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Logistics

m One paper presentation today
m Guest lecture 1 on March 1

m Project 5 (Final Project) will be released Feb 26.
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Policy Gradient
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Improving Policy Gradient



Ok so how can we learn policies?

- T
max K, E r(s¢, at)

L

Model-free RL Model-based RL Imitation Learning

N

= =




~What if we just performed gradient ascent?

T
max K, r, g r(st, az)

0
| t=0
:/pQ(T)R(T)dT
Standard gradient descent (supervised learning) REINFORCE gradient descent (RL)
VoEg~g(z) [fo(2)] VoEqpy(z) [f (7))

Gradient wrt expectation variable, not of integrand!



14

Taking the gradient of sum of rewards

7(6) = / po(r)R(r)d(r)
VoI (0) = / (1) R(r)d(r)
= [ Vono(r -/ PoT) G o () R(7)d(7)

po(T)
/ o(T)Vglog pg(T)R(1)d(T) = Epy(r) [V log po(T)R(T)]

REINFORCE trick



Taking the gradient of return
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Initial State

Dynamics Policy

po(T) = p(s0) L,y p(ses1]s¢, ar)m(ar|se)

T—1

(@ @) @ @
OROROR0)
(0 @ @ @

log po(7) = log p(s0) + Z log p(st+1]st, at) + log m(at|st)

g}\iﬂ s¢,at) + Vglogm(ag|st)

Vologpe(T) = Vg IEg{(

Vo logpg(T

t=0
T—1

s0) + » Vglo

tOTl

t=0

Z Vo log W(at\st)\

Model Free!!
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Taking the gradient of return

T
VoJ(0) = Erpy(r) |Vologpe(r) Y r(se,an)

! t=0
ap - -
VoJ(0) =F  op(so) > Vologmo(ag|se) »  r(se,a)
St4+1~D(St+1]5¢,a+) | =0 t'=0 i
atww(at|st)
N T T
N : :Vg log g (ay|s}) Z r(sy,ay ) (approximating using samples)
i=0 t=0 t/=0




What does this mean?

T
Vo J(0) = / o(T)Vglogpe(T S‘S‘Vg log g (at|st) Zr(si,,ai/)

zOtO t'=0

Increase the likelihood of actions in high return trajectori
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Resulting Algorithm (REINFORCE)

-l 4

VoJ(0) = / po(T)Velogpe(T)dr {COHect DataJ [Takesi;die”t]
“—— I

REINFORCE algorithm:
On-policy—==> 1. sample {7} from 7mg(a¢|s;) (run it on the robot)

2. VoJ(0) = Y, (X, Ve log me(ailsh)) (3, r(si, al))
3. 0« 0+aVeJ(6)



Continuous Policy Gradient - Pseudocode
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REINFORCE algorithm:

1. sample {7'} from my(a;|s;) (run it on the robot)
2. VoJ(0) = 3, (32, Vologme(alsy)) (32, (st ap))
3. 0 0+ aVyJ(0)

Pseudocode example (with continuous actions):

pred_mean, pred_cov = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative likelihoods = gaussian_log_likelihood(actions, mean= pred_mean, cov = pred_cov)

weighted negative likelihoods = tf.multiply(negative_likelihoods, returns)

loss = tf.reduce_mean(weighted negative likelihoods)

gradients = loss.gradients(loss, variables)



Discrete Policy Gradient - Pseudocode
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REINFORCE algorithm:

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

2. VoJ(0) =) _, (Zt Vo log We(ailsi» (Zt T(S%aai))
3. 0 0+ aVyJ(0)

Pseudocode example (with discrete actions):

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)

loss = tf.reduce_mean(negative_likelihoods)

gradients = loss.gradients(loss, variables)
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How Is this related to supervised learning?

Reinforcement Learning Supervised Learning

V@J(e) — /pg (T)V@ logpQ(T)dT meax E(aj,y)ND [logpﬁ (y‘x)]

T
. 1 i
il Y S‘Ve log g (a|st) Z r(sy,ay) ~ N Z Vo logpe(y*|z’)

zOtO t’'=0

PG = select good data + increase likelihood of selected data
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What makes policy gradient challenging?
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What we do
. N T T | Single sample |
Q| 0 i i timat
b Z Z Vg logmg(ay|s}) Z r(sy,ay) estimate
i=0 t=0 t’=0 What we actually want

High variance estimator!

¢ = e e e =

Hard to tell what matters without many samples

L J

Averaged return estimate



Variance Reduction with Causality

Idea: Trajectory returns depend on past and future, but we only care about the
future, since actions cannot affect the past. Instead, consider “return-to-go”

—vielogﬁe at|8t>z (Si/,ai,) /\/\/
1=0 t=0 =0

{ J

Full trajectory return

( J
|

Includes t’ < t
Ignore past terms ‘ ‘

| N T T /—\\,i/./_‘\/
~ 22 Vologmo(ails;) p _r(s}.ap)
— . .

—
1=0 1t t'=t

Return to go



Can we reduce variance further?

high variance

Arbitrarily uncentered, scaled returns can lead to huge variance:
- Imagine all rewards were positive, every action would be pushed up, some more than others
- What if instead, we pushed down some actions and pushed up some others (even if rewards are positive)

Credit: Sergey Levine



Variance Reduction with a Baseline

ldea: We can reduce variance by subtracting a current state dependent function
from the policy gradient return

T
Vo log mg(alls?) Z r(stal) — b(s;)

1l ~—
N v
1=1 t= _th i

Baseline: Centers the returns, reduces variance

N

l(J%

But does this increase bias??



Variance Reduction with a Baseline

T
//p(St,a,t)VQ log g (a|st) {Z r(sy,ap) b(st)} dsy day
sJa Py

____________________________

//p(st,at)ve log g (a¢|st)b(st) dsy day
SJA

T
//p(St at)Velogﬂe at\St {ZT } ds; day —
SJA

t'=t

———————~

-—— e = = mm =

Let us show this is O!



Variance Reduction with a Baseline

//p(st,at)Vg log mg(as|s;) [b(sy)] dsyday ://p(st)m(at]st)VQ log g (a¢|s¢) [b(s¢)] dsiday

_ / p(s)b(s1) / ro(as]50) Vo log mo(ar|s,)dagds,
_ / p(s0)b(s,) / Vormo(as|s)dasds,

:/p(st)b(St)VQ/779(@t|3t)daftd3t — /p(St)b(St)VG(l)dSt — (

Unbiased!



Learning Baselines

Baselines are typically learned as deep neural nets from RS - R’

Fully-
. connected
Convolution layer
layer 1 Convolution
layer 2 1ot lo
| R e 6 5 ,;‘i’,:.::-’ .v
T 5 T e
! [ =y 12 7 v S 6 @1‘,;"'- ..’:,"\‘:‘\\
36 . 5 , 1 |
3 i N | -9
, 9 Max pooling @[
Max pooling ayers
layer 1 Output
layers
Input Layer
1 M H o T
—E Vsjaj—grsjaj _ ,
N |V (st,az) (51, a1)l] A(ss,ap) = r(sy,a;) — V(st)
j=1 t=1 iy

Minimize with Monte-carlo regression at ,
every iteration, club with policy loss Allows us to define advantages



Policy Gradient in Action
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How to further improve policy gradient?

Lower variance further through Control Step Size

function approximation

Function approximator bundles return

. Prevent excessive step size
estimates across states



Policy Gradient in Action

With small improvements in estimation - can work on robots!

Luo et al

External View Robot View 2
Luo et al
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