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SAM-Zero3D: Extending Segment Anything to Zero Shot 3D Scene

Segmentation via Iterative Global–Local Interaction
Dejun Zhang, Member, IEEE, Shifeng Xu, Yanzi Bai, Yiqi Wu, Member, IEEE, and Jun Liu, Senior Member, IEEE

Abstract—Lifting multi-view 2D masks generated by the Seg-
ment Anything Model (SAM) into 3D space offers a promis-
ing direction for zero-shot 3D scene segmentation, but view-
dependent occlusions and limited fields of view often cause
incomplete observations and cross-view inconsistencies, result-
ing in fragmented semantics and geometric misalignment. To
address this, we propose SAM-Zero3D, which extends SAM
to the 3D domain through a structured fusion pipeline with
two complementary branches. The global anchor point-guided
branch projects 3D anchors into multi-view masks to construct
a cross-view affinity graph, identifies consistent mask groups
via connected component analysis, and assigns 3D masks via
majority voting and nearest-neighbor propagation. The local
geometry-driven branch partitions the point cloud into fine-
grained regions, estimates region-level semantic similarity from
aggregated mask distributions, and progressively merges similar
regions through a multi-stage merging strategy. An iterative
global–local interaction further refines both branches by aligning
global semantic priors with local geometric cues. Extensive
experiments on ShapeNetPart, ScanNetV2, and ScanNet200 show
that SAM-Zero3D significantly outperforms existing zero-shot
baselines, achieving accurate and structure-aware segmentation
without any 3D training or supervision.

Index Terms—point cloud, zero-shot 3D segmentation, segment
anything, multi-view.

I. INTRODUCTION

Point cloud semantic segmentation, a core task in 3D scene
understanding, plays a vital role in applications such as scene-
level semantic parsing [1], point cloud compression [2], and
autonomous driving [3]. This task aims to assign seman-
tic labels to each point in an unordered 3D point cloud,
thereby enabling detailed parsing of complex spatial structures.
While deep learning has achieved remarkable progress in this
field, current approaches heavily rely on large-scale annotated
datasets [4]. However, acquiring accurate 3D annotations is
notoriously labor-intensive and demands significant domain
expertise, which severely hinders scalability and deployment
in real-world scenarios [5].

To alleviate the annotation burden, recent efforts have ex-
plored few-shot and zero-shot 3D segmentation by leveraging
cross-modal semantic embedding [6], language-guided super-
vision [7], or multi-view 2D detection [8]. Despite promis-
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ing results, these methods face three key limitations: (1) a
strong dependence on large-scale pretrained language models,
which constrains generalization to unseen categories and open-
vocabulary scenarios; (2) the reliance on task-specific and
pretrained point cloud encoders, which limits adaptability in
genuine zero-shot conditions; and (3) insufficient cross-view
alignment and limited 3D structural reasoning, often leading
to performance degradation in occluded or geometrically com-
plex scenes.

Segment Anything Model (SAM) [9] has emerged as a
powerful foundation model for zero-shot 2D image segmenta-
tion. It generates high-quality segmentation masks from simple
prompts without relying on language inputs or additional train-
ing, demonstrating strong generalization to unseen categories
and domains. This capability motivates an alternative paradigm
that leverages SAM for training-free 3D scene segmentation by
lifting multi-view 2D masks into 3D space [10], as illustrated
in Fig. 1. This paradigm has gained increasing attention due to
its simplicity, efficiency, and potential for general-purpose 3D
perception. However, point cloud sparsity and view-dependent
occlusions often lead to semantic inconsistency and poor
alignment when directly fusing multi-view 2D masks, severely
limiting segmentation accuracy.
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Fig. 1. An alternative paradigm for zero-shot 3D segmentation via multi-
view masks from SAM. Given a 3D scene, SAM performs 2D segmentation
on rendered views, and the resulting masks are back-projected into 3D space
to enable training-free segmentation.

To address these challenges, we propose SAM-Zero3D, a
training-free framework for zero-shot 3D point cloud segmen-
tation by transferring multi-view 2D masks generated by the
Segment Anything Model (SAM) into the 3D domain. Instead
of relying on trained 3D encoders or language supervision,
SAM-Zero3D introduces a structured fusion pipeline that
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enforces both semantic consistency and geometric alignment
across views. Specifically, we develop two complementary
branches: a global anchor point-guided branch, which
samples high-visibility 3D anchor points, projects them into
multiple views, and constructs an affinity graph to align 2D
masks across views; and a local geometry-driven branch,
which partitions the point cloud into fine-grained geometric
regions, projects them into multiple views, estimates seman-
tic similarity from aggregated 2D mask distributions, and
iteratively merges similar regions via a threshold-controlled
strategy. To integrate global structure with local detail, we
further introduce an iterative global–local interaction module
that jointly refines both branches in a mutually reinforcing
manner. Through this design, SAM-Zero3D achieves accurate
and spatially coherent segmentation without any 3D training
or supervision.

SAM-Zero3D directly addresses the challenges of lifting
multi-view 2D masks into 3D space. Occlusions and incom-
plete observations are mitigated by sampling high-visibility
3D anchor points and leveraging their multi-view projections
as stable correspondence cues. Cross-view inconsistencies
are alleviated through an anchor-induced affinity graph over
2D mask patches, enabling robust cross-view association.
Fragmented semantics are handled by a local geometry-
driven branch that progressively merges regions based on the
similarity between aggregated multi-view mask distributions.
Geometric misalignment and boundary ambiguities are further
reduced via an iterative global–local interaction, in which
global instance assignments guide local merging and refined
local regions update the global instance regions.

We validate SAM-Zero3D on three representative bench-
marks—ShapeNetPart [11], ScanNetV2 [12], and Scan-
Net200 [13]—covering synthetic geometry, real-world indoor
scenes, and long-tail open-vocabulary categories. The results
show that SAM-Zero3D consistently outperforms existing
zero-shot baselines, demonstrating strong generalization, ro-
bustness to occlusion, and scalability for training-free 3D
segmentation.

Our main contributions are summarized as follows:
• SAM-Zero3D, a training-free framework, is proposed to

transfer multi-view 2D masks from the Segment Anything
Model (SAM) into 3D space, enabling semantic under-
standing without training, annotations, or 3D proposals.

• A global anchor point-guided branch is introduced to
sample 3D anchor points, project them into multiple
views, and construct an affinity graph over 2D masks
for robust cross-view mask alignment and consistent 3D
mask assignment.

• A local geometry-driven branch is developed to partition
the point cloud into fine-grained geometric regions, ag-
gregate multi-view 2D masks for estimating region-level
semantic similarity, and merge similar regions through a
multi-stage merging strategy.

• An iterative global–local interaction mechanism is pro-
posed to integrate global semantic priors and local geo-
metric details, where the former reweights region-level
similarity and the latter updates global 3D masks via
region-based overlap analysis.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III details the proposed
SAM-Zero3D framework. Section IV introduces the datasets
and implementation details, followed by quantitative and qual-
itative results, comparisons with state-of-the-art methods, and
ablation studies. Finally, Section V concludes the paper.

II. RELATED WORK

We review related work in three areas relevant to our
approach: (1) geometry-aware methods for supervised point
cloud segmentation, (2) zero-shot and open-vocabulary seg-
mentation methods for unseen categories, and (3) SAM-based
training-free 3D segmentation frameworks.

A. Point Cloud Semantic Segmentation

Point cloud semantic segmentation aims to assign a se-
mantic label to each point in a 3D space and serves as a
fundamental task in 3D scene understanding. Early works typ-
ically transformed point clouds into structured formats through
voxelization or 2D projections. Examples include voxel-based
methods like VoxNet [14] and projection-based models such
as SqueezeSeg [15]. However, these approaches often suffer
from spatial resolution loss and geometric distortion.

PointNet [16] pioneered methods for directly learning point-
wise features from unordered 3D point sets, removing the need
for voxelization or mesh conversion. PointNet++ [17] extended
this by hierarchically aggregating neighborhood features to
capture local geometric structures. KPConv [18] introduced
deformable convolutional kernels for improved local shape
modeling. PointTransformer [19] employed attention mech-
anisms to enhance structural and semantic representation.
More recently, SGIFormer [4] addressed instance query ini-
tialization and global–local feature fusion by incorporating
semantic-guided queries and geometry-enhanced interleaving
transformer blocks.

In recent years, few-shot point cloud segmentation has
gained attention, focusing on fast generalization to new cate-
gories with limited labeled support. For example, attMPTI [20]
proposes a prototype-query attention propagation mechanism
for label transfer; PAP [21] introduces prototype alignment to
address intra-class viewpoint variations; QGE [22] leverages
background prototypes for context-aware refinement. More
recent works such as CoNet [23] and SQFI [24] focus on
bridging the feature gap between support and query sets
through co-occurrence mining and feature interaction, respec-
tively. However, these methods still rely on explicit supervision
from the support set and are not applicable to open-world, fully
zero-shot scenarios.

B. Zero-Shot and Open-Vocabulary 3D Segmentation

To bypass the need for annotated 3D data, researchers have
explored zero-shot 3D recognition [25] and segmentation [6],
[26] by transferring knowledge from vision-language models.
PointCLIP [6] first adapted CLIP [27] to 3D by rendering
multi-view images and aligning them with text embeddings
for open-vocabulary segmentation. ULIP [26] extended this
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paradigm by jointly optimizing point cloud, image, and text
encoders to improve cross-modal generalization.

Subsequent methods such as CG3D [28] introduced learn-
able visual prompt tuning to alleviate spatial misalign-
ment between 2D and 3D features. CLIP2Point [29] and
Openscene [30] leveraged pixel-level feature distillation and
multi-view retraining to improve semantic transfer. Point-
CLIPv2 [31] further integrated GPT-generated prompts and
dense rendering to enhance 2D–3D consistency and segmen-
tation granularity under open-vocabulary conditions.

Additionally, GeoZe [32] incorporated geometric priors like
surface normals and curvature into the feature fusion pro-
cess, improving zero-shot generalization on unstructured point
clouds. Nonetheless, two major limitations remain: (1) several
methods still require fine-tuning on point cloud encoders (e.g.,
ULIP [26], CG3D [28], GeoZe [32]), limiting deployment
flexibility; (2) distillation-based approaches from 2D to 3D
(e.g., CLIP2Point [29], OpenScene [30]) are vulnerable to
semantic degradation and loss of structural details under
occlusions or missing views.

C. Segment Anything and 3D Extension

The Segment Anything Model (SAM) [9], developed by
Meta AI, is a vision foundation model capable of zero-
shot 2D segmentation from arbitrary prompts. Its promptable
design and strong generalization ability have enabled broad
adoption across diverse image segmentation tasks. However, as
a generic 2D model, SAM still exhibits limitations in complex
semantic reasoning, fine-grained mask quality, and consistency
across temporal sequences.

Recent works have extended SAM along these directions in
2D images and videos. LISA [33] enhances SAM with large
language models to support reasoning-based segmentation
from implicit and complex textual queries. HQ-SAM [34]
improves mask fidelity by refining SAM’s output for objects
with intricate structures while preserving its zero-shot and
promptable nature. VRS-HQ [35] extends SAM to video rea-
soning segmentation by modeling spatiotemporal consistency
across frames. While these methods significantly advance
SAM in reasoning, mask quality, and temporal modeling, they
primarily focus on 2D or video domains and do not address
the problem of multi-view 2D-to-3D semantic transfer.

To adapt SAM for 3D scene understanding, recent works
explore lifting its 2D masks from multi-view images into 3D
space. OpenMask3D [36] extends SAM to open-vocabulary
3D instance segmentation by generating class-agnostic masks
and computing CLIP-based features via multi-view refinement,
enabling instance retrieval with free-form textual queries.
SAM3D [10] transfers SAM-generated masks from posed
RGB images to the 3D point cloud, followed by iterative
bidirectional merging to construct full-scene instance masks
without any training. SAMPro3D [37] further improves cross-
view consistency by selecting and aligning prompt locations
in 3D, consolidating multiple 2D segments into coherent 3D
instances. Collectively, these efforts demonstrate the potential
of leveraging 2D foundation models such as SAM for 3D
segmentation with minimal or no 3D supervision.

Different from prior SAM3D-style approaches that lift
SAM masks to 3D via frame-wise projection and bottom-
up merging, our method adopts a scene-centric structured
fusion paradigm. By introducing anchor-based cross-view 2D
mask alignment, region-level similarity estimation, and itera-
tive global–local interaction, the proposed method explicitly
enforces global consistency and geometric coherence in 3D
space, rather than relying on local frame adjacency. This
structured fusion design enables more stable and interpretable
3D segmentation, particularly in cluttered indoor scenes.

III. METHOD

This section first revisits the Segment Anything Model
(SAM)(Sec. III-A), which produces 2D segmentation masks
from multi-view images. We then present the overall pipeline
of our framework, SAM-Zero3D (Sec. III-B), which transfers
these masks into 3D point cloud segmentations in a training-
free, zero-shot manner. Sec. III-C introduces the global anchor
point-guided branch for multi-view mask alignment. Sec. III-D
describes the local geometry-driven branch for region-level
semantic merging. Finally, Sec. III-E outlines the iterative
global–local interaction module that integrates global seman-
tics with local geometric details for joint refinement.

A. A Revisit of Segment Anything

The Segment Anything Model (SAM) [9] is a recently
proposed foundation model for general-purpose image seg-
mentation. It adopts a promptable Transformer architecture
comprising an image encoder (typically a Vision Trans-
former [38]), a prompt encoder, and a mask decoder. Given
user-defined prompts such as points, boxes, or coarse masks,
SAM generates high-quality 2D segmentation masks without
fine-tuning and demonstrates strong zero-shot generalization
across categories and domains.

Benefiting from pretraining on large-scale natural image
datasets, SAM is capable of recognizing and segmenting novel
objects in unseen scenes without additional supervision. This
makes it particularly attractive for 3D perception tasks where
semantic annotations are costly or unavailable.

Formally, given a 2D image I(t) from the t-th view, SAM
predicts the corresponding 2D segmentation mask M(t) as:

M(t) = SAM(I(t)), (1)

where SAM(·) denotes the segmentation model. Applying
SAM to all T image views yields a set of 2D masks:

M =
{

M(t) ∈ RH×W
}T

t=1
.

However, as a purely 2D model, SAM lacks the capability
for multi-view reasoning and 3D geometric understanding. Di-
rectly applying it to point cloud segmentation is suboptimal, as
it fails to ensure spatial consistency and cross-view alignment.
To address these limitations, we propose a structured fusion
pipeline that transfers rich semantic cues from 2D masks into
3D space.
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Fig. 2. Overview of the SAM-Zero3D framework. Multi-view images are rendered from the input point cloud and segmented by SAM. The 2D masks are
fused via (a) a global anchor point-guided branch and (b) a local geometry-driven branch. Their outputs are refined through (c) an iterative global–local
interaction to produce the final segmentation.

B. Overview of the SAM-Zero3D Framework

SAM-Zero3D performs zero-shot 3D scene segmentation by
transferring multi-view 2D masks into 3D space, as illustrated
in Fig. 2. Given a 3D point cloud and its corresponding multi-
view RGB images, we first use SAM to automatically generate
class-agnostic 2D segmentation masks for each view without
any manual prompts. The point cloud, images, and masks are
then processed in parallel by two complementary branches in
our framework.

In the global branch, we sample a set of 3D anchor points
via farthest point sampling and filter them based on multi-
view visibility. The projected anchors guide cross-view mask
association through overlap analysis, forming an affinity graph
over 2D mask patches. A graph-based propagation strategy
then assigns consistent 3D masks across the point cloud.

In the local branch, the point cloud is partitioned into
regions using the region growing segmentation algorithm [39].
To estimate semantic similarity between regions, we project
each region into multiple views and aggregate the correspond-
ing 2D mask distributions. A multi-stage, threshold-controlled
merging strategy then combines similar regions into fine-
grained 3D segments.

Finally, the iterative global–local interaction module
bridges the two branches. Global 3D masks are used to
reweight local region similarities, while refined local segments
update the global 3D masks. This iterative feedback improves
both semantic consistency and boundary accuracy in the final
3D segmentation.

C. Global Anchor Point-guided Segmentation

To align multi-view 2D masks in 3D space, we construct a
global anchor point-guided segmentation branch. It comprises

three key steps: sampling high-visibility anchor points, associ-
ating 2D mask patches through anchor overlaps, and assigning
3D masks via an affinity graph.

1) Anchor Point Sampling and Filtering: Given a 3D scene
P = {pi ∈ R3}Mi=1, where M denotes the number of
points in the input point cloud, and its corresponding multi-
view image sequence I = {I(t) ∈ RH×W×3}Tt=1, where
T denotes the number of rendered views, we first sample a
set of representative 3D anchor points X = {xi}Ni=1, where
N denotes the number of sampled anchor points, from the
point cloud P using farthest point sampling, ensuring global
coverage across the scene.

To facilitate cross-view 2D masks alignment, each 3D
anchor point is projected into every view. For datasets with
known camera intrinsics K(t) and extrinsics E(t), the projec-
tion of xi into view t is computed as:

y(t)i = K(t) · E(t) ·
[

xi
1

]
. (2)

If camera parameters are unavailable, we apply the sparse
visual projection module from PointCLIP-v2 [31] to obtain:

y(t)i = SVP(t)(xi) , (3)

where SVP(t)(·) denotes a learned projection from 3D coor-
dinates to 2D image space.

Figure 3 illustrates the anchor point generation process.
Since each view only captures part of the scene due to
occlusions and limited fields of view, anchor point visibility
may vary across views. We define the visibility of xi in view
t as V(y(t)i ) ∈ {0, 1}, where 1 indicates that the anchor point
is visible. The average visibility of anchor point xi across all
views is:

Vi =
1

T

T∑
t=1

V
(

y(t)i

)
. (4)
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Fig. 3. Anchor point generation process. Sampled 3D points are projected
into multi-view images using either perspective projection (with camera
parameters) or a learned sparse visual projection module (without camera
parameters), and visible points are retained for cross-view 2D mask alignment.

We retain only those anchor points with visibility score Vi ≥
τv for subsequent steps to ensure robustness.

2) Cross-View 2D Mask Alignment: To estimate the affinity
between 2D mask patches across different views, visible 3D
anchor points are used as geometric correspondence cues. For
any two patches M

(t)
i and M

(t′)
i′ , the anchor-based affinity is

defined as:

A
(
M

(t)
i ,M

(t′)
i′

)
=

∣∣∣S(M (t)
i

)
∩ S

(
M

(t′)
i′

)∣∣∣
min

(∣∣∣S(M (t)
i

)∣∣∣ , ∣∣∣S(M (t′)
i′

)∣∣∣) , (5)

where S(·) denotes the set of visible 3D anchor points whose
projections fall inside the corresponding 2D mask patch.

A graph G = (V, E) is constructed, where each vertex
represents a 2D mask patch, and an edge is added if the affinity
between two patches exceeds a threshold τa:

E
(
M

(t)
i ,M

(t′)
i′

)
=

{
1, if A

(
M

(t)
i ,M

(t′)
i′

)
≥ τa,

0, otherwise.
(6)

Depth-first search is applied to identify the connected com-
ponents {Ck}Kk=1 of the graph G. Each connected component
Ck corresponds to a cross-view consistent 3D instance hypoth-
esis induced by multi-view mask agreement and is assigned
a unique instance index k. Accordingly, each 2D mask patch
M

(t)
i is associated with an instance index:

π
(t)
i ← k if M

(t)
i ∈ Ck. (7)

This process establishes cross-view consistent instance identi-
ties for all 2D mask patches, which are subsequently used for
point-wise 3D mask assignment.

3) 3D Mask Assignment & Propagation: To assign a 3D
mask to each point in the point cloud, we back-project each
3D point pi into all views where it is visible. Let Vi denote the
set of views in which the 3D point pi has a valid projection.
For each view t ∈ Vi, if the projection of pi falls inside a
2D mask patch M

(t)
j , the corresponding instance index π

(t)
j is

retrieved. The final 3D mask of pi is determined by a voting
scheme over all visible views:

M3D
i ← argmax

k

∑
t∈Vi

I
(
π
(t)
j = k

)
, (8)

where I(·) is the indicator function.
After this step, some points may still remain unassigned due

to invisibility in all views. For these points, we apply nearest-
neighbor propagation:

M3D
i ←M3D

argmin
j
∥pi − pj∥2

, (9)

where pj denotes the nearest point with an assigned 3D mask.
This post-processing step completes the 3D mask assignment
by covering the remaining points without valid projections.

D. Local Geometry-driven Segmentation

To capture fine-grained 3D structures, we introduce a local
geometry-driven segmentation branch that first partitions the
3D scene into regions, then estimates their semantic similarity
by aggregating multi-view 2D masks. A multi-stage merging
strategy is subsequently applied to progressively group similar
regions into coherent instances.

1) Local Geometric Over-segmentation: We first partition
the 3D point cloud P into a set of local regions R = {Ri}Di=1

using region growing segmentation [39], which clusters points
based on normal similarity and spatial continuity. This over-
segmentation produces geometrically consistent patches well-
suited for region-level semantic analysis. To support efficient
neighborhood queries, we build a KD-Tree [40] over region
centroids and construct a spatial adjacency graph.

2) Region-level Semantic Similarity Estimation: To esti-
mate the semantic similarity between regions, we utilize
segmentation information provided by SAM. Specifically, each
3D region Ri is projected into the image plane of view t,
yielding a 2D area A

(t)
i . We then extract the corresponding 2D

masks, and obtain a mask vector v(t)i by counting the frequency
of each 2D mask within A

(t)
i . This vector characterizes the

semantic composition of region Ri in the given view.

Image (view #1080) 2D masks

4 example regions3D region set Mask distribution

Projected 2D masks

L-Top R-Top

L-Leg
R-Leg

L-Top

R-Top

L-Leg

R-Leg

Fig. 4. Example of region-level semantic similarity estimation. Four rep-
resentative 3D regions, namely left tabletop (L-Top), left table leg (L-Leg),
right tabletop (R-Top), and right table leg (R-Leg), are projected onto a single
image view for illustration.

As illustrated in Fig. 4, semantic similarity between re-
gions can be analyzed by examining the distributions of their
associated 2D masks. In this example, four representative
regions corresponding to the left tabletop, left table leg, right
tabletop, and right table leg are visualized. For each region, the
distribution of associated 2D masks is presented as a stacked
bar chart, which enables an intuitive comparison of semantic
composition across regions. Regions belonging to the same
object category exhibit similar distribution patterns, whereas
semantically distinct regions show clearly different profiles.
This observation motivates grouping semantically similar re-
gions while maintaining separation between unrelated regions
during the region merging process.
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To quantify the semantic similarity between two regions Ri

and Rj in view t, we compute the cosine similarity between
their mask vectors:

S
(t)
i,j =

v(t)i · v
(t)
j

∥v(t)i ∥ · ∥v
(t)
j ∥

. (10)

Since not all regions are visible in every view due to
occlusions or limited fields of view, we aggregate similarity
values across views using an average over valid observations:

S̄i,j =

∑T
t=1 I(S

(t)
i,j > 0) · S(t)

i,j∑T
t=1 I(S

(t)
i,j > 0) + ϵ

, (11)

where I(·) is the indicator function and ϵ is a small constant
to avoid division by zero. The resulting similarity matrix S̄ ∈
RD×D captures pairwise semantic similarity and supports the
subsequent region merging process.

3) Similarity-Aware Region Merging: As illustrated in
Fig. 2(b), the similarity-aware region merging (SRM) module
takes two inputs: the 3D region set R = {Ri}Di=1 obtained
from geometric over-segmentation, and the region-level se-
mantic similarity matrix S̄ ∈ RD×D computed by the region
similarity estimation module.

The similarity matrix S̄ is computed once from the ini-
tial region set and reused throughout the merging process.
Based on this matrix, the SRM module performs a multi-
stage merging procedure internally by applying a sequence of
decreasing similarity thresholds to iteratively merge seman-
tically consistent regions. Specifically, the merging process
proceeds over K stages using a descending threshold schedule
τ1 > τ2 > · · · > τK .

At each stage k, region pairs (Ri, Rj) are merged if their
similarity exceeds the current threshold, i.e., S̄i,j ≥ τk. This
scheme ensures that high-confidence, fine-grained regions are
merged first, while more relaxed merging in later stages pro-
motes the consolidation of semantically related but fragmented
regions.

By progressively lowering the merging threshold, our strat-
egy avoids premature over-merging and adapts to varying
region scales and structures, ultimately producing accurate and
structurally consistent 3D segmentation.

E. Iterative Global–Local Interaction

The global branch (Sec. III-C) ensures semantic consistency
by aligning multi-view 2D masks via anchor-based fusion,
while the local branch (Sec. III-D) improves boundary ac-
curacy through geometry-aware region merging. To leverage
their complementary strengths—global structure perception
and local detail modeling—we introduce an iterative global–
local interaction mechanism that enables mutual enhancement
between the two branches.

As summarized in Algorithm 1, the global–local interaction
is performed for U iterations. In each iteration, a global-
to-local (G-to-L) step is first applied to update region-level
similarity and the local segmentation, followed by a local-to-
global (L-to-G) step to refine the global 3D masks.

1) Global-to-Local: To incorporate global mask-level in-
formation into region-level similarity estimation, we leverage
the 3D masks produced by the global branch to guide the local
branch.

Specifically, the global branch assigns each point in the
point cloud to a 3D mask, resulting in a set of disjoint 3D
masks. For each geometric region Ri in the over-segmented
region set R = {Ri}Di=1 (Sec. III-D1), the composition of
3D masks within the region is quantified by computing the
proportion of points assigned to each mask:

η
(k)
i =

N
(k)
i∑

k N
(k)
i

, (12)

where N
(k)
i denotes the number of points in region Ri

assigned to the k-th 3D mask.
For any region pair (Ri, Rj), their consistency with respect

to 3D masks is assessed based on the product of their mask-
wise point proportions. To suppress spurious region–mask
associations caused by projection noise, partial visibility, or
boundary inaccuracies, only the dominant contribution is re-
tained:

wi,j = max
k

(
η
(k)
i · η(k)j

)
. (13)

The weight wi,j is used to refine the region-level similarity
S̄i,j computed in Sec. III-D2:

Ŝi,j = (1 + wi,j) · S̄i,j . (14)

The new similarity matrix Ŝ, together with the fixed over-
segmented region set R, is fed into the similarity-aware region
merging module (Sec. III-D3), denoted as SRM(·), to update
the local geometric regions.

2) Local-to-Global: To improve the quality of 3D masks,
especially near object boundaries, we leverage refined local
geometry to update the 3D masks. Specifically, we propose a
3D mask correction mechanism based on region overlap.

Let G = {Gi} denote the set of regions induced by the
global branch, where each region is obtained by grouping
points that share the same 3D mask assignment, and let
L = {Lj} denote the set of geometric regions produced by the
local branch. For each local region Lj , we compute its overlap
with a global region Gi as the ratio |Gi ∩ Lj |/|Gi|. If the
overlap exceeds a threshold τo, Lj is considered to correspond
to the same 3D instance as Gi. Accordingly, the global region
Gi is refined by incorporating the points contained in Lj ,
resulting in an updated global segmentation.

The updated global segmentation is then used as the global
input for the next iteration of the global-to-local update. After
U iterations, the final global segmentation G is taken as the
output.

The global-to-local and local-to-global steps establish a
bidirectional interaction between global 3D masks and local
geometric details, leading to more stable region merging and
more accurate refinement of global 3D masks, particularly in
boundary regions and geometrically complex areas.
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Algorithm 1 Iterative Global–Local Refinement
Require: 3D region set R, global segmentation G, local

segmentation L, similarity matrix S̄
Ensure: Final 3D segmentation G

1: for u = 1 to U do
2: for each region Ri ∈ R do
3: for k = 1 to K do
4: η

(k)
i ← N

(k)
i /

∑
k N

(k)
i

5: end for
6: end for
7: for each region pair (Ri, Rj) do
8: wi,j ← maxk(η

(k)
i · η(k)j )

9: Ŝi,j ← (1 + wi,j) · S̄i,j

10: end for
11: L ← SRM(R, Ŝ)
12: for each local region Lj ∈ L do
13: for each global region Gi ∈ G do
14: γ ← |Gi ∩ Lj |/|Gi|
15: if γ ≥ τo then
16: Gi ← Gi ∪ Lj

17: end if
18: end for
19: end for
20: end for
21: return G

G-to-L

L-to-G

IV. EXPERIMENTS

We evaluate the effectiveness and generalization ability
of SAM-Zero3D from multiple perspectives. Sec. IV-A in-
troduces the three benchmark datasets: ShapeNetPart, Scan-
NetV2, and ScanNet200. Sec. IV-B outlines the experimental
settings and implementation details. Sec. IV-C presents quan-
titative results and comparisons with state-of-the-art methods.
Finally, Sec. IV-D provides ablation studies to analyze the
contribution of each component and validate the overall frame-
work design.

A. Datasets

To evaluate the generalization and robustness of SAM-
Zero3D, we conduct experiments on three representative
datasets: ShapeNetPart (CAD-based), ScanNetV2 (real in-
door), and ScanNet200 (open-vocabulary). These datasets
cover diverse segmentation scenarios, ranging from clean syn-
thetic shapes to cluttered real-world scenes and from limited
to long-tailed category distributions.
ShapeNetPart [11] is a standard benchmark for part-level seg-
mentation, containing 16 object categories and 50 part labels
over 16,881 CAD-based point clouds, each annotated with
2,000-3,000 points including XYZ coordinates and normals.
With its clean geometry and consistent structure, it is well-
suited for evaluating fine-grained segmentation. We generate
multi-view projections using a 3D perception module and
evaluate SAM-Zero3D under a no-camera-parameter setting,
focusing on view alignment and geometric reasoning in syn-
thetic scenes.

ScanNetV2 [12] is a large-scale real-world RGB-D dataset
for indoor semantic understanding, comprising 1,513 scan
sequences and 707 scenes with over 2.5 million RGB-D
frames. Each scene includes camera poses and 3D annotations
for 20 semantic categories. With rich clutter, complex layouts,
and diverse semantics, it serves as a strong benchmark for
testing robustness in noisy and occluded environments. We use
ScanNetV2 to assess SAM-Zero3D’s ability to fuse multi-view
masks and preserve semantic consistency in realistic scenarios.
ScanNet200 [13] extends ScanNet by introducing 200 se-
mantic classes ranging from furniture and decor to small
everyday objects, significantly increasing granularity and label
openness. It features severe class imbalance and long-tail
distributions, along with many zero- and few-shot categories.
This dataset challenges the model’s generalization, open-
vocabulary segmentation, and cross-domain adaptation. We
evaluate SAM-Zero3D on ScanNet200 to validate its perfor-
mance in zero-shot segmentation and its robustness under fine-
grained, large-vocabulary conditions.

B. Implementation Details

All experiments are conducted on a desktop workstation
equipped with an Intel Core i5-13600K CPU (5.1 GHz), 32 GB
RAM, and an NVIDIA RTX 4090 GPU with 24 GB VRAM.
The framework is implemented in PyTorch, and the code is
publicly available on the project website.1 Key experimental
settings are summarized in Table I.

TABLE I
EXPERIMENTAL SETTINGS FOR ZERO-SHOT SEGMENTATION WITH

SAM-ZERO3D ACROSS DIFFERENT DATASETS.

Configuration ShapeNetPart ScanNetV2 ScanNet200

Input points 2048 All All
Multi-view # 10 1/100 1/100
Image resolution 224×224×3 1296×968×3 1296× 968× 3
3D anchors # 64 1/10 1/10
Threshold τa 0.4 0.4 0.4
Merge steps 5 5 5
Merge threshold [0.9:0.1:0.5] [0.9:0.1:0.5] [0.9:0.1:0.5]
Threshold τo 0.3 0.3 0.3
Metric mIoU AP AP, long-tail AP

C. Experimental Results

1) Results on ShapeNetPart: Since SAM-Zero3D performs
instance-level segmentation without predicting explicit seman-
tic labels, we follow the language-guided evaluation protocol
of PointCLIP-V2 [31] to assess its zero-shot capability on
ShapeNetPart [11]. Specifically, we first apply SAM-Zero3D
to segment the point cloud into instance-level regions. These
regions are then projected into multiple 2D views and classi-
fied using CLIP by comparing image features with part-level
text prompts. This process enables semantic labeling without
requiring any annotations or fine-tuning.

Quantitative results are shown in Table II. SAM-Zero3D
achieves a mean IoU of 59.9%, outperforming PointCLIP-V2
(48.4%) and PointCLIP (31.0%) by 11.5 and 28.9 percentage

1https://github.com/djzgroup/SAM-Zero3D

https://github.com/djzgroup/SAM-Zero3D
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TABLE II
ZERO-SHOT PART SEGMENTATION RESULTS ON THE SHAPENETPART DATASET. WE REPORT PER-CATEGORY MIOU (%) AND THE OVERALL MIOU.
OPENSCENE AND PARTDISTILL REPORT RESULTS ON ONLY 10 CATEGORIES, WHILE OTHER METHODS ARE EVALUATED ON ALL 12 CATEGORIES.

mIoU Airp. Bag Cap Chair Earp. Guit. Knife Lap. Mug Rock. Skate Table

# Shapes 2874 341 14 11 704 14 159 80 83 38 12 31 848

PointCLIP [6] 31.0 22.0 44.8 13.4 18.7 28.3 22.7 24.8 22.9 48.6 22.7 42.7 45.5
PointCLIP-V2 [31] 48.4 35.7 53.3 53.1 51.9 48.1 59.1 66.7 61.8 45.5 46.7 45.8 49.8
OpenScene [30] 52.9 34.4 63.8 56.1 59.8 62.6 69.3 70.1 65.4 51.0 - - 60.4
PartDistill [41] 53.8 37.5 62.6 55.5 56.4 55.6 71.7 76.9 67.4 53.5 - - 62.9
SAM-Zero3D 59.9 33.2 63.0 64.7 53.2 51.0 85.7 80.7 73.7 47.9 55.0 50.2 60.4

points, respectively. The performance gains are especially
significant in categories with clear part structure, such as Gui-
tar (85.7%), Knife (80.7%), and Laptop (73.7%). These im-
provements demonstrate that the high-quality 3D segmentation
provided by SAM-Zero3D substantially enhances downstream
zero-shot semantic classification.

Input View 1 SAM 1 GT OursView 2 SAM 2 View 3 SAM 3

Fig. 5. Qualitative results of zero-shot 3D segmentation on ShapeNetPart.
Each column shows the input point cloud, three view projections with
corresponding 2D masks, ground-truth, and the SAM-Zero3D prediction. For
simplicity, only three views are visualized, while our method uses 10 views
per scene during inference.

Figure 5 further visualizes representative examples to quali-
tatively validate our approach. We make two key observations:
(1) Although 2D masks are often fragmented and inconsistent
across views, SAM-Zero3D effectively integrates them into
unified 3D segments by leveraging anchor-based fusion and
geometry-aware refinement; (2) Compared to ground-truth,
our results exhibit sharper boundaries and more semantically
coherent regions, especially for small parts and intricate struc-
tures.

These results confirm that SAM-Zero3D, by combining
global anchor-guided alignment and local geometric reasoning,
can perform high-quality zero-shot 3D segmentation even in
the absence of supervision and camera parameters.

2) Results on ScanNetV2: We evaluate SAM-Zero3D for
open-vocabulary 3D instance segmentation under a zero-shot
setting using the ScanNetV2 [12] dataset. Since SAM-Zero3D
does not output semantic labels, we incorporate OVSeg [42] to
assign categories based on user-defined textual prompts. Given
a prompt (e.g., “sofa”), OVSeg produces 2D masks for the
input RGB images. These masks are back-projected into 3D
space and matched with SAM-Zero3D’s instance predictions

via Intersection over Union (IoU). A match is considered valid
if the IoU exceeds 0.5, allowing us to infer category labels
without any 3D supervision.

TABLE III
ZERO-SHOT OPEN-VOCABULARY 3D INSTANCE SEGMENTATION ON

SCANNETV2 DATASET.

Method Open-vocab Train Set AP AP@50 AP@25

Mask3D [43] × S3DIS 31.1 44.9 58.0
Mask3D [43] × ScanNetV2 65.7 83.1 91.0
SPFormer [44] × ScanNetV2 56.3 73.9 82.9
SGIFormer [4] × ScanNetV2 58.9 78.4 86.2

UnScene3D [45]
√

− 15.9 32.2 58.5
SAM3D [10]

√
− 20.2 34.0 53.3

SAI3D [46]
√

− 30.8 50.5 70.6
SAMPro3D [37]

√
− 33.8 56.2 75.3

SAM-Zero3D
√

− 35.7 55.0 76.5

As shown in Table III, SAM-Zero3D achieves a mean AP
of 35.7%, outperforming the current best zero-shot method
SAMPro3D (33.8%) by 1.9%. Other baselines such as Un-
Scene3D, SAM3D, and SAI3D perform notably worse. De-
spite being a training-free framework, SAM-Zero3D also
approaches the performance of fully supervised methods like
Mask3D, demonstrating its strong generalization and robust-
ness in complex indoor scenes. This performance stems from
the effective integration of global anchor guidance and local
geometric cues, which enhances structure recovery in occluded
or cluttered environments.

Figure 6 visualizes representative results. Compared to
the fragmented and noisy 2D masks, SAM-Zero3D produces
consistent and structurally complete 3D segmentations, vali-
dating its effectiveness in open-vocabulary indoor settings with
limited supervision.

3) Results on ScanNet200: To further assess the open-
vocabulary semantic instance segmentation capability of
SAM-Zero3D under more challenging conditions, we conduct
zero-shot experiments on the ScanNet200 dataset. Compared
to ScanNetV2, ScanNet200 significantly increases the diffi-
culty by introducing 200 fine-grained categories with highly
imbalanced, long-tailed distributions. This makes it a more
representative benchmark for open-world 3D scene under-
standing.

Since SAM-Zero3D does not produce semantic labels, we
follow OpenMask3D [36] to assign open-vocabulary cate-
gories to the predicted 3D segments. Specifically, Open-
Mask3D’s semantic labeling module matches the input cat-
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Input

View 1

SAM 1

GT

Ours

View 2

SAM 2

Fig. 6. Qualitative results of zero-shot 3D segmentation on ScanNetV2. Each
row shows the input point cloud, two RGB views with 2D masks, ground-
truth, and our SAM-Zero3D results. For clarity, only two views are visualized,
while our method actually utilizes 1% of the available multi-view images
during inference.

egory text with multi-view projections of the predicted seg-
ments, enabling fully annotation-free semantic segmentation.

TABLE IV
SEMANTIC SEGMENTATION RESULTS ON THE SCANNET200 DATASET.

“O.V.”, “3D P.”, “HED.”, “COM.” AND “TAL.” RESPECTIVELY INDICATE
OPEN-VOCABULARY, 3D PROPOSAL, HEAD, COMMON, AND TAIL.

Method O.V. 3D P. AP AP@50 AP@25 Hed. Com. Tal.

ISBNet [47] × − 24.5 32.7 37.6 38.6 20.5 12.5
SPFormer [44] × − 25.2 33.8 39.6 - - -
Mask3D [43] × − 26.9 36.2 41.4 39.8 21.7 17.9
SGIFormer [4] × − 28.9 38.6 43.6 - - -

OpenIns3D [48]
√ √

8.8 10.3 14.4 16.0 6.5 4.2
OpenScene [30]

√ √
11.7 15.2 17.8 13.4 11.6 9.9

OVIR-3D [49]
√ √

13.0 24.9 32.0 14.4 12.7 11.7
OpenMask3D [36]

√ √
15.4 19.9 23.1 17.1 14.1 14.9

OpenScene [30]
√

× 2.8 7.8 18.6 2.7 3.1 2.6
SAMPro3D [37]

√
× 2.7 13.3 20.0 - - -

SAM3D [10]
√

× 6.1 14.2 21.3 7.0 6.2 4.6
SAM-Zero3D

√
× 12.3 18.5 23.2 13.2 10.5 15.7

As shown in Table IV, SAM-Zero3D achieves 12.3% AP,
18.5% AP@50, and 23.2% AP@25 without using any 3D
annotations or training data. It outperforms existing open-
vocabulary baselines such as SAM3D and OpenScene by
a clear margin. More importantly, on rare (tail) categories,
SAM-Zero3D attains 15.7% AP—surpassing all prior open-
vocabulary methods, including proposal-based approaches like

OpenMask3D (14.9%) and OVIR-3D (11.7%).
These results validate the effectiveness of SAM-Zero3D

in capturing fine-grained semantics and generalizing to infre-
quent classes, even in cluttered indoor scenes. Although it lags
behind fully supervised methods like ISBNet and Mask3D in
overall accuracy, SAM-Zero3D demonstrates strong potential
for open-world 3D segmentation in realistic zero-shot settings.

D. Ablation Study

To comprehensively evaluate the effectiveness and design
rationality of each component in SAM-Zero3D, we conduct
a series of ablation experiments on the ScanNetV2 dataset.
All experiments are performed under consistent hardware and
input configurations to ensure fair comparison.

1) Component Ablation of SAM-Zero3D: To evaluate the
effectiveness of each module in SAM-Zero3D, we conduct
ablation studies on the ScanNetV2 dataset under consistent
hardware and input settings. SAM-Zero3D comprises a global
branch, a local branch, and an iterative global–local interaction
module. The global branch further includes 3D anchor point
sampling and cross-view 2D mask alignment. As shown in
Table V, “GB”, “LB”, “G–L”, “Anc.” and “Align.” respectively
indicate global branch, local branch, global–local interaction,
3D anchor points, and cross-view 2D mask alignment.

TABLE V
ABLATION RESULTS OF SAM-ZERO3D COMPONENTS ON THE

SCANNETV2 DATASET.

GB LB G–L AP AP@50 AP@25
Anc. Align.

×
√

× × 20.3 33.4 40.6√ √
× × 22.5 40.2 51.1

× ×
√

× 27.8 43.5 56.3
×

√ √ √
32.6 50.7 73.8√ √ √ √
35.7 55.0 76.5

Using only the cross-view 2D mask alignment module
from the global branch yields limited performance, reflect-
ing the challenge of relying purely on multi-view masks
without geometric anchoring. Introducing 3D anchor points
notably improves segmentation quality, confirming their role
in enhancing cross-view consistency and reducing projection
ambiguity. When only the local geometry-driven branch is
retained, performance surpasses both global-only settings,
demonstrating the advantage of geometric cues in capturing
fine structures beyond what 2D semantics can offer.

Further combining the cross-view 2D mask alignment mod-
ule and the local branch with the interaction mechanism yields
a clear improvement. Even without 3D anchor points, the
global–local interaction enables more consistent semantics
and sharper boundaries by bridging global and local seg-
mentation. The complete SAM-Zero3D—equipped with all
components—achieves the best performance, indicating that
integrating global priors with local geometry in an iterative
manner is essential for robust segmentation under the zero-
shot setting.
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2) Sensitivity to the Number of Global–Local Interaction
Iterations: To evaluate the impact of iterative interaction
between the global and local branches, we conduct a controlled
study on the ScanNetV2 dataset by varying the number
of interaction rounds while keeping all other settings fixed.
Specifically, we set the number of iterations from 0 to 7
to identify an optimal balance between performance and
computational cost.

TABLE VI
QUANTITATIVE ANALYSIS OF THE NUMBER OF GLOBAL–LOCAL

INTERACTION ITERATIONS ON THE SCANNETV2 DATASET.

Iteration Rounds AP AP@50 AP@25

0 22.5 40.2 51.1
1 29.7 45.3 60.3
2 32.2 48.2 65.7
3 33.4 50.8 70.3
4 34.6 52.9 73.4
5 35.7 55.0 76.5
6 35.5 53.7 76.8
7 35.2 53.1 76.6

The results are summarized in Table VI. When the number
of iterations is set to 0, SAM-Zero3D reduces to the global
branch alone, yielding suboptimal results. As the number of
iterations increases, the model consistently improves across
all metrics. The best performance is observed at 5 iterations,
reaching 35.7% AP, 55.0% AP@50, and 76.5% AP@25.
Although using 6 iterations slightly improves AP@25, the
overall AP drops marginally, indicating diminishing returns.

3) Sensitivity to Anchor Point Number: The effect of anchor
point density is evaluated by varying the sampling ratio, as
shown in Table VII. As the sampling ratio increases from 1/50
to 1/10, AP, AP@50, and AP@25 consistently improve, indi-
cating that denser anchor points facilitate more reliable cross-
view instance alignment. When the sampling ratio is further
increased, performance gains gradually saturate and exhibit
minor fluctuations. This suggests that once sufficient geometric
coverage is achieved, increasing the number of anchor points
yields diminishing returns. Overall, SAM-Zero3D achieves
a favorable balance between performance and efficiency at
moderate anchor point densities.

TABLE VII
SENSITIVITY OF SAM-ZERO3D TO THE ANCHOR POINT SAMPLING RATIO

ON SCANNETV2.

Sampling Ratio AP AP@50 AP@25

1/50 29.0 42.6 64.8
1/30 31.4 49.3 70.5
1/20 33.6 52.1 73.9
1/15 34.3 54.4 75.7
1/10 35.7 55.0 76.5
1/8 35.5 55.3 76.6
1/6 35.2 54.8 76.7
1/5 34.9 54.7 77.0

4) Sensitivity to the Number of Views: Table VIII reports
the performance under different numbers of views. Increasing
the number of views leads to notable improvements in all
metrics, demonstrating that richer multi-view observations

enhance cross-view 2D mask alignment. The best performance
is achieved at a moderate view sampling ratio (around 1/100).
When the number of views continues to increase, performance
degrades, likely due to redundant or inconsistent 2D masks
introduced by excessive views. These results indicate that an
appropriate number of views is crucial for balancing global
coverage and cross-view consistency.

TABLE VIII
SENSITIVITY OF SAM-ZERO3D TO THE NUMBER OF VIEWS FOR

MULTI-VIEW MASK FUSION ON SCANNETV2.

Sampling Ratio AP AP@50 AP@25

1/10 24.6 40.9 66.4
1/25 33.6 49.9 74.8
1/50 34.1 52.1 75.4
1/100 35.7 55.0 76.5
1/125 30.4 45.4 74.1
1/150 28.7 41.3 73.5
1/200 18.6 33.6 66.3
1/250 13.5 31.0 65.4

5) Sensitivity to the Merging Thresholds: The influence
of merging thresholds in the similarity-aware region merg-
ing module is summarized in Table IX. Single-step merging
exhibits high sensitivity to threshold selection: overly high
thresholds result in fragmented regions, while overly low
thresholds cause excessive merging. In contrast, the proposed
multi-stage merging strategy with decreasing thresholds pro-
gressively enhances semantic consistency while preserving
geometric details. Performance improves steadily as the num-
ber of merging stages increases, and the best results are
achieved with five stages using thresholds [0.9:0.1:0.5]. This
demonstrates that progressive region merging provides a more
stable and effective mechanism for integrating local geometry
and global semantics.

TABLE IX
SENSITIVITY TO MERGING THRESHOLD STRATEGIES IN THE

SIMILARITY-AWARE REGION MERGING MODULE ON SCANNETV2.

Strategy Thresholds AP AP@50 AP@25

Single-stage

[0.9] 17.7 36.7 65.8
[0.8] 25.9 37.9 68.6
[0.7] 25.6 46.7 74.8
[0.6] 25.1 36.6 71.0
[0.5] 24.7 31.8 65.0

Multi-stage

[0.9:0.1:0.8] 25.5 35.6 66.7
[0.9:0.1:0.7] 34.3 52.3 70.8
[0.9:0.1:0.6] 34.8 53.3 75.0
[0.9:0.1:0.5] 35.7 55.0 76.5

6) Runtime and GPU Memory Analysis: We analyze the
runtime efficiency and GPU memory usage of SAM-Zero3D
on the ScanNetV2 dataset. Table X reports a module-wise
breakdown of runtime and GPU memory consumption. The
overall runtime is dominated by the multi-view 2D inference
of SAM, while the global branch, local branch, and itera-
tive global–local interaction introduce only limited additional
overhead. Regarding GPU memory usage, the peak consump-
tion is mainly incurred by the SAM inference stage. The
global branch requires moderate GPU memory for affinity
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computation, whereas the local geometry-driven branch and
the global–local interaction are executed on the CPU and
therefore introduce negligible GPU memory overhead. This
hybrid computation strategy enables stable execution under
limited GPU memory without out-of-memory issues.

TABLE X
RUNTIME BREAKDOWN AND PEAK GPU MEMORY USAGE OF

SAM-ZERO3D ON SCANNETV2.

Stage Time (s/scene) GPU Memory (MB)

SAM 45 8,192
Global branch 15 4,620
Local branch 1 0
Global–local interaction 3 0
SAM-Zero3D(Total) 64 8,192 (max)

E. Intermediate Result Visualization and Analysis

To better illustrate how each component contributes to the
final segmentation, we provide qualitative visualizations of key
intermediate results along the pipeline.

1) Effect of Cross-view Mask Alignment: To illustrate the
effect of cross-view 2D mask alignment, Fig. 7 presents a
comparison of 2D mask patches before and after alignment
across viewpoints. In the second row, SAM-generated masks
use view-dependent colors, causing 2D mask patches corre-
sponding to the same 3D instance to appear with different
colors across views. After applying the proposed anchor-
based affinity graph and connected component analysis, mask
patches associated with the same 3D instance are consistently
grouped across views, as shown in the third row. The resulting
aligned mask groups provide reliable cross-view consistency
for subsequent 3D mask assignment.

#0 #100 #200 #300 #400 #500

Fig. 7. Cross-view grouping of 2D masks under different viewpoints. The
first row shows input RGB images, the second row shows class-agnostic 2D
masks from SAM, and the third row shows cross-view aligned mask groups.

2) Effect of Similarity-Aware Region Merging: To demon-
strate the effectiveness of the similarity-aware region merg-
ing strategy, we visualize intermediate results from multiple
merging stages on several scenes. As shown in Fig. 8, the
merging process is performed in five stages with progressively
relaxed thresholds. In early stages, only highly similar regions
are merged, yielding fine-grained but semantically consistent
structures. As the merging proceeds, semantically related
yet spatially separated regions are gradually integrated into
more complete object instances. These results show that the
proposed multi-stage strategy mitigates region fragmentation
while avoiding premature over-merging.

Point Clouds 3D region set Stage 1 Stage 2 Stage 3 Stage  4 Stage  5

Fig. 8. Intermediate results of multi-stage region merging. Starting from the
initial 3D region set, regions are progressively merged over five steps, showing
the gradual aggregation from fragmented local regions to coherent object-level
segments.

3) Effect of Iterative Global–Local Interaction: We further
visualize the intermediate results of the iterative global–local
interaction process. As shown in Fig. 9, the interaction is
performed for five iterations. In each iteration, the global seg-
mentation is used to refine the region-level similarity matrix,
followed by similarity-aware region merging to update local
regions, which are then used to refine the global segmentation.
As iterations proceed, the similarity matrix exhibits clearer
block structures, local regions become more semantically co-
herent, and global segmentation boundaries are progressively
refined. These visualizations provide intuitive evidence of
the mutual refinement between global semantics and local
geometry.

1st 2nd 3rd 4th 5th

Fig. 9. Evolution of segmentation results during iterative refinement. Each
row shows the region-level similarity matrix, global segmentation, and local
segmentation at different iterations.

V. CONCLUSION

In this paper, we introduced SAM-Zero3D, a training-free
framework for zero-shot 3D scene segmentation that transfers
2D masks from the SAM into 3D point clouds through
structured multi-view fusion. Unlike existing approaches that
rely on supervised 3D encoders or language-driven models,
SAM-Zero3D eliminates the need for annotations, training,
or 3D proposals by combining two complementary branches:
a global anchor point-guided branch for cross-view mask
alignment, and a local geometry-driven branch for fine-grained
region merging. An iterative global–local interaction further
integrates global semantics with local geometric structure to
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enhance segmentation accuracy and consistency. Extensive
experiments on ShapeNetPart, ScanNetV2, and ScanNet200
demonstrate that SAM-Zero3D consistently outperforms ex-
isting zero-shot baselines, particularly in open-vocabulary and
long-tailed settings, achieving accurate and structure-aware 3D
segmentation without any 3D supervision.

Despite these promising results, SAM-Zero3D is primar-
ily designed for offline, training-free, and open-vocabulary
3D scene segmentation. Its performance depends on several
factors inherent to this setting, including multi-view avail-
ability, 2D mask quality, and the choice of hyperparame-
ters. In large-scale outdoor scenes, point clouds are typically
sparser and effective views are more limited, which poses
additional challenges for multi-view mask lifting and cross-
view semantic consistency. As a result, the current framework
is not directly optimized for such scenarios without further
adaptation. Future work will explore lightweight learnable
components to improve robustness under sparse-view and
sparse-point conditions, while preserving the low-annotation-
cost advantage of the proposed approach.
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