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First, Learn What You Don’t Know:

Active Information Gathering for Driving at the Limits of Handling

Alexander Davydovl’Z, Franck Djeum0u2’3, Marcus Greiff?,
Makoto Suminaka?, Michael Thompson2, John Subosits2, and Thomas Lew?

Abstract—Combining data-driven models that adapt online
and model predictive control (MPC) has enabled effective control
of nonlinear systems. However, when deployed on unstable
systems, online adaptation may not be fast enough to ensure
reliable simultaneous learning and control. For example, a con-
troller on a vehicle executing highly dynamic maneuvers—such
as drifting to avoid an obstacle—may push the vehicle’s tires
to their friction limits, destabilizing the vehicle and allowing
modeling errors to quickly compound and cause a loss of control.
To address this challenge, we present an active information
gathering framework for identifying vehicle dynamics as quickly
as possible. We propose an expressive vehicle dynamics model
that leverages Bayesian last-layer meta-learning to enable rapid
online adaptation. The model’s uncertainty estimates are used to
guide informative data collection and quickly improve the model
prior to deployment. Dynamic drifting experiments on a Toyota
Supra show that (i) the framework enables reliable control of
a vehicle at the edge of stability, (ii) online adaptation alone
may not suffice for zero-shot control and can lead to undesirable
transient errors or spin-outs, and (iii) active data collection helps
achieve reliable performance.

Index Terms—Model Learning for Control, Intelligent Trans-
portation Systems

I. INTRODUCTION

ONTROLLING unstable nonlinear systems remains
challenging [1]. For example, driving a vehicle through
dynamic and unstable drifting maneuvers is a difficult task
where slight decision-making mistakes can lead to spin outs or
crashes. In recent years, advanced control methods have been
developed to give autonomous vehicles the ability to leverage
their full handling potential [2]-[6], with possible applications
to the future design of advanced driver-assistance systems and
autonomous driving safety systems.
In this setting, data-driven model predictive control (MPC)
methods have gained wide popularity [7] due to their high
performance, capability to use expressive learned models,
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Fig. 1: We propose an active information gathering framework that
guides data collection to quickly learn a model in a controlled (i.e.,
safe) setting. Adapting on this information-rich data enables reliable
control in dynamic drifting trajectories. In contrast, directly using the
model without adapting prior to deployment may lead to unreliable
control performance, such as spinning out.

and ability to account for constraints such as actuator limits
and obstacle avoidance. In particular, data-driven models that
adapt using online data can reduce model errors and sim-
to-real discrepancies at deployment time [8]-[11]. However,
simultaneously controlling and learning unstable systems is
notoriously difficult. For instance (see Sec. V), successfully
executing a drifting maneuver requires a sufficiently accurate
initial model to precisely initiate the drift, and online adapta-
tion alone may not be sufficient to execute the maneuver.

Autonomous driving at the limits presents a challenge for
data-driven MPC with online adaptation due to its fast-paced
nature and the inherent instability of the executed maneuvers.
These difficulties raise the following questions: How can we
effectively identify uncertain nonlinear dynamics to ensure that
subsequent control is reliable? How should informative data
be collected efficiently and safely to minimize time-intensive
and potentially expensive testing on hardware?

Contributions: We present an active information gathering
framework to quickly identify nonlinear dynamics for reliable
subsequent deployment in MPC. Specifically:

e We present a data-driven dynamics model tailored for
driving at the limits of handling. This model combines
prior physics knowledge with learned expressive neural
network features. By adapting only the last layer, this data-
driven model enables rapid online adaptation, significantly
improving upon non-adaptive models in controlling unstable
systems where small initial errors can quickly amplify.
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o To enable reliable deployment of the learned model in
an MPC framework, we propose a pre-deployment active
learning approach to identify an accurate model as fast as
possible while satisfying constraints during data collection.

o We extensively validate the proposed approach on a Toyota
Supra in two different dynamic drifting maneuvers. In
particular, results show that online adaptation of the meta-
trained model alone may be insufficient to initiate a drift
reliably and can lead to large transients in tracking error.
On the other hand, the proposed active information gath-
ering approach enables rapid identification of the system’s
dynamics and yields improved tracking performance.

From a vehicle control perspective, our results demonstrate
that executing drifting maneuvers is possible by adapting a
model on informative non-drifting trajectories. Specifically,
information-rich trajectories do not necessarily involve drift-
ing, and adapting on such data significantly improves the
execution of challenging drifting maneuvers.

II. RELATED WORK

Data-driven models are increasingly popular for control
due to their ability to leverage expressive models and adapt
them online given measurements from the system, see [7]
and [12] for recent reviews. For example, model predictive
control (MPC) approaches leveraging neural network models
have been widely used in recent years for dynamic driving at
the limits of handling [4], [9]-[11]. These approaches adapt
models online with the implicit assumption that the model will
adapt fast enough during the control task to yield satisfactory
performance, which may be difficult for systems where small
initial errors quickly amplify.

Online learning and control algorithms that actively seek
informative data to improve the model [13]-[20] often re-
sult in improved control performance compared to passively
adapting a model while performing a task, and allow enforcing
safety constraints during the data collection process [15], [20].
Leveraging such active learning approaches for controlling
unstable nonlinear systems remains challenging. Indeed, the
tradeoffs between seeking informative data (exploration) and
performing the task (exploitation) are well-known; unstable
systems are particularly difficult to simultaneously learn and
control [21], [22]. These tradeoffs motivate the design of a
framework where active learning is done prior to deployment
in a controlled setting to learn a model for control with
minimal experimentation.

Autonomous driving at the limits of handling exemplifies
these tradeoffs. In this application, the vehicle may operate
with saturated tire forces close to the road boundaries, and it
is desirable to identify the vehicle dynamics as accurately as
possible prior to deployment. Previous approaches to driving at
the limits leverage MPC with physics-based [5], [6] and neural
network-based [4], [9], [11] dynamics models. Recently, [10]
introduced a neural SDE dynamics model for MPC where
the parameters of the SDE are sampled from a diffusion
model conditioned on online observations, enabling passive
online adaptation during task execution. Our proposed active
learning framework complements these works, enabling the

Fig. 2: Curvilinear coordinate system of the vehicle, from [11].

identification of uncertain dynamics as fast as possible prior
to deployment in model-based control.

Active learning approaches to nonlinear system identifica-
tion include methods that maximize information gain [16],
[20], [23], [24]. Our approach relies on similar information-
theoretic ideas to identify uncertain dynamics as quickly as
possible. We leverage a Bayesian modeling approach [25]
to last-layer meta-learning [25]-[29] that is conducive to
information gathering [20]. Compared to driving at the limits
of handling, experiments in [16], [20], [24] involve simulated
or slow-paced robotic systems that do not face the same
challenges of controlling and learning unstable dynamics. [23]
also study active exploration for off-road driving, but use prob-
abilistic ensemble neural networks that are computationally
expensive compared to last-layer meta-trained neural network
models, and penalize the vehicle sideslip which prevents
executing drifting maneuvers. Additionally, as we show in
Sec. V, online adaptation alone may not suffice to reliably
execute drifting maneuvers, even using a meta-learned model
capable of rapid adaptation.

III. BAYESIAN VEHICLE DYNAMICS MODEL

Central to our approach is a vehicle dynamics model that
is expressive, captures uncertainty, and enables rapid online
adaptation. To this end, we combine a physics-based nominal
bike model with a Bayesian last-layer meta-learning model.
The former encodes prior knowledge about the vehicle, while
the latter captures model mismatch and enables rapid adapta-
tion over expressive neural network features. The vehicle state
is expressed in curvilinear coordinates [5], [11], see Fig. 2. As
in [5], [11], we do not use brake inputs in this work. The states
and control inputs of the vehicle are

I:(r7v7/87wT’e’A(p)€Rn7 u:(57T)€Rm7 (1)

where (n,m) = (6,2) are the state and control dimensions,
is the yaw rate, v is the total planar velocity, (5 is the sideslip,
w;- is the rear wheelspeed, e and Ay are the lateral and angle
deviations to the reference trajectory, J is the steering angle,
and 7 is the engine torque, respectively.

The vehicle is modeled with discrete-time dynamics as

Trr1 = fe(T, W) + €k, (2)

where k € N and €, ~ N(0,diag(o?,...,02)) are Gaussian-
distributed disturbances that are independent over time k& and
state dimensions. £ represents unknown parameters of the
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dynamics (e.g., corresponding to unmodeled phenomena) and
iy = (ug, ) includes the control input rate <y = (Sk,r'k)
at time k. Including 7 in 4y and (2) accounts for the fact
that MPC plans (ug,u1,...,uy) are executed by a low-
level controller via linear interpolation on the control horizon.
That is, u(kAt + 7) = uy + 70y with a time step A¢ and
U = (ugs1 — ug)/At for 7 € [0, At).
We approximate the dynamics (2) using the model

Tp1 = h(xg, up) + g(2x) + €, 3

where h is the At-time step Euler integration of a standard
bike model (see Appendix A for details). The residual g in (3)
is modeled by ¢(z) = (g1, - - ., gn)(2) with inputs

2l = ((Ths Vi, Blos Wr k) Uhe, Ukt1),

and each dimension i of g(-) is linear in the learned features
$i(z) € R for some parameters ¢; € R?, that is

9i(z) =0, ¢i(z), i€{l,...n}. 4)

We omit the variables e and Ay since they do not affect the
dynamics of the other state variables, see [5]. That is, given
the state in (1), we let (g5, g6)(2) = 0 for all z.

The features ¢;(-) are neural networks that are learned
jointly with the parameters 60; via last-layer Bayesian meta-
learning [20], [25], [30] to yield an expressive model capable
of rapid adaptation with uncertainty estimates. Specifically,
viewing g;(zr) as a neural network, the last-layer parameter
0; are parameterized using a Gaussian distribution

0; ~ N(0;,020; ), ie€{l,...,n}, (3)

with mean parameters #; and positive definite precision matri-
ces A;/ 02-2. Following [20], we model independent Gaussian
distributions of each 6;, such that the joint distribution for the
last layer parameters (01, ...,0,) are Gaussian distributed.
Computing the posterior: The linear structure of g¢;(z)
enables the computation of the last-layer parameters 6; via
Bayesian linear regression. Specifically, given prior distribu-
tions N (0; 0,02A;, é) for 6;, and a state-control trajectory
Dr = {(zk,xk+1j}£:0, the posterior 6, r|Dr is Gaussian
and can be computed recursively from Q; o = A;00;,0 by

(A e di(z0)) (A () T

AL =ATL -2 : , (6a)
ik+1 — ‘hk 1+¢z(zk)TA;]i¢z(zk)

Qik+1 = Qik + (zi k1 — hi(zr, ug))di(2k), (6b)

0 k1 = Ai—,li+1ink+1' (6¢0)

Moreover, the one-step predictions are Gaussian-distributed,
that is, z; p+1 | Zo:k, Go:k ~ N (Wi k1, Xi k1) With

(7a)
(7b)

fi o1 = hi(Tn, u) + 07 pdi(zr),
Siksr =05 (14 ¢ilzr) AL dilzk))-

With the proposed model, the mismatch between the true
dynamics f and the nominal model & through g is learned such
that the one-step-ahead predictions are Gaussian by design,
facilitating both meta-learning and information gathering.
Offltne Bayesian meta-training: The prior parameters
(65,0, oy ) features ¢;, and noise covariance scalings, o2, are

pre-trained offline to obtain an expressive model that can be
adapted online using the update rule (6). Specifically, given a
dataset of J trajectories corresponding to different parameters
¢ of the true system (2) and a meta-training horizon 7', we
minimize the negative posterior log-likelihood objective

ZZ o, — kg ) + log(det(S)),

j=1k=1

Enll 9 A d)?

where ||y||4 = v Ay and (u{c, Efg) denotes the one-step-ahead
prediction computed by (6) at a time k—1 in dataset j. The
fact that the posterior parameters are obtained via the update
rule is key to learning expressive features ¢ that favor rapid
online adaptation of the model. For further details on Bayesian
meta-learning, we refer to [20], [25], [30].

Implementation details: We process vehicle state data at
10Hz and thus define the discrete-time dynamics (2) and the
model (3) with At = 0.1s. We found that the bike model gives
poor estimates of wheelspeed dynamics, and thus learn the full
wheelspeed dynamics by setting hy(x, ur) = 0. We train the
model using code from [30].

As a dataset, we train on a mix of successful and unsuc-
cessful manual and autonomous drifting data totaling approx-
imately 19 minutes of driving. This data corresponds to 35
different trajectories, i.e., realizations of f¢, and contains a
total of 11382 data points. Following [11], we additionally
augment our dataset with a mirrored set of data by negating the
signs of the yaw rate, sideslip, and steering angle to simulate
turning in the opposite direction. This doubles our dataset size.

For our architecture, we use a tanh-feedforward neural
network for each ¢; with two hidden layers of width 128,
and the dimension of each 6; is 16. Following [20], we share
weights and biases across each ¢; except for their last layer
weights and biases (W(,,, b,,) € R16*128 xR Tn total, there
are 27012 trainable parameters for the neural network, prior
parameters, (@70, A; 0) and noise covariance scalings, 02. We
use a meta-training horizon 7" = 10 and train our model using
Adam with an initial learning rate of 10~3 and an exponential
decay rate of 0.9975 over 1000 epochs.

IV. INFORMATION GATHERING MPC FRAMEWORK

We present an active information gathering framework,
shown in Fig. 3, to identify nonlinear dynamics as fast as
possible for reliable subsequent deployment within MPC.
First, we meta-train a Bayesian vehicle model offline (Sec. III)
using a dataset of vehicle trajectories. Second, we leverage the
model’s expressive feature space ¢ and uncertainty representa-
tion encoded by (6, A1) to safely collect informative data and
refine the model. After this information-guided adaptation, we
leverage the refined vehicle model within an MPC framework
to control the vehicle in challenging driving scenarios such
as drifting. Next, we formulate the optimal control problems
used for MPC and information gathering.

We define an MPC formulation that enables tracking dy-
namic trajectories such as drifting maneuvers parameterized
by a reference trajectory x,.f. To favor smooth control inputs,
we penalize fast changes in the control inputs and define

Ce(z,u,w) = || — Teer k|15 + lu — wl|%,



4 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. AUGUST, 2025
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

Offline On-Vehicle Deployment
Bayesian Compu.te Infonjmation MPC Control
Meta-Training Gathering Trajectory Using OCP

Solving Info-OCP
g0(2) =07 6(2)

Execute & Adapt
= =

Fig. 3: Proposed active information gathering framework.

where (@, R) are positive semidefinite diagonal matrices. We
impose constraints to ensure that the vehicle remains on the
track and that actuators operate within hardware constraints.
To plan over a horizon N from an initial state Tiy, we
formulate an optimal control problem (OCP)

min Y300 G (e, wp, i) ocp (8a)
S.t. Tpp1 = fg(a?k,uk,ukﬂ), ke {0,..., N—l}, (8b)
Lo = Tinit, (8¢)
Umin S Uk S Umax k S {17 "'7N}7 (8d)
emin,k < €k < Cmax ks ke{l,...,N}. (8e)

The quality of solutions to OCP depend on the accuracy of
the model f; parameterized by the last-layer parameters 6:

Jo(@r, uk, ugt1) = h(xg, ug) + g(zi;0),

where g;(21;0) = 0] ¢;(zy) for each i = 1,... n.

Directly deploying an MPC controller that recursively
solves OCP using the prior model parameters 0; o after offline
meta-training may lead to poor performance in practice, even if
one adapts the model online during the task, see Sec. V. These
observations motivate an active data collection approach to re-
fine the model prior to deployment in challenging applications.
Since data collection on a vehicle may be time-consuming
and expensive, this raises the question: What data should we
collect to best identify the unknown dynamics?

The key insight in answering this question is that learning
the model as fast as possible amounts to maximizing the
information gain from future observations, i.e., to maximizing
the mutual information between observations and the true
system (see [31, Chapter 2] and [32, Chapter 8]). The mutual
information between two random variables characterizes their
mutual dependence and provides a quantitative measure for
selecting data that is most informative in identifying the true
dynamics (2). Thus, to steer the system towards regions of the
state-input space with high model uncertainty, we define the
information gathering objective

N—-1 n

1 _
lingo (2, u) := B Z Zlog(l + o A 0dik), )
k=0 i=1
where ¢; = ¢i(Tk, Uk, Uk+1). Using fingo, we define the

information gathering optimal control problem

min 7Oz€inf0(x, u) + Zgziol by (xk, U, uk+1) Info-OCP

s.t. (8b) — (8e), (10)

where a > 0 weighs the information gain compared to the
nominal MPC objective. The nominal costs ¢ encourage
smooth control inputs, and the constraints (8b)-(8e) ensure that
the vehicle remains on the track during data collection.

The information gathering objective (9) is derived in [20]
by leveraging the last-layer uncertainty representation of the
model, g, which yields a closed-form expression of the one-
step mutual information between an observation and the
dynamics. Similar objectives are used for active learning in
[16], [33], [34]. As discussed in [20], {ins, iS an approxi-
mation of the true total information gain over a trajectory,
which is not exactly the sum of the expected information
gains per timestep. We found that incorporating the linear
regression updates (6) in the objective (by defining the cost
linto = %3 0o iy log(1 + ¢ Ajtik) instead) does
not result in a substantial difference in computed trajectories,
while resulting in a more challenging numerical resolution of
the resulting information gathering problem.

The information gathering objective (9) guides data col-
lection toward regions of the feature space that enable rapid
adaptation. As shown in Fig. 3, the procedure of generating
information gathering trajectories and adapting the model on
them can be iterated as many times as needed to lower
estimates of uncertainty. In our experiments, we found that
adaptation on only one or two information gathering trajecto-
ries is sufficient for performing reliable drifting maneuvers, as
shown in the next section.

V. RESULTS

We validate the proposed active information gathering
framework on a Toyota Supra. The states are estimated at a
rate of 100Hz by an OxTS Inertial Navigation System [35],
and the MPC problems are solved at approximately 100Hz on
an on-board computer equipped with a 3.30GHz Intel Xeon E-
2278GE CPU using a standard line search sequential quadratic
programming method [36, Chapter 18] where quadratic pro-
gramming subproblems are solved with the OSQP solver [37].
Reference trajectories for drifting are generated by the method
in [38]. All videos of our experiments are available at https:
//tinyurl.com/d4pmh8kc.

A. What do information-rich trajectories look like?

We compare solutions to OCP with those to Info-OCP.
We define the problems with z,; = (0,7.5,0,7.5,0,0), a
straight-line reference trajectory Ty from Tipi t0 Tref,n =
(0,20,0,20,0,0), and a planning horizon N = 45, cor-
responding to 4.5s-long trajectories. Solutions to OCP and
Info-OCP are executed on the vehicle using a low-level
tracking controller. We record the trajectories and use them
to adapt the Bayesian vehicle model using (6). We refer to
(1) the posterior model adapted on the nominal trajectory
from OCP as Once-OCP-Model and (ii) the posterior model
adapted on the information gathering trajectory from Info-
OCP as Once-Info-Model. We then use Once-Info-Model to
solve Info-OCP again using the adapted model parameters to
generate a second information gathering trajectory. We refer
to the posterior model adapted on both the first and second
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Fig. 4: Nominal and information gathering trajectories. (Top) Over-
head view of the trajectories executed on the vehicle and (Bottom)
corresponding yaw rate, velocity, and control inputs. The duration of
all executed trajectories is 4.5 seconds.

TABLE I: Covariance norms ||A; ||z for the prior model,
Once-OCP-Model (1-OCP-Model), Once-Info-Model (1-Info-
Model), and Twice-Info-Model (2-Info-Model).

A7 ]2 | Prior 1-OCP-Model 1-Info-Model —2-Info-Model
r 3.05 1.43 0.81 0.49
v 27.47 1.36 1.56 0.52
B 1.89 0.56 0.44 0.31
wr 1.57 0.43 0.47 0.39
Total | 33.98 3.79 3.24 1.71

information gathering trajectories as Twice-Info-Model. Ve-
hicle trajectories are shown in Figs. 4. Table I shows the
model covariance values ||A; ! ||o prior to adaptation and after
adaptation on each trajectory, and Fig. 5 shows the models’
predictions for a relevant region of the statespace.

In Fig. 4, we see that although the model is meta-trained
only on drifting data, solutions to Info-OCP are not ex-
actly drifting trajectories. Solutions to OCP roughly follow
the straight-line reference trajectory, whereas the solution to

Prior Model Once-OCP-Model Twice-Info-Model
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£ s y \ ‘/\
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T | ——
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3 0
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Fig. 5: Predictions of the model pre- and post-adaptation on the
information gathering trajectories (see Fig. 4). Mean predictions
43 standard deviations for different steering angles dr = dr41 at
(T'k, Vk s ,B}c, Wr. ks Tk, Tk+1) = (0.97 14.5, —0.45, 21, 200, 200). Ar
denotes (rg+1 — rr)/At and similarly for other state variables.

Info-OCP applies larger engine torques and steers in each
direction to excite the dynamics and provide informative data:
Table I shows that following the solution to Info-OCP helps
identify dynamics quicker than straight-line driving. Finally,
after adapting on the first informative trajectory, the solution
to Info-OCP applies even larger engine torques and steers
the vehicle in each direction to reach larger yaw rates (see
Fig. 4). This helps to reduce uncertainty over the yaw rate and
sideslip dynamics (see Table I). Intuitively, reaching higher
yaw rates may help saturate tire forces and identify uncertain
tire properties. Although solutions to Info-OCP are task-
agnostic, identifying tire dynamics may be key to subsequent
deployment in dynamic drifting tasks.

B. Information gathering enables reliable drifting

Next, we consider the task of drifting a Figure-8 trajectory,
see Fig. 1. This maneuver is challenging due to the fast and
unstable transients during transitions between the circular arcs
of the trajectory, shown in grey in Fig. 6.

We evaluate the performance of three models for MPC:
Once-OCP-Model, Once-Info-Model, and Twice-Info-Model.
To assess the value of the proposed information gathering
procedure in isolation, we do not perform online adaptation
in this experiment. Each model is given three attempts to
drift along the Figure-8, and we present the median tracking
performance of each model in Fig. 6 (additional statistics are
reported in Appendix B). Tracking performance is measured
in terms of the root mean squared lateral error along the
reference.

We observe that Once-OCP-Model is unable to complete
the drift and deviates too far from the reference trajectory
after the first transition. This undesirable large deviation is
a result of the car transitioning from slipping to gripping
after the first transition and then being unable to re-initiate
drifting. In contrast, Once-Info-Model successfully completes
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Fig. 6: Median Figure-8 drifting performance for the prior model after
adapting on the nominal and informative trajectories (Fig. 4). Online
adaptation is disabled for all models. Transitions are highlighted
in grey. Only Twice-Info-Model successfully completes the full
maneuver, also shown overhead in Fig. 1.

the first transition but spins out after the second transition,
whereas Twice-Info-Model is able to complete the full Figure-
8 maneuver, succeeding every time.

Performing at least one round of information gathering
before deployment helps in completing the first transition. We
hypothesize that this is because adapting on trajectories from
Info-OCP results in better estimates of yaw rate dynamics
compared to adapting on the nominal OCP trajectory. Indeed,
Fig. 4 shows that the Info-OCP trajectories excite yaw rate
dynamics more significantly than the OCP trajectory does.
Moreover, Table I shows that adapting on Info-OCP trajec-
tories results in smaller yaw rate covariance norms compared
to adapting on the nominal OCP trajectory, suggesting more
accurate yaw rate dynamics estimates after adapting on Info-
OCP trajectories.

C. Online adaptation may not be enough for reliable control

Having established the utility of the information gathering
and offline adaptation on trajectories generated via Info-OCP,
we now evaluate the efficacy of online adaptation of the
model through the last-layer update rule in (6) on a loops
maneuver shown in Fig. 7. This maneuver is challenging as
the drift is initiated by the MPC controller, in contrast to the
hand-brake initiation done in the Figure-8 maneuver. Thus,
to successfully initiate the drift, it is essential that the model
precisely describes the challenging initial transition between
gripping and sliding.

Online Adaptation
Twice-Iiifo-Model

(R
@ | |
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E. 0 V ‘ ﬂ
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1 T = Twice-Info-Model —_
= r.t = = Reference
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Fig. 7: Best performance in the loops maneuver for the prior
model with online adaptation and the model adapted on informative
trajectories. (Top) Overhead view and (Bottom) time-series data of
key signals. Online adaptation is disabled in the Twice-Info-Model.

We compare the performance of the prior model adapting
online to the model previously adapted on the two information
gathering trajectories from Sec. V-A. We test each of these
models twice and report the best performance of each model
in Fig. 7.

Fig. 7 shows that the model with online adaptation enables
accurate tracking of this challenging trajectory. However,
while it successfully completes the maneuver and eventually
yields accurate tracking, MPC with online adaptation alone
leads to large initial errors, requiring upward of 150 meters to
initiate the drift properly. This poor transient performance may
be problematic for safety-critical applications of controllers for
driving at the limits, e.g., for emergency obstacle avoidance
[39].

In contrast, using the model that has adapted offline on the
information gathering trajectories enables seamlessly drifting
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across all transitions, as shown in the in the plots of the
tracking errors in position, yaw rate, and sideslip angle in
Fig. 7. We postulate that the prior model does not capture the
transition between gripping and sliding accurately enough to
properly initiate the drift. Although the model is meta-trained
to be capable of rapid adaptation with little data, results show
that online adaptation alone from the prior model does not
suffice to initiate the drift seamlessly and leads to a large
transient response. Information-rich data collection prior to
deployment clearly helps in reliably performing this difficult
maneuver while minimizing the transient response.

VI. CONCLUSION

We present an information gathering framework to actively
and efficiently identify nonlinear dynamics for reliable sub-
sequent deployment in MPC. Our approach hinges on an
expressive vehicle dynamics model leveraging meta-learned
features and Bayesian last-layer weight updates for rapid
adaptation. Our results show that collecting informative data
first unlocks reliable few-shot deployment within an MPC
framework, and we expect that these findings translate to other
challenging tasks that involve controlling unstable systems
where small model errors may result in large tracking errors.
This methodology is especially valuable in applications where
passive online adaptation may not be fast enough to correct the
initial model mismatch to complete the task successfully, pre-
cisely because unstable systems are difficult to simultaneously
learn and control.

In future work, the uncertainty estimates encoded in the
Bayesian model could be used in the MPC formulation to
robustify constraints during exploration and task deployment
[20]. These uncertainty estimates could also be used to identify
when a sufficient amount of data is collected or to detect out-
of-distribution behavior [40]. Finally, although the proposed
method is task-agnostic and already demonstrates reliable
performance in challenging drifting tasks, leveraging control-
oriented identification tools [14], [28], [41], [42] may further
enhance the performance of the method and further decrease
the data requirements for information gathering.

APPENDIX A
SINGLE-TRACK BICYCLE DYNAMICS

The nominal dynamics model in (3) consists of a single-
track bicycle model (see e.g. [5], [11]) given by

(aFyfcos(d) + aFyppsin(d) — bFy)/I. T
) (—Fygsin(6 — B) + Furcos(6 — B)+
Fyrsin(B) + Fur cos(B)) /m
8| _ —r + (Fygcos(6 — B) + Fuysin(d — B)+
= Fyr cos(8) — Fyr sin(8)) /(mwv) |
Wr (Gt — ForRy) /1w
é ' vsin(Agp)
AP L B+ 71 — Kretv cos(Ap) /(1 — Krere) ]

where (a,b) are the distances from the center of gravity to the
front and rear axles, respectively, (I,,m) are the vehicle inertia
and mass, respectively, (Ry, Iy) are the wheel radius and the
rear axle inertia, respectively, GG is the gear ratio from engine

TABLE II: Root mean squared (RMS) lateral deviation for
Once-OCP-Model, Once-Info-Model, and Twice-Info-Model over
three attempts of drifting the Figure-8 trajectory. Units are [m].

RMS(e) | Once-OCP-Model — Once-Info-Model — Twice-Info-Model

Best 2.31 1.18 0.61
Median 3.19 1.31 0.83
Worst 7.35 3.64 1.29

TABLE III: Root mean squared (RMS) sideslip angle error eg = S—
Bre for Once-OCP-Model, Once-Info-Model, and Twice-Info-Model
over three attempts of drifting the Figure-8 trajectory. Units are [rad].

RMS(eg) | Once-OCP-Model ~ Once-Info-Model ~ Twice-Info-Model

Best 0.137 0.105 0.068
Median 0.261 0.348 0.070
Worst 0.384 0.526 0.084

to rear axle, ks is the curvature of the reference trajectory,
and (Fyf, Fypf, Fyr, Fy) denote tire forces and are modeled
using an isotropic coupled slip brush Fiala model [43]. Fol-
lowing [5], since we test on a rear-wheel drive vehicle, we set
Fyr=0.

APPENDIX B
ADDITIONAL STATISTICS ON FIGURE-8 TRAJECTORY

We report additional statistics to compare the
performance  of  Once-OCP-Model,  Once-Info-Model,
and Twice-Info-Model for the task of drifting the Figure-8
trajectory from Sec. V-B. In Table II, we present the root
mean square (RMS) Ilateral deviation e over three trials
for each of the three models. We also report the RMS
sideslip angle error, eg = /3 — B, in Table III. Since
neither Once-OCP-Model nor Once-Info-Model successfully
completed the entirety of the Figure-8, we truncated the RMS
computation before the spin out or the manual takeover for
these models. Twice-Info-Model always achieves the lowest
RMS errors and is also the only model that completes the
entirety of the Figure-8 trajectory without ever spinning out.
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