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Abstract

An issue concerning the use of deep reinforcement learning
(RL) agents is whether they can be trusted to perform reliably
when deployed, as training environments may not reflect real-
life environments. Anticipating instances outside their train-
ing scope, learning-enabled systems are often equipped with
out-of-distribution (OOD) detectors that alert when a trained
system encounters a state it does not recognize or in which it
exhibits uncertainty. There exists limited work conducted on
the problem of OOD detection within RL, with prior studies
being unable to achieve a consensus on the definition of OOD
execution within the context of RL. By framing our problem
using a Markov Decision Process, we assume there is a tran-
sition distribution mapping each state-action pair to another
state with some probability. Based on this, we consider the
following definition of OOD execution within RL: A transi-
tion is OOD if its probability during real-life deployment dif-
fers from the transition distribution encountered during train-
ing. As such, we utilize conditional variational autoencoders
(CVAE) to approximate the transition dynamics of the train-
ing environment and implement a conformity-based detector
using reconstruction loss that is able to guarantee OOD de-
tection with a pre-determined confidence level. We evaluate
our detector by adapting existing benchmarks and compare it
with existing OOD detection models for RL.

Introduction
Ideally, an RL agent is trained to synthesize a policy based
on a training environment that closely resembles its real-life
use case. However, rare events/states may be encountered
during deployment that are outside of the distribution of data
encountered during the training process. Furthermore, due
to rarity, sufficient training using exploration (i.e. without
a generative simulator) is insufficient to guarantee the out-
come of policy execution over these states. We refer to the
execution of a learned policy over an unfamiliar/uncertain
environment as out-of-distribution (OOD) with respect to
the data encountered during the training process (Sedlmeier
et al. 2019). If a learned policy is applied to an environment
that is significantly different to the training environment, it
is expected that the policy will yield unpredictable outcomes
(Mohammed and Valdenegro-Toro 2021). As it is desirable
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to detect uncertainty to supplement training (or avoid com-
pletely in safety-critical settings), it is necessary to identify
OOD execution.

The absence of a concrete definition for OOD execution
within the RL context is due to a number of reasons. Though
they contribute to a difference between the training environ-
ment and the real-life environment, there are many potential
causes of uncertainty in policy execution. Prior works iden-
tify some causes of OOD execution as the following: envi-
ronment stochasticity (Sedlmeier et al. 2019); perturbation
to observed data (Haider et al. 2023); encountering unfamil-
iar states during execution (Mai, Mani, and Paull 2022); do-
main shifts and shifts in environmental factors (Haider et al.
2021, 2024).

Due to the number of independent underlying causes of
OOD execution identified within the RL context by prior
studies and the absence of a comprehensive definition for
OOD detection, a limitation of existing studies is that they
are unable to comprehensively address this issue. For in-
stance, the methods of quantifying value uncertainty are able
to address environment stochasticity, but are unable to detect
perturbations as OOD (Mai, Mani, and Paull 2022). Sim-
ilarly, the detection of transition perturbations proposed to
address domain shifts is unable to identify unfamiliar states
as a cause of OOD execution (Haider et al. 2023).

Contribution: Defining OOD Execution We propose
two possible types of OOD execution: (1) state-based OOD
execution, when an agent reaches a state which was insuf-
ficiently encountered during training; and (2) environment-
based OOD execution, when an agent is deployed in an en-
vironment with a transition function that differs from that
of the training environment. In doing so, we build upon the
definition introduced in (Haider et al. 2023).

Contribution: Guaranteeing OOD Detection We char-
acterize OOD execution by learning the transition dynam-
ics of the underlying environment using a variational au-
toencoder that is conditioned upon the occurring transition
(Sohn, Lee, and Yan 2015). We apply a conformal pre-
diction method upon the reconstruction error, also condi-
tioned on the transition, which allows us to guarantee a true
positive rate for OOD detection. We demonstrate the effi-
cacy of our technique in detecting OOD execution by utiliz-
ing benchmarks previously established by (Mohammed and
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Valdenegro-Toro 2021; Danesh and Fern 2021). We demon-
strate up to a 17% improvement in detection from previous
methods.

Preliminaries
Markov Decision Processes
We model our learning problem as a continuous Markov
Decision Process (MDP) characterized by the parameters
(S,A, T,R, γ): S is the state-space within which agents can
occupy states; A is the action-space, describing the actions
agents can take to transition between states; T : S×S×A→
[0, 1] is a function that determines the transition probability
to a state given a state-action; R : S×A→ R is the expected
reward from executing a state-action; γ ∈ (0, 1) is the dis-
count factor for future rewards (Feinberg and Shwartz 2012).
As the learning problem is model-free, note that T and R are
unknown to the learner within this study. The aim of an RL
algorithm applied to this MDP is to learn a state-wise policy
that maximizes the expected cumulative discounted reward
(value), V . Let st ∈ S, at ∈ A represent the state and action
at timestep t.

V (st) := max
at∈A

R(st, at) + γ
∑

st+1∈S

V (st+1)T (st+1|st, at)


(1)

Uncertainty in Learning
Uncertainty within learning is a measure of the randomness
within the inferences drawn. By assuming there is an under-
lying probability distribution that characterizes randomness,
prior studies have estimated uncertainty using properties like
variance and entropy (Mai, Mani, and Paull 2022; Clements
et al. 2019).

Epistemic Uncertainty Epistemic uncertainty is random-
ness that is caused by a lack of information. That is, the
randomness in the learner’s inference is due to not having
observed enough data. Using the setting of an MDP to con-
textualize epistemic uncertainty, RL algorithms sample from
transition and reward functions to learn a policy that maxi-
mizes the expected state-wise value, allowing for the deter-
mination of the best possible action with high confidence
(Kumar et al. 2020; Bai et al. 2022).

Aleatoric Uncertainty As opposed to epistemic uncer-
tainty, which is a consequence of lacking information,
aleatoric uncertainty is randomness that is inherent to the
environment. As such, obtaining more information does not
reduce the impact of aleatoric uncertainty on the inference
being made. Within an MDP setting, prior studies model this
by adding an element of stochasticity to transitions and per-
turbing the outcome of the inference (Danesh and Fern 2021;
Haider et al. 2023).

Conditional Variational Autoencoders
Conditional Variational Autoencoders (CVAE) are a class of
generative DNNs based on the distributional encode-decode
approach of Variational Autoencoders (VAE) (Kingma and

Welling 2013; Sohn, Lee, and Yan 2015). For an obser-
vation, x, that is conditioned on a label, y, the model as-
sumes the existence of an underlying latent variable, z, that
maps to the observation space and is distributed by an in-
tractable prior, P(x|y), and a similarly intractable posterior,
P(z|x, y). The aim of the encoder and decoder are to com-
pute the posterior and likelihood using Gaussian approxima-
tions, Qθ(z|x, y) and Pθ(x|z, y), respectively. Intuitively,
the encoding and decoding takes place with respect to the
label, with each label mapping to a different distribution of
observations. The likelihood of observations being sampled
and reconstructed accurately, for a label, depends on being
seen frequently during training with respect to the label. Our
study makes use of this property in constructing an OOD de-
tector.

Inductive Conformal Prediction
Inductive conformal prediction (ICP) is a classification tech-
nique that relies on the degree to which future instances con-
form with known data and accordingly issues a guarantee on
the confidence of the prediction (Vovk 2012). Let the set of
all possible observations be denoted X := {xa, xb...} and
the set of all potential labels be denoted Y := {ya, yb...}.
Let a finite set of observations be denoted using X∗ :=
{x1, x2...xn}, and a corresponding set of labels for each ob-
servation denoted using Y∗ := {y1, y2...yn}, ∀(xi, yi) ∈
(X∗, Y∗), (xi, yi) ∈ X × Y . Assuming there exists a func-
tion, ∆ : X × Y → R, which assigns a score to any
observation-label pair, there exists a set of corresponding
scores, C := {∆(x1, y1),∆(x2, y2)...∆(xn, yn)}, for the
elements of the calibration set (X∗, Y∗). Through sorting C
in ascending order, for a significance value δ ∈ (0, 1), a
threshold score is obtained from δ × n-th element of the
sorted C; let this value be denoted Cδ . Subsequently, to pre-
dict the label of an unlabeled observation, x, ICP assigns a
set prediction, Γ, to the observation against all potential la-
bels.

Γ(x) := {y ∈ Y |∆(x, y) > Cδ} (2)

The set is a prediction of all potential labels that can be as-
signed to the observation given their score conforms with the
scores established in C. Assuming C is sufficiently large and
representative of the distribution of scores encountered dur-
ing training, all predictions are made with a 1−δ confidence.
Conversely, a ϕ prediction is an indication of an observation
being OOD with the distribution of the calibration set.

Related Works
Uncertainty Measurement
Uncertainty measurement is a field of study that has over-
lapping characteristics with OOD detection, with several
OOD detectors utilizing uncertainty when making predic-
tions (Sedlmeier et al. 2019; Zhang et al. 2023). The ob-
jective of these studies is to parameterize the uncertainty
experienced by the RL model in various aspects of learn-
ing. These include: measuring the variance in value with
respect to the state-space (Wu et al. 2021; Mai, Mani, and
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Paull 2022); measuring the entropy of a policy in determin-
ing actions from a state (Lütjens, Everett, and How 2019;
Sedlmeier et al. 2020); and measuring the entropy of the tra-
jectory from a state, and hence the uncertainty of the tran-
sition dynamics (Okada and Taniguchi 2020). It should be
noted that the body of work of OOD detection within the
context of offline-RL also attempts to identify unfamiliar
states using forms of uncertainty measurement (Ma, Jayara-
man, and Bastani 2021; An et al. 2021; Wu et al. 2021;
Bai et al. 2022). This is a non-exhaustive list on uncertainty
within RL and (Lockwood and Si 2022) provides a review on
some of the specific techniques used within deep RL. How-
ever, the primary motivations behind measuring uncertainty
are to either encourage exploration or to avoid uncertain sce-
narios, the latter of which is closer to OOD detection. We fo-
cus our review on works that aim to avoid uncertain scenar-
ios. Techniques involve: estimating uncertainty empirically
(Clements et al. 2019; Mai, Mani, and Paull 2022; Brunke
et al. 2022); as well as incorporating uncertainty within the
policy process by de-incentivizing the agent from taking un-
certain actions (Kahn et al. 2017; Lütjens, Everett, and How
2019; Da Silva et al. 2020; Li et al. 2021; Wang and Zou
2021; Wu, Huang, and Lv 2022). We posit that uncertainty
estimation is an integral part of OOD detection, with uncer-
tain states and trajectories being OOD. However, they are
unable to account for all forms of OOD execution.

Defining OOD Execution
A definition of OOD execution is one where the training
environment is a poor approximation of the real-life envi-
ronment due to domain shift, e.g. changes in environment
parameters like friction or gravity (Haider et al. 2021; Mo-
hammed and Valdenegro-Toro 2021), and are dealt with us-
ing forms of uncertainty estimation. Another form of OOD
execution, one that is undetectable by uncertainty estima-
tion, is a shift or perturbation in transition dynamics, re-
ferring to the definition of OOD provided in (Haider et al.
2023; Nasvytis et al. 2024), wherein the detectors aim to
compare the distribution of transitions with a known transi-
tion function. However, a weakness of techniques that ad-
dress the transition dynamics is that they are unable to ac-
count for epistemic uncertainty in their prediction (Gardille
and Ahmad 2023). Lastly, within the aforementioned con-
text of offline-RL, OOD execution refers to a difference in
the encountered state distribution from the training distribu-
tion (Kumar et al. 2020; Zhang et al. 2023).

To summarize, we note that prior works on OOD detec-
tion within RL: (1) have incomplete definitions of OOD ex-
ecution which lead to solutions that are unable to address
general OOD execution in RL; (2) are unable to place guar-
antees on the outcome of OOD detection, which has con-
sequences when designing safety-critical systems. We ad-
dress these issues in our work by building on the definition
of OOD described in (Haider et al. 2023). The architecture
of our detector utilizes CVAEs to learn the transition dis-
tribution, which we can use to predict the likelihood of a
transition occurring and identify OOD execution. We apply
a conformal prediction on the latent distribution, which al-
lows us to guarantee OOD predictions.

OOD Detection with VAEs
Studies making use of VAEs for OOD detection exist out-
side of RL. These are grouped into: (1) studies using recon-
struction error (An and Cho 2015; Denouden et al. 2018;
Yoshihashi et al. 2019; Zhou 2022); (2) studies using the
latent distributions to calculate likelihood (Ren et al. 2019;
Serrà et al. 2019; Xiao, Yan, and Amit 2020); (3) studies
classifying the latent embeddings (Ramakrishna et al. 2022;
Rahiminasab, Yuhas, and Easwaran 2022). A subset of these
techniques provide confidence guarantees on OOD detec-
tion utilizing ICP (Cai and Koutsoukos 2020; Prashant and
Easwaran 2022; Ramakrishna et al. 2022). However, adapt-
ing these techniques to RL pose a challenge as transition
distributions are rarely Gaussian and ICP tends to be conser-
vative in its predictions. This is another issue that we attempt
to solve.

Defining Out-Of-Distribution in MDPs
Potential reasons for OOD execution range from insufficient
training to the agent being deployed in a significantly differ-
ent environment. To develop our framework of OOD execu-
tion detection, we frame OOD execution in RL within the
context of MDPs. Formally, the causes of OOD execution
are grouped into two categories:

1. State-Based OOD Execution describes a scenario
where the learner generalizes a policy over an MDP
with high uncertainty. The cause of this can be epis-
temic, wherein the learner is insufficiently trained over
certain states. Similarly, the cause of this can be aleatoric,
wherein additional experience does not reduce overall
uncertainty. Using an MDP model, state-based aleatoric
uncertainty is represented through high entropy transi-
tion functions where determining an action is unlikely to
change the outcome, e.g. for some s ∈ S, T (s1|s, a) =
T (s2|s, a), ∀s1, s2 ∈ S, ∀a ∈ A. The impli-
cation of state-based OOD execution is that there are
some states over which the synthesized policy is uncer-
tain and traversing them may result in OOD/unexpected
outcomes. A practical solution suggested in (Da Silva
et al. 2020; Li et al. 2021) is to avoid these states.

2. Environment-Based OOD Execution describes a sce-
nario where the learner, having generalized a policy
within a training environment, is deployed in an unfa-
miliar environment. To distinguish this from state-based
OOD execution, using an MDP model, we assume the
state and action space, S and A respectively, are recog-
nized as the same by the agent. However, the transition
and reward functions, T and R, may be different, result-
ing in unexpected outcomes from the execution of a pol-
icy that is held to be quite certain in the training environ-
ment. These could be the results of perturbations to input-
output or systemic errors or changes to the environmen-
t/domain shifts (Haider et al. 2023; Nasvytis et al. 2024).
Aleatoric uncertainty of this nature can be expected to
some extent when deploying in real-life, however the ob-
jective of detecting this type of OOD execution is to halt
learning-enabled systems from running if they demon-
strate significantly different performances from training.
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Algorithm 1: CVAE Training
Input: Learnt policy, Π : S → A;
Parameter: MDP, (S,A, T,R, γ); ensemble size, N ;

1: Initialize CVAE models {C1...CN} with corresponding
weights {θ1...θN}

2: Initialize variables s1, s2 to a state s ∈ S
3: while Training do
4: s2 ← s ∼ T (s|s1,Π(s1))
5: Compute CVAE loss for input, (s2|s2) over

{C1...CN}
6: Update weights {θ1...θN}
7: s1 ← s2
8: end while
9: return {C1...CN}

To compare the types of OOD intuitively, the RL agent
is aware of state-based OOD scenarios, but is unaware
of environment-based OOD scenarios prior to deployment.
This stems from the invariance assumption of learning, i.e.
the training environment is representative of the deploy-
ment environment, which is contrary to the premise of
environment-based OOD detection.

Mathematically Defining OOD Execution
Within our problem scope, an assumption we make is that
the state-wise reward, R : S → R is designed to be invari-
ant between the training and deployment state-spaces. How-
ever, R : S×A→ R is dependent on the transition function,
T , and may not be the same between the two environments.
Note that the policy learnt, Π : S → A, is also dependent on
T , though the learner might not have explicit knowledge of
T . State-based OOD execution occurs when the learner ex-
ecutes an uncertain transition, and environment-based OOD
execution occurs when there is a change in the transition
function over part of the state-space. Therefore, constructing
an OOD detector conditioned upon the transition function is
the apparent solution.

Let Tt be the empirical transition function experienced by
the learner during training, let Td be the transition function
experienced during deployment and let δ be a confidence pa-
rameter describing the tolerance to OOD execution. A prob-
abilistic OOD detection condition that compares the differ-
ence in distributions is provided in Inequality (3). A practi-
cal application of this would consider the likelihood of the
transition s1 → s2, s1, s2 ∈ S, occurring under Π(s1), and
consider it an example of OOD execution if the probability
is low.

P (Tt(s2|s1,Π(s1)) ̸= Td(s2|s1,Π(s1))) > δ (3)

However, we note that an attempt to directly compare Tt

with Td is insufficient. While Inequality (3) is able to rec-
ognize shifts in the transition function as well as insufficient
experience, state-based aleatoric uncertainty would go un-
recognized. High-entropy transition functions would still be
recognized as ID even with the presence of high uncertainty.
We modify this in Inequality (4), where we incorporate the

Algorithm 2: ICP Calibration
Input: Learnt policy, Π : S → A; trained CVAE ensemble,
CN ;
Parameter: MDP, (S,A, T,R, γ); calibration size, M ;

1: Initialize variable m← 0
2: Initialize set RECON ← {}
3: Initialize variables s1, s2 to a state s ∈ S
4: while m < M do
5: s2 ← s ∼ T (s|s1,Π(s1))
6: Compute reconstruction errors {r∗1 ...r∗N} for

CN (s2|s1)
7: Join {r∗1 ...r∗N} to RECON
8: s1 ← s2
9: m← m+ 1

10: end while
11: Sort RECON
12: return RECON

Algorithm 3: OOD Detection
Input: Transition pair, s1, s2 ∈ S; trained CVAE ensemble,
CN ; sorted (ascending) calibration set, {r1...rM×N};
Parameter: Confidence, δ ∈ (0, 1);

1: Initialize set Γ← {}
2: Compute reconstruction errors {r∗1 ...r∗N} for CN (s2|s1)
3: for r∗i ∈ {r∗1 ...r∗N} do
4: if r∗i < r⌊δ×M×N⌋ then
5: Append r∗i to Γ
6: end if
7: end for
8: if Γ = ϕ then
9: return TRUE

10: else
11: return FALSE
12: end if

detection of state-based aleatoric uncertainty into our detec-
tion condition. Assuming that the detection algorithm is be-
ing executed following a transition from s1 under Π(s1) on
Td, its objective is to assess the probability that the sample
drawn from Td, i.e. s2 ∼ Td(·|s1,Π(s1)), is unequal to the
expected value of Tt. If the value exceeds a threshold δ, it is
an instance of OOD execution.

P
(

E
Tt(s|s1,Π(s1))

[s] ̸= s2

)
> δ (4)

The condition described in Inequality (4), which we call em-
pirical transition likelihood, encapsulates both state-based
and environment-based OOD execution. Thus, we compare
the difference between the expected empirical transitions
and the sampled states from the deployment transition distri-
bution. In practice, for nominal discrete states, the expected
value of Tt can be substituted by the most frequent transi-
tion.
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# Uncertainty Empirical Transition Ground-
Estimation Probability Truth

A High Var. / OOD Low Prob. / OOD OOD
B High Var. / OOD High Prob. / ID ID
C Low Var. / ID Low Prob. / OOD OOD
D Low Var. / ID High Prob. / ID ID

Table 1: Comparing different OOD detection methods with
ground truth

Contrasting Empirical Transition Likelihood with
Prior Definitions

While similar to the approach of learning transition dynam-
ics in PEDM (Haider et al. 2023) and DEXTER (Nasvytis
et al. 2024), our OOD detection condition accounts for state-
based as well as environment-based OOD execution by mak-
ing a distinction between the distribution of states encoun-
tered by the agent during training and the actual distribution
of states. Noting that state-based OOD execution is distinct
from the perturbation-based OOD execution defined in the
aforementioned studies, and more akin to learning uncer-
tainty, we also note that existing transition-based methods
are unable to detect this.

We also briefly contrast this with the uncertainty estima-
tion methods presented in (Clements et al. 2019), which de-
termine states with high variance in value, V (s), as OOD.
Assume that a threshold exists for value variance to deter-
mine low variance and high variance states, and a similar
threshold exists in empirical transition likelihood for low
likelihood and high likelihood states. Also assuming there
exist two OOD detectors, the first making predictions using
value uncertainty and the second making predictions using
empirical transition likelihood, the outcome of OOD detec-
tion of any transition that takes place will be one of either A,
B, C or D, as depicted in Table 1.

Noting the outcomes of each scenario in Table 1, scenar-
ios A and D being OOD (state-based epistemic uncertainty)
and ID, respectively, is self-explanatory. However, when the
predictions made by both detectors are contradictory, i.e. B
and C, assigning an outcome requires rationalizing. If a tran-
sition has a low likelihood of occurring but the value esti-
mator is confident in its prediction, as in the case of C, two
scenarios are possible: (1) state-based aleatoric uncertainty
is present, wherein the transition distribution has a high en-
tropy; (2) it is a case of environment-based OOD execution
that is not detectable by the uncertainty estimator, which has
been trained to estimate value variance within the training
environment.

Scenario B occurs when the transition is ID, however
there is significant uncertainty in the value. Noting the value
definition in Equation (1), the only feasible way for this to
occur is if the subsequent transitions place the learner in sce-
nario A, with the high variance in the value of a future transi-
tion propagating back to the current scenario, B. Thus, while
the current transition is not an instance of OOD execution, it
may lead to OOD execution at a future timestep.

Figure 1: Depicted is the OOD detection architecture, con-
sisting of (green) a trained RL agent and (yellow) the detec-
tor consisting of an ensemble of N CVAEs (blue). Denoting
the calibration set using {r1...rM×N}, the CVAE ensemble
produces N reconstructions of state s2, {s′1...s′N}, condi-
tioned on s1. The reconstruction error with each of s′1...s

′
N

is denoted using r′1...r
′
N and is compared with the elements

of the calibration set.

Detecting OOD with High-Confidence
The aim of this study is to detect OOD execution with high
confidence using the detection condition in Inequality (4).
To do so, we aim to learn the empirical transition dynam-
ics using CVAEs. Prior works have aimed to learn transition
dynamics through probabilistic dynamics models (Haider
et al. 2023). The use of CVAEs presents two significant ad-
vantages. Firstly, the architecture is agnostic to the RL al-
gorithm used, and decoupling learning from OOD detec-
tion is a practical advantage that allows for modification
of learning-enabled components as required by the system.
Secondly, autoencoder models allow for the use of recon-
struction error as an alternative to likelihood, where recon-
struction accuracy is dependent on the frequency with which
an instance is observed. This incorporates state-based epis-
temic uncertainty into the detection, which probabilistic dy-
namics models do not recognize.

In order to learn the empirical transition likelihood given a
policy, Π(s), we train a CVAE ensemble to approximate the
distribution of s2 ∈ S, T (s2|s1,Π(s1)), given state s1 ∈ S.
That is, upon executing a transition, each CVAE is trained to
encode and decode s2 given the label s1. As such, denoting
the latent variable using z, the input using s2 and the label
using s1, the objective of each CVAE is to learn P(z|s2, s1).
The implication of using CVAEs is that the latent distribu-
tion learnt for each label is trained to approximate the em-
pirical transition distribution using a Gaussian model. Fur-
thermore, samples drawn from the latent distribution with
high probability are more likely to be decoded as states that
are ID. As such, building an OOD detector using the po-
sitional encoding of z, corresponding with pair (s1, s2), is
a viable method as P(z) is a known Gaussian distribution.
However, there is no guarantee on how well Qθ(z|s2, s1)
approximates P(z|s2, s1). We depict the architecture of our
OOD detection system in Figure 1.
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An observed state, s1, is input to RL model, which acts
and transitions to s2. The values s1 and s2 are input to the
CVAE models, with s1 as the label, and the mean squared
errors of the reconstructions of s2 are measured. We detail
the training method (agnostic of the RL algorithm used) in
Algorithm 1, where we train an ensemble consisting of N
CVAEs initialized with random weights, to produce recon-
structions of s2. The OOD detector is constructed using ICP,
described in Algorithm 2. The reconstruction errors experi-
enced during M steps within the training environment, from
each of N CVAEs in the ensemble, is used to build a cali-
bration set of size M ×N .

Algorithm 3 describes the OOD detection process during
deployment. In order to measure the ID-ness of the recon-
struction errors by the CVAE ensemble, we compare them
against reconstruction errors observed during the calibration
process for the detector. We use δ to pick the threshold value
from the calibration set, r⌊δ×M×N⌋, which guarantees a true
positive OOD detection rate of 1 − δ. Noting that there are
N CVAEs, each detection produces a set of N reconstruc-
tion errors. As ICP produces a set prediction, we can treat
the non-conformity of each score in the reconstruction set as
a ϕ prediction, i.e. OOD.

The use of an ensemble in this architecture provides two
benefits. Firstly, each CVAE is able to learn a different ap-
proximation of P(s2|s1), allowing the ensemble to, overall,
better approximate it. Secondly, to guarantee a high true pos-
itive OOD detection rate, the false positive rate is also high.
The use of multiple CVAEs reduces the probability of a false
positive detection given a guaranteed true positive rate as
there are more ‘classes’ for the set predictor to not conform
with.

Experiments
The experiments run in this study are to evaluate the perfor-
mance of the OOD detector. We utilize the LunarLander,
Ant, CartPole, and Pendulum environments from OpenAI
Gym (Brockman et al. 2016). We adapt benchmarks pro-
posed in prior works (Sedlmeier et al. 2019; Danesh and
Fern 2021; Mohammed and Valdenegro-Toro 2021; Haider
et al. 2023). Our experiment consists of the following steps:

1. Train a Deep RL agent and OOD detection system in a
continuous MDP setting with parameters (S,A, T,R, γ)
and confidence threshold δ.

2. The agent and detection system are deployed in a contin-
uous MDP setting (S,A, T ∗, R, γ), where the transition
function has been altered.

3. Upon detecting OOD execution an episode is prema-
turely ended and true/false positive OOD detection is reg-
istered.

4. The previous steps are repeated using different environ-
ments and alterations to the transition function.

We train our OOD detection system using an Advantage
Actor-Critic model (Mnih et al. 2016). The metric we use to
assess performance is the area under the receiver operating
curve (AUC). When altering the transition function for each
episode of the experiment, based on prior work, we make

Environment Parameters Training Alteration
Value Range

LunarLander
Gravity -10.0 [-0.1, -12.0]

WindPower 0.3 [0.0, 40.0]
Turbulence 0.3 [0.0, 40.0]

Ant Torque Scaling 1.0 [0.5, 1.5]

Pendulum

Gravity 10.0 [0.1, 50.0]
Mass 1.0 [0.1, 10.0]

Length 1.0 [0.1, 5.0]
Max. Velocity 8.0 [1.0, 20.0]

CartPole

Gravity 10.0 [0.1, 50.0]
CartMass 1.0 [0.1, 10.0]

PoleLength 0.5 [0.1, 5.0]
PoleMass 0.1 [0.01, 1.0]

Table 2: Possible Alterations to Environment

one of two alterations: (1) we ‘corrupt’ the environment pa-
rameters, e.g. in the Pendulum environment set a different
gravity when deployed than what was trained on (Sedlmeier
et al. 2019); (2) we add a random perturbation to the action
(Haider et al. 2023). Table 2 displays the full list of potential
parameter changes.

We aim to detect two types of OOD executions, state-
based and environment-based. However, the alterations pro-
posed in Table 2 only result in environment-based OOD
execution. Therefore, we also deploy in environments that
are identical to the training environment, in order to test for
state-based OOD execution as well as false positives. Test-
ing for state-based OOD execution requires knowledge of
the training distribution as well as the transition function.
Therefore, we assess performance in the detection of state-
based OOD execution by using known certain states and
known uncertain states, i.e. frequently visited states with
low-entropy transition distributions wrt. actions vs. rarely
seen states with high-entropy transition distributions wrt. ac-
tions, and the detection results over transitions to/from these
states. For example, high velocity states in the Pendulum
and LunarLander environments are rarely encountered on
the trained policy and known to be OOD.

Results and Analysis
To obtain our results, for each of the LunarLander, Ant, Pen-
dulum and CartPole environments, we tested our OOD de-
tector in a total of 2000 episodes; 1000 episodes in which
the deployment environments and transition functions were
identical to that of training, 500 episodes in which the ac-
tions were randomly perturbed and 500 episodes in which
the environment parameters were set to random values as
described in Table 2. These results are obtained by setting
the CVAE ensemble size to 5 and are described in Table 3,
where we compare our detector, CVAE-based OOD Transi-
tion Detector (COTD), against existing the existing state-of-
art OOD detectors for RL: Detection Via Extraction of Time
Series Representation (DEXTER) (Nasvytis et al. 2024),
Probabilistic Ensemble Dynamics Model based Detectors
(PEDM) (Haider et al. 2023), Monte Carlo DropConnect
based Detectors (MC-DC) (Mohammed and Valdenegro-
Toro 2021) and Uncertainty-Based OOD Classification with
Monte Carlo Dropout (UBOOD) (Sedlmeier et al. 2019).

The State AUC column is the evaluation of the models
in episodes where the deployment environment is identical
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Environment Model Overall AUC State AUC Env. AUC Env. (1) AUC Env. (2) AUC

LunarLander

COTD (Ours) 0.807 0.852 0.762 0.714 0.809
PEDM 0.648 - 0.648 0.632 0.663

DEXTER 0.657 - 0.657 0.581 0.733
MC-DC 0.589 0.610 - 0.548 -
UBOOD 0.761 0.850 - 0.583 -

Ant

COTD (Ours) 0.875 0.936 0.814 0.860 0.768
PEDM 0.799 - 0.799 0.853 0.744

DEXTER 0.671 - 0.671 0.512 0.829
MC-DC 0.624 0.606 - 0.641 -
UBOOD 0.627 0.877 - 0.376 -

Pendulum

COTD (Ours) 0.765 0.797 0.733 0.696 0.770
PEDM 0.706 - 0.706 0.700 0.712

DEXTER 0.697 - 0.697 0.579 0.814
MC-DC 0.607 0.598 - 0.625 -
UBOOD 0.753 0.823 - 0.614 -

CartPole

COTD (Ours) 0.759 0.771 0.747 0.737 0.757
PEDM 0.691 - 0.691 0.647 0.733

DEXTER 0.706 - 0.706 0.633 0.779
MC-DC 0.713 0.694 - 0.750 -
UBOOD 0.725 0.755 - 0.669 -

Table 3: Experiment Results

to the training environment and the objective is to detect
state-based OOD execution. The Env. AUC, Env. (1) AUC
and Env. (2) AUC columns summarize the detection perfor-
mance on environment-based OOD execution, where Env.
(1) AUC considers performance against parameter changes,
Env. (2) AUC considers performance against transition per-
turbations and Env. AUC is a combined metric that aver-
ages both of the aforementioned wherever they both exist.
When considering the false positive rate for this metric, we
utilize the false positive detections on the unaltered environ-
ments. Note that some entries in Table 3 are empty. This is
because the respective models are not intended to be used to
detect that particular kind of OOD execution, e.g. UBOOD
is unable to detect OOD execution due to random perturba-
tions, and thus, the cell Env. (2) AUC is empty for UBOOD.
As such, comparing models for their performance in non-
intended purposes is inappropriate.

From Table 3, we can claim that the proposed COTD
outperforms the other models in most of the experiments.
Specifically, for Env. AUC, COTD outperforms other meth-
ods by at least 17%, 4%, and 8% in the LunarLander, Pen-
dulum, and CartPole settings, respectively. Also, for Overall
AUC, the COTD outperforms other methods by at least 6%,
7% 2%, and 4% in the LunarLander, Ant, Pendulum, and
CartPole settings, respectively. A point to note is that these
performance gains in OOD detection exist across multiple
types of OOD execution that we test our agent within and
that detection is conducted with a confidence guarantee, i.e.
while guaranteeing the true positive detection rate using ICP.
We note that the types of transition distribution learnt by our
algorithm is limited to a Gaussian distribution. However, by
using multiple Gaussians in the form of a CVAE ensemble,
we are able to better approximate the transition distribution
while limiting the impact of complexity on our detector. This
is reflected by the consistent performance across environ-
ments as well as OOD execution type.

To conclude our analysis, we comment on the choice of
COTD hyperparameters. The ensemble size of 5 was made
by optimizing over the false positive rate as the guarantee
over true positive rate exists due to the choice of δ. We posit

that increasing the ensemble size reduces the false positive
rate as ICP allows the data instance more classes to con-
form with when there are more CVAEs, though additional
increases to the ensemble size result in reduced gains in the
false positive rate as well as decreases in detection speed. In
addition, letting s1 be an initial state, s2 be a state transi-
tioned from s1 and s3 be a state transition from s2, training
the CVAE using the pair (s3|s1), instead of (s2|s1) as in
this study, results in more accurate detections at the cost of
timesteps taken to detect OOD execution. However, drawing
out the detection steps may be necessary in continuous-time
MDPs where state transitions are imperceptible or cases
where transition distributions are non-approximable.

Conclusions and Further Work
The main contributions of this study are in providing a com-
prehensive definition of OOD execution in RL as well as de-
signing an OOD detection algorithm with probabilistic guar-
antees on detection. We identify and distinguish between the
types of OOD execution, i.e. state-based vs. environment-
based, utilizing the characteristics of each to formulate a
general definition for OOD execution in RL within Section
. Based on this, we construct a detector that aims to model
the transition kernel for each state and use the reconstruction
error of the CVAE to identify OOD execution. For a user
defined parameter, δ ∈ [0, 1], the confidence with which a
detection is conducted is specified.

Subsequently, We demonstrate that our model, COTD,
outperforms prior works using experimental results. The im-
plication of this is that transition distribution approxima-
tion can be more robust than uncertainty estimation meth-
ods when detecting OOD execution within RL. Similarly,
our study also extends the results of prior works on OOD
execution detection using knowledge of the transition func-
tion to allow for the detection of state-based OOD execu-
tion. We intend for further work to investigate the tradeoff
between accuracy and detection speed through hyperparam-
eter tuning, i.e. ensemble size and detection steps, as well as
improving on the false positive detection rate with a proba-
bilistic guarantee on the true positive rate.
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