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Motivations Optimism in Face of Uncertainty Planning under bias-span constraint (SCOPT)
Learning in an unknown environment means to balance For episodes k£ = 1,2, ... Optimization problem: ¢% := sup {g7%,} Planning algorithm: ScOpr____ ., |1. Initialize n = 0 and v = T,vg — (Tcvo)(S)e
mw€ll. (M) 2™
e Exploration Exploitation ' - - - i _ il _
Ontimcts p(OI:Ul) S o Exploitati 1. Compute a set of plausible MDPs M, where TI, (M) := {w TSR - sp{hT,} < C A splgf ) =0 } relative value l?era;]/con ove) 2. Vzll;lle ip {Tin+1 U } + = 7510 {vi —wvo} > ¢
— R L c-span truncation (from above a) n +=
e Construct a set .of plaus?ble MDPs | 2. Planning: Compute an joptimistic policy 7y, Why 7 e TI5R? Vn, sp{u,} <ec (b) vpy1 = Tov,, — (Tov,)(5)e
e Execute the optimal policy of the “best” MDP in the set 3. Execute policy 7y the maximizer 7*(M) may be a randomize policy 3. return v, and 7" = G (vy,)
OFU may lead to over-optimism is some MDPs Confidence set Why sp {gar = 07 " Asm. 1. é} is a y-span contraction Asm. 2. T. is globally feasible:
o even fail in learnin ' - ~ ) _ there may be no dominating policy m € II°>" with constant  Vu,v € R”, sp{Lu — Lv} < ~ysp{u—v} 36}, T.v = L +v (feasible at each s)
Recularization h d% be effective in ML — in Exp.Exp? My ={M = (S, A, 7,p) : T(s,a) € B(s,a), p(s'|s,a) € B;f(s,a, ')} bias span | [ Oy
gularization has proved to be effective in = in Exp-Exp" BE BF — hioh-oropabil s _ | ; ] et an o - , SCOPT PROPERTIES
r» D, = high-probability contidence intervals around empirical estimates 7 € II°N is dominating = V' eIl Vs € S, g”(s) > g" (s)
. } . o~ o~ < [Sa ~( ./ TN/ < sas’ . : :
Online Learnmg in MDPs 7(s,a) —7(s,a)| < Brikes p(s'[s,a) —p(s'|s,a)| < D,k The supremum always exists, the set II* (M) of maximizers? Span contraction: T, is a y-span contraction

Optimality equation (OE): 3(g*,h") e R x R® st. T.ht =h™ + gTe.
Uniqueness: if (g, h) solution of OE, then g = ¢g* and h = h™ + e

Convergence: Yvg € R®, the sequence (v,,) converges to h™
Value Operator: Given v € R> and C > 0, we define and lim Tf+1v0—va0:g+e.

. n— oo
S(C,v) = {5 € S|Lu(s) < mSm{L”(S)} T C} and e Dominance: the gain g* is an upper-bound on the supremum, i.e., g* > g*.

Planning:

» UCRL [Jaksch et al., 2010] (N;,%Z) ~ arg max g]7\r4 Lemma. It M is unichain then H: (M) 75 (Z)

MeMy ,mellSP (M)

Markov Decision Process M = {5, A, r, p}

e 5: states

o A= (A,).,-5: actions

e No prior knowledge = might be over-optimistic

e /(5. ) mean rewards

( % o~k T

Ry TR) = arg max ans
M € Mgc ,nellSP(M)

e p(s'|s,a): transition probabilities, I' = max ||p(-|s,a)l|o < S > REGAL.C [Bartlett and Tewari, 2009]
S,

Y

Lv(s) Vs € S(C,v), Asm. 1 4 Asm. 2
C + msin{Lv(s)} Vs € S\ S(C,v), e c-optimality: the policy returned by ScOPT is e-optimal: ||gTe — ¢ [|o0 < €

T.v=1.,Lv= {

Optimality criterion: long-term average reward
For any policy m € HSR(M) starting from s € §:

where Mprc :={M € My : sp{hy} < c}

e Constrains the set of possible MDPs = intractable

T, is feasible at (v, s) i.if
e Overall problem is ill-posed is feasible at (v, s) i.

e Convergence to g': if ¥+ = G.(h™) is unichain, then ¢" = ¢* and 7" € II}
5 € 8(07 U) — {m.lgll {T(S,CL) +p("37a)Tv} < min{L’U(S/)} +C a1, 7 =0
acAsg s’
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» SC (M, 7% € arg max gar :35:; T.v(s) = Z 53({9,@)“(3,@)-|-p(-\3,a)Tv} @/\g < ao,r:?h \ l
r=20

- T -

, 1
GAIN: gps(s): TETOOE TZT(St,CLt)
t=1

MeMy, m € lI.(M) ~ r=20

A . . 0 SR - - aEAs ag, r =1 U T
BIAS:  hiy(s) : TC;E?O E Z r(se, ar) — gM(St)) where IL.(M) := {7T €It sp{hjys} <c A splgy} = 0} Greedy operator: ay, v =1 a1, T =,
| t=1 i ~
e Relaxation of REGAL.C: see Prop. 1 U K ed . 5:(5) S € S(Cl U)a T. might not always be 1. might not always be (T.)"vo might not converge even
In weakly communicating MDPs, any optimal policy e Overall problem is well-posed ;e prior r;l?kw © gz (V) = arg min {T’(S, a) + p(-|s, a)TU} s € S\S(C,v). feasible even when II} # () feasible at its fixed-point h™  when II. # () and all policies are
about Sp{ *} = ¢ a€As both unichain and aperiodic

™ € arg max{g”"(s)}

has constant gain, i.e., g”*(s) — ¢~ forall s € S.

Moreover, (¢, h*) = (g7 , h™") satisfy the optimality equation Learning under bias-span constraint (SCAL)

h* = Lh" —g"e, where e=(1,...,1)7.

i : 0 _ ) o~ —
1 N Equivalent planning problem: CAN WE STILL USE ScOpT? -7 n _ — Augment the reward in M} = ./\/l,jFC
optimal Bellman operator: Lu(s) = max{r(s, a) +p(|s,a) v} . p — — — Q n = SCAL computes
e - HoC arﬁ I(IEX) {g/ﬁk} We can alter My, = M, O 77@ 2. Aj is expanded by duplicating every action max g

pelle k . I k 1

- « = - - % ! i . C., B — B ) 7TEI—[C M
Cumulative regret minimization A(2,7T) = Z (g — Tt(st,at)) M, is an extended MDP 1. n-perturbation of the transition model .., By (s,a) = [0,maxq B, (s, a)}] (M) -
—1 — A is “extended” to a compact space a we enforce that the “attractive” state s is reached with o Iy — Liv and Tcnv _ fciv well defined problem and admits a maximizer 7 (Mlj;)

non-zero probability from any state-action pair

Diameter and Span: [Jaksch et al. 2010; Bartlett and Tewari, 2009] —> efficiently computed using SCOPT

by considering every possible value in

XOAATN % ( AAL
Bf and B’; gc(Mk) _gc(Mk)

_q_ . o~ YT N
D = max min |E. [T'(s")]s] Define 7 SuES abeA me plls, a), aljlu. b)} o T. is globally feasible
HHES AmS=PA e sp{h™} < D (always) T P 4S5, e Ti Regret

gl * mi * - N Ly = r oY ~ Vo s.t. spiot <e, 40 s.t. s {L fu}<c

spih’} Iglea“g{{h ()} gg{h (5)}) o D= oo but sp{h*} < o0 -y :eglﬁf,a)r +;€£?§aj.){p v}} <l-n<1 — LT is y-contractive PV} S PRt =
and TC = Fczv —~ o M} is unichain —~ .
ScOpT in M convergesto g- > max ¢~ —nc g A(scarL.T) = O (mini{D.c \/FSAT

Regret Results = use - ¢ ) M - ! !

S mElLe (M) — gF — T (a policy exists)

UCRL [Jaksch et al. 2010] & O(DVTSAT) No convergence for SCOPT in M There might not be any policy associated to g.

Optimistic PSRL [Agrawal and Jia, 2017]

REGAL.C [Bartlett and Tewari, 2009] 5(0\/ FSAT) with Sp {h*} S C Numerical Experiments

WAY TO FREEDOM

Lower bound: () (\/DSAT) or ) (\/sp {h*}SAT) ? [Jaksch et al. 2010] SIMPLE 2D DOMAIN Lot o7 1T
”'*'I A~
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e Jaksch, Ortner, and Auer. Near-optimal regret bounds for reinforcement learn- = > oo =2 R = | =#= SCAL ¢ =20 E .
g *;" - ¢ ‘_"" 2 X XX XX 3 % 47000 UCRL = 04+ '.‘
ing. Journal of Machine Learning Research, 2010. 5 for ey B ) *_.o‘ E ‘¢
e Bartlett and Tewari. REGAL: A regularization based algorithm for reinforce- qu‘_: .......................... g 1 ,,.V‘ D it 2,000 + ]> S 02| ?;:;/’ _‘ggiiiifo
: : C o= e ¥V 2
ment learning in weakly communicating MDPs. In UAI 2009. U | | 3 ~ N TIPS = — UCRL
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e Agrawal and Jia. Optimistic posterior sampling for reinforcement learning: 8 10 12 08 1 2 3 4 5 8 10 12 14 16 % @ 0 05 1 15 2 25 3 85 1084
. . o Duration :
worst-case regret bounds. In NIPS 2017, 2017. Log-Duration In(7) Duration T 10° Log-Duration In(T) | uration T
5 — 0005 — Commun|cat|ng MDP 5 — OO — 81 trans|ent and D = O S — 360, A — O, D ~~ 250 (Communlcatlng) and Sp {h } ~ 32




