Vcb(sg,)]

2. set @ < arg min Sis ;) — Y; :
¢ ¢ argm] > Qg (s, ai) — wil




/
(/ Fitted Q-iteration

e Here's our policy-independent algorithm:

1. collect a dataset {(s;,a;, s, r;)} under some policy



/
(/ Fitted Q-iteration

e Here's our policy-independent algorithm:

1. collect a dataset {(s;,a;, s, r;)} under some policy

2. set y; + r; +ymax Qy(s;,a)
()

3. set ® < arg min Sis ;) — Y; :
¢ —argmin }_[Qs(si,a:) — il

1

E = §E(s,a)NB [Q¢(Sv a) - [T(S7 a) + ”)/Hlaa/JX Q¢(S/’ a,)]]

if £ =0, then Q4(s,a) =r(s,a) +ymaxy Qu(s’,a’)

this is an optimal Q-function, corresponding to optimal policy 7’
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/
(/ Recap: Control as Inference

Initial state
Transition
Policy
Reward

Optimality

éWhiCh objective does inference optimize?

— Dxy (p(7)|p(7)) =

P
@ Z E(S“at)Nﬁ(St,at) [T(Sta a/t)]‘|‘

t=1

so ~ po(s) E(St)Nﬁ(St) [H(ﬂ-(at ‘ St))]
St+1 ~ P(St41 | 5¢,a¢)
atN’/T(CLt’St) : o ) ) . .
re = (s, az) . » For deterministic dynamics, get it directly
p(Or =11 s, ar)=exp(r(si,a)) > For stochastic dynamics, obtain it from
" the ELBO on the evidence

3



Generate - Estimate
the return
\ Improve /

the policy

% Soft policy gradients

T
0* = arg meaxt_zl E(s, .a1)~po (se.a0) [T (St at)]

\ J
|

J(6)

T
Z ]E(St’at)Npe(St’at) [T(St’ at)] T E(St)”\“ﬁ(st) [/H(ﬂ-(at ‘ St))]‘:

t=1




Generate - Estimate
the return
\ Improve /

the policy

% Soft policy gradients

T
0* = arg meaxt_zl E(s, .a1)~po (se.a0) [T (St at)]

\ J
|

J(6)

T
D E(s, a0 mpo(se,a0) (56, a8)] + Es, (s [H(m(a | 1)) =

t=1

T
QQZE(Staat)Np0<3t7at)[T(St7 at) — logm(a | s¢)]

t=1

-~




0(;4 e\ pa«(.céj

{/ Relationship to Q-learning Ploy] $:,0,7) = exr( Q- \/‘)
r - Qol(ser) = Vo ls)
Vo ZE(Staat)NPG(Staat)[T(St7 aft) — log 7T(at | St)] / (033 exy CQQ

t=1
v

N T
1
~ N ZZV@ log mg(as | s¢) (T(st,at) + ( Z r(sy,ap) — logmg(ay | 3t’)> — log mg(ay | s¢) — 1)

i=1 t=1 i1
\ ]
Y

~ Q(St+1, A1)

N T
1
N S: S: VoQo(st, ar (T(Sta a¢) + soft max Qo (s¢41, aev1) — Qolst, at))

— — at41
1=1 t=1 . — L

Vism) = s ( exrr Q(su,0un) - M




Soft Q-learning

Learned (neural network) Q-function: Qg(s,a) 1. collect a dataset {(s;, a;, s;,7;)} under some policy
2. set y; < r; + ymax Qy(s;, a)

3. set ¢ < arg min Si, Qi) — Y; 2
¢ —argminy  [|Qs(si,ai) — uil

Q-learning: 0 < 0 + aVyQp(s,a)(r(s,a) + vV (s') — Qy(s,a))

target value: V(s') = max, Qy(s’,a’)

soft Q-learning: 0 < 6 + aVgQy(s,a)(r(s,a) + 7V (s’) — Qy(s,a))

target value: V(s’) = soft maxa Qp(s’,a’) = log [ exp(Qq(s’,a’))da’

39
L



% Soft Q-learning

£10(-2,0)

Learned (neural network) Q-function: Qy(s,a)

—) %
| N { e (0,0)
L‘ "*{“ |\

S
a

S 1025.25)
Q-learning: 0 < 0 + aVyQy(s,a)(r(s,a) + vV (s') — Qy(s,a)) Haarnoja et al. (2017)

target value: V(s') = max, Qy(s’,a’)

soft Q-learning: 0 < 6 + aVgQy(s,a)(r(s,a) + 7V (s’) — Qy(s,a))

target value: V(s’) = soft maxa Qp(s’,a’) = log [ exp(Qq(s’,a’))da’

™



Benefits of soft optimality

e |mproves exploration and prevents entropy collapse

e Empirically, policies are easier to finetune for more specific tasks

e Better robustness (due to wider coverage of states)

e Reduces to hard optimality (by increasing the magnitude of the rewards)

e Good model for human behavior
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/
ﬁ Takeaways

Initial state
Transition
Policy
Reward

Optimality

0 ~ po(s)

St+1 ~ P(St41 | 8¢, a¢)
a; ~ m(as | St)
re = 1(S¢, )

p(Of =1 s, a¢)= exp(r(se,ar))

>

>

PGM provides a unified perspective on
seguential decision-making problems
(RL is just MLE in a corresponding
probabilistic model).

Recursive optimality relationships in RL
have “soft” analogs that come from
message passing in a graphical model.

Probabilistic formalism yields new “soft”
algorithms that work well in practice.

3
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