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THE BANDIT PROBLEM







Need to balance
exploration and exploitation QQ




EASINESS IN SBANDITSRIAL

Hardness in bandits
| Worst-case upper & lower bounds

Easiness In bandits

| Higher order bounds
| Stochastic bandits and thebest of bothworlds
| Prior-dependent bounds




NONTOCHASTIC BANDITS

Parameters:
number of armsv , number of rounds’Y

Interaction:

For each roundd plth8 HY

A Learner chooses actioffON [0 ]

A Environment chooses lossefiy; ¥ [rdp] for all "Q
A Learner incursand observedoss /i



NONTOCHASTIC BANDITS

Parameters:
number of armsv , number of rounds’Y

Interaction:

For each roundd plgh8 RY

A Learner chooses actioffON [0 ]
A Environment chooses lossefy; N [ip] for all 'Q
A Learner incursand observedoss /i

Goal:minimize expectedregret

Y b |’N[E]T b




NONTOCHASTIC BANDITS:
LOWER BOUNDS

TheOrem(Auer,CesaBianchi, Freund andschapire 2002):
In the worst case, any algorithm will suffer &

regret of m(v0 Y

This result also holds for stochastic bandits, as the
counterexample is stochastic



NONTOCHASTIC BANDITS:
LOWER BOUNDS

TheOrem(Auer,CesaBianchi, Freund andschapire 2002):
In the worst case, any algorithm will suffer &

regret of m(v0 Y

This result also holds for stochastic bandits, as the
counterexample is stochastic

This talk:
how to go beyond this



NONTOCHASTIC BANDITS:
UPPER BOUNDS

EXPB(Auer, CesaBianchi, Freund andSchapire, 1995, 2002)

Parameter.— TL
Initialization: For all'Qset0L 5 p.

For each roundd plttB K'Y
A For all'Qlet

. Up 3
' B U j
A DrawOD mm.
A For all'Qlet
™
Iy — ()8
Nk
A For all Qupdate weight as

0 5 U Q &




THE REGRET OF EXP3

TheOI‘em(Auer,CesaBianchi, Freund andschapire 2002):
Theregret of EXP3 satisfies
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Fyg4! jt!ltusjdumz!tvcpquj
the \/1 1 0QAudibert, Bubeck and Lugosi, 2024

A minimax algorithm: PolyINF
N AOGE(-A D "Y()
where"Y (n)is the Tsallisentropy:
YY) —(@pP B n)



HE Y, B UMINIMAXA T 0 S

Fyqd4! |jt!tusjdumz!tvcpqgu]
the /1 1 0QAudibert, Bubeck and Lugosi, 2014)
A minimax algorithm: PolyINF
N AOICE(-n O YD)
where"Y (n)is the Tsallisentropy:

Y@ —((p B 1)

Theorem(Audibert and Bubeck 2009, Audibert, Bubeckand Lugosi,
2014, Abernethy, Lee andewari, 2015):

Theregret of PolyINFsatisfies'Y ¢vu Y




BEY OMWIDIIMAK
HIGHERDER BOUNI



HIGHERDER BOUNDS

Full information Bandit

first-order
0 B Jk
*

Yy, B Jh

CesaBianchi, Mansour,Stoltz (2005)

op B(E a)

Hazanand Kale (2010)

X with a little cheating



HIGHERDER BOUNDS

Full information Bandit

first-order

0 B Jk

secondorder

Y B Ik

variance
op B(E a)

Hazanand Kale (2010)

X with a little cheating
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TheOrem(Auer,CesaBianchi, Freund andSchapire 2002):
Theregret of EXP3 satisfies







