arXiv:2409.09523v2 [cs.RO] 5 Mar 2025

This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after which this version may no longer
be accessible.

Lab2Car: A Versatile Wrapper for Deploying
Experimental Planners in Complex Real-world
Environments

Marc Heim, Francisco Sudrez-Ruiz', Ishraq Bhuiyan, Bruno Brito!, Momchil S. Tomov
Motional AD Inc.
{marc.heim, ishrag.bhuiyan,momchil.tomov}@motional.com

Abstract—Human-level autonomous driving is an ever-elusive
goal, with planning and decision making — the cognitive func-
tions that determine driving behavior — posing the greatest
challenge. Despite a proliferation of promising approaches,
progress is stifled by the difficulty of deploying experimental
planners in naturalistic settings. In this work, we propose
Lab2Car, an optimization-based wrapper that can take a
trajectory sketch from an arbitrary motion planner and convert
it to a safe, comfortable, dynamically feasible trajectory that
the car can follow. This allows motion planners that do not
provide such guarantees to be safely tested and optimized
in real-world environments. We demonstrate the versatility of
Lab2Car by using it to deploy a machine learning (ML) planner
and a classical planner on self-driving cars in Las Vegas. The
resulting systems handle challenging scenarios, such as cut-ins,
overtaking, and yielding, in complex urban environments like
casino pick-up/drop-off areas. Our work paves the way for
quickly deploying and evaluating candidate motion planners
in realistic settings, ensuring rapid iteration and accelerating
progress towards human-level autonomy.

Index Terms—Self-driving cars, autonomous driving, motion
planning, MPC, ML-based planning, classical planning

I. INTRODUCTION

Self-driving cars have achieved remarkable progress to-
wards human-level autonomous driving. Much of this success
is owed to progress in ML-based perception and prediction
[1]-[7], which can attain a human-like understanding of the
scene around the autonomous vehicle (AV). Classical motion
planners relying on handcrafted rules [_8], [9] have similarly
given way to ML-based motion planners that learn the rules
of driving from data [10]-[18]]. ML planning is thought to be
more scalable and better positioned to capture the ineffable
nuances of human driving behavior than classical planning.

However, deploying ML planners in the real world comes
with its own set of challenges, which are often overcome
using techniques from classical planning. For one, naive
trajectory regression does not ensure comfort or even basic
kinematic feasibility, necessitating post-hoc smoothing [|19]-
[21] or hand-engineered trajectory generation [11], [17]].
Ensuring safety poses an even greater challenge, as ML
solutions tend to fail on edge cases that compose the long tail
of the data distribution. Since the opacity of the implicitly
learned rules makes it difficult to predict when such failures
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Fig. 1. Lab2Car is a plug-and-play wrapper that transforms a rough
trajectory sketch into spatiotemporal constraints (a maneuver). The maneuver
defines an optimization problem solved by MPC to obtain a final trajectory
that is safe, comfortable, and dynamically feasible. This enables rapid
deployment and real-world evaluation of planners that lack such properties.
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would occur, it is of paramount importance to institute inter-
pretable guardrails when deploying ML planners in the real
world. Previous authors have achieved this by projecting the
ML trajectory onto a restricted set of lane-follow trajectories
pre-filtered based on hand-engineered rules [[11]], [[17]], an ad-
hoc approach which does not scale to complex, unstructured
scenarios. Other authors [22], [23]] have proposed applying
differentiable model predictive control (MPC) as the final
layer of a neural AV stack to simultaneously ensure safety,
comfort, and feasibility. However, these approaches were not
deployed in the real world and come at the cost of increased
complexity and tight coupling between the MPC and the
planning module.

In all instances, making ML planners or even naive clas-
sical planners deployable requires substantial engineering in-
vestment, which can only be justified if there is strong signal
that they will drive well. Such signal could in principle be
obtained in simulation; however, there is often a substantial
gap between performance in simulation and on the road. As
a result, few experimental planners get evaluated in the real
world, and those that do are often part of bespoke deployment
systems that cannot be readily extended to other planners.

To address this problem, we present Lab2Car, an
optimization-based wrapper that takes a rough trajectory
sketch and transforms it into a set of interpretable spatiotem-
poral constraints — a maneuver — which is then solved using
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Fig. 2. Anatomy of a maneuver (left) and spline-space illustration (right).
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Fig. 3. Lab2Car in real-world scenario. Gray arrowheads denote initial
trajectory sketch from experimental planner. Spatiotemporal constraints
denoted as in Fig. |ZI Connected dark green circles denote predictions for
other agents. Red curve denotes final 8-s open-loop trajectory from MPC.

MPC to obtain a safe, comfortable, and dynamically feasible
trajectory (Fig. [I). The initial trajectory sketch captures the
high-level behavioral intent, while the final trajectory cap-
tures the low-level sequence of commands that the robot must
execute. This division of labor mirrors hierarchical motor
control in biological brains [24] and allows for robust and
safe deployment of a wide range of experimental planners.
Our contributions are as follows:

o A simple yet powerful maneuver extraction algorithm
that converts a trajectory sketch — even a really poor one
— into constraints that preserve the underlying driving
intent while ensuring safety.

o Integration with multiple ML/classical planners and a
state-of-the-art MPC solver as part of a full AV stack.

« Evaluation on 2000+ resimulated scenarios from real-
world drive logs using a high-fidelity simulator.

o Deployment on a real AV and evaluation on the road.

II. MANEUVER DEFINITION

The input to Lab2Car is a path or trajectory sketch
7 = {(@k, Yk, tr)}1—," consisting of a sequence of K
Cartesian waypoints (zy,yx) with optional timestamps ¢y.
The trajectory is then converted to a maneuver: a set of

spatiotemporal constraints (continuous in the spatial domain
and discrete in the temporal domain) that define the feasible
space of trajectories over the planning horizon (Fig. [2] left).
Similarly to control barrier functions [25]—[27], the maneuver
implicitly defines a safe region, while also optimizing for
comfort and similarity to the trajectory sketch.

The baseline trajectory is modeled as a 2D quartic cardinal
B-spline [28] (Fig. 2] and Fig. 3] blue curve). The spline is
defined by a set of IV control points and corresponding knot
vectors. The knot vectors are placed at spline progress values
p from 0 to N, The spline basis functions are valid within
the domain spanning from 1.5 to N — 2.5, ensuring that the

- spline is smooth and well-defined across this range.

This baseline spline serves as the reference axis of a
curvilinear coordinate system which defines all subsequent
trajectory constraints in terms of longitudinal (along the
spline) and lateral (orthogonal to the spline) components.

Tracking references are defined as a time series
(Pref(t), vres(t), arer(t)), specifying the progress, longitudinal
velocity, and longitudinal acceleration, respectively, that the

| AV should aim to achieve at each time point ¢ of the

discretized planning horizon (Fig. 2} blue arrows). These do
not apply if 7 is a path (i.e., has no timestamps).

Lateral constraints are formulated as 1D spline func-
tions extending along the baseline spline, representing the
driveable space boundaries at each time point ¢ (Fig. 2]
and Fig. [3] green curves). These constraints are seg-
mented into “hard” and ‘“soft” constraints for both the
left and right boundaries, indexed by spline progress:
Viefthard () Viefsoft (D) Vrighthard (P), Vrightsoft (P)- A separate set
of constraints is defined for each time point ¢ (omitted).

Longitudinal constraints are defined as a time series
(Prower (t), Pupper(t)) specifying the lower and upper bound on
progress, respectively, at each time point ¢ of the planning
horizon (Fig. [2] and Fig. [3] yellow and red lines).

III. MANEUVER EXTRACTION
A. Baseline fitting

Fitting the baseline proceeds in two steps.

Step 1: Determining spline progress: Initially, the
progress value pj, for each waypoint point along the spline is
calculated to reflect the cumulative distance along the path:

0 if k=0

A Wi —1—wil|
Pk-1+ g

s |
Pr otherwise )
Here, wj, = [y, yx] are waypoint vectors and distyqy is
the target distance between control points on the spline.
Step 2: Control point optimization: The control points
C of the spline are computed using a least squares method

by solving:

B
[Wo,wl,...,WK,1,0,O7...,O]T% -C ()
CregR
. . R T
B xn = [b(po), b(p1),. .., b(Pr—1)]", (3)

where C' is a N x 2 matrix of control points, b is the
spline basis function, R is a second-order regularization
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Fig. 4. Lab2Car rescuing bad trajectory sketches in synthetic scenarios. Color coding as in Fig.

matrix which penalizes excessive curvature, and ¢, is the
regularization coefficient.

B. Projection of dynamic obstacles onto baseline

Detections and predictions for other dynamic road entities,
such as vehicles and pedestrians, are represented by time
series of convex hulls subsampled to sets of (z,y) points.
The sampled points are then transformed into a curvilinear
coordinate system aligned with the baseline, referred to as
“spline-space” (Fig. [2| right). In this coordinate system,
each point is expressed as (p,n), where p denotes progress
of the closest point along the spline and n represents the
lateral deviation from the spline. The resulting (p, n)-points
determine the dynamic constraints.

C. Projection of static obstacles onto baseline

The map is represented by a raster in which each voxel
is labeled as “drivable” or “non-drivable”. At uniformly
sampled points along the baseline, a ray cast perpendicular to
the baseline in both directions finds the nearest non-drivable
voxels in the map raster (Fig. [2| right). The resulting (p, n)-
points determine the static constraints.

Note that a similar procedure could be used for the dy-
namic obstacles if they were rasterized rather than vectorized.

D. Constraint computation

Tracking references are computed by projecting each
waypoint (z,yy) onto the baseline to obtain peer(ty). Lon-
gitudinal velocity ver(t) and acceleration ar(t) references
are approximated using finite differences.

Dynamic constraints are determined as follows:

« Dynamic obstacles farther than a certain threshold (i.e.,
whose closest point has n greater than the threshold)
impose lateral constraints only.

« Dynamic obstacles closer than the threshold can impose
both lateral and longitudinal constraints, determined
separately for each point based on another threshold.

Static constraints are lateral by default, unless n is below
a certain threshold, in which case they are longitudinal.

Stay-behind or stay-ahead: Longitudinal constraints can
be imposed differently depending on the assumptions about
the experimental planner. We consider two regimes:

e Stay-behind: the initial position of the AV must
always fall within the longitudinal bounds. Formally,
plower(t) < prear(o) < pfront(o) < pupper(t) Vt, where
Drear(t), Drront (t) are the progress values of the rear
bumper and the front bumper of the AV at time ¢,
respectively. In other words, the AV always stays behind
(i.e. yields for) dynamic obstacles predicted to cross its
path. This is suitable for planners that output a path (i.e.,
no timestamps) or that do not take dynamic road actors
into consideration.

e Stay-ahead: the planned position of the AV must
always fall within the longitudinal bounds. Formally,
plower(t) < prear(t) < pfrom(t) < pupper(t) Vt. In this
regime, the AV may stay behind or stay ahead of other
actors, depending on its predicted relative position along
the baseline. This is suitable for planners that output
trajectories and take other road actors into consideration.

E. Lateral constraint fitting

The lateral splines are fitted to the samples using quadratic
programming [29]], which maximizes the available space
within the lateral constraints, subject t0 Viefinara(Pi) < 7
and Yrighchard (i) > n; for every laterally constraining sample
point (p;, n;). Regularization penalizes excessive curvature,
ensuring smoothness of the resulting splines.

IV. MPC FORMULATION

The dynamical system is defined by the state x(¢) =

[p(t),n(t),w(t),v(t),a(t),B(t)] and the control inputs
u(t) = [j(t), AB(t)], where the components are:

State x(¢)

p(t) Progress along the baseline

n(t) Lateral error from the baseline

w(t) Local heading relative to the baseline

v(t) Longitudinal velocity

a(t) Longitudinal acceleration

B(t) Steering angle

Control u(t)
3(t)
AB(t)

The MPC problem can be formulated as follows:

Jerk (rate of acceleration change)
Change in steering angle
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Fig. 5. Lab2Car configurations (ablations).

N-1
min Y £(x(t+ k), u(t + k) + L (x(t+N)) (&)
k=0

subject to x(t + 1) = f(x(¢),u(t)), C(x) < 0, upin <
u(t) < uma, and x(0) = xo,

where:

o {(x(t+k),u(t+k)) is the non-linear stage cost function,

o {y(x(t+ N)) is the non-linear terminal cost function,

e N is the prediction horizon,

o f(x(t),u(t)) represents the state transition model — in

this case, a kinematic bicycle model,

o C(x) represents the non-linear state constraints,

e Upin, Unax are the control constraints,

e X is the initial state.

The non-linear constraint function C(x) includes terms
that ensure the AV remains within the spline constraints
throughout the planning horizon. It also includes terms
balancing various objectives, such as maintaining comfort,
ensuring the AV stays within its operational boundaries, and
minimizing perceived risks.

V. EXPERIMENTS
A. Experimental motion planners

Urban Driver is a regression-based ML planner which
learns to imitate human trajectories from expert demonstra-
tions. We trained an open-source version of Urban Driver
[1301, [31]] on lane follow and ACC scenarios from the nuPlan
dataset [31]].

Proximal policy optimization (PPO) is a reinforcement
learning method for training an agent to maximize a reward
function based on simulated experience. We trained an open-
source PPO implementation [32] on lane follow and ACC
scenarios using a custom simulator.

Intelligent driver model (IDM) is a classical car-
following model which computes longitudinal acceleration
in closed form [33]].

A* search is a classical search-based planner [8]], [34]
which finds an unobstructed path to a goal pose, avoiding
stationary vehicles and obstacles. It respects road boundaries
but ignores lanes, making it suitable for unstructured envi-
ronments like casino pick-up/drop-off (PUDO) areas.

Urban Driver, PPO, and IDM take both static and dy-
namic obstacles into account and output trajectories, making

them suitable for deployment either in the Stay-behind
or Stay—ahead configuration. In contrast, A* ignores
dynamic obstacles and outputs a path, instead relying on
Lab2Car to stay—-behind other road actors.

B. Ablations

In addition to Stay-behind and Stay-ahead, we
compared several control Lab2Car configurations (Fig. [5):

e Baseline: Follow the baseline spline, ignoring way-
points and static/dynamic obstacles.

e Tracking: Track the waypoints, ignoring
static/dynamic obstacles. Only applicable if 7 is a
trajectory with timestamps.

o Map: Track the waypoints (if applicable) and avoid static
obstacles, ignoring dynamic obstacles.

C. Simulation results

TABLE I
CLOSED-LOOP SIMULATION RESULTS
Safety Comfort Progress
Config Coll #)/ Road #)] Accel #) | Dist (m) T
Lab2Car + Urban Driver (lane follow)

Baseline 0.551 0.021 2.030 262.784
Tracking 0.057 0.002 0.203 214.747
Map 0.063 0.001 0.216 214.204
Stay-behind 0.010 0.001 0.763 112.363
Stay-ahead 0.008 0.001 0.718 136.182

Lab2Car + PPO (lane follow)
Baseline 0.062 0.022 2.147 205.178
Tracking 0.051 0.014 0.617 187.514
Map 0.049 0.002 0.644 187.046
Stay-behind 0.020 0.001 1.563 148.713
Stay-ahead 0.016 0.001 1.478 162.141

Lab2Car + IDM (lane follow)
Baseline 0.060 0.031 2.469 239.961
Tracking 0.054 0.015 0.840 210.634
Map 0.057 0.002 0.863 209.957
Stay-behind 0.027 0.001 1.795 162.121
Stay-ahead 0.031 0.004 1.705 175.928

Lab2Car + A* (unstructured)
Baseline 0.02 0 0.98 3540
Stay-behind 0.01 0 0.99 26.83

Coll, front collisions. Road, off-road violations. Accel, longitudinal ac-
celeration violations. Dist, total distance travelled. Values averaged across
1602 lane follow scenarios and 413 unstructured PUDO scenarios.

We first evaluated closed-loop performance on 30-s snip-
pets of real-world drive logs generated by Motional AVs in
Las Vegas (Tab.[l). We used 1602 lane follow/ACC scenarios
for Urban Driver, PPO, and IDM, and 413 unstructured
PUDO scenarios for A*. We used the Object Sim simulator
from Applied Intuition [35], which performs realistic high-
fidelity physics simulation of the entire AV stack.

As expected, more advanced configurations of
Lab2Car consistently improved safety across all planners.
Stay-ahead improved progress over Stay-behind
while maintaining and, in some cases, improving safety.
Note that collisions cannot be reduced to zero, since the
constraints rely on predictions, which maybe inaccurate.

In most cases, improvements in safety came at the expense
of progress and comfort. We hypothesized that this is related
to contradictory and occasionally unsatisfiable constraints,
such as tracking an accelerating trajectory while braking for
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Fig. 6. Lab2Car + Urban Driver on the road: sequential frames from example scenarios (rows) in different Lab2Car configurations (left) and corresponding
open-loop resims (right) at the reference frame (¢, = O s). Each row is from a unique scenario run. Resims performed with factual (bold) configuration
(i.e., the one used on the road) and one counterfactual configuration. In left (on-road) panels, open-loop trajectory denoted in pink. In right (resim) panels,

color coding as in Fig. EI Resim, resimulation. See supplementary video for corresponding clips.

an obstacle. To investigate this, we evaluated Stay-ahead
without the tracking references (Tab. [[I). This resulted in
improved progress with small reductions in safety, suggesting
that this trade-off can be navigated by relaxing constraints.

TABLE II
CLOSED-LOOP SIMULATIONS WITH/WITHOUT TRACKING
Safety Comfort Progress
Config Coll #) ] Road (#) ] Accel #) ] Dist (m) 1
Lab2Car + Urban Driver, Stay-ahead
With tracking 0.008 0.001 0.718 136.182
W/o tracking 0.019 0.001 1.021 182.939
Lab2Car + PPO, Stay-ahead
With tracking 0.016 0.001 1.478 162.141
W/o tracking 0.028 0.002 2.345 171.433
Lab2Car + IDM, Stay-ahead
With tracking 0.031 0.004 1.705 175.928
Wr/o tracking 0.029 0.003 2.717 188.236

Notation as in Tab[Il

D. Real-world driving

We deployed Urban Driver and A* using Lab2Car on
Motional IONIQ 5 self-driving cars in Las Vegas. Perception,
prediction [36], and mapping inputs were provided by the
corresponding modules of the Motional AV stack. All drive
tests were conducted with an experienced safety driver ready
to take over in case of unsafe behavior. Representative
scenarios are included in the supplementary video.

Lab2Car + Urban Driver on private track: We staged 8
ACC and 9 cut-in scenarios on a private test track (Tab. [ITI}
top). As a baseline, we used the Map configuration, which
resulted in two safety-related takeovers as the planner failed
to stop for the vehicle ahead (Fig. [6] top row). Resimula-
tions (resims) confirmed that the ML trajectory would have
indeed resulted in a collision, which the Stay-behind

TABLE III
ON-ROAD RESULTS

Safety Comfort Progress

Config CPTO (#) Accel (#) Dist (m) Time (s)
Lab2Car + Urban Driver (private track)

Map 2 7 264.4 75
Stay-behind 0 27 1327.0 378
Stay-ahead 0 45 1834.1 638

Lab2Car + A* (private track)
Stay-behind [ 0 4 772.4 567

Lab2Car + A* (public road)
Stay-behind [ 0 6 641.3 7022

Abbreviations as in Tab. m CPTO, collision-preventative takeover by the
safety driver. Values totaled for each configuration.

configuration would have prevented (Fig. [ top right). Ac-
cordingly, repeating the scenarios in the Stay-behind
configuration resulted in safe stopping behind the lead vehicle
(Fig. [6l middle row). Performance was similar using the
Stay-ahead configuration (Fig. [6] bottom row). Overall,
the planner slowed and/or stopped successfully for 6/8 ACC
and 9/9 cut-in scenarios.

While Lab2Car corrected the unsafe behavior of Urban
Driver, the planner had comfort issues and repeatedly got
stuck outputting stationary trajectories after stopping, for
reasons unrelated to Lab2Car. We therefore chose not to
deploy Lab2Car + Urban Driver on public roads.

Lab2Car + A* on private track: We similarly staged 4
overtake, 5 yield-then-overtake, and 9 narrow gap scenarios
using the Stay-behind configuration (Tab. [l middle;
Fig. [1} top two rows). The planner performed successfully
in all scenarios, with the exception of getting stuck in one
narrow gap scenario. There were no safety-related takeovers.

Lab2Car + A* on public roads: After rigorously evaluat-
ing Lab2Car + A* in simulation and on the private test track,
we deployed it on the Las Vegas strip. The experimental
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planner was geofenced to casino PUDO areas — dense,
unstructured environments with pedestrians, slowly moving
and parked vehicles, traffic cones, and obstacles. It was
deployed as part of a larger planning system that included
an additional lane-based planner and a selection mechanism
for arbitrating between the two. We only report results for
periods when Lab2Car + A* was driving the AV.

On public roads, Lab2Car + A* showed performance sim-
ilar to the private test track (Tab. [T} bottom; Fig. [7] bottom
two rows). It handled scenarios with multiple lane changes,
jaywalking pedestrians, and multiple passing vehicles (see
video). There were no safety-related takeovers.

VI. CONCLUSION

In this work, we introduced Lab2Car, an optimization-
based method for safely deploying experimental planners
in real self-driving cars. We demonstrated the versatility of
our approach by using it to deploy a ML-based planner
and a classical search-based planner, neither of which could
provide safety, comfort, or even kinematic feasibility on
its own. Results from large-scale closed-loop simulations
showed that Lab2Car can improve safety for a wide range of
experimental planners.

We envision two use cases for Lab2Car: as training wheels
and as a planning component in its own right. For example,
an under-trained Urban Driver can be initially deployed
with the Stay-behind configuration. This can provide
early signal for on-road issues that would be difficult to
detect in simulation, such as issues with comfort or starting
from stop. Unsafe behavior masked by Lab2Car can be

revealed by examining discrepancies between the trajectory
sketch and the final trajectory, as well as by resimulation.
As Urban Driver matures, the configuration can be relaxed
to Stay—-ahead, Map, and finally Tracking, allowing
Lab2Car to support the capabilities of a powerful ML planner.
Alternatively, Lab2Car can become part of the final planning
system. For example, our A* planner outputs a path and does
not take dynamic actors into account, which means it has to
be deployed with the Stay-behind configuration.

Lab2Car streamlines the path from incubating an idea in
the lab to testing it on the car, offering early insights into the
real-world performance of experimental planners at the initial
stages of prototyping. This can allow researchers in academia
and industry to focus on promising ideas and rule out dead
ends before investing too much effort in polishing them.
We believe this can dramatically accelerate progress towards
resolving the planning bottleneck in autonomous driving and
making a driverless future for all a reality.
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SUPPLEMENTARY MATERIAL

Here we provide additional background and details about
how Lab2Car works and how it was evaluated.

VII. RELATED WORKS

A. Classical planning

Classical approaches treat the planning problem as graph
search [[8], [9] or an optimization problem [9]]. Examples
include A* [37[], RRT [9], [38], PRM* [39]], dynamic pro-
gramming [40], MPCC [41]]. Since the objective function
is often hand-designed, parameter tuning is a painstaking
process and generalization is often poor. As result, classical
planners are often confined to very simple domains (e.g., lane
follow [33]]).

To ensure feasible trajectories, classical planners often in-
corporate vehicle dynamics models in the transition function
(e.g., a bicycle model [42]). Safety and comfort are often
achieved via the objective function. For graph search, this is
often computed locally at each transition [39], [42], pruning
bad states on-the-fly. Optimization-based approaches frame
motion planning as a constrained optimization problem that
is often solved using MPC, which can solve jointly for
safety, comfort, and feasibility [43|], [44]. Hybrid approaches
combine the two techniques, e.g. using graph search to get a
coarse-level path and MPC to optimize the local state transi-
tions [435]]. Control barrier functions (CBFs) have been widely
used as an alternative to MPC to ensure safety efficiently
[25]—[27]]. Crucially, for classical planners, safety, comfort,
and feasibility are often uniquely intertwined with the motion
planning logic, resulting in bespoke planning systems that
cannot be readily unbundled to benefit the deployment of
less sophisticated experimental planners. pose

B. Learning-based planning

Learning-based (or ML-based) approaches attempt to learn
a driving policy from real or simulated data. Examples
include imitation learning [10]], [12]], [46]-[48], reinforce-
ment learning [49]-[53]], inverse reinforcement learning [[11]],
[154]], [55], and combinations thereof [56]. Recently, these
approaches have been boosted techniques from generative
Al [57]-[62]. However, pure ML planning often cannot
guarantee safety, comfort, or even basic dynamic feasibility,
necessitating additional layers that often originate in classical
planning.

One approach is to restrict the solution space to a discrete
set of trajectories generated to satisfy the desired constraints
using hand-engineered rules [4]]. DriveIRL [11]] uses classi-
fication to select from a set of kinematically feasible trajec-
tories that follow the lane and do not lead to unavoidable
collisions. SafetyNet [17] infers a single trajectory which
is projected onto a set of feasible lane fallow trajectories.
While this approach has facilitated real-world deployment
of ML planners like DriveIRL and SafetyNet, it does not
scale to complex scenarios, such as navigation in unstructured
environments, as the trajectory space becomes intractably
large.

Alternatively, ML can be used to approximate different
components of classical planners, such is the value function
in MCTS [63]], [64] or the transition function in MPC [65].
More commonly, classical optimization techniques such as a
PID controller [[19], [20] or MPC [21] are used post-process
the output of a ML planner. Most relevant to our work,
DiffStack [22]] and DIPP [23] include a differential MPC as
the final layer of a neural AV stack. In addition to ensuring
feasibility, safety, and comfort, this allows for the parameters
of the entire AV stack it to be learned end-to-end. However,
this comes at the cost of increased complexity and tight
coupling between the MPC and the planning module, making
the MPC less portable to other planners, especially if they
are not ML-based. Furthermore, to ensure differentiability,
the MPC cost function needs to be smooth, which makes
it challenging to impose hard constraints, such as staying
on the road or avoiding collisions. This can weaken the
safety guarantees, while potentially introducing undesirable
side effects, such as unnecessarily nudging the AV away
from obstacles. Notably, to the best of our knowledge, neither
approach has been used for real-world deployment.

VIII. MANEUVER EXTRACTION
A flowchart illustrating maneuver extraction is shown in
Fig. [§]
A. Control point optimization

The regularization matrix R in Eq. 2] is:

Ry_aoxn=10 0

B. Spline-space conversion

Cartesian points are projected onto the spline by finding the
closest point. This is performed iteratively for each point by
approximating the spline locally as a circle and then finding
the closest point of the circle to the query point (Alg. [I).

Algorithm 1 Iterative closest point search on spline
Input: Spline spline, Query Point g,
Output: Closest Point on Spline
sampled_points < SamplePoints(spline, num_samples)
closest, < argmin_ EuclideanDistance(sampled_points, qp)
for i =1 to 3 do

center, radius < ApproximateAsCircle(spline, closestp)

—_

p

closesty, < closest, + delta,
end for
return spline(closesty)

VRN E LN

—_

C. Lateral constraint fitting

The cost function additionally incorporates a regularization
matrix 12, which governs the rate of change of the spline. This
regularization is represented by:

delta, + ComputeDelta(center, radius, qp, spline, closesty)
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1 1 0 0
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R=10 0o -1 1 .. (6)

This matrix serves to smooth transitions and maintain a
consistent gradient across the spline, aiding in the stabiliza-
tion of the fitted trajectory. This approach ensures that the
spline tubes accurately reflect the spatial constraints imposed
by the surrounding environment.

IX. MPC FORMULATION

The MPC non-linear constraint function is given by:

0.5 W + FL - sin(w) — Yert(p + FL - cos(w))
0.5- W + FL - sin(w) + Yrignt(p + FL - cos(w))
0.5- W — RL - sin(w) — Yiert(p + RL - cos(w))

C(x) =
) 0.5-W — RL - sin(w) + Yigni(p + RL - cos(w))

@)
X. EXPERIMENTS

A. Experimental planners

We evaluated Lab2Car together with four motion planners
that cover two main types of approaches used in the literature
and industry: ML and classical.

1) Urban Driver: We used Urban Driver [10], a ML-
based motion planner which uses regression to learn to
imitate an expert driver using closed-loop rollouts. We
adapted the open-source version of Urban Driver made
public by the authors and trained it on the nuPlan dataset
[30], [31]] [https://github.com/motional/nuplan-devkit/]. We
restricted the training set to lane follow and ACC scenarios.
The input to the model was a vectorized map and a vectorized
representation of the other agents in the scene (vehicles,
pedestrians, bicyclists, etc.) relative to the AV. The output
was a sequence of 16 (z,y)-waypoints corresponding to an
8-s open-loop AV trajectory at 2 Hz. We trained the model
with multistep training: for each scenario, we rolled out the
model for 13 s at 2 Hz and supervised the output open-loop
trajectory at each time step with the corresponding ground
truth expert trajectory using an L2 loss.

2) Proximal policy optimization (PPO): PPO is a rein-
forcement learning method for training an agent to maximize
a reward function based on simulated experience. We trained
an open-source PPO implementation from Stable Baselines
3 [32]] on lane follow and ACC scenarios using a custom
simulator. Specifically, we procedurally generated scenarios
with heuristically driven agents, accumulating roughly 1
billion samples, corresponding to about one year of simulated
driving. The state was the longitudinal position, velocity, and
acceleration of the AV and the lead vehicle (if any). The
action was the longitudinal jerk control. The transition inte-
grated jerk along the lane centerline based on the AV state.
The reward function included a comfort term (penalizing jerk
and acceleration), a collision term, and a desired clearance
term (to the lead vehicle). During inference, we rolled out
the model for 8 s at 2 Hz, using predictions to get the lead
vehicle at each future time step.

3) Intelligent driver model (IDM): The IDM [33]] is a
classical planner for lane following and ACC. It computes
longitudinal acceleration in closed form as a function of the
longitudinal position and speed of the AV and the lead vehicle
(if any). Similarly to PPO, during inference, we rolled out
the model for 8 s at 2 Hz, using predictions to get the lead
vehicle at each future time step.

4) A* search: We used A* [[34]], a classical graph search
algorithm which we adapted for freespace motion planning.
Vertices were defined by a discrete space of (x,y, #)-poses
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and edges were defined by feasible transitions between poses,
with weights representing the relative cost of motion. The
heuristic was an (approximate) lower bound of the cost-to-
go to the target. The input to the planner was a starting pose,
a target pose, and an occupancy grid with the drivable area
and the static agents. The output was a sequence of (z,y, 6)-
waypoints connecting the starting pose to the target pose. The
waypoints did not have corresponding timestamps, so unlike
Urban Driver, the output corresponded to a purely spatial
path with no temporal dimension. This planner was designed
for freespace planning in unstructured environments (e.g.,
parking lots) and ignored dynamic agents, instead relying
on Lab2Car for active collision avoidance.

B. Perception, Prediction, and Mapping

For simulated scenarios, object-oriented representations of
the scene from the simulator were fed to the motion planner
and to Motional’s in-house prediction module [36]], which
generated unimodal 8-s predictions for each actor in the
scene at each iteration of the simulation. These predictions
were used by Lab2Car to compute lateral and longitudinal
constraints for each open-loop time step of the maneuver.
For real-world driving, we similarly used Motional’s in-
house perception system to recreate an object-oriented rep-
resentation of the scene from camera and lidar sensor data.
Perception ran at 20 Hz, while prediction ran at 10 Hz,
at the same rate as planning. We also assume access to
a high-definition map. While robust perception, prediction,
and mapping are critical for both motion planners and for
Lab2Car, they are also integral components of a modular AV
stack and are widely used in industry. Therefore we omit
their details as they fall beyond the scope of this paper.

C. Scenarios

We evaluated Lab2Car using the Object Sim simulator
(formerly Simian) from Applied Intuition [35] on 2000+
closed-loop resim scenarios based on real-world drive logs
generated by Motional AVs in Las Vegas. Each scenario
consisted of a 30-s snippet from the drive log downsampled to
10 Hz. The first 3 s of each scenario consisted of a “warm-up”
period during which the system was run in open loop but its
inputs and outputs were clamped to (i.e., replayed from) the
log. For the remaining 27 s, the system was run in closed loop
at 10 Hz. The open-loop trajectory from each iteration was
tracked by a VDS controller, which was designed to mimic
the dynamics of the real AV. All other actors were replayed
from the log, i.e. they were nonreactive to any deviations of
AV behavior resulting from the closed-loop simulation.

Given the complementary strengths of the two motion
planners, we evaluated them on different sets of scenarios:

1) Nominal Scenarios: We evaluated Lab2Car + Urban
Driver, PPO, and IDM on 1602 nominal lane follow and
ACC scenarios on the Las Vegas Strip similar to those from
the nuPlan training set. They were meant to illustrate how
Lab2Car can act as a rule-based safety wrapper and smoother
for a well-trained but imperfect ML planner.

2) Freespace Scenarios: We evaluated Lab2Car + A* on
413 scenarios from pick-up/drop-off (PuDo) areas of multiple
casinos off the Las Vegas Strip. The unstructured PuDo
environments included irregularly parked cars, slow-moving
traffic, pedestrians jaywalking and getting on and off of
vehicles. They were meant to demonstrate how Lab2Car can
be used in conjunction with a purely spatial planner to allow
progress while ensuring safety in unstructured environments.

D. Metrics

To illustrate how Lab2Car impacts safety, comfort, and
progress, we calculated the following metrics:

o Front collisions (Coll): instances when the AV collided
with a vehicle in front of it. [T

o Off-road (Road): instances when any point of the AV
footprint was outside the driveable area.

e Acceleration violation (Accel): instances when the (ab-
solute) longitudinal acceleration was above a certain
threshold. When decelerating, the threshold was 2.5
m/s? for speeds < 10 m/s and 1.5 m/s? for speeds >
20 m/s, with linear interpolation for in-between speeds.
When accelerating, the threshold was 2.0 m/s2 for
speeds < 10 m/s and 1.0 m/s? for speeds > 15 m/s,
with linear interpolation for in-between speeds.

« Distance traveled (Dist): total distance traveled by the
AV for the entire duration of the scenario.

« Collision-preventative takeovers (CPTO): instances
when the safety driver took over to prevent a collision
(on-road evaluation only).

For simulations, metrics were calculated separately for
each scenario based on the closed-loop trajectory of the AV
and the replayed trajectories of the other actors along the
entire duration of the scenario. We aggregated each metric
across scenarios by averaging for each configuration.

For real-world driving, metrics were computed separately
for each run with a given planner and Lab2Car configuration.

E. Ablations

To study the relative importance of different Lab2Car
components, we evaluated different ablated versions (con-
figurations) of Lab2Car (Fig. [5). We present them here in
order from simplest to most complex, with each subsequent
configuration enabling a superset of the components enabled
in the previous configuration:

e Baseline: We only fitted the baseline spline to the
initial trajectory sketch. No lateral or longitudinal con-
straints were imposed based on the map or other actors
in the scene. No tracking costs were imposed and the
AV was allowed to accelerate to the speed limit. In this
configuration, the system simply generates dynamically
feasible trajectories that follow the spatial (but not the
temporal) intent of the initial trajectory sketch.

e Tracking: In addition to fitting the baseline (as in the
Baseline configuration), longitudinal tracking costs

'We exclude rear collisions from reporting as they would be misleading,
producing many false positives due to the nonreactive behavior of the other
actors in our simulations.
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were imposed at waypoint projections onto the baseline.
These encouraged the AV to reach the corresponding
speed derived from the initial directory sketch at each
corresponding waypoint. No lateral or longitudinal con-
straints were imposed. In this configuration, the system
tracks the intent of the initial trajectory sketch both
spatially and temporally.

e Map: In addition to fitting the baseline and tracking
the waypoints (as in the Tracking configuration),
constraints were imposed based on the map. Specifically,
the lateral tube was restricted to the boundaries of the
drivable area. If the width of the lateral tube shrunk
below a certain threshold (2 m), indicating that the
AV will surely violate the lateral bounds and drive off
the road, a longitudinal constraint was imposed. In this
configuration, the system tracks the intent of the initial
trajectory sketch, while remaining on the drivable area.

e Stay-behind: In addition to fitting the baseline,
tracking the waypoints, and staying on the drivable area
(as in the Map configuration), constraints were imposed
based on the other actors in the scene. Specifically,
lateral constraints were imposed on actors within 4 m of
the baseline, to ensure the AV circumvents them. If an
actor was too close to the baseline (< 2 m), indicating
that driving around them is unsafe or infeasible, a
stay-behind longitudinal constraint was imposed. In this
configuration, the AV was constrained to always stay
behind other actors crossing its path and pass after they
have moved out of the way.

e Stay-ahead: This included all components from the
Stay-behind configuration, namely fitting the base-
line, tracking the waypoints, staying on the drivable
area, and constraints based on the other actors. However,
the longitudinal constraints were computed based on
where the AV was expected to be along the baseline,
according to the waypoint projections. Specifically, if
the AV was expected to be behind an actor at time
t, a stay-behind longitudinal constraint was imposed to
ensure that AV indeed remains behind at time ¢, as in
the Stay-behind configuration. However, if the AV
was expected to be in front of the actor at time ¢, a
stay-ahead longitudinal constraint was imposed instead,
ensuring that AV passes the actor by time ¢. Thus the
AV could either stay behind or stay ahead other actors
crossing its path, allowing for a diverse set of behaviors,
including lane merging and cut-ins.

In stimulation, we evaluated Urban Driver in all con-
figurations. For A*, we only used the Baseline and
Stay-behind configurations. Since our A* implemen-
tation produces a path rather than a trajectory, there are
no timestamps associated with the waypoints, so tracking
references and stay-ahead constraints could not be computed.
Additionally, since the occupancy grid a priori constrains
the search to only consider poses on the driveable area,
the Map configuration produced identical performance to the
Baseline configuration.

On the road, we evaluated Urban Driver in the Map,

Stay-behind, and Stay-ahead configurations, given
the relatively poor performance of the Baseline and
Tracking configurations in simulation.
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