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* |nput: a single-armed policy 7
 Each arm simulates a virtual single-armed system following 7

* Take actions following virtual actions as much as possible

llllllllllllllllllllllllllllllllllllllllllllllll

. ~ 1 T A .
active A (1) state §,(¢) virtual state §(?) ;——*>A1(t) active

lllllllllllllllllllllllllllllllllllllllllllllllll

lllllllllllllllllllllllllllllllllllllllllllllll

Budget: active A (¢) virtual state S’z(t)é “ >A2(t) active
1 . :

lllllllllllllllllllllllllllllllllllllllllllllllll

llllllllllllllllllllllllllllllllllllllllllllllll

o = — . | ~ YT A "
5> passive A ’V|rtual state $3(1) ——>A4() active

lllllllllllllllllllllllllllllllllllllllllllllllll

| —— A |
passive  A,(r) state 5,(7) virtual state S4(7) ——=> A, () passive
actions arms virtual actions

Weina Wang (CMU)
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* |nput: a single-armed policy 7
 Each arm simulates a virtual single-armed system following 7

* Take actions following virtual actions as much as possible
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Our policy: FoLLOW-THE-VIRTUAL-ADVICE (FTVA)

* |nput: a single-armed policy 7
 Each arm simulates a virtual single-armed system following 7

* Take actions following virtual actions as much as possible
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Our policy: FoLLOW-THE-VIRTUAL-ADVICE (FTVA)

Follow the virtual action even when an arm is a bad arm
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Our policy: FoLLOW-THE-VIRTUAL-ADVICE (FTVA)

The SA assumption assumes that the states will couple again
within a finite time

Follow the virtual action even when an arm is a bad arm
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Proof of optimality gap guarantee




Proof of optimality gap guarantee

Little’s law:

- [# bad arms| = rate of generating bad arms X [E[time being a bad arm]|
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Proof of optimality gap guarantee

Little’s law:

- [# bad arms| = rate of generating bad arms X [E[time being a bad arm]|
/\ N\

G, (\/N ) constant
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Summary

 We considered the restless bandit problem with
average reward in the large /N regime

 We propose a policy named Follow-The-Virtual-Advice
(FTVA), which achieves an O(1/+/N) optimality gap
without UGAP

* Discrete-time setting: our result needs an intuitive
synchronization assumption

* Continuous-time setting: our result does not need any
assumptions beyond the standard unichain

Weina Wang (CMU)
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