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Abstract

Masked autoencoders (MAE) have shown tremendous
potential for self-supervised learning (SSL) in vision and
beyond. However, point clouds from LiDARs used in auto-
mated driving are particularly challenging for MAEs since
large areas of the 3D volume are empty. Consequently, ex-
isting work suffers from leaking occupancy information into
the decoder and has significant computational complexity,
thereby limiting the SSL pre-training to only 2D bird’s eye
view encoders in practice. In this work, we propose the
novel neighborhood occupancy MAE (NOMAE) that over-
comes the aforementioned challenges by employing masked
occupancy reconstruction only in the neighborhood of non-
masked voxels. We incorporate voxel masking and occu-
pancy reconstruction at multiple scales with our proposed
hierarchical mask generation technique to capture features
of objects of different sizes in the point cloud. NOMAEs are
extremely flexible and can be directly employed for SSL in
existing 3D architectures. We perform extensive evaluations
on the nuScenes and Waymo Open datasets for the down-
stream perception tasks of semantic segmentation and 3D
object detection, comparing with both discriminative and
generative SSL methods. The results demonstrate that NO-
MAE sets the new state-of-the-art on multiple benchmarks
for multiple point cloud perception tasks.

1. Introduction

Sensors that generate point clouds, such as LiDARS or radars,
have become a cornerstone in automated driving as they pro-
vide high-resolution three-dimensional representations of
the environment [29]. The rich spatial information repre-
sented in point clouds enables vehicles to accurately detect
and classify objects, navigate complex environments, and en-
hance safety through real-time situational awareness. How-
ever, annotated point cloud datasets are significantly smaller
than their image-based counterparts, which makes learn-
ing large-scale perception models extremely challenging.
Self-supervised learning (SSL) [2, 5-7, 14-17, 21, 22, 32],
through contrastive learning or masked modeling, provides
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Figure 1. NOMAE enables masking and reconstructing occupancy
as a self-supervised pretext task for large-scale point clouds. It lim-
its the reconstruction of masked voxels to the neighborhood

of visible ” voxels and reconstructs the masked occupancy at mul-
tiple scales. NOMAE|  achieves state-of-the-art performance on
nuScenes semantic segmentation, Waymo semantic segmentation,
and nuScenes object detection tasks, outperforming existing self-
supervised methods ! as well as transformer methods .

an effective solution to this problem by learning meaningful
representations from vast amounts of unlabeled data. SSL
also reduces the reliance on arduous annotation processes
while improving performance and generalization. Pioneer-
ing works [24, 27, 45, 47] have successfully employed SSL
to small-scale indoor point clouds, with more recent efforts
extending it to large-scale outdoor point clouds [18, 33, 40].

Outdoor point clouds, however, pose a unique challenge
for masked modeling as most of the measured 3D volume
is empty space. Current approaches resort to reconstructing
precise point locations within occupied voxels [18, 33, 40],
but this often leaks information to the decoder, signaling that
the queried voxel is occupied. Recent methods [26, 43] at-
tempt to overcome this problem by reconstructing the entire
scene, but the computational complexity and class imbal-
ance caused by the large number of empty voxels limit these
approaches to either 2D bird’s-eye-view representations or
coarse-grained 3D reconstructions.
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In this work, we propose Neighborhood Occupancy MAE
(NOMAE), the first multi-scale sparse self-supervised learn-
ing framework for LiDAR point clouds that directly ad-
dresses the problem of 3D point cloud sparsity in masked
modeling. The novelty in NOMAE lies in the concept that
the occupancy of fine-grained 3D voxels is only evaluated
(loss) in the neighborhood of visible (not masked) occupied
voxels. This is motivated by the fact that LIDAR points are
typically clustered in the proximity of other LiDAR points
in outdoor driving scenarios. Thereby, we avoid leaking in-
formation about masked voxels to the decoder and eliminate
the need for dense feature spaces or reconstructing large
unoccupied areas. This makes our approach lightweight
and usable with more modern sensors that have finer resolu-
tions as well as state-of-the-art 3D transformer architectures.
Our framework employs self-supervision at multiple scales,
made feasible by the lightweight nature of our reconstruc-
tion task. To facilitate this, we introduce a hierarchical mask
generation module that is suitable for multi-scale SSL. We
perform extensive experiments with NOMAE on the com-
petitive nuScenes [4] and Waymo Open [30] datasets that
demonstrate state-of-art pretraining performance for mul-
tiple downstream tasks (illustrated in Fig. 1). Our main
contributions are as follows:

» The novel localized reconstruction self-supervised learn-
ing framework for point clouds, Neighborhood Occupancy
MAE.

* A multi-scale SSL strategy, where different feature levels
are supervised at different scales.

* A novel mask generating scheme suitable for multi-scale
SSL.

 Extensive benchmarking on two standard autonomous driv-
ing datasets, achieving state-of-the-art results across two
perception tasks.

» Comprehensive ablation studies to highlight the impact of
our proposed contributions.

2. Related Work

In this section, we review the existing works related on point
cloud SSL and Automotive LiDAR SSL.

3D Self-Supervised Learning: The success of generative
self-supervised learning in natural language processing and
computer vision has inspired several works [24, 27, 34, 46]
to explore masked auto-encoders for 3D point clouds. These
approaches are typically tailored towards small-scale sin-
gle object recognition tasks, where a standard ViT [13]
architecture suffices to encode the point cloud. For ex-
ample, PointMAE [27] explicitly reconstructs point cloud
patches using the Chamfer distance. MaskPoint [24] discrim-
inates between the reconstructed points and noise points. In
OcCo [34], point cloud completion is performed on occluded
regions. Most prominently, Point2Vec [46] reconstructs the
encoded features of a teacher model for the masked patches.

Alternatively, contrastive methods can be employed with
point clouds to distinguish multiple partial views [39] or
point-level correspondences [19]. These pioneering works
achieve promising results on object-scale and room-scale 3D
point clouds but are not usable for large-scale automotive
LiDAR point clouds due to their inefficient scaling with the
size of the point cloud. In contrast, our work focuses on large-
scale automotive LiDAR point clouds and employs efficient
hierarchical architectures. Additionally, our work proposes
self-supervision for multiple feature levels, contrary to the
single-scale supervision employed in these works.

Automotive LiDAR Self-Supervised Learning: The focus
of existing works on automotive large-scale point clouds is
computational efficiency. One common technique is to re-
duce 3D point clouds to a 2D bird’s-eye-view (BEV) grid, us-
ing pillar architectures [3, 18, 33, 40, 43]. [18] reconstructs
3D points inside masked 2D pillars and [40] additionally
predicts the order of the 2D BEV pillars. GeoMAE [33]
predicts centroids and 3D sub-occupancy in the pretraining.
GD-MAE [43] utilizes a generative decoder to reconstruct
the whole scene to alleviate the leakage of positional infor-
mation to the decoder. ALSO [3] reconstructs the surface
occupancy of the point cloud. UniPAD [44] is a pioneer-
ing work that generates coarse 3D features of the whole
scene and uses a neural rendering approach for supervision.
Occupancy-MAE [26] proposes to utilize the occupancy as a
compressed representation of the point cloud and reconstruct
the occupancy in the 3D space using a masked point cloud.
Despite the significant performance achieved by them, recon-
structing occupancy or features over the entire 3D volume is
an expensive task, which allows supervision only on a coarse-
scale. Furthermore, the large computational cost prohibits
employing modern 3D scene understanding architectures
with high voxel resolutions. As a result, the state of the art
for self-supervised learning lags behind the performance of
a fully supervised training of transformer architectures from
scratch. In contrast, this paper addresses fully sparse SSL as
a remedy, scaling well with higher 3D voxel resolutions.

3. Technical Approach

Fig. 2 presents an overview of our proposed framework
for self-supervised representation learning. The network
consists of an encoder (to be trained), a token upsampling
module, and multiple decoders for the hierarchical masked
voxel reconstruction. We employ PTv3 [37] as the encoder.
In contrast to earlier works, we maintain a sparse feature
space and generate fine-grained features only for the visible
voxels using an upsampling module. We employ a sparse
decoder for masked voxel reconstruction. This decoder is de-
signed to be simple and lightweight, as described in Sec. 3.2,
allowing us to deploy a separate decoder instance at each
feature scale in the multi-scale pretext (MSP), which is fur-
ther detailed in Sec. 3.3. The input point clouds are first
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Figure 2. Overview of the proposed NOMAE approach. The input point cloud is first voxelized and masked by the hierarchal mask
generator. The encoder E processes the visible voxels V, to yield a hierarchical representation. The upsampler M, then fuses the multi-scale
representations to capture high-level features at each scale. For each feature scale, a separate neighboring decoder predicts occupancy in V,,
corresponding to the immediate neighborhood of the visible voxels. The combination of independent learning tasks across multiple feature
scales and the localized predictions by the neighboring decoders enables learning representations that are well-suited for 3D point clouds.

voxelized and then masked before being fed into the encoder.
Our masking strategy ensures that there is adequate masking
coverage while also maintaining a sufficient number of occu-
pied voxels in the reconstructed neighborhoods at multiple
hierarchical scales, as explained in Sec. 3.4.

3.1. Encoder and Token Upsampling

This input point cloud P is first voxelized to obtain the set of
all occupied voxels V, which is then split into a set of visible
voxels V, and masked voxels V,, as detailed in Sec. 3.4. A
sparse transformer encoder E based on PTv3 [37] is used to
encode the features V' at the positions of V), to generate the
set of tokens

F(s) =E(V)(s). M

PTv3 employs partition-based pooling on the tokens to gen-
erate more abstract representations for coarser resolutions,
similar to pooling in CNNs. F'(s) is the features (tokens) at
the s-th scale level of PTv3 and s € {0,...,5 — 1}.

NOMAE uses an upsampling module M, to propagate the
abstract encoding of coarser resolution tokens to the tokens
of finer resolution while keeping the representation sparse.
This is similar to a feature pyramid network for CNNs. M,
consists of a single PTv3 transformer block at every scale,
which is very lightweight.

3.2. Neighboring Decoder

Prior work on self-supervised learning for large-scale point
clouds reconstruct exact locations of points [18], geometri-
cal properties [33] or voxel ordering [40], for each masked
voxel V. This requires passing Vy, to the decoder, caus-
ing information leakage. [26, 43] avoid this well-known
information leakage by reconstructing the scene as a whole,
which is computationally expensive. In contrast, NOMAE
reconstructs the occupancy O(vy, s) of all voxels v, € V,
within a certain neighborhood 7 of visible voxels V, at scale

s=8-3 s=0

P
O 8-

(a) Hierarchical mask generation renders P to the coarsest scale s = S — 1
and then applies a random mask to divide occupied voxels into visible JJjj
and masked  voxels. For the subsequent scales, only the visible voxels of
the previous scale undergo random masking. Masked voxels of a coarser
scale always correspond to masked | or empty[ | voxels at a finer scale.

it

O(S—1) 0(S —2)
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(b) Multiscale pretext reconstructs the cells around visible voxels . at mul-
tiple scales. The neighborhood V),, contains voxels that are reconstructed
but empty | as well as masked and recovered voxels ' . Some masked
voxels which are too distant from visible voxels are not recovered  and

do not contribute to the loss. The predicted occupancy O at coarser scales
covers a wider region, while finer scales reconstruct more detail.

Figure 3. Illustration of multiscale pretext (MSP) and hierarchical
mask generation (HMG).

s. To achieve this, we employ a decoder Ds consisting of
sparse convolution layers.

O(vn, 5) = Ds(Mu(F)(s)), 2)

where O is the networks prediction of O. Visible voxels of
V, are excluded from V,. An example is depicted in Fig. 3.

We note that V,, will not cover masked voxels in V), that
are not nearby visible voxels. This is an approximation
that we make in our approach and we observed that LIDAR
points in outdoor point clouds typically lie in the proximity
of other points on the surfaces of objects. Hence, sufficient
number of masked voxels in V), are included in V,. Far-
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away isolated points do not contribute to the loss, which
improves performance, as evaluated in the ablation study
presented in Sec. 4.6. Our interpretation is that such isolated
points belong to strongly occluded or masked objects and
are infeasible to reconstruct, hence affecting the pretraining.
This approximation allows us to avoid reconstructing large
volumes of unoccupied space without leaking information
about V,, to the decoder D at the same time.

3.3. Multi-Scale Pretext

GeoMAE [33] is the only prior work that exploits multiple hi-
erarchical scales in the reconstruction during self-supervised
training. Most other works [3, 18, 26, 33, 43] use a single
scale for their pretraining tasks. This is unexpected since it
is common practice in automated driving perception models
to attach task heads to feature representations at different
scales. The intuition is that finer resolutions are more suit-
able for small objects, such as pedestrians, while coarser res-
olutions are more suitable for larger objects, such as trucks.
However, the multi-scale reconstruction in GeoMAE [33] is
derived from a single feature map. In our approach, we use
s instances D of the decoder architecture D with separate
weights. Coupled with the neighborhood size being scale-
dependent, this implicitly encourages the coarse-grained
features to contain information from a larger area, while the
fine-grained features contain more localized details.

3.4. Hierarchal Mask Generator

Generally, the scale of the masking can be different from the
scale of reconstruction. For example, a random mask can
be generated on a coarse scale and then upsampled to match
the resolution of the reconstruction. However, experiments
in [18, 33, 43] showed that random masking on the same
scale as the reconstruction scale performs best, which is intu-
itive. Consequently, we generate random masks for multiple
scales in the MSP. These masks should be consistent to avoid
information leakage, i.e., a voxel that is masked on a coarser
scale should not be visible on a finer scale [47]. A straight-
forward manner to generate consistent masks would be to
create a random mask for the finest scale and then derive
the masks of coarser scales by defining a coarse-scale voxel
as masked if all its corresponding fine-scale sub-voxels are
masked. However, this would lead to rapidly decreasing
masking ratios when moving to coarser scales because a
single visible sub-voxel is sufficient to mask a coarser-scale
voxel visible. Another alternative is masking at the coarsest
scale and upsampling the mask [47] to finer scales which
leads to a more consistent masking ratio across scales. How-
ever, we found that this approach rapidly decreased the size
of reconstructed neighborhoods n moving to finer scales.
Hence, we propose the masking scheme depicted in
Fig. 3a. We mask the coarsest scale first, using a random
sampling of all occupied voxels V, and the probability that

a voxel is masked equals masking ratio r. Next, we take all
voxels at scale s — 1 within visible voxels of the previous,
coarser, scale s and repeat the sampling of additional masked
voxels at scale s — 1 with probability .Consequently, the
total masking ratio at scale 7(s) is approximately

r(s) m1—(1—r)5 s 3)

By doing so, we ensure that coarser scales have a sufficient
number of masked voxels without reducing the size of re-
constructed neighborhoods at finer scales. Only the visible
voxels V), of the finest scale are fed to the encoder backbone
E. An ablation study presented in Sec. 4.6 quantifies the
positive effect of HMG on the pretraining and downstream
task performance.

3.5. Pretrainging Loss

We use the Binary Cross Entropy loss (BCE) as the occu-
pancy loss per scale. The final loss L is the average of all
single scale losses L(s):

Z BCE(O(v, s),0(v,s)), (4)

VEV,(s)

with the ground truth occupancy O(v, s) € {0,1}.

4. Experiments

In this section, we discuss the datasets, metrics, and the
evaluation protocol that we use for benchmarking. We com-
pare our proposed approach with state-of-the-art methods
in the benchmarks and present extensive ablation studies to
demonstrate the novelty of our contributions.

4.1. Datasets and Evaluation Metrics

The nuScenes dataset [4] is a challenging dataset due to the
sparsity of the LIDAR point cloud. It consists of 700 driving
sequences for training, 150 for validation, and 150 for testing,
with annotations for a variety of tasks. We evaluate both
semantic segmentation and object detection on the nuScenes
dataset. We use the mean intersection over union (mloU)
as the main evaluation metric for semantic segmentation
and the nuScenes detection score (NDS) and mean average
precision (mAP) for 3D object detection.

The Waymo Open Dataset [30] is a large-scale au-
tonomous driving dataset. It consists of 798 driving se-
quences for training, 202 validation sequences, and 150 test
sequences. We use the mean intersection over union (mloU)
and mean accuracy (mAcc) as the main metrics for evaluat-
ing the semantic segmentation performance.

4.2. Task Heads

This section discusses the methods to evaluate the effec-
tiveness of the pretraining and the quality of the learned
representation.
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Table 1. Comparison of LiIDAR semantic segmentation performance on the nuScenes and Waymo Open datasets. For the first time, an SSL
pretraining method outperforms strong supervised learning models. Methods marked with * are our implementation.

SSL nuScenes Waymo
Method ..

pretraining valmloU valmAcc test mloU test fwloU valmloU valmAcc test mIoU
MinkUNet [9] - 73.3 - - - 65.9 76.6 69.8
SPVNAS [31] - - - 77.4 89.7 - - 68.0
Cylinder3D [49] - 76.1 - 77.2 89.9 - - -
AF2S3Net [8] - 62.2 - 78.0 88.5 - - -
2DPASS [41] - - - 80.8 - - - -
SphereFormer [20] - 78.4 - 81.9 - 69.9 - -
PTv2 [36] - 80.2 - 82.6 - 70.6 80.2 -
PTv3 [37] - 80.4 87.3 82.7 91.1 71.3 80.5 -
UniPAD [44] v 79.4 - 81.1 - - - -
GEO-MAE [33] v 78.6 - - - - - -
GEO-MAE [33] + PTv3 [37]* v 78.9 84.7 - - - - -
Occupancy-MAE [26] v 72.9 - - - - - -
Occupancy-MAE [26] + PTv3 [37]* v 80.0 86.1 - - - - -
NOMAE + MinkUnet (ours) v 80.1 86.2 - - - - -
NOMAE + PTv3 (ours) v 81.8 87.7 82.6 91.5 72.3 82.5 70.3

Fine-tuning: In our comparisons with state-of-the-art meth-
ods, fine-tuning follows the self-supervised pre-training of
the encoder. For this purpose, a task-specific head is added
with randomly initialized weights, and both the encoder E
and the task-specific head are trained using the annotated
dataset. We use the same head as PTv3 [37] for the seman-
tic segmentation tasks and the same head as our baseline
UVTR [23] for the object detection task. We use layer-wise
learning rate decay (LLRD) [17] to avoid forgetting the SSL
representations in the encoder.

Non-linear Probing: The purpose of the ablation study is to
evaluate the learned representation from our SSL approach
on the downstream semantic segmentation task. Therefore,
the encoder is kept frozen after pre-training, i.e., no fine-
tuning. Following Probe3D [1] and the insights of ear-
lier works [6, 17], we use a multi-scale non-linear probe
(NonLP) instead of the commonly used linear probing pro-
tocol. NonLP aggregates the feature tokens of all scales
after up-sampling tokens of coarser scales before passing
them to a voxel-wise small MLP. NonLP avoids that the
representation learning happens in the head. Still, it is prob-
ing the stronger but non-linear features, correlating better
with transfer performance [6, 17]. Similar to the commonly
used linear probe, NonLP is trained for a few epochs using
annotated data.

4.3. Implementation Details

We perform the experiments for semantic segmentation in the
Pointcept [ 1] framework and in the MMDetection3D [10]
framework for the object detection task. We use PTv3 [37]
as the encoder E, unless stated otherwise. We use a single
NVIDIA A100 GPU for the pretraining. We use S = 4
for the reconstruction and masking scales, corresponding
to target voxel sizes of {0.05,0.10, 0.20, 0.40} meters. The

Table 2. Comparison of object detection performance on the
nuScenes dataset with state-of-the-art point-based pre-training
methods. Following the evaluation protocol of [43, 44], the meth-
ods are finetuned using 20% labeled frames, without CBGS and
copy-paste augmentation.

Methods NDS mAP
UVTR-L (Baseline) 46.7 39.0
+ALSO [3] 48.2 41.2
+GD-MAE [43] 48.8 42.6
+Learning from 2D [25] 49.2 48.8
+UniPAD [44] 55.8 48.1
+noMAE (ours) 60.9 54.4

input voxel dimension is 0.05 meters. The masking ratio 7
of the finest scale is 70% for nuScenes and 85% for Waymo.
In the self-supervised pre-training, the decoder I consists
of sparse convolution layers [12] of kernel size 5, followed
by a single sparse submanifold convolution layer to generate
O. We use common augmentation techniques such as rota-
tion, scaling, and jittering from the semantic segmentation
literature [9, 31, 37] during pretraining.

4.4. Benchmarking Results

In this section, we present the benchmarking results for both
3D semantic segmentation and 3D object detection.

3D Semantic Segmentation: Tab. | summarizes the best-
performing methods on the nuScenes and Waymo Open
Dataset leaderboards for the LIDAR semantic segmentation
task. The results include the most performant self-supervised
pretraining methods. We fine-tuned our model as described
in Sec. 4.2. We observe that our proposed self-supervised
pretraining achieves a mloU score of 81.8 on the nuScenes
validation set, adding 1.4 mloU points over the baseline and
setting the state-of-the-art. NOMAE is an SSL method for
any architecture, MinkUnet [9] pretrained with NOMAE out-
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Table 3. Comparison of different SSL methods using the same
backbone with NonLP. The iteration time (iter.time) is computed
using a batch size of 1. Sup.res is the finest resolution of pretraining
supervision.

Model mloU mACC iter.time sup.res
GEO-MAE [33] + PTv3 [37] 53.8 677 40.lms 0.20m
Occupancy-MAE [26] + PTv3[37] 59.0 734 74.0ms 0.10m
NOMAE (Ours) 74.8 85.0 39.8ms 0.05m

of-the box achieves mloU of 80.1 which is on par with SOTA
architectures. For more results using other architectures see
Supplementary Sec. 8 and Sec. 11.

The results on the nuScenes semantic segmentation test
set are on par with the strong PTv3 baseline for the mloU
score and outperforms it in the frequency-weighted IoU
(fwloU) score by 0.4%. The improvement on the test set
is lesser than the validation dataset because NOMAE has
relatively poor performance for the minority class bicycle,
and we did not make special adaptations for the test set
submission.

On the Waymo Open dataset val set, our method achieves
amloU score of 72.3 and mAcc of 75.2. NOMAE improves
by 1.0 and 2.0 points in the mIoU and mAcc, respectively,
over the baseline PTv3 [37]. The current version of the
semantic segmentation challenge is relatively new for the
Waymo Open dataset, with only a few submissions. With
70.3% mloU score on the test set, NOMAE sets a new state-
of-the-art on the Waymo Open Dataset single frame semantic
segmentation challenge.

3D Object Detection: We present results for object detec-
tion on the nuScenes validation set using the fine-tuning
approach described in Sec. 4.2. We follow the experiment
setup of GD-MAE [43] and UniPAD [44], utilizing only
20% of the annotated frames during fine-tuning, without the
use of CBGS [48] or Copy-and-Paste (object sample)[42]
augmentation. We adopt the same training settings as the
baseline UVTR [23] and do not use test-time augmentation
or model ensembling.

Tab. 2 shows that our approach achieves 60.9 and 54.4
NDS and mAP scores respectively, improving by 14.2 in
NDS points and 15.4 in mAP points over the UVTR-L [37]
baseline, and by 5.1 NDS points and 5.6 mAP over the clos-
est contrastive SSL. method Learning-from-2D [44]. The
significant improvement demonstrates the effectiveness of
our proposed localized multi-scale SSL for 3D object detec-
tion with limited annotated data.

4.5. Comparison with SSL. Methods

In this experiment, we compare the performance of our pro-
posed method with the self-supervised pretraining methods
of Occupancy-MAE [26] and GeoMAE [33], with the same
encoder architecture of PTv3 [37]. Tab. 1 shows that our re-
implementation of Occupancy-MAE [26] and GeoMAE [33]

Table 4. Ablation study on the various components in NOMAE for
semantic segmentation on the nuScenes validation set. Lines with *
are with fine-tuning, and all the other results are with NonLP. For
more details refer to Sec. 4.6

Model mloU mACC ACC
Occupancy-MAE + PTv3 59.0 73.4 91.0
+ reconstruct only Vy 66.7 78.2 924
+ MSP

naive masking 70.2 82.3 93.5

Point-M2AE [47] masking ~ 70.5 82.3 93.6
+ HMG 72.6 83.9 93.7
+n =29 733 84.3 94.1
+ batch size 8 74.8 85.0 94.0
+ fine-tuning = noMAE* 81.8 87.7 94.9

with the state-of-the-art PTv3 [37] backbones (marked with
*) outperforms the results reported in the original papers by
0.3 and 7.1 mloU points respectively for semantic segmen-
tation with fine-tuning on the nuScenes dataset.

Tab. 3 shows the results of non-linear probing (NonLP).
We observe that the NonLLP performance in Tab. 3 corre-
lates with the fine-tuning results in Tab. 1. Furthermore,
the relative performance improvement of NOMAE over the
baselines is higher for NonLP in comparison to fine-tuning,
which indicates richer representation learning. Additionally,
the time of a single training step (iteration time) is lowest
for NOMAE, despite the multi-scale pretraining and a much
finer resolution of the pretraining supervision. We note that
the iteration time of NOMAE is 10ms for the pretraining
with a single scale.

4.6. Ablation Study

In this section, we present ablation studies on the nuScenes
semantic segmentation validation set to investigate the de-
sign choices of the proposed method. We performed the ex-
periments using the pre-trained frozen encoder using NonLP.
Please refer to Sec. 4.2 for further details.

Detailed Study of NOMAE: This experiment evaluates
the improvement due to our proposed contributions, and the
results are presented in Tab. 4. We start from our implemen-
tation of Occupancy-MAE [26] as in Tab. 3. Reconstructing
only the local neighborhood V, of visible voxels V, increases
the NonLP mloU from 59.0% to 66.7%. This requires re-
placing the Occupancy-MAE decoder with our proposed
upsampling module and neighborhood decoder. Adding the
multi-scale reconstruction (MSP) from Sec. 3.3 further im-
proves the mIoU to 70.1 for naive mask construction and
to 70.5 for masking strategy from Point-M2AE [47], as op-
posed to single-scale reconstruction in Occupancy-MAE.
Our proposed hierarchical mask generation from Sec. 3.4
yields an improvement of 72.46 mloU, as further investi-
gated in Sec. 4.6. Moreover, increasing the reconstruction
neighborhood size from 5 to 9 improves the mloU to 74.8,
as further investigated in Sec. 4.6. Reducing the batch size
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Table 5. Reconstruction and masking on different single scales, with
multi-scale pretext (MSP) and hierarchical mask generation (HMG).
Results are reported on the nuScenes val set with the encoder frozen
after SSL pretraining, with nonlinear probing. IoU(p) and IoU(t)
are the IoU for the classes pedestrian and truck, respectively.

Model mloU mACC ACC IoU(p) IoU(t)

Single scale 2° = 1 63.8 744 915 726 68.8
Single scale 2° = 2 66.7 782 924  75.6 74.3
Single scale 2° = 4 68.0 80.0 928 765 75.5
Single scale 2° = 8 68.3 80.5 93.0 758 76.2
Single scale 25 = 16 67.3 80.3 927 734 76.6
MSP 2¢ € {1,2,4,8}

naive masking 70.2 82.3 93.5 83.2 79.6
Point-M2AE [47] 70.5 823 936 825 81.2
HMG (ours) 72.6 839 937 852 83.6

to 8 (further investigated in Sec. 6.1 of the supplementary
material) yields the final NonLP performance of 74.8% and
fine-tuning performance of 81.8% mloU score.

Mask Block Size, MSP and HMG: This experiment in-
vestigates different reconstruction and mask scales s for our
SSL task. Tab. 5 compares the performance of reconstructing
different single scales with the proposed multi-scale pretext
(MSP) from Sec. 3.3. The experiment of MSP without hierar-
chical mask generation (HMG) uses either a random mask at
the finest scale, which is pooled to generate masks of coarser
scales, as described in the naive solution in Sec. 3.4, or the
method of Point-M2AE [47].

It can be observed that no single-scale occupancy task
is suitable for all object types. For example, trucks benefit
from a coarser occupancy reconstruction, while pedestrians
prefer a finer resolution in the pretraining task, except for the
very fine scales of 2° € {1,2}. MSP combines coarse and
fine tasks, thereby maximizing the overall mloU. We observe
that HMG achieves an additional improvement of 2.4 and
2.1% mIoU over random mask at the finest scale and the
mask generation proposed in Point-M2AE [47] respectively.
This underlines the importance of proper training examples
at all scales.

Neighborhood Size: Fig. 4 investigates the effect of the
neighborhood size (number of voxels) to generate V), from
V,. For example, n = 5 indicates that a total of 5 vox-
els are covered in all 3 (x,y,z) dimensions for every scale.
Experiments use MSP and HMG. Since every scale has a
different voxel size, the reconstructed volume depends on the
scale. We observe a maximum of the NonLP performance
for n = 9. Our interpretation is that a smaller neighbor-
hood does not cover sufficient LIDAR measurements for
reconstruction, while a larger neighborhood hinders local
representations in the pretraining. Further, we observe that
limiting the reconstruction size performs consistently better
than reconstructing the whole space, which would corre-
spond to the method of Occupancy-MAE [26].

Masking Ratio: Fig. 5 investigates the effect of different

Nuscene SemSeg mloU

\ \ \
3 5 7 9 11 13

Size in voxels

Figure 4. Size (number of voxels) of the reconstructed neighbor-
hood n around visible voxels V), to create V), in the proposed
pretext task. We observe that the downstream NonLP semantic
segmentation peaks at n = 9. Note that n — oo corresponds to
the method of [26].
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Figure 5. NonLP performance over the masking ratio r; on the
nuScenes and Waymo datasets. We observe that the optimal 7¢(0)
is 70% for the nuScenes and 85% for the Waymo Open Dataset.
Our interpretation is that Waymo requires a higher masking ratio
due to the higher density of the LiDAR point cloud.

masking ratios on the quality of the representations for se-
mantic segmentation on the Waymo and nuScenes datasets.
This experiment uses a constant 7(s) = r to achieve the
total masking ratio r; according to Eq. 3. We observe that
the optimal total masking ratio is 70% for the nuScenes and
85% for the Waymo Open dataset. This is intuitive since the
point cloud density in Waymo (ca. 180k points per frame)
is higher than the relatively sparse nuScenes (ca. 34k points
per frame) LiDAR point clouds.

Data Efficient nuScenes: Tab. 6 analyzes the performance
under limited annotated data for semantic segmentation on
the nuScenes dataset. The sub-sampling of the data is per-
formed sequence-wise, meaning that all frames of a sequence
are either included or excluded. For example, 0.1% indicates
that only one of the 1000 scenes of the nuScenes dataset
is used, namely scene-0392. In every experiment, all se-
quences of the training set are used for the self-supervised
pertaining. We observe that NOMAE (fine-tune) consistently
outperforms training from scratch, which demonstrates the
method’s ability to benefit from unannotated data. Further-
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Figure 6. Qualitative comparison of semantic segmentation performance with Ptv3 [37] and object detection performance with UVTR [23].

Table 6. Results with varying amounts of annotated data, evaluated
for semantic segmentation mloU on the nuScenes val set.

Method Annotated Scenes

01% 1% 10% 50% 100%
PTv3[37] 282 41.6 68.7 787 80.4
NOMAE (NonLP) 357 47.5 677 73.8 742
NOMAE (fine-tune) 35.8 48.1 69.9 80.1 81.8

more, we observe that in experiments with very little data,
NonLP performs similarly to fine-tuning. This suggests that
NOMAE can benefit from the unannotated data to learn a
sufficiently strong representation in the encoder, such that
the fine-tuning of the encoder has little benefit.

4.7. Qualitative Evaluations

We present qualitative comparisons in Fig. 6. In (a) and
(b) for semantic segmentation, we observe that NOMAE
improves the accuracy by reducing class mix-up and by im-
proving the boundaries between objects. In (a), we observe
that the baseline mis-segments the truck while NOMAE
accurately recognizes it. In (b), we see that NOMAE recog-
nizes the smaller object missed by the baseline (the bottom
left pole). We can also see that it fails to recognize some
drivable areas in (a). In Example (c), we visualize the detec-
tions from NOMAE. We see that compared to the baseline,
NOMAE is able to more accurately estimate the orientation
of the objects and has higher true positive detections. We
also see both models hallucinating in further away regions
(on the left), and NOMAE fails to detect the pedestrian on

the left. More qualitative results are presented in Sec. 12 of
the supplementary material.

5. Conclusion

In this work, we proposed NOMAE, a novel multi-scale self-
supervised learning framework for large-scale point clouds.
Observing the large-scale nature of LiDAR point clouds,
NOMAE reconstructs only local neighborhoods, keeping the
computation tractable at higher voxel resolutions, avoiding
information leakage, and learning a localized representation
suitable for diverse downstream perception tasks. Enabled
by its efficiency, NOMAE utilizes multiple scales in the pre-
training, enabling the model to learn both coarse and fine rep-
resentations. A novel hierarchical mask generation scheme
balances the pre-training of coarse and fine features, which
is important for objects of different sizes, such as pedestrians
and trucks We presented experimental results that underline
the benefit of our proposed contributions, achieving state-of-
the-art performance on multiple benchmarks.

Limitations: NOMAE is sensitive to the density of the point
cloud and future work will investigate the proposed method
for sparse 3D sensors such as radar. Additionally, NOMAE
does not utilize the temporal nature of LiDAR data which
can open the door for further performance improvement.
Furthermore, the application of high-resolution sparse 3D
representations in the encoders should be further investigated
for the object detection task, where 2D bird’s eye view and
low-resolution 3D approaches are still dominant.
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