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Outline
• Bandits Problem

• Adversarial Multi-Armed Bandit

• Exp3 and IW Estimator

• Regret Analysis

• Stochastic Multi-Armed Bandit

• Explore-then-Commit

• �-Greedy
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Part 1. Bandits
• Bandit Problems

• Multi-Armed Bandits 
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Online Learning

less information

full information

horse racing

partial information

multi-armed bandits

on the feedback information:
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Bandits
• Bandit problems 

• named after a one-armed bandit 
• arm: a colloquial term for a slot machine that is pulled to try to win
• bandit: comes from the idea that the machine is a “thief” that takes 

your money without offering a guaranteed return

• Multi-armed bandits
• Context: there are multiple slot machines, each with 

its own probability of payout
• Goal: the player (gambler) places her bets on a slot 

machine to maximize the total reward 
• Exploration-Exploitation tradeoff
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Bandits as Interactive Learning
• Bandit is “single-step” decision version of Reinforcement Learning

Reinforcement learning:
• Sequential decision making

• With state transition

Bandits: 
• Single-step decision making

• No state transition

environmentagent

state transition
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Bandits as Interactive Learning
Sutton & Barto. Reinforcement Learning, second edition: An Introduction. 
MIT Press, 2018.

2024 Turing award winners
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Bandit Problems
• Also called partial-information online learning.

Bandit Algorithms
Tor Lattimore, Csaba Szepesvári

Cambridge University Press, 2021

• There are a variety of bandit problems:
q multi-armed bandits (MAB)

q linear bandits/convex bandits 

q generalized linear bandits/graph bandits

q contextual bandits

q partial monitoring

q … (even MDP for RL)
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Online Learning

less restricted 
but harder

oblivious adversary

examination interview

adaptive adversary
on the difficulty of environments:

- stochastic setting

- adversarial setting oblivious

adaptive 
(non-oblivious)
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Bandit Problems
• Also called partial-information online learning.

• According to the environments, it can be roughly classified as
q Stochastic bandits: environment is generated by a stochastic model

q Adversarial bandits: environment can be chosen against the learner
• by “adversarial”, one can think it as “non-stochastic”
• oblivious adversary: thinking of the final exam
• non-oblivious adversary: thinking of the online games
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Adversarial Bandits
• Continuing the OCO protocol:

We focus on the oblivious setting (non-oblivious bandits are usually challenging)
i.e., environments decide online functions of all the rounds before the online game starts.
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Part 2. Adversarial MAB
• Formulation

• Loss Estimator

• Exp3 and Regret Analysis



Lecture 3. Multi-Armed BanditsPeng Zhao (Nanjing University) 13

Multi-Armed Bandit
Trial 1 Trial 2 Trial 3

Loss: 0.3 * Loss: 0.2

* Loss: 0.5 *

* * *

* * *

Arms

: chosen arm

: unobserved
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Formulation

on the difficulty of environments:
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Formulation

Goal: to minimize expected regret

where the expectation is taken over the randomness of algorithms.
deterministic algorithms will suffer an Ω �   regret in the 

worst case under the bandit setting!
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Comparison
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Comparison
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A Natural Solution for MAB
• MAB bears much similarity with the PEA problem (except for 

the amount feedback information).

Hedge for PEA

Deploying Hedge to MAB problem.
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A Natural Solution for MAB
• However, Hedge does not fit for MAB setting due to limited feedback.

Hedge for PEA



Lecture 3. Multi-Armed BanditsPeng Zhao (Nanjing University) 20

Reduction of MAB to PEA
• Given the similarity of MAB and PEA, can we realize the reduction?

MAB
Problem 

reduction

Hedge 
for PEA
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Reduction of MAB to PEA

• Importance-Weighted (IW) Loss Estimator

MAB
Problem 

reduction

Hedge 
for PEA
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Loss Estimator

IW Loss Estimator

relate loss of MAB algorithm to that of PEA algorithm
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Loss Estimator

unbiasedness

IW Loss Estimator

Proof.
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Exp3: Algorithm
Exp3 (Exponential-weight for Exploration and Exploitation)
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Exp3: Regret Bound

Comparison:
Hedge for PEA

full-information feedback

Exp3 for MAB
bandit feedback

suffer a larger 
arm dependence
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Upper and Lower Bounds for MAB
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Proof of Exp3 Regret Bound
Proof.
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Proof of Exp3 Regret Bound
Proof.



Lecture 3. Multi-Armed BanditsPeng Zhao (Nanjing University) 29

Proof of Exp3 Regret Bound
Proof.

regret bound
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Proof of Exp3 Regret Bound
Proof.
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Key: Loss Estimator in Bandits

MAB
Problem 

reduction

Hedge 
for PEA
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Other Choice

and it cannot apply Hedge

pure exploitation!

MAB
Problem 

reduction

Hedge 
for PEA
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Lower Bound for MAB
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Proof Sketch

Proof (Sketch).

Adversarial

Stochastic
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Advanced Topics
• How to shave off the extra              factor?

Using OMD with Tsallis entropy regularizer, also using the IW estimator 

Reference: Jean-Yves Audibert and Sebastien Bubeck. Regret bounds and minimax policies 
under partial monitoring. Journal of Machine Learning Research, 11(Oct):2785–2836, 2010.

http://sbubeck.com/audibert10a.pdf
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IX Loss Estimator

Advanced Topics
• How to boost from expected guarantee to a high-probability one?

Using an improved estimator: Implicit eXploration (IX) Loss Estimator  

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

IW Loss Estimator

https://arxiv.org/pdf/1506.03271.pdf
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Part 3. Stochastic MAB
• Exploration-Exploitation Dilemma

• Lower Bound

• Algorithms

• Explore-then-Commit (ETC)

• �-Greedy
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Stochastic Multi-Armed Bandit (MAB)

Arm 1

Arm 2

Arm 3

0.6

0.7 0.3

1 0.2

For conventional issue, we will use the “reward language” in stochastic bandits.
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Formulation

• The goal is to minimize the pseudo regret:

• Caveat: note the difference between pseudo regret and the (expected) regret. 
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Lower Bound
• Two types of lower bound

• Instance-dependent lower bound: characterize the difficulty of a specific 
bandit instance.

• Instance-independent (minimax) lower bound: hold for all algorithms 
and all stochastic bandit environments.
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Instance-Dependent Lower Bound
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Gap-dependent vs Gap-independent
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Solving Stochastic MAB
• Regret Decomposition:

• For stochastic MAB, a natural characterization of the arms:
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Exploration-Exploitation Dilemma

optimal arm

suboptimal arm with highest 
estimated reward

• This is a fundamental problem in bandits, reinforcement learning, 
control, decision-making problems,  and related areas.

• How to balance exploration and exploitation?

Exploration vs Exploitation

• Exploitation: pull the best 
arm so far

• Exploration: try other 
arms that may be better
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MAB Algorithms
• Explore-then-Commit (ETC)

• �-Greedy

• Comparisons



Lecture 3. Multi-Armed BanditsPeng Zhao (Nanjing University) 46

Explore-then-Commit

Exploration Exploitation

Commit!
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Proof of ETC Regret Bound  
Proof.

ExploitationExploration
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Proof of ETC Regret Bound  
Proof.

ExploitationExploration
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Proof of ETC Regret Bound  
Proof.
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Issue of ETC

• Need to tune      (or more specifically, the number that each arm 
is pulled in the exploration phase, i.e.,                    ): 
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Issue of ETC

• Need to tune      :

• In fact, even with a good �0 with gap information, ETC is not optimal.
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Issue of ETC
• ETC algorithm relies on the estimate during the exploration 

phase. There is no way to reverse the estimate!

• This demonstrates the crucial role of “adaptive exploration”.
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�-Greedy
• Another simple (yet practical) idea for exploration and exploitation. 

  -Greedy Algorithm

• In words, do exploration with probability     at round   .
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• Without adaptive exploration probability: asymptotically, 

• With adaptive exploration probability:

Regret bound of �-Greedy
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Proof.
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Proof.
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Issue of �-Greedy 
• �-greedy algorithm has certain “adaptivity” on the exploration.

• However, the exploration is only over the time-level, and ignores 
the differences over all the arms.
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ETC vs �-greedy
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Summary

Q & A
Thanks!


