Dealing with Continuous Action Set




Continuous Action Set

Full-information feedback

Given: Action set () € R®
Fortimet=1,2,..,T:
Learner chooses a point a; € Q
Environment reveals a reward function r;: Q - R

Bandit feedback

Given: Action set ) € R?
Fortmet=1,2,..,T:
Learner chooses a point a; € Q
Environment reveals a reward value r;:(a;)




Continuous Multi-Armed Bandits

With a mean estimator
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Value-Based Approach (mean estimation)

e Use supervised learning to learn a reward function Ry (a)

e How to perform the-exploration strategies (like e-Greedy)?
e How to find .

e Usually, there needs to be another policy learning procedure that helps to find
argmax, Ry (a)
e Then we can explore as a, = argmax,Ry(a) + N (0,0°1)



Value-Based Approach (mean estimation)

The mean estimator R4 essentially gives us a full-information reward function

Fort=1,2,..,T:

Take action a; = ?Q@+ N (0, 021))
Receive r;(a;)

Update the mean estimator:

2
qb «— Qb — AV¢ [(Rd) (at) — rt(at)) ] a A’ Ry (a)
Update policy:
Heer = Pa + m mioic wgrs Rp(in)

Think of this as a continuous-action countM-Greedy



Continuous Contextual Bandits

With a regression oracle
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Combining with Regression Oracle (abandit version of DDPG)

Fort=1,2,..,T: Assume policy parametrization
: , _ 2
Receive context x; (- %) = NV (pg(x), 021 Y

P———

/{’((9(X) T Argm sy ﬂé(’ﬁ"‘) ‘
/ 2}

Take action a; = Pq(ug (x;) + N(0,021))
Receive r(x;,a;)

Update the regression oracle:

—

$ < p—AVy [(ch (x¢, ar) — 1 (xe, at))zl

Update policy:
0 < 0 +nVgRy (X, o (xt))

Mmimic & '36"“"'“ éi(p (Yb, Mo ('xt))




Continuous Multi-Armed Bandits

Pure policy-based algorithms
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Pure Policy-Based Approach

Gradient Ascent (full-information)
Fort=1,2,..,T:
Choose action p;

~
Receive reward function r;: Q — R iz
Update action g1 <« Po(ue + 1Vre(ue))

We face a similar problem as in EXPL; Wk\ﬁg)cjr‘lx (Rbserve r:(a;),/how can we
estimate the gradient? c R




(Nearly) Unbiased Gradient Estimator

Goal: construct g, € R? such that [E[g,] = V(i) with only rtgat) feedback

—



(Nearly) Unbiased Gradient Estlmator (1/3) 8 w__?_z

R J =
uth a,,/o,-—i r(u+6)—r(u— )——é— Un 2. A
A= { 2 Vr(u) ~ = S /2
- ( s
A-b w'/’)' -—5 } &£ 1/r(u+6)\ 1 7, B
= 2\ s /" 2 =& 9)
wb H(ut§) § azu+ \S ]
A X d [ﬁ r(u+ [35)]
\ - V(M-J\) ‘j‘ ~unif {-1,1}
fw

@ we lf\ﬁvc ahe pheice fo mef/e Cfﬂ«f‘f R

[(a — wr(a)
2
ahd receve }/(g\)

= IE:a~unif{u—6,/,t+6}

@ We wact gracte 9 Suchiid ' (?z, 92)

£(5) - o(y(x)[ g7 2(””’) 7z
AX | y=m 219 (5.8) ~(0.25:) 4p 3




(Nearly) Unbiased Gradient Estimator (2/3)

Uniformly randomly choose a directionﬁig €{1,2,..,d} \

Uniformly randomly choqse B, € {1, —1}
Sample@z Mﬁ@ )
Observe r:(a;) “

Define g, = drt{gat) Bee, .

dse wpsy




(Nearly) Unbiased Gradient Estimator (3/3)

N

Choos@ with E, _p[z] = 0
Sample a; = u; + z;

Observe r;(a;)

Define g, = rt(at)ﬂ{lﬁ

Asswe Vg (a) = <\,Ta +b) (Vs e gt )

o E (50| £ (5l K'e]
g




. (
Basellne z -:S:_ * ; 7: ? V(A"-g) = S—I:Y Chte e f
g { ;7
| - H(u-§) _=6.
gt = (Tt(at) — bt)Ht_lzt z\::—w-m— (a[\ s J.r:r Oﬁlmfc ,{A_.‘r

5 e

| af M we§ ]‘(,q_,g)..?— _ l
? —(r4-§)-7) -
' g

Besides controlling the extent of exploration, it also affects the variance of the gradient



Gradient Ascent with Gradient Estimator

Arbitrarily initialize p;, € Q )
Fort=1.2,..,T: P Gunsrn (0, *1)
Leta, = Mg(u; +2,) wherez, ~D (assume that ||z,|| < & always holds)
Receive r:(a;)
Define
g = (re(ay) — b)H; 'z, where H, :== E, p[zz"]
Update policy:

terr = g (e +19¢)




Continuous Contextual Bandits

Pure policy-based algorithms
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Gradient Ascent with Gradient Estimator (PG)

Fort=1,2,..,T:

Receive context x; e 1g (%)
Let a; = ug, (x;) + z; where z; ~D

Receive r:(x;,a;)

Define 4 .
gr = (re(x¢,ar) — be(x))Hy "z,  where Hy :== E, _p[zz']

T ————




Gradient Ascent with Gradient Estimator (PG)



Gradient Ascent with Gradient Estimator (PG)

Fort=1,2,..,T:

Receive context x; e 1g (%)
Let a; = ug, (x;) + z; where z; ~D

Receive r:(x;,a;) “—‘—'
Define

ge = (re(x¢, ag) — bt(xt))Ht_lzt where H, == E, p[zz"]

Recall: is an estimator for V , }
g: is an estimator fo Hri(ict ‘u)|u=u9t(xt)

Update policy: /
c.f. finite action case

01 < 0 + 1 Vg (1o (xt), gelo=p, Vo (g (- |x2), 7e)lg=g,




Gradient Ascent with Gradient Estimator (PG)

An alternative expression:

When D = N (0, H,), we have

Vo (ug(xt), g¢) = Volog mg(alx.) (re(xe, ar) — be(x¢))
A
(; = (re(x¢, ) — bt(xt))Ht_IZD e (- |x¢) = N (ug(x¢), He)
Ht - [EZ~D [ZZT: 1

o~ 3(a—o () H  (a-po(x0))

a; = pug(x) + z, (2m)Z det(H,)z



Gradient Ascent with Gradient Estimator (PG)

Volog mg(a;|x;) (r:(xs, a;) — b (x;)) is a general and direct way to construct gradient
estimator in the parameter space:

V(o) = j o (alxe) 1:(xe, @) da

Vomg(alx;)
g (alx;)

Unbiased estimator for VoV (0):
% [Sample a, ~ 7y (- |x,) and define estimator :) Yomolael*e) 1. (e q,)
" mg(ac|xe)

—

VoV (6) = ngTl,'g(alxt) r:(xs,a) da = fng(alxt) re(xs,a) d

glog mg(ag|x)re(x¢, ar)




Gradient Ascent with Gradient Estimator (PG)

Fort=1,2,..,T:
Receive context x;
Let a; ~ mg, (- |x¢)
Receive r:(x;,a;)

Update policy:

Or41 < 0, + 1 Vglog mg(as|x;) (Tt(xt» ag) — bt(xt))|0:9t




PPO

PPO update

Orr1 < arggnax {;:t((ittlf;tt)) (re(x¢, ar) — be(xt)) — %KL(T[G(' |xt)»7T6t(' |xt))}

1
2no?

~ arggnax {<H6(xt)»gt) — ||“9(xt) B ‘uet(xt)llz}

c.f. PG update
Or+1 < 0 +1 Vglog mg(aclx) (1 (xp ap) — bt(xt))|0=0t

1
~ argmax {(ug(x0), 90) — 5110 — 0,11}



Summary for Bandits



3 main challenges in online RL: Exploration, Generalization, (Temporal) Credit Assignment

Finite actions

+ Generalization over actions

!

\

MAB

Exploration

VB R(:) e RA

CB

+ Generalization over contexts

xD‘ Ry(x,) € R4

xD‘ me(- [x) € Ay

» Infinite actions

|
MAB

aD Ry(a) € R

CB
X
a»} Ryp(x,a) €R
X —»} ‘Ltg(x) e R¢
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