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Logistics

 Assignment 1 due this Friday

_ * Assignment 2 to be published soon

 Due next Friday
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Recap

« Stochastic process = sequence of random variables X, X;, X,, ...

* The probability of a realization of the variables is given by

PXgs X15 X, -..) = P(Xg)p(Xy | X)p(xs | X, X1) -+ = Hp(xiﬂ | X<)

 Often we have structure that simplifies these probabilities
» E.g., the Markov property p(x; 1 | X)) = p(x; 1 | x;)

> X;,1Is independent of X, ..., X;_; given x;
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Recap

St—1 S; St41

» Dynamical system = stochastic process over state s,
» For now we assume Markov dynamics p(s,, | s,)

~ The initial state distribution p(s,) also considered part of the dynamics
» The dynamics induces a joint distribution p(sy, 51) = p(so)p(s; | Sp)

The dynamics also induces a marginal distribution p(s;) = Z P(Sp, 1)

50

More generally, we have the recursion: p(s’) = Z p(s)p(s’]s)

>

\)
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Recap

511 St41

s

e A given control policy z(a | s) induces the dynamics

 Controlled dynamics: p(s’| s, a)

ps'|s) = ) a(a|)p(s'| s, a)

Can similarly compute marginals recursively p_(s’) = Z p(s)a(a|s)p(s’|s,a)

S.d

and p_(s',a’) = Z ps,a)p(s’|s,a)n(a’|s’)

S.d

>
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Recap

o TrajeCtory: 5 — So, ao, 31, A15 99,5 - ..

Probability of a trajectory: p (&) = p(SO)H m(a,| s)p(S,.1 18, a,)

[

 Marginal expectation:

e L)1 = ) pEf(s)
S
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Recap

o TrajeCtory: 5 — So, ao, 31, A15 99,5 - ..

 Marginal expectation:

D PAES)
S

_S&Npﬂ[f(st)]

SONP[

SONP[

Sthﬂ[

ao\SoN”[.

Clo‘SONﬂ'[. .

Probability of a trajectory: p (&) = p(SO)H m(a,| s)p(S,.1 18, a,)

[

Bt pl Esplseapmpl /811 1]

. St‘st—laat—l"’p[f(st)] o ]]

_f‘Sthzz[f(St)]] — _Sthﬂ[f(St)]
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Rao—-Blackwell theory

» Suppose we use data x to generate an estimate 6A’(x) of parameter €

» Let y be a sufficient statistic of x for &

» That is, there's nothing more, on top of y, that x can tell us about &

» Consider the estimator é’(y) = —[9()6) | y] of &

> |t has the same bias as 6(x), and lower variance

» Which also means it has lower MSE
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Don't let the past distract you

Vot o= Eevp, l( 2 Vglog my(a| St)) R] = 2 =

t'>t

[

* Therefore, a lower-variance gradient estimator:

27
[

St"’l’e[

_Clt‘StNﬂ'g[ Vﬁl()g ﬂe(at ‘ St)RZt]]

[ Vg

“a s ]

In our case, R, = 2 y'r(s,, a,) is a sufficient statistic of R for 7,
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Today's lecture

Actor-Critic methods

Advantage estimation
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Policy-based methods

policy evaluation e.g. MC

differentiable policy
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Policy Gradient (PG) with reward-to-go

Vo£o=Ez, | Volog py(S)R]




Policy Gradient (PG) with reward-to-go

Vo£o=Eg, [ Volog pg(SR]

e, l Z Vlog ny(a, | st)R]
[

— Z _Sthe[ _atlst"’ﬂ'g[ V@lOg ﬂ-@(at ‘ St)R]]

[

2. Eonl VoFajomn R1

[

2 Esr [vg E s lz rt,] ]

[

Assuming undiscounted horizon

Gradient estimator is Z —~ V. E Z -
independent of past rewards $~Po 0™—a,|s~my t
t

t'>t
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Discounted case

Vﬁjﬁ = Z —s.~py | “a.|s,~m, lvﬁlog ﬂﬁ(at ‘ St) Z yt,rt’]

[ t'>t
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Discounted case

Vﬁjﬁ = Z —s.~py | “a.|s,~m, Vﬁlog ﬂﬁ(at ‘ St) Z yt Fy

[ t'>t

— 'E = t'—t
o Z }/ 5t~ Po A\ 8§~ Ty Vel()g ﬂ@(at ‘ St) Z }/ rt/
t

t'>t

e Does it make sense to discount the contribution of future states?

> Do we really care less what we do long after the start?

* |n a sense, discounting is not real, just a computational / statistical trick

> Don't discount the contribution of s, to the loss

> That's what most algorithms do
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Policy-Gradient Theorem

VoS 9= Zyt
[

_St"’Pe[

_dtlStNﬂ'g[ Vé’log ﬂﬁ(at ‘ St)RZt]]




Policy-Gradient Theorem

Vé’jé’ = 2 yt _Sthg[ _dtlStNﬂ'g[ Vé’log ﬂﬁ(at ‘ St)RZt]]

{
]
— Z }/t _Sthe[ _at‘StNﬂ'H[ V@l()g ”H(Clt ‘ Sl‘)sz'e(Sta at)]]
{

VQV@(S) — v6’ _a\SNﬂQ[Qﬂg(S’ Cl)]
= Z (Vomy(al $)Q, (s, a) + mya | 5) VO, (s,a))

— _a\SNﬂg[ Vel()g 72'(9(61 ‘ S)Qﬂe(sa Cl) T VQ(I"(S, Cl) TV _s’\s,aNp[Vﬂg(S,)])]
= E4j5un | Volog my(a | )0, (8, a) + YE 5.4l VoV, (s)]]

 Here back-propagating gradients is like a Bellman recursion
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Today's lecture

PG with learned value function

Advantage estimation
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Actor-Critic methods

ZL(s,a) = — Vylog my(al $)Qy(s, a)
°<Z¢(S9 da,r, S,) — (7' T 4 _a’|s’~ﬂg[Q§Z(S,9 Cl,)] o Q¢(S, a))Q

critic:
evaluates the actor

policy evaluation

actor:
improves using the critic's advice
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Baselines

VoS o= ElVylogmyal|s)Q,(s,a) —b)]|s,al

b can be any variable independent of a given s

> Can depend on the past, but not the future

- _ 1
Previously, we used b = ~ Z R

l

 This suggests using b = Vﬂe(s)
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Advantage estimation

VoJfo=ElVylogmlal|s)A,(s,a)l|s,al

. How to estimate Aﬂe(s, a)?

A(s,a) = Qs a) = Vi(s) = r(s,a) + 7, o [Vi(s)] = V(s)

- With value estimation V ,(s), estimate the advantage:

A(s,a) & r+yVy(s") = V,(s)
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An Actor—Critic algorithm

Algorithm 1 Actor—Critic

get on-policy sample (s, a,r, s')

take gradient step on L, = (r +yV3(s") — Vi(s))?
compute A(s,a) = r + YVy(s") — Vy(s)

take gradient step Vg logmg(als)A(s, a)

repeat
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Practical considerations: param sharing

A) > > V¢(S)
e Separate parameters: —
) > > my(als)
e Shared parameters: .
Vi, (s)
¢
» Can be more data efficient s . —
T~ my(als)

» Can be less stable

critic

actor

critic

actor

Roy Fox | CS 277 | Winter 2021 | Lecture 5: Actor—Critic Methods



Practical considerations: distributed comp.

e Serial execution _
simulate to collect data

* Synchronous parallel execution take gradient step

* Asynchronous parallel execution

Roy Fox | CS 277 | Winter 2021 | Lecture 5: Actor—Critic Methods



Today's lecture

PG with learned value function

Actor-Critic methods
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More advantage estimation

A(spa) m ) 7" o= Vy(s)

1'>t
* Asynchronous Advantage Actor Critic (A3C):

» MC advantage estimation + asynchronous parallel execution

* Advantage Actor Critic (A2C): same but serial
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Comparing advantage estimators

bias variance

VoS g~ Vglog myals) Z y' 'y —b none high

r2t one grad per traj

VoF g~ Volog my(a|s)(r +yVy(s) — Vy(s)) lower

approx value

VoS o~ Vglogmyals) Z y' 'y — Vi (5) none

t'>1
state-dependent

baseline
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n-step 1D

e 1-step ID: Atl =1+ yV(siy) — V(s)

« 2-step TD: AIZ =r,+yr.+ }/ZV(St ) — V(s,)

» n-step TD: A? =7+ -+ 7" Y Vs,,) — V(s,)

+ In the limit MC): A® = r, 4 yr,, | + -+ — V(s))
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TD(/)

e How to choose n?

* Any specific n is hard truncation of the window of evidence we consider
e Instead, use “exponential window”

» Take n-step TD with weight proportional to A1, where 0 < 1 < 1

e Now with

n—1 n—1
Aj = Z yt,At1+t’ = Z Vt,(’” e YV Sar) = V(Siy))
t'=0 t'=0
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TD(/)

e How to choose n?

* Any specific n is hard truncation of the window of evidence we consider
e Instead, use “exponential window”

» Take n-step TD with weight proportional to A1, where 0 < 1 < 1

e Now with

n—1 n—1
Aj = Z }/t,At1+t Z Vt,(’” e YV Sar) = V(Siy))
t'=0 t'=0

Al =(1 —/1)2/1” An = (1 —/1)2/1” 1ny'A}+t

= (1 _/I)ZytAtl+t Z A= Z(/I}/)t t+1

n>t'+1
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Generalized Advantage Estimation (GAE(/))

VoZ o~ Vologmya,s) ) (Ay)AlL,
-




Generalized Advantage Estimation (GAE(/))

VoZ o~ Vologmya,s) ) (Ay)AlL,
-

A\

At1 =r,+yV(s,)— V(s)

 GAE(O) = 1-step; GAE(1) = MC




Recap

* Policy-Gradient Theorem
o State-dependent baselines

e Actor—Critic methods
> Advantage estimation

» Practical considerations

» n-step TD and TD(A)
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