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Goal

Design and evaluate a Thompson
Sampling algorithm for switching
environments

xP(re = reg+1 | regp )P( Xeq | ez, D)

Switch Rate Inference

r=0 r=1

Infer the joint distribution
of the runlength and the

number of change points
that have occurred [1]. Q - .

’ a=1
Number of change points,

Motivation

Many problems require making a decision under
uncertainty while continually improving future
decisions based on the outcome. Some examples

might be in clinical trials, web advertising, and a;, tells us the switch rate
finance. P - a=2
s o) . - Still only two possibilities
Multi-armed bandits are a well studied simple model (X _ : —— a; = a;—1 + 1 or @t = ar—1 . a=3
: " Mtg) _ _
for such pro.bllems. Thompson Sampling ha.s been r=0 r=1 =2 r="73 re =0 re =r—1+ 1 et e s
shown empirically to perform well and achieve the Now scales quadratically rather
lower bound on regret for the stationary Bernoulli We detect change points by inferring the distribution of the runlength, r;, the time than linearly with time
Multi-armed bandit [5]. elapsed since the last change point, from the past history, [D,, of arm chosen and
| | reward received, x;. Inference is done via a message-passing algorithm [3,4] We call these algorithms Non-parametric Global/Per-Arm
Real world SCGHSFIOS al‘eb rarelly StatrllonaFY- Some Changepoint Thompson Sampling (NP Global/Per-Arm CTS).
environments change abruptly such as scenarios
based on, P(re,xi—1,Di_o) = g P(rg|ri—1) P(xi_1|ri—1,Di_9) P(ri_1,x1_2, Dy_3)
Financial data (e.g. stock prices) Tt—1 ., 4. - -
: : h likelih
Structural networks (e.g. congestion/failure) switching rate  reward likelihood Experl ments
This Is efficient since there are only two possibilities, either the runlength increases by one
S -t h = E = t (r, = ry;_q1 + 1) orachange point occurs and the runlength becomes zero (7; = 0 ). Global Per-Arm PASCAL*  ForEx **  Yahoo!
WITC Ing nvironmen Global CTS 5.9+0.5 13.8+t1.4 67.2+4.1  351.9+28 0.489+0.035
. Per-Arm CTS 12.1+0.1 13.0£0.1 39.6+8.9 370.4+14 0.522+0.028
@) ‘ | | U T ; > 6.7+0.1  13.8+0.2 67.9+4.3 348.2+14 0.490+0.029
c ool [eoe @ Combining Thompson Sampling NP Global CTS
= — n i i NP Per-Arm CTS 29.4+1.0 30.8+0.8 93.2+6.5 353.5+14 0.590+0.018
o - | 2 and Cha nge Point Detection Global CTS 2 30.5+1.1 37.9+1.0  35.8+3.2 358.0+14 0.443+0.031
g f = s adlel cemiEine Per-Arm CTS 2 49.6+1.7 67.1%x1.2 37.4+4.1  380.9+13 0.505+0.028
U = U A Runlength Distribution (1 for Global, N for Per-Arm) DiscountedUCB 15.5+1.9 16.8+2.0 35.7+3.8 606.3+32 0.563+0.018
© — | 2 Beta hyperparameters for each (arm,runlength) pair UCB 178.3£58 175.1+53 161.2+9.1  613.9%+35 0.526+0.040
— _
8 g_ 0|2 Random 333.1+15 336.4+13  321.3+11  623.3+29 0.800+0.001
— p =) o| o
O
O 8 i ] Q E W et B Algorithms perform well in environments matching their generative
- o et 11 N R = model (Global, Per-Arm).
"o il il i 8 <¢E
o | ] i i _/\\ Can be made competitive with other algorithms for other non-stationary
The model for which we design our bandit algorithm To sample for each arm, j, we b environments
s as tollows. There are N arms. At time t arm | will Sample a runlength r(j) from the runlength distribution(s) Inferring the switch rate can often cause degradation in performance
return a reward ¢; ¢ € {0, 1} from a Bernoulli trial Sample 6(j) from the Beta distribution for j associated with r(j)
Wlt.h the expectation p; +. We imagine a constant We then pick the arm j with largest 6(j). © PASCAL EVE Challenge 2006
switching rate 7, such that, % Forelgn Exchange data
0|5
N R s with probability, 1 — ~ = §
Hit =\ linew ~ uniform U(0,1) with probability, ~ X 2 oW Refe rences
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