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Abstract

Recently, self-supervised representation learning relying on
vast amounts of unlabeled data has been explored as a
pre-training method for autonomous driving. However, di-
rectly applying popular contrastive or generative methods
to this problem is insufficient and may even lead to nega-
tive transfer. In this paper, we present AD-L-JEPA, a novel
self-supervised pre-training framework with a joint embed-
ding predictive architecture (JEPA) for automotive LiDAR
object detection. Unlike existing methods, AD-L-JEPA is nei-
ther generative nor contrastive. Instead of explicitly gener-
ating masked regions, our method predicts Bird’s-Eye-View
embeddings to capture the diverse nature of driving scenes.
Furthermore, our approach eliminates the need to manually
form contrastive pairs by employing explicit variance regu-
larization to avoid representation collapse. Experimental re-
sults demonstrate consistent improvements on the LiDAR
3D object detection downstream task across the KITTI3D,
Waymo, and ONCE datasets, while reducing GPU hours by
1.9×–2.7× and GPU memory by 2.8×–4× compared with
the state-of-the-art method Occupancy-MAE. Notably, on
the largest ONCE dataset, pre-training on 100K frames
yields a 1.61 mAP gain, better than in case of all the other
methods pre-trained on either 100K or 500K frames, and
pre-training on 500K frames yields a 2.98 mAP gain, bet-
ter than in case of all the other methods pre-trained on ei-
ther 500K or 1M frames. AD-L-JEPA constitutes the first
JEPA-based pre-training method for autonomous driving. It
offers better quality, faster, and more GPU-memory-efficient
self-supervised representation learning.

Code — https://github.com/HaoranZhuExplorer/adljepa
Extended version — https://arxiv.org/abs/2501.04969

Introduction
Unlike human drivers, current autonomous driving (AD)
systems still require large amounts of labeled data for train-
ing. This supervised-only paradigm is expensive due to la-
beling costs and limits the scalability of these systems. Re-
cently, researchers have proposed self-supervised learning
(SSL) across camera, LiDAR, and radar modalities (Yang
et al. 2024; Min et al. 2023; Zhu et al. 2024) to pre-train the

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: AD-L-JEPA predicts directly in embedding space
instead of explicitly reconstructing masked point clouds, as
these can correspond to multiple plausible point clouds shar-
ing the same semantics (e.g., “car rear”) and can be encoded
into the same embedding. It significantly boosts downstream
performance while reducing pre-training time and GPU
memory usage. The slight saturation of pre-training on 1M
frames comes from data redundancies in the ONCE dataset.
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network without any labels and then fine-tune it with labeled
data to adapt to specific downstream tasks. This approach
requires less labeled data and improves generalization capa-
bility.

In SSL, the two most popular learning paradigms are
contrastive methods and generative methods (Balestriero
et al. 2023a). However, directly applying these methods for
pre-training in AD is challenging and can even hurt down-
stream performance (Mao et al. 2021). This stems from both
the difficulty of defining meaningful contrastive pairs via
data augmentation in driving scenarios that contain multi-
ple objects, and the fact that explicit scene generation is
time-consuming and insufficient to capture semantic repre-
sentations of diverse driving scenarios.

In this paper, we present AD-L-JEPA (aka Autonomous
Driving with LiDAR data via a Joint Embedding Predictive
Architecture (LeCun 2022)), a novel self-supervised pre-
training framework for automotive LiDAR object detection
that, as opposed to existing methods, is neither generative
nor contrastive. Our method learns self-supervised represen-
tations in Bird’s Eye View (BEV) space and predicts em-
beddings for spatially masked regions. It omits the need to
create human-crafted positive/negative pairs, as required by
contrastive learning. Furthermore, rather than explicitly re-
constructing unknown parts of the data as generative meth-
ods do, it predicts BEV embeddings instead.

AD-L-JEPA improves the quality of data representations,
capturing high-level semantics and better adapting to uncer-
tainty across multiple plausible driving scenarios (toy illus-
tration capturing that AD-L-JEPA can nicely handle data un-
certainty is shown in Figure 1, where different car rears for
masked regions are plausible given the visible car front),
leading to better generalization. It is also extremely effi-
cient and significantly reduces the pre-training time and
GPU memory usage. Extensive experiments show that AD-
L-JEPA learns high-quality embeddings, which result in a
consistent boost in fine-tuning and transfer learning and of-
fer superior label efficiency for downstream tasks. A moti-
vating illustration for AD-L-JEPA’s is shown in Figure 1.

Our contributions are as follows: AD-L-JEPA introduces
the first JEPA-based framework for AD. AD data are scene-
centric and sparse. Our novelty lies in adapting JEPA in
this setting and employing a BEV-guided masking strategy
that enables prediction directly in BEV space while focus-
ing more on non-empty regions. This represents a paradigm
shift from 2D image learning to more relevant 3D represen-
tations for AD tasks.

Related Work
Self-Supervised Learning
Self-supervised learning (Balestriero et al. 2023b) aims at
learning useful data representations from the unlabeled data.
We focus here on SSL appraoches that are dedicated to AD
with LiDAR point cloud data. Among the existing methods,
contrastive techniques learn self-supervised representations
by maximizing the feature similarity of manually created
positive pairs (matching points) from different levels, such
as point level (Xie et al. 2020), depth map level (Zhang et al.

2021), region clusters level (Yin et al. 2022), spatial or tem-
poral segments (Liang et al. 2021; Huang et al. 2021; Nunes
et al. 2022; Wu et al. 2023; Nunes et al. 2023; Yuan et al.
2024; Wei et al. 2025; Hegde et al. 2025), or Bird’s Eye View
(BEV) features over time (Sautier et al. 2024), while mini-
mizing the similarity of negative pairs (non-matched points),
if any. Another family of approaches are the generative-
based method, where the network is trained to reconstruct
masked point clouds (Min et al. 2023; Lin et al. 2024; Xu
et al. 2023; Wei et al. 2025; Abdelsamad et al. 2025) or scene
surfaces (Boulch et al. 2023; Agro et al. 2024).

Besides contrastive and generative methods, joint-
embedding predictive architecture (JEPA) has recently been
applied to image and video data modalities (LeCun 2022;
Assran et al. 2023; Bardes et al. 2024; Assran et al. 2025)
but has not yet been explored for AD scenarios. JEPA learns
meaningful representations by predicting the embeddings
of the unknown parts of data extracted by a target encoder
given the known parts embeddings extracted by a context en-
coder. Unlike contrastive learning, it does not require com-
plicated pre-processing to create positive pairs and does
not suffer from the curse of dimensionality with negative
pairs (LeCun 2022). Furthermore, it effectively captures the
high uncertainty of the environment without explicitly gen-
erating reconstructions of unknown regions that is typically
done by generative methods.

Representation collapse is a common phenomenon, when
the network fails to learn meaningful representations. It
can manifest in two ways: complete collapse, where all
representations reduce to a constant vector and thus be-
come useless, or dimensional collapse, where the dimen-
sions of learned representations are highly correlated with
each other and contain redundant information. Introduc-
ing contrastive learning, or applying regularization tech-
niques (Bardes, Ponce, and LeCun 2022) and moving av-
erage updates of the target encoder have been proven use-
ful (Grill et al. 2020). In our paper, we employ both regular-
ization techniques and moving average updates of the target
encoder to prevent collapse.

LiDAR-Based 3D Object Detection

We use 3D Object Detection as the downstream task to eval-
uate the effectiveness of our pre-training method for AD
with LiDAR data. For most LiDAR-based 3D object detec-
tion downstream algorithms, a sparse 3D convolution en-
coder (Graham and Van der Maaten 2017) first extracts 3D
voxel representations from a given point cloud scene. It then
reshapes the image over the height dimension and applies
2D dense convolutions to generate BEV representations. Fi-
nally, either a single-stage (Yan, Mao, and Li 2018) or a two-
stage detection head (Shi, Wang, and Li 2019; Yin, Zhou,
and Krahenbuhl 2021; Shi et al. 2020; Deng et al. 2021)
is attached for the LiDAR-based 3D object detection task.
Following common settings in the literature, we focus on
conducting self-supervised pre-training and evaluate the pre-
trained feature quality also using the sparse 3D convolution
encoder framework.
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Figure 2: Overview of the AD-L-JEPA architecture: We introduce modified BEV-guided masking to mask the input point
cloud in both empty and non-empty regions. The network predicts BEV embeddings at masked regions, leveraging variance
regularization at non-empty regions following the output of the context encoder and the lightweight spatial predictor. It also
employs a moving average update of the target encoder to learn diverse, high-level semantic representations.

Method
The architecture of AD-L-JEPA is shown in Figure 2. The
overarching intuition behind our framework is as follows:
for the visible parts of the point cloud scene, the network is
trained in a self-supervised manner to predict how the invisi-
ble parts should appear in the embedding space. This enables
the learning of geometrically and semantically reasonable
representations, as well as adapting to the high uncertainty
nature of the AD scenes by avoiding the explicit reconstruc-
tion of the invisible parts of the data. In the following sub-
sections we describe our design in detail.

Modified BEV-Guided Masking
To learn effective representations in a self-supervised man-
ner, masking is used to create invisible and visible regions.
The network is then trained to predict embeddings of the
invisible regions based on the visible ones. We have two de-
sign recipes for masking in AD scenarios: (1) masks are first
created in the BEV embedding space and recursively upsam-
pled to the input point cloud to identify points to be masked;
(2) both empty and non-empty areas should be included in
the visible and invisible regions created by the masks. These
two criteria can be achieved by modifying the BEV-guided
masking originally proposed in (Lin et al. 2024) (see com-
parison in Figure 3).

The original BEV-guided masking involves projecting
points onto non-overlapping BEV grids, creating masks only
in non-empty BEV grids, and reconstructing only in the
masked non-empty regions. This assumes that the network
already knows which BEV grid is empty, which stands in
contrast with our goal to learn representations to predict all
invisible regions. As opposed to this approach, we create

no mask for empty regions random mask for empty regions

BEV-guided masking modified BEV-guided masking

Figure 3: Comparison of original BEV-guided masking (Lin
et al. 2024) with our modified version that creates masks in
both empty and non-empty regions.

masks for both empty and non-empty BEV grids, result-
ing in visible and invisible parts that contain both empty
and non-empty regions. Consequently, the network is trained
to predict the embeddings of all invisible parts, including
those that contain empty regions, which enhances the en-
coder’s representation power and helps to learn good qual-
ity representations. In our experiments, masks are applied
to 50% of non-empty BEV grids and 50% of empty BEV
grids. The input points sent to the encoder remain the same
as in the original BEV-guided masking. However, the en-
coder’s output BEV embeddings will later be replaced by
mask tokens for both masked empty and non-empty grids,
whereas in (Lin et al. 2024), only masked non-empty grids
were replaced by mask tokens. We denote the unmasked
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point cloud as xc = {x1
c , . . . ,x

N
c } and the masked point

cloud as xt = {x1
t , . . . ,x

N
t } in the multi-batch setting with

a batch size of N . xc and xt are then sent to the context
encoder and target encoder, respectively.

Context Encoder & Target encoder
The context encoder fθ and target encoder fθ̄ are back-
bones responsible for extracting context embeddings from
the unmasked point cloud and target embeddings from the
masked point cloud, respectively. The context encoder will
later be used for fine-tuning on the downstream tasks af-
ter self-supervised representation learning. It receives input
point cloud features and outputs embeddings in a down-
sampled 3D space ∈ RN×H×W×D×C , where H , W , and
D represent the length, width, and height dimensions of
the 3D embedding, and C is the embedding dimension.
We obtain BEV embeddings by reshaping the 3D embed-
dings. The context BEV embedding is denoted as zc =
reshape(fθ(xc)) ∈ RN×H×W×D·C , and the target BEV
embeddings as st = reshape(fθ̄(xt)) ∈ RN×H×W×D·C .

Learnable Empty Token and Mask Token
We introduce a learnable empty token (∈ RD·C) and a learn-
able mask token (∈ RD·C). By forwarding the unmasked
point cloud to the context encoders and the masked point
cloud to the target encoders, and after reshaping, we re-
place all unmasked empty grids in zc and st with the learn-
able empty token. Simultaneously, we replace all masked
grids in zc with the learnable mask token. We then apply
L2 normalization to each BEV grid’s embedding dimen-
sion. We denote the context embeddings and target embed-
dings after such a process by ẑc ∈ RN×H×W×D·C and
ŝt ∈ RN×H×W×D·C , respectively.

Predictor
The predictor is a lightweight, three-layer convolutional net-
work gϕ that predicts target BEV embeddings from visible
context BEV embeddings. We denote the predicted embed-
ding, after the L2 normalization is applied to each BEV
grid’s embedding dimension, as ŝc = gϕ(ẑc), where ŝc is in
RN×H×W×D·C and has the same shape as the target BEV
embeddings.

Training
We pre-train the network in a self-supervised manner with
two losses to ensure we learn high-quality, non-collapsed
embeddings: a cosine similarity-based embedding predic-
tion loss and a variance regularization loss.

For predicted embeddings ŝc, we are primarily concerned
with the embeddings of masked BEV grids, as we already
know the embedding of unmasked BEV grids. Thus, we
minimize the cosine similarity-based embedding prediction
loss only for the masked grids. We also notice that objects in
AD scenarios are distributed in a sparse manner; the num-
ber of BEV grids mapped with no points (empty grids) is
significantly larger than the number of BEV grids mapped
with points (non-empty grids). Therefore, we introduce the

hyperparameters α0 = 0.25 and α1 = 0.75 to balance the
loss. Overall, the prediction loss is:

Ljepa =
α0∑N

n=1 |Pn|

N∑
n=1

|Pn|∑
i=1

(
1− ŝnc [i] · ŝ

n
t [i]

∥ŝnc [i]∥ ∥ŝ
n
t [i]∥

)

+
α1∑N

n=1 |Qn|

N∑
n=1

|Qn|∑
j=1

(
1− ŝnc [j] · ŝ

n
t [j]

∥ŝnc [j]∥ ∥ŝ
n
t [j]∥

)
,

(1)
where Pn is the subset containing all indices of masked
empty BEV grids, and Qn is the subset containing all in-
dices of masked non-empty BEV grids in the n-th input in
a multi-batch setting. We also denote Kn as the subset con-
taining all indices of unmasked non-empty BEV grids in the
n-th input.

In order to avoid representation collapse, we apply an ad-
ditional variance regularization loss proposed by (Bardes,
Ponce, and LeCun 2022):

Lreg = β1

N∑
n=1

v (ẑn
c [Kn]) + β2

N∑
n=1

v (ŝnc [Qn]) , (2)

where the function v(·), which uses an arbitrary input 2D
embedding matrix Y ∈ RM×C recording an arbitrary num-
ber M of embeddings with a fixed embedding dimension C,
is defined in (Bardes, Ponce, and LeCun 2022):

v(Y ) =
1

C

C∑
j=1

max(0, γ −
√
Var(Y j) + ϵ)). (3)

This loss ensures that the average variance across all
embedding dimensions, for all unmasked non-empty grids’
BEV embeddings after the context encoder ẑn

c [Kn] ∈
R|Kn|×D·C , and all masked non-empty grids’ BEV embed-
dings after the predictor ŝnc [Qn] ∈ R|Qn|×D·C , is larger than
some threshold γ. This approach prevents the learning of a
meaningless constant embedding. Note that the regulariza-
tion loss must be computed across each input in the multi-
batch setting; otherwise, as we empirically observe, the net-
work tends to learn another meaningless solution consisting
of N constant embeddings. These embeddings are signifi-
cantly distinct from each other and are assigned to all non-
empty grids in the n-th input, respectively. In this scenario,
although the overall variance exceeds the threshold γ, each
BEV embedding in the n-th input remains constant, which
is meaningless. Averaging the loss across each input helps
avoid this issue.

The overall self-supervised learning loss is:

L = λjepaLjepa + λregLreg (4)

The parameters of the context encoder, the predictor, as
well as the learnable mask token and the learnable empty
token, are all updated by gradient descent using Equation 4.
Meanwhile, the parameters of the target encoder are updated
through a moving average of the context encoder’s parame-
ters, θ̄ ← ηθ̄ + (1 − η)θ, to further avoid representation
collapse.
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Experiments
To evaluate our pre-training method, We utilize the Open-
PCDet framework (Team 2020) to pre-process the datasets.
We conduct experiments on three datasets of increasing
scale: the small-scale KITTI3D (Geiger, Lenz, and Urta-
sun 2012) (7k frames), the medium-scale Waymo (Sun et al.
2020) (30k frames for the 20% subset and 150k frames for
the full set), and the large-scale ONCE (Mao et al. 2021)
(100k, 500k, and 1M frames for the small, medium, and
large splits). We then fine-tune on a LiDAR 3D object de-
tection task using different network architectures, including
SECOND (Yan, Mao, and Li 2018), PV-RCNN (Shi et al.
2020), and CenterPoint (Yin, Zhou, and Krahenbuhl 2021).

We compare models trained from scratch and repro-
duce the most recent state-of-the-art (SOTA) self-supervised
pre-training methods, Occupancy-MAE (Min et al. 2023)
and ALSO (Boulch et al. 2023) that are open-sourced
and contain no running issues. Specifically, we reproduce
Occupancy-MAE using their default settings to obtain the
pre-trained weights and fine-tune the downstream object de-
tector on the KITTI3D, Waymo, and ONCE 100k datasets.
For ALSO, we directly fine-tune the released pre-trained
encoder weights for the downstream object detector on
the KITTI3D dataset. But for ALSO’s ONCE-100k experi-
ments, we observe that the released pre-trained weights lead
to significant negative transfer in three random runs, there-
fore we compare our results with those reported in their
paper. The comparison methods use the same fine-tuning
settings as ours. For all fine-tuning experiments, we fine-
tune the model through three independent runs in default
settings and report the best performance, in the same man-
ner as (Sautier et al. 2024) reports their results. The repro-
duced results may vary from the original papers. Addition-
ally, for the largest ONCE dataset, we include comparisons
against the popular general self-supervised learning algo-
rithms BYOL (Grill et al. 2020), PointContrast (Xie et al.
2020), SwAV (Caron et al. 2020), DeepCluster (Caron et al.
2018), and DepthContrast (Zhang et al. 2021), using results
from ONCE’s official benchmark website. We also include
a comparison to ProposalContrast (Yin et al. 2022), using
results reported in (Min et al. 2023).

Due to space constraints, additional details, such as
dataset descriptions, hyperparameter settings, training pro-
tocols, visualizations, further ablation studies on masking
ratios, predictor architecture, learnable empty/mask tokens,
and variance regularization, as well as detailed comparisons
of pre-training efficiency with other methods, etc., can be
found in the supplementary material of the extended ver-
sion (Zhu et al. 2025).

Pre-training Efficiency
Unlike Occupancy-MAE, which uses computationally ex-
pensive dense 3D convolutions to reconstruct invisible re-
gions, AD-L-JEPA employs a joint-embedding predictive
architecture at the BEV level and omits those layers, re-
sulting in 2.8×–3.4× lower GPU memory usage and 2.7×
fewer GPU hours for pre-training on the 20% and 100%
splits of the Waymo dataset, and 3.1×–4× lower GPU mem-

ory usage and 1.9× fewer GPU hours for pre-training on the
ONCE 100k split.

Downstream Fine-tuning Performance
We first conduct self-supervised pre-training on KITTI3D
without any labels and then fine-tune the network on the la-
beled training data from the same KITTI3D dataset using
the widely used SECOND (Yan, Mao, and Li 2018) and PV-
RCNN (Shi et al. 2020) methods. As shown quantitatively
in Table 1, our self-supervised pre-training approach signifi-
cantly outperforms the baseline that corresponds to training
from scratch and also surpasses other competitor algorithms.

Method Cars Ped. Cycl. Overall Diff.

SECOND - R40 metric
No pre-training 81.99 52.02 65.07 66.36
Occupancy-MAE 81.15 50.36 69.74 67.08 +0.72
ALSO 81.48 52.50 65.95 66.64 +0.28
AD-L-JEPA (ours) 81.68 54.15 67.93 67.92 +1.56

SECOND - R11 metric
No pre-training 78.89 53.78 64.93 65.87
Occupancy-MAE 78.15 52.10 69.39 66.55 +0.68
ALSO 78.37 53.94 66.06 66.12 +0.25
AD-L-JEPA (ours) 78.51 54.86 67.94 67.10 +1.23

PV-RCNN - R40 metric
No pre-training 84.65 56.19 72.19 71.01
Occupancy-MAE 84.34 57.55 71.33 71.07 +0.06
ALSO 84.64 57.09 73.72 71.82 +0.81
AD-L-JEPA (ours) 85.07 59.68 73.02 72.59 +1.58

PV-RCNN - R11 metric
No pre-training 83.38 57.01 72.65 71.01
Occupancy-MAE 83.41 58.68 70.97 71.02 +0.01
ALSO 83.48 57.99 72.89 71.45 +0.44
AD-L-JEPA (ours) 83.74 59.91 72.19 71.95 +0.94

Table 1: 3D detection results on the KITTI3D validation set,
reported with the AP (%) metric. The models are pre-trained
with and fine-tuned on the KITTI3D dataset.

Next, in Table 2, we report the results of pre-training
with 20% or 100% of the Waymo training data set, and
fine-tuning with 20% of the Waymo training data set with
Centerpoint (Yin, Zhou, and Krahenbuhl 2021). The overall
Average Precision across all classes outperforms the base-
line trained from scratch, and our reproduced results using
Occupancy-MAE.

Finally, Table 3 reports the results of pre-training on the
largest ONCE dataset followed by fine-tuning with SEC-
OND. General self-supervised learning methods yield neg-
ligible or even negative gains, indicating the need for a
domain specific design. AD-L-JEPA pre-trained on 100k
frames outperforms all models trained on 100k or 500k
frames and nearly matches the best model trained on
1M frames, and when pre-trained on 500k frames it sur-
passes every competitor, demonstrating scalability and su-
perior self-supervised learning capability. Interestingly, AD-
L-JEPA pre-trained on 1M frames, although significantly
better than other methods, falls slightly behind AD-L-JEPA
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Method Veh. Ped. Cycl. Overall Diff.

Centerpoint - AP metric
No pre-training 63.28 63.95 66.77 64.67
Occupancy-MAE, 20% 63.20 64.20 67.20 64.87 +0.20
Occupancy-MAE, 100% 63.53 64.73 67.77 65.34 +0.67
AD-L-JEPA (ours), 20% 63.18 64.35 67.68 65.07 +0.40
AD-L-JEPA (ours), 100% 63.58 64.58 68.07 65.41 +0.74

Centerpoint - APH metric
No pre-training 62.77 57.98 65.55 62.10
Occupancy-MAE, 20% 62.70 58.29 66.00 62.33 +0.23
Occupancy-MAE, 100% 63.04 58.81 66.55 62.80 +0.70
AD-L-JEPA (ours), 20% 62.68 58.39 66.48 62.51 +0.41
AD-L-JEPA (ours), 100% 63.07 58.64 66.81 62.84 +0.74

Table 2: 3D detection results on the Waymo validation set
with LEVEL 2 difficulty defined in (Sun et al. 2020), the
AP (%) and APH (%) metric. The models are pre-trained
with 20% or 100% of the Waymo dataset, as indicated, and
are fine-tuned on the Waymo 20% dataset.

Method Veh. Ped. Cycl. Overall Diff.

No pre-training 71.19 26.44 58.04 51.89

SECOND, pre-trained with 100k frames
BYOL 68.02 19.50 50.61 46.04 -5.85
PointContrast 71.07 22.52 56.36 49.98 -1.91
SwAV 72.71 25.13 58.05 51.96 +0.07
DeepCluster 73.19 24.00 58.99 52.06 +0.17
DepthContrast 71.88 23.57 56.63 50.69 -1.20
ProposalContrast 72.99 25.77 58.23 52.33 +0.44
ALSO 71.73 28.16 58.13 52.68 +0.79
Occupancy-MAE 73.54 25.93 58.34 52.60 +0.71
AD-L-JEPA (ours) 73.18 29.19 58.14 53.50 +1.61

SECOND, pre-trained with 500k frames
BYOL 70.93 25.86 55.63 50.82 -1.07
PointContrast 71.39 27.69 56.88 51.99 +0.10
SwAV 72.51 27.08 57.85 52.48 +0.59
DepthContrast 71.92 29.01 57.51 52.81 +0.92
DeepCluster 71.62 29.33 57.61 52.86 +0.97
AD-L-JEPA (ours) 73.25 31.91 59.47 54.87 +2.98

SECOND, pre-trained with 1M frames
BYOL 71.32 25.02 58.56 51.63 -0.26
PointContrast 71.87 28.03 60.88 53.59 +1.70
SwAV 72.46 29.84 57.84 53.38 +1.49
DeepCluster 72.89 30.32 57.94 53.72 +1.83
AD-L-JEPA (ours), 73.01 31.94 59.16 54.70 +2.81

Table 3: 3D detection results on the ONCE validation set
with the AP (%) metric. General self-supervised learn-
ing leads to negligle or even negative gains; by contrast,
AD-L-JEPA pre-trained with 500k frames significantly out-
performs models pre-trained with 1M frames.

pre-trained on 500K frames. This small drop aligns with ex-
isting literature showing that increasing the number of un-
labeled samples consistently boosts performance but satu-
rates at a point (Goyal et al. 2019). Such saturation can be
explained by the data redundancy of highly similar driving
scenarios in the 1M frame setting. To validate, we took AD-

L-JEPA pretrained on 100K frames and tested it on 16K un-
seen LiDAR samples from the 500K/1M sets. The 500K set
showed a higher average loss (0.44 vs. 0.43), implying richer
diversity and stronger fine-tuning transfer. Such saturation
could potentially be mitigated by increasing the diversity of
pre-training data (Al Kader Hammoud et al. 2024).

Transfer Learning and Label Efficiency

Method Cars Ped. Cycl. Overall Diff.

20%, SECOND - R40 metric
No pre-training 79.11 44.36 62.55 62.01
Occupancy-MAE 79.04 43.85 63.46 62.12 +0.11
AD-L-JEPA (ours) 79.48 48.48 61.92 63.30 +1.29

20%, SECOND - R11 metric
No pre-training 77.84 45.78 62.46 62.03
Occupancy-MAE 77.63 45.68 63.66 62.32 +0.29
AD-L-JEPA (ours) 78.11 49.71 62.18 63.33 +1.30

50%, SECOND - R40 metric
No pre-training 81.05 48.75 62.83 64.21
Occupancy-MAE 81.20 48.17 64.09 64.49 +0.28
AD-L-JEPA (ours) 81.55 50.13 64.12 65.27 +1.06

50%, SECOND - R11 metric
No pre-training 78.07 50.53 62.95 63.85
Occupancy-MAE 78.27 49.67 63.80 63.91 +0.06
AD-L-JEPA (ours) 78.38 52.04 63.53 64.65 +0.80

100%, SECOND - R40 metric
No pre-training 81.99 52.02 65.07 66.36
Occupancy-MAE 81.65 51.51 66.72 66.63 +0.27
Occupancy-MAE† 81.78 48.92 67.34 66.01 -0.35
AD-L-JEPA (ours) 81.83 52.41 66.73 66.99 +0.63
AD-L-JEPA† (ours) 80.92 52.45 69.76 67.71 +1.35

100%, SECOND- R11 metric
No pre-training 78.89 53.78 64.93 65.87
Occupancy-MAE 78.47 52.60 67.23 66.10 +0.23
Occupancy-MAE† 78.61 49.49 66.84 64.98 -0.89
AD-L-JEPA (ours) 78.65 53.62 67.12 66.46 +0.59
AD-L-JEPA† (ours) 77.90 54.01 69.30 67.07 +1.20

Table 4: Transfer learning experiment: pre-training on
Waymo (20% of the data set) and fine-tuning on KITTI3D.
We report 3D detection results on the KITTI3D validation
set, with the AP (%) metric. Label efficiency is studied when
fine-tuning with 20%, 50%, and 100% of the data. † denotes
that the first layer of the model is randomly initialized.

In this section, we report transfer learning from the
Waymo 20% split to KITTI3D. Each Waymo point has
five attributes, whereas each KITTI3D point has only four.
When fine-tuning with an encoder pre-trained directly on the
Waymo 20% split, we randomly initialize only the first layer
(denoted † at 100% labels) and retain the remaining 3D en-
coder weights. Alternatively, we drop the fifth ‘elongation’
feature, re-pretrain on the first four attributes, and thus ini-
tialize every layer from pre-trained weights. We also explore
fine-tune with 20%, 50%, and 100% of KITTI labels in this
setting. Table 4 shows that AD-L-JEPA consistently outper-
forms baselines across different label efficiencies. Notably,
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Figure 4: Masked region occupancy estimation evaluated by comparing BEV embeddings obtained by AD-L-JEPA with the
learnable empty token via the cosine similarity. Unmasked regions are ignored and the cosine similarity in this case is repre-
sented in white color.
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Figure 5: Sorted normalized singular values and the corresponding cumulative explained variance, obtained by singular value
decomposition of pre-trained BEV embeddings. Embeddings are obtained either with AD-L-JEPA or Occupancy-MAE.

AD-L-JEPA† model is strongest at 100%, likely because re-
taining pre-training on all original five features yields richer
representations.

Other Evaluations
We also interpret the representation capability of AD-L-
JEPA by the following method:

Occupancy Estimation In Figure 4, we estimate the occu-
pancy of masked regions in the input point cloud at a down-
sampled BEV embedding resolution by comparing each
grid’s BEV embeddings, outputted by our pre-trained model,
against the learnable empty token using cosine similarity.
The cosine similarity assigns high similarity to empty grids
and low similarity to non-empty grids. We then compare
the cosine similarity map with ground truth BEV occupancy
side-by-side. Note that the similarity assigned to empty grids
by our method is approximately 0.7, not 1, showcasing the
model’s ability to represent the complex and highly uncer-
tain nature of AD scenes.

Singular Value Decomposition Analysis We follow the
methodology described in (Li, Efros, and Pathak 2022) to
conduct singular value decomposition of non-empty BEV
embeddings outputted by encoders pre-trained with AD-L-
JEPA and Occupancy-MAE. This analysis assesses the level

of dimensional collapse in pre-trained embeddings. Figure 5
shows that the normalized sorted singular values for AD-L-
JEPA are more evenly distributed, while the corresponding
cumulative explained variance increases more slowly, indi-
cating less dimensional collapse and less redundant infor-
mation in the embeddings.

Conclusions
In this paper, we propose AD-L-JEPA, the first joint-
embedding predictive architecture for self-supervised rep-
resentation learning of autonomous-driving LiDAR data. It
learns useful representations without any labeled data by
predicting masked regions in the BEV embedding space. It
neither requires manual creation of positive/negative pairs
for contrastive learning nor explicitly reconstructs the com-
plex, high-uncertainty driving scenes. Extensive experi-
ments show that AD-L-JEPA is a more efficient pre-training
method for automotive LiDAR-based object detection than
state-of-the-art methods, learning richer representations that
generalize better to downstream tasks while requiring signif-
icantly fewer GPU pre-training hours and less GPU memory.
For future work, we plan to extend AD-L-JEPA to leverage
temporal dynamics and to incorporate action-conditioned
self-supervised representation learning in AD scenarios.
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