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Abstract

Monocular 3D Visual Grounding (Mono3DVG) is an emerg-
ing task that locates 3D objects in RGB images using text
descriptions with geometric cues. However, existing meth-
ods face two key limitations. Firstly, they often over-rely
on high-certainty keywords that explicitly identify the tar-
get object while neglecting critical spatial descriptions. Sec-
ondly, generalized textual features contain both 2D and 3D
descriptive information, thereby capturing an additional di-
mension of details compared to singular 2D or 3D visual fea-
tures. This characteristic leads to cross-dimensional interfer-
ence when refining visual features under text guidance. To
overcome these challenges, we propose Mono3DVG-EnSD,
a novel framework that integrates two key components: the
CLIP-Guided Lexical Certainty Adapter (CLIP-LCA) and
the Dimension-Decoupled Module (D2M). The CLIP-LCA
dynamically masks high-certainty keywords while retain-
ing low-certainty implicit spatial descriptions, thereby forc-
ing the model to develop a deeper understanding of spa-
tial relationships in captions for object localization. Mean-
while, the D2M decouples dimension-specific (2D/3D) tex-
tual features from generalized textual features to guide corre-
sponding visual features at same dimension, which mitigates
cross-dimensional interference by ensuring dimensionally-
consistent cross-modal interactions. Through comprehen-
sive comparisons and ablation studies on the Mono3DRefer
dataset, our method achieves state-of-the-art (SOTA) perfor-
mance across all metrics. Notably, it improves the challenging
Far(Acc@0.5) scenario by a significant +13.54%.

Introduction

The ability to locate objects through linguistic instructions
constitutes a fundamental capability for human-robot inter-
action systems. While 2D visual grounding methods (Huang
et al. 2022a; Zheng et al. 2025) have achieved significant
progress in image understanding, their inherent limitation
in depth perception restricts their capacity to interpret spa-
tial relationships. Therefore, researchers have adopted multi-
modal fusion techniques, which integrate complementary
sensor data to enhance robust scene perception. For instance,
RGB-D methods (Tan, Yang, and Wang 2024; Chen, Chang,
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Figure 1: (a) Existing methods over-rely on high-certainty
words (e.g., “red car”) within descriptions (left), causing
spatial description neglect. Our CLIP-LCA dynamically
masks such high-certainty words during training, forcing the
text encoder to comprehend spatial descriptors; (b) Previ-
ous methods employ generalized textual features (contain-
ing both 2D and 3D information) to refine both 3D vi-
sual (depth) features and 2D visual features, causing cross-
dimensional interference. We propose D2M to decouple
dimension-specific text features (2D and 3D separately) for
dimensionally-consistent cross-modal interactions.

and NieBner 2020) are prevalent in indoor scene understand-
ing and LiDAR-camera fusion (Lin et al. 2024) is widely
used in outdoor robotic perception. Despite their effective-
ness, the broader adoption of these methods is still limited
by the high expenses of RGB-D and LiDAR sensors.

Monocular 3D object detection (Li, Jia, and Shi 2024a)
enables the estimation of 3D spatial location of objects from
a single image. However, it often fails to capture the se-
mantic context of the 3D environment. This limits its appli-
cations in human interaction systems, like robotics, where
understanding natural language instructions is crucial for
instruction-guided object localization. To bridge this gap,
researchers have introduced monocular 3D visual ground-
ing (mono3DVG) (Zhan, Yuan, and Xiong 2024a), a novel
task that uses linguistic captions with geometry information



to accurately localize 3D objects from a single RGB im-
age. Unlike traditional 3D visual grounding methods that
rely on point clouds or depth maps as 3D representations,
the monocular approach operates solely on RGB images. To
compensate for the absence of explicit 3D geometry in vi-
sual data, the mono3DVG task supplements captions with
geometry descriptions (e.g., “10 meters away”).

Compared to traditional 3D visual grounding,
mono3DVG offers a more efficient and economical al-
ternative. However, existing mono3DVG methods face two
critical challenges. Firstly, captions in the mono3DVG not
only provide enriched 3D spatial descriptors but also con-
tain high-certainty keywords whose identification directly
enables precise target localization. This leads the model to
rely on simple keyword matching rather than developing a
robust understanding of the underlying spatial semantics,
thereby compromising its generalization capability in com-
plex scenarios. As illustrated in Fig.1 (a), the keyword “red
car” in the text description is sufficient to accurately locate
the corresponding object in the image. This phenomenon
may lead the text encoder to over-rely on high-certainty
words while neglecting critical spatial descriptors such as
“on the right side”, “20 degrees north-east” and “10 meters
away”. Consequently, the model exhibits poor performance
in scenarios where precise object localization requires
a comprehensive understanding of spatial relationships.
Secondly, previous methods suffer from cross-dimensional
interference caused by the interaction between textual and
visual features, as presented in Fig.1 (b). These methods
employ separate image and depth encoders to extract
2D and 3D visual (depth) features respectively, while
the text encoder integrates 2D descriptions, 3D descrip-
tions, and common semantic information from captions
into generalized textual features. The generalized textual
features typically contain multi-dimensional semantic
information, whereas visual features extracted from image
encoder or depth encoder capture only single-dimensional
details. When employing generalized textual features to
refine 2D or 3D visual features, the textual features with
multi-dimensional information may introduce irrelevant
dimensional noise into single-dimensional visual features.
For example, 2D attributes in generalized textual features
(e.g., “red”, “shirt”) can distort 3D visual feature encoding,
leading to inaccurate depth estimation.

To address the issue of high-certainty words in captions
that explicitly identify corresponding objects, we propose
a CLIP-Guided Lexical Certainty Adapter (CLIP-LCA),
which dynamically adjusts the certainty levels of these key-
words to encourage the text encoder to capture spatial in-
formation. During the training phase, we calculate a sim-
ilarity score between each word in the textual description
and the corresponding target region by leveraging CLIP’s
(Radford et al. 2021) image-text representation alignment
capabilities. Based on these scores, we categorize the words
into high-certainty and low-certainty classes. Words identi-
fied as high-certainty are masked during training, which bal-
ances attention of the text encoder between high-certainty
keywords and low-certainty spatial descriptors. CLIP-LCA
enhances the text encoder’s ability to understand spatial rela-
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tionships in descriptions, enabling more comprehensive sen-
tence comprehension and consequently improving localiza-
tion accuracy.

To resolve the cross-dimensional interference problem,
we propose a Dimension-Decoupled Module (D2M). The
D2M framework first employs two parallel cross-attention
modules with distinct learnable embeddings to decouple
generalized textual features into dimension-specific repre-
sentations. Specifically, a 2D learnable embedding interacts
with the generalized textual features to capture coarse 2D
textual features, while a parallel 3D learnable embedding
simultaneously learns coarse 3D textual features. To fur-
ther enhance the dimension-specific information of the two
coarse textual features without additional data support, we
propose a dual-branch reverse cross-attention module. In the
2D branch, the coarse 2D textual features serve as queries
(Q) and values (V), while the coarse 3D textual features act
as keys (K). The low-attention regions between Q and K
indicate dimensional discrepancies, thereby identifying 2D-
specific details that require enhancement. The enhancement
process first inverts low-attention weights and then applies
them through matrix multiplication to the V. The 3D branch
operates symmetrically when reversing the gkv configura-
tion to enhance 3D part. D2M generates refined 2D-specific
and 3D-specific textual features that provide more precise
dimension-specific guidance for corresponding dimensional
visual features.

The primary contributions of this paper can be summa-
rized as follows:

* We propose the CLIP-Guided Lexical Certainty Adapter
(CLIP-LCA), which enhances text encoder understand-
ing of spatial relationships by dynamically adjusting
word certainty. This mitigates over-reliance on high-
certainty keywords while improving attention to spatial
descriptors.

* We introduce the Dimension-Decoupled Module (D2M)
that resolves cross-dimensional interference by employ-
ing disentangled 2D and 3D textual features to guide
corresponding visual features, enabling dimensionally-
consistent cross-modal refinement.

» Experimental results demonstrate that our Mono3DVG-
EnSD achieves state-of-the-art performance across all
metrics, with a significant +13.54% improvement on the
challenging Far(Acc@0.5) metric compared to previous
methods.

Related Work
Monocular 3D Object Detection

Monocular 3D object detection focuses on predicting 3D
bounding boxes from a single image and can be divided
into two approaches depending on the use of supplemen-
tary data. One group of methods operates exclusively on
monocular images, like M3D-RPN (Brazil and Liu 2019),
which introduces a 3D region proposal network and utilizes
depth-aware convolutions. Methods like SMOKE (Liu, Wu,
and T6th 2020) and FCOS3D (Wang et al. 2021) adopt a
key-point estimation strategy inspired by CenterNet (Zhou,



Wang, and Krihenbiihl 2019), where size and location of
3D boxes are derived from heatmap peaks. To address the
challenge of feature interference, MonoLSS (Li, Jia, and Shi
2024b) proposes a Learnable Sample Selection (LSS) mod-
ule that dynamically filters noise features, thereby improv-
ing 3D representation learning. MonoPair (Chen et al. 2020)
improves localization accuracy by modeling spatial relation-
ships between neighboring objects, which is beneficial for
occluded instances. MonoEF (Zhou et al. 2021) introduces
a novel approach to estimate camera extrinsics using van-
ishing points and horizon line detection, followed by a fea-
ture rectification module to correct distortions in latent rep-
resentations. MonoCon (Liu, Xue, and Wu 2022) employs
an auxiliary learning strategy during training, where monoc-
ular contextual features are aligned with 3D bounding box
properties, and the auxiliary head is discarded during infer-
ence to maintain computational efficiency. MonoDDE (Li
et al. 2022) utilizes depth cues to generate multiple depth
hypotheses per object. Another line of research enhances 3D
detection by integrating auxiliary data like depth maps, point
clouds, or CAD models. D4LCN (Ding et al. 2020) proposes
depth-aware convolutions that adapt receptive fields accord-
ing to inferred depth. DID-M3D (Peng et al. 2022) improves
depth estimation by separating instance-specific depths into
attribute and visual components. ROI-10D (Manhardt, Kehl,
and Gaidon 2019) predicts 3D boxes via dense depth esti-
mation. For LIDAR-based methods, CaDDN (Reading et al.
2021) projects LIDAR-derived depth maps into a monoc-
ular network, then converts features into a bird’s-eye-view
space for detection. Beyond depth maps and LIDAR data,
AutoShape (Liu et al. 2021b) utilizes keypoints extracted
from CAD models to address limitations caused by sparse
supervision.

2D Visual Grounding

Visual grounding, a task building upon object detection,
seeks to create accurate correspondences between textual
descriptions and specific areas in images. Initial methodolo-
gies in this domain primarily employed two-stage pipelines
(Liu et al. 2019a; Yang, Li, and Yu 2019), dividing the pro-
cess into distinct phases: region proposal generation and
cross-modal alignment. In the first phase, an independent
object detector (e.g., Faster R-CNN) produces candidate re-
gions without considering textual context, which may lead
to semantic inconsistencies due to the absence of language-
aware guidance. To mitigate cross-modal semantic misalign-
ment, MattNet (Yu et al. 2018) parses textual descriptions
into structured elements to enable detailed vision-language
interaction. In contrast to region-based methods, proposal-
free techniques (Chen et al. 2018; Liao et al. 2020) em-
ploy spatial feature fusion, allowing direct region prediction
through thorough multimodal understanding. FAOA (Yang
et al. 2019) exemplifies this approach, combining fused
visual-textual representations with YOLOv3 (Redmon and
Farhadi 2018) for end-to-end visual grounding. Building on
success of transformers across multiple domains, several
transformer-based architectures have been adapted for vi-
sual grounding. The first attempt to leverage transformers in
this task was proposed by TransVG (Deng et al. 2021). Re-
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ferring Transformer (Li et al. 2022) employs phrase-based
queries to jointly perform region localization and segmenta-
tion in a unified framework. Many transformer-based meth-
ods (Zheng et al. 2025; Liu et al. 2025a,b) achieved success.

3D Visual Grounding

The establishment of benchmark datasets for 3D vi-
sual grounding began with the introduction of Referit3D
(Achlioptas et al. 2020) and ScanRefer (Chen, Chang, and
NieBner 2020). Earlier works followed a two-stage pipeline
similar to 2D approaches. PointNet++ (Qi et al. 2017) re-
lies on a pre-trained detector for proposal generation and
feature extraction. To enrich semantic understanding, SAT
(Yang et al. 2021) incorporates 2D object semantics for im-
proved model training. For handling complex descriptions
and localizing objects in point clouds, Feng et al. (Feng et al.
2021) propose three specialized modules. Recent advances
in 3D visual grounding leverage transformer-based archi-
tectures, including 3DVG-Trans (Zhao et al. 2021), Lan-
guageRefer (Roh et al. 2022), and Multi-View Trans (Huang
et al. 2022b). Unified frameworks [5][6] have been proposed
to jointly address visual grounding and dense captioning
within a single model. Liu et al. (Liu et al. 2021a) pro-
posed a novel 3D visual grounding task using RGB-D im-
ages. Unlike prior indoor-focused studies that primarily pre-
dicted furniture objects, Lin et al. (Lin et al. 2024) extended
the scenario to outdoor environments by incorporating both
2D images and 3D point clouds. The practical deployment
of LiDAR and RGB-D based systems faces challenges due
to hardware cost and availability constraints. As a solution,
Mono3DVG (Zhan, Yuan, and Xiong 2024b) establishes a
monocular alternative that combines geometrically detailed
text with single RGB images to predict 3D bounding boxes.

Method

Building upon the baseline framework (Zhan, Yuan, and
Xiong 2024b), we begin by reviewing its core architecture
as the foundation for our methods. To extract generalized
text features (73), the framework employs RoBERTa-base
(Liu et al. 2019b) followed by a linear projection layer. Sim-
ilarly, multi-scale visual features (V57,) are extracted using
ResNet-50 (He et al. 2016) with a linear layer. We follow
the method presented in (Zhang et al. 2023) by implement-
ing a lightweight depth predictor to derive 3D visual fea-
tures V5,. We then employ a dual-branch encoder archi-
tecture, comprising a visual encoder for 2D feature align-
ment and a depth encoder for 3D feature interaction. The
visual encoder (Eq. 1) leverages a multi-scale deformable
attention (MSDA) layer for efficient feature encoding. Sub-
sequently, it incorporates 2D-specific textual information
(T>p) through a cross-attention module, followed by fea-
ture refinement via a feed-forward network (FFN) layer. The
depth encoder (Eq. 2) employs a multi-head self-attention
layer followed by a feed-forward network (FFN) to encode
geometric (3D visual) embeddings, which then interact with
3D-specific textual features (75p) through a cross-attention
layer.
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Figure 2: Framework Overview. The architecture integrates multiple feature extraction modules: RoBERTa for generalized
textual features (73), visual encoder for 2D visual features (V2 p), and depth encoder for 3D visual features (V3p). CLIP-LCA
dynamically adjusts the certainty level of textual descriptions during training. D2M decomposes generalized textual features
(T}) into 2D-specific (T>p) and 3D-specific textual features (T5p). The adapter refines dimension-specific features of target
objects, followed by decoder and multi-MLPs head for 2D-3D attribute prediction.

Vop = FEN(MHCAMSDA(V5p), Top)), (1)

Vip = MHCA(FFN(MHSA(Vip)), Tsp).  (2)

The adapter module is designed to refine both visual and
geometric features. Specifically, the visual features interact
with 2D-specific textual features, while the geometric fea-
tures engage with their 3D-specific textual counterparts. The
decoder employs a progressive fusion strategy, sequentially
injecting geometric features, generalized textual representa-
tions, and 2D visual features into a learnable query via se-
quential cross-modal attention layers, as detailed in (Zhan,
Yuan, and Xiong 2024b).

CLIP-Guided Lexical Certainty Adapter

To prevent the model from over-relying on explicit lexi-
cal cues, CLIP-LCA applies a dynamic strategy to mask
high-certainty words during training, as illustrated in Fig.2.
Specifically, CLIP-LCA begins by cropping the target re-
gion according to the ground-truth annotations and encod-
ing it with the visual branch of CLIP (ViT-B/16) to obtain
visual features. Simultaneously, each word in the caption
is independently processed by CLIP’s text encoder to gen-
erate textual features. Then, we compute the similarity be-
tween the textual feature of each word and the target visual
feature. Based on these similarity scores, a k-means clus-
tering algorithm (k = 2) is employed to partition the words
into high-certainty (high similarity scores) and low-certainty
(low similarity scores) categories. The cropped visual con-
tent primarily preserves the intrinsic 2D attributes of the
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object, such as its class name, color, shape. Consequently,
words in the textual description corresponding to the object
name or color exhibit high similarity with the visual fea-
tures. In contrast, spatial descriptors that refer to the relative
position of the object and its relationship to other objects
show low similarity, since the cropping operation removes
contextual information about the spatial relationships of the
object within the full image. To enhance the text encoder’s
understanding of spatial information, we mask words cate-
gorized as high-certainty with “***”. By masking explicit
object cues, this strategy encourages the model to rely on
implicit spatial semantics for grounding the corresponding
object. Benefiting from this enhanced spatial understanding,
the model effectively integrates explicit textual cues (high-
certainty words) during inference, enabling more accurate
and robust grounding performance.

Dimension-Decoupled Module

To generate dimension-specific text features for
dimensionally-consistent refinements, we propose a
Dimension-Decoupled module. The detailed architecture of
this module is illustrated in Figure 3. The proposed D2M
framework consists of two parallel branches: a 2D branch
and a 3D branch. Each branch begins with a learnable
query that interacts with the generalized textual features T}
through a cross-attention layer, followed by a feed-forward
neural network (FFN) mapping layer, as formulated below.

Hyp = MHCA(L2p, Ty), 3)

Hsp = MHCA(L3p,T}), 4



T2p . T3p
A Reverse Cross-attention A

S ’619 2D Branch 3D Branch $<
FFN FFN
I S vy
e R
E Qo:?‘l—(-—-JE;_'_'_‘_::-»«::::_‘::_—_E_-K’@;(Q i y
A »eT? Tcan Tean qla< -----------
| FFN FFN |
S 4 Hyp Hsp ‘

MHCA <+----T,---> MHCA
Q1 ’ 1o
2D Leanable Query 3D Leanable Query

Figure 3: The detailed architecture of Dimension-Decoupled
Module. The left part illustrates the procedure for decou-
pling 2D-specific textual features 7T5p, while the right sec-
tion presents the corresponding workflow for 3D-specific
textual features T5p.

Teep = FFN(Hzp) + Hap, %)

Tesp = FFN(Hsp) + Hsp. (6)

The learnable queries for two dimensions, denoted as Lop
and Lsp. Through the Egs. (3)-(6), we derive both 2D and
3D textual features at a coarse level, denoted as Tzop and
Tesp. To refine the coarse textual features, we propose a re-
verse cross-attention module, detailed in Equations (7)-(8).

T2D :TCQD+FFN(SOftma.T(1_TC’2D1—’CSD)TC2D)7 (7)

Tsp= TC3D+FFN(Softmam(1—T(;3DT02D)TC3D) . (8

The core objective of the reverse cross-attention module
is to compute low-attention regions between Query and Key
features and subsequently enhance the information corre-
sponding to these low-attention regions. This is achieved
by first computing the attention map between the Queries
and Keys, then inverting this map by subtracting values
from 1, followed by softmax normalization. This inversion
shifts attention toward originally low-attention parts, thereby
enhancing the contribution of these features during subse-
quent processes with Values. The D2M framework provides
two separate textual features, each encoded with either 2D-
specific or 3D-specific details. These textual features guide
the subsequent refinements of their corresponding visual
features, ensuring dimensionally-consistent cross-modal re-
finement.
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Loss Function

The prediction head utilizes multiple MLPs to estimate both
two-dimensional and three-dimensional attributes. The 2D
prediction branch outputs classification, 2D box size, and
the projected 3D center. For 3D prediction, it outputs 3D
box size, orientation, and depth values. The loss function for
2D predictions is formulated as:

Lop = M Lejasss + AoLirtp + A3Lgrov + AaLzysp, (9)

where \;_4 are set to (2,5,2,10) following MonoDETR
(Zhang et al. 2023). The classification loss L.;,ss employs
the Focal loss function (Lin et al. 2017) for nine classes pre-
diction. L;,y, and L,y3p utilize the L1 loss function. The
2D bounding box regression is optimized using the GloU
loss (Rezatofighi et al. 2019), denoted as Lgror7. The loss
for 3D part is expressed as:

LSD = LsizeSD + Lorien + Ldepth7 (10)
where Lg;ze3D, Lorien and Lgepy, represent the 3D IoU ori-
ented loss (Ma et al. 2021), MultiBin loss and Laplacian
aleatoric uncertainty loss (Chen, Chang, and Niener 2020).
To supervise the depth map prediction, we employ a Focal
loss, represented as Lgmqp. The total loss function is then
defined as follows:

Loverall = L2D + LSD + Ldmap~ (11)

Experiments
Mono3DRefer Dataset

For our experiments, we adopt the Mono3DRefer dataset
(Zhan, Yuan, and Xiong 2024b), which includes 2,025 im-
ages sampled from the KITTI dataset (Geiger, Lenz, and
Urtasun 2012). These images are annotated with 41,140
captions with a vocabulary of 5,271 words. In terms of
description quantity, Mono3DRefer provides a compara-
ble scale of descriptions as ScanRefer and Nr3D, exclud-
ing the template-generated Sr3D dataset. More importantly,
Mono3DRefer supports object annotations at significantly
longer distances, with a maximum range of 102 meters. In
contrast, RGB-D sensors typically operate within 10 meters,
while LiDAR systems are generally constrained to around
30 meters.

Implementation Details

We conduct all experiments on an NVIDIA GeForce RTX
3090 GPU, training the model for 60 epochs with the
AdamW optimizer under the following configuration: a
batch size of 10, initial learning rate 10~%, weight decay of
1074, and a dropout rate of 0.1. For evaluation, we adopt
the 3D IoU thresholds of 0.25 and 0.5, following previous
research (Lin et al. 2024), to assess accuracy across 9 sce-
narios.

To ensure fair comparisons, we employ the same base-
line model as Mono3DVG (Zhan, Yuan, and Xiong 2024b).
Two-stage Methods Evaluation: (1) CatRand randomly se-
lects category-matched ground truth boxes as predictions.



Method Type Unique Multiple Overall
Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

CatRand Two-Stage 100 100 24.47 24.43 38.69 38.67

Cube R-CNN + Rand Two-Stage 32.76 14.61 13.36 7.21 17.02 8.60
Cube R-CNN + Best Two-Stage 35.29 16.67 60.52 32.99 55.77 29.92
ZSGNet + backproj One-stage 9.02 0.29 16.56 2.23 15.14 1.87
FAOA + backproj One-stage 11.96 2.06 13.79 2.12 13.44 2.11
ReSC + backproj One-stage 11.96 0.49 23.69 3.94 21.48 3.29
TransVG + backproj Tran.-based 15.78 4.02 21.84 4.16 20.70 4.14
Mono3DVG-TR Tran.-based 57.65 33.04 65.92 46.85 64.36 44.25
Mono3DVG-EnSD(Ours)  Tran.-based 66.67 42.65 70.17 55.22 69.51 52.85

Table 1: Comparison of model performance across Unique, Multiple, and Overall scenarios. Underlined results indicate better

performance than our bolded accuracy.

Method Type Near/Easy Medium/Moderate Far/Hard
Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5
CatRand Two-Stage 31.16/47.29 31.05/47.26 35.49/33.92 35.49/33.92 52.11/30.83 52.11/30.74
Cube R-CNN + Rand Two-Stage 17.40/21.12 11.45/11.41 18.01/17.85 8.15/8.01 14.91/10.56  6.38/5.18
Cube R-CNN + Best Two-Stage 67.76/59.66 41.45/33.05 60.69/60.56 30.35/33.45 34.72/46.25 17.01/22.52
ZSGNet + backproj One-stage 24.87/21.33  0.59/3.35 16.74/13.87  3.71/0.63 2.15/7.57 0.07/0.84
FAOA + backproj One-stage 18.03/17.51 0.53/3.43  15.64/12.18  3.95/1.34 4.86/8.83 0.62/0.90
ReSC + backproj One-stage 33.68/27.90 0.59/5.71 24.03/19.23  6.15/1.97 4.24/1441  1.25/1.02
TransVG + backproj Tran.-based 29.34/28.88 0.86/6.95 25.05/16.41 8.02/2.75 4.17/1291  0.97/1.38
Mono3DVG-TR Tran.-based 64.74/72.36 53.49/51.80 75.44/69.23 55.48/48.66 45.07/49.01 15.35/29.91
Mono3DVG-EnSD(Ours) Tran.-based 67.80/80.47 59.21/62.10 79.71/71.06 62.97/55.77 54.31/52.85 28.89/37.42

Table 2: Performance comparisons for near-medium-far scenarios and easy-moderate-hard scenarios. Underlined results indi-

cate better performance than our bolded accuracy.

(2) (Cube RCNN (Brazil et al. 2023) + Rand) randomly sam-
ples prediction from proposal generated by Cube RCNN. (3)
(Cube RCNN (Brazil et al. 2023) + Best) selects the op-
timal box match for each proposal to quantify the upper-
bound performance of two-stage methods. One-stage meth-
ods: We adapt four state-of-the-art 2D visual grounding
methods (ZSGNet (Sadhu, Chen, and Nevatia 2019), FAOA
(Yang et al. 2019), ReSC (Yang, Li, and Yu 2020), TransVG
(Deng et al. 2021)) to 3D area via back-projection for
comparative evaluation. We analyze methods performance
across three dimensions: (1) We evaluate the approach under
‘unique’ and ‘multiple’ scenarios. The unique scenario in-
volves single-object cases, while the multiple scenario con-
tains multiple objects sharing the same category label; (2) To
estimate performance across different distance ranges, we
categorize evaluation metrics into three depth ranges: Near
(0-15m), Medium (15-35m) and Far (>35m). The “near”
scenario presents fewer challenges due to clearer observa-
tions, while the “far” often involves higher ambiguity. The
medium range serves as an intermediate zone that represents
the practical scenario in real-world applications; (3) To eval-
uate the impact of visual occlusion and truncation on perfor-
mance, we categorize the cases into three levels based on
occlusion degree and truncation ratio: Easy cases with no
occlusion and truncation ratio below 0.15, Moderate cases
including no/partial occluded objects and truncation ratio
between 0.15-0.3, and Hard containing severely occluded
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objects or truncation ratio exceeding 0.3.

Quantitative Comparisons and Analyses

As shown in Table 1, CatRand achieves 100% accuracy in
the “unique” scenario but drops to 24% in the “multiple”
scenario. Similarly, Cube R-CNN Rand performs better on
“unique” than on “multiple” scenarios. When an image con-
tains only a single object, providing the category label is
sufficient. However, for images with multiple objects, ad-
ditional information beyond the label is required to elimi-
nate localization ambiguities, such as spatial or distinct de-
scriptions. As presented in Table 2, the CatRand method
demonstrates better performance in the ’far’ scenario com-
pared to other distance range scenarios. However, both
our method and baseline approaches exhibit progressively
lower accuracy as depth increases. The “far” scenario con-
tains fewer ambiguous instances, enabling CatRand’s ran-
dom ground truth selection to achieve better performance. In
contrast, other methods highly depend on predicted bound-
ing box accuracy, which often leads to imprecise depth
and 3D extent, particularly for distinct objects. Our pro-
posed model achieves superior performance in nearly all
distance-based scenarios, except for a slight performance
gap under the CatRand sampling condition on the “far” sce-
nario. Experimental results on the easy-moderate-hard met-
rics show that our framework achieves state-of-the-art per-
formance. In summary, our method achieves consistent ac-
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Far

Positioned on the right side of the road,
approximately 40 meters away from me and oriented
away from me, is a black car with a length of around
3.2 meters. it is the first car on that side and located
on the left front of a truck on the left side of the road,
in parallel to a cyclist who is to its left side.

£19n¢)

direction to me.

Medium

In the area ahead of me, there is a car on my left-
hand side, driving along the roadway parallel to the
railway tracks. it is the first car on the right side of
the car ahead and is painted white. the car is less than
30 meters away from me and is facing in the opposite

Near
Situated on the right side of the road, there's a silver
car parked and facing towards me. it's within 10
meters of my position, about 20 degrees north-east
from me, and positioned behind the white car on the
right.

Figure 4: Visualization of 3D bounding box predictions from Mono3DVG-TR and our Mono3DVG-EnSD. Ground truth (red),
our predictions (green), and Mono3DVG-TR predictions (blue) are shown for comparison.

curacy improvements across all evaluation scenarios. Most
notably, under the strict acc@0.5 criterion, we observe sub-
stantial gains of +13.54% for “far” scenarios and +10.30%
for “easy” scenarios. Meanwhile, our method achieves per-
formance improvements of 9.61%, 8.37%, and 8.60% in
“unique”, “multiple”, and “overall” scenarios (acc@(.5).

Qualitative Analysis

Figure 4 provides a qualitative comparison of 3D visual
grounding results between the baseline Mono3DVG-TR and
our proposed Mono3DVG-EnSD, demonstrating the effec-
tiveness of our approach. For clear visual analysis, we se-
lect no occlusion and fully visible vehicle samples on three
distance intervals: near (<15m), medium (15-35m), and far
(>35m) scenarios. The qualitative comparison reveals that
while both methods perform competitively in estimating ori-
entation and predicting 3D object dimensions, our method
shows superior performance in depth positioning accu-
racy. The experimental results validate that our Dimension-
Decoupled module effectively maintains dimensional con-
sistency during text-visual feature interaction, thereby en-
abling more accurate refinement of 3D visual features.

Ablation Studies

Ablation experiments were conducted on the Mono3DRefer
dataset to assess the proposed CLIP-Guided Lexical Cer-
tainty Adapter (CLIP-LCA) and Dimension-Decoupled
Module (D2M) component. Their performance is quantified
using the standard Acc@0.25 and Acc@0.5 metrics on the
“Overall” scenario, as summarized in Table 3. Row 1 corre-
sponds to the baseline model’s performance. Row 2 reflects
results employing exclusively the CLIP-LCA method, while
Row 3 illustrates outcomes integrating only the D2M. Com-
parison indicates that both components independently yield
significant accuracy gains (CLIP-LCA: +2.21%/+5.04%;
D2M: +3.75%/+6.83%), confirming their individual contri-
butions to monocular 3D visual grounding. The final row
presents the combined CLIP-LCA+D2M implementation,
where synergistic improvement exceeds the individual im-
provements (+5.15%/48.60%). Due to space limitations, we

6732

CLIP-LCA | D2M | Acc@0.25 Acc@0.5
- - 64.36 4425
v - 66.57 49.29
- v 68.11 51.08
v v 69.51 52.85

Table 3: The ablation studies of our proposed methods on
the “Overall” scenario.

primarily present the ablation studies of our two key mod-
ules in the “Overall” scenario. It is worth noting that our
modules consistently demonstrate accuracy improvements
across all other scenarios as well.

Conclusion

Existing mono3DVG methods face two major limitations.
Firstly, the text encoder heavily rely on high-certainty words
for localization, limiting their ability to comprehend spatial
descriptions. Secondly, cross-dimensional interference oc-
curs during the interaction between textual and visual fea-
tures. To address these challenges, we propose Mono3DVG-
EnSD, a novel framework designed to enhance dimensional
alignment and understanding ability of spatial descrip-
tions. The CLIP-Guided Lexical Certainty Adapter (CLIP-
LCA) dynamically suppress high-certainty keywords, en-
abling the model to effectively comprehend implicit spa-
tial cues in captions for more robust localization. The pro-
posed Dimension-Decoupled Module (D2M) first disentan-
gles generalized textual features into distinct 2D-specific
and 3D-specific textual features. By then guiding 2D or
3D visual features with their corresponding dimensional
textual features, the D2M ensures dimensional consistency
for the cross-modal interactions. Our experimental results
demonstrate that Mono3DVG-EnSD achieves performance
improvements across all nine scenarios compared to the
baseline. Through ablation experiments, we further confirm
that both the CLIP-LCA and the D2M independently con-
tribute to these performance gains.
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