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Abstract

3D visual grounding aims to identify and localize objects in
a 3D space based on textual descriptions. However, existing
methods struggle with disentangling targets from anchors
in complex multi-anchor queries and resolving inconsisten-
cies in spatial descriptions caused by perspective variations.
To tackle these challenges, we propose ViewSRD, a frame-
work that formulates 3D visual grounding as a structured
multi-view decomposition process. First, the Simple Rela-
tion Decoupling (SRD) module restructures complex multi-
anchor queries into a set of targeted single-anchor state-
ments, generating a structured set of perspective-aware de-
scriptions that clarify positional relationships. These de-
composed representations serve as the foundation for the
Multi-view Textual-Scene Interaction (Multi-TSI) module,
which integrates textual and scene features across multi-
ple viewpoints using shared, Cross-modal Consistent View
Tokens (CCVTs) to preserve spatial correlations. Finally,
a Textual-Scene Reasoning module synthesizes multi-view
predictions into a unified and robust 3D visual grounding.
Experiments on 3D visual grounding datasets show that
ViewSRD significantly outperforms state-of-the-art meth-
ods, particularly in complex queries requiring precise spa-
tial differentiation. Code is available at https://github.
com/visualjason/ViewSRD.

1. Introduction
3D Visual Grounding (3DVG) aims to establish seman-
tic correspondences between natural language descriptions
and target objects in a 3D space [19, 44]. This task has
gained significant attention in applications such as visual
language navigation [25, 57], intelligent agents [4, 49], and
autonomous vehicles [9, 13].
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(a) Regular 3D visual grounding

Single-anchor Query Sentences: 
1. The nightstand is closest to the picture.  
2. The nightstand is closest to the wall.  
3. The nightstand is to the right of the bed.
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Figure 1. (a) Previous 3DVG methods struggle with ambiguities
from complex multi-anchor queries and perspective shifts. (b)
ViewSRD addresses this by using the SRD module to simplify
queries and the CCVTs to capture viewpoint variations in both
scene and textual modal, boosting cross-modal feature interaction
and enhancing grounding accuracy.

Traditional single-view approaches rely on 2D sampled
images to extract scene information [38] or construct scene
graphs from textual descriptions [42]. However, these meth-
ods are inherently limited by their dependence on single-
view cues, as language descriptions often presuppose spe-
cific viewpoints. To overcome this limitation, recent re-
search has explored multi-view 3DVG, integrating multiple
perspectives to enhance robustness [8, 31, 58]. Some meth-
ods process distinct descriptions for different viewpoints via
manual annotation and learning [15, 37], while others incor-
porate spatial modules to encode relative spatial coordinates
under specific perspectives [5]. However, they typically ad-
dress only isolated aspects of the problem, limiting their ef-
fectiveness in handling complex multi-view scenarios.

Despite their potential, existing 3DVG models struggle to
disentangle targets from anchors in multi-anchor textual de-
scriptions [5, 14, 32]. Large language models (LLMs) often
have difficulty interpreting such descriptions [17, 51], yet re-
solving these ambiguities is crucial for improving grounding
accuracy [20]. Compounding this challenge, inconsisten-
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cies between textual descriptions and spatial relationships
arise when viewpoints change. As illustrated in Fig. 1, an
object described as being to the right of another—such as
“The nightstand is to the right of the bed”—from a front-
facing view may appear on the left when observed from
the opposite direction. These perspective-induced incon-
sistencies make it significantly harder for models to estab-
lish accurate correspondences between textual descriptions
and visual information, further degrading performance. Ul-
timately, both the inherent complexity of multi-anchor
queries and the challenges introduced by perspective shifts
hinder the accurate interpretation of positional relationships
in 3DVG, limiting the overall effectiveness of existing sys-
tems.

To tackle these challenges, we propose ViewSRD, a
framework that formulates 3D visual grounding as a
structured multi-view decomposition process. By lever-
aging the Simple Relation Decoupling (SRD) module,
ViewSRD effectively disentangles target-anchor relation-
ships in the complex multi-anchor queries, while the Multi-
view Textual-Scene Interaction (Multi-TSI) module inte-
grates multi-view information to enhance grounding accu-
racy. As illustrated in Fig. 1(b), ViewSRD first applies the
SRD module to decompose complex multi-anchor queries
into a set of simpler single-anchor queries, isolating interac-
tions between the target and its anchors. This structured de-
composition allows the model to more effectively learn po-
sitional relationships from textual descriptions. The Multi-
TSI module then fuses textual and scene features across
multiple viewpoints using Cross-modal Consistent View To-
kens (CCVTs), which explicitly encode viewpoint informa-
tion as learnable cue for both textual and scene module.
This mechanism ensures that the model accurately cap-
tures spatial interactions, even under perspective shifts. Fi-
nally, the Textual-Scene Reasoning module aggregates these
multi-view features to accurately predict the final 3D VG re-
sults. Extensive experiments have validated the efficacy of
our proposed ViewSRD across different 3DVG benchmarks,
demonstrating its superior performance across diverse sce-
narios. In summary, our contributions are fourfold:
• We propose ViewSRD, a framework that formulates 3D

visual grounding as a structured multi-view decomposi-
tion process, effectively handling complex multi-anchor
queries and mitigating text-visual inconsistencies across
different perspectives.

• We introduce the Simple Relation Decoupling (SRD)
module, which restructures complex multi-anchor queries
into simpler single-anchor statements, disentangling
target-anchor relationships. This structured decomposi-
tion enables the model to extract more effective textual
features for grounding.

• We develop the Multi-view Textual-Scene Interaction
(Multi-TSI) module to explicitly encode viewpoint infor-

mation using cross-modal consistent view tokens. This
mechanism ensures alignment between textual descrip-
tions and visual features across different perspectives, re-
ducing spatial ambiguities.

• We conduct extensive evaluations on 3D visual grounding
datasets, where ViewSRD achieves state-of-the-art perfor-
mance, yielding superior performance over prior work.

2. Related Work
3D Visual Grounding. 3D computer vision has made great
progress in various fields [7, 26, 29, 33, 45, 55, 56], the 3D
visual grounding (3DVG) task involves identifying a target
object in a 3D scene based on a natural language descrip-
tion [19, 44]. Pioneering datasets such as ScanRefer [6] and
ReferIt3D [1], built on ScanNet [10], have driven progress in
this field. Recent advancements like MVT [18] address view
inconsistency by developing a view-robust multi-modal rep-
resentation. Other works [23, 27, 47, 53] explore multi-
modal situated reasoning but lack a dedicated focus on han-
dling the high semantic complexity of natural language in
3D grounding, particularly in disentangling intricate sen-
tence structures.

Despite these advancements, the complexity of natural
language descriptions remains a significant challenge in
grounding tasks. Referring expressions often require rea-
soning over multiple anchor objects to precisely identify the
target, making it crucial to disentangle and interpret intricate
linguistic structures and spatial dependencies. Our method
addresses this challenge by decoupling complex queries into
simpler statements, improving the extraction of key rela-
tional information. Additionally, by leveraging view tokens,
ViewSRD learns more accurate associations between textual
descriptions and multi-view information.
Language Comprehension. Understanding referential lan-
guage in 3DVG requires models to not only parse spatial
descriptions but also interpret object relationships within a
scene. Scene graphs, where objects serve as nodes and re-
lationships form directed edges, have been widely used for
tasks such as image retrieval and caption evaluation [19].
Traditional approaches employ scene graphs to enhance
query comprehension [42], with efforts to convert sen-
tences into structured representations [12, 34, 43] or gener-
ate grounded scene graphs for images [22, 24, 50]. However,
these methods primarily focus on static, well-defined rela-
tionships and struggle with the dynamic, context-dependent
nature of natural language. In datasets such as Nr3D [1],
the complexity of interwoven spatial relationships and am-
biguous references makes direct scene graph construction
challenging. To address this, we propose leveraging Large
Language Models (LLMs) [28, 40, 46] to enhance semantic
understanding and spatial reasoning, reducing reliance on
rigid structures while improving language comprehension.
3D Multi-View Learning. 3D vision research has largely
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Figure 2. Overview of ViewSRD. We begin by employing the Simple Relation Decoupling (SRD) module to decompose complex multi-
anchor queries into multiple simpler single-anchor queries. Next, text and scene features are extracted separately using the text encoder
and scene encoder. To explicitly incorporate scene information into the model, we fuse Cross-modal Consistent View Tokens (CCVTs) with
these extracted features. The Multi-view Textual-Scene Interaction (Multi-TSI) module then facilitates a comprehensive interaction between
textual and scene information, the 3DVG prediction results are finally generated by the Textual-Scene Reasoning Module.

focused on generating 2D projections from multiple view-
points. While LLM-based grounding methods integrate
multi-view images, they struggle with accurately identifying
the primary viewpoint and demonstrating reliability, as dis-
cussed in [17, 51]. MVT [18] maps 3D scenes into multiple
perspectives to enhance cross-view feature aggregation but
lacks a mechanism to weigh each view’s contribution, lim-
iting performance in complex scenes. Similarly, ViewRe-
fer [15] utilizes multi-view prototypes for cross-view in-
teractions but lacks explicit training guidance on view im-
portance. Mikasa [5] incorporates relative spatial coordi-
nate information and a scene-aware module to improve ob-
ject grounding but does not fully resolve view weighting
challenges. In contrast, we propose Cross-modal Consis-
tent View Tokens, which guide the model to dynamically
adjust representation spaces and assess whether spatial rela-
tionships in decoupled sentences exhibit view dependency.
This mechanism enables more reliable multi-view reason-
ing, improving performance in complex scenes.

3. ViewSRD
In the context of 3D point cloud scenes, the term multi-
view refers to observing a shared scene representation (e.g.,
XYZ+RGB format) from different simulated viewpoints by
rotating the scene around its central axis or camera view-
points. Each view provides a partial observation of the same
3D environment, resulting in varying object appearances,

occlusions, and spatial configurations across views. This
multi-view setup introduces significant challenges for 3D
visual grounding: (1) language-grounded spatial relations
must remain consistent across view-dependent variations,
and (2) object referents may be partially or completely in-
visible in certain views.

To tackle these challenges, we propose ViewSRD, a
structured multi-view 3D visual grounding framework. The
overall framework of our method is illustrated in Fig. 2.
ViewSRD comprises two key components. The first com-
ponent is the Simple Relation Decoupling (SRD) module,
which decomposes multi-anchor queries into a series of
single-anchor queries by leveraging the powerful language
processing capabilities of LLMs and predefined prompt
templates. This decomposition enables more precise infer-
ence of relative relationships between objects, improving the
model’s ability to capture spatial interactions. The second is
the Multi-view Textual-Scene Interaction (Multi-TSI) mod-
ule, which mitigates viewpoint dependency by integrating a
shared, cross-modal consistent view token into both the lan-
guage and visual models. These tokens facilitate feature in-
teraction across perspectives, allowing the visual and textual
models to align cross-modal viewpoint information more ef-
fectively.

3.1. Simple Relation Decoupling Module
The Simple Relation Decoupling (SRD) module is designed
to structurally decompose a multi-anchor query into mul-
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Query: "The pillow on the couch that is on the right hand
side of the room, when you are facing the TV, and is closest
to the TV."
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"The pillow is on the couch."
"The pillow on the couch that is on the right side of the room."
"The pillow is closest to the TV."
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Matched Simple Sentences
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Target Label Classifier

Prompt Template

Simple Sentences

room

Figure 3. Overview of the SRD Module pipeline.

tiple simpler single-anchor queries, enhancing the text en-
coder’s ability to comprehend and process relational infor-
mation. As illustrated in Fig. 3, the SRD module first pre-
dicts the target and anchor labels within a sentence, assign-
ing them as the subject and object in the simplified sen-
tence, respectively. This restructuring forms the foundation
for generating a structured prompt, which is then fed into an
LLM to produce a set of simplified queries. To maintain se-
mantic integrity, we employ a Sentence Matching algorithm
which is described in detail in the supplementary material.
that filters and retains the most relevant simplified queries,
ensuring that the refined queries faithfully preserve the orig-
inal meaning while improving clarity and interpretability.
By disentangling object relationships between the target and
multiple anchors, the SRD module enables more precise re-
lational reasoning, enhancing 3DVG performance.
Target and anchors digging. We pre-train a classifier
𝐶𝑙𝑎𝑠 to identify the word in a sentence that corresponds to
the {Target} object. Given an input sentence, 𝐶𝑙𝑎𝑠 first de-
termines which word belongs to the target. Subsequently,
we assess whether other words in the sentence appear in the
predefined anchor set, 𝐴𝑙𝑎𝑏 = {𝐴𝑙𝑎𝑏1, 𝐴𝑙𝑎𝑏2, ...}, provided
by the dataset. If a word matches an entry in this set, it is
classified as an {Anchor} object. For more details about the
𝐶𝑙𝑎𝑠, please refer to the supplementary materials.
Decoupled multi-anchor queries. In practical referring
queries, multiple anchors frequently co-occur within the
same sentence, and the spatial relationship of the target is
inherently tied to the anchor labels. In such cases, spatial

descriptions involving multiple objects and their attributes
often become entangled. For instance, in the {Query} illus-
trated in Fig. 3, the object “couch”, which is near the tar-
get “pillow”, may dominate the spatial description, thereby
weakening the relationship between the target and other an-
chors. To address the coupling issue in such queries, we
design a set of prompt templates based on prior target and
anchor digging, the process is shown in Fig. 3. Lever-
aging the reasoning capabilities of LLMs, we decompose
complex multi-anchor queries into simpler single-anchor
queries. This decoupling process clarifies the positional re-
lationships between the target and its anchors in 3DVG, en-
hancing the model’s spatial understanding.

We define a total of 𝑘 structured {Example} derived from
our pre-designed templates, such as “The target is on the
anchor”, with additional examples provided in the supple-
mentary materials. For each anchor, the model generates
𝑘 candidate queries, where 𝑘 denotes the number of gener-
ated examples. To ensure the selected sentence best aligns
with the original query, we apply a sentence-matching al-
gorithm that evaluates both label consistency and semantic
consistency. The final ranking is determined by a weighted
average of these two scores. For further details, please refer
to the supplementary materials.

3.2. Textual Aggregation

Given a complex multi-anchor query sentence, the SRD
module decomposes it into (𝐼 + 1) sentences, where 𝐼 rep-
resents the number of anchors in the original sentence.
Each anchor contributes to a shorter, simplified sentence,
while the original complex query remains as a longer refer-
ence sentence. To extract meaningful linguistic representa-
tions, we employ BERT [11] as the text encoder to extract
(𝐼 + 1) sentence features, generating a language feature set
{𝐹𝑇0 , 𝐹𝑇1 , . . . , 𝐹𝑇𝐼 }, where 𝐹𝑇0 corresponds to the original
complex query, and the remaining elements represent the
features of the decoupled simpler queries. To enable the
model to effectively learn from diverse sentence represen-
tations, we introduce a textual feature aggregation strategy.
We randomly sample one feature from the language feature
set as the main feature 𝐹main, while treating the remaining
features as auxiliary features 𝐹aux. The final aggregated fea-
ture is computed as:

𝐹agg = 𝛼𝐹main + (1 − 𝛼) · 1
𝐼

𝐼∑
𝑖=1

𝐹aux𝑖 , (1)

where 𝛼 is uniformly sampled from {0, 0.1, 0.3, 0.5} during
training and fixed at 0.5 during validation. This adaptive fu-
sion strategy ensures smooth feature integration, enhancing
the model’s robustness in language-conditioned 3DVG.
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3.3. Multi-view Textual-Scene Interaction Module
Cross-modal Consistent View Tokens. Previous methods
have largely overlooked the inconsistency in textual descrip-
tions arising from perspective shifts in multi-view VG, mak-
ing it challenging for models to accurately interpret these
variations [3, 41]. To address this limitation, we introduce a
series of learnable and shared Cross-modal Consistent View
Tokens(CCVTs), which are integrated into both the textual
and scene modules. By incorporating these tokens, both
models are explicitly guided with relevant perspective in-
formation, enabling them to more effectively capture and
understand the transformations and interactions induced by
viewpoint changes.

Formally, let V = {𝑉𝑛 |𝑛 = 1, 2, . . . , 𝑁;𝑉𝑛 ∈ R𝐷} rep-
resents the set of CCVTs, where 𝑁 denotes the number of
viewpoints and 𝐷 represents the dimensionality of CCVTs.
The CCVTs are jointly optimized with our proposed textual
and scene modules. Once trained, their values remain fixed
during inference, serving as a stable reference that enhances
the model’s ability to comprehend multi-view scenarios and
resolve perspective-induced inconsistencies.
Multi-view Textual Module. To effectively integrate sen-
tence features from text encoders with viewpoint features ex-
tracted from CCVTs, we introduce the Multi-view Textual
Module, which employs a cross-attention mechanism [39]
to seamlessly encode viewpoint features V into the textual
feature space through multi-head attention operation.

Since each sentence inherently carries distinct viewpoint
information, it is crucial to embed perspective-aware fea-
tures into textual representations effectively. To achieve this,
we first compute the normalized dot product between each
view token and the 0th token of each sentence’s language
feature {𝐹𝑇0 , 𝐹𝑇1 , . . . , 𝐹𝑇𝐼 }, as the 0th token 𝐹0 typically ag-
gregates the most salient semantic information. We take the
average of these dot products across different sentences and
compute a corresponding probability distribution using the
softmax function. This probability is then used to reweight
the view token, adaptively increasing its contribution when
the description aligns with the viewpoint and reducing it
when the description does not match. The refined viewpoint
token is formulated as:

V = Softmax

(
1
𝐼

𝐼∑
𝑖=0

𝐹0
𝑇𝑖
V𝑇

∥𝐹0
𝑇𝑖
∥ · ∥V∥

)
V . (2)

Subsequently, the aggregated features 𝐹𝑎𝑔𝑔, as intro-
duced in Section 3.2, serve as the query, while the view-
point features V act as the key and value in the attention
computation. The textual feature enriched with viewpoint
embeddings, denoted as 𝐹′

𝑞 , is formulated as:

𝐹′
𝑞 = Softmax

( (𝑊𝑞𝐹𝑎𝑔𝑔) (𝑊𝑘V)𝑇
√
𝐷

)
𝑊𝑣V, (3)

where 𝑊𝑞 , 𝑊𝑘 , and 𝑊𝑣 are learnable linear projection ma-
trices. Following this, 𝐹′

𝑞 undergoes an additional self-
attention operation to further refine the textual features, en-
suring that the encoded representations effectively capture
perspective-dependent information.
Multi-view Scene Module. To effectively capture object
features across diverse scenes, we introduce a Multi-View
Scene Module that extracts and refines scene representa-
tions from multiple viewpoints. To achieve this, we em-
ploy PointNet++ [35] as the scene encoder, computing scene
features 𝐹𝑉𝑛 for each viewpoint, where 𝑛 ∈ 𝑁 denotes
the scene index across 𝑁 viewpoints. Each scene feature
𝐹𝑉𝑛 consists of object-level representations, expressed as
{𝐹𝑜1, 𝐹𝑜2, . . . , 𝐹𝑜𝑖}, where 𝑖 corresponds to the number of
objects present in the scene.

To explicitly inform the model of the current scene, we
concatenate our CCVTs𝑉𝑛 with the extracted scene features,
forming the input representation:

X𝑛 = {𝐹𝑉𝑛 , 𝑉𝑛} = {𝐹𝑜1, 𝐹𝑜2, . . . , 𝐹𝑜𝑖 , 𝑉𝑛}. (4)

These combined feature representations are then pro-
cessed through several Transformer layers [39], denoted as
Trans(·), which enhances the relational encoding between
objects and viewpoints. This mechanism ensures that both
global scene context and fine-grained object details are ef-
fectively captured:

Z(𝑙+1)
𝑛 = Trans(𝑙) (Z(𝑙)

𝑛 ), (5)

where the initial input to the Transformer is Z(0)
𝑛 = X𝑛, and

Z(𝐿)
𝑛 represents the refined features after 𝐿 Transformer lay-

ers.
At the final Transformer layer, the output consists of both

[object] tokens and [view] tokens. Since the transformed
features 𝐹′

𝑉𝑛
encapsulate both object-specific and viewpoint

information, we retain only the [object] tokens for the sub-
sequent grounding task:

𝐹′
𝑉𝑛

= {𝐹′
𝑜1, 𝐹

′
𝑜2, . . . , 𝐹

′
𝑜𝑖}. (6)

This design ensures that object representations are enriched
with multi-view contextual information while maintaining
their distinct semantic properties for accurate 3DVG.

3.4. Textual-Scene Reasoning Module
With the above formulation, we obtain the view-interactive
textual features 𝐹′

𝑞 and scene features 𝐹′
𝑉 , where 𝐹′

𝑉 =
{𝐹′

𝑉𝑛
| 𝑛 = 1, 2, . . . , 𝑁}, each enriched with viewpoint in-

formation. These features are then processed through the
proposed Textual-Scene Reasoning Module to generate the
final prediction. This module primarily consists of a Trans-
former with a cross-attention mechanism [39], where 𝐹′

𝑉
serves as the query, while 𝐹′

𝑞 functions as the key and

9730



Complex multi-anchor query: Find the chair that is at the desk with a computer monitor on it. The chair is with monitor on it. The chair is at the desk.

Complex multi-anchor query: There are 2 trash cans under the sink. Select the smaller one on the right. The trash cans are under the sink. The target is the smaller

trash can on the right.

Complex multi-anchor query: The nightstand to the right of the bed, closest to the wall with the framed picture. The nightstand is to the 

right of the bed.

The nightstand is closest to the 

wall with the framed picture.

incorrect predictions correct predictions Mentioned ObjectGround Truth

Ground Truth CoT3DRef ViewSRD

(a) (b) (c) (d) (e) (f)

MVT Simple Queris

Figure 4. Visualization Results of the 3D Visual Grounding Results. For the presented 3D scenes, we utilize green, red, blue, and yellow
boxes to represent the ground truth, incorrect predictions, correct predictions, and the mentioned objects, respectively. Columns (e) and (f)
present the decomposed simple queries derived from the complex querys.

value, facilitating fine-grained alignment between textual
and visual representations. Additionally, a View Aggre-
gation mechanism integrates information across multiple
viewpoints by computing both the average and maximum
values of the output features. Finally, a Prediction Head
projects the aggregated features into the result space, en-
abling a view-aware 3D Visual Grounding model capable
of effectively reasoning across multiple perspectives.

3.5. Overall Loss Functions
Following prior research [18, 36], three distinct loss func-
tions are applied on ViewSRD. These include a referential
loss L𝑅𝑒 𝑓 derived from grounding predictions, an object-
level loss L𝑂𝑏 𝑗𝑒𝑐𝑡 capturing object shape and center and
a sentence-level loss L𝑆𝑒𝑛𝑡 designed to identify the target
and anchor phrases within the 𝐹agg. Similarly to [2], we ex-
tend the referential loss L𝑅𝑒 𝑓 to localize both the target and
the anchors, which we term as parallel referential loss L𝑃

ref,
where both the target and anchors are localized simultane-
ously. For details of these losses, please refer to supplemen-
tary materials. The total loss function is defined as:

L = 𝜆𝑂𝑏 𝑗L𝑂𝑏 𝑗𝑒𝑐𝑡 + 𝜆𝑅𝑒 𝑓L𝑃
𝑅𝑒 𝑓 + 𝜆𝑆𝑒𝑛𝑡L𝑆𝑒𝑛𝑡 . (7)

4. Experiments
4.1. Experiment Settings
Datasets. Nr3D [1] contains 45,503 human utterances
referencing 707 indoor scenes from ScanNet [10], cover-

ing 76 object categories with multiple same-class distrac-
tors. Sr3D [1] includes 83,572 template-based sentences
in a “target–spatial relation–anchor” format, offering a sim-
pler setup with similar distractors. ScanRefer [6] provides
51,583 free-form descriptions for 11,046 objects across 800
ScanNet scenes, incorporating spatial and attribute-level ref-
erences to support 3DVG.
Evaluation Metrics. For Nr3D and Sr3D, grounding ac-
curacy is measured by the percentage of correctly matched
boxes [18, 36]. For ScanRefer, we report Acc@0.25 and
Acc@0.5, i.e., the percentage of predicted boxes with IoU
exceeding 0.25 or 0.5, respectively [42].
Implementation Details. All experiments are implemented
in PyTorch and run on a single RTX 4090 GPU. We use
AdamW [30] with a learning rate of 0.0005. The number of
input views is set to 𝑁 = 4. We set 𝜆𝑅𝑒 𝑓 , 𝜆𝑂𝑏 𝑗 , 𝜆𝑆𝑒𝑛𝑡 =
1.0, 0.5, 0.5. For the SRD module, we adopt DeepSeek-
R1 [28], which balances performance and reproducibility,
and can runs on a RTX 4090.

4.2. 3D Visual Grounding Results
We compare ViewSRD with recent state-of-the-art ap-
proaches to evaluate its effectiveness on 3DVG. Fig. 4 illus-
trates complex query cases from Nr3D [1], including ground
truth boxes, predictions from MVT [18], CoT3DRef [2],
and ViewSRD, along with the original queries and the
simplified sentences produced by the SRD module. In
multi-anchor scenarios (e.g., involving “bed”, “table”, and
“chair”), MVT and CoT3DRef often misalign predictions

9731



Table 1. Performance (%) comparison on Nr3D [1] and Sr3D [1].

Method Nr3D Sr3D

Overall Easy Hard View Dep. View Indep. Overall Easy Hard View Dep. View Indep.

3DVG-Transformer [54] 40.8 48.5 34.8 34.8 43.7 51.4 54.2 44.9 44.6 51.7
LanguageRefer [36] 43.9 51.0 36.6 41.7 45.0 56.0 58.9 49.3 49.2 56.3
TransRefer3D [16] 42.1 48.5 36.0 36.5 44.9 57.4 60.5 50.2 49.9 57.7
SAT [48] 49.2 56.3 42.4 46.9 50.4 57.9 61.2 50.0 49.2 58.3
MVT [18] 55.1 61.3 49.1 54.3 55.4 64.5 66.9 58.8 58.4 64.7
ViewRefer [15] 56.0 63.0 49.7 55.1 56.8 67.0 68.9 62.1 52.2 67.7
MiKASA [5] 64.4 69.7 59.4 65.4 64.0 75.2 78.6 67.3 70.4 75.4
CoT3DRef [2] 64.4 70.0 59.2 61.9 65.7 73.2 75.2 67.9 67.6 73.5
ViewSRD (ours) 69.9 75.3 64.8 68.6 70.6 76.0 78.3 70.6 69.0 76.2

due to challenges in spatial reasoning. In contrast, ViewSRD
correctly grounds targets by decomposing complex queries
and leveraging robust spatial relationships between target-
anchor pairs. Moreover, under viewpoint shifts, CoT3DRef
struggles to maintain alignment, whereas ViewSRD reli-
ably grounds targets by capturing spatial relations invariant
to viewpoint changes (e.g., “The trash cans are under the
sink”).

Quantitative results on Nr3D (Table 1) show that
ViewSRD achieves a 5.2% accuracy gain over the best prior
method, CoT3DRef, under identical settings. Under view-
dependent evaluation, it further outperforms CoT3DRef by
6.7%, demonstrating the effectiveness of CCVTs in align-
ing textual and visual spaces and modeling viewpoint-
sensitive relations through query decomposition. To as-
sess generalization, we also evaluate on Sr3D [1] (Table 1).
ViewSRD achieves the highest accuracy of 76.2% in the
View-Independent setting, with additional gains of +2.8%
and +2.7% in the View-Independence and Hard scenarios,
respectively. These results confirm the robustness and gen-
eralizability of our approach across diverse scenario.

4.3. Analysis of Anchors

In this section, we analyze the impact of the number of an-
chors in a query on 3DVG performance. The results pre-
sented in Table 2 underscore the effectiveness of our ap-
proach, particularly in multi-anchor scenarios, where our
method successfully disentangles spatial relationships by
explicitly modeling target-anchor interactions. In contrast,
existing methods such as MVT [18] and CoT3DRef [2],
which do not account for the necessity of spatial rela-
tionship decoupling, exhibit a notable performance decline
in multi-anchor queries compared to single-anchor cases.
Notably, our approach achieves higher accuracy in multi-
anchor queries than in single-anchor ones, demonstrating
that when properly processed, multi-anchor information en-
hances 3DVG performance rather than introducing ambigu-
ity. These findings validate the efficacy of ViewSRD in
effectively leveraging complex spatial relationships for im-
proved grounding accuracy.

Table 2. Performance (%) comparison on Nr3D [1] with new cri-
terions Multi-Anc and Single-Anc.

Model Multi-Anc Single-Anc Overall

MVT [18] 52.6 56.6 55.1
CoT3DRef [2] 63.1 65.2 64.4
ViewSRD 71.5 69.5 69.9

Table 3. Performance (%) of SRD module improves MVT [18],
BUTD-DETR [21] and EDA [42] on ScanRefer [6] dataset.

Method
Unique (19%) Multiple (81%) Overall

0.25 0.5 0.25 0.5 0.25 0.5

MVT [18] 77.7 66.5 31.9 25.3 40.8 33.3
MVT+SRD 78.6 67.2 34.1 27.1 42.1 (3.2%↑) 34.3(3.0%↑)

BUTD-DETR [21] 82.8 64.9 44.7 33.9 50.4 38.6
BUTD-DETR+SRD 85.0 66.2 45.3 34.2 57.9 (14.9%↑) 45.7 (18.4%↑)

EDA [42] 80.4 65.3 35.6 25.1 43.6 32.3
EDA+SRD 81.0 67.3 36.4 28.3 44.4 (1.8%↑) 35.3 (9.3%↑)

ViewSRD 82.1 68.2 37.4 29.0 45.4 36.0

4.4. SRD Enhances Other 3DVG Methods.

Our SRD module is inherently model-agnostic, operating
independently of the training process by focusing exclu-
sively on decoupling complex multi-anchor queries into
simpler single-anchor queries. This decoupling mechanism
reduces ambiguity in multi-anchor descriptions, enhances
target grounding, and serves as a model-independent pre-
processing step, ensuring seamless compatibility with vari-
ous 3DVG methods to improve performance without mod-
ifying existing architectures. As demonstrated in Table 3,
integrating SRD into MVT [18], BUTD-DETR [21] and
EDA [42] consistently leads to performance improvements.
These results highlight SRD’s ability to refine query inter-
pretation by effectively disentangling target-anchor relation-
ships, thereby reducing errors introduced by complex lin-
guistic structures. These improvements reinforce the critical
role of SRD module in enhancing accuracy of 3DVG.
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Table 4. Ablation studies on Nr3D [1]. All components contribute
to final performance(%).
Component Overall Easy Hard View Dep. View Indep.

w/o CCVTs. 62.2 68.5 56.1 60.1 63.2
w/o Textual M. 68.0 73.5 62.6 67.6 68.1
w/o Scene M. 64.6 70.5 58.9 63.8 64.9
w/o SRD M. 68.6 73.0 64.8 66.5 70.0
w/o Weight. 69.0 74.2 64.0 66.5 70.2
LLM-Aug. 69.1 74.5 63.7 68.0 69.5
ViewSRD 69.9 75.3 64.8 68.6 70.6

Table 5. Ablation of view numbers on Nr3D [1].
View Number Overall Easy Hard View Dep. View Indep.
Train Test

4 1 66.0 71.7 60.5 64.0 67.0
4 2 68.9 75.1 63.0 66.9 69.9
4 4 69.9 75.3 64.8 68.6 70.6

1 1 64.4 70.9 58.1 60.8 66.2
2 2 67.7 73.0 62.5 66.1 68.4
8 8 68.4 74.1 63.0 67.4 68.9

4.5. Ablation Study
Analysis of ViewSRD Components. To assess the contri-
bution of each component within ViewSRD, we conducted
detailed ablation studies on the Nr3D dataset [1]. Starting
from the full model, we systematically removed key modules
one at a time to evaluate their individual impact. The results,
presented in Table 4, demonstrate that each component plays
a crucial role in enhancing model performance across differ-
ent scenarios. Notably, the removal of the CCVTs leads to
the most significant performance degradation. This is pri-
marily because, without the view token, the model lacks
explicit viewpoint information, impairing its ability to dis-
tinguish between different perspectives. Similarly, remov-
ing either the textual module or the scene module results
in a noticeable decline, underscoring the necessity of cross-
modal interaction. When view-alignment weighting is dis-
abled (w/o Weight), performance drops by 0.9%, showing
that dynamic alignment of view features is critical for per-
formance under view-dependent conditions. Removing the
SRD module leads to performance degradation, confirm-
ing the benefit of multi-anchor query decoupling. We also
compare it with an LLM-based augmentation method from
Multi3DRefer [52] and find that SRD achieves greater gains,
highlighting the advantage of structured query decomposi-
tion over generic augmentation.
Analysis of Multi-View Modeling. We evaluate the ef-
fect of varying view counts on 3DVG performance using
the Nr3D dataset. As shown in Table 5, testing with more
views consistently improves accuracy when the model is
trained with four views, highlighting the benefit of aggre-
gating complementary spatial cues from multiple perspec-
tives. When training and testing with the same number of

Table 6. Accuracy comparison when replacing different LLMs in
SRD module on Nr3D [1].

LLM decoupler Accuracy

OpenChat [40] 69.6%
DeepSeek-R1 [28] 69.9%
Qwen-Plus [46] 70.5%
Qwen-Turbo [46] 70.7%

views, performance improves from 64.4% (1 view) to 67.7%
(2 views), but plateaus at 68.4% with 8 views, suggesting di-
minishing returns. Notably, four views offer a strong trade-
off, capturing diverse spatial information with minimal re-
dundancy and maintaining computational efficiency. This
also suggests that uniformly attending to many views may
dilute focus on key perspectives. Future work will explore
adaptive view selection.
Analysis of SRD’s LLM Decoupler. In this paper, we em-
ploy the open-source DeepSeek-R1 [28] as the LLM in the
SRD module and further investigate the impact of different
LLMs on the final performance of 3DVG. As shown in Ta-
ble 6, different LLM decouplers exhibit varying levels of
effectiveness in the sentence decoupling task. Models with
stronger decoupling capabilities yield better results. For in-
stance, OpenChat [40] and DeepSeek-R1 [28] achieve accu-
racies of 69.6% and 69.9%, respectively, while models de-
signed with enhanced sentence decoupling capabilities, such
as Qwen-Plus [46] and Qwen-Turbo [46], achieve 70.5%
and 70.7%, with Qwen-Turbo demonstrating the highest per-
formance. These results indicate that as an LLM’s ability
to disentangle complex sentence structures improves, it be-
comes more effective at isolating and extracting relevant in-
formation, ultimately leading to significant gains in 3DVG
accuracy.

5. Conclusion
In this paper, we introduce ViewSRD, a framework that dis-
entangles target-anchor relationships via the Simple Rela-
tion Decoupling (SRD) module and enhances multi-view
understanding through the Multi-view Textual-Scene In-
teraction (Multi-TSI) module. By decomposing complex
multi-anchor queries into simpler single-anchor sentences,
SRD clarifies positional relationships, while Multi-TSI in-
tegrates textual and scene features across viewpoints us-
ing cross-modal consistent view tokens (CCVTs) to cap-
ture spatial interactions. Extensive experiments demonstrate
ViewSRD’s state-of-the-art performance in 3DVG.

A limitation of ViewSRD is its assumption that complex
queries can be fully decomposed without overlapping rela-
tionships. While the decomposition into overlapping rela-
tions does not degrade performance, it diminishes the in-
tended benefits of simplification. Future work will explore
adaptive query to better preserve contextual dependencies.
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