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Abstract

Self-supervised image backbones can be used to address
complex 2D tasks (e.g., semantic segmentation, object dis-
covery) very efficiently and with little or no downstream su-
pervision. ldeally, 3D backbones for lidar should be able
to inherit these properties after distillation of these pow-
erful 2D features. The most recent methods for image-to-
lidar distillation on autonomous driving data show promis-
ing results, obtained thanks to distillation methods that
keep improving. Yet, we still notice a large performance
gap when measuring by linear probing the quality of dis-
tilled vs fully supervised features. In this work, instead
of focusing only on the distillation method, we study the
effect of three pillars for distillation: the 3D backbone,
the pretrained 2D backbone, and the pretraining 2D+3D
dataset. In particular, thanks to our scalable distillation
method named ScaLR, we show that scaling the 2D and
3D backbones and pretraining on diverse datasets leads to
a substantial improvement of the feature quality. This al-
lows us to significantly reduce the gap between the qual-
ity of distilled and fully-supervised 3D features, and to im-
prove the robustness of the pretrained backbones to do-
main gaps and perturbations. The code is available at
https://github.com/valeoai/ScaLR.

1. Introduction

Lidars capture the 3D geometry of a scene with high ac-
curacy while being little sensitive to adverse light condi-
tions, which is useful for advanced driver assistance sys-
tems. However, annotating lidar point clouds to train deep
neural networks is notoriously long and expensive [5].
More frugal learning can be achieved by pretrain-
ing backbone networks with self-supervision on a pretext
task [8, 9, 22, 24, 25] and a non-annotated dataset. The
pretrained network can then be finetuned on various down-

*Work done at valeo.ai.

stream tasks and other datasets, with much less supervi-
sion for the same level of performance, or with a higher
performance than when trained from scratch. Such pre-
training has been particularly successful for image back-
bones [9, 12, 22]. In particular, the gap between supervised
and self-supervised representations, as evaluated by linear
probing, has been closed on ImageNet [8, 9, 12, 21, 22, 24].

On autonomous driving (AD) data, we distinguish
mainly two categories of self-supervised methods for 3D
backbones: (1) methods leveraging only lidar data and
defining a pretext task at the level of a single [0, 44, 81]
or multiple scans [45, 59, 67, 70], and (2) methods ex-
ploiting images acquired in synchronization with the point
clouds and distilling image representations to a 3D back-
bone [38, 39, 41, 58]. Our focus is on the second category
of methods, thanks to which 3D backbones can inherit the
properties of self-supervised image backbones.

Image-to-lidar distillation has improved a lot recently, in
particular by designing better distillation losses. Yet, we
still observe a large gap between distilled and supervised
3D representations when directly measuring their quality by
linear probing: they achieve respectively 45.0% and 74.7%
mloU in linear probing on the validation of nuScenes in [39]
for a MinkUNet [14] with cylindrical voxels [84].

To improve the quality of distilled features, we explore
here the effect of three other pillars, instead of focusing only
on the distillation method. These pillars are: (i) the 3D
backbone, (ii) the pretrained 2D backbones and (iii) the pre-
training 2D+3D dataset. We show that scaling the 2D and
3D backbones, and pretraining on diverse datasets leads to a
considerable improvements of the feature quality. The role
of these pillars is actually more important than the distilla-
tion method itself, which we simplify for easier scaling.

After proposing and studying a scalable distillation
method, which we call ScalLR for Scalabale Lidar Repre-
sentation, we make the following contributions.

First, we are able to significantly reduce the gap between
distilled and supervised lidar representations. We reach an
mloU of 67.8% in linear probing on the validation set of
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Figure 1. Correlation properties of distilled 3D features. Correlation maps with a point located on a car on four different scenes extracted
from nuScenes [7], SemanticKITTI [5], PandaSet-64 and PandaSet-GT [69], respectively. The features used to compute these maps are
extracted from a single pretrained backbone on all four datasets with ScalLR. Color goes from blue to red for low and high values.

nuScenes with a WaffleIron-48-768 backbone [51], i.e., an
increase of 22.8 points compared to the score obtained with
the best distillation method [39]. We recall that the highest'
reported mloU on the validation of nuScenes obtained under
supervision is 78.4% [33], to the best of our knowledge. We
are thus only about 10 points away from this upper bound.

Second, we show it is possible to pretrain a single back-
bone on a mixture of datasets, performing similarly or better
than separate backbones specialized on each dataset indi-
vidually. The capacity of this backbone in providing good
features across multiple datasets in illustrated in Fig. 1. For
each scene in this figure, we pick a point located on a car
and present the feature correlation map with respect to this
point. We notice that the most correlated points also belong
to cars on all datasets, illustrating the capacity of our sin-
gle pretrained backbone to correctly distinguish objects on
multiple datasets.

Third, we thoroughly study the properties of our distilled
features. We show that they are robust to both domain gaps
and perturbations, actually leading to new state-of-the-art
results on the benchmark of Robo3D [31]. We also show
that pretraining on diverse datasets improves the robustness.

Finally, we show that a possible way to get even bet-
ter features is to distill the knowledge from multiple vision
foundation models at the same time, which can be easily
done with our scalable distillation strategy.

2. Related Work

Pretraining 2D backbones. Supervised pretraining of
2D networks [19, 23, 32] with large-size data [16] pro-
duces powerful image representations that can transfer well
to various downstream tasks in the image domain. Alterna-
tively, self-supervised pretraining has been proven able to
rival or surpass supervised pretraining while using only raw
unlabeled image data. Two prominent approaches conduct
self-supervised pretraining via either discriminative tasks
that train a 2D network to extract features invariant to aug-
mentations [9, 11, 22, 24], or via masked image modeling

!'without test time augmentation.

tasks [4, 25] that hide part of an image and then train a net-
work to reconstruct the missing fragment. An emerging pre-
training paradigm is via language-image contrastive learn-
ing (CLIP) [53], in which the 2D network is trained with a
text network to match image data with their paired captions.

Pretraining 3D backbones. Several self-supervised tech-
niques for training 3D backbones have appeared recently.
While the first techniques were limited to dense scans of
single objects [13, 50, 57, 81], contrastive self-supervision
has enabled significant improvements in self-supervision on
large indoor and outdoor datasets [36, 44, 45, 70, 74, 811].
Instead of working on a single scan, some works also take
advantage of the temporal dimension to construct their con-
trastive pretext tasks [28, 45, 59, 67]. Finally, other strate-
gies reconstruct missing information hidden either artifi-
cially [26, 43, 47, 77, 78], or intrinsically because of the
sparse point sampling in lidar acquisitions [6].

Using 2D pretrained features to train 3D backbones.
Exploiting pretrained image backbones to train 3D net-
works has drawn a lot of attention recently. For example,
in [17, 80], 3D autoencoders are pretrained on object-level
point clouds where features extracted from a 2D backbone
are used to build the supervision signal. Several methods
[38, 39, 41, 58] distill the knowledge of 2D self-supervised
backbones on large indoor or outdoor point clouds thanks
to a contrastive loss that aligns 2D and 3D representations
for pairs of corresponding point and pixel, while making
the representation as dissimilar as possible for non matching
point-pixel pairs. The same principle can also be applied for
object-level point cloud [1]. Another type of strategy con-
sists in pseudo-labeling 3D point clouds with class labels
provided by 2D backbones trained under supervision [76].
Recently, several methods, e.g., [10, 49, 79], proposed to
distill the knowledge of supervised vision-language models
for open-vocabulary recognition or semantic segmentation.
In addition to distillation, these methods also need to pre-
serve alignment with the text representations. While our
focus is not on open-vocabulary semantic segmentation, it
is probable that some recipes discovered in our work can
improve the distillation of vision-language models as well.
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Robustness. Making sure that trained models are robust
to various type of perturbations is important for safety-
critical applications, such as advanced driver assistance sys-
tems. Recently, several works [2, 18, 35, 72, 75] have pro-
posed ways to evaluate or improve robustness of 3D per-
ception models. In our work, we evaluate the robustness
of our pretrained models on the Robo3D benchmark [31],
which considers eight corruption types of different inten-
sities meant to mimic different cases and degrees of dis-
tribution shifts from the original training distribution. As
mentioned earlier, we show that distilling 2D features on
data collected from multiple different lidars improves the
robustness of our semantic segmentation models.

Domain generalization. 3D backbones trained on lidar
data are sensitive to domain shifts such as the one induced
by the different lidar sensors. Several techniques have thus
been developed to improve the generalization capabilities
of 3D models, e.g., [30, 55, 56, 68]. Alternatively, some
techniques adapt these models to a new target domain using
non-annotated target lidar data only, e.g., [42, 54, 73], or
with the help of image data, e.g., [29, 37, 48]. While our
method is not a domain generalization or domain adapta-
tion technique per se, we consider the protocol used in this
related literature to evaluate the capacity of our pretrained
backbones to generalize to different lidar sensors.

3. Scalable Distillation Strategy
3.1. Motivation and Principle

Our goal is to study the benefit of using high-capacity 2D
and 3D backbones, and of mixing data acquired by multiple
lidars. To facilitate this study, it is important to use a distil-
lation strategy that is scalable, with no or few hyperparam-
eters to tune on each dataset, while remaining competitive.

While the state-of-the-art methods [38, 39, 41, 58] use a
contrastive loss defined at the level of semantically coherent
segments, in this work we relate pixel and point features di-
rectly using a simpler loss based on cosine similarity, whose
usage actually appears naturally when distilling CLIP fea-
tures [49]. This loss has the advantage to have no hyperpa-
rameters and, as we will see later, is very competitive with-
out the cost of pre-computing segments.

Finally, AD datasets often contain images captured by
multiple cameras synchronized with the lidar. The best
practice for distillation is, for each lidar scan, to load all
available synchronized images during batch loading. Nev-
ertheless, the number of cameras varies from one dataset
to the other, which creates some implementation difficul-
ties when pretraining on a mix of different datasets, as in
this work. Instead, we propose to have batches where each
sample is created as follows: one camera is selected at ran-
dom and we only load the corresponding image and points
viewed in this camera. Therefore, data loading becomes

strictly identical whatever the number of cameras available
in the pretraining dataset, which makes multi-datasets pre-
training easier to implement. Furthermore, this strategy
saves memory, making it easier to train large backbones.

3.2. Formal Description

Backbones. The 3D backbone ¢sp takes as input a point
cloud (p1,...,py) € RVXG+D 'where each point p; holds
three Cartesian coordinates and the laser return intensity. It
outputs deep features of dimension F3p for all input points:
(f1,..., fn) € RVN*Fso | Similarly, the 2D backbone ¢op
takes as input an RGB image of M pixels (uq,...,up) €
RM>3 and outputs deep features of dimension Fyp for all
pixels: (g1,...,gn) € RM*F2p In practice, we use bilin-
ear interpolation to increase the resolution of the 2D feature
map to the resolution of the input image.

3D Projection head. A linear projection head is added at
the end of the 3D networks. We denote this projection head
by ¥3p. At distillation time, it projects 3D features into the
output space of the 2D backbone. The projection head 1sp
is removed after distillation and replaced by another one
dedicated for the task of interest. We denote ( fi,o o f N) €
RN *F2p the output of ¢3p © Psp.

Point-pixel mapping. We assume the lidar and the cam-
era (selected at random among all available cameras during
batch creation) are calibrated so that we can put in corre-
spondence 3D points and pixels. We can thus compute a
point-to-pixel mapping p : {1,..., N} = {1,..., M}. We
are then able to retrieve the pixel feature g, ;) associated to
each point p;. We recall that we load only the points visible
in the selected camera in our method, hence all points have
a matching pixel.

Similarity loss. In our experiments, we use the following
loss, which relies on pointwise cosine similarity

fi— 9p(4)

ey

’
2

where ﬂ and g; are {2-normalized.

3.3. Analysis of our Distillation Strategy

In this section, we conduct an analysis of different pretrain-
ing options to validate our choice of distillation strategy.

We conduct our experiments on two backbones: the
MinkUNet [14] with cylindrical voxels [85] used in [39,
41, 58] and WaffleIron-48-256 [51] (48 layers with 256-
dim. features). We perform our study on nuScenes [7].
We split the original 700 training scenes in a mini-train set
and a mini-val set of 600 and 100 scenes, respectively (see
[58] for details). All backbones are pretrained and linearly
probed on the mini-train set and the results are reported on
the mini-val set. For all settings, we distill features obtained
from the DINO-pretrained ViT-S/8 [9].
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2D Contrast. Cosine No. Mem. / Time | mloU% 1

head loss loss  cam.

- v v - 6 1.0/ 1.0 39.3

_% X v - 6 16 /1.0 43.4

g X - v 6 1.6 / 1.1 43.6

= x - VN 08 /03 42.1

2 v v - - 50.0 (£0.8)
2 X v - 1 - 54.1

E X - v 1 - 56.7 (+0.9)

Table 1. Analysis of distillation losses. Effect of the distillation
loss and number of images loaded per scan on the memory usage,
training speed, and linear probing performance (mloU). We show
the relative gain in memory and training time with respect to the
first row (lower value = less consumption). We report the standard
deviation between parentheses evaluated over 3 different pretrain-
ings for some selected experiments.

The results are presented in Tab. 1. We start from the
baseline [38] which uses a contrastive loss and a 2D pro-
jection head on top of the 2D backbone. We then remove
this 2D projection head and finally replace the loss by ours
(Eq. 1). Note that the use of a 2D projection head is not
compatible with (1) as an optimal but degenerated solution
would be obtained by letting the parameters of the 2D and
3D projection heads go to zero. Finally, we measure the
effect of loading only one image instead of six per batch.
Based on the results of Tab. 1, we notice that our distillation
strategy performs well thanks to the following advantages.

Preservation of the 2D feature space. The results in
Tab. 1 show a clear detriment of the 2D projection for
this unidirectional image-to-lidar distillation. The absence
of a 2D projection head preserves the structure of the 2D
feature space: there is no loss of information on the 2D
side anymore. Leveraging as much as possible the original
2D features, obtained after pretraining on very large image
datasets, is thus key to produce good 3D features.

Absence of false negatives. Even in absence of 2D pro-
jection head, the loss (1) performs better than the contrastive
loss. We believe it is explained by the presence of false neg-
atives in the contrastive loss. Indeed, with the cosine sim-
ilarity loss, a feature f; of a 3D point p;, e.g., sampled on
a car, is made as similar as possible to the 2D feature g,;
of the corresponding pixel, falling at the same car location.
However, with the contrastive loss, an additional mecha-
nism comes into play: the feature f; will also be made as
dissimilar as possible to all other 2D features g,;),J # i,
even when these 2D features are originally similar, e.g.,
when they fall on the same object. This drawback of the
contrastive loss seems to harm its performance significantly.

Scalability to large point-pixel pairs. Another drawback
of the contrastive loss is that it cannot be computed using all

possible point-pixel pairs because of memory constraints.
One needs to subsample these pairs, e.g., randomly, but then
increasing the risk of ignoring small objects in the loss. The
effects of this sub-optimality have been reduced by con-
structing the loss at the level of semantically coherent seg-
ments in [39, 41, 58], but at the cost of extra pre-processing
time and additional parameters to tune. It is a cost we wish
to avoid to pretrain more easily on multiple datasets. In fact,
the cosine similarity loss does not require selecting point-
pixel pairs or pre-extracting image/lidar segments.
Reduced memory usage. nuScenes provides images ac-
quired from six different cameras, offering a 360° view of
the scene. To reduce the memory requirement, we propose
to use only one image (chosen at random among all avail-
able cameras) and only the points viewed in this camera
when loading one element of a batch. Our result shows a
slight drop of performance when batching with single cam-
eras, but a significant gain in speed and memory. As ex-
plained in Sec. 3.1, this change has several benefits. First,
the savings in memory and compute time make it easier
to train large backbones, which, as we will see, is essen-
tial to reach good performance. Second, the data loading
process becomes strictly identical whatever the number of
cameras available in the pretraining dataset, which makes
multi-datasets pretraining easier to implement.

In summary, our distillation strategy does not suffer from
the presence of false negatives, does not require selection of
point-pixel pairs, does not need extra pre-processing time
(e.g., extracting segments), does not introduce extra hyper-
parameters to tune (e.g., contrastive loss temperature, seg-
mentation algorithm), and saves compute time and memory.

4. Experiments

In this section, we show that scaling the 2D and 3D back-
bones and pretraining on diverse datasets leads to a substan-
tial improvement of the feature quality. First, we describe
the backbones and datasets that we use. Second, we show
that our scalable distillation strategy is competitive com-
pared to other state-of-the-art methods. Third, we scale the
2D and 3D backbones and show that it results in distilled
features of much better quality. Fourth, we pretrain a single
backbone on multiple datasets captured by four different li-
dars and demonstrate that it performs as well as, or better
than, backbones specialized to each lidar. Fifth, we evalu-
ate the downstream finetuning performance, robustness and
generalization properties of our pretrained backbones. Fi-
nally, we show that our method allows an easy combination
of multiple 2D teachers to further boost the performance.

4.1. Three Pillars

3D backbones. We experiment with two different archi-
tectures designed for 3D point clouds: MinkUNet [14] with
cylindrical voxels [85] and WaffleIron (WI) [51]. For WI,

21522



we fix the depth to 48, as it led to the best results in [51], and
vary the feature size: F5p € {96,256, 384, 768}. We de-
note the corresponding backbone by WI-F3p. We noticed
numerical instabilities during training at F3p = 768, which
we solved by replacing all batchnorms by layernorms (ex-
cept in the embedding and classification layers) at this size.
2D backbones. We concentrate on the distillation of
self-supervised ViT features obtained with DINO [9], DI-
NOv2 [46] or MAE [25]. Nevertheless, we also conduct
one experiment with the MaskCLIP ViT-B/16 [82] to show
the benefit of using multiple 2D teachers.

Pretraining datasets and lidars. We experiment on
data collected from four different lidars: Velodyne-32 of
nuScenes [7], Velodyne-64 of SemanticKITTI [5], Pandar
64 and Pandar GT of PandaSet [69]. On nuScenes and Se-
manticKITTI, we use the official train/val split and list of
classes. We detail the train/val split and list of classes we
used on PandaSet is in the supplementary material.

4.2. Implementation Details

For all experiments conducted with MinkUNet, we use the
implementation provided by [58] and the same hyperparam-
eters, unless otherwise stated. We describe below the main
implementation details used to pretrain, linear probe and
finetune WI backbones. More information, such as learn-
ing rate schedules, weight decay and number of epochs are
provided in the supplementary material.

Data augmentation. We do not apply any image augmen-
tation, beyond systematic resizing to 224 x 448. During pre-
training, finetuning and linear probing, we apply the follow-
ing point cloud augmentations: random rotation around the
z-axis, random flip of the x and y axes. During finetuning
and linear probing, we also globally scale the coordinates
by a random factor chosen uniformly in [0.9, 1.1].

Linear probing. We remove v3p and replace it by a batch
normalization layer followed by a linear classification layer.
We denote the combination of these last layers by . Note
that the combination of batch normalization followed by
linear classification acts as a linear layer at inference, but
the normalization layer makes the results less sensitive to
the downstream learning rate [34]. While maintaining ¢sp
fixed, we train k o ¢3p using ground-truth labels.
Finetuning. For finetuning, we remove the distillation
layer 13p and replace it by a batch normalization layer di-
rectly followed by a linear classification layer. As before,
we denote the combination of these last layers by « and
we train k o ¢3p using ground-truth labels. The backbone
is finetuned using a layer-wise learning rate decay [3, 15], a
technique commonly used when finetuning ViTs [4, 25, 83].

4.3. Comparison of Distillation Methods

In this section, we verify that our distillation strategy re-
mains competitive with respect to the state-of-the-art in

3D Back. Method 2D Back. Lin. Prob. 1%
PPKT [38] ResNet-50 36.4 37.5

. SLidR [58] ResNet-50 38.8 39.0
MinkUNet ¢ 61idR [41] ResNet-50  40.5  40.8
Seal [39]* ResNet-50 45.0 45.8

PPKT [38] ViT-S/8 38.6 40.6

MinkUNet SLidR [58] ViT-S/8 39.3 39.0
ScaLR (ours)  ViT-S/8 42.4 40.5

WI-96 ScaLR (ours)  ViT-S/8 46.8 38.8
WI-256 ScalLR (ours)  ViT-S/8 54.2 41.4

Table 2. Pretraining method comparison and effect of 2D/3D
backbones. The mloU% reported in italic are found in the liter-
ature while the others are our production. All methods are pre-
trained on the same 600 scenes of nuScenes. Linear probing uses
the 700 training scenes of nuScenes. Finetuning uses only 1% of
nuScenes training set. All scores are reported on the official vali-
dation split. *leverages a supervised backbone [86].

image-to-lidar distillation. All experiments are conducted
using the experimental protocol used in [39, 41, 58], i.e.,
pretraining on the reduced training set of nuScenes (600
scenes) defined in [58] and using the official train/val split
for downstream linear probing and finetuning.

We start by distilling the representations of DINO ViT-
S/8 in a MinkUNet. These representations are distilled us-
ing three different methods: PPKT [38], SLidR [58] and us-
ing our cosine-based similarity loss (but still loading all six
images as in PPKT and SLidR). The MinkUNet backbones
are pretrained with a batch size of 12 (we scale the learning
rate proposed in [58] accordingly) during 25 epochs. The
quality of the distilled features is assessed by linear prob-
ing. We also finetune the backbones using 1% the com-
plete training set of nuScenes. We report the corresponding
scores in Tab. 2, where we also present the results obtained
in the literature by distilling ResNet-50 representations.

First, we notice that changing the 2D backbones from
ResNet-50 to ViT-S/8 helps both PPKT and SLidR, which
both reach a higher mIoU in linear probing and finetuning
after this change. The improvement seems however more
significant for PPKT than for SLidR.

Second, we remark that ScalLR leads to better 3D fea-
tures than those obtained with PPKT and SLidR: we
reach a higher score in linear probing; we also obtain a bet-
ter result than SLidR in finetuning with 1% of the training
data, and a level of performance similar to PPKT. This con-
firms that using the simple cosine-based similarity loss of
Eq. (1) is a competitive choice.

Third, we also pretrained WI-96 and WI-256 backbones
on this dataset using our full scalable distillation protocol.
We notice that changing MinkUNet to WI further boosts
linear probing performance. We remark that WI-96 has

21523



nuScenes SemKITTI
LP Al LP Al

3D Back. 2D Back.

No pretraining. Best fully supervised WI.

WI-F3p - 78.7 (F3p =768) 65.1 (Fyp =256)
MAE-pretrained

WI-256 ViT-B/16 47.8 30.9 - -
DINO-pretrained

WI-256 ViT-S/8 54.4 243 - -
WI-384 ViT-S/8 57.8 20.9 - -
WI-768 ViT-S/8 61.1 17.6 - -
DINOv2-pretrained

WI-256 ViT-S/14 57.7 21.0 - -
WI-256 ViT-B/14 60.2 18.5 - -
WI-256 ViT-L/14 61.6 17.1 48.3 16.8
WI-384 ViT-L/14 63.9 14.8 50.6 14.5
WI-768 ViT-L/14 66.8 11.9 51.1 14.0

Table 3. Effect of the 3D network width and of the quality
of the 2D features. We report the mloU% obtained by linearly
probing distilled features. The networks are trained on nuScenes
or SemanticKITTI using ScaLR. The scores are reported on the
corresponding official validation split. The column A shows the
gap with respect to the best fully supervised mloU% reached with
WI on the corresponding dataset.

the same output feature dimension than the MinkUNet
backbone but fewer trainable parameters (1M vs 35M).
Hence, the improvement of performance in linear probing
cannot be solely explained by the 3D feature dimension or
the capacity of the backbone; other elements in the archi-
tecture must come into play but identifying the exact origin
of this improvement is beyond the scope of this work.
Fourth, when finetuning on 1% of nuScenes training set,
our ScalLR WI-256 model surpasses prior methods. The
only exception is Seal [39] that leverages a supervised back-
bone (segment-everything-everywhere model [86]) to cre-
ate segments. It is probable that we could reach higher per-
formance by using such extra supervision. Yet, we leave
this research direction for the future as our distillation strat-
egy is competitive enough for the purpose of our study.
Finally, we already notice that distilling features in WI
backbones of increasing width helps both the linear prob-
ing and finetuning performance. We continue to study this
property in the next section with WI, as this is the backbone
which led to the best performance with our technique.

4.4. 2D Backbone Choice & 3D Backbone Scale

In this section, we show that increasing the width of WI
leads to substantial improvements of the feature quality.
This effect combined with a good choice of 2D backbone
significantly reduces the gap between the quality of distilled
3D features and fully-supervised 3D features.

We conduct experiments with three different WaffleIron

Downstream & Test Dataset

nuScenes SemKITTI Pand. 64 Pand. GT

Pretrain.
Dataset

2 No Pretraining - Best fully supervised WI

5 78.7 651 478 40.6
= Fap =768  Fsp =256 Fyp =768 Fsp =256
Pretraining with DINO-VIT-S/8 and linear probing
nuScenes 54.4 28.8 26.9 25.2
8 KITTI 39.5 46.6 253 25.7
& Pandar 64 39.6 25.6 30.0 24.7
2 Pandar GT 29.9 26.9 23.5 28.5
nuSc. & KITTI 54.4 50.1 29.3 28.9
All datasets 54.6 50.6 331 323
% Pretraining with DINOv2-ViT-L/14 and linear probing
™ nuScenes 67.8 43.1 339 29.9
2 All datasets 67.8 55.8 379 34.5

Table 4. Benefit of pretraining on diverse datasets — Lin-
ear probing. Performance after linearly probing distilled fea-
tures. The backbones are pretrained on nuScenes, SemanticKITTI,
PandaSet-64, PandaSet-GT, nuScenes & SemanticKITTI, or all
these datasets together, and then linearly probed on each individ-
ual dataset. The reported mloU% is computed on the val split of
each dataset. The underlined mloU% highlights the score obtained
by pretraining and linear probing on the same dataset.

backbones: WI-256, WI-384, WI-768. We pretrain these
backbones on the complete training set of nuScenes or Se-
manticKITTI, and evaluate the quality of the distilled fea-
tures on the validation set of the respective datasets. The
evaluation consists of linear probings using 100% of the an-
notated training scans. The results obtained by distilling
MAE, DINO, and DINOV?2 features are presented in Tab. 3.

First, we observe on nuScenes that pretraining WI-256
backbones with ViTs pretrained with DINOv2 instead of
DINO consistently improves the scores. We also notice that
the linear probing performance improves when distilling
DINOvV2 ViTs of increasing capacities. This indicates that
3D backbones pretrained with our method can directly
benefit from an improved quality of the image features.
Interestingly, the MAE-pretrained ViT leads to the worst
performance. We attribute this to the fact that MAE fea-
tures are less linearly separable, as reported in [25].

Second, we notice that the quality of our distilled fea-
tures increases significantly with the WI width for ViT-
S/8 and ViT-L/14 on nuScenes and SemanticKITTI. We
reach a mIoU of 66.8% by linear probing on nuScenes. This
is only about 11.9 points away from the mloU reached by
WI-768 when trained under full supervision. Note that WI-
768 is actually well-performing on this dataset as it reaches
amloU of 78.7% while the best published score we know of
on this dataset, without test time augmentations, is 78.4%
(reported in [33]). It shows that distilling 2D features
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Pretrain. Sem.KITTI Pan.64 Pan.GT
Dataset 14, 10% 100% 1% 100% 100%  100%

nuScenes

No Pretraining - Fully supervised WI-768
- 352 622 787 49.6 634 478 40.0

Pretraining WI-768 with DINOv2-ViT-L/14 and finetuning
nuScenes 51.0 70.5 779 49.7 639 494 42.1
All 50.7 69.2 784 56.8 658 483 41.1

Table 5. Finetuning. The backbones are pretrained on nuScenes
alone or all considered datasets (‘All’), and finetuned on the train
split of each dataset for different amounts of data. The reported
mloU% is computed on the val split of each dataset.

without manual annotations can bridge the gap with the
quality of fully supervised 3D features.

4.5. Pretraining on Multiple Datasets

In this section, we show that we can pretrain a single back-
bone on multiple datasets so that it performs as well or bet-
ter than individual backbones specialized to each dataset.
We conduct our main experiment with WI-256 and the
DINO-pretrained ViT-S/8. The datasets that we consider
(nuScenes, SemanticKITTI, PandaSet with Pandar64 or
PandarGT) have different sizes. To avoid drawing con-
clusions which could be explained by different amount of
pretraining, we adjust the number of pretraining epochs on
each dataset so that the backbones are pretrained for the
same number of iterations (the batch size is fixed to 16).
We start by pretraining WI-256 on each dataset indi-
vidually and evaluate the quality of the distilled features
by linear probing on each of the datasets. The results are
presented in Tab. 4. We notice that the pretrained back-
bones are quite sensitive to the domain gap induced by
different lidars. For example, the backbone pretrained on
nuScenes performs significantly worse on SemanticKITTI
than the backbone pretrained on SemanticKITTI: 28.8%
vs 46.6% mloU. The observation is valid whatever pairs
of pretraining/downstream datasets we take. However, by
pretraining a backbone on both nuScenes and Semantic-
KITTI, we do not notice any drop in linear probing per-
formance on nuScenes and achieve even better results on
SemanticKITTI. The best overall performance is obtained
when pretraining on all datasets together. This experiment
shows that a single backbone easily benefits from diverse
lidar data without performance loss in linear probing.
We conduct one more experiment using the best com-
bination of 3D and 2D backbone discovered: WI-768 and
DINOv2 ViT-L/14. We pretrain this backbone either on
nuScenes alone or on the combination of all datasets. Due
to memory constraints at this scale, we reduce the batch
size to 8 for both pretrainings. We thus also used a longer
training schedule. The results are presented in the last

Pretrain Avg.

Method 3D Back. mCE% | mRR% +

dataset mloU%
— Cylind3D [84] — 105.6 78.1 57.4
- 2DPASS [71] — 98.6 75.2 58.6
- SPVCNN [64] - 97.5 75.1 57.5
- GFNet  [52] - 92.6 83.3 64.0
- WI-768 - 90.9 80.6 63.5

PPKT MinkUNet
SLidR MinkUNet
Seal MinkUNet

ScaLR WI-768
ScaLR WI-768

nuScenes 105.6 76.1 56.6
nuScenes 106.1 76.0 56.8
nuScenes 92.6 83.1 62.8

nuScenes 89.1 83.7 65.2
Multiple 874 83.8 65.7

Table 6. Robustness to corruptions. The evaluation is done on
nuScenes-C from the Robo3D benchmark [31]. We report the
mCE%, mRR%, and the mloU% averaged over all eight corrup-
tions. The scores in italic are obtained from [31, 39]. PPKT, SLidR
and Seal use a MoCov2 ResNet-50. We use DINOv2 ViT-L/14.

section of Tab. 4. We notice again that pretraining on
multiple datasets leads to better linear probing perfor-
mance across all downstream datasets. We also remark
that reducing the batch size, and training for longer, gains 1
mloU point when training only on nuScenes (see WI-768 in
Tabs. 3 and 4). The remaining gap with respect to the best
fully-supervised WI baseline is less than 10.9 mIoU points
on all datasets. Notably, on nuScenes, we reach 67.8 in
mloU while the best score so far in linear probing was 45.0
(Tab. 8), reached by [39] with the help of fully supervised
2D backbones to create semantically coherent segments.

4.6. Properties of Distilled Features

In this section, we use the WI-768 backbones pretrained
with ScalLR using DINOv2 ViT-L/14. We consider two pre-
training datasets: (1) nuScenes alone, and (2) the combi-
nation of nuScenes, SemanticKITTI, PandaSet-64/GT (de-
noted ‘Multiple’ in pretraining dataset column in tables).

Performance in finetuning. We present in Tab. 5 the re-
sults obtained by finetuning our pretrained WI-768 on dif-
ferent datasets for different amounts of data. First, we
notice that pretraining always improves the score com-
pared to the non-pretrained fully supervised baseline,
except on nuScenes when using all the available annota-
tions. We also notice that WI-768 pretrained on multi-
ple datasets: (1) significantly outperforms the nuScenes-
pretrained WI-768 when finetuning on SemanticKITTI;
(2) performs nearly as well on nuScenes as the WI-768
model pretrained on nuScenes, i.e., the model specialized to
this dataset. Interestingly, WI-768 pretrained on nuScenes
seems to have a small advantage for finetuning on PandaSet.
We recall nevertheless that the model pretrained on multi-
ple datasets still improves the performance compared to no
pretraining. More importantly, as will be seen in the next
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3D 2D Back LP Method 3D Pretrain nuScenes S.KITTI
Back  \jaskCLIP DINOV2 LP 1% 10% 100% 1%
WI-256 v X 594 - MinkUNet — 8.1 30.3 562 74.7 39.5
Pretrain WI-256 X /616 - WIL-768 - ~ 352622 787 496
S.KITTI S.POSS WI-256 / v/ 62.5
Dataset . .
PPKT MinkUNet nuScenes 35.9 37.8 60.3 74.5 44.0
- 28.6 540 WI-334 v X 609 SLidR  MinkUNet nuScenes 38.8 38.3 59.8 74.8 44.6
nuScenes 29.6  57.1 WI-384 X v 639 ST-SLidR MinkUNet nuScenes 40.5 40.8 60.8 75.1 44.7
Multiple 36.6 59.1 WI-384 v /oo 651 Seal MinkUNet nuScenes 45.0 45.8 63.0 75.6 46.6

Table 7. Domain generalization properties (left) and benefit of
pretraining with multiple teachers (right). Left: mloU% on Se-
manticKITTI (abbreviated S.KITTI) and SemanticPOSS (abbre-
viated S.POSS) of WI-768 pretrained either on nuScenes alone
or on all considered pretraining datasets, and then finetuned on
nuScenes. The performance of WI-768 trained under full super-
vision on nuScenes without pretraining is also reported. Right:
Linear probing mloU% obtained on nuScenes after pretraining W1
with ScaLR on nuScenes. The considered 2D backbones are DI-
NOv2 ViT-L/14 and MaskCLIP ViT-B/16.

experiment, multi-dataset pretraining produces more ro-
bust backbones against perturbations and domain gaps.

Robustness to corruptions. We evaluate the robustness
of the pretrained WI-768 to corruptions on Robo3D bench-
mark [31]. The results are in Tab. 6. We notice that WI-768
trained under full supervision on nuScenes, without any pre-
training, already performs well compared to the other 3D
backbones trained in the same condition. WI-768 achieves
the best results in terms of mean corruption error (mCE)
and is second in terms of mean resilience rate (mRR). We
remark that pretraining always improves the robustness of
WI-768. The best performance is achieved thanks to our
multiple datasets pretraining with a mCE of 87.4% and a
mRR of 83.8%), i.e., yielding new state-of-the-art results.

Domain generalization properties. We evaluate the ca-
pacity of our pretrained WI-768 to generalize to different
lidars. The backbones are finetuned on nuScenes after pre-
training. We measure the performance of the resulting mod-
els directly on the val set of SemanticKITTI (train set seen
during pretraining) or SemanticPOSS (not seen during pre-
training) using respectively 10 and 6 aggregated classes, as
done, e.g., in [42, 73]. We notice in Tab. 7 that pretraining
always helps generalization and that the best performance
are obtained when pretraining on multiple datasets.

4.7. Pretraining with Multiple Teachers

We show in Tab. 7 that using multiple 2D teachers is a way
to further improve the performance. Distillation was done
using the two modifications in ScaLR: (1) On the 2D side,
we concatenate the pixel features obtained from both back-
bones; (2) On the 3D side, we use a 2-layer MLP for ¥3p
with an output size matching the dimension of the concate-

ScaLR  WI-768  Multiple 67.8 50.7 69.2 78.4 56.8

Table 8. Progress made with ScaLR. We report the mloU% ob-
tained by linear probing (LP) or finetuning on different amounts
of data. The scores in italic are reported from [39]. WI-768 is
pretrained using DINOv2 ViT-L/14 on nuScenes, SemanticKITTI
(abbreviated S.KITTI), PandaSet-64/GT. The MinkUNet back-
bones are pretrained using MoCov2 ResNet-50 on nuScenes.

nated pixel features (see details in supp. mat.).

5. Conclusion

We have seen that scaling 2D and 3D backbones and pre-
training on multiple datasets lead to better and more ro-
bust distilled features. We summarize in Tab. 8 the scores
obtained by [38, 39, 41, 58] and with ScalLR to highlight
the significant progress we have made. The most notable
improvement appears when linear probing and finetuning
on small amounts of data. Note that we do not claim that
the concurrent distillation methods cannot surpass our pro-
posed scalable distillation method; the take-away message
is that scaling the 2D and 3D backbones and pretraining
on diverse datasets actually lead to significantly better pre-
trained backbones even with a simple distillation method.
These are three pillars that should not be overlooked to get
good pretrained backbones for lidars. We hope that these
findings, combined with more powerful distillation meth-
ods, will lead to even better 3D backbones in the future.
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