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Abstract

LiDAR representation learning aims to extract rich struc-
tural and semantic information from large-scale, readily
available datasets, reducing reliance on costly human an-
notations. However, existing LiDAR representation strate-
gies often overlook the inherent spatiotemporal cues in Li-
DAR sequences, limiting their effectiveness. In this work,
we propose LiMA, a novel long-term image-to-LiDAR
Memory Aggregation framework that explicitly captures
longer range temporal correlations to enhance LiDAR rep-
resentation learning. LiMA comprises three key compo-
nents: 1) a Cross-View Aggregation module that aligns
and fuses overlapping regions across neighboring camera
views, constructing a more unified and redundancy-free
memory bank; 2) a Long-Term Feature Propagation mech-
anism that efficiently aligns and integrates multi-frame im-
age features, reinforcing temporal coherence during LiDAR
representation learning; and 3) a Cross-Sequence Memory
Alignment strategy that enforces consistency across driv-
ing sequences, improving generalization to unseen environ-
ments. LIMA maintains high pretraining efficiency and in-
curs no additional computational overhead during down-
stream tasks. Extensive experiments on mainstream LiDAR-
based perception benchmarks demonstrate that LiMA sig-
nificantly improves both LiDAR semantic segmentation and
3D object detection. We hope this work inspires more ef-
fective pretraining paradigms for autonomous driving. The
code has been made publicly accessible for future research.

1. Introduction

LiDAR sensors provide high-resolution spatial information
and are essential for precise environmental perception and
safe navigation [3, 34, 40, 71]. However, achieving accurate
perception relies on large-scale, densely labeled datasets,
which are costly and labor-intensive to acquire, thereby lim-
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Figure 1. Illustrative examples of image-to-LiDAR pretrain-
ing paradigms. (a) Spatial Alignment aligns LiDAR features
with corresponding image features in the spatial domain without
considering temporal consistency. (b) Short-Term methods propa-
gate LIDAR features frame by frame, ensuring feature consistency
across neighboring frames, but fail to capture long-term depen-
dencies. (c) Our approach leverages Long-Term image sequences
to enrich LiDAR representations, enabling a more comprehensive
understanding of long-range dependencies and motion patterns.

iting scalability in real-world applications [14, 18, 19, 78].
To mitigate this challenge, recent advances in data rep-
resentation learning leverage large-scale, easily accessible
datasets to explore inherent semantic structures [14, 49, 84,
86]. Among these approaches, image-to-LiDAR pretrain-
ing methods [52, 61, 66, 102] utilize rich visual priors from
RGB images to improve LiDAR feature learning. However,
as illustrated in Fig. 1(a), these methods primarily focus on
spatial alignment while overlooking the temporal dynamics
in LiDAR sequences. As a result, they struggle to capture
motion patterns and scene evolution, which are crucial for
robust perception in dynamic environments [20, 25, 43, 88].
Recent works [47, 58, 94] incorporate short-term tem-
poral modeling to mitigate this limitation. As shown in
Fig. 1(b), these approaches enforce feature consistency
across adjacent frames, capturing local motion cues and en-
suring smooth feature transitions. However, they rely pri-
marily on frame-to-frame propagation, which maintains lo-
cal consistency but lacks the capacity to model long-range
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dependencies and global scene transformations over ex-
tended durations. This limitation hinders the ability to con-
struct stable, high-level representations crucial for under-
standing long-term motion trends and structural variations.

Since LiDAR-based perception tasks inherently involve
sequential data, long-term modeling is essential for captur-
ing stable, high-level features that encode extended motion
trajectories and scene transitions [42, 48, 77]. Unlike short-
term methods that focus on immediate feature alignment,
long-term modeling provides a more comprehensive under-
standing of dynamic environments [89]. This is particularly
beneficial for tasks such as motion forecasting, behavior
prediction, and autonomous decision-making [15, 64, 74].

To bridge this gap, we propose long-term image-to-
LiDAR Memory Aggregation (LiMA), a simple yet effec-
tive pretraining framework that explicitly models temporal
structures in driving sequences, as illustrated in Fig. 1(c).
LiMA introduces three key components to enhance LiDAR
representation learning from long-term image sequences.

* Cross-View Aggregation. To mitigate redundancy in
overlapping camera views, this module identifies and uni-
fies shared regions across multiple viewpoints, reinforc-
ing spatial consistency in LiDAR representations. By
aligning and fusing features, it constructs a high-quality
memory bank for long-term feature propagation.

* Long-Term Feature Propagation. To capture long-
range dependencies, stored features in the memory bank
are transformed into the ego-vehicle coordinate frame,
ensuring feature alignment across frames for seamless
temporal fusion. This process establishes a temporally
coherent image representation, which is distilled into the
LiDAR model to encode motion patterns from extended
image sequences. The memory bank is dynamically up-
dated in a first-in, first-out (FIFO) manner, enabling con-
tinuous temporal propagation across LiDAR frames.

* Cross-Sequence Memory Alignment. To improve ro-
bustness across diverse driving conditions, this strategy
synthesizes mixed scenes from distinct sequences, facili-
tating adaptation to varying environments. By maintain-
ing structural coherence with sequence-specific memory
banks, it ensures robust feature alignment and improves
generalization across heterogeneous driving scenarios.

By integrating these three components, LIMA effectively

captures both spatial and temporal correlations within and

across driving sequences. Extensive experiments on mul-
tiple 3D perception benchmarks validate its effectiveness,

demonstrating substantial performance gains in both Li-

DAR semantic segmentation and object detection tasks.

Notably, our framework ensures high pretraining effi-

ciency with an increased number of frames, requiring no

more than 20 hours for pretraining. Furthermore, LiIMA
introduces no additional computational overhead during
downstream tasks, ensuring efficient deployment.

To summarize, this work makes contributions as follows:

* We propose LiMA, a long-term image-to-LiDAR mem-
ory aggregation framework that captures extended tem-
poral dependencies to improve LiDAR representations.

* We introduce three key components: a cross-view aggre-
gation module, a long-term feature propagation module,
and a cross-sequence memory alignment strategy, which
collectively enhance spatial consistency and temporal ro-
bustness across both intra- and inter-sequence domains.

» Extensive experiments across multiple 3D perception
benchmarks demonstrate the effectiveness of our method,
achieving significant performance improvements in Li-
DAR semantic segmentation and object detection tasks.

2. Related Work

LiDAR Scene Understanding. LiDAR sensors provide
high-precision 3D environmental representations essential
for autonomous driving [7, 8, 33, 39]. However, the spar-
sity and irregularity of LiDAR point clouds pose challenges
for accurate perception. To address this, existing methods
transform point clouds into various representations, includ-
ing raw points [24, 62, 63, 68, 69, 75], bird’s-eye view
(BEV) [6, 37, 103, 106], range images [1, 30, 54, 90, 95],
sparse voxels [11, 22, 23, 73, 107], and multi-view for-
mats [10, 46, 60, 91, 92, 98, 108]. While these methods
achieve strong performance, they rely heavily on large-scale
labeled datasets, which are expensive and time-consuming
to obtain. To mitigate this challenge, recent studies have
explored semi-supervised [32, 36, 38, 80] and weakly-
supervised [44, 53, 76, 79, 93] learning strategies to re-
duce annotation costs while maintaining high performance
in LiDAR-based perception tasks.

Image-to-LiDAR Data Pretraining. Pretraining facili-
tates effective feature learning by leveraging tailored objec-
tives such as mask modeling [59, 101], contrastive learn-
ing [67, 87], and reconstruction [26, 104]. However, early
methods are limited to single-modal point clouds, limiting
their scalability and adaptability in large-scale driving envi-
ronments. To address this constraint, SLidR [66] introduces
a pioneering cross-sensor contrastive learning, aligning pre-
trained image and corresponding LiDAR features. Build-
ing on this foundation, subsequent works have incorporated
more advanced techniques, including class balance strate-
gies [52], semantic-coherent superpixels [35, 47, 94, 97],
hybrid representations [96, 102], and knowledge distilla-
tion [61]. Despite these advancements, existing approaches
largely overlook the temporal dynamics within LiDAR se-
quences, which are crucial for capturing motion patterns.
Temporal Modeling for LiDAR Representation. Li-
DAR data inherently capture spatiotemporal dynamics, yet
early research predominantly focused on object- or human-
centric point clouds [9, 27, 45, 55, 81], limiting scalabil-
ity in the highly dynamic and unstructured environments
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of autonomous driving. To enhance temporal coherence
across consecutive scans, recent works have explored var-
ious strategies. TriCC [58] enforces triangle consistency
to learn temporal relationships, preserving structural in-
tegrity over time. Seal [47] utilizes RANSAC-based object
segmentation [16] across LiDAR frames to facilitate con-
trastive learning. SuperFlow [94] enhances temporal mod-
eling by estimating semantic flow across scans, effectively
capturing motion cues. However, these methods primarily
operate in a frame-by-frame manner, which limits their abil-
ity to model long-term dependencies and global scene evo-
lution. In this work, we propose a novel framework that im-
plicitly incorporates long-range temporal information from
image sequences into LiDAR representation learning, en-
abling a more comprehensive understanding of spatiotem-
poral relationships beyond local pairwise constraints.

3. Revisit Image-to-LiDAR Data Pretraining

In this section, we revisit common strategies for image-to-
LiDAR pretraining, including contrastive learning, knowl-
edge distillation, and temporal modeling.

3.1. Preliminaries

Image-to-LiDAR Calibration. Autonomous driving sys-
tems integrate LiDAR and multiple cameras, requiring pre-
cise spatial and temporal alignment for effective multimodal
perception. Temporal alignment ensures both sensors cap-
ture the scene simultaneously, mitigating motion-induced
artifacts. Spatial alignment involves estimating extrinsic pa-
rameters to transform LiDAR point clouds into the camera
frame, enabling accurate feature fusion.

Formally, let P! € RN*% denote a point cloud with
N points at timestamp ¢, where each point p} consists of
spatial coordinates (z!,y!, z!) and intensity r!. The corre-
sponding camera image Z! € R¥*W*3 has a resolution of
H x W. Each LiDAR point p; is projected onto the camera
plane (uf, v!) via the following formulation:

b t]" = % x T x T x a7 ()

(2

where I'} is the camera intrinsic matrix and T}, is the ex-
trinsic transformation from LiDAR to the camera frame.
This process establishes a set of point-pixel correspon-
dences {p;,c;}.,, where M denotes the number of valid
projections within the image bounds.
Pretraining Objective.  The image network Gy,
RHXWX3 _, REXWXC "with pretrained parameters 6;, ex-
tracts a C-dimensional feature map F; from Z*. Similarly,
the LiDAR network Gy, : RV** — RN>C parameterized
by 6, extracts point features F; from P*. The pretraining
objective optimizes ), such that 7} aligns with F, allow-
ing the LiDAR model to inherit semantic priors from the
image domain while reducing reliance on labeled datasets.

3.2. Pretraining Methods

Contrastive Learning. Contrastive learning improves
cross-modal alignment by constructing positive and neg-
ative feature pairs. In image-to-LiDAR learning, con-
trastive losses can be formulated at the point-pixel [50] or
superpoint-superpixel [47, 52, 66, 94] levels:
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where (-, -} denotes the dot product of feature embeddings,
and 7 > 0 is a temperature scaling factor. This loss encour-
ages positive feature pairs to be closer while pushing apart
negatives, fostering modality-invariant representations.

Knowledge Distillation. Knowledge distillation transfers
knowledge from a pretrained image model to a LiDAR
model, enforcing feature consistency [61]. A common ob-
jective is the /5 loss, directly operating in the feature space:

M Z Hf(ti:j) a

By minimizing feature discrepancies, this loss aligns image
and LiDAR features, allowing the LIDAR model to leverage
image priors while maintaining computational efficiency.
Temporal Modeling. Temporal modeling captures depen-
dencies across consecutive LiDAR scans. To enforce fea-
ture consistency across frames, objects are first segmented,
and temporal contrastive learning is applied [47, 94]:
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where S is the number of segmented objects. By maximiz-
ing feature similarity between corresponding objects across
frames while contrasting them with non-corresponding
ones, this loss enforces temporal coherence, enhancing
motion-awareness in LiDAR representations.

4. Methodology

As revisited in Sec. 3, existing approaches [47, 61, 66, 94]
focus on spatial alignment or short-term feature propaga-
tion, neglecting long-term dependencies, which are cru-
cial for modeling stable representations and extended scene
transitions. To address these limitations, we introduce long-
term image-to-LIDAR Memory Aggregation (LiMA), a
simple yet effective framework that distills rich motion pat-
terns from longer sequences into LiDAR representations,
enhancing the robustness and generalizability in LiDAR
data pretraining. The overall architecture of LiMA is illus-
trated in Fig. 2. It comprises three key components: cross-
view aggregation, which unifies multi-view image features
to construct a high-quality memory bank (c¢f. Sec. 4.1), a
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Figure 2. Overview of the LIMA framework. At each timestamp ¢, multi-view image features are first extracted and unified through the
Cross-View Aggregation module, producing F£ (Sec. 4.1). A Memory Bank is introduced to maintain unified image features from the past
k frames, enabling temporal feature propagation and fusion with F to capture Long-Term Motion Patterns F (Sec. 4.2). The enriched
temporal features are distilled into LiDAR representation ]-'f,, enabling Cross-Modal Learning. The memory bank is continuously updated
in a first-in, first-out (FIFO) manner, ensuring effective feature propagation and refinement for future frames.

long-term feature propagation module, which enforces
temporal consistency and propagates long-term motion cues
(cf. Sec. 4.2), and a cross-sequence memory alignment
mechanism, which improves robustness by aligning long-
term features across diverse driving contexts (cf. Sec. 4.3).

4.1. Cross-View Aggregation

Motivation. Autonomous vehicles utilize multiple cam-
eras to achieve a surround-view perception of their environ-
ment, ensuring comprehensive scene coverage. However,
due to the inherent overlap in neighboring cameras’ fields
of view, redundant yet complementary visual information is
captured across multiple perspectives. When LiDAR points
are projected onto these camera views, they may be mapped
to multiple pixel locations, resulting in inconsistent feature
representations. This multi-view ambiguity introduces con-
flicts during feature alignment, leading to optimization in-
stability and degraded learning efficiency.

Cross-View Aggregation. To address this challenge, we
propose a cross-view aggregation mechanism that unifies
feature representations across different camera perspec-
tives. Specifically, for each LiDAR point appearing in mul-
tiple views, we extract the corresponding pixel-aligned fea-
tures {f(tl j)}};l from V' cameras and aggregate them with
an averaging operation to obtain the unified feature rep-
resentation F7. This operation produces a unified feature
representation that mitigates inconsistencies while preserv-
ing complementary information from different perspectives.
Compared to alternative fusion strategies, such as max or
attention-based aggregation, our mean aggregation provides

a balanced fusion of cross-view information while naturally
adapting to variations in sensor configurations, ensuring sta-
ble and efficient multi-view feature integration.

Role in Our Framework. The cross-view aggregation mod-
ule enhances the spatial coherence of LiDAR features by
unifying multi-view representations, mitigating optimiza-
tion conflicts, and ensuring stable and efficient training.
This strengthens the model’s capacity to learn robust and
invariant representations, providing a more consistent and
informative feature space for the memory bank.

4.2. Long-Term Feature Propagation

Motivation. Capturing long-range temporal dependen-
cies is crucial for robust autonomous driving perception
[42, 48, 77]. However, directly extracting features from
historical frames at every timestep incurs significant com-
putational and memory overhead. To tackle this challenge,
we propose a long-term feature propagation strategy that ef-
ficiently retains and aggregates informative representations
from past frames. By ensuring temporal alignment and re-
ducing redundant computations, this approach enables Li-
DAR features to capture rich motion-aware contextual in-
formation while maintaining computational efficiency.

Long-Term Feature Alignment & Propagation. At each
timestamp ¢, we maintain a structured memory bank that
stores compact yet informative unified image features from
the past k frames, denoted as {F:~% ... Ft=1}. To ensure
temporal alignment, we first apply ego-motion transforma-
tion, warping historical features into the current frame’s
coordinate space through temporal calibration [77]. This
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Figure 3. Illustration of cross-sequence memory alignment. Ex-
isting mixed strategies [32, 82] are utilized to blend two LiDAR
scenes from distinct sequences, generating out-of-distribution
variations. This process encourages feature alignment across se-
quences by leveraging memory banks from the original sequences.

yields a set of frame-aligned features {F! =%, ... Ft-1},
effectively compensating for vehicle motion and viewpoint
variations. The aligned features are then efficiently re-
trieved and aggregated with the current frame’s features F?
via average pooling, resulting in a temporally enriched rep-
resentation F7. Finally, 7 is distilled into LiDAR repre-
sentations .7-';, to facilitate the pretraining objective, as de-
picted in Eq. (3). To ensure computational efficiency, the
memory bank employs a first-in, first-out (FIFO) update
strategy, continuously storing the latest % while discard-
ing obsolete frames, thereby preserving essential long-term
information without incurring excessive memory overhead.
Role in Our Framework. Long-term feature propagation
serves as a cornerstone of LiMA, enabling the model to cap-
ture temporal dynamics efficiently while avoiding redun-
dant computations. By integrating motion-aware contexture
information across frames, our approach significantly en-
hances the spatial-temporal consistency of LiDAR feature
learning. Unlike conventional methods that process each
frame independently, LiIMA exploits historical context to
improve generalization within driving sequences.

4.3. Cross-Sequence Memory Alignment

Motivation. While our framework effectively retains his-
torical context within a single driving sequence, its reliance
on intra-sequence consistency constrains its ability to gener-
alize across diverse real-world scenarios. Autonomous driv-
ing environments undergo substantial variations in weather,
illumination, and road structures, necessitating a mecha-
nism that enforces feature alignment not only within a se-
quence but also across different driving contexts.

Cross-Sequence Adaptation. To address this challenge,
we propose a cross-sequence memory alignment strategy
designed to enhance feature consistency and improve gen-
eralization across diverse driving scenarios. As illustrated
in Fig. 3, given two LiDAR point clouds P; and Ps from
distinct sequences, we leverage established mixing strate-
gies, such as LaserMix [32] and PolarMix [82], to gener-
ate a synthetic mixed scene P,,. This mixed representation
introduces controlled out-of-distribution variations, facili-
tating alignment across heterogeneous driving conditions.
To reinforce feature consistency, the mixed features are op-

timized to maintain structural coherence with the original
sequence memory banks, ensuring robust adaptation across
both spatial and temporal domains.

Role in Our Framework. The proposed cross-sequence
memory alignment functions as a mixed-training strategy
designed to bridge domain gaps across driving sequences,
maintain long-term feature coherence, and enhance gen-
eralization in dynamic real-world settings. By integrat-
ing cross-sequence consistency into the learning process,
LiMA significantly improves the robustness and transfer-
ability of LiDAR-based representations, enabling more re-
liable downstream perception across diverse environments.

5. Experiments

5.1. Experimental Settings

Datasets. Following standard practice [5, 47, 66], we
use nuScenes [4] for model pretraining. For downstream
evaluation, we evaluate our approach on a diverse set of
datasets, including nuScenes [4, 17], SemanticKITTI [2],
ScribbleKITTI [76], Waymo Open [72], RELLIS-3D [28],
SemanticPOSS [57], SemanticSTF [85], SynLiDAR [83],
DAPS-3D [29], Synth4D [65], and nuScenes-C [31].

Implementation Details. Our experiments are conducted
using MMDetection3D [12]. We adopt MinkUNet [11] for
LiDAR semantic segmentation and VoxelNet [105] for 3D
object detection. The 2D backbone is ViT [13] (small,
base, large), pretrained with DINOv2 [56]. Pretraining is
performed for 50 epochs on 8 GPUs with a batch size
of 2 per GPU, using the AdamW optimizer [51] (initial
learning rate 0.01) and the OneCycle scheduler [70]. To
capture long-term temporal dependencies, we use 6 con-
secutive frames. During downstream fine-tuning, task-
specific heads are trained with a learning rate 10x higher
than the backbone. All evaluations are performed with-
out test-time augmentations for fair comparison. We re-
port mean Intersection-over-Union (mloU) for segmenta-
tion, mean Corruption Error (mCE) and mean Resilience
Rate (mRR) for robustness, and mean Average Precision
(mAP) and nuScenes Detection Score (NDS) for detection.

5.2. Comparative Study

In-Domain Fine-Tuning. We evaluate LIMA against state-
of-the-art pretraining methods using both Linear Probing
(LP) and few-shot fine-tuning on the nuScenes dataset [17].
As shown in Tab. 1, LiIMA demonstrates significant im-
provements under limited annotation settings (e.g., 1%, 5%,
and 10%). Specifically, when distilled from ViT-S to ViT-
L, LiMA achieves mloU scores of 54.76%, 56.65%, and
56.67% in the LP, yielding gains of 5.08%, 4.75%, and
4.90% over the baseline [61]. Moreover, LIMA consis-
tently outperforms prior methods across all fine-tuning set-
tings, achieving a 2% to 3% mloU improvement. These re-
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Table 1. Comparisons of state-of-the-art LIDAR pretraining methods pretrained on nuScenes [4] and fine-tuned on nuScenes [17],
SemanticKITTI [2], and Waymo Open [72] datasets, respectively, with specific data portions. LP denotes linear probing with frozen
backbones. All scores are given in percentage (%). The Best and 2nd Best scores under each group are highlighted in Green and Red.

Method Venue Backbone Backbone Frames nuScenes KITTI Waymo
(2D) (3D) LP 1% 5% 10%  25%  Full 1% 1%
Random | - - | - | - 8.10 30.30 17.84 56.15  65.48 74.66 39.50 39.41
SLidR [66] | CVPR22 1 38.80  38.30 5249  59.84 6691 7479 | 4460 | 47.12
ST-SLidR [52] | CVPR’23 1 4048 4075 54.69  60.75  67.70 7514 | 44.72 44.93
THCC[58] | CVPR’23 | ResNet-50 | MinkUNet-34 2 38.00 4120 5410 6040  67.60  75.60 | 45.90 -
Seal [47] | NeurIPS’23 [21] [11] 2 4495 4584 5564 62.97 6841 7560 | 46.63 | 49.34
CSC[5] | CVPR24 1 46.00 47.00 57.00 6330 6860 7570 | 47.20 -
HVDistill [102] 1ICV24 1 39.50 4270 56.60 6290 69.30 76.60 | 49.70 -
SLidR [66] | CVPR22 1 4470 4116 53.65 6147  66.71  74.20 | 44.67 47.57
Seal [47] | NeurIPS’23 . . 2 4516  44.27 5513 6246  67.64 7558 | 46.51 48.67
SuperFlow [94] | ECCV°24 \?]T]S Ml“k[[lﬂ]\get'” 3 4644 4781 5944 6447 6920 7654 | 47.97 | 49.94
ScalLR [61] | CVPR24 ° 1 4966 4589 5652  61.07 6579  73.39 | 46.06 47.67
LiMA Ours 6 5476 4875 60.83 6541 6931 7694 | 4928 | 50.23
SLidR [66] | CVPR’22 1 4535  41.64  55.83  62.68 67.61  74.98 | 4550 48.32
Seal [47] | NeurIPS’23 4 . 2 4659 4598  57.15  62.79  68.18 7541 | 47.24 48.91
SuperFlow [94] | ECCV’24 V[‘IT;]B Mmk[lljﬁet'“ 3 4766  48.09 59.66 6452 69.79 7657 | 4840 | 50.20
ScalR [61] | CVPR24 : 1 51.90 4890 57.69 6288  66.85 7415 | AT.77 49.38
LiMA Ours 6 56.65 51.29 6111 6562 7043 7691 | 5044 | 5135
SLidR [66] | CVPR’22 1 4570 4277 5745 6320  68.13 7551 | 47.01 48.60
Seal [47] | NeurIPS’23 . . 2 46.81  46.27 5814 6327  68.67  75.66 | 47.55 50.02
SuperFlow [94] | ECCV’24 \EII;‘ Mmk[[lnl\ge"u 3 4801 49.95 60.72 65.09 70.01 77.19 | 49.07 | 50.67
ScalR [61] | CVPR24 : 1 51.77 4913 5836  62.75  66.80 7416 | 48.64 49.72
LiMA Ours 6 56.67 5322 6246 66.00 7059 77.23 | 5229 | 51.19

Table 2. Domain generalization study of different LiDAR pretraining methods pretrained on the nuScenes [4] dataset and fine-tuned on
a collection of seven different LIDAR semantic segmentation datasets [28, 29, 57, 65, 76, 83, 85], respectively, with specific data portions.
All scores are given in percentage (%). The Best and 2nd Best scores from each metric are highlighted in Green and Red.

Method Venue ScriKITTI Rellis-3D SemPOSS SemSTF SynLiDAR DAPS-3D Synth4D
1% 10% | 1% 10% | Half Full | Half Full | 1% 10% | Half Full | 1% 10%
Random | -] 2381 47.60 | 38.46 53.60 | 46.26 54.12 | 48.03 48.15 | 19.89 44.74 | 74.32 79.38 | 20.22  66.87
SLidR [66] | CVPR22 | 39.60 50.45 | 49.75 5457 | 51.56 5536 | 52.01 54.35 | 42.05 47.84 | 81.00 85.40 | 63.10 62.67
Seal [47] | NeurlPS'23 | 40.64 52.77 | 51.09 55.03 | 53.26 56.89 | 53.46 55.36 | 43.58 49.26 | 81.88 8590 | 64.50 66.96
SuperFlow [94] | ECCV’24 | 42.70 54.00 | 52.83 55.71 | 5441 57.33 | 54.72 56.57 | 4485 51.38 | 82.43 86.21 | 65.31 69.43
ScalR [61] | CVPR'24 | 40.64 5239 | 5253 55.57 | 53.65 56.86 | 54.06 55.96 | 44.42 51.96 | 81.92 85.58 | 64.36 67.44
LiMA Ours | 45.90 55.13 | 55.62 57.15 | 55.05 57.81 | 55.45 56.70 | 46.66 52.32 | 83.11 86.63 | 66.04 70.19

sults underscore the effectiveness of long-term distillation
in capturing temporal dynamics and maintaining view con-
sistency, leading to more robust feature representations.
Cross-Domain Generalization. To assess the scalability
of LiMA, we conduct a comprehensive evaluation across
nine diverse 3D semantic segmentation datasets, each rep-
resenting distinct driving scenarios. As shown in Tab. | and
Tab. 2, LiMA consistently outperforms baseline methods
across all settings. These results highlight our strong feature
representation capabilities, demonstrating its adaptability to
varying data distributions and its ability to maintain high
performance across heterogeneous environments.
Out-of-Distribution Robustness. Evaluating a model’s re-
silience to out-of-distribution scenarios is critical for as-
sessing its robustness. As shown in Tab. 3, we conduct
a comprehensive robustness evaluation on the nuScenes-C
dataset from Robo3D [31]. LiMA consistently outperforms
recent pretraining methods across most corruption types,
highlighting its enhanced ability to preserve performance

under adverse conditions. This robustness is particularly
important for real-world applications, where models must
adapt to diverse and unpredictable environments.
Fine-Tuning for 3D Object Detection. To evaluate the
generalization capability of LiMA, we fine-tune our pre-
trained model within the SECOND [99] and CenterPoint
[100] detection frameworks. As shown in Tab. 4, LIMA
yields significant improvements in detection accuracy over
state-of-the-art methods. These results demonstrate the ef-
fectiveness of LIMA in transferring learned features across
different downstream tasks, further validating its robustness
and versatility in diverse and challenging scenarios.
Qualitative Results. Fig. 4 visualizes the similarity be-
tween a query point and the pretrained 2D image backbone,
as well as other LiDAR points. The results demonstrate
that long-term information ensures semantic coherence dur-
ing pretraining, leading to more effective feature learning.
Additionally, qualitative segmentation and detection results,
presented in Fig. 5 and Fig. 6, respectively, demonstrate that
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Table 3. Out-of-distribution robustness assessment of LiDAR pretraining methods under corruptions and sensor failures in the nuScenes-
C dataset from the Robo3D benchmark [31]. Full denotes fine-tuning with full labels. LP denotes linear probing with frozen backbones.
All mCE, mRR, and mloU scores are given in percentage (%). The Best and 2nd Best scores are highlighted in Green and Red.

# | Method | Venue | mCE | | mRR? | Fog? Raint Snow? Blurf Beam? Cross? Echo? Sensor? | Average
Full | Random | -| 11220 | 7257 | 6296  70.65 5548 5171 6201  31.56  59.64  39.41 | 54.18
SLidR [66] | CVPR'22 | 106.08 | 7599 | 6541 7231  56.01  56.07  62.87  41.94  61.16  38.90 56.83
Seal [47] | NeurlPS'23 | 92.63 | 83.08 | 72.66 7431 6622 6614 6596 57.44 59.87 3985 62.81
Full | SuperFlow [94] | ECCV'24 | 91.67 | 83.17 | 7032 7577 6541  61.05 6809 60.02 5836 5041 63.68
ScalLR [61] | CVPR24 | 99.36 80.67 | 6843 7215  66.99  60.07 67.35 4402 5898 4053 59.82
LiMA Ours | 9143 | 8257 | 71.24 7338 6733 66.73 06671  47.66 61.72  48.65 62.93
SLidR [66] | CVPR'22 | 179.38 | 77.18 | 3488 3809 3264 2644 3373 2081  31.54 2144 29.95
Seal [47] | NewrIPS’23 | 166.18 | 7538 | 37.33  42.77  29.93  37.73 4032 2031  37.73  24.94 33.88
LP | SuperFlow [94] | ECCV'24 | 161.78 | 7552 | 37.59 4342  37.60  39.57 4140  23.64  38.03  26.69 35.99
ScalR [61] | CVPR24 | 15045 | 7824 | 4527 5042 41.75 4069 4453 2993 4103 3122 40.61
LiMA Ours | 137.23 | 79.30 | 51.52 5490 4563 50.55 49.67 27.24 4576  34.09 44.92

Table 4. Comparisons of state-of-the-art LIDAR pretraining
methods pretrained and fine-tuned on the nuScenes [4] dataset
with specific data portions. All detection methods employ Center-
Point [100] or SECOND [99] as the 3D object detection method.

| | nuScenes

Method Venue 5% 10% 20%
mAP NDS | mAP NDS | mAP NDS

Backbone: VoxelNet [105] + CenterPoint [100]

Random - | 38.0 14.3 16.9  55.5 | 50.2  59.7
PointContrast [87] | ECCV’20 | 39.8 45.1 | 47.7  56.0 - -

GCC-3D [41] | ICCV’21 | 41.1 46.8 | 48.4 56.7 - -

SLidR [66] | CVPR’22 | 43.3 524 | 475 56.8 | 50.4 59.9

TriCC [58] | CVPR’23 | 44.6 54.4 | 489 581 | 50.9 60.3

CSC[5] | CVPR’24 | 45.3 542 | 493 583 | 51.9 613

ScaLR [61] | CVPR’24 | 44.3 53.3 | 482 57.1 | 50.7 60.8

LiMA Ours | 46.5 56.4 | 50.1 59.6 | 52.3 62.3

Backbone: VoxelNet [105] + SECOND [99]

Random -1 358 15.9 | 39.0 51.2 13.1 55.7

Manmade

Driveable Car

Vegetation
Figure 4. Cosine similarity between a query point (marked as red
dot) and: (1) image features, and (2) LiDAR features projected
onto the image. Colors range from red (indicating high similarity)
to blue (indicating low similarity). Best viewed in colors.

Table 6. Ablation study on aggregation methods in the cross-
view aggregation module. All scores are given in percentage (%).

SLidR [66] | CVPR'22 | 36.6 481 | 39.8 521 | 442 56.3 # ‘ Aggregation Strategy ‘ Lp ““ic,;“es s ‘ KR;TI W’i‘,yym"
TriCC [58] | CVPR23 | 37.8 50.0 | 41.4 535 | 455 57.7 ° ° ° °
CSC[5] | CVPR'24 | 38.2 494 | 42.5 548 | 456 58.1 (a) | None 54.64  49.34  59.46 | 48.02 | 50.76
ScaLR [61] | CVPR'24 | 37.3 487 | 414 535 | 455 586 -
LiMA Ours | 394 501 | 432 553 | 46.0 595 (b) Maximum 55.93  50.02  60.23 | 49.43 | 50.91
(©) Average 56.65 51.29 61.11 | 50.44 | 51.35
(d) | Attention Module 55.02  49.87  59.92 | 49.32 | 50.23

Table 5. Ablation study of each component in LiMA. All vari-
ants use ViT-B [13] for distillation. CVA: Cross-view aggregation.
LTFP: Long-term feature propagation. CSMA: Cross-sequence
memory alignment. All scores are given in percentage (%).

CVA LTFP CSMA nuScenes KITTI
(Sec. 4.1)  (Sec.4.2) (Sec.4.3) LP 1% 5% 1%

tributing to enhanced LiDAR representation learning. First,
cross-view aggregation improves fine-tuning mIoU by 0.8%
and LP by 1.82% by unifying overlapping regions across
viewpoints. This ensures consistent point-wise representa-

@] x X X | 5190 48.90 57.69 | 47.77 tions and mitigates “optimization conflicts” arising from in-
(b) v/ X X 53.72  49.52 5834 | 48.75 consistent feature learning across views. Second, the long-
© v / X 55.26 5043  60.08 | 49.31 term feature propagation module facilitates motion pattern
@ v v v 56.65 51.29 61.11 | 50.44

learning by leveraging historical image features, leading to
an improvement of over 1% in fine-tuning performance and

LiMA produces more precise predictions, particularly for
challenging object classes and dynamic scenes. By effec-
tively integrating spatial and temporal cues, LIMA mitigates
misclassifications and enhances object localization, further
validating its robustness in real-world scenarios.

5.3. Ablation Study

Component Analysis. Tab. 5 presents an ablation study
evaluating the three key components of LiMA, each con-

a 1.54% gain in LP. This highlights the importance of incor-
porating past observations to refine feature representations
and enhance temporal consistency. Finally, to improve ro-
bustness and adaptability in complex, diverse environments,
we introduce the cross-sequence memory alignment. This
strategy achieves a 0.9% mloU gain in fine-tuning and a
1.39% improvement in LP, demonstrating its effectiveness
in enabling better generalization across driving scenarios.

Cross-View Feature Aggregation Strategy. Cross-view
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Figure 5. Qualitative assessments of state-of-the-art methods,
pretrained on nuScenes [4] and fine-tuned on nuScenes [17] with
1% annotations. The error maps depict correct and incorrect pre-
dictions in gray and red, respectively. Best viewed in colors.

Ground Truth

ScaLR LiIMA (Qurs)
Figure 6. Visual comparisons from the 3D object detection task,
where methods are pretrained on nuScenes [4] and fine-tuned on
nuScenes [4] with 5% annotations. Best viewed in colors.

Table 7. Ablation study on the effect of varying frames for long-
term information aggregation. Training time and memory usage
are measured with a batch size of 2 on eight A00 GPUs.

Training Time | Memory nuScenes KITTI
Method ‘ Frames (Hours) (GB) ‘ 1% 1%
ScaLR[61] | 1 |  ~101 | 1243 | 51.90 48.90 | 47.77
2 ~ 14.7 18.23 53.34  49.14 | 48.27
3 ~15.3 20.67 o4 52  49.75 | 48.92
4 ~16.1 23.19 5.65  50.29 | 49.44
LiMA (Ours) 5 ~17.0 26.59 56 03 50.95 | 50.32
6 ~17.9 29.07 | 56.65 51.29 | 50.44
7 ~18.7 33.55 55.37  50.91 51.00
8 ~19.5 36.27 54.97  49.36 | 51.78
Seal [47] 2 ~27.3 20.92 46.59 4598 | 47.24
SuperFlow [94] 3 ~30.7 23.65 47.66  48.09 | 48.40

feature aggregation is a crucial module for unifying multi-
view features. In this ablation study, we evaluate differ-
ent aggregation methods, including max-pooling, average-
pooling, and attention-based approaches as shown in Tab. 6.
The results indicate that average-pooling achieves the best
performance, as it effectively balances complementary vi-
sual features across different views. In contrast, max-
pooling captures prominent features but suppresses finer
details, leading to suboptimal results. Meanwhile, the
attention-based method introduces additional learnable pa-
rameters, increasing optimization complexity.

Effects of Memory Bank Frames. We conduct an ablation
study to evaluate the impact of memory bank size on long-
term information aggregation, as shown in Tab. 7. Increas-
ing the number of stored frames generally improves per-
formance by providing a richer temporal context compared
to the spatial alignment baseline [61]. However, beyond
an optimal threshold, excessive historical frames introduce

mloU (%) mRandom mScalR mLMA mloU (%) mRandom ®ScalR mLIMA

[es]
= Q]
N K =
38 ] N =)
<
2 Hﬁ H H ) H H
18 5

FRNet MikUNet SPVCNN FRNet MinkUNet SPVCNN
(a) nuScenes (1%) (b) SemanticKITTI (1%)
Figure 7. Ablation study on different backbones for downstream
tasks. The backbones are initialized with random weights, ScaLR
[61], and LiMA, respectively, and fine-tuned on the nuScenes [17]
and SemanticKITTI [2] datasets using 1% annotations.

@
04

4917

@
48.90
51
49.16
BI85
N u
[S] o
46.74
50.44

feature misalignment due to calibration errors and tempo-
ral drift, leading to inconsistencies in the aggregated repre-
sentations. This underscores a trade-off between leveraging
long-term dependencies and maintaining feature coherence,
as accumulating too many past frames may introduce noise
from moving scenes rather than beneficial information.
Efficacy Analysis. As shown in Tab. 7, we observe the fol-
lowing: (1) Compared to prior temporal contrastive meth-
ods [47, 94], LIMA achieves significantly higher pretraining
efficiency, requiring no more than 20 hours even when prop-
agating across 8 frames, whereas prior contrastive meth-
ods exceed 24 hours of computation with limited frames.
(2) Despite extended temporal modeling, long-term prop-
agation does not substantially increase pretraining time or
memory consumption. This efficiency gain stems from the
memory bank mechanism, which efficiently stores and re-
trieves informative features, effectively eliminating redun-
dant computations and optimizing resource utilization.
Representations from 3D Backbones. To evaluate the
adaptability of LiMA across different 3D architectures, we
replace the 3D backbone with SPVCNN [73] and FRNet
[95]. The results in Fig. 7 demonstrate that LiMA consis-
tently outperforms the baseline across diverse representa-
tions, underscoring its robustness and flexibility. This high-
lights LiMA’s ability to effectively integrate with various
3D backbones while maintaining superior performance.

6. Conclusion

This work proposes image-to-LiDAR Memory Aggregation
(LiMA), a new data pretraining framework that enhances
the robustness and adaptability of LiDAR-based perception
systems in dynamic scenarios. LiMA effectively captures
temporal dynamics and diversifies training data through
three key designs: cross-view aggregation, long-term fea-
ture propagation, and cross-sequence memory alignment.
These modules enable scalable and effective pretraining.
Extensive experiments across various tasks and datasets
demonstrate the superiority of LIMA, while evaluations on
different 3D backbones highlight its strong generalization
capabilities. Our findings position LiMA as a promising
approach for developing powerful 3D foundation models.
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