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Introduction UCRL2-like Exploration SCAL™: tabular MDP SCCAL™: continuous MDP

WHAT DO WE DO » Exploration bonus: Used in deep RL [Bellemare et al. » S is continuous, A is discrete

For £ =1,2,... 2016, Tang et al. 2017] and /or when the iintrinsic horizon is » MDP (reward and transitions) is Holder continuous

» Exploration in continuous MDPs

» With theoretical guarantees 1. Estimation of model and uncertainty known [Azar et al. 2017, Jin et al. 2018] r(s,a) — (s, a)| < raaxDls — '@
) ) S Imax

How? My ={M = (S, A,p,7) : p(:|s,a) € Bi(s,a), For k=1,2,... Ip(:|s,a) = p(-|s",a)[1 < L|s — s'|*

» Using exploration bonus and discretization r(s,a) € Bi(s,a)} 1. Estimation of empirical model

» SCCAL™" combines SCAL™ with state aggregation

average rewards

2. Planning for optimistic policy T | exploration
Online Learning in MDPs M, = (S, A D, 7 + bg) bonus
.. (Mlﬂﬂ-k) — al'g Iax maX{gW(M)} *l’ aggregation

» Markov Decision Process M = {S, A,r,p} MeMy average transitions

. . : : : : ~ Nk(S,CL, 8/)
» Optimality criterion: average reward 3. Execution of policy 7 pr(s'|s,a) = S~ Ne(s,a,5)
For any policy 7 starting from s € S: e execute action a, ~ 7, ST

e observe reward 7; and next state
. 't “t+] 2. Planning for optimistic policy
GAIN: : TllI}_l
t>h EStlmatlon. Mk is the set of plaUSIble MDP such T, = argmaX{gW(Mk)} RECRET: for any Hélder MDP W.p. 1—9
d s

BIAS: h™(s) := g— lJirm
—+o00

q7, 3. Execution of policy 7 R(SCCAL™,T) = O (CL\/ZT(a+2)/(2a+2))
Ip(-[s,a) — p(:[s;a)llr < By (s,a) = \/Nk(s,a)

» Learning problem:

cumulative regret minimization N T T » Plan using the empirical MDP Numerical Results
r(s,a) —r(s,a)| < s,a)~=r : g
“ and ot T 7(s,a) —7(s,a)| < Br(s, a) N\ Ny (s, a) » Bonus is used to recover optimism G ARNET: tabular MDP
n ank g A(Q{) T) p— Tg*—z Tt(sta a’t) .10° Garnet (200, 3, 5) .10° Garnet (200, 3, 144)

are unEnown t=1 » Planning: use Extended Value lteration B s .

N r p H 0.8
» Diameter: [Jaksch et al. 2010] / _ 1 \ bi (s, a) (Tmax + C)\/Nk(s Q) < Br(s;a) + cBy (s, a) ég”

expected tlge S — S Uni1(8) = Lv, = m§X< B I]_?aéx );:_I_N I;?(X )ﬁTUn , l ; l o 0

( A . TEDB7 (s,a peE s,a y = 4

D = m/aX < min U [T(s/)‘s] " " Tighter uncertainty “equivalent” i‘g ’

5,85 (mS—=P(A) —> better performance UCRL?2 bonus E

Prior Knowledge on the Bias Span A prior knowledge: | o  ime

* — * L O * < ]
» Provides a sense of what is realizable in the true MDP rng(h”) mgxxh () msmh (5) = ¢ » SCAL™ can indeed outperform UCRL2
» Avoids over-optimism

» Necessary to define the exploration bonus

p(-]s;a) = p(-|s,a)] < [[p(+|s,a) = p(-[s; a)| Hh*&o

Implicit in other settings
(infinite-horizon discounted,
finite-horizon)

— Continuous MDPs —

+.
SCAL™: regret SHIP STEERING: RIVERSWIM:

Setting MDP parameter Horizori Knowledge Exploration Bonus For any MDP such rng(h”) < ¢, w.p. 1 -0 SR I
it horizon discounted Y e B
infinite-horizon discounte ol v < _ ] "
L= R L=\ Ni(s,a) R(SCALT,T) =0 c\/TZF(S,a) - :
p g &
_ 1 S,a . ,®° 5

finite-horizon H H 0™ || oo < TmaxH oy | .

Nk(s, CL) 10
» ['(s,a) = ||p(-|s,a)|lo (number of next states) e 107 e 106
O 1 ~ First implementable algorithm with guarantees in
average reward ? +00 rng(h™) < ¢ O c ./ > P & &
© Aga(ssun?p‘;)n ( \/Nk(sa CL)) > Worst-case O(CS AT) cont. MDPs (lots details are missing here, see paper)

- as UCRL2 except that D is replaced by c » More stable than model-free version
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