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Abstract. 3D Visual Grounding (3DVG) is a critical bridge from vision-
language perception to robotics, requiring both language understanding
and 3D scene reasoning. Traditional supervised models leverage explicit
3D geometry but exhibit limited generalization, owing to the scarcity of
3D vision-language datasets and the limited reasoning capabilities com-
pared to modern vision-language models (VLMs). We propose a gener-
alizable 3DVG framework, PanoGrounder, that couples multi-modal
panoramic representation with pretrained 2D VLMs for strong vision-
language reasoning. Panoramic renderings, augmented with 3D semantic
and geometric features, serve as an intermediate representation between
2D and 3D, and offer two major benefits: (i) they can be directly fed to
VLMs with minimal adaptation and (ii) they retain long-range object-
to-object relations thanks to their 360-degree field of view. We devise a
three-stage pipeline that places a compact set of panoramic viewpoints
considering the scene layout and geometry, grounds a text query on each
panoramic rendering with a VLM, and fuses per-view predictions into a
single 3D bounding box via lifting. Our approach achieves state-of-the-art
results on ScanRefer and Nr3D, and demonstrates strong generalization
to unseen 3D datasets and text rephrasings.

Keywords: 3D Visual Grounding - Panoramic Vision - Vision-Language
Model - Scene Understanding

1 Introduction

3D Visual Grounding (3DVG) aims to localize a target object in a 3D scene from
a free-form natural language query, sitting at the interface of natural language
understanding and 3D scene understanding [1,/5]. As a core capability for em-
bodied AI, 3DVG underpins applications in augmented reality, vision-language
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(a) this is a wet floor sign.  (b) this picture is on the (c) the couch is between

it is leaning against the wall. it is in between two the small table and the
wall close to the sink. other pictures at a higher  pile of pillows. the couch
elevation. is circular with an indent
in the middle.

Fig. 1: PanoGrounder localizes referred objects in 3D scenes by leveraging panoramic
renderings as a 2D-3D interface. Compared to 3D-VisTA (red), PanoGrounder
(blue) accurately grounds (a) rare objects, (b) small objects with fine-grained spatial
relations, and (¢) complex queries involving multiple inter-object relationships.

navigation, and robotic perception and manipulation . The task requires lan-
guage understanding, which extracts attributes and relations from the instruc-
tion, and 3D scene understanding, which grounds those cues in metric geometry
to find the target object .

Traditional 3DVG systems typically employ separate encoders for text and
point clouds, followed by cross-modal fusion . By operating directly on the
3D scene, these models have achieved strong performance on standard bench-
marks . Nevertheless, this design has limitations in both language compre-
hension and 3D wvision generalization. On the language side, most works rely
on BERT [9] or CLIP [31]-style encoders, which offer more limited composi-
tional and spatial reasoning capabilities than modern VLMs ,
making paraphrases and relation-heavy descriptions difficult to handle. On the
3D vision side, these models are trained from scratch on limited-scale 3DVG
datasets , which restricts their generalization to scenes, categories, and lin-
guistic expressions outside of the training distribution. To leverage stronger lin-
guistic reasoning, recent work introduces VLMs into the 3DVG pipeline. How-
ever, transferring 2D capacity to 3D remains non-trivial. Recent VLM-based
methods use perspective (pinhole) images as a 2D-3D interface, but the
limited field of view fails to capture a holistic spatial context. Moreover, reliance
on large proprietary models makes these approaches computationally prohibitive
and difficult to fine-tune. This calls for a simpler, more efficient intermediate rep-
resentation that connects 2D VLMs with 3D reasoning.

In this paper, we introduce PanoGrounder, which uses panoramic render-
ings as an explicit intermediate representation between 2D and 3D modalities.
Unlike perspective images, panoramas cover a 360° field of view, capturing holis-
tic spatial context within a single image while remaining fully compatible with
VLMs. By operating on renderable representations rather than raw point clouds,
this design also relaxes the high-quality 3D input requirement common in tra-
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ditional 3DVG pipelines—requiring only casually captured RGB frames and an
off-the-shelf SEIM/NVS pipeline. PanoGrounder operates in three stages: (i) a
compact set of panoramic viewpoints is selected and multi-modal panoramas—
RGB, semantic, and range—are rendered for richer contextual cues; (ii) a pre-
trained VLM processes each panorama to predict a 2D bounding box in pixel
coordinates; and (iii) the 2D grounding outputs are lifted into metric 3D space
and fused across views. To incorporate semantic and geometric context from
the multi-modal renderings, the VLM is augmented with a lightweight adapter,
fine-tuned in the panoramic domain.

As shown in Fig. PanoGrounder achieves accurate grounding on chal-
lenging cases involving rare objects, fine-grained spatial relations, and complex
multi-object queries. Quantitatively, it achieves state-of-the-art performance on
ScanRefer 5] and Nr3D [1]. We further assess (i) scene generalization on ARK-
itScenes+SceneVerse [3,|18] and 3RScan+RIORefer [27,[34] and (ii) text gener-
alization with a modified version of ScanRefer queries. Across all settings, our
method exhibits strong generalization compared to fully supervised baselines.

Our main contributions are as follows:

— We introduce a novel 3DVG approach that treats panoramic renderings as a
2D-3D interface for pretrained 2D VLMs. This design preserves scene-wide
context while enabling powerful vision-language reasoning with only minimal
modifications around the VLM.

— We propose an effective 3DVG model, PanoGrounder, that injects semantic
and geometric features into the VLM’s vision encoder via a multi-modal
feature adapter and introduces an Earth Mover’s Distance (EMD) loss that
provides distance-aware supervision for more accurate localization.

— Our method, PanoGrounder, achieves state-of-the-art performance on Scan-
Refer and Nr3D. It further demonstrates strong generalization to unseen
scenes and diverse text rephrasings.

2 Related Work

2.1 3D Visual Grounding

3D-based 3DVG. Traditional 3D-based methods are fully supervised, using
separate encoders for text and 3D point clouds and fusing them via a cross-modal
module. Two-stage approaches [1,4}6,/14.|47.|48] follow a proposal-and-selection
paradigm, where a 3D detector first proposes candidate objects and the model se-
lects the best match. ViewSRD [14] further improves language understanding by
decomposing complex queries into simpler clauses via an LLM. One-stage meth-
ods [16,(17,30,37] directly regress 3D bounding boxes or masks conditioned on
the query; BUTD-DETR |[16] introduces language and objectness guidance into a
DETR-style decoder, while MCLN [30] extends it with two parallel decoders for
box-level and mask-level prediction, enhancing overall localization consistency.
Despite these advances, most methods rely on BERT or CLIP text encoders and
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are trained from scratch on limited-scale 3DVG datasets, constraining both spa-
tial reasoning and generalization to unseen scenes and expressions. Furthermore,
their reliance on high-quality, human-cleaned point clouds limits practical appli-
cability, as performance degrades significantly when using raw RGBD-projected
point clouds [17]. In contrast, PanoGrounder leverages pretrained VLMs via a
panoramic 2D—-3D interface, enabling stronger language understanding and more
robust generalization without requiring curated 3D inputs.

2D-based 3DVG. Without relying on a global 3D scene point cloud, a line
of works performs 3DVG directly from one or a small set of RGB(-D) views.
Refer-it-in-RGBD [25] operates on single-view RGB-D and employs a coarse-
to-fine framework to recover the full 3D extent of partially observed targets.
Mono3DVG [42] tackles single-view monocular RGB in autonomous-driving scenes,
leveraging a lightweight depth predictor. Recent zero-shot approaches [22,[38-40]
prompt an LLM/VLM with multi-turn instructions combining images and text
to inject scene context. However, all these methods share a common limitation:
the choice of viewing direction critically affects what scene content is captured,
making it difficult to capture holistic spatial context across the scene. Zero-shot
variants additionally rely on large models not designed for task-specific fine-
tuning, making adaptation costly. In contrast, PanoGrounder uses panoramic
renderings to capture scene-wide context within a single image, and its adapter-
based design enables efficient end-to-end fine-tuning on task-specific data.

2.2 Multi-Modal 3D Perception

A complementary line of work jointly trains models on multiple tasks, such
as 3D visual grounding, 3D scene captioning, and Visual Question Answering
(VQA), to align 3D and language spaces. Several methods [23}/47 48] adopt
transformer-based alignment where task-specific heads branch from a shared
backbone. UniVLG [17] further leverages abundant 2D data via a neural 2D-to-
3D lifting model to transfer supervision into 3D. Beyond supervised alignment,
3D-R1 |15] explores RLHF-style policy optimization to refine instruction follow-
ing in 3D contexts. Recently, Multi-modal Large Language Models (MLLMs)
have been investigated by feeding 3D-aware tokens into pretrained VLM back-
bones [26]. Scene-LLM |[11] forms hybrid voxel-point tokens from multi-view fea-
tures |31] and linearly projects them into the LLM space. Chat-Scene [13] uses
object proposals with per-instance Object Identifier tokens to fuse 2D /3D object
features for unified object-token reasoning. LLaVA-3D [45] augments 2D patch
tokens with 3D position embeddings to create 3D-aware patches for the LLM.
These approaches require task-specific 3D token designs and substantial architec-
tural modifications to bridge 3D and language spaces. In contrast, PanoGrounder
bridges 3D and language spaces through panoramic renderings, enabling direct
reuse of pretrained 2D VLMs with minimal architectural overhead.
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Fig. 2: Overall pipeline of PanoGrounder. We first select a compact set of in-
formative panoramic viewpoints via Structure-aware Camera Placement and render
multi-modal panoramas (RGB, lifted semantic features, and range). Each view is pro-
cessed by an off-the-shelf VLM augmented with our multi-modal feature adapter to
produce 2D bounding boxes from the text query. Finally, per-view 2D predictions are
lifted and fused with visibility-aware 3D aggregation to yield a single 3D bounding box
for the referred object.

3 Method

We assume the 3D scene is given as a renderable representation (e.g., a triangle
mesh or 3D Gaussian Splatting ) Given such a representation and a text
query, our goal is to predict a 3D bounding box of the referred object. Our
key idea is to use panoramic renderings as an intermediate representation that
bridges 2D vision-language understanding and 3D spatial reasoning.

As illustrated in Fig. [2] we first select a compact set of informative viewpoints
(Sec. and render multi-modal panoramas—RGB, geometric, and semantic
feature maps—at each location (Sec. . These are fed into a VLM augmented
with lightweight adapters that inject geometric and semantic cues (Sec. ,
producing per-view 2D bounding box predictions. The predictions are then lifted
and fused into a 3D bounding box via visibility-aware 3D aggregation (Sec. .
We train the model with cross-entropy combined with an Earth Mover’s Distance
loss for distance-aware supervision (Sec. [3.4).

3.1 Structure-Aware Camera Placement

Panoramic cameras capture an omnidirectional view of the scene, bypassing the
need to predict a specific viewing orientation, so we only select locations. We
start by estimating the floor via RANSAC and place a regular grid G={p;}
with h=10cm spacing across the scene’s 2D floor footprint. Each grid point
p; serves as a candidate panoramic camera location, with its height set to the
average height of the raw cameras used during scene reconstruction.

Scoring factors. To score each candidate p € G, we construct three factors:

— Ray coverage A(p) € [0,1]: fraction of other grid points visible from p
within r,.x=3m, counted via obstacle-free projection onto the panoramic
image plane.
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Fig. 3: Multi-modal feature adapter. We inject panoramic geometric (range) and
semantic (multi-view) features into selected ViT layers of the VLM. Each modality
is processed by a lightweight adapter (2-layer MLP followed by a 1x1 convolution),
and the resulting output is added patch-wise to the ViT tokens. The 1x1 convolution
weights and bias are initialized to zero.

— Distance-to-surface Dg¢(p): Euclidean distance from p to the nearest
scene geometry (walls or furniture).

— Distance-to-trajectory Di.j(p): Euclidean distance from p to the near-
est raw RGB camera center. This term is optional—when no prior camera
trajectory is available, it is simply omitted.

Score and selection. We rank candidates using

A(p) Dsurt(p)

S(p) - Dtraj (p) +€

L =107, (1)

which balances area coverage, obstacle clearance, and trajectory proximity. Start-
ing from the highest-scoring point, we greedily select cameras. Once a camera is
selected, all grid points visible from it are marked as ‘covered’, effectively setting
their contribution to the ray coverage A(p) to zero for all remaining candidates.
This sequential selection is repeated until at least 90% of the scene’s grid points
are covered.

3.2 Multi-Modal Panoramic VLM

For each selected viewpoint, indexed by k, we render a panoramic RGB image
I, € RIXWX3 yging equirectangular projection. To better handle occlusions
in cluttered indoor scenes and to provide explicit 3D information for spatial
reasoning, we additionally extract geometric and semantic feature maps from
the same panoramic cameras and inject them into the VLM alongside RGB
via lightweight adapters (Fig. . All modalities share a common token grid of
Ny = Hy x Wy patches (Hy and Wy are the patch counts along the image height
and width), so that the injected features align patch-wise with the VLM’s RGB
tokens.
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Geometric feature map. For each selected viewpoint, we render a range
(depth) map Dy, € R¥*W  Inspired by |7], Dy is fed to a pretrained ViT [29] to
obtain a dgeo-dimensional geometric feature map fyeo € RNsXdgeo gligned with
this token grid.

Multi-view fused semantic feature map. We extract dense semantic patch
features from a frozen ViT encoder |29] applied to the original RGB views of the
dataset. Using known camera intrinsics and extrinsics, each mesh vertex visible
in a view is assigned the dgen-dimensional feature of the patch it projects into.
Since a vertex is typically visible from multiple views, the features it receives
are averaged and re-rendered onto the selected panoramic cameras to produce a
semantic feature map fuop, € RNVs X dsem

Feature adapter. We inject both geometric and semantic features into the
VLM’s vision encoder via a shared adapter design: a 2-layer MLP followed by a
1x1 convolution whose weights and bias are initialized to zero, following Zero-
Convolution [44]. At initialization the adapter output is exactly zero, so the
VLM behaves identically to its pretrained form; fine-tuning then lets the adapters
encode task-relevant signals without distorting the original representation space.
Geometric features are injected into mid-level layers (I € [L/3, 2L/3)) to provide
a spatial scaffold, whereas semantic features are injected into later layers (I €
[2L/3, L]) to supply high-level contextual cues:

Xin < Xin + ZeroConv,,(MLP,, (f,, ), (2)

where m € {geo,sem} indexes the modality, L is the number of VLM encoder
layers, [ and n are the layer and token indices, and f,, , is the n-th token of f,,.

Training supervision. To obtain ground-truth 2D bounding boxes, we render
a per-pixel instance-ID map at each selected camera via the same equirectangular
projection used for RGB. Each 3DVG dataset provides (text query, target object
ID) pairs; we compute the tightest 2D bounding box enclosing all pixels of the
target instance, yielding image—text—box triplets without any manual labeling.

3.3 Visibility-Aware 3D Aggregation

Let by, denote the 2D bounding box predicted by the VLM for the k-th viewpoint.
This stage leverages cross-view consistency to filter out erroneous individual 2D
predictions and accurately localize the target object in 3D.

Mask-to-3D lifting. Given [} and by, we employ an off-the-shelf segmentation
model (e.g., SAM [20]) to extract a precise object mask My. The masked pixels
are then unprojected into world coordinates using Dj and the camera extrinsics
of view k, yielding a per-view 3D point set Py.
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Anchor view selection. To identify the most reliable viewpoint, we project
each candidate point set Py, onto all other views ¢ # k and compute the tight 2D
bounding box brst enclosing the projected points. We then formulate a cross-
view consistency score:

score(k) = Z ToU (l;k—m bt) , (3)

te K\{k}

where K is the set of all selected viewpoints, and the anchor view is the one
maximizing this score, k* = arg maxy, score(k). This formulation explicitly favors
predictions that exhibit strong geometric consensus across multiple perspectives.

Multi-view fusion. We aggregate the individual point sets into a global cloud
P = Upex Pr and apply statistical outlier removal to mitigate noise. The de-
noised points are then re-projected onto the anchor view k*. Points whose pro-
jections fall outside the anchor bounding box bg« are discarded, resulting in a
visibility-filtered set Piis. Finally, we fit an axis-aligned bounding box to Pi;s to
yield the final 3D localization.

For evaluations requiring pre-defined candidate boxes (e.g., Referlt3D), we
introduce a two-stage variant of our framework to ensure fair comparison. This
variant preserves the core algorithmic modules, with comprehensive details pro-
vided in the supplementary material.

3.4 Training Objective

Following CogVLM [35], each bounding box coordinate is normalized to [000, 999,
discretized into 3 digits, and predicted as a sequence of digit tokens {0,...,9}.
We supervise the autoregressive decoder with token-level cross-entropy under
teacher forcing. However, standard cross-entropy treats each digit as an inde-
pendent category, ignoring numerical proximity. Inspired by [32], we add an
auxiliary EMD (1-Wasserstein distance) loss to inject awareness of the underly-
ing numerical ordering.

For the i-th digit, let X; € {0,...,9} be the ground-truth digit and P (z)
the predicted probability for digit x. The per-digit CE and EMD losses are:

9
£8) = —1og PO (X;), Lo =wi Y PO@)|Xi—al,  (4)
=0

where w; is a place-value weight (e.g., 102,10, 10° for hundreds/tens/ones). The
EMD term penalizes larger deviations more heavily, encouraging probability
mass to concentrate near the correct digit. The final objective combines both

over all 3 digits:
3

‘Ctotal = Z (‘Cgij + AES?\/ID) ? (5>

i=1

where A\ balances the two terms.
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To better encourage the model to leverage the injected geometric features,
we augment the training data with auxiliary geometric QA pairs, inspired by [7].
Our QA samples are generated on-the-fly by randomly sampling two pixels on
a panorama and asking the model to identify which has a larger 3D coordinate
along a given axis. These auxiliary samples are supervised with cross-entropy
only (details in the supplementary material).

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate on two widely used 3D visual grounding benchmarks:
ScanRefer |5] and ReferIt3D (Nr3D, Sr3D) [1]. ScanRefer annotates 51,583 human-
written referring expressions across 800 ScanNet [8] scenes. Nr3D contains 41,503
human utterances over 707 ScanNet scenes spanning 76 object classes, while
Sr3D consists of 83,572 template-based spatial descriptions, also referring to 76
object classes.

To assess cross-dataset generalization on unseen settings, we use ARKitScenes |3
scenes paired with SceneVerse [18] human-written referring expressions only (we
exclude automatically generated texts), and 3RScan [34] scenes paired with RI-
ORefer |27] human-written referring expressions. ARKitScenes provides 5,047
captures over 1,661 unique indoor scenes, and SceneVerse includes ARKitScenes
among its sources with both human and generated texts. 3RScan comprises 1,482
scans of 478 indoor environments with instance-level annotations, and RIORefer
contributes 63,602 human descriptions for 1,380 3RScan scans.

Evaluation Metrics. On ScanRefer, we report Acc@0.25 overall and on the
Unique / Multiple subsets |5]. Unique denotes queries with no same-class distrac-
tor, while Multiple denotes the presence of same-class distractors. On ReferIt3D
(Nr3D, Sr3D), we report Top-1 accuracy overall and on four subsets: Fasy/Hard
(exactly one vs. two or more same-class distractors) and View-Dependent/ View-
Independent |1], indicating whether resolving the description requires a specific
viewpoint (e.g., “left/right”). For the generalization experiments (Sec. 7 we
report Top-1 accuracy given ground-truth object instances and report Unique
and Multiple splits using the same criterion as ScanRefer.

Implementation Details. We adopt CogVLM-17B [35] as our 2D grounding
backbone, pretrained on large-scale image-text data. We fine-tune the model
with LoRA, optimized by Adam with a batch size of 64 and a cosine-decay
learning rate starting at 1 x 10~%; all remaining hyperparameters follow the of-
ficial CogVLM implementation. We train for 5 epochs counted scene-centrically
(all panoramic views of a scene form a single pass); since each referring expres-
sion is seen from = 2.4 viewpoints on average, this corresponds to roughly 12
text-centric epochs. For data augmentation, we apply random in-place camera
yaw rotations, implemented as horizontal circular shifts (wrap-around) of the
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Table 1: Evaluation on Nr3D, Sr3D |1], and ScanRefer |5]. To ensure a fair com-
parison, we group methods by training regime: models trained on a single benchmark
versus those trained on mixed datasets (e.g., ScanRefer + ReferIt3D). S+R denotes
our model trained jointly on ScanRefer and ReferIt3D (Nr3D/Sr3D). For ScanRefer,
we report Accuracy@0.25 (IoU). TResults trained on that single dataset only.

Nr3D Sr3D ScanRefer
Easy Hard VD VID Overall Easy Hard VD VID Overall Unique Multiple Overall
BUTD-DETR |16| 60.7 48.4 46.0 58.0 54.6 68.6 63.2 53.0 67.6 67.0 84.2 46.6 52.2

Method

ViL3DRel [6] 702 57.4 62.0 64.5 644 749 679 638 732 728  81.6 40.3 47.9
L 3D-VisTAT 47 659 49.4 53.7 594 575 721 63.6 57.9 70.1 696 774 38.7 45.9
S MIKASA f4] 69.7 59.4 65.4 64.0 644 78.6 67.3 70.4 754 752
gcpsf 18] 67.0 50.9 55.8 59.8 58.7 70.5 63.4 53.1 69.0 68.4 - - -
A MCLN [30] - - - - 598 - - - - 684 869 52.0 57.2
o PQ3D' 48] 73.3 56.7 60.7 67.0 64.9 78.8 682 515 76.7 756  85.2 46.8 52.8
0 LIBA [36] - 572 603 - 645 - 702 617 - 758 888 54.4 59.6
% VGMamba [46] - 614 - - 683 - 744 - - 813 919 548 60.0

ViewSRD [14] 75.3 64.8 68.6 70.6 69.9 783 70.6 69.0 76.2 76.0  82.1 37.4 45.4

Ours 82.2 67.2 70.5 76.3 74.6 81.3 742 60.5 80.0 79.1  84.3 55.3  61.0
4 3D-VisTA [47] 721 56.7 61.5 65.1 642 788 713 589 77.3 764  81.6 43.7 50.6
g GPS [18] 72.5 57.8 56.9 67.9 649 80.1 71.6 62.8 78.2 775 - - -
% PQ3D [48] 75.0 58.7 62.8 68.6 66.7 827 728 62.9 80.5 79.7  86.7 51.5 57.0
A Chat-Scene [13] 89.6 47.8 55.5
£ LLaVA-3D |45 E - - = - - - - = E B E 50.1
§Un1VLG [17 73.3 57.0 55.1 69.9 652 84.4 75.2 66.2 82.4 81.7 - - 60.7

Ours (S+R) 84.1 68.4 72.977.5 76.1 823 74.5 66.6 80.6 79.9 85.0 56.4 62.0

panorama. For test time augmentation, we generate four augmented views by
rotating the camera in-place by 90° increments and perform independent in-
ference on each. For a fair comparison with prior work, all results in the main
paper are obtained from mesh-rendered panoramas. However, to better reflect
practical use cases, results utilizing 3DGS-rendered panoramas are provided in
the supplementary material.

4.2 3D Visual Grounding Results

As summarized in Tab. [I} PanoGrounder achieves state-of-the-art or top-2 results
on most splits, with clear gains on the human-annotated Nr3D and ScanRefer
benchmarks. We observe that mixed training on ScanRefer and ReferIt3D (S+R)
consistently improves performance, as also seen in 3D-VisTA [47], GPS [18], and
PQ3D [48| (marked with T in Tab. ; we therefore group rows into Single Dataset
and Multi Dataset sections for a fair comparison.

On Nr3D [1], our model achieves the best scores across all splits under single-
dataset training, significantly outperforming prior art ViewSRD by +4.7%. Joint
training (S+R) further improves Nr3D to new bests. On Sr3D [1], our method
yields Overall 79.1 (single) and 79.9 (S+R), ranking at or near the top across
most splits. Notably, our model’s stronger gains on Nr3D, which consists of
human-generated referring expressions, highlight its robustness in handling di-

verse, natural language distributions compared to template-based datasets like
Sr3D.
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Table 2: Zero-shot comparison on Nr3D. Without any fine-tuning, PanoGrounder
outperforms methods that use significantly larger backbones.

Method Backbone Easy Hard VD VID Overall
ZSVG3D \\ GPT-3.5-turbo 46.5 31.7 36.8 40.0 39.0
SeeGround Qwen2-VL-72b 54.5 38.3 42.3 48.2 46.1
VLM-Grounder [38] GPT-4V 55.2 39.5 45.8 49.4 480
Ours CogVLM-17b 64.2 42.7 49.8 54.7 53.2

(a) this table is placed (b) it is a black cabinet. (c) the cabinet is white. (d) a small circular table
on the right side of the the cabinet is under the it is under the counter. sits in the middle of the

room. an object with red tv. floor. it's surrounded by

and black color is four chairs.

placed above it.

Fig. 4: Qualitative results on ScanRefer . Green boxes denote ground-truth
objects, and red boxes denote predictions from PanoGrounder. Across diverse scenes
and query types, PanoGrounder produces accurate and spatially consistent grounding
results.

On ScanRefer [5], our model attains the best Overall (61.0) and Multiple
(55.3) scores under single-dataset training, outperforming VGMamba (60.0) and
LIBA (59.6), with particularly strong gains in multi-object scenes. Joint train-
ing yields further improvements to Overall 62.0 and Multiple 56.4, both best.
We note that the performance gains on Nr3D are larger than on ScanRefer:
ScanRefer’s Unique subset can often be resolved by simple attribute matching,
whereas Nr3D consistently requires fine-grained relational disambiguation, where
our stronger language understanding provides the greatest benefit.

Zero-Shot Comparison with Larger VLMs. Recent zero-shot 3DVG meth-
ods rely on proprietary or very large VLMs such as GPT-4V and Qwen2-VL-
72B. For a fair comparison, we evaluate PanoGrounder without any fine-tuning.
As shown in Tab. [2] our zero-shot pipeline with CogVLM-17B outperforms all
baselines despite using a significantly smaller backbone, achieving 53.2 Overall
on Nr3D compared to VLM-Grounder’s 48.0 with GPT-4V. This suggests that
our panoramic multi-modal representation and structured pipeline are effective,
enabling strong zero-shot performance even with a smaller backbone.

Qualitative Results Fig. [f] shows qualitative grounding results on ScanRe-
fer [5]. PanoGrounder accurately localizes the referred objects and produces
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Table 3: Cross-dataset evaluation on ScanNetV2 |8], ARKitScenes |3|, and
3RScan [34]. All models are trained on ScanRefer [5| and directly evaluated on un-
seen 3D scenes from ARKitScenes and 3RScan with corresponding text annotations.
To ensure fair comparison focused on 3D scene generalization, we use GT object seg-
mentation for all methods; * additionally leverages ground-truth semantic labels. All
baseline results are re-run by us.

ScanRefer ARKitScenes 3RScan

Method

unique multiple overall unique multiple overall unique multiple overall
ViL3DRel |6] 92.0 51.8 59.6 57.2 21.1 28.3 71.8 31.3  36.8
3D-VisTA [47] 89.5 49.9 57.2  59.7 26.6 329 T74.1 320 37.7
BUTD-DETR* |16] 92.5 52.6 58.5  66.3 30.6  36.1 - - -
MCLN* [30] 93.4 549 606 61.2 30.0 35.3 - - -
Ours 91.7 58.5 64.9 T74.2 48.0 53.5 80.4 37.7 43.8

spatially consistent 3D boxes across diverse scenes and query types. In Fig. (a),
PanoGrounder correctly distinguishes the target table from nearby distractors
using relational cues. Similarly, in Fig. bfd), it resolves challenging references
in cluttered scenes by combining attribute cues with spatial and relational rea-
soning. We also observe three common failure modes—ambiguous references sat-
isfied by multiple objects, small or heavily occluded targets, and partial localiza-
tion of multi-part objects—and provide representative examples and a detailed
analysis in the supplementary material.

4.3 Generalization Analysis

To fairly evaluate scene and language generalization independently of proposal
quality, we fix proposals to ground-truth object segmentations and re-run all
baselines under the same setting in the following experiments.

Scene Generalization. We evaluate scene-level generalization by testing on
two unseen 3D datasets: ARKitScenes [3] paired with human-written expressions
from SceneVerse [18], and 3RScan [34] paired with RIORefer [27]. As shown
in Tab. [3] PanoGrounder shows notably smaller performance degradation than
existing baselines when transferred to unseen scenes. This indicates that our
approach generalizes effectively to novel environments and diverse 3D layouts
beyond the training distribution. BUTD-DETR [16] and MCLN [30] could not
be evaluated on 3RScan+RIORefer because their public implementations are
restricted to the ScanNetV2 object set.

Text Generalization. We assess the linguistic robustness of 3D visual ground-
ing models on ScanRefer [5| by generating four variants of each query with
LLaMA 3.3 [12|: Para. (paraphrased), +Aff. (affordance/functional descrip-
tion added), +Aff.—N (+Aff. with target noun removed), and Mask (target
noun replaced with “object”).
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Table 4: Robustness to ScanRefer |5] Table 5: Ablation study. We eval-
text variants. Top-1 accuracy on original uate the contribution of each input
queries and four text modifications (see text — modality (RGB, semantic, geometric)
for details). All models use GT object seg- and auxiliary training signals (EMD
mentation; * additionally uses GT semantic  loss and geometric QA).

labels. All baseline results are re-run by us.

Input Train
Acc@0.25

Method Org. Para. +Aff. +Aff.—N Mask RGB Sem. Geo. EMD Geo QA

ViL3DRel [6] 59.6 415 9.7 65 229 A v x x X X 57.5
3D-VisTA 47 57.2 529 504 283 285 ® v x x v X 58.4
BUTD-DETR* [16] 585 534 551 355 273 g; ; ; "; ; i ggg

1 * = . J.

MCLN* [30] 60.6 54.6 557 357 315 ® v s X 602
PQ3D [48] 66.0 63.3 586 358  33.3 ® v v ox v Y 607
Ours 64.9 61.5 61.3 51.7 41.8 Ours v v v v v 61.0

A (Ours — PQ3D) -1.1 -1.8 +2.7 +15.9 +8.5

As shown in Tab. ] PanoGrounder performs on par with PQ3D on Org.
and Para., and surpasses it on +Aff. (42.7). The gains become particularly
pronounced once explicit class cues are removed, with improvements of +15.9
on +Aff.—N and +8.5 on Mask. In these two variants, where the target object
name is absent, the model must reason over spatial and contextual cues rather
than simple lexical matching. PanoGrounder remains accurate under such im-
plicit or underspecified language, demonstrating strong reasoning and robust
performance across diverse textual perturbations.

4.4 Ablation Study

Tab. |5 analyzes how input modalities and auxiliary objectives contribute to
performance. The EMD loss consistently improves accuracy regardless of input
configuration: (A)—(B) (57.5—58.4) and (D)—(E) (59.3—60.2), confirming its
value as a distance-aware regularization signal. Incorporating semantic features
in (C) further boosts accuracy to 60.4, indicating that multi-view fused semantic
context is highly beneficial even without geometric input. Row (F) shows that
geometric QA without geometric input (60.7) also falls short of the full model.
Our final configuration (Ours), which combines RGB, semantic, and geometric
features with both EMD and geometric QA, achieves the best accuracy (61.0).
Notably, masking the geometric features of Ours at inference drops its accuracy
to 60.5, confirming their utility. Together, these results suggest that geomet-
ric input and geometric QA act synergistically rather than as interchangeable
components.

Panorama vs. Pinhole Cameras. Panoramic views offer two primary ad-
vantages over pinhole cameras: (i) they eliminate the need for viewing direction
prediction, thereby simplifying the pipeline; and (ii) they capture the maximum
number of text-referenced objects within a single view, strengthening context
and relation modeling.
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Table 6: Comparison of panoramic and pinhole view settings. We report accu-
racy by view configuration (rows) and by the number of objects referenced in the text
(columns). Our panoramic representation substantially outperforms all pinhole base-
lines without oracle knowledge, and the performance gap widens as the query mentions
more surrounding objects. The oracle GT target setting provides an upper bound for
pinhole-based approaches.

# of objects mentioned in the text

View setting Overall

0 (0.6%) 1 (23.7%) 2 (46.6%) 3 (21.9%) 4+ (7.2%)
pinhole @ 4 views 41.3 41.1 38.7 42.1 42.0 42.2
pinhole @ 16 views 51.0 50.0 47.3 52.4 51.0 54.5
pinhole @ Semantic [22] 43.6 37.5 42.3 44.3 43.6 44.0
Ours 61.0 49.9 54.7 61.3 64.3 71.0
pinhole @ GT target 67.5 58.9 65.5 69.3 66.5 66.0

We compare our panoramic representation against several pinhole-based view
selection strategies, all using a 120° horizontal FoV and a fixed camera center as
in Sec. (1) Fixed rotation (4 / 16 views): cameras are rotated at fixed
horizontal angular intervals to uniformly cover 360°. (2) Semantic-based view
selection (4 views): following SeeGround [22], instance masks and predicted
labels of Mask3D [33] are used to find text-mentioned objects, up to four of
which are chosen by projected size on the panorama, and the camera is oriented
toward each; if fewer than four objects are mentioned, the remaining directions
are sampled randomly. (3) GT target (1 view, oracle): a pinhole camera that
always points directly at the ground-truth target.

As shown in Tab. [f] panoramic views substantially outperform all non-oracle
pinhole baselines (41.3-51.0 vs. 61.0 overall), indicating that our panoramic rep-
resentation captures scene context more effectively. The gap further widens as
the number of referenced objects increases: in the “4-+ objects” category, our ap-
proach (71.0) even surpasses the pinhole oracle (66.0). This suggests that pinhole
views are fundamentally limited by their narrow field of view, which observes
only a subset of objects at once, whereas panoramic views preserve the global
spatial relations of the scene.

5 Conclusion

The proposed 3DVG method, PanoGrounder, has demonstrated that panoramic
renderings are an effective intermediate representation for 3D visual grounding,
preserving long-range spatial relations within a single view while enabling direct
use of powerful 2D VLMs. Extensive experiments also have shown state-of-the-
art results on ScanRefer and Nr3D, and strong robustness to unseen scenes and
text rephrasings, indicating that panorama-driven VLM grounding is a practical
path toward generalizable 3D visual grounding.
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Limitations and Future Work. PanoGrounder requires an off-the-shelf 3D
reconstruction as a preprocessing step, and severe reconstruction noise and ar-
tifacts can degrade 2D inference. It is also slower than fully feed-forward 3D
methods due to VLM processing, though this can be mitigated by using smaller
VLM backbones. Looking forward, three promising directions are: (i) handling
queries with no target object or multiple targets; (ii) generalizing PanoGrounder
to multi-task settings such as 3D captioning and 3D VQA; and (iii) extending it
to building-level or outdoor settings via more flexible camera placement beyond
the floor-based grid.
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