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Abstract

As deep learning continues to advance, self-supervised learn-
ing has made considerable strides. It allows 2D image en-
coders to extract useful features for various downstream
tasks, including those related to vision-based systems. Nev-
ertheless, pre-trained 2D image encoders face two key chal-
lenges: nighttime lighting conditions and limited 3D aware-
ness, which are required for robust perception and 3D un-
derstanding of reliable vision-based systems. To address
these issues, we propose a novel self-supervised approach,
Collaborative Distillation, which improves light-invariance
and 3D awareness in 2D image encoders while retaining
semantic context, integrating the strengths of 2D image and
3D LiDAR data. Our method significantly outperforms com-
peting methods in various downstream tasks across diverse
lighting conditions and exhibits strong generalization ability.
This advancement highlights our method’s practicality and
adaptability in real-world scenarios.

1. Introduction

While deep learning models have shown considerable
progress [9, 31, 35, 78], many of them rely on super-
vised learning, which requires extensive human labeling—a
costly process [22, 79]. In contrast, self-supervised learning
methods, which are label-efficient, have shown significant
progress in the image domain [5, 10, 49, 77]. These self-
supervised learning methods allow the image encoders to
learn versatile features that are effective for downstream
tasks, such as semantic segmentation and depth estimation,
which are beneficial in vision-based systems [8, 23].
However, the pre-trained model by these self-supervised
learning approaches often faces two key challenges. The first
is lighting variation, particularly at night. In real-world sce-
narios, vision-based systems must operate reliably even un-
der low-light or nighttime conditions. Yet, pre-trained image
encoders often struggle in such environments, likely because
their pre-training datasets, such as ImageNet-1K [17] and
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Figure 1. Collaborative distillation scheme for complementary
improvement. Our proposed collaborative distillation method ad-
dresses two challenges in 2D image representation: light invariance
and 3D awareness. In stage 1, the 3D LiDAR encoder learns seman-
tic context. In stage 2, the 2D image encoder learns light-invariance
and 3D awareness, preserving the original semantic context.

LVD-142M [49], are predominantly composed of daylight
images. The second challenge is 3D awareness, a crucial
capability for applications like autonomous driving, surveil-
lance, and robot navigation. Although recent pre-trained
image encoders exhibit a certain degree of 3D awareness,
there is still room for improvement [19].

To address these challenges, we leverage 3D LiDAR data.
3D LiDAR offers two key advantages: (1) invariance to light-
ing conditions [18] and (2) inherent 3D information, both of
which 2D images generally lack. The main question is how
to enable a 2D image encoder to learn these favorable proper-
ties from 3D LiDAR data effectively. Since raw 3D LiDAR
data lacks semantic context, directly injecting information
with only 3D LiDAR data may degrade the 2D encoder’s
original semantic context and generalization ability. To pre-
vent this degradation of the 2D encoder, a careful design is
needed instead of a straightforward approach.

Therefore, we propose a two-stage self-supervised distil-
lation paradigm, collaborative distillation, to preserve the
original strengths of 2D encoders while enhancing their light-



invariance and 3D awareness (see Fig. 1). A key rationale
for this design is the inclusion of a preliminary step that pro-
vides the 2D encoder’s semantic context to the 3D encoder
before the transfer of the 3D encoder’s knowledge (image-
to-LiDAR distillation). Then, we distill the 3D encoder’s
knowledge back to the 2D encoder (LiDAR-to-image dis-
tillation). Through this process, the 2D encoder acquires
light-invariant and 3D-aware representations while retaining
its original semantic context.

We demonstrate the effectiveness of our method on down-
stream tasks, including depth estimation, semantic, and
depth-aware video panoptic segmentation, using both in-
domain and out-of-domain datasets. We summarize our
main contributions as follows:

e To the best of our knowledge, this study is the first self-
supervised representation learning to enhance the robust-
ness of 2D image encoders under challenging lighting
conditions while improving their 3D awareness.

e We propose a novel collaborative distillation method that
effectively exchanges the complementary properties of im-
ages and LiDAR through a two-stage distillation process.

e Our method enhances 2D image encoders across domains,
demonstrating the potential of its strong generalization
ability and adaptability in various vision-based systems.

2. Related Work

Our work is related to 2D images and 3D LiDAR self-
supervised representation learning. We focus on improv-
ing 2D representation in day and nighttime conditions and
3D awareness. Therefore, we brief the related work: 2D
self-supervised representation learning, image-to-LiDAR
distillation, improving 2D encoders in nighttime conditions,
and improving 3D awareness of 2D representation.

2D self-supervised representation learning. 2D self-
supervised representation learning approaches have led to
remarkable advancements in image understanding. These
methods aim to learn visual features from the unlabeled data,
which can be applied to various downstream tasks [39]. Re-
cently, three pretext tasks are commonly chosen as main
strategies: (1) contrastive learning, where a 2D encoder
learns to extract features that are invariant to augmenta-
tions [10, 11, 24, 26, 46, 48, 61, 67]; (2) masked image
modeling, where the encoder is trained to reconstruct masked
parts of an image [3, 25]; and (3) self-distillation, where a
student model learns by predicting the features of a teacher
model [5, 49, 77]. However, most of these methods are
trained on daylight images, leaving their effectiveness in
nighttime conditions underexplored. Additionally, 2D self-
supervised learning methods have insufficient 3D aware-
ness [19]. Our method tackles both challenges in a self-
supervised distillation approach.

Image-to-LiDAR distillation. While traditional 3D self-

supervised approaches learn only from 3D LiDAR point
clouds [12, 28, 47, 57, 62, 68, 72, 75], recent strategies also
leverage the semantic information of the image domain by
pre-training 3D encoders on image-LiDAR pairs. SLidR [58]
pioneered an image-to-LiDAR distillation, where 2D im-
age superpixels and matched 3D point clouds are compared
through contrastive learning. Building on SLidR, several
methods [40, 44, 50] develop loss functions to push perfor-
mance further or revisit the data utilization [33]. ScalLR [53]
scaled up the dataset and the model size. These methods are
based on the pre-trained image encoder. However, directly
using this encoder may cause unreliable distillation in chal-
lenging scenarios like low lighting or nighttime. We focus
on improving the 2D image encoder itself in these scenarios.

Improving 2D encoders in nighttime condition. There are
two streams of focusing improvement in low light, including
nighttime conditions. Most studies focus on enhancing low-
light images to make them more visible [7, 32, 41, 43, 64].
However, these methods primarily improve image quality
and do not enhance feature representations for downstream
tasks. Another line of research focuses on robust recognition
in low light [20, 36, 56, 60, 63]. Even so, these studies are
limited to their specific task, e.g., depth estimation, object
detection, or pose estimation. Our method is the first self-
supervised representation designed to improve 2D image
encoders under nighttime lighting. Unlike the above streams,
this enables it to generalize across various downstream tasks.

Improving 3D awareness of 2D representation. There
have been several studies aimed at improving the 3D aware-
ness of 2D representations. Various methods [2, 29, 30, 66]
incorporate 3D priors through multi-view geometry or
masked image modeling with RGB-D data. Recently,
FiT3D [73] lifts 2D features into 3D Gaussians and applies
multi-view consistent rendering. Condense [74] enforces 2D-
3D feature consistency via ray marching [45], enabling train-
ing of 2D and 3D encoders. Unlike the above studies that
focus solely on 3D priors in indoor scenarios, several stud-
ies [13, 14, 27, 38, 65, 69] have utilized LiDAR-to-image
distillation in outdoor autonomous driving, targeting a spe-
cific task, e.g., 3D or BEV-based object detection. In contrast,
we aim to enhance 2D encoders that take a single 2D image
as input, enabling them to perform various downstream tasks
in both in and out-of-domain for broad applicability.

3. Collaborative Distillation

In this section, we introduce a self-supervised collaborative
distillation method for 2D image encoders to learn represen-
tation robust to lighting conditions and exhibit 3D awareness.
This method is divided into stages 1 and 2 (see Fig. 2), which
we describe sequentially in Secs. 3.1 and 3.2.



1. Image-to-LiDAR Distillation

Stage 2. LiDAR-to-Image Distillation
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Figure 2. Overall pipeline. Our method consists of two stages: (1) Image-to-LiDAR distillation, where the semantically rich features from
the 2D encoder &;p are distilled into the 3D encoder &3p using day images and LiDAR data, and (2) LiDAR-to-image distillation, where
the representations learned by the 3D encoder Esp are distilled back into the 2D encoder &p. In this second stage, both day and nighttime
images and LiDAR data are used, allowing the 2D encoder to learn robust features invariant to lighting conditions and exhibit 3D awareness.

3.1. Stage 1: Image-to-LiDAR Distillation

The goal of stage 1 is to provide its original semantic context
to the 3D LiDAR encoder as a preliminary step. This helps
the pre-trained 2D image encoder to retain the semantic
context in the next stage.

To perform stage 1, we prepare the pre-trained 2D encoder
&, followed by a bilinear upsampling layer to restore the
reduced feature map to the original image resolution. For the
3D part, we prepare a randomly initialized 3D encoder Esp,
followed by a 3D linear head H3p to align the 3D feature
dimension to the 2D one. For simplicity, we omit to note
the bilinear upsampling layer and the 3D linear head. Since
the 2D encoder &;p is pre-trained on daylight images, we
use only image-LiDAR pairs captured during the daytime to
distill reliable features from the 2D encoder at this stage.
Description of stage 1. Let P = [py,...,py] and I €
RIXWX3 denote the paired 3D LiDAR point cloud and 2D
image, where p; € R denotes the i-th 3D point, and H, W
and N are the height and width of the image, and the number
of points, respectively. We extract pixel-wise features from
the 2D encoder &p. Simultaneously, we extract point-wise
features from the 3D encoder £3p. We then use pre-computed
correspondence indices to match pixel-wise features with
point-wise features, creating M pairs of matched pixel-wise
features G = [g1, ..., gy and matched point-wise features
F = [f1,...,far], where g;, f; € RP denote the i-th matched
features. For each pair of 3D feature f; and 2D feature g,
we apply an image-to-LiDAR distillation loss to make the
3D feature f; similar to 2D feature g;, defined as follows:
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where f; and g; are [5-normalized and sg|[-] stands for stop-
gradient operator.

Through the image-to-LiDAR distillation, we expect the
trained 3D encoder &3p to extract the 3D feature F contain-
ing the 2D encoder &p’s semantic context.

Correspondence matching. Given a calibrated relative
pose between the LiDAR and the camera, the 3D-to-2D
projection 7 : R3 — R? outputs the projected 2D coordinate
on the image I, i.e., x; = T (p;). Then, we collect the M
pixel indices from all visible x; in the image. Since pixel
and point indices are paired by 7, we use these pairs to
retrieve the corresponding pixel-wise and point-wise features.
Finally, we obtain the M pixel-point feature pairs {g;, f; }.

3.2. Stage 2: LiDAR-to-Image Distillation

The goal of stage 2 is to transfer light-invariant and 3D-aware
information from the 3D encoder &;p to the 2D encoder &;p.
Since 3D LiDAR data remains the same regardless of day
or night, the extracted features F are expected to be light-
invariant. Additionally, because the data is inherently 3D,
the extracted features F are also 3D-aware. By leveraging
the 3D feature, we can improve the 2D encoder &;p.

In stage 2, we continue to use the pre-trained 2D encoder
&p and the 3D encoder &;p trained in stage 1. At this stage,
we use both day and nighttime images and LiDAR to allow
the 2D encoder & to learn to extract the light-invariant and
3D-aware features from day and night images.

Description of stage 2. We implement the LIDAR-to-image
distillation by switching the gradient direction, reusing the
weights of the 2D encoder &p and 3D encoder &p from
stage 1 without adding any additional layer. The only dif-
ference is the LiDAR-to-image distillation loss, which is
the same as image-to-LiDAR distillation loss L1, except
that the stop-grad is applied to the point feature f;. The



LiDAR-to-image distillation loss is defined as follows:
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where f; and g; are [5-normalized.

Through LiDAR-to-image distillation, we expect the fur-
ther trained 2D encoder &p to extract 2D features G cap-
turing LiDAR properties i.e., light-invariance and 3D aware-
ness, while preserving its semantic context due to stage 1.
Robustness to the lighting variation after our method.
We visualize the features of the 2D encoder to validate the
effects of our method. To examine that our 2D encoder &p
can extract features robust to lighting conditions, we prepare
day and night images from Cityscapes [15]." Figure 3 shows
that our method generates robust feature maps across both
day and nighttime conditions. In contrast, other methods
generate feature maps that are heavily influenced by the pixel
intensity of the given images. This demonstrates that our
method successfully trains the model to extract the expected
robust features of lighting conditions.

4. Experiments

We first describe the experimental setup (Sec. 4.1), and then
present results for in-domain and out-of-domain downstream
tasks (Secs. 4.2 and 4.3). Finally, we provide ablation studies
on the collaborative distillation method (Sec. 4.4).

4.1. Experimental Setup

Encoders. We use the WaffleIron-768 [52] as a 3D en-
coder and employ various pre-trained 2D encoders. Our
primary models are ViT-S/14 to ViT-G/14, pre-trained by
the DINOv2 [49] method. The above pre-trained models are
fine-tuned on downstream tasks in our experimental setup.
We conduct all ablation studies using the ViT-S/14 model.
Datasets. We pre-train all models on the nuScenes
dataset [4], which contains 168K training and 36K validation
images. Of these, 20K training and 3.6K validation images
are night images. For in-domain experiments, nuScenes
and nulmages [4] datasets are leveraged. For out-of-domain
experiments, we follow the training and evaluation proto-
col of DINOv2 [49] with out-of-domain datasets such as
KITTI [21], NYUd [59], CityScapes [15], and ADE20k [76].
For the multi-task experiment in night scenarios, we convert
half of the training day images and all test day images of the
Cityscapes-DVPS [54] into night images using the Stable
Diffusion [55]-based image translation method [51].

Data augmentation. For the 2D encoders, we resize images
to 224 x 448 in all stages. For the 3D encoder, we apply
random z-axis rotation and xy-axis flipping in stage 1.

'For controlled fair comparisons, we use a Stable Diffusion [55]-based
image translation [51] to synthesize the night scene corresponding to the
day image due to the absence of the day-night pairs.

(a) Input image

(b) DINOv2 (c) Ours

Figure 3. Feature visualization. Our feature maps (c) are more
robust to lighting conditions compared to those from the encoder
pre-trained with DINOv2 (b) that shows strong reactions to pixel
intensity in both day and night images. The colors of features are
obtained using principal component analysis (PCA).

Hyperparameters. For stage 1, image-to-LiDAR distil-
lation, we pre-train the WaffleIron [52] encoder using the
AdamW [42] optimizer, setting weight decay to 3 x 102
and a learning rate that starts at 0, increases to 2 x 1073, and
then gradually decreases to 10~5 following a cosine sched-
ule. The batch size is 8, and we train for 49 epochs. For
stage 2, LIDAR-to-image distillation, the hyperparameters
are nearly identical to those in stage 1, with adjustments to
batch size, learning rate, and epochs. The batch size is 32,
with learning rates of 2 x 1075 for ViT and 5 x 10~ for
ResNet50. The training epoch is set to 1. All pre-training
is conducted on 4 NVIDIA A100 GPUs. Further details are
provided in the supplementary material.

4.2. Transfer to In-Domain Downstream Tasks

We verify whether our method improves robustness to night-
time conditions and enhances 3D awareness on the validation
set of the pre-training dataset i.e., in-domain. Therefore, we
compare the models pre-trained by DINOv2 with the models
after Collaborative Distillation (CD) on in-domain down-
stream tasks, specifically semantic segmentation on both
nuScenes [4] and nulmages [4], and depth estimation on
nuScenes. Since the nuScenes dataset lacks 2D semantic
segmentation labels, we project the 3D LiDAR semantic
segmentation labels onto the images as ground truth. We use
the entire training set for downstream tasks, and for the vali-
dation set, we split into day and night to check the model’s
robustness to lighting changes. Each 2D task-specific linear
head replaces the pre-training linear head, mapping pixel-
wise features to segmentation classes or depth values.

For semantic segmentation, we conduct 1% label fine-
tuning to assess effectiveness in label-scarce scenarios and
use full-label linear probing to evaluate the effectiveness of
the learned representations. We follow the above training and
evaluation protocol of [53]. Similarly, for depth estimation,
we perform linear probing with all labels to evaluate the
learned representations and further fine-tune with all labels
to assess how closely the model approaches state-of-the-art
robust depth estimation method [20]. We measure mean



nuScenes nulmages

Method  Arch. full day night full

1% FT 100% LP 1% FT 100% LP 1% FT 100% LP 1% FT 100% LP
DINOV2 o 3522 492 36.6 50.6 24 277 632 70.9
+CD 357 (+0.5) 519 (+27) 370 (+0.4) 529 (+2.3) 239 (+15) [BSENGSI 640 (+0.8) 717 (+0.8)
DINOV2 oo 39.0 523 40.7 534 24.5 338 704 74.9
+CD 398 (+0.8) (555 (+32) 414 (+0.7) 564 (+3.0) [ZCSUGZONBTANGEO] 707 (+0.3) 764 (+1.5)
DINOV2 (.o 427 53.6 44.0 545 26.8 365 73.1 757
+CD 437 (+1.0) [57.6 (+40) 449 (+0.9) 584 (+3.9) [BOTNGESOEZONGESE 744 (+13) 779 (+2.2)
DINOV2 (.o 444 55.1 4538 56.1 204 376 75.0 777
+CD 471 (+27) 588 (+37) 482 (+2.4) 595 (+3.4) [BIBNCBONEZONGEHY 758 (+0.8) 794 (+1.7)

Table 1. In-domain linear probing and few-shot fine-tuning performance for 2D semantic segmentation. We compare models
pre-trained by DINOv2 with those further improved by our method (CD) on in-domain datasets, nuScenes [4] and nulmages [4]. “Full”
includes both day and night sets, while “FT” and “LP” represent fine-tuning and linear probing, respectively. The mloU results show that
our method improves performance across all metrics, including label-scarce and full-label settings for 2D semantic segmentation. The
improvement in day images demonstrates that incorporating LiDAR properties helps the 2D representation preserve semantic context and
make it more discriminative with 3D depth information. Additionally, the performance gain is especially significant at night compared to
day data, demonstrating the effectiveness of our approach in enhancing the model’s robustness under nighttime conditions.

Eq 3

(a) Input image

Figure 4. In-domain semantic segmentation at day and night.

We compare semantic segmentation quality on nuScenes for (a)
input images, (b) DINOv2, and (C) our method. We present linear
probing results using the ViT-G/14 model. The highlighted regions
(cyan and light green boxes) show that our method achieves superior
segmentation quality than DINOv2 in day and night.

Intersection over Union (mloU) for semantic segmentation

and Root Mean Squared Error (RMSE) for depth estimation.

Semantic segmentation. Table | shows that our method
outperforms all mIoU metrics, with linear probing on all
labels and fine-tuning with 1%. Interestingly, our method is
effective in both label-scarce and full-label evaluations while

improving performance across all metrics on day images.

We assume that by incorporating LiDAR properties, the
2D representation preserves its semantics while becoming
more discriminative, as it integrates 3D depth information to
differentiate objects with similar appearances but different
spatial depths [31, 37, 70]. Additionally, the improvement is
larger at night than during the day, indicating that our method
reduces the domain gap from lighting differences, enhancing
the 2D encoder’s robustness to low-light conditions. Our
method’s strength is further highlighted by the qualitative
results in Fig. 4. The results show that our method produces

more discriminative segments than DINOv2 in day and night.
Our method enhances the 2D encoder’s semantic context
while remaining robust to lighting changes.

Depth estimation. Table 2 shows the fine-tuning and linear
probing RMSE results using all labels on nuScenes. Our
method demonstrates consistent performance improvements
in day and night settings, suggesting that our approach en-
hances the 3D awareness of the 2D representation. Although
we use only a simple linear layer and MSE loss for depth
estimation training, our method achieves comparable perfor-
mance to state-of-the-art approaches [20] focused on robust
depth estimation relying on advanced methods [1].

4.3. Transfer to Out-of-Domain Downstream Tasks

In this section, we demonstrate that our method generalizes
well to out-of-domain downstream tasks, including indoor
environments, even though it is pre-trained on a nuScenes
dataset constructed for outdoor autonomous driving. There-
fore, we compare the models pre-trained by DINOvV2, two
3D prior injection methods (FiT3D [73] and Condense [74]),
and our CD method on out-of-domain downstream tasks. All
training and evaluation protocols in this experiment follow
the DINOV2 setup. Depth estimation is trained and eval-
uated on the outdoor KITTI [21] and indoor NYUd [59]
datasets, while semantic segmentation is conducted on out-
door Cityscapes [15] and ADE20k [76], which consists of in-
door and outdoor data. Note that FiT3D combines the model
pre-trained by DINOv2 and the model improved by their
method together for downstream tasks (i.e., assembling).
Since the FiT3D and Condense model weights are available,
we reproduce the results in our experimental setup. In ad-
dition, we demonstrate the effectiveness of our 2D encoder
in a multi-task learning setup, which jointly handles video
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Method Arch. full (-) day-clear (4.81%) day-rain (5.90%) night (6.37%)
100% FT 100% LP 100% FT 100% LP 100% FT 100% LP 100% FT 100% LP

DINOvV2 VIT-S/14 5.72 8.37 5.46 8.14 6.00 8.79 7.00 9.40
+ CD 5.70 7.64 5.43 7.47 5.97 7.66 6.98 8.73
DINOv2 VIT-B/14 5.46 8.01 5.20 7.86 5.62 8.26 6.87 8.76
+ CD 5.42 7.18 5.17 7.01 5.58 7.19 6.76 8.28
DINOv2 VIT-L/14 5.29 7.97 5.00 7.81 5.38 8.32 6.57 8.69
+ CD 5.22 6.96 4.98 6.81 5.31 7.08 6.55 7.82
DINOv2 VIT-G/14 5.18 7.66 493 7.49 5.27 8.09 6.55 8.33
+ CD 5.14 6.63 491 6.47 5.22 6.89 6.49 7.40

Table 2. In-domain linear probing and fine-tuning performance for 2D monocular depth estimation. We compare models pre-trained
by DINOv2 with those further improved by our method (CD) on in-domain datasets, nuScenes [4]. The state-of-the-art performances from
md4all [20] are denoted at the top of the Table with %. The RMSE results show that our method improves performance in all metrics for 2D
monocular depth estimation, demonstrating that our approach enhances 3D awareness of 2D representation.

KITTI

NYUd

Condense

Figure 5. Qualitative results of out-of-domain depth estimation. To compare the depth estimation quality of the other methods, we
visualize the results of the model pre-trained with DINOv2, improved by Condense [74], and by our method using the ViT-G/14 model. Our
method produces clear depth with improved 3D awareness. Additionally, its robustness to lighting results in less noisy depth in the boxed
areas. Although our method does not use indoor data in pre-training, it produces the clearest depth map among the models on the indoor

NYUd dataset, demonstrating its general transferability.

panoptic segmentation and depth estimation. We adopt the
recent framework [3 1], replacing its image encoder with ours.
We train and validate the model with Cityscapes-DVPS [54]
datasets. To evaluate the model on nighttime scenarios, we
synthesize the night images using the Stable Diffusion [55]-
based image translation method [51]. Details and additional
experiments are in the supplementary material.

Depth estimation. Table 3 shows the linear-probing RMSE

results on the KITTI [21] and NYUd [59] datasets. Our
method achieves superior results across all metrics on both
indoor and outdoor datasets (KITTI and NYUd). Con-
sidering our method is pre-trained solely on the outdoor
dataset, nuScenes, this generalization ability is noteworthy.
Note that FiT3D and Condense are pre-trained on indoor
datasets [6, 16, 71], and FiT3D employs an assembling tech-
nique that integrates both the original DINOv2 and its own



Cityscapes

ADE20k

(a) Input image (b) DINOv2

(d) Ours

(c) Condense

Figure 6. Qualitative results of out-of-domain semantic segmentation. To compare the depth estimation quality of the other methods, we
visualize the results of the model pre-trained with DINOv2, improved by Condense [74], and by our method using the ViT-G/14 model. Our
method produces less noisy segmentation in light changes (see yellow box). Additionally, the results exhibit clear segmentation, thanks to
improved semantic context (see red box and green box). Although our method does not use any indoor data in pre-training, it produces the
clearest segmentation map among the models on the indoor data in the ADE20k dataset, demonstrating its general transferability.

Method Arch. Depth (RMSE |) Seg. (mloU 1)
KITTI NYUd CityScapes ADE20k

DINOv2 2.86 0.397 73.7 47.2
+ FiT3D' [73] ViT-B/14 279 0.380 - 49.5
+ CD 2.63 0.376 74.0 47.9
DINOv2 2.60 0.339 73.6 47.9
+ Condense [74] ViT-G/14  2.67 0.320 74.1 48.7
+ CD 2.46 0.319 75.6 51.0

Table 3. Out-of-domain linear probing for 2D monocular depth
estimation and semantic segmentation. We compare models pre-
trained with DINOv2 with models improved with FiT3D [73], Con-
dense [74], or our method (CD) on out-of-domain datasets. The
means using the assembling technique, which is a strong competitor.
For depth estimation RMSE results, our method outperforms other
methods in the outdoor KITTI dataset [21] and indoor NYUd [59]
dataset. For semantic segmentation mloU results, our method out-
performs other methods at the CityScapes [15] and ADE20k [76]
except FiT3D' in ADE20k. These results demonstrate that our
method improves 3D awareness of learned 2D representations and
retains transferable semantic representations on out-of-domain.

model. Moreover, Fig. 5 shows that our estimated depths
are clearer and remain robust under various lighting condi-
tions. In contrast, other methods produce unintended noise
in extremely dark or bright pixels.

Semantic segmentation. Table 3 shows the linear probing
results on the CityScapes [15] and ADE20k [76] datasets.
Our method achieves better mIoU than DINOv2 and Con-
dense [74], demonstrating strong transferability to out-of-
domain segmentation tasks. Furthermore, as seen in the
in-domain semantic segmentation results in Sec 4.2, our
method improves performance not only on day images but

Method Arch. Video panoptic seg.  Depth
VPQ T RMSE |

DINO [5] 337 5.23

+cp  ResNet:S0 34.2 442

Table 4. Linear probing results on multi-task learning. We show
the linear probing results on the night test images of the Cityscapes-
DVPS [54]. We compute Video Panoptic Quality (VPQ) for video
panoptic segmentation and Root Mean Square Error (RMSE) for
depth estimation. The model [31] improved by our method (CD)
outperforms DINO [5], confirming our method’s multi-task adapt-
ability and robustness in low-light conditions.

also in indoor scenarios. This demonstrates that it preserves
the 2D encoder’s semantic context while making it more
discriminative with 3D depth information. The strength of
our method is further supported by the qualitative samples in
Fig. 6. In the top row, a dark shadow is present on the road
in the input image. Our method discerns the light-invariant
semantics (i.e., the road), while other methods fail to cap-
ture the underlying semantics, being overly reliant on pixel
intensity differences. The bottom row further highlights its
ability to capture more discriminative semantics.

Multi-task learning. In Table 4, we report the multi-task
learning performance in nighttime scenes using Video Panop-
tic Quality (VPQ) [34] for video panoptic segmentation and
Root Mean Squared Error (RMSE) for depth estimation.
The model with our 2D encoder outperforms the model with
DINO [5] encoder in both metrics. As the light-invariant and
3D-aware characteristics are essential for depth-aware video
panoptic segmentation task, our superior results imply that



Method Seg. (mloU 1) Depth (RMSE |)
nuScenes nuScenes KITTI NYUd
DINOvV2 49.2 8.37 2.99 0.443
DINOV2" 49.4 8.21 3.03 0.457
CD 51.9 7.64 2.80 0.431

Table 5. Comparison of futher trained DINOv2 with our
method. We report the linear probing performance of our method
and further trained DINOv2, denoted by *. The results show that
further trained DINOV2 still significantly underperforms compared
to our method, demonstrating that the superior performance of our
method stems from specifically being crafted to improve the 2D
encoder rather than just additional training on the nuScenes dataset.

Seg. (mloU 1) Depth. (RMSE |)

Method  Stage 1  Stage 2

nuScenes nulmages nuScenes
DINOv2 - - 49.2 70.9 8.37
+CD X 322 39.2 9.53
+CD 51.9 71.7 7.64

Table 6. Performance with and without stage 1. We report the
linear probing performance of our method with and without stage
1. In the version without stage 1, stage 2 is applied with a 3D
LiDAR encoder pre-trained through supervised learning on 3D
semantic segmentation. The results show that our method with
stage 1 significantly outperforms the one without it, demonstrating
that stage 1 is essential for preserving semantic context in the
collaborative distillation method.

such knowledge is well-distilled into the 2D encoder, and
this 2D encoder can be adapted to joint multi-task learning.

4.4. Ablation Studies

Pre-training by CD vs. DINOv2 protocol. One may
question whether the performance improvements reported in
Section 4.2 stem primarily from additional training on the
nuScenes dataset rather than from the merits of our method.
To answer that question, we further train the pre-trained
DINOV2 on the nuScenes image data, using the same training
protocol of DINOv2. Table 5 shows that the further trained
DINOV?2 still significantly underperforms compared to our
method. This result demonstrates the effectiveness of our
method, which is specifically crafted to distill light-invariant
and 3D-aware semantics from the 3D encoder. Details and
further results are provided in the supplementary material.

Effectiveness of stage 1. The objective of our two-stage
design is to ensure the 2D encoder preserves its original
semantic context while learning LiDAR properties. To ver-
ify the effectiveness of stage 1, we present a baseline that
directly injects the LiDAR information into the 2D image
encoder without stage 1 (image-to-LiDAR distillation) and
only with stage 2 (LiDAR-to-image distillation). For this,
we train the 3D encoder from scratch on 3D semantic seg-

Encoder Stage 1 data Eval. data Seg. (mloU 1)

nuScenes-Full nuScenes-Nieht 52.7
nuScenes-Day £ 57.8

nuScenes-Full nuScenes-Nieht 31.0
nuScenes-Day & 334

3D Encoder

2D Encoder

Table 7. Performance of 2D and 3D encoder with and without
night data in stage 1. We report the linear probing performance
of the 2D and 3D semantic segmentation tasks for the 2D and 3D
encoders on the nuScenes dataset, respectively. The results show
that using day-only data in stage 1 is important for distilling reliable
image features into the 3D encoder, which also improves the 2D
encoder in stage 2.

mentation and then apply stage 2 without stage 1. Then, we
compare this baseline with our method on in-domain down-
stream tasks. Table 6 shows that removing stage 1 results
in a significant performance drop. This demonstrates that
stage 1 is crucial for aligning 3D and 2D features to preserve
the original semantic context in the proposed collaborative
distillation. Without first aligning 3D features with 2D fea-
tures, we fail to improve the 2D features effectively in stage
2, leading to a substantial performance drop.

Impact of night data in stage 1. To investigate the ef-
fect of including night images in stage 1, we compare the
semantic segmentation performance of the 3D encoder (af-
ter stage 1) and the 2D encoder (after stage 2) under two
conditions: day-only vs. day-+night training in stage 1 on
the nuScenes dataset (see Table 7). The results indicate
that constructing stage 1 with day images yields superior
nighttime performance for both 3D and 2D encoders. This
supports our hypothesis that the 2D encoder, pre-trained
on day images, could provide unreliable semantic context
for night images—hindering the training of the 3D encoder
when night data are included at stage 1.

5. Conclusion

In this paper, we present a novel self-supervised collabo-
rative distillation method to improve 2D image encoders
under various lighting conditions and their 3D awareness.
Our approach demonstrates overall improvements across
day/night, in-domain/out-of-domain, and outdoor/indoor sce-
narios. These improvements are achieved through our care-
fully designed two-stage paradigm, which fully harnesses
image—LiDAR pairs from a single outdoor driving dataset.
The 2D image encoder pre-trained on a single dataset suc-
cessfully transferring across diverse domains demonstrates
its potential for generalization ability and adaptability in
various vision-based autonomous systems. This success
suggests future research directions, such as exploring its
generalization ability to new environments and integrating it
with different sensor modalities.
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