Control as Variational Inference

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1:
Control as inference recap



A probabilistic graphical model of decision making

p(s1.7,a1.7) =77 noassumption of optimal behavior!

~

T

p(T|01:T) p(0t|8t7 at) = exp(r(st, at))
. p(Ta OlIT)
PriOwT) = =600

x p(T) Hexp(r(st, a;)) = p(7)exp (Z r(St, at))

t




Policy computation

fort=T —1 to 1:
Qi(se,ar) = T(St; a;) + 10gE[eXP(Vt+1(St+1))]
Vilse) =log [ exp(Qi(st.an))a

Bi(st, az) Vi(s¢) = log B:(s¢)
T(ag|sy) = By (sy)
P Qi(st, ar) = log Bi(se, ar)

m(ag[st) = exp(Qi(se, ar) — Vi(sy)) = exp(Ay(se, ar))



summary

1. Probabilistic graphical model for optimal control

2. Control = inference (similar to HMM, EKF, etc.)

3. Very similar to dynamic programming, value iteration, etc. (but “soft”)



Part 2:
Control as variational inference



The optimism problem

fort=T—1 to 1:

Bi(se, ar) = p(Olsy, at)ESt+1Np(st+1 S¢,az) Big1(st41)] “optimistic” transition
(not a good idea!)
515(57:) = Eatwp(at|st)[18t(sta at)] I ‘

Qt(St; at) = ”-'“(St; at) +,10gE[eXp(Vt+1(St+1))]
let Vi(s¢) = log B:(s¢)

: . 0
let Q¢(s¢,ar) = log Be(s¢, az) why did this happen’

the inference problem: p(si.7,a.7|O1.7)
marginalizing and conditioning, we get: p(a¢|s¢, O1.7) (the policy)

“oiven that you obtained high reward, what was your action probability?”
marginalizing and conditioning, we get: p(s¢y1|st, as, O1.7) # p(St+1|st, az)

“given that you obtained high reward, what was your transition probability?”



Addressing the optimism problem

marginalizing and conditioning, we get: p(a;|st, O1.7) (the policy) «—— we want this
“oiven that you obtained high reward, what was your action probability?”
marginalizing and conditioning, we get: p(s;v1|s¢, as, O1.7) # p(Sta1|st, a;) +—— but not this!

“oiven that you obtained high reward, what was your transition probability?”

“given that you obtained high reward, what was your action probability,

given that your transition probability did not change?”
can we find another distribution ¢(s1.7, a;.7) that is close to p(s1.7, a1.7|O1.7) but has dynamics p(s;11]ss, az)

where have we seen this before?
let x = O1.7 and z = (s1.7,a1.7) find ¢(z) to approximate p(z|x)

let’s try variational inference!



Control via variational inference

let g(s1.7,ar.1) = p(s1) [ I, p(st+1[st, ar)q(as|s:)
same dynamics and only new thing

initial state as p
let x = Oy.p and z = (s1.7,a1.7)

Q) @ @ P(O¢lse, ar)
p(s1.1,a1.7|O17) (a) (a) (as) p(z|x)
S1 So S3 EEEEEN
p(s1) P(St+1]st, as)
q(a¢|st)
q(sv.T,anr) @) @ @ q(2)
S1 S92 S3 EEEEERN

p(s1) p(Sty1|se, ar)



The variational lower bound
log p(x) > E,q(z)|log p(x,2) —log q(z)] let x = O1.7 and z = (s1.7,a1.7)

the entropy H(q)

let q(s1.1,a1.7) = p(s1) [ [, p(St+1lst, ar)q(atst)

T
logp(Or:r) = E(Sl:TaalzT)NQ[N) + Z waﬂ + Z log p(Otlst, at)

t=1 t=1
T T
- IRGe1) — 3 o Pl ) — 3 log )
t=1 t=1
= Els).r,a1.1)~g [Z r(st,ar) — log Q(atISt)]
t

— ZE(St,at)NQ [?“(St, at) + /H(Q(at|st))}

maximize reward and maximize action entropy!



Backward pass summary - variational

value iteration algorithm:
fort =T —1to 1: 1. set Q(s,a) + r(s,a) +yE[V(s')]

Qi(s,ar) =r(se,ar) + E[(Via1(sea1)] 2. set V(s) « max, Q(s, a)

Vi(st) log/exp Q¢ (s8¢, az))day
soft value iteration algorithm:
1. set Q(s,a) < r(s,a) +~vE[V(s')]
2. set V(s) < soft max, Q(s, a)



summary

p(s1.7,a1.7|01.7)

Q(SlzTa al:T)

S1 S9o S3 EEEEER

Vi(st) = log/eXP(Qt(Sta a;))day Qi(st,ar) = r(st,ar) + E[(Vig1(se41))]

variants:
discounted SOC: Q¢(s¢,a:) = r(s¢, ar) + YE[Vir1(sir1)]

explicit temperature: V;(s;) = alog [ exp (éQt(st, at)) day

For more details, see: Levine. (2018). Reinforcement Learning and Control as Probabilistic Inference: Tutorial and Review.



art 3:
Maximum entropy RL algorithms




Q-learning with soft optimality

standard Q-learning: ¢ <— ¢ + aV,Qy(s,a)(r(s,a) + vV (s’) — Qy4(s,a))

target value: V(s') = maxy Qy(s’,a’)

soft Q-learning: ¢ <— ¢ + aVyQ4(s,a)(r(s,a) + YV (s') — Qu(s, a))
target value: V(s') = soft maxa Q4 (s’,a’) = log [ exp(Qy(s’,a’))da’

m(als) = exp(Qy(s,a) — V(s)) = exp(A(s,a))

take some action a; and observe (s;,a;,s;), add it to R

sample mini-batch {s;,a;,s’} from R uniformly

compute y; = r(s;,a;) + ysoft maxe’ Qy(s}, a’;) using target network Qg
d

00— OJZJ (?99 (s5,a7)(Qo(sj,a;) — y;)

update @: copy @ every N steps

gt o F



Policy gradient with soft optimality

Recall:

log p(O1.7) > Z E(s, a:)~q [r(se,ar) + H(q(arlst))] = L(q)

t

Policy gradient objective:

J(0) =) Es, a0)~me [r(st, @) [+ H(mo(ar]s:))]

it is very common to add an
entropy term to policy gradient

entropy has a closed form
expression for most common
policy classes



Soft actor-critic

What if we want an actor-critic algorithm with soft optimality?

!/
store s;, a;, s;

off-policy actor-critic algorithm: /\

1. get (s;,a,,s;) by taking one step with a ~ my(al|s)

2. evaluate y; = (i, 2;) + YEar oy (ar(s) Q7 (8], @) +H (g (a']s]))

3. update ¢ using V, Zf‘il HQg(si,ai) — yil|? 4 \/

4. J(0) = 32 Bannmy(als) [QF (51 a) +H(mo(als)))

5.0 < 60+ aVyJ(h) use batch {(s;,a;,s!)}2, from buffer

2. evaluate y; = r(s;,a;) + fyIEaf,\,m(aqS;)[QAg(s,’i, a’) —logmy(a’ls))]

usually put a “temperature” § in front of H(my(als;))
This is one of the most commonly used

off-policy actor-critic algorithms! why?



Part 4.
nverse reinforcement learning




Inference = planning

p(O4lsy, ay) o< exp(r(ss, ar))

p(SH—l |St7 at)

1. compute backward messages 5; (s, a;) = p(Op.r|st, ar)

2. compute policy p(a;|s;, O1.7)

can we invert this, and learn a reward
function from demonstrations assuming that
the demonstrator uses this model?



Why should we worry about learning rewards?

The imitation learning perspective

Standard imitation learning: Human imitation learning:
* copy the actions performed by the expert * copy the intent of the expert
* no reasoning about outcomes of actions * might take very different actions!

€ Wameken & Tomasello



Why should we worry about learning rewards?

The reinforcement learning perspective

reward

what is the reward?



Inverse reinforcement learning

Infer reward functions from demonstrations

by itself, this is an underspecified problem

many reward functions can explain the same behavior

> D>y
v




Learning the optimality variable

P(O¢|st, as) ¥ explank (s (S )) given:
. *
k—— reward parameters samples {7; } sampled from 7*(7)

p(7]O1.7,¢) x %/)QXP (Z 'rw(st,at)) \

can ignore (independent of 1))

1 N

N
1
maximum likelihood learning: max — log p(73|O1.7, %) = max — ro(T;) — log Z
g wNZ g p(7:|O1.1, ) 2 Y ry(ri) — log

1=1 N 1=1 \

partition function
(the hard part)




The IRL partition function

1 N

max - Z ry (i) —log Z 7 = /p('r) exp(ry(7))dr

Vil = 1 3 Vara(n) - 5 [ o) esplra(r) Vurs(rir

\ J
1

p(T|01:T7U})

VLl = Erme () [Vory(7)] = Eropr|01.0,0) [ VT (T)]

’ \

estimate with expert samples soft optimal policy under current reward



Estimating the gradient

VLl = Eromr) [ Vory(Ti)] = Erpr101.0,0) [V (T)]

/ \

estimate with expert samples soft optimal policy under current reward

idea: learn p(a;|s;, O1.7, %) using any max-ent RL algorithm

J(8) = ) En(span [ro(se,a0)] + Ers, [H(m(als)))

then run this policy to sample {7, }

1 & 1 &
Vol ~ — D Vyry(n) — i > Vyry(r))
i=1 j=1

/ \

sum over expert samples sum over policy samples



More efficient sample-based updates

M
VL~ N z;vd,m ;) Z T (T5)
1 :
sum over expert samples sum over policy samples

improve leesr p(a;|s;, O1.7,1) using any max-ent RL algorithm

littl
@9 then run this policy to sample {7;}

looks expensive! what if we use “lazy” policy optimization?
problem: estimator is now biased! wrong distribution!

solution 1: use importance sampling

VoL N Vars(r) - S Tunn) = 2O S
1=1 7 J j=1 ]



Importance sampling

VL %;wa(n) - Zjle ijv o7 (75) w; = p(7) e;q(ag;p('fj))

\
Ptsa) [, PlSTrriseay) exp(ry (st ar))

J=1

bfsi) HtMW(at’St)

_exp(X, (s ar))

[1; m(atlst)

each policy update w.r.t. ry brings us closer to the target distribution!



guided cost learning algorithm
(Finn et al. ICML "16)

human
demonstrations

initial
policy Tt

generate policy

.
............ @ \

samples fromT = =000 P IX ] e ;
............ ®

autonomous execution i

Tx real-time

: Update reward using
samples & demos

- exp(ry(Ty))
l ‘ YT T ()
update m w.r.t. reward
policy 1t reward r
1 o 1 —
wa, ~ ﬁ ;V¢T¢(Ti) — Zj w, j;ij¢T¢(Tj)

slides adapted from C. Finn



Part 2:
Adversarial imitation learning



't looks a bit like a game...

initial human
policy Tt demonstrations
samples from 7y (7) samples from 7*(7)

M VoLl = V VT (T5)
1 Vy Z Ty (Ti) Y\
Vgﬁ”“m‘i MZVglogﬁg(Tj)T¢(Tj) h
g=1 demos are made more hkely, samples less likely
policy changed to make it harder to

distinguish from demos



Generative Adversarial Networks

Zhu et al. "17 Arjovsky et al. “17 Isola et al. "17

data (“demonstrations”) E- e\

samples from py(x) ~

1
) = arg mgx N Z log Dy (x) + i Z log(1 — Dy (x))

k x~p* X~Ppeo

0 < arg max Exrp, 10g Dy (%)

Goodfellow et al. ‘14



Inverse RL as a GAN

D(x) = p¢ (real image|x) which discriminator is best?
X P*(x)
D*(x) =
Po(x) + p*(x)

for IRL, optimal policy approaches 7y (7) o p(7) exp(ry (7))

choose this parameterization for discriminator: optimize Z w.r.t. same objective as /!

p(r)zexp(r(r)) PER) 7 exp(r (7)) _ ) 7 exp(r(7))

po() +p(7)z exp(r(r)) PRI, mo(alse) +PAQ) 7 exp(r(r))  T1, me(aclse) + 7 exp(r(r))

”

optimize this w.r.t. ¥

Y < arg max Erp[log Dy (7T)] + Ermrg [log(1l — Dy (7))]

we don’t need importance weights anymore — they are subsumed into Z

Finn*, Christiano* et al. "A Connection Between Generative Adversarial Networks, Inverse Reinforcement Learning, and Energy-Based Models."



Inverse RL as a GAN

generator /policy data/demonstrations

mo(7)
i V
samples from p*(7)

samples from 7y (7) *

\ Y < arg max Erp+[log Dy (7)] + Erag,[log(l — Dy (7))]

VoL~ 13 Vologmy(ry)ry(7;) «— D, 3 exp(r(r))

L me(aclse) + % exp(r(7))

j=1
policy changed to make it harder to
distinguish from demos

Finn*, Christiano* et al. "A Connection Between Generative Adversarial Networks, Inverse Reinforcement Learning, and Energy-Based Models."



Can we just use a regular discriminator?

generator /policy data/demonstrations

mo(7)
i V
samples from p*(7)

samples from 7y (7) *

\ ¥« argmax Erp:{log Dy (7)] + Eremo[log(1 = Dy(7))]

M
1 . ,
Vol ~ § :V o log 4 (7;) log Dy () / D, (1) = standard binary neural net classifier

j=1
' - Pros & :
policy changed to make it harder to ros & cons

distinguish from demos
- discriminator knows nothing at convergence

- generally cannot reoptimize the “reward”

Ho & Ermon. Generative adversarial imitation learning.



IRL as adversarial optimization

minimized maximized False True Humanoid expert policies
T I I I Run forwards Run backwards Balance

reward function classifier

A a A y N

Hausman, Chebotar, Schaal, Sukhatme, Lim

human human . T
demonstrations demonstrations Motion Imitation

robot attempt robot attempt

learns distribution p(7) such that D(71) = probability 7 is a demo

demos have max likelihood
p(7) o< exp(r(7)) (MaxEnt model) use log D(7) as “reward” EE |
Reference Motion Learned Policy

% exp (’i" (T) ) \ / (Mocap) (Simulation)

D ( ) 1 . ﬁ the goal is to train a simulated character to imitate the motion.
1 actuallv the 7 ) = SOoIne ClasSsiiier
z exp(r(7)) + 7 (7) v

same thmg! Peng, Kanazawa, Toyer, Abbeel, Levine

D(7) =
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