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Abstract

Vision foundation models have revolutionized 2D camera-based perception by ex-
tracting generalized features for downstream tasks. Recent work applies self-supervised
cross-modal knowledge distillation (KD) to transfer these capabilities to 3D LiDAR
models, but often relies on complex losses or pseudo-semantic maps. We introduce
CleverDistiller, a self-supervised, cross-modal 2D-to-3D KD framework, introducing
simple yet effective design choices. Our method uses a direct feature similarity loss
and an MLP projection head to capture complex semantic dependencies without rely-
ing on pseudo-semantic maps or explicit semantic supervision. In addition, we improve
the 3D spatial reasoning capabilities of learned representations through a self-supervised
occupancy prediction task. Experiments on autonomous driving benchmarks show that
CleverDistiller achieves state-of-the-art performance in both 3D semantic segmentation
and 3D object detection, with up to 10% mIoU improvement, particularly when fine-
tuning with limited data, demonstrating the effectiveness of our approach.

1 Introduction
For many vision applications such as autonomous driving, improving the generalized un-
derstanding of the environment is important to increase safety and autonomy. However,
constant updates of sensor types and setups from different manufacturers makes it difficult
to train one perception system that excels on all use cases. Most perception models for
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object detection or semantic segmentation are known for their lack of robustness towards
weather conditions, lighting, sensor setup, or driving environments that usually deviate be-
tween training and inference [60]. Especially, LiDAR-based 3D models are known for their
adaptation challenges [57, 61, 72].

Figure 1: We observe how CleverDis-
tiller (top) improves over the baseline
ScaLR (bottom) by producing spatially
consistent semantic outputs.

Due to these inherent challenges, recent focus
has shifted towards using Vision Foundation Mod-
els (VFMs) such as DINO [11, 33, 46]. These
models provide features that are robust and gener-
alize well under domain shift, while also support-
ing multiple downstream tasks. Although many
works address and extend VFMs in camera-based se-
tups [40, 53, 62], our work aims to transfer VFM
knowledge to more challenging LiDAR-based 3D
networks. Cross-modal knowledge distillation has
been used to transfer learned feature representations
between the backbones of different sensor modal-
ities. Initial methods focused mainly on distill-
ing LiDAR-based features into camera-based mod-
els [17, 34]. However, with the emergence of VFMs the reverse direction, to distill gen-
eralized semantic 2D features into 3D LiDAR-based networks, has become more rele-
vant [42, 48, 70, 71].

Many previous approaches for cross-modal KD have tried to explicitly model the seman-
tic dependencies by using semantic priors, that depend on extra models or preprocessing
steps to extract semantically coherent image regions (SAM or OpenSeeD [33, 70, 71, 75,
77]). They show improvements in performance and robustness, but tend to complicate the
cross-modal KD process. On the other hand, ScaLR [48] shows the effectiveness of a simple
and scalable distillation solution, but does not achieve SOTA performance. As demonstrated
in Fig. 1 ScaLR yields semantic outputs that are sometimes inconsistent with the scene’s spa-
tial structure. Overall, previous methods are either complicated and involve semantic priors
to beat SOTA or are simple and promising but failing to improve over SOTA performance.

To address these shortcomings, we propose CleverDistiller, a fully self-supervised KD
framework that transfers features from a camera-based VFM to a LiDAR-based network.
Our approach focuses on obtaining multi-task features by integrating cross-modal KD from
a VFM and an auxiliary spatial task, i.e., occupancy prediction [7], to capture both seman-
tic and spatial information in a unified framework, thereby improving spatial and semantic
feature consistency. Our contributions can be summarized as follows:

• We identify linear projection of 3D LiDAR features into 2D space of camera-based
VFM features to be a key limitation of cross-modal KD frameworks (overlooked by
all previous methods). We show that an MLP projection head on top of the 3D LiDAR
backbone enables the backbone to learn more informative features that excel across
multiple tasks, while also retaining the simplicity of the distillation (Secs. 3.2 and 3.3).

• VFM features are semantically rich but lack spatial and geometric information. We
incorporate a self-supervised auxiliary task of occupancy prediction to encourage the
LiDAR model to additionally encode spatial information. Thus, the general semantic
features distilled from the VFM are further enriched to be spatially consistent across
the 3D scene (Sec. 3.4).
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• We demonstrate that CleverDistiller outperforms previous approaches in standard 2D-
to-3D KD benchmarks for both 3D semantic segmentation and 3DOD. Our model is
particularly successful when fine-tuned on limited data, highlighting the generalization
capabilities of our learned 3D features (Sec. 4.3).

2 Related work
Pre-training Vision Models: Supervised pre-training on large labeled datasets [20, 29, 39,
55, 56] has being gradually replaced by self-supervised pre-training [24]. It involves training
a model using a pretext task on large unlabeled datasets. Currently, self-supervised learning
(SSL) methods predominantly use a contrastive [13] or reconstruction formulation [46, 80].
Initially, a contrastive objective was considered over data instances in a batch [13, 66] or
a memory bank [14, 15, 30]. Recent works such as DINO [11] contrast over prototypical
clusters [2, 9, 10, 27, 41] and learn representations that are highly data efficient [3, 49].
Reconstruction based methods [5, 31] typically lack data efficiency [4]. Then, DINOv2 [46]
consolidated a range of strategies such as masked image modeling [80] and produced a model
that excels on a wide range of downstream tasks, adopted in many recent works [23, 28, 58].
While pre-training models on the target domain is a promising direction [40, 62], there is a
lack of off-the-shelf models for autonomous driving, thus in this work we chose DINOv2 as
a teacher model to train a 3D student backbone.

Pre-training 3D Backbones Self-supervised pre-training of 3D backbones started with
single object scans (e.g. ShapeNet [12, 65]) similar to ImageNet in the case of images
[16, 47, 50, 74, 79]. Several methods have been developed to pre-train on complex 3D indoor
and outdoor scenes [45, 63, 69, 73]. Inspired by their vision counterpart, these methods also
mainly use contrastive and reconstruction objectives. Some works leverage LiDAR specific
augmentations [38] or use specialized tasks such as occupancy prediction consistent under
sparse point sampling [1, 7] and different mixing strategies for pointclouds [37, 44, 67].
However, these methods are limited by the volume of diverse 3D pre-training data, owing to
the difficulty in collecting such a large-scale dataset.

Cross-modal 2D-to-3D Knowledge Distillation: Recently, distilling knowledge from
a pre-trained 2D image backbone into a 3D LiDAR backbone has been shown to be an ef-
fective pre-training strategy. Initial works focused on single object pointclouds [21, 76] but
recent works have demonstrated that this strategy is also suitable for complex scenes [42,
43]. SLidR [51] groups points and pixels into semantically coherent superpixels/superpoints
based on the teacher vision model features. Other works use additional vision models such
as SAM [33] or OpenSeeD [75] to extract pseudo-semantic regions for the same purpose
[42, 70]. Recently, some works have also used spatial and temporal consistency to regularize
learned representations [42, 70, 71, 77, 78]. Others demonstrated the potential of scaling up
different distillation components such as the dataset, the 3D backbone and the 2D backbone
while using a simple distillation loss that matches the corresponding point-pixel features di-
rectly [48]. However, direct feature comparison impairs the 3D network’s ability to learn
geometrically rich features. In this work, we propose an MLP projection head and the aux-
iliary spatial task to guide the 3D network towards learning more spatially aware features.
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Figure 2: Overview of the CleverDistiller framework. Sensor calibration is used to associate 3D points
with image regions. Features are extracted using modality-specific backbones. A cross-modal KD loss
distills camera features into the 3D backbone via an MLP projection head, while an occupancy loss
enforces spatial consistency. The pre-trained 3D backbone is then used for downstream tasks.

3 Method Description

3.1 Problem Definition and Motivation
Given a point cloud P = {pi | i = 1, . . . ,N} with N points captured by a LiDAR sensor,
where pi ∈ R4 denotes the coordinates of the point and the laser intensity. Let It = {Ik |
k = 1, . . . ,M} denote M surround camera images where Ik ∈RH×W×3 denotes an image with
height H and width W . The objective of cross-modal distillation is to take adventage of a
pre-trained vision foundation model Tφ (·) to learn a LiDAR foundation model, Sθp(·) by
distilling the features from the image modality to the LiDAR modality.

Many recent works generate a set of class-agnostic or pseudo-semantic superpixels (e.g.
using text prompts in vision language models) for each image using additional supervised or
unsupervised segmentation methods such as SAM [33] or OpenSeeD [75]. These superpixels
are not ground truths and require careful hyperparameter tuning to obtain suitable segments
for a particular domain. Moreover with larger dataset, generating superpixels requires incre-
mentally more time and computational resources. This complicates the overall distillation
process and we question the need for semantic priors in the presence of good features from a
VFM. Further, most prior works use a contrastive loss [42, 51, 70, 71, 77, 78] which creates
an unnecessary self-conflict issue: contrasting image segments belonging to similar objects.

In our approach, we find corresponding point and image features, without relying on any
additional processing steps or semantic priors. Assuming that the point cloud Pt and im-
ages It are calibrated, we find corresponding points and pixels by projecting the point cloud
pi = (xi,yi,zi) onto the image plane (ui,vi) using the following sensor calibration parame-
ters,

[
ui vi 1

]T
= ρ(i) = 1

zi
×ΓK ×Γc←l×

[
xi yi zi

]T , where ΓK denotes the camera-
intrinsic matrix and Γc←l is the transformation matrix from LiDAR sensors to surround-view
cameras. This enables a direct mapping between points and pixels in the image.

3.2 Cross-modal Learning Objectives
Let the student model, Sθp : RN×4 → RN×Dp be a 3D backbone with trainable parameters
θp, which takes LiDAR points as input and outputs Dp-dimensional point features. Let
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Tφ : RH×W×3→ R
H
S ×

W
S ×Dv be an image backbone with pre-trained parameters φ that takes

images as input and outputs Dv-dimensional image features.
The primary objective function of self-supervised knowledge distillation is to transfer

knowledge from the trained image backbone Tφ to the 3D backbone Sθp . The point features
are obtained as qp =Hp(Sθp(p)) and the image features as qv = Tφ (I), where Hp : RDp →
RDv is a projection head that transforms the point features to the same dimensions as the
VFM teacher. Both features, qp and qv are ℓ2-normalized. Inspired by ScaLR [48], we use a
simple pairwise cosine similarity loss given by,

Ldistillation(qp,qv) =
1
N ∑

i∈1,...,N
∥qp,i−qv,ρ(i)∥2. (1)

Such a loss is preferable to a contrastive loss as it avoids the complexities of careful nega-
tive sample selection, training sensitivity to batch composition and self-conflict issues while
maintaining robust feature alignment. In a multi-camera setup, the above loss is applied to
each camera view using only those points that are visible in that camera view.

3.3 Improving the Projection Head
We investigate the role of the projection head by evaluating the informativeness of the 3D
backbone features using the RankMe metric [25]. RankMe is computed after self-supervised
distillation and before any fine-tuning with labels, enabling us to assess the information con-
tent of the learned representations in a label-free setting. Originally proposed for evaluating
self-supervised models without labels, RankMe serves as a proxy for representational quality
and potential downstream performance. We find that this relationship holds in our context as
well: higher RankMe scores consistently correlate with better downstream performance after
fine-tuning (see Fig. 3 and Tab. 1). This shows that RankMe can help identify design choices
in distillation setting, such as importance of projection head or auxiliary tasks (Tab. 3) that
yield more informative features for initialization and task-specific training.

Every other method we compare with [42, 48, 51, 70, 71] uses a linear projection head
and we find that this results in less informative 3D backbone features (see Tab. 1). Using
an MLP projection head improves the informativeness of these features as evidenced by the
improved RankMe metric. Consequently, this results in significant downstream performance
improvements (see Tab. 1). A deeper MLP with larger hidden dimensions results in the
most informative backbone features and best downstream performance. A complex MLP
projection head adds only a minimal increase in computational cost (≈ 9% more peak GPU
memory and compute cost). Based on this analysis, we use a 3-layer MLP projection head
with a similar formulation as the MLP head used while pre-training the DINOv2 model,
which yields the best results (see Tab. 1 and Fig. 3). While the MLP outputs features that
align well with the image featureenables the backbone (before the MLP) to retain additional
3D modality-specific information. This is evident in Tab. 3 comparing results with and with-
out occupancy the MLP: with the MLP, the features retain significantly richer information
content, as reflected by a higher RankMe metric.

3.4 Auxiliary Spatial Occupancy Task
Cross-modal distillation alone does not encourage the model to learn spatially rich informa-
tion, unique to LiDAR that can be useful for downstream tasks. To encourage the learning
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Figure 3: MinkUNet performance (1% finetun-
ing) on nuScenes dataset vs RankMe metric of
the 3D backbone features. The colors refer to
the distillation method, the image teachers are de-
noted as • for ViT-S/14 and × for ViT-B/14.

MLP
Layers.

Hidden
dim. RankMe nuScenes KITTI Waymo

LP 1% 1% 1%

1 (Linear) - 1.89 40.76 53.01 44.42 47.98
2 2048 2.94 45.46 54.38 50.09 48.19
3 256 4.18 44.79 54.80 50.10 48.93
3 2048 4.24 46.36 55.01 50.15 49.08

Table 1: Comparison of different MLP architec-
tures with the PT-v3 [64] 3D backbone model.
The MLP projection improves performance as
well as the RankMe metric. All scores in mIoU.

of spatial features, we incorporate an auxiliary spatial task. Combined with an MLP pro-
jection head, this controls the spatial information retained in the backbone features. While
many works prioritize segmentation tasks where semantic knowledge is sufficient, tasks such
as 3D object detection require a deeper spatial reasoning. We experimented with auxiliary
tasks like scene flow estimation and occupancy prediction, ultimately selecting occupancy
as the most effective (see supplementary Sec. A8).

Occupancy prediction injects spatial and geometric information of the objects into the
learned features, which we expect to be useful for tasks such as 3D object detection. The
occupancy prediction loss is formulated based on ALSO [7]. We observe that incorporating
the occupancy task improves the informativeness of the backbone features by enabling it to
learn additional information complementary to those distilled from the VFM features (see
improvement on RankMe metric when adding the occupancy task in Tab. 3). This further
boosts downstream performance in various tasks. The semantic information from the 2D
backbone combined with the spatial knowledge encouraged by occupancy prediction task
enable the model to understand and interpret complex 3D environments better. This also
makes the model more robust to domain shifts and LiDAR corruption (see Tab. 7).

Following ALSO [7], for each 3D point p sampled on the surface, we create two query
points: qfront = p−δ p and qbehind = p+δ p, where δ p is a small distance. We consider qfront
to be empty and qbehind to be filled. Additionally, a third empty query point qsight is randomly
picked in the segment between the sensor and p. Importantly, the occupancy prediction is
not performed on the original surface points themselves but on these generated query points
An occupancy decoder head takes a concatenation of the 3D backbone features of the surface
point and the 3D coordinates of the query points to predict the occupancy and intensity of
the query points. The occupancy loss consists of a binary cross-entropy loss LO based on the
occupancy classification and a reconstruction MSE lossLInt based on the intensity prediction
and we use λ = 1 similar to ALSO as Locc = LO +λLInt.

Overall, we combine two simple but significant design choices. First, we use an MLP
projection head and cosine similarity loss. Second, we add a complementary auxiliary spa-
tial task. Combined, these improve the informativeness and spatial consistency of the 3D
backbone features as well as downstream performance. This combination of design choices
leads to a more robust and efficient cross-modal distillation framework.
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4 Results

4.1 Experiments setup
Pre-training: CleverDistiller is implemented using the Pointcept framework [19]. Consis-
tent with prior works we employ MinkUNet-34 [18] as the 3D backbone and DINOv2 [46]
(with ViT backbones [22]) as the 2D backbone, distilling from three variants: small (S), base
(B) and large (L). Additionally, we experiment with SOTA 3D backbone, PointTransformer-
V3 (PT-v3) [64], to investigate if our method scales to larger and newer architectures, show-
ing that CleverDistiller can work with any point-based 3D backbone. For PT-v3, we use the
default configuration and only increase the decoder dimensions to 256. The framework is
pre-trained on nuScenes using 4 NVIDIA A100-80GB GPUs for 50 and 100 epochs. We
follow the same procedure to pre-train both ScaLR and CleverDistiller, while the results for
other methods are based on results reported in their works [42, 43, 51, 70, 71]. Further
training setup is provided in Sec. A2. Though most cross-modal image-to-LiDAR distilla-
tion works claim to pre-train for only 50 epochs, some recent works such as SuperFlow [70]
utilize 3 LiDAR sweeps per sample, increasing the effective length and compute cost of the
training by a factor of three (effectively 150 epochs). We characterize this using effective
epochs in Tab. 4. For fairer comparison, we show results of our method for both 50 and 100
epochs of pre-training. CleverDistiller50 provides a direct comparison to previous methods
that used only one LiDAR sweep per sample while CleverDistiller100 serves as a more effi-
cient comparison to SuperFlow, ScaLR, and LiMoE+SuperFlow. We experiment on a total
of nine datasets in our experiments, namely: nuScenes [8], SemanticKITTI [6] (SKITTI),
KITTI [26], Waymo [54], ScribbleKITTI [59], RELLIS-3D [32], SemanticSTF [68], and
DAPS-3D [35] and nuScenes-C from Robo3D [36].

Fine tuning: Pre-trained LiDAR backbone is evaluated on a range of downstream tasks
on various datasets. Firstly, we conduct segmentation experiments on nuScenes using linear
probing (LP) and limited data finetuning scenarios using 4 GPUs for 100 epochs. Further
fine-tuning details are provided in Sec. A4. For domain generalization study using Robo3D,
we follow the same protocol as previous works. We also test our features on the 3DOD
task using the KITTI and Waymo datasets. For 3DOD, we use weights obtained during pre-
training on nuScenes. We substitute PointRCNN [52] backbone with MinkUNet (following
SLiDR approach). Finally, we train for 80 epochs on partial data for Waymo and KITTI.

Evaluation Protocols: Following standard conventions, we report the Intersection-over-
Union (IoU) on each semantic class and mean IoU (mIoU) over all classes for downstream
tasks. For 3D robustness evaluations, we follow Robo3D [36] and report the mean Corrup-
tion Error (mCE) and mean Resilience Rate (mRR).

4.2 Ablation studies
We conduct ablation studies for the two proposed components, the MLP projection head and
the auxiliary occupancy task. We pre-train a MinkUNet-34 and PT-V3 model for 100 epochs
using the ViT-S/14 variant of DINOv2. We use the 3-layer MLP head selected in Sec. 3.3
and experimented with different weights for the occupancy loss. From Tab. 2, we see that
a weight of 0.05 is sufficient to incorporate additional spatial information. Then, we ablate
the best versions of the two components Tab. 3. We observe that the addition of the MLP
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Occupancy
loss weight

nuScenes SKITTI Waymo

LP 1% 1% 1%

0.0 55.72 61.79 56.30 60.78
0.01 56.49 61.40 57.01 62.14
0.05 58.49 62.54 62.19 61.95
0.2 57.39 61.65 58.96 62.39
1.0 53.89 58.99 56.78 62.30

Table 2: Comparison of different occupancy
loss weights with PTV3 [64], results in mIoU.

# MLP Occ Matrix
Rank RankMe nuScenes SKITTI Waymo

LP 1% 1% 1%

(a) ✗ ✗ 22 1.89 40.76 53.01 44.42 47.98
(b) ✗ ✓ 25 2.33 41.67 52.16 48.19 48.11
(c) ✓ ✗ 33 4.24 46.36 55.01 50.15 49.08
(d) ✓ ✓ 41 5.27 49.81 56.90 50.59 50.99

Table 3: Ablation study of different components with
MinkUNet-34 [18], results in mIoU.

(c) improves the informativeness of the backbone features (RankMe metric) and provides a
significant performance boost compared to the baseline (a) in Tab. 3. The occupancy task
(d) provides an orthogonal improvement that further improves the features informativeness.
Note that the MLP projection head enhances the effectiveness of the occupancy task, as it
enables the backbone features to learn additional LiDAR-specific spatial information which
may not align with the purely semantic image features.

4.3 Performance Comparison
As shown in Tab. 4 and Tab. 5, CleverDistiller achieves state-of-the-art performance across
all fine-tuning tasks, as well as in linear probing, on both MinkUnet [18] and PTV3 [64].
In particular, when fine-tuning with limited data on nuScenes, we observe substantial im-
provements of up to 10% mIoU in comparison to baselines. CleverDistiller also consistently
outperforms competing methods in domain transfer scenarios, such as SKITTI and Waymo.

Method Venue Distill S.P. Effective
Epochs

nuScenes SKITTI Waymo
LP 1% 5% 10% 25% Full 1% 1%

Random - - ✗ - 8.10 30.30 47.84 56.15 65.48 74.66 39.50 39.41
PPKT [43] arXiv’21 ViT-S ✗ 50 38.60 40.60 52.06 59.99 65.76 73.97 43.25 47.44
SLidR [51] CVPR’22 ViT-S ✓ 50 44.70 41.16 53.65 61.47 66.71 74.20 44.67 47.57
Seal [42] NIPS’23 ViT-S ✓ 50 45.16 44.27 55.13 62.46 67.64 75.58 46.51 48.67
CleverDistiller50 - ViT-S ✗ 50 46.02 53.67 62.34 64.04 68.06 77.44 49.58 50.45
SuperFlow [70] ECCV’24 ViT-S ✓ 150 46.44 47.81 59.44 64.47 69.20 76.54 47.97 49.94
ScaLR [48] CVPR’24 ViT-S ✗ 100 40.76 53.01 61.58 63.47 67.56 74.51 44.42 47.98
LiMoE [71] CVPR’25 ViT-S ✓ 150 48.20 49.60 60.54 65.65 71.39 77.27 49.53 51.42
CleverDistiller100 - ViT-S ✗ 100 49.81 56.90 64.55 65.92 70.11 77.61 50.59 50.99

PPKT [43] arXiv’21 ViT-B ✗ 50 39.95 40.91 53.21 60.87 66.22 74.07 44.09 47.57
SLidR [51] CVPR’22 ViT-B ✓ 50 45.35 41.64 55.83 62.68 67.61 74.98 45.50 48.32
Seal [42] NIPS’23 ViT-B ✓ 50 46.59 45.98 57.15 62.79 68.18 75.41 47.24 48.91
CleverDistiller50 - ViT-B ✗ 50 48.40 55.80 63.49 65.56 69.06 78.17 49.83 52.80
SuperFlow [70] ECCV’24 ViT-B ✓ 150 47.66 48.09 59.66 64.52 69.79 76.57 48.40 50.20
ScaLR [48] CVPR’24 ViT-B ✗ 100 41.80 55.83 63.46 65.24 68.70 74.76 45.59 49.60
LiMoE [71] CVPR’25 ViT-B ✓ 150 49.07 50.23 61.51 66.17 71.56 77.81 50.30 51.77
CleverDistiller100 - ViT-B ✗ 100 51.89 59.80 66.44 67.65 69.53 78.49 51.48 53.56

PPKT [43] arXiv’21 ViT-L ✗ 50 41.57 42.05 55.75 61.26 66.88 74.33 45.87 47.82
SLidR [51] CVPR’22 ViT-L ✓ 50 45.70 42.77 57.45 63.20 68.13 75.51 47.01 48.60
Seal [42] NIPS’23 ViT-L ✓ 50 46.81 46.27 58.14 63.27 68.67 75.66 47.55 50.02
CleverDistiller50 - ViT-L ✗ 50 48.32 56.70 64.51 66.25 69.33 78.68 49.86 53.32
SuperFlow [70] ECCV’24 ViT-L ✓ 150 48.01 49.95 60.72 65.09 70.01 77.19 49.07 50.67
ScaLR [48] CVPR’24 ViT-L ✗ 100 40.12 55.78 63.28 64.76 68.19 75.09 44.85 50.34
LiMoE [71] CVPR’25 ViT-L ✓ 150 49.35 51.41 62.07 66.64 71.59 77.85 50.69 51.93
CleverDistiller100 - ViT-L ✗ 100 52.45 60.64 67.03 67.29 70.45 78.29 52.28 54.83

Table 4: Comparison of SOTA pretraining methods pretrained in self-supervised manner on nuScenes
and fine-tuned on nuScenes, SemanticKITTI, and Waymo. All methods use MinkUNet-34 [18] as the
backbone for the 3D semantic segmentation task. We also show which 2D VFM backbone was used
as a teacher and if the approach uses pseudo semantic priors from off-the shelf segmentation models.
LP denotes linear probing with a frozen backbone. All scores in mIoU. For LiMoE [71], we use
LiMoE+SuperFlow. "S.P." refers to whether the method uses Semantic Priors.
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To the best of our knowledge, we include all recently published and accepted methods (in-
cluding [71]), and demonstrate that high performance can be achieved through simple design
choices, without relying on semantic priors or contrastive losses.

The performance of CleverDistiller highlights strong generalization of the learned rep-
resentations, making it well-suited for settings with limited annotated data. The results also
confirm that models pretrained via representation learning significantly outperform those
initialized randomly, underscoring the importance of data-driven pretraining. Furthermore,
distillation from larger 2D networks consistently improves downstream performance, align-
ing with findings from prior work. We further provide additional qualitative results, feature
visualizations, and class-specific analyses in the supplementary (Secs. A6 and A9).

4.4 Domain generalization
In domain generalization experiments, we evaluate all methods pre-trained on nuScenes
across four diverse datasets as shown in Tab. 6. We fine-tune the models on different subsets
of data from the new dataset using the fine-tuning protocol described in Sec. 4.1. Each dataset
poses distinct challenges, with some originating outside the autonomous driving domain.
Notably, ScriKITTI features extremely sparse scribble-level annotations, yet our method still
achieves the best performance among all approaches, highlighting its ability to learn effec-
tively from limited supervision. Rellis-3D, in contrast, is an off-road mobile robotics dataset
with a significant domain shift from nuScenes in terms of terrain, sensor configuration, and
scene layout. Despite this, our method adapts well and continues to outperform others, in-
dicating strong generalization across both structured and unstructured environments. The
results on SemSTF and DAPS-3D further support the robustness of our approach in diverse
settings.

4.5 Robustness
We compare our method against SOTA approaches on the Robo3D benchmark [36] presented
in Tab. 7 based on the linear probing models. CleverDistiller achieves superior performance,
particularly in corrupted settings where other methods degrade significantly for example,
when LiDAR data is sparse. It consistently shows improved robustness over random ini-
tialization and competing methods, obtaining the lowest mean Corruption Error (mCE) in
linear probing (robustness results based on full data finetuned models are provided in the

Method nuScenes SKITTI Waymo

LP 1% 5% 10% 25% 1% 1%
ViT-S
ScaLR 44.99 62.07 69.10 72.91 75.69 56.92 60.09
Ours 58.49 62.54 71.09 73.89 76.64 61.95 62.19

ViT-B
ScaLR 41.62 63.54 71.74 73.84 76.56 60.74 57.17
Ours 60.54 63.93 72.27 74.11 76.93 63.31 62.20

ViT-L
ScaLR 45.54 66.17 72.34 74.96 77.56 58.48 61.47
Ours 61.92 66.18 73.13 75.18 77.57 62.23 65.94

Table 5: Comparisons of SOTA methods pre-
trained on nuScenes and fine-tuned on datasets
subset, using PTV3 [64] for 3D semantic seg-
mentation. All scores in mIoU.

Method ScriKITTI Rellis-3D SemSTF DAPS-3D

1% 10% 1% 10% 50% 100% 50% 100%

Random 23.81 47.60 38.46 53.60 48.03 48.15 74.32 79.38
PPKT50 36.50 51.67 49.71 54.33 50.92 54.69 78.90 84.00
SLidR50 39.60 50.45 49.75 54.57 52.01 54.35 81.00 85.40
Seal50 40.64 52.77 51.09 55.03 53.46 55.36 81.88 85.90
Ours50 40.77 53.31 56.23 56.60 53.77 54.72 82.58 86.15

ScaLR100 36.45 49.16 47.91 48.86 52.10 54.40 - -
SF150 42.70 54.00 52.83 55.71 54.72 56.57 82.43 86.21
LiMoE150 43.95 55.96 53.74 56.67 55.60 57.31 83.24 86.68
Ours100 44.03 56.70 58.35 60.92 53.99 55.66 83.06 87.95

Table 6: Domain generalization benchmark. Mod-
els are pre-trained on nuScenes and finetuned on
different datasets. (all scores in mIoU)
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Method Backbone mCE ↓ mRR ↑ mIoU ↑
Fog Rain Snow Blur Beam Cross Echo Sensor Avg Full

PPKT50 [43] MinkU-34 183.44 78.15 30.65 35.42 28.12 29.21 32.82 19.52 28.01 20.71 28.06

SLidR50 [51] MinkU-34 179.38 77.18 34.88 38.09 32.64 26.44 33.73 20.81 31.54 21.44 29.95

Seal50 [42] MinkU-34 166.18 75.38 37.33 42.77 29.93 37.73 40.32 20.31 37.73 24.94 33.88

CleverDistiller50 MinkU-34 157.50 84.84 42.45 43.45 38.77 37.85 41.01 43.11 39.17 26.55 39.05

SuperFlow150 [70] MinkU-34 161.78 75.52 37.59 43.42 37.60 39.57 41.40 23.64 38.03 26.69 35.99

Scalr100 [48] MinkU-34 173.18 78.91 37.55 37.96 36.29 33.64 33.06 23.01 33.62 23.70 33.59

LiMoE150 MinkU-34 155.77 78.23 40.35 45.28 39.14 42.10 44.21 27.33 39.20 29.49 38.39

CleverDistiller100 MinkU-34 151.21 89.99 43.96 46.91 41.20 41.05 42.15 45.67 41.30 28.85 41.39

Table 7: 3D robustness study under corruption and sensor failure scenarios in the nuScenes-C dataset
from the Robo3D benchmark [36]. This evaluation is based on the linear probing model trained on
frozen MinkUNet-34 backbones obtained using different knowledge distillation methods. All mCE
(↓), mRR (↑), and mIoU (↑) scores are given in percentage (%).

supplementary, Sec. A7). Our method also achieves the highest mean Relative Robustness
(mRR) across all trials, indicating strong resilience to various corruptions. In the Fog sce-
nario, for instance, CleverDistiller reaches an mIoU of 43.96, outperforming the previous
best of 40.35. The most pronounced improvement is observed in the cross-sensor corruption
scenario, characterized by extremely sparse LiDAR input. Here, CleverDistiller performs up
to 20% points better in linear probing accuracy compared to other methods.

Although LiMoE [71] (very recent unpublished work) slightly outperforms our method
in some cases, CleverDistiller remains more robust on average, achieving lower mCE and
higher mRR. Notably, our method is simpler and requires significantly lesser training com-
pute than the mixture-of-experts model, LiMoE, highlighting its efficiency and effectiveness.

5 Conclusions
We introduce CleverDistiller, a simple yet effective framework for cross-modal distillation
from 2D vision foundation models (VFMs) to 3D LiDAR models. Unlike prior work relying
on complex losses or pseudo-labels, we use a direct feature similarity loss and an MLP pro-
jection head to improve semantic information transfer. We further enhance spatial reasoning
by incorporating an auxiliary task of occupancy prediction. CleverDistiller achieves SOTA
performance with up to 10% mIoU gains in low-data regimes.
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