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Abstract

Modern decision-making systems, from robots to web recommendation engines,
are expected to adapt: to user preferences, changing circumstances or even new
tasks. Yet, it is still uncommon to deploy a dynamically learning agent (rather than
a fixed policy) to a production system, as it’s perceived as unsafe. Using histori-
cal data to reason about learning algorithms, similar to offline policy evaluation
(OPE) applied to fixed policies, could help practitioners evaluate and ultimately
deploy such adaptive agents to production. In this work, we formalize offline
learner simulation (OLS) for reinforcement learning (RL) and propose a novel
evaluation protocol that measures both fidelity and efficiency of the simulation.
For environments with complex high-dimensional observations, we propose a
semi-parametric approach that leverages recent advances in latent state discovery
in order to achieve accurate and efficient offline simulations. In preliminary experi-
ments, we show the advantage of our approach compared to fully non-parametric
baselines. The code to reproduce these experiments will be made available at
https://github.com/microsoft/rl-offline-simulation.

1 Introduction & Related Work
Exploration is one of the central problems of RL and has been studied primarily assuming access to
an online environment (Sutton & Barto, 2018). Offline RL, the problem of learning a policy from
a previously collected experience history, has gained a lot of attention in the recent years (Levine
et al., 2020; Fu et al., 2020). Yet the combination of the two, i.e., reasoning about exploration and
agent’s learning process given just an offline dataset, though a problem of tremendous potential value,
has not been covered extensively by the RL research community. Offline policy evaluation (OPE),
a subproblem of offline RL, focuses on evaluating performance of a fixed policy using an offline
dataset (Figure 1). In many real-world scenarios, including recommender systems, personalizable
web services, robots required to adapt to new tasks, etc., instead of having fixed policies, we would
like the agent to continue learning after deployment. This requires the agent to explore and react to
its experience in the environment by adapting its policy. OPE ignores these factors and is not the
right framework to assess such agents. In this work we propose offline learner simulation (OLS) as a
way to evaluate non-stationary agents given just an offline dataset.
A natural approach to simulate learners can be to leverage model-based RL (also used successfully as
an OPE method - see Fu et al. (2021)) - by learning a world model on the offline dataset, and then
using that model to generate new rollouts. While simple to use, the learned model incurs bias that
may be hard to measure and reason about. On the other side of the spectrum, we have non-parametric
approaches replaying data in certain ways to match the true environment’s distribution: Li et al.
(2011) discussed this approach in the contextual bandit setting, and Mandel et al. (2016) extended
the idea to Markov decision processes (MDPs). These methods are provably unbiased and allow for
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simulating a learning process with provable absolute accuracy, but become inef�cient for all but the
simplest toy problems. More realistic environments, with rich observations and stochastic transitions,
would lead to simulation terminating after few steps, deeming these methods impractical.
In this work, we incorporate recent advances in latent state discovery (Du et al., 2019; Misra et al.,
2020; Lamb et al., 2022), which allow one to recover the unobserved latent states from potentially
high-dimensional rich observations, with the model-free data-driven approaches proposed in Mandel
et al. (2016), to improve their ef�ciency and practicality. In the preliminary experiments, we evaluate
the methods by comparing the obtained simulations to the true online learners in terms of �delity and
ef�ciency. We show that newly proposed methods are able to simulate a learning process with high
�delity, and are capable of producing longer simulations than fully non-parametric approaches.

2 Problem Setup
We consider reinforcement learning (RL) in block Markov decision processes (Block MDPs), de�ned
by a large (possibly in�nite) observation spaceX , a �nite unobservable state spaceS, a �nite action
spaceA , transition functionp : S � A ! �( S), emission functionq : S ! �( X ), reward function
r : X � A � X ! �( R), initial state distribution� 0 2 �( S), and discount factor
 2 [0; 1]. A
policy � : X ! �( A ) speci�es a distribution over actions for each observation. In RL, alearner
(often realized by executing a learning algorithm), denoted byA, de�nes a mapping from some
history of interactions of arbitrary length� 2 H to a policy� � : X ! �( A ). Here, a history of
interactions of lengtht is an ordered sequence of transition tuples� 1:t = [( x t 0; at 0; r t 0; x0

t 0)]t
t 0=1 2 H t ,

andH = H 0 [ H 1 [ � � � is the set of all histories. Consider the interaction cycle between the learner
and the environment: at stept, the learner has seen its interactions with the environment during steps
t0 = 1 : : : t and makes use of the history so far� 1:t to de�ne its policy� t = � � 1: t for subsequent
interaction(s). Overall, the learner follows a non-stationary policy where, importantly, the sequence
of policiesf � 1; : : : ; � t g that constitute this non-stationary policy is not known in advance.

Fig. 1: OPE vs OLS

In this work, we consider the problem of of�ine learner simu-
lation (OLS), which is used to gain an understanding of what
a learner would “perform” in the real environment; we might
be interested in how the learner would gather data and explore
the environment, or how quickly the learner would converge to
the optimal policy. Given a logged dataset of past interactions
D = f x i ; ai ; r i ; x0

i g
n
i =1 , in order to simulate a (black-box) learner

up to stepT, it is necessary to provide the learner with a history
� 1:T = [( x t ; at ; r t ; x0

t )]
T
t =1 � psim

H that is drawn from a distribu-
tion identical to the one observed if the learner interacted with
the real environmentpreal

H . This is in contrast to OPE, where it is
usually suf�cient to obtain a value function estimate (Figure 1).

2.1 Evaluation Protocol
A “good” of�ine simulation should run as accurately
as possible for as long as possible. Therefore, we
propose to quantify the success of of�ine simulations
via two aspects - ef�ciency and �delity.

Ef�ciency can be measured by the length of histo-
ries generated by the simulation before it terminates.
While some simulation approaches allow the learner
to run inde�nitely, this often comes at the cost of
large biases. Therefore, we also consider simulation
approaches that have the option to “terminate”. In
Figure 2,sim2 is more ef�cient thansim1 because
it terminates after more simulation steps.

Figure 2: Example of the ground-truth learning
curve as well as two of�ine simulations (details
of this experiment are in Appendix B.1).

To measure �delity, in theory, we want to compare the distribution of histories generated by the
simulationpsim

H to the real distributionpreal
H . Since these distributions may be dif�cult to represent

analytically, in practice, we instead use aggregate scalar statisticsg(pH ) as proxy measures.1 For

1We caution thatg(psim
H ) being close tog(preal

H ) is only a necessary condition for thepsim
H being close topreal

H ,
but not a suf�cient condition.
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example, we may haveg(pH t ) = E� 1: t �H t [V (A(� 1:t ))] - the expected policy performance after the
learner has received a length-t history� 1:t � pH t . Note that the speci�c choice ofg is dependent
on the learner and the environment; some alternative choices include: state visitation distribution in
the history� 1:t , or the learner's model parameters. The expectation over distributions of histories
can be approximated empirically using averaged results from multiple simulation runs. Suppose we
are interested in the �delity of a simulation from training step1 to T. As shown in Figure 2, we can
visualizeg(pH t ) for t = 1 � � � T as learning curves, and measure the error in simulation as the RMSE
between the learning curves from the simulation vs the ground-truth over all steps (alternatively, one
may use the mean/max absolute error). ForT = 50000, sim1 is a more “accurate” simulation than
sim2, even thoughsim2 eventually converged to the correct policy afterT = 50000 whereassim1 is
not able to run till convergence. Comparisons of �delity are only meaningful for the sameT.

Both ef�ciency and �delity are important for of�ine simulation, yet it is not straightforward to de�ne
a single metric that captures both. Since there is usually a trade-off between the two (similar to the
bias-variance trade-off), in our experiments below, we consider these two aspects separately.

3 Non-parametric & Semi-parametric Of�ine Simulation
Mandel et al. (2016) proposed several non-parametric approaches for OLS in RL including the
queue-based evaluator (QBE) and per-state rejection sampling (PSRS). We focus on PSRS because
it was shown to be more ef�cient than QBE. In PSRS, each transition in the logged dataset is only
considered once, and is either accepted and given to the learner, or rejected and discarded. This
ensures the unbiasedness of the overall simulation. In Appendix A.1, we restate these two algorithms
with a few modi�cations to allow for more general settings such as episodic problems with multiple
initial states and non-stationary logging policies.

A key step in PSRS (as the name suggests) is line 3 (Alg. 3) which groups transitions in the logged
dataset into queues based on the from-state, and the simulation terminates whenever it hits an empty
queue. This works reasonably well for tabular MDPs. For block MDPs, a naive approach is to treat
the observations as the keys to group transitions by. Since we often have an in�nite observation
space, every observation is only seen in the logged dataset once, making this approach very inef�cient
and impractical because the queues would be empty before we are able to simulate long enough.
Fortunately, recent advances in latent state discovery (Du et al., 2019; Misra et al., 2020; Lamb
et al., 2022) allow one to recover the unobserved latent states from potentially high-dimensional
rich observations. For simulating such block MDPs, we propose to �rst learn a latent state encoder,
preprocess the logged dataset into latent states, and perform PSRS while grouping transitions using
the latent states (high-level pseudo code shown in Algorithm 1; for more details, see Appendix A.2).
Importantly, the simulation interfaces with learners using raw observations and is thus compatible
with the learners that would be used with the original block MDP.

4 Proof of Concept Experiments
In this section, we conducted empirical evaluations of of�ine simulation for simple block MDPs.
First, in a problem with known latent states, we show that using the latent states for of�ine simulation
is more ef�cient than using the observations, without sacri�cing simulation �delity. Building on
this result, we then consider a more challenging scenario where the latent states are not known and
must be discovered from data, and demonstrate the effectiveness of our semi-parametric simulation
approach even when the learned latent state encoder is not perfect. As the building block for our
experiments, we introduce a5 � 5 grid world navigation task (Figure 3-left) modi�ed from Zintgraf
et al. (2019), further described in Appendix B.

Grid-World with Discrete Observations. In this setting, we use a discrete observation space
X = S � f 0; 1gk induced by the emission functionx = q(s) = s+( b1 + � � � + bk 2k � 1)jSj, where an
observation is made up of the underlying state andk bitsb1 : : : bk that are stochastically sampled at
every time step. We �rst collected 1,000 episodes following a uniformly random policy, and then used
PSRS on the logged dataset to simulate tabular Q-learning. We compared PSRS with the observations
x vs PSRS with the underlying statess, and in each case, we repeated the simulation procedure for
100 runs with different random seeds. We show results fork = 4 , where the observation space is 16
times larger than the state space. Figure 3-middle shows the learning curves for all runs, where we
track the estimated value of the initial state as theg function, since we are in the tabular setting and
have transparency over the learner's internal parameters. In Figure 3-right we show the aggregate
result for �delity and ef�ciency. Both are accurate simulations as their learning curves are both
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Algorithm 1 OLS using Latent Per-State Rejection Sampling: high-level pseudo code
1: Input: Logged datasetD = f (x i ; ai ; r i ; x0

i )g recorded by policy� b, initial observationx0
2: Input: LearnerA that maps from history� to policy �
3: Input: Encoderf that maps from observationx to latent statez
4: Preprocess:Calculatezi = f (x i ) for all x i
5: Initialize queues[z], 8z: group transitions fromD by latent statez, into randomized queues

// Start simulation
6: Initialize � = [ ]
7: x = x0 . initial observation
8: for stept = 1 to 1 do
9: � = A(� ) . update learner with the history

10: z = f (x) . encode observation
11: while no transition has been accepted for this stepdo
12: if queues[z] is emptythen terminate
13: Sample a transition from queues[z]
14: Perform rejection sampling . accept or reject the transition tuple based on similarity

between action distributions of the current policy�
and behavior policy� b, given observationx

15: � .append(x; a; r; x 0) . update history with new transition
16: if episode endsthen
17: x = x0 . start new episode
18: else
19: x = x0

20: Output: History �

A = f� ; " ; ! ; #;  g

Figure 3:Grid-world with discrete observations.Left : latent state space and action space. Observations consist
of the latent state concatenated with 4 random bits.Middle: estimated value of starting state for real Q-learning
and two simulations (using observations and using latent states directly).Right: �delity and ef�ciency of the
simulations. Both simulations have perfect �delity, but using latent states allows for simulating longer.

overlapping exactly with real Q-learning, but using latent states is more ef�cient than using raw
observations and led to simulations about twice as long for this problem. Additional variations of this
experiment are explored further in Appendix B.2.

Grid-World with Continuous Observations. Next, we consider a more complex observation
space, where the observationx is a randomly sampled 2D coordinate within the grid cell of states
(normalized to be between 0 and 1). We similarly collected the logged dataset using a uniformly
random policy, leading to the state visitation distribution shown in Figure 4a. Note that since the
observation space is now continuous – essentially no twox's are the same – PSRS on the observation
space is no longer practical. Therefore, we trained a neural network encoder for discrete latent
states for kinematic inseparability abstraction, using the contrastive estimation objective similar to
Misra et al. (2020). While we used a latent dimension of 50, it ended up learning only 20 discrete
latent states as shown in Figure 4b. We subsequently used the learned state encoder in of�ine
simulation of a PPO agent using PSRS and compared to several baselines. We visualized the learning
curves (Figure 5) by tracking policy performance within each training epoch (Figure 5-left) and
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