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CORRUPT MAB

Inputs:

• K = {µ 1,t , µ 2,t , ..., µ K,t } unknown.

• G = {g 1 , g 2 , ..., g K } known (Corruption functions).

For each step t = 1, ..., T

• The player chooses an arm

k t ∈ K • A feedback is revealed y k t ∈ [0, 1] • Bernoulli feedbacks: y k t ∼ B (ν k t ,t = g k t (µ k t ,t )) Objective: Minimize the pseudo regret R T R T = T t=1 µ t Best policy - T t=1 µ k t ,t
Your policy

µ t = max k µ k,t

SWITCHING ENVIRONMENT

Abrupt changes in the means.

ν k,t = ν k,t-1 = g k (µ k,t-1 ) w.p. 1 -ρ ν new ∼ U(0, 1) w.p. ρ
where ρ is the switching rate. 

THOMPSON SAMPLING WITH CORRUPTED FEEDBACK (TS-CF)

Stationary environment:

µ k,t = µ k ν k,t = ν k
Arm hyperparameters: success counter of feedbacks : α k = #(y k = 1) + α 0 failure counter of feedbacks :

β k = #(y k = 0) + β 0
Resolution: At each step t = 1, ..., T :

1. Characterization: ∀ k θ k ∼ Beta(α k , β k ) 2. Decision: k t = arg max k g -1 k (θ k ) 3. Play: y k t ∼ B (ν k t = g k t (µ k t )) 4. Update: α k t = α k t + 1 if y k t = 1 β k t = β k t + 1 if y k t = 0 Optimality: R T ≤ (1 + ) k =k µ -µ k KL(ν k ,g k (µ )) log T + C ∀ > 0 and some C = C , {µ k } k∈K , {g k } k∈K Lower bound: R T ≥ k =k µ -µ k KL(ν k ,g k (µ )) log T KL (•, •) = Kullback-Leibler divergence

GLOBAL SWITCHING TS WITH CORRUPTED FEEDBACK

Learning with a growing number of TS-CF f i,t : i denotes the starting time and t the current time. P(f i,t ): weight at time t of the Thompson sampling starting at time i ≤ t.

Initialization: P (f 1,1 ) = 1, t = 1, ∀k ∈ K α k,f 1,1 = α 0 , β k,f 1,1 = β 0 -1-Decision process: at each time t: • ∀ i ≤ t, ∀k: θ k,f i,t ∼ Beta α k,f i,t , β k,f i,t • Play arm k t such that: -Bayesian Aggregation k t = arg max k i≤t P (f i,t ) g -1 k θ k,f i,t -Sampling the experts distribution k t = arg max k g -1 k θ k,f i † ,t where i † ∼ P (f i,t )
-Picking the best estimated expert

k t = arg max k g -1 k θ k,f i ,t where i = arg max i P (f i,t )
-2-Instantaneous gain update:

∀ i ≤ t P(y t |f i,t ) =    α k t ,f i,t β k t ,f i,t +α k t ,f i,t if y k t = 1 β k t ,f i,t β k t ,f i,t +α k t ,f i,t if y k t = 0 -3-Arm hyperparameters update: ∀ i ≤ t α k t ,f i,t = α k t ,f i,t + 1 if y k t = 1 β k t ,f i,t = β k t ,f i,t + 1 if y k t = 0
-4-Distribution of experts update (Recursive formula):

• Update previous experts: 

P(f i,t+1 ) ∝ (1 -ρ) • P(y t |f i,t )•P(f i,t ) ∀i ≤ t • Create new expert f t+1

  ,t+1 : P(f t+1,t+1 ) ∝ ρ t i=1 P(f i,t ) • Prior: α k,f t,t = α 0 , β k,f t,t = β 0