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Abstract

3D Referring Expression segmentation (3D-RES) is an
emerging field that segments 3D objects in point cloud
scenes based on given referring expressions. Although ex-
isting methods have achieved substantial progress, they pri-
marily focus on semantic cues and often overlook spatial
relations, which are essential for segmenting the referred
objects in complex 3D scenes, especially those containing
multiple visually similar instances. In this paper, we pro-
pose Position3D, a novel approach that explicitly incorpo-
rates spatial relation modeling into 3D-RES. Specifically,
we introduce a spatial-aware query generation module that
constructs point proxies by aggregating local context and
incorporating spatial relations, from which the most text-
relevant are selected as queries. Furthermore, we design a
position-guided deformable attention in the decoder, which
progressively refines attention to concentrate on the tar-
get object under positional relationship guidance. Exten-
sive experiments on two benchmark datasets, i.e., ScanRe-
fer, and Multi3DRefer, validate the effectiveness of the pro-
posed method Position3D '

1. Introduction

3D Referring Expression Segmentation (3D-RES) aims to
segment target objects within 3D point clouds based on
natural language descriptions. By aligning linguistic cues
with 3D visual-geometric features, 3D-RES enables intu-
itive, instruction-driven interaction with 3D environments,
showing great potential for applications in AR/VR, embod-
ied Al, and robotic manipulation.

Early approaches [15, 29, 47, 48] typically adopt a two-
stage segmentation-then-matching paradigm, where a 3D
instance segmentation network first generates object pro-
posals, which are subsequently matched with the textual
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(c) Text: to tHe right of the door is a red tool box. this is the green tool
box in front of the red tool box, to the right of this tool box is a piano.
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(d) Text: the chair has its back to the windows. the chair is next to the
desk in the corner of the room facing the brown armchair.

Figure 1. Illustration of challenges arising from the lack of spatial
relation modeling. Existing methods (e.g. IPDN [5]) perform well
when referring expressions are primarily driven by semantic cues
in (a) but struggle with expressions that depend on spatial relation-
ships in (b—d). Our method alleviates this limitation by explicitly
modeling spatial relations.

query to obtain the final mask. Although these methods
achieve promising results, the two-stage paradigm heavily
depends on the quality of the pre-segmentation and suf-
fers from efficiency issues. To address this limitation, re-
cent studies [5, 12, 45, 46] have shifted toward a one-stage
paradigm, generally employing encoder—decoder architec-
tures to perform multi-modal fusion and decode the referred
object using object queries, similar to DETR [2], achieving
state-of-the-art performance.

Unlike 2D images, 3D scenes are inherently more com-
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plex, containing a larger number of objects distributed
throughout the space. As illustrated in Figure 1, referring
expressions often describe objects not only by their appear-
ance but also through their spatial relations with other ob-
jects (e.g., “the chair is next to the desk”). In particular,
in scenes with multiple visually identical instances, such as
the similar chairs shown in Figure 1 (b), spatial relational
cues serve as a crucial signal for distinguishing the target
objects. Therefore, modeling spatial relations effectively is
key to achieving accurate 3D-RES.

Despite substantial progress in 3D-RES, existing meth-
ods primarily focus on semantic cues and largely neglect
spatial awareness required for accurate segmentation of re-
ferred objects. While these methods perform well when ob-
jects can be distinguished by appearance or category, they
often fail in scenarios requiring spatial reasoning. For in-
stance, in Figure | (a), the referring expression relies mainly
on semantic cues, which prior methods can handle effec-
tively. In contrast, in Figures 1 (b—d), the expressions de-
pend on spatial relations (e.g., relative positions), where
these methods struggle due to the lack of explicit spatial
modeling. This limitation highlights the need to explicitly
model spatial relations in 3D-RES to enhance the model’s
spatial awareness.

To this end, we propose Position3D, a spatial-aware
framework that explicitly captures spatial relations under
position guidance. The network includes a spatial-aware
query generation module that constructs point proxies by
aggregating local context and embedding positional rela-
tions, thereby encoding both semantic and spatial cues.
The most text-relevant proxies are then selected as decoder
queries. In the decoder, a position-guided deformable at-
tention mechanism is introduced to progressively refine at-
tention toward the target region under positional guidance.
This design enables the model to capture spatial relation-
ships between queries and surrounding points, while fo-
cusing on the most informative regions in the 3D scene
via sparse attention. Extensive qualitative and quantitative
experiments on the ScanRefer[4] and Multi3DRefer[52]
datasets validate the superior performance of Position3D.

Our main contributions are summarized as follows.

* We propose Position3D, a novel framework that explicitly
models spatial relations to enhance spatial awareness and
advance 3D referring expression segmentation.

* We design a spatial-aware query generation module to
encode both semantic and spatial cues, enhancing spa-
tial understanding. Additionally, we introduce position-
guided deformable attention in the decoder, which pro-
gressively refines the attention to concentrate on the target
object under the position guidance.

* We conduct extensive experiments on two 3D-RES
benchmarks (ScanRefer and Multi3DRefer), achieving
significant performance improvements and demonstrating

the effectiveness of the proposed Position3D.

2. Related Work
2.1. 3D Visual Grounding

Driven by the success of multimodal learning [19, 23, 31—
33, 37-43] in 3D scene understanding, 3D visual ground-
ing (3DVG) aims to localize language-referenced objects
within 3D point clouds. Existing methods are generally cat-
egorized into two-stage and one-stage frameworks. Two-
stage methods [1, 11, 16, 49, 50] adopt a detect-then-match
paradigm: pre-trained language models [7, 8, 27] encode
the query, while pre-trained 3D detectors [24, 28] or seg-
menters [0, 18] generate object candidates; in the sec-
ond stage, visual and textual features are aligned to lo-
calize the referred object. In contrast, one-stage meth-
ods [3, 10, 17, 25, 26, 34-36, 44] integrate object detection
and feature extraction, allowing for direct identification of
the target object. These methods typically rely on attention
mechanisms to implicitly integrate multi-modal informa-
tion. For instance, BUTD-DETR [17] utilizes transformer
encoder—decoder layers to combine 3D visual representa-
tions with features from other modalities, while EDA [48]
enhances fine-grained cross-modal alignment by decom-
posing the textual input.

2.2. 3D Referring Expression Segmentation

Compared with 3D Visual Grounding, 3D Referring
Expression Segmentation (3D-RES) requires more fine-
grained localization of the target object through mask pre-
diction. TGNN [15] pioneers this task by adopting a two-
stage framework that leverages graph neural networks to
match candidate instances with textual descriptions. To
further improve inference efficiency and segmentation ac-
curacy, 3D-STMN [47] proposes an end-to-end one-stage
framework with a superpoint-text matching mechanism
driven by dependency-based reasoning. RefMask3D [12]
extends this line of research by enabling more compre-
hensive multimodal feature interaction and understanding.
MDIN [46] introduces the generalized 3D referring expres-
sion segmentation (3D-GRES) task, extending the capabil-
ity to segment an arbitrary number of instances based on
natural language instructions. Moreover, IPDN [5] incorpo-
rates multi-view 2D image cues into 3D scenes to compen-
sate for spatial information loss. Despite these advances,
most existing approaches fail to explicitly model spatial de-
pendencies, which limits their ability to distinguish objects
in complex or ambiguous scenes. To address this limitation,
RG-SAN [45] decomposes textual expressions into object-
centric representations, thereby facilitating more effective
localization and spatial relation modeling. In this paper, we
propose Position3D, a position-guided spatial relationship
modeling framework that generates spatial-aware queries
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Figure 2. The overview of our proposed method, Position3D. To enhance spatial understanding, we introduce a spatial-aware query
generation module that constructs point proxies by aggregating local contextual features and incorporating spatial relations to encode both
semantic and positional cues. The most text-relevant proxies are then selected as decoder queries. In the decoder, a position-guided
deformable attention is designed to iteratively refine attention toward the target object under explicit positional guidance. It operates in a
sparse attention manner, enabling the model to focus on the most informative regions while effectively capturing spatial relations.

and guides the decoder to progressively localize the target
object under positional relation modeling.

3. Method

Figure 2 shows an overview of our approach. We first de-
scribe the feature extraction in Section 3.1. Next, we present
our spatial-aware query generation module in Section 3.2.
In Section 3.3, we introduce the position-guided decoder.
Finally, the training objectives are detailed in Section 3.4.

3.1. Feature Extraction

Given a textual description for the target object and a point
cloud scene P € R"»*6 where N,, denotes the number of
points and each point is represented by its 3D coordinates
(z,y, z) and color (r, g,b), we extract both textual and vi-
sual feature representations.

Specifically, for textual features, we utilize a pre-trained
RoBERTa [22] to extract word-level feature representations
F, € RVt*Dt where N, and D, denote the number of to-
kens and dimensionality of features, respectively. On the
other hand, for visual features, we process the point cloud
P using a sparse 3D U-Net [9] to extract point-wise fea-
ture maps F,, € RYe*D» Following prior work [5, 46],
we further generate [N, superpoints from the original point
cloud and perform superpoint pooling on £}, to obtain the
superpoint-level features F, € RNs*Pr,

Then, we employ two multi-layer perceptrons (MLPs)

¢, and ¢, to project the textual and visual feature a unified
embedding space of dimension d:

F; = ¢:(F})
Fs = ¢5(Fs)

Additionally, IPDN [5] indicates that multi-view 2D fea-
tures can alleviate feature ambiguity caused by information
loss or distortion in 3D representations. Therefore, the final
visual features are obtained by the sum of the superpoint
features and multi-view 2D features.

6]
(@)

3.2. Spatial-aware Query Generation

We propose a spatial-aware query generation module that
explicitly incorporates spatial cues into query construction,
thereby providing stronger spatial awareness for the de-
coder. This module first constructs a set of spatial-aware
point proxies by aggregating local context and introducing
positional relationships into the interactions among proxies.
These proxies jointly capture both semantic and geometric
information in the scene. Subsequently, the most relevant
ones are selected as queries based on textual features, serv-
ing as informative anchors for the decoder.

Spatial-aware Point Proxy. Given the superpoint fea-
tures F's and their 3D coordinates P, we first perform
farthest point sampling (FPS) to select a subset of key
points that are spatially representative and evenly dis-
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tributed across the scene:
Fiey = F[FPS(P)] 3)

Although FPS ensures broad geometric coverage, the sam-
pled key points alone contain limited contextual and spatial
information. To enrich their representation, we feed them
into a stack of spatial context aggregation blocks, each con-
sisting of two layers: a local context aggregation layer and
a spatial-aware interaction layer.

Local Context Aggregation Layer. In order to model the
local context, for each key point, we use KNN to identify its
K nearest neighbors among the superpoints based on their
3D coordinates:

F, = KNN(Fk’ey7 Fs§ Pkeya P Ks) 4)

where P, denotes the 3D coordinates of the key points.
Then, we derive the adaptive weights that selectively em-
phasize informative neighbors to capture local dependen-
cies, resulting in context-enriched representations F.:

Fie,FT
S=—"L" 5
VD ®)
F. = Softmax(S) - F,, (6)

Spatial-aware Interaction Layer. Beyond local context,
we further encode global spatial relations among the key
points. We compute their pairwise relative position ma-
trix and map them into high-dimensional embeddings via
an MLP ¢,.(-). This process is expressed as follows:

Rel(Fiey)ij = (i — 25,9 — Y520 — 25) (D)
with  Vi,j € [1, Niey] (8)
These spatial relation embeddings are then integrated into

the self-attention mechanism to jointly model semantic and
spatial dependencies:

Fiey) K(Fiey) "
Aspa = Rel(Fey) + Q(Fi, y)\/g( key) ©
Fipu = Softmax(Aga V(Fiey)) (10)

Finally, the spatial-aware point proxies are obtained by
fusing the local context features F. and spatial-aware se-
mantic features Fp, via an MLP @proxy (+):

Fpmxy = (bpmxy(Fc + Fspa) + ery (1 1)

Query Selection. To generate spatially informed queries,
we compute the similarity between the textual representa-
tions and the spatial-aware point proxies, and select the top-
N, most relevant proxies as decoder queries:

Ny
1 _
‘Sproxy = X Z Ft,i : F;()Xy (12)
Ne i3
Q = TopK(Sproxy) (13)

3.3. Position-Guided Decoder

Previous 3D-RES methods mainly emphasize semantic un-
derstanding of the target object, yet often overlook the in-
trinsic spatial relationships within the 3D scene. To address
this limitation, we propose a position-guided deformable at-
tention mechanism in the decoder, which progressively nar-
rows the attention scope from global context to local regions
via sparse attention, while explicitly modeling positional re-
lationships between queries and point cloud features.

Position-guided Deformable Attention. To endow each
query with explicit spatial awareness, we first predict a 3D
center C! for each query feature and iteratively refine it at
each decoder layer:

AP' = e (QY), (14)
ct=cl=1 + AP (15)

where CV is initialized as the 3D coordinates of the selected
proxy, and ofsset(+) is an MLP that maps the query feature
into a 3D offset. This iterative refinement allows each query
to progressively adjust its spatial focus, and its receptive
field gradually narrows from global context to local regions.

After predicting C', we explicitly encode the geometric
relationship between each query center and the super-points
as a geometry prior:

Rel(C!, P,) = ¢y(cF — xj, ¢! —yj, ¢ — 2;) (16)
with i € [1,N,], Vj € [1, N,] (17

where (x;,y;, z;) denotes the coordinates of the j-th super-
point, and ¢4(-) is an MLP that embeds the 3D relative po-
sitions into a learnable spatial embedding. This geometry
prior provides each query with explicit spatial cues, guiding
the subsequent attention computation.

While existing methods typically rely on global atten-
tion, in practice, only the target-related regions should re-
ceive concentrated attention, whereas most other points
should be suppressed with negligible weights. To this end,
we adopt a sparse attention mechanism, where for each
query Q’, selects m! nearest super-points based on the Eu-
clidean distance to its predicted center:

O = {1 |y € TopK,, cp (= llct = pylla,m') |
(18)

where m! denotes the number of selected super-points at
layer [, which progressively decreases as [ increases (m! >
m? > --- > mP%) with m! < N,. As the query centers are
iteratively refined, fewer points are selected in deeper lay-
ers, enabling the attention to gradually focus on more spa-
tially precise neighborhoods. Attention is then computed
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over these local points by jointly considering feature simi-
larity and positional relations:

~ N Fl T
Ay = Rel(QF,) + Q(Q)ﬁ(s) (19)
Q' = Softmax(AlL, V(E.))) + Q' (20)

Text-guided Query Update. Subsequently, the queries
interact with textual features through cross-attention, al-
lowing them to focus on 3D regions that are semantically
aligned with the language description:

fo = Attention((f)l7 F,,F,) 21

The text-enhanced queries Q. are further refined via
self-attention to capture contextual dependencies among
queries, followed by a feed-forward network (FFN) to pro-
duce the updated query representation for the next layer:

Q¢ = Attention(Q', Q., Q}) (22)
Q! = FFN(Q}) (23)

3.4. Training Objective

Given the query obtained from the aforementioned, we feed
it into the prediction head to generate mask M € RNa*Ns
and confidence probability Prob € R™«*2, which indicate
whether each query corresponds to the target instance:

Prob = ¢pr0b(Q) (25)
where ¢, and ¢pon are MLPs. Based on these predictions,
our training objectives can be formulated as:

Mask Prediction. We adopt the Binary Cross-Entropy
(BCE) loss and Dice loss as the training objective to su-
pervise the model for precise mask prediction:

Lmask = BCE(M, My) + DICE(M, My) (26)
where M represents the predicted mask, and M, represents
the ground truth mask.

Confidence Prediction. We employ the BCE loss to su-
pervise the predicted confidence probability of each query:

Lc1s = BCE(Prob, Proby) 27

where Proby; € 0,1 denotes whether each query corre-
sponds to the target instance, with 1 indicating the presence
of the target and O indicating its absence.

Center Prediction. To enable the query to more accurately
localize the target center, we introduce an L1 loss to super-
vise the predicted center position of the query:

‘Ccenter = ||C - Cgt”b (28)

where Cy denotes the centroid of the target instance.

Cross-Modal Alignment. To bridge the gap between vi-
sual and textual modalities, we adopt the contrastive loss
Lcontrq from EDA [48] to encourage alignment between
text features and their matched query features.

Finally, the overall loss function is defined as follows:

L= )\maskﬁmask + Aclsccls
+ Acenterﬁcenter + )\contra»ccontra (29)

where A denotes the hyperparameters that control the rela-
tive weight of each loss component.

4. Experiments
4.1. Datasets and Evaluation Metrics

ScanRefer. We evaluate our method using the ScanRefer
dataset [4], which consists of 51,583 natural language ex-
pressions, encompassing 11,046 objects across 800 Scan-
Net scenes. The evaluation metrics include mean Intersec-
tion over Union (mloU), Acc@0.25, and Acc@0.5.
Multi3DRefer. We evaluate our model on the
Multi3DRefer dataset [52], which extends 3D-GRES
by allowing each referring expression to correspond to any
number of target objects, unlike traditional 3D-RES that
assumes a single target. The dataset contains 61,926 ex-
pressions, including 51,583 adapted from ScanRefer, with
6,688 referring to zero objects, 13,178 to multiple objects,
and the rest to a single object. Following the ScanRefer
protocol, we report mloU for all samples, assigning a score
of 1 for zero-object expressions if the absence of a target is
correctly predicted, and O otherwise.

4.2. Implementation Details

In our experiments, we adopt the PolyRL strategy with an
initial learning rate of 0.0001 and a decay power of 4.0. The
batch size is 16. We set the numbers of proxies and queries
to 256 and 128, respectively, and use a 4-layer decoder. The
hyperparameters m and K are set to {128, 64, 32,16} and
32, respectively. The loss weights A\i,asks Aciss Acontrasts
and Acenter are set to 1.0, 0.1, 0.1, and 0.5, respectively.

4.3. Comparisons with State-of-the-art Methods

As illustrated in Table 1, we compare our approach with
other state-of-the-art methods on the ScanRefer benchmark.
Our method demonstrates superior performance on both the
“unique” and “multiple” subsets. In particular, the “multi-
ple” subset contains ambiguous cases with several objects
of the same category, where relying solely on semantic in-
formation is insufficient. By explicitly modeling spatial re-
lations, our proposed Position3D achieves significant im-
provements in accurately segmenting the referred objects.
These results highlight the effectiveness of incorporating
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Table 1. Comparison with state-of-the-art methods on Unique, Multiple, and Overall settings.

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

025 05 mloU | 025 0.5 mloU | 025 0.5 mloU
TGNN[15] AAAI2021 693 57.8 50.7 | 312 266 236 | 38.6 327 288
InstanceRefer[51] ICCV2021 81.6 722 604 | 294 235 215 | 402 335 306
3DRefTR [20] Arxiv2023 89.6 770 - 523 437 - 579 487 412
X-RefSeg3D [29] AAAI2024a - - - 403 338 299 | 42.0 338 299
3D-STMN [47] AAAI2024b 89.3 84.0 745 | 462 292 31.1 | 546 398 395
Reanson3D [14] Arxiv2024 884 842 746 | 505 317 341 |579 419 420
SegPoint [13] ECCV2024 - - - - - - - - 41.7
MCLN [30] ECCV2024 89.6 78.2 - 533 459 - 587 50.7 44.7
RefMask3D [12] | ACMMM2024 | 89.6 84.7 - 48.1 40.1 - 559 492 442
MDIN [46] ACMMM2024 | 91.0 87.2 76.7 | 50.1 449 414 | 563 51.1 483
IPDN [5] AAAI2025 915 88.0 78.6 | 53.1 47.0 436 | 60.6 549 502
Position3D CVPR2026 92.0 889 77.6 | 541 48.7 44.7 | 61.5 56.1 51.0

Table 2. The 3D-GRES results on Multi3DRefer. ZT, ST, and MT represent zero target, single target, and multiple targets respectively.
The left and right sides of the *“/” represent the situations with and without distractor objects, respectively.

Method Acc@0.25 Acc@0.5 mloU
7T ST MT Al 7T ST MT Al
ReLA [21] 36.2/7277 483/834 73.0 61.8 | 362/727 204/655 424 374 | 428
M3DRef-CLIP [52] | 39.2/81.6 50.8/77.5 66.8 557 |392/81.6 294/674 41.0 375 | 374
3D-STMN [47] 426/76.2 49.0/77.8 68.8 604 | 42.6/762 24.6/69.2 439 409 | 43.0
MDIN [46] 479/78.8 555/844 763 67.0 | 479/78.8 29.5/71.7 46.8 447 | 475
IPDN [5] 39.4/84.1 61.5/88.9 79.6 71.5|39.4/84.1 347/79.5 52.1 500 | 51.7
Position3D 455/879 62.2/89.0 798 723 |455/879 37.8/823 534 527 | 532

spatial relation, especially in challenging scenarios with
multiple similar instances, and underscore the importance
of spatial-aware modeling for 3D-RES.

We further evaluate our method on the Multi3DRefer
benchmark, which involves more complex scenes with mul-
tiple target objects. As shown in Table 2, our model consis-
tently outperforms existing methods across most settings,
except for the zero-target scenario with distractors. In par-
ticular, in challenging scenarios with multiple objects and
distractors, where accurately distinguishing the referred tar-
gets is difficult, our method achieves notable improvements
by explicitly incorporating spatial cues. These results fur-
ther validate that explicitly modeling spatial relations is cru-
cial for improving 3D-RES performance in complex real-
world environments.

4.4. Ablation Studies

In this section, we conduct ablation studies on ScanRefer to
investigate the effectiveness of our proposed method.

Table 3. Ablation study of each component. “LCA” and “SAI”
represent the local context aggregation layer and spatial-aware in-
teraction layer described in Section 3.2, respectively. “SADA” de-
notes the position-guided deformable attention in Section 3.3.

LCA SAI SADA | Acc@0.25 Acc@0.5 mloU
v 58.7 52.8 48.2

v v 58.6 533 48.5

v v 59.2 53.8 48.9
oo/ 59.5 544 494
oo/ v 61.5 56.1 51.0

Effectiveness of the each component. To validate the ef-
fectiveness of each component in our method, we conduct
an ablation study as shown in Table 3. In the first line, the
queries are generated directly from the FPS-sampled key
points without constructing point proxies leads to a sharp
performance drop, highlighting the necessity of proxy-
based query generation. Furthermore, removing either the
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Table 4. Ablation study on the effectiveness of spatial relation
modeling (i.e., Rel(-) function) in different components. “SR”
denotes the spatial relation modeling.

Method ‘ Acc@0.25 Acc@0.5 mloU

w/o SR in Query 59.4 54.2 49.2
w/o SR in Decoder 59.2 54.3 49.0
Full Model 61.5 56.1 51.0

Table 5. Ablation study on the number of super-points in the de-
coder’s position-guided deformable attention. “all” indicates that
all super-points features are used.

Method Acc@0.25 Acc@0.5 mloU
{all,all,all, all} 59.7 54.4 49.4
{128,128,128, 128} 59.9 54.5 49.6
{16,16,16,16} 59.1 52.7 48.2
{all, 128, 64,32} 60.1 55.0 50.0
{all, 64, 32,16} 60.5 55.3 50.3
{128,64, 32,16} 61.5 56.1 51.0
{128,64, 16, 8} 60.4 54.3 50.3

Table 6. Ablation study on the number of nearest neighbors in the
local context aggregation layer.

ks | Acc@0.25 Acc@0.5 mloU

8 59.5 54.1 49.0
16 60.1 55.3 50.3
32 61.5 56.1 51.0
64 59.7 54.4 49.5

LCA or SAI layer further degrades performance, demon-
strating that both local context aggregation and spatial-
aware interaction are crucial for effective proxy construc-
tion. Finally, we relace the position-guided deformable at-
tention with standard cross-attention results in a clear de-
cline, validating the benefit of positional guidance in refin-
ing attention toward the target region.

Effectiveness of the spatial relation. As shown in Ta-
ble 4, removing spatial relation modeling from either the
query generation or decoder stage leads to a consistent per-
formance drop across all metrics. Specifically, excluding
spatial relation from the query generation module weakens
the model’s spatial awareness, resulting in a 2.1% drop in
Acc@0.25 and 1.8% decrease in mIoU. Similarly, remov-
ing spatial relations from the decoder also degrades per-
formance, highlighting the importance of spatial reasoning
during decoding. In short, these results demonstrate that
incorporating spatial relations at both stages effectively en-
hances the model’s spatial understanding in 3D-RES.
Impact of the {m}* in the position-guided deformable
attention. As shown in Table 5, we investigate the im-
pact of varying the number of super-points, i.e. {m}~,
used in the decoder’s position-guided deformable atten-

Scene-mask Layer-1 Layer-2 Layer-3
Colorbar: T

«;‘*’E @ @ ¢ @

(a) Text: wooden door thatis in the open position. the dooris
pushed against the wall and next to a waste basket.

(b) Text: thisis the tall brown cabinet next to the blue plaid curtains.
itis the wardrobe next to the window.

o g, unﬂ

(c) Text: itis ared ottoman . the ottoman is at the right corner edge of
the couch.

o e e

(d Text: thisisa whlte toilet. itis to the right of a white trash can.

Layer-4

(e) Text: the keyboard is sitting on top ofthe desk in front of the left-
side monitor.

Figure 3. Visualization of the position-guided deformable atten-
tion. Each example shows the progressive refinement of attention
maps across four decoder layers (Layer 1-4) given the referring
expression. The attention gradually focuses from the global con-
text to the target region, demonstrating the effectiveness of our
proposed position-guided deformable attention.

tion. Using all super-points leads to suboptimal perfor-
mance due to redundant information, which results in
sparse attention. Conversely, using too few super-points
(e.g., {16,16,16,16}) limits spatial coverage, resulting
in degraded accuracy. The best performance is achieved
with a progressively decreasing number of super-points
{128, 64, 32,16}, which effectively balances spatial cover-
age and feature compactness, enabling the model to focus
more precisely on target regions.

Impact of the %k, in the local context aggregation layer.
As shown in Table 6, we evaluate the impact of the number
of nearest neighbors k, used in the local context aggrega-
tion layer. When k; is too small (e.g., 8), the model fails
to capture sufficient local geometry, leading to performance
degradation. Conversely, an excessively large ks (e.g. 64)
introduces redundant or noisy spatial information, slightly
reducing accuracy. The best performance is achieved at
ks = 32, which provides a balanced trade-off between local
feature richness and noise suppression. In our experiment,
we set the parameter &, to 32.
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Figure 4. Visualization of the predicted centers (Layer 1-4) and final segmentation masks produced by our method, along with the ground-
truth mask. The predicted centers are iteratively refined and gradually move toward the true center of the target object, demonstrating how
the decoder progressively identifies the referred object and achieves accurate segmentation under positional guidance.

4.5. Qualitative Results

Visualization of the deformable attention. Figure 3 vi-
sualizes the position-guided deformable attention over four
decoder layers. In the early layers (Layer 1-2), the atten-
tion primarily captures target-related context. As the de-
coder goes deeper, the attention gradually refines and be-
comes more focused on the target regions. For example,
in case (e), the attention initially covers the “toilet” along
with surrounding objects, such as the wall and trash can.
Through iterative refinement, the attention precisely high-
lights the target object region. Moreover, even in cluttered
3D scenes with multiple similar objects, such as the two
identical red ottomans” in case (c) or the crowded environ-
ment with a small target object in case (e), our method still
performs well. It demonstrates that the position-guided de-
formable attention effectively leverages positional cues to
progressively concentrate on relevant areas.

Visualization of the predicted center and segmentation
mask. In Figure 4, we visualize the predicted centers from
Layer 1 to Layer 4 in the decoder, along with the final
segmentation mask. As the decoder goes deeper, the pre-
dicted centers gradually converge toward the true center
of the referred object, illustrating how our position-guided
decoder iteratively refines query localization. Moreover,

even in scenes containing multiple visually similar objects,
our method successfully segments the target. For exam-
ple, in case (b), it accurately identifies the referred chair
among several similar chairs based on positional relations.
In cases (c) and (d), which belong to the same 3D scene,
our method correctly segments two different doors accord-
ing to their respective positions described in the referring
expressions. These visualizations demonstrate that our ap-
proach can accurately identify and segment the target object
through progressive refinement, even in scenes with multi-
ple ambiguous objects.

5. Conclusion

In conclusion, we propose Position3D, a novel method that
explicitly models spatial relations in 3D-RES. It first intro-
duces a spatial-aware query generation module, which con-
structs point proxies to capture the semantic and spatial in-
formation. It then employs a position-guided deformable
attention in the decoder, iteratively refining attention to fo-
cus on the target object while capturing spatial relations be-
tween the query with surrounding points. Experimental re-
sults demonstrate that Position3D achieves superior perfor-
mance and effectively mitigates missegmentation in chal-
lenging scenarios with similar instances.
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