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| (a) There is a silver toilet
in the right corner of the
room , attached to the far

Despite recent progress in 3D visual grounding, existing
methods still struggle with three core challenges: 1) cross-
modal misalignment that prevents textual cues from being
reliably delivered to visual representations, 2) intra-class
confusion arising from insufficient understanding of fine-
grained expression cues, and 3) geometric reasoning errors
caused by inaccurate aggregation of spatially relevant vi-
sual features. We propose EG-3DVG, a unified framework
that addresses these issues through an expression and ge-
ometry aware grounding decoder. The decoder integrates
two complementary attention modules—position-guided ex-
pression cross-attention (PECA) for reliable text—vision
alignment and geometry-aware masked attention (GMA ) for
selective aggregation of geometry-consistent visual cues. To
further distinguish semantically similar instances, we intro-
duce expression-aware contrastive learning (ECL), which
strengthens the alignment between the target object token
and expression-relevant words. Extensive experiments on
ScanRefer and SR3D/NR3D demonstrate that EG-3DVG

(b) This is the blue chair
below the chalkboard . It
sets beside another chair.

4 (c) The table is in the
center of the room. There
are tables to the right of
it and against the wall.

Figure 1. Illustration of failure examples on ScanRefer [60]: (a)
cross-modal misalignment, (b) intra-category confusion, and (c)
geometric reasoning error.

achieves state-of-the-art performance in both 3D bound- target object within a 3D point cloud scene based on a tex-
ing box localization and mask prediction, validating the tual description that depicts the object’s attributes, such as
effectiveness of our geometry- and expression-aware de- its appearance (e.g. “blue”, “red”), category (e.g. “desk”,
sign. Code is available at https://github.com/ “chair”), and spatial relationships with other objects (e.g.
Gwan9Wook /EG3DVG. “next to the table”, “on the left of the sofa”).

General 3DVG methods represent the target object men-
1. Introduction tioned in text descriptions using 3D bounding boxes [11, 16,
27, 30, 33, 38] or semantic masks [26, 27, 35, 36]. Specifi-
cally, the model first encodes the input 3D point cloud and
the text description into visual and text tokens, respectively.
These tokens are then fused via transformer-based archi-
tectures [32] to capture cross-modal interactions. A de-
coder module transforms the visual tokens into candidate
3D bounding boxes or segmentation masks. In parallel, the
text tokens can be syntactically parsed into main, attribute,
pronoun, relationship, and auxiliary tokens using off-the-

Understanding 3D environments through natural language
is crucial for advancing human-computer interaction, with
broad applications in virtual and augmented reality, au-
tonomous robotics, and self-driving technologies. Recently,
3D Visual Grounding (3DVG) [11, 15, 16, 27, 30, 31, 33,
35, 36, 38] has gained significant attention as a promising
solution to facilitate natural language-based understanding
of 3D environments. The objective of 3DVG is to localize a

*Corresponding author shelf tools [29, 37]. Finally, the target object is identified
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by selecting the candidate associated with the visual token
that achieves the highest text-alignment score [27, 33, 38],
which is computed by considering its contextual similarity
with multiple types of text tokens (e.g., main, attribute, pro-
noun, and relationship tokens).

Despite recent advances in 3D visual grounding, existing
models still suffer from three representative types of failure,
as illustrated in Figure 1. (1) Cross-modal misalignment:
The model often fails to accurately localize the referred ob-
ject because textual semantics are not reliably conveyed to
visual features through cross-attention, leading to incom-
plete text—vision alignment. (2) Intra-class confusion: The
model often mislocalizes among semantically similar in-
stances due to its limited ability to capture fine-grained ex-
pression cues in the input text. (3) Geometric reasoning
error: The model misinterprets the 3D spatial configuration
of surrounding points, including those from other objects or
background regions, resulting in inaccurate localization of
the referred target.

Motivated by these observations, we propose EG-3DVG,
a novel 3D visual grounding framework that integrates
the proposed modules within an expression and geometry
aware grounding decoder to explicitly resolve these failure
cases. To alleviate cross-modal misalignment, we intro-
duce the position-guided expression cross-attention (PECA)
module, which enriches text tokens with 3D positional cues
and enables more reliable alignment between textual se-
mantics and visual representations. To address intra-class
confusion, we propose expression-aware contrastive learn-
ing (ECL), where the model learns to associate fine-grained
expression cues with the correct visual instance by con-
trasting the target object against semantically similar neg-
atives within the same scene. To reduce geometric reason-
ing errors, we develop the geometry-aware masked atten-
tion (GMA) module, which selectively aggregates spatially
consistent visual information by exploiting 3D geometric
relations between candidates and surrounding points. Ex-
tensive experiments on ScanRefer and SR3D/NR3D bench-
marks demonstrate that EG-3DVG achieves state-of-the-art
results in both 3D bounding box localization and mask pre-
diction, validating the effectiveness of each proposed com-
ponent. To summarize, the main contributions of this work
are as follows:

PECA injects 3D positional cues into text tokens to
achieve spatially consistent text—visual alignment.

ECL enhances the model’s ability to distinguish same-
category objects with different expressions.

GMA selectively aggregates visual information based on
geometric relations between candidate tokens and sur-
rounding points.

EG-3DVG achieves superior performance on benchmarks
in both 3D bounding box and mask prediction.
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2. Related Works

Vision and Language: With growing interest in multi-
modal learning [17, 28], various methods combining vi-
sion and language have recently been introduced. Early
methods have usually focused on 2D vision-language tasks,
such as image captioning [13, 19], visual question answer-
ing [3, 40], and visual grounding [18, 34, 41]. More re-
cently, vision-and-language methods are increasingly be-
ing explored to understand 3D environments. 3D open-
vocabulary object detection or segmentation [22, 24] en-
riches the diversity of text queries by aligning visual and
textual feature spaces, rather than classifying into fixed cat-
egories. 3D dense captioning [7, 43] focuses on generat-
ing natural language descriptions for each object in a 3D
scene, while 3D scene generation [12] aims to synthesize
realistic 3D scenes from text prompts. These methods en-
able fine-grained semantic understanding of spatial environ-
ments, bridging the gap between textual and visual context.
3D Visual Grounding: 3D Visual Grounding (3DVG) is
the task of localizing a target object described by a text
description within a 3D scene. 3DVG is commonly di-
vided into two sub-tasks: 3D Referring Expression Com-
prehension (3DREC), which aims to predict a 3D bounding
box, and 3D Referring Expression Segmentation (3DRES),
which generates a semantic mask of the target object.

In 3DRES field, X-RefSeg3D [26] constructs a cross-
modal relational graph that connects object nodes and tex-
tual cues, and uses graph reasoning to resolve relation ex-
pressions. 3D-STMN [36] introduces a superpoint-based
end-to-end framework that includes the matching between
superpoint and text to enable dense supervision and effi-
cient inference for 3D-RES. In 3DREC field, multi-view
based approaches [11, 15] project 3D scenes into multiple
rendered views and aggregate view-specific features to cap-
ture spatial context. To reduce computational cost, VPP-
Net [30] predicts informative viewpoints from a single in-
put and performs grounding based on the predicted view.
TSP3D [10] presents a lightweight framework that real-time
grounding via text-guided sparse voxel pruning. MCLN
[27] introduces a multi-branch architecture that jointly per-
forms 3D object localization and semantic mask prediction.
While existing methods have made progress, they still suf-
fer from three major challenges, as illustrated in Figure 1.

3. Proposed Method
3.1. Model Overview

Given an input text description consisting of Niext words
and a 3D scene represented by N,.int, points, the proposed
EG-3DVG predicts a mask m € R¥eoint and a 3D bounding
box b € R® corresponding to the target object described in
the text description. Figure 2 illustrates the overall architec-
ture of the proposed EG-3DVG.
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Figure 2. Overview of EG-3DVG. In expression and geometry aware grounding decoder, position-guided expression cross-attention injects
positional information to each text tokens and geometry-aware masked attention incorporates geometric relationship into the attention
mechanism. Expression-aware contrastive learning encourages the selected visual token to align with expression-relevant words (e.g.
attribute, pronoun, relationship) from the text description while contrasting against other texts describing same-category distractors.

3.2. Cross-Modal Encoder

Text and Visual Token Generation: Following [16, 27,
30, 33, 38], we use pre-trained RoBERTa [20] and Point-
Net++ [25] to extract text tokens and visual tokens from the
input text description and 3D point cloud, respectively. The
text and visual tokens are then projected into T' € RNvext X
and V € RMisXC through a cross-modal encoder, where
C is the feature dimension. The cross-modal encoder con-
sists of two transformer branches that separately process
text and visual tokens, as shown in Figure 2. To facilitate
cross-modal interaction, a cross-attention module in each
branch uses opposite-modality tokens as key-value, while
retaining processed tokens as queries. For the visual branch,
3D coordinates of each point are incorporated as positional
embeddings in attention computation.

Candidate Visual Token Generation: Each visual token
predicts a candidate score of the target object through a mul-
tilayer perceptron supervised with the KPS loss [16, 21, 27,
30, 33, 38]. Based on the candidate scores of the visual to-
kens, we select the top-Ncanq tokens as candidate tokens
veand ¢ RNeanaXC | which are subsequently used for 3D
bounding box and mask prediction in the expression and
geometry aware grounding decoder (Section 3.3).
Superpoint Token Generation: To obtain a more informa-
tive visual representation, we project the V,;s visual tokens
onto a superpoint resolution of size Ng,per Using a super-
point aggregation process [27], where Ngyper < Npoint-

Nsuper

Let {p3uPe € R3}, )" denote the set of 3D coordinates
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of the superpoint centers. For each superpoint s, the /' near-
est visual tokens are selected based on the spatial distance
between p5"P°" and each visual token coordinate to com-
pose VEkun ¢ REXC gpd pkan ¢ REX3 where each row
of VEun js the visual token feature and that of PX"™™ con-
tains the corresponding 3D position. Then, we encode the
relative positional relationship between the s-th superpoint
and its K nearest tokens by:

Vlscnn _ VL{nn + FFN(IK(pz‘uper)T o PlS(nn) 1)
where 1 € R is a vector of ones and FFN(-) denotes
feed forward networks consisting of two fully connected
layers with ReLLU activation. We then apply channel-wise
max pooling over \71;““ to obtain the aggregated superpoint
feature v, € R, and stack all v to form the final super-
point tokens VSUPeT = [v; ... vy, | € RNsuperXC,

super

3.3. Expression and Geometry Aware Grounding
Decoder

The expression and geometry aware grounding decoder
(EGD) refines candidate representations by jointly exploit-
ing textual and visual cues to accurately localize and seg-
ment the referred object. It consists of two complementary
attention modules: the position-guided expression cross-
attention (PECA), which aligns visual tokens with lin-
guistic expressions in a spatially consistent manner, and
the geometry-aware masked attention (GMA), which se-
lectively aggregates geometry-consistent visual cues to en-
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Figure 3. A diagram of (a) the expression and geometry aware grounding decoder, (b) position-guided expression cross-attention (PECA),
and (c) geometric-aware masked attention (GMA). The top-right symbols on the cross-attention, PECA, and GMA blocks indicate the

source tokens used to refine their input tokens.

hance candidate tokens with object-level representations.
Token Refinement: As shown in Figure 3(a), EGD con-
sists of two branches: a superpoint token branch and a can-
didate token branch. The superpoint token branch refines
VSUPer jpo Vsuper through cross-attention with the candi-
date tokens V<4 cross-attention with the text tokens T,
and subsequent feed-forward networks. Since the super-
point tokens V3"P¢ are derived solely from visual features,
they lack both the contextual semantics of text tokens and
the object-specific cues of candidate tokens. Therefore, this
branch enriches semantics of VS'P¢" by integrating textual
semantics from T and object-aware cues from V¢,

The candidate token branch refines Veand jnto Veand
by incorporating contextual cues from text tokens, vi-
sual tokens, and superpoint features through the pro-
posed position-guided expression cross-attention (PECA)
and geometry-aware masked attention (GMA). Given the
candidate tokens V@4, this branch first produces V&g |
through self-attention and PECA, and then further refines
Vnd, into VEnd and VERS, through two parallel mod-
ules, cross-attention with the refined superpoint tokens
VsuPer and GMA, respectively. The final refined candidate
tokens V@ are obtained by

\N/-cand — FFN (Vcand + V((:}al\r}[(k

super

).

Mask and 3D Bounding Box Prediction: To estimate the
target object’s mask m and 3D bounding box b, we se-
lect the target object token v'@'&¢t ¢ RY as the candidate
with the highest text-alignment score [27, 33, 38] among
all refined candidate tokens Vad ¢ RNeanaXC For mask
prediction, we project the target object token v'#'8 into

2
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a mask embedding e € R, and then generate the tar-
get mask over superpoints as m = Vsuperg, Finally, the
superpoint-level mask m is transformed into the point-level
mask m € RNeeint by assigning each superpoint’s mask
probability to all points it contains.

For 3D bounding box prediction, we first project the se-
lected target token v''8¢* to an initial bounding box b™ €
RS via a multilayer perceptron (MLP). To incorporate spa-
tial consistency with the predicted mask, we also construct
a mask-derived bounding box b™2s¥ that tightly encloses
the predicted point-level mask m. The final bounding box
b is then obtained by a weighted sum of the two boxes:

b= abini + (1 _ a)bmask (3)
where we set the weighting hyperparameter « to 0.5.
Position-Guided Expression Cross-Attention (PECA):
To inject the contextual information of text tokens into vi-
sual tokens, the cross-attention operation where the visual
tokens serve as queries and the text tokens act as key—value
pairs is typically adopted. In this cross-attention, accurate
attention weights between visual and text tokens is crucial
for effective feature fusion. However, conventional cross-
attention between visual and text tokens often produces sub-
optimal alignment, as the two modalities contain inherently
unbalanced spatial cues. Specifically, each visual token
in Veand encodes 3D positional information derived from
the input point cloud (through PointNet++ feature extrac-
tion), whereas text tokens lack such explicit spatial context.
To bridge this gap, we introduce the position-guided ex-
pression cross-attention (PECA) module, which injects 3D
positional information into text tokens, enabling spatially



consistent attention weight computation between visual and
text tokens.

Figure 3(b) illustrates the overall architecture of the pro-
posed PECA module. Let P € R¥v=*3 denote the 3D co-
ordinates corresponding to the visual tokens V. The po-
sitional embeddings EP°® € RNvis*C are then projected
from P using an MLP. These positional embeddings are in-
terfused into the text tokens T as follows:

T-VT
e

Then, we fuse the text tokens into the candidate tokens us-
ing cross-attention, where V24 serves as the query, TP
as the key, and T as the value, producing V&2d, as the
output. Since V4 include positional embeddings from
the previous process, PECA thus guides a spatially consis-
tent fusion between visual and textual features.
Geometry-Aware Masked Attention (GMA): Although
the candidate tokens VE8d, contain semantically aligned
features, they are insufficient to fully represent the geomet-
ric extent of the target object. Many visual tokens within
the object’s bounding box are not selected as candidates,
leading to incomplete spatial coverage. To incorporate this
missing geometric information, we exploit the full set of vi-
sual tokens V to enrich VPECA However, directly attend-
ing to all visual tokens introduces noise, since many tokens
belong to irrelevant objects or background regions. To al-
leviate this issue, we propose the geometry-aware masked
attention (GMA) module in Figure 3(c), which selectively
aggregates geometric cues from V based on their spatial re-
lationships with each candidate token.

Let Peand ¢ RNeanaX3 denote the 3D coordinates of
candidate tokens. The geometric relation tensor G €
RNeana X Nvis X4 jg then defined as

TP = T + Softmax < 4)

G(i,j) = [P =Py, [P —Pylla]  (5)
where ¢ indexes candidate tokens (i € [1, Neana]) and j
indexes visual tokens (5 € [1, Nyis]). Each element G(i, j)
thus represents the relative coordinate offset and Euclidean
distance between the i-th candidate token and the j-th visual
token. We project G into the geometric feature tensor Ge
RNeana X Nvis X yging an MLP.

To emphasize text-guided geometric relationships, we
compute a geometry-based attention prior AS® €
RNeana X Nvie from the relation tensor G as

A = Sigmoid (Fl (]—‘(G) -MaxPool(T)T)) ©6)

where F(-) denotes spatial flattening and F~1(-) is its in-
verse reshaping operator. Here, MaxPool(T) € R!*¢
summarizes the expression-related text embeddings, serv-
ing as a global linguistic context to modulate the geomet-
ric affinity in G. The resulting A& thus provides a soft
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geometry-aware attention map indicating how strongly each
visual token should contribute to a given candidate based
on their spatial proximity and text relevance. Then, we gen-
erate the binary attention mask A8 € {0, 1}NeanaxNvie
from A®&°° using a trainable thresholding scheme based on
the straight-through estimator (STE) [5]. The final output
of GMA V&id ¢ RNeana X 5 then obtained by masked-

attention:
cand __ yrcand V%(EISAVT A g€o
VG]\/IA = VPECA + SOftmaX 7\/5 + 10g(A ) V

(N
We apply learnable linear projections to all query, key, and
value tokens before attention computation, but omit them in
equations for simplicity. Here, log(Ageo) acts as an additive
attention mask [32], where non-related visual tokens are as-
signed —oo to suppress their contributions. Thus, GMA
enables each candidate token to selectively aggregate spa-
tially consistent visual cues, suppressing interference from
geometrically distant or irrelevant tokens.

3.4. Expression-Aware Contrastive Learning

As shown in Figure 1(b), when multiple objects of the same
category are present in a scene, called “multiple” setting
in 3DVG, the performance significantly decreases due to
intra-category misidentification. In such cases, the visual
token corresponding to the target object should accurately
capture the descriptive expressions provided in the input
text description, including attribute, pronoun, and relation-
ship words. To address this challenge, we introduce an
expression-aware contrastive learning that encourages the
visual token of the target object to align with the expression
words from the input text description, while remaining dis-
tinct from negative text samples, as illustrated in Figure 2.
Negative Text Sampling: For each text description in a
“multiple” scene, we construct negative text samples by se-
lecting other text descriptions within the same scene that
refer to different objects of the same category as the tar-
get. These text descriptions serve as negative supervision
for contrastive learning, providing semantically similar but
referentially different contexts.

Expression-Aware Contrastive Loss: We first construct
the negative text features T~ € R *¢ by randomly se-
lecting one negative description from the sampled descrip-
tions and processing it through RoBERTa followed by the
cross-modal encoder. From the resulting token embeddings,
we retain only those corresponding to expression-related
words: attribute, pronoun, and relationship words. We use
off-the-shelf language parsing tools [29, 37] to categorize
these word categories. Similarly, we extract the positive text
features T+ € RN %€ for the input text description, by fil-
tering the text embeddings T to include only the expression-
related tokens. We then define the expression-aware con-
trastive loss, which encourages the visual token correspond-



Unique (~19%) Multiple (~81%) Overall
Method PUL | (@025 Acc@0.5 | Acc@0.25 Acc@05 | Acc@025 Acc@0.5
Two-stage Model
ScanRefer [6] 3D+2D 76.33 53.51 32.73 21.11 41.19 27.40
ReferIt3D [2] 3D 53.8 37.5 21.0 12.8 26.4 16.9
TGNN [14] 3D 68.61 56.80 29.84 23.18 37.37 29.70
InstanceRefer [42] 3D 77.45 66.83 31.27 24.77 40.23 32.93
FFL-3DOG [9] 3D 78.80 67.94 35.19 25.70 41.33 34.01
BUTD-DETR [16] 3D 82.88 64.98 44.73 33.97 50.42 38.60
EDA [38] 3D 85.76 68.57 49.13 37.64 54.59 42.26
VPP-Net [30] 3D 86.05 67.09 50.32 39.03 55.65 43.29
G*-LQ [33] 3D 88.09 72.73 51.48 40.80 56.90 45.58
ConcreteNet [31] 3D 86.40 82.05 4241 38.39 50.61 46.53
MCLN [27] 3D 86.89 72.73 51.96 40.76 57.17 45.53
EG-3DVG (Ours) 3D 90.84 84.57 52.87 46.71 58.54 52.36
Single-stage Model
BUTD-DETR [16] 3D 81.47 61.24 44.20 32.81 49.76 37.05
EDA [38] 3D 86.40 69.42 48.11 36.82 53.83 41.70
G*-LQ[33] 3D 88.59 73.28 50.23 39.72 55.95 44.72
MCLN [27] 3D 84.43 68.36 49.72 38.41 54.30 42.64
TSP3D [10] 3D 87.25 71.41 51.04 42.37 56.45 46.71
EG-3DVG (Ours) 3D 91.54 83.79 51.09 44.16 57.13 50.07

Table 1. 3DREC results on ScanRefer [6]. The unique refers to cases where the target instance is the only one of its category, and the
multiple indicates situations where there is at least one more object of the target’s category. The best results are bold, and the second best

results are underlined.

ing to the target object to be aligned with T while being
dissimilar from T~.

Leonty =
cand (p+y T
wt Zex (Vlgt ) )
— log
Vc’xnd(T+)T vcand(T+)T
S e (AT | e Sy (HEEI
@®)

where Veard is ist-th row vector of V@4 and &t is the
index of candidate whose predicted bounding box has the
highest IoU with the ground-truth. This feature corresponds
to the target and is used as its visual representation. We set
the temperature scaling factor to p = 0.07, and the positive
and negative weights to w' = 1 and w™ = 2, respectively.

3.5. Loss Functions

Following [11, 27, 30, 33, 35, 36, 38], we apply 3DREC
loss Lye. for bounding box prediction and 3DRES loss
L,¢s for semantic mask prediction. Also, we use KPS loss
Lyps [16, 21, 27, 30, 33, 38], and the proposed expression-
aware contrastive 1oss L.ont. The total loss is defined as

L= )\rechec + /\reeres + Akpstps + Aconthont (9)

where, scaling weights Arec, Ares, Akpss and Acont are set to
0.14, 0.14, 8, and 0.1 respectively.
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4. Experimental Results

4.1. Dataset and Evaluation Metrics

We evaluate the performance of the proposed EG-3DVG on
two representative 3D visual grounding benchmarks, Scan-
Refer [6] and SR3D/NR3D [2]. ScanRefer is built on 800
3D scenes from ScanNet [8], and includes 51,583 manually
annotated natural language expressions referring to 11,046
respective target objects. SR3D/NR3D is also built on 707
ScanNet scenes, where SR3D includes 83,572 machine-
generated descriptions and NR3D contains 41,503 human
annotated descriptions. Following previous works, we de-
fine the two sub-tasks of 3D visual grounding as follows:
3D Referring Expression Comprehension (3DREC) for 3D
bounding box prediction [11, 16, 27, 30, 33, 38], and 3D
Referring Expression Segmentation (3DRES) for mask pre-
diction [26, 27, 35, 36]. We evaluate 3DREC performance
using Acc@0.25IoU and Acc@0.5IoU between predicted
and ground-truth 3D bounding boxes, while 3DRES per-
formance is evaluated using mean IoU, Acc@0.25IoU, and
Acc@0.5IoU between predicted and ground-truth masks.

4.2. Implementation Details

The numbers of visual tokens /N, ;s and candidate visual to-
kens N¢anq are set to 1,024 and 256, respectively. The max-
imum number of text tokens Ny 18 set to 256. The feature
dimension for both modalities is fixed to C' = 288. The



Method | Input | Acc@0.25 Acc@0.5 | mloU
TGNN [14] 3D 37.50 3140 | 27.80
X-RefSeg3D [26] | 3D 40.33 37.77 | 29.9%4
3D-STMN [36] | 3D 54.60 39.80 | 39.50
RG-SAN [35] 3D 61.67 44.92 | 44.66
MCLN [27] 3D 58.70 5070 | 44.72
EG-3DVG (Ours) | 3D 59.77 53.77 | 47.28

Table 2. 3DRES results on ScanRefer [6].

cross-modal encoder is repeated three times, while EGD is
repeated six times. RoOBERTa is kept frozen during training.
All experiments are conducted on two NVIDIA RTX A6000
GPUs with a batch size of 8§ per GPU. We use the AdamW
optimizer with a learning rate of 1 x 10~ for PointNet++
and 2 x 10~ for the remaining layers.

4.3. Main Results

Quantitative Results: Tables 1 and 2 compare the pro-
posed EG-3DVG with existing 3DREC methods [10, 11,
16, 27, 30, 33, 38] and 3DRES methods [26, 27, 35, 36]
on ScanRefer. The scores of other methods are from their
respective papers. In Table 1, the single-stage models di-
rectly estimate the target object’s bounding box from the
input scene, as in the proposed EG-3DVG. The two-stage
methods [16, 27, 33, 38] first perform 3D object detection
using off-the-shelf networks [21] and auxiliary use the de-
tections in the grounding decoder. For the two-stage setting,
we further extend EG-3DVG to use 3D detections as source
features for the candidate branch. A detailed description
of this extension is provided in the supplementary material.
Unique refers to cases where the target is the only one of its
category, while multiple indicates situations where there is
at least one more object of the target’s category.

In Table 1, EG-3DVG significantly outperforms existing
methods. Compared to the previous state-of-the-art method,
TSP3D [10], EG-3DVG achieves gains of +0.68 and +3.36
in Acc@0.25IoU and Acc@0.5I0U, respectively. In the
two-stage setting, EG-3DVG further surpasses MCLN [27]
by +1.37 in Acc@(.25IoU and +6.83 in Acc@(.5IoU.
In Table 2, EG-3DVG achieves the highest 3DRES per-
formance, with margins of +1.07 Acc@0.25IoU, +3.07
Acc@0.5IoU, and +2.56 mloU compared to MCLN. Ta-
ble 3 further reports the 3DVG performance of EG-3DVG
on the SR3D/NR3D datasets. The hard case corresponds
to the multiple setting. EG-3DVG surpasses the previous
3DREC model, G3-LQ [33], by a margin of +2.1 in SR3D
Acc@0.25 and +1.5 in NR3D Acc@0.25, while outper-
forming the 3DRES method, MCLN [27], by +9.1 in SR3D
mloU and +1.9 in NR3D mloU.

Qualitative Results: Figure 4 presents qualitative compar-
isons between MCLN [27] and EG-3DVG. We observe that
EG-3DVG is robust to the three types: cross-modal mis-
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SR3D NR3D
Method Overall Hard | Overall Hard
3DREC

Referlt3D [2] 39.8 - 35.6 27.9
TGNN [14] 45.0 36.9 37.3 30.6
InstanceRefer [42] 48.0 40.5 38.8 31.8
3DVG-Transformer [44] 514 449 40.8 34.8
SAT [39] 57.9 50.0 49.2 424
3DRefTransformer [1] 47.0 38.3 39.0 32.0
3D-SPS [23] 62.6 65.4 51.5 45.1
BUTD-DETR [16] 67.0 63.2 54.6 48.4
LAR [4] 59.4 51.2 48.9 423
EDA [38] 68.1 62.9 52.1 46.1

VPP-Net [30] 68.7 - 56.9 -
G*-LQ [33] 73.1 663 | 584 507

MCLN [27] 68.4 - 59.8 -
EG-3DVG (Ours) 75.2 66.6 59.9 52.4

3DRES

TGNN [14] 20.2 21.9 19.1 17.4
3D-STMN [36] 344 30.1 27.6 23.0
RG-SAN [35] 39.6 352 28.6 24.0

MCLN [27] 49.8 - 46.1 -
EG-3DVG (Ours) 58.9 52.0 48.0 41.9

Table 3. 3DREC and 3DRES results on SR3D/NR3D. For
3DREC, we assess performance using Acc@0.25. For 3DRES,
we assess performance using mloU. The best results are bold, and
the second best results are underlined.

alignment (Figures 4(a,b)), intra-category confusion (Fig-
ure 4(c,d)), and geometric reasoning error (Figures 4(e)).
These results indicate that the proposed PECA, ECL, and
GMA effectively address each failure type in Figure 1.

4.4. Ablation Study

Table 4 reports the ablation study accroding to different
combinations of position-guided expression cross-attention
(PECA), geometry-aware masked attention (GMA), and
expression-aware contrastive learning (ECL). The models
without PECA and GMA use standard cross-attention with
text tokens and visual tokens, respectively. As in Table 4,
removing any of these components results in a clear drop
in both 3DREC and 3DRES performance. This validates
the effectiveness of each module: PECA guides spatially
consistent fusion between visual and textual features, GMA
enhances the model’s understanding of geometric relation-
ships among visual tokens, and ECL improves model’s abil-
ity to distinguish fine-grained linguistic expressions.

In Table 5, we compare the proposed attention mask
A%°° in the proposed GMA with other alternative meth-
ods. First, we use a fixed-radius mask, where the attention
mask is defined as 1 for visual tokens within a fixed radius
around each candidate and O otherwise. The radius is set



Ours Ground Truth

MCLN [27]

(a) the furniture is
north of the round
table. the furniture is
curved and has many
bars.

(b) the window is
behind the trash can.
the window is to the

left of the door.

Description

(c) the table is
underneath the
windows. the table is a
long brown rectangle.

(d) a white top square
table in the corner of
the room. there are
two bench style seats
around the sides of the
table.

(e) the cabinet is tall
and brown. it is
located to the left of
the smaller cabinet. it
has a picture above it.

Figure 4. Qualitative results on ScanRefer: (a-b) cross-modal misalignment, (c-d) intra-category confusion, (e) geometric reasoning error.

3DREC 3DRES
PECA — GMA  ECL Acc@0.25 Acc@0.5 mloU
57.04 49.62 44.19
v 57.73 50.92 45.69
v 57.05 50.55 46.19
v 57.56 50.85 45.84
v v 58.06 51.84 46.57
v v 58.18 50.95 46.34
v v 57.86 51.64 46.59
v v v 58.54 52.36 47.28

Table 4. Ablation study on different combinations of PECA,
GMA, and ECL on ScanRefer.

to 0.75m, corresponding to the average object size in Scan-
Refer. This approach simply aggregates information from
nearby tokens without considering their geometric relation-
ships. Second, we directly project the geometric feature G
into a softened attention map through an MLP followed by
a sigmoid function. This method excludes text tokens from
the attention mask generation, leading to the aggregation of
spatially close but expression-irrelevant visual features. In
contrast, the proposed GMA jointly explores geometric and
textual features for attention mask, consistently achieving
the highest 3DREC and 3DRES performance.
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Method 3DREC 3DRES
Acc@0.25 Acc@0.5 mloU
Fixed radius 57.76 51.12 46.23
Geometric feature 58.16 51.20 46.70
GMA 58.54 52.36 47.28

Table 5. Ablation study according to the generation methods of
attention mask in GMA.

5. Conclusion

In this work, we presented EG-3DVG, a 3D visual ground-
ing framework that addresses three major limitations: cross-
modal misalignment, intra-class confusion, and geometric
reasoning errors. We introduced an expression and ge-
ometry aware grounding decoder that integrates two com-
plementary modules, PECA and GMA, to achieve reliable
text—vision alignment and geometry-consistent feature ag-
gregation. In addition, we proposed an expression-aware
contrastive learning to enhance the model’s ability to distin-
guish semantically similar instances based on fine-grained
expression cues. Experimental results on ScanRefer and
SR3D/NR3D demonstrate that EG-3DVG achieves state-of-
the-art performance on both 3D bounding box localization
and mask prediction.
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