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How can RL agents get the most from small
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Study importance sampling for the RL sub-problem of policy
evaluation.

]IE

PRODUCI Bll
nnnnnn

QWMAR KETI N G

w= SEARCH




g S0 B
3 " P SN
T T Y dhaa]

How can RL agents get the most from small
amounts of experience”

Study importance sampling for the RL sub-problem of policy

evaluation.
m(als)

mp(als)

]IE

PRODUC! BU
nnnnnn

WMAR KETI N G

w= SEARCH




I
3 " P SN
T TR LA

How can RL agents get the most from small
amounts of experience”

Study importance sampling for the RL sub-problem of policy
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How can RL agents get the most from small
amounts of experience”

Study importance sampling for the RL sub-problem of policy
evaluation.
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How can RL agents get the most from small
amounts of experience? 810

Study importance sampling for the RL sub-problem of policy
evaluation.
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How can RL agents get the most from smaH
amounts of experience”

Study importance sampling for the RL sub-problem of policy

evaluation.
rlals) | m(als
mp(als)  7p(als)

Provide empirical and theoretical support that estimating the behavior
policy Improves mportance sampling for policy evaluation.
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Given batch of trajectory data:
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Batch Policy Evaluation
Given batch of trajectory data:
{(Sév 67R67 "'7‘927 2732) ?;1

Given a target policy:

m:S = P(A)
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Estimate:

v(m) = E
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Ordinary Importance Sampling in RL
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Regression Importance Sampling

Maximum likelihood
behavior policy estimate.
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Regression Importance Sampling

Correction from /

empirical distribution
to target policy.
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Related Work

1. Estimated Propensity Scores (Hirano et al. 2003, Li et al. 2015).

2. Learning in bandits + MDPs (Xie et al. 2019, Hanna and Stone
2019, Narita et al. 2019)

We are the first to show using an estimated
oehavior policy improves importance
sampling In multi-step environments,
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Tuesday 6:30-9, Pacitic Ballroom #109

1. Off-policy importance sampling methods typically use the known
behavior policy action probabillities.

2. Replacing the true behavior policy action probabilities with thelr
empirical estimate increases the effectiveness of importance
sampling.

3. We Introduced the regression importance sampling and show |t
improves batch policy evaluation in a wide range of RL tasks.
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