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Abstract

Self-supervised learning has emerged as a promising ap-
proach for acquiring transferable 3D representations from
unlabeled 3D point clouds. Unlike 2D images, which are
widely accessible, acquiring 3D assets requires specialized
expertise or professional 3D scanning equipment, making it
difficult to scale and raising copyright concerns. To address
these challenges, we propose learning 3D representations
from procedural 3D programs that automatically generate
3D shapes using simple 3D primitives and augmentations.

Remarkably, despite lacking semantic content, the 3D
representations learned from the procedurally generated 3D
shapes perform on par with state-of-the-art representations
learned from semantically recognizable 3D models (e.g.,
airplanes) across various downstream 3D tasks, such as
shape classification, part segmentation, masked point cloud
completion, and both scene semantic and instance segmen-
tation. We provide a detailed analysis on factors that make a
good 3D procedural programs. Extensive experiments fur-
ther suggest that current 3D self-supervised learning meth-
ods on point clouds do not rely on semantics of 3D shapes,
shedding light on the nature of 3D representations learned.

1. Introduction

Self-supervised learning (SSL) aims at learning represen-
tations from unlabeled data that can transfer effectively
to various downstream tasks. Inspired by the success of
SSL in language [14] and 2D images [19, 20], SSL for
3D point cloud understanding has gained considerable in-
terest [29, 40, 57]. Recently, Point-MAE [29] and its
follow-ups [44, 45, 61, 63] exploit the masked autoencod-
ing scheme [20] for 3D point cloud representation learning,
showing substantial improvements in various 3D shape un-
derstanding tasks (e.g., shape classification, part segmenta-
tion, and scene instance segmentation).

However, unlike language and image data, which are
abundantly available on the Internet, 3D assets are less ac-
cessible, as their creation often requires domain expertise
and specialized tools such as 3D modeling software (e.g.,
Blender) or scanning equipment (e.g. LIiDAR sensors). This
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Figure 1. Self-supervised learning from (a) procedurally generated
3D shapes [22, 48, 52, 53] performs comparably to learning from
(b) ShapeNet models that are semantically meaningful [8] across
various downstream 3D understanding tasks. Both outperforms
training from scratch significantly. In (c), the x-axis represents
various tasks and benchmarks: ModelNet40 [27] and three vari-
ants of ScanObjectNN [37] for shape classification, and ShapeNet-
Part [56] for part segmentation.

scarcity of 3D shapes, often referred to as the 3D data
desert [ 15], has significantly hindered the scalability of rep-
resentation learning methods. Recent efforts have expanded
point cloud datasets at both the object level [12, 13] and the
scene level [4, 16, 55], but often rely on substantial human
effort. Nevertheless, challenges unique to 3D data collec-
tion—such as copyright concerns, diverse file formats, and
limited scalability—remain largely unresolved.

A common belief in 3D representation learning is
that strong representations require semantically meaning-
ful 3D shapes—objects such as chairs, airplanes, or in-
door scenes—which are inherently costly to curate and dif-
ficult to scale. In this work, we challenge this assumption
by asking a central question: Do we really need semanti-
cally meaningful 3D shapes to learn strong 3D represen-
tations?

To explore this, we investigate learning point cloud rep-
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resentations from purely synthetic data generated by proce-
dural 3D programs [22, 48, 52, 53], as illustrated in Fig. 1a.
Our data generation pipeline begins by sampling simple 3D
primitives (e.g., cubes, cylinders, spheres), which are then
transformed via affine operations (e.g., scaling, translation,
rotation) and composed into more complex geometries. We
further apply augmentations such as Boolean operations to
enrich topological diversity, followed by uniform surface
point sampling to obtain point clouds suitable for represen-
tation learning. This approach is lightweight, efficient, and
capable of generating unlimited number of 3D shapes with
diverse geometric structures. Unlike standard datasets, our
procedural shapes lack human-recognizable semantics.

We then pose a follow-up question: Are current 3D self-
supervised learning (SSL) methods capable of leveraging
such non-semantic, procedural shapes? To answer this,
we generate 150K object-level and 4K scene-level synthetic
3D point clouds using our procedural programs, at a to-
tal cost of approximately 1400 CPU hours. Notably, the
scale of our dataset exceeds that of widely used benchmarks
such as ShapeNet (51K publicly available shapes) and Scan-
Net (1,513 indoor scenes). We benchmark multiple repre-
sentative 3D SSL methods, including Point-MAE [29] and
its recent variants [44, 61, 63], and evaluate them across
a wide variety of downstream tasks such as shape classifi-
cation, part segmentation, masked point cloud completion,
and scene-level semantic and instance segmentation.

Our main findings are as follows:

¢ Semantic-free procedural 3D shapes are surprisingly
good teachers. Despite lacking semantic content, self-
supervised models trained solely on synthetic data per-
form on par with counterparts trained on real 3D datasets
such as ShapeNet [8], Objaverse [12], and ScanNet [11].
Moreover, they significantly outperform models trained
from scratch without any pretraining (Fig. 1c, Tabs. 1-5).

¢ Geometric diversity plays a key role in learning effec-
tive 3D representations. We provide detailed insights
into the factors that influence the quality of procedurally
generated 3D datasets. Our analysis shows that learning
performance improves significantly with increased geo-
metric diversity and larger dataset size (Tab. 4, Fig. 5).

¢ Current 3D SSL methods rely more on geometric cues
rather than semantic content. Our in-depth analysis
reveals strong structural similarities between represen-
tations learned from semantic-free synthetic procedural
shapes and those learned from semantically meaningful
3D models (see t-SNE visualization in Fig. 7).

To our best knowledge, this is the first systematic large-
scale study on 3D SSLs from procedural 3D shapes. Our
work is inspired by recent works that successfully train
large 3D reconstruction models exclusively on procedurally
generated shapes [22, 48]. Our exploration is also closely
related to prior efforts that learn image or video represen-

tations from procedural programs [2, 3, 58]. While recent
efforts focus on scaling 3D datasets using human-designed
models or 3D scans [12, 13, 55], our approach is orthogonal
and complementary, leveraging procedurally generated data
to bypass manual design and scanning altogether.

2. Related Work

3D Datasets. Significant efforts have been made to cu-
rate extensive 3D shape datasets [8, 10, 12, 16, 28, 33,
35, 42, 46]. For example, ShapeNet provides 3 million
CAD models, with 51K high-quality shapes publicly avail-
able. More recently, Objaverse [12] and Objaverse-XL [13]
expanded the 3D dataset to 10.2 million manually-created
3D shapes. However, challenges, such as format diversity
and copyright and legal issues, remain unsolved. At the
scene level, most commonly used datasets—ScanNet [11],
Structured3D [65], Matterport3D [7], nuScenes [6], Se-
manticKITTI [5], and Waymo [34]—are distributed under
non-commercial or research-only licenses, limiting their ap-
plicability for broader use. A more recent effort, ASE [1],
introduces 100,000 synthetic indoor scenes, also under a
non-commercial license. In contrast, we explore procedural
3D programs that generate shapes and scenes from simple
primitives, enabling the creation of unlimited synthetic ob-
jects and scenes without licensing constraints.

Learning from Synthetic Data. Synthetic data has become
popular in computer vision, especially in scenarios where
ground-truth annotations are difficult to obtain or where
privacy and copyright issues arise. State-of-the-art perfor-
mance in mid-level or 3D vision tasks is often achieved
through training on synthetic data, including tasks like op-
tical flow [36], depth estimation [54], dense tracking [23],
relighting [52], novel view synthesis [53], and material esti-
mation [25]. Procedurally generated synthetic data has also
been explored for self-supervised representation learning in
images [2, 3] and videos [58], and more recently for multi-
view feed-forward 3D reconstruction [48]. In this work,
we explore self-supervised representation learning for point
clouds, using synthetic 3D shapes generated by procedural
3D programs.

Self-supervised Learning for Point Clouds. Recent self-
supervised learning (SSL) methods for point clouds gen-
erally fall into two categories: contrastive learning [9, 17,
19, 49] and masked autoencoding [15, 18, 29, 32, 40, 57,
59, 60, 62]. Contrastive approaches such as PointCon-
trast [49] and DepthContrast [9] rely on instance discrim-
ination [19] to learn view-invariant features. Inspired by
the success of masked modeling in vision [20] and lan-
guage [14], Point-BERT [57] and Point-MAE [29] use
transformer-based architectures to predict masked regions
of the point cloud. Point-M2AE [61] extends Point-MAE
with a multi-scale pyramid design, while PCP-MAE [63]
addresses centroid leakage by adding centroid prediction as
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Figure 2. Learning from procedural 3D programs. (a) Synthetic 3D point clouds are generated by sampling, compositing, and aug-
menting simple primitives using procedural 3D programs [48]. (b) We experiment with multiple state-of-the-art self-supervised learning
frameworks for learning 3D representations from synthetic data. Here, we illustrate the pretraining pipeline using Point-MAE [57], naming
this variant Point-MAE-Zero, where “Zero” emphasizes the absence of any human-made 3D shapes. (c) We evaluate the pretrained models

across various 3D shape understanding tasks.

an auxiliary objective. Scene-level SSL methods that op-
erate directly on large-scale point clouds have also gained
traction [21, 26, 39, 44, 50]. In this work, we adopt Point-
MAE, Point-M2AE, PCP-MAE, and MSC as our primary
SSL frameworks due to their strong performance on down-
stream 3D tasks. For ablation studies, we use Point-MAE
as our baseline, as it represents a foundational and widely
adopted approach in this line of research.

3. Learning from Procedural 3D Programs

We first introduce the procedural 3D programs [48, 52, 53]
for generating unlimited number of synthetic 3D shapes us-
ing composition of simple primitive shapes (e.g., cylinders)
and shape augmentation (Sec. 3.1). We then describe the
masked autoencoding scheme [29, 40, 57] for learning 3D
representations from synthetic 3D datasets (Sec. 3.2).

3.1. Procedural 3D programs

There is a line of work synthesizing procedural 3D shapes
for vision tasks such as novel view synthesis [53], relight-
ing [52], and material estimation [25]. Following recent
methods [48] that use procedural 3D shapes for sparse-view
reconstruction, we address self-supervised 3D representa-
tion learning from purely synthetic datasets. Fig. 2a illus-
trates our data pipeline:

(1) Randomly sample K primitive shapes (cubes, spheres,
cylinders, cones, tori) and apply affine transformations to
combine them;

(2) Apply geometric augmentations (e.g., boolean differ-
ences, wireframe conversions) to enrich shape diversity
(see [48] for details);

(3) Uniformly sample N surface points per synthesized
shape as inputs for representation learning (Fig. 2b).

We experiment with various shape-generation configu-
rations, such as changing the number of sampled primitives
and applying augmentations. By default, each dataset con-
sists of 150K shapes with N = 8192 points each. Sec. 4

further analyzes the effects of dataset size and shape com-
plexity on learned representations.

In order to generate procedural 3D scenes, we follow
MegaSynth [22] to procedurally generate 4K synthetic 3D
scenes. Specifically, we first generate a floor plan and gen-
erate procedural 3D shapes with the above pipeline and
place procedural 3D shapes in the scene based on the gener-
ated floor plan. We provide details on the generation of 4K
procedural 3D scenes and visualizations of the generated
shapes in the supplementary material.

3.2. Procedural Pretraining

Pretraining. We adopt Point-MAE [20], Point-
M2AE [61], PCP-MAE [63] to train on procedural
3D shapes (Fig. 2b). These methods rely on a masked
autoencoding scheme [14, 20, 57], where the input point
cloud is split into irregular patches and a large por-
tion of them (60% by default) is randomly masked. A
Transformer-based encoder—decoder network then attempts
to reconstruct these masked patches, thereby learning 3D
representations. The reconstruction loss is computed as the
L, Chamfer Distance between the predicted point patches
Py and the ground-truth patches Py:

1
L= ) mzigg}lla—blﬁ (1)
2E{ Pyre, Py } a€x
where 2/ = Py if ¥ = P, and vice versa. For scene-level
SSLs, we adopt MSC [44], which combines masked auto-
encoding and contrasive learning, to train on procedurally
generated 3D scenes.

Downstream Probing. We evaluate baselines on several
3D tasks, as summarized in Fig. 2c. For shape classifica-
tion, we augment the pretrained Transformer encoder with
a three-layer MLP classification head. For part segmenta-
tion, we aggregate features from the 4th, 8th, and final lay-
ers of the encoder, upsample them to all 2048 input points,



Methods ModelNet40 OBJ-BG OBJ-ONLY PB-T50-RS | Avg.
PointNet [30] 89.2 733 79.2 68.0 774
SpiderCNN [51] 92.4 77.1 79.5 73.7 80.7
PointNet++ [31] 90.7 823 843 77.9 83.8
DGCNN [41] 929 86.1 85.5 78.5 85.8
PointCNN [24] - 86.1 85.5 78.5 -

PTv1 [64] 93.7 - . - .

PTv2 [43] 942 - - - -

OcCo [40] 92.1 84.9 855 78.8 853
Point-BERT [57] 93.2 874 88.1 83.1 88.0
Point-MAE-Scratch [57] 91.4 79.9 80.6 77.2 82.3
Point-MAE-SN [29] 93.8 90.0 88.3 852 89.3 (47.0)
Point-MAE-Zero 93.0 90.4 88.6 85.5 89.4 471y
Point-M2AE-Scratch 922 90.0 87.6 85.6 889
Point-M2AE-SN [61] 94.0 91.2 88.8 86.4 90.1 (412
Point-M2AE-Zero 92.9 90.4 89.8 87.0 90.0 (+1.1y
PCP-MAE-Scratch 91.5 88.8 88.5 83.8 88.2
PCP-MAE-SN [63] 94.0 95.5 94.3 90.4 93.6 (154
PCP-MAE-Zero 924 94.0 923 90.5 92.3 4.1)

Table 1. Object Classification. We evaluate the object classifi-
cation performance on ModelNet4( and three variants of ScanOb-
jectNN. Classification accuracy (%) is reported (higher is better).
Top: Performance of existing methods with various neural net-
work architectures and pretraining strategies. Bottom: Compari-
son with our baseline methods. The rightmost column shows the
average accuracy, with red text indicating the improvement over
the corresponding Scratch baseline.

and employ a segmentation head. For masked point cloud
reconstruction, we use both the pretrained encoder and de-
coder with no architectural modifications. For scene-level
methods, we use both instance segmentation and semantic
segmentation finetuned from the pretrained SSLs. Detailed
implementation settings are in the supplementary material.

4. Experiments

We present a comprehensive evaluation of 3D shape repre-
sentations pretrained with procedural 3D programs across
various downstream object-level and scene-level tasks, in-
cluding object classification, part segmentation, and 3D
scene understanding (Sec. 4.1 — 4.4). We further provide
an in-depth analysis of model behavior and ablation studies
(Sec. 4.5). For each downstream task, we report the perfor-
mance of relevant existing methods as a reference and focus
on comparisons with SSLs pretrained on manually-curated
3D datasets, as well as models trained from scratch. Specif-
ically, for object-level 3D understanding tasks, we evalu-
ate the following three pretraining strategies: (1) Scratch:
All network parameters are randomly initialized, with no
pretraining. (2) ShapeNet Pretrained (SN): Pretrained on
41,952 models in the ShapeNet [8] training split, relying
on the officially released weights. (3) Procedural 3D Pro-
grams Pretrained (Zero): Pretrained on 150K procedurally
generated 3D models, using no human-crafted shapes. For
scene-level tasks, we compare SSL models pretrained on
ScanNet [1 1] and procedurally generated 3D scenes.

4.1. Object Classification

Benchmarks. We use ModelNet40 [47] and ScanOb-
jectNN [37] as the benchmarks for the shape classification
task. ModelNet40 contains 12,311 clean 3D CAD objects
across 40 categories, with 9,843 samples for training and
2,468 for testing. Following Point-MAE, we apply random
scaling and translation as data augmentation during train-
ing, and a voting strategy during testing [27]. Following
prior works [29, 40, 57], we also evaluate the few-shot clas-
sification performance on ModelNet40. ScanObjectNN is
a more complex real-world 3D dataset, consisting of ap-
proximately 15,000 objects across 15 categories, with items
scanned from cluttered indoor scenes. We report results on
three ScanObjectNN variants: OBJ-BG, OBJ-ONLY, and
PB-T50-RS, the latter being the most challenging due to its
additional noise and occlusions.

Transfer Learning. Table 1 summarizes object clas-
sification results across several settings. On Model-
Net40, the “-Zero” variants (e.g., Point-MAE-Zero, Point-
M2AE-Zero, PCP-MAE-Zero) generally fall slightly be-
hind their ShapeNet-pretrained counterparts (“-SN”), re-
flecting the larger domain gap between synthetic shapes
and the clean 3D models in ModelNet40. By contrast,
on ScanObjectNN—which contains real-world scans with
broader geometric variability—the ‘“-Zero” models often
match or exceed the performance of their “-SN” counter-
parts. For instance, PCP-MAE-Zero outperforms PCP-
MAE-SN on the PB-T50-RS variant, and Point-M2AE-
Zero closely matches or exceeds Point-M2AE-SN in sev-
eral cases. These findings indicate that the diverse geome-
try in procedurally synthesized data can be advantageous for
certain real-world tasks. Meanwhile, all pretrained models
(including both “-SN” and “-Zero”) surpass their respec-
tive from-scratch baselines and outperform existing self-
supervised approaches [40, 57] which we highlight with the
rightmost column.

Few-shot Classification. We evaluate few-shot classifi-
cation on ModelNet40 using standard n-way, m-shot pro-
tocols, where n denotes the number of randomly selected
classes and m the number of examples per class. Each eval-
uation samples 20 unseen instances from each class. We
repeat this procedure 10 times, reporting mean accuracy
(%) and standard deviation. Table 2 presents results for
n = {5,10} and m = {10, 20}. Similar to transfer learning
experiments, Point-MAE-Zero performs on par or slightly
below Point-MAE-SN, likely due to the larger domain gap
between procedural shapes and ModelNet40 data. Nonethe-
less, both methods substantially outperform their scratch-
trained counterparts, as reflected by the performance deltas,
and also surpass prior approaches such as DGCNN [41] and
Transformer-OcCo [40].



Methods 5w/10s 5w/20s 10w/10s 10w/20s ‘ Avg. Methods ‘ mloU; ‘ aero bag cap car chair earphone guitar knife
DGCNN-rand [41] 316428 408446 199421 169+1.5 | 27.3 PointNet [30] 837 | 834 787 825 749 896 730 95 859
g ) 28 925419 82.9+13 865422 | 88.1 PointNet++ [31] 85.1 824 790 877 773 908 71.8 91.0 859
DGCNN-OcCo [41] 90.6+2. . . . . . . . DGCNN [41] 85.2 84.0 834 867 778 90.6 74.7 91.2 875
Transformer-OcCo [40]  94.04+3.6 959423 89.4+5.1 924446 | 929 0cCo [40] 85.1 833 852 883 799 907 74.1 919 876
Point-BERT [57] 94.6+3.1 96.3£2.7 91.0£54 92.7+5.1 | 93.7 Point-BERT [57] 85.6 843 848 880 79.8 0910 81.7 91.6 879
Point-MAE-Scratch [57]  87.845.2 93.3+4.3 84.6+5.5 89.4+6.3 | 88.8 Point-MAE-Scratch [57] | 85.1 829 854 877 788 905 808 911 877
Point-MAE-SN [29] 963425 97.8+18 92.644.1 950430 | 954 (e B I W
Point-MAE-Zero 96.6+2.2 97.6+£1.4 91.9+42 95243.0 | 953 165 o P : - : : - . -

- Point-M2AE-Scratch 84.7 85.1 86.8 88.6 811 915 79.9 92.1 87.8
Point-M2AE-Scratch 87.542.6 90.0£5.5 86.4+3.2 89.6+4.3 | 88.4 Point-M2AE-SN [61] 85.0.05 | 845 872 893 S8L1 918 80.1 920 892
Point-M2AE-SN* [29]  93.4+43.1 96.2+1.5 91.844.5 929432 | 93.6 .5, Point-M2AE-Zero 84900, | 853 873 887 8L1 917 794 919 882
Point-M2AE-Zero 954428 944428 943422 93.8+3.2 | 94.5 o) PCP-MAE-Scratch 83.8 843 831 887 803 912 77.1 9.0 881
PCP-MAE-Scratch 86.442.6 85.0+6.0 88.9+4.1 90.7+42 | 87.8 ‘;g—mg-SN [63] 843.05 | 850 840 887 810 916 776 918 876

MAE-Zero 844.00 | 846 843 885 8L7 9OL5  8L1 921 870
PCP-MAE-SN [63] 97.4+2.3 99.1+0.8 93.5+3.7 95.942.7 | 96.5 .57
PCP-MAE-Zero 95.543.4 98.6+1.6 942435 95.643.0 | 96.0 (52 -
Methods ‘ lamp laptop motor mug pistol rocket skateboard table
. . PointNet [30] 808 953 652 930 812 579 728 806
Table 2. Few-shot classification on ModelNet4(. We evaluate PointNet++ [31] 837 953 716 941 813 587 764 826
. DGCNN [41] 828 957 663 949 8L1 635 745 826
performance on four n-way, m-shot configurations. For example, 0cCo [40] 917 054 755 o014 841 631 757 s0s
5w/10s denotes a 5-way, 10-shot classification task. The table re- Point-BERT [57] 852 956 756 947 843 634 763 815
ports the mean classification accuracy (%) and standard deviation Point-MAE-Scratch [57] | 853 956 739 949 85 612 749 806
. . Point-MAE-SN [29] 86.1 961 752 946 847 635 771 824
across 10 independent runs for each configuration. Top: Results Point-MAE-Zero 86.0 960 778 948 853 647 773 814
from existing methods for comparison. Bottom: Comparison with Point-M2AE-Scratch 857 960 764 954 855 638 763 824
. : Point-M2AE-SN [61] | 864 958 777 953 852 653 770 822
our baseline n}ethods.. Note tI}at results for Pomt—M.ZAE—SN are e e S e s e
reproduced using publicly available code, as the original configu- PCP-MAE.Scratch 849 950 760 950 850 632 754 810
ration was not provided. The final column shows the average ac- PCP-MAE-SN [63] 858 964 761 952 848 640 774 814
PCP-MAE-Zero 8.0 9.1 766 946 851 636 768 804

curacy across configurations, with subscripts indicating improve-
ments over the corresponding baseline.

4.2. Part Segmentation

The 3D part segmentation task aims to assign a part la-
bel to each point in a shape. We evaluate our methods
and baselines on ShapeNetPart [56], which contains 16,881
models across 16 object categories. Consistent with previ-
ous works [29, 30, 57], we sample 2,048 points from each
shape, resulting in 128 patches in our masked autoencoding
pipeline (see Sec. 3).

Table 3 presents the mean Intersection-over-Union
(mloU) across all instances, along with per-category IoU.
Across various models, both Point-MAE-Zero and Point-
MAE-SN deliver comparable performance, indicating that
procedurally generated shapes can learn robust 3D rep-
resentations without explicit semantic content. Similarly,
Point-M2AE-Zero and PCP-MAE-Zero achieve results on
par with their ShapeNet-pretrained counterparts, further
highlighting the versatility of procedural data in self-
supervised representation learning.

In line with our observations in Sec. 4.1, the “-Zero” and
“-SN” models surpass scratch-trained baselines and earlier
methods that use different architectures [30, 31, 41] or al-
ternative pretraining strategies [40, 57]. Despite lacking
high-level semantic cues, these procedurally trained autoen-
coders still capture sufficient geometric structure to achieve
strong segmentation performance.

4.3. Masked Point Cloud Completion

Masked point cloud completion reconstructs missing re-
gions of 3D point clouds as a self-supervised pretext task
for learning 3D representations [29] (see Fig. 2 and Sec. 3).

Table 3. Part Segmentation Results. We report the mean Inter-
section over Union over instances (mloU;) and the per-category
IoU (%) on the ShapeNetPart benchmark. Higher values indicate
better performance. The subscripted values in mloU; represent
performance improvement over the corresponding baseline.

With Guidance Without Guidance

Methods ShapeNet  Synthetic ShapeNet Synthetic
Point-MAE-SN [29] 0.015 0.024 0.024 0.039
Point-MAE-Zero 0.016 0.024 0.026 0.037
Point-M2AE-SN [61] 0.002 0.005 0.007 0.011
Point-M2AE-Zero 0.003 0.005 0.010 0.009
PCP-MAE-SN [63] - - 0.016 0.028
PCP-MAE-Zero - - 0.016 0.028

Table 4. Masked Point Cloud Completion. The table reports the
L, Chamfer distance (lower is better) between predicted masked
points and ground truth on the test set of ShapeNet and proce-
durally synthesized 3D shapes. With Guidance: center points of
masked patches are added to mask tokens in the pretrained de-
coder, guiding masked point prediction during inference. With-
out Guidance: Without Guidance: no information from masked
patches is available during inference.

During pretraining, points are grouped into patches, with
a subset of patches (60% by default) randomly masked.
Only visible patches are encoded, while masked patch cen-
ters can optionally guide the decoder (“with guidance”) or
be omitted entirely (“without guidance”). After pretrain-
ing, models can reconstruct masked points even without
such guidance. We quantitatively compare Point-MAE and
Point-M2AE pretrained on ShapeNet (“-SN”’) and procedu-
ral shapes (“-Zero”) in both guidance conditions, using the
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Figure 3. Masked Point Cloud Completion. This figure visualizes shape completion results with Point-MAE-SN and Point-MAE-Zero
on the ShapeNet test split and procedurally synthesized 3D shapes. Left: Ground truth point clouds and masked inputs (60% mask ratio).
Middle: Completions guided by masked input patch centers [29]. Right: Reconstructions without any guidance points. The Lo Chamfer
distance (lower is better) between the predicted 3D point clouds and the ground truth is displayed below each reconstruction.

Semantic Seg.  Instance Segmentation

Methods mloU mAcc mAP AP50 AP25
MSC-scan [44] 73.85 81.80 39.75 60.51 76.49
MSC-Zero (1k) 72.69 80.80 39.03 58.57 75.24
MSC-Zero (2k) 73.86 82.03 40.81 6228 76.26
MSC-Zero (4k) 74.34 82.16 4147 63.12 76.54

Table 5. Masked Scene Contrast Results. Performance compari-
son between MSC-Scan and MSC-Zero with different amounts of
pretraining data for semantic and instance segmentation tasks.

ShapeNet test split and 2,000 unseen synthetic shapes (see
Tab. 4). All methods perform slightly better on their in-
domain data. Removing guidance significantly decreases
performance across all methods, highlighting its importance
during masked reconstruction. Notably, Point-MAE-Zero
and Point-M2AE-Zero closely match or even surpass their
SN counterparts in reconstructing synthetic shapes, and re-
main competitive on ShapeNet shapes despite the lack of
semantic training signals. PCP-MAE is a special case since
it predicts centers before decoding point cloud and we find
PCP-MAE-SN and PCP-MAE-Zero achieve similar perfor-
mances both on seen and unseen domains.

Fig. 3 further illustrates that procedural-only mod-
els (e.g., Point-MAE-Zero) effectively reconstruct familiar
ShapeNet objects (e.g., airplane wings, chair legs) without
semantic supervision, likely by exploiting geometric sym-
metries. Similarly, SN-pretrained models generalize effec-
tively to synthetic shapes not encountered during pretrain-
ing. Overall, these findings from Fig. 3 and Tab. 4 under-
score that masked autoencoding primarily captures geomet-
ric rather than semantic information, enabling robust recon-
struction across domains.

4.4. Scene-level 3D Understanding Tasks

Given the effectiveness of procedural 3D programs for pre-
training self-supervised learning (SSL) models on 3D ob-
jects, a natural question arises: Can procedural 3D pro-
grams similarly benefit SSL for 3D scenes? We adopt
Masked Scene Contrast (MSC) [44], a popular SSL method
for 3D scenes. We pretrain MSC on ScanNet [11] (1K
scenes), commonly used for 3D scene SSL pretraining,
and compare it against MSC pretrained on our procedu-
rally generated scenes (denoted MSC-Zero). We conduct
experiments with MSC-Zero using varying amounts of data
(1K, 2K and 4K procedural scenes). MSC-Zero trained
with 4K procedurally generated 3D scenes achieves out-
performs MSC pretrained on ScanNet in both 3D seman-
tic and instance segmentation tasks. This demonstrates the
effectiveness of procedurally generated data for 3D scene
self-supervised learning and reinforces our findings from
object-level 3D understanding tasks. Moreover, our re-
sults demonstrate that increasing the number of procedural
scenes consistently improves performance across semantic
and instance segmentation tasks. We discuss the exact pro-
cedures of generating such data and implementation details
in the supplementary materials.

4.5. Analysis

Complexity of Synthetic 3D shapes. We examine how
the geometric complexity of synthetic datasets impacts pre-
training and downstream performance. We consider four
progressively complex configurations: (a) Single Primi-
tive: a single shape with affine transformations; (b) Mul-
tiple Primitives (<3): up to three combined shapes; (c)
Complex Primitives (<9): up to nine combined shapes; (d)
Shape Augmentation: further modified via boolean differ-
ences and wire-frame conversions.

Fig. 4 displays samples from each configuration along-
side quantitative comparisons of pretraining performance



Methods Pre-train Downstream
Loss Accuracy
Scratch - 77.24
Point-MAE-SN 2.62 85.18
Point-MAE-Zero

(a) Single Primitive 3.17 83.93
(b) Multiple Primitives 4.10 84.52
(c) Complex Primitives 443 84.73
(d) Shape Augmentation 5.28 85.46

Figure 4. Impact of 3D Shape Complexity on Performance. Left: Examples of procedurally generated 3D shapes with increasing
complexity, used for pretraining. Textures are shown for illustration purposes only; in practice, only the surface points are used. Right:
Comparison of pretraining masked point reconstruction loss (Eqn. 1) [29] and downstream classification accuracy on the ScanObjectNN
dataset [37]. Each row in Point-MAE-Zero represents an incrementally compounded effect of increasing shape complexity and augmenta-

tion, with the highest accuracy achieved using shape augmentation.
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Figure 5. Impact of pretraining dataset size. We report the
classification accuracy (%) on the PB-T50-RS subset of ScanOb-
jectNN [37] as a function of the pretraining dataset size.

and downstream classification accuracy on PB-T50-RS, the
most challenging variant of ScanObjectNN [37]. As shape
complexity increases, the pretraining task becomes more
difficult, leading to higher reconstruction losses at the 300th
training epoch. However, the downstream classification per-
formance of Point-MAE-Zero improves. This underscores
the importance of topological diversity in shapes for effec-
tive self-supervised point cloud representation learning.

We observe that the reconstruction loss on our dataset
with single primitives (i.e., 3.17) is higher than on ShapeNet
(i.e., 2.62) which consists of more diverse 3D shapes.
We hypothesize that this is because ShapeNet is relatively
smaller than our dataset (50K vs. 150K) and ShapeNet mod-
els are coordinate-aligned.

Dataset Size and Comparison with Objaverse. Fig. 5
presents a scaling analysis of Point-MAE-Zero on the
PB-T50-RS benchmark using procedurally generated data.
When matched for dataset size, Point-MAE-Zero and Point-
MAE-SN achieve comparable downstream performance,
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Figure 6. Learning curves in downstream tasks. We present
validation accuracy (top row) and training curves (bottom row)
in object classification tasks on ScanObjectNN (left column) and
ModelNet40 (right column).

underscoring the viability of synthetic data as a substitute
for curated datasets like ShapeNet. Importantly, we observe
that performance further improves with increasing dataset
size, despite the lack of semantics in the synthetic data.

To contextualize our results, we compare against pre-
training on randomly sampled subsets of Objaverse [12],
matched in scale. While models pretrained on Objaverse
exhibit strong performance at smaller scales (e.g., 10 or
10* shapes), their downstream performance plateaus—and
eventually declines—as more shapes are added. We pretrain
and finetune Point-MAE-Objaverse 5 times on PB-T50-RS
and we report the best performance. We hypothesize that
this trend is due to many randomly sampled shapes from
Objaverse having simple geometry (e.g., avatars, boxes,
cups), which makes the pretraining task too easy and limits
the ability to learn robust 3D representations. In contrast,
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Figure 7. t-SNE visualization of 3D shape representations. (a) Shows representations from transformer encoders: Scratch, Point-MAE-
SN (ShapeNet), and Point-MAE-Zero (procedural shapes). (b) Displays fine-tuned representations for object classification on ModelNet40
(top) and ScanObjectNN (bottom). Each point represents a 3D shape while the color denotes the semantic categories.

our procedurally generated data, enriched through augmen-
tation and shape composition, consistently improves perfor-
mance as the dataset scales, demonstrating its effectiveness
and scalability for point cloud self-supervised learning.
Efficiency of Transfer Learning. Fig. 6 shows the learn-
ing curves for training from scratch, Point-MAE-SN, and
Point-MAE-Zero on shape classification tasks in the trans-
fer learning setting. Both Point-MAE-SN and Point-MAE-
Zero demonstrate faster training convergence and higher
accuracy compared to training from scratch, consistently
across both ModelNet40 and ScanObjectNN benchmarks.
t-SNE Visualization. Fig. 7 visualizes the distribution of
3D shape representations from Point-MAE-SN and Point-
MAE-Zero via t-SNE [38], before and after fine-tuning on
specific downstream tasks. It also includes representations
from a randomly initialized neural network as a reference.

First, compared to the representations from scratch, both
Point-MAE-SN and Point-MAE-Zero demonstrate visually
improved separation between different categories in the la-
tent space. For example, this is evident in the red and light
blue clusters on ModelNet40 and the blue and light blue
clusters on ScanObjectNN. This highlights the effectiveness
of masked auto-encoding for self-supervised 3D learning.

Second, when comparing representations after fine-
tuning, both Point-MAE-SN and Point-MAE-Zero show
much less clear separation between categories in the la-
tent space. This raises the question of whether high-level
semantic features are truly learned through the masked au-
toencoding pretraining scheme.

Finally, the t-SNE visualization reveals structural sim-
ilarities between Point-MAE-Zero and Point-MAE-SN.
Most categories lack clear separation in both models, ex-
cept for the red and light blue clusters on ModelNet40 and
the blue and light blue clusters on ScanObjectNN. This sug-

gests that Point-MAE-Zero and Point-MAE-SN may have
learned similar 3D representations, despite differences in
the domains of their pretraining datasets. We provide more
in-depth analysis in the supplementary material.

5. Discussion

In this work, we propose to learn 3D representations from
synthetic data automatically generated using procedural 3D
programs. We conduct an comprehensive empirical analy-
sis of existing 3D SSLs and perform extensive comparisons
with learning from well-curated, semantically meaningful
3D datasets.

We demonstrate that learning with procedural 3D pro-
grams performs comparably to learning from recognizable
3D models, despite the lack of semantic content in synthetic
data. Our experiments highlights the importance of geo-
metric complexity and dataset size in synthetic datasets for
effective 3D representation learning. Our analysis further
reveals that existing 3D SSLs primarily learns geometric
structures (e.g., symmetry) rather than high-level semantics.

This work has several limitations. For example, due to
limited computational resources, we were unable to further
scale up our experiments, such as by increasing the dataset
size or conducting more detailed ablation studies on pro-
cedural 3D generation. Additionally, our findings may be
influenced by potential biases in visualization tools (e.g., t-
SNE) or benchmarks (e.g., data distribution and evaluation
protocols). Furthermore, in 3D vision, the distinction be-
tween geometric structures and semantics remains an open
question, as well-stated by Xie et al. [48]. This work also
does not provide any novel representation learning method.
Nevertheless, we hope our findings will inspire further ex-
ploration into self-supervised 3D representation learning.
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