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RL objective

r* = argmax [ _ [Z R(s,, at)]

T

¥ = arg max = (5,)~p, Z R(s,, at)]

T



MaxEntRL objective

Promoting stochastic policies

r* = argmax [t Z R(s,,a,) +o H(JT( | St))

T

! reward entropy

Why?
Better exploration
Learning alternative ways of accomplishing the task
Better generalization, e.g., in the presence of obstacles a stochastic
policy may still succeed.



Principle of Maximum Entropy

Policies that generate similar rewards, should be equally probable. We do not
want to commit.

Why?

- Better exploration

- Learning alternative ways of accomplishing the task

- Better generalization, e.g., in the presence of obstacles a stochastic
policy may still succeed.



We have seen this before.

Algorithm S3 Asynchronous advantage actor-critic - pseudocode for each actor-learner thread.

// Assume global shared parameter vectors 0 and 6,, and global shared counter T’ = 0
// Assume thread-specific parameter vectors 6’ and 0.,
Initialize thread step counter £ < 1
repeat
Reset gradients: df <— 0 and df, < 0.
Synchronize thread-specific parameters ' = 6 and 6., = 6,
lstart =1
Get state s;
repeat
Perform a, according to policy m(a¢|s¢;6")
Receive reward r; and new state s;

t<—t+1
T'<T+1
until terminal s; or t — tsi0rt == tmax
R— { 0 for terminal s;
1 Vs, 0,) for non-terminal s,// Bootstrap from last state
foric {t—1,...,tstart} do
R+ r,+vR

Accumulate gradients wrt §: d0 <« d@ + Vylog n(a;|s;; 0") (R — V(s
Accumulate gradients wrt 8,: df,, < df, + 9 (R — V (s:;0,,))° /08,
end for

Perform asynchronous update of # using df and of 6., using dé,.
until 7" > T, 02

s ONFPV g H(z(s:6))

“We also found that adding the entropy of the policy rtto the objective function improved exploration by
discouraging premature convergence to suboptimal deterministic policies. This technique was originally
proposed by (Williams & Peng, 1991)”



MaxEntRL objective

Promoting stochastic policies

¥ = argmax [E_ 2 R(s,,a,) +a H(Jz( |St))

T

! reward entropy

How can we maximize such an objective?



Recall:Back-up Diagrams

q.(s,a) =r(s,a)+vy Z 1(s'| s, a) Z r(a'|s)g (s',a’)

s'e§ a'esf



Back-up Diagrams for MaxEnt Objective




Back-up Diagrams for MaxEnt Objective

—logn(a’|s") q(s',a") < a

q,(s,a)=r(s,a)+vy Z 1(s'| s, a) Z n(a'l S’)(qﬂ(s’, a’)—log(r(a’| S’)))

s'e§ a'esf



(Soft) policy evaluation

Bellman backup equation:

gu(s.a) = r(s,a) +y ) T(s'|s.,a) Y 7(a'|s)q,(s",a)
s'es a'ed
Soft Bellman backup equation:

q.(s,a) =r(s,a) + 2 T(s'| s, a’)(qﬂ(s’, a’)—log(nm(a’| s’)))

a',s’

Bellman backup update operator:

(s, a) < r(s,a) +yE [OCS415 Ariq 1 5141)]

St4+1:041

Soft Bellman backup update operator:

O(spa) < r(spa)+yEg . [Q(SH—]a a,q)—log(z(a,,, |St+1))]



Soft Bellman backup update operator is a contraction

Q(St’ at) < r(St’ at) + 7[Est+1,at+1 [Q(St+1a aH_l)_lOg(ﬂ(aH-l |St+1))]

OCspa) < r(spa) +7E, I, 10,11, dpp) = 108y | 50)]]
< r(St’ at) T }/ESt+1Np,Clt+1N7Z'Q(SZ+1’ at+1) T y[EStHNp[EatHNﬂ[_lOg ﬂ(at+1 | St+1)]

< r(St’ at) T }/Est+1~p,at+1~7tQ(St+1’ at+1) T y[EStHNpH(ﬂ( ' |St+1))

Rewrite the reward as:

rsoft(St’ at) — r(St’ at) + }/[E NpH(ﬂ( ) |St+1))

St+1

Then we get the old Bellman operator, which we know is a contraction



Soft Bellman backup update operator

(s, a) < r(s,a) + yE [Q(St+19 a, )—alogn(a,, | St+1)]]

St+150r4+1

Qs a,) < r(spa) +vE; B, 001, a41) —alogm(a, | s, )]
< r(St’ at) T }/ESH_INIO,CZH_INEQ(SZ+1’ at+1) T ya[EstHNp[EatHNfc[_lOg ﬂ(at+1 | St+1)]

< r(St’ at) T yEstHNp,atHNﬂQ(SHl’ at+1) T ya[EstHNpH(ﬂ( ' |St+1))

We know that:

Q(Sza az) A r(Sp ar) + }/[E Np[V(St+1)]

St+1

Which means that:

V(s) = E, .0, a) — alog(a,|s,)]



Review: Policy lteration (unknown dynamics)

Policy iteration iterates between two steps:
1. Policy evaluation: Fix policy, apply Bellman backup operator till convergence

QJZ'(S9 a) <« }"(S, a) + }/[Es’,a’qE(S/a a/)

4. Policy improvement: Update the policy

'(s) = argmaxq,(s,a)
a



Soft Policy Iteration

Soft policy iteration iterates between two steps:
1. Soft policy evaluation: Fix policy, apply Bellman backup operator till
convergence

q,(s,a) =r(s,a) + kg, (qﬂ(s’, a)—alog(n(a’| S’)))

This converges to 4,

2. Soft policy improvement: Update the policy:

mell /T (St)

o gminD. (ﬂk( ) [ SR Gy ))>

Leads to a sequence of policies with monotonically increasing soft g values
This so far concerns tabular methods. Next we will use function approximations
for policy and action values



Review: Policy Improvement theorem for deterministic

policies

Let z, z/ be any pair of determinstic policies such that, forall s € & :

q.(s, w(8)) = v, (s).
Then 7z’ must be as good as or better than =, that is:

Va'(s)2v,(s)



Review: Policy Improvement theorem for deterministic

policies

Let z, #/ be any pair of determinstic policies such that, forall s € & :

q.(s, ' (5)) = v, (s).
Then 7z’ must be as good as or better than z, that is:

Va'(s)2v,(s)

vr(s) < qn(s,7(s))

= E[Ri1 +707(St41) | Se=s, Ay=7"(s)] (by (4.6))
= Ex[Rip1 + yvr(Seq1) | St=s]

< Ex[Rit1 4+ YGn(Si41, 7 (Se41)) | Se=s] (by (4.7))
= Ex[Rit1 +vEr(Rig2 + y0r (Seq2)|St41, Atp1 =7 (S41)] | Se=s]

= En [Rt+1 + YRiy2 + WQUW(SHQ) } St :-5‘]
< Ex [Rt—l—l +YRiyo + 7 Riys + 7 vr (Sq3) } St :S]

<Ep|Rip1 +YRis2 + YV Rips +7 Riga + - } Sp=s|

= ’Uﬂ-/(.S‘).



Review: Policy Improvement theorem for deterministic

policies

Let z, #/ be any pair of determinstic policies such that, forall s € & :

q.(s, ' (5)) = v, (s).
Then 7z’ must be as good as or better than z, that is:

Va'(s)2v,(s)

71-’('5‘) — arginax qW(Sa CL)
a

= argmaxE|R;y 1 +yur(Sii1) | Se=s,Ar=al

a

/ /
— argmax S.,1T|S,a [7’4—7@ S ],
. E p( ) ()

s’ r

mell ZE(S t)

2 = argmin Dy, (ﬂk( sl exp(Q”(s,, - ))>



SoftMax

LOGITS
SCORES SOFTMAX PROBABILITIES

A"

y |1.0—  S(y;)

w | —> p=0.7

6.
= Zey' ——> =
J




Soft Policy lteration - Approximation

Use function approximations for policy and action value functions:

ﬂ¢(at |50 Qgls,)



Soft Policy lteration - Approximation

Use function approximations for policy and action value functions:

ﬂqﬁ(at |50 Qgls,)

1. Learning the state-action value function:
2
Ta(6) = Ets o |3 (Qolst,a0) — Qfst,an) |

Semi-gradient method:

VoJg(0) = VoeQo(as. s¢) (Qa(se. ar) — (r(se. ar) + v (Qa(Se41, ars1) — arlog (mg(ars1[sit1))))



Soft Policy lteration - Approximation

Use function approximations for policy and action value functions:

ﬂqﬁ(at |s,) Qy(s,)

3. Learning the policy:

J.(6) = Ea.p [DKL (W¢(-|st) exp (Qo(st, -))>]

Zo(52) 250 = | exp@seada
Ko/4
”qb(atlst) . .
Vol #) = VyE pEi s (als) 108 RS independent of \phi
Ze(Sr)/
by
7Z'¢(61t | St)

V() =V E lo
¢ (¢) ¢ —sE€D,e~ N (0, 8 eXp(QQ(Sp at))

The variable w.r.t. which we take gradient parametrizes the distribution
iInside the expectation.



Soft Policy lteration - Approximation

Use function approximations for policy and action value functions:

ﬂqﬁ(at |50 Qgls,)

3. Learning the policy: &
my(a,|s,)
exp(Qy(s;> a,))

Reparametrization trick. The policy becomes a deterministic function of
Gaussian random variables (fixed Gaussian distribution):

V¢J (¢) Vd) StED[EatNﬂqs(a'St)l

=f¢(St’ 6) — :uq[)(St) + €2¢(S[)9 €~ '/V(O’I)

\ 4

my(a|s,)
qu] (¢) V¢ s,eD,e~N(0,1) lo

O8 exp (Ol )




average return

average return
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Composability of Maximum Entropy Policies

Imagine we want to satisfy two objectives at the same time, e.g., pick an
object up while avoiding an obstacle. We would learn a policy to maximize
the addition of the the corresponding reward functions:

C

rC(s,a) = % lzzl r{s,a)

MaxEnt policies permit to obtain the resulting policy’s optimal Q by simply
adding the constituent Qs:

1 C
Qi(s, ) ~ — D OF(s, )
=1

We can theoretically bound the suboptimality of the resulting policy w.r.t.
the policy trained under the addition of rewards. We cannot do this for

deterministic policies.

Composable Deep Reinforcement Learning for Robotic Manipulation, Haarnoja et al.



Composable Deep Reinforcement Learning
for Robotic Manipulation

Tuomas Haarnoja, Vitchyr Pong, Aurick Zhou,
Murtaza Dalal, Pieter Abbeel, and Sergey Levine

Berkeley Artificial Intelligence Research
UC Berkeley



https://www.youtube.com/watch?time_continue=82&v=FmMPHL3TcrE

