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We frame the problem in a sequential learning setting
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» near-optimal branching factor k
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2 while Numerical resource available

Model-free methods directly optimize w(a¢|s;) through policy

evaluation and policy improvement. Theorem 1 (Regret bound). Algorithm 1 enjoys a simple regret of: do
g 1 /4 3 Compute the robust u-values
Model-based methods _ sk ui(n) and robust b-values bj (7).
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1. Learn a model for the dynamics T'(s¢, at) (1—P 5 n=n-+1
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- . N Continuous ambiguity and interval-based planning
» Better sample efficiency, interpretability

e T Approximate the robust objective by a tractable surrogate.
» Model bias: T'# T ) y g S(t, S0, 7_‘_)

Definition 2. Given a policy m and current state sy, define
Robust optimization The reachability set S at time t:

1. Build a confidence region T around 7’ o
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The interval hull (1S = |s,5| (Puig et al. 2005)

2. Plan robustly with respect to this ambiguity

s(t, so,m) =min S(t, s0,m)  5(t, s0,7) =max S(t, so, 7)
The surrogate objective v"
H
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One-step game between the planner and the environment: =0 eUS(Esom) Algorithm 2: Interval-based Robust Control

1. the learner reveals its policy &
2. the adversary chooses the worst-case dynamics 1T

Algorithm robust_control(sg)

Initialize a set II of policies

while resources available do
evaluate () each policy m € II at current state sg
Update II by policy search

The approximate performance of a policy is guaranteed on the true

. environment.
Assumption

Proposition 1 (Lower bound). The surrogate objective o s end

a lower bound of the true objective v":

We consider deterministic systems: s;41 = T'(S¢, a¢) return arg max. . 1 & ()
well

Procedure evaluate(m, sg)
Compute the state interval [(JS(¢, sg, ) on a horizon t € [0, H]
Minimize r over the intervals (1S (¢, sg,m) for all t € [0, H]

Challenge

WN N 0O Ok N

v, of(m) < v" () (6)

How to optimize this objective?
e Linear system: H,, control, robust LQ
e Finite state-space: Robust Dynamic Programming
e Non-linear continuous system: ?

AN
return v” ()
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