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RL (dual)
Too(T) :

Previous works in convex RL consider an infinite

episodic with horizon T

reward vector 7

Challenged Assumption 1

The convex RL problem can be equivalently

Convex RL1 addressed with an infinite trials formulation

state distribution d”

Challenged Assumptions

trials formulation to approximate a single trials one
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Challenged Assumption 2

The convex RL formulation is only slightly
harder than the standard RL formulation

Challenged Assumption 3

The set of stationary randomized policies
is sufficient for the convex RL formulation
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- Online Learning Setting

unknown objective F

Single Trial Convex RL
Gi(m) == E |F(d)

d~p™ -

approximate JF from interactions
(Bernstein polynomial)

N
N-episodes online regret  R(IV) := Z vy —v®
t=1

For any 6 € (0,1], unknown convex MDP, using OPE-UCBVI algorithm?
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approximation term
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pure learning regret?

F L -Lipschitz

with probability 1 — §, where the regret is sub-linear in N

_ Empirical Validation
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