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Can reinforcement learning be data efficient 
enough for real world applications?
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Limitations of Reinforcement Learning Algorithms

On-Policy

• Only use data generated by the current policy.

On-Environment

• Simulated data is useless
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How should an RL agent 
weight off-policy data?

Can reinforcement learning be data efficient 
enough for real world applications?

How should an RL agent 
collect off-policy data?

How can an RL agent use 
simulated data?

How can an RL agent combine 
simulated and off-policy data?

How can a reinforcement learning agent leverage off-policy and 
simulated data to evaluate and improve upon the expected 

performance of a policy?
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Policy Improvement: Find policy that maximizes 
expected cumulative reward.
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Policy Value Estimation: Given a fixed policy, 
determine the expected cumulative reward of that policy.
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Proposal Time: Importance sampling with an 
unknown behavior policy

Credit: Brenna Argall

Importance sampling requires the behavior policy 
probabilities to be known.

Baseline approach: maximum likelihood behavior 
policy estimation.
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Related Work
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1. Estimated Propensity Scores (Hirano et al. 2003, Li et al. 2015).

2. Learning in contextual bandits (Xie et al. 2019, Narita et al. 2019)

We are the first to show using an estimated behavior policy 
improves importance sampling in multi-step environments.
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Not Only for Off-Policy Data
Same results when behavior policy and evaluation policy are identical.

1. Any Monte Carlo sampling method may suffer from sampling error.

2. If we know the desired action probability we can potentially correct this error.

3. Can correcting sampling error improve other types of reinforcement learning 
algorithms?

Contribution 4:  
Sampling error corrected policy gradient estimator that improves 

over Monte Carlo policy gradient estimators.
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Monte Carlo Policy Gradient
1. Execute current policy for m steps.

2. Update policy with Monte Carlo policy gradient estimate.

3. Throw away observed data and repeat (on-policy).
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Sampling Error Corrected Policy Gradient

1. Execute current policy for m steps.

2. Estimate empirical policy with maximum likelihood estimation.

3. Update policy with Sampling Error Corrected (SEC) policy 
gradient estimate.

4. Throw away data and repeat (on-policy).
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2. Tree back-up methods (Precup et al. 2000, Asis et al. 2018).

3. Expected Policy Gradients (Ciosek and Whiteson 2018).

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

5. Many people outside of RL + Bandits:
• Blackbox importance sampling (Liu and Lee 2017), Bayesian 

Monte Carlo (Gharamani and Rasmussen 2003).
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Weighting Off-policy Data

Additional results in dissertation: Asymptotic variance analysis, consistency of RIS, 
additional experiments.

Take-away Message

It is better to estimate the behavior policy than use the true 
behavior policy. 

Doing so corrects sampling error in policy value and policy 
gradient estimates. 
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Contribution 5: Grounded action transformation algorithm 
allowing an RL agent to learn from simulated data.

47

Take-away Message

Modifying the policy’s actions can correct discrepancy 
between simulation and reality. 

Learning with Simulated Data

Additional results in dissertation: Bound on error in model-based policy value 
estimation, additional empirical results.
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1. Hierarchical sim-to-real.

2. Optimal sampling for regression importance sampling.

3. From policy value estimation to policy evaluation.
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Optimal sampling for regression importance 
sampling

50-armed bandit with stochastic rewards.

RIS needs to observe every arm! 
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Value function learning with RIS and BPG

Collecting data:

Weighting data:

What is optimal behavior policy with changing value function?

How to estimate behavior policy during online learning?
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