
 

Important dates Headlines

e 1511 deadline to register for
final presentations

2 2311 deadline to submit
final projects

2511 begin of review process

DEADLINE I 12 to submit

peer review reports

y 1 1 DEADLINE to submit slides
in poet format for final
presentations

remaining Lectures
gli lecture advanced policy gradients
15 1 QIA session at 6pm instead of

coding cession
1611 lecture RL w continuous action

22 1 no coding session
23 1 no lecture



Advanced Policy Gradient Methods

recap REINFORCE algo
policy To a variational para s

12L objective 7 o

1 sample Jj tho To

2 estimate policy gradient
Dois tu IgE II Dobegiolatelst't rlsf.at

Ej t
reward to go

3 update policy
Q c f t 2 3101

why does policy gradient work

recall using baseline naturally leadsto estimating advantages A't
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high level
view of PG

i estimate ATIst.at for current policy T

2 use A to get an improvedpolicy T

looks like policy iteration is it

recalls
3107 Er I zytrlst.at
T So Ao Sn a e

Rao H plsolIT Talat 1st p St 1 St i at i

t
I o dip b c
A t i To

want to show that PG as a form of
policy iteration

consider policy improvement objective
Hot JIE
T 9

new old
parameter params
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claim
I to TH't Er I Z ft Ata St aet

O

mot
to't T.to 3IoY Es pls Lito so

gopart
of all trajectories ptsd indep of

T toJ Ee Ipo
V't so

telescopic
t
3 7 Et Izz 78

t V'tCst II y t v sit

I lo't tEenp IE ft y VMstta VTots
et slot
Er I E II g tr l s t.at
Et Pro IIof t ly U't l Stn V'T Sed

Een 1 II ft r stat tf VA Sen Vio at
Ato St at

T
def 3



Er Iif ZITA'S 1st.at claim

p I
n policy

oldpolicy
ToTa

policy improvement objective is the

expectation of the advantage of

pr policy ro under trajectory
distr of yer policy To

probley samples generated fro To
ca t be used to estimate

expectation wrt To

Er eq.it EI2ytA'Tocst.a

I Est Palsy Eat n cause ft Att Strat

p I Est Po ISH Eat Iolaus t rtAFlst.at
n

mportue Inner
expectation wrt tosampling outer expectationtrick still prevents us from using Io samplesy



distribution mismatch problem
can we ignore it Est Palst E FantasyE

def
Ahtt EEsenpo.is EEa ia isyLIIfIaatYYgrtAITt.aJ

slot Ilo e Fit't
policy improvement D aegmax ATH0

claim pals t is close to poist
whenever Ta is close to Itt

proof see Berkeley lectures

what does close mean

Kullback Leibler KL divergence
Dice p ex 11 pix Exp log

J



solicy puts Iep
aogmfixEEtnpo.is lEa nHa is iL HA t.atIsuch
AToYDkLtodatlStI iTolatlsH E E

for a small enough this is guaranteed
to improve 7104 Jlt

how do we enforce the constraint

e introduce fagrengeedtiplies J

Ho d A lot d Dccc Toi Hito E

algorithm no need to
1 maximize Lto d wart t optimize until

convergence
2 I d t L Dec Ko Alto e

intuition increase 1 if constraint
is violated too much
else we decrease J

dual gradientdescent
G



2 use approximation ii e Taylor expansion

I int
to optimus of the

original functionif the box site is
small enough

Alt't a const t DaATA o of

policy imprneenet

O angina
x b At lot G Lo

s t Dice Tallit e E

e o one
immense

note Do A lot evaluated at o o is

equivalent to policy gradient
importance sampling ratio is unity
as D o
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Do A 104 7 Est pots Eat nazca Is ITo latish
Do lug Talat lsttytAHG.at

fo toko Et Ipo Era bogtolatlsdjtAHst.at
ordinary PG

what does policy gradient actually do

Ho a const t fo 340 o Taylor expand
the 12L objective

argufy
Do OT ft linear

e t Ho 011 e e function

Iii
wins

soint inside
circle
1101 0112 e C f t

Berkeley lecture p



optimum taken at edge of circle
110 0112 E has unit Ho 011

Rs n

Potto
argufy

A ITO H o x e
s't z 11 3041

1110 OH E

oh f t EF Ra's
Do 3101112

gives correct value
for learning rate Islep size
ADAM etc J

but we have DKL Toi Hito c E

in addition to HQ 0112 E

ideal Taylor expand Dccc

Dice toll to z 6 f
t
F o o

has no zeroth P
first order terms Fisher information

matrix in param space
D e 112 Fe Wh

g



Ego Pologne beg
t

p TD
Fife.dziuj IIDiDjuj7oapproximate

using MC sampled
trajectories

we can use samples from Ito to estimate F

replace KL constraint with a generalized
quadratic constraint

argufy
E III 6 o

f OFF o f E 2E

An

FFI
circle ellipse

Fineestfpoint
y so

on the ellipse

reshape ellipse to circle by applying F
t

then use formula for quadratic constraint
o



Natural Policy Gradient

natural gradient
0 QtLF tDaJlO
insensitive to parametrization of
the policy distribution

all params affect distribution according
to curvature matrix F

geometry of parameter space
Trust Region Policy Optimization

TRP 0

D f t L F t Do 310

choose 2
ro.se ET

e hyperparan to set size of trust region

issue F F t hard 1in feasible to compete
but there exist trichs to still apply
the algorithm in practice

H

J



3 Proximal Policy Optimization PPO

argzax Eine II 8t.IOaattfAHlstiatfs.tDice Lte Hrd e E

want first order PG method
i.e no second derivative

det ft Io
to importance
To att St sampling

ratio

note ft 0
1 01 1

consider unconstrained objective
ETNI.ro I SHO't It stat

lack of KL div constraint leads to

excessively large policy updates b c

importance sampling ratio ft is
unbounded
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ideas
i Iip pdates within small

e range around f

clip Lg a b min max g a b

clips g within Ta b

glo At clip gta I e ite A't

il use a pessimistic estimate i.e lower bound

of the unclipped objective this ignores

changes in g when it improves the

objective but it'll keep the changes
if it makes objective worse

use following objective
instead

E min St A t.at clipGtfo te HYATTt.at

il repeat each update step for the same

to sample for K epochs

D



PPO algorithm i

e sa pie trajectories 1JI3j1 using to
xk

2 o t avgq.axff.FI min 1st lo't't E af

jatotsie.atBclip gtfo't I e ite

3 D o update old policy

note no legit here
Lennart extensions adding a critic can be

used to further reduce variance

of policy gradient

at iteration step 1 of PPO o f

but Da Glo't A It
A'Tattoo70 Do To A't Do log to XA't

recover ordinary PG

ly



ry
f sidearms

Natural Policy Gradient stabilizes PG training

D f t L F t Do T.CO

issue F t hard to compute for a UN

with
any params

requires efficient F u products
idea avoid computing F itself

only compute F u

use e.g conjugate gradient CG

A x b

solution A b
CG find x iteratively if we

know F v tor an arbitrary v

741 allows to do F V efficiently
see Appendix of arXiv 1502 05477

Schulman et al
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trust Reg icy Ip
TRP

f e f't L F Do3101

I L 2

23 lot t F Do310

requires same tricks as natural policygradia

Proximal Policy Optimization
PPO

uses importance sampling objective
directly clipping
arXiv 1202 06342

Schulman et al

in practice i

a clipping para of e o e 0.2

typically works fine

typically one repeats the O wax sleep

step 2 for K 4 PPO epochs
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Entropy based Explanation

policy Flats is a probability dish

Z als
att

def information entropy for it al

s Cs Hals logit als

if a als is unifor r Hals 1

Sls by IAI maximum possible
t

a
entropy

if Flats is delta function i.e deterministic

sis o 7
s measures how broad it is At

idea add the entropy to the RL object've
to enhance exploration

T.la I E t pit Entropy
A



psst temperature controls the weight
of the entropy term

pit O back to old PG objective JH
pit no completely entropy based

initially enhance objective
t explorationusingPs ne entropy at late ilersschedule

µ supdfefiE.hr
O

iterations

7 lo t 135
t
x Entropy

Ing I IIe to ta't IsEl Else at
b SE

pi Ia totals E beg
a 1st

want maximize expected return 3101
maximize entropy to keep up explanation

can we compute the gradient contribution

coming from the entropy leva
can we estimate it using me sampling
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contribution to Da due to entropy

to To.la slbegiTolals
cA

az o iTo xbegTo i ToftfleegiTo
ROTI

AZ Dot legTo t Z Daito

To Dobefito Do Totals Da M O

vanishes or becomes

part of baseline

To Ro lvgToxleugiTo

ztaoo II gazJY E.o Dolby Y
use me to estimate gradient contribution

pseudo entropy cost lreward
function

Ears legato

Ig



total pseudo reward function for PG

with entropy based exploration

EtnIaoEbegIaCi1xfrH bf PIa
gioeHYEtnP.o

byte G Lrt b III begiio.CH
aentropy bonus

note implementing the so called

entropy bonus comes for free

move on 12L as inference in

arXiv 1805 00909 S Levine

note similarly we can add the entropy
bonus to actor critic methods etc
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