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Abstract— Robot navigation methods allow mobile robots
to operate in applications such as warehouses or hospitals.
While the environment in which the robot operates imposes
requirements on its navigation behavior, most existing methods
do not allow the end-user to configure the robot’s behavior and
priorities, possibly leading to undesirable behavior (e.g., fast
driving in a hospital). We propose a novel approach to adapt
robot motion behavior based on natural language instructions
provided by the end-user. Our zero-shot method uses an existing
Visual Language Model to interpret a user text query or an
image of the environment. This information is used to generate
the cost function and reconfigure the parameters of a Model
Predictive Controller, translating the user’s instruction to the
robot’s motion behavior. This allows our method to safely and
effectively navigate in dynamic and challenging environments.
We extensively evaluate our method’s individual components
and demonstrate the effectiveness of our method on a ground
robot in simulation and real-world experiments, and across a
variety of environments and user specifications.

I. INTRODUCTION

As mobile robots increasingly operate around humans,
ensuring safe and social interactions becomes essential.
However, the robot’s behavior requirements depend on the
environment, its crowd density, and the specific robot tasks.
For instance, social aspects are important requirements for
elderly care, while efficiency is crucial in warehouse collab-
oration. A mobile robot should navigate safely in all of these
scenarios, while its required tasks and behavior differ.

Recent works on socially aware navigation conclude that
robots need to accommodate to human behavior and un-
derstand human intentions [1], [2], as not satisfying user
preferences leads to negative experiences and frustration [3].
Behaviors can generally be configured by adapting the cost
function of the motion controller. However, this requires in-
depth knowledge of the system and is seldom manageable by
the end-user. On the other hand, designing behaviors for all
types of scenarios is unattainable. Requirements may even
change over time as humans become more accustomed to
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Hey Robot!
Go to the goal!

Hey Robot!
Follow the closest Person!

Hey Robot!

Keep a safe distance!

Fig. 1: A user asks the robot for a motion behavior, which
is fulfilled in real-time.

the robot. Instead, the end-user should be able to modify the
robot’s behavior without requiring expert knowledge.

Large Language Models (LLM) and Visual Language
Models (VLM) like GPT-4 [4], LLaMa [5] or Gemini [6]
have emerged as powerful tools to process natural language
and images and are capable of complex tasks. They pose
an opportunity to interpret user requirements and requests
directly from natural language. Additionally, while these
methods are not trained on the specific end-user environment,
they have a general understanding of real-world scenarios
that can be leveraged to inform navigation behavior.

In this work, we propose an architecture composed of
existing pre-trained LLM assistants and a Model Predictive
Control (MPC) [7] planner to navigate challenging dynamic
scenarios while accommodating user specifications, as shown
in Fig. 1. Our key idea is to use the cost function of the
MPC to assess and modify the capabilities of the planner
in order to satisfy the user’s query. Our method leverages
LLMs to interpret and generate the code implementing the
cost function, translating natural language instructions (e.g.,
"go slower", "keep more distance to people", "navigate as if
you were in a hospital”, "follow the path", "follow the closest
human", etc.) to the desired navigation behavior. By adapting
only the cost function of the MPC, we allow the user to
change the robot behavior on the fly, while maintaining
planner safety via constraints. As an additional feature, we
equip the robot with a camera to allow it to perceive the
environment independently, enabling direct adaptation based
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on visual input if requested. We extensively evaluate the
components of the method and the resulting navigation stack
both in simulation and in hardware experiments. To this end,
our contribution is three-fold:

¢ A novel zero-shot method to generate and tune MPC
cost functions from natural language and, optionally,
onboard camera images.

¢ A novel MPC motion planner framework for dynamic
environments that may change interactively and on the
fly its navigation behavior with user instructions.

« Extensive simulation and ground robot experiments that
assess the performance of the proposed planner given
different specified requirements.

Our implementation uses ROS, C++, Python and Acados [8]
to enable real-time interactions and may be accessed
in https://github.com/dmartinezbaselga/
hey—-robot.

II. RELATED WORK

Navigation in human-centered environments. Mobile
robot navigation in environments shared with humans is
often framed as a collision avoidance problem with dynamic
obstacles. It can be approached with purely reactive meth-
ods, such as velocity obstacle-based approaches [9], [10]
and the social force model [11]. Another important body
of work addresses multi-agent interactions from a game-
theoretic perspective [12], [13], but they present a con-
siderable computational challenge. Reinforcement learning-
based methods [14]-[16] implicitly account for interactions
between agents by learning strategies through interacting
with the environment. However, they lack formal guarantees,
are vulnerable to out-of-distribution data, require significant
training time, and produce a non-parameterized policy that
cannot be easily adjusted if it fails to meet user requirements.
Alternatively, MPC-based planners [7], [17], [18] explicitly
account for deterministic [19] or uncertain [20], [21] future
behaviors of humans when planning trajectories.

Despite major progress over the past decade, reliable robot
navigation in human-centered environments remains chal-
lenging. Beyond collision avoidance, factors like comfort,
naturalness, and sociability are key to human acceptance [3].
Many of the above approaches require defining desired
behaviors through a cost or reward function, which demands
a deep understanding of both the system and the applica-
tion environment, and do not facilitate on-the-fly behavior
adaptation.

LLMs in Robotics. In the last years, the application of
LLMs and VLMs has revealed new opportunities for en-
hancing autonomous systems. VLMs hold significant poten-
tial for mobile manipulation, in particularly in determining
the sequence of steps needed to complete tasks [22]-[26].
These models have been employed not only to generate the
necessary code for planning and executing these intermedi-
ate sub-tasks [27] but also to enable real-time, interactive
communication with the robot guiding it [28]. Differently
from others, [29] presents a trajectory generation algorithm

for the end-effector of a manipulator understanding language
prompts with an LLM, enabling motion planning.

In mobile robots, trajectory generation from VLMs is also
used to achieve zero-shot object navigation [30], [31]. In
autonomous driving, for example, there are methods that
incorporate them to understand the environment and output a
desired car trajectory [32], directly control commands [33],
[34] or select one command from a list [35]. However, the
methods do not have explicit collision avoidance restrictions
and have not proved to work in a closed loop in real time.
As in previous works, we aim to use VLMs for high-level
understanding and interactive behavior. Unlike them, we
introduce the VLM inside an MPC formulation to modify
the robot’s behavior in real time.

Personalized robot navigation. Recent works incorporate
the gathering of human feedback to modify robot trajectory
generation and use language models to process them. [36],
[37] use a network to reshape trajectories given feedback
and a previous trajectory, while [38] generates a costmap
from a human query to be included and combined with
other costs for trajectory optimization. These approaches
require previous training and are for manipulators in static
environments. They can not be applied to our problem, which
needs fast control feedback for scenario changes.

More related to our work, some works incorporate physical
interaction [39] and virtual reality [40], [41] feedback in
a reinforcement learning socially-aware motion planner for
mobile robots. Nevertheless, our approach is distinct from
others in that it is zero-shot, uses language and visual
information, and has collision avoidance constraints.

III. PROBLEM FORMULATION

We consider a robot with discrete time non-linear dynam-
ics:
Tpi1 = f(Tr, u), (1)

where z;, € X C RN= is the robot state and uj, € U C RV«
the control input at time k. The state contains robot position,
pr = {7k, yx} € R? and radius r,. As the environment
is dynamic, we consider X := R? x [0,7] as the robot’s
workspace, with [0, 7] a continuous finite time domain.

The robot has to navigate in an environment with moving
obstacles and avoid collisions with them and the static
obstacles. We assume the moving obstacles are humans,
although they could also be other robots. The humans are
represented as disks with radius 7. The position of human ¢
at time step k is 0; € R2, the position of all humans
is denoted O; and the area occupied by static obstacles
in the environment is denoted S C R2. The robot knows
its position, the positions of the surrounding humans, their
predicted trajectory, and the local costmap of the scenario.
It is also equipped with a camera to capture images of its
environment.

As the robot navigates, the user can provide instructions in
natural language, referred to as queries. We denote a query j
as g;, where g;1 is the query received after g;. Our goal is
to navigate as specified by query g; and, with less emphasis,
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Fig. 2: Flow diagram of our proposed LLM module and its connection to the MPC. Inputs are in blue and outputs in red.
Dashed lines represent updates regarding the state for the following query.

by the queries qo, . . ., q;—1 as long as they do not contradict
q;. We formalize the problem as a nonlinear optimization
problem over the time horizon Ny:

Ny
meIS?,izILleU kZ_o Jq,; (Tr, up, wy,, Oy;) (2a)
s.t. Tpr1 = f(xk, ug) Vk, (2b)
Ty = Tinit, (2¢)
g(wk, 019) < 0 VEk, (2d)

where in Eq. 2a the cost function that is generated to satisfy
g; is denoted Jg,;. The values wq, € RVva; weight the
terms in Jg, (e.g., wo weights J,,), and 0qj is a set of pa-
rameters related to the robot behavior. These include tunable
parameters such as a reference velocity and environment-
related parameters such as Oy, S, a user-specified goal,
Pgoal € R2?, or a reference path. Equation 2b denotes the
robot’s dynamic constraints, Eq. 2c the initial conditions,
and Eq. 2d the collision avoidance constraints. For simplicity,
we model the robot dynamics with a second-order unicycle
model in this paper, but the method may be applied to any
robot dynamics. We consider as control input u, = (a,ws)
linear acceleration and angular velocity, respectively.

IV. APPROACH

We propose Hey Robot!, a novel planning architecture
(Fig. 2) that leverages LLMs to automatically generate and
tune cost functions (Eq. 2) for MPC, in order to generate
safe trajectories that comply with user instructions. The
MPC updates control commands at every control step and
is reconfigured on the fly by the LLM components when a
new query, g;41, is received.

A. LLM components

The system has four different LLM components, which we
call assistants, in charge of different tasks. All assistants are
instructed to provide concise answers to minimize interaction
time. We do ask for a brief motivation to allow the LLM to
reason, improving accuracy. In this section, we use the query

;  "Follow the path" as a running example to clarify our
approach. To that end, let the cost J,, generated with respect
to g; include the following components: contour, 7, and lag,
J, terms to track a reference path in 0qj as defined in [19];

input penalty cost terms to penalize each of the inputs 7, =
a?, J, = w?; and a velocity tracking cost, J, = (vk—0ref)?
to track a reference velocity, v,y in 0%.: Jg; = Jpath
WeTe + W T + wo Ty + WeTu + W J,,. Our method can
handle queries specifying behavior (e.g., “drive faster”) and
task assignments (e.g., “go to the goal™).

1) Capability Assistant: This assistant uses LLM reason-
ing to decide if the current cost function J, ;o written in
programming code, sufficiently addresses a new user prompt
g;+1. We consider that J,, is sufficient for g;1 if qjy1
can be achieved by minimizing Jg; or any cost term in Jg,.
The query is then forwarded to the most suitable of three
assistants depending on the result:

’

« Generate a new cost, if qu is not sufficient for g; .
This implies that g;; refers to a different task like
"reach the goal" or "follow a human". Then, the next
assistant is the Cost Generation Assistant.

o Adapt to the environment, if g, asks the robot
to sense and adapt to its surrounding environment
without any additional information (e.g. "Perceive the
scenario"). The query is forwarded to Camera Assistant.

» Update parameters, if .Jg, is sufficient for ;1. In our
example, g;41 could include behavioral changes like
"be faster" or "be smoother". In that case, Jg,, , = Jy,

and the next assistant is the Weight Retrieval Assistant.

2) Cost Generation Assistant: The goal of this assistant
is to generate a new cost function Jg, , that satisfies q;41,
directly in programming language. Our approach asks the
LLM to freely design Jg,,, given the query, directly writing
the code of the cost function. Cost terms in Jg,,, may
depend on @y, u, and parameters 6, , . Notice that through
04,., the LLM can devise new parameters that could be
updated in later queries.

To limit generation errors, the structure of the code to be
generated is specified first. Additionally, a list of typical cost
terms is provided for two reasons. First, we allow the LLM to
name these cost terms instead of writing their code, reducing
response times. Second, it may use them as code examples
to generate other cost terms (few-shot prompting). The list
of provided terms is 7., J;, Ja, Jw, J» and a cost to reach
the goal position, J;, = ||Pgoar — Pk||3. We command the
LLM to always include J,, J, and 7, as part of the cost
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function. If it needs to generate new cost terms different
than the predefined ones, we query it to use a quadratic
cost to minimize, its inverse to maximize and if_ else
CasADi [42] function to check conditions, enforcing it to use
smooth and differentiable operations. The LLM generated
cost function qu 41 code is used to generate solver binaries,

which are activated in the MPC. The values of 8, , and

wgq,,, are tuned with the Weight Retrieval Assistant.

In our example, if g;1 was "Reach the goal", the
new cost function should be Jg,,, = Jgour = weJy +
Wy Ty + WaJq + W T Nevertheless, if g;j+1 was "Follow
the closest human", then a human following term should
be generated from scratch, resulting in Jg,_,
whtllon,k —Pr| 13 +we Ty +waTo +we T, where the closest
human oy, j, =argmin,_, co, [|0ik —pi||3 is retrieved using
CasADi if_else.

3) Camera Assistant: This assistant uses the camera to
perceive the environment and understand its implications
for navigation. It allows the robot to assess, for example,
if its environment is crowded, empty, narrow or open, and
can recognize specific environments such as a hospital or
warehouse environment. First, a photo is taken from a robot
onboard camera. It is passed to the VLM, which is requested
to output a list of bullet points related to ideal robot motion in
the perceived scenario. We set Jg, ., = Jg; to ensure that this
information is solely used to inform the navigation behavior,
not to change task. The description of the environment is
then forwarded to the Weight Retrieval Assistant.

4) Weight Retrieval Assistant:
wWg,,, and tunable parameters in 6. ,. Its LLM prompt
includes the code of Jg;,, and the values of wq, and 6.
It also includes as query g;,1 or the extracted environment

description when triggered by the Camera Assistant.

th =

This assistant assigns

As LLMs are known to struggle with numerical tasks, it
is difficult to reliably tune weights wg,,, with an LLM. To
circumvent this issue, we instead ask the LLM to rate the
importance of each cost term in Jg, , as an integer between 0
and 10, jointly denoted as z4,_,. In our example, the query
"stick to the path" would result in z. and z; close to 10,
while "be smoother" would increase the previous value of
z, and z,. We then convert each importance rating z, into
a weight w, using w, = E:j‘* , where Zg, , is the mean
value of the elements in zg4,, . For the tunable parameters
in Bq]. 41> the LLM is, in our experience, able to generate
reasonable values as these parameters are absolute and have
a physical meaning that the LLM understands. We therefore
query the LLM directly for their values. For example, the
query "be faster" would increase v .

B. MPC formulation

The MPC controls the robot in a closed loop, solving
the optimization in Eq. 2a at every control step. We use
CasADi [42] and Acados [8] in the implementation. Our
proposed formulation is similar to the one in [7], [17].
Having Jg,, the collision constraints in Eq. 2d include human

TABLE I: Prompts tested in the Capability, cost Generation
and Weight retrieval assistants experiments.

Prompt

Cl Go to the goal. You are navigating through a hospital.

Cc2 Stick to the path.

C3 Follow the closest human.

C4 Go to the goal while keeping a safe distance from humans.
C5 Adapt to the environment.

Gl Follow the path.

G2 Reach the goal.

G3 Maximize the distance to the closest human.
G4 Minimize the distance to the closest human.
G5 Go to the goal while keeping a safe distance from humans.

G6 Follow the closest human.

Wi Be faster.

W2 Take more distance to humans.
w3 Stick to the path.

w4 Be smoother.

W5 Increase rotation capabilities.
W6 You can rotate more.

avoidance:
1
= 0
g(xr, 05%) =1 - Apl R (62 1) RyApjk, ()
7.2

where Apj, = pr — 0, and r = 7, + 7. We also
include static collision avoidance with S, using the Safe
Flight Corridor concept, as in [43] or [44].

MPC generally optimizes the robot trajectory from an
initial guess, leading to a locally optimal trajectory that
avoids the obstacles based on that guess. As the environment
changes, local optimality can lead to poor and potentially
dangerous navigation behavior. To compute a global optimal
trajectory and avoid local minima, we use the approach
from [7]. Several guidance trajectories from different homol-
ogy classes [45] are sampled and optimized in parallel using
Acados, resulting in locally optimal trajectories. We select
the one with the minimum cost to control the robot.

V. RESULTS

We tested the individual assistants in Sec. V-A and the
navigation system in simulation and on a ground robot in
Sec. V-B. GPT-40-mini [4] was used via its public API
as the LLM. The MPC cost code uses Python to avoid
recompilation for new costs, with C++ for static parts.

A. Assistants experiments

We evaluated the individual performance of the assistants
with a series of specific queries for each, stated in Table I.
The commands illustrate possible real-world user queries,
e.g., C2 for reducing robot’s lane departures, C5 for changing
robot’s operating environment, or W4 for jerky and unpre-
dictable motion. We tried each prompt 10 times and gathered
the results.

1) Capability assistant: The experiment uses queries in
Table I as g; 1 and Jpain, Jgoar and Jyy as qu. Fig. 3 rep-
resents the response rate for each g;11 and Jg, for different
colors for the three possible responses. The expected results
are that Jpq, satisfies C2, Jyoq satisfies C1, Jp,p satisfies
C3, none of them C4 and it should adapt to the environment
with C5. As the assistant has direct access to the code,
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Fig. 3: Number of times (rate) each response was selected
for the Capability Assistant experiment.

TABLE II: Cost Generation and Weight Retrieval assistants
success rates.

Assistant G1 G2 G3 G4 G5 Go6
Cost Generation 1.0 1.0 0.9 1.0 0.9 1.0
Assistant W1 W2 W3 W4 W5 W6
Weight Retrieval | 1.0 1.0 1.0 08 1.0 1.0

written and commented using the same LLM, it successfully
completes its task most of the time. The assistant only fails
twice, being over-conservative, deciding to generate a new
cost when it is not needed. This incurs a larger generation
time, but the system still performs its task successfully.

2) Cost Generation Assistant: For this assistant, we verify
that it reliably generates a cost function that fulfills g;4 1
without syntax or runtime errors. We test:

e« Gl and G2: Differentiating between path and goal
following. In this case, it may use the names of a
predefined cost terms provided in list in the prompt.

e G3 to G6: Designing by itself different cost terms that
were not provided. It should design terms that maximize
(G3) or minimize (G4) variables, or design high-level
primitives like "keep a safe distance" (G5) or "follow a
human" (G6).

Table II shows the success rates of the cost generation
assistant. The assistant generates J,q., to follow a path
(G1) and Jgoq to reach a goal (G2). It generates new
cost terms that minimize (G3, G6) and maximize (G4)
the distance to oy, ; as needed, using J,y and Jpmar =
Whinas (o —prere T WoTo + WaJa + e Jo, respectively.
Finally, it creates a floating point parameter, the safe distance
in G5, to be tuned without generating a new cost, generating
Jsd = wsqTsd + ngq + wo Ty + wWoTa + Wo T, haVing
that dsqfe € 054 is the safe distance; and Jsq = (||onk —
Prll3 — dsare)? is only applied if ||op, k — Pi||3 — dsafe > 0
using the 1 f_else CasADi function. The failure case in G3
was produced because it minimized instead of maximized the
distance to the closest human once (we hypothesize that it
is because G3 is not a common query), and in G5 because
it hard coded the safe distant as a constant once, instead of
including it as a parameter.

3) Weight Retrieval Assistant: For these experiments, we
use Jgq to test W2 and Jpq, to test the rest of the queries.
The success rates of the weight retrieval assistant are shown
in Table II, computed by checking if the corresponding
weights and parameters tuning correspond to the query

. alfidbAi

() (b (©

Fig. 4: Images of the simulator taken with the robot camera.

TABLE III: Final 2z, , given the images in Fig. 4.

Image | z2 z 2y Za  Zw
(a) 8 8 6 6 7
® |8 8 4 71 6
(©) 6 6 4 7 7

intentions. We check the final relative values of the weights
to measure the results. The results show that the assistant
tunes the parameters in 6,, as expected, increasing v,y and
dsafe for W1 and W2, respectively. It also increases w,, and
wyq With those queries, which is desirable. With W3 to W6,
it proves that it understands high-level queries. It increases
w,. and w; in W3, increases w, and w,, in W4 and reduces
w,, in W5 and W6. The failure cases in W4 are because, as
well as increasing the z, and z,,, it increases more z. and z;,
so final w, and w,, do not increase. However, in deployment,
this could be simply solved by trying the same query again
or being more specific.

4) Camera assistant: In this experiment, we qualitatively
test the Camera Assistant with the Weight Retrieval Assistant
in a simulated scenario. We use Jyq¢n as Jg,,,. We set all
initial values in 24, to 5, and use the images in Fig. 4 for the
queries. The results, shown in Table III, are the following:

a) The scenario is described as a confined scenario with
no dynamic obstacles. Thus, it sets the weights that
track the reference path and reference velocity as the
most important weights.

b) The scenario is described as a narrow pathway with
human congestion, with special requirement in careful
navigation. It increases the path tracking cost due to
the narrow environment but significantly reduces the
velocity tracking weight, prioritizing smooth and safe
navigation around humans.

¢) The camera detects multiple humans in close proximity
and a high crowd density. As a confined room is not
detected, path tracking weight is set lower, and the
most important aspect is set to be a smooth navigation.

5) Processing times: The times taken to process the
queries by the LLM in the assistant experiments presented
in this section are shown in Table IV. It only takes a
few seconds, which makes real-time interaction with the
user possible. Regarding updates that do not require cost
generation (writing code), the user may see the changes

TABLE IV: Mean and standard deviation of times spent in
query processing.

Camera
1.79 (0.38)

Cost Gen.
4.02 (1.63)

Assistant | Capability
Time (s) | 1.91 (1.04)

Weight Ret.
1.16 (0.23)
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TABLE V: Mean and standard deviation of 10 simulations for each of six queries in the corridor-like scenario of Sec. V-B.2.

Additional Instructions Col. rate Dur. [s] Path len [m] Min Dist. [m] v [m/s] a [m/s?] w [rad/s]
a) (Default) 0.00 14.1 (0.8)  34.99 (0.32) 0.22 (0.04) 2.49 (0.12) 0.51 (0.09) 0.18 (0.04)
b) Drive quickly. 0.00 13.7 (1.1)  34.77 (0.42) 0.19 (0.06) 2.56 (0.17) 0.59 (0.14) 0.18 (0.05)
¢) Drive carefully. 0.00 24.1 (0.7)  33.30 (0.20) 0.15 (0.04) 1.38 (0.04) 0.13 (0.05) 0.05 (0.02)
d) You are navigating through a factory without humans. 0.00 13.8 (0.8)  35.03 (0.57) 0.33 (0.05) 2.55 (0.12)  0.56 (0.09) 0.20 (0.07)
e) You are navigating through a hospital. 0.00 23.6 (0.9) 33.28 (0.11) 0.25 (0.06) 1.41 (0.05) 0.10 (0.05) 0.05 (0.02)
f) Try to keep a distance of at least 1.5m from pedestrians. 0.00 19.8 (5.6)  31.09 (6.75) 1.16 (0.20) 1.74 (0.59) 0.38 (0.17)  0.16 (0.06)

Y [m]
Y [m]

—A.- e —
] N Ibl

0 10 20 0 10 20
X [m] X [m]

(a) g;: Follow the closest human. (b) g;: Follow the path.

Fig. 5: Five overlapping experiments with trajectories of the
robot (red) and human (blue) and a reference path (dashed).

in the robot in around 3s (Capability Assistant and Weight
Retrieval Assistant times), while with queries that may
change completely the behavior of the robot only around
7s (adding Cost Generation Assistant time).

B. Navigation Results

We tested our complete navigation stack with all its com-
ponents working together with different queries, evaluating
generated trajectories and metrics.

1) Task simulations: First, we tested our method with
a simulated Clearpath Jackal robot and pedestrians moving
using Social Forces [11]. We used a constant velocity as-
sumption to predict the future trajectories of humans. First,
we verify whether our method allows the user to change
the robot’s task. We performed five simulations for the two
queries: “follow the reference path” and “follow the closest
human”. The results in Fig. 5 indicate that two distinct
behaviors emerge, each completing the user’s task. The
trajectories differ across simulations due to variations in w;
and 6, as the queries do not specify additional information.

2) Navigation metrics: We conducted ten simulations for
each of six different user queries in a corridor-like scenario,
with a reference path going through the center of the corridor.
All queries included the task "Follow the reference path"
(default), plus additional instructions. Table V shows the
results. None of the experiments lead to collisions, as the
MPC has collision avoidance restrictions. It may be observed
that the fastest and the ones with the highest velocities are
b) and d), as they are told to be fast and productive. c¢) and
e), on the contrary, have lower velocities and are smoother,
using smaller input commands. f) has the highest minimum
distance to the closest pedestrian metric, as stated in the
instructions, but its velocity and episode duration is not low,
as other instructions were not provided. It also compromises
penalizing inputs and time to reach the goal, rather than

(a) g;: Go to the goal.

(b) gj: Go to the goal while
keeping 1m from humans.

Fig. 6: Robot navigating with four humans.

the others which prefer one of them. Overall, the navigation
metrics match the high-level intention of the queries.

3) Laboratory experiments: Moreover, we tested the abil-
ity of our method to change the robot behavior on the fly.
We used a Turtlebot 2 as the ground platform, an Optitrack
system with twelve cameras for localization, and a Kalman
Filter with constant velocity assumption to estimate the
velocity of four pedestrians present. The experiment consists
of a user constantly giving different instructions to the robot
while it navigates. The robot effectively addresses the user
queries in successful navigation, proving the effectiveness of
our solution, as seen in Fig. 6. Simulation and real-world
videos of our method changing the robot behavior on the fly
may be seen in the supplementary video.

VI. CONCLUSION

This work introduced a novel approach for on-the-fly
personalization of mobile robot navigation using natural lan-
guage. We leveraged LLMs to understand human reasoning
behind user queries, and generate and tune the cost function
of an MPC designed for safe navigation in dynamic environ-
ments. Our experiments were successful in both simulations
and a real robot, demonstrating navigation behavior that
matched the user requirements. With this work, we pave the
way for new methods that reduce the gap between robots
and regular users. As LLMs improve, the processing time
and query understanding of our system should improve. The
system is limited to the robot’s observations; queries about
inaccessible elements may cause erratic behavior. Further
work will include scene understanding to support object
interaction, and experimentation with non-expert users to
evaluate the real-world applicability and social awareness.
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