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Online Adaptation of Learned Vehicle Dynamics Model with
Meta-Learning Approach
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Abstract— We represent a vehicle dynamics model for au-
tonomous driving near the limits of handling via a multi-
layer neural network. Online adaptation is desirable in order
to address unseen environments. However, the model needs
to adapt to new environments without forgetting previously
encountered ones. In this study, we apply Continual-MAML to
overcome this difficulty. It enables the model to adapt to the
previously encountered environments quickly and efficiently by
starting updates from optimized initial parameters. We evaluate
the impact of online model adaptation with respect to inference
performance and impact on control performance of a model
predictive path integral (MPPI) controller using the TRIKart
platform. The neural network was pre-trained using driving
data collected in our test environment, and experiments for
online adaptation were executed on multiple different road
conditions not contained in the training data. Empirical results
show that the model using Continual-MAML outperforms the
fixed model and the model using gradient descent in test set
loss and online tracking performance of MPPIL.

I. INTRODUCTION

Autonomous vehicles have been gaining attention since
they have the potential to outperform humans with regards
to safety, traffic congestion relief, and alleviation of motion
sickness for passengers. Recently, some companies have
started to deploy autonomous vehicles in the real world [1],
[2]. However, their deployment is limited to specific regions
and conditions. Thus, there is a need to expand the operating
envelope of autonomous vehicles so that they can travel
safely in any driving situation and condition.

To improve safety and confidence in emergency scenarios,
for example, the appearance of an unexpected obstacle,
high performance control near the limits of handling is
required. Autonomous racing is a good proxy problem for
limit handling in autonomous vehicles [3]-[8]. Some cutting-
edge research even tackles stable control while in a drifting
state in order to maximize vehicle potential [9], [10].

For local planning and control of autonomous vehicles,
model-based approaches are the most common. To achieve
high performance, an accurate model with fast inference time
is required. Many model-based approaches represent vehicle
dynamics via a physics-based model, as it can provide
reasonable vehicle behavior and is easy to analyze [3], [7],
[9]. Although the physics-based approach is a powerful and
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proven method, it becomes complex or fails to model highly
nonlinear behavior near the limits of handling. On the other
hand, learned models such as neural network models have the
potential to capture nonlinear features without a significant
increase in computational cost [10]-[12]. For these reasons,
we adapt a neural network as a learned dynamics model to
surpass the performance of the physics-based models.

Learned model performance strongly depends on the train-
ing data set. In other words, applying a fixed model to an
environment that is not included in the training set can cause
poor performance. For autonomous vehicles, there are a lot
of elements that vary over time, such as passenger and load
weights, tire conditions, and road conditions. Tires can be
changed by the individual user to cope with winter road
conditions or to replace old tires with new ones. In [5], [6], a
learned model is developed for two different road conditions,
high- and low-friction roads, by integrating historical data
into the model input. However, their training set contains
both high- and low-friction road data and it is difficult to
guarantee the performance for all possible scenarios. There
are immeasurable environments in the real world and it is
impractical to infer a model from all of them in advance.
Therefore, online model adaptation is a powerful alternative
to adapt to possible environments that are not contained in
the training set.

When driving in real-time, the vehicle will encounter
unseen environments as mentioned above, as well as en-
vironments encountered in the past. Therefore, an online
adaptation algorithm needs to not only adapt to a new
environment, but also use past information to quickly re-
adapt to a previously encountered environment. So far, few
methods have stood out in efficient sequential learning of
vehicle dynamics with learned models, and research in this
field is important for developing vehicle control robust to the
constant changes in the real world. In this paper, we address
the online adaptation problem in learned vehicle dynamics
models for model-based control. We apply Continual-MAML
[13] to our learned vehicle dynamics model in order to
achieve high control performance when conditions revert
to a previous one, while maintaining the ability to adapt
to unforeseen conditions. Continual-MAML is an extension
of the well-known meta-learning method, MAML, designed
to address scenarios where new and previous tasks emerge.
It facilitates efficient learning in such situations. When the
vehicle encounters a previously observed road condition, the
model can adapt efficiently by starting parameter updates
from an optimal initial value based on prior observations.
As a result, model-based control shows higher performance.



To evaluate the impact of model improvements on a
model-based controller, we implement a model predictive
path integral (MPPI) controller [14]-[18]. This controller is
derived from model predictive control (MPC) and utilizes
a sampling-based approach for optimization. MPPI is a
powerful control algorithm because it naturally takes the
system nonlinearity into account.

We conducted our experiments using a one-tenth scale-
car [19]. The scale-car makes it possible to capture several
realistic elements which are difficult to model in a simulation
and it is much simpler to ensure the safety of the experiment
versus using a full-scale car. We compare inference and
control performances for three models, namely, a fixed
model, an online adaptive model with gradient descent and an
online adaptive model with Continual-MAML in a scenario
where two different road surfaces appear in turn. Driving
data on those surfaces are not included in the training data
in order to see the adaptive performance of the models and
each model uses the same neural network structure. We show
that online adaptation with Continual-MAML outperforms
the fixed model and adaptive model with gradient descent in
terms of both inference and control performance. We focus
on differences in road conditions. However, our approach can
be extended to other unforeseen scenarios, such as variable
loads.

To summarize, our contributions include: (1) applying the
Continual-MAML algorithm to a learned vehicle dynamics
model and providing a description of its application. (2)
contrasting with alternative approaches and showing the
Continual-MAML outperforms a fixed model and an adaptive
model with gradient descent for both inference and control
performance with model-based control on a real platform.

II. RELATED WORK

Our work relates to vehicle dynamics modeling for plan-
ning and control, to its use in online adaptation, and to meta-
learning approaches.

A. Vehicle Dynamics Modeling

For model-based control in the autonomous vehicle field,
physics-based approaches are the popular choice because
they are easy to analyze and a simple physics-based model
is usually feasible and accurate enough for ordinary driving
situations. In [20] it is shown that a kinematic bicycle
model is as accurate as a dynamic model which takes into
consideration slip, when lateral acceleration is not large.
[21] provides a threshold for lateral acceleration so that
the kinematic bicycle model for motion planning is reliable.
Even in emergency scenarios such as obstacle avoidance or
driving near the limits of handling, like drifting, autonomous
driving has been achieved using nonlinear model predictive
control (NMPC) with a combination of a bicycle model and
a brush tire model [9], [22].

An alternative method to model the vehicle dynamics
is a learning-based approach. Recently, learned models for
vehicle dynamics have attracted attention because they have
the potential to capture the nonlinear aspects of the vehicle
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dynamics without a significant increase in computational
cost. In [5], [6], the learned model is used as a vehicle
dynamics model for path tracking control on high- and
low-friction road surfaces and they outperform the control
performance of a physics-based model consisting of a bicycle
model and a brush tire model. Parameters of the learned
model are learned from both road surfaces and parameters of
the physics-based model are tuned to each. [11] uses a simple
neural network model to estimate slip angle and realizes high
performance without high computation cost and additional
sensors. [12] uses a recurrent neural network to model
steering system dynamics and combine it with a physics-
based vehicle model for autonomous driving. [10] proposes
a learned tire model which satisfies physical assumptions for
use with an autonomous drift controller. Their learned model
has higher prediction accuracy than Fiala brush and Magic
Formula tire models.

B. Online Adaptation

A model-based controller requires a high-fidelity model.
In the real world, however, it is possible for vehicles to
encounter new environments that were not considered when
the model was designed. Online adaptation addresses this
shortcoming.

For online adaptation of physics-based models, several
studies focus on the online identification of the friction
between the road and the tire because it is the critical
parameter affecting vehicle behavior and it varies based on
the tire state and road conditions. [3] estimates the fric-
tion parameter for autonomous driving using an unscented
Kalman filter. [7] demonstrates that an autonomous vehicle
at the friction limit can track a circular path with an online
friction estimator. Alternatively, [4] doesn’t only focus on the
friction parameter. Their approach estimates the error of the
physics-based model in the state equation with Gaussian Pro-
cess regression to enhance the performance of autonomous
driving with a MPC. [23] adapts a similar approach that
expresses a nominal model with a kinematic based model
and also compensates differences between it and dynamics
model by using a learned tire model.

For online adaptation of learned models, the primary
focus is adapting to new environments that are not in-
cluded in the training set. For learned models, sequential
learning is required in order to do this. [24] develops an
online parameter update algorithm using gradient descent
with momentum. Until the learned model outperforms the
physics-based model, this approach uses the physics-based
model and then, when the learned model achieves a higher
performance, the model is switched to the learned model. A
major issue of online adaptation for a neural network model
is catastrophic forgetting, which is a phenomenon where the
model forgets old data when adapting to new data. To avoid
it, [25] incorporates locally weighted projection regression
into the update scheme. [26] incorporates the idea of latent
vectors. It infers the local road surface condition from history
states and actions, acoustic spectrogram readings and RGB
images. The learned dynamics model using latent vectors



provides shorter lap times and safer driving than the model
not using latent vectors on different surface conditions.

C. Meta-Learning

To make a model quickly adapt to a new environment,
one key factor is the efficiency of the update algorithm.
Meta-learning is also called learning to learn because it
improves the learning algorithm itself. It aims to make agents
which quickly adapt to a new task. Model-Agnostic Meta-
Learning (MAML) is the meta-learning method which can
quickly solve new tasks by learning initial model parameters
[27]. By starting the parameter update cycle from learned
initial values, the model can quickly adapt to each task it
encounters. MAML assumes that tasks are available together
as a batch and it is not capable of ingesting sequential tasks.
Therefore, there is increasing interest in applying MAML
to an online scheme where data is measured sequentially.
Follow The Meta Leader (FTML) [28] applies MAML to an
online framework. FTML can update initial parameters even
if the data set of an unseen task is measured sequentially.
However FTML needs to store all the observed data and
this feature is not desirable for practical problems. Other
research applies a meta-learning framework to the situation
where data arrives incrementally without segmenting it into
discrete tasks [29]. However, [29] tests its continuous learn-
ing performance on similar data to that from pre-training, and
performance on new tasks is not guaranteed. [13] focuses on
the continuous-learning scenario called online fast adaptation
and knowledge accumulation (OSAKA) where new and
previous tasks appear. In order to cope with this scenario i.e.
appearance of new tasks while adapting to previous tasks
quickly once they reoccur, Continual-MAML is developed
as an extension of the original MAML algorithm, but with
the ability to run online.

III. OUR APPROACH
A. Vehicle Dynamics Modeling

To capture nonlinear characteristics of vehicle dynamics
near the limits of handling without a significant increase in
calculation cost, we utilize a multi-layer neural network to
model the vehicle dynamics. To model the vehicle dynamics
properly, we adapt the neural network model framework from
[18]. In [18], authors show that their multilayer neural net-
work significantly outperforms their basis function derived
from physics perspective.

We define the state variable vector as:

(D

where ¢ is roll angle, vy and v, are x and y velocity in
the local coordinate frame and r is yaw rate. Then, the state
equation is written as:

x(t+1)=x(t) + f(x(t),v(t))At (2)

where At is a sampling period and v(t) is the system input
vector: }

$:[¢7 Ux, Uy, T}T

U1 (t) —+ €1

u2 (t) + €9 (3)

v(t) = [
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u; and ug are the steering and acceleration input, respec-
tively, and they are randomly perturbed by gaussian noise,
€. In (2), f(-) is a fully connected multilayer neural network
model with a hyperbolic tangent activation function. It has
two hidden layers, each with 32 neurons. The model is
trained using an Adam optimizer. It minimizes prediction
loss for MPPI over 100 time steps. In our environment,
training data is decimated for the sampling period to be 20
(ms) in length. Hence, the model is trained to optimize over
a 2 (s) interval. The loss is the sum of the squared error of
the X-position X, the Y-position Y, the roll angle ¢ and the
yaw angle ¥. X, Y and 9 can be kinematically derived from
the state variables:

Pt +1) =) +r(t)At 4)

X(t+1)=X(t)+ {vx(t) costp(t) — vy (t)sine(t)} At
&)

Y(t+1) =Y (t) + {vc(t) sin(t) + vy (t) cos(t) } At
(6)

B. Online Adaptation

We use Continual-MAML [13] to help our agent adapt to
new environments without forgetting past ones. Continual-
MAML efficiently adapts to new environments while main-
taining the ability to optimize starting parameters for pre-
viously seen environments. In our experiment, we refer to
a change of road condition also as a change of task or
environment.

In Continual-MAML, two kinds of parameters are used,
meta parameters § which tune to be optimized initial pa-
rameters and fast parameters 6 which adapt to stationary
local tasks. When the vehicle drives in a stationary task, the
model adapts to the current task by updating fast parameters.
When a task boundary is detected, meta parameters are
adjusted using the accumulated task knowledge. After that,
fast parameters are re-initialized using the meta parameters
and they begin to adapt to the next stationary task. As a
result, Continual-MAML allows the model to start updating
from optimized initial values once the task boundary is
detected and also adapt well to stationary tasks. This makes
the model adaptation more efficient and robust to changes of
environment.

Algorithm 1 denotes the Continual-MAML flow in our
scale-car environment which is slightly modified from the
original algorithm. First, we will describe the original
Continual-MAML algorithm and then explicitly state modi-
fications to apply it to our application.

In the original algorithm, we need to initialize model
parameters and a buffer (Alg. 1, L1-L2). Initial parameters
are learned with MAML. In the continual learning loop (Alg.
1, L3-L16) data used for model adaptation are sampled. If
a task change is detected (Alg. 1, L5), meta parameters are
updated using recent state measurements stored in the buffer
(Alg. 1, L6-L9). After that, the buffer is cleared (Alg. 1,
L10) and the fast parameters are reset to the meta parameters
which are a more generally tuned set of initial parameters
(Alg. 1, L11). Then the update process begins again. If a



Algorithm 1 Continual-MAML for scale-car experiment
Require: N,.: the number of time steps used for one step
Require: 7, [,: learning rate hyperparameter

1: Initialize meta and fast parameters, ¢ and ]

2: Initialize buffer, B for incoming data

3: while do

4:  Sample x; and y; which consist of the past N, steps
data

5. if Task boundary is detected then

6: Sample training data @tyain, Yerain ~ B

7: Sample test data Tiest, Yiest ~ B

8: Fast adaptation 6’ < 0 — NV L(fo(@train), Ytrain)

9: Meta-Update 6 < 0 — [, Vo L(for (Ttest ), Ytest)

10: Reset buffer B

11: Reset fast parameters 0, < 6 — VoL (fo(xs), yt)

12: else

13: Add ¢, y; to buffer B

14: Fine-tuning 6; < 0;_1 — T)Véﬁ(féF1 (xe),ye)

15 end if

16: end while

task change is not detected, measurements are added to the
buffer (Alg. 1, L13) and fast parameters are updated from
their previous value (Alg. 1, L14).

Next, we concentrate on differences from the original
algorithm. In our experiment, we don’t use MAML in the
pre-training phase and instead use the scheme referred to in
Section III-A because we use data set in one road condition
for pre-training. For the continual-loop, we define an update
period Ty,;, for model adaptation to a value that allows online
adaptation to be carried out in real time, and data used for
model adaptation are provided at each T3, period (Alg. 1,
L4). These data consist of  and y from the past N, time
steps. Although we would ideally cover 100 steps as we do
in the pre-training phase, we needed to assign a smaller value
N, to ensure real-time operation. The original algorithm
assumes that task boundaries are unknown and introduces the
mechanism to detect the boundaries. In our case, we assume
that our agent knows the task boundaries and detects them
correctly (Alg. 1, L5) in order to see the pure adaptation
potential of Continual-MAML. Actually, visual information
is effective for detecting changes and there are studies that
utilize vision information for autonomous driving [26], [30],
[31]. We leave incorporating the task detection algorithm
for future work. If the task boundary is detected, meta
parameters are updated as in the original algorithm. When
updating the meta parameters, the original algorithm uses
a mechanism to make a smooth behavior. However, in our
experimental condition, this mechanism has little effect, so
we don’t adopt it to our algorithm at this time. When the task
boundary is not detected, sampled data is added to the buffer
(Alg. 1, L13). To reduce the computational burden, the buffer
sizes for the training and test datasets are each set to one. In
the original algorithm, sampled data are saved to the buffer
each time and when the task boundary is detected or the
buffer is full, it is cleared. With a buffer size of one, however,
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the data in either buffer will overlap with those contained in
the other because each data point consists of multiple time
step measurements. To avoid this overlap in training and test
sets, in our experiment, we introduce a function to randomly
decide whether to replace old data in a buffer and if so, which
buffer’s data to replace. In our algorithm, meta parameters
are updated every 0.4 (s) while the original algorithm updates
them only when the task boundary is detected or the buffer is
filled. However, fast parameters are not initialized with meta
parameters unlike when the task boundary is detected. In our
experiment, the fast and meta parameters are pre-trained with
data set in one road condition, and then, it is exposed to other
road conditions in the continual learning phase. If the meta
parameters haven’t changed enough from their pre-trained
values when the vehicle crosses a road condition transition,
the meta parameters will be reinitialized to the pre-trained
values. In order to address this issue, we periodically update
meta parameters even though the vehicle has not crossed a
task boundary. By doing it this way, the meta parameters are
updated to be robust to existing conditions. We use Adam
[32] and gradient descent for meta and fast parameter update,
respectively, as performed in the original Continual-MAML
paper [13].

C. Control Method

We chose MPPI [14]-[18] as our baseline controller for all
our models (fixed, gradient descent, and Continual-MAML).
MPPI is a powerful nonlinear MPC based on the stochastic
sampling approach which is able to address non-smooth and
non-differentiable cost functions without approximations. In
[14], [15], the path integral control framework was improved
so that both the mean and the variance of the sampling
distribution could be tuned by a designer and it enabled
the path integral control to converge quickly. They also
compared the performance of MPPI to one of the most
powerful nonlinear MPC formulations based on differential
dynamic programming (DDP) and showed the superiority of
MPPI in simulation. [16]-[18] deployed MPPI on a one-fifth
scale car and showed the feasibility of MPPI near the limits
of handling. [17], [18] utilized a neural network to model
the vehicle dynamics.

As Graphics Processing Units (GPU) continue to develop
further, MPPI will be able to compute on a larger number
of samples, enabling faster and more accurate optimization.
MPPI is an algorithm which has already been proven capable
of stable planning and control near the limits of handling
with scale cars and is expected to further improve perfor-
mance in the future with more capable GPUs. For those
reasons we chose MPPI described in [18] as our controller for
showing the impact of modeling accuracy on overall control
performance.

To accurately evaluate the impact of the dynamics model
on the controller, we design a simple cost function to

minimize with MPPI as follows:
J = oy Track(x) + aeSpeed(x) (7)

where o and «s are the coefficients of the track cost and



Fig. 1. TRIKart, a one-tenth scale-car which is used for our experiment.
During experiments, electrical devices are covered by a plastic body and a
bumper is mounted around the perimeter.

Fig. 2. Our test garage where 12 OptiTrack Prime 13 cameras are mounted
on the ceiling. The cement floor in this garage is used for pre-training of a
learned model.

the speed cost, respectively. Since it is known that using
steering as well as braking is effective for collision avoidance
[33], tracking and speed are evaluated in the cost function.
In addition, the cost function is designed to be simple to
facilitate analysis of the impact of model accuracy on control.
The details of the track cost and the speed cost are described
in Section IV-C.

IV. EXPERIMENTAL SETUP
A. Experimental Environment

For the experiment, we utilize TRIKart [19], a one-tenth
scale-car platform shown in Fig. 1. We use an Optitrack
motion capture system consisting of 12 OptiTrack Prime 13
cameras as shown in Fig. 2 to measure the vehicle’s position
and heading. The system publishes these measurements at
120 Hz. From these values we derive velocity and accel-
eration. We use ROS to transmit information and run our
algorithms.

B. Model Setup

To evaluate the performance contribution of Continual-
MAML, we prepare three models, a fixed model, an adaptive
model using gradient descent and an adaptive model with
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Fig. 3. The oval course used for our experiments. Colors represent a
trajectory cost, that is, the cost of a white area is 0 and a black area is 1.
The gray is linearly interpolated between O and 1.

Fig. 4. Experimental road conditions for online adaptation. The right black
mat is made with rubber which has high friction. The left gray mat is made
with foam which has less friction than the rubber one.

Continual-MAML. For gradient descent, we just execute
the update in Alg. 1, L14, while for Continual-MAML, the
update process is as outlined by Alg. 1. For the experiment,
the vehicle drives on a simple oval course to keep the prob-
lem complexity low and to provide a more straightforward
analysis (Fig. 3).

All three models are pre-trained with the same data col-
lected driving on a cement floor based on the learning scheme
outlined in Section III-A. In addition, the pre-trained model
was fine-tuned on the cement floor along the oval course
with gradient descent. We did this to remove the possibility
that the pre-trained model might not be well matched to the
oval course; this way the difference in performance between
the fixed model and the adaptive models derives most likely
only from the handling of the road conditions, not also from
adaptation to the course.

Fig. 4 shows the experimental conditions used to evaluate
the online adaptation models’ performance on the road
conditions not included in the training set. Half of the course
is on a rubber mat with higher friction than the cement
floor. The other half of the road is on the foam back side
of the rubber mat which has less friction than the rubber
mat. We used the backside of the rubber mat instead of a
different surface in order to have a flat transition between
the road conditions and avoid the change in road height as
a possible experimental condition. The transition between
road conditions occurs in the center of the straight part of
the oval course. [13] introduces a mechanism to detect a
task boundary. However, in our experiment we chose not to



TABLE I
PARAMETERS OF ONLINE ADAPTATION

Item
,Tup 80 (ms)
Nc 14
n 0.1
Ly 1.0 x 10~4
Buffer size 1 training buffer and 1 test buffer

use that feature and instead provide the location of the road
condition transitions to the algorithm.

Table I outlines outlines the parameter values used for
the online adaptation algorithm. T}, is the update period
of gradient descent and Continual-MAML. While a shorter
duration is preferable, it is set to 80 (ms) to enable real-
time execution. N, is the number of time steps of one
step loss calculation. Ideally, this value should be set to
100, the same as during training. However, considering the
computational load, it is set to 14. If this value is too
small, the system becomes vulnerable to noise, resulting
in decreased performance. n and [, are learning rates for
fast parameters and meta parameters, respectively. The buffer
sizes for the training and test datasets are each set to one as
mentioned in Section III-B due to computational constraints.

C. Control Setup

Here, we provide the details of (7) in our test environment.
The track cost is defined in a costmap as illustrated in Fig.
3. In Fig. 3, the cost value of a white area is 0 and the cost
of a black area is 1. The gray area between the white and
black areas is linearly interpolated between 0 and 1 along
the track normals.

The speed cost is defined as follows:

Speed() = (vy — Vret)? 3

where v.s is the reference velocity and is kept constant
in our experiments. vy is the longitudinal velocity of the
vehicle which is predicted by the vehicle dynamics model.
MPPI provides the steering angle and acceleration command
sequence which optimizes the sum of the cost function over
100 prediction steps.

For the experiment, we set a; = 600, ae = 25 and vyef =
3.2 (m/s) in (7).

V. RESULTS

We probe the performance of the learned dynamics model
from two main angles. As a learning problem, we first
demonstrate the effectiveness of our approach in learning
the correct dynamics coefficients using inference results. We
then probe the performance of the resultant model when
combined with a MPPI controller.

A. Inference

We evaluate the model accuracy using inference perfor-
mance. To compare the inference performance, the vehicle
autonomously drives clockwise on the mats (Fig. 4) using
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Fig. 5. Enlarged view of inference loss for each model between 40 (s)

to 60 (s). Each peak characterized by red dotted ellipses corresponds to
turning on rubber mat. Especially in this region, differences between each
method are significant. Gradient descent outperforms the fixed model and it
shows effectiveness of adaptation. Continual-MAML outperforms gradient
descent especially in turning on rubber mat and it implies Continual-MAML
achieves quick and effective adaptation by starting update from optimal
initial parameters when a road change is detected.

TABLE II
CUMULATIVE MEAN SQUARE INFERENCE LOSS OVER 60 (S)

Test No. Fixed model  Gradient descent  Continual-MAML
N 2.56 x 10~ 3 2.10 x 10~3 1.98 x 103
N» 2.63 x 1073 2.20 x 10~3 2.16 x 10—3
N3 2.75 x 1073 2.29 x 10~3 2.23 x 1073

a fixed learned dynamics model while recording the vehi-
cle state. After that, the inference error was calculated by
sequentially giving the measured vehicle state as the input
to each of the three models, namely the fixed model, the
adaptive model with gradient descent and the adaptive model
with Continual-MAML. We evaluate performance using the
cumulative loss over N, steps, which is minimized during
online adaptation.

Fig. 5 is an enlarged view of the inference loss for each
model between 40 (s) to 60 (s). Since the first 40 (s) have
almost the same performance difference as in Fig. 5, we
show the enlarged view to make it easier to see differences.
As illustrated in Fig. 5, the adaptive models significantly
outperform the fixed model in terms of loss value. The
periodical peaks of loss in Fig. 5 correspond to cornering
on the rubber mat, and Continual-MAML shows better infer-
ence performance than gradient descent particularly during
those maneuvers. This implies that Continual-MAML can
efficiently learn adequate parameters by starting its update
cycle from well tuned initial parameters.

Table II shows the cumulative mean square error loss
over 60 (s). We performed 3 iterations of the test and from
the results in Table II, we can see that Continual-MAML
achieved the best inference performance for the same driving
data.

B. Control

To evaluate the contribution of the dynamics model ac-
curacy to the control performance, we deploy the MPPI
algorithm with the cost function described in (7) using each
of the three dynamics models on a TRIKart platform. For the
adaptive models, model parameters are updated in real-time



TABLE III
CONTROL ERROR STATISTICS CONSISTING OF TRAJECTORY AND SPEED

ERROR

Test No.  Fixed model  Gradient descent  Continual-MAML
N1 58.44 49.70 46.68
No 61.20 53.67 44.18
N3 61.76 46.34 44.47
Ny 60.69 51.06 45.90
N5 55.57 50.70 46.02
Ng 57.62 51.49 42.72
N7 59.87 47.03 46.12
Ng 59.16 46.64 40.96
Ny 56.44 44.66 42.85
Nio 59.18 44.41 41.21
Mean 58.99 48.57 44.11
Min. 55.57 44.41 40.96

with gradient descent and Continual-MAML, respectively.
The vehicle drives several laps clockwise for each model.

Fig. 6 illustrates the first ten lap trajectories with each
model. At the top of Fig. 6, the plot shows that the fixed
model went off course on the inside of the corner, especially
on the rubber mat. We posit that this is because the friction
of rubber mat is much higher than that of the cement floor
where the training data for the fixed model was collected
causing more reaction to steering input than expected. The
lower two plots show that the two adaptive models improved
their trajectory error by learning better model parameters
on mats in real-time. Moreover, the velocity of the adaptive
models was closer to the target value than that of the fixed
model. The velocity of the adaptive model using gradient
descent was slower in the latter half of the corner on the
side of the course with foam mats. We hypothesize that
the model learned an acceptable speed on the rubber road
surface and when entering the foam road surface, the model
started learning from the model parameters adapted to the
rubber surface. As a result, the model initially ran at a
speed appropriate for the rubber surface, but too fast for the
foam surface. The controller then had to slow down to avoid
deviating from the target path. Alternatively, the adaptive
model with Continual-MAML started learning from initial
parameters adapted to both new surfaces when the vehicle
entered a new road condition. Therefore, Continual-MAML
was able to keep a higher velocity on both road surfaces.

Table III shows the statistics for the control error evaluated
as the sum of the tracking and velocity error (7). Ten tests
were executed for each model. Each test consisted of 18 laps
of the course. Table III summarizes the average value of the
control error for each test, and average error is evaluated
over the second to the eighteenth lap. As shown in Table III,
MPPI with Continual-MAML has a lower control error than
with gradient descent.

VI. CONCLUSIONS

In this paper, we apply a state of the art Continual-
MAML algorithm to the online setting of the parameters of
a learned vehicle dynamics model. We evaluate adaptation
performance of it using the TRIKart scale car platform. We
utilize a neural network to capture the vehicle dynamics
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Fig. 6. Clockwise vehicle trajectories for 10 laps controlled using MPPI
with a target velocity, 3.2 (m/s). MPPI optimizes based on (a) a fixed model,
(b) an adaptive model with gradient descent and (c) an adaptive model
with continual-MAML. Gradient descent and Continual-MAML trajectories
obviously follow the target path indicated by the white ranges better than
the fixed model. Speed profile with Continual-MAML is the closest to the
target velocity.

behavior and its weights and biases are pre-trained on data
collected by driving on a cement floor. We probe the online
dynamics learning from two main angles. The first is its
inference performance and the second is its contribution
to the speed and tracking performance of a model-based
autonomous controller. For both evaluations, we drove the
scale-car autonomously on an oval course half of whose sur-
face consisted of rubber mats with the other half consisting
of foam mats, surfaces which have not been in the training
set. We utilized MPPI as our baseline controller.

For inference evaluation, we measured the loss for each of
our candidate models. Online adaptation aims to minimize
the inference loss, and so consequently both the model
using gradient descent and the one using Continual-MAML
outperformed the fixed model. However, Continual-MAML
outperformed both the fixed model and gradient descent,
especially during cornering on the rubber mat and this



implies that Continual-MAML can quickly and efficiently
learn adequate parameters by starting its update cycle from
well optimized initial parameters.

For the models’ contribution to the performance of au-
tonomous driving with model-based control, we evaluated
the resultant cost value consisting of track and speed errors.
With Continual-MAML, the mean cost value was improved
25% compared to the fixed model and 9% compared to
the model using gradient descent. In addition, Continual-
MAML enabled the controller to improve minimum cost
value 26% compared to the fixed model and 8% compared
to the gradient descent.

Future work includes the introduction of automatic de-
tection algorithms for a task boundary in autonomous driv-
ing scenarios and the extension of our approach to more
challenging environments that may actually occur in the real
world, such as slippery roads.

REFERENCES

L. D. Lillo, T. Gode, X. Zhou, M. Atzei, R. Chen, and T. Victor,
”Comparative safety performance of autonomous- and human drivers:
A real-world case study of the waymo one service,” arXiv preprint
arXiv:2309.01206, 2023.

“Pony.ai, ” https://pony.ai/?lang=en, accessed: 2024-01-15.

J. Dallas, M. Thompson, J. Y. M. Goh, and A. Balachandran, “A
hierarchical adaptive nonlinear model predictive control approach for
maximizing tire force usage in autonomous vehicles,” arXiv preprint
arXiv:2304.12263, 2023.

J. Kabzan, L. Hewing, A. Liniger, and M. N. Zeilinger, “Learning-
based model predictive control for autonomous racing,” IEEE
Robotics and Automation Letters, vol. 4, no. 4, pp. 3363-3370, 2019.
N. A. Spielberg, M. Brown, and J. C. Gerdes, "Neural network model
predictive motion control applied to automated driving with unknown
friction,” IEEE Transactions on Control Systems Technology, vol. 30,
no. 5, pp. 1934-1945, 2022.

N. A. Spielberg, M. Brown, N. R. Kapania, J. C. Kegelman, and J.
C. Gerdes, “Neural network vehicle models for high-performance
automated driving, ” Science robotics, vol. 4, no. 28, 2019.

V. A. Laurense, J. Y. Goh, and J. C. Gerdes, "Path-tracking for
autonomous vehicles at the limit of friction,” 2017 American Control
Conference (ACC), Seattle, WA, USA, pp. 5586-5591, 2017.

J. Betz, H. Zheng, A. Liniger, U. Rosolia, P. Karle, M. Behl, V. Krovi,
and R. Mangharam ”Autonomous vehicles on the edge: A survey
on autonomous vehicle racing,” IEEE Open Journal of Intelligent
Transportation Systems, vol. 3, pp. 458-488, 2022.

J. Y. M. Goh, M. Thompson, J. Dallas, and A. Balachandran, “Nonlin-
ear model predictive control for highly transient autonomous drifting,”
15th International Symposium on Advanced Vehicle Control, 2022.
F. Djeumou, J. Y. M. Goh, U. Topcu, and A. Balachandran, “ Au-
tonomous drifting with 3 minutes of data via learned tire models, ?
arXiv preprint arXiv:2306.06330, 2023.

D. Chindamo and M. Gadola, “ Estimation of vehicle side-slip angle
using an artificial neural network, ” MATEC web of conferences, vol.
166, 2018.

G. Garimella, J. Funke, C. Wang, and M. Kobilarov, “Neural net-
work modeling for steering control of an autonomous vehicle,” 2017
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), Vancouver, BC, Canada, pp. 2609-2615, 2017.

M. Caccia, P. Rodriguez, O. Ostapenko, F. Normandin, M. Lin, L.
Caccia, I. Laradji, I. Rish, A. Lacoste, D. Vazquez, and L. Charlin,
“Online fast adaptation and knowledge accumulation (OSAKA): a new
approach to continual learning, ” arXiv preprint arXiv:2003.05856,
2020.

G. Williams, A. Aldrich, and E. A. Theodorou, “Model predictive
path integral control using covariance variable importance sampling, ”
arXiv preprint arXiv:1509.01149, 2015.

G. Williams, A. Aldrich, and E. A. Theodorou, “Model predictive
path integral control: From theory to parallel computation, ” Journal
of Guidance, Control, and Dynamics, vol. 40, no. 2, pp. 344-357,
2017.

[1]

[2]
[3]

[4]

[6]

[7]

[8]

[10]

(1]

[12]

[13]

[14]

[15]

809

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

G. Williams, P. Drews, B. Goldfain, J. M. Rehg, and E. A. Theodorou,
”Aggressive driving with model predictive path integral control,” 2016
IEEE International Conference on Robotics and Automation (ICRA),
Stockholm, Sweden, pp. 1433-1440, 2016.

G. Williams, N. Wagener, B. Goldfain, P. Drews, J. M. Rehg, B.
Boots, and E. A. Theodorou, “Information theoretic MPC for model-
based reinforcement learning,” 2017 IEEE International Conference on
Robotics and Automation (ICRA), Singapore, pp. 1714-1721, 2017.

G. Williams, P. Drews, B. Goldfain, J. M. Rehg, and E. A. Theodorou,
“Information-theoretic model predictive control: Theory and applica-
tions to autonomous driving,” IEEE Transactions on Robotics, vol. 34,
no. 6, pp. 1603-1622, 2018.

“Rapid Iterative Design and Testing with TRIKart,”
https://medium.com/toyotaresearch/rapid-iterative-design-and-testing-

with-trikart-f5a3f59f2dd9, accessed: 2024-01-16.

J. Kong, M. Pfeiffer, G. Schildbach, and F. Borrelli, “Kinematic and
dynamic vehicle models for autonomous driving control design,” 2015
IEEE Intelligent Vehicles Symposium (IV), Seoul, Korea (South), pp.
1094-1099, 2015.

P. Polack, F. Altché, B. d’Andréa-Novel, and A. de La Fortelle, "The
kinematic bicycle model: A consistent model for planning feasible
trajectories for autonomous vehicles?,” 2017 IEEE Intelligent Vehicles
Symposium (IV), Los Angeles, CA, USA, pp. 812-818, 2017.

M. Brown and J. C. Gerdes, “Coordinating tire forces to avoid
obstacles using nonlinear model predictive control,” IEEE Transactions
on Intelligent Vehicles, vol. 5, no. 1, pp. 21-31, 2020.

D. Kalaria, Q. Lin, and J. M. Dolan, * Adaptive planning and control
with time-varying tire models for autonomous racing using extreme
learning machine, ” arXiv preprint arXiv:2303.08235, 2023.

M. Rokonuzzaman, N. Mohajer, S. Nahavandi, and S. Mohamed,
”Model predictive control with learned vehicle dynamics for au-
tonomous vehicle path tracking,” IEEE Access, vol. 9, pp. 128233-
128249, 2021.

G. Williams, B. Goldfain, J. M. Rehg, and E. A. Theodorou “Locally
weighted regression pseudo-rehearsal for online learning of vehicle
dynamics,” arXiv preprint arXiv:1905.05162, 2019.

J. Vertens, N. Dorka, T. Welschehold, M. Thompson, and W. Burgard,
“Improving deep dynamics models for autonomous vehicles with mul-
timodal latent mapping of surfaces,” arXiv preprint arXiv:2303.11756,
2023.

C. Finn, P. Abbeel, and S. Levine, “ Model-agnostic meta-learning
for fast adaptation of deep networks,” International conference on
machine learning, PMLR, pp. 1126-1135, 2017.

C. Finn, A. Rajeswaran, S. Kakade, and S. Levine, “ Online meta-
learning,” International Conference on Machine Learning, PMLR, pp.
1920-1930, 2019.

J. Harrison, A. Sharma, C. Finn, and M. Pavone, “Continuous meta-
learning without tasks, ” Advances in neural information processing
systems, 33, pp. 17571-17581, 2020.

P. Drews, G. Williams, B. Goldfain, E. A. Theodorou, and J. M. Rehg,
“ Aggressive deep driving: combining convolutional neural networks
and model predictive control,” Conference on Robot Learning, pp.
133-142, 2017.

P. Drews, G. Williams, B. Goldfain, E. A. Theodorou, and J. M. Rehg,
“ Vision-based high-speed driving with a deep dynamic observer,
IEEE Robotics and Automation Letters, vol. 4, no. 2, pp. 1564-1571,
2019.

D. P. Kingma and J. L. Ba, “Adam: A method for stochastic
optimization, ” arXiv preprint arXiv:1412.6980, 2014.

J. Waurts, J. L. Stein, and T. Ersal, ”Collision imminent steering at high
speed using nonlinear model predictive control,” IEEE Transactions on
Vehicular Technology, vol. 69, no. 8, pp. 8278-8289, 2020.



