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Abstract— Autonomous racing is a critical research area for
autonomous driving, presenting significant challenges in vehicle
dynamics modeling, such as balancing model precision and
computational efficiency at high speeds (>280 km/h), where
minor errors in modeling have severe consequences. Existing
physics-based models for vehicle dynamics require elaborate
testing setups and tuning, which are hard to implement, time-
intensive, and cost-prohibitive. Conversely, purely data-driven
approaches do not generalize well and cannot adequately ensure
physical constraints on predictions. This paper introduces Deep
Dynamics, a physics-constrained neural network (PCNN) for
autonomous racecar vehicle dynamics modeling. It merges
physics coefficient estimation and dynamical equations to accu-
rately predict vehicle states at high speeds. A unique Physics
Guard layer ensures internal coefficient estimates remain within
their nominal physical ranges. Open-loop and closed-loop per-
formance assessments, using a physics-based simulator and full-
scale autonomous Indy racecar data, highlight Deep Dynamics
as a promising approach for modeling racecar vehicle dynamics.

I. INTRODUCTION

As the field of autonomous vehicles has grown, the
majority of research has been directed towards common
driving situations. However, to enhance safety and perfor-
mance, it is crucial to address the challenges presented by
extreme driving environments. A quickly progressing area
of research, autonomous racing, offers a valuable setting for
this exploration. Recent advances in autonomous racing have
been summarized comprehensively in [1]. Inspired by high-
speed racing, competitions such as the Indy Autonomous
Challenge [2], Fltenth [3], and Formula Driverless [4]
have emerged where scaled and full-size driverless racecars
compete to achieve the fastest lap times and overtake each
other at speeds exceeding 280 km/h. The control software
for autonomous racing must navigate racecars at extreme
speeds and dynamic limits, a feat easily handled by skilled
human racers but challenging for current autonomous driving
systems.

An essential aspect of autonomous racing is the precise
modeling of a vehicle’s dynamic behavior. This encompasses
using linearized or nonlinear differential equations to capture
motion, tire dynamics, aerodynamics, suspension, steering,
and drivetrain physics. While kinematic models focus on
vehicle geometry, dynamic models delve deeper, estimating
the acting forces to predict future movement, especially
crucial in racing’s nonlinear regions characterized by rapid
vehicle state changes and elevated dynamic loads. Obtaining
precise coefficient values for modeling components like tires,
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suspension systems, and drivetrains is crucial, but extremely
challenging. Determining tire coefficients (e.g. Pacejka co-
efficients [5]) involves extensive testing with specialized
equipment (tire rigs) and significant time [6]. Additionally,
calculating a racecar’s moment of inertia is a laborious
task necessitating vehicle disassembly, precise component
weighing and positioning, and the use of CAD software or
multi-body physics simulations. Frequent recalculations are
also necessary to accommodate varying vehicle setups, track
conditions, and tire wear.

Deep neural networks (DNNs) have proven adept at cap-
turing complex nonlinear dynamical effects [7], offering a
simpler alternative to physics-based models as they obviate
the need for extra testing equipment. Nevertheless, their
substantial computational demands limit their integration for
real-time model-predictive control (MPC), and they can often
generate outputs unattainable by the actual system. Conse-
quentially, this has sparked increasing interest in methods
that combine DNNs with physics-based approaches. For
autonomous vehicles, an example of this approach is the
Deep Pajecka Model [8]. However, this model has limitations
such as reliance on sampling-based control, unconstrained
Pacejka coefficient estimations, and not being tested on
real data. We present Deep Dynamics, a physics-constrained
neural network (PCNN) that to our best knowledge is the
first model of its kind suited for vehicle dynamics modeling
in autonomous racing - a domain characterized by high ac-
celerations and high speeds. This paper makes the following
research contributions:

1) We introduce Deep Dynamics - A PCNN that can esti-
mate the Pajecka tire coefficients, drivetrain coefficients,
and moment of inertia that capture the complex and
varying dynamics of an autonomous racecar.

2) We introduce the Physics Guard layer designed to
constrain estimated coefficients to lie within their phys-
ically meaningful ranges and enforce the physics gov-
erning vehicle dynamics, hence the name ‘“physics-
constrained”.

3) We examine both open-loop and closed-loop perfor-
mance, utilizing a mix of simulation and real-world data
from a full-scale autonomous racing car competing in
the Indy Autonomous Challenge.

Our findings affirm that Deep Dynamics can effectively
integrate with model-predictive control-based (MPC) trajec-
tory following methods, all while leveraging the advantages
of data-driven vehicle modeling without the complications
associated with physics-based modeling.



II. RELATED WORK

Vehicle dynamics modeling is a thoroughly investigated
subject for both passenger autonomous driving and au-
tonomous racing. Physics-based vehicle dynamics models
can vary greatly in complexity, ranging from simple point-
mass to single-track (bicycle) models, to complex multi-body
models [9]. Kinematic and dynamic single-track models
are commonly used for vehicle dynamics modeling because
they offer a good balance of simplicity and accuracy [10].
However, the accuracy of such models correlates with the
accuracy of the model coefficients, which are often difficult
to identify and tune [11]. Researchers have explored a variety
of system identification approaches to learn the parameters of
physics models through observations of the vehicle’s motion.
[12] describes a method to estimate the coefficients for a
vehicle’s drivetrain model and [13] focuses on identifying
tire coefficients. Such methods often make a simplifying
assumption that the model coefficients are time-invariant,
which is not valid in autonomous racing as coefficients may
vary due to changes in racecar setups or tire wear. Hybrid
models that use a combination of data-driven and physics-
based approaches have also been proposed. [14]-[16] use
Gaussian Processes to correct the predictions of a simple
physics model to match observed states. [17] addresses the
same problem using a DNN. These approaches capture time-
variant dynamics but lack interpretability and do not ensure
that corrected predictions will make physical sense.

Purely data-driven models, like in [18] and [19], learn ve-
hicle dynamics using historical observations of the vehicle’s
state and control inputs to train a DNN. [20] proposed the
use of a recurrent neural network with a Gated Recurrent
Unit (GRU) mechanism to accomplish the same task. These
methods have shown the ability to perform well within the
distribution of data they were trained on but, as is the case
with supervised machine learning approaches, they struggle
to generalize on out-of-distribution data. The complexity and
non-linearity of DNNs also limit the use of such models
for model-based predictive control. Additionally, while these
models are great at learning complex patterns in data, they
are not designed to obey the laws of physics and can produce
state predictions that the vehicle cannot physically realize.

Recently, methods combining dynamical equations with
deep learning for vehicle dynamics have been gaining trac-
tion as they adeptly merge the strengths of both approaches.
In the study by [21], hybrid physics and deep learning
models were employed to model lateral dynamics in ships
and quadrotors. Similarly, [22] trained a physics-informed
neural network (PINN) to determine the dynamics of an
unmanned surface vehicle. The closest related work to ours
is the Deep Pacejka Model (DPM) introduced in [8], which
estimates tire coefficients for autonomous vehicles based on
historical states and control inputs. However, as detailed in
Section IV-A, the DPM bears limitations that make it unfit
for autonomous racing. Our research aims to address these
limitations, introducing a new PCNN model suitable for a
real autonomous racecar.

State Variable Notation State Equation

Horizontal Position (m) T 1 = x4 + (Vg, cOSOp — vy, sinb,) T

Vertical Position (m) y Ye41 = Yo + (Vg sin by + vy, cos ;)T

Inertial Heading (rad) 4 Ori1 =0 + (wi)Ts

Longitudinal Velocity (ms™!) v, Vpyyy = Vg, + %(Fm — Fpysind; + muy,we) T
Lateral Velocity (ms~!) vy Uy = Uy, + %(F,.y + Fpy cos 6 — mvg,w;)Ts
Yaw Rate (rads—') w wipr = wi + + (Fpyly cosdy — Fryly )T
Throttle (%) T Typ1 =Tp + AT

Steering Angle (rad) 5 41 =0+ A

Input Variable Notation

Throttle Change (%) AT

Steering Change (rad) Ad

Drivetrain Model
Fyu = (Cont — Cous0)T — Cry — Cgrg
Pacejka Tire Model
ay =0 — arctan “”f,:”"” +Gy  a, = arctan “’l';;”” + G,
Fy, = Ky + Dy (sin (Cy arctan (Byoy — Ey (Byoy — arctan (Bray)))))
F,, = K, + D, (sin (C, arctan (B,a, — B, (Bra,. — arctan (B,a;.)))))

TABLE I
DYNAMIC SINGLE-TRACK VEHICLE MODEL

III. PROBLEM STATEMENT

We begin with a brief overview of vehicle dynamics
followed by the problem formulation.

A. Dynamic Single-Track Vehicle Model

We model the autonomous racecar using a dynamic single-
track vehicle model [10], with the state variables, discrete-
time state equations, and notations listed in Table 1. The
accompanying free-body diagram for this model is shown
in Figure 1. At time ¢, the states of the system are S; =
[@t, Yt, Ot Vg, Uy, , Wi, Tt, O] € R®, and the control inputs
U; consist of changes to the vehicle’s throttle and steering
ie. Uy = [AT:, Ady] € R2. The single-track model (also
known as the bicycle model) makes the assumption that the
dynamics of the car can be described based on two virtual
wheels located along the longitudinal axis of the racecar.
A drivetrain model [14] estimates the longitudinal force at
the rear wheels, F;.., using drivetrain coefficients, C,,; and
Cino, the rolling resistance C.g, and the drag resistance Cj.
Cin1 (N) linearly links throttle, T, to rear-wheel force and
Cma (kg/s) models drivetrain damping. Drag and rolling
resistance forces are simplified as Fj; = Cdvg and F,., = Cyo
respectively, with coefficients Cy (kgm™!) and C,g (N).

The Pacejka Magic Formula tire model [5] estimates the
lateral tire forces on the front and rear wheels, F, and
F,,, inflicted by the vehicle’s movement and steering. The
Pacejka model first calculates the sideslip angles for the front
and rear wheels, oy and «, using state S; and the distance
between the vehicle’s center of gravity to the front and rear
axles, Iy and [,.. The sideslip angles and sets of tire coeffi-
cients for the front and rear wheels, (B,C,D,E,G,K)¢/,,
are then used to estimate the lateral tire forces (Table I).
Additional model coefficients include the mass, m, and
moment of inertia, I, of the vehicle. The set of model coef-
ficients ® = {m, lf, lr, Bf/rv Cf/rv Df/rv Ef/ra Gf/ra Kf/rv
Cmi1,Cm2, Cro, Ca, I} € R? together with the state S; and
the control input U; fully describe the system’s dynamics.
Modeling Assumptions. We make the following modeling
assumptions for the dynamic single-track model used in
this work: 1) The model assumes that the racecar drives
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Fig. 1. The dynamic single-track vehicle model.

in 2D space despite the banking on real-world racetracks.
2) We assume that there is no significant actuation delay
for the control inputs AT, and AJ. 3) We assume that
the vehicle’s mass, m, and geometric properties, [, and
Iy, belong to the set of known coefficients, ®, because
they can be measured in a typical garage. The remaining
coefficients belong to the set of unknown coefficients, ®,,,
because require cost and time-intensive procedures to obtain.
Therefore, & = {®, U ®,}, where &, = {m,ls, [}
and ©, = {By/r, Cp/ro Dyjes Eppes Gppry Kpyro G,
Cma2, Cro, Cyq, I.}. Although the precise values of ®,, are
unknown, we posit that each coefficient is bounded within a
known nominal range, denoted as ¢, < ¢, < Q,.

B. Vehicle Dynamics Identification Problem

In line with the definitions in [8], [20], the evolution
of the model states S; = [T, Y, 01, Vs, , Uy, wi, Ty, 0f) 18
governed by the states X; = [vg,,vy,,wt, Ty, 6] € R® and
the control inputs U; = [AT;, Ad:]. Hence, we exclusively
utilize the state vector X; moving forward. Given a dataset
D = [[Xl, Ul], [XQ, U2]7 ey [XN, UNH, with IV state-input
observations, we first split the data into two disjoint sets
D = {Diriny Dt} with D" used for model identification
and D" for validation. Our goal is to form a model f that,
given the current state X, input U, known coefficients @y,
and estimated coefficients @ut, predicts the next state:

X1 = f(X4, Uy, @, By,) (1)

Since f is realized through the state equations in Table I,
the error between the model output Xt+1 and the observed
X1 is governed by the unknown coefficient estimates @ut.
Given the nominal ranges for the unknown model coefficients
¢, < @, < ®,, model f, training data D" with Nain
samples, the formal problem can be stated as:

N(rain
o1 . R _
arg min — Z(Xi ~X)?st. @, <D, <P, (2

wy i=1

We approach the estimation of <i>ut through a PCNN that
is intrinsically informed by the nominal ranges of ®,,.
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Fig. 2. Deep Dynamics uses a DNN to learn a vehicle’s single-track model
coefficients from historical states and control inputs.

IV. DEEP DYNAMICS

Hybrid models combining physics-based and data-driven
approaches have emerged as effective methods for modeling
non-linear dynamic behaviors. The Deep Pacejka Model
(DPM) [8] uses hybrid models for autonomous driving, yet
its limitations are pronounced when applied to the context
of autonomous racing.

A. Limitations of the Deep Pacejka Model

The DPM uses a neural network to only estimate the
Pacejka coefficients {By/,,Cs/r, Dg/p, Ef/r} C @y, and
rather than using a physics-based drivetrain model, directly
estimates the longitudinal force, F,,, for an autonomous
vehicle given a history of the vehicle’s state and control
inputs. The DNN outputs are then used with the dynamic
bicycle model state equations to predict the vehicle’s sub-
sequent observed state, X; ;. Backpropagating results in a
network that learns Pacejka coefficients and a purely data-
driven drivetrain model that capture the vehicle’s dynamics.

The DPM suffers from several limitations. First, the DPM
solves an unconstrained version of the problem in Equation
2, i.e. there are no bounds on <i>u. This can cause DPM to
produce coefficients outside of the nominal ranges ®, and
®,,, which could result in non-sensical predictions of the
vehicle’s state. Second, the DPM assumes precise knowledge
of the vehicle’s moment of inertia, I,. This is a very strong
assumption because the precise value of I, requires knowl-
edge of the weight distribution of the car. In addition, the
DPM does not have a drivetrain model as there is no learned
relation between the vehicle throttle, 7', and longitudinal
wheel force, F}.,;, which limits the DPM to using PID throttle
control to track V. set by sampling-based MPC rather than
directly controlling 7. More importantly, the Deep Pacejka
Model was designed for low-speed autonomous driving and
not for a high-speed racing environment.

B. Deep Dynamics

We propose the Deep Dynamics Model (DDM), a PCNN
capable of estimating the unknown coefficients for a single-
track dynamical model (Section III-A) that are guaranteed



to lie within their physically meaningful ranges, ®, and @.,.
The model architecture for the DDM is shown in Figure 2.
The DDM is given a history of length 7 of vehicle states and
control inputs, [[X;—, Ui—.], ..., [Xt, Uz]], which is then fed
through the hidden layers of a DNN. We have introduced
a Physics Guard layer which applies a Sigmoid activation
function to the output, z, of the last hidden layer and scales
the result to produce ®,, between the bounds ®, and @,
using

o, =0(2) (¢, —-®,) +9, 3)

-u

A Sigmoid function was used for simplicity, but this mech-
anism could be implemented using any activation function
with finite boundaries. The estimated coefficients and single-
track model state equations are then used to predict Xt+1,
and the backpropagated loss function is computed using

3
£0%) = 3 S - Xy )

i=1
across the state variables [v,,v,,w]. The states T' and &
were not used in the loss function as the change in these
states is determined by the control inputs AT and Ad. In
contrast to the DPM, the architecture of the DDM allows for
longitudinal control using an MPC solver due to the inclusion
of a physics-based drivetrain model. Additionally, the DDM
does not assume prior knowledge of the vehicle’s moment
of inertia, I,. Finally, the Physics Guard prevents the DDM
from estimating non-sensical single-track model coefficients.

C. Model-Predictive Control with Deep Dynamics

For closed-loop testing, we use MPC to control the
vehicle’s steering and throttle. An optimal raceline, W €
R"™*2 containing a sequence of n reference points w; =
[Tret,is Yrer,i] € R? is tracked using MPC by solving for the
control inputs, Uy, ..., Uy _1, that minimize the cost function

ZH o — AT

. h — dref,h h

arg min ’ —|- (5)
UossUn—1 jy Yh = Yretin || hz:% Ady, R

across the forward prediction horizon H. The first term,
the tracking cost, penalizes deviations from the optimal
raceline using the cost matrix @ € R2*2, The second
term, the actuation cost, penalizes rapid steering and throttle
changes using the cost matrix R € R?*2, Once the optimal
series of control inputs Uy, ..., Ug_1 have been derived, the
controller can enact Uy and repeat this procedure.

At time ¢, Deep Dynamics is used to predict the vehicle’s
trajectory over the forward horizon, H, by first estimating
model coefficients <f>ut using the observed states and control
inputs from times ¢ — 7 to t. These coefficients are held
constant and used by MPC to propagate the predicted state
of the vehicle from time ¢ to ¢ + H. Holding i)ut constant
throughout H allows an MPC solver to compute steering and
throttle commands that minimize Equation 5 without having
to differentiate through the DDM’s hidden layers, making it
feasible to run in real-time.

Sim Data Real Data
Coefficient Min Max Min Max
By, 5.0 30.0 5.0 30.0
Cy/r 0.5 2.0 0.5 2.0
Dy,p 0.1 1.9 100.0  10000.0
Ey )y -2.0 0.0 -2.0 0.0
Ky, -0.003  0.003 -300.0 300.0
Gyr -0.02 0.02 -0.02  0.02
Cm1 (N) 0.1435  0.574 500.0  2000.0
Cro (kgs™')  0.0273  0.109 0.0 1.0
Cro (N) 0.0259 0.1036 0.1 1.4
Cq(kgm™1)  1.75e-4 7.0e-4 0.1 1.0
I, (kgm?) 1.39e-5 5.56e-5 500.0 2000.0

TABLE II

COEFFICIENT RANGES FOR THE DYNAMIC SINGLE-TRACK MODEL

V. EXPERIMENTS & RESULTS
A. Training and Testing Datasets

The open-loop performance of the DDM and DPM was
evaluated on both real and simulated data (shown in Figure
3). Real world data D,., was compiled from a full-scale Indy
autonomous racecar [23]. State information was sampled at
a rate of 25 Hz from a 100 Hz Extended Kalman Filter
that fuses measurements from two GNSS signals with RTK
corrections and their IMU units. The training data, Dg;il“,
consisting of 13,418 samples was collected at the Putnam
Park road course in Indianapolis, while the test set, Dﬁggﬁ, was
curated from laps at the Las Vegas Motor Speedway and con-
sists of 10,606 samples. Simulation dataset, Dsjp,, contains
ground-truth vehicle state information from laps driven in
a 1:43 scale racecar simulator [14], where the ground-truth
coefficient values ® are known. Data was collected from two
different track configurations at 50 Hz using pure-pursuit to
drive the vehicle along a raceline. Track 1 was used to form
the training dataset, Dg;ﬂ“, and Track 2 was used for the

testing dataset, D%, with both having 1,000 samples.

sim?

B. Nominal Model Coefficient Ranges

The Physics Guard layer requires bounds @, and ®,, for
each model coefficient ®, estimated by Deep Dynamics.
Table II outlines the coefficient ranges for both simulation
and real-world data. The ranges for Pacejka coefficients were
set using the bounds described in [24]. For the scaled-down
simulation vehicle, Dy /,’s range was adjusted to reflect a 1
N normal force. The simulator’s acceptable range dictated
the adjustment for Ky /... Model coefficients in the simulator
are known, so ranges for the simulation vehicle’s drivetrain
coefficients and moment of inertia were created artificially
by halving and doubling the ground-truth values. For the real
vehicle, the range for the moment of inertia, 1., was set using
an estimate of 1,000 kg m? provided by Dallara. The ranges
for the drag resistance, Cy, and rolling resistance, C,.o, were
determined by halving and doubling estimated values from
[25]. The range for drivetrain coefficient C,,; was set using
the engine specification for Indy cars and the coefficient
range for C,,2 was set to account for minor damping.
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Fig. 3. A real-world, full-scale autonomous racecar was used to collect

data at the Putnam Park Road Course and Las Vegas Motor Speedway. In
simulation, laps were driven on Track 1 and Track 2.

v, (Mm/s) vy (m/s) w (rad/s) Displacement (m)
RMSE €max RMSE €maz  RMSE €00 ADE FDE

DPM (GT) 0.0343 0.2017 0.1252  0.6762 4306 30.606 0.0302  0.0942

Sim DPM (+20%)  0.0270 0.2030 0.0889  0.5625 2747 23930 0.0263 0.0764
Data  DPM (-20%) 0.0331 0.2012 0.1202  0.6814 3.578 35.892 0.0467  0.1280
DDM (ours) 1.506e-5 1.051e-4 1.83%¢-4  0.0013  0.0096 0.0549 3.77e-5 1.15e-4

DPM (GT) 0.0371 1.0390 0.1360  0.3123 0.0534 0.1795 0.2428  0.5644

Real DPM (+20%)  0.0339 1.0346 0.1306  0.3178 0.0322 0.0889 0.2400  0.5575
Data DPM (-20%) 0.0347 1.0259 0.1342  0.3323 0.0471 0.1397 0.2384  0.5543
DDM (ours) 0.0312 0.7976 0.0730  0.1837 0.0187 0.0788 0.1827  0.3840

TABLE III

OPEN-LOOP MODEL PERFORMANCE

C. Evaluation Metrics

The root-mean-square error (RMSE) and maximum error
(€maz) for the predicted longitudinal velocity, v,, lateral
velocity, vy, and yaw rate, w, were measured to compare each
model’s one step prediction performance. In addition, we also
generate horizon predictions using the estimated coefficients
of each model and compute the average displacement error
(ADE) and final displacement error (FDE) [26]. A time
horizon of 300ms was used for generating trajectories on

DE and a horizon of 600ms was used for D).

D. Open-Loop Testing

To highlight the limitation of presuming precise knowl-
edge of the moment of inertia, I,, we trained three distinct
iterations of the DPM: one given the ground truth value,
termed DPM (GT); another with a value inflated by 20%,
labeled DPM (4+20%); and a third with a value reduced by
20%, referred to as DPM (-20%). The DPM (GT) offers a
comparison against the best possible DPM while the others
provide a comparison against more realistic models. While
the choice of a 20% deviation is arbitrary, it serves to emulate
real-world scenarios where the exact value of I, is unknown.
Table III shows the RMSE, ¢€,,4.» ADE, and FDE for the
DDM and DPM variants on D&% and DS In simulation,
the DDM outperforms all variants of the DPM by over 3
orders of magnitude in terms of both RMSE and €,,,4, on v,
and w, and 2 orders of magnitude for RMSE and €,,,, on
vy. On real data, DDM surpasses the DPM and its variants
in terms of RMSE and ¢,,,4, by over 8% for v,, 56% for
vy, and 53% for w in comparison to the best DPM. DDM’s
ability to predict velocities with high accuracy translates into
more precise future position predictions, as evidenced by its

—— DDM (ours) —— DPM (GT) —— DPM (+20) —— DPM (-20)
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Fig. 4. Timestamped trajectories for MPC run using estimated coefficients
from DPM (GT, +20, -20) and DDM in the vehicle dynamics simulator.

B; C; D; E; B, G, D, E, T

Actual 5579 1200 0192 -0083 5385 1260 0.173 -0019 2.78¢5
gim DPM(GT) 4010 0616 0499 1554 -1897 0790 0763 8542  NA
Data DPM (+20%) -1455 0.654  -0.646 2335 1283 0792 -0763 5920  NA

DPM (-20%) -1.156 0.614 -0.662 5329 -1.175 0.695  -0.725 9.823 NA

DDM (ours)  5.566  1.203 0.192  -0.081 5.505 1.237  0.174  -0.070  2.78e-5
Range 5-30  0.5-2 100-10000 -2-0  5-30  0.5-2 100-10000 -2-0  500-2000
DPM (GT) 12.845 12356 2033.892 23.873 8.377 7.892 -1327.340 4.291 NA

g:?; DPM (+20%) 5.763 -28.338 -1249.052 27.035 0.095 9.587 863.780 12.189 NA

DPM (-20%) 11.739 12335 1109.978 49.836 4.823 3.056 -703.947 28.165 NA
DDM (ours) ~ 6.630  1.047 3451.427 -1.051 15426 0.777 5335260 -0.733 1938.432

TABLE IV
COMPARISON OF ESTIMATED MODEL COEFFICIENTS

lowest ADE, and FDE across both simulated and real data.
Even when given the ground-truth value of I,, the DPM still
exhibited ADE and FDE nearly 2 orders of magnitude worse
for both metrics. The best DPM on the real data performed
worse as well, with 26% higher ADE and 36% higher FDE.

The models were also compared (shown in Table IV)
by examining their average Pacejka coefficient estimates to
evaluate generalization and alignment with physics. Known
simulation coefficients provided a benchmark for the sim-
ulation data, while nominal coefficient ranges informed the
assessment for the real data. The DPM’s estimated Pacejka
coefficients for both simulation and real data diverged signif-
icantly from anticipated values, being either an order of mag-
nitude different or contrary in sign. Conversely, the DDM
produced estimates closely matching ground-truth values
(highlighted in Table IV) in simulation including accurately
gauging the vehicle’s moment of inertia [,. Furthermore,
the Physics Guard layer ensured that the coefficients derived

from DN generalize to differing track conditions in D,

E. Closed-Loop Testing

Closed-loop testing and comparison with DPM was per-
formed using the MPC implementation described in Sec-
tion IV-C. For DPM, a PID controller was used for throttle
control (as opposed to a sampling-based MPC controller in
the DPM paper). Figure 4 plots the time annotated traces
for each model. Racing-relevant metrics such as lap time,
average speed, and track boundary violations are reported
in Table V for a single lap with an initial v, of 0.1lms~*.
DDM results in the fastest lap time of 5.38s while incurring 0



Model Lap Time (s) Average Speed (m/s) Track Violations
DPM (GT) 6.16 1.721 2
DPM (+20) 6.00 1.732 3
DPM (-20) 5.94 1.728 3
DDM (ours) 5.38 2.010 0
TABLE V

CLOSED-LOOP RACING ANALYSIS

GRU Layers History (7) Hidden Layers Layer Size Batch Size Learning Rate

Ranges 0-16 0-16 0-16 16 - 512 2-64 le-4 - le-2
Sim DPM 8 10 2 108 16 2.8e-3
Data  DDM 7 5 16 436 2 1.4e-4
Real DPM 5 16 1 254 16 4.4e-4
Data  pDM 3 15 2 188 64 1.9e-3

TABLE VI
TUNED HYPERPARAMETERS FOR SIMULATION AND REAL DATA

boundary violations, and achieving the highest average speed
of over 2ms~! (naively extrapolated to 311 km/h as this
is a 1:43 scale simulation). The inference time for DDM
measured on a GeForce RTX 2080 Ti was approximately
700Hz, making it suitable for real-time implementation.

F. Hyperparameter Tuning

To ensure a fair comparison, rigorous hyperparameter
tuning was conducted for both the DDM and DPM. Table VI
presents the optimal hyperparameters for each model, derived
from each dataset, and includes the search ranges utilized.
The learning rate, batch size, number of hidden layers, size
of hidden layers, and the number of historical timesteps, 7,
were all considered hyperparameters. Exploration of network
architectures included fully connected networks and Gated
Recurrent Units (GRU), with GRU models outperforming.
Both models used the Mish activation function for the hidden
layers and were optimized using Adam.

VI. CONCLUSION

We present Deep Dynamics, the first PCNN vehicle dy-
namics model designed for use in autonomous racing. The
network is capable of learning coefficients for a dynamic
single-track vehicle model that accurately predicts the vehi-
cle’s movement with little knowledge of its physical proper-
ties. The Physics Guard layer ensures that these coefficients
remain in their physically meaningful range to guarantee the
network obeys the laws of physics and improves general-
ization to unseen data. Our proposed work outperforms its
predecessor in both open and closed-loop performance in a
vehicle dynamics simulator and data collected from a real-
world, full-scale autonomous racecar. Future work includes
further closed-loop testing, starting with a high-fidelity rac-
ing simulator, leading to deploying Deep Dynamics on a
full-scale autonomous Indy racecar to demonstrate real-time
performance and feasibility. In addition, in this work, the
single-track model coefficients in the simulator were held
constant, but we are also interested in investigating the
performance of the DDM when these coefficients vary with
time.
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