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Abstract— Designing service robots capable of tidying up
in unfamiliar and dynamic human environments presents a
significant challenge. Such robots must not only recognize
and manipulate a wide range of objects but also align their
actions with tidying up rules, which may vary greatly from
one individual to another. To address these challenges, we
propose a comprehensive software framework that integrates
Large Language Model (LLM) and Vision-Language Models
(VLMs) for service robots. Our framework enables robots
to learn human-specific tidying up rules through interaction
and observation, and to identify and handle previously unseen
objects and receptacles. This adaptive framework offers a
unified solution for recognizing, learning, and acting upon
diverse and dynamic human environments. We evaluate our
framework using both a text-based benchmark dataset to
assess tidying up rule learning and a simulated environment to
demonstrate practical tidying up performance. In the evaluation
using the text-based benchmark dataset, our framework selects
appropriate receptacles for unseen objects with high accuracy
(87.4%), including unseen receptacle categories. The simulation
evaluation confirms the effectiveness of our framework in
realistic environments and scenarios. This research advances
the field of service robotics by presenting an integrated software
solution that leverages LLM and VLMs for more personalized
and adaptable robot behavior in real-world tasks.

I. INTRODUCTION

In the rapidly developing robotic landscape, service robots
play an important role in improving human lives, espe-
cially within our home. Among the numerous tasks aimed
at performing daily chores, the tidying up represents an
important but complex challenge. This complexity is due to
the multifaceted nature of the task, which requires seamless
integration of advanced technologies such as object detec-
tion, navigation, and manipulation. Previous research [1]—
[5] has made significant progress towards efficient tidying
up robots, but the adaptation of these technologies to real-
world scenarios remains a challenge.

One of the most important aspects of these challenges is
the need for robots to adapt their tidying up activities to
tidying up rules, which are intrinsically diverse and change
over time. For example, individuals have varying preferences
for organizing their belongings: some may prefer to store
clothes in a chest of drawers, while others might hang
them in a closet. This variability extends to the objects
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themselves, depending on the type, size, and appropriate
storage bin called a receptacle, in which it should be placed.
Furthermore, the dynamic nature of human environments,
where new objects are constantly introduced, emphasizes
the need for robots to operate effectively even when facing
previously unseen objects.

To address these challenges, we introduce a comprehensive
software framework that leverages state-of-the-art technolo-
gies. Our framework stores the tidying up data through
Human-Robot Interaction (HRI) and learns tidying up rules
using Large Language Model (LLM). Traditional tidying up
robot applications train their object detection models with
specific labels, limiting their detection capabilities to pre-
trained objects. In contrast, our framework utilizes Vision-
Language Models (VLMs) to enable open vocabulary object
detection, allowing the robot to recognize objects of any
category. This capability empowers the robot to tidy up in
environments where it is unfamiliar with the objects or the
tidying up rules.

Our two-stage evaluation strategy, including a text-based
benchmark dataset and a simulation environment for prac-
tical tidying up tasks, demonstrates the effectiveness of our
framework. The simulation results indicate that the proposed
framework is effective in adapting to unfamiliar environ-
ments and making informed decisions based on user-specific
tidying up rules, marking a significant advance in service
robotics.

In this work, we contribute the following: (i) Development
of a prototype framework that learns tidying up rules with
no prior knowledge through HRI during tidying up tasks by
integrating LLM and VLMs. (ii) Demonstration of enhanced
robot adaptation and decision-making capabilities through
evaluations using a text-based benchmark dataset and simu-
lation environments.

II. RELATED WORK
A. Embodied Al

Embodied Artificial Intelligence (AI) has made significant
progress in several areas such as navigation [6]-[9], object
search [10]-[12], and question answering [13]-[16], showing
the capabilities of Al agents to perform complex tasks in
real environments. Tidying up as an application of embodied
Al represents unique challenges that require a deep under-
standing of the physical world and human-specific tidying
up rule. Previous studies [4], [5] have applied general rules
for tidying up tasks, but the importance of tailoring behavior
to individual tidying up rule is being recognized [17], [18].
This leads to an innovative method [19] to improve the
adaptability and personalization of tidying up robots by using
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LLM to summarize a tidying up rule from a small number
of tidying up examples.

Despite these advances, existing methods still rely on a
dataset that is prepared before tidying up. This requirement
often limits the ability of AI agents to adapt to dynamic
environments with frequently introduced new objects and
scenarios. Our research aims to overcome this limitation and
propose a new framework that integrates advanced novel
technologies such as LLM and VLMs. Our framework allows
the robots to adapt to unfamiliar environments and thus push
the limits of what can be done with functional Al in real
tasks.

B. Large Language Models in Robotics

LLM, particularly since the introduction of Trans-
former [20] style architectures, has undergone significant
development, playing an important role in advancing the field
of Al These models [21], [22], pre-trained on vast amounts
of web-scale textual data, have been increasingly used in
robotics.

The integration of LLM has opened new avenues for
developing more intuitive and human-like interactions be-
tween robots and their environments. Previous studies have
focused on using LLM to inject commonsense knowledge
into navigation [23]-[25], code generation [26], [27], and
manipulation [28]-[30]. In the tidying up task, LLM is used
to understand the tidying up rule [4], [19].

Our research builds on these foundations, but with a
particular focus on the management of input/output data for
LLM and data obtained through HRI, building a framework
that enables learning during the tidying up process.

III. METHOD
A. Architecture of the Proposed Framework

The tidying up workflow of our framework is illustrated in
Fig. 1, while an overview of the system architecture is shown
in Fig. 2. The framework is composed of the following key
components:

o User Interface: This component provides a seamless
interaction between the user and the system. It allows
users to input commands, provide feedback, and moni-
tor the detected objects.

Task Manager: The Task Manager oversees the ex-
ecution of tidying up tasks. It coordinates between
various subsystems, schedules tasks, and ensures that all
processes are carried out efficiently and in the correct
sequence.

Object Search: Utilizing advanced VLMs, this module
performs open vocabulary object detection. It identifies
and locates objects and receptacles based on user-
provided names, even if they are previously unseen by
the robot.

Receptacle Selection: This component utilizes an LLM
to select the most appropriate receptacle for each object.
By understanding user-specific tidying up rules through
interactions and learning, it can make informed deci-
sions on where to place objects.
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« Robot Controller: Responsible for the physical ma-
nipulation tasks, the Robot Controller manages the
navigation, grasping, and placing actions. It integrates
with hardware components to execute the movements
necessary for picking up objects and placing them in
the designated receptacles.

Feedback Handler: This module processes user feed-
back to correct any errors in real-time. It updates the
database with corrected tidying up rules and placements,
ensuring continuous learning and improvement of the
robot’s performance.

Database (DB): stores data obtained during tidying
up tasks. The database stores data acquired during
tidying up tasks, including object-receptacle pairs and
receptacle positions. This persistent storage enables the
system to learn and adapt over time, improving its
tidying efficiency and accuracy.

The framework is built on the Robot Operating System
(ROS) [31], which provides a flexible and robust platform for
developing and integrating the various software components
of the system.

B. Finding and Grasping Target Objects

Firstly, the user provides the name of the target object,
such as ”coke can” and toy car”. Then, our method searches
for the targets with Segment Anything Model (SAM) [32]
and Contrastive Language-Image Pre-training (CLIP) [33]
model. We utilize existing pre-trained models. It is not nec-
essary to construct a new dataset, train a model from scratch,
or engage in any fine-tuning procedures. These models allow
our system to find unseen objects and receptacles.

SAM is an Al model designed to identify and segment
any object in an image, regardless of its type or category.
Our framework uses images (Fig. 3) captured by an RGB-D
camera mounted on the robot and SAM to obtain bounding
boxes and segmented masks for all objects in the image
(Fig. 4). The bounding boxes are used to crop detected object
images for the next step. The segmented masks and the depth
data are used to obtain the center point of the target object
for grasping.

CLIP is a machine learning technique that learns visual
concepts from natural language descriptions by training on a
large dataset of images and their corresponding text captions,
enabling it to understand and generate representations for
a wide range of visual concepts described in text. In our
method, CLIP is used to compare the target object name,
which is given by the user, with all detected object images
cropped from the original image using bounding boxes. This
process predicts similarity scores between the target object
name and the detected object images. The detected object
images are ordered by similarity score, and our system asks
the user whether they are the target or not one by one, starting
with the image with the highest similarity score (Fig. 5).

Once the target object is found, the center point of the
object is calculated from the segmented mask and depth data
and the robot tries to pick up the target object. Addition-
ally, while moving around in the environment, 2D-LiDAR
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Overview of tidying up workflow. There are three phases in one tidying up task. The three phases are “picking up”, “receptacle prediction”, and

”placing”. In the picking up phase, the robot searches for and picks up a target object using a given object name, image processing, and interaction with
the user. In the receptacle selection phase, the robot selects an appropriate receptacle for the target object using an LLM. In the placing phase, the robot
searches for the appropriate receptacle and place the target object in the receptacle.
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Fig. 2. Architecture of our framework. Our framework consists of multiple
components that work together to enable adaptive tidying up tasks. The User
Interface accepts target object names from users and passes them to the Task
Manager, which coordinates the task execution. The Object Search module
leverages VLMs to detect objects, while the Robot Controller handles the
physical manipulation of these objects. The Receptacle Selection utilizes
LLM to select the appropriate receptacle based on tidying up data stored
in the database (DB). Finally, the Feedback Handler processes user input
to update tidying up data, allowing continuous improvement of tidying
performance.

SLAM [34] is used to generate a map of the environment. Re-
ceptacle positions obtained during this object search process
are stored in a database. The next time the same receptacle
is used, an efficient navigation path is generated by A-star
algorithm based on the map and the receptacle’s position
and the robot automatically places the target object in the
receptacle without further user interaction.

-

Fig. 3. This is a RGB image
captured by the RGB-D camera. In
this scene, there are 5 objects on the
table and some walls behind it.

Fig. 4. This is an image after SAM
is applied. Table top objects, a table,
walls, and some other parts are all
detected as “object.”

C. Selection of Appropriate Receptacles

In this process, an extended method of the summarization
method using LLM [19] is applied. Their method summa-
rizes the tidying up rule based on a given tidying up data
using LLM before tidying up task. The tidying up data
consists of a few pairs of object and receptacle and this
data is given by the user in advance. During the tidying up
task, the summary, target objects, and receptacle candidates
which is in tidying up data are given to LLM and LLM
selects appropriate receptacle for each object. Their method
can predict the appropriate receptacle with high accuracy.
However, their method can only select receptacles from the
given tidying up data, which must be provided before doing
tidying up tasks.

We extend their method to be able to handle receptacles
which is not in tidying up data. In our framework, an “others”
category is added to receptacle candidates as an outlier class.
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Fig. 5. On the left, the image after applying segmentation is shown, and the
table on the right shows the similarity scores sorted in order of highest to
lowest after comparing the target object name and detected object images.
In this case, “Red pringles” is the target object name. The user is asked
whether the detected object is the target object or not, starting from the top
in this table.

If outlier class is selected as the appropriate receptacle by
LLM, the robot asks the user which receptacle is appropriate
for the target object and store new tidying up data in the
database. Unlike [19], this method of integrating LLM and
HRI eliminates the need for the user to provide the system
with an example of the placements before doing tidying up
tasks.

In our method, there are two steps to select the appropriate
receptacle for the target object. The two steps are summa-
rization step and prediction step. In the summarization step,
we use two types of prompts. The first prompt is a system
prompt, which gives instruction and example responses to
LLM (Fig. 6). The system prompt is defined before doing
the tidying up tasks. The second prompt is a user prompt
(Fig. 7). After the user prompt is given to LLM, they return
the summary. The user prompt is used in each process of
receptacle selection. In the prediction step, we use two types
of prompts much like the summarization step, to predict the
appropriate receptacle. The first prompt is a system prompt
(Fig. 8) and the second prompt is a user prompt (Fig. 9).
After the user prompt is given to LLM, they select an
appropriate receptacle. Not only does our method not require
the user to provide some examples before doing the tidying
up tasks, but furthermore, our system can update itself to
make it more personalized.

D. Management of Tidying Up Data

When the robot is first introduced into the environment,
the database is empty. Our framework stores the following
tidying up data in a database during tidying up tasks:

o Pairs of object and appropriate receptacle for the

object

This data is stored through conversation with user
during the tidying up task. Our framework uses this
data to understand the rules for tidying up.

o Position of each receptacle

This data is stored through receptacle search process.
The next time the same receptacle is used, the robot
automatically places the target object in the receptacle
using this data.
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System prompt:

# Instruction

Summarize object-receptacle pairs into general rules.
These pairs, representing the relationship between an
object and its suitable receptacle, are provided by users.

# Examples

## Examplei

User:

pairs = {banana: coffee table, Lego brick: storage box, toy
car: storage box, apple: coffee table}

Your response:
Put toys in the storage box and fruits on the coffee table.

## Example2

User:

pairs = {dress: basket, Play-Doh: drawer, pants: basket,
toy block: drawer}

Your response:
Put clothes in the basket and toys in the drawer.

Fig. 6. An example system prompt to summarize placements preference
of the user. There are two sections. In the first section, the instruction is
stated. In the second section, there are two examples to adjust the LLM’s
response.

User prompt:

pairs {history book: coffee table, cookbook: coffee
table, brochure: trash can, paper towel: trash can}

LLM’s response:

Put books on the coffee table. Put paper products in the
trash can.

Fig. 7. Pairs of objects and receptacles are given as a user prompt. The
LLM’s response is expected to return the summary of the user preference
or rule from the given pairs.

By utilizing this stored data and LLM, the robot under-
stands user-specific tidying up rules and gradually performs
tidying up tasks automatically.

1) User Feedback for Adaptive Tidying Up: The robot
could select the wrong receptacle and the wrong tidying up
data could be stored. To address such cases, our framework
includes a feedback system. This system operates asyn-
chronously with the tidying up operation. If the user finds
that an object is placed in the wrong receptacle, the user can
provide the correct receptacle for the object via feedback, and
our framework updates the incorrect data in the database.
Therefore, in our framework, the robot flexibly learns the
tidying up rule through continuous interaction with the user.
It can then improve its performance overtime.

IV. EXPERIMENTS

We evaluate the performance of our framework through
two perspectives. Firstly, we evaluate the method proposed
by TidyBot [19], particularly focusing on the introduction
of outlier classes. This evaluation aims to measure the
framework’s ability to handle previously unseen receptacle



System prompt:

# Instruction

A tidying up rule and a target object are given by the user.
Return an appropriate receptacle for the target object
based on the tidying up rule. If the target object is not
included in the tidying up rule, return “others”.

# Examples

## Example1

User:

tidying up rule = Put toys in the storage box and fruits on
the coffee table.

target object = orange

Your response:
coffee table

## Example2

User:

tidying up rule = Put toys in the storage box and fruits on
the coffee table.

target object = paper towel

Your response:
others

## Example3

User:

tidying up rule = Put clothes in the basket and toys in the
drawer.

target object = sweater

Your response:
basket

Fig. 8. An example system prompt to select the appropriate receptacle
for the given target object. There are two sections. In the first section, the
instruction is stated. In the second section, there are three examples to adjust
the LLM’s response.

categories effectively. Secondly, a prototype of our frame-
work is implemented in a simulator environment to evaluate
its practical performance. In our method, the GPT [35] series
model is used as the core of our LLM. Specifically, we use
the gpt-40 model by an API provided by OpenAl [36]. For
consistency and controlled experimentation, the temperature
parameter is set to 0.

A. Evaluation of the Receptacle Selection Method

In this experiment, we assess the impact of introducing
outlier classes on the accuracy of the TidyBot [19] method.
To do so, we utilize two benchmarks: the original proposed
in [19] and an extended version designed to test adaptability
to unseen receptacles.

1) Dataset: The original benchmark consists of 96 scenar-
ios; each scenario has a set of objects, a set of receptacles,
a set of placement examples of seen objects, and a set of
placements of unseen objects, all specified as text. Each
scenario has between two and five seen receptacles, with two
seen objects and two unseen objects assigned to each seen
receptacle. The task is to select the appropriate receptacle
for the unseen objects based on the seen examples.
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User prompt:

tidying up rule = Put books on the coffee table. Put paper
products in the trash can
target object = paper wad

LLM’s response:
trash can

Fig. 9. User prompt consists of tidying up rule, and target object. The
LLM’s response is expected to return the appropriate receptacle for the
target object from receptacles.

This benchmark is extended to evaluate the adaptability
of our method to unseen receptacles. In the expansion, two
objects unrelated to the scenario are added to all scenarios
(excluding a fully classified scenario, “Put heavy items on the
left shelf and light items on the right shelf”). The appropriate
receptacle for these newly added objects is categorized
“others”, representing an outlier class. In this extended
benchmark, the challenge is to select that the appropriate
receptacles for the newly added object do not exist among
the earlier seen receptacles.

2) Results: Table 1 shows the accuracy results on the
original benchmark dataset that does not include unseen
receptacles. The TidyBot method [19] achieved higher ac-
curacy (89.1%) compared to our method (85.4%). The
reason for the lower accuracy of our method is that our
method includes an outlier class for receptacles, meaning
it selects the appropriate receptacle from a set that includes
unnecessary option, whereas TidyBot does not. Nevertheless,
the margin of accuracy remains relatively modest at 3.7%.
On the extended benchmark dataset, the TidyBot method
with outlier class integration achieved an accuracy of 87.4%
(Table II), which is close to its accuracy on the original
benchmark dataset (89.1%).

When an outlier class is selected during the tidying up
process, the robot verifies the appropriate receptacle with
the user, ensuring successful tidying up. Assuming that the
selection of the outlier class always leads to the identification
of the appropriate receptacle, the accuracy of the TidyBot
method with outlier class integration on the extended bench-
mark dataset increases to 92%. These results indicate that the
receptacle selection method used in our framework maintains
reliable accuracy even with the integration of the outlier
class. Furthermore, the inclusion of the outlier class enhances
the success rate of tidying up task in realistic environments,
demonstrating the practical benefits of our approach.

B. Simulation Experiment

In this experiment, we evaluate a prototype of our frame-
work using the TIAGo (Fig. 10) robot within the Gazebo
simulator [37]. The robot is equipped with an RGB-D camera
for object detection and manipulation. For the object search
process, we employ the FastSAM model [38], based on the
YOLOVS architecture [39], along with the ViT-B/32 model
of CLIP [33].



TABLE I
ACCURACY RESULTS ON ORIGINAL BENCHMARK DATASET (WITHOUT
UNSEEN RECEPTACLES)

Methods Accuracy (%)
TidyBot [19] 89.1
TidyBot [19] + Outlier Class 854

TABLE I
ACCURACY RESULTS ON EXTENDED BENCHMARK DATASET (WITH
UNSEEN RECEPTACLES)

Methods
TidyBot [19] + Outlier Class

Accuracy (%)
87.4

1) Experimental Environment: Fig. 11 illustrates the ex-
perimental environment. The experiment consists of 10 com-
plete tidying up scenarios using three types of containers as
receptacles (Fig. 12) and 11 objects categorized into four
types (Fig. 13). Each scenario involves tidying up objects
from three randomly selected categories out of the four
available categories.

Before starting each scenario, the database is cleared to
ensure no prior knowledge affects the robot’s performance.
Within each scenario, the order in which the objects are
picked up and placed into containers is randomized. Ad-
ditionally, the assignment of objects to specific containers
is randomized at the category level to maintain structured
variability. If the robot selects the wrong receptacle and
places the object in it, immediate feedback is provided and
incorrect tidying up data is correctly updated accordingly.

This approach allows us to test the robustness and adapt-
ability of our framework under varying conditions while
maintaining consistency in the experimental parameters.

2) Evaluation Method: The evaluation of this experiment
is based on the following metrics:

o Tidying up success rate: In 10 scenarios, the robot
performs 83 tidying up tasks. This metric indicates
whether the target object is placed in the appropriate
receptacle. In addition to calculating the success rate,
we also calculate the percentage of each failure factor.
Average number of user interactions: Our frame-
work has some processes that require user interactions.
This evaluation focuses on interactions in the process
required during object search and receptacle selection,
which are particularly important.

3) Results: Table III shows the tidying up success rate
along with the rates for each failure factor. The failure factors
are defined as follows:

o Failed to grasp: The robot physically failed to grasp
the object due to issues such as slippage.

Failed to place: The robot selected the appropriate
receptacle but physically failed to place the object in
it due to issues such as misjudged positioning.

Placed in wrong receptacle: The robot selected the
wrong receptacle for the target object and placed it
there. In such cases, the feedback system was used in
Section III-D.
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Fig. 10. This is a 3D model of a mobile service robot called TIAGo [40].

..........

~~~~~

iarget Objects

Fig. 11.  This is a simulation environment and an example scenario.
There are three types of containers as receptacles and nine objects. In each
scenario, all containers and three categories of objects out of four categories
were used. In this example scenario, the appropriate receptacles of bricks
(outlined by an orange circle), cans (outlined by a yellow circle), and cups
(outlined by a gray circle) are a brown container, a yellow container, and a
white container respectively.

The low rate of Placed in wrong receptacle shows that
receptacle selection method works well. However, it is found
that improving the accuracy of grasping and placing is crucial
for enhancing the overall success rate.

Table IV shows the average number of user interactions
required during object search and receptacle selection. Dur-
ing object search, multiple interactions were often needed
when the similarity between the target object image and the
user-given object name was not the highest. This occurred
in cases mostly where: (i) Similar-looking objects were
present, or (ii) one part of the target object segmented by
SAM had a higher similarity than the image of the entire
object. During receptacle selection, in the second half of the
scenario, the robot began to understand the tidying up rule
and selected receptacles without user interaction, resulting in
an average number 0.6. When LLM selects the outlier class
during receptacle selection, one user interaction is required to
identify the appropriate receptacle. However, if LLM selects
a specific receptacle, no user interaction is needed. Therefore,
a lower average number indicates that the robot requires less
user assistance when placing objects in receptacles.

Table V details the rates at which user interactions were
required during receptacle selection, based on the number of
objects from the same category that had already been tidied
up. A lower rate indicates that the robot is able to tidy up
the object automatically without user interaction Therefore,



Fig. 12.

Three types of containers
used in the simulation experiment.

Fig. 13.  Eleven objects used in
the simulation experiment. They are
categorized into four types: bricks,
cups, cans, and snacks.

TABLE III
TIDYING UP SUCCESS RATE AND FAILURE FACTOR RATES

Rate (%)
Success 72.3
Failed to grasp 18.1
Failed to place 6.0
Placed in wrong receptacle 3.6

this result shows that if no objects of the same category have
been tidied up, interaction is required to learn the appropriate
receptacle for the target object. On the other hand, if two
objects of the same category have been tidied up, interaction
is not required to select the appropriate receptacle. This
demonstrates that the robot gradually understands the tidying
up rule as it tidies up.

V. DISCUSSION

In the experiments, the integration of LLM and VLMs
demonstrated significant improvements in the robot’s ability
to recognize and adapt to unseen objects and receptacles,
achieving a high accuracy rate of 87.4% for unseen objects in
a text-based benchmark dataset. This advancement suggests
that leveraging language models can effectively enhance
the robot’s contextual understanding and decision-making
capabilities in dynamic environments.

Furthermore, the simulation results indicate that the pro-
posed framework can successfully operate in realistic sce-
narios, showing its potential for practical deployment in
domestic and service settings. The user feedback mechanism
proved crucial in refining the robot’s tidying up rules, ensur-
ing continuous learning and adaptation over time.

However, despite these promising outcomes, there are
several areas required further investigation. For instance,
optimizing the object search process to reduce user in-
teractions and incorporating more sophisticated navigation
strategies could significantly enhance the overall efficiency
of the system. Additionally, one of the most critical areas for
improvement is the grasping process, as failures in grasping
significantly impact the overall success rate. Enhancing the
grasping mechanism by integrating advanced grasp planning
algorithms and utilizing more dexterous manipulators could
reduce the frequency of grasping failures.

A. Limitations

Despite the promising results, our framework has sev-
eral limitations that need to be addressed. One significant
limitation lies in the object search process. Although the
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TABLE IV
AVERAGE NUMBER OF USER INTERACTIONS IN EACH PROCESS

Average
Object search 1.4
Receptacle selection 0.6
TABLE V
RATE OF TIMES WHEN INTERACTION WAS REQUIRED IN RECEPTACLE
SELECTION
Number of objects tidied up in the same category | Rate(%)
0 100.0
1 46.2
2 0.0

integration of SAM and CLIP models enhances the robot’s
capability to detect and identify a wide range of objects, the
efficiency of this process decreases when the target object
is not in close proximity to the robot’s initial position. This
scenario often requires multiple user interactions, leading to
extended search times and reduced overall efficiency.

Moreover, the current brute-force search approach is not
optimal for real-world applications where rapid and precise
identification of objects is crucial. To overcome this, future
works of our framework should incorporate advanced search
algorithms that prioritize specific or highly similar objects
based on user preferences or contextual clues.

By addressing these limitations, we can significantly im-
prove the practical usability and performance of our tidying-
up robots in dynamic and cluttered environments.

VI. CONCLUSION

In this study, we introduced a framework enabling robots
to adapt to unfamiliar environments by learning human-
specific tidying up rules using Large Language Model (LLM)
and Vision-Language Models (VLMs). Leveraging SAM and
CLIP models, our framework effectively handles unseen
objects and receptacles, enhancing the robot’s tidying ca-
pabilities.

Our experiments with a text-based benchmark dataset and
a simulator demonstrated the framework’s high accuracy
(87.4%) in predicting appropriate receptacles and adapting
to new objects. The user feedback mechanism was essential
for continuous learning and rule refinement.

Future work will focus on optimizing the object search
process to minimize user interactions and improving the
grasping mechanism to reduce failures. Additionally, we
plan to validate the framework with real-world testing and
integrate more user-centric design features to enhance overall
efficiency and user experience. These enhancements aim
to make our framework a practical solution for real-world
service robotics applications.
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