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Abstract— Autonomous mobile robots are actively applied to
execute complex tasks, such as package delivery, autonomous
taxiing, and search-and-rescue. Signal Temporal Logic (STL)
offers a powerful formalism for such complex tasks. However,
designing plans (trajectories) that satisfy tasks formalized by
STL grammar, particularly for nonholonomic systems such as a
car-like robot or a fixed-wing aircraft, is a challenging problem.
This paper proposes a method to generate trajectories for a
multi-robot system with car-like robots to perform complex
tasks specified with STL grammar. The proposed method
solves a nonlinear program (NLP) to construct trajectories with
several constant curvature curves that satisfy the specification.
In doing so, it also guarantees the kinematic feasibility of the
solution trajectories. Extensive simulation studies show that the
proposed method finds satisfying solutions 4× faster than a
model predictive control baseline. Additionally, it is able to
construct trajectories for complex STL specifications that the
baseline fails to satisfy.

I. INTRODUCTION

Autonomous mobile ground robots/vehicles are carrying
out increasingly complex tasks, such as autonomous driving
[1], last-mile package delivery [2], and infrastructure mon-
itoring and surveillance [3]. Signal Temporal Logic (STL)
[4] offers a way to encode complex operating requirements
in a mathematically unambiguous manner. The problem of
designing controllers or generating motion plans for dynami-
cal systems to satisfy STL specifications has been extensively
studied [5]–[8] (see Section II for an overview of relevant
literature).

In this paper, we consider the problem of generating
trajectories for nonholonomic ground robots with curvature
and kinematic constraints, subject to complex tasks encoded
via STL. The nonlinear and nonholonomic dynamics of
car-like ground robots make this a particularly challenging
problem. Similar to [6] and [8], we propose a trajectory
generation method for one or more robots subject to an
STL specification. However, unlike those methods, we aim
to develop a computationally efficient method to generate
trajectories satisfying the STL specification, and are a state
solution to the nonholonomic robot model
Contributions: This paper proposes a method for generating
trajectories for one or more nonholonomic ground robots
subject to an STL specification. The generated trajectories
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1) are provably a state solution to the nonholonomic kine-
matic bicycle model for car-like robots;

2) respect bounds on velocities, accelerations, and maxi-
mum curvature that a robot can realize, i.e., the physical
constraints; and

3) satisfy STL specifications generated using the entire
grammar of STL with bounded temporal operators and
possibly non-convex predicates, i.e., leverages STL’s
full expressivity.

Through extensive simulation studies, we demonstrate
the applicability of the proposed method and highlight its
performance and scalability in multi-robot motion planning
compared to a nonlinear Model Predictive Control(MPC)
baseline [9]. We also implement the method on a 1/10th

scale ground robot and demonstrate the ease of tracking the
generated trajectories via an off-the-shelf controller.
Outline of the paper: Section II presents an overview
of controller design and motion planning approaches for
dynamical systems to realize STL specifications. Section III
presents the required background, introduces mathematical
notation, and formally states the problem we aim to solve.
Section IV introduces a class of feasible trajectories for the
kinematic bicycle model and introduces the optimization for-
mulation for multi-nonholonomic robot trajectory planning
to satisfy STL specifications. Section V presents simulation
case studies and an experimental implementation to validate
the performance of our proposed method. Finally, we discuss
our approach’s limitations and future work in Section VI.

II. RELATED WORK

Control [5, 9], and trajectory planning [6, 8, 10] for dy-
namical systems satisfying an STL specification is now a
well-studied problem. A mixed integer linear programming
based encoding of STL specifications was introduced in
[5], based on the work in [11], and further developed in
works such as [7, 12]. These works are primarily limited
to linear time-invariant systems and do not scale well in
multi-agent settings [9]. Recent works [13]–[15] have devel-
oped time-varying control barrier functions (CBF) to control
systems with STL specifications but are limited only to a
fragment of STL or to convex predicates. Another line of
work [9, 16] develops smooth (continuously differentiable)
approximations of the robust semantics of STL and uses
gradient-based control optimization for systems to satisfy
STL specifications. [17, 18] present sampling-based methods
to satisfy STL specifications with RRT* and biased sampling
respectively. [19]–[21] develop learning-based method to
solve for control actions that satisfy STL specifications.
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To overcome the limitations of scaling such methods to
complex STL specifications, particularly involving multi-
robot systems, [6, 8] instead frame the problem as trajectory
generation via selecting timed waypoints, rather than low-
level control of a dynamical system. In this work, we take a
similar approach. [6] uses quintic splines for trajectories of
multi-rotor aerial robots, and [8] uses piece-wise linear tra-
jectory representations for general dynamical systems. While
a car-like robot can track these trajectories, the tracking
error would be non-negligible and require specially designed
tracking controllers [22]. [10, 23] use Bezier curves to repre-
sent trajectories. The method in [10] generates kinematically
feasible trajectories, which can also be tracked by a car-
like robot well with a low-level controller, but is limited
to STL specifications with affine predicates and does not
explicitly generate trajectories that naturally arise from car-
like dynamics. Here, we develop a trajectory generation
method that can handle the entire grammar of STL, with
non-linear predicates. The trajectories are state-solutions to
kinematic bicycle model and can be guaranteed to respect
the kinematic constraints of a robot. Through an experiment
on a real robot, we also show that an off-the-shelf low-level
controller can track these trajectories well.

III. PRELIMINARIES

We consider nonholonomic ground robots that are mod-
eled via the kinematic bicycle model1 [25]:

ẋ(t) = v(t) cos
(
θ(t)

)
, ẏ(t) = v(t) sin

(
θ(t)

)
,

v̇(t) = a(t), θ̇(t) = v(t)κ(t).
(1)

Here, x(t) and y(t) denote the position of the robot in a pla-
nar coordinate frame, θ(t) the orientation of the robot (with
respect to the positive x-axis), v(t) is the speed of the robot
along the direction of motion, a(t) the acceleration and κ(t)
the curvature at time t seconds. The wheelbase of the robot is
L meters. The steering angle δ(t) of the robot is determined
from the input κ(t) by the relation δ(t) = tan−1(Lκ(t)).
Additionally, We use z(t) = [x(t), y(t), v(t), θ(t)]′ ∈ Z ⊆
R3 × S1 to denote the state and u(t) = [a(t), κ(t)]′ ∈ R2 as
the input to the system at time t.

Furthermore, we define bounds on the inputs and states
for (1). Bounds on position x(t), y(t) are workspace bounds,
orientation θ(t) is unbounded in S1, speed v(t) is bounded
within [v, v̄], acceleration a(t) is bounded in [a, ā], and
finally, curvature κ is bounded in [−κmax, κmax], where κmax
is computed as the inverse of the minimum turning radius of
the model or from the maximum steering angle. We refer to
these bounds as kinematic constraints.

Let R = {1, . . . , R} denote the set of all robots of interest.
We use zr : [0, T ] → Z to represent a trajectory (in 2D
position space, speed, along with orientation) over a time
interval [0, T ] for a robot r ∈ R. For ease of notation, we
drop the subscript r when it is unnecessary. We use Z to

1This is a generalized version of a Dubin’s car [24], controlled by
curvature (or steering angle) and acceleration.

denote the set of all trajectories, or signals, Z = {z | z :
[0, T ] → Z}.

A. A Brief Overview of Signal Temporal Logic

We represent complex tasks using STL [26], a behavioral
specification language that formally represents the desired
behavior of the system over space, time, and multiple
agents/robots. We present a brief introduction to STL and
point the interested reader to [4] for more details. An STL
specification, φ, builds on a set of predicates, where a
predicate is defined as q := µ(z) ≥ 0. Here, µ : Z → R
is a real-valued function. In addition, let I ⊂ R be a non-
singleton time interval, and let ⊤, ¬, and ∧ represent the
boolean true, negation, and AND operators, respectively.
STL also uses the temporal Until operator, UI , defined over a
time interval I . An STL specification, φ, is then recursively
built from these elements using the grammar

φ := ⊤|q|¬φ|φ1 ∧ φ2|φ1UIφ2.

Here, φ1UIφ2 implies that φ2 must hold at some point
in time in the interval I , and until then, φ1 should hold
throughout. Other operators, such as disjunction (∨), impli-
cation (⇒), always (□I), and eventually (♢I) can be derived
from the operators defined above. An STL specification then
can be interpreted as a function that goes from the space of
trajectories to a boolean true or false, i.e., φ : Z → {⊤,⊥}.

Example 1 (Autonomous Overtaking). Consider a case
where a connected autonomous vehicle (CAV), car A, needs
to overtake another CAV (See Figure 1), car B, before an
upcoming exit in a multi-lane roadway shown in Figure 1.
The position of a car j is defined by pj(t) = [pj,x, pj,y]

′ ∈
R2,where, j ∈ {A,B} Car A must safely overtake car B
(which transmits its planned path to car A) by reaching the
green region (G) within the next 40s, at which point it should
be at least two car lengths 2L, where L is the wheelbase,
ahead of car B. The overtake requirement can be encoded
in STL as

φovertake = ♢[0,40](pA ∈ G ⇒ pA,x − pB,x ≥ 2L). (2)

Safety is defined by the two vehicles maintaining a distance
of at least 0.5d in the y-direction and L in the x-direction;
this can be encoded as

φsafety = □[0,40]((|pA,x − pB,x| ≥ L)

∧ (|pA,y − pB,y| ≥ 0.5d)).
(3)

Additionally, the robot’s workspace is limited to the lane
boundaries, but it is not encoded as an STL specification.
Finally, safe overtaking is represented via the specification

φsafe overtake = φovertake ∧ φsafety. (4)

We consider a similar setup as a case study in Section V.
Note that STL was defined initially over continuous time
signals but also applies to discrete-time signals [5].

Remark III.1 (Bounded STL). We consider only bounded
STL specifications in this work, i.e., those requiring only a
finite duration trajectory for evaluation. For example, the
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Fig. 1: Workspace of Example 1, here Car A is expected to
safely overtake Car B before reaching G (4).

specification φsafe overtake requires a trajectory of a duration
of 40s (at the least) for evaluation. We refer to this duration
as the formula horizon and denote it as Hφ for a specifica-
tion φ.

1) Robustness of STL formula: Associated with an STL
specification φ, there exists a robustness function [4] which
can be constructed following the grammar of STL and returns
a robustness value with respect to a signal z, ρφ : Z → R∪
{−∞, ∞}. It has the property that for any STL formula φ, if
ρφ(z) > 0, then z satisfies φ (denoted as z |= z). If ρφ(z) <
0, then z violates φ. The case ρφ(z) = 0 is inconclusive.
There also exists a smooth, or continuously differentiable
approximations of the robustness function [9, 16]. From the
smooth robustness function, ρ̃φ defined in [9], ρ̃φ(z) > γφ
implies z |= φ, where γφ is a tune-able parameter (see
[9] for details). Such a smooth robustness function allows
for gradient-based optimization to maximize it, generating
signals that satisfy a STL specification [6].

B. Problem Statement

In this paper, we develop a trajectory generation method
for solving the following problem:

Problem 1 (Multi nonholonomic robot trajectory planning
for complex tasks). Given a multi-robot task encoded via
the STL specification φ defined over trajectories of R robots
modeled via (1), generate trajectories zr ∀r ∈ R such that:

1) Task satisfaction: (z1, . . . , zR) |= φ, i.e., all robots
satisfy the STL specification φ, which is defined over
trajectories of all robots in R.

2) All trajectories zr are valid state solutions to the
kinematic bicycle model (1).

3) Kinematic feasibility:2 The trajectories respect pre-
defined bounds on speed vr(t) ∈ [v, v̄], acceleration
ar(t) ∈ [a, ā], and curvature κr(t) ∈ [−κmax, κmax] for
all robots r ∈ R and for all time t ∈ [0, Hφ].

IV. TRAJECTORY GENERATION FOR SATISFYING STL
SPECIFICATIONS WITH CAR-LIKE ROBOTS.

To solve Problem 1, we aim to generate trajectories of
(1) that solve a given STL specification φ without having to
optimize over the low-level control signal u(t), ∀t ∈ [0, Hφ]
(or its discrete-time counterpart) directly. To do so, we create
trajectories that consist of segments connecting successive

2For simplicity, and without loss of generality, we assume all robots have
homogeneous kinematic constraints and model parameters in (1).

Fig. 2: Two waypoints w0, w1 that are ∆t apart in time
connected by (5).

waypoints, with the waypoints being uniformly spaced in
time with a period ∆t. We define a waypoint wi as:

wi := [xi, yi, vi, ai, κi, θi]
′ ∈ W ⊆ R5 × S1.

Using a slight modification of the parametrization of a
Dubin’s curve defined in [24], the trajectory between two
waypoints w0 and w1 in terms of the states of (1) is

∀t ∈ [0,∆t] :

v(t) = v0 + ta0

θ(t) = θ0 + tκ0v(t)

x(t) = x0 + tv(t) sinc

(
θ(t)− θ0

2

)
cos

(
θ(t) + θ0

2

)
y(t) = y0 + tv(t) sinc

(
θ(t)− θ0

2

)
sin

(
θ(t) + θ0

2

)
(5)

This corresponds to the robot (1) traveling along a curve of
constant curvature κ0 with constant acceleration a0, traveling
from w0 to w1 in time ∆t seconds, as shown in Figure 2.
The boundary constraints of the parametric curve (5) are thus
defined by the initial state of the robot, z(0), and the state
of the robot at time ∆t, z(∆t):

z(0) = [x(0), y(0), v(0), θ(0)]

z(∆t) = [x(∆t), y(∆t), v(∆t), θ(∆t)].
(6)

Lemma IV.1 ( [24]). The parametric equation (5) is a state
solution of the non-holonomic kinematic bicycle model (1).

The interested reader can refer to [24] and [27] for details.

A. Selecting Kinematically Feasible Waypoints

We aim to generate trajectories that respect given kine-
matic bounds for a robot (Problem 1), i.e., ∀t, a(t) ∈
[a, ā], v(t) ∈ [v, v̄], and κ(t) ∈ [−κmax, κmax]. In this section,
we derive constraints on a pair of successive waypoints wi

and wi+1 such that the trajectory segment (5) connecting
them is kinematically feasible for all time t ∈ [i∆t, (i +
1)∆t]. For ease of notation, let i = 0 in the following
discussion.

First, note from (5) that the speed, v(t), monotonically
increases or decreases between two waypoints. Therefore,
it is sufficient to constrain the speed components of the



waypoints to be within the given speed bounds, i.e., v0, v1 ∈
[v, v̄]. From the speed component in (5), we also see that
v1 = v(∆t) = v0 + ∆ta0. Given the acceleration bounds
a(t) ∈ [a, ā], we then also need to ensure that the com-
manded change in velocities does not require acceleration
outside of this bound, i.e.,

a0 =
v1 − v0
∆t

∈ [a, ā] ⇒ v1 − v0 ∈ [∆ta,∆tā]. (7)

Next, we can also impose a bound on the acceleration
along the curve, a0, based on the maximum and minimum
change in speed between waypoints w0 and w1, i.e.,

a0 ∈
[
v0 − v

∆t
,
v̄ − v0
∆t

]
∩ [a, ā]. (8)

Finally, we can pick waypoint curvatures κ0, κ1 such that
they respect the curvature constraint of the robot, i.e,
κ0, κ1 ∈ [−κmax, κmax].

Definition IV.1 (Pairwise waypoint constraint set ∆Wfeas).
Let wi and wi+1 be two waypoints defining the boundary
constraints (6) of the motion primitive (5), then, we say
that they respect a pairwise waypoint constraint denoted
by wi+1 − wi ∈ ∆Wfeas, if the waypoint pair respects the
constraints in (7), (8), ai, ai+1 ∈ [a, ā], vi, vi+1 ∈ [v, v̄], and
κi, κi+1 ∈ [−κmax, κmax].

As discussed above, this ensures that velocities, accel-
erations and curvature is within prescribed bounds for the
trajectory segment (5) connecting the two waypoints wi and
wi+1. This is formalized below:

Lemma IV.2 (Kinematic feasibility of waypoint pairs). If
two successive waypoints wi and wi+1 respect the pairwise
constraint in Definition IV.1, i.e., wi+1 −wi ∈ ∆Wfeas, then
the resulting trajectory (5) connecting them is kinematically
feasible, i.e., ∀t ∈ [i∆t, (i + 1)∆t], we have a(t) ∈ [a, ā],
v(t) ∈ [v, v̄], and κ(t) ∈ [−κmax, κmax].

Proof sketch: The proof follows directly from the construc-
tion earlier in this section, leveraging the parametric curve (5)
that defines the trajectory segment between two waypoints.

Now, given a sequence of N + 1 waypoints, w =
[w0, w1, . . . , wN ], we can then obtain a trajectory of duration
N∆t seconds where each successive pair of waypoints is
connected by the parametric curve in (5). If we constrain
the waypoints according to Definition IV.1, then the entire
trajectory is kinematically feasible.

Remark IV.1. We use the notation fkin(w) to define the tra-
jectory generated by applying (5) to each pair of successive
waypoints,

fkin : WN+1 → Z × [0, N∆t].

We also define a discrete-time version of this trajectory,
sampled at a rate of 1/h Hz as

fh
kin : WN+1 → Z N∆t

h .

Here, we use shorthand WN+1 to denote the Cartesian
product of N +1 spaces defined by W , i.e., WN+1 = W ×
W × . . .×W .

Fig. 3: The figure shows the discretization of the parametric
curve given by (5). Each waypoint is ∆t apart in time, and
all samples are ∆t/h apart.

Figure 3 shows a continuous-time trajectory formed by
three waypoints and the corresponding discrete-time tra-
jectory. Note, ∆t ≫ h, i.e., the time between waypoints
is greater than the discretization period of the low-level
dynamics (1).

B. Trajectory Generation for STL Specifications
We now have a framework to represent (discrete-time)

trajectories for nonholonomic robots (1) via a sequence of
waypoints. We consider N+1 waypoints, per robot, wr, that
are ∆t apart in time and recursively joined by (5).

The resulting (discrete-time) trajectories for all r ∈
R robots are defined by the function F (w1, . . . ,wR) =
[fh

kin(w1), . . . , f
h
kin(wR)], i.e., a mapping from waypoints to

trajectories for each robot following the parametric curve (5).
We can now formulate an optimization over waypoints to

generate discrete-time trajectories for each robot r such that
they satisfy a given task represented by an STL specification
φ, while ensuring that the trajectories are kinematically
feasible (Lemma IV.2).

Given R robots, and their initial states [z1,0, . . . , zR,0]
(positions, speeds, and orientations), we formulate an opti-
mization to maximize the smooth robustness (see Section III)
of the resulting trajectories:

PDBL : maximize
w1, . . . ,wR

ρ̃φ(F (w1, . . . ,wR)) (9a)

∀i ∈ {0, . . . , N − 1}, ∀r ∈ R,

wr,i+1 − wr,i ∈ ∆Wfeas (Definition IV.1) (9b)
ρ̃φ(F (w1, . . . ,wR)) ≥ γφ (9c)



Also included are constraints to account for the initial
states of the robots and on the last waypoint for each robot
such that the terminal speed of each trajectory is zero. We
omit writing these explicitly (above) to avoid clutter. Here,
the objective, ρ̃φ is the smooth robustness over trajectories as
defined in [9], but can be replaced by any smooth robustness
variant such as in [16, 28]. The final constraint requires that
the resulting trajectories have a robustness of at least γφ.
A feasible solution to the optimization (9) is a solution to
Problem 1.

Theorem IV.1. Consider an STL specification φ defined
over R nonholonomic robots (1) with pre-defined kinematic
bounds. Then, given the initial states for R robots a feasible
solution to the optimization (9) generates {w1, . . . ,wR} (a
sequence of waypoints for each robot) such that:

1) The trajectories across all robots, F (w1, . . . ,wR) sat-
isfy the given specification φ in continuous time.

2) The waypoints wr define a trajectory fkin(wr) that is a
state solution to (1) for each robot.

3) The trajectories are kinematically feasible, i.e., satisfy
predefined bounds on speed, acceleration, and curva-
ture.

Proof. We provide a short proof sketch below:

1) Theorem 5.1 in [6] states that for a given specification
φ and a trajectory sampling period of h seconds, we
can find a lower bound on smooth robustness γφ > 0
such that a discrete-time trajectory satisfying constraint
(9c) implies that the continuous time trajectory satisfies
the specification φ.

2) Lemma IV.1 states that each trajectory segment between
two waypoints is a valid solution to (1). By induction
on the number of segments, the trajectory resulting from
connecting N such segments is also a solution to (1).

3) Lemma IV.2 states that if waypoints respect Defini-
tion IV.1, then the resulting trajectory segment is kine-
matically feasible. A feasible solution to the optimiza-
tion (9) also satisfies Definition IV.1 (via constraint
(9b)); hence the resulting trajectory is kinematically
feasible.

The statements above then prove Theorem IV.1.

For a given specification φ and its associated specification
horizon Hφ, the duration of the generated trajectory should
be such that N∆t ≥ Hφ. The number of waypoints, N +1,
and the time between waypoints ∆T are design parameters
in (9); selecting them requires domain expertise.

The trajectories generated by the waypoints selected by
(9) are C1 - continuous. Since the arc segment between
waypoints has constant acceleration and curvature, the com-
manded jerk and steering angles are discontinuous when
the robot transitions from one segment to another. Con-
sequently, the trajectories are not perfectly trackable and
are only kinematically feasible. However, the tracking error
is not noticeable enough to be a practical concern, as is
demonstrated on a real robot in Section V.

Finally, note that the trajectory generation optimization
(9) is a non-convex program; there is no guarantee that it
will result in a trajectory that satisfies the STL specification,
sometimes even in cases where a satisfying solution does
exist. Multi-starting the optimization [6, 9] can overcome
this in practice. However, as we will see in Section V, the
proposed method does generate trajectories that satisfy the
given specifications across all case studies.

V. SIMULATION STUDIES

We demonstrate the performance of our proposed method
through multiple simulation studies. We compare our method
to a baseline: an MPC-based approach [9] to maximize
robustness over a sequence of vehicle controls (acceleration
and steering angle (1)) discretized at a period of h seconds,
spanning over a total of Hφ seconds. The collocation of these
discretized controls are mapped into states for evaluating the
robustness function.

A. Simulation Setup

We consider two modes of operation for both the proposed
method (9) and the baseline:

Boolean mode, where the optimizations terminate after
finding a feasible trajectory that satisfies the specifica-
tion with a robustness value of at least γφ.

Robust mode, where the optimization is set to find trajec-
tories that maximize the robustness function to a local
optimum.

The two algorithms’ modes call for different metrics
for comparing the baseline and proposed approach. For
the Robust mode, we compare the robustness achieved on
termination. We compare the runtime and success rate for
Boolean mode over a stipulated number of runs.

For all evaluations and metrics, we report the mean
and standard deviation over 100 simulations with randomly
generated initial configurations for the robots.

The simulations are of AgileX Limo [29] Robot’s kinemat-
ics, and with the optimization formulated in Casadi [30] with
Ipopt [31] as the NLP solver for both the baseline method
and our proposed method (9). We set the maximum solver
iteration to 50000, i.e., the algorithm is considered to time
out if it does not find a satisfying solution in 50000 iterations.
The reported times and simulations are from Intel i5-9300H
processor (4.1 GHz) and 8Gb RAM running Ubuntu 22.04.
The code is publicly hosted here: https://github.
com/CL2-UWaterloo/drive-by-logic.git.

B. Case Study 1: Reach and Avoid

In an effort to benchmark the performance of our al-
gorithm, we start with a reach and avoid specification. In
this configuration, the robots in the environment are tasked
to reach a goal set G = [8, 12] × [8, 12], while avoiding
each other’s paths by at least d = 1.414 and a set O =
[4, 6] × [4, 6], within T = 30 seconds. Let pr = [xr, yr] be
the position of the robot r ∈ R, Then,

https://github.com/CL2-UWaterloo/drive-by-logic.git
https://github.com/CL2-UWaterloo/drive-by-logic.git


(a) Workspace and generated trajectory visualized for the
reach avoid problem with R = 1 robots and N = 3
waypoints in robust mode.

(b) Workspace and generated trajectories visualized for the
reach avoid problem with R = 6 robots and N = 3
waypoints in robust mode. For an animation of the results
check: https://youtu.be/ZgjFBtyJZeY

Fig. 4: Trajectories generated for the reach and avoid case
study Section V-B in robust mode. Here G is the set to visit
and O to is the region avoid.

φreach avoid =
∧

∀r∈R

♢[0,T ](pr ∈ G) ∧
∧

∀r∈R

□[0,T ](pr ̸∈ O)

∧
∧

∀r1,r2∈R,
r1 ̸=r2

□[0,T ](||pr1 − pr2 || ≥ d)

(10)
Simulation Results. For each value of R ∈ {1, 2, 4, 6},
we generate 100 feasible initial positions, and generate
trajectories by solving (9) to find a feasible solution (Table I)
and robust solution (Table II) for φreach avoid.
Discussion. We observe that the proposed method finds
a satisfying solution faster than the baseline approach in
boolean mode. And, also generates trajectories with higher
robustness value on an average in the robustness mode.
Example plots for the robust mode solutions have been
presented in Figure 4.

C. Case Study 2: Narrow Corridors

Building on the reach and avoid example, we now provide
a complex environment with narrow corridors for the algo-
rithms to solve. The map has multiple obstacles enclosing the
workspace; we denote the set of obstacles as O. The goal
region is G = [12, 14]× [6, 8]. The specification remains the
same as that of reach and avoid (10), except now there are
five obstacles to avoid (see Figure 5).

R Runtime(s)

Baseline Proposed

1 0.21± 0.001 0.03± 0.003
2 0.44± 0.13 0.14± 0.09
4 2.0± 1.13 0.34± 0.19
6 3.3± 1.72 1.06± 0.32

TABLE I: Reach and avoid case study in boolean mode with
N = 3 waypoints. Both methods terminate successfully in
all 100 simulations, and the proposed method computation
time is significantly faster than the baseline.

R Robustness

Baseline Proposed

1 1.99± 0.00 1.99± 0.00
2 1.66± 0.38 1.85± 0.20
4 1.21± 0.23 1.27± 0.16
6 0.99± 0.15 1.04± 0.25

TABLE II: Reach and avoid case study in robust mode with
N = 3 waypoints. Proposed method generates trajectories
with higher robustness on average, than those generated by
the baseline.

Simulation Results. Similar to the reach and avoid experi-
ment, We generate generate trajectories by solving (9). The
boolean mode results have been presented in Table IIIa and
robust mode in Table IIIb.
Discussion. The baseline algorithm times out across all 100
simulations, i.e, does not converge within the maximum
iterations allowed. This is most likely due to the number of
obstacles increasing computational complexity. The proposed
approach satisfies the specification in all 100 simulations. See
Figure 5 for the results.

D. Case Study 3: Open Says Me

Building on the narrow corridors environment, we provide
another map with collaboration required between two robots
to solve it (See Figure 6). Robot r1 is tasked to visit G1, but
r1 is not allowed to enter G2 until r2 visits G3. The robots
are tasked to carry this out in T = 40 seconds, and r2 is to
reach G3 by T1 = 0.75T , to allow r1 enough time to reach
G1. Additionally, the robots have to avoid each other by at
least d distance and all other obstacles in the obstacle set
O = {O1, O2, O3, O4}. The specification is provided as

φpuzzle = ♢[0,T ](pr1 ∈ G1) ∧ (pr2 ∈ G3)U[0,T1](pr1 ̸∈ G2)

∧
∧

r∈R,
o∈O

□[0,T ](pr ̸∈ o) ∧□[0,T ](||pr1 − pr2 || > d)

(11)
Simulation Results. Similar to previous experiment, We
generate 100 feasible initial positions for both the robots
and generate trajectories by solving (9). The boolean mode
results have been presented in Table IIIa and robust mode in
Table IIIb.
Discussion. The baseline times out and does not generates
satisfying trajectories. The proposed approach successfully

https://youtu.be/ZgjFBtyJZeY


(a) Robust mode solution

(b) Boolean mode solution

Fig. 5: These figures present the trajectories generated for the
narrow corridors case study (Section V-C) in both boolean
and robust modes with N = 5 waypoints. The specification
is reach avoid given by (10), the robot is supposed to take
multiple tight corners to reach the final goal G. The baseline
times out and does not generate satisfying trajectories.

Experiment Runtime(s)

Narrow Corridors 1.39± 0.32
Open says me 0.83± 0.66

(a) Boolean mode results.

Experiment Robustness

Narrow Corridors 0.34± 0.12
Open says me 0.49± 0.00

(b) Robust mode results.

TABLE III: These tables present the metrics for narrow
corridors (Section V-C) and open says me (Section V-D) case
studies. The baseline algorithm times out in both studies.

generates satisfying trajectories in all 100 simulations. See
Figure 6 for the results.

E. Case Study 4: Need For Speed

As presented in Example 1, we benchmark an overtaking
scenario.
Simulation Results. The results have been taken with 100
different distances between car A and B. The boolean mode
results have been presented in Table IVa and robust mode in
Table IVb.
Discussion. In robust mode, the baseline and proposed
method achieve similar robustness on an average of 100
simulations. In boolean mode, the proposed method is signifi-
cantly faster than the baseline in generating valid trajectories.

F. Case Study 5: demonstration on a robot

We demonstrate our method on a real AgileX Limo
robot 8, tasked with satisfying a reach-avoid specification

(a) Robust mode solution. To view an animation, visit here:
https://youtu.be/1TnH-z0Vojw

(b) Boolean mode solution. To view an animation, visit here:
https://youtu.be/4GwpWS63VIw

Fig. 6: These figures present the trajectories generated for
the open says case study (Section V-D) in both boolean and
robust modes with N = 6 waypoints. The specification is
given by (11). r1 is unable to visit G1, unless G2 receives
an ”open says me” from r2 visiting G3. The baseline times
out during this experiment.

Algorithm Runtime(s)

Baseline 0.48± 0.03
Proposed 0.16± 0.03

(a) Boolean mode results.

Algorithm Robustness

Baseline 0.48± 0.003
Proposed 0.49± 0.002

(b) Robust mode results.

TABLE IV: These tables present a comparison between
baseline and proposed method in boolean and robust modes
for the need for speed case study Section V-E

Section V-B; We show that the robot, equipped with an off-
the-shelf tracking controller, is able to follow trajectories
generated by our method, satisfying the STL specification.

VI. CONCLUSION

Summary. We developed a non-convex optimization-based
method, drive-by-logic, for generating kinematically feasible
trajectories for car-like robots to satisfy Signal Temporal
Logic specifications. To the best of our knowledge, it is
the first method that generates trajectories, which are state
solutions to the kinematic bicycle model and can handle
specifications involving the full grammar of STL. Extensive
simulations demonstrate that our approach is computationally
faster than a Model Predictive Control baseline and can
satisfy specifications that the baseline cannot.

https://youtu.be/1TnH-z0Vojw
https://youtu.be/4GwpWS63VIw


Car B
Car A

Fig. 7: This figure shows the trajectories generated in robust
mode with N = 10 waypoints, comparing the baseline
(green) and proposed (blue) trajectories. Here, the robustness
achieved for both the trajectories is the same. An animation
viewed here: To view an animation, visit here: https:
//youtu.be/1953Gh-BBSI

Fig. 8: An image of the AgileX Limo robot used
in our studies. An experimental run is shown here:
https://ece.uwaterloo.ca/˜sl2smith/
CCTA2025-Robot-Tracking.mp4.

Limitations. As discussed in section IV-B, the proposed
method is not a complete algorithm in that it is not guaran-
teed to find a feasible solution to (9), even when one exists.
The generated trajectory is also only C1 - continuous.
Future Work. To address the latter limitation, we will extend
the method to account for angular acceleration [32] and the
sharpness of the curves that make up the entire trajectory of
the robot. We will also extend the methodology to motion
planning for other systems, such as an unmanned fixed-wing
aircraft [33].
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