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Learning Model Predictive Control with Error Dynamics Regression for
Autonomous Racing
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Abstract— This work presents a novel Learning Model Pre-
dictive Control (LMPC) strategy for autonomous racing at the
handling limit that can iteratively explore and learn unknown
dynamics in high-speed operational domains. We start from
existing LMPC formulations and modify the system dynamics
learning method. In particular, our approach uses a nominal,
global, nonlinear, physics-based model with a local, linear,
data-driven learning of the error dynamics. We conducted
experiments in simulation and on 1/10th scale hardware, and
deployed the proposed LMPC on a full-scale autonomous race
car used in the Indy Autonomous Challenge (IAC) with closed
loop experiments at the Putnam Park Road Course in Indiana,
USA. The results show that the proposed control policy exhibits
improved robustness to parameter tuning and data scarcity.
Incremental and safety-aware exploration toward the limit of
handling and iterative learning of the vehicle dynamics in high-
speed domains is observed both in simulations and experiments.

I. INTRODUCTION

Recent progress in autonomous racing research has em-
powered full-size autonomous race cars at or near the top
speed of a professional human racing series. Algorithms that
were previously experimented with on small-scale vehicles
[1] are deployed and further researched on professional
race car platforms. Specifically, the teams in the Indy Au-
tonomous Challenge (IAC) [2], starting in 2021, have been
demonstrating multi-agent competition above 240 km /h [3].

In the field of control, which is tasked with trajectory
tracking at the limit of vehicle dynamics handling, various
Model Predictive Control (MPC) techniques remain the state-
of-the-art on full-size race car systems. These variations of
MPC algorithms solve a finite-horizon optimal control prob-
lem (FHOCP) by computing optimal actuation commands
for a vehicle modeled with kinematic or dynamic models,
subject to certain track boundary and state constraints [4],
[5], [6], [7]. However, for high-speed racing, the performance
of classic, nonadaptive MPC methods is ultimately bounded
by the fidelity of the vehicle dynamics model. Inaccurate
vehicle models will not only induce suboptimal behavior
such as weaving, hunting, and steady-state tracking error,
but also become dangerous at the handling limit, especially
when the model overpredicts this limit. This introduces a
chicken-and-egg problem for autonomous racing research
at the handling limit: to safely achieve higher speed levels
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Fig. 1: Overlay of the IAC car’s trajectory running LMPC with error
dynamics regression. The data are collected at the Putnam Park Road Course
in Indiana, USA. The zoomed-in image of the hairpin turn shows iterative
improvement towards optimal cornering in the Ist, 5th, and 20th lap.

requires more vehicle dynamics data; but to acquire high-
speed data requires the controller to achieve higher speed
levels in the first place. Therefore, the motivation of this
work is to break the circular problem mentioned earlier by
performing incremental and safety-aware exploration toward
the limit of handling and iterative learning of the vehicle
dynamics in high-speed domains.

In this work, we present a modification to the LMPC
approach presented in [8] where we improve significantly
upon the model learning strategy. In particular, we propose
to learn the error dynamics between a given nominal model
and the state evolution of the true system collected during
run-time. This is in contrast with the prior approach, which
attempts to learn a model of the true system directly. We
show through simulation and hardware experiments on a
1/10th scale vehicle that our approach exhibits improved
robustness to parameter tuning and reduced modeling errors
in scenarios when data are scarce for model learning. We
finally demonstrate the effectiveness of our approach on a
full-size IAC autonomous race car, the results of which are
shown in Figure 1. An open source C++ implementation of
our work has been made available at https://github.
com/MPC-Berkeley/Racing—LMPC-ROS2.

Related Work: Learning unknown or changing system dy-
namics has been studied within some classic control frame-
works such as adaptive control [9], [10]. System identifica-
tion is usually part of the controller design, which reasons
about some modeling error or noise in the system and adapts
the system model to account for them. In autonomous racing,
previous works have proposed dynamics learning strategies
using Gaussian Processes [11], [12], [13] or implicitly with
Gaussian noise assumption [14]. The method is further
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extended to model multi-vehicle interactions and solve for
the optimal overtaking maneuver [15], [16].

Another branch of works exploits the repetitive nature of
autonomous racing in a single-vehicle scenario, and improves
controller performance without any prior assumption about
the distribution of the modeling error or noise. Data-driven
methods, such as iterative learning control, can optimize the
tracking of a repetitive trajectory given data from previous
iterations by solving for control variable corrections [17].
More recently, the learning model predictive control (LMPC)
framework has been proposed with a direct regression of
local affine dynamics [18], [19], [8]. This combination of
LMPC and regressive dynamics learning can iteratively learn
the unknown system dynamics and reduce lap-time without
an explicit prior reference trajectory or a nominal dynamics
model. The approach has also been demonstrated on scaled
vehicle hardware platforms in [18].

II. PROBLEM FORMULATION

In this work, we model the vehicle using the planar
dynamic bicycle model [20], [21] with state and input vectors
T = [Vg, Uy, Wy, 4, 8,6y] T, u = [a,8]7, where v, v,, and
w, are the vehicle’s longitudinal velocity, lateral velocity,
and yaw rate at the center of gravity. s, ey, and ey are the
pose of the vehicle expressed in the Frenet frame w.r.t. a
parametric path 7 : [0, L] — R2, which is assumed to be
continuously twice differentiable and of total length L. In
particular, when given an arclength s € [0, L], 7 returns
the global z-y position of the path. In the case where T
forms a closed circuit, i.e., 7(0) = 7(L), 7/(0) = 7'(L),
7'(0) = 7(L), where 7" and 7" are the element-wise
first and second derivatives of 7, we define the circuit as
7(s) = 7(mod(s, L)) for s > 0, where mod is the modulo
operator. Given a path 7 and a vehicle with global position
p = (z,y) and heading 1, the Frenet frame pose is defined
as the vehicle’s path progress s(p) = arg ming ||7(s) — pl|2,
its lateral deviation from the path e, (p) = min, ||7(s) —p||2,
and its heading deviation from the path tangent e (p,¢) =
1 — arctan(7'(s(p))). The inputs to the model are the
longitudinal acceleration a and the front steering angle J.
We write the discretized nonlinear dynamics as:

Tp1 = fzk, ug) )]

The vehicle’s state and input are subject to the constraints
X={z| —W/2<e, <W/2}andU ={u | w <u<
Uy }, which describe the boundary constraints for a track of
constant width W and the limits on achievable acceleration
and steering angle.

The objective of this work is to design a control policy
which solves the infinite-horizon, minimium lap time, opti-
mal control problem:

T = i
Jmin Yl (a) (2a)
k=0
subject to zy = 7, (2b)
Trp1 = f(xr, ur), (20)
xkEX, Uk EZ/{, (2d)

where Z € § = {z | s = 0} is a state at the start of the
track and F = {z | s > L} is the set of states beyond the
finish line of the circuit. If for some time step k, xj € F for
the first time, then the vehicle has finished the lap and has
transitioned onto the next lap. 1+ is the indicator function
for the set F, which is defined as
0 ifzeF

Lr(@) {1 otherwise

Due to the infinite horizon cost in (2a), it should be clear
that the optimal control problem posed in (2) is not amenable
to online implementation. Moreover, it is likely that there is
mismatch between the vehicle model in (2¢) and the true
vehicle dynamics, the effects of which would be especially
apparent at high speeds, where the vehicle is operating at
the limit of handling. To address these challenges, previous
work on LMPC [19], [22] proposed a finite-horizon convex
approximation of (2), which uses state and input trajectories
from prior laps to synthesize a convex terminal cost-to-
go function and target set. The same data are additionally
used to identify affine time-varying (ATV) models which
approximate the true dynamics of the vehicle. In this work,
we carry over the same approach for terminal cost-to-go
function and target set synthesis, but propose a modification
to the system identification procedure which results in an
LMPC control policy that achieves similar performance
to [19], [22] w.r.t. minimum lap time, while exhibiting a
significant improvement in robustness to tuning parameters.

III. LocAL LEARNING MODEL PREDICTIVE CONTROL

In this section, we briefly describe the procedure for
synthesizing LMPC policies over iterations (or laps) of the
minimum time control task. For further details, we refer the
reader to [19], [22].

The main idea of LMPC is to use the data from iterations
1 to 5 — 1 to synthesize a finite-horizon local convex
approximation of (2) for iteration 7, which is then solved in
a receding horizon manner. Let us first denote the available
dataset at iteration j as D/ = (x’,u/) U DI~!, where
x) ={ap,xq, ..., ah;} and W = {u},u}, ... ,u},} are the
closed-loop state and input sequence for iteration j and 77
denotes the time step at which the lap was completed for
iteration j, i.e., the first time step where 1 #(x;) = 0. Note
that on the first iteration, the dataset D° may be initialized
using human-driven laps or closed-loop trajectories from a
simple low-speed center-line tracking controller. In addition,
we assume that the trajectories stored in D7 are feasible
w.r.t. the constraints (2d) and reach the finish line in a finite
amount of time.

A. Local Convex Target Set

As the closed-loop trajectories stored in D7 are from the
actual vehicle, it is straightforward to see that if we can
control the vehicle to any state in DI, then there exists
a known feasible control sequence which can be used to
complete the lap from that state. LMPC uses this fact to
construct a safe set as a discrete collection of the states in
D7, which is then used as the terminal set for a FHOCP [22].
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In this work, we construct convex terminal sets which are
local about a given state x. These terminal sets sacrifice the
theoretical guarantee of persistent feasibility for the FHOCP
in favor of reduced computational complexity for fast online
control. In particular, for a given x, we take the K -nearest
neighbors from each of the previous P laps by evaluating
the weighted Euclidean distance over the relevant states:

(zf, —2)"D(z} —2), Vi€ {j,j—1,...,5 — (P - 1)},
ke{0,1,...,T} (3)

for some given P and D = 0. Letting X7 (z; D7) € R"*KP
denote the matrix formed by the K P states closest to =, we
then define the target set as the convex hull of these states:
Xy(; D) ={zeR" | MeREP, 0< A <1, 1T =
1, X7 (z; D7)\ = z}.

B. Local Terminal Cost-to-go Function

By assumption, the closed-loop state trajectories stored in
D reach the finish line in a finite amount of time. We can
therefore compute the cost-to-go for any state zi in D7 as
T* — k, which represents the time remaining to finish the
i-th lap for i € {0,...,7}. Let J3(2; D7) € REP denote
the vector of cost-to-go values calculated for the states in
X7 (x; D7). We can therefore define the minimum cost-to-go
function for any z € X% (2; D7) as:

Qn (@, ;D7)

- )\IEI]E}}P JJ]V(‘T’ DJ)TA
subjectto 0<A<1, 1TA=1, X/ (z;D)\ =2z

This function can be thought of as a local convex approxima-
tion to the optimal cost-to-go (from solving (2)) at iteration j,
which when incorporated as the terminal cost-to-go function,
allows an FHOCP to reason about infinite-horizon behavior
of the vehicle, to the extent that it is captured in the dataset.

C. Local LMPC

Using the terminal target set and cost-to-go function
synthesized from the dataset D7~!, we may now construct
the FHOCP at time step k of iteration j for our local LMPC
policy as follows:

Ji(if?k,uk—hik;D]‘*l) =

N—-1
fﬂ% ; Lr(xe) + culluells + caullus — w13
+ I @ DPTH A (4a)
subject to g = Tg, U_1 = Uk_1 (4b)

Tip1 = AZr; D7 Ny + B(Zpy; DV g
+ C<2k+t;pj_1)7 te {07 cee 7N - 1}7 (40)

T € X, uteu,te{O,...,N} (4d)
XTI &g DA = 2y, (4e)
0<A<1,1"x=1 (4f)

where Z, = (Ty,uy) and z = {Zk,...,Zx+N} IS a state
and input sequence which is used to form the local convex
approximation. In practice, this is chosen as the solution

to (4) from the previous time-step. Construction of the A,
B, and C' matrices in the ATV dynamics (4c) is the main
contribution of this work and will be discussed in the next
section. Note that (4) is a convex program which can be
solved efficiently using existing solvers.

Finally, let u* = {ug,...,u}_,} be the optimal control
sequence which solves (4) at time step k. The input ux = uj
is applied to the vehicle and the FHOCP (4) is repeated at
time step &£+ 1 for the measured state x4 until the vehicle
reaches the finish line, at which point DJ will be constructed
using the closed-loop trajectory for lap j.

IV. LEARNED VEHICLE DYNAMICS MODEL

We now introduce the main contribution of our work,
which is a learning strategy on the dynamics states v, vy, w,
based on regressive error. The learning process takes as
inputs the nominal dynamics model and a set of neighboring
states, and outputs a learned local affine approximation of the
true vehicle dynamics. We assume that the true dynamics of
the system can be written as follows

= f(z,u) + e(z,u), (5)

where f are the nominal dynamics from (1) and e denotes
some unknown modeling error which we would like to
identify using data. For a given state and input x and u, let us
denote the prediction of the nominal model as £+ = f(z, u).
We may now linearize the error dynamics about a reference
state and input z as follows:

T — 3t = A% + B%u + C°, (6)

where A° and B¢ are the Jacobians of e w.rt. x and u
evaluated at z and C° = e(Z,u) — A°T — B°u. It can be
clearly seen from (6) that the linearization of the unknown
error term is related to the system state and input = and u, the
actual state evolution =™, and the prediction of the nominal
model 2T, which are all quantities that can be easily obtained
from the dataset D71 at iteration j. As such, we query D71
to find the M nearest neighbors z = {z1,..., 2y} of Z and
their corresponding state evolutions x* = {xf,... ,z},}
(using a technique similar to (3)). We then compute the
prediction of the nominal model at each of the state and
input pairs in z to obtain X+ = {27 ,..., 41, }. As mentioned
before, we are interested in learning only the error dynamics
associated with the velocity components of the state z, as
the kinematic components of the state are well-understood.
Therefore, using the datasets z, x*, and X*, we define the
residuals for each velocity state as follows:

A1 : 13]xp[1 2 3] 4+ B[1]ay, + C[1] = vy, — 0f .,
A°[21 : 23|z [1 2 3] 4 B°[22]6, + C°12] = v, ,,, — 0,0,
A°[31 : 33]wy [1 2 3] + B[32]6, + C°[3] = w],, — &7,

(7
where m € {1,..., M} and we use the notation A[11 : 13]
to index the first three elements of the first row of matrix
A. Note that we have injected additional structure into the
individual residuals by making explicit the dependence of
each velocity state on a certain subset of the input compo-

13252



nents. From these three expressions, we define the following
regressor vectors:

A°[11:13] A°[21:23] A°[31:33]
Ly, = | B |,Iy, = | B°122) |,Tw, = | B°[32]
cef1] c[2] ce3]

We solve the regression problem in a manner similar to
[8], where we weigh the importance of data point m using
the Epanechnikov kernel function [23] with bandwidth h:

3(1 —u?/h? <h
K = [0, <h
0, otherwise

such that larger penalties are assigned to the residuals for
data points that are close to the linearization point z. For | =
{vg, vy, w.}, the weighted least squares problem is defined
as follows:

M
Tj = argmin > K (|[7 — 2]13) vin (1) + elTl3. @
4 m=1
where (Q >~ 0O denotes the relative scaling between the
variables, !, (T;) are the [?>-norms of the residuals in (7),
and € > 0 is a regularization parameter.
Finally, we can construct the matrices A¢, B¢, and C*¢

from I'} as follows:

Iy [1:3] T [4] 0
e_ I3, 13 e_| 0 T% [
S PR It R I A T B
033 0352
Ce =17, [5] Iy, 5] TE. (5] leg]T

These are then added to the nominal ATV dynamics to obtain
the complete ATV model for (4c): A(z;DI~1) = AS + Ae,
B(z;D'~Y) = B/ + B¢, and C(2; D'~ 1) = C7 +C*, where
A' and BY are the Jacobians of f w.rt.  and u evaluated
at z and O = f(z,u) — A’z — B/u. We note that the
key difference between this procedure and that in [8] is that
the regressive learning is performed on the error between
the prediction of the nominal model and the actual state
evolution data instead of on the entire model in (5).

To understand why our approach to model learning is more
robust to scarce data, consider the case where all ||Z — z,,[ o
in (8) are close to or greater than the kernel bandwidth
h (i.e., when the data z,, are far from the linearization
point Z w.rt. k). When this occurs, K(||Z — 2 3) = 0,
which means that the regularization term in (8) dominates
the least squares objective and we can therefore conclude
that the optimal solution I'y ~ 0. When regressing the
nominal dynamics matrices directly, as in [8], this would
result in setting elements of those matrices to approximately
zero, which would be disastrous in terms of model accuracy.
On the other hand, when regressing the error matrices,
setting elements to zero would simply correspond to not
applying any data-based correction to the nominal linearized
dynamics. This allows for a natural trade-off between the
nominal and data-corrected models based on the quality
of the dataset. Of course, this could be mitigated by the
selection of a large enough bandwidth h. However, as this is
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a tuning parameter which is meant to act as a threshold on
a weighted distance metric in high dimensions, it may not
be immediately apparent what constitutes a good setting. We
therefore want the LMPC policy to be robust to values of h
to allow for safe tuning of the controller.

V. EXPERIMENTS & RESULTS

We now present a set of experiments in simulation and
hardware to demonstrate the effectiveness of combining
LMPC and error dynamics regression in autonomous racing.
The key metrics throughout these experiments are

o 20th-iteration lap time (ILT-20): the average lap time
after running the LMPC for 20 iterations.

o Iteration to fail (ITF): the average number of iterations
before an experiment fails due to loss of control or track
boundary violation.

A. Robustness Study on Learning Parameters

This experiment aims to study how LMPC parameter tun-
ings affect the safety of the learning process. The motivation
is that there are not many trial-and-error opportunities when
tuning parameters on safety-critical hardware such as a race
car, and a robust control setup should be able to handle
a broad range of parameter settings without destabilizing
the system. We set up simulation experiments to compare
our approach against the LMPC implementation in [8] in
terms of their robustness to the change in the bandwidth
parameter h and the control-rate cost (CRC) (ca, in (4a)).
Intuitively, the bandwidth h governs a trade off between the
quality and quantity of the data used for model regression.
Whereas a high bandwidth allows for potentially more data
points to be selected, they can be far (in the sense of the
norm || - ||¢) from the linearization point. On the other hand,
a low bandwidth requires that the data points be close to
the linearization point, but could result in few data points
being selected when data is sparse. As for the CRC, it is
analogous to the “learning rate” for LMPC. A higher CRC
will penalize drastic changes in the control input and keep
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the vehicle closer to the safe set over the MPC horizon. Both
h and the CRC are therefore key parameters when tuning the
behavior of the LMPC policy. For all simulation studies, we
use the L-shaped track shown in Figure 5 and model the
rigid body with the dynamic bicycle model. The tire forces
are modeled with the Pacejka tire model [24] with tire-road
friction coefficient p = 0.9.

In our first simulation experiment, we set CRC = 0.1 and
compare the effect of the bandwidth & on the accuracy of
the learned model for our error regression LMPC and the
full regression LMPC from [8]. In the error regression case,
we use the kinematic bicycle model as the nominal model
in (1) which induces mismatch with the simulation model.
To measure accuracy of the learned model, we compute
the Frobenius norm of the difference between the learned
dynamics matrix A(z,D?~!) and the linearized dynamics
of the simulation model at each time step and record the
average over each iteration. The results for h = {3,4, 5,10}
are shown in Figure 2, where we may immediately observe
that for high settings of h, both the error and full regression
cases perform similarly in both the learned model accuracy
and lap times. Importantly, we see that the error regression
case can correct for the mismatch between the nominal and
simulation models, which is shown by the green line. For
low settings of h, it can be seen that while [8] fails after
the second iteration, the error regression LMPC is able to
remain stable and converge to similar performance as the
high bandwidth cases. This is due to the reasons discussed
in Section IV where sparsity w.r.t. h can result in significant
model inaccuracies in [8], but would naturally induce a fall
back to the nominal model in the error regression case.
Sparsity in the regression data is especially acute in the initial
laps when the LMPC policy is rapidly improving vehicle
performance as there can be significant differences in the
data between successive laps. We note that the behavior of
the error regression case is largely dependent on the accuracy
of the nominal model when data is sparse and stability cannot
be guaranteed for arbitrary realizations of the nominal model.
However, especially in car racing, it is not unreasonable
that to assume access to a fairly accurate nominal model
which can be obtained through standard system identification
approaches. Future work will examine the effect of distance
between the nominal and true system on the stability of the
error regression LMPC.

In our second simulation experiment, we fix the bandwidth
to h = 5 and ran both LMPC implementations with CRC =
{1.0,0.5,0.1,0.05,0.01} and recorded the lap time at every
iteration. Like the previous study, we purposely introduce
mismatch in the nominal model. Though for this study, we
do so through the tire-road friction coefficient. Whereas a
value of 0.9 is used in the simulation model, a value of 1.2 is
chosen for the LMPC nominal dynamics model in (1), which
is typically only seen on full-scale race cars with racing slick
tires. This would have induced dangerous over-confidence
in the model about the surface friction, as shown in the
following hardware experiments, if no dynamics learning is
used. Table I presents the key results of this experiment,

\ ILT-20 \ ITF
Control Rate Cost ‘ 8] ‘ TS ‘ 18] ‘ i

1.0 64 | 65 | 20+ | 20+
0.5 6.0 | 62 | 20+ | 20+
0.1 55| 56 | 20+ | 20+
0.05 - 5.2 6 20+
0.01 - 5.0 4 20+

TABLE I: Results of the simulation robustness study. A hyphen in the 20th-
Iteration Lap Time (ILT-20) means that the algorithm fails before the 20th
iteration. An Iteration to Fail (ITF) of 20+ means that the algorithm did not
fail in the 20-iteration experiment.

LMPC Configuration | Avg. ILT-20 | Avg. ITF

Full Regression ([8], h = 10.0) 6.69 20+
Error Regression (ours, h = 10.0) 6.82 20+
Full Regression ([8], h = 3.0) 6.53 10.5
Error Regression (ours, h = 3.0) 6.66 19.1

TABLE II: Results of the BARC hardware experiment.

where we observe that with CRC penalties of 1.0, 0.5, and
0.1, both [8] and our approach show similar performance
at the end of 20 laps, with [8] achieving slightly faster lap
time reduction as evidenced in Figure 3. However, once we
decrease the CRC below 0.1, we see that [8] fails to complete
the 20 laps, whereas our method exhibits greater robustness
to different settings of the CRC and can still converge to
high performing lap times within 20 iterations.

Overall, our simulation experiments suggest that LMPC
with error dynamics regression exhibits greater stability and
robustness to key parameter settings and works well even
when scarce dynamics data are available. These properties
could potentially make the system more suitable for hardware
deployment in safety-critical applications.

B. Hardware Experiment Comparing Learning Performance

In this section, we present results from physical exper-
iments with the Berkeley Autonomous Race Car (BARC)
platform. These vehicles are based on 1/10th scale, off-the-
shelf RC cars that have been modified for autonomous racing.
LMPC computation is done on a laptop computer with a 2.6
GHz 9th-Gen Intel Core 17 CPU, localization is provided by a
motion capture system, and communication with the vehicle
is handled with ROS2. We conducted two sets of experiments
to demonstrate the effect of the bandwidth h on the stability
and learning performance of [8] and our error regression
LMPC. Each set of experiments consists of 10 runs of at
most 20 laps with CRC = 0.1. We record the lap times and
record any failure cases before the 20-lap threshold.

In the first experiment, we run [8] and our error regression
LMPC with h = 10. This corresponds to the high bandwidth
case in the simulation study where both policies achieved
similar performance and were able to successfully complete
20 laps. The results of our experiment are shown in the top
row of plots in Figure 4, where we again see that the two
approaches show similar performance in lap time reduction
and are able to remain stable over 20 laps. This corroborates
our simulation study and shows that with proper tuning, our
error regression LMPC is essentially equivalent to [8]. In
the second experiment, we run [8] and our error regression
LMPC with h = 3. This corresponds to the low bandwidth
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Fig. 3: Results from the CRC robustness study. The left and right plots show the iteration lap times over different CRC tunings for [8] and our error
regression LMPC respectively. A red cross is placed where failure occurs due to the vehicle leaving the track.
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plot on the right compares the average lap times achieved. A red cross is placed where failure occurs due to the vehicle leaving the track.
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Fig. 5: Visualization of the 1st, Sth and 20th iteration’s trajectory of LMPC with error dynamics regression on the BARC platform.

case in the simulation study where we data sparsity has a
destabilizing effect on [8]. The results of our experiment
are shown in the bottom row of plots in Figure 4, which
also supports our observations from the simulation study. In
particular, we observe that when a low bandwidth setting
is used, [8] failed in 5 of the 10 trials, whereas our error
learning LMPC only failed in a single trial.

C. Hardware Demonstration on a Full-Size Race Car

In this demonstration, we deployed our LMPC and error
dynamics regression strategy on a full-size IndyLights race
car which has been used in the Indy Autonomous Challenge
[3]. The race track used for this demonstration is the Putnam
Park Road Course in Indiana, USA. We construct the initial
dataset DV for the vehicle by running a tracking MPC on the
center line of the track at 10 m/s for 3 laps. We note that this
step could also be done with a more rudimentary controller.
We then ran LMPC with error dynamics regression for 10
iterations. Figure 1 visualizes the trajectory driven by the
vehicle, with a zoomed-in view to highlight how LMPC

optimizes the shape of the trajectory for a hairpin turn. It
can be clearly seen in Figure 1 that the vehicle starts at
lower speeds closer to the center line and incrementally
increases its speed through the corners and approaches the
track boundary constraint.

VI. CONCLUSION

This work proposes a new error dynamics learning
approach under the LMPC framework to iteratively and
safely explore the boundary of vehicle handling limit in
autonomous racing. We based the learning on a nominal
dynamics model, which provides explanability and safety
fallback for the learning process. We then derived the
regression method on top to learn a local approximation
of the nonlinear model mismatch. Through simulation and
hardware experiments, we showed that our method exhibits
greater robustness against parameter tuning and data scarcity
compared with previous LMPC works, and offers new po-
tential solutions to address the challenge of vehicle dynamics
data acquisition in high-speed autonomous racing.
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