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Motivation

Question:
“Which policy parameterizations achieve exact
convergence to stationarity in continuous state
and action space?”
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* Results in Hidden bias in the convergence rate O(l/\/ K) —tO()\)
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Proposed Algorithm: Stochastic Recursive Mirror Ascent

Challenges
* Unstability in search directions
- We propose mirror-ascent style updates

Qk—|—1 — arg max{<gk79> . _Dw(eaek)}

0
* But due to non-convexity, it requires
increasing batch size of samples
- We utilize momentum style updates

&r = (1 — B)(8r—1 — VI (Ok—1,&(0k))) + VI (Ok, & (0k))




Theoretical Result

- Main Theorem

e To achieve min E
1<k<K

® SRMA requires K > O ( !

<

|

4

>

Bregman Gradient|| | <e

) with O(1) samples at each k

4




Theoretical Result

- Main Theorem

e To achieve min
1<k<K

€

® SRMA requires K > O (

<

1

© | ||Bregman Gradient|| |

N

<€

) with O(1) samples at each k

Algorithms Hidden bias | Bregman term SC
SVRPO (Xu et al., 2017) Yes No N/A
SVRPG (Papini et al., 2018) Yes No O(e™?)
STORM-PG (Yuan et al., 2020) Yes No O(e™?)
RPG (Zhang et al., 2020b)




Experiments
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*Thanks to Kasun Weerakoon at UMD.
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