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Simulation Results

Conditionally Benign Environment (|A|=20, |Z|=2)
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Simulation Results

Worst Case Environment (IAlI=20, 1ZI=2)
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(2) Optimistic Rounds
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either UCB;(a) % UCBy(a) and the algorithm correctly plays pessimistically,
or the regret incurred from playing optimistically is still sufficiently small.
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Suppose we have a fixed DAG G on (A x Z x V).

0767010260
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a) conditionally benign and d-separated

I U |

(a)

(b) not conditionally benign

(c) conditionally benign through front-door, not d-separated
(d)

d) no adjustment possible, not conditionally benign
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Suppose we have a fixed DAG G on (A x Z x V). Let G denote the graph with edges into A removed.

Theorem

Let A be all hard interventions.
d-separates ¥ from A on G if and only if every Markov relative 7 on G is conditionally benign on A.

Theorem
Let A, be all hard interventions except the null (observational) intervention.
d-separates )" from /A on G- if and only if every Markov relative v on G is conditionally benign on A.

Proposition

If 7 satisfies the front-door criterion with respect to (1,)") on G then 7 d-separates ! from /A on G.



