MV3DIS: Multi-View Mask Matching via 3D Guides for Zero-Shot
3D Instance Segmentation

Supplementary Material

A. Implementation Details

Region-level affinity. Given the superpoint graph, let /(%)
denote the neighbors of S; in the superpoint graph, and let
Ny (i) = N (i) N Uy be the subset of neighbors that be-
long to region Uy. In region growing, the weighted affinity
A(Uyg, S;) between a candidate superpoint S; and the re-
gion Uy, is defined as the weighted average of affinity scores
A; jover S; € Ny(i):
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where w;; = 7, with d;; denoting the Euclidean distance
ij

between S; and S;, and n; the number of points contained
in superpoint S;. The weight function w;; prioritizes neigh-
bors that are closer and contain more points.

Algorithm 1 Superpoint Merging on the Superpoint Graph

Require: Superpoints {S;}Y*,, adjacency N (i), affinity
matrix A with entries A; ;, point counts n, = |S,|,
merging threshold Tierge

Ensure: 3D segments {Uj } ",

1: Assigned|i] < false fori =1,..., Ny
2:k+0
3: while there exists ¢ with Assigned|i] = false do

4: s« any i with Assigned[i] = false

55 k+k+1

6: Uy {S}

7:  Initialize an empty queue )

8:  @.push(s)

9:  Assigned[s] < true

10:  while @ is not empty do

1: p < Q.pop()

12: for each i € N (p) with Assigned[i] = false do
13: Ni(i) N (i) N U

14: if Vi, (7) # (0 then

15: a + A(Uyg,S;) {by (1)}
16: if a > Terge then

17: Ui + U U{i}

18: Assigned[i] < true
19: Q.push(7)

20: end if

21: end if

22: end for

23:  end while
24: end while

Region refinement. Region growing Algorithm | greed-
ily assigns each superpoint to the first region whose affinity
exceeds the merging threshold. This may lead to subopti-
mal assignments, especially for boundary superpoints that
are adjacent to multiple regions with comparable affinities.
To further improve the segmentation quality, we recompute
the superpoint affinity matrix using the refined 2D segmen-
tation maps {LE}7 ;. We then refine the initial segments
by reassigning superpoints to neighboring regions with the
highest region-level affinity. To balance performance and
efficiency, we limit the number of region changes per su-
perpoint by I,,x, which is set to 2 by default and is not
extensively tuned in our experiments. The refinement pro-
cedure is summarized in Algorithm 2.

Parameter settings. All experiments are conducted on a
single NVIDIA RTX 3090 GPU. We set the merging thresh-
old Tyerge to 0.7 for the ScanNet++ and Replica, and 0.5 for
the ScanNetV2, ScanNet200, and Matterport3D.
Evaluation settings. Following prior works [5, 10, 13, 14],
we ignore instances labeled as “wall” or “floor” in the Scan-
NetV2 and ScanNet200 datasets. For ScanNet++, we em-
ploy all ground-truth labels provided for the instance seg-
mentation task. For Matterport3D, we use the 160 most
common categories from [6], excluding “wall”, “floor”, and
“ceiling”. For Replica, we follow the evaluation proto-
col of Open3DIS [5], and evaluate on the “office0”, “of-
ficel”, “office2”, “office3”, “office4”, “room0”, “room1”,
and “room2” scenes, with ground-truths provided by [12].

B. Additional Quantitative Results

Class-Agnostic 3D Instance Segmentation. To further
validate the robustness and generalization capability of our
method, we perform experiments on the Replica [11] and
Matterport3D [1] datasets, as reported in Tabs. 1 and 2. For
a fair comparison on Replica, we adopt SAM2 [7] as the
2D segmenter for all methods. Our method achieves the
best performance, surpassing the baseline Open3DIS [5] by
3.6 mAP and 3.8 AP5¢. Furthermore, on the Matterport3D
dataset, under the same setting using SAM?2 as the 2D seg-
menter, our method achieves a 2.0 mAP improvement over
SAI3D [14]. These gains highlight the effectiveness and
generalization of our method.

Analysis of small and long-tail instances. We fur-
ther analyze the class-agnostic instance segmentation per-
formance of MV3DIS on ScanNet200, broken down by
category frequency (head/common/tail) and instance size
(small/medium/large, split at the 33%/66% percentiles of



Algorithm 2 Region Refinement on the Superpoint Graph

Require: Adjacency N (i), affinity matrix A with entries
A, ;, initial segments {Uk},i\[:“1 from region growing,
maximum region changes per superpoint I, ,x

Ensure: Updated 3D segments {Uj } 2",

1: Initialize Region[i] such that i € Ugegion[;) for all 7

2: Initialize Count[i] <— O for all ¢
3: changed < true

4: while changed = true do

5. changed < false

6:  for each superpoint index ¢ = 1,..., Ng do
7: if Count[i] > I,,.x then

8: continue

9: end if

10: Keur < Regionli]

1: Ri < {Region[j] | 7 € N (i), Region[j] # keur}
12: if R; = () then

13: continue

14: end if

15: Ci < R; U {kcur}

16: k* < Ekeurs QGmax ¢ —00

17: for each region index k € C; do
18: N (i) <~ N (i) N Uy,

19: ika(i) = () then
20: continue
21: end if
22: ag < A(Uk, Si){by (l)}
23: if a;, > amax then
24: Umax < Ak, K* <+ k
25: end if
26: end for
27 if £* # ke then
28: Ukcur — Ukcm \ {Z}
29: U < Up- U {Z}

30: Region[i] « k*

31 Count[i] < Count[i] 4 1
32: changed < true

33: end if

34:  end for

35: end while

GT instance point counts). Across all splits, our mAP con-
sistently improves over Open3DIS across all splits: 34.4 /
40.6 /43.9 vs. 29.1/34.2 / 37.8 for frequency, and 32.6 /
40.6 / 36.2 vs. 29.8 / 37.2 / 27.4 for size. These results in-
dicate stronger robustness on long-tail categories and small
instances.

Runtime analysis. As shown in Tab. 3, we measure the
runtime of each component on a ScanNetV2 scene with
about 147K points. Our method takes about 19s, while
SAI3D [14], which performs multiple rounds of region
growing, requires about 15s. The additional cost mainly

Table 1. Class-agnostic 3D instance segmentation on Replica.
Best and second-best results are bold and underlined, respectively.

VEM represents the 2D vision foundation model.

Method VEM mAP AP50 AP25
SAM3D [13] SAM2 194 295 385
Open3DIS [5] SAM2 222 348 423
SAI3D [14] SAM2 2277 345 51.1
Ours SAM2 258 38.6 522

Table 2. Class-agnostic 3D instance segmentation on Matter-
port3D. Best and second-best results are bold and underlined, re-
spectively. VFM represents the 2D vision foundation model.

Method VEM mAP APy, APy
OVIR-3D[4] SAM 66 156 283
SAM3D[13] SAM 10.1 194 36.1
SAIBD[14] SAM2 192 367 57.8
Ours SAM2 212 389 597

Table 3. Runtime of each component in MV3DIS. SM indicates
superpoint merging, 3DG-MM indicates 3D-guided mask match-
ing, NMS indicates non-maximum suppression, and RR indicates
region refinement.

SM 3DG-MM NMS RR Others All

Time 3.1s 4.7s 0.3s 6.6s 4.6s 19.3s
Table 4. Ablation study on 7¢ and 7,,.

Tf Tm mAP AP50 AP25

0.1 0.9 38.1 59.3 75.6
0.95 0.9 36.8 57.2 74.3

0.3 0.7 38.3 60.4 75.8

0.3 0.05 37.5 58.1 74.9

0.3 0.9 38.5 60.2 76.2

arises from the region refinement and mask matching,
which are critical for improving the 3D instance segmen-
tation quality. To reduce computational overhead, we pre-
compute the 2D projections and visibility of all 3D points,
enabling efficient 3D-to-2D correspondence checks during
superpoint graph construction. For each frame, we merge
all masks into a single segmentation map, so that affinity
matrix computation depends on the number of frames rather
than the number of masks. Despite the increased runtime,
our method achieves a clear improvement in segmentation
performance.

Ablation study on visibility thresholds. We analyze the
effect of the frame visibility threshold 7 and mask visibility



Table 5. Performance of MV3DIS with different 2D visual
foundation models (VFMs). Best and second-best results are
bold and underlined, respectively.

ScanNet200 ScanNet++
VEM mAP AP50 AP25 mAP AP50 AP25
SAM2 [7] 343 525 68.3 22.0 36.7 51.7

YoloW-SAM [2] 34.6 53.1 69.4 21.2 355 509
GD-SAM [8] 35.5 547 69.7 215 36.0 513

threshold 7,,, in Tab. 4. An overly high 7 (0.95) excessively
discards visible frames, leading to performance degrada-
tion. Furthermore, a low 7, (0.05) introduces masks with
low instance correlation, which compromises the mask con-
sistency computation and hinders overall performance.
Ablation of different VFMs. We further evaluate the ef-
fectiveness of our method with different visual foundation
models (VFMs), including SAM2 [7], YoloWorld-SAM
(YoloW-SAM) [2], and Grounded-SAM (GD-SAM) [8]. As
shown in Tab. 5, our method consistently achieves strong
performance with all three VFMs on both ScanNet200
and ScanNet++, demonstrating robustness to the choice of
VEM. Specifically, SAM2 tends to produce finer-grained
segmentations, making it suitable for instance-dense, high-
fidelity datasets like ScanNet++, whereas YoloWorld-
SAM and Grounded-SAM are better suited for standard-
resolution datasets such as ScanNet200.

Robustness to noisy depth. We evaluate the sensitivity of
our method to noisy depth inputs on ScanNet200 by per-
turbing the input depth map (in meters) with additive Gaus-
sian noise € ~ N(0,02), where o € {0.01,0.05,0.10} m.
As shown in Tab. 6, the performance drops only slightly as
the noise level increases, demonstrating robustness to depth
noise.

Robustness of the merging threshold. In the main pa-
per, we analyzed the merging threshold 7erge On the Scan-
NetV2 dataset, showing that high values impose a strict
merging criterion and cause over-segmentation, whereas
smaller values allow low-confidence merges and result in
under-segmentation. To further evaluate the robustness of
MV3DIS, we tested Tmerge € {0.4,0.5,0.6,0.7} on Scan-
Net200 [9] and KITTI-360 [3], observing stable perfor-
mance with at most 1.6 mAP variation on ScanNet200
(35.3-36.9) and 1.2 on KITTI-360 (22.3-23.5). These
results demonstrate that MV3DIS is robust to moderate
changes in the merging threshold across diverse scene den-
sities.

C. Additional Qualitative Results

We first visualize the results from both the coarse and re-
fined 3D segmentation stages. As illustrated in Fig. 1, the

Table 6. Robustness to noisy depth on ScanNet200.

Noise std. o (m) 0 0.01 0.05 0.10
mAP 355 354 352 348

coarse 3D segments often suffer from over-segmentation
due to insufficient multi-view consistency. In contrast, by
consolidating multi-view consistency, the refined segmen-
tation yields more complete instance masks.

Figures 2 and 3 further present visual comparisons be-
tween our method and SAM3D [13] and SAI3D [14] on the
ScanNetV2 and ScanNet++ datasets. SAM3D and SAI3D
process multiple views in a frame-by-frame manner, leading
to inconsistent masks across views. In contrast, our method
explicitly consolidates multi-view consistency, resulting in
more robust and coherent 3D instance segmentation.

In Fig. 4, we present qualitative results for semantic in-
stance segmentation. We employ OpenMask3D [12] to ex-
tract open-vocabulary CLIP features for each segmented in-
stance. Given text prompts such as “bag”, “book”, and
“mouse”, our method accurately segments and identifies the
corresponding instances in complex 3D scenes. Further-
more, our method demonstrates robustness in handling less
frequent classes, successfully segmenting objects like “door
hanger” and “projector”. This highlights the effectiveness
and flexibility of our approach for open-vocabulary 3D se-
mantic instance segmentation.

D. Limitations

Although our method achieves strong performance, it still
has several limitations. First, it relies heavily on the quality
of the initial 3D over-segmentation. When multiple objects
fall into the same superpoint, the resulting instance predic-
tions may exhibit blurry boundaries or under-segmentation.
In addition, the computational and memory costs grow lin-
early with the number of superpoints and views, which may
limit its applicability to large-scale scenes. Future work
should develop finer-grained superpoint over-segmentation
methods, along with more efficient superpoint graph con-
struction and aggregation strategies, to further enhance the
scalability of the proposed approach.
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Figure 1. Visual comparison between the coarse 3D segments and the final refined results.
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Figure 2. Additional visual results of our method compared to SAM3D [13] and SAI3D [14] on the ScanNetV?2 dataset.
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Figure 3. Additional visual results of our method compared to SAM3D [13] and SAI3D [14] on the ScanNet++ dataset.
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Figure 4. Visual results of open-vocabulary 3D semantic instance segmentation. Given a text prompt, we can segment and retrieve the
target instances in the scene.
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