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Abstract  Among reinforcement learning (RL) applications, the off-policy evaluation (OPE) is
employed to avoid unexpected risks before the actual deployment, which has been applied in many
fields, including the robot, autonomous driving, and so on. The core learning goal of OPE is to
minimize the mean squared error of state values between the new estimate and executed values
from the target policy. With the advantage of OPE, researchers can estimate target policy’s state
values through collected history trajectories before RLL execution, further realize an evaluation of
reinforcement learning policy and perform necessary policy control in advance. In recent years, on
the one hand, OPE has drawn many interests from both researchers and engineers. On the other
hand, due to the difference between behavior policy and target policy and possible reward sparseness
of behavior policy, OPE also faces emerging challenges to overcome. This paper systematically
summarizes the state-of-the-art OPE methods in latest twenty years. These methods mainly fall

into four categories: directed-model based, importance-sampling based, hybrid-model based, and
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PU-learning based methods. For directed-model-based methods, we describe value iteration estimator
and direct model (DM). Among importance-sampling based methods, we present Importance
Sampling (IS), Step Importance Sampling(step-1S), Weighted Importance Sampling( WIS), Step
Weighted Importance Sampling (WIS), Regression Importance Sampling (RIS), Marginalized
Importance Sampling (MIS), Incremental Importance Sampling (INCRIS). We compare hybrid-
model based methods, which combines the directed-model based with the importance-sampling
based methods, including Doubly Robust (DR), Weighted Doubly Robust (WDR), Model and
Guided Importance Sampling Combined (MAGIC), Longitudinal Targeted Maximum Likelihood
Estimator (LTMLE), TMLE for RL (RLTMLE). We also introduce the PU-learning-based
method involving Off-policy Classification (OPC), Soft Off-policy Classification (SoftOPC). In
addition to present fundamental theoretical knowledge of OPE, we focus on analyzing different
OPE methods”’ differences in detail and discussing essential OPE mechanisms. We also implement
the mainstream OPE models and compare their performance to provide more concrete results for
better understanding. We experiment with these models in five typical RL applications: ModelFail,
ModelWin, and GridWorld, Fappybird, and Spacelnvaders-v0. We find that no single OPE
method is consistently the best performer through our analysis, but hybrid-model-based methods
are generally outperformed importance sampling methods. Most OPE estimators have strict
constraints and do not perform well in Horizon length. Compared with DM estimators in directed-
model-based methods, WDR, MAGIC, and RLTMLE estimators in hybrid-model-based methods
are not always optimal in the ModelWin environment. We also notice that MAGIC and RLTMLE
perform well in most cases. Still, when the historical trajectory data are relatively less, the MSE
between the estimated state value of the target policy and the state value of the actual execution of
the target policy is relatively big. Finally, we present future challenges and possible developing
directions of OPE. Due to the difference between behavior policy and target policy and possible
reward sparseness of behavior policy in some emerging applications, OPE still has a lot of
challenges on its way. Happily noting that Google’s PU-learning method breaks some OPE strict
constraints, giving inspiration for future OPE researches and grounding OPE applications.

Keywords artificial intelligence; reinforcement learning; off-policy evaluation; importance

sampling; PU learning
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Background

Among reinforcement learning (RL) applications, the
off-policy evaluation (OPE) is used to avoid unexpected
threats before a RL deployment, that has promising future
applied into the fields of the robot, autonomous driving and
so on. No needs to actually execute RLL, OPE can estimate
target policy ” s state values through history trajectories
collected. Generally, the learning goal of OPE is to minimize
the mean squared error of state values between the new esti-
mate and actually executed values from target policy.

With the development of Al and RL, as a key technology
of RL, OPE has drawn a lot of interest in top Al journals and
conferences the recent years. This paper systematically
summarizes the main OPE methods of the latest twenty
years, including directed-model based. importance-sampling
based, hybrid-model based and PU-learning based methods.
We present related theory knowledge of OPE, describe
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detailed differences of different OPE method’ s mechanisms
and models. After performing complete comparisons of
methods and corresponding models, we further implement
the programs of mainstream OPE models and compare their
performance. Finally, we outlook future challenges and pos-
sible developing directions of OPE.

In conclusion, OPE has great progress on its way.
However, due to the difference between behavior policy and
target policy, and possible reward sparseness of behavior
policy in some emerging applications, OPE still has a lot of
Happily noting that, Google’s PU-learning
some OPE

challenges.

method breaks strict constraints, giving
inspiration for future OPE researches and grounding OPE
applications. Hope that this paper could encourage more and

more studies in the OPE field of RL.





