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Abstract—We propose a disruptively frugal generative sensing
approach for LiDAR that generates, rather than senses, parts of
the environment that are either predictable based on extensive
training or have limited impact on overall prediction accuracy.
Our generative pre-training strategy for this purpose, radially
masked autoencoding (R-MAE), also allows focusing on radial
segments of the data, which captures spatial relationships and
distances between objects more effectively than conventional
procedures. As a result, the proposed methodology not only
reduces sensing energy but also improves prediction accuracy.
Our evaluations on Waymo and nuScenes show that our approach
achieves over a 5% average precision improvement in detection
tasks across datasets and over a 4% accuracy improvement when
transferring domains from Waymo and nuScenes to KITTI. Our
method achieves up to 3.17% and 2.31% improvements in mean
average precision (mAP) and NDS, respectively, in nuScenes.
Even with 90% radial masking, it surpasses baseline models by
up to 5.59% in mAP and mean average precision with heading
(mAPH) across all object classes in the Waymo dataset. Resul-
tantly, R-MAE reduces the sensing energy by ~9.1x than the
conventional LiDAR processing despite computational overheads.
Codes are available: https://github.com/sinatayebati/Radial MAE.

Index Terms—LiDAR Pre-training, Masked Autoencoder,
Ultra-Efficient 3D Sensing.

I. INTRODUCTION

Multispectral sensors like LiDARs (Light Detection and
Ranging) excel in depth perception and object detection under
various lighting conditions, including complete darkness and
bright sunlight. Unlike cameras, LiDAR outputs are unaffected
by optical illusions or ambient light variations. However, due
to their active sensing—where they emit signals and measure
reflections—LiDARs are significantly more energy-intensive
than cameras. For example, Luminar’s LiDAR can consume
up to 25 watts [1], compared to the 1-2 watts required by
modern digital cameras [2], resulting in significant adoption
barriers for LiDAR sensing in many low-power applications.

We propose a generative sensing LiDAR approach that
generates rather than senses parts of the environment that
are predictable based on extensive training or have limited
impact on overall prediction accuracy. By minimally sensing
the environment and using generative models to fill in the
blanks, our approach can dramatically reduce LiDAR energy
consumption. While previous works [3]-[7] have used gen-
erative Al to compress LiDAR point cloud data for more
efficient processing, they miss upon the significant oppor-
tunity to minimize sensor power itself. By rather focusing
on minimizing sensing energy than feature dimensions alone,
our approach aligns with a notable trend in semiconductor

technology advancements, where computing energy decreases
at a much faster rate than sensing energy, such as with
emerging technologies [8]-[13]. The computing energy of a
digital technology is determined by how it represents binary
bits ‘0’ and ‘1, and with each new generation of transistors
and emerging technologies, the energy of binary representa-
tions continues to dramatically reduce. Meanwhile, sensing
energy, especially for active sensing, is more fundamentally
constrained by environmental factors such as atmospheric ab-
sorption, signal scattering, and reflection characteristics [14],
[15]. Therefore, by leveraging generative models to overcome
these fundamental energy reduction barriers, our approach
provides a more scalable pathway of energy reduction.

Leveraging generative modeling for LiDAR sensing effi-
ciency, we introduce R-MAE, a pre-training paradigm em-
ploying a masked autoencoder with a novel range-aware radial
masking strategy. This approach reduces the need for extensive
sensing by combining partial observations with a pre-trained
generative model to reconstruct the 3D scene. Extensive exper-
iments on Waymo [16] and nuScenes [17] show that R-MAE
preserves spatial continuity and ensures viewpoint invariance
even with 90% masking. Training with R-MAE also allows the
model to focus on radial aspects of the data, better capturing
spatial relationships. Thus, R-MAE achieved >5% average
precision improvement in detection tasks across Waymo and
other datasets, with >4% improvement in domain transfers
from Waymo and nuScenes to KITTIL

II. PHYSICAL SENSING VS. GENERATIVE SENSING

LiDAR’s power consumption includes laser emission, scan-
ning, signal processing, and data acquisition, requiring Pty =
Baser + Pscan +Psigna1 + Peontrol. The laser emitter’s power, Plaser
depends on energy per pulse, Epuise, pulse repetition frequency,
JSpulse» and laser efficiency, Miaser: Plaser = M Control
and data acquisition power, Peontrol, 1ncludes data handling,
system control, and communication: Peonirol = Papc + Pyvicu,
where Papc is the power consumption of analog-to-digital
converters and Pycy 1S microcontroller’s power consumption.

Importantly, these energy components face fundamental
energy-accuracy-range trade-offs. For instance, as range R
increases, Epyse increases: Epylse = %ﬁ;%, where A, is
receiver aperture area, p is target reﬂe'ctivity, n is system
efficiency, and 7 is laser pulse width. Since minimum received
signal strength P. cannot be arbitrarily small, transmission
energy increases as R*. Similarly, angular precision, A@,
measures the accuracy of angle distinction between objects,
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Fig. 1: (a) Radially masked autoencoding (R-MAE) strategy: Angular regions are completely masked out as shown in the
black by turning off laser emissions. Even on the sensed regions, points are probabilistically dropped-off proportional to their

distance R. Notably, Pgager ~ R*,

therefore the pretraining encourages models to predict accurately with a low power laser. (b)

R-MAE processing flow: The input point cloud is voxelized and radially masked based on voxel distance from the sensor. A
3D spatially sparse convolutional encoder extracts latent features, while a decoder reconstructs the 3D scene.

determined by beam divergence and laser aperture diameter D:
AB = %, where A is laser wavelength. Finer angular precision
(smaller A@) requires larger aperture D, increasing LiDAR’s
footprint, while lower A for finer precision is constrained by
eye safety and atmospheric absorption issues due to higher
transmitted wave energy [18]. Due to such intricate interac-
tions among various LiDAR performance metrics, simultane-
ously achieving high precision, extended range, low footprint,
energy efficiency, and cost-effectiveness is challenging for
most LiDAR systems. We address these challenges through a
novel generative sensing paradigm where training data rather
than sensor design and energy are relied upon. As a result,
our approach reduces the sensing energy by ~9.1x than the
conventional LiDAR sensing.

III. RADIALLY MASKED AUTOENCODING (R-MAE)

While random masking has proven effective in pre-training
models across various modalities [19]-[21], its direct ap-
plication to large-scale LiDAR point clouds is challenging.
LiDAR data is inherently irregular and sparse, making con-
ventional block-wise masking less effective. To address this,
we propose Radially Masked Autoencoding (R-MAE), which
masks random angular portions of a LiDAR scan and uses
an autoencoder to predict occupancy in these unsensed re-
gions. Pre-training R-MAE on unlabeled point clouds enables
it to capture underlying geometric and semantic structures.
By generating, rather than sensing, significant portions of
the environment, R-MAE reduces LiDAR scan requirements.
Additionally, R-MAE is easily implementable on modern Li-
DAR systems by allowing for selective laser activation during
inference. Key components of R-MAE are detailed below:

A. Radial Masking Strategy

To process large-scale LiDAR point clouds while mimicking
the sensor’s radial scanning mechanism, we employ a voxel-

based radial masking strategy. The point cloud is voxelized
into a set of non-empty voxels V, where each voxel v; € V
is characterized by a feature vector f; € RC encompassing
its geometric and reflectivity properties. The radial masking
function, denoted as M : V — {0, 1}, operates on the cylindrical
coordinates of each voxel v;, represented as (r;,6;,z;), where
r; is the radial distance, 6; is the azimuth angle, and z; is the
height in two steps:

Stage 1: Angular Group Selection: Voxels are grouped based
on their azimuth angle 6; into N, angular groups, where each
group spans an angular range of AO = 2” . A subset of these
groups is randomly selected with a selectlon probability p, =
1 —m, where m is the desired masking ratio.

Stage 2: Range-Aware Masking within Selected Groups: Let
G; C {1,2,...,N,} denote the indices of the selected groups.
Within each selected group g; € Gy, voxels are further divided
into N, distance subgroups based on their radial distance
ri. The distance ranges for these subgroups are defined by
thresholds ry,,14,,..., 71, . For each voxel v; in a selected group
gj» a masking decision is made based on its distance subgroup
k(vi) and a range-dependent probability py,;,:

M(V,’) = {07

1,

if g(vi) € G, and Bernoulli(py, v_)) =1

8(v),
otherwise

where g(v;) denotes the group index to which voxel v; belongs,
k(v;) denotes the distance subgroup index to which voxel v;
belongs within its group, Bernoulli(p) represents a Bernoulli
random variable with success probability p.

B. Convolutional Encoder and Decoder

We employ 3D sparse convolutions [31] for encoder, oper-
ating only on non-empty voxels, to reduce memory usage.
Specifically, unlike Transformer-based methods that flatten 3D
point clouds into 2D pillars [5], [32], sparse convolutions
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TABLE I: Accuracy of R-MAE against current art on Waymo Validation set.

Method mAP/mAPH Vec_L1 Vec_L2 Ped_L1 Ped_L2 Cyc_L1 Cyc_L2
L2 AP/APH AP/APH AP/APH AP/APH AP/APH AP/APH
CenterPoint [22] 64.51 / 61.92 71.33 /7076 | 63.16 / 62.65 | 72.09 / 65.49 | 64.27 / 58.23 | 68.68 / 67.39 | 66.11 / 64.87
+ GCC-3D [23] | 65.297078 / 62.7910-87 - 63.97 / 63.47 - 64.23 / 58.47 - 67.68 / 66.44
+ PropCount [24] | 66.42+91 / 63.85"193 - 64.94 / 64.42 - 66.13 / 60.11 - 68.19 / 67.01
+ Occ-MAE [4] | 65.86713 7 63.231131 | 71.89 / 71.33 | 64.05 / 63.53 | 73.85 / 67.12 | 65.78 / 59.62 | 70.29 / 69.03 | 67.76 / 66.53
+ R-MAE (Ours) | 67.2072% / 64.76+%>%* | 73.38 / 72.85 | 65.28 / 64.79 | 74.84 / 68.68 | 66.90 / 61.24 | 72.05 / 70.84 | 69.43 / 68.26
PV-RCNN [25] 64.84 / 60.86 75.41 /74774 | 67.44 1 66.80 | 71.98 / 61.24 | 63.70 / 53.95 | 65.88 / 64.25 | 63.39 / 61.82
+ GCC-3D [4] 61.30 3% / 58.18 268 - 65.65 / 65.10 - 55.54 / 48.02 - 62.72 / 61.43
+ PropCount [24] | 62.627>?? / 59.28 198 - 66.04 / 65.47 - 57.58 / 49.51 - 64.23 / 62.86
+ MAELI [6] - /62141128 - -16734 - -/56.32 - -162.76
+ Occ-MAE [4] | 66.177133 71 61.98"112 | 7594 /1 75.28 | 67.94 / 67.34 | 74.02 / 63.48 | 64.94 / 55.57 | 67.21 / 66.49 | 65.62 / 63.02
+ R-MAE (Ours) | 68.95"*!! 7 66.455° | 76.72 / 76.22 | 68.38 / 67.92 | 78.19 / 71.74 | 69.63 / 63.68 | 72.44 / 70.32 | 68.84 / 67.76

TABLE II: Accuracy of R-MAE against current art on nuScenes validation set.

Method | Data Modality | mAPT | NDST | mATE| | mASEl | mAOE|l | mAVE| | mAAE|
CenterPoint [22] LiDAR 56.03 64.54 30.11 25.55 38.28 21.94 18.87
+ GCC-3D [23] LiDAR 57.3%13 65.010- - - - - -

+ BEV-MAE [26] LiDAR 57.2+12 65.1706 - - - - -

+ Occupancy-MAE [4] LiDAR 57.8+18 659114 28.8 24.4 37.5 20.6 18.0
+ R-MAE (Ours) LiDAR 5920317 | 66.857%7! 29.73 25.71 34.16 20.02 17.91
Transfusion [27] LiDAR 64.58 69.43 27.96 25.37 29.35 27.31 18.55
+ R-MAE (Ours) LiDAR 65.01°°43 | 701707 28.19 25.20 26.92 2427 18.71
BEVFusion [28] LiDAR + Camera 65.91 70.20 28.26 25.43 28.88 26.80 18.67
+ R-MAE (Ours) LiDAR + Camera | 66.401°%° | 70.4102! 28.31 25.54 29.57 25.87 18.60

TABLE III: Average Precision (AP) of R-MAE against current art on KITTI validation set (" results are reproduced by us).

Model | Car |Pedestrian| Cyclist || Model | Car |Pedestrian| Cyclist
SECOND' [29] 79.08 44.52 64.49 PV-RCNN [25] | 8228 | 5151 69.45

+ Occupancy-MAET [4]]|79.121004 | 45354083 16327122 || + Occ.-MAE' [4]]82.4310-15| 48.137338 | 71.51+200
+ ALSO' [30] 78.98 0101 45331081 166 5372041 4+ ALSO" [30] [82.5210-%*| 52.63"!12 170.2010-7
+ R-MAE (Ours) 79.10709%| 46.93 724! |67.757°26 || + R-MAE (Ours) |82.820| 51.61"-10 | 73.824%7

directly operate in 3D space, preserving the scene’s geometric
structure and enabling the model to learn more nuanced spatial
relationships. The encoder, E : Vy x RE — RE, transforms the
input features f; € RC of the unmasked voxels v; € V, into
a lower-dimensional latent representation z; € R through a
series of sparse convolutional blocks with 3D convolutions,
batch normalization, and ReLU activation. Residual connec-
tions are employed to improve gradient flow. The resulting
latent representation z; encapsulates learned geometric and
semantic features, which are then passed to the decoder.

The decoder, D : RL — R'V‘, reconstructs the 3D scene
by predicting the occupancy probability 6; for masked vox-
els v;. Each deconvolution layer follows batch normalization
and ReLU activation to upsample the feature maps, thereby
increasing spatial resolution until the original voxel grid is
reconstructed. The final layer outputs the predicted occupancy
probability §; for each voxel, which is then compared to the
ground truth occupancy o; using a binary cross-entropy loss.

C. Occupancy Loss

We adopt occupancy prediction as a pretext task to encourage
the model to learn global features representative of different
object categories. Occupancy prediction is framed as a binary

classification problem due to the prevalence of empty voxels in
outdoor scenes and our deliberate partial sensing to conserve
energy. The binary cross-entropy loss with logits Loccyp is used
to supervise the reconstruction:
1 1 , N 4 N
“H Lol L [0} log(a(6})) + (1~ o} log(1 —~ 6(5}))

i€eB ‘ QS | IS

where 6; is the estimated probability of query voxel g of
the i-th training sample, o is the corresponding ground truth
occupancy (1 for occupied, O for empty), and o is the sigmoid
function. |B| is the batch size, and |Q| is the number of query
voxels in the sphere centered on S.

IV. ACCURACY-ENERGY OF GENERATIVE SENSING

A. 3D Object Detection

In Table I, we evaluated R-MAE on the Waymo validation
set, where it surpassed the accuracy of other pre-training meth-
ods. Notably, R-MAE consistently achieved the highest mAP
and mAPH scores across both CenterPoint and PV-RCNN,
with gains of +2.69/+2.84 in CenterPoint and +4.11/+5.59 in
PV-RCNN. It also shows significant improvements in detecting
various object types, such as pedestrians (Ped_L1, Ped_L2),
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TABLE IV: Accuracy comparisons under domain transfer:
We pre-trained R-MAE with Waymo and nuScenes and fine-
tuned with KITTI. Evaluation results are presented at moderate
difficulty level and 40 recall positions.

Task | method | Car |Pedestrian| Cyclist
SECOND [29] 79.08 44.52 64.49

Waymo — KITTI |+ R-MAE (Ours) |79.307"%*| 48.61""" |66.62"* '3

nuScenes — KITTI|+ R-MAE (Ours)|79.3202* | 46051153 | 68.27378

vehicles (Vec_L1, Vec_L2), and cyclists (Cyc_L1, Cyc_L2),
especially with better accuracy for small and dynamic objects.

Table II shows R-MAE’s performance on nuScenes. Pre-
trained on nuScenes LiDAR data, R-MAE improved LiDAR-
only models CenterPoint [22] and Transfusion [27] by 2.31%
to 3.17% in NDS (NuScenes detection score combining mAP
with localization, size, orientation, velocity, and attribute accu-
racy) and mAP. For multi-modal BEVFusion [28], pre-training
only the LiDAR component yielded 0.49% and 0.21% gains.
R-MAE outperformed other pre-training methods when fine-
tuned with CenterPoint, showing the advantage of our method.

Finally, Table III shows R-MAE’s performance on KITTI
dataset. R-MAE improves performance by 0.1% to 4.3% over
SECOND [29] and PV-RCNN [25], especially for smaller
objects. Compared to other pre-trained models, R-MAE shows
similar avergae precision (AP) for cars and 1.2% to 1.6%
improvement for pedestrians and cyclists. R-MAE enhances
ALSO’s [30] occupancy prediction approach using masked
point clouds and a 3D MAE backbone for better semantic
understanding. It also improves upon Occupancy-MAE [4]
by employing radial masking, enhancing generative tasks and
edge device efficiency.

B. Transferring Domain

To evaluate the transferability of the learned representation,
we fine-tuned R-MAE models on the KITTI dataset using
SECOND [29] and PVRCNN [25] as detection bases. As
shown in Table IV, the performance gains from R-MAE pre-
training are evident in the KITTI domain, indicating that the
model acquires a robust, generic representation. Despite the
KITTI training samples being smaller compared to Waymo
and nuScenes, the R-MAE pre-trained models show significant
improvements across different classes. However, the relative
improvement is smaller when transferring to KITTI, likely due
to the domain gap. This suggests that while R-MAE effectively
learns generalizable features, variations in data domains can
impact performance improvements.

C. Energy Savings and R-MAE’s Overhead

In Fig. 2, we explored R-MAE’s accuracy limits by varying
the masking ratio and contiguous angular segment size. Fig.
2 shows the experiments using a pre-trained R-MAE fine-
tuned on PointPillar [33]. In Fig. 2(a), accuracy degrades only
beyond 92% masking, indicating that only 8% of LiDAR’s
BEV (bird’s eye view) needs sensing. Fig. 2(b) highlights R-
MAE’s near-invariance to angular grouping range with 80%
masking.

While generative sensing reduces the need for direct en-

62.0 63
61.5 —— R-MAE (Ours) —— R-MAE (Ours)
61.0 ---_PointPillar (Conv.) 62 --- PointPillar (Conv.)
Reos Re1
a. 60.0 a
<595 < 60
oo E
N L
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58.0%5.85 0.87 0.89 0.91 0.93 0.95 0.97 _ °°1 5 10 15 20 25 30 35 40
(a) Masking Ratio (b) Angular Group Size

Fig. 2: Accuracy under varying pretraining conditions, (a) at
varying masking ratios with a fixed angular range of 1 degree,
and (b) at different angular ranges with a fixed masking
ratio of 0.8. Results are compared against the state-of-the-art
(SOTA) PointPillars [33] method.

TABLE V: Conventional LiDAR Processing vs. R-MAE

Parameter Conventional | R-MAE

Masking Ratio - >90%

Avg. Laser Diode Energy/pulse 50 W 55 W
# of Model Parameters - 830K
FLOP/360° scan - 335M
Sensing Energy/360° scan 72 mJ 792 ulJ
Reconstruction Energy/360° scan - 7.1 m]

vironmental sensing, it introduces computational overhead.
Table V outlines these trade-offs. The energy for a single
LiDAR pulse varies with distance: ~500 nJ for 10 meters
and ~50 pJ for 200 meters as in [34]. Our range-aware
masking (Stage 2, Sec. III-A) accounts for this by increasing
the masking probability for farther segments of point clouds.
In our scheme, up to 30 meters, masking matches the baseline
considered in Fig. 2, while from 30-50 meters, a 70% mask-
ing probability is multiplied, and beyond 50 meters, a 90%
masking probability is multiplied on the baseline ratio. Given
that pulse energy follows E, ;s ~ R*, this reduces the average
pulse energy to ~5.5 uJ. R-MAE requires ~830K parameters
and ~335M FLOPs per 360° scan to reconstruct unmasked
regions. On Jetson Nano (472 GFLOPs/s at 10W [35]), this
computational overhead amounts to ~7.1 mJ, while sensing
energy drops to 0.79 mJ with a 0.25° horizontal resolution.
Therefore, in Table V, the total sensing + reconstruction energy
of R-MAE is 9.11x lower than the conventional LiDAR
processing, showing the sensor energy savings far exceed the
computational cost.

V. CONCLUSION

R-MAE-based LiDAR processing generates rather than
senses predictable or inconsequential parts of the environment,
enabling ultrafrugal sensing. R-MAE improves average preci-
sion by over 5% in detection tasks and accuracy by over 4%
in domain transfer on Waymo, nuScenes, and KITTI datasets.
R-MAE surpasses baselines by up to 5.59% in mAP/mAPH on
Waymo with 90% radial masking, thereby resulting in 9.11x
lower energy than the convention LiDAR processing despite
reconstruction overheads.
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