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Abstract

3D visual grounding (3DVG) aims to localize
objects in a 3D scene based on natural language
queries. In this work, we explore zero-shot
3DVG from multi-view images alone, without
requiring any geometric supervision or object
priors. We introduce Z3D, a universal ground-
ing pipeline that flexibly operates on multi-view
images while optionally incorporating camera
poses and depth maps. We identify key bottle-
necks in prior zero-shot methods causing sig-
nificant performance degradation and address
them with (i) a state-of-the-art zero-shot 3D
instance segmentation method to generate high-
quality 3D bounding box proposals and (ii) ad-
vanced reasoning via prompt-based segmenta-
tion, which utilizes full capabilities of modern
VLMs. Extensive experiments on the ScanRe-
fer and Nr3D benchmarks demonstrate that our
approach achieves state-of-the-art performance
among zero-shot methods.

1 Introduction

3D visual grounding (3DVG) seeks to localize tar-
get objects in a scene based on natural language
descriptions. It is a fundamental capability for em-
bodied AI, robotics, and human–scene interaction,
where agents must reason jointly over language,
visual appearance, and spatial structure.

3DVG from point clouds is the most natural
and well-studied scenario. The recent emergence
of LLM allows reducing the 3D labeling burden,
leveraging generalization capabilities of large mod-
els to eliminate the need for 3D supervision. Ear-
lier methods, such as Vil3DRel (Chen et al., 2022)
and MiKASA (Chang et al., 2024), and their re-
cent follow-ups, SceneVerse (Jia et al., 2024),
LIBA (Wang et al., 2025d), ROSS3D (Wang et al.,
2025a), LlaVA-3D (Zhu et al., 2025), Video-3D
LLM (Zheng et al., 2025b), GPT4Scene (Qi et al.,
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2025), and MPEC (Wang et al., 2025c), rely on
full supervision, with both 3D bounding boxes
and texts being exposed to the model during the
training phase. ZSVG3D (Yuan et al., 2024b),
CSVG (Yuan et al., 2024a), SeeGround (Li et al.,
2025), LaSP (Mi et al., 2025b), EaSe (Mi et al.,
2025a), SPAZER (Jin et al., 2025) do not require
texts for training but still exploit annotated 3D
bounding boxes. The training-free, zero-shot ap-
proach is represented with LLM-Grounder (Yang
et al., 2024) and VLM-Grounder (Xu et al., 2024).
Both of them rely on proprietary VLMs but still
use non-generative language models, such as BERT
and CLIP, in critical parts of the pipeline, which
severely limits their performance. Overcoming this
weakness, we achieve up to +40% in accuracy over
prior state-of-the-art. Besides, we investigate an-
other cause of poor performance of prior zero-shot
approaches: the insufficient quality of candidate ob-
ject proposals. Using state-of-the-art zero-shot 3D
instance segmentation method, we generate high-
quality proposals that serve as a strong basis for
further VLM reasoning.

3DVG from images Most existing zero-shot
methods assume access to explicit 3D representa-
tions, such as point clouds, depth maps, or pre-built
scene reconstructions, which restricts their appli-
cability in real-world settings. Fully supervised
SPAR (Zhang et al., 2025) and VG LLM (Zheng
et al., 2025a) claim to be image-based, but both
require ground truth camera pose: SPAR uses them
during the test phase, while VG LLM is exposed to
camera poses during the training. Zero-shot 3DVG
is addressed with modern VLMs, e.g., Qwen3-
VL (Bai et al., 2025) and Seed1.5-VL (Guo et al.,
2025), but only from single-view images, which is
a critical limitation, since we aim for scene-level
understanding. In this work, we study zero-shot
3D visual grounding from multi-view images alone
and present Z3D, a universal grounding pipeline
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Figure 1: (1) Inference pipeline of Z3D given point cloud inputs. Z3D leverages MaskClustering (Yan et al.,
2024) to predict class-agnostic 3D bounding boxes from a point cloud and images. The most relevant frames
are chosen based on their CLIP embeddings and further filtered with VLM. Object masks are annotated using
SAM3-Agent (Carion et al., 2025) and lifted to 3D. The final bounding box is selected from MaskClustering
proposals through a mask voting scheme. (2) Our approach flexibly accommodates different input modalities,
including images, camera poses, and depth maps. When camera poses and depth maps are unavailable, they are
estimated with DUSt3R (Wang et al., 2024).

that operates on images and can optionally incorpo-
rate camera poses and depth maps when available.

Our contribution is twofold:

• we improve components of the existing VLM-
based 3DVG pipeline, achieving state-of-the-
art results in 3DVG from point clouds;

• we extend our method to handle various in-
puts, thus being the first to address 3DVG in
a zero-shot setting from images only.

2 Proposed Method

2.1 3DVG With Depth
3DVG implies estimating a 3D bounding box of
a target object in a scene given a query in natu-
ral language. Existing zero-shot methods rely on
VLMs to handle fuzzy indirect references and re-
quire images to proceed. The target object might be
visible in a subset of frames, so the task of selecting
the most relevant views arises naturally. Then, the
target object must be located in those views and
lifted to 3D space. Respectively, the VLM-based
3DVG workflow can be broadly decomposed into
(i) view selection, (ii) 2D object segmentation, and
(iii) 2D-to-3D lifting. The only existing zero-shot
baseline showing reasonable performance, VLM-
Grounder (Xu et al., 2024), follows this paradigm;
in Z3D, we propose modifications of each step that
push the quality to the state-of-the-art level.

View selection. Processing all images of a scene
with VLM is time-consuming, so optimizations

are inevitable. VLM-Grounder packs images in
a grid to minimize the number of calls and itera-
tively narrows the search scope until finding the
best views. In contrast, we employ a two-stage
strategy to efficiently identify informative observa-
tions. First, views are preselected using CLIP so
that the six most similar frames for a given query
pass the filter. Then, VLM selects the best three
views. Therefore, the search space is reduced using
a lightweight model and simple selection strategy,
while the accuracy benefits of a more powerful but
computationally expensive approach are retained.

2D object segmentation. VLM-Grounder com-
bines Grounding DINO (Ren et al., 2024) with
SAM to localize and segment objects in a frame,
respectively. This standard pipeline, powered by
BERT (Devlin et al., 2019), is tailored for open-
vocabulary segmentation with explicit object de-
scriptions, while less specific 3DVG prompts might
cause performance degradation. To overcome this
limitation, Z3D employs a SAM3-Agent (Car-
ion et al., 2025) for zero-shot high-quality object
segmentation. Guided by VLM reasoning, the
agent iteratively generates and refines segmenta-
tion prompts, enabling precise instance extraction
without geometric supervision or object priors.

2D-to-3D lifting. Each object mask can be lifted
into 3D space, giving a partial point cloud of an
object. VLM-Grounder simply unites all partial
point clouds and encloses them with a 3D bound-
ing box to create a proposal; hence, outliers have a
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large impact on the estimated size and shape of an
object, making the whole procedure prone to noise.
Differently, we first obtain class-agnostic 3D ob-
ject proposals and use 2D object masks to select
the best one. To this end, we leverage MaskClus-
tering (Yan et al., 2024), a zero-shot 3D instance
segmentation method that takes point clouds as
inputs and produces object 3D masks, which we
convert into 3D bounding boxes. Segmentation
masks from the top-3 views are lifted to 3D and
matched against the MaskClustering proposals. A
proposal with the highest 3D IoU with a mask gets
one vote; the final proposal is the most voted can-
didate, or, in ambiguous cases, the one voted by a
mask in the frame with the highest CLIP and VLM
relevance scores.

2.2 3DVG From Images

When depths or point clouds are unavailable, we
bridge the gap between sole visual inputs and real
geometry with a 3D reconstruction method. Specif-
ically, we use DUSt3R (Wang et al., 2024): with
its ability to handle omnimodal inputs, it fits per-
fectly into both images-only and images + camera
poses scenarios. With DUSt3R, our processing
pipeline remains purely zero-shot, since, contrary
to some latest methods (Wang et al., 2025b) it was
not trained on ScanNet (Dai et al., 2017). Given
images, DUSt3R returns dense depth maps and in-
fers poses when they are not available. The depths
are fused into a TSDF volume using ground truth
or predicted camera poses. Finally, a point cloud is
extracted using the marching cubes algorithm.

3 Experiments

We evaluate our approach on the ScanRefer (Chen
et al., 2020) and Nr3D (Achlioptas et al., 2020)
benchmarks. ScanRefer annotates ScanNet scenes
with over 51K human-written query–object pairs,
where the goal is to localize the target object by
predicting its 3D bounding box from scene point
clouds and language queries. Following standard
practice, we report Acc@0.25 and Acc@0.5, de-
fined as the percentage of predictions whose 3D
IoU with ground truth exceeds 0.25 and 0.5, respec-
tively. The Nr3D dataset contains 41K language
queries over ScanNet scenes and provides ground-
truth 3D bounding boxes without class labels. The
task is to select the most relevant candidate object,
which is evaluated using top-1 accuracy.

3DVG with depths 3DVG methods that use
depth, point clouds, or other sources of spatial
information represent the most well studied set-
ting. These approaches can be categorized based
on their exposure to 3D bounding boxes provid-
ing geometric supervision: (i) methods trained
with ground-truth bounding boxes (e.g., approaches
using Mask3D proposals), (ii) methods provided
with bounding boxes at inference time (as in the
Nr3D benchmark), and (iii) methods that are not
exposed to bounding boxes at any stage. When us-
ing Mask3D as a proposal generator, Z3D demon-
strates substantial improvements over prior meth-
ods that are exposed to bounding boxes in the train-
ing set (Tab. 1, row 9). In the inference-time 3D
bounding box setting, Z3D achieves state-of-the-
art top-1 accuracy on Nr3D (Tab. 2), indicating
that the gain stems not only from proposal qual-
ity but also from the effectiveness of the other
components of our pipeline. Finally, in the purely
zero-shot setting without any bounding-box super-
vision, Z3D significantly outperforms all competi-
tors, achieving +38.7 Acc@0.5 over OpenScene on
ScanRefer (Tab. 1, row 12).

3DVG from images For image-based 3DVG,
both with and without camera poses, existing ap-
proaches are fully supervised; therefore, we re-
port their results for reference only. To establish a
meaningful baseline, we combine DUSt3R with a
state-of-the-art point cloud–based 3DVG method.
Specifically, we adopt SeeGround (Li et al., 2025),
which is highly competitive in depth-aware settings.
While the original SeeGround uses Mask3D to gen-
erate proposals, in this series of experiments, we
replace it with MaskClustering to keep the whole
pipeline zero-shot. As shown in Tab. 1 (rows 15,
18), Z3D consistently outperforms SeeGround on
DUSt3R reconstructions, demonstrating that its ad-
vantages are preserved regardless of the reconstruc-
tion approach. Notably, Z3D establishes a new
state of the art in the posed-images setting, surpass-
ing the previous state-of-the-art fully supervised
method, SPAR (Zhang et al., 2025).

Ablation study To quantify the contribution of
each component, we conduct an ablation study by
progressively building our pipeline from a simple
baseline. The original MaskClustering method,
designed for open-vocabulary 3D instance segmen-
tation, already achieves 27.6 Acc@0.5. Incorporat-
ing CLIP-based view selection (top-1 view) and
SAM3-Agent for object segmentation increases
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Method Venue
Supervision Unique Multiple Overall

bboxes texts Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

Images + camera poses + depths
LLaVA-3D ICCV’25 ✓ ✓ - - - - 50.1 42.7
Video-3D LLM CVPR’25 ✓ ✓ 86.6 77.0 50.9 45.0 57.9 51.2
ROSS3D ICCV’25 ✓ ✓ 87.2 77.4 54.8 48.9 61.1 54.4
LIBA AAAI’25 ✓ ✓ 88.8 74.3 54.4 44.4 59.6 49.0
GPT4Scene - ✓ ✓ 90.3 83.7 56.4 50.9 62.6 57.0
ZSVG3D CVPR’24 Mask3D ✗ 63.8 58.4 27.7 24.6 36.4 32.7
CSVG BMVC’25 Mask3D ✗ 68.8 61.2 38.4 27.3 49.6 39.8
SeeGround CVPR’25 Mask3D ✗ 75.7 68.9 34.0 30.0 44.1 39.4
Z3D - Mask3D ✗ 82.3 74.8 51.5 45.7 58.9 52.7
OpenScene CVPR’23 ✗ ✗ 20.1 13.1 11.1 4.4 13.2 6.5
LLM-Grounder ICRA’24 ✗ ✗ - - - - 17.1 5.3
Z3D - ✗ ✗ 73.9 64.0 47.8 40.3 54.2 46.0

Images + camera poses
SPAR NIPS’25 ✓ ✓ - - - - 31.9 12.4
DUSt3R → SeeGround - ✗ ✗ 44.5 27.4 21.1 12.6 26.8 16.2
DUSt3R → Z3D - ✗ ✗ 56.7 32.0 38.4 22.6 42.8 24.8

Images
VG LLM NIPS’25 ✓ ✓ - - - - 41.6 14.9
DUSt3R → SeeGround - ✗ ✗ 35.2 17.5 13.9 5.2 19.0 8.2
DUSt3R → Z3D - ✗ ✗ 42.7 21.9 27.5 10.1 31.2 12.9

Table 1: Results on ScanRefer. Queries are categorized as “Unique”, with only one object of the target class in the
scene, or “Multiple”, with other objects of the same class. Results of our method are blue, our baselines are marked
with a lighter hue.

Method Easy Hard Dep. Indep. Overall

Fully supervised
MiKASA 69.7 59.4 65.4 64.0 64.4
ViL3DRel 70.2 57.4 62.0 64.5 64.4
SceneVerse 72.5 57.8 56.9 67.9 64.9
MPEC - - - - 66.7

Zero-shot (use gt object class)
CSVG 67.1 51.3 53.0 62.5 59.2
EaSe - - - - 67.8
Transcrib3D 79.7 60.3 60.1 75.4 70.2

Zero-shot
ZSVG3D 46.5 31.7 36.8 40.0 39.0
SeeGround 54.5 38.3 42.3 48.2 46.1
LaSP 60.7 45.3 49.2 54.7 52.9
EaSe - - - - 52.9
SPAZER 62.4 46.9 49.9 56.8 54.3
Z3D 62.6 47.5 50.7 57.1 54.8

Table 2: Results of methods using depths on Nr3D,
specified by the query type: “Easy” (one distrac-
tor) “Hard” (multiple distractors), “View-Dependent”
or “View-Independent” based on viewpoint require-
ments for grounding.

Module Acc@0.25 Acc@0.5

MaskClustering (Yan et al., 2024) 32.0 27.6
+ CLIP + SAM3-Agent 51.0 42.8
+ VLM view selection 53.0 44.8
+ multi-view aggregation 54.2 46.0

Table 3: Ablation study of model components on Scan-
Refer, with images, camera poses, and depths as inputs.

performance to 42.8. When the number of views
selected by CLIP is increased to 6, and followed by
top-1 view selection with VLM, accuracy further
improves to 44.8. Finally, aggregating predictions
across the top-3 views selected by the VLM results
in the best performance, reaching 46.0.

4 Conclusion

We presented Z3D, a universal pipeline for zero-
shot 3D visual grounding. We identified pro-
posal quality and underutilization of VLMs as
key bottlenecks in prior methods and addressed
them with zero-shot 3D instance segmentation
and VLM reasoning. Our approach flexibly ac-
commodates different input modalities, including
multi-view images, camera poses, and depth maps.
Evaluations on ScanRefer and Nr3D demonstrate
that Z3D achieves state-of-the-art performance
among zero-shot approaches across multiple set-
tings. We hope this work encourages further re-
search on image-based and supervision-free 3D
visual grounding, paving the way toward more prac-
tical and scalable 3D scene understanding systems.

This work was supported by the The Ministry of
Economic Development of the Russian Federation
in accordance with the subsidy agreement (agree-
ment identifier 000000C313925P4H0002; grant
No 139-15-2025-012).
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Limitations

While introducing advanced VLM reasoning about
the selected frames, our method still uses CLIP
to pre-select frame candidates and therefore can
be limited by CLIP’s ability to analyze complex
concepts from subtle cues rather than direct de-
scriptions. Moreover, in image-only scenarios, the
performance of our method heavily depends on the
quality of underlying 3D reconstruction. While
DUSt3R is known to perform robustly on ScanNet
captures, the similar quality is not guaranteed for
other scenes. In terms of performance, one of the
processing bottlenecks of Z3D is MaskClustering,
which adds a significant computation overhead; the
component-wise time analysis can be found in the
supplementary materials.
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A Quantitative Results

Some recent methods follow the alternative eval-
uation protocol, proposed in VLM-Grounder (Xu
et al., 2024). This protocol implies testing on 250-
scene subsets of ScanRefer and Nr3D rather than
their full validation splits. The results on ScanRefer
and Nr3D are reported in Tab. 4 and 5, respectively;
clearly, Z3D scores the best in both benchmarks.
Z3D shines in the pure zero-shot scenario (w/o ac-
cess to ground truth 3D bounding boxes), achieving
+18.8 Acc@0.5 w.r.t. VLM-Grounder on ScanRe-
fer. On Nr3D, our method outperforms previous
state-of-the-art SPAZER (Jin et al., 2025) using
the same Qwen2.5-VL-72B, and even beats VLM-
Grounder based on much more powerful propri-
etary GPT-4o.

B Ablation Studies

In this Section, all results are reported on 250-
scenes subsets.

VLM size In Tab. 5, we vary the size of Qwen3-
VL-Thinking serving as our VLM reasoner, and
report the quality achieved with each model size.
Even with a 30B model, Z3D outperforms prior
methods, and using a larger 235B model pushes
the quality even further.

Mask3D vs. MaskClustering The key differ-
ence between MaskClustering and Mask3D is that
the first is a pure training-free approach, while
the second is trained with ground truth 3D bound-
ing box annotations. In Tab. 4, we demonstrate
that even with less exposure to the training data,
Z3D outperforms methods that source object
proposals with Mask3D. When using Mask3D,
Z3D shows +2.8 Acc@0.5 on ScanRefer w.r.t. the
best competing approach in the respective category.

Number of images In image-base scenarios, the
number of input images is a crucial aspect of the
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Method Venue
Supervision Unique Multiple Overall

bboxes texts Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

ZSVG3D CVPR’24 Mask3D ✗ 55.3 55.3 25.6 25.6 31.2 31.2
SeqVLM ACMMM’25 Mask3D ✗ 77.3 72.7 47.8 41.3 55.6 49.6
SPAZER NIPS’25 Mask3D ✗ 80.9 72.3 51.7 43.4 57.2 48.8
Z3D - Mask3D ✗ 87.9 81.8 51.7 44.6 61.2 54.4

LLM-Grounder ICRA’24 ✗ ✗ 12.1 4.0 11.7 5.2 12.0 4.4
VLM-Grounder CoRL’24 ✗ ✗ 66.0 29.8 48.3 33.5 51.6 32.8
Z3D - ✗ ✗ 78.8 71.2 50.5 44.6 58.0 51.6

Table 4: Evaluations of 3DVG from point clouds on 250 scenes subset from ScanRefer.

Method VLM Easy Hard Dep. Indep. Overall

SeeGround Qwen2-VL-72B 51.5 37.7 44.8 45.5 45.2
VLM-Grounder GPT-4o 55.2 39.5 45.8 49.4 48.0
SeqVLM Doubao-1.5-vision-pro 58.1 47.4 51.0 54.5 53.2
SPAZER Qwen2.5-VL-72B 60.3 50.9 54.2 57.1 56.0
Z3D Qwen2.5-VL-72B 66.9 44.7 58.3 55.8 56.8

Z3D Qwen3-VL-8B-Thinking 59.6 47.4 54.2 53.9 54.0
Z3D Qwen3-VL-30B-Thinking 66.2 47.4 57.3 57.8 57.6
Z3D Qwen3-VL-235B-Thinking 68.4 47.4 58.3 59.1 58.8

Table 5: Evaluations of 3DVG from point clouds on 250 scenes subset from Nr3D.

model’s performance. According to the experi-
ments on ScanRefer, the more images, the bet-
ter (Tab. 7). Since the reconstruction quality is
highly correlated with the coverage of a scene, this
conclusion can be expected. Existing approaches
use a comparable number of images, e.g., VLM-
Grounder takes up to 60 images and VG LLM uses
24 images. Still, after the view selection procedure,
all methods reason based on fewer images: 3 in
Z3D, 7 in VLM-Grounder, or 6 in VG LLM.

DUSt3R vs. DROID-SLAM To investigate
how dependent is our pipeline on the reconstruc-
tion quality, we replace DUSt3R with DROID-
SLAM (Teed and Deng, 2021). According to
Tab. 8, this leads to a massive drop of scores: appar-
ently, DROID-SLAM cannot deliver the sufficient
quality produce to localize and recognize 3D ob-
jects reliably.

Inference time We measure inference time
component-wise and report the performance in
Tab. 6. The most time-consuming part of our
pipeline is MaskClustering, while other compo-
nents are executed relatively fast. Overall, Z3D is
on par with the zero-shot baseline VLM-Grounder.

C Qualitative Results

ScanRefer Fig. 2 depicts Z3D predictions on
ScanRefer from all types of inputs: images solely,
images with poses, and images with poses and

Method Step Time (s) Total (s)

Z3D

MaskClustering 56.3

61.0
CLIP view selection 0.001
VLM view selection 1.5

SAM3-Agent 2.8
multi-view aggregation 0.4

SPAZER
view selection 5.2

23.5candidate object screening 8.5
3D-2D decision-making 9.8

VLM-Grounder - - 50.3

Table 6: Inference time of each step in Z3D.

# Images
Images Images + camera poses

Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

15 20.3 8.5 32.6 17.1
45 30.0 12.7 41.1 24.0

Table 7: Results of Z3D from images with and without
poses on ScanRefer 250-scenes subset with varying
number of images.

Method Acc@0.25 Acc@0.5

DROID-SLAM → Z3D 14.3 4.8
DUSt3R → Z3D 30.0 12.7

Table 8: Results of Z3D from images on ScanRefer 250-
scenes subset with different pose estimation methods.
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Ground Truth Z3D predictions from Text promptImages + Poses + Depths Images + Poses Images

The brown piano is to the
right of the double doors.
There are a red and blue
case to the left of the piano.

The toilet is in the back of
the room. it is to the right
of the toilet paper and
to the left of the sink.

The couch has two stools
to its left and a black chair
in front. The couch is dark
green and has two seats.

Figure 2: Qualitative results of Z3D on ScanRefer.

Ground Truth Z3D Text prompt

The trash can below the
hand sanitizer and next
to the wet floor sign.

The monitor at the
desk with the red chair
facing the wrong way

The table that is next
to the wall and has a green
bucket underneath it.

Figure 3: Qualitative results of Z3D on Nr3D.

Ground Truth Z3D Text prompt

In a row of three monitors,
the middle monitor.

The bed next to the dresser,
it is the pillow in the back,
closest to the nightstand.

Figure 4: Failure cases of Z3D on Nr3D.

depths. Comparison on the same scene shows how
additional inputs contribute to the quality.

Nr3D Predictions on Nr3D given images with
poses and depths are shown in Fig. 3. Nr3D bench-
mark provides ground truth 3D bounding boxes,
from which the only one should be selected as
an answer; accordingly, predicted boxes is strictly
equal to ground truth ones if the guess is correct.

Failure cases We analyzed failure cases and iden-
tified a typical pattern. As can be observed in Fig. 4,
our model sometimes fails to select the object in
the presence of multiple similar objects in a scene:
monitors (top row), pillows (bottom row).
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