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Two New Knowledge

* Generalized Advantage Estimation (GAE)
 UC Berkley CS285: Lecture 6, Part 4

* Video
e Slides
e Original paper

* Proximal Policy Optimization (PPO)
* University of Waterloo CS885: Lecture 15b

e Video
e Slides

* Original paper



https://www.youtube.com/watch?v=quRjnkj-MA0
http://rail.eecs.berkeley.edu/deeprlcourse-fa20/static/slides/lec-6.pdf
https://arxiv.org/pdf/1506.02438.pdf
https://www.youtube.com/watch?v=wM-Sh-0GbR4
https://cs.uwaterloo.ca/~ppoupart/teaching/cs885-spring18/slides/cs885-lecture15b.pdf
https://arxiv.org/pdf/1707.06347.pdf

Outline

* Recap
* GAE
* PPO



Recap

* Policy gradient has 2 parts
» Left partis a log probability of executing an action
* Right part is an advantage term.

1. Y72, re: total reward of the trajectory. 4. Q7 (st, at): state-action value function.
2. Z?,C:t r¢: reward following action a;. 5. A™(st,a¢): advantage function.
I 3. Y o, rv — b(s): baselined version of
V Iog pro b' Of aCtIO ns x previous formula. 6. 1t + V™ (st+1) — V™ (s¢): TD residual.

Left part Right part: Several formula can be chosen



Outline

* GAE



Generalized Advantage Estimation (GAE)



The notations of this slide are from cs285-fall2020-lecture-6 p.23

Eligibility traces & n-step returns

A - S  Yrw + lower variance
AG(se,ar) = r(se, ar) + 9V (8041) — Vi (se) - higher bias if value is wrong (it always is)
- 00—t  rm + no bias
AMC(Sta a;) = Zt’:t V(s ar) qu (s¢) . higher variance (because single-sample estimate)

bigger variance

Can we combine these two, to control bias/variance tradeoff?

' Cut here before variance gets too big

Smaller variance

— 1

>

flg(st,at) = i:; ’}’tr_t'v’“(stuat') - .;E.T(St) +’Y”’V¢§T(St+n)

Reference: cs285-fall2020-lecture-6 p.23



Do We Have to Choose Just One N?

Cut here?

/ Cut here?



Cut Everywhere All at Once

Cut everywhere all at once and use exponentially-weighted average to add up

/



The notations of this slide are from the original paper

The Derivative of GAE

Ar(sp,a) = Yy tr(se,a) — VI () 49"V (St4n)

Cut at t+1: ,Zi(l) =) ==V (st) + 1 + YV (5¢41)
Cut at t+2: A(g) — 5V + 7(5t+1 = —V(sy) +ri +yrie1 + vV (sp42)
Cut at t+3: A(S) = 5V + 75t+1 + 5t+2 = —V(sy) +ri +yree1 + 72Tt+2 + 73V(3t+3)

k _
AP Z’Y 6ip1 = =V (se) +re+Hyrep + -+ T e 7V (si4)

flg Z ’Yl5t+l Vis:) + Z Yrepr, Y V(Sesr) becomes zero
1=0



The notations of this slide are from the original paper

The Derivative of GAE (Con.)




The notations of this slide are from the original paper

The Derivative of GAE (Con.)

The generalized advantage estimator GAE(~y, \) is defined as the exponentially-weighted average
of these k-step estimators:

A?AE(7”\) = (1—A) (121(1) -+ /\A(Q) “+- /\2/1(3) 4. ) Exponentially-weighted average

(1 /\)(5V+/\(5V+75t+1)+)‘2(5v+'75t+1+7252:L2)+ )
(L=XN(0 T +A+X2+ . )+ 90 A+ X2+ 23+ .0)

+725t+2(>\2+/\3+>\4 oo ) F o)
1 A A*
S (5 () it (125) st (£2) +-)
=Y (A '64 (16)

=0



Two Special Case

There are two notable special cases of this formula, obtained by setting A = 0 and A = 1.

GAE(v,0): A, :=6; =1 + YV (8441) — V(s¢) (17)

GAE(")’, 1) . At = 2715”1 — Z’}’lrt_*_l - V(St) (18)
[=0

[=0



Outline

* PPO



Proximal Policy Optimization Algorithms



Now We’'ve Learned GAE

V log prob. of actions x GAE

|

Let’s improve the left part



Efficiently Use Data

 We should drop all trajectory data after update the agent. Because
the distribution of the agent’s action shifts after update.

* Can’t we use old data to update the agent more times?

TRPO/PPO is a method that we could leverage old data by simply multiplying a correction
item when update the agent



Importance Sampling

* Importance sampling is a statistic technique to estimate one
distribution by sampling from another distribution

Eeo[f ()] = f f(x)p(x)dx

J F) =2 - (x) EI()x)dx
Estimate p from — P
bt d Ex~ [f( ) q(x)]

o1 nP(x')
- Nzi=1,xi€qf(x ) Q(xi)

Reference: cs885-spring18-lecturel5b p.5



Surrogate Objective

p(x)
E R E i)
VJ(8) = E(s,, ap) ~ g [V 108 w0 (aclse) A(st, ar)] ’ RR'1e?

g (Se, Ar)

Vlogmg(acls:) A(Se, at)]

g (St' at)
g old (St’ at)

](9) = E(st ap)~Ty ld[ A(St, at)] Surrogate objective function

Reference: cs885-spring18-lecturel5b p.7



TRPO objective

- TRPO use conjugate gradient algorithm
« Slow because need to calculate Hessian matrix

~ | malag]| st) -
maximize [E; o(at | st) Ay
0 | Toq(at | St)

subject to E¢[KL[mg . (- | 5¢), 7o (- | 5¢)]] < 6.




PPO with Clipped Objective

1+¢€

~

maximize [,
0

Y

mo(at | st)

ﬂ-gold (at ‘ St)

1

1+€ r

At]

1+€

re(0) = Wﬁo(atlst)

Oo1d (at | St)

Fluctuation happens when r changes too quickly = limit r within a range?

LEEP(9) = &y |min(r(0) Ay, clip(ry(0),1 — €, 1 + F)/L.)]

Reference: cs885-spring18-lecturel5b p.15



PPO in Practice

LELIPRVESRS (9) = B, [LEHF(0) — 1 LY T (0) + c2S[mp] (51)]

Surrogate objective function a squared-error loss entropy bonus to ensure
for “critic” sufficient exploration

arg\ 2
(Vﬂ(t‘;f) o -V'trrlrg) n . H 1
encourage “diversity

*¢1, c2: empirical values, in the paper, c1=1, c2=0.01

Reference: cs885-spring18-lecturel5b p.17



Assignment

Run the code of PPO X GAE.
Write a report about what you observe.

Deadline:
2024/01/04 (Thur) 23:59
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