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Abstract— Giving autonomous agents the ability to forecast
their own outcomes and uncertainty will allow them to commu-
nicate their competencies and be used more safely. We accom-
plish this by using a learned world model of the agent system
to forecast full agent trajectories over long time horizons. Real
world systems involve significant sources of both aleatoric and
epistemic uncertainty that compound and interact over time in
the trajectory forecasts. We develop a deep generative world
model that quantifies aleatoric uncertainty while incorporating
the effects of epistemic uncertainty during the learning process.
We show on two reinforcement learning problems that our
uncertainty model produces calibrated outcome uncertainty
estimates over the full trajectory horizon.

I. INTRODUCTION

While there have been major advances in autonomy and
reinforcement learning (RL), real world deployment of au-
tonomous agents remains a challenge. Of the numerous
factors that contribute to this, arguably the most important
one is user trust in the autonomous agent [1], [2]. Trust
depends heavily on user belief in the capabilities of the agent,
and establishing appropriate levels of trust can lead to proper
usage of and reliance in autonomy. An autonomous agent can
help establish trust by self-assessing and communicating its
competency—its capability and confidence in performing a
specified task [3], [4]. One way to do this is to have the
agent analyze and forecast its own behavior to communicate
its competency in the form of a calibrated distribution of
outcomes [5].

To communicate actionable information about the outcome
distribution, the agent must be able to perform accurate
forecasting over the full time horizon relevant to tasking.
Inspired by model-based RL, we use a neural network world
model [6] to capture the dynamics and uncertainty associated
with the environment, and the agent’s interaction with it.
Then, we can forecast full trajectories by rolling out the
agent’s policy with the world model [5], [7], allowing for
competency assessment in multi- or novel task settings. For
these models, uncertainty quantification is vital as it ensures
that the forecasts are accurate and the generated outcome
distributions are trustworthy. Trajectory uncertainties arise
from various sources, both from the environment as well
as from the modelling process, and can be separated into
aleatoric and epistemic components [8], [9]. Our approach,
shown in Figure 1, enables the long horizon forecasting over
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Fig. 1. View of forecasted trajectories and its separation into aleatoric
and epistemic uncertainty components. Identification and communication of
uncertainty components in this way leads to improved competency reporting
and outcome assessment by the autonomous agent.

task duration and self-assessment of competency accounting
for both components of uncertainty.

Aleatoric uncertainty [10] is irreducible and arises due
to factors such as process noise, measurement noise, and
unobserved or partially observed environmental variables.
Epistemic uncertainty is reducible with sufficient training
data and arises from the modelling process. To quantify
epistemic uncertainty, a distribution is placed over the model
parameters; to quantify aleatoric uncertainty, a distribution
is placed over the model output. Aleatoric uncertainty is
naturally intertwined with epistemic uncertainty due to the
dependence of model output on the model parameters,
making total uncertainty particularly challenging to quantify
when both components are significant, as in most real-
world environments. For long horizon forecasting, where
uncertainty compounds over time, this interplay between
aleatoric and epistemic components can dramatically affect
the outcome distribution.

In this work, we contribute: (i) a case for combined
aleatoric and epistemic uncertainty quantification and its per-
tinence for real world deployment of competency-aware au-
tonomous agents; (ii) a new method for quantifying aleatoric
uncertainty by accounting for any systemic epistemic uncer-
tainty, which is pre-quantified using state-of-the-art ensemble
based methods; (iii) results on two different autonomous
tasking environments to validate the generality and utility
of our approach when there are different levels of epistemic
uncertainty in a high aleatoric uncertainty environment.
Background information and related works are provided in
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Sec. II. We then describe our technical approach, including
a new model training process using deep generative models
specifically for aleatoric uncertainty, in Sec. III. Results
on two RL robotics environments are provided in Sec. IV.
Finally, we provide conclusions and future work in Sec. V.

II. BACKGROUND AND RELATED WORK
A. Uncertainty Quantification in Deep Learning and RL

Since the inception of modern deep learning methods,
Bayesian deep learning [11]–[13] has received much con-
sideration as a way of quantifying epistemic uncertainty.
This comes from the recognition that deep learning models
inherently contain uncertainties from their training that must
be accounted for, especially when used in applications with
real world impact, such as in medical domains [14], [15],
robotic systems [16], [17], and autonomous vehicles [18],
[19]. Practical methods such as Monte Carlo dropout [10],
deep ensembles [20], and evidential networks [21], [22]
approximately quantify epistemic uncertainty. To account
for aleatoric uncertainty, entropy-based or variance-based
uncertainty separation is typically used [23]. However, these
methods do not account for the double counting of epistemic
uncertainty that may occur when there is still significant
epistemic uncertainty during training, since they do not
consider the impact of epistemic uncertainty when modelling
the aleatoric uncertainty.

For RL robotics applications that are of particular interest
in this work, epistemic uncertainty quantification has been
studied extensively [24]–[26]. This is justified because many
of those applications are in simulation and/or controlled
environments which present minimal aleatoric uncertainty.
Hence, the focus in these works is instead on recognizing
insufficient training data or when testing regions are out of
bounds from the training range. Out-of-distribution (OOD)
or novelty detection is an important class of problems where
epistemic uncertainty information is used [27], [28]. Having
OOD knowledge when deployed into the real world can im-
prove the reliability of autonomous agents in novel scenarios.
Moreover, having knowledge about the epistemic uncertainty
can also aid “exploration”, especially for RL systems [29].
Therefore, modelling of epistemic uncertainty has many
benefits for a competency-aware autonomous agent, and this
work will rely on epistemic quantification using state-of-the-
art ensemble technique [20].

Aleatoric uncertainty quantification has also been ad-
dressed for RL. One primary area of interest is in quantifying
“risk” [30], which considers the variance of task returns (e.g.
outcome rewards) rather than just the mean [31]. This is
useful in recognizing and optimizing for worse case scenarios
[32]. In the context of model-based RL, there are works that
have looked at uncertainty propagation by using probabilistic
dynamics models [8]. However, the propagation horizon is
fairly short and the authors also assume Gaussian distribu-
tions for aleatoric uncertainties. Other works have separately
looked at “perceptual uncertainty”, where known covariance
data from sensors are used in trajectory forecasting [33].
While useful when we have sensor data, this method also

makes a strong Gaussian assumption, which will not hold
for long horizon forecasting with compounding uncertainties
and non-linear behaviors.

In this work, we are interested in creating a competency-
aware autonomous agent that can forecast its behavior over
long time horizons and communicate the likely outcomes
under the provided initial conditions. As such systems ex-
pand into the real world, quantifying aleatoric uncertainty
becomes just as important as quantifying epistemic un-
certainty. This is especially true since competency-aware
autonomous agents must forecast and recognize the var-
ious conditions that can impact their behaviors and thus
their competency over long time horizons, where many
assumptions—such as Gaussianity—will break down. For
example, for an autonomous vehicle that is reporting its
competency, the presence of wet driving conditions leads
to extra uncertainty in its behavior which manifests itself
as aleatoric uncertainty. If the task is to get to a certain
location within a designated amount of time, the driving
conditions directly contribute to the distribution of outcome
traverse times, which determine whether the task can be
successfully completed. Thus, one of our primary objectives
is to produce accurate distributions over the likely outcomes.
Since this process of outcome assessment heavily relies
on the (correct) distribution of aleatoric uncertainty, we
need accurate aleatoric quantification. However, our own
experimentation and some past works [9] have shown that
it is difficult to directly quantify aleatoric uncertainty, as the
effects of epistemic uncertainty will naturally be embedded
in the process. Therefore, new methodologies are needed to
directly account for the epistemic uncertainty in aleatoric
model training.

B. Problem Statement

We consider an autonomous agent that interacts with its
environment over time, resulting in a trajectory containing
state and action information. The states describe both the
agent’s dynamics along with any relevant environmental
conditions, and the actions are those performed by the agent
within the environment. Such a trajectory is represented as:

T = {s0,a0, s1,a1, . . . ,at−1, st, . . .}, (1)

where st and at denote states and actions at time t, respec-
tively. Competency assessment requires access to a forecast
of all future states up to time T given only the current state
and action resulting from any policy. As such, we assume
the following distribution is available:

p(s1, s2, . . . , sT |s0;a0,a1, . . . ,aT−1), (2)

which allows sampling of new states ŝt such that,

ŝ1, . . . , ŝT ∼ p(s1, . . . , sT |s0;a0, . . . ,aT−1), (3)

and results in a collection of forecasted trajectories,

Tforecasted = {s0,a0, ŝ1, ...,aT−1, ŝT }. (4)
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Since we are operating in a model-based RL framework,
the learned model of the environment is used to forecast the
states out to the desired time horizon T . However, there are
uncertainties associated with the forecasted states and this is
the focus of this work.

To quantify epistemic uncertainty, the learned model of
Equation 2 is designed such that there is a distribution
placed over its parameters. When different parameter values
are sampled from this distribution, the model outputs vary
accordingly. Hence, given an epistemic uncertainty quantified
system with M samples of model parameters, there are
M forecasted trajectories T m=1:M

forecasted . The best practice to
compute the final prediction is to take an average over all
available m = 1 :M model outputs.

For the purpose of aleatoric uncertainty quantification
and to formalize our problem, we use a residual to define
the difference between the observed trajectories and the
corresponding forecasted trajectories. The residual arises
due to the uncertainty in the forecasted states and can
be separated into the their two components: aleatoric and
epistemic. Hence, the total residual ϵtotal is defined as:

ϵtotal = ϵalea + ϵepist, (5)

where ϵalea and ϵepist denote contributions from aleatoric
and epistemic uncertainty, respectively. The statistical def-
inition of residual gives the following equation for total
residual:

ϵtotal = ytrue −
1

M

M∑
m=1

ŷm, (6)

where ytrue = {s1, s2, . . . , sT } are states from the observed
trajectory T and ŷm = {ŝm1 , ŝm2 , . . . , ŝmT } are states from
forecasted trajectory T m

forecasted. The second term in Equation
6 is the averaged value of all the available model output
states. We use a temporally compressed version of ytrue and
ŷm to simplify the notation.

To define the epistemic residual, each of the individual
model forecasts are compared against the mean of the
forecast. This fits the formulation of state-of-the-art uncer-
tainty decomposition methods which present the variance of
the individual model outputs as epistemic uncertainty [23].
Hence, the epistemic residual is defined as:

ϵepist = ŷm − 1

M

M∑
m=1

ŷm. (7)

Then, following (5), the aleatoric residual ϵalea is:

ϵalea = ϵtotal − ϵepist = ytrue − ŷm, (8)

where ŷm is sampled from any of the available M ensemble
models. Under this formulation, the aleatoric residual is de-
pendent on both the observed and the forecasted trajectories.

Our process is to first use existing methods of epistemic
uncertainty quantification to place a distribution over model
parameters. Then, different model outputs, representing fore-
casted trajectories, from the sampled model parameters are
used in conjunction with the observed trajectory to define

aleatoric residual ϵalea and collect the training data. Using
this data, the goal is to learn the distribution:

p(ϵalea,1, ϵalea,2, . . . , ϵalea,T |s0;a0,a1, . . . ,aT−1), (9)

where ϵalea,t represents the aleatoric residual at each time t
in a trajectory. We make no assumption regarding the distri-
bution of the aleatoric residuals, and assume the availability
of the first state, a policy, and a collection of forecasted
trajectories which is used to define ϵalea,t.

III. METHODS

A. Deep Ensembles for Epistemic Uncertainty

To quantify epistemic uncertainty, we follow the state-
of-the-art method using deep ensembles [20]. The observed
trajectory data is used to train M ensemble models, each
one designed to forecast states as as defined in (3). Due to
the temporal nature of our applications, we train a collection
of recurrent neural networks (RNNs), where each one learns
the optimal model parameters θ∗ such that:

θ∗ = argmax
θ

n∏
i=1

pθ(s
i
1:T |si0;ai

0:T−1), (10)

where n is the number of training samples and θ corresponds
to model parameters for a single model that is being trained.
By training M ensemble models, M different model parame-
ters θm=1:M are obtained. Then, model output corresponding
to each of model parameters θm produce a collection of state
forecasts ŷm = {ŝm1 , ŝm2 , . . . , ŝmT }.

B. Deep Generative Models for Aleatoric Uncertainty

Generative models learn the joint probability distribution
of the underlying training data. There are many variations
of generative models, and they provide more flexibility
than discriminative models in capturing different distribu-
tion types. This makes them suitable to model aleatoric
uncertainty, especially over long horizon forecasting where
complex compounding of uncertainty occurs [34], [35]. To
our knowledge, our work is the first to analyze the usage of
generative models for aleatoric uncertainty isolation for long
horizon forecasting.

The desired distribution to learn is p(ϵalea,1:T |s0;a0:T−1),
which represents the aleatoric residual as defined in Section
II-B. We use a conditional variational autoencoder (CVAE)
that uses a latent space to capture the stochasticity of the
data [36], [37]. Since we are working with temporal data,
a recurrent structure can be added within both the encoder
and decoder portions of the CVAE so that there is memory
within the network. An overview of the end-to-end training
process alongside a detailed view of the temporal inputs and
outputs of the CVAE is shown in Figure 2.

We use both the observed trajectory data and the fore-
casted trajectory data from the ensembles models to train
the model. During the training process, we simultaneously
sample from both of these trajectory sources. Then, aleatoric
residual ϵalea is calculated as the difference between the
observed trajectory states and the forecasted trajectory states.

12753



Model 1

Model 2

Model 3

.

.

.

Model M

!𝑦!

!𝑦"

!𝑦#

!𝑦$trajectory
data

collection

ensemble model 
collection

Decoder

Encoder

conditional 
variational 
autoencoder

sample

𝑦!"#$

Loss

+

−

"𝑦%

"𝑦%
̂𝜖&'$&
++

conditional variational autoencoder 
(temporal view)

𝑦!"#$

Encoder 
with RNN

Decoder 
with RNN

Encoder 
with RNN

Decoder 
with RNN

latent latent

𝑠% 𝜖&'(&,! 𝑎%

𝑠% 𝑎%

̂𝜖&'(&,!

𝑠̂!*

𝑠̂+,(-,! 𝜖&'(&," 𝑎!

𝑠̂+,(-,!

𝑠̂+,(-,! 𝑎!

̂𝜖&'(&,"

𝑠̂"*
𝑠̂+,(-,"

𝜖&'$&

𝑦("$)

Fig. 2. (Left) End-to-end model training process with temporal information excluded for clarity. First, the trajectory data collection is used to train an
ensemble of M models. The outputs from M ensemble models are uniformly sampled to select ŷm, which is used in conjunction with the training data
ytrue to get a residual aleatoric value ϵalea. The conditional variational autoencoder (CVAE) is trained on ϵalea while the final loss is computed using
the prediction ypred = ϵ̂alea + ŷm and true observation ytrue. (Right) A temporal view of CVAE, which contains a recurrent neural network (RNN)
within both the encoder and the decoder to capture temporal memory. This detailed view also shows all the input and output variables, such as the true
state st, actions at, ensemble model prediction state ŝmt , and final prediction state ŝpred,t.

By incorporating sampled forecasted states in this way, we
directly incorporate the residual contributions from epistemic
uncertainty. Note that the aleatoric residual depends on each
of the individual model outputs from an ensemble rather
than the mean of all the models. This uses the variance
information resulting from the variation in model parameters
θm, providing an indication of epistemic uncertainty [23].

Although the input and the output from the CVAE is
ϵalea and its prediction ϵ̂alea, respectively, the loss function
optimizes the difference between the state prediction ypred =
ϵ̂alea + ŷm and the observed state ytrue. This prevents
any individual, computed ϵalea to be considered the “true”
aleatoric residual value. The loss function follows the format
of the original CVAE loss [37], and is described as:

L (ŝpred,1:T |s0,a0:T−1) =

T−1∑
t=0

lt, (11)

where

lt =

− Eqϕ(zt|s0:t;a0:t)

[
log pθ (ϵalea,t+1|s0:t;a0:t; zt) + ŝmt+1

]
+ β ×KL [qϕ (zt|s0:t;a0:t) ||pθ (zt)] ,

(12)

and ϕ represents the encoder parameters, θ represents the
decoder parameters, zt is the latent variable at time t, and qϕ
is an approximate distribution over those latent variables. The
β variable in Equation 12 weighs the KL divergence term,
and helps regulate how the two terms in the loss interplay
with each other. Inclusion of β helps to ensure there is no
mode collapse occurring in the CVAE training process. The
full training process is further described in Algorithm 1.

Algorithm 1 Aleatoric uncertainty residual model training
process

1: Collect M ensemble models trained on observed trajectory
data, resulting in model parameters θm=1,...,M

2: for each training batch do
3: Sample true trajectory states ytrue = {s1:T } and

actions Atrue = {a0:T−1}
4: Uniformly sample m ∼ U [0,M ]
5: Collect forecasted trajectory states ŷm = {ŝm

1:T }
using pθm(s1:T |s0;a0:T−1)

6: Compute aleatoric residual ϵalea = ytrue − ŷm

7: Train CVAE using ϵalea, ytrue, and Atrue

8: Compute loss using CVAE output aleatoric residual
ϵ̂alea such that ypred = ϵ̂alea + ŷm is compared
to ytrue

9: end for

C. Comparison Models

To compare the developed residual CVAE model, we train
two additional models that quantify aleatoric uncertainty:

• Probabilistic MLP [10]: A probabilistic multi-layer
perceptron (MLP) which predicts a Gaussian distribu-
tion by outputting the mean and the variance. When
deployed in a temporal environment, the next state is
sampled from the output Gaussian distribution, and used
as an input in the following time step. In state-of-the-
art uncertainty-aware model-based RL [8], this model
is used to capture the aleatoric uncertainty. Hence,
comparison against this model demonstrates how our
developed method holds against a tried/tested method.

• Full VAE [5]: A recurrent conditional VAE model
that is trained on the full training data. This model
makes no assumption on the distribution shape of the
training data and has a recurrent structure to capture
temporal correlations. It is designed for long horizon
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Fig. 3. Maximum mean discrepancy (MMD) plots for the Pusher and UAV environment for the three comparison models in low epistemic + high
aleatoric (solid line) and high epistemic + high aleatoric (dashed line) scenarios (lower MMD is better). The plots show the effectiveness of residual VAE
in achieving the lowest MMD values.

forecasting of the states but is not designed to isolate
aleatoric uncertainty in its quantification process. Com-
parison against this model shows what a naive approach
to aleatoric uncertainty quantification using generative
models, without accounting for epistemic uncertainty,
looks like.

D. Metrics

We use the following metrics to compare the models:

• Maximum mean discrepancy (MMD) with Gaus-
sian kernel: nonparametric statistical distance metric
which compares the forecasted trajectories against the
observed. Each forecasted state dimension is compared
with the corresponding environmental observation at a
temporal level, and the average across all of the states
are reported. This is a good indication of aleatoric
uncertainty because the observed trajectories’ stochas-
ticities come entirely from aleatoric uncertainty sources.
Hence, ensuring the distribution of the forecasted tra-
jectories matches the observed trajectories ensures that
the aleatoric distribution is being captured accurately.

• Brier score: a proper scoring rule that measures the
accuracy of predicted outcome probabilities using the
mean squared error between the predicted and the actual
outcome. This metric directly analyzes the outcome
probabilities, which are important for competency-
aware autonomous agents. Given that outcome distri-
bution results from the model forecasted states distribu-
tion, this is an indirect metric on aleatoric uncertainty
distribution that analyzes its impact on downstream
outcome analysis.

IV. RESULTS

We present uncertainty forecasting results for two levels
of uncertainty (high aleatoric + high epistemic, and high
aleatoric + low epistemic) for two different RL environments:
Pusher and unmanned aerial vehicle (UAV).

A. Pusher

The Pusher environment is a modified version of the Gym
library Reacher environment [38]. To the Reacher environ-
ment, we add a ball which has to be pushed to different target
locations using the arm (the double pendulum). The state-
space for this environment is 12-dimensional: arm position
in (x, y), cosine and sine of the upper arm angle θ, the
angular rate of the upper arm angle θ̇, cosine and sine of
the lower arm angle γ, angular rate of lower arm angle
γ̇, and ball position and velocity in (x, y, ẋ, ẏ). The 2-
dimensional applied action is the torque on the upper and
lower arm joints. To create a high aleatoric variation of this
environment, we make the Pusher stochastic by injecting
Gaussian noise internally using the actions, which over time
compounds to create complex, non-Gaussian distributions.
To create a high epistemic scenario, we reduce the amount
of data available for training by 10× in comparison to the
low epistemic scenario.

As a first point of comparison, we consider the MMD
plots shown in Figure 3a (lower is better). The results are
shown for forecasts out to 120 time steps, and demonstrate
that MMD is highest for the probabilistic MLP model. This
is expected because the probabilistic MLP is not designed for
long horizon forecasting and makes a very strong assumption
that the aleatoric distribution is Gaussian for all time. This
assumption does not hold for the Pusher environment where
there are two entities interacting with each other and causing
momentum transfer, bringing forth interesting bifurcating
behaviors. The two VAE models, which do not make any
assumption about the distribution of aleatoric uncertainty,
produce significantly lower MMD values. The results from
the full VAE, which does not actively subtract epistemic
uncertainty, is higher than with the residual VAE. When
analyzing the full VAE based on the epistemic uncertainty
level, we see that the high epistemic case typically results in
higher MMD. In the case of the residual VAE, both levels
of uncertainty show comparable MMD values. Overall, these
results show the clear benefit of using the residual VAE for
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accurate aleatoric quantification for long horizon trajectories.

TABLE I
BRIER SCORES FOR PUSHER ENVIRONMENT (LOWER IS BETTER)

Residual
VAE

Full
VAE

Probabilistic
MLP

Low
Epistemic 0.072 0.391 0.416

High
Epistemic 0.061 0.439 0.539

Next, we compute the Brier score relative to the outcomes
that are of interest. Although multiple outcomes can be
analyzed under our framework, we present results for when
the arm is tasked to get the ball to a target location within
a given amount of time. The target location, the starting
location of the ball, and the starting location of the arm
all vary for the 250 analyzed scenarios. The Brier scores
for output outcome probabilities are shown in Table I. The
residual VAE produces the lowest value of the Brier scores,
indicating that the predictions from this model are the most
accurate. Second, the Brier scores produced by the full VAE
are also lower than those from the probabilistic MLP, which
give the least accurate outcome probabilities.

B. UAV

The second experimental environment is a Gazebo-based
UAV simulation [39]. The 17-dimensional state-space for
this environment is made up of the UAV platform position
(x, y, z), velocity (ẋ, ẏ, ż), orientation (ϕ, θ, ψ), and angular
velocity in (ϕ̇, θ̇, ψ̇). Additionally, the 3-dimensional wind
component in (x, y, z) is also included, as is the temperature
and the battery percentage. To introduce aleatoric uncertainty
into this environment, we include a hidden variable that
directly impacts the dynamics of the vehicle but is not part
of the state-space representation. This hidden variable is a
payload mass, which varies for any given trajectory. Similar
to the Pusher environment, we create a high epistemic
scenario by limiting the amount of data available for training.

The UAV MMD results are shown in Figure 3b for 60 time
steps. These results also show probabilistic MLP with the
highest and residual VAE with the lowest MMD values. The
actual values are larger than the Pusher, which is expected
since this is a more complex environment. Additionally, we
again see that both the probabilistic MLP and the residual
VAE produce similar values for both high and low epistemic
scenarios. However, this difference is more pronounced for
the full VAE, where the high epistemic scenario results
in a higher MMD than the low epistemic scenario. This
shows that the full VAE may be double counting epistemic
uncertainty as aleatoric uncertainty in this environment.

To compute the Brier score in this environment, the
outcome we analyze is to have UAV fly to a target location in
a given amount of time. We again analyze 250 scenarios with
different initial conditions. Brier score values are reported
in Table II. The Brier scores for this environment are
also the lowest for the residual VAE and highest for the

TABLE II
BRIER SCORES FOR UAV ENVIRONMENT (LOWER IS BETTER)

Residual
VAE

Full
VAE

Probabilistic
MLP

Low
Epistemic 0.190 0.272 0.712

High
Epistemic 0.245 0.327 0.782

probabilistic MLP. When comparing the low epistemic versus
high epistemic scenarios, all three models have higher Brier
score values for the high epistemic scenario. This is expected
because we expect less accurate outcome prediction for a
high uncertainty environment.

V. CONCLUSIONS AND FUTURE WORK

To create trustworthy competency-aware autonomous
agents, we provide the autonomous agents with the capability
to forecast their outcomes and uncertainties. A significant
component of this is quantification of both epistemic and
aleatoric uncertainties. While modeling of epistemic uncer-
tainty can be achieved using state-of-the-art methods such
as deep ensembling, aleatoric uncertainty modelling has to
include effects of epistemic uncertainty. To achieve this, we
showed how deep generative models in the form of CVAE
can be trained exclusively on aleatoric uncertainty residual.
This residual takes into account the samples from both the
observed training data trajectory as well as from the ensem-
ble model forecasted trajectories to actively incorporate the
effects of epistemic uncertainty. We presented our results on
the Pusher robot and UAV environment under varying levels
of uncertainties.

There are many possible avenues of extension for this
work. First, we recognize that the model design process
of CVAE may itself introduce some epistemic uncertainty,
even though its impact may be significantly lower than the
effects of systemic epistemic uncertainty that we address
here. While communicating uncertainties to the user, this
potential source of uncertainty also has to be addressed.
Additionally, we plan to explore the ties between the un-
certainty types, the forecasted outcome distributions, and the
agent’s performance. To do this, we will task the agent with
multiple and increasingly complex objectives while studying
the impacts of uncertainties on the forecasted and observed
outcomes. As a longer term goal, we are looking to deploy
our developed method on a real world UAV platform to
demonstrate its utility beyond the simulated environment,
thus leading to reliable and effective autonomous agents.
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