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Abstract— Spatiotemporal planning is critically important in
fields like robotics, logistics, and naval operations, especially
for problem specifications involving multiple constraints. Tra-
ditional approaches place the burden on end users to manually
specify cost functions, constraints, or model parameters, a time-
consuming and laborious process often resulting in less-than-
ideal plans. We present a novel architecture integrating an
LLM-based natural language interface with MILP scheduling
and A* motion planning for multi-constraint spatiotemporal
planning. We validate our LLM-planning approach through a
within-subjects user study using a simulated maritime route-
planning domain against manual control, and against au-
tonomous planning with classical template-based constraint
specification. Results showed our LLM-planning approach not
only improved usability and reduced workload over alternative
input modalities but also maintained the path optimality of
traditional constraint specification interfaces while decreasing
planning time. These findings demonstrate that bridging LLM-
powered interfaces with robust schedulers and motion planners
can enhance human-autonomy interaction in complex planning
tasks, potentially making advanced spatiotemporal planning
tools more practical for a broader range of users.

I. INTRODUCTION

Effective task scheduling and motion planning, known
collectively as spatiotemporal planning, is a fundamentally
important component of solving complex, multi-objective
planning tasks in fields such as robotics [1], logistics [2],
manufacturing [3], and transportation [4]. Scheduling deter-
mines when and in what order tasks should be performed
[5], while motion planning focuses on finding optimal paths
through space, often subject to various constraints [6].

Traditional approaches to these problems typically require
rigid syntactic specifications and expert knowledge, particu-
larly in crafting precise cost functions for motion planning
and defining appropriate constraints for scheduling. While
these methods excel at finding solutions within well-defined
problem spaces and offer strong guarantees on solution
quality, interacting with and parameterizing them remains
a time-consuming and laborious process, often resulting in
plans misaligned with user intention [7]. As the number of
variables and constraints increase, scheduling and motion
planning problems can quickly become overwhelming for
both algorithms and human planners. This inherent com-
plexity makes it difficult to find optimal or even satisfactory
solutions, especially when dealing with multiple objectives
and intricate constraints. Thus, there is a pressing need
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Fig. 1. Top: We conducted a within-subjects user study comparing three
input modalities for spatiotemporal planning: manual control, templated
constraint specification, and our natural language interface powered by a
large language model (LLM). Bottom: Our LLM agent takes a user’s prompt,
translates the intention into Python code via the LLM Code Writer, and
executes it through the Code Executor. The generated code leverages a
Mixed-Integer Linear Program (MILP) for scheduling and an A* planner
for motion generation.

for automated systems that can efficiently tackle these NP-
hard [8] planning scenarios while remaining accessible and
intuitive for users to interact with and guide.

Advancements in Large Language Models (LLMs) have
revolutionized natural language interfacing with automated
systems. In the field of robotics, LLMs have enabled users
to specify tasks and plans through natural language inter-
faces, better bridging the gap between human intent and
machine execution [9]–[11]. Recent work has additionally
demonstrated that providing LLMs with classical planners
to leverage as tools can produce significantly better plans
than an LLM could on its own [7].

Our work expands upon, and addresses a specific gap
within this state-of-the-art: integrating an LLM-powered in-
terface with a combined scheduling and motion planning
architecture, thus allowing users to flexibly solve multi-
constraint temporospatial planning problems. Additionally,
our work is among very few existing papers to rigorously val-
idate such an LLM-planning approach from a human-factors
perspective, considering subjective and objective metrics in
a human-subjects study to determine user preferences [12].

Our work advances the technical capabilities of planning
systems while also providing concrete evidence of the us-
ability and preference for LLM-based interfaces in real-world
robotic scheduling and motion planning scenarios (Figure 1).
These findings pave the way for more intuitive and accessible
planning systems. Our contributions are three-fold:

• We design a language-to-spatiotemporal planning inter-
face, mapping unstructured user-input natural language
to formal planning specification.

• We formulate a novel neurosymbolic architecture bridg-
ing LLM-generated constraints and cost functions with
a MILP scheduler and A* motion planner.
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• Through a 1 × 3 within-subjects study (n = 30), we
show that our LLM-planning interface and architecture
reduces cognitive workload (p < .0001) and improves
usability (p < .0001) over manual control and classical
template-based constraint specification, while maintain-
ing similar path optimality and reducing planning time
(p = .0027) compared to plans generated via templated
constraints, using the same MILP and A* backend.

II. RELATED WORK

A. Scheduling and Motion Planning

Several frameworks exist to tackle the various inter-
related problems of scheduling, task planning, task alloca-
tion, and motion planning. While these approaches excel
at autonomously finding solutions to complex spatiotem-
poral planning problems, they typically require rigid and
precise specifications, including constraints, heuristics, and
cost functions, ultimately requiring expert knowledge and
engineering support to extend to previously unseen environ-
ments or mission requirements.

In this work, we focus on high-level, discrete ordering
and planning of tasks (scheduling) and low-level continuous
planning of motions (motion planning). Though traditional
approaches often treat scheduling and motion planning as
separate problems, recent research in task and motion plan-
ning (TAMP) [13], [14] has shown the benefits of considering
these problems jointly [15], [16]. Our approach, while not
a full TAMP solution, takes advantage of the interconnected
nature of scheduling and motion planning by providing users
with a flexible natural language interface for generating
specifications that can influence both aspects simultaneously.

B. LLM Frameworks

Recent Large Language Models (LLMs), pre-trained on
web-scale text data, have demonstrated impressive capabili-
ties in reasoning [17], planning [18], [19], code-writing [20],
multi-agent coordination [21], and human-robot interaction,
mapping natural language to robotic planning specifications.
Early efforts directly used the LLM to generate plans, such as
ReAct [9] and Inner Monologue [22]. These methods did not
utilize underlying world models or planners, directly relying
on in-context learning within the language model to generate
plans. The next batch of works explored allowing LLMs to
reason alongside underlying tools and functions, where rather
than directly planning, the LLMs could generate code or call
upon external tools to accomplish the task. Works such as
Voyager [10], DEPS [11], LLM3 [23] and AutoTAMP [7]
show promising performance on related planning problems.
In this paper, we take inspiration from these approaches,
leveraging the code-writing abilities of LLMs to parameter-
ize a traditional scheduler and motion planner stack, thus
enabling flexible specification by novice users of complex
multi-constraint spatiotemporal planning problems.

While many works operate under the assumption that nat-
ural language interfacing with LLMs enhances usability, very
few have conducted user studies to confirm this hypothesis.
Prior related works, such as Abugurain et al. [24] focus

on plan correctness and evaluation using offline datasets,
rather than running a human-subjects study. A closer par-
allel to our work is SymPlan+ [12], which introduced
an LLM-assisted symbolic planner for calendar scheduling
tasks. That work included a user study demonstrating the
LLM approach achieved comparable accuracy to symbolic
scheduling. Our work extends beyond this, integrating multi-
constraint motion planning into the scheduling problem,
while additionally considering human-factors measures such
as usability, workload, and planning time in our user study,
with comprehensive statistical analysis.

III. DOMAIN

We evaluate our approach in a simulated maritime route-
planning environment consisting of locations i ∈ {1, . . . , n}
(Figure 2), where the travel time between each pair of loca-
tions < i, j > is denoted as ti,j . The objective is to minimize
the overall makespan while satisfying user-specified spatial
and temporal constraints. We selected this domain because
the geographic layout and variable weather effects are simple
to convey to participants, while still reflecting the challenges
of multi-constraint spatiotemporal planning.

Our study area includes four types of locations: cities,
coral reefs, fishery sites, and oil rig sites, along with variable
poor weather regions. The cities and reefs are static, placed at
their true geographic coordinates in the Gulf of Mexico. The
fishery and oil rig sites are randomly generated for each map
and do not correspond to real-world locations. Each fishery
and oil rig is labeled in {A,B, . . . , E} to disambiguate sites
for route-planning (e.g., “fish A” or “oil B”).

This challenging multi-objective planning domain blends
spatial and temporal constraints with variable environmental
effects. This maps not only to real-world naval operations,
but also to similar domains and problem specifications, such
as routing an autonomous delivery vehicle or ambulance, or
specifying an integrated plan for robotic site inspection.

IV. METHOD

In this section, we describe our novel architecture, com-
bining an underlying MILP scheduler and A* motion planner
implementation with an LLM interface, capable of trans-
lating unstructured natural language provided by the user
into constraints and cost functions for execution by the
spatiotemporal planning stack.

A. Scheduling MILP Formulation

The role of the scheduling algorithm is to determine the
order that certain locations should be visited to minimize the
makespan z. We formulate a mixed-integer linear program
(MILP) to model precedence constraints, travel times, visit
requirements, and time windows, enabling us to encode
diverse user-specified constraints. Precedence constraints, P
ensure that one location is visited before another. Travel
time constraints, T ensure that the agent has enough time
to traverse between two locations. Finally, earliest start time
and latest end time allow the scheduler to account for visiting
certain locations during certain times of the day. The MILP
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Fig. 2. Maritime route-planning domain: Our domain consists of four separate location types; fishing locations, oil locations, coral reefs, and cities. Our
planning environment also models meteorological impacts, with darker regions of the map indicating poor weather.

formulation was inspired by Q-ITAGS [15]. We cover the
specific parameters, variables, objective, and constraints used
in our MILP formulation. The parameters define the input
data for our scheduling problem, while the variables are what
our MILP solver will determine. The constraints define the
relationship between the given parameters and variables.

a) Parameters:

T Set of locations
tij Travel time between locations i and j
P Set of precedence constraints (i, j) indicating loca-

tion i must be visited before location j
V Set of visit requirements (k, S) indicating at least k

locations in subset S must be visited
Ei Earliest start time for location i
Li Latest end time for location i

b) Variables:

si Start time of task i
vi ∈ {0, 1} Binary variable indicating if task i is visited
z Makespan

c) Objective:
min z (1)

d) Constraints:

z ≥ si + di − (1− vi) · β ∀i ∈ T (2)
sj ≥ si + di + tij − β · pij ∀(i, j) ∈ P (3)
vi ≥ vj ∀(i, j) ∈ P (4)∑

i∈S

vi ≥ k ∀(k, S) ∈ V (5)

si ≥ Ei − (1− vi) · β ∀i ∈ T (6)
si + di ≤ Li + (1− vi) · β ∀i ∈ T (7)

si ≥ sj + dj + tji − β · (1− pij) ∀i ̸= j ∈ T (8)
si ≥ 0− (1− vi) · β ∀i ∈ T (9)

The model’s constraints are defined in Equations (2)-
(9). Equation (2) ensures the makespan z is at least as

large as the end time of any visited location. Precedence
constraints are enforced by Equation (3), which ensures
that if location i must be visited before j, then j’s start
time is after i’s end time plus travel time. Equation (4)
maintains logical consistency in precedence relationships.
Visit requirements are addressed in Equation (5), ensuring
that for each requirement (k, S), at least k locations from
subset S are visited. Time window constraints are handled
by Equations (6) and (7), which ensure visits occur within
allowed time frames. Equation (8) prevents overlap between
visits to different locations. Finally, Equation (9) ensures
non-negative start times for visited locations. In all relevant
constraints, the term (1− vi) · β allows the constraint to be
ignored for unvisited locations, where β is a sufficiently large
constant.

B. Motion Planner

Once the scheduler has decided which locations should
be visited in which order, these are passed as input to the
motion planner, which traverses between points on the map.
We discretize the map by placing a grid of nodes, spaced 10
pixels apart, on obstacle-free spaces. All destination locations
(fishing points, oil rigs, cities, and coral reefs) connect to
the nearest nodes. A∗ [25] is chosen as the underlying
motion planner due to its fast runtime and ability to support
custom cost functions. Due to the large scale of the map,
spanning hundreds of kilometers, fine-grained ship dynamics
are abstracted from the domain.

C. Natural Language Interface

The natural language interface is tasked with parameter-
izing the scheduler and motion planner from user-specified
language prompts. The interface is developed within the Au-
toGen conversational agent framework [26], featuring three
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Fig. 3. Summary of Agentic Language Model Design: The user provides an initial prompt that the code writer converts into raw Python code. If any
Python errors occur, they get sent back to the code writer to fix. Finally, when the code runs, the result of the plan is executed in the environment. A
summarizer module takes the output of the code and explains to the user what the code does, such that they can debug it efficiently when an error occurs.

“agents” that work together: a code-writing agent, a code-
executing agent, and a summarizing agent. This framework
facilitates constraint translation, bridging unstructured, user-
generated natural language with executable MILP and A*
code. The interface uses GPT-4 as its underlying model
due to its robust code-writing capabilities as of the time
of implementation. Future work will see how performance
extends to current state-of-the-art LLMs.

The code-writer agent (blue block in Fig. 3) is the primary
LLM-driven agent tasked with generating the motion plan.
We give the code-writer access to both the scheduler and
motion planner, allowing the agent to leverage these tools
rather than relying on the LLM itself to conduct the planning
end-to-end. Therefore, the LLM only has to specify the
precedence constraints and visit requirements to the sched-
uler. For the motion planner, we allow the LLM to generate
any cost function, so long as it is written in Python. This
way, the LLM has flexibility in the types of paths it can
generate, while responding to the user’s commands. Finally,
the code-writer can call functions from the sim environment
to retrieve the positions of all locations and features on the
map (including weather and coastline information).

The code-executor agent (green block in Fig. 3) acts as
an intermediary between the code-writer and the underly-
ing simulator. It executes the code and reports any errors
that occur. If any errors are detected, the code writer is
automatically sent the Python stack trace and re-prompted
to regenerate the code, without additional input from the
user. While there is no guarantee that the resulting code will
execute successfully, we found empirically that almost all
errors were self-corrected by the code-writing agent. If errors
did occur, they were typically resolved within a few iterations
of code-writing and code-executing, increasing planning time
due to the additional calls to the language model. Users of
the system were notified that an error occurred and saw in
real-time that the model was rewriting its code.

Lastly, the summarizer agent (purple block in Fig. 3),
serves to generate explanations of the code-writing agent’s
code to users. If the resulting plan does not meet the
criteria, or the original code-writing agent hallucinated, this
explanation can be leveraged by the user to adjust their
natural language prompt.

V. BASELINE INPUT MODALITIES

Our study evaluates two additional input modalities for
multi-constraint spatiotemporal navigation and task planning.
We selected ablations of our LLM-planning architecture
to demonstrate the spectrum of planning approaches, from
direct human control to structured interfaces. The “Templated
Constraint Interface” modality ablates the LLM interface
from our approach, requiring users to manually input mis-
sion requirements from a pre-set menu UI, while retaining
automated planning. The “Manual Control” modality further
ablates automated planning via MILP and A*, requiring
users to manually route their ship. The key advantage of
our approach, the LLM-based “Natural Language Interface”
modality, lies in its ability to dynamically generate code for
novel constraints without pre-implementation, a capability
not feasible with traditional approaches. This allows users to
specify new requirements without engineering support, ad-
dressing a fundamental limitation of conventional UI systems
where each constraint requires explicit implementation.

a) Manual Control: As a baseline modality, users man-
ually route the ship without access to either the scheduler
or motion planner. This represents the status quo in most
real-world naval planning domains. In this modality, users
navigate the ship by left-clicking on the map, prompting the
ship to travel in a direct line toward the selected destination.
No intelligent path planning is enabled, resulting in potential
obstructions by land masses directly in the ship’s path. Users
must manually circumvent these obstacles while controlling
the ship.
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b) Templated Constraint Interface: The second base-
line modality (Figure 4) implements a classical interface for
inputting relevant constraints to specify the planning prob-
lem, comprising three sections: Precedence Requirements,
Visit Requirements, and Motion Requirements. Precedence
and visit requirements integrate into the MILP scheduler,
whereas motion requirements call pre-built cost functions
within the A* motion planner. This traditional UI effectively
represents a basic form of templated language through its
pre-built options for constraint types and locations. Although
this UI offers more automation than manual control, its
capability to generate diverse plans is inherently limited.
It is infeasible to define a priori a comprehensive list of
templates to accommodate all conceivable plans. New spatial
relationships or custom motion constraints would require
explicit engineering implementation and continual support.

Fig. 4. The templated constraint interface is organized into three sections
for specifying precedence, visit, and motion requirements.

VI. USER STUDY DESIGN

In this section, we describe our within-subjects user study
to characterize the effects of input modality by comparing
three conditions: (1) “Manual Control,” where users di-
rectly click to move the ship; (2) the templated constraint
interface (“Templated”), where users specify precedence,
visit, and motion constraints through menus, which are then
solved by the MILP scheduler and A* planner; and (3)
our natural language interface (“LLM”), where users issue
free-form text commands, translated via LLM into code
parameterizing the same MILP scheduler and A* planner.

a) Procedure: The study employed a 1 x 3 within-
subjects design, where each participant engaged with all
three input modalities in a randomized sequence. The ex-
periment comprised five scenarios, each associated with
distinct scheduling and motion planning specification that
participants were required to replicate in the game. Instead
of verbal instructions, participants were shown unlabeled
video examples of target specifications to prevent exact
replication from a written prompt, especially in the natural

language condition. This approach encouraged participants
to independently formulate their specifications. Each of the
five scenarios had three different variants, resulting in a total
of 15 unique scenarios. The five scenario types included:
Scenario 1: Only Visit Constraints – Visit specified loca-

tions in any order (e.g., Visit Oil Rig A and
Tampa in any order.)

Scenario 2: Visit + Precedence Constraints – Visit a set of
locations in a specific sequence (e.g., Visit Oil
A, B, and C, in that order.)

Scenario 3: Nearest Location – Visit the closest location
from the starting point.

Scenario 4: Furthest Location + Motion Constraints – Visit
furthest location while satisfying motion con-
straints (e.g., Visit the furthest coral reef while
staying as close to the coast as possible.)

Scenario 5: Directional Constraints – Visit all locations on
a specific side of the starting point (e.g., Visit
all cities east of the starting location.)

Scenarios 1–3 are readily encoded with the templated
UI using predefined menus. In contrast, Scenarios 4 and 5
introduce constraints, e.g. “furthest location” and “locations
on a certain side of the starting point,” that the templated
UI cannot directly represent. These scenarios reflect real-
world deployments where supporting new mission concepts
would require ad hoc, manual engineering to implement
additional cost functions and constraint logic. Without these
extensions, users are often forced to either specify lengthy
sets of compositional constraints that approximate the desired
specification, fall back on manual control, or accept solutions
that fail to meet their intent. As such, we included these
scenarios to evaluate how well the natural language interface
handles novel constraints that cannot be captured in advance.

After watching the videos produced by the ground truth
specification, participants interacted with the assigned input
modality to recreate the specification. They repeated the
specification for three maps in each scenario and were
allowed a maximum of five attempts per map. Upon com-
pleting all five scenarios, participants completed a NASA
TLX workload assessment [27] and a System Usability Scale
survey [28]. The ordering of scenarios within each condition
was additionally counterbalanced between participants.

VII. HYPOTHESES

We propose four hypotheses, H1-H4, to evaluate the
effects of input modality on planning time, path optimality,
usability, and workload.
H1 – The LLM interface will reduce participant planning

time, compared to templated constraint specification.

H2 – The LLM interface will improve the optimality of
user-generated paths, compared to manual control.

H3 – The LLM interface will be rated as the most usable
among all the conditions.

H4 – The LLM interface will be rated as having the lowest
workload among all the conditions.
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Fig. 5. Planning Time: The LLM condition significantly reduced total
planning time compared to the Templated condition. Participants in the
Manual Control condition spent the least time planning overall. Significance
levels are indicated as ∗P ≤ .05,∗∗ P ≤ .01,∗∗∗ P ≤ .001. Outliers are
determined by values beyond 1.5× the interquartile range from the quartile
boundaries.

VIII. RESULTS

We recruited 30 participants under an IRB approved proto-
col (ages 19− 33, M = 25.0; SD = 2.665; Female 36.6%).
We report the results of our study and establish statistical
significance at the α = .05 level. We conducted multiple
linear regressions with mixed effects to test our hypotheses
and linear mixed effect analyses for each dependent variable.
We included input modality as the primary fixed effect and
controlled for age, race, gender, and education to account
for potential demographic influences on user performance
and interaction. This approach allows us to isolate the effect
of input modality while controlling for known sources of
variation, ensuring our results are more generalizable and
robust across diverse user groups. Random intercepts were
used for each participant. We assessed the assumptions of
homoscedasticity and normality of residuals to ensure the
validity of the linear mixed effects model applied. Post-
hoc tests were applied to investigate specific differences
between input modalities using Tukey’s Honestly Significant
Difference (HSD), adjusting for multiple comparisons.

A. Objective Metrics

1) Planning Time: We found a significant main effect
for the total planning time used (Figure 5) between input
modalities (F (2, 56) = 19.68, p < .0001). A post-hoc test
showed that Manual Control (M = 326.9) requires less time
than both Templated (M = 638.9) (p < .0001), and LLM
(M = 464.8) (p = .021), and LLM requires less time than
Templated (p = .0027). We also found an ordering effect
(F (2, 56) = 25.49, p < 0.0001), where conditions presented
first took longer to plan than both the second (p < .0001)
and third rounds (p < .0001). There was no statistical
difference in the total planning time taken between the
second and third rounds. No interaction effects were found.
Despite the apparent learning effect, as condition ordering
was randomized between participants, the main effect still
holds, supporting hypothesis H1.

Fig. 6. Path Optimality: Participants in the Manual Control condition
produced significantly less optimal paths than in both the Templated and
LLM conditions. Significance levels are indicated as ∗P ≤ .05,∗∗ P ≤
.01,∗∗∗ P ≤ .001. Outliers are determined by values beyond 1.5× the
interquartile range from the quartile boundaries.

2) Path Optimality: We define path optimality as the
ratio of path time for user-generated paths over path time
for the target path shown in the video specification (with
a ratio of 1.0 being perfectly optimal). The optimality of
the paths produced by the users had a significant effect
(Figure 6) between input modalities through the Kruskal-
Wallis test (χ2(2) = 727.57, p < .0001). A post-hoc Dunn’s
test with Bonferroni adjustment found that Manual Control
(M = 1.62) was worse than the Templated (M = 1.01)
(p < .0001) and LLM (M = 1.01) (p < .0001) conditions.
These results support hypothesis H2.

Combined, these objective results show that participants
are able to achieve similar path optimality using our LLM-
planning architecture to traditional templated constraint spec-
ification, while requiring significantly less planning time.

3) Post-Hoc Error Analysis: To ensure plan validity and
filter out errors during analysis, we applied post-hoc fil-
tering to exclude incorrect plans. One potential source of
error stemmed from participants misinterpreting the intended
plans, particularly when their assumptions conflicted with
the rules in the demonstration videos. For instance, if a
video instructed participants to visit all cities east of the
starting location, but a participant instead visited western
cities, their plan was deemed invalid. Of the 450 scenarios
executed (30 participants × 5 scenarios × 3 modes), 24 were
invalid, constituting approximately 5.3% of all scenarios.
The distribution of errors across conditions was relatively
even, with 7 errors in the Manual Control condition, 9 in the
Templated condition, and 8 in the LLM condition.

A second source of error arose from either LLM hallucina-
tions or user input mistakes. These errors are measured by the
number of iterations required for the user to submit a plan, as
they either correct their own mistake (in the Manual Control
or Templated conditions) or request the LLM to correct a
mistake (due to hallucinations or their own mistake). In the
LLM condition, hallucinations typically involved misinter-
preting conjunctions (e.g., interpreting “visit A and B” as
“visit A or B”) or exhibiting incorrect spatial reasoning. In
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Fig. 7. System Usability: The LLM condition was rated as significantly
more usable than the Templated and Manual Control conditions. Signifi-
cance levels are indicated as ∗P ≤ .05,∗∗ P ≤ .01,∗∗∗ P ≤ .001. Outliers
are determined by values beyond 1.5× the interquartile range from the
quartile boundaries.

the Templated condition, errors often occurred when users
mistakenly selected incorrect constraints or locations from
dropdown menus. We then measured the average number of
iterations required before users accepted a plan. The Tem-
plated condition required the most iterations (3.13 ± 3.15),
followed by the Manual Control (2.67 ± 1.95) and LLM
conditions (1.90 ± 1.45). Our method therefore generated
trajectories that aligned with the users expectation despite
occasional hallucinations.

B. Subjective Metrics

1) Usability: As shown in Figure 7, we found a significant
main effect for perceived usability across the input modalities
(F (2, 56) = 11.06, p < .0001). Participants rated the LLM
condition (M = 84.0) as significantly more usable than both
the Templated (M = 69.4) (p < .0001) and Manual Control
conditions (M = 73.5) (p = .005). These results support
hypothesis H3.

2) Workload: As shown in Figure 8, results showed a
significant main effect for perceived workload as a function
of the input modality (F (2, 56) = 15.959, p < .0001). Par-
ticipants rated the LLM condition (M = 15.8) as requiring
significantly less workload than the Templated (M = 26.4)
(p = .0005) and Manual Control conditions (M = 30.1)
(p < .0001). These results support hypothesis H4.

Combined, these subjective results indicate an overall user
preference for leveraging the autonomy afforded by the
MILP scheduler and A* path planner, while interfacing with
an intuitive natural language frontend.

IX. DISCUSSION

The results of our study demonstrate the potential of nat-
ural language interfaces powered by large language models
(LLMs) to significantly improve human-autonomy interac-
tion in complex planning tasks. The LLM-based interface
not only enhanced usability and reduced workload but also
maintained path optimality while decreasing planning time.
These findings have several important implications for the
field of human-robot interaction and autonomous systems.

Fig. 8. Workload: The LLM condition was rated as requiring significantly
less workload compared to the Templated and Manual Control conditions.
Significance levels are indicated as ∗P ≤ .05,∗∗ P ≤ .01,∗∗∗ P ≤ .001.
Outliers are determined by values beyond 1.5× the inter-quartile range from
the quartile boundaries.

First, the reduced workload and increased usability of
the LLM interface suggest that natural language interaction
can lower the cognitive barriers associated with complex
planning tasks. This is particularly important in high-stress or
time-sensitive scenarios. By offloading the technical details
of schedule and motion plan parameterization to an LLM,
users can focus on high-level strategies and decision-making.

We observed a significant reduction in planning time for
the LLM condition compared to the Templated condition.
This efficiency gain could translate to faster response times
in real-world applications, potentially improving outcomes
in time-critical scenarios. While the total planning time was
shorter for Manual Control compared to both the Templated
and LLM conditions, users compensated by spending more
time executing the path itself, leading to delays during the
actual motion of the ship. Often, users would reach destina-
tions and leave the ship stopped to plan their path to the next
location, instead of following a seamless, continuous motion
plan. Furthermore, scenarios requiring users to navigate close
to coastlines frequently cost additional time, as users would
get stuck on land regions, spending extra recovery time
maneuvering away from obstacles.

Our study supported all four hypotheses, H1-H4. Overall,
these results suggest that our technique integrating an LLM-
powered natural language interface with an MILP scheduler
and A* path planner can improve usability, lower cognitive
effort, and lower planning time compared to alternative input
modalities, all without sacrificing plan quality, potentially
making advanced spatiotemporal planning tools more prac-
tical for a broader range of users.

X. LIMITATIONS AND FUTURE WORK

While our results are promising, it’s crucial to address the
issue of LLM hallucinations. In our experiment, we observed
occasional instances where the LLM generated incorrect
plans. These hallucinations occurred in approximately 5%
of plan specification attempts. One of the most common
sources of hallucinations was the LLM misinterpreting logi-
cal conjunctions in user-specified constraints. For example, if
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a user specified, “Go to Fish A, B, C”, the LLM sometimes
interpreted this as “Go to either Fish A, B, or C” rather
than “Go to Fish A, B, and C” which the user intended.
Note that these LLM-introduced hallucinations are confined
to the plan specification layer, with successfully generated
spatiotemporal plans abiding by formal guarantees. Still,
there is a need for robust error-checking mechanisms and
user verification in real-world deployment of such systems.

Future work could explore avenues for addressing hallu-
cinations. Some users indicated preference for the templated
interface, as it offered full visibility into the parameters
driving the spatiotemporal planning stack. A hybrid approach
could combine the strengths of the traditional templated UI
with the strengths of natural language interactions. Perhaps
the language model could specify common constraints, but
also dynamically add additional UI elements for capabilities
the users ask for during interaction.

XI. CONCLUSION

We developed a novel LLM-planning architecture for
multi-constraint spatiotemporal planning, combining an
LLM-powered natural language interface with a MILP sched-
uler and A* planner. This interface is capable of interpreting
unstructured natural language specifications, translating them
into actionable plans, and providing live explanations to
users, providing an intuitive and flexible interaction modal-
ity for complex and dynamic planning tasks. Through a
user study, we showed that our LLM-planning approach
significantly reduces perceived workload, improves usability,
and increases planning efficiency, highlighting the potential
usefulness of such architectures for users specifying real-
world spatiotemporal planning tasks, in domains spanning
from robotics to logistics to maritime planning.
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