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Reinforcement Learning for Off-Road Driving
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Abstract— Autonomous off-road driving is challenging as
unsafe actions may lead to catastrophic damage. As such,
developing controllers in simulation is often desirable. However,
robot dynamics in unstructured off-road environments can be
highly complex and difficult to simulate accurately. Domain ran-
domization addresses this problem by randomizing simulation
dynamics to train policies that are robust towards modeling er-
rors. While these policies are robust across a range of dynamics,
they are sub-optimal for any particular system dynamics. We
introduce a novel model-based reinforcement learning approach
that aims to balance robustness with adaptability. We train
a System Identification Transformer (SIT) and an Adaptive
Dynamics Model (ADM) under a variety of simulated dynamics.
The SIT uses attention mechanisms to distill target system state-
transition observations into a context vector, which provides an
abstraction for the target dynamics. Conditioned on this, the
ADM probabilistically models the system’s dynamics. Online,
we use a Risk-Aware Model Predictive Path Integral controller
to safely control the robot under its current understanding of
dynamics. We demonstrate in simulation and in the real world
that this approach enables safer behaviors upon initialization
and becomes less conservative (i.e. faster) as its understanding
of the target system dynamics improves with more observations.
In particular, our approach results in an approximately 41%
improvement in lap-time over the non-adaptive baseline while
remaining safe across different environments.

Index Terms—model-based reinforcement learning, robust
control, adaptive control, sim2real

I. INTRODUCTION

Autonomous off-road driving has the potential to rev-
olutionize applications such as environmental monitoring,
planetary exploration, and agricultural automation by en-
abling robots to reach remote and challenging terrains [1—
4]. However, developing autonomous controllers for off-road
driving can be challenging due to the dangerous nature of
driving over uneven, unpredictable, and unstructured terrains.
Inappropriate or misjudged actions can cause substantial
damage to the robot, requiring expensive and time-intensive
recovery and repair efforts.

Consequently, simulation has become instrumental in the
development and validation of off-road driving algorithms.
Beyond offering a risk-free environment for testing, sim-
ulations can operate faster than real-time, benefit from
parallelization, and conduct trials autonomously. Simulation
has been especially crucial in the development of model-
free reinforcement learning algorithms [5—7], which aim to
directly optimize a policy over many trials.
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Fig. 1: Method Overview: The System Identification Transformer
(SIT) and Adaptive Dynamics Model (ADM) are trained with
randomized simulation dynamics to gain a probabilistic under-
standing of any target system’s dynamics. The SIT leverages an
attention mechanism to condense state-transition observations from
the target system into a compact context vector. The ADM predicts
state transition distributions conditioned on robot state, action, and
context vector. Online, Risk Aware MPPI chooses safe actions
according to the ADM’s probabilistic predictions.

However, the performance of policies trained and validated
in simulation do not always transfer to the real world. This
discrepancy arises from the ‘“reality gap” — the inevitable
differences between the simulated environment and the real
world. Addressing these challenge requires effectively trans-
lating simulation-trained policies into the real-world, known
as the “sim2real” transfer problem. While some methods aim
to minimize the reality gap [8—12], accurately modeling the
intricate dynamics of a robot interacting with unstructured
off-road terrain remains challenging. Robot dynamics are not
only affected by robot properties, such as weight distribution
and tire friction, but are also affected by unknown terrain
properties, such as soil consistency or moisture.

Domain randomization [10,13-15] aims to train a policy
that is effective on a wide range of dynamics, ideally in-
cluding the real world dynamics, by randomizing simulation
parameters during policy training to enhance robustness
against variations in system dynamics. However, this robust-
ness comes at the expense of conservative performance as
the policy is not specifically tailored towards any particular
system but generalized to all possible systems [16—18].

Alternatively, some approaches train a latent vector condi-
tioned policy that can be adapted to some particular dynamics
simply by identifying a suitable latent vector. In [16,19,20],
suitable latent vectors were found through optimization tech-
niques such as CMA-ES [21]. Although these approaches
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can tailor the policy towards the particular system, they still
require trial and error to refine the policy, and may be unsafe
while the policy is being refined. In [8,17], an auxiliary
neural network is used to rapidly identify a suitable latent
vector given a short fixed-length horizon of prior states and
actions. While this allows for faster adaptation, the fixed-
horizon input only utilizes recent observations for latent
vector inference. Furthermore, the model-free nature of these
methods prohibits any interpretability with respect to the
adaptation process or the resultant policy.

We propose a novel framework for sim2real transfer that
balances robustness with adaptability. Our method follows
the model-based reinforcement learning (MBRL) paradigm,
where a predictive dynamics model is first trained then used
for decision making. We train the model in simulation with
varying simulation parameters to make our model effective
across a variety of system dynamics. Similar to prior methods
[8,17], we train a neural network to extract a latent context
vector to help adapt the policy to the target system’s partic-
ular dynamics. In our approach, this neural network, called
the System Identification Transformer (SIT), uses attention
mechanisms to distill state-transition observations from the
particular system into a context vector understanding of its
particular dynamics. Unlike other approaches that condition a
policy on this context vector, our approach instead conditions
a dynamics model on the context vector. Given this context
vector, the Adaptive Dynamics Model (ADM) probabilisti-
cally models the system’s dynamics, capturing uncertainty
both from the system’s inherent stochasticity and from
ambiguities due to insufficient state-transition observations.
Online, we use a Risk-Aware Model Predictive Path Integral
(RA-MPPI) controller [22] to safely control the robot under
its current understanding of dynamics.

The remainder of this paper aims to validate the following
hypotheses:

1) Our proposed approach enables safer control in terms
of constraint violations, even when there is insufficient
historical observations (e.g. upon initialization).

2) Leveraging attention mechanisms to extract context
allows for tailoring of the policy towards the target
system and continual performance improvement as the
number of state-transition observations increases.

II. PROBABILISTIC PREDICTIVE DYNAMICS MODEL

We formulate the autonomous off-road driving problem
as a distribution of Markov decision processes (MDPs),
where each real world environment is represented by a
single MDP. For a given environment ¢, the problem is
defined as (S, A, P;,C;), where S is the state space, A is
the action space, P;(s¢+1]st,at) is the stochastic discrete-
time transition dynamics from s; € S to s;41 € S under
action a; € A, and C;(s,a) is the cost function for a given
state-action pair. In this formulation, the state and action
space is shared between environments, but the transition
dynamics and cost function are unique to each environment.
The function P; is a member of the function space JF that
comprises all possible stochastic transition functions. We

define W as the distribution over of the function space
JF which encompasses all potential dynamics functions the
robot might encounter in the real world.

Note that it is impossible to perfectly simulate the un-
known dynamics P; for any given real world environment ¢,
let alone the distribution W of all real world dynamics. We
instead define a proxy distribution of dynamics in simulation,
W, such that supp(W) C supp(W). That is, all of the true
dynamics in W lie within the range of dynamics functions
represented in W. Using many cheap simulations sampled
from W, we train a policy that can safely adapt to the
particular system dynamics within supp(W), which includes
all real world systems lying in W.

Following the model-based reinforcement learning par-
adigm, we train a predictive model to approximate the
probabilistic transition dynamics of any given system. The
predictive model consists of two key components: the System
Identification Transformer (SIT) and the Adaptive Dynamics
Model (ADM). This model is then utilized for decision
making, specifically using MPPI with a Conditional Value-
at-Risk cost to drive the robot safely given the stochastic
predictions from the predictive model.

System Identification Transformer (SIT): The SIT, de-
noted by 7y, identifies the dynamics of a given target system
by analyzing prior state-transition observations collected on
that system, denoted by #, and extracting relevant informa-
tion about the target system’s dynamics into a latent context
vector, denoted as c,

Cy = %(Ht) (D

In this formulation, state-transition observations collected for
a target system at time t are,

Hi = {(si, a4, 5i41)]i <t —1}, 2)

We use a transformer network [23] for the SIT due
to several advantages it offers. Transformers can natively
accommodate sequences of varying lengths by utilizing self-
attention mechanisms to selectively focus on specific seg-
ments of the input sequence. These advantages are crucial for
our application as the number of state-transition observations
increase with run-time. Furthermore, not all state-transition
observations are of equal significance (e.g., periods when
the robot remains stationary may offer minimal insights),
so this selective focus ensures the extracted context is most
representative of the system’s dynamics.

The SIT’s architecture mirrors the encoder component
from [23]. It comprises of a series of identical layers, each
featuring a multi-head self-attention sub-layer followed by
a position-wise, fully connected feed-forward network sub-
layer. Each sub-layer incorporates a residual connection [24]
followed by layer normalization [25]. We opted not to use po-
sitional encoding for the input sequences. In our application,
the order of observations is unimportant, and incorporating
positional encoding seemed to negatively impact perfor-
mance in our experiments. Finally, we aggregated the vector
outputs from the last layer by taking their mean, resulting in
a single context vector. This compact representation, ¢ € R32
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for our implementation, encapsulates the essence of all prior
state-transition observations.

Adaptive Dynamics Model (ADM): The ADM provides
a probabilistic understanding of the robot’s dynamics based
on the context vector extracted by the SIT. The ADM,
denoted as Pp(sty1|st,as,¢t), is trained to predict state-
transition distributions conditioned on the robot’s current
state, action, and context vector c; extracted by the SIT.
By predicting state-transitions as probability distributions,
the ADM can capture uncertainty inherent to the non-
deterministic system as well as ambiguities resulting from
limited state-transition observations.

For our implementation, the ADM used a Long Short
Term Memory (LSTM) layer [26], which inherently captures
temporal dependencies across state-transition sequences, fol-
lowed by a fully connected layer to predict a multivari-
ate Gaussian state-transition distribution. More specifically,
the network predicted the distribution’s mean and a lower
triangular matrix with positive diagonal terms L, where
LLT was the distribution’s covariance. Similar to [27], the
ADM can be used to predict a trajectory distribution for the
robot by sequentially iterating through each time step of the
prediction horizon and chaining samples from the predicted
state-transitions distribution, as is done in Algorithm 1.

ITII. RISK-AWARE MODEL PREDICTIVE PATH INTEGRAL

In this section, we describe how controls can be made
robust against the uncertainty in the probabilistic output of
the SIT and ADM. This allows the robot to drive safely
even when it is unsure about its dynamics while improving
performance as its understanding improves with more state-
transition observations.

Track Driving Problem: For our application, the robot
is tasked with driving down different tracks. Each track is
defined by a path (its center line) and a fixed width w. Given
path, we structure the task as the following constrained
optimization problem,

maximize Lpatn(St;+1) 3)
At yees@t

subject to:  s¢1 ~ Pi(Ser1lse, ar) )

Dpath(st) <w 5

|§t7lateral| S A, (6)

where L1, (s) denotes the distance of state s along path,
Dyain(s) denotes the distance of state s from path, and
53¢ lateral denotes the lateral component of the robot’s ac-
celeration (calculated through numerical differentiation). In-
tuitively, the robot’s task is to make as much progress down
the track (3), while staying on track (5), and keeping lateral
acceleration under a threshold to prevent it from rolling over
(6), subject to the stochastic dynamics (4).

Robust Controls: While numerous methods exist for
robust control of systems with probabilistic dynamics, e.g.
[28,29], we use Model Predictive Path Integral (MPPI) [30]
with a Conditional Value-at-Risk (CVaR) cost to avoid risky
actions, similar to [22].

Algorithm 1: Calculating CVaR Cost
Input

: Initial State: sy,
Context Vector: ¢y, = To(Hs,)
Candidate Actions: at,, G, , - - -, Gtys
Number of Stochastic Evaluations: N
Confidence Level: «

Output: CVaR cost

for j < 1 to N do
=§t0 < St
Jj +~—0
for t <ty to t; do
L Spy1 ~ P6(§t+1‘§t7atvct)
JJ “— Jj +C(St,at)

return Average of top [« - N| values of J

MPPI is a variant of Model Predictive Control (MPC) that
relies on a sampling-based approach for trajectory optimiza-
tion. During each MPPI optimization iteration, candidate
action sequences are sampled from a distribution centered
around the previous solution. The cost associated with each
candidate action sequence is evaluated by simulating the
system with a predictive model. The solution is then updated
by weighting the candidate actions based on their costs.

To minimize constraint violation within MPPI, we use the
relaxed logarithmic barrier function introduced in [31]. This
function reformulates a constraint of the form z > 0, into
the following as an additional cost term:

foy ) —In(z) z2>9
B(z) = {6e(z;6) L <6 (7
B(236) =exp(1—3) —1—Ing ®)

In our approach, we enhance the robustness of MPPI
against uncertainties in system dynamics by incorporating
a CVaR cost, Algorithm 1. The CVaR cost quantifies the
expected cost in the worst a percent of scenarios. To calcu-
late the CVaR cost for each candidate action sequence, we
perform multiple trajectory simulations using our stochastic
dynamics model (ADM) and average the cost of the worst-
performing trajectories. This enables the optimizer to be risk-
aware when choosing actions.

IV. TRAINING IN SIMULATION

We train the SIT and ADM solely in simulation. During
training, we sample a large number of simulated systems
from the distribution W by randomly varying physical pa-
rameters. By doing so, we train the SIT and ADM to adapt
to a wide variety of systems including real world systems
from the distribution WV. During training, we cycle between
a data collection phase and a model training phase.

Data Collection: During the data collection phase, we
first generate a set of new systems in simulation using
PyBullet [32]. To generate a new system, we randomize
link dimensions, link inertial terms, scaling of steering and
throttle commands, motor torque and PID values, contact
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parameters (friction, stiffness, and damping), and suspension
parameters (limits, stiffness, damping). For each system, we
collect a set of trajectories by driving the system using the
current SIT and ADM models within the Risk Aware MPPI
framework. At each time step during driving, the policy is
adapted to the particular system by feeding all prior collect
data on that system into the SIT.

Neural Network Training: During the model training
phase, we sample a system and time step from the dataset
and use the SIT and ADM to predict the state-transition given
the robot’s current state, action, and all prior state-transition
observations collected on the particular system. We update
the neural network parameters of SIT and ADM using a
negative log-likelihood loss with an Adam optimizer [33].

V. EXPERIMENTAL RESULTS

We compare our method against different baselines in
simulation and in the real world. In simulation, we run
large statistical tests comparing the performance metrics of
different approaches on newly generated systems and tracks,
none of which were seen during training. On the real world
system, we evaluate whether the trained model and resultant
policy can safely adapt to different real world systems. We
vary the real world system’s dynamics by changing the
robot’s configuration and the type of terrain used. Both the
simulated and real world systems use a four-wheeled robot
with flexible solid-axle suspension and all wheel steering.

For localization, we use the ground truth in simulation
and use a dual antenna RTK GPS and IMU sensor with an
extended Kalman filter [34] in the real world. We generate
new tracks in simulation using a Dubins random walk for
path (the track’s center line). We create new real-world
tracks by manually driving the robot to record path. For
the real world system, MPPI controls was run onboard at 10
Hz using a NVIDIA GeForce RTX 2060 GPU.

A. Fast and Continual Adaptation to New Dynamics

In the first experiment, we evaluate this method’s ability
to generate a safe and effective policy for a new system
upon initialization and then continually adjust that policy to
adapt to the target system. For each newly generated system,
we run trials over randomly generated tracks starting with
no state-transition observations. At each time step during
the trials, new state-transition observations are collected and
used to adapt the model.

For the baseline comparison, we use a model-based re-
inforcement learning policy where the neural network dy-
namics model is reinitialized for each new system and
trained using only data collected on that particular system.
In this baseline approach, the dynamics model uses the same
architecture as our Adaptable Dynamics Model, but is given
a fixed zero vector for the context input c;. We collect
training data by driving the robot using the baseline model
and retraining the model every 250 time steps.

We evaluated the performance of both methods as a
function of time steps collected for training or adaptation. We
fix the models created given different amounts of data and

Lap Time (s) Violations/Run
88 -
o 0.032 1
g, 841 0.024 A
<80
2 0.016 1
761 0.008 1
72 L T T T T T T 0000 L T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
2 500 - 0.60 -
=400 4 0.45 4
2
<3001 0.30 A
2001 0.15
1001 0.00 1

) 500 1500 2500 3500 4500
Time Steps

500 1500 2500 3500 4500

Fig. 2: Adaptive Method vs. Baseline Method. For the baseline, a
new policy was trained on each target system. The standard error
is shown with shaded region. For each time step at fixed intervals,
we take the model trained at that time step to run each system on a
test track in simulation. We averaged out the lap time and violations
across all systems as it completed the track. Note the different x-
axis scales that reflect the different learning and convergence rates.

use them to drive the robot down a new test track. The test
track is fixed between all methods and models for a particular
system, but varied for the different systems or trials. Note that
for our method, we allowed the model to continue adapting
on the test track run since adaptation involved simple SIT
inference, which could be computed at each time step.
During each evaluation, we record the lap time (in time
steps of 0.1 seconds) needed to complete the test track as
well as the number of constraint violations (driving off track
or exceeding the lateral acceleration limit). We also record
the number of times the robot made no progress, or was
stationary for too long, due to MPPI struggling to find a non-
trivial solution. In cases where the robot makes no progress
or violates the constraints, the robot is reset to the center of
the track at the last progress point and allowed to continue.
The average lap time and number of constraint violations for
both methods across 230 systems are shown in Fig. 2.
Compared to the baseline, our method was able to reach
much higher levels of performance in low-data regimes. Even
when given zero data, our method was able to reliably drive
the robot down the test track, averaging a lap time of 87.6
time steps and 0.0261 constraint violations. In comparison,
the baseline could not be evaluated with less than 500 time
steps of data as it was unable to reliably finish the track.
Given 500 time steps of data, the baseline averaged a lap
time of 444.77 time steps and 0.4913 constraint violations.
Furthermore, the baseline method averaged 3.4 incidents of
no progress per test track run, where the robot needed to
be reset due to not making any progress. In comparison,
our method averaged 0.004 incidents. Unlike our approach,
this baseline is impractical for real world systems due to the
frequent constraint violations and resets needed in low-data
regimes. This supports hypothesis 1 since our approach en-
ables safer control in the absence of historical observations.
For both methods, the policy’s performance improved with
more data. When given 5000 time steps of data, the baseline
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method exhibited an average lap time of 69.43 time steps and
averaged 0.0087 constraint violations. In contrast, with only
500 time steps of data, our approach had an average lap time
of 72.17 time steps and averaged 0.0043 constraint violations
(compared to 444.77 time steps and 0.4913 violations for the
baseline at 500 time steps of data).

By using attention mechanisms in the SIT, our approach
can use variable length state-transition observation sequences
to tailor the ADM to a particular system. This allows for
continual improvement of the policy for a potentially long
period of time, where the observation sequence is long. This
is shown in our experiment (Fig. 2), where our method
exhibits gradual performance improvements from 0 to 500
time steps of data. Furthermore, at 500 time steps of data, the
performance of our method is comparable to the performance
limits of training a policy from scratch for the particular
system. This supports hypothesis 2, since the adaptive
method continually improves in lap-time performance as the
number of state-transition observations increases.

Note that when given no historical observations, our
method is similar in concept to domain randomization
[10,13-15], where a policy is trained to be robust across
a wide range of simulated dynamics. In these scenarios, the
probabilistic ADM predictions capture the wide distribution
of dynamics simulated during training. As a result, similar to
domain randomization, our method is initially robust across
a wide range of systems leading to few constraint violations.
However, unlike domain randomization, our approach tailors
the model to each particular system allowing for increased
performance with more observations.

B. Safety During Adaptation

We evaluated our method’s ability to remain safe during
initial periods of adaptation by comparing it to a baseline
that did not consider uncertainty in MPPI. During MPPI,
this baseline calculated the cost of an action sequence by
predicting the resulting trajectory using the deterministic
transition model $;11 = E[Py(8¢11|8¢, as, c)]. This is in
contrast to our method that calculates a CVaR cost based on
predicting multiple possible trajectories under the stochastic
dynamics Py(s¢+1|st, at, ¢t), described in Sec. IIL.

We compared the two methods by generating 1000 new
systems in simulation and one track per system. For each
system, we use both methods to drive the robot down
the same track 5 times, starting with zero state-transition
observations on the first run and adapting the model at each
time step throughout the 5 runs. For the two methods, we
plot the average lap time and number of constraint violation
for the 5 runs, across the 1000 systems, in Fig. 3.

Our method exhibited far fewer constraint violations than
the baseline that did not use risk aware MPPI. The average
number of violations among all runs were 0.015 for our
method and 0.49 for the risk unaware MPPI method. The
risk unaware MPPI method exhibited more violations on the
first run, with an average of 0.59, than on the last run, with
an average of 0.45, due to the model adapting and improving.
For both methods, the lap time dramatically improved from
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Fig. 3: Risk Aware vs Risk Unaware MPPI with Adaptive Model.
Lap time and number of violations per run are shown, with the
average over all systems as the solid line and the standard error
shown as the shaded region.

the first run to the second run, but had minimal improvements
after the second run. We attribute this to the robot driving
down the same track for all runs leading to saturation of
useful information that could be extracted after the first run.
The risk unaware MPPI method had faster lap times than
the risk aware MPPI method. However, it achieved faster
lap times by driving aggressively off track and leveraging
the penalty-free resets to the middle of the track whenever
a constraint was violated. This evidence further supports
hypothesis 1 and shows that using the probabilistic ADM
predictions within an uncertainty aware controller (risk aware
MPPI) results in significantly fewer constraint violations
compared to if uncertainty was ignored (risk unaware MPPI).

C. Sim2real Transfer

In this experiment, we evaluated our method’s ability
to transfer to different real world dynamics, Fig. 4. As a
baseline, we trained a MBRL policy in simulation using only
the fixed nominal dynamics (simulation parameters were
not varied). The training procedure for this baseline method
followed closely to that from Sec. V-A. We then ran the
policy from both methods on a real world robot. Between
trials, we introduced variations to the system’s dynamics
by changing the terrain (concrete, dirt, and gravel) and
the robot’s configuration by changing steering and throttle
command scalings as well as swapping the standard rubber
tires with low friction PLA 3D printed tires. For each new
system dynamics, we reinitialized our method and allowed
it to adapt to the new dynamics. The baseline method was
fixed and therefore was not retrained whenever the system
changed. We ran 10 trials of each method.

For each trial, we used both methods to drive the robot
down a fixed track 5 times. For our adaptive method, the
robot was given no state-transition observations at the start
of the first run, but allowed to adapt at each time step using
all previously collected observations throughout all runs. The
baseline was unaffected by the number of runs as there was
no mechanism for adaptation. As such, we averaged the
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Fig. 4: Sim2real Experiments. From top to bottom, the wheeled
robot driving on dirt, concrete, and gravel. The red line indicates
the predefined track for each trial. The tires were changed from
compliant rubber tires to hard plastic tires in the dirt experiment
shown.

performance over all runs for the baseline. For all runs, the
robot was automatically stopped anytime a constraint was
violated and manually placed on the center of the track. For
every reset, we assigned a 10 second penalty, as the manual
resets usually took longer than 10 seconds. The penalized
lap times for both methods are shown in Fig. 5.

Our method completed all runs with a 100% success rate,
where success is defined as completing the track with no
constraint violations, compared to the baseline’s 40% success
rate. We ran a paired t-test between the first and second run’s
laptime for our method and found significant improvement
for the second run with a p value of 0.017. However,
none of the successive runs showed any further significant
improvement (p < 0.05) from the second run. Again, we
attribute this to the fixed track leading to saturation of useful
adaptation information after the first run. For the baseline
method, which used a non adaptive model, there was no
statistically significant difference in lap times between runs.
This provides additional evidence for hypotheses 1 and 2,
since the adaptive approach is shown to remain safe in low-
data regimes, while continually improving as it collects more
observation data across different real-world environments.

Note again that the first run of our method is similar
in concept to domain randomization. The lack of historical
observations results in probabilistic predictions that capture
a wide range of dynamics and thus a policy that is robust
towards variations in system dynamics. However, our method
is able to adapt to the particular dynamics of each target
system resulting in higher performance in successive runs.

VI. DISCUSSION & CONCLUSION

In this paper, we propose a novel sim2real transfer
framework that balances robustness with adaptability. Our
approach trains two neural network models, the System
Identification Transformer (SIT) and the Adaptive Dynamics
Model (ADM), in simulation while randomizing simulation

Penalized Lap Time(s)
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Fig. 5: Adaptive Model vs. Nominal Model for Sim2real. For the
adaptive model, we show average lap time of different systems
across each run. Given the nominal model’s inability to adapt lead-
ing to no difference in method between runs, we plot the average
across all runs and systems. Shaded region indicates standard error.

dynamics parameters. The SIT leverages attention mech-
anisms to distill state-transition observations collected on
the target system into a context vector, which succinctly
encodes knowledge about the particular system’s dynamics.
The ADM predicts state-transition distributions given the
robot’s current state, action, and context vector from the
SIT. Together, the SIT and ADM capture a probabilistic
understanding of a target system’s dynamics from state-
transition observations on the target system. In real-time, our
framework utilizes MPPI with a CVaR cost to safely control
the system under its current understanding of dynamics.

Our approach ensures safe controls even with sparse ob-
servations by capturing a probabilistic understanding of the
robot’s dynamics, thus enhancing robustness. Furthermore,
our method facilitates continual adaptation and improved
performance as the robot accumulates more state-transition
observations. This adaptability stems from the attention
mechanisms in the SIT, which can process variable-length
observations and focus on pertinent segments of extended
sequences to distill insights about the system’s dynamics.

In our experiments, both in simulation and in the real
world, we demonstrate the effectiveness of our approach in
safely driving new unseen systems from initialization, with
zero state-transition observations. Moreover, as more state-
transition observations were collected, our method exhibited
higher performance, indicating its adaptability to the target
system’s dynamics. This adaptability was particularly evident
in trials where observations were collected across different
tracks. Each track appeared to enrich the system’s under-
standing of dynamics, thus improving performance.

One limitation of our approach is the presumption of
static system dynamics. In real-world settings, a robot’s
dynamics may change due to transitions to different terrains,
hardware degradation, or other factors. Future work could
incorporate mechanisms to detect these dynamic shifts, and
subsequently re-initializing the adaptation process. Addition-
ally, refinements to the SIT can potentially lead to improved
adaptability to such dynamic changes.
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