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Abstract—LiDAR Semantic Segmentation is a fundamental
task in autonomous driving perception consisting of associating
each LiDAR point to a semantic label. Fully-supervised models
have widely tackled this task, but they require labels for each
scan, which either limits their domain or requires impractical
amounts of expensive annotations.

Camera images, which are generally recorded alongside
LiDAR pointclouds, can be processed by the widely available
2D foundation models, which are generic and dataset-agnostic.
However, distilling knowledge from 2D data to improve LiDAR
perception raises domain adaptation challenges. For example,
the classical perspective projection suffers from the parallax
effect produced by the position shift between both sensors at
their respective capture times.

We propose a Semi-Supervised Learning setup to leverage
unlabeled LiDAR pointclouds alongside distilled knowledge
from the camera images. To self-supervise our model on the
unlabeled scans, we add an auxiliary NeRF head and cast
rays from the camera viewpoint over the unlabeled voxel
features. The NeRF head predicts densities and semantic logits
at each sampled ray location which are used for rendering
pixel semantics. Concurrently, we query the Segment-Anything
(SAM) foundation model with the camera image to generate
a set of unlabeled generic masks. We fuse the masks with the
rendered pixel semantics from LiDAR to produce pseudo-labels
that supervise the pixel predictions. During inference, we drop
the NeRF head and run our model with only LiDAR.

We show the effectiveness of our approach in three public
LiDAR Semantic Segmentation benchmarks: nuScenes, Se-
manticKITTI and ScribbleKITTI.

I. INTRODUCTION

LiDAR Semantic Segmentation (SemSeg) is the computer
vision task of associating every sample from a LiDAR
pointcloud to a semantic class. It is essential for autonomous
driving, enabling the identification of drivable areas and
object boundaries to make safe and informed decisions when
navigating the vehicle’s surroundings [5] [6].

The availability of autonomous driving perception bench-
marks with annotated LiDAR scans [11] [12] [13] [14] has
enabled fully-supervised LiDAR SemSeg models [7] [8] [9]
[10] to learn this task for narrow domains (e.g. specific
dataset, selected cities/countries) where only limited amounts
of labeled data are enough to train a well-performing percep-
tion model. However, for bringing fully automated driving
functions to a world scale, we need models that perform well
in a wide variety of scenarios, such as distinct continents,
road agents, weather conditions, or driving styles. In the
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Camera image

Fig. 1: Pixel pseudo-label generation. Our Semi-Supervised
setup leverages unlabeled multi-modal data by casting rays
from the camera viewpoint into the unlabeled LiDAR fea-
tures to render pixel semantic predictions. The renderings are
fused with unlabeled generic masks from SAM foundation
model to produce confident, refined pixel pseudo-labels.

fully-supervised domain, this involves labeling huge amounts
of LiDAR pointclouds, which is an expensive task that
requires human supervision [15].

On the other hand, LiDAR pointclouds and camera images
are cheap to collect compared with their annotation cost [17].
Generally, and for most of the public LiDAR perception
benchmarks, LiDAR pointclouds are recorded alongside syn-
chronized camera images at similar instants, with significant
overlap in their field of view and a known transformation
between the two sensor origins [11] [12] [13] [14].

The camera frames, unlike LiDAR pointclouds, can be
processed by the widely available 2D foundation models
[1] [2] [3], which are increasingly effective at helping with
a wide range of tasks while being dataset agnostic. The
Segment-Anything Model [3] (SAM) is a groundbreaking
foundation model designed for zero-shot image segmenta-
tion. For each image, it generates masks that are agnostic to
the instance definition and labeling format. Our work aims
to distill the knowledge from SAM for the LiDAR modal-
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ity during training, while having a LiDAR-only inference
pipeline. Fig. 1 exemplifies this knowledge distillation.

However, distilling knowledge from 2D foundation models
into a 3D perception model raises the challenge of effec-
tively bridging these data from distinct domains. There’s
been extensive work tackling this challenge. The classical
way of fusing 2D and 3D data, already known for over a
decade, is the perspective projection [18] of LiDAR points
into the camera plane given the camera parameters and
transformation between sensors. This technique has been
demonstrated useful in the past for assigning 3D pseudo-
labels from 2D semantic labels, which are typically less
expensive to produce, requiring less skilled annotators and
more generic equipment [15].

Even though the perspective projection has proven ef-
fective and accurate in some scenarios, it suffers from the
parallax effect, which is the apparent shift in the position
of an object relative to a background when the observer’s
viewpoint changes [16]. In our multi-modal setup, this oc-
curs when the position of the LiDAR and camera at their
respective capture times differ. This undesired effect becomes
especially stronger at higher velocities and in setups where
the camera is placed away from the LiDAR.

Some works address this issue by exploiting the multi-
view nature of video recordings at consecutive frames or
by overlapping multiple-view cameras to select projections
that are consistent from multiple views [19]. However, these
works require pre-trained 2D SemSeg models and need to
either train on data with multi-view cameras and big overlaps
or deal with moving objects from neighboring frames.

To address this, we include in our Semi-Supervised Learn-
ing (SSL) model a self-supervision technique to train on the
unlabeled data which is inspired by the training mechanism
of Neural Radiance Fields (NeRFs) [20]. We show how this
technique can better leverage unlabeled images and scans
than existing approaches such as the classical perspective
projection. Our NeRF self-supervision allows the model to
reason about occupancy and semantics along rays, rather
than individual points. It consists of 1) an efficient Pixel-to-
Ray Casting mechanism, 2) a Ne RF' Multi-Layer Perceptron
(MLP) head, and 3) volumetric rendering equations. The
whole NeRF self-supervision is only added during training
and dropped for inference. Hence, once deployed, our model
is as efficient as any LiDAR-only SemSeg method and
doesn’t require any input data other than LiDAR. We demon-
strate the benefit of our method in scenarios with scarcely
labeled 3D data on three well-established public benchmarks
for LIDAR SemSeg: nuScenes [13], SemanticKITTI [11],
and its scarcely-labeled variation: ScribbleKITTI [12].

II. RELATED WORK

LiDAR Semantic segmentation. It has been tackled with
different mechanisms. Range view methods [7] [21] [22]
[23] project the points into a range image and process it
with convolutional neural networks equivalent to 2D SemSeg
networks [24]. Even though their lightweight advantage,
the pointcloud is not processed in its original 3D domain,

causing undesired effects such as semantic incoherence or
shape deformation [53]. Point-based methods, which operate
directly on the raw LiDAR pointclouds, gained some popu-
larity with the advent of PointNet [25]. Recently, bird’s eye
view [26] and multi-view [9] [27] methods have also been
proposed. Alternatively, voxel-based methods [28] [29] [30]
discretize the continuous volume covered by the LiDAR into
voxels, which capture the information contained in its points.
This enables efficient sparse operations while processing the
poincloud in its original domain. We adopt Cylinder3D [30],
a voxel-based method widely used in the literature, as the
baseline architecture to run our experiments.

Extensive experiments on all the aforementioned methods
show very appealing results for the fully-supervised setup on
several LIDAR SemSeg benchmarks, but their performance
significantly degrades in the low-data regime [31]. Some
recent works alleviate the label reliance with weak [32]
[33], scribble [12] and box [34] supervision strategies that
reduce the annotation cost. We propose a semi-supervised
learning setup that can leverage large amounts of easy-to-
acquire unlabeled data to boost the model’s performance.

Semi-Supervised Learning. SSL methods operate in par-
tially labeled datasets, where large amounts of unlabeled data
are combined with small amounts of labeled data to boost
the model’s performance. In image SemSeg, some works
leverage unlabeled data by enforcing consistency constraints
between predictions [35] [36] [37] or weights [38] from
two perturbed views of the same image. Self-learning [39]
is a branch of semi-supervised learning in which a labeled
subset of the data is used to train a teacher model that auto-
matically generates pseudo-labels to train on the unlabeled
data. Several image SemSeg works adopt this framework
by generating pixel pseudo-labels on the unlabeled data to
further train the network [40] [38] [41] [42]. LaserMix [43]
is one of the first works to explore SSL for LiDAR SemSeg.
Their self-learning system encourages the model to make
consistent and confident predictions from unlabeled scans
by exploiting a spatial prior.

Knowledge Distillation. In Machine Learning, this term
denotes the process of compressing the knowledge present
in large, complex models into smaller task-specific models
while holding their performance. The principle of distillation
involves training a ’student’ model to imitate the original
or ’teacher’ model [44]. In many cases, the performance
of the student exceeds the teacher’s in the specific task.
Foundation models are very suitable for being used as
teachers in knowledge distillation, as they are trained on
huge amounts of diverse data and are valid for a wide range
of tasks [45]. In the field of computer vision, foundation
models with Vision Transformer (ViT) architectures have
revolutionized the traditional computer vision tasks [1] [2].
The recently published Segment-Anything Model (SAM) [3]
is a novel image segmentation model, trained with over 1
billion masks on 11M images. It’s designed for zero-shot
image segmentation, producing masks for instances present
in an image, while being agnostic to the instance definition
and annotation format.
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Fig. 2: Overview of our method. During training, labeled 2! and unlabeled 2* scans are processed in parallel by a 3D
U-Net. The voxel features U! of the labeled scan are processed by both voxsp and NeRF heads to get point-wise semantic
predictions. These are compared against the 3D Ground-Truth y' to form the supervised 3D losses [,é D,,, and £3 Dnenp-
Concurrently, for each unlabeled image z* from x*, we obtain generic masks S* with Fs 45, foundation model. We trace
P rays from the camera origin with each pixel’s direction, and sample the unlabeled voxel features /" at M locations along
each ray. These are processed by the NeRF' head to predict P x M semantic logits I, and densities &,,. We integrate I

and &,, along the ray to render the per-pixel class probabilities ¢,. The confidence sampler merges {j, with the masks S* to
get refined pseudo-labels C,. The predictions 9, are compared against the pseudo-labels C, to form the self-supervised 2D

u
loss L5 10

Multi-modal distillation. Within this work’s context, we
refer to this term as the process of transferring the knowledge
from a model that uses both camera and LiDAR unlabeled
data into an unimodal LiDAR SemSeg model that is used for
inference. The challenge of bridging the gap between both
domains has been tackled in the past [46]. The classic way
of fusing 3D and 2D data is the perspective projection [18]
of LiDAR points into the camera plane with the intrinsics
and transformation between sensors. The projected points are
assigned to the corresponding image labels. This technique
has been demonstrated useful for assigning 3D pseudo-
labels from labeled images. The work in [19] generates
image pseudo-labels of a sequential dataset with a pre-trained
image SemSeg model and obtains 3D pseudo-labels with
perspective projection. It alleviates the undesired parallax
effect by enforcing multi-view consistency from distinct
viewpoints. Unlike our approach, this work requires the input
data to be sequential, as well as a pre-trained image SemSeg
model trained with the same dataset and labeling format
to produce the 2D pseudo-labels. In the reversed direction,
the work [52] draws 3D bounding primitive annotations and
automatically pseudo-labels images by enforcing prediction
coherence between sequential frames.

III. METHOD

In this section, we establish our problem mathematically
and provide a detailed description of every component of our

. At inference time, we remove all components represented in

, resulting in a LiDAR-only inference.

Semi-Supervised LiDAR Semantic Segmentation system.
Problem formulation. Given a partially labeled Dataset

D = {D', D"}, containing N' labeled scans z' with unla-

and N*“ unla-

N

beled scans x* with unlabeled images: D% = {z¥, zn}n 1>
we aim to leverage both labeled and unlabeled sets to train a
LiDAR SemSeg network. Concurrently, we make use of the
Segment-Anything foundation model Fg 4, that provides K
generic masks S* for every unlabeled image.

beled images z,: D' = {( n,yn) zn}Nl

System overview. Fig. 2 shows the pipeline of our SSL
system during training. We adopt Cylinder3D [30] as the
baseline architecture for our experiments. We follow the
typical network structure for voxel-based 3D LiDAR SemSeg
networks, with a sparse 3D U-Net backbone followed by a
voxel 3D SemSeg head vozsp with a convolutional 3D layer.
The rest of the model components are only present during
training and removed for inference.

During training, every input batch contains both labeled 2!
and unlabeled z* scans. These are fed to the U-Net to obtain
the voxel features U, U™ from both labeled and unlabeled
scans. The voxel features of the labeled scan U' are fed
to both voxrsp and NeRF heads. The latter consists of a
Multi-Layer Perceptron that predicts semantic logits l,,, and
density &,, for every sampled location m € R3. For the
labeled cue, every sampled location m is the coordinates of
each point in the labeled scan. The semantic predictions of
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Camera image

Fig. 3: Entropy of the pixel renderings. In this context,
we use the entropy # as a measure of the uncertainty in the
predicted class probabilities of each rendered pixel. Bright
colors denote high entropy. We observe the highest entropy
‘H concentrates at object boundaries.

both voxsp and NeRF heads are compared against the 3D
ground truth labels 4/, producing the 3D supervised semantic
losses EéDvom and EéDNeRF' These losses are used to train

the voxsp and NeRF heads with the labeled subset.

Ray Casting. Concurrently, we sample P pixels from the
unlabeled image z* and trace a ray r, for each of them.
For every sampled pixel p, we obtain its camera origin
and pixel’s direction in the LiDAR coordinates by using
the known transformation and camera parameters. With the
per-pixel origin and direction, we cast r, and sample the
unlabeled voxelized features &/* at M uniformly sampled
locations along 7, between the Il and 1l¢,, planes. We
use trilinear interpolation to obtain the sampled feature from
U™ at each location. Adding explicit positional encodings
of the sampled locations didn’t improve the model’s perfor-
mance, which suggests the network is implicitly using the
interpolated positional embeddings of the voxels.

To improve the pixel sampling efficiency, we only sample
the minimum amount of pixels ensuring that each visible
voxel by the camera is traversed by at least one ray. This
allows bigger batch sizes thus speeding up the whole training
pipeline with negligible performance degradation.

The NeRF head predicts semantic logits I, and density
o for each sampled location m. We then obtain per-pixel
semantic logits {,, from l,,, and &,,, with volumetric rendering.

Volumetric Rendering. We follow the standard structure
used for pixel color rendering when querying a NeRF for a
novel view of the scene. First, the opacity « of each sampled
location m along the ray is estimated from the density 6.,
and the separation between consecutive locations d,,:

m 1
Oy, =1 — exp(fﬁmism) Tm = H (1 - &j) (1)
j=1

while the transmittance T}, is computed as the cumulative
product of the estimated opacities along the ray. We render
the semantic logits l;, of each pixel and obtain the class
probabilities ¢, with softmax normalization:

M
=Y Tréimln

m=1

Up = softmax(l},) 2)

The NeRF self-supervision, including ray casting, NeRF
MLP head, and volumetric rendering is a crucial component
of our system, as it enables effectively bridging the 3D
LiDAR data and the 2D distilled knowledge from images.

Confidence Sampler. Concurrently, we query the pre-
trained ViT-H Segment-Anything Model (SAM) [3] to obtain
the unlabeled masks S* for every segment of the camera
image from the unlabeled scan. We feed them into the
confidence sampler along with the rendered pixel semantics
Jp to produce the segment-wise 2D pseudo-labels Cs.

Fig. 3 shows how the entropy H (uncertainty) of the
rendered pixel semantics ¢, concentrates at the object bound-
aries. Our confidence sampler benefits from this effect by
leveraging confident pixel predictions at the interiors of each
segment to supervise the unreliable predictions at the borders.

For producing C,, the confidence sampler takes all rays
belonging to .S and computes the argmax of the probabilities
Y, = argmax({,) over the C classes. The segment pseudo-
label C, is computed as the argmax over the predictions of
all pixels belonging to this segment C, = argmax(Y}).

We only keep the confident segment pseudo-labels Cs. We
measure the pseudo-label confidence Hs as the entropy of
the resulting distribution when averaging all the probabilities
across every ray belonging to the segment whose predicted
label Y;, coincides with the segment pseudo-label Cs.

gs = mean(j,) | Y, =Cs  (3)

C
Hs = _ng log(7s), o
c=1

We only keep segment pseudo-labels C, with entropies
lower than a threshold H;j,.

Loss Function. The rendered pixel semantics ¢, are
compared pixel-wise against the pseudo-labels Cs to produce
the 2D self-supervised semantic loss L5, . . The total loss
L is a combination of the supervised 3D voxel and NeRF
losses, and the self-supervised 2D loss:

L= B‘CéDvom + ’Y‘CéDNeRF + )\‘CSDNeRF (4)

where (3,7, A are weighting scalars. Each loss term is
a weighted combination of the Cross-Entropy [47] and the
Lovasz [48] losses:

Ly =pLlcr (y7 g) + VL Lovasz (y, ?j)

&)
l l u
Ly € {£3D1)ox ) ’C3DNcRF’ £2DNGRF }
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Fig. 4: Qualitative analysis. For each example of SemanticKITTI [11], we show the rendered pixel semantics g, from the
unlabeled voxel features and the generated pseudo-labels C, that supervise the pixel predictions.

where y refers to the Ground-Truth annotation of each
LiDAR point for £4,, and L, losses, and it refers
to the pixel estimated pseudo-label for L3, . The pa-
rameters u and v are also weighting scalars.

Uni-Modal Inference: At inference time, we keep only
the baseline LiDAR-only architecture (3D U-Net and vozsp
head) and remove everything else from the pipeline. The
weights of the 3D U-Net, which were trained with both
labeled and unlabeled data in a semi-supervised fashion,
provide powerful and general voxel features that boost the
model’s performance.

IV. RESULTS

Data. We evaluate our approach experimentally on the
nuScenes [13], SemanticKITTI [11] and ScribbleKITTI [12]
benchmarks. nuScenes contains 28130 training scans and
6019 validation scans. Each scan has 6 camera images
that jointly cover the whole LiDAR’s angular range. We
follow the official label format with 16 semantic classes.
SemanticKITTI and ScribbleKITTI contain 19130 training
scans and 4071 validation scans. Each scan has images from
two frontal cameras operating as a single stereo camera.
We only use the left frontal camera for the experiments
on KITTI. We follow KITTI’s official label format with
19 semantic classes. ScribbleKITTI is a variant of Se-
manticKITTI where only a subset of every training scan
is annotated (approximately 8.06%), leaving the rest of the
points unlabeled. For all datasets, we adopt the same setup as
in the literature on SSL LiDAR SemSeg [43]. We randomly
select 1% and 10% of the training scans for the labeled cue
and assume the rest are unlabeled.

Implementation Details. We adopt Cylinder3D [30] as
the baseline architecture for our experiments. The voxel
resolution is set to [240, 180, 20] for radial, angular and
height coordinates, respectively. The weights of the U-Net

and the semantic heads are randomly initialized. We set the
number of sampled locations per ray M to 458, and the
IL,eqr and IItq, planes to 2.3 and 50 meters, respectively.
We use a 2-layer MLP with ReL.U activation and 64 neurons
for the first layer, and C' + 1 outputs at the last layer: C
for the class logits and 1 for density. We apply a truncated
exponential activation function to the density output. We
obtain the unlabeled masks S* by querying the ViT-B HQ-
SAM [4] model with pre-trained weights from HQSeg-44K
[4]. HQ-SAM [4] is a recent variation of SAM [3] with
small architecture modifications and trained with 44K fine-
grained image mask annotations which slightly improve the
segmentation quality. To save computational effort, we pre-
compute the segments for all the images of the dataset
only once. We use SAM’s automatic mask generation code
provided by the creator’s repository [3] to obtain S* by
randomly sampling 32 x 32 anchor points in the image. For
the sake of keeping the masks as generic as possible, we
leave the mask generator parameters to their default value.

We set the loss weighting factors 5, )\, v and p constant
to the values 0.5, 0.1, 1.0 and 3.0 respectively. For ~y, we set
a schedule that linearly decreases the value at every epoch
from 1.0 to 0. We set the entropy threshold H;;, to 1.6 for
nuScenes and 1.8 for SemanticKITTI and ScribbleKITTT.

We denote the supervised-only baseline as sup.-only. All
experiments are implemented using PyTorch on NVIDIA
Tesla V100 GPUs with 16GB of memory.

Evaluation Strategy. For every benchmark, we compare
the performance of our method with the supervised baseline
which only uses the labeled subset. We show how our SSL
setup leads to performance upgrades with respect to the
baseline. We also compare the results with Mean Teacher
[37], CBST [49], CPS [51] and LaserMix [43]. For all the
comparisons with the baseline and State-of-the-Art, we use
the same labeled data splits and architecture. We adopt the
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Fig. 5: Qualitative results. Error maps from LiDAR bird’s eye view on 1% split of nuScenes [13]. The first row shows the
Ground-Truth labels of each example. The second and third row show the correct and incorrect predictions painted in
blue and orange for Sup.-Only and Ours models, respectively. The red boxes highlight the regions with notable differences.

TABLE I: Comparison of our approach with distinct Semi-Supervised LIDAR Semantic Segmentation models. The best and
second best score for each data split are highlighted with bold and underline. Higher is better.

nuScenes [13]

SemanticKITTI [11] ScribbleKITTI [12]

Method 1% 10% 1% 10% 1% 10%
Sup.-only | 509 65.9 45.4 561 | 392 48.0
MeanTeacher [37] 51.6 66.0 454 57.1 41.0 50.1
CBST [49] 53.0 66.5 48.8 583 415 50.6
CPS [51] 52.9 66.3 46.7 58.7 41.4 51.8
LaserMix [43] 55.3 69.9 50.6 60.0 44.2 537
Ours 55.9 69.6 477 57.4 433 51.6

AT +5.0 +3.7 +2.3 +1.3 +4.1 +3.6

standard mean Intersection over Union (mloU) over all the
classes of each benchmark as the metric to evaluate the
segmentation performance of our method.

Results on nuScenes. Our SSL method improves the
supervised-only baseline by 5.0% and 3.7% when using only
1% and 10% of the scan labels. Table I shows how our model
outperforms all the rest for the 1% split and ranks second
on the 10% split, being very close to LaserMix [43], which
ranks first.

Results on SemanticKITTI. Our method improves the
supervised-only baseline by 2.3% and 1.3% when using 1%
and 10% of the scan labels. Our model ranks third for both
1% and 10% splits, showing a significantly greater upgrade
at the 1% split.

Results on ScribbleKITTI. Our method improves the

supervised-only baseline by 4.1% and 3.6% when using 1%
and 10% of the scan labels. Our model ranks second for the
1% split and ranks third for the 10% split, being very close
to CPS [51], which ranks second.

Discussion. The greatest performance upgrades are ob-
tained in nuScenes. This matches our expectations since
it’s the only dataset in which the whole LiDAR’s angular
range is visible by at least one of the 6 multi-view cameras.
For SemanticKITTI and ScribbleKITTI, we obtain smaller
performance upgrades compared to other methods, mainly
because the dataset has only one frontal camera that covers
22.5% of LiDAR’s angular range. For these benchmarks,
only up to 22.5% of each unlabeled scan can be leveraged by
our SSL model. However, our method still shows competitive
performance upgrades compared to the rest, which all use the
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full angular range of the unlabeled scans.

The results also suggest our model delivers the highest
improvements with lower amounts of labeled data. An ex-
planation for this behavior is the existing projection errors
between 3D and 2D coming from imperfect calibration.
These errors might be more critical when trying to upgrade
the performance of already well-performing models trained
with bigger amounts of labeled data. In such scenarios, the
bigger classes already perform well, and therefore the mIoU
can only get significantly upgraded by improving the ToU on
classes with thin objects such as poles, signs, or pedestrians,
which are the most affected by the imperfect calibration.

Qualitative analysis. Fig. 4 shows a representation of
the rendered pixel semantics and the refined pseudo-labels
for several examples from the unlabeled training split in
SemanticKITTI. It exemplifies our model’s ability to auto-
matically produce high-quality refined pseudo-labels from
the rendered pixel semantics of unlabeled scans and the
generic SAM masks from the camera image. We present
additional qualitative results in our supplementary video.

Fig. 5 shows a visual representation of our method’s 3D
semantic segmentation performance in several scans from the
val set of nuScenes [13]. For each example, we represent the
Ground Truth, as well as the correct and incorrect predictions
for both the Sup.-only baseline and our proposed method.

Ablation studies. To test the importance of the NeRF
self-supervision and the pseudo-label refinement with the
generic SAM masks, we perform an ablation study in which
we deactivate each of these two components and report the
respective performances. Table II shows the performance of
these two variations of our model compared to the Sup.-only
baseline and our full model.

Projected NeRF-head

point predictions

Perspective Projection
pseudo-labels

pseudo-labels

Fig. 6: Perspective Projection comparison. Visual exam-
ples of the benefit of our NeRF self-supervision compared
to the Perspective Projection approach.

TABLE II: Ablation study with the separate contributions of
our method in 1% labeled split of SemanticKITTI [11].

Method NeRF head SAM masks mloU (%)
Sup.-only X X 454
Perspective Projection X v 46.4
No-SAM v X 45.8
Ours v v 47.7

For the Perspective Projection experiment, we remove the
whole NeRF self-supervision, including ray casting, NeRF
MLP head, and volumetric rendering. The segment pseudo-
labels C, are computed as the argmax of the semantic pre-
dictions from all the projected LiDAR points that fall within
each segment’s boundaries. Then, we assign 3D pseudo-
labels for each prediction from the vorsp head according
to the segment pseudo-label C, of its projection. The results
show that the performance upgrade with respect to the
baseline drops by more than 50%. Analogously, we show
in Fig. 6 several examples where our NeRF self-supervision
outperforms the Perspective Projection when producing 2D
pseudo-labels thanks to the ray-wise geometric reasoning
which the Perspective Projection approach lacks.

At the No-SAM experiment, we keep the NeRF self-
supervision, but instead of producing refined pseudo-labels
with the generic SAM masks, we directly supervise each
pixel prediction with its argmax. For fairness, we only
produce pixel pseudo-labels from the confident pixels. We
filter the confident pixel predictions g, by entropy, using
the same entropy threshold as the confidence sampler from
our full model. The results for this setup show negligible
performance upgrade with respect to the Sup.-only baseline.

V. CONCLUSION

This work demonstrates that unlabeled camera images can
be used to effectively learn the LiDAR Semantic Segmen-
tation task from unlabeled scans. We show how our NeRF
self-supervision effectively closes the domain gap between
2D and 3D data. Unlike methods based on perspective
projection, our model is resilient to the parallax effect from
the sensor’s position shift between captured images and
scans. Our results and qualitative examples show that the
pixel semantic renderings at the interiors of the objects are
confident and reliable. In contrast, non-confident predictions
concentrate on the object’s boundaries. Consequently, our
confidence sampling strategy merges the confident renderings
with SAM’s generic masks to produce reliable pseudo-
labels that supervise the non-confident predictions. Our
model shows the greatest performance improvements with
nuScenes, whose multi-view cameras cover the whole Li-
DAR’s angular range. However, our model produces compet-
itive upgrades even on SemanticKITTI and ScribbleKITTI,
where the single frontal camera covers only a small fraction
of the LiDAR’s angular range. These promising results in
all three benchmarks suggest larger performance upgrades
when building our multi-modal SSL mechanism on top of
other LiDAR-only SSL methods.
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