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MULTI-ARMED BANDIT

Foreachstept=1,...,T

e The player chooses an arm k; € IC
e The reward k; is revealed xj, € |0, 1]
e Bernoulli rewards: xx, ~ B (i, +)

Objective: Minimize the pseudo regret R :
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SWITCHING ENVIRONMENT

s — Wk t—1 pro
* Unew ~ U(0,1) pro

where p is the switching rate.

THOMPSON SAMPLING (TS)

success counter : ap = #(xr = 1) + g
failure counter : 5, = #(xr = 0) + Bo

Ateachstept=1,...,T":
1. Characterization: 0, ~ Beta(ay, Or)
2. Decision: k; = arg maxy, 0y,

3. Play: xy, ~ B (ux,)

o, = o, +1 if.Cth:1

4. Update: ,
ﬁktzﬁkt_l_l lfSUkt:O

Rr <(1+4+¢€)), K{((;:Z*) (logT + loglog T

(Lai and Robbins (1985) lower bound)
KL (e,e) = Kullback-Leibler divergence
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GLOBAL SWITCHING TS WITH BAYESIAN AGGREGATION

Learning with a growing number of Thompson Sampling f; ;: 7 denotes the starting time and ¢
the current time. P( f; ;): weight at time ¢ of the Thompson sampling starting at time .

Initialization: P(f; 1) =1,t =1, -2- Instantaneous gain update:
Vk € K A f1.1 — Q0 67€,f1,1 — 50
Tk it if L, —
o o . \v/ . < ]P) - L Bktﬂfi,t_I_akt?fi,t t
-1- Decision process: at each time ¢: 0 < tP(xe|fin) = Bry, f;
’ if L, —
By fz,t+akt fi ¢ t
o Vi <1, Vk: Hkaf’i,t ~ Beta (akafi,t7 6k,f¢,t)
e Play (Bayesian Aggregation): -3- Arm hyperparameters update:
ke = argmax > P (i) O, Vi<t ks = kg T o =
& i<t Bktafz',t — Bktafi,t +1 if Lk, =

-4- Distribution of experts update:

e Update previous experts: P(f; 111) oc (1 — p) - P(x¢|fie) P(fie) Vi<t

e Create new expert ft+1,t+1: P(ft+1,t+1) X PZ§:1 P(fz’,t)
e Prior: Ak fo . — G0y Bk,ft,t — 50

TRACKING THE OPTIMAL EXPERT

(a) Just before changepoint (t = 24)

(b) At changepoint (t = 25)
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(c) Just after changepoint (t = 26) (d) Largely after changepoint (t = 45)
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COMPARISON WITH STATE-OF-THE-ART
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SENSITIVITY ANALYSIS OF PARAMETERS (p AND M)

Sensitivity of the switching rate p Sensitivity of the memory size M
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