
Stochastic Linear Bandits 

with Parameter Noise
Daniel Ezer1, Dr. Alon Peled-Cohen1,2 & Prof. Yishay Mansour1,2

1 Tel Aviv University

2 Google Research



Multi Armed Bandits

 For each 𝑡 = 1, … , 𝑇:

 Learner chooses action 𝑎𝑡 ∈ 𝐴

 Learner observes reward 𝑟𝑡(𝑎𝑡)

 Goal:

 Minimize regret:

𝔼 𝑅𝑇 =  𝔼 ෍

𝑡=1

𝑇

𝑟𝑡 𝑎∗ − 𝑟𝑡 𝑎𝑡

 Where 𝑎∗ is an optimal action



Stochastic Linear Bandits

 𝐴 = ℝ𝑑

 𝔼 𝑟𝑡 𝑎 = 𝑎𝑇𝜃∗ for unknown 𝜃∗ ∈ ℝ𝑑

 Generalizes MAB with 𝐴 = 𝑒1, … , 𝑒𝑑



Adversarial Linear Bandits

 Reward vectors chosen by an adversary

 Formally:

 𝑟𝑡 𝑎𝑡 = 𝑎𝑡
⊤𝜃𝑡

 Where 𝜃𝑡 are arbitrary vectors

 This should be harder than stochastic



”Contradiction” between common models

 Common stochastic model:

 𝑟𝑡 𝑎 = 𝑎𝑇𝜃∗ + 𝜂𝑡

 Where 𝜂𝑡 is zero-mean and 1-Sub-Gaussian.

 Stochastic can be “harder” than adversarial!

 For 𝐴 = ℓ2 unit ball:

 Stochastic1: 𝑅𝑇 = Ω 𝑑 𝑇

 Adversarial2: 𝑅𝑇 = ෨𝑂 𝑑𝑇
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Contradiction Intuition

 Stochastic model is not really linear!

 𝑟𝑡 𝑎 = 𝑎𝑇𝜃∗ + 𝜂𝑡

 Expectation is linear, realization is not!



Stochastic Linear Bandits with Parameter Noise

 In timestep 𝑡:

 Sample 𝜃𝑡 ∼ 𝜈 with 𝔼 𝜈 = 𝜃∗ and covariance matrix Σ

 Learner observes 𝑟𝑡 𝑎 = 𝑎𝑇𝜃𝑡

 Trivial reduction to adversarial



Main Results (Partial)

 For ℓ𝑝 unit balls with 1 < 𝑝 ≤ 2, the minimax regret is 

෩Θ 𝑑𝑇𝜎𝑞
2 , where 𝜎𝑞

2 = σ𝑖=1
𝑑 Σ

𝑖𝑖

𝑞

2

2

𝑞

 With a very simple explore-exploit algorithm

 Additional results for general finite action sets



Our Explore-Exploit Algorithm - ℓ𝑝 Ball

 Explore:

 Play each 𝑒𝑖 for 
1

𝜀2 times

 Calculate estimator ෠𝜃

 Exploit:

 Play ො𝑎 =
෡𝜃

෡𝜃
q

  for the rest of the timesteps



Thank You For Listening!
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