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Abstract— Autonomous navigation in unstructured environ-
ments is a challenging task due to the complex and dynamic
nature of robot-terrain interactions. Existing approaches often
struggle to generalize amidst the complexities of real-world
settings. They tend to rely on hand-engineered, rule-based robot
models or static weightings assigned to obstacles, semantics, and
other perceptual cues to estimate traversability. To address these
challenges, we propose a novel approach called Reinforcement-
Based Inferred Dynamics via Emulating Rehearsals (RIDER),
that learns the dynamics of robot-terrain interactions within a
compact latent space, capturing robot’s traversability. Operating
within a reinforcement learning paradigm, RIDER learns
to infer its own dynamics by predicting how future robot
observations and states evolve within this latent space in
response to navigational behaviors. Furthermore, our approach
leverages emulated rehearsals, where the robot learns within
the latent space to predict its rewards and generate navigational
behaviors, even when real observations have not been updated.
Accordingly, RIDER equips robots with the ability to generate
navigational behaviors by predicting environmental changes, and
plan beyond the speed at which observations from sensors are
available. Experimental results and comparisons with baseline
methods establish that our proposed method outperforms other
approaches in cluttered and unstructured environments and
demonstrates an enhanced capacity for autonomous navigation
in real-world settings.

I. INTRODUCTION

Autonomous mobile robots have become indispensable
across many real-world applications involving navigation in
unstructured and complex environments. Critical domains
such as disaster response, search and rescue, subterranean
exploration, and planetary surveys rely increasingly on capa-
ble and adaptable robot navigation [1], [2], [3], [4]. However,
these off-road environments pose significant challenges due to
their unpredictable and dynamic nature. As robots encounter
changing terrain conditions, the capacity to consistently
anticipate environmental interactions and adjust navigational
strategies becomes pivotal for their successful traversal and
efficient operation within these dynamic field environments, as
depicted in Figure 1. Learning intelligent navigation behaviors
that incorporate knowledge of robot-terrain dynamics and how
robot states change with terrain will enable autonomous robots
to fully utilize their potential to navigate these environments.

Over the years, various methods have been introduced to
address the challenge of robot navigation in unstructured
terrains. These methods encompass a range of approaches,
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Fig. 1.
predict how their behaviors will impact terrain observations and robot states
to navigate effectively. Understanding robot-terrain interactions enables them
to develop safer and more efficient navigational behaviors for challenging
environments with diverse terrain characteristics and obstacles.

In unstructured environments, autonomous mobile robots must

including rule-based systems for modeling a robot’s dynamics
[51, [6], [7], [8], supervised learning techniques that imitate
navigation behaviors through human demonstrations [9], [10],
[11], online learning methods [12], [10], [13] for continuous
adaptation, and reinforcement learning (RL) paradigms [14],
[15], [16] for iterative learning. More recently, methods
have been proposed that leverage machine learning-based
control that integrates data-driven formulations to improve
pre-established robot models for navigation [17], [18], [19],
[20]. Such approaches offer the potential for robots to become
more adaptable and sample-efficient learners.

Despite recent advancements, existing robot navigation
methods still face several key limitations in unstructured
environments. First, planning adjustments are limited by the
frequency of sensor updates, which does not provide the rapid
adaptation needed in unpredictable environments. Second,
reliance on predefined static weightings for obstacles, seman-
tics, and other perceptual cues to estimate traversability limits
their ability to generalize to novel terrains or navigational
scenarios. Finally, separate modeling of environmental terrain
and the robot itself overlooks the critical interactions between
them, a gap that becomes increasingly problematic as terrain
characteristics change frequently. In addition to these limita-
tions, there are also opportunities to more effectively utilize
multi-sensory data to better capture how robot navigational
behaviors affect their states and trajectories, especially in
environments where terrain dynamically changes as a robot
maneuvers. We hypothesize that addressing robot navigation
directly at the intersection of planning and perception learning
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will be crucial to enable more robust robot navigation in
complex real-world terrains.

To address these persistent limitations, we introduce a
novel approach called Reinforcement-Based Inferred Dy-
namics via Emulating Rehearsals (RIDER). Our approach
learns to encode robot-terrain interactions within a low-
dimensional traversability representation space. This enables,
for the first time, real-time navigation without reliance on
fixed weighting between multi-sensor observations. RIDER
then learns to predict future traversability representations
based on a robot’s navigational behaviors, capturing future
environmental changes and robot states. Additionally, within
a reinforcement learning framework, RIDER leverages em-
ulated rehearsals, where a robot simulates experiences by
predicting rewards and planning behaviors using the learned
traversability representations, without needing new real-world
observations. This allows a robot to learn navigational
behaviors efficiently without complete dependence on real-
world robot observation data. Altogether, within a unified
learning framework, RIDER equips robots with the ability to
predict environmental changes, predict future robot states, and
execute intelligent navigational behaviors to traverse through
unstructured terrains efficiently.

II. RELATED WORK
A. Classical Control Based Methods

Methods within the domain of classical control theory use
predefined models to generate robust navigational behaviors
in outdoor field environments. Early approaches included
fuzzy logic implementations, lacking prior knowledge of robot
dynamics but facilitating navigation [21], [22]. Subsequently,
system identification-based techniques emerged, enabling the
learning of robot dynamics for improved navigation [5], [23].
Methods such as dynamic programming [24], [25], relied on
presumed environmental models or linear quadratic regulators
(LQR) [26], [27], to learn nonlinear robot dynamics models
for guiding navigation to goal positions. Recent advancements
introduced closed-loop feedback control through techniques
like model predictive control [28], [7] and model predictive
path integral control [6]. These approaches demonstrate the
capability to generate resilient navigational behaviors for
robots in unstructured terrains characterized by uncertainties.

However, these methods underutilize valuable multi-sensory
terrain data, lacking a comprehensive understanding of the
terrain, which hinders adaptability and often results in
navigation failures or suboptimal traversal, especially in
uncertain terrains.

B. Learning Based Methods

Learning-based methods leverage data-driven formula-
tions to generate navigational behaviors across diverse en-
vironments. Early approaches for nonlinear robot systems
employed high-dimensional linear observations [29], [30].
Subsequently, learning from demonstration (LfD) techniques
facilitated the transfer of expert demonstrations to ground
robots [9], [10], [11], [31]. Most recent methods on robot
navigation tightly integrate robot perception with navigation.

For example, terrain classification [9], [32], [33], localization
and mapping [34], [35], [36], object detection and tracking
[37], [38], [39], and perceptual navigation [40], [41], [42],
[43], all have been successfully used to leverage multi-sensory
terrain observations for learning to navigation in unstructured
environments. Additionally, semantic segmentation-based
methods have emerged in this domain, classifying terrains
and images based on their navigability for robots [32],
[44]. Recent advancements involve modeling the increasing
complexity of terrain traversal by learning visual features
corresponding to color and texture variations in different
terrains [45].

However, these methods often rely on human demonstra-
tions or annotations, which limits adaptability and results
in overly conservative behavior. In addition, they often lack
the ability to anticipate how their states and environmental
observations will change with varying terrains and plan
accordingly.

C. Machine Learning Control Based Methods

Machine learning-based control methods learn to generate
navigational behaviors by combining data-driven formulations
into predefined robot models [17], [18], [19], [20]. Earlier
methods used Dynamics Mode Decomposition (DMD) [46],
[47] and Sparse Identification of Non-Linear Dynamics
(SINDy) [48], [49] to learn data-driven models based on sys-
tem identification and performed terrain navigation [50], [51].
Evolutionary algorithms were later developed to optimize
parameters of a robot model in an online learning fashion for
robust navigation [52], [53]. For robots with multiple degrees
of freedom, methods were developed that use a combination
of iterative Linear Quadratic Regulators (iLQR) and machine
learning search to explore multiple robot configurations and
plan self-adaptive navigation [54], [55].

Existing methods for robot navigation in unstructured
environments rely on pre-fixed weighing of robot observations
to determine traversability, which can be inefficient and
difficult to model all terrain maneuver capabilities. They
also face challenges such as slow convergence and lack of
adaptability to diverse environments.

III. APPROACH

In this section, we present our RIDER approach to address
the challenges of navigation in unstructured environments.

A. Inferring Robot Terrain Interaction Dynamics via Learning
Traversability Representations

Our approach learns a low dimensional traversability repre-
sentation space for navigation, where traversability is encoded
using robot states and observations. Unlike representations
that define fixed-weights for multiple observation types (e.g.,
obstacles, semantics, etc.) or use the entire observation space,
we estimate traversability from multisensory data, which
allows us to learn what is relevant from the high-dimensional
multisensory observations and discard the rest. Instead of
directly predicting future robot states or observations, we
forecast future traversability representations, which helps
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Overview of our proposed approach for robot navigation in unstructured environments. The traversability encoder network Ty, captures robot

observations and states within a low-dimensional representations. The dynamics inference network D, learns to predict how these representations change
with navigational behaviors. Finally, through the behavior generation network By, learn to predict future rewards using these representations and generate

optimal navigational behaviors to reach goal positions.

reduce errors and enables parallel training, while still able to
capture the complete robot-terrain interaction dynamics.

Formally, robot observations from RGB-D images, and
LiDAR readings, acquired by the robot at time ¢, are denoted
as of = {of,...,ol,}, where of € R¥ represents the
observation obtained from the i-th modality at time step ¢
and k; denotes its dimensionality. Additionally, we denote the
robot’s current state, including pose, velocity, and acceleration,
acquired by Inertial Measurement Unit and wheel odometers
as x! € R”, where r indicates its dimensionality.

To predict the traversability representations, we aim to
develop a traversability encoder network, T}, : of,x! —
z', parameterized by u, to learn stochastic traversability
representations, z! € RY (¢ < k;), from a given set of terrain
observations, of, and robot states, xt. These representations,
while not directly corresponding to physical quantities, encode
essential information about the terrain in a significantly
lower dimensional observation space. Modeling traversability
using stochastic representations also enables the capture of
uncertainty and variability in the terrain. We design 7y, in a
manner that the input sensory observations and robot states
are processed using a series of convolutional layers, the output
of which is processed by fully connected layers to output
traversability representations.

We then learn to estimate how these representations
change as the robot traverses the terrain. We denote robot
navigational behaviors, i.e., behavior controls (e.g., linear and
angular velocity), as a® € R?, where p is the dimensionality
of the individually controllable behaviors. Formally, we
employ a dynamics inference network D, : zt,a’ — zttA?,
parameterized by weights v, to predict future traversability
representations using the current representations, z*, and robot
navigation behaviors, al.

Then the problem of learning to infer robot-terrain interac-
tion dynamics within the traversability representation space
is defined as:

t+L

: T T sT—AT T—AT
min ;E KL(Tu(o ,x7)|| Dy (2 ,a )) (1)
t+L

— ;E[é’(TH(oT,xT)]

where L denotes the time length of robot navigational
episode used during training. Eq. (1) aims to minimize the
expected Kullback-Leibler (KL) divergence [56] between the

distribution of representations generated by the traversability
encoder network, 7y, and from the dynamics network,
Dy . Specifically, Eq. (1) minimizes the expected difference
between probability distributions, i.e., 27 ~ Ty, (0", x") and
ZT ~ Dv(inAT,anAT).

In Eq. (1), the first term serves a dual purpose. It enables the
dynamics inference network to predict the next representation
using reference from the traversability encoder network. This
consistency is crucial for the robot to maintain a precise
understanding of the evolving terrain it interacts with during
the navigation task. In addition, this term ensures that the
traversability representations generated by T, selectively
capture essential robot and terrain observations that change
with the robot’s movements. This allows our approach to
retain information about only navigation specific terrain
observations and robot states. By minimizing this expected
KL loss, we guarantee that the estimated traversability
representations from the dynamics inference model closely
align with future representations recorded by 7j,.

The second term in Eq. (1) represents the expected entropy
value of the generated traversability representations, where
£(-) is the entropy operator. This term increases the cost when
the learned representations exhibit excessive concentration
and encourages the agent to generate diverse representations.

While the learned traversability representations capture
knowledge about the dynamics of robot-terrain interactions,
the robot still is unable to leverage traversability represen-
tations and generate navigational behaviors to reach a goal
position.

B. Emulating Rehearsals for Learning Navigational Behav-
iors

We introduce in our approach the ability to generate
navigational behaviors by emulating rehearsals based on the
dynamics inference model. This rehearsal process involves
the robot simulating future scenarios within the traversability
representation space, and predicting its reward to learn better
navigational behaviors

We formulate the problem of navigational behavior genera-
tion for unstructured terrain navigation as a -y-discounted
partially observable Markov Decision Process (POMDP)
aimed at planning robot navigational behaviors within the
traversability representation space. For the task of navigating
to a goal position, we define the cumulative reward function
to represent the immediate rewards the robot earns after
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executing a behavior at time ¢ — 1 as follows:
R! (zt7 g, ZtiAt) = Alrf]oal + /\QTZ,lign + >‘3T(t)bs 2

where rg,q; denotes the reward obtained by the robot as
it navigates to the goal position. Mathematically, réoal =
d!=1 —d?, with d' representing the Euclidean distance between
the robot and the goal position, g. The second component of
the reward function, 74;4.,, €ncourages the robot to maintain a
consistent heading towards a goal position and is expressed as
Thiign = max(—1,—6"), with 6 as the heading of the robot
towards g. The third term in our reward function encourages
the robot to avoid obstacles in its path, expressed as follows:

. Z": — i d! < duin

PN i dE > e
where d; denotes the distance to the i-th obstacle, and n
denotes the number of different obstacles at time ¢. In Eq.
(2), the parameters A1, A2, and A3 represent the normalized
weights that model the relative importance between different
aspects of the reward function.

Given the reward function R!, we learn a behavior
generation network By, = { By ,, Bw, }, that comprises an
actor By, ,, and a critic model By, . The actor component
of the network learns a distribution over successful and
efficient navigational behaviors that maximize the sum of
predicted future navigational task rewards. Specifically, By, , :
z',g — (a"'TH | argmaxguein S R™(:)) , where
H denotes the number of future navigational behaviors
we plan to execute towards reaching the goal position,
i.e., the control horizon. On the other hand, the critic
model By, : z',g — R’ learns to estimate the average
rewards R given the robot’s navigational goals and present
traversability representations. Mathematically, we express
R' = B, p, (st-at qt-a0) [R(2!, g, 2" 721) + YR

The task of learning navigational behavior via rehearsals
for navigation in unstructured terrains can be achieved by
maximizing the following objective:

t+H
max Y B, {W In(P(a*) (R*(2. g.2°~5)

w=t

- )+ E(Bu )

t+L
> KL (Tu(oT, x7)|| Dy (272, aT_AT))]
T=t ot

- Z::t E [S(Tu(oixf)} 3)

st. min E
u,v

where Aw << AT, ie., the navigational behaviors and
dynamics model are updated at much higher frequency than
the traversability representation module. Here P(-) represents
the probability distribution function. The loss function in
Eq. (3) is composed of two terms: a policy loss term and a
latent loss term. The policy loss term encourages the agent to
select actions that lead to higher expected returns. Specifically,
the term (R”(z“’7 g, z¥ " Aw) — R“’) encourages the behavior

generation network to prioritize actions that yield higher
rewards. This term is weighted by a factor of ~, reflecting its
diminishing importance as the time horizon increases. The
term is also multiplied by the natural logarithm of the action
probability, not favoring less likely actions.

In Eq. (3), the entropy of the action distribution represents
the agent’s uncertainty about which action to take. High
entropy indicates exploration of different actions, while low
entropy suggests repetitive actions. By including this term in
the loss function, we encourage the agent to learn a policy
that explores novel actions, facilitating the exploration of
better navigational behaviors in the environment.

We optimize the behavior generation network, the
traversability representation network, and the dynamics infer-
ence network using Adam optimizer [57]. We follow a two-
step process when the robot is navigating in an environment
to learn the parameters of our approach. In the first step,
we optimize the traversability representation network and
dynamics inference network. In the second step, keeping other
models fixed, we learn the behavior generation network.

Once optimal parameters u*, v*, and w* are learned,
during the execution stage, given robot observations o',
robot states x%, and goal positions g, robot navigational
behaviors at time ¢ can be executed as:

Ty (o', x'0)
Dv* (thl’ atfl)

if t =1t

t:t+H t . t
a ~ By (z',g); 7'~ .
w(z8) { if t>tg

where a***tH | denotes the navigational behavior plan for the
next H time window. We apply the navigational behaviors
a’ to the robot and estimate the plan at the next interval
according to the evolved trajectory representations through
the dynamics model until new observations are available. This
working of our approach is illustrated in Figure 2.

IV. EXPERIMENTS

We train and evaluate our RIDER approach for autonomous
navigation using a simulated Clearpath Warthog unmanned
ground vehicle (UGV) in unstructured environments. This
robot is equipped with exteroceptive sensors including an
Intel Realsense D435 color depth camera and an Ouster OS1-
64 LiDAR to capture environmental observations. It also
has proprioceptive sensors including an inertial measurement
unit (IMU) and wheel encoders to capture robot state. Inputs
to our approach include RGB-D images from the camera,
grid-based elevation maps obtained from LiDAR, 6DOF pose,
velocity and acceleration from the wheel encoders and IMU,
and 6DOF robot goal positions. These inputs are collected at
15Hz using linear interpolation.

Our training setup consists of an Intel 19 workstation with
16GB RAM, Nvidia RTX 3080 GPU with 8GB VRAM, and
Ubuntu 20.04 with Robot Operating System (ROS) Noetic
and PyTorch. We train our approach for 5,100 episodes
totaling 200,000 observations over approximately 5 hours.
For testing our approach, we use the learned model on the
same workstation, which consistently generates navigational
behaviors at 45Hz, even when robot observations drop to
8Hz -10 Hz.
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(a) Accumulated Rewards (b) Expected Rewards

Fig. 3.

To train our approach, we use a curriculum-based reward
with dynamically adjusted weights ( A1, A2, A3) based on train-
ing progress. Specifically, we use a three step curriculum with
A1, A2, A3 as {0.1,0.7,0.2},{0.1,0.4,0.5},{0.4,0.2,0.4}
for the initial, middle, and final training stages. In the
initial stage, goal alignment is given higher weight. In the
middle stage, we focus more on enhancing obstacle avoidance.
Finally, in the last stage, navigating to the goal and obstacle
avoidance are given equally high importance. The learning
progression of our RIDER approach is further illustrated in
Figure 3 to investigate its characteristics. Figure 3(a) shows
the accumulated reward for each training episode, where we
see oscillating rewards initially as the approach gets stuck in
local minima and due to curriculum learning. Figure 3(b) plots
the expected rewards that the critic model forecasts, setting
a baseline to generate better-rewarded behaviors. The critic’s
reward prediction loss in Figure 3(c) depicts its error in esti-
mating average rewards. We specifically observe increases in
this loss when curriculum shifts occur around episodes 2,000
and 3,000, followed by optimization for the new rewards.
Since rewards do not affect traversability representations
in our approach, the KL loss between the traversability
encoder and dynamics inference network constantly decreases,
unaffected by curriculum learning as shown in Figure 3(d).
Finally, Figure 3(e) shows the complete behavior generation
network’s error in learning to predict navigational behaviors.

We validate our approach on long distance navigation
tasks across two distinct simulated environments as shown in
Figure 4. The first environment is an urban setting comprising
concrete, mud, and grass terrain, as well as dense areas of
houses, walls, cars, street lamps and trees as obstacles. The
second environment is a highly unstructured off-road marsh-
land with bodies of water. In addition to the challenges of
navigating the urban setting, this marsh environment contains
abrupt elevation changes, fences, and other obstacles that
occlude the terrain. The occlusions coupled with the uneven
and wet terrain make navigation particularly difficult in the
marsh environment. Both environments provide diversity
in terrains and obstacles to comprehensively evaluate our
method’s autonomous navigation capabilities.

We compare our approach to three baselines comprising
classical control and learning-based navigation methods. The
control method is Model Predictive Path Integral (MPPI)
control [6] with two variants: a highly conservative obstacle
avoidance model and a greedy minimum time goal reaching
model. The learning methods are Terrain Representation
and Apprenticeship Learning (TRAL) [31] and Enhancing

(c) Reward Prediction Loss

Epitodes:

3k 4k sk 1k 2% 3k 4k sk 1k 2% 3k ak 5k

(d) KL Divergence Loss (e) Behavior Generation Loss

Plots to depict the training progression of our approach.

Consistent Ground Maneuverability (ECGM) [11]. We train
TRAL and ECGM in our simulation environments for a fair
comparison. All baselines use the original hyperparameter
settings from their papers. Futhermore, even though the robot
is capable of navigating at a max speed of 5 m/s, we limit
the max speed output from these methods to 3 m/s since
the baseline methods were trained at this speed.

To quantitatively evaluate and compare performance of the
different methods, we use the following evaluation metrics:

o Failure rate (FR): this metric is defined as the number
of times the robot fails to complete the navigational
task across a set of experimental trials. A failure occurs
when the robot gets stuck in the terrain, collides with
an obstacle or flips over in the terrain. Lower values of
failure indicate better performance and is preferred.

o Traversal Time (TT): this metric is defined as the average
time taken to complete the navigational task in all
the successful runs. A smaller value for traversal time
indicates better performance and may be preferred.

o Distance traveled (DT): this metric is defined as the
average distance traveled by the robot while reaching
the goal position across all successful runs. Generally, a
smaller value for the distance travel metric indicates a
better performance and may be preferred.

A. Navigation in Cluttered Urban Environments

In this set of experiments, we assess the performance
of our approach and the baseline methods on a long-
range navigation task in a cluttered urban environment. The
robot is trained within one section of the environment and
evaluated on a 450m navigation task in a different, unseen
section. To evaluate performance, we conduct five evaluation
runs with identical conditions across approaches and the
environment. We calculate the evaluation metrics by averaging
over successful runs for each of the methods.

The quantitative results obtained by the different methods
are shown in Table L. In this environment, robot navigational

Cluttered Urban Environment Unstructured Off-Road Environment

Fig. 4. Unstructured environments used for experimentation.
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failures occur when the robot encounters small obstacles (e.g.,
electric light poles and trees) and cannot generate a path
around them, thus getting stuck in the terrain. Accordingly,
in terms of failure rate we observe that MPPI-S and TRAL
exhibit the highest failure rates, indicating poor performance.
On the other hand, the ECGM method demonstrates better
performance by achieving fewer failures. In contrast to MPPI-
S, MPPI-G experiences fewer failures. This can be attributed
to the fact that MPPI-G is less sensitive to small obstacles in
the terrain and can navigate very close to these obstacles in
order to reach the goal position effectively. RIDER achieves
a significantly lower failure rate compared to other methods,
highlighting its robustness in handling small obstacles while
navigating in cluttered environments.

Analyzing both distance traversed and the traversal time
metric, we observe that MPPI-S, in contrast to MPPI-G,
tends to opt for longer paths to avoid obstacles, resulting
in a longer traversal time to reach the goal. However, it’s
worth noting that MPPI-S, with only one successful run,
lacks sufficient data for presenting standard deviations in
the evaluation metrics. The TRAL approach does the best
in minimizing the distance traversed, taking shorter paths
to the goal. However, this efficiency comes at the cost of a
higher failure rate, as the approach frequently collides with
obstacles on its path. RIDER, while not achieving the shortest
distance traversed, consistently accomplishes the navigation
task in less time. This efficiency stems from RIDER’s ability
to generate navigational behaviors by estimating both the
future robot-terrain interactions and accordingly planning the
most effective navigational behaviors to reach goal positions.

B. Navigating over Unstructured Off-road Environments

In this set of experiments, we assess the performance of
different methods on a long-range navigation task in a highly
unstructured off-road environment. No further training is
performed for these experiments as we use the same model
learned for the urban environment. The different methods
are tasked with navigating from an initial position to a goal
position approximately 300m away.

The quantitative results of the different methods are
presented in Table II. In this environment, robot navigation
failures may occur due to wheel slip, collisions with narrow
obstacles like fences or shrubs, or getting stuck in trenches
when a viable path cannot be found. When considering the
failure rate metric, we observe that MPPI-S experiences

TABLE I
QUANTITATIVE RESULTS FOR SCENARIOS WHEN THE ROBOT NAVIGATES
IN CLUTTERED URBAN ENVIRONMENTS. SUCCESSFUL RUNS (WITH NO
NAVIGATION FAILURES) ARE USED TO CALCULATE THE METRICS OF
TRAVERSAL TIME AND DISTANCE TRAVERSED.

Method FR (/5) DT (m) TT (s)

MPPI-S 4 581.87 (£0.00) 329.24 (40.00)
MPPI-G 2 567.11 (£16.04) 321.73 (£11.56)
TRAL 4 552.98 (£0.00) 306.11 (40.00)
ECGM 3 559.25 (£11.98) 315.07 (£7.80)
RIDER 1 569.23 (£11.79) 273.21 (£7.67)

fewer failures in this environment, while MPPI-G does not
achieve any successful runs. In both versions of MPPI, failures
occur when the robot became stuck in trenches. Similar to
the previous set of experiments, TRAL completes only one
successful run, and ECGM completes two successful runs,
with failures resulting from collisions when navigating in
close proximity to obstacles. Once again, RIDER achieves
the lowest failure rate. Failures for RIDER specifically occur
when navigating between narrow obstacles, such as trees.

In terms of the distance traversed and traversal time metric,
we observe a similar trend to the first set of experiments. The
MPPI-S approach achieves the highest traversal time metric
and also had higher distance traversed metrics, as it follows a
path with very conservative behaviors to avoid collisions with
obstacles. Again, the TRAL approach achieves the lowest
distance traversed metrics but had significantly higher failure
rates. RIDER, on the other hand, achieves the highest distance
traversed metric, while also having the lowest failure rates and
shortest traversal time metric. Throughout the navigational
task, we consistently observe that RIDER navigates at higher
speeds compared to other methods and is able to reach the
goal position the fastest.

TABLE II
QUANTITATIVE RESULTS FOR SCENARIOS WHEN THE ROBOT NAVIGATES
OVER THE UNSTRUCTURED OFF-ROAD ENVIRONMENTS. SUCCESSFUL
RUNS (WITH NO NAVIGATION FAILURES) ARE USED TO CALCULATE THE
METRICS OF TRAVERSAL TIME AND DISTANCE TRAVERSED.

Method || FR (/5) DT (m) TT (5)
MPPIL-S 3 393.16(£17.25) | 252.03 (£11.53)
MPPI-G 5 - -

TRAL 4 380.07 (+0.00) | 207.11 (£0.00)
ECGM 3 387.61 (+12.68) | 234.34 (+5.35)
RIDER 2 414.02 (+4.10) | 199.97 (+5.80)

V. CONCLUSION

In this paper, we present our novel RIDER approach for
autonomous robot navigation in unstructured environments.
RIDER learns a compact traversability representation that
captures critical aspects of robot-terrain interactions for
navigation. By predicting future traversability representations
in response to navigational behaviors, RIDER acquires the
capacity to infer the dynamics of robot-terrain interactions,
enabling the robot to anticipate the impact of its behaviors on
future observations and states. Finally, through the process
of emulated rehearsals, RIDER predicts future rewards and
plans behaviors within the traversability representation space
without relying on real observations. This allows for executing
navigational behaviors even when sensory observations are not
immediately available. Together, these contributions provide
RIDER with a framework to efficiently learn intelligent
navigation behaviors and execute them at higher rates, as
it processes only a small observation space, which itself
updates faster than real observations. Experimental results also
validate that RIDER outperforms prior methods in complex
unstructured environments.
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