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adapts its behavior to an unknown range of rewards Input: n, A
Initialization: open the root node (), A .« times

requires no assumptions or knowledge of noise
hmax < \‘2(log2nn—|—1)2J’ Pmax < UOgZ (hmaX)J

empirically learns much faster than

UCB approaches For h =1 to hyax « exploration »
_ 2.2h
gets the fast rate of deterministic planning For p = UOgQ(hmaX/ [h Y DJ down to 0
in low noise for all regimes open | A2P~217 times the at most { hmax J
= exponentially faster than OLOP P i w | h[h2p~y2h]
not a rare case! non-opened a™* € A" with highest values

u(a™") and given Tyn.i > [(h — 1)2P~2(h=1)]

adapts also to the global smoothness p
and beyond the base smoothness
provided by y

For p € [0 : prmax] <« cross-validation »
evaluate (¢ + 1) hpax(1 — 7?)? times
the actions at round ¢, a;, of the candidates:

Z1PF: SequO0L AND StroquOOL aP arg max u(a)

a€A®:Vt€[2:h(a)], Ta, > [(t—1)2p~2(t=1)]

Output a” <+ argmax u(aP)
{a?,p€[0:Pmax] }

e implements Zipf exploration for MCTS
Stroqul0L

e cxplicitly pulls an action at depth i + 1, -y times

: N B
| A simple parameter-free and adaptive approach to optimiza- less than action ag depth h, (Q (37 ; CL) —
tion under a minimal local smoothness assumption, Bartlett, T(:E? CL) + Sup, Z Y T(xta W(xt)v

Gabillon and Valko, Algorithmic Learning Theory, 2019

g Q(Xg)=rg3+Yr3s+Y°rse

Is this zero order optimization? e does not use UCB & no use of and 0

MCTS SETTING NUMERICAL SIMULATIONS

optimization planning
MDP with starting state xy € X, action space A h=0 _0 | : : , - —#eonsecutive r —#eonsecutive
n interactions: At time ¢ playing a; in x; leads to : ; ‘m : | m ! visits r =2 visits
Deterministic dynamics g: z;1 £ g(z¢, ay), BT\ 0 NP )P e W LA LW
Reward: r.(zy,a;) + ¢ with €, being the noise - N | ] 0 G
Objective: Recommend action a(n) minimizing e o I ’
h=0 h=0
: r =2
— majl{Q (x,a) — Q" (z,a(n)) simple regret = " = " ‘
ac h=2 h=2
. t WA A l\ DA 1 AA 1\ l\ A L]
where Q* (Qf, CL) — T(my a) =+ SUup . Z Y T(mt, W(CEt)) s - “4 oo 801 %
Assumption: 7, € |0, | and |e] < b h=s | - : g
Approach: Explore without parameters & b =0 | " B
h=1 | —— OLOP
he? 1000 2000 u ?;(10(;1 4000 5000 "o 2000 . 3&'0(;1 4000 5000
01 0P AR AN P
= 804 OLOPWPDOS 30- - EE?PDOS
OLOP implements Optimistic Planning using Upper h=5 | - || h=s | _— -
Confidence Bo}md (UCB) on the () value of a se- lower regret for planning! (Bubeck-+Munos'10) € €
quence of ¢ actions @z, . . ., g thanks to the reuse of samples n / &
R q hb i1 1000 QO'OObudg?)eqc'O?l 4000 5000 U 000 20‘00budg3e(i()(7)z 4000 5000
Qi(ai.q) - Z vh?h(t) ! ! Uniform exploration Zipt exploration 100 — 120 —
G vIn®) 0 . e B
estimation of observed reward unseen reward o AL é " — et % 601 B
in optimization under a fixed budget n, excellent : : 6 n / . 0
Strategies igl’lOI‘e or b o3 A A A A A A A A h U000 2000 3000 4000 5000 1000 2000 3000 4000 5000
h=4 /\/ budget n budget n
BLACK-BOX OPTIMIZATION not sharing information | Sharing information b = 10 (top center), b = 20, (top right), b = 50

(bottom left). Bottom right: true b is set to 10.

use the partitioning to explore f (uniformly) Bubeck & Munos: Only for uniform strategies . ..
\\!A We figured the amount the samples needed! Empirical behavior in the figures mimics the
. behavior of the complexities in the table.
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