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» Can we avoid using Gaussian approximations for the posterior?
» How can we improve the performance of approximate Thompson Sampling?

» Time horizon N and indicesn € {1,2,...,N}

» The agent playsarm A, € A ={1,2,...,K} and receives rewards R,
» Update the posterior u of arm A,, according to reward R,

» Total expected regret E[R(N)] = Nmax,E [u,]| — E [Zf,}’:l Rn]

» Goal: find the optimal policy (arm) to minimize the regret
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» We proposed a computationally efficient Thompson Sampling algorithm with
underdamped Langevin Monte Carlo

» We derive novel posterior concentration with a designed potential function

» With the novel posterior concentration rates, we prove it achieves (7(
regrets with O( Vd) samples (previously with O(d) samples)

» Both theoretical analysis and experimental results are provided

1. Introduction
Contriputions

log N)
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» Lipschitz Smooth and Strongly Convex on the log-likelihood functions
logP, (R|x), x e Ry, R e R.

» Lipschitz Smooth and Strongly Convex on the reward distributions.

» Lipschitz Smooth on the priors 7, (x).

» Joint Lipschitz Smooth on the log-likelihood functions (for Approximate
Thompson Sampling).

2. Proposed Algorithms
‘Thompson Sampling Algorittm ~~~ Stochastic Differential Equations (SDEs)

1: Input Posteriors u, [p.] and feature vectors «, for Ya € A.
2. for n=1to N do

3: Sample (x4, Van) ~ Ha [pa] for Ya € A.

4: Choose arm A,, = argmax . 4 {@q, Xan)-

5 Play arm A, and receive reward R,,.

6: Update posterior distribution of arm A,;: ua, 04 |-

7: Calculate regret at round n: R,,.

8: end for

9: Output Total regrets R(N) = 3 R,.

1: Input Data {7{@,1, e, Ra,La(n—l)} and Sample (xa,[h(n—l), Va’lh(n—l)).
2: Initialize x¢ = Xa,Thn=1) and vy = Va,Ihn=D.

3: fori=0,1,--- ,/do

4: Uniformly subsample S C {R,1, -, Rux}-
5: Compute (stochastic) gradient VU (x;).
5:
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Sample (x;,1,viy1) based on VU(x;).
. end for
. 1
. Xa Ihm ~ N (xl, mldxd) and Valnm = VI
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. Output Sample (x, jm, vq o) from current round.

u u u
. dv, = —Lvdt —SVF(x)dt— —Vloga(x)dt + . |1=dB,.
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friction term  log-likelihood prior noise term
» dx; = vdt. Notes: x, € R? are positions, and v, € R are velocities.

» Sample [

> Evin] = vie”" = (1 = e7"VU(x)

> Elxin] = xi+ 11— e = 4(h =1 (1 - ™)) VU(x)
> V(i) = 2| h = e = 5+ 27| - L

> V(vip1) = u(l — e—2yh) L

» K (Xi41,Vit1) = % [1 +e 2 — ze—yh] - Laxa

xi+1] NN([E [xi+1]] [ V (xit1) K (Xis1, vie1)
Vit EWvie] | | KOst Xix1)  V(vier)

]) as follows:
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» Exact gradient: VU(x;) = — 3}, VlogP, (lex,-) — Vlog m,(x;)
» Stochastic gradient: VU (x;) = =542 ¥ VlogP, (Rilxi) — V log ma(x;)
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3. Theoretical Analysis
Posterior Concentraton

For x e R and §; € (O, e‘%), the posterior distribution of SDEs satisfies:

2e 1
waﬂa[pa] lx — x|, = \/% (D + 2Qlog 5—1) <9y,

where D = 8d/p + 21log B, Q = 256/p + 16«*d.

With p, = «;° (84)™!, constants C, and C, can upper-bound the expected regret
after N rounds of exact Thompson Sampling:

E[R(N)] < Z [% VB (log By + d*) + % (log B, + d* + dlog N) + 24,

a>1

With the choice of step size i = O (1/ \/3) and number of steps N = O ( \/3) in
ULMG, the following inequality holds when x,, € R¢ and 6, € (0, ¢72):

1

e 1 ~
an,wﬂén)[ﬁa] |Xar — Xl > 6 \/man (Da + 2Q), log 5—1 + 2Q), log 5—2) < 09,

where D, = 2log B, + 84, Q, = 256 + 16d«?, and Q, = 256 + 16dk> + d/18«.p..

Given p, = (8x,8,)"!, the total expected regrets after N rounds of approximate
Thompson sampling are capped by constants C; and C:

C, VB Ca
E[R(N)] < § [ 1 - - (log By + d’«{ log N) + > (log B, + d*k; log N) + 4A,
a>1 a a
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With the proper choice of batch size, approximate Thompson Sampling can
achieve sub-linear regrets with stochastic gradients.

Thompson Sampling with underdamped Langevin algorithms attains
sub-linear regrets at O ( \/3) samples, while previous requires O (d) samples.

Selecting y = 2.0 achieves the lowest regrets (consistent with our analysis).
The improvements become prominent as d increases.
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