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Large Language Model-based Semantic Text Decoupling and Cross
Attention-based Bidirectional Multimodal Feature Fusion for Generalized
Three-dimensional Referring Expression Segmentation
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Abstract: 3D referring expression segmentation (3D-RES) locates target objects within a 3D scene point cloud with precise 3D
masks based on natural language descriptions. We propose a new benchmark dataset, OAR3DRef, and a baseline model, TDMF,
to overcome the limitations of current research in generalized 3D RES. OAR3DRef provides detailed annotation of referring
expressions with rich semantic components, helping a 3D-RES model in understanding the correct meaning of the expressions.
TDMF, which is a baseline deep neural network model proposed for effective use of OAR3DRef, utilizes both a linguistic parser
and a large language model to decouple the given natural language expression into multiple semantic components. The model also
adopts a novel semantic alignment loss function to align decoupled text features with object visual features. It performs cross
attention-based bidirectional feature fusion between expression text features and object visual features before their semantic
alignment. Furthermore, the model makes use of additional 2D object visual features extracted from multiview RGB-D scene
images to enhance exact recognition of object attributes such as color, material, and appearance. We demonstrate the superiority
of the proposed baseline model, TDMF, through various quantitative and qualitative experiments using the new OAR3DRef
benchmark dataset.

Keywords: generalized 3D referring expression segmentation, scene point cloud, multi-view RGB images, large language model,
semantic text decoupling, multimodal feature fusion, semantic alignment loss
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“a brown wooden desk, positioned to the right
of the gray shelf, awaits your use.”
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Fig. 1. Existing models for 3d referring expression segmentation.
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Fig. 3. OAR3DRef dataset.
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Table 1. Comparison among three different datasets.

Dataset ScanRefer[6] Multi3DRES[3] | OAR3DRef(ours)
3D Target
GT Mask X o o
RGB-D Images X X O
Target & Auxiliary
Objects Words X X 0
Target & Auxiliary X provided only o
Attributes Words true / false
Relationships X provided only 0
Words true / false
Subject-Object
Words X X 0
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Fig. 4. Dataset construction process.

Given the input sentence:

(senlence,
. {main_object} is category name of the main object in the sentence.

2. List only words that appear in the sentence, that descrlbe attribute words (like

color, texture, shape, and size) of only {main_obje

3. {aux_objects} is category name of auxiliary objects only in the sentence.

4. | 'y more category names of all auxiliary in the sentence, and for each
auxiliary object, list any words that appear in the sentence, that describe their
attribute words (like color, texture, shape and size) of the auxiliary object in the
{sentence}.

5. Based on the relationships found in the {rel_graphs}, include only relationships
that appear in the sentence between one object and another object, using the
following format. For each relationship, identify the “subject’, 'sub_id", ‘relation’,
‘object’, 'obj_id.

6. Identify more relatlonshlps of between all {tota
add them in {r phs}

7. If there are no words about color, texture, shape, size, and relationships in the
list, return an empty list.

8. Format the extracted information into the following JSON structure and save it:

objects} in the sentence, and

“json
I
{
"main": {{

"m_object": "[category name of main object]",

"id": index of main object in total_objects,

"m_attributes": ["[main object attribute words in the sentence]”]

"auxiliary"

"a_object": "[category name of auxiliary object 1]",

"id": index of auxiliary object 1 in total_objects,
"a_attributes": ["[object 1 attribute words in the sentence]"]
2

"relationship": [

"subject": "[object 1 as the subject in the sentence]",
"sub_id": "id of object 1's category",

"relation": "[relation between object 1 and object 2]"
"object": "[object 2 as the object in the sentence]",
"obj_id": "id of object 2's category",

Y 5. B FE BWL oY o)y 7Y LSS 1Y
SH=% At) Qlo] mlol] 245K LELE| Fe,
Fig. 5. An example prompt for asking LLM to decouple the
complex referring expression into multiple semantic

components.
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Fig. 6. Data distribution of the OAR3DRef benchmark dataset.
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Table 2. Comparison with different loss functions.
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Table 3. Comparison between different feature fusion methods.

Feature Task Type Overall
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Table 5. Quantitative comparison with other models on OAR3

DRef dataset.
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Table 6. Quantitative comparison with other models on ScanRefer

dataset.
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