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Abstract— A system is expected to facilitate coordination
among multiple construction machines or robots, enabling
them to adaptively perform various tasks in disaster sites and
unknown environments. Prior research has generally adopted
a model-based approach to designing cooperative behavior.
However, it is difficult to adapt to environments and scenarios
that cannot be predicted by the model. In recent years, it
has been reported that a robot equipped with foundation
models can adapt to unknown (open) environments and un-
predictable situations. However, there has been little discussion
on foundation models for multiple robot systems; a flow that
cooperatively handles unexpected events does not exist. In
this paper, we propose the system flow that enables multiple
robots to adaptively coordinate to unforeseen scenarios based
on the functional expressions of each other and environment
understanding utilizing GPT-4 and GPT-4V. Through experi-
mentation, we verify that the proposed flow is able to adapt to
an unforeseen environment, particularly path obstruction via
robot experiments. Furthermore, we examine the validity of the
proposed flow by varying the robots’ functional expressions and
sensor information for the environment.

I. INTRODUCTION

In unknown environments such as disaster sites or the
lunar surface, a system is expected to facilitate coordination
among multiple construction machines (robots) to perform
various tasks [1], [2]. In these environments, robots may
face unforeseen situations, including getting stuck or path
obstruction. Prior research generally adopts a model-based
approach to designing cooperative behavior [3], [4]. How-
ever, it is difficult to adapt to environments and scenarios
that cannot be predicted by the model [5].

Recent progress in foundation models [6] has brought high
generalization performance in environmental perception and
task planning from natural language to robotics. Currently,
examples of applying foundation models to open-world
environments, such as OK-Robot [7] and GOAT [8], are
increasing. On the other hand, few studies have been done
for multi-robot systems. There is a lack of discussion about
a system flow for multiple robots to adaptively coordinate
to unforeseen situations that were not explicitly predicted in
advance.

This paper proposes a system flow enabling multiple
robots to adaptively address unforeseen situations, leveraging
foundation models for functional expressions of each other’s
robots and environment understanding. The individual flow is
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Fig. 1.  Proposed flow for adaptive coordination: Making decisions in

response to unforeseen situations through environment understanding and
the functions of itself and other robots.
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Please move Robot 01 to the excavation site. |#
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Error: Failed to move to the excavation site.
There is a log in front and cannot proceed.
Do you have the ability to remove the log?

My functions are to move, grasp objects,
and place objects.

1 will move to your current location and
remove the log.

Thank you. Once the cardboard strip is
removed from my path by Robot 02 and the
athway is clear, | will resume my movement.

Fig. 2.
hending the scenario through environment understanding by Robot 01 and
helps by removing the obstacle with functional expressions of Robot 02.

An example of unexpected scenario (path obstruction): Compre-

illustrated in Fig. 1, and a specific example is shown in Fig. 2.
The flow consists of the decision-making (action planning),
the robot control (action execution), and the environment
understanding to comprehend situations. If an unexpected
situation occurs, the flow can handle it in two ways: if a
robot can solve it by its own function, the robot addresses it
individually. Otherwise, the robot asks for help from other
robots for cooperative handling. Notably, the characteristic
of the proposed flow is that the decision-making process
takes both the functions of individual robot and those of
other robots, in addition to the conventional flow mounted
on a single robot. This system allows for robots to un-

3447



RIS Manipulator

Vessel

Robot
Camera

Speaker

& Ultrasonic Sensor Bucket

Fig. 3. Overview of the actual robots used in experiments (left: Robot 01,
center: Robot 02, right: Robot 03).

derstand unexpected events and for robots to communicate
the functions to one another in natural language, which
leads to emergence of adaptive and cooperative behaviors.
In addition, the proposed flow not only improves the per-
formance of handling unexpected events but also promises
to facilitate the cooperation with human operators through
adopting communication in natural language.

In this paper, we consider the path obstruction for coop-
erative earthmoving by a group of autonomous construction
robots. First, we prepare Robot 01 for autonomous sediment
transportation, Robot 02 for manipulating objects, and Robot
03 for sediment excavation. After designing the individual
flow for each robot, we set the unexpected scenario where
Robot 01 encounters an obstacle on its way to the excavation
site. We verify whether such situations can be collaboratively
handled by multiple robots, with environmental perception
of Robot 01, asking for help from Robot 02, functional
understanding of Robot 02, and the actual obstacle removal
by Robot 02. Furthermore, we examine the validity of
the proposed flow based on the functional expressions and
environment understanding by varying the robots’ functional
expressions and sensor information for the environment.

This paper is organized as follows. In Sec. II, we introduce
the related works and discuss the originality of this study.
In Sec. III, we design the individual flow and the actual
robot system. In Sec. IV, we present the validity of the
flow via cooperative adaptation to an unexpected event in the
actual experiments, and also discuss the effect of changing
the robots’ functional expression and sensor information for
the environment. In Sec. V, we summarize the paper and
discuss future plans.

II. RELATED WORKS
A. Foundation Models for Robotics

Foundation models refer to a set of models trained on
broad datasets, adaptable to a wide range of downstream
tasks [6], including large language models (LLMs) [9]-
[11], vision-language models (VLMs) [9], [12]-[14]. The
characteristic of foundation models is the high generalization
ability to tasks and environments, a result of pre-training on
massive and diverse datasets.

Y Robot 02
E-sie=

® Obstacle :
Disposal Site

Sand Pile

Robot 03

Fig. 4. Experimental setting: an obstacle as a cardboard strip, Robot 01,
Robot 02, and Robot 03 positioned within an area, the field camera located
at the top of the field.

In recent years, robotic researchers utilized the generaliza-
tion ability, using LLMs as task planning and perception [15].
For example, RT-1 [16] applies VLMs for recognition and
generation of action plans by using camera images and
textual inputs.

In addition to the usage of LLMs for task planning
and VLMs for perception, we further develop a system
that enables cooperative handling of unexpected scenarios,
allowing robots to communicate in natural language and
adaptive action planning based on the functions of individual
and those of others. A cooperative system of multiple robots
is also expected to be more parallel and highly adaptive than
an individual robot system.

B. Swarm Robotics

Swarm robot systems [17], [18] are inspired by the collec-
tive behavior of living organisms to develop a flexible, ro-
bust, and scalable multi-robot system. Although prior works
have attempted to engender emergent behaviors through
the interaction of the robots with each other and with the
environment [5], [19]-[21], they have not yet achieved a
system that can perform adaptive cooperative behavior in
response to unexpected situations. Here, we consider the
realization of adaptive and flexible cooperation through the
understanding of unexpected situations and the functional
expressions of robots, utilizing the generalization ability and
high adaptive capability of the foundation models.

While there are several studies on multiple agents applying
LLMs to task planning [22], the approaches usually adopt a

3448



Flow : Robot X

Basic information
* Own functions
« Initial position, etc.

Log

!

Receive message

» Task sentence

« Other robots’ functions Updater

Send message

Decision Maker Sentence to other robots

\4

vy

GPT- 4

GPT-4 i

Feedback sentence

“Because there is a log in
front of me, the log ...”
sensor data="

Environment Understanding

Data (Sensor data,
Action result, etc.) |

Action plan

e —————————————

i move(1.0,1.0) |
. 1

- Position info.
+ Object info.

Field

(Diagnoser)

<

l Robot Controller | <

camera

Motor commands

Sensor data T

Fig. 5.

| A 4

]

o

Robot X

Individual flow composed of four modules: updater, decision maker, robot controller, and diagnoser. The updater sorts important information from

messages received from operators, other robots, and basic information, including feedback results. The decision maker determines actions, such as sending
messages to others. The robot controller manages actions according to the action plan, and the diagnoser comprehends the current situation.

centralized structure where a single LLM allocates actions
to each agent. Our proposed flow, however, implements an
autonomous decentralized manner using foundation models
for all robots, as shown in Fig. 1. Although Zhang et al. [23]
present a distributed system, our approach additionally em-
phasizes the embodiment and functionality of the robots.
The system also enables us to design scalable systems and
to cooperatively adapt to unexpected situations with nearby
robots.

III. DEVELOPMENT OF ACTUAL ROBOT SYSTEM AND
INDIVIDUAL FLOW

In this section, we initially describe the development of
the actual robots and that of the experimental environment.
We also explain the functions of the robots and their sensor
information. Subsequently, we design the flow of robots
using GPT-4 and GPT-4V. We also describe the four modules
in the flow, and the input-output information of each module.

A. Design of the Robots

An overview of the robots is shown in Fig. 3. Robot 01 on
the left side in Fig. 3 is a toy robot of the dump truck; Robot
02 in the center of Fig. 3 is a mobile manipulator robot; and
Robot 03 on the right side in Fig. 3 is a backhoe toy robot.
Robot 02 is based on ROBOTIS TURTLEBOT3 Waffle Pi
equipped with OpenMANIPULATOR-X, and Robot 03 is
also based on Huina Tongli1580 RC.

Robot 01 is designed with a vessel for loading and
disposing soil, as well as moving. Robot 02 is equipped

with the manipulator for picking up and releasing objects,
as well as moving. Robot 03 is equipped with the bucket for
excavating soil. Additionally, Robot 01 is equipped with an
ultrasonic sensor, a robot camera, a speaker, and AR markers;
Robot 02 is equipped with a speaker and AR markers; and
Robot 03 is equipped with AR markers.

B. Construction of the Experimental Environment

An overview of the experimental environment is shown
in Fig. 4. The experimental field is a rectangular field with
dimensions of 1.0 meters in width and 1.5 meters in length,
equipped with a field camera mounted on a tripod. The three
robots, a sand pile, and an unknown obstacle are placed in
the field. Their positions can be obtained by AR markers
pasted to them by the field camera.

Each robot obtains its own position coordinates from the
field camera, as well as the names and position coordinates
of other robots and objects it can observe, specifically targets
within a 120° field of view and up to a distance of 0.7
meters. The information acquired by the field camera will
be distributed autonomously by GPS and sensors on each
robot in the future.

C. Design of Individual Flow

In this subsection, we design an individual flow mounted
on each robot to adapt to unexpected scenarios cooperatively
utilizing GPT-4 and GPT-4V. The designed flow is illustrated
in Fig. 5. In Fig. 1, Decision making corresponds to the
decision maker module, Robot control corresponds to the

3449



TABLE I
SKILL FUNCTIONS

Robot 01 Functions Arguments Descriptions

move destination Move to your destination by setting the coordinates of your destination.
dispose_of_soil coordinate The coordinates of the place where you want to dispose of the soil.
send_a_message target, content Send a message to a robot sharing the same network connection in English.
Robot 02 Functions  Arguments Descriptions

move destination Move to your destination by setting the coordinates of your destination.
pick object coordinates ~ You pick up and hold what is in front of you.

place object name You place what you are holding in front of you.

send_a_message target, content

robot controller module, and Environment understanding cor-
responds to the diagnoser module. We also design the updater
module to efficiently arrange the information, considering
the constraints of the volume of information that LLMs can
process.

The structure of the flow is described in detail. The flow
is comprised of four modules: the updater which arranges
important information from basic information, received tasks
and messages, action results, and the logs sent from the deci-
sion maker, the decision maker which determines the robot’s
action plan based on information sent from the updater, the
robot controller which controls the robot action according to
the action plan, and the diagnoser which understands its own
situation and surrounding environment from the data sent
from the robot controller. The decision maker and updater
adopt GPT-4 [9]. For the diagnoser, GPT-4V, the vision-
language model capable of interpreting image information, is
employed to comprehend the surrounding environment [9].

1) Updater: This module is designed to arrange impor-
tant information from basic information, received tasks and
messages, feedback of action results, and the log data of the
decision maker. The updater arranges information regarding
the basic information of the robot itself and surrounding
objects, the current task, and messages from the other robots,
including the names and functions. The arranged information
is sent to the decision maker.

The basic information includes the characterization of
the robot, including its name, functions, and performance,
articulated in natural language. This information is given
to foundation models to make appropriate inferences for a
particular situation or task. We set the basic information for
Robot 01 and Robot 02 as follows.

(Robot 01]

« Name: Robot 01
o Organization: Working robot
o Functions: {Loading soil and sand, Discharging soil and
sand, Movement}
o Performance: {Movement speed: ©, Loading of soil and
sand: O}
(Robot 02]

o Name: Robot 02

¢ Organization: Working robot

« Functions: {Picking up the object, Placing the object,
Movement}

o Performance: {Movement Speed: O}

Send a message to a robot sharing the same network connection in English.

1

1
Action result 1
- False 1
1
Sensor data ’ |
- Ultrasonic data: 0.13 Object B Object C h
1

1

1

1

- Object detection: Object A [3.0, 2.0],

Object B [1.5,-0.5], ...
- Robot_X position : ...

Diagnoser
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While executing the ‘move' command, the robot's operation suddenly stopped.
Your task is to deduce the reason why the robot suddenly stopped using the
following information.

###Current Sensor data of the Robot###

L 4
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1

1

1

1

1

1
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Fig. 6. Detailed explanation of the diagnoser (environment understanding
process): Analyzing the reason for the action result being false, using image
and sensor data sent from the robot controller.

2) Decision Maker: This module is designed to generate
action plans for robots (such as move, send a message). We
prepare skill functions, as shown in Table I, corresponding to
the functions designed for the robots. A skill function with
arguments is output as the robot’s action plan.

The process of generating action plans is composed of two
steps based on Chain-of-Thought prompting [24], [25]. In the
first step, the decision maker confirms the received tasks and
messages, environmental information, the functions of the
robot itself and those of the other robots, and the log sent
from the updater. It then decides whether to execute an action
by the robot itself or to communicate with other robots. In
the second step, it determines the function and its arguments
leveraging function calling of GPT-4. For example, if the
robot is assigned a movement task to a specific coordinate
(1.0, 1.0), it outputs the function: 'move(1.0, 1.0)’, referring
to Table I. Along with the framework, the decision maker
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Phase 1

Operator <send a message>
Robot 01, go to excavation site A.

Robot 01 <think>
The current task assigned to me by the operator is to move to excavation site
A. To complete the new task, | must use my movement function to navigate
to the specified excavation site A.

Robot 02 <think>
As robot 02, | acknowledge the command given to robot 01 but do not need
to take any action myself.

Phase 3
Robot 02 <think>
| have received the location of the cardboard strip from robot 01. My
functionalities include the ability to move to specific coordinates, pick up
objects, and place them. Given these capabilities, | can assist in removing
the cardboard strip by first moving to its location, picking it up, and then
disposing of it at the disposal site.

Robot 02 <move>
Move to [0.20, -0.02]. = True

Robot 02 <pick>
Pick at [0.20, -0.02]. = True

Robot 01 <move>
Move to ‘excavation site A’. = False

Phase 2

Robot 01 <send a message>
| encountered a cardboard strip in my path, causing an error and halting my
movement. Do you have the capability to remove or navigate around this
obstacle?

Robot 02 <send a message>
| can assist in removing the cardboard strip. Please provide the exact
coordinates of the cardboard strip so | can proceed with its removal.

Robot 01 <send a message>

The exact coordinates of the cardboard strip are approximately [0.20, -0.02].

Robot 02 <move>
Move to ‘disposal site’. = True

Robot 02 <place>
Place ‘cardboard strip’. = True

Phase 4

Robot 02 <send a message>
The cardboard strip at [0.22, 0.0] has been successfully disposed of at the disposal
site [0.3, -0.4]. Your path to excavation site A is now clear.

Robot 01 <think>
Robot 02 has removed the cardboard strip that was obstructing my path, indicating
that | can now continue my movement towards excavation site A.

Robot 01 <move>
Move to ‘excavation site A’. = True

2

Fig. 7.
for assistance, removing the obstacle by Robot 02, and resuming travel.

generates the action plan for the robots. The log of the
thought process is also sent to the updater for the improve-
ment of the decision-making in the future. For the text of
the prompt, see Appendix.

3) Robot Controller: This module is designed to execute
the skill functions listed in Table I, based on the action plans
generated by the decision maker. For example, when the
move action plan is selected as an input for Robot 01, a
program written in Python is executed to make a path to
the destination. A program is also executed to give angular
velocity commands to the robot’s motors so that the robot
follows its path. In the case of the disposal of soil action plan,
a program is executed for the robot to operate its vessel and
dispose of the soil. When the pick action plan is selected
as an input for Robot 02, a program that solves inverse
kinematics is executed, enabling the robot to manipulate its
manipulator and grasp an object at the specified coordinates.
For the place action plan, a program is executed for Robot
02 to operate its manipulator and place the object held by

Experimental verification of adaptive handling in an unexpected scenario: Encountering an obstacle during travel, communicating with Robot 02

the robot.

Furthermore, the robot controller sends the sensor data of
the robot and the action result to the diagnoser. As mentioned
in Sec. III-B, the sensor data are the camera images, the
ultrasonic sensor value, its own position coordinates, and the
object information sent by the field camera. The action result
is denoted as either true or false, reflecting the success or
failure of the action plan. The robot implements a collision
avoidance algorithm for safety. If Robot 01 performs the
action plan of move and the value of the ultrasonic sensor
is less than a certain value, the robot stops the action and is
set to send the false result to the diagnoser.

4) Diagnoser: This module is designed to understand the
surrounding environment from the sensor data including the
action result from the robot controller. The detailed flow of
the diagnoser is illustrated in Fig. 6. If the action result is
true, it sends the true message to the updater. In contrast, if
the action result is false, it understands the environment using
the GPT-4V by integrating the camera images and the sensor
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Robot Controller
Text

Action result
- False

Sensor data

- Ultrasonic data: 0.13
- Object detection: Backhoe [0.42, 0.08],
Cardboard strip [0.16, -0.03]

- Robot 01 position : [0.03, 0.21]

P = ===y

Diagnoser

Prompt

While executing the ‘move' command, the robot's operation suddenly stopped.
Your task is to deduce the reason why ...

GPT-4V
Output

Based on the information provided and the image, | can attempt to deduce the
possible reasons for the robot's sudden stop during operation.

Firstly, from the object detection results, we know that there are two objects
detected in front of the robot: a cardboard strip and a backhoe. From the
relative coordinates of both objects, we can infer that the cardboard strip is
the nearest object in the robot's path.

Looking at the image provided, we can visually confirm the presence of a
cardboard strip that seems to be very close to the front of the robot. Given that
ultrasonic sensors measure the distance to the nearest object within their
detection range, it is reasonable to deduce that the robot stopped because
its ultrasonic sensors detected the cardboard strip as an obstacle, which
is closer than the backhoe.

Fig. 8. A result of the diagnoser’s understanding process: comprehension
of the cause of action being false by summarizing the sensor and image
data.

data. For example, if the move action is false, the diagnoser
makes inferences from the camera images, the robot’s state
(action result: false), ultrasonic sensor value, its own position
coordinates, and object information in front of the robot. The
inference result, such as encountering a cardboard strip in the
robot’s path that causes an error and halts movement, is sent
to the updater.

IV. EXPERIMENTS AND DISCUSSIONS ON ADAPTIVE
COORDINATION

In this section, we verify the proposed flow through
experiments. Specifically, we investigate whether the robots
can adaptively coordinate to an unexpected situation, such
as path obstruction on a travel route, based on the functional
expressions of the robots and environment understanding.
Furthermore, we examine the validity of the proposed flow
by varying the function expressions and the sensor informa-
tion for the environment.

A. Experimental Setup

In the experiment, we prepared an unexpected scenario
where Robot 01 encountered an obstacle on its traveling path
to the excavation site A to receive sediment from Robot 03.
The obstacle was a cardboard strip. The position coordinates
of the excavation site A and the disposal site were set to be
given. However, none of the robots knew about the obstacle’s
existence or its position. Each robot knew only the names
of the other robots; the functions, shapes, and additional
information were not given.

TABLE I
EXPERIMENT SUCCESS RATES

Experiment Success Rate (%)
Experiment 1 80
Experiment 2 0
Experiment 3 40

B. Experimental results on adaptive coordination

Fig. 7 shows an experimental result. In the initial state
(phase 1), an operator ordered Robot 01 to proceed to the
excavation site A. The robot 01 decided to travel to the
excavation site A by using the movement function.

In phase 2, Robot 01 stopped its movement by encounter-
ing the obstacle detected by the ultrasonic sensor. This led
to the action result being false, triggering the diagnoser to
understand the environment. The flow is illustrated in Fig. 8.
Firstly, by integrating the action result, ultrasonic sensor
information, field camera information, and robot camera
information which perceives the cardboard strip and the
backhoe (Robot 03) in the front, the robot made decisions
that it stopped because its ultrasonic sensor detected the
cardboard as an obstacle. Robot 01 then decided to send
a message to Robot 02 for help; I encountered a cardboard
strip in my path, causing an error and halting my movement.
Do you have the capability to remove or navigate around
this obstacle? Robot 02 replied to Robot 01; I can assist
in removing the cardboard strip. Please provide the exact
coordinates of the cardboard strip so I can proceed with its
removal.

In phase 3, Robot 02 removed the cardboard strip after
asking for its location. It could be found that Robot 02
planned and executed a series of actions: moving to the
location of the cardboard strip, picking it up, and then
removing it.

Finally, in phase 4, Robot 02 accomplished the removal of
the cardboard strip. Robot 02 communicated to Robot 01 by
sending a message to complete the obstacle removal. After
receiving the message from Robot 02, Robot 01 restarted
its movement towards the excavation site A. Robot 01 had
successfully finished the action.

The experimental results indicated that Robot 01 correctly
comprehends the situation of action being false. Robot 01
also recognized that it lacked the functions to solve the
problem on its own and asked Robot 02 for help. After
removing the obstacle by Robot 02’s function, Robot 01
completed its travel to the destination. Therefore, we can say
that our proposed flow adaptively coordinates to unexpected
scenarios based on environment understanding and its own
and other robots’ functional expressions.

Five more experiments were conducted, and the success
rate was 80% as shown in experiment 1 of Table II. Here,
we define the success case as Robot Ol traveling to the
excavation site A. In the unsuccessful case, we observed
incorrect task planning in Robot 02. Robot 02 performed
the action plan for pick before moving to the cardboard
piece, resulting in the failure in action because the distance
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Fig. 9. Comparative experimental setup: experiment 1 represents the
baseline setup, experiment 2 modifies the functionality of robot 02, and
experiment 3 adjusts the camera position of Robot 01.

to the object was too far. This failure caused the system to
mistakenly assume that the cardboard strip was an unpickable
object, and robot 02 was unable to remove the cardboard
strip, resulting in Robot 01 not reaching the excavation site.

There are several possibilities to improve the success rate
by modifying the few-shot learning method [26]. In this
study, only the same few-shot learning was performed for
the move action in order to keep the conditions the same
for Robot 01 and Robot 02. For complicated task planning
such as robot 02’s obstacle removal (sequence of move,
pick, move, and place), we will improve the performance
of task planning by applying few-shot learning according to
the robot’s functions.

C. Effect of functional expressions and sensor information

In this section, we examine the validity of the proposed
flow by changing the robot’s functional expressions and
robot’s camera information. With the experiment in the
previous subsection as the experiment 1, two additional
experiments were conducted under the conditions shown in
Fig. 9; the experiment 2 varied the functional expressions
of the robots, and the experiment 3 varied the robot’s
camera information. Experiments were performed five times
each, and the success rates were calculated in Table II. By
comparing the results, we show the validity of the proposed
flow with the consideration of both functional expressions
and environment understanding.

1) Effect of functional expressions: To assess the effec-
tiveness of adaptive coordination to unforeseen environments
based on the functional expressions, we examined the experi-
ments by changing the functions of Robot 02. By eliminating
the function of picking and placing, we conducted experi-
ments five times, identified as the experiment 2, by setting
the robot 02 information as follows.

[Robot 02])

o Name: Robot 02

o Organization: Working robot

o Functions: {Movement}

o Performance: {Movement Speed: O}

The experimental results are shown in Table II. The
experiment 1 performed the success rate of 80%, whereas the
experiment 2 performed 0% success rate. In the experiment
2, it was not confirmed that Robot 02 removed the cardboard
strip and cleared a pathway. The above results indicate that
the explicitly functional expressions of robots are effective
in demonstrating the adaptive cooperation.

2) Effect of sensor information: To examine the effect
on obstacle detection using the robot’s camera, we adjusted
the robot’s camera 50 mm higher than its original position in
the setup of the experiment 1, thereby ensuring the cardboard
strip was not detectable, and performed five trials under these
modified conditions. These trials, identified as the experiment
3, were then demonstrated in comparison to the experiment
1 to evaluate the effect of environmental information.

The results are shown in Table II. The experiment 1
achieved an 80% success rate, while the experiment 3
decreased to 40%. In the experiment 3, the robot mistakenly
judged from the camera image that the backhoe was obstruct-
ing its path, resulting in incorrect assumptions. Consequently,
the robots 01 and Robot 02 judged that it was difficult to
remove the backhoe which resulted in the decrease of the
success rate.

The results imply that a lack of comprehensive real-world
information (e.g., invisible obstacles) results in incorrect
judgments about the environment. Detailed research on sen-
sor information is needed in the future in order to perform
effective inference in real environments.

V. CONCLUSIONS

This paper proposed the flow enabling multiple robots
to adaptively coordinate to unforeseen situations, leveraging
foundation models for functional expressions of each other’s
robots and environment understanding. After developing the
individual flow for adaptive coordination and the robot sys-
tem, it was confirmed through experiments on actual robots
that the robots can cooperatively respond to an unexpected
situation in which a travel route is obstructed. Furthermore,
we examined the validity of the proposed flow by varying
the robots’ functional expressions and sensor information for
the environment. From the results, it can be expected that the
emergence of adaptive cooperative behavior can be achieved
by explicitly designing functions into robots.

In the future, we plan to evaluate the versatility and
stability of the proposed flow for various scenarios.

APPENDIX

To enhance the reproducibility of our research, we describe
the prompts entered into the system. As space is limited, this
paper highlights the prompt for the decision maker, crucial
for generating collaborative behaviors.
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