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MOTIVATION AND IDEA

Problem

• Policy Optimization (PO) methods neglect exploration
• Existing exploration strategies are undirected
• Lack of provably efficient solutions

Idea

• Frame PO as a continuous Multi-Armed Bandit (MAB)
• Use Multiple Importance Sampling (MIS) to exploit

natural arm correlation
• Apply Optimism in Face of Uncertainty (OFU)

POLICY OPTIMIZATION

• Continuous MDP xS,A,P,R, γ, µy
• Trajectories τ “ s0, a0, r1, s1, . . . rH P T

• Return Rpτq “
H´1
ÿ

h“0

γhrh`1

(Peters and Schaal, 2008)

πθ

as

Parametric Policy
πθ with θ P Θ

• Induced trajectory distri-
bution

τ „ pθpτq

Goal: θ˚ “ arg max
θPΘ

Jpθq :“ Eτ„pθ rRpτqs

Action-based PO

(Sehnke et al., 2008)

νξ

πθ

θ

s a

Parametric Hyperpolicy
νξ with ξ P Ξ

θ „ νξ

Goal: ξ˚ “ arg max
ξPΞ

Jpξq :“ Eθ„νξ rJpθqs

Parameter-based PO

POLICY OPTIMIZATION AS CORRELATED MAB
• (Hyper)parameters as arms ùñ continuous MAB
• Arms correlate through common outcome space
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• x˚ P arg max
xPX

µpxq

• Gap ∆t “ µpx˚q ´ µpxtq

• RegretpT q “
T
ÿ

t“0

∆t

Goal: min
x0,...,xT PX

RegretpT q

MAB jargon

MULTIPLE IMPORTANCE SAMPLING (MIS)
• Samples from several behavioral distributions:
z0 „ q0, z1 „ q1, . . . , zK´1 „ qK´1

• Estimate µ :“ Ez„p rfpzqs under target distribution p
• Balance Heuristic (BH) (Veach and Guibas, 1995):
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mixture

• Unbiased, but possibly high-variance:
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dz (Rényi divergence)

ROBUST MIS ESTIMATOR

• Importance Sampling estimators are heavy-tailed
(Metelli et al., 2018)

• This prevents the formation of exponential Upper Confi-
dence Bounds (UCB)

• Robust estimation via adaptive truncation (Bubeck
et al., 2013):
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truncation
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• Thanks to truncation, with probability at least 1´ 2δ:

|qµBH ´ µ| ď }f}8
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?
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d

d2 pp}ΦKq log 1
δ
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OPTIMIST ALGORITHM

A UCB-like algorithm based on the Optimism in Face of Uncertainty principle:

• Select confidence schedule pδtqTt“0

• Select initial arm x0 at random, draw outcome z0 „ px0 and observe payoff fpz0q

• For each iteration t from 1 to T :

– Define Upper Confidence Bound:

Btpx, δtq :“ qµtpxq
loomoon

RobustMISEstimator
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ExplorationBonus

– Select arm xt “ arg max
xPX

Btpx, δtq, draw outcome zt „ pxt and observe payoff fpztq

REGRET ANALYSIS

• Discrete arm set X “ tx1, . . . ,xKu

– Assumptions: uniformly bounded Rényi divergence d2ppx}Φq ď v

– Confidence schedule: δt “ 3δ
L

pt2π2Kq
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• Compact arm space X Ď r´D,Dsd

– Assumptions: uniformly bounded Rényi divergence d2ppx}Φq ď v, L-Lipschitz objective µ

– Confidence schedule: δt “ 6δ
L

pπ2t2p1` ddt2dqq

RegretpT q ď ∆0 `
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Arm Outcome Induced distribution Payoff Objective

Correlated MAB x P X z P Z pxpzq fpzq µpxq “ E
z„px

rfpzqs

Action-based PO θ P Θ τ P T pθpτq Rpτq Jpθq
Parameter-based PO ξ P Ξ θ P Θ νξpθq Jpθq Jpξq

IMPLEMENTATION

• Trajectory distributions pθ are difficult to compute
ùñ parameter-based PO

– Analytic hyperpolicy νξ (e.g., Gaussian)

– Closed-form Rényi divergence d2

• Difficult to optimize the UCB index on a compact space
ùñ adaptive discretization (OPTIMIST2)

– Use finer and finer grid of
Q

t
1{κ
Ud

points

– Confidence schedule: δt “ 6δ
L

pπ2t2p1` t
d{κqq

– Meta-parameter κ ě 2 allows to trade-off regret
rOpdT 1´ 1

κ q with time Opt1` d
κ q per iteration.

– k “ 2 recovers the rOp
?
dT q regret at the cost of

exponential time

– k “ d yields sublinear regret in polynomial time

EXPERIMENTS

Linear-Quadratic Regulator (Regret)
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River Swim (Return)
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Mountain Car (Return)
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