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The Full-Information MAB ]

Given: set of actions A = {1, ..., 4}

Fortimet=1,2,..,T:
Environment decides the reward of all actions R;(1), R;(2), ..., R;(A) without revealing
The learner chooses an action a;
Environment reveals the noisy reward r:(a) = R;(a) + w;(a) of all actions

T T
Regret = maxz: Ri(a) — 2 R:(a;)
v t=1



KL-Regularized Policy Updates

Ty1 = argmax {(m — m, 1) — — KL(mw, nt)} Ry [ I?C‘)A}
meA(A) \ ) .'
( & (A)
1) (@) ~m(@)n (@) Z()l e ]
= argmax n(a) — ., (a))r,(a) —— Y m(a)lo
nEgA(cA) . ‘ t gn (a) (x, >
(g )

Y
The Improvement of & over m;

Y
Distance between m and m;

Why reqgularize the update? Ao

A

1)

</1 "Z«t-,ft >

> ~)
4‘/- e ;-KL (T2

Tt



KL-Regularized Policy Updates

Maintaining stability for stochastic or adversarial environments

~"

Follow the leader: a; = max A« Z r;i(a)
aeA :




KL-Regularized Policy Updates

TTtyq — Argmax
TEA(A)

Exponential weight updates

1
{(n — T, 1) — EKL(n, nt)} <«

meep(a) =

T[t (a) enrt(a)

Ybea Te(b) et ()

The equivalence is shown in HWO




Regret Bound for Exponential Weight Updates

Theorem.
Assume that nr:(a) < 1 for all t,a. Then EWU
1
My = argmax {(ﬂ — 1, 1) — — KL(7, T[t)}
TEA(A) n

ensures for any a* € A,
T T /A
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Questions and Discussions

e How is exponential weight update related to Boltzmagn’s exploration?
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Questions and Discussions

e \Why do we care about regret against a fixed action when the reward function
IS changing?
e Environments where reward function is mostly stationary, but occasionally being
changed adversarially

e \When we discuss about MDP, we will re-use this theorem but with R; replaced by the
“Q-function” of the policy used by the learner (and the policy of the learner changes
over time)

e This framework is suitable for a lot of other applications: game theory, constrained
optimization, boosting, etc.



Exponential Weight Update € Mirror Ascent

_ Usually, r: = Vf:(x;) for some
General form of Mirror Ascent: function f; that we want to maximize

X€E()

1
Xep1 = argmax {<x ~xem) = Dy(x xt)}

Bregman divergence with
respect to a convex function y

Dy (x,y) = P(x) = (y) — (VY (y), x — y)




Exponential Weight Update € Mirror Ascent

1
Special cases of Mirror Ascent:  Xx;4; = argmax {(x — X, ) — = Dy (x, xt)}

X€EQ n
1 2 1 2
=|lx13 =llx —yll3 Xep1 = Po(xe +111)
2 2 Gradient ascent
x(a) _ xp(@)e™® or distribut
Z x(a) .log x(a) 2 x(a) log m Xip1(a) = 5 x.(b) eTe® —for distributions)
a Negative entropy a

za: log x(la)

x(a) x(a) 11 -
za: (m - logm - 1) @) @) nre(a) 4@ (for distributions)

N

Normalization factor



Regret Analysis for Exponential Weights

Theorem.
Assume that nr:(a) < 1 for all t,a. Then EWU

1
Mg4q = algmax {<7T — 1, 1) — = KL(7, ﬂt)}
TEA(A) n

ensures for any a* € A,
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Regret Analysis for Exponential Weights

Useful Lemma We will apply this lemma with
TMref = Tt v =T, T =T¢q

For fixed m..s and v, define

F(m) = (T—Tpep, V) — KL(T, Trer) 7% &
and let # = max F(m) / "'*eff 2 KL(23)
i ’:(K) F(Zn.f)ZD

(1) F(7t) = F(m) + KL(wr, ) forany
(2) If v(a) < 1 for all a, then F (&) < (mrer, v2) = X Trer(a)v(a)?

(1) holds for all Bregman divergence
(2) Is specific to KL divergence (but has counterpart for other divergence)



Regret Analysis for Exponential Welghts
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Adversarial Multi-Armed Bandits



Adversarial MAB

Given: setofarms A = {1, ..., A}

Fortimet=1,2,..,T:
Environment decides the reward vector R; = (R;(1), ..., R;(4)) (not revealing)
Learner chooses an arm a; € A
Learner observes r.(a;) = R:(a;) + ws(a;)

Regret = maxz: R;(a) — 2 R;:(a;)



Recall: Exponential Weight Updates

n’t(a) enrt(a)
} @@ ()= 5 m(b) e

Mgy = argmax {(T[ — 1, 1) — = KL(7, ¢
TEA(A) n




Exponential Weight Updates for Bandits?

Mgy = argmax {(T[ — 1, 1) — = KL(7, ¢

TEA(A) VK

}

.“.

e 4q(a)

m(a) e/nft(a)

No longer observable

Only update the arm that we choose?




Exponential Weight Updates for Bandits?

T[t (a) enf't(a)

Zbchl nt(b) enre(b)

TEA(A) n

1
T4, = argmax {(7‘[ — 14, 7¢) — —KL(, nt)} - mipq(a) =

e 7:(a) is an “estimator” for r;(a)
e But we can only observe the reward of one arm

e Furthermore, r;(a) is different in every round (If we do not sample arm a in
round t, we’ll never be able to estimate r;(a) in the future)



Unbiased Reward / Gradient Estimator

Fix o &,
Ve (o
H‘ ﬂ:( } W) ;(J + Pr(ﬂe#a) -0 7
Agla)
Weight a sample by the inverse of the probablllty we observe it
| 1) gt
= ;J&»&#O\
( ) S\O rrt(a) if a; = a
fe(a) = [{a, =a) ={ "¢
t @\
L0 otherwise

Inverse Propensity Weighting / Inverse Probability Weighting / Importance Weighting



Directly Applying Exponential Weights

mi(a) =1/A forall a

Fort=1,2,..,T:
Sample a; ~ s, and observe r:(a;)
Define for all a:

Vi (s) € (o, ‘:) 1

(@) = 2 e = )
Update policy:
_ m(a) exp(nfe(a))
mryq(a) =

YareqTe(a) exp(nf(a”))




Simple Experiment

e A=2, T =1500, n=1/T
e Fort <500, r; = [Bernoulli(0.2), Bernoulli(0.8)]
e For 500 <t <1500, r; = [Bernoulli(0.8), Bernoulli(0.2)]
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Recall the Theorem

Yi(a)

%) £
Zn( /m) 1 {a= < |
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Theorem.

Does this still hold?

Assume that{n;(a) < 1|for all t,a. Then EWU

Terq(a) =

ensures for any a*,
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How to relate the regret with this?
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Solution 1: Adding Extra Exploration
lele)elo)

e Idea: use at least n probability to choose each arm j}(ﬁ) ¢[-1 ()

e Instead of sampling a; according to m;, use

w ). AZ use A¢
7}-_1,5(61) = (1 — An)ﬂt(a) + n WF AZ =) Aniform eq?[-’ru.r‘-w

Then the unbiased reward estimator becomes j
ri(a) re(a)

re(a) = =a} = [{a, = a

(@ =@ =Y T A am @ T

Yt(fq
= ( <) 1



Applying Solution 1

mi(a) =1/A forall a

Fort=1,2,..,T:
Sample a; from ; = (1 — An)m; + An uniform(A), and observe r;(a;)
Define for all a:
re(a)

. (a)

fe(a) = Ita; = a}

Update policy:

¢ (a) exp(nfy(a))
Yaren (@) exp(nfy(a”))

Terq(a) =




Solution 1: Adding Extra Exploration
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Regret Bound for Solution 1

Theorem. Exponential weights with Solution 1 ensures 7 =~ /f‘%ﬂ

[ T
max E Z(rt(a*) —1(a))| <0 (lnTA 8 nAT) Jm
t=1




Solution 2: Reward Estimator with a Baseline

e Notice that the condition is only n#:(a) < 1. The reward estimator is allowed
to be very negative! (Check our proof)

e Still sample a; from m;, but construct the reward estimator as

O F,",(o\ ﬂ:[ f; ]
— j) V(: (c\) [
¢ (a) Z@a) [{a; =a}+1 ﬁ%ﬂr’&)< 7 Q
nt(a) ¢(a)
Q&ifx)
e Why'this resolves the issue? . - Fe(s) -
(fé("\) ( } 7(_-6(6\))
A )

= -1+ 1 2 e



Applying Solution 2 ,

1
ar ey 5(7{;-7&, e - —,—2-I<6(N4-}

m,(a) =1/A forall a A(’ /
Fort=1,2,..,T: & <sz{/ [1’]>

Sample a; from n;, and observe r;(a;)
Define for all a:

PR
4 N

re(a) — 1 re(a)i= 1
() [{a; = a} + 1 orequivalently #(a) = el l
T[t(a) T[t(a)

Update policy:

. baseline
T{a; = a}

fe(a) =

¢ (a) exp(nfy(a))
Yaren (@) exp(nfy(a”))

Terq(a) =




Solution 2: Reward Estimator with a Baseline
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Regret Bound for Solution 2

Theorem. Exponential weights with Solution 2 ensures

[T
InA
max E Z(rt (@) —r(ap))| <0 (T + nAT)
a

t=1




EXP3 Algorithm

“Exponential weight algorithm for Exploration and Exploitation”
e Exponential weights + either of the two solutions

Peter Auer, Nicolo Cesa-Bianchi, Yoav Freund, Robert Schapire.
The Nonstochastic Multiarmed Bandit Problem. 2002.



Biasing
To keep n#:(a) < 1, we may also use “biased” reward estimator

re(a)
me(a) +7

X v’

Different from Solution 1 (adding an extra uniform exploration), here we do not
add exploration. Therefore, the reward estimator is biased.

fe(a) = I{a, = a} or fe(a) =



o a) -
Biasing E[_”_‘i mae:«)} R :mm)( z )

T 7 (2)+ T+
el gy X [

e may also use “biased” reward estimator

To keep n#:(a) < 1,

e(a)
me(a) +7

fe(a) I{a, = a} or fe(a) = I{a, = a}

me(a) +7

E[f;(a)] — (@) 5 Tt(“)( 7 ) Elfi(a)] = re(a) = (re(a@) — 1) < 7 )

n.(a) +n m.(a) + n)
Small bias for often-picked arms Small bias for often-picked arms
More negative bias for seldom-picked arms More positive bias for seldom-picked arms

X v



EXP3-1X

mi(a) =1/A forall a

Fort=1,2,..,T:
Sample a; from n; and observe r;(a;)
Define for all a:

re(a) —1
me(a) + 1

fe(a) = [{a; = a}
Update policy:

m:(a) exp(ne(a))

Tera(a) = Ya'enTe(a’) exp(nte(a’))




EXP3-1X
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re(a)

If Blasing in a Wrong Way  #.(a) = I{a; = a}
m(a) +1
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Regret Bound for EXP3-I1X

Theorem. EXP3-IX ensures with high probabllity,

. ~(In A
mQXZ(Tt(a*) —1(ap)) <0 (T + UAT)
a
t=1

Gergely Neu. Explore no more: Improved high-probability regret bounds for non-stochastic bandits. 2015.




The Role of Baseline e€(o.0) by €6 ))

— b,
fe(a) = rt(;?(a) I{a; = a} th
_ m(@ exp(ni(@)) _ ) —
e (@) = seqTe(a) exp(nfy(a)) o T %TrEgAr?j)X {m' g N KL ﬂt)}

Larger b;: More exploratory (tends to decrease the probability of the action just chosen)
— needed to detect changes in the environment.
Some moderate b;: smaller variance and slight improvement in the regret bound




Summary

e Exponential weight update (EWU) is an effective algorithm for full-information
setting. It guarantees sublinear regret even when the environment changes over
time.

e Extending EWU to bandit with naive unbiased reward estimator does not work
(lack of exploration). Two ways to fix it:

e Adding extra uniform exploration with probability > An
e Adding a baseline in the reward estimator to encourage exploration

e High-probability bounds can be achieved by adding baseline and bias (EXP3-IX).



Review: Bandit Techniques

x. context, a: action, r: reward MAB CB
Value-based e Mean estimation Regression
a —» + +
EG, BE, IGW EG, BE, IGW

KL-regularized update
with reward estimators

Policy-based X T [—a (EXP3) Next
+

baseline, bias, or

context to action distribution uniform exploration



Contextual Bandits



Contextual Bandits

Fortimet=1,2,..,T:
Environment generates a context x; € X
Learner chooses an action a; € A
Learner observes r:(x;, a;) = R(x¢, ap) + wy




SL

. =3
KL-Regularized Policy Updates ﬂ

bl

a

o(a) = D _@n{at ~

Us; (a)\/

1 | (a)
Tesr = argma {Z n(a)f. () —5Zn<a> o8 5 i

27(@)“6 >}’C,

1 - mo(alx)
Oy = argmax { o (alx,) (xt @) == mp(alx,) log

n g, (alx;)
Cen @) £bex) )
ft(xt; a) = L x;Tet (a@{ At = a}

a




KL-Regularized Policy Updates

Fort=1,2,..,T:
Receive context x;

Take action a; ~ my, (-|x;) and receive reward r;(x, a;)

Create reward estimator 7, (x,, a) = £e@=be& peo o

g, (alxc)
Update
1 g (alx;)
0,,, = argmax zn (alx;) T (x¢, a ——Zn (alx;) log
t+1 86 {a 0 t) Tt (x¢, @) n 4 6 t T[Gt(alxt)
MW

BT, 7, -],))



Proximal Policy Optimization (PPO) for CB

Fort=1,2,..,T:
Fori=1,..,N: (20@8)
Receive context x;
Take action a; ~ mg, (+|x;) and receiv{w‘eWaTrd r; (x;,
Create reward estimator 7 (x;, a) = (L&D =0e0) pe,

IREZRCED
\

a;

Forj =1, ...,M:(Lo)
For minibatch B c {1, 2, ..., N} of size B:(

one iteration of mirror ascent

Z(a(é%¢

] 1 g (alx;)
mo(alx:) (i, @) =~ ) mp(alxy) log———
(N— & o, (alx;)
mg(a;|x;) 1 g (alx;)
=0+ Vy— r;(x;,a;) — b x-)——zn alx;) lo
v, B -~ T[:Qt(allxl)( l( l l) t( l) T] - 9( | l gﬂgt(a|xl)

_y—




Proximal Policy Optimization (PPO) for CB

g (a;|x;) 1 g (alx;)
0 — 6 +Vy Bz ( (ri(xi @) — be (1)) — ;Z g (alx;) logﬂet(alxi)>

T[Qt (a |xl
a

. J
Y

KL (7’[9(' |x;), 76, (: Ixi))

o May replace KL (mq (- |x;), 7, (- %)) by KL (g, (- |x,), o (- 1x;) ). The
latter Is easier to construct unbiased estimator.

e Although this term can be calculated exactly, we often use samples to estimate it
(so we do not need to sum over a)



Estimating KL by Samples http://joschu.net/blog/kl-approx.html

g (ai|x;) g(ailx;)
—1-1
o, (ailx;) o5 mo . (ailx;)

Sample a; ~ 1y, (- |x;) and define kl;(6,0) =

Then ]Eai"'ﬂet('lxi) [kl;(6,,60)] = KL (ﬂet(' ), o (¢ |xi)) Just need one sample of a;

As we see before, the ways to construct an unbiased estimator are not unique.
This is a good one with low variance.




PPO with KL Estimator

rore=12,.1 11.(0. 0 _ mg(alx;) - g (a;|x;)
Fori=1,..,N: i(0s,0) = — 1 —log

g, (a;|x;) g, (a;|x;)
Receive context x;

Take action a; ~ Tl'gt('lxi) and receive reward r;(x;, a;)
ri(xia)—b¢(x;)
Gl

Create reward estimator 7;(x;, a) = = a}
Forj=1,..,M:

For minibatch B c {1, 2, ..., N} of size B:

0 0+, Bz<”9(“ 5 (100 - b))~ kel @ﬁ))

T[Qt (a |xl)

Orr1 < 0 \O 4




Additional Technique for PPO: Clipped Estimator

mg(alx)

p = W A= T(X, Cl) - b(X) inn )),H'Z ) Max f("éf p%}

Instead of using pA as the estimator, use mi

PA; clippi—e 1461 (P)A}

foes

A<O
obj A>0 /2
1—e€1l D

T I algorithm avg. normalized score

: No clipping or penalty -0.39

‘ Clipping, e = 0.1 0.76

| Clipping, ¢ = 0.2 0.82

| Clipping, € = 0.3 0.70

‘ Adaptive KL diarg = 0.003 0.68
Adaptive KL dgug = 0.01 0.74

‘ Adaptive KL diarg = 0.03 0.71

| Fixed KL, 8 = 0.3 0.62

| Fixed KL, 5 = 1. 0.71

: Fixed KL, 8 = 3. 0.72
Fixed KL, 3 = 10. 0.69

obj

Schulman et al., Proximal Policy Optimization Algorithms. 2017.



Summary: PPO

e PPO-CB can be viewed as an extension of EXP3 to contextual bandits. The
central idea is KL-regularized policy updates

e Common techniques:. baselines, avoiding overly positive reward estimator.
These techniques prevent over exploitation

e PPO additional uses batching, reversed KL divergence, and KL estimators for
computational efficiency



NPG and PG



Natural Policy Gradient

a

. _ A 1 mg(alx)
(PPO) 6;41 = arggnaX Ey Za:(ﬂe (alx) - net(alx)) fe(x,a) _ﬁ z g (alx) log mg,(alx)

n close to zero

(NPG) Oca = O +1F; By | ) Vom(alx) (x, )
-4 o=,
where Fg, = IExIEa~n9t(-|x) [(Vglog Ty (aIx))(Vglog Ty (a|x))T: ‘ Fisher information matrix

9=9t




Natural Policy Gradient (w/o context + full-info)

B 1 mg(a)
(PPO)  Bruy =argman ) (mo(@) ~0,@) (@) = ) (@) ok s
n close to zero
[oes?
(NPG) Ous = O + 15" ) Vomg(@) 1i(a) 4
Z P R

9=9t

where Fy, = Eq-r [(Volog ma(a)) (Volog me(a)) ']
—vYt

Fisher information matrix




1
Proof Sketch | 16 ~ f(60) + 6 - 607[Vef (0)lo=s, + 6 — 87[V5£(O)],_, (6 — 6)

% kL (Z(, ’Z%] =0

1
PPO 0;,1 = argmax {(ne — ngt,rt) —— KL(”Q:”@J} — o=,
7]
(T[Q _ net’rt> = z (7-[9 (Cl) - T[Ht(a)) rt(a) th = [Vé KL(ne’net)]gzgt (exercise)
a 1 i
~ (6~ 607 ) [Vyp(@)]g=p, 7e(@) KL(ms,ma,) ~ 5 (6 = 67 Fg, (6 — 6
& ¢ /\/\_/

SN— 3
T 1 T
Orypq ~ arggnax @ —-06:)"g: — 2 (6 —0;) Fg,(6 —0,)

=0, + nFQ_tlgt NPG



NPG vs. PG xflected_ropard of Ly :M

NPG Orrq =0, +nF 1 Z Vorrg(a) r:(a)
(Vanilla) PG B,,. =0, +1 z Vorp(a) ()
C/Y\/ezet

7%



NPG vs. PG

NPG PG
Oca = O +1F ) Vomg(@)re(@) Ocva = 0c +1 ) Vomg(a) ()
a 0=0, a 0=0,
Orpq1 = arggnax (ng — ngt,rt) — ;KL(TL’g,ﬂgt) Orpq1 = argénax (ne — Ty, rt) — E 16 — 6,]|?

Q Y 0f] 4

i (/le/“7t L[| Sma S




Example: NPG vs. PG with softmax policy

Consider multi-armed bandits with softmax policy mg(a) =
parameterized by 6(1),60(2), ...,6(4)

NPG (= Exponential Weight, without
requiring n = 0 assumption)

ef(a)

Yy eG(a’)

a

(@) = 1e(@) = ) 7,(a)ri(@)

PG

Fort=1,2,...
0:1+1(a) < 6:(a) + nr(a)

Fork =1,2, ...
Or41(a) « 6:(a) + nmg, (a)7:(a)

Check the equivalence (exercise)

NPG can also be written as
0:41(a) < 6:(a) + nf(a)




NPG (EW) vs. PG
bvo dote] rune
Reward = [Ber(0.6), Ber(0.4)]

Initial policy = = [0.0001, 0.9999]

600 -
Plot total reward in 1000 rounds
550 1
'% 500 A
= 450 -
g > Ot \ewneg 400

, https://math.stackexchange.com/questions/2285282/relating-
condition-number-of-hessian-to-the-rate-of-convergence

EW:

PG:

G (O

Or11(a) < 6.(a) + nie(a)

—@ponential weights_4
Policy gradidnet

=

A

T T T
100 @ 104

T
106



NPG and PG with bandit feedback

Oces = Oc +1 ) V(@) 7e()
a

— e————

L_/\/\—) 0=0,
o¢
VALY
1{ec=a = — U-0)|
by ~O¢







PG (REINFORCE) for contextual bandits

Fort=1,2,..,T:
Recelve context X¢

Take action a; ~ my, (-|x;) and receive reward r;(x, a;)

Update

Or41 < 0 + 1 [Vglogmg (atlxt)]9=9t (r:(x¢, ag) — be(xt))
.

¢t

Or simply written as

0 < 0 +n Vglog mg(a;|x.) (re(x¢, ar) — be(xt))
4 ~ )
Coming from inverse propensity weighting / importance weighting




Verify (again) that reward offset does not affect the algorithm

&aWE%%me%%>

= Z G () + b Ve Fls)
. a

L/\/\/
//%v(im
\ )/(a)““b O 0 A= 0
Y(""‘): — ’ \Vy\)
an ﬂ{%/cﬁ %J"Q (

Wﬁ“



Natural Policy Gradient

Fort=1,2,..,T:
Receive context x;

Take action a; ~ my, (-|x;) and receive reward r;(x, a;)

Update
Orp1 < 0 + @VG log g (atlxt)]9=9t (re(xe, ar) — be(xe))

A naive calculation of F@‘t1 will take 0(d3)/time




Sample-Based NPG*

A naiive calculation of F, * will take 0(d?) time

But we can actually view h; :=s a solution of a linear regression problem

Oy =0 + 77F67,:1[Ea~n9t[(ve log ﬂgt(a))rt(a)]

where Fg, = Eq-r, [(Vglog m.(a))(Vglog ms, (a))T]

he = (Eary [6:@)0:(@)]) Equrg, [6c(@r:(@)]

— argrl;nin Ea~n9t[(¢t(a)-rh _ Tt(a))z]

¢¢(a) = Vg logmg,(a)




Summary: Policy Learning in Bandits

PG PPO / NPG
. 2 ) 1
0;,1 = argmax (ne — ngt,rt) — % 16 — 6,]| O = arggnax(ne — TL'gt,T't> — EKL(TL’g,ﬂgt)

0 <06+ UVO<ﬂ0,ft>

|

6«0+ nF(;lVg(ng,ft)

0 « 6 +nVglogmg(ay) (re(as) — by)
e J

!

0«0+ UFe_l Volog mg(a;) (re(ay) — by)

—

gen'
Fo = Eq~ry|(Ve logmg(a)) (Ve logme (@'l ey

—_—— *




	Slide 1: Bandits 2
	Slide 2: The Full-Information MAB
	Slide 3: KL-Regularized Policy Updates
	Slide 4: KL-Regularized Policy Updates
	Slide 5: KL-Regularized Policy Updates
	Slide 6: Regret Bound for Exponential Weight Updates
	Slide 7: Questions and Discussions
	Slide 8: Questions and Discussions
	Slide 9: Exponential Weight Update element of Mirror Ascent
	Slide 10: Exponential Weight Update element of Mirror Ascent
	Slide 11: Regret Analysis for Exponential Weights
	Slide 12: Regret Analysis for Exponential Weights
	Slide 13: Regret Analysis for Exponential Weights
	Slide 14: Adversarial Multi-Armed Bandits
	Slide 15: Adversarial MAB
	Slide 16: Recall:  Exponential Weight Updates
	Slide 17: Exponential Weight Updates for Bandits? 
	Slide 18: Exponential Weight Updates for Bandits? 
	Slide 19: Unbiased Reward / Gradient Estimator
	Slide 20: Directly Applying Exponential Weights
	Slide 21: Simple Experiment
	Slide 22: Recall the Theorem
	Slide 23
	Slide 24
	Slide 25: Solution 1: Adding Extra Exploration
	Slide 26: Applying Solution 1
	Slide 27: Solution 1: Adding Extra Exploration
	Slide 28: Regret Bound for Solution 1
	Slide 29: Solution 2:  Reward Estimator with a Baseline
	Slide 30: Applying Solution 2
	Slide 31: Solution 2:  Reward Estimator with a Baseline
	Slide 32: Regret Bound for Solution 2
	Slide 33: EXP3 Algorithm
	Slide 34: Biasing
	Slide 35: Biasing
	Slide 36: EXP3-IX
	Slide 37: EXP3-IX
	Slide 38: If Biasing in a Wrong Way
	Slide 39: Regret Bound for EXP3-IX
	Slide 40: The Role of Baseline
	Slide 41: Summary
	Slide 42: Review:  Bandit Techniques
	Slide 43: Contextual Bandits
	Slide 44: Contextual Bandits
	Slide 45: KL-Regularized Policy Updates
	Slide 46: KL-Regularized Policy Updates
	Slide 47: Proximal Policy Optimization (PPO) for CB
	Slide 48: Proximal Policy Optimization (PPO) for CB
	Slide 49: Estimating KL by Samples
	Slide 50: PPO with KL Estimator
	Slide 51: Additional Technique for PPO: Clipped Estimator
	Slide 52: Summary:  PPO
	Slide 53: NPG and PG
	Slide 54: Natural Policy Gradient
	Slide 55: Natural Policy Gradient (w/o context + full-info)
	Slide 56: Proof Sketch
	Slide 57: NPG vs. PG
	Slide 58: NPG vs. PG
	Slide 59: Example:  NPG vs. PG with softmax policy
	Slide 60: NPG (EW) vs. PG
	Slide 61: NPG and PG with bandit feedback
	Slide 62
	Slide 63: PG (REINFORCE) for contextual bandits
	Slide 64: Verify (again) that reward offset does not affect the algorithm
	Slide 65: Natural Policy Gradient
	Slide 66: Sample-Based NPG*
	Slide 67: Summary: Policy Learning in Bandits

