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Review: Bandit Techniques

x. context, a: action, r: reward

context to action distribution

MAB CB

Mean estimation Regression
+ +
EG, BE, IGW EG, BE, IGW
KL-regularized update PPO/NPG
with reward estimators PG
(EXP3) s
+

baseline, bias,
uniform exploration,

clipping

baseline, bias, or
uniform exploration



Are we done with bandits?

e Almost, but we have a last important topic: how to deal with continuous
action sets? (#actions could be infinite)

e We will go over the 4 regimes once again to deal with continuous actions
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Dealing with Continuous Action Set




Continuous Action Set

Full-information feedback

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

Bandit feedback

Given: Action set Q € R?
Fortimet=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 R (a)

e How to perform the exploration strategies (like e-Greedy)?
e How to find argmax,Rg(a)?
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)



Full-Information Policy learning Procedure

(£

Gradient Ascent W

Fort=1,2,..,T:
Choose action p;
Receive reward function r;: Q= R

Update action p4q < Po(pe +nVre(ue))

When g = N (ug, 0%1), the KL-regularized policy update
1
Or11 = arggnax f(T[g (a) — ngt(a))rt(a) da —ﬁ KL(nQ,th)

is close to ug,,, < ug, + NVre(tg,)




Regret Bound of Gradient Ascent

Theorem. If Q is convex and all reward functions r; are concave, then
Gradient Ascent ensures

a BT 14113

Regret = Lrlr}axz re(u*) — re(up) < £ +7n Z”V?ﬁ:”z

9
t=1

This can also be applied to the finite-action setting, but only ensures a VAT regret
bound (using exponential weights we get /(log A)T)




Combining with Mean Estimator /QM ) N(ﬂf'“ﬂ

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

Fort=12,..,T: / " UQ

Take action a; = Pq(u; + M(0,0210))
Receive ry(a;)

Update the mean estimator:

b« ¢~ 29y |(Ryla) ~ (@) | a

Ry (a)

Update policy:
HUt+1 = Pﬂ(ﬂt +nV,Ry (Iit))

Think of this as a continuous-action counterpart of e-Greedy



Continuous Contextual Bandits

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

Fort=1,2,..,T:
Receive context x;
Take action a; = Pq(ug (x:) + N(0,021))
Receive ry(x:, a;)

Update the regression oracle:

Assume policy parametrization
o (- 1) = NV (g (x), 0%1)

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




Continuous Multi-Armed Bandits

Pure policy-based algorithms
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Pure Policy-Based Approach

Gradient Ascent
Fort=1,2,..,T:
Choose action p;

= 4( Ag)
Update action pry1 < Po(us + 71V7"1:(,ut))
\

We face a similar problem as in EXP3: if we only observe r;(a;), how can we
estimate the gradient?
it




(Nearly) Unbiased Gradient Estimator

Goal: construct g, € R? such that E[g,] = Vr.(u,) with only 7.(a;) feedback

Lo R =R @(v;): Fe(e)
Sple f, = Mg -0 U T (p) —>
Q(a P]_ = Mg +0” Ve (PA e CY,
R

" ot J:t(ﬂ) — Y’C (P( Crke  Tandonsred ?‘g Sudn WG




(Nearly) Unbiased Gradient Estimator (1/3) i~ [f}eg-w

Uniformly randomly choose a direction i; € {1, 2, ..., d}
Uniformly randomly choose B, € {1, -1}
Sample a; = u; + 6 5;¢€;

Observe ry(a;)

d(re(at)—by)
DI g = k a(st t Btei,

Define g, =

D




(Nearly) Unbiased Gradient Estimator (2/3)

Uniformly randomly choose z; from the unit sphere S; = {z € R%: ||z, = 1}

Sample a; = y; + 7 f
Observe r,(a;) Z! U l 0\ /’/Jd
Define g, = d(rt(a;)_bt) z, !
— RN A 75
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(Nearly) Unbiased Gradient Estimator (3/3)

Choose z; ~D with E,_p|z] =0

Sample a; = u; +@ }

A
Observe ry(a;) g e
Define g, = (r:(ay) — b)H; ‘2, WhereQ: E,-plzz )

A‘MW‘.'“? (ﬁ(o\) = C + OLTVZ P e wil| Shw 5[9{32 U‘t @_[H{-l?t(@b{>]:o

£ [m}gﬂ[ <n(c_\t>~@;>ﬂ?at}’“§[*f§; £ty
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Gradient Ascent with Gradient Estimator

N

Arbitrarily initialize y; € Q @ U
Fort=1,2,..,T:

Leta, = Mg(u; +2;) Wherez, ~D (assume that ||z;|| < § always holds)

Receive r¢(a;)

Define |
ge = (re(ay) — by)H; “z, where H; == E, p[zz"]

Update policy:
Uerr = g (Ue +1g¢)




Regret Bound of Gradient Ascent with Gradient Estimator

Theorem. If Q is convex and all reward functions r; are concave, then
Gradient Ascent with Gradient estimator ensures

Regret = max[E
U EQ

[T

Z re(u*) — e (pae)

[ t=1

Sli

max |||z

+ nZMgtnz Zblast

I \

Decrease with §  Increase with &



Continuous Contextual Bandits

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

Fort=1,2,...,T:
Receive context x;
Let a; = ug, (x;) + z; where z; ~ D
Receive ry(x:, a;)
Define

Recall: g, is an estimator for V, 7, (x,, )|

ﬂzﬂet(xt)

Update policy:

Oi11 < 0+ [an estimator of Vert(xt,ug (x¢)) at 6 = Ht]




Gradient Ascent with Gra

dient Estlmator (PG)

vy




Gradient Ascent with Gradient Estimator (PG)

Fort=1,2,..,T:
Receive context x;
Let a; = ug, (x;) + z; where z; ~ D
Receive ry(x:, a;)

Define |
G (r:(x¢, ap) — be(x))H; "z, where Hy == E, p[zz ]
J()(t, .Ub(.\fé))

Recall: g¢ 1 anﬁﬂmwﬁ(xpﬂ)'u—ﬂe (x¢) Mo ( )Tj t
‘ ~ O X4 + 1 | Gans T,
Update policy: f (Xt, %(¥t5> | at

c.f. finite action case
Orv1 < O¢ + 1 Vo (g (xe), ge)lo=0, Vo (o (- %), 7)o,




Gradient Ascent with Gradient Estimator (PG)

An alternative expression:

When D = NV (0, H;), we have

Vo (ug(xt), g¢) = Volog mg (ac|x:) (e (x¢, ar) — be(xe))
ge = (1 (xy, ap) — bt(xt))Ht_lzt mg (- |xr) = N (ug(x¢), He)
Ht - [EZ~D [ZZT] 1

o—3(a—ro(x0) Hi  (a—po(x)

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 inthe pa

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

Vomg(alx;)
g (alx;)

VoV (6) = j Vomg(alxy) re(x;,a) da = f mg(alx;) 1+ (x¢,a) da

Unbiased estimator for VoV (8):

Sample a; ~ g (- |x;) and define estimator = Vore(ac|xt)

g (ae|xt)

re(xe, ae) = Vglog mg(aclx)r (x¢, ar)

c.f. The other approach:
Create g, as a gradient estimator in the action space (by sampling around mean action py)

Then construct gradient estimator in the parameter space as Vg (ug, g;)



Gradient Ascent with Gradient Estimator (PG)

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

Update policy:

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




PPO o (1) = =N m)
PPO update / S~

Oprq — arggnax {ne(at”);t)) (re(x¢, ap) — be(xr)) — —KL(ﬂe( |x¢), g, (- |xt))

”et(at

120 Cee) = g, G0}

= arggnax {(ug (x¢), 9¢) — 2,702

c.f. PG update
Or+1 < 0 +1 Vglog mg(aclx) (1 (xp ap) — bt(xt))|9=9t

1
~ argmax {(uo (), g0 — 2 10— 0.1}



Summary for Bandits



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

+ Generalization over actions

Finite actions
! \

CB

+ Generalization over contexts

Exploration

VB R(-) € R4 x'D‘ Ry(x,) € R4
DON
PB () € Ay x'D‘ mg(- |x) € Ay

PPO, PG, A2C

» Infinite actions

|
MAB

aD Ry(a) € R

\

CB
X
a—»} Ryp(x,a) €R
x—»} ug(x) € R

DDPG, TD3, SAC

PPO, PG, A2C
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