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Continuous Bandits



Reinforcement Learning

Agent interacts with 
 an unknown environment  

and receives rewards 
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Formalizing RL

Assumptions: States and actions form a Markov Decision Process,  
i.e. distribution of next state only depends on current state and action.

Objective: Maximize total rewards
T

∑
t=1

rt



Two aspects of RL

Trading-off Exploration and Exploitation

Only want to learn the aspects  
that are useful for getting large rewards.

Want to learn and get large rewards  
in the same process

Planning/Control 

Actions can have long-term  
consequences that are hard to assess 
even when the dynamics are known

Bandits focus exclusively on this aspect, by removing the state 



Stochastic Bandits
aka stateless RL 

(Multi-armed bandits are in fact way older than RL  [Thompson ’33] )

Action space:   ! Reward distributions:      for  νx x ∈ !

For  : t = 1,…, T, …
- Player selects action  Xt ∈ !
- Player receives reward    Yt ∼ νXt

Goal: Maximize cumulative reward, or equivalently minimize regret

RT = T max
x∈!

E[νx] − %[
T

∑
t=1

Yt]



Yt
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Continuous Bandits

Arm space X = [0, 1]
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Unknown mean-payoff function f � [0, 1]X
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Aim : Minimize regret RT = T max
x∈X

f(x)− E
[ T∑

t=1

f(Xt)

]
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Continuous Bandits: Assumptions

Yt
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Unknown reward function  is Hölder from its maximum:f

∀y ∈ [0,1], | f(x⋆) − f(y) | ⩽ |x⋆ − y |α

We need some assumptions to make sure that the problem is learnable



A Solution to  
Continuous Bandits

Prespecify an exploration sequence, scheduled in advance 

Build estimate of unknown function and pick the optimum, 
as if the estimate was the truth

also called `explore-then-exploit’ in modern bandit terminology

Issue: Best tuning depends on smoothness of unknown function



Better solution: Discretize

DISCRETIZE    [Kleinberg ’04] into K actions!

∀y ∈ [0,1], | f(x⋆) − f(y) | ⩽ |x⋆ − y |α

Yields optimal rates for given Hölder class…  
but still not adaptive to the smoothness RT ⩽ cT(α+1)/(2α+1)



Impossibility of adaptation

if B = T (�+1)/(2�+1)
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then max
f α-Hölder

RT ! T θ
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with θ >
α+ 1

2α+ 1
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Theorem : Full adaptation is impossible [Locatelli, Carpentier ’18]

Let  be two regularity valuesα ⩽ γ

if       then    max
f γ−Holder

RT ⩽ B max
f α−Holder

RT ⩾ cTB−α/(1+α)

Impossible to guarantee the same results  
as if we had known the smoothness in advance



An optimally 
 adaptive algorithm 

Assume the worst...  
start with a very fine discretization 

 but not for too long  

...then ZOOM OUT. 
start over with a coarser discretization  
but remember what you played before  

Reaches any of the optimal adaptive rates (depending on the initial grid)



Thank you!


