CS885 Reinforcement Learning
Module 1: May 26, 2020

Trust Region and Proximal Policy Optimization

Schulman, Levine et al. (2015) Trust Region Policy Optimization
Schulman Wolski et al. (2017) Proximal Policy Optimization
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Gradient policy optimization

* REINFORCE algorithm

* Advantage Actor Critic (A2C)

* Deterministic Policy Gradient (DPG)

* Trust Region Policy Optimization (TRPO)
* Proximal Policy Optimization (PPO)
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Recall Policy Gradient

Gradient update:
0 —0+ayA(s,,a,)Vlogng(a,ls,)

A2C on hopper-v2 with different a’s

a is difficult to set e
— Small a: slow 1500 _iijz
but reliable convergence =% iZﬁi;,N
— Big a: fast j -
but unreliable E ZZZ

250
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Trust region method

Trust-Region Step

rust Region oleuadratic model

* We often optimize a
surrogate objective
(approximation of /)

_," Line Search Direction

of Quadratic model

> >

Contours of surrogate fn

* Surrogate objective may
be trustable (close to V)

only in a small region
Gradient
Direction

e Limitsearch to small
trust region

Zontours of V

Choi, Choi (2005)
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Trust region for policies

Let 6 be the parameters for policy mg(s|a)

We can define a region

around 8: {8'| D(6,0") < &6}

or around mg: {8'| D(mg, myr) < 6}
where D is a distance measure

V often varies more smoothly with g than 6
small change in Ty [_usually > small changein I/

small change in @ Lmoreoften > |3rge changeinV

Hence, define policy trust regions



Kullback-Leibler Divergence

KL-Divergence is a common distance
measure for distributions:

(x)
Dicr(p,4) = T p () log =5

Intuition: expectation of the logarithm difference
between p and g

KL-Divergence for policies at a state s:
To(AlS)

Dy (o (- 15), 5 (- 1s)) = Lame(als) log

5 (als)
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Trust Region Policy Optimization

 Consider an initial state distribution p(sg)

 Update step:

0 « argmax Es ., [V"0(sg) — V™ ()]

6
subject to max DKL(nQ(- |s), g (- |S)) <90
S

ONP[
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Reformulation

* Since the objective is not directly computable, let’s
approximate it:

argmax Eg ., [V"8(sg) — V™0 (s¢)]
6

~ arg@maXESNHQ A~ [n (a|s)A9(S a)]

where ug(s) is the stationary state distribution for

* Let’s also relax the bound on the max KL-divergence
to a bound on the expected KL-divergence

max D1 (mo (- |5),m5(- s)) < 6
is relaxed to Es, [DKL (7'[3(‘ |s), g (- |S))] <0



Derivation

T4(A|S)
arggnax ESNHQ, a~Tlg [TL’Z (als) A9 (S, a)]

= argmax X g (5) Za o (als) |

5(AlS)
e (A|S)

Ap (s, a)]

= argmax )5 g () Lamg(als) Ag(s, a)
0 since Uz =~ Ug

~ argmax ;s ug (s) Za g (als)Aq (s, a)
O since pz(s) & TXo V" P(s, = 9)

= argmax ¥, X0 Y "Py(sn = 5) Zamg(als)Ag(s, @)
0

— argmax ESo,Sl,...NP’é , ao,al,..."’ﬂ:’é [Z’I?lo=0 ynAH (STU an)]
6



Derivation (continued)

— arglnax ESO»Sly---"’P’é , ao,al,m,\,né [Z%?:O ynAH (STU an)]

since Ag(s,a) = Eg p(s'|sa) [r(s) + yVTo(s") — Ve (s)]

= argmadx Eso,sl,...~P-9~ , A0,A1,...~Tg D=0 Y (r(sp) + ¥V (sp41) — V™(sy))]

— argglax ESo,Sl,..."’P‘é , ao,al,..."’ﬂf‘é :Z?Cil,o=0 ynr(sn) — Vne (SO)]
— argglax ESO;S]_,..."'P‘H' , ao,al,..."'ﬂ,"é [Vné (SO) _ VT[Q (SO)]

= argmax E; .p[V"0(so) — V™ (so)]
9



Trust Region Policy Optimization (TRPO)

TRPO()
Initialize my to anything
Loop forever (for each episode)
Sample s, and setn « 0
Repeat N times
Sample a,, ~ mg(als;)
Execute a,,, observe s,,. 1,13,

Serty Eln?r)f Qw(Sn+1,n+1) — Quw(sn, an)

A(sp,ap) <1 +y gn?f Qw(Sn+1, Ant1) — 2aTg (alsn)Qw(Sn , @)

Update Q: w «w + ay,y"6 1, Qu(sn, an) linear approximation

nentl quadratic

Ag (S, ap) approximation

. l N-—1 ng(an|sn)
Update 7 6 « Aargmax 2n=0 7, (@0, [5,)

subject to V=3 Die, (o (- Isn), 5 ( Isy)) < 0
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Constrained Optimization

TRPO is conceptually and computationally

challenging in large part because of the constraint in
the optimization.

max D1 (mo (- Is), mg (- |s)) < &
What is the effect of the constraint?
Recall KL-Divergence:

| > _ mg(AlS)
DKL(”@( |s), g ( |5)) 2aTo(als) 1Ogﬂ'@(als)

e (A|S)
5(als)

We are effectively constraining the ratio



Simpler

Let’s design a simpler objective that directly constrains

f

argmax Eg_; . g, MinN 3

clip
\

where clip(x,1 —€,1+ €) =+

Objective

5(AlS)

mg(AlS)

ng(als) \
Ag(s,a),

motals) 0 |
ng(als) )

,1—¢,14+€|Ap(s,a
(n9<a|s> o(s,a)

(1—6 ifx<1l—¢€
X ifl-e<x<1+e€
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Proximal Policy Optimization (PPO)

PPO()
Initialize my to anything
Loop forever (for each episode)
Sample s, and setn « 0
Repeat N times
Sample a,, ~ mg(als;)
Execute a,,, observe s,,. 1,13,

Serty Eln?r)f Qw(Sn+1,n+1) — Quw(sn, an)

A(sp,ap) <1 +y gn?f Qw(Sn+1, Ant1) — 2aTg (alsn)Qw(Sn , @)

Update Q: w < w + a,,y™6 %, Qyy (Sn, an)
nentl optimize by stochastic gradient descent

Update :
/ ( 5(An|Sn) )

A(s,,a,)
1 _ _ Ta(An|S nr-ms
0 « argpaxNZﬁzé min < o(n|sn)

o . (m5(An|Sn) _ )
\Cllp (ﬂe(anlSn)' 1—¢€14+¢€)A(s,, an)j
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Empirical Results

 Comparison on several robotics tasks
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Figure 3: Comparison of several algorithms on several MuJoCo environments, training for one million
timesteps. From Schulman et al., 2017 |«
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Illustration

https://youtu.be/D6ZuxeNvkXE

https://youtu.be/bqdjsmSoSgl

» Ml o) 009/2:41

Proximal Policy Optimization (PPO) trained on the Unity Crawler Environment

Agent tries to reach a target, learning to
walk, run, turn, recover from minor hits, B
and how to stand up from the ground.

> ) 0:09/0:50

Proximal Policy Optimization - Robust knocked over stand up

N
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