Policy Gradients

CS 285

Instructor: Sergey Levine
UC Berkeley




The goal of reinforcement learning

we’ll come back to partially observed later
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The goal of reinforcement learning

0* = arg max Erpo(r) [ZT (s¢,aq) ]

t

T
0* = arg max E(s.a)~po(s,a)[7(S,a)] 0* = arg max Z E(s, a,)~po(si,a.) |7 (e, az)]
t=1
infinite horizon case finite horizon case



Evaluating the objective

0* = arg mgx Erpy () [Zt: r(s¢, at)]

by A,
2
L sum over samples from 7y



Direct policy differentiation

6* = arg mgx Erpy () [Z r(s¢, at)]
t

,o

J(0) = Er oy [r(r)] = / po(7)r(r)dr
\_'_’

T
Z’r(st, a)
t=1

VoJ(0) = | Vopo(T)r(T)dr :/pg(T)Vg log po(7)r(7)dT = Errippy(r)[ Vo log po(7)r(7)]




Direct policy differentiation

T
0 = argmg‘x J(g) pg(sl,al, .. ST,aT H at|st st+1|st,at)
J(6) = ey (7] og of bothees po() r
log po(7) =logp(s1) + Y _logmo(ac|s;) + log p(sit1se, a)
VoJ(0) = Erp,+)|Vologpe(T)r(T)] t—1

A
[ |

T
1(%) + > logmo(als;) + 1%&)]
t=1

Vo

T
Vo J(0) = B po(r) [(Z Vo log mg(a;|s;) ) (Zr S¢, ay )]

t=1



Evaluating the policy gradient

recall: J(0) = Erpy(r) [ZT St, At ] ~ ZZT (Si,ts @it)

t=1

VoJ(0) = Erp,(r) [(Z Vi logﬂe(atst)) (Z T(St,at))]

fit a model to
estimate return

generate

Vo J(0) =~ % Z (Z Vg log wa(ai,t|si,t)) (Z r(Sit, a,,;’t))

1i=1 \t=1

samples (i.e.
run the policy)

0 <+ 9—|—OfV9J(9)

; T
policy

REINFORCE algorithm:

1. sample {7*} from my(as|s;) (run the policy)

2. VoJ(0) = >, (Zt Vo 1Ogﬂ-9(at‘st)) (Zt r(si,aé))
3. 0+ 0 —I—OngJ(Q)



Understanding Policy Gradients



Evaluating the policy gradient
recall: J(0) = E.p,(r) [ZT St,at]rv ZZT (Sit,@it)

VoJ(0) = Erp,(r) [(Z Vg log 779(315|St)) (Z T(Staat))]

t=1

| T
Ved(0) ~ N Z (Z Vg log ﬂg(ai,t\si,t)) (Z r(si’t,ai,t))

=1

t=1
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Comparison to maximum likelihood

N T

T
1
policy gradient: VgJ(0) ~ N Z (Z Vo log mg(ai ¢|s; + ) (z?" Sits it )

i=1 \t=1 t=1

i=1 \t=1

N /T
1
maximum likelihood: VgJumr(0) =~ N Z (Z Vo log We(ai,t|si,t))

I = e
[[ \[".ﬁ;»\ =T r.\ -D
e (at|st)
training supervised Wa(at|8t)

At learning




Example: Gaussian policies

Vo J(0) ~ %Z (Z Vo log Wg(ai,t|si’t)) (Z T‘(Si,t,a?;,t))

lteration 2000

example: 7o (at|St) — N(fneural network (St); E)

1
log mp(as|st) = —=|| f(s¢) — at||22 + const

2
1 df

Vo logmg(at|s:) = —52_100(515) - at)@

REINFORCE algorithm:

1. sample {7*} from my(as|s;) (run it on the robot)
2. VoJ(0) = ., (>, Vologmg(allsi)) (3, r(si, al))
3.0+ 0+ OngJ(Q)



What did we just do?

N
1
VoJ(0) = ﬁz (ZVglong (a; ¢|sit) ) (Zr Sits At )
i=1 \t=1
| N
VoJ(0) =~ ~ Z Vo logmg(7;)r(7;) maximum likelihood:  VgJur(0) = i ZV@ log g (7;)

> Vologymo(ailsi)

t=1

good stuff is made more likely

bad stuff is made less likely

simply formalizes the notion of “trial and error”!

REINFORCE algorithm:

1. sample {7*} from my(as|s;) (run it on the robot)

2. Vo (0) = X, (X, Ve log mo(ailsi)) (3, r(si,a}))
3. 00 —I—OngJ(Q)



Partial observability

N T

1
Vo J(0) =~ N Z (Z Vo log mg(a; ¢|0;¢)

i=1 \it=1

Markov property is not actually used!

Can use policy gradient in partially observed MDPs without modification



What is wrong with the policy gradient?

N
1
Vol (0) ~ > Vologmg(r)r(r)
1=1

-
R

even worse: what if the two “good” samples have r(7) = 07 high variance



Review

T

e Evaluating the RL objective S (e w)

* Generate samples
. . . fit a model to
* Evaluating the policy gradient ﬁ estimate return

* Log-gradient trick generate l

les (i.e.
* Generate samples samples (.

* Understanding the policy gradient 1 ——

 Formalization of trial-and-error sl
0« 0+aVgJ(0)

run the policy)

* Partial observability
* Works just fine

* What is wrong with policy gradient?



Reducing Variance



Reducing variance

N T T
1
VQJ(Q)%ﬁ§ (2 V@logﬂ'g aztszt)(z Tsztaazt)
t=1

i=1 \t=1
Causality: policy at time ¢’ cannot affect reward at time ¢ when ¢ < ¢/

| DT T
VoJ (0 ﬁ;;VealOgﬂe ait|Sit) (t? T(Si,t’aai,t’))

\ )
I

“reward to go”

~

Qi t



Baselines

a

a convenient identity

po(T)Velog pe(T) = Vope(T)

E[Vglogpg(T)b] = /pg(T)Vg log pg(T)bdr = /Vgpg(T)de = ng/pg(T)dT =bVyl =0

subtracting a baseline is unbiased in expectation!

average reward is not the best baseline, but it’s pretty good!




Analyzing variance

can we write down the variance?
Var[z] = E[z?] — E[z]?
VoJ(0) = Erp, () Vologpe(T)(r(T) — )]

Var = E.p,, () [(Volog pe(T)(r(T) — b))z] — Errpy(r)[Vologpg(T)(r(T) — b)]2

this bit is just E.,,+)[Velogpe(T)r(7)]
(baselines are unbiased in expectation)

dVar d d

—= = Elg(r)(r(r) = )% = = (ElalP 7] — 2E[g(7)*r(r)b] + b Elg(7)?))

= —2Eg(7)*r(7)] + 2bE[g(7)*] = 0

b Elg(r)*r(r)] This is just expected reward, but weighted
2] by gradient magnitudes!



Review

* The high variance of policy gradient

* Exploiting causality
e Future doesn’t affect the past

e Baselines
e Unbiased!

* Analyzing variance
e Can derive optimal baselines

~

T _
Q (Xta ut) —
tl
fit a model to
ﬁ estimate return

generate
samples (i.e.
run the policy)

; improve the

policy

E

T(Xt’a ut’)

|
o~

0+ 0+ O{V@J(Q)



Off-Policy Policy Gradients



Policy gradient is on-policy

0* = arg max J(0)

J(0) = vy o [r(7)] * Neural networks change only a little bit

with each gradient step
Vo (0) = Ernpy(r)[Velog po(T)r(7)] * On-policy learning can be extremely

L inefficient!
this is trouble...

can’t just skip this!
REINFORCE algorithm: /

1. sample {7'} from my(as|s;) (run it on the robot)

2. VQJ(Q) ~ Z% (Zt Vg log Wﬁ(aﬂsi)) (Zt T(Si,a%))
3. 00+ aVyJ(0)




Off-policy learning & importance sampling

0" = arg mhax J(0) importance sampling
JO) = Er () Beplf @) = [ pla)f(a)ds
| [ 1)
what if we don’t have samples from pg(7)7 = q(w)p(x)f (z)dz
(we have samples from some p(7) instead) _ : p(z) i
[ | - [ @ E S ra)a
J0) = Eregiry [0 e ),

PG(’T) = p(Sl) H Wﬂ(at|st)p(st—|—1‘sta at)

po(r) _ BT iy mo(adls)plsertstar) _ [1i, mo(arls:)
p(r)  peD) [ 7(aelse)plsertstar [1—, 7(adlse)




Deriving the policy gradient with IS

0* = arg max J(0) a convenient identity

T)Vol 7)=V T
J0) = Broplr 7] po(r)Valog () = Vapa(r)

can we estimate the value of some new parameters 6’7

@ the only bit that depends on 6’
Do/ (T )

=

V@fpaf(T),r(T)] = Erpy(r) [M Vo log pe/ (T)7(7)

po(T)

Vo J(0') = Erpy(r) [

now estimate locally, at @ = 0": Vg J(6) = Ervp,(r) [V logpg(T)r(7)]



The off-policy policy gradient

_ H;r:1 To (a¢|st)

. max J(0) J(0) = Erropy(r)[1(7T)] por (7)
Dy pe(7)
VQ’J(OI) — ETN'PG(T) pi((:)) Vo log Ty (T)T(T)] when 6 # 0’

p
_ HT WAGIED, 3 ZT
ratg|st
— ETNPG(T) ( 7T9(at|st)) ( Vo logﬂ-ﬂ’ at|St ) ( r Staat

t=1

t=1

t

7T9f atf|str
) |3 Vi log o (ars) (H

7o afo
t—1 =1 [st)

future actions don’t affect current weight J

if we ignore this, we get
a policy iteration algorithm
(more on this in a later lecture)

==
thl T (at|s¢)

] what about causality?




A first-order approximation for IS (preview)

Vo J(0') = Erpy(r) Zvef log mo- (at|st) (H e (atfl&y)) (Z T(St’aat’))]

t—1 =y 0 (ar[st) =t

L exponential in 7T'...

let’s write the objective a bit differently...

=1 t=1 ~
(Si,ta ai,t) ~ W@(St, at)

g (Si,ta ai,t)

W@(Si,t, ai,t)

off-policy policy gradient: WV, .J(¢)

Vg log me: (ai,t|si,t)@i,t

2
2|~
-
&

N
Z Z ng(S/'?A ng(a?;’t|sq;,t) ~

V4 . . 1
We'll see why thisis  _ N V' log 7o (2 o[51.0)Os
reasonable i mfsie) mol(aiilsit)

later in the course! ignore this part




Implementing Policy Gradients



Policy gradient with automatic differentiation

T

N
1 A
VGJ(Q) ~ N E E Vi 10gﬂ'9(ai,t|8i,t)@i,t
=1t

=1

L pretty inefficient to compute these explicitly!

How can we compute policy gradients with automatic differentiation?
We need a graph such that its gradient is the policy gradient!
1
maximum likelihood:  VgJur (0 ; ; Vologmg(ai¢lsie)  Jmn(0 ~ N - ; log o (ay,¢[s4,¢)

Just implement “pseudo-loss” as a weighted maximum likelihood:

~ 1 N T
ﬁzzbgﬂ'e azt|Szt ta

1=1 ¢

=1
L cross entropy (discrete) or squared error (Gaussian)



Policy gradient with automatic differentiation

Pseudocode example (with discrete actions):

Maximum likelihood:

logits = policy.predictions(states)

negative likelihoods = tf.nn.softmax _cross _entropy with logits(labels=actions, logits=logits)
loss = tf.reduce_mean(negative likelihoods)

gradients = loss.gradients(loss, variables)



Policy gradient with automatic differentiation

Pseudocode example (with discrete actions):

Policy gradient:

# Given:

# actions - (N*T) x Da tensor of actions

# states - (N*T) x Ds tensor of states

# g values - (N*T) x 1 tensor of estimated state-action values

# Build the graph:

logits = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative likelihoods = tf.nn.softmax _cross _entropy with logits(labels=actions, logits=logits)
weighted negative likelihoods = tf.multiply(negative_likelihoods, g values)

loss = tf.reduce_mean(weighted negative likelihoods)

gradients = loss.gradients(loss, variables)

N

~ 1
J(0) ~ ~ Z Z log ﬂ'g(ai,t|8i’
gq_values

1=1 t=1



Policy gradient in practice

* Remember that the gradient has high variance
* This isn’t the same as supervised learning!
* Gradients will be really noisy!

* Consider using much larger batches

* Tweaking learning rates is very hard
* Adaptive step size rules like ADAM can be OK-ish

 We'll learn about policy gradient-specific learning rate
adjustment methods later!



Review

* Policy gradient is on-policy

e Can derive off-policy variant
* Use importance sampling
* Exponential scalinginT

* Can ignore state portion
(approximation)

* Can implement with automatic
differentiation — need to know what

to backpropagate

* Practical considerations: batch size,

learning rates, optimizers

~

s _
Q (Xt: Ut) =
tl
fit a model to
ﬁ estimate return

generate
samples (i.e.
run the policy)

; TETeTR e

policy

E

'-"‘(Xt' ; U—t’)

|
o~

0 0+ aVyJ(0)



Advanced Policy Gradients



What else is wrong with the policy gradient?

’SI/\%

v

r(sg,ar) = —sf — a?
1

log mg(as|s¢) = ~ 5

5 (ks — a;)? + const

0= (k,o)

4-

Essentially the same
problem as this: s Of
_4_

B -

—10

10

(a)*Vanilla’ policy gradlenta

.--"T__ : i
ey .-"T - ¢
£ A - "'T_ s
| X | . r
Nl ~k_
-2 |1 !
[} | | I
LT:]M 0.0 (1 ) 10 )
=2 =1.5 =i ﬂ -0.5 0.0

Controller gain 6=
(image from Peters & Schaal 2008)



Covariant/natural policy gradient

(a)*Vanilla’ policy gradients

0« 6+ aVyJ(0) To(aslst) 5 0.5 Vo Smmma\
<= 04 e Sy \
e EA"y e
some parameters change probabilities a lot more than others! § 03
s 021y 4
B | -
/ T / 2 % 0.1 t }
0" < argmax(0’ — 0)" Vo J(0) s.t. [|0" — 0] < e % 0,0LL|
4 S8
0 =2 <15 -10 05 00

Controlle 0,=k
controls how far we go ontroller gain

can we rescale the gradient so this doesn’t happen?

0" + arg mﬁx(é” —0)!'VeJ(0) s.t. D(mg,mg) < €
parameterization-independent divergence measure
usually KL-divergence: Dk, (7 ||mg) = Ex,, [log mg — log me/]
Dy, (7o ||mg) = (6 — 0)TF(6' — 6) F = E,.,[Vglogmg(als)Vglogmg(als)”]

Fisher-information matrix can estimate with samples



Covariant/natural policy gradient

Dxr,(mo||0) =~ (' — 0)TF(0 —

0" < arg mgqx(@' —0)1'VeJ(0) s.t. D(mg,mg) < €

0+ 0+ aF~1VyJ(6)

natural gradient: pick «

trust region policy optimization: pick e
can solve for optimal o while solving F~1V,.J ()

conjugate gradient works well for this

b [H
I

0.1

Exploration 8,

* 0. 4_ T
0.3 '_'f__
0.2ry

0.0l

(a) ‘Vanilla’ pnlicy gradients

F =FE,,[Vglogmy(als)Vylogmg (a|S)T]

-2 =15 —]D —0.

Controller gain 6=k

::'h_h

0

(b) Natural pnhc}r gradlenta

5 0.5
I

0.2

'0.4¢
0.3¢5

0.1} - L,

Exploration 6,

\
{
\
"'.
“
S

0.0l ' il
2 15 —-1.0 —05 00

Controller gain 6,=k

(figure from Peters & Schaal 2008)

see Schulman, L., Moritz, Jordan, Abbeel (2015) Trust region policy optimization



Advanced policy gradient topics

e What more is there?
* Next time: introduce value functions and Q-functions

* Later in the class: more on natural gradient and automatic step size
adjustment



Example: policy gradient with importance sampling

T t T
Tarl A+ |S+r
VQI J(Q’) — ETN,,TG (1) E va log Ty’ (at |St) ( H 7:; ((attf ||Stt’ )) ) ( E ?"(Stf, ayg’ )) ]

t=1 t'=1 t'=t

* Incorporate example

demonstrations using N LT et torain 1
importance sampling o—o—o—o E
* Neural network policies

. Y LR “ TR " . h ~

-

Levine, Koltun ‘13



Example: trust region policy optimization

* Natural gradient with
automatic step
adjustment

e Discrete and
continuous actions

* Code available (see
Duan et al. ‘16)

Schulman, Levine, Moritz, Jordan, Abbeel. ‘15



Policy gradients suggested readings

* Classic papers

* Williams (1992). Simple statistical gradient-following algorithms for connectionist
reinforcement learning: introduces REINFORCE algorithm

e Baxter & Bartlett (2001). Infinite-horizon policy-gradient estimation: temporally
decomposed policy gradient (not the first paper on this! see actor-critic section later)

* Peters & Schaal (2008). Reinforcement learning of motor skills with policy gradients:
very accessible overview of optimal baselines and natural gradient

* Deep reinforcement learning policy gradient papers

e Levine & Koltun (2013). Guided policy search: deep RL with importance sampled policy
gradient (unrelated to later discussion of guided policy search)

e Schulman, L., Moritz, Jordan, Abbeel (2015). Trust region policy optimization: deep RL
with natural policy gradient and adaptive step size

e Schulman, Wolski, Dhariwal, Radford, Klimov (2017). Proximal policy optimization
algorithms: deep RL with importance sampled policy gradient



