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ABSTRACT
Embodied intelligence based on vision-language models aims
to learn from interactions and derive general intelligence.
However, existing generalized vision-language models can-
not understand domain knowledge in home scenarios due to
the lack of sweeping robot multimodal datasets. In this paper,
we propose the first multimodal dataset for sweeping robots,
called SweepMM. We create textual data such as room type,
scene descriptions, and moving recommendations using var-
ious approaches including rule-based, manual-based, and
off-the-shelf model-based methods. Based on this dataset, we
fine-tune the first generative pretrained model for sweeping
robots, called SweepGPM. This model enables human-robot
dialogue and surpasses previous state-of-the-art methods by
0.8% in room type recognition, 0.4% in obstacle detection,
and 8.0% in lost item search, demonstrating the potential of
embodied intelligence in sweeping robots.

Index Terms— Sweeping robot, Benchmark dataset,
Vision-language model, Embodied intelligence

1. INTRODUCTION

Embodied Intelligence [1] aims to study intelligent agents
that interact and learn from the real world and is considered
a promising path toward artificial general intelligence. Re-
cently, many researchers [2, 3] have attempted to combine
multimodal models with robots to assist them in handling em-
bodied reasoning tasks. However, general-purpose embodied
multimodal models perform poorly in typical service robots,
such as sweeping robots, due to a lack of domain knowledge.
Although relevant research [4, 5] has focused on detection
datasets and perception tasks for sweeping robots, these stud-
ies have been limited to the visual domain, severely hindering
the research on multimodal models.

To promote the development of embodied intelligence
in sweeping robots for multimodal scenarios, we have con-
structed the first multimodal dataset for sweeping robots in
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SweepMM
This is a home scene image captured by a sweeping robot  (theme), 

showcasing the living room scene (room type). On the left side of the 

image is a white sofa, and on the right side are winding wires. 

Straight ahead leads to the bedroom (scene description). Specifically, 

sofa: [0.0, 0.0, 0.772, 0.384], wire: [0.721, 0.485, 0.875, 1.0]  (fine-

grained boxes). For the sweeping robot, it should avoid getting stuck 

underneath the sofa and avoid touching the wires on the right side. It 

should proceed straight ahead to reach other areas of the living room 

or the bedroom (moving and cleaning recommendations). 
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Please find the image that 

contains the phone. Please 

provide the image number 
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Domain Multimodal Model SweepGPM

Fig. 1. The above SweepMM dataset contains various infor-
mation such as room type, scene descriptions, and moving
recommendations. Below is the research framework of the
vision-language multimodal model SweepGPM.

home scenarios, called SweepMM, based on the Object De-
tection for Sweeping Robots in Home Scenes (ODSR-IHS)
dataset [4]. Considering the needs of downstream tasks, the
textual descriptions consist of three parts: room type, scene
descriptions, and moving and cleaning recommendations.
We have employed various approaches, including rule-based,
manual-based, off-the-shelf model-based, and prompt en-
gineering, to expedite the text generation process. Fig. 1
illustrates the research framework for fine-tuning the multi-
modal model. Our SweepMM dataset contains specialized
domain knowledge, and we have developed a specialized
multimodal model for sweeping robots through techniques
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such as Instruct Tuning [6] and LoRA [7]. Our generative
pretrained model for sweeping robots, SweepGPM, has the
ability to understand home scenarios. Based on prompts,
it can be used to develop various valuable and fancy appli-
cations. We have already thought of and explored several
applications, such as room type recognition based on objects
and interior design style in images, replacing existing vision
perception algorithms with the detection results output by the
multimodal model, and using text to image retrieval tasks to
find lost items in an open-vocabulary manner.

The main contributions of this paper are as follows:

• We have constructed the first multimodal dataset for
sweeping robots, called SweepMM. It includes various
texts such as room types, scene descriptions, and mov-
ing recommendations, paving the way for specialized
multimodal artificial intelligence for sweeping robots.

• We fine-tuned Large Language Model (LLM) to obtain
the multimodal model SweepGPM for sweeping robots,
which can effectively understand domain knowledge and
interact with humans.

• The superior performance of complex experiments in
downstream demonstrates the potential of embodied in-
telligence for sweeping robots based on SweepGPM.

2. METHODOLOGY

2.1. Overall Pipeline

An overview of our proposed method is shown in Fig. 2. Fig.
2(a) illustrates the construction process of the SweepMM
dataset. Descriptions specifically designed for sweeping
robots enhance the understanding of upward-view images
in home scenes. Fig. 2(b) depicts the network structure of
SweepGPM. The Q-Former, fully connected layer, and LoRA
parameters are used to align image and language features and
adapt to the domain knowledge of the sweeping robot.

2.2. SweepMM Dataset Construction

The existing datasets for sweeping robots in home scenarios
only consist of images, lacking textual descriptions of the im-
age content. This severely hinders the research of multimodal
models. Therefore, we set out to construct the first multi-
modal dataset for sweeping robots SweepMM, which paves
the way for the development of specialized advanced artifi-
cial intelligence in home scenarios, as shown in Fig. 2(a).
Unlike common images in ImageNet [8] and COCO [9], the
images captured by sweeping robots exhibit significant dif-
ferences: upward-view, unique categories, and focal perspec-
tive. These differences make it nearly impossible to retrieve
suitable images from existing large-scale image-text datasets
like LAION-400M [10]. Therefore, we produce specific de-
scriptions based on ODSR-IHS [4]. Considering downstream

tasks for sweeping robots, such as room type recognition, ob-
stacle detection, lost item search, and obstacle avoidance, we
constructed the dataset from the following three aspects:

Room Type Recognition: Considering that room types
are not static attributes but are determined by the objects
placed in the room, we utilized boxes to annotate room cate-
gories. Specifically, we initially defined six room categories:
toilet, bedroom, living room, dining room, kitchen, and stock
room. We then created a room type judgement table Tr,
where each item, ti, provides the room category and objects
that may be present in it, for example, {’toilet’: ’closestool’,
’trashcan’, ’slippers’, ’socks’, ’carpet’, ’feces’}. Each object
in the image corresponds to multiple room types, resulting in
the set Rj(j = 1, ...,m), where m is the number of objects.
Finally, we took the intersection of the Rj to determine the
room type. Manual judgement was used to resolve ambi-
guities and obtain the final room type annotations when the
intersection is empty or not unique.

Scene Descriptions: On the one hand, we use the coarse-
grained initial boxes from the dataset as prompts and input
them into the off-the-shelf SAM [11]. We segment the ob-
jects and obtain fine-grained boxes Bf . We normalize the
bounding boxes and directly use them as precise descriptions
of the scene. On the other hand, since the boxes and their cat-
egories cannot describe the attributes of the objects, we utilize
the off-the-shelf general multimodal model Flamingo [12] to
generate descriptions for the image. Subsequently, we use
CLIP [13] to retrieve the most similar text, obtaining fuzzy
descriptions about the positions and attributes of the objects.
The model-based descriptions include additional information
about the object’s color, shape, size, and even subclass de-
scriptions. This enhances the model’s comprehension of sce-
narios in an open-vocabulary manner, which is beneficial for
text to image retrieval tasks such as lost item search.

Moving and Cleaning Recommendations: The moving
and cleaning recommendations are unique descriptions for
sweeping robots. Due to the lack of such images and de-
scriptions during training, general multimodal models [12]
cannot provide ideal results. Therefore, we exploited Chat-
GPT [14] through prompt engineering to mimic human an-
notations. Specifically, we manually annotated moving and
cleaning recommendations Rmc for 100 images. Then, we
input the following prompt to ChatGPT: “The inputs are the
objects and locations, and the outputs are the moving and
cleaning recommendations. Please refer to the provided ex-
amples. Given the input, provide the output. Input: B1

f ,
Output: R1

mc; Input: B2
f , Output: R2

mc, . . . , Input: Bn
f ,

Output:”. Through this process, we generated recommenda-
tions for a total of 6000 images. This enhances the network’s
understanding and reasoning capabilities for sweeping robots
in home scenarios. Additionally, some potential descriptions
about room type are also beneficial for room type recognition.

Fig. 3 presents some attribute analysis of the SweepMM
dataset. In the descriptions, the majority of samples consist
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This is a home scene image captured by a sweeping 

robot (theme), showcasing the toilet scene (room type). 

In the middle of the image is a closestool, and on the 

right side, there is a dark blue trashcan (scene 

description). Specifically, closestool: [0.143, 0.213, 

0.788, 0.675], trashcan: [0.223, 0.843, 0.782, 1.0] 

(fine-grained boxes). For the sweeping robot, it should 

avoid the closestool and trashcan and clean the middle 

section. Then, it should proceed to the left and 

continue cleaning in the toilet (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the toilet scene (room type). 

In the middle of the image is a closestool, and on the 

right side, there is a dark blue trashcan (scene 

description). Specifically, closestool: [0.143, 0.213, 

0.788, 0.675], trashcan: [0.223, 0.843, 0.782, 1.0] 

(fine-grained boxes). For the sweeping robot, it should 

avoid the closestool and trashcan and clean the middle 

section. Then, it should proceed to the left and 

continue cleaning in the toilet (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot  (theme), showcasing the dining room scene 

(room type). On the left side of the image, there is a 

dining table and a dining stool, with a dining stool in 

the middle (scene description). Specifically, table: [0.0, 

0.0, 0.813, 0.392], stool: [0.368, 0.0, 0.752, 0.385], 

stool: [0.0, 0.366, 0.768, 0.842]  (fine-grained boxes). 

For the sweeping robot, it should clean underneath the 

table and two stools. It cannot proceed to the right side 

due to the closed door (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot  (theme), showcasing the dining room scene 

(room type). On the left side of the image, there is a 

dining table and a dining stool, with a dining stool in 

the middle (scene description). Specifically, table: [0.0, 

0.0, 0.813, 0.392], stool: [0.368, 0.0, 0.752, 0.385], 

stool: [0.0, 0.366, 0.768, 0.842]  (fine-grained boxes). 

For the sweeping robot, it should clean underneath the 

table and two stools. It cannot proceed to the right side 

due to the closed door (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the living room scene (room 

type). On the left side of the image is a white sofa, and 

on the right side are winding wires and shoes. Straight 

ahead leads to the bedroom (scene description). 

Specifically, sofa: [0.0, 0.0, 0.772, 0.384], wire: 

[0.721, 0.485, 0.875, 1.0] (fine-grained boxes). For the 

sweeping robot, it should avoid getting stuck 

underneath the left side of the sofa and avoid touching 

the wires on the right side. It should proceed straight 

ahead to reach other areas of the living room or the 

bedroom (moving and cleaning recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the living room scene (room 

type). On the left side of the image is a white sofa, and 

on the right side are winding wires and shoes. Straight 

ahead leads to the bedroom (scene description). 

Specifically, sofa: [0.0, 0.0, 0.772, 0.384], wire: 

[0.721, 0.485, 0.875, 1.0] (fine-grained boxes). For the 

sweeping robot, it should avoid getting stuck 

underneath the left side of the sofa and avoid touching 

the wires on the right side. It should proceed straight 

ahead to reach other areas of the living room or the 

bedroom (moving and cleaning recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the toilet scene (room type). 

In the middle of the image is a closestool, and on the 

right side, there is a dark blue trashcan (scene 

description). Specifically, closestool: [0.143, 0.213, 

0.788, 0.675], trashcan: [0.223, 0.843, 0.782, 1.0] 

(fine-grained boxes). For the sweeping robot, it should 

avoid the closestool and trashcan and clean the middle 

section. Then, it should proceed to the left and 

continue cleaning in the toilet (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot  (theme), showcasing the dining room scene 

(room type). On the left side of the image, there is a 

dining table and a dining stool, with a dining stool in 

the middle (scene description). Specifically, table: [0.0, 

0.0, 0.813, 0.392], stool: [0.368, 0.0, 0.752, 0.385], 

stool: [0.0, 0.366, 0.768, 0.842]  (fine-grained boxes). 

For the sweeping robot, it should clean underneath the 

table and two stools. It cannot proceed to the right side 

due to the closed door (moving and cleaning 

recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the living room scene (room 

type). On the left side of the image is a white sofa, and 

on the right side are winding wires and shoes. Straight 

ahead leads to the bedroom (scene description). 

Specifically, sofa: [0.0, 0.0, 0.772, 0.384], wire: 

[0.721, 0.485, 0.875, 1.0] (fine-grained boxes). For the 

sweeping robot, it should avoid getting stuck 

underneath the left side of the sofa and avoid touching 

the wires on the right side. It should proceed straight 

ahead to reach other areas of the living room or the 

bedroom (moving and cleaning recommendations). 
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This is a home scene image captured by a sweeping 

robot (theme), showcasing the living room scene (room 

type). On the left side of the image is a white sofa, and 

on the right side are winding wires and shoes. Straight 

ahead leads to the bedroom (scene description). 

Specifically ,  sofa: [0.0, 0.0, 0.772, 0.384], wire: 

[0.721, 0.485, 0.875, 1.0] (fine-grained boxes). For the 

sweeping robot, it should avoid getting stuck 

underneath the left side of the sofa and avoid touching 

the wires on the right side. It should proceed straight 

ahead to reach other areas of the living room or the 

bedroom (moving and cleaning recommendations). 

This is a home scene image captured by a sweeping 

robot (theme), showcasing the living room scene (room 

type). On the left side of the image is a white sofa, and 

on the right side are winding wires and shoes. Straight 

ahead leads to the bedroom (scene description). 

Specifically ,  sofa: [0.0, 0.0, 0.772, 0.384], wire: 

[0.721, 0.485, 0.875, 1.0] (fine-grained boxes). For the 

sweeping robot, it should avoid getting stuck 

underneath the left side of the sofa and avoid touching 

the wires on the right side. It should proceed straight 

ahead to reach other areas of the living room or the 

bedroom (moving and cleaning recommendations). 

(b)

Fig. 2. (a) The construction process of the SweepMM dataset consists of three parts: room type recognition, scene descrip-
tions, and moving and cleaning recommendations. The modules involving manual work and off-the-shelf models are marked
with symbols. (b) The fine-tuned network structure of SweepGPM. The image encoder and LLM parameters are frozen, and
the Q-Former, fully connected layer, and LoRA parameters are optimized to adapt the domain knowledge of sweeping robots.

of 8 sentences and nearly 90 words. Moreover, content words
account for more than half of the descriptions, which is bene-
ficial for networks to fine-tune the sweeping robot domain.

2.3. SweepGPM Network Structure

The proposed SweepGPM network is fine-tuned based on the
structure of BLIP-2 [15], as shown in Fig. 2(b). Specifically,
image tokens are extracted from the image using the image
encoder CLIP ViT-L/14 [13]. These tokens serve as keys
and are inputted into Q-Former [15] along with pre-defined
queries and prompt tokens, mapping the image features into
the text space. Subsequently, a fully connected layer is used to
transform the dimensions of the queries. Unlike BLIP-2, we
employ the high-performing ChatGLM-6B [16] as the LLM
for text generation. In addition to freezing the image encoder
and LLM, we add the LoRA [7] parameter to learn the domain
knowledge of the sweeping robot. We train the model to gen-
erate text using autoregressive loss and enhance the ability of
text-image matching using contrastive loss.

3. EXPERIMENTS AND DISCUSSIONS

3.1. Experimental Setup

Following [4], we divided the SweepMM dataset into a train-
ing set of 4800 images and a val set of 1200 images. We

performed fine-tuning on the training set and evaluated the
classification and detection tasks on the validation set. The
retrieval performance was evaluated on the entire dataset.

We keep the image encoder and LLM frozen and optimize
the Q-Former, fully connected layers, and LoRa parameters.
To avoid catastrophic forgetting, we only train two layers of
LoRA parameters, and the LoRA rank is set to 4.

The network is initialized using VisualGLM-6B [16].
Then it is fine-tuned for 3000 iterations with a learning rate
of 0.0001. We use the AdamW optimizer and cosine learning
rate decay. We use 8 GeForce RTX 4090 GPUs.

3.2. Performance of Downstream Tasks in Classification
Table 1. Comparison to SoTA classification and multimodal
models on SweepMM val set for room type recognition.

method Toilet Bedroom Living
room

dining
room Kitchen Stock

room
mean
Acc.

ConvNeXt [17] 91.3 82.4 83.0 77.4 93.8 75.5 83.5
ViT [18] 84.4 75.8 74.9 69.2 82.9 66.3 76.3
Flamingo [12] 72.5 66.1 68.2 62.3 72.2 43.2 63.1
BLIP-2 [15] 76.6 69.8 72.5 66.6 74.9 58.6 70.2
LLaVA [19] 80.6 68.5 77.6 72.5 77.2 44.6 69.7
VisualGLM [16] 74.8 61.3 74.1 61.3 75.5 49.0 66.5
SweepGPM (Ours) 94.6 88.9 85.5 68.5 91.4 77.1 84.3
Improvements +3.3 +6.5 +2.5 -8.9 -2.4 +1.6 +0.8

In Fig. 2(a), the SweepMM dataset explicitly indicates the
room type of the image, and provides suggestions for adjacent
room types in terms of moving and cleaning recommenda-
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Fig. 3. Attribute analysis of the SweepMM dataset. (a) Frequency histogram indexed by the number of sentences. (b)
Frequency histogram indexed by the caption length. (c) Other attributes, including average number of sentences, etc.

tions on the other hand. Using “Give the room type in the
image.” as a prompt, SweepGPM can recognize the category
of the room. Table 1 presents the comparison results with
other vision classification and multimodal networks. It can
be observed that, due to fine-tuning with domain knowledge
from the sweeping robot, SweepGPM outperforms other mul-
timodal models and performs on par with the advanced vision
classification model ConvNeXt [17].

3.3. Performance of Downstream Tasks in Detection

In SweepMM dataset, on one hand, fine-grained bounding
boxes for each object in the image are explicitly indicated,
and on the other hand, descriptions about object positions and
attributes are generated by off-the-shelf multimodal models.
This enables the fine-tuned multimodal model SweepGPM
to detect obstacles. Using “Provide fine-grained bounding
boxes for all objects in the image.” as a prompt, SweepGPM
can demonstrate perception capabilities similar to vision de-
tection models. Table 2 presents the comparison results with
other SoTA detection and multimodal models. It can be ob-
served that, due to the lack of corresponding descriptions in
training dataset, Flamingo [12] fails to complete the detection
task, and multimodal models like BLIP-2 [15] perform poorly
in detecting objects in upward-view images due to the lack
of domain knowledge from the sweeping robot. Our Sweep-
GPM model can effectively detect obstacles and has the po-
tential to replace traditional vision detection models.
Table 2. Comparison to other SoTA vision detection meth-
ods and multimodal models on SweepMM val set. For pre-
sentation, abbreviations of category names e.g. ST are used.
method ST CA TA TR CU SO BE WI mAP

Cascade R-CNN [20] 87.5 77.9 80.7 86.9 79.5 80.2 91.6 48.6 77.3
DETR [21] 83.7 71.8 72.5 80.5 75.1 78.6 87.5 34.8 72.8
YOLOX [22] 92.2 89.5 91.0 95.2 85.2 87.4 94.2 63.5 85.7
Flamingo [12] 2.2 1.3 1.6 0.8 0.2 2.8 2.4 0.3 0.9
BLIP-2 [15] 58.6 52.6 63.8 42.0 45.8 59.6 66.9 36.3 55.1
LLaVA [19] 62.9 53.0 59.4 58.6 47.6 65.7 70.2 37.2 54.9
VisualGLM [16] 71.4 66.1 66.2 54.7 55.1 63.0 68.4 40.8 58.6
SweepGPM (Ours) 93.3 84.2 94.3 88.6 81.9 89.4 94.8 67.8 86.1
Improvements +1.1 -5.3 +3.3 -6.6 -3.3 +2.0 +0.6 +4.3 +0.4

Table 3. Comparison to multimodal models on SweepMM
all set for text to image retrieval in the lost item search task.

method Phone Key Wallet Glasses Watch mean
Recall

CLIP [13] 69.7 76.6 67.2 87.5 68.4 72.2
Flamingo [12] 48.5 29.8 58.6 68.8 42.1 49.3
BLIP-2 [15] 66.7 48.9 58.6 56.3 31.6 58.7
VisualGLM [16] 56.1 44.7 62.1 59.4 31.6 54.2
SweepGPM (Ours) 87.1 68.1 75.9 81.3 73.7 80.2
Improvements +17.4 -8.5 +8.7 -6.2 +5.3 +8.0

3.4. Performance of Downstream Tasks in Retrieval

Text to image retrieval is one of the typical applications of
multimodal models. For sweeping robots, a promising task is
lost item search. Unlike detection, the text is open-vocabulary
and not limited to fixed categories. We annotated images
in SweepMM dataset with five classes: phone, key, wallet,
glasses, and watch. However, these annotations were not used
as input during training. Table 3 presents the recall of CLIP
[13] and other multimodal models for retrieval. As shown, our
method significantly outperforms general multimodal models
in retrieval due to its domain knowledge of sweeping robots.

4. CONCLUSIONS

In this paper, we observed that existing research on sweep-
ing robots, including datasets and perception approaches, has
been predominantly focused on visual aspects, which severely
hinders the development of multimodal models and embodied
intelligence. To bridge this gap, we propose the first multi-
modal dataset for sweeping robots, called SweepMM. On one
hand, this dataset is annotated considering potential down-
stream tasks. On the other hand, it contains high-quality de-
scriptions with an average of 8 sentences and nearly 90 words,
which are beneficial for real-world applications. Based on this
dataset, we fine-tune the first multimodal model for sweeping
robots, SweepGPM, which not only enables human-robot di-
alogue but also performs downstream tasks. This paves the
way for multimodal interaction and embodied intelligence in
sweeping robots. In future work, we plan to further expand
the dataset and conduct research on model compression.
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