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Abstract

With the advancement of 3D instance segmentation technologies, many studies have
relied on annotated datasets for training. OV3DIS (Open Vocabulary 3D Instance
Segmentation) aims at resolving open-set semantic reasoning. SAI3D has made great
progress by combining geometry-based primitives with 2D indexed mask labels from
SAM. SAI3D first generates 3D class-agnostic masks by producing primitives, projecting
them onto 2D, using Semantic-SAM to generate 2D indexed mask labels (e.g., 0, 1, 2).
Then compute affinity scores based on indexed mask labels and then apply a region-
growing approach to obtain class-agnostic 3D instance masks. To achieve open-
vocabulary segmentation, SAI3D adopts the OpenMask3D pipeline: the 3D class-
agnostic masks are first projected back to 2D, then processed with cropping, SAM, and
CLIP, and finally aggregated into a 3D instance-level CLIP feature for semantic
assignment.

However, it is evident that the repeated projections and the two-time use of SAM
introduce significant computational overhead, prompting me to explore whether a more
streamlined pipeline could accomplish the same task. My goal is to improve the end-to-e
d process and generate better 3D mask CLIP features.

To address these issues, I propose a new method that integrates CLIP features at an
earlier stage, allowing the generated 3D instance masks to carry semantic information,
and utilizing the CLIP feature for better region growing process. These innovations can
enhance the accuracy of class agnostic segmentation and better end-to-end semantic

segmentation pipeline, showing strong potential for improved 3D scene understanding.
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2. Research Methodology
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2.2. Scene Graph Construction
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(3) 2D image CLIP feature.
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2.4. Primitive Merging
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3. Experimental Results

3.1. Experiment Setup
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Hyper parameters.#% i* & * T [f <7 Multi-level region growing @ = f& 4 ficen & &
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0.96, 0.95, 0.93, 0.92] ~ text CLIP feature, [0.98, 0.96, 0.94, 0.92, 0.91] -

3.2. Results

Fine-grained 3D segmentation.

Table 1.5 & 7 ¢ & 4% & ScanNetV2 F #% # F & {7 class-agnostic instance
segmentation FHHCiE % o AN 2 p TG R AR PR H B R 2z
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Table 1. Class-agnostic 3D instance segmentation on ScanNetV2 dataset.

R TEEEEEE SR SPREE T S P

Method AP APso AP>s
HDBSCAN]11] 1.6 5.5 32.1
Nunes et al.[12] 2.3 7.3 30.5

Felzenszwalb et al.[13] 5.0 12.7 38.9
UnScene3D[14] 15.9 32.2 58.5
SAM3D[15] 20.2 34.0 533
SAI3D[1] 30.8 50.5 70.6

Ours 33.8 54.2 711

Open-vocabulary 3D object querying.

Table 2. & 3R 7 ¢ & 3% & ScanNet200 7 4% # ! i& {7 semantic instance segmentation
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i§ 77 end-to-end A% 0 & JF PPiE ¢F 4% Openmask3D[2] & = 2 o AP 4p i3 58—
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Table 2. Semantic instance segmentation on ScanNet200 dataset.

AT 5 dp iRk g A B A 2 = 39 1| SAIBD ApiT ek o

Method AP APso AP»s
OVIR-3D[16] 9.3 18.7 25.0
SAM3D[17] 9.8 15.2 20.7
SAI3D[1] 12.7 18.8 24.1
Ours 12.4 18.5 23.7

3.3. Ablation and Analysis

Merging logic for three features.
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#_F & # primitives © 34 7 L F * indexed mask labels % % merging i & - kg
% ihsegmentation & o g% % I € § under-segmentation 754 # o 4 Figure
207 3B RARTAFEFEEBRFREH Ao A2 TP APREEEREXRLF
s K = fBiE 2 0 1% ¥ b S Bk 1 under-segmentation 0 = A iE 2 3
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Indexed mask labels +

Original Image Indexed mask labels Image CLIP feature +
Text CLIP feature

Figure 2. Under-segmentation example. = ¥ 5 £ ¥ % 1> @ F 53 @i * indexed
mask labels #Ffc#74 S o 3 > LB 5 # % = BTS2 ek 3
4. Conclusion
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