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Abstract

3D Vision Grounding (3D-VG) seeks to unravel referential
language and identify targets in 3D physical world. Prevailing
methods align with the 2D-VG’s pipeline to pinpoint the re-
ferred object in a categorical multi-modal reasoning manner.
However, the geometric complexities of 3D scenes and the
nuanced syntactic structures of language, exacerbates the gran-
ularity inconsistency of point cloud and text features, hinder-
ing the development of 3D-VG systems in complex scenarios.
Towards this issue, we propose LIBA, a Language-Instructed
multi-granularity Bridge Assistant tailored for 3D-VG task.
LIBA tackles this issue as follows. (1) How to establish a
multi-granularity 3D vision-text feature alignment in a uni-
fied model? We advance a bilateral Dynamic Bridge Adapter
(DBA) build multi-granularity interaction of 3D vision and lan-
guage backnones during feature extraction. We further develop
the Language-aware Cross-scale Object Modulation (LCOM)
module to integrate multi-scale point cloud features modu-
lated by language information. (2) After aligning multi-modal
features, how to fully harness language model’s knowledge to
bolster vision concepts understanding? A LLM-guided Hier-
archical Query Selection (LLM-HQS) module incorporates
world knowledge of Large Language Model (LLM) to ground
the target referral via an Attribute-then-Relation reasoning
process. In this manner, our LIBA inherits reasoning prowess
and world knowledge of LLM to bridge point clouds and
texts at multiple granularities. Experiments on ScanRefer and
Nr3D/Sr3D benchmarks substantiate the superiority of our
LIBA, trumping state-of-the-arts by a considerable margin.

Introduction
Pinpointing object properties and relations in 3D physical
realm with natural utterances indicates a significant leap in ad-
vancing Embodied AI (Duan et al. 2022; Huang et al. 2022b),
a capability that empowers agents to comprehend human
directives in real-world contexts. Notably, 3D Vision Ground-
ing (3D-VG) (Chen, Chang, and Nießner 2020; Wu et al.
2022; Luo et al. 2022) has garnered substantial attention as
crucial cross-modal 3D Vision-Language (3D-VL) percep-
tion task. The 3D-VG task aims to discern a designated object
in a 3D scene that corresponds to a provided text, facilitating
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informed decision-making of agents based primarily on the
3D world understandings.

Existing studies direct their efforts towards enhanced multi-
modal representations with multi-view images (Yang, Zhang,
and Luo 2021; Huang et al. 2022a), spatial relationships
of 3D objects (He et al. 2021; Bakr 2022; Cai et al. 2022),
fine-grained textual information (Wu et al. 2022; Feng et al.
2021; Bakr et al. 2023), and unified representations of 3D
point cloud and textual features (Zhu et al. 2023; Fu et al.
2024). Despite advancements, the granularity inconsistency
issue remains poorly addressed. As shown in Fig. 1(b), prior
efforts (Wu et al. 2022; Wang, Li, and Wang 2024) construct
language-irrelevant point cloud visual maps via post-feature
extraction, worsening the granularity inconsistency of point
clouds and texts. Further, point clouds exhibit inherent multi-
scale nature, providing holistic geometric details at different
levels. Existing methods (Zhao et al. 2021; Roh et al. 2022)
rely on complex multi-modal feature interaction. As outlined
in Fig. 1(a), they fuse point clouds and texts at a specific scale
and neglect multi-scale vision-text feature alignment—a pre-
requisite for enriching scene representations and contextual
semantics. Finally, current 3D-VG solutions fail to mimic
human reasoning system nor be well-interpretable, struggling
to understand ambiguities in referential language.

Toward granularity inconsistency, we propose a Language-
Instructed multi-granularity Bridge Assistant (LIBA), which
bridges 3D vision-text multi-granularity interaction and un-
leashes the abilities of Large Language Models (LLMs) for
ground scene understanding with world knowledge. LIBA
tackles this issue from the following two viewpoints:

(1) How to establish a multi-granularity 3D vision-text fea-
ture alignment in a unified model? Extensive researches (De-
vlin et al. 2018; Liu et al. 2019; Lin et al. 2023) confirm
that distinct layers of 3D vision and language models feature
hierarchical information. BERT-family models (Devlin et al.
2018; Liu et al. 2019) embed a rich hierarchy of linguistic
information, while 3D vision models (Qi et al. 2017) attend
hierarchical part-to-whole relationships. We thus advance
Dynamic Bridge Adapter (DBA) to perceive multi-modal
features actively during extraction and mitigate domain dis-
crepancy of 3D vision-text features via multi-granularity in-
teraction. DBA supports the top-down cross-modal alignment
of 3D vision-text representations across different semantic
hierarchies within pre-trained uni-modal encoders.
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Figure 1: (a) The one-stage 3D-VG passively perceives 3D vision-text features, which are fused via single-granularity encoder.
(b) The two-stage 3D-VG follows the detection-then-matching protocol with language-irrelevant object proposals. (c) Our LIBA
bridge feature interaction at multiple granularities and generate query proposals assisted by the world knowledge of the LLMs.

Further, multi-scale feature fusion exhibits promising po-
tential for grounding objects at different granularities (Cai
et al. 2016). Existing studies depend on either single-scale
features or fuse multi-scale features in a language-agnostic
way, worsening the granularity inconsistency of point clouds
and texts. We introduce a Language-aware Cross-scale Ob-
ject Modulation (LCOM) to capture global context and local
details modulated by textual representations. Unlike single-
scale methods, LCOM comprehensively captures visual de-
tails and semantic attributes by aligning geometric and ab-
stract concepts across multiple levels.

(2) With multi-modal features aligned, how to fully harness
LLM’s knowledge to strengthen vision concepts understand-
ing? Our intuition is that language models gain knowledge
about informative entry relationships from massive corpus
during general sentence pre-training. Despite the rich knowl-
edge embodied in pre-trained LLMs, it is non-trivial to di-
rectly transfer this knowledge to 3D object grounding. First,
LLMs pale in reasoning and locating based on the 3D un-
derstandings since the remarkable modality gap in migrat-
ing linguistic knowledge to the 3D-VG task. An alternative
method is to develop 3D Multi-modal Large Language Mod-
els. However, training such a scene-level 3D-MLLM requires
a substantial collection of 3D scene-text pairs with the com-
putational overhead remaining considerable. Second, existing
pre-trained LLMs often exhibit subpar performance in tasks
necessitating structured representations, a pivotal capacity in
explicit 3D object grounding. To this end, we develop a LLM-
guided Hierarchical Query Selection (LLM-HQS) module.
It exploits linguistic knowledge from the Visually-Prompted
Large Language Model (ViP-LLM) and Language Scene
Graph Knowledge (LSGK) to guide query selection via step-
wise visual clues. ViP-LLM as a fine-tuned 3D cross-modal
LLM, integrates object queries as visual prompts, along with
textual instructions and linguistic descriptions. It grants the
LLMs to interpret the attribute of objects while maintaining
its reasoning capabilities. Inspired by LISA (Lai et al. 2023),
we incorporate an additional learnable token, < GROUND >,
into the vocabulary to furnish the LLM with 3D grounding

prowess. Moreover, the LSGK constructs Language Scene
Graph (LSG) to explore structural knowledge and context-
aware text priors via Scene Graph Parser (Sce 2019). The
constructed LSG provides decoupled semantic components
that are densely-aligned with fine-grained spatial relation-
ship. Such a step-wise Attribute-then-Relation protocol is
highly interpretable and leverages the world knowledge of the
LLM for understanding referential objects. Our LIBA method
surpasses all state-of-the-arts (even those with pre-trained
3D-VL models) by a substantial margin on the ScanRefer and
Nr3D/Sr3D benchmarks. Our contributions are as follows:

• We roundly investigate the essential issue of granularity
inconsistency in the 3D-VG task. To tackle this issue,
we accordingly develop a LIBA framework from the per-
spectives of multi-granularity cross-modal alignment and
knowledge-guided vision concepts understanding.

• We propose a multi-granularity DBA module to establish
holistic interaction of 3D vision and language backnones
via bridging tower. A LCOM module is introduced to in-
tegrate cross-scale visual clues guided by textual features.

• We devise a LLM-HQS module which exploits LLM-
based world knowledge and structural text representations
to understand visual concepts in 3D physical world. It
guides the query selection in a hierarchical Attribute-then-
Relation protocol that mimics human reasoning.

Related Works
3D Visual Grounding
Pioneering efforts are unfolding within the nascent 3D-VG
field, which aims to pinpoint the referent in a 3D scene predi-
cated upon utterances. ScanRefer (Chen, Chang, and Nießner
2020) and ReferIt3D (Achlioptas et al. 2020) emerge as pio-
neers for the 3D-VG task. Prevailing methods are primarily
two-stage, following a detection-then-matching paradigm.
They first utilize 3D object detectors (Qi et al. 2019; Liu
et al. 2021) and language models (Devlin et al. 2018; Liu
et al. 2019) to generate independent 3D proposals and textual
features in a passive fashion. Further, they endeavor to align
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the 3D-VL features for semantic matching. (Zhao et al. 2021;
Roh et al. 2022; Yang, Zhang, and Luo 2021; He et al. 2021)
adopt transformer-based networks to model complex rela-
tionship for generating context-aware object proposals. Other
approaches (Huang et al. 2021; Feng et al. 2021; Yuan et al.
2021) regard the object proposals as nodes and employ graph
neural networks guided by textual features to aggregate ob-
ject information. Besides this, some researches have ventured
into the single-stage paradigms. In this contextual landscape,
3D-SPS (Luo et al. 2022) puts forth to progressively select
text-relevant visual keypoints. EDA (Wu et al. 2022), BUTD-
DETR (Jain et al. 2022) and G3-LQ (Wang, Li, and Wang
2024) pioneer DETR-style models with language and object-
ness guidance in a bottom-up top-down fashion. However,
they are limited in addressing 3D vision-language granularity
inconsistency issue. Recent endeavors (Zhu et al. 2023; Jia
et al. 2024; Wang et al. 2023) embark on the 3D-VL pre-
training model for grounded scene understanding. (Zhu et al.
2023; Jia et al. 2024) develop substantial datasets and learn
3D joint multi-modal representations with tailored proxy
scheme. (Chen et al. 2023b; Cai et al. 2022) connects the
3D-VG and 3D captioning task via unified multi-modal trans-
formers. While excelling in 3D-VL concept comprehension,
they prioritize generalized patterns and overlook fine-grained
alignment associated with object referral. In departure from
these, our LIBA bridges 3D vision-text alignment and har-
monizes modality inconsistency at varied granularity.

3D Point Cloud Multi-modal Models
During 3D-VL models carnival in generalized point cloud un-
derstanding, CLIP-family works (Zhang et al. 2022; Huang
et al. 2023) achieve text alignment with depth image projec-
tions of point clouds, seamlessly interfacing with 2D CLIP
models. Tri-modality methods (Dong et al. 2022; Chen et al.
2023a) integrate object triplets (point clouds, texts, images)
to learn a shared visual and textual space via building 3D
pre-training models. GPT4Point (Qi et al. 2023) presents a
3D multi-modal understanding and generation framework
which executes manifold point-text reference tasks. In paral-
lel, some works have emerged in achieving 3D point cloud
understanding and reasoning using LLMs. Drawing upon
large-scale curated dateset, Point-LLM (Xu et al. 2023) and
Scene-LLM (Fu et al. 2024) retrain the 3D-MLLM with an
alignment-then-tuning strategy. 3D-LLM (Hong et al. 2023)
injects 3D world into LLMs, presenting mighty capacities
a machine could understand various 3D scenes following
human instructions. In contrast, our work unleashes LLMs’
world knowledge with a visually-prompted tuning for ground
scene understanding and object relation reasoning.

Method
Dynamic Bridge Adapter
For a point cloud P = {p1,p2, · · ·pN}, we evenly parti-
tion the 3D point embedding layers of PointNet++ (Qi et al.
2017) into Lb blocks. Further, we bridge multi-granularity
interaction of the last Lb−1 blocks, the inputs of which are
visual tokens Fi

V ∈Rni×di , i ∈ {2, · · · , Lb}. di represents
the feature dimension in the i-th block and ni is the number

of points. The BERT-family DeBERTa (He et al. 2020) model
is also split into Lb blocks. DeBERTa extracts word-level tex-
tual feature Fi

T ∈RL×d, where L is the text length. Tg ∈ Rd

denotes the sentence-level textual feature.
As shown in Fig. 2(b), to capture manifold geometric pat-

terns inherent in real-world 3D point cloud, we commence
with the EdgeConv (Wang et al. 2019) layer on multi-scale
visual tokens to perceive local geometric shapes and spatial
relationship of 3D objects. EdgeConv dynamically models
graph structures at varying granularities of the DBA module,
thereby enriching the geometric information of point cloud.
Further, we utilize the geometric-informed visual features
Fi

V and textual features Fi
T to derive the language-related

visual features Ĥi
V and visual-aware textual features Ĥi

T :

Ĥi
V , Ĥi

T =BridgeAdapteri(Fi
V +Ĥi−1

V ,Fi
T +Ĥi−1

T ), (1)

As depicted in Fig. 2(b), the Bridge Adapter employs a
self-attention mechanism followed by a feed-forward network
(FFN) to capture global relation and refine the 3D visual and
textual features within their respective modalities. Further,
3D vision-text tokens cross-attend to another and update via
standard key-value attention. The cross-attention weights Ai

T ,
Ai

V are computed by a row-wise softmax normalization. We
derive the cross-attended 3D vision-text features in parallel:

Ĥi
T = FFN

[
Ai⊤

T ·
(
Ĥi

V WV,i
3

)]
Ĥi

V = FFN
[
Ai⊤

V ·
(
Ĥi

TW
T,i
3

)]
.

(2)

To harmonize the domain discrepancy, we propose a bilateral
weighting approach to update the visual and textual features,
obtaining learned bilateral residual features Fi+1

V and Fi+1
T :

Fi+1
V = τHi

V + Fi+1
V ,Fi+1

T = γHi
T + Fi+1

T (3)

τ and γ control the proportion of the updated features.

Language-aware Cross-scale Object Modulation
Modeling multi-scale features is a pre-requisite for enriching
scene representations and contextual semantics, thus enhanc-
ing the multi-granularity alignment of vision-text features.
In Fig. 3, we propose Language-aware Cross-scale Object
Modulation (LCOM) to capture inter-scale dependency and
integrate cross-scale visual clues guided by textual features.

After obtaining visual tokens Fi
V from the hierarchical

3D visual encoder, we feed them into the LCOM module for
multi-scale context modeling. We set Lb=4 as default and
F2

V , F3
V , F4

V denote the low-, middle-, high-level features.
As illustrated in Fig. 3, the tri-directional feature flow conveys
diverse information across various scales. Compared to F3

V ,
F4

V exhibits heightened contextual semantic, and F2
V excels

in finer details. Bearing in mind the details and semantic
features of point cloud are crucial to the 3D-VG task, we
endeavor to establish the cross-scale fusion by preserving
the geometric details from F2

V while keeping the semantic
features from F4

V in a neighbor-scale interaction protocol.
To propel cross-scale visual features interaction, we add

the middle-level token F3
V alongside high-level token F4

V and
low-level token F2

V , yielding V′′
3 ∈ Rn×d and V′

3 ∈ Rn×d.
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V′′
3 captures high-level semantics, with a broader context of

the 3D scene, while V′
3 furnishes a high-resolution represen-

tation, encapsulating intricate object details. As previously
outlined, Tg offers a holistic scene description, while FLb

T
provides granular object attributes. Thus, we calculate the
element-wise production of Tg and V′

3, FLb

T and V′′
3 , obtain-

ing semantic attention Asem and the detail attention Adet.
Modulated by textual features, we dynamically aggregate

language-aligned visual attributes spanning different scales,
thereby enriching multi-level semantic modeling of 3D point
cloud and improving consistency in granularity. As shown
in Fig. 3, we apply Asem on F4

V and Adet on F2
V to acquire

modulated cross-scale 3D features Vsem and Vdet.

LLM-guided Hierarchical Query Selection
Object queries in the DETR-based 3D-VG framework (Wu
et al. 2022; Zhao et al. 2021; He et al. 2021; Jain et al. 2022)
capture wealthy positional information, decoded into box
centers and sizes for vision tokens. To obtain object queries
anchored in the free-form utterance, GroundingDINO (Liu
et al. 2023) generates query proposals based on global textual
features, but struggles with explicit localization in complex
scenarios and vague referrals. To mimic human cognitive
reasoning in a step-wise fashion, we propose a LLM-HQS
module inspired by the Chain-of-Thought (CoT) (Wei et al.
2022; Chowdhery et al. 2023). We model query selection into
the Attribute-then-Relation chains: (1) the ViP-LLM exca-
vates world knowledge for selecting all objects of the same
attribute as candidates. (2) the rule-based LSGK explores
structural knowledge to reason relation among objects.

Visually-Prompted Large Language Model. Acquiring
Vm, language-modulated visual features aligned with texts

are designated as decoder queries. We utilize the world knowl-
edge of LLMs to promote query generation. However, the
formidable modality gap poses challenges in perceiving 3D
world. Owing to DBA, the association of visual and textual
features has been bridged across multiple granular levels.
On this premise, we devise a ViP-LLM for explicit 3D object
understanding in a low-resource way and equip LLMs with
an awareness of 3D scenes via visually-prompted tuning.

We formulate the visual-aware prompt template with
3D visual feature and text embedding, i.e., I=“[Text em-
bedding][Visually-prefixed prompts][Textual instruction]”.
Among these, [Visually-prefixed prompts] refers to the 3D
scene-aware token crafted by an MLP layer from multi-scale
features Vm ∈Rn×d. Similar to (Lai et al. 2023; Wei et al.
2023), we expand LLM’s vocabulary with an additional to-
ken < GROUND >, empowering LLM with 3D grounding
ability. [Textual instruction] represents the textual prompt
for instruction learning, e.g., “The object to be referred is
< GROUND >”. During the training regimen, we provide the
visual-aware template I to the LLM F which is fine-tuned by
the LoRA (Hu et al. 2021) technique to anticipate grounding
tokens positioned at the < GROUND >. It is filled with the se-
mantic information of the referent, projected to ga via MLP
layers for feature spaces alignment between BERT-based
model and the fine-tuned LLM. Finally, the visual feature
Vm and the token ga are integrated into a cross-attention
layer for obtaining attribute-aware queries Va.

Language Scene Graph Knowledge. Inspired by the
graph reasoning (Kipf and Welling 2017; Hamilton, Ying,
and Leskovec 2017), we decouple the textual narrative T
with the Scene Graph Parser (Sce 2019), while rendering
the object phrase X = {xi} as nodes and object relation
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E = {rij} as edges. To capture enriched contextual represen-
tations of relationships between affiliated nodes, we bolster
the relation embedding with the subject xi and object node
xj via graph convolution in Language Scene Graph (LSG):
rij = rij + Θr ([xi; rij ;xj ]). Θr is a projection layer and
rij embeds context-aware relationship. We update object em-
bedding xi by passing messages from neighbor nodes N (i)
with a graph attention mechanism:

x̃i = xi +
∑

j∈N (i)
wijΘo ([xj ; rij ]) (4)

where Θo is a linear layer to embed context-aware object
features. x̃i is the refined noun phrase feature and wij is the
attention weight. LSGK manifests the capability to discern
object relationship clues from LSG, serving as structured text
priors. Finally, we utilize the updated object feature gr={x̃i}
and Va to guide query selection via another cross-attention
layer, resulting in Vg . Relation-aware object queries Vg are
fed into the cross-decoder to predict a box center and size.

Training Objectives
Language Modeling Loss. We utilize LLLM to supervise the
LoRA (Hu et al. 2021) adapter and align predicted yj and
GT tokens, conditioning on the previous token yj′ , visual
feature Vm and reference text T.

LLLM = −
∑

log p [yj | yj′ ,Vm,T] , j′ < j (5)

Multi-level Scene-Text Alignment Loss. For scene-text
alignment, we feed the object-level 3D visual feature Fi

V and
word-level textual feature Fi

T into linear layers, yielding the
scene and caption features via max-pooling operations. The
scene-text alignment protocol is carried out through:

Li,vt
MST = − 1

B

B∑
k=1

[
log

exp
(
vi,k · ti,k/τ

)∑B
j=1 exp (v

i,k · ti,j/τ)

]
,

Li,tv
MST = − 1

B

B∑
k=1

[
log

exp
(
ti,k · vi,k/τ

)∑B
j=1 exp (t

i,k · vi,j/τ)

] (6)

The overall multi-level scene-text alignment loss is defined
as LMST =

∑Lb−1
i=2

(
Li,vt

MST + Li,tv
MST

)
.

Experiments
Quantitative Comparisons
Performance on the ScanRefer dataset. As shown in Ta-
ble 1, our LIBA method outperforms all competitors by a

significant margin across all test subsets. Compared to 3D-
VL pre-training methods (Zhu et al. 2023; Jia et al. 2024;
Jin et al. 2023; Chen et al. 2023b) (¶) that align 3D vision-
text features at a single granularity, our method excels in 3D
scenes with multiple objects, where objects of the same cate-
gory vary in location, scale, or environment. To explain, DBA
aligns visual and textual features across various granulari-
ties. LCOM captures multi-scale visual details and semantic
attributes related to textual descriptions. By leveraging the
step-wise LLM-HQS module, our approach surpasses all re-
cent DETR-like models (Wu et al. 2022; Jain et al. 2022)
(♣). The superiority is blessed with twofold advantages: (1)
ViP-LLM guarantees the LLMs’ world knowledge grounded
in the 3D scene towards explicit query selection and rela-
tion reasoning. (2) LSGK leverages structural knowledge
and contextual text priors for fine-grained query selection,
with exceptional performance highlighting LIBA’s potential
in resolving granularity inconsistency.

Performance on the Nr3D/Sr3D dataset. In Table 2, the
LIBA’s performance on the Sr3D/Nr3D dataset showcases
an exceptional overall evaluation of 64.5% and 75.8%, the
best one in addition to the 3D-VL pre-training-based meth-
ods, i.e., GPS(F) and 3D-VisTA(F). However, these methods
leverage proliferative 3D scene-level datasets for grounded
3D understanding and improve performance via targeted fine-
tuning on downstream datasets. When compared with the
training from scratch GPS(S) and 3D-VisTA(S) method, our
method with DBA and LCOM modules to establish multi-
granularity 3D vision-text alignment manifests unparalleled
performance. Amid nuanced texts in the Nr3D dataset, EDA
and G3-LQ show reduced performance due to their reliance
on rule-based LSGs for text parsing. In contrast, LIBA lever-
ages LLM knowledge and enhanced spatial relations through
structured LSGs, using an Attribute-then-Relation protocol,
and outperforms in handling complex textual descriptions.

Grounding without Object Name. To affirm the reason-
ing capacity of our LIBA model, we evaluate the “ground-
ing without object names” setting following EDA (Wu et al.
2022). In Table 3, our method showcases remarkable ground-
ing capabilities, with an overall performance of 5.51% (0.25)
and 4.2% (0.5). To explain, the DBA and LCOM bridges
cross-modal alignment of bottom-up 3D vision-text features
at different semantic granularities, which achieves precise
grounding rooted in object color, geometric shape and spatial
relationship, with lessened bias of object name. Further, the
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Method Venue Input Unique (∼19%) Multiple(∼81%) Overall
0.25 0.5 0.25 0.5 0.25 0.5

FFL-3DOG (Feng et al. 2021) ICCV′21 3D 78.80 67.94 35.19 25.70 41.33 34.01
3DVG (Zhao et al. 2021) ICCV′21 3D+2D 81.93 60.64 39.30 28.42 47.57 34.67
3D-SPS (Luo et al. 2022) CVPR′22 3D+2D 84.12 66.72 40.32 29.82 48.82 36.98

BUTD-DETR (Jain et al. 2022)♣ ECCV′22 3D 82.88 64.98 44.73 33.97 50.42 38.60
D3Net (Chen et al. 2022a) ECCV′22 3D+2D — 70.35 — 30.50 — 37.87

ViL3DRel (Chen et al. 2022b) NeurlPS′22 3D 81.58 68.62 40.30 30.71 47.94 37.73
3DJCG (Cai et al. 2022) CVPR′22 3D+2D 83.37 64.34 41.39 30.82 49.56 37.33
EDA (Wu et al. 2022)♣ CVPR′23 3D 85.76 68.57 49.13 37.64 54.59 42.26
3DLP (Jin et al. 2023)¶ CVPR′23 3D+2D 84.23 64.61 43.51 33.41 51.41 39.46

M3DRef-CLIP (Zhang 2023) ICCV′23 3D — 77.20 — 36.80 — 44.70
3D-VisTA (Zhu et al. 2023)¶ ICCV′23 3D 81.60 75.10 43.70 39.10 50.60 45.80
UniT3D (Chen et al. 2023b)¶ ICCV′23 3D 82.75 73.14 36.36 31.05 45.27 39.14
3D-VLP (Zhang et al. 2024)¶ AAAI′24 3D 85.18 70.04 43.65 33.40 51.70 40.51

GPS (Jia et al. 2024)¶ CVPR′24 3D — 77.90 — 42.70 — 48.10
G3-LQ (Wang, Li, and Wang 2024)♣ CVPR′24 3D 88.09 72.73 51.48 40.80 56.90 45.58

MCLN (Qian et al. 2024) ECCV′24 3D 86.89 72.73 51.96 40.76 57.17 45.53
LIBA(Ours) — 3D 88.81 74.27 54.42 44.41 59.57 48.96

Table 1: Comparison results on the ScanRefer (Chen, Chang, and Nießner 2020) dataset, in terms of the accuracy evaluated by
IoU 0.25 and IoU 0.5. The unique denotes samples devoid of distracting objects, while multiple applies to remaining samples.

Method Nr3D Sr3D
All Hard VD All Hard VD

TGNN 37.3 30.6 35.8 45.0 36.9 45.8
InstanceRefer 38.8 31.8 34.5 48.0 40.5 45.4

3DVG 40.8 34.8 34.8 51.4 44.9 44.6
LanguageRefer 43.9 36.6 41.7 56.0 49.3 49.2
TransRefer3D 48.0 39.6 42.5 57.4 50.2 49.9

SAT 49.2 42.4 46.9 57.9 50.0 49.2
LAR 48.9 42.3 47.4 59.4 51.2 50.0

ViL3DRel 64.4 57.4 62.0 72.8 67.9 63.8
3DRef 47.0 38.3 44.3 39.0 32.0 34.7

3D-SPS 51.5 45.1 48.0 62.6 65.4 49.2
MVT 55.1 49.1 54.3 64.5 58.8 58.4

BUTD-DETR 54.6 48.4 46.0 67.0 63.2 53.0
EDA 52.1 46.1 50.2 68.1 62.9 54.1

M3DRef-CLIP 49.4 43.4 42.3 — — —
3D-VisTA(F) 64.2 56.7 61.5 76.4 71.3 58.9
3D-VisTA(S) 57.5 49.4 53.7 69.6 63.6 57.9

GPS(F) 64.7 57.8 56.9 77.5 71.6 62.8
GPS(S) 58.7 50.9 55.8 68.4 63.4 53.1
G3-LQ 57.0 50.7 53.8 73.1 66.3 57.2

LIBA(Ours) 64.5 57.2 60.3 75.8 70.2 61.7

Table 2: Evaluations on the Nr3D/Sr3D benchmark. (F) de-
notes the fine-tuning and (S) means training from scratch.

LLM-HQS utilizes the reasoning ability of LLM to guide
query proposals via descriptive features and contextual se-
mantics, moving beyond the reliance on object names.

Ablation Study and Analysis
The strategy of Query Selection. Table 4 reports the ground-
ing performance on ScanRefer (Chen, Chang, and Nießner
2020) dataset with different query selection methods. (1) The

Subsets OverallMethod Att only Rel only Att+Rel 0.25 0.5

ScanRefer 11.17 10.53 10.29 10.51 6.20
TGNN 10.52 13.32 11.35 11.64 9.51

Instance 14.74 13.71 13.81 13.92 11.47
BUTD 12.30 12.11 11.86 11.99 8.95
EDA 25.40 25.82 26.96 26.50 21.20

G3-LQ 26.61 26.92 27.88 27.55 21.89
Ours 31.03 32.68 33.79 33.06 26.09

Table 3: Results on grounding without object name. The accu-
racy of attribute / relation subsets is measured by IoU@0.25.

heuristic rule, e.g., Topk-QS (Wu et al. 2022), reveals limited
generalizability when handling complex texts and delivers
mundane outcomes. (2) The language-driven query selection
strategy stands comparably impressive performance, which
generates contextually-informed queries and unearths consis-
tent semantic cues of vision-text features. (3) The standalone
LLM- or LSGK-based protocols produce queries with object
attribute and spatial position related to fine-grained textual
priors, bolstering the grounding performance. (4) Leveraging
explicit reasoning and structured knowledge, our LLM-HQS
module refines query proposals with hierarchical Attribute-
then-Relation protocol demonstrates its superior capabilities.

Effectiveness of proposed modules. In Table 5, we de-
velop alternative designs over ScanRefer (Chen, Chang, and
Nießner 2020) dataset to verify the advantage of proposed
modules. Comparisons of (a)(b) reveals a discernible gain
of 2.18% (0.25) and 2.21% (0.5) for overall performance,
underscoring the necessity of multi-granularity alignment
in dealing with 3D clustering scenes. Comparing (b)(e), the
improvement is due to the LCOM module, which extracts
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the desk is to the right of the bench. 
a laptop on top of it. the desk has a 
chair pulled slightly away from it.

this is a black leather loveseat in a 
library. if you were sitting in it, long, 

short bookshelf is on your right

When you enter through the door, 
there is a table. it is in the middle on 
the wall farthest to the right table.

the object is a chair. enter the door 
and took a left and walked to the 
end of the room and be the last 

chair to the right in the back row.

it is a tan and brown object with 
silver handles. a black chair 

pulled up to it. next to a cabinet

the object is to the right of the 
bed with many rows. it is behind the 

backpack . it is made of plastic .

there is a tall brown object stand 
on the right side of the room . it 

is smaller in surface area

this is a object at one of the round 
tables . it is off blue in color and in 

front of the two sofas

(a) View-Dependent (b) Spatial Relationship (c) Grounding without Object Name (ScanRefer)

the object is located under the 
window . there is a large trash bin 

o the right side of the object .

there is a rectangular object . 
it is facing a table and chairs . 
it is facing a table and chairs .

Figure 4: Qualitative results with ScanRefer texts. Our LIBA method delivers superior performance over G3-LQ (Wang, Li, and
Wang 2024) on the (a) View-Dependent. (b) Complex Spatial Relationship. (c) Grounding without Object Name cases.

Unique MultipleQuery Selection 0.25 0.5 0.25 0.5

Random 82.15 67.08 41.67 33.84
Topk-QS 87.85 72.34 52.71 42.28
Language 87.98 72.70 53.29 42.79
Only LSG 88.09 72.98 53.92 43.99
Only LLM 88.42 73.66 53.46 43.49
LLM-HQS 88.81 74.27 54.42 44.11

Table 4: Ablations of the query selection. “Random” repre-
sents the random selection. “Topk-QS” is the top-k query se-
lection protocol. “LSG” denotes the Language Scene Graph.

multi-scale contextual information modulated by textual fea-
tures, enhancing multi-granularity consistency of 3D vision
and text. Further, (e)(h) highlights the effectiveness of the
LLM-HQS module, which uses hierarchical query selection
to interpret visual concepts with LLM reasoning. The subop-
timal performance of LLM-HQS alone underscores the need
for multi-granularity feature alignment via the DBA module.
Integrating all modules significantly boosts performance.

Qualitative Comparisons
To provide profound insight into our LIBA, we offer a vi-
sually compelling results in Fig. 4 (Green denotes the GT
Box). Compared with G3-LQ, LIBA performs admirably
in the “view-dependent” setting in Fig. 4(a). Our multi-
granularity feature interaction mechanism captures gener-
alized object details and global context across views. The
ViP-LLM enhances visual concept understanding, discern-
ing 3D referent attributes without viewpoint-specific labels.
Using LSGK, our method comprehends spatial relationships
and fine-grained contextual information among 3D objects.

ID DBA LCOM LLM-HQS @0.25 @0.50

(a) — — — 54.59 42.25
(b)

√
— — 56.37 45.46

(c) —
√

— 55.68 44.81
(d) — —

√
55.10 43.05

(e)
√ √

— 57.95 46.77
(f) —

√ √
57.23 46.06

(g)
√

—
√

58.82 47.33
(h)

√ √ √
59.55 48.61

Table 5: Ablation study on the effectiveness of the proposed
components on the ScanRefer dataset.

Fig.4(b) confirms its superior spatial reasoning, while Fig.4(c)
highlights LIBA’s exceptional grounding in the ”Grounding
without Object Name” setting, using world knowledge and
additional descriptive clues to pinpoint 3D objects.

Conclusion
In this work, we aim to tackle 3D vision-language granular-
ity inconsistency issue in 3D-VG task, focusing on multi-
granularity 3D vision-text feature alignment and knowledge-
guided vision concept understanding. We introduce LIBA,
a Language Instructed multi-granularity Bridge Assistant
for 3D visual grounding. LIBA features a Dynamic Bridge
Adapter for cross-modal alignment through multi-granularity
interaction, a Language-aware Cross-scale Object Modu-
lation module to capture cross-scale contextual visual cue
around 3D objects, and an LLM-guided Hierarchical Query
Selection for explicit query selection via an Attribute-then-
Relation approach. Experiments deliver compelling proof of
the LIBA’s exceptional performance, showcasing its superi-
ority over existing methods on prevailing benchmarks.
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