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ABSTRACT

The development of 2D foundation models for image segmentation has been sig-
nificantly advanced by the Segment Anything Model (SAM). However, achieving
similar success in 3D models remains a challenge due to issues such as non-unified
data formats, poor model scalability, and the scarcity of labeled data with diverse
masks. To this end, we propose a 3D promptable segmentation model Point-SAM,
focusing on point clouds. We employ an efficient transformer-based architecture
tailored for point clouds, extending SAM to the 3D domain. We then distill the rich
knowledge from 2D SAM for Point-SAM training by introducing a data engine
to generate part-level and object-level pseudo-labels at scale from 2D SAM. Our
model outperforms state-of-the-art 3D segmentation models on several indoor and
outdoor benchmarks and demonstrates a variety of applications, such as interactive
3D annotation and zero-shot 3D instance proposal.

1 INTRODUCTION

The development of 2D foundation models for image segmentation has been significantly advanced by
Segment Anything (Kirillov et al.l [2023). That pioneering work includes a promptable segmentation
task, a segmentation model (SAM), and a data engine for collecting a dataset (SA-1B) with over
1 billion masks. SAM shows impressive zero-shot transferability to new image distributions and
tasks. Thus, it has been widely used in many applications, e.g., segmenting foreground objects
for image-conditioned 3D generation (Liu et al., [2023cza), NeRF (Cen et al., 2023b), and robotic
tasks (Wang et al., [2023;|Chen et al.| 2023).

Can we just lift SAM to create 3D foundation models for segmentation? Despite a few efforts (Yang
et al., 2023} | Xu et al.,[2023} |Zhou et al., [2023b) to extend SAM to the 3D domain, those existing
approaches are limited to applying SAM on 2D images and then lifting the results to 3D. This process
is constrained by image quality, and thus is likely to fail for textureless or colorless shapes like
CAD models (Lambourne et al.l 2021). Besides, it is also affected by view selection. Too few
views may not adequately cover the entire shape, while too many views can significantly increase
the computational burden. Moreover, it can suffer from multi-view inconsistency when results are
merged from different views, since they may conflict and be impacted by occlusions. Furthermore,
multi-view images only capture surface, making it infeasible to label internal structures, essential for
annotating articulated objects (e.g. drawers in a cabinet). Therefore, it is necessary to develop native
3D foundation models to address the aforementioned limitations.

However, developing native 3D foundation models, or extending SAM to the 3D domain, presents
several challenges: 1) There is no unified representation for 3D shapes. 3D shapes can be
represented by meshes, voxels, point clouds, implicit functions, or multi-view images, while 2D
images are usually represented by a dense grid of pixels. Unlike 2D images, 3D shapes can vary
significantly in scale and sparsity. For example, indoor and outdoor datasets often cover different
ranges and typically require different models. 2) There are no unified network architectures in
the 3D domain. Due to the heterogeneity of 3D data, different network architectures have been
proposed for different representations, such as PointNet (Q1 et al., |2017a) for point clouds and
SparseConv (Graham et al.,[2018) for voxels. 3) It is more difficult to scale up 3D networks. 3D
networks are natively more computationally costly. For instance, SAM utilizes deconvolution and
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Figure 1: We propose a 3D extension of SAM, narReiht-SAM (Sec| 8), which predicts masks

given the input point cloud and prompts. To scale up training data, we develop a data engine
(Sec[4) to generate pseudo labels with the help of SAM. The nal models, trained on a mixture of
datasets, are capable of handling data from various sources and producing results at multiple levels of
granularity. We demonstrate the versatility and ef cacy of our approach through multiple applications
and downstream tasks, as detailed in E}ec. 5.

bilinear upsampling in its decoder, whereas there are no 3D operators for point clouds as ef cient
as their 2D counterparts. #igh-quality 3D labels, especially those with diverse masks, are

rare. SAM is initially trained on existing datasets with ground-truth labels of low diversity, and
then used to facilitate annotating more masks at different granularity (e.g., part, object, semantics) to
increase label diversity. However, in the 3D domain, existing datasets contain only a small number of
segmentation labels. For example, the largest dataset with part-level annotations, PartNet (Mo et al.,
2019), includes only about 26,671 shapes and 573,585 part instances.

In this work, our goal is to build a 3D promptable segmentation model for point clouds, as a founda-
tional step towards 3D foundation models. Point clouds are selected as our primary representation,
because other representations can be readily converted into point clouds, and real-world data is often
captured in this format. Following SAM, we address 3 critical componeask, model, anddata.

We focus on th&D promptable segmentation taskwhich involves predicting valid segmentation

masks in response to any given segmentation prompt. To address this task, we propose a 3D extension
of SAM, namedPoint-SAM. We utilize a transformer-based encoder to embed the input point cloud,
alongside a point prompt encoder for point prompts, and a mask prompt encoder for mask prompts.
Point-cloud and prompt embeddings are fed to a transformer-based mask decoder to predict segmen-
tation masks. To ef ciently encode point clouds and pointwise prompts, we develop a novel tokenizer
based on Voronoi diagram to obtain point-cloud embeddings, as input to the transformer-based
encoder. Regarding data, we train Point-SAMaomixture of heterogeneous datasetsncluding

PartNet and ScanNet (Dai et|al., 2017), with both part- and object-level annotations. To expand
label diversity and leverage large-scale unlabeled datasets such as ShapeNet (Chang €t al., 2015), we
have developed a data engine to generate pseudo labels with the assistance of SAM. This pipeline
enables us to distill knowledge from SAM, and our experiments demonstrate that these pseudo labels
signi cantly improve zero-shot transferability. Our contributions include:

» We develop a 3D promptable segmentation m&eht-SAM, adept at processing point
clouds from various sources in a uni ed way. A novel tokenizer based on Voronoi diagram
is proposed to ef ciently embed point clouds and dense prompts.

» We propose a data engine to generate pseudo labels with substantial mask diversity by dis-
tilling knowledge from SAM. It is shown to signi cantly enhance our model's performance
on out-of-distribution (OOD) data.

» Our experiments demonstrate the strong zero-shot transferability of our model to unseen
point cloud distributions and new tasks, positioning it as a 3D foundation model.

2 RELATED WORK

Lifting 2D foundation models for 3D segmentation Despite the growing number of 3D datasets,
high-quality 3D segmentation labels remain scarce. To address this, 2D foundation models trained on
web-scale 2D data, such as CLIP (Radford ef al., 2021), GLIP (Lilét al.] 2022), and[SAM (Kirillov
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et al., 2023), have been leveraged. A prevalent framework involves adapting these 2D foundation
models for 3D applications by merging results across multiple views (Liu et al., 2023d) (Zhou
et al., 2024) (Cen et al., 2024). SAM3D (Yang et al., 2023) and SAMPro3D (Xu et al., 2023) utilize
RGB-D images with known camera poses to lift SAM to segment 3D indoor scenes. PartSLIP (Liu
et al., 2023b; Zhou et al., 2023b), dedicated to part-level segmentation, rst renders multiple views
of a dense point cloud, then employs GLIP and SAM to segment parts, and nally consolidates
multi-view results into 3D predictions. These methods are limited by the capabilities of 2D foundation
models and the quality of multi-view rendering. Besides, they usually require complicated and slow
post-processing to integrate multi-view results, which also poses challenges in maintaining multi-view
consistency. Another strategy involves distilling knowledge from 2D foundation models directly into
3D models. For example, Segment3D (Huang et al., 2023) and SAL (O3ep et al., 2024) both utilize
SAM to generate pseudo labels given RGB images and train native 3D models on scene-level point
clouds. However, these approaches can only handle surface points, making it dif cult to segment
internal structures that are common in part-level segmentation of articulated 3D shapes such as
cabinets with drawers.

3D foundation models The development of 3D foundation models has advanced notably. Point-
BERT (Yu et al., 2022b) proposes a self-supervised paradigm for pretraining 3D representations for
point clouds. OpenShape (Liu et al., 2024) and Uni3D (Zhou et al., 2023a) scale up 3D representations
with multi-modal contrastive learning. (Hong et al., 2023) trains 3D-based Large Language models
(3D-LLM) on collected diverse 3D-language data, utilizing 2D pretrained VLMs. LEO (Huang et al.,
2024), sharing similar ideas, focuses on embodied ability such as navigation and robotic manipulation.
Our work concentrates on 3D segmentation. Despite several initiatives aimed at open-world 3D
segmentation, such as OpenScene (Peng et al., 2023) and OpenMask3D (Takmaz et al., 2024), these
primarily address scene-level segmentation and are trained on relatively small datasets.

3D interactive segmentation Interactive segmentation has been explored across both 2D and
3D domains. (Kirillov et al., 2023) introduces a groundbreaking project including the promptable
segmentation task, the 2D foundation model (SAM), and a data engine to collect large-scale labels.
In the 3D domain, InterObject3D (Kontogianni et al., 2023) and AGILE3D (Yue et al., 2023) share
similar ideas to segment point clouds while their training is con ned to ScanNet (Dai et al., 2017). In
contrast, our model is designed to handle both object- and part-level segmentation, leveraging a wide
range of datasets including CAD models and real scans. Thus, our model shows greater versatility
and adaptability. Besides, 3D interactive segmentation is also explored within implicit representations.
SA3D (Cen et al., 2023b) enables users to achieve 3D segmentation of any target object through a
single one-shot manual prompt in a rendered view. SAGA (Cen et al., 2023a) distills SAM features
into 3D Gaussian point features through contrastive training. While these methods necessitate an
additional optimization process, our model operates on a feed-forward basis and can respond within
seconds, offering a more ef cient solution.

3 POINT-SAM

In this section, we present Point-SAM, a promptable segmentation model for point clouds. Fig. 2
provides an overview of Point-SAM. Inspired by SAM (Kirillov et al., 2023), Point-SAM consists of 3
components: a point-cloud encoder, a prompt encoder, and a mask decoder. Unlike 2D models, Point-
SAM addresses unique challenges related to point clouds: computation ef ciency, scalability, and

irregularity. We denote the input point cloud@s2 RN 3 and its point-wise feature &2 RN P,

Point-cloud encoder with Voronoi tokenizer The point-cloud encoder transforms the input
point cloud into a point-cloud embedding. Inspired by recent advancements in 3D point-cloud
transformers (Zhao et al., 2021; Wu et al., 2022; Yu et al., 2022a; Zhou et al., 2023a), we employ a
similar transformer-based encoder. Concretely, it rst selects a xed number of céh2mR"- 3

using farthest point sampling (FPS), and groups the k-nearest neighbors of each cepigichs a

A local PointNet (Qi et al., 2017a) is used to tokenize each p@ighn 2 Rt € @* D) The
resulting patch tokenBpaecn 2 R P, combined with the positional embeddings of the group
centers, are processed by a Vision Transformer (Dosovitskiy et al., 2021) to generate the nal
point-cloud embeddingp,c 2 R~ P.
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Figure 2: Overview of Point-SAM. (a) illustrates the overall network architecture. The model takes
a point cloud along with several point prompts as inputs. Initially, the point cloud is divided into
patch tokens using @oronoi tokenizer. After that, the patch tokens are embedded through a vanilla
Vision Transformer (ViT). The token features are then fused with the mask features from the previous
iteration. The a two-way transformer is employed to allow interaction with the features of the prompt
points. Finally, a lightweight decoder generates the mask output. (b) depicts the design of the Voronoi
tokenizer, where &oronoi diagram is used for grouping the high-resolution point cloud into patch
tokens, instead of relying on traditional K-nearest neighbors (KNN) methods. (c) provides a visual
diagram of the grouping process within the Voronoi tokenizer.

We observe that K is typically much larger thall , making the process of tokenizing point
clouds to obtairFpacn time-consuming and memory-intensive. To address this, we propose a
novel tokenizer based on théronoi diagram, which strikes a balance between ef ciency and
effectiveness. Speci cally, we group points by assigning each point to its nearest center, forming a
Voronoi diagram where each patch corresponds to a Voronoi cell. An MLP is then used to extract

pointwise featureﬁpatch 2 RN D pased on the relative position of each point to its nearest center.
Patch token&paicn 2 Rt P are max-pooled within each Voronoi cell via a scatter-max operator.

Prompt encoder The prompt encoder encodes various types of prompts into prompt embeddings. In
this work, we focus on two types of prompts: points and masks. Point prompts are processed similarly
to SAM. Each point is associated with a binary label indicating whether it is a foreground prompt.
These prompts are encoded to their positional encodings (Tancik et al., BgR) 2 R° P,
summed with learned embeddings indicating their lab@ldenotes the number of point prompts.
Mask prompts are represented as pointwise 10giissk 2 RN 1, typically derived from the model's
previous predictions. These logits are concatenated with the input point cloud's coordinates and
processed through a tokenizer described in the point-cloud encoder. The resulting mask prompt
embedding&Fmask 2 R P are element-wise summed with the point-cloud embedding.

Mask decoder The mask decoder ef ciently maps the point-cloud embedding, prompt embeddings,
and an output tokeRo, 2 R! P into a segmentation mask,esk 2 RN 1. We follow SAM

to employ two Transformer decoder blocks that use prompt self-attention and cross-attention in
two directions (prompt-to-point-cloud and vice versa), to update all embeddings. Different from
the 2D counterpart, we upsample the updated point-cloud embeé&gin@ R- P to match

the input resolution by using inverse distance weighted average interpolation based on 3 nearest
neighbors (Qi et al., 2017b), followed by an MLP. The upsampled point-cloud embedding is denoted
asXpe 2 RN P Another MLP transforms the output token to the weight of a dynamic linear
classierXo 2 R* P, which calculates the mask's foreground probability at each point location
asYmask = Xpc X J.¢ - Consistent with SAM, our model can generate multiple output masks for a
single point prompt by introducing multiple output tokens. Note that multi-mask outputs are enabled
only when there is only a single point prompt with no mask prompts. In addition, we also introduce
another tokerfFio, 2 RM P to predict the loU score for each mask output, whdrés the number

of multiple mask outputs.
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Table 1: Summary of training datasets.

PartNet- ScanNet- .
Dataset ‘ PartNet Mobility ScanNet block Fusion360 ShapeN#tOveraII
Number of point clouds | 16442 2163 1198 24328 35000 20000 99131
Average number of mas 13 16 30 12 2 17 10
Has ground truth labels| True True True True True False -

Training Mask predictions are supervised with a weighted combination of focal loss (Lin et al.,
2017) and dice loss (Milletari et al., 2016), in line with SAM. We simulate an interactive setup,
detailed in Sec. 5.1, by sampling prompts across 7 iterations per mask. The loss for mask prediction
is computed between the ground truth mask and the predictions at all iterations. More details are
provided in App. A. For multiple mask outputs, we follow SAM to use a “hindsight” loss, where we
only back-propagate only the minimum loss over masks. Additionally, the predicted IoU score is
supervised using a mean squared error loss. For training, we randomly sample 10,000 points as input.
Besides, we normalize the input point to t within a unit sphere centered at zero, to standardize the
inputs. The number of patchésand the patch sizi are setto 512 and 64 by default.

Inference with variability A signi cant challenge in handling 3D point clouds is their irregular

input structure; the number of points can vary, necessitating a dynamic approach to group points
into a varying number of patches with adjustable sizes. While previous point-based methods (Zhou
et al., 2023a) are typically limited to processing a xed number of points, our model's exible design
allows it to handle larger point sets than those used during training, by adjusting the number of
patches and the patch size. Unless otherwise speci ed, we set the number of patches and the patch
size to 2048 and 512 when the number of input points exceeds 32768. In contrast, voxelization-based
methods (Yue et al., 2023) struggle with such variations as changing voxel resolution can signi cantly
impact performance, the results with different voxel resolutions are shown in App. B.

4 TRAINING DATASETS

Integrating existing datasets Foundation models are typically data-hungry, and the diversity of
segmentation masks is crucial to support “segment anything”. Thus, we use a mixture of existing
datasets with ground truth segmentation labels, which are summarized in Table 1. We utilize synthetic
datasets including the training split of PartNet (Mo et al., 2019), PartNet-Mobility (Xiang et al.,
2020), and Fusion360 (Lambourne et al., 2021). Since PartNet does not provide textured meshes, we
only keep the models that are from ShapeNet where textured meshes are available. We use all part
hierarchies of PartNet. For PartNet-Mobility, we hold out 3 categories (scissors, refrigerators, and
doors) not included in ShapeNet, which are used for evaluation on unseen categories. For PartNet and
Fusion360, we uniformly sample 32768 points from mesh faces. For each object in PartNet-Mobility,
we render 12 views, fuse point clouds from rendered RGB-D images, and sample 32768 points from
the fused point cloud using Farthest Point Sampling (FPS). For scene-level datasets, we use the
training split of ScanNet200 (Dai et al., 2017) and augment it by splitting each scene into blocks. The
augmented version is denoted as ScanNet-Block. Concretely, we use 2n3ivlock with a stride of

1.5m. We use FPS to sample 32768 points per scene or block.

Generating pseudo labels Existing datasets lack suf cient diversity in masks. Large-scale 3D
datasets like ShapeNet (Chang et al., 2015) usually do not include part-level segmentation labels.
Besides, most segmentation datasets only provide exclusive labels, where each point belongs to a
single instance. To this end, we develop a data engine to generate pseudo labels.

Figure 3 illustrates the pseudo label generation process. Initially, Point-SAM is trained on the mixture
of existing datasets. Next, we utilize both pre-trained Point-SAM and SAM to generate pseudo labels.
Concretely, for each mesh, we render RGB-D images at 6 xed camera positions and fuse a colored
point cloud. SAM is applied to generate diverse 2D proposals for each view. For each 2D proposal,
we intend to nd a 3D proposal corresponding to it. We start from the view corresponding to the
2D proposal. A 2D prompt is randomly sampled from the 2D proposal and lifted to a 3D prompt,
which prompts Point-SAM to predict a 3D mask on the fused point cloud. Then, we sample the next
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