Actor-Critic

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1.
mproving the policy gradient with values




Recap: policy gradients

REINFORCE algorithm:

1. sample {’T(i)} from 7 (az|s:) (run the policy) T

2. VoJ(0) = 3,3, Vglogmg(al” i) (th r(st?, a§f>)) QY =Y (s, all)
3.0« 0+ aVeJ(0) \ . =t

fit a model to
ﬁ estimate return

|
()
t

generate
samples (i.e.
1 N H _ N run the policy) l
TOBES 3) SR eARURIe _
policy

“reward to go” 0« 0+ avyJ(0)



Improving the policy gradient

NZZVIO@T Z)]sgz)) 1(5%)

1=1 t=1
T

20 = 3 r(sl o)

t'=t

A(@) .

.+ estimate of expected reward if we take action a,

(@) in state sgi) Af) ~ ZEW {’F(St';at’

can we get a better estimate?

Q(s,a;) = Zg:t Er, [r(sy,ay)|st, ar]: true expected reward-to-go

VodJ (0 zzva log mp(a )|S§i))Q(S§Z)aa§Z))

z_lt 1



What about the baseline?

Q(st,a:) = Zz::t Er, [r(s¢,ay)|st, at: true expected reward-to-go

1 7 ) ) )
Vo J (6 NZZVglogﬂa )!si))(Q(si),ai)) V(Sg)))

1=1 t=1
A(st,ar) = Q(st,ar) — V(sy)

b = average reward

V(st) = Ea,cmg(ays) [Q(St, az)]



State & state-action value functions

Q™ (s¢,a4) = fo:t E, [r(sy,ay)|st, at]: total reward from taking a; in s; fit Q™, V™, or AT

fit a model to
V7™ (8t) = Fa,mrg(a|s) @7 (S¢,a:)]: total reward from s, ﬁ estimate return

l

1
( 0 +— 0+ aVyJ

the better this estimate, the lower the variance

AT (s, a4) = Q7 (s¢,a;) — V™ (s¢): how much better a; is sagrsglzrsa t?e

run the pollcy)

1
VoJ(0) ~ ﬁ

[M]=
M=

t

| NoH
VoJ(0 WZZ Vo log mg(a )|S (Zr st, at, )
i—1 t=1 =1

unbiased, but high variance single-sample estimate




Part 2.
Policy evaluation




Value function fitting

Qﬂ- (Sta at) — Zﬁ:t Eﬂ'e [T(St’ 3 at’)|st7 at]

Ve (St) — Eatmﬁg(at|st)[Q7T(St: at)]
AT(st, a) = Q7 (st ar) — V7 (st)

VgJ N szﬁ’ 10g7r9( )|S£i))AW(S§i)’a§i))

1=1 t=1

fit what to what?
QT, V™ L AT?

Qﬂ- (Sta at) — T(Sta at) + Est+1mp(st+1|st,at) [Vﬂ- (St—l—l)]
A" (s, a:) = r(sg,ae) + V7T (ser1) — V™ (st)

let’s just fit V™ (s)!

generate

samples (i.e.
run the policy)

fit Q™, V™, or AT

fit a model to
estimate return

improve the
policy

0 6+ aVyJ ()

V7(s)
parameters ¢




Policy evaluation fit v

‘—>

generate

. samples (i.e.
J(ﬁ) — ES1NP(51) [V (Sl)] run the policy)

fit a model to
estimate return

V7T(s¢) = Zﬁzt Er, [r(sy,ay)|s]

how can we perform policy evaluation?

Monte Carlo policy evaluation (this is what policy gradient does)

| NH
V7(st) & N ZZT(S#,&#)

1=1t'=t

(requires us to reset the simulator)



Monte Carlo evaluation with function approximation

V7™ (s)

parameters ¢

not as good as this: V7 (s;) ~ SN S (s, ap)

but still pretty good!

training data: {(St ,Zt, tT(Str aif)))}

yt(z)
N H
| | 1 @y _ @)
supervised regression: L(¢) = 522 5 (sy) =y H
1= tzl

the same function should
fit multiple samples!



Can we do better?

ideal target: y Zt’ _y E, { (St’aat’)|sii)} ~ ’l"(sgi) (4 )) + V’ﬂ'(sgﬁl) T(sgi)’at ) -+ qu (St—|—l)

Monte Carlo target: y Z g T (s by ag,)) directly use previous fitted value function!

training data: {(s](t ), ’r(s,g ), agz)) + ng (Sgl))}

N H
1
supervised regression: L(¢) = 2 Z Z

sometimes referred to as a “bootstrapped” estimate



Discount factors

lteration 2000

U0 = rsl? a0 + V760

OEED)S

=1 t=1

2

/7 (st) -yt

what if H (episode length) is 0co?

V7 can get infinitely large in many cases episodic tasks continuous/cyclical tasks

simple trick: better to get rewards sooner than later ~ changes the MDP:

u =r(st”,al”) + 4V (st)

T

discount factor v € [0, 1] (0.99 works well)

t=1

H
0* = arg mgXETNpg(T) [Z fytr(St, at)]



Time-varying vs. time-invariant

N H
s LD @) @Dy o) 1 e (DY _ (0]
training data: {(st ,7(s; ,/at ) +VE (?H))} L(¢) = ) ;; o (807) — H
we often don’t actually care at which time step the data was collected why?

e N

~

o 3 9
s,“ a;, s Z) transition

training data: { (si, r(s;,a;) + q/ng (s;)) }
1 N 2 these are just notational conveniences,
-3

c;T Si) we didn’t actually change anything




Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992 AlphaGo, Silver et al. 2016
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Figure 2. An illustration of the normal opening position in backgammon. TO-
Gamron has sparked a near-universal conversion in the way experts play
certain opening rolls. For example, with an opening roll of 4-1, most players
have now switched from the traditional move of 13-9 6-5 to TD-Gammon's Figure 1. An illustration of the multilayer perception architecture used in

' P . . TOD-Gammon's neural netwark. This architecture is also used in the
preference, 13-9, 24-23. TD-Gammon's analysis is given in Table 2. popular backpropagation leaming procedure. Figure reproduced from [9]

Input Patterns

reward: game outcome reward: game outcome

value function Vg(st): value function V[ (s):

expected outcome given board state expected outcome given board state



Part 3:
A basic actor-critic



A basic actor-critic algorithm

fit V™
fit a model to
> 1. sample {s;,a;,s;} from my(als) (run the policy) SSHMES (T
evaluz}te Y, = r(s;,a;) + ’YV(;T(S;;)
refit V'(s) to targets {y;}

batch actor-critic algorithm:

generate
samples (i.e.
run the policy)

improve the
policy

0 < 0+ aVeJ(0)

3
4. evaluate A™(s;,a;) = r(s;,a;) + 7V
5
6

. Q%Q—I—(}VQJ(Q)

mo(als) S

V7(s)
parameters ¢




An online actor-critic algorithm

batch actor-critic algorithm:

1. sample {s;, a;,s,} from my(als) (run the policy) what if we only have one transition?
2. evaluate y; = r(s;,a;) + ”)/V”( ")
3. refit V“( ) to targets {y:}
4. evaluate AW(S@, a;) = r(s;,a;) + ’yVW( ) — Vi(s:)
5. VoJ(0) = 3, Vologmg(as|s;)A™ (s;, a;)
6. 0 < 0+ aVyeJ(0) )
/\/\ G- va(s@-) o
¢ ¢ —aVyLi(9)
\! A" (s a;) = r(s;, a;) + Wg(Si) - f/g(sz)
S%, a;,S A
l VoJ(0) = Vglogmg(a;|s;)A™(s;,a;)

yi = r(si,a;) + Wg(s;) 0 < 0+ aVeJ(0)



An online actor-critic algorithm

Onllﬂe aCtOI'—CI‘ItIC algorlthm Example algonthm A3C
1. get (s;,a;,s;) by taking one step with a ~ my(a|s)
2. evaluate y; = r(s;,a;) + »)/f/g(si) Getting this to work in practice typically
3. update ¢ using ngﬁ'(qb) requires multiple parallel workers
4. evaluate A™(s;,a;) = r(s;,a;) + YV (sh) — VI (si)
5. VyJ(0) = Vylog Wg(ai|si)ﬁ’”(si,ai)
6. 0 < 0+ aVyJ(0) 5
/\/\ G- HVJ(S“’) e
\ ¢ ¢ —aVyLi(o)
(s; a! AW(S@,EM) = 1(84,a;) + ’}/VQ;F(S;:) - VJ(Sz-)
l VoJ(0) ~ Vylog 7T9(a¢|si)A7T(si,a?;)

yi = r(si,a;) + Wg(s;) 0 < 0+ aVeJ(0)



Intermission



Part 4

On-policy actor-critic
(a.k.a. policy gradient that actually works)



A basic actor-critic algorithm

it V7™
fit a model to
estimate return

batch actor-critic algorithm:

=) 1. sample {s;,a;,s.} from my(als) (run the policy)

‘—>

2. evaluate y; = r(s;,a;) + ’)/V(;T (s?) generate
~ samples (i.e.
3. refit Vg(s) to targets {y;} A A run the policy)
4. evaluate A7 (s;,a;) = r(s;,a;) + ’yVJ(S;) — V7 (si) t
~ improve th
5. Vo J(0) = ), Vglogmg(a;|s;) A" (s;, a;) ppgli:vt e
60— 04 aVeJ ()

0 < 0+ aVeJ(0)
What do we need to do to make this work in practice?

even better ways to estimate A"T e.g., GAE (today)

better ways to estimate Vy.J(0) e.g., PPO (more on this later)



Critics and baselines

Actor-critic:

VQJ(Q) ~ — ZZV@ 10g7r9(

N
: : 1
Policy gradient: ¥, J(0) ~ ~ Z Z Vo log me(a

=1 t=1

can we use IA/'(;T and still keep the estimator unbiased?

| NoH . t
Vo J (0 N;g Vg logmg(a |s ((ny

t'—=t
+ no bias

asi”) (r(st”,af”) + V7 (st)) — Vi (si7))

+ lower variance (due to critic)
- not unbiased (if the critic is not perfect)

((Z q/t “Ir( st, a%))) bt)

+ no bias
- higher variance (because single-sample estimate)

)|St

Exercise: prove that this is still unbiased

“Ip( st, at,))) — Vg(s&)))

+ lower variance (baseline is closer to rewards)



Eligibility traces & n-step returns

+ lower variance

- higher bias if value is wrong (it always is)

+ no bias

- higher variance (because single-sample estimate)

Ag(st, at) — r(st,at) + ’YVQZT(SH_l) — V¢7T(St)
Af\T/[c(Sta ar) = )y ’Yt,_t"“(st'a ay) — VJ(St)

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

Tt
‘k cut here before variance gets too big!

1 > 1

smaller variance

Ar(sp,ay) = S0y Tir(se,ap) — VE(se) 9"V (Stgn) E

choosing n > 1 often works better!



Generalized advantage estimation

r :
t Do we have to choose just one n?
Cut everywhere all at once!
> 1
A . t+n ' —¢ ~ 2 A 00 "
AR (st ar) =3 v “ir(se,ar) — ViI(se) +9" Vi (St4n) AT ag(se,ar) =D 0" wp AT (s, ar)
weighted combination of n-step returns
How to weight? Mostly prefer cutting earlier (less variance) Wy, X Al exponential falloff

~

Eap(sta) = r(spa) +7(1 = NV (si41) + Ar(sert aen) + 7 (1= AV (Sey2) + Ar(sig2,ai2) + ...

~ ~

AZpp(sta) = Yo (YN 1oy 8 = r(sp,ap) + YV (svq1) — VI (sv)

™~ similar effect as discount!

Schulman, Moritz, Levine, Jordan, Abbeel ‘16



Policy gradient with GAE

policy gradient with GAE: can use GAE estimator here too!
1. sample {7V} from 7y (run the policy)

evaluate y( D = fr(sg ), ag )) + fyf/w(sgl) 4/

. fit Vﬁ( ) to targets {yt }

evaluate Af,p(si”,a:(i)) = Yoo, (vA)! 16y

Vo (0) ~ 3.3, Vologme(al” s{?) A7 (s al?) ZA“ OO
00+ aVyJ(0)

S T

1 2
=N Z (A”(Sg .ay’) - IJf)
in practice, we typically it

use n-step return estimators center the advantages @ ()
_ L . A (sl ay = A1) —
use Monte Carlo estimator with V7 (s;) baseline Lot o

Other good options:

This is the first part of implementing PPO

The other part is a slightly different gradient estimator



Part 5:
Off-policy actor-critic

(a.k.a. actor-critic)



Actor-critic with a replay buffer

!/
store s;,a;,s;

online actor-critic algorithm: /\
1. get (s;,a;,s;) by taking one step with a ~ my(a|s)

. evaluate A7 (s;.a;) =7 Si,a;) + ’)/VQ;T ) — VJ(SZ-) use batch {(s;, a;, sg)}fil from buffer

Vg log mo(a;|s;) P
U

/ not the right target value

update ¢ using V,L;(0

o G W N

not the action my would have taken!

This algorithm is broken!
Hint: (s;,a;) no longer comes from latest my(a;|s;)
Can you spot the problems?



Key idea: estimate Q-function

y; = r(s;,a;) + fyf/qf (sf) where (s;,a;,s,) came from an older policy 7

why is this wrong?

want V7 (s;) = Eany(als) 7(8i,a) + V7 (s')]

got V7 (s;) = Eaz(als;)[7(si,a) + V™ (s)] What if we estimate Q-function instead?

RN

yi = (85, 8;) + VB, (ar|s)) [QF (5], @)

L) =5

1=1

because a; ~ w(als;)

to estimate:

a;, ~ mg(a’ls;) Note that we use the latest policy!

2 A ~
Ea’wwe(aﬂs;) [Q(b(sslﬁ al)] ~ Q¢(S;;a a;)

Qg(s@-,a?;) — Y




Actor-critic with a replay buffer

store s;, a;, s,

online actor-critic algorithm:
o 1. get (s;,a;,s,) by taking one step with a ~ my(als)

2. evaluate y; = r(s;, a;) + VEarorg(al|s)) [Qg(sg, a’)]

3. update ¢ using V S 1Q% (si a;) —yill* <__/

- TN T o : 7 use batch {(s;,a;,s:)}2, from buffer

PP AL -
6. 0« 04 aVeJ(0)

use the same trick, but this time for a; rather than al!
sample al ~ mg(als;)
VoJ(0) ~ L3 Vologmg(al|s;) A (s;, al)

T ' higher variance, but convenient
not from replay buffer R! / why is higher variance OK here?

in practice: VoJ(0) ~ + >, Vg log Wa(aﬂsi)Q;’g(s@, ay)



Actor-critic with a replay buffer

!/
store s;,a;,s;

off-policy actor-critic algorithm: /\
. get (s;,a;,s;) by taking one step with a ~ my(als)

1
2. evaluate y; = r(s;,a;) + ’)/Eafwm(aqs;) [Q;Z(Si, a’)|
3. update ¢ using Vi 3,70, [|QF (si, a5) — il|? — i
~ /
4 Vol (O) =Y, Eafvfre(alsi)[VG log 7T9(3|S@')Qg(87;,a)] use batch {(s;,a;,s’)}:2; from buffer
5.

0« 0+ aVyJ(0)

Is there any remaining problem?
s; didn’t come from py(s)
nothing we can do here, just accept it

intuition: we want optimal policy on py(s)
but we get optimal policy on a broader distribution



An implementation trick

store s@, a;, s
off-policy actor-critic algorithm:

get (s;,a;,s;) by taking one step with a ~ 7y a]s

1.

2. evaluate y’L — T(SZ, az) —|_ nya’N']TQ (a |S [ng

3. update ¢ using V ZZ ) HQW(S@, a;) — ||2 /
4 a)l ]

5

VoJ N[Z Foary(als)) [ Vo log m(als;) ng s, a use batch {(s;,a;,s;)}2, from buffer
.0+ 9 + aVyJ(0)

which gradient is this estimating?  VyEar,(als, )[Q (si,a)]

this is a neural network!
we can compute =~ Qﬁ(sz, a)

can we use this?



Reparameterization trick

say mg(als) = N (ug(s), 0a(s))
how do we sample?
€ N(O’ 1) vﬂEaNﬂ'Q(a|S) [Q(Sa a)] ~ VQQ(Sa Ho (S) + 09(8)6)
a = 1g(s) + og(s)e “reparameterized gradient”
N

Eamry(als)[@(s:a)] = Ecpnr0,1)[Q(s, 1o(s) + oa(s)e)]

~ Q(s, po(s) + da(s)e) e ~N(0,1)

\

this is easy to differentiate with any
autograd library (e.g., PyTorch)



Off-policy actor-critic with reparameterization

!/
store s;,a;,s;

off-policy reparameterized actor-critic algorithm: /\
1

. get (s;,a;,s;) by taking one step with a ~ my(als)
evaluate y; = r(s;, a;) + YEu ory (ar1s) [QF s, a’
| A 2 o ( |7,)[ qb(2 )]
update ¢ using Vy > .~ Q7 (si, a;) — vl —
Vol (0) =Y, VgQg(s,,ug(s) +op(s)e;) use batch {(s;,a;,s;)}2; from buffer
00+ aVyJ(0)

U L N

Example practical algorithm:
Soft actor-critic

* uses a few more tricks for Q-function estimation (we’ll see this in Q-learning lectures)
* uses entropy regularization (we’ll learn about this later)

We'll also learn about algorithms that do this with deterministic policies later!
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