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1. Automotive Point Cloud Segmentation
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Disual Perception System

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

Novel Class Novel Instance

OpenCC: https://github.com/Charmve/OpenCC



https://github.com/Charmve/OpenCC

Disual Perception System

Here's a visual example
of the real-world
challenges autonomous
driving perception
systems face

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

Here's a visual example
of the real-world
challenges autonomous
driving perception
systems face

» A single camera obviously cannot capture all 360 degrees around a vehicle

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

Here's a visual example
of the real-world
challenges autonomous
driving perception
systems face

» A single camera obviously cannot capture all 360 degrees around a vehicle

« Just by looking at this image and lacking any additional context, it is unclear to the onboard
computer what this object is. It could be a barricade, a bus, a train - any number of things

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

» A single camera obviously cannot capture all 360 degrees around a vehicle

« Just by looking at this image and lacking any additional context, it is unclear to the onboard
computer what this object is. It could be a barricade, a bus, a train - any number of things

At this point, our system doesn’'t have enough context to either classify the object or define
the object’s boundaries — two essential perception tasks

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

« With these three camera views, the vehicle's perception network now has all the information
and context needed to classify the object, as well as bound it properly

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Disual Perception System

« With these three camera views, the vehicle's perception network now has all the information
and context needed to classify the object, as well as bound it properly

 Solution:
 Instead of relying solely on camera, seeking more modalities from other sensors

« RADAR, LIDAR, IMU, etc.

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



Autonomous Driving Perception System

FUTOIRIC [, M , ' Back Right
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P B RADAR

Front
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RADAR

RADAR — Back Left
Front Left

—> X-axis
> Downward —> Y-axis
® Upward — Z-axis

H. Caesar, et al. “nuScenes: A multimodal dataset for autonomous driving,” CVPR, 2020.



2D Perception vs. 3D Perception
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From left to right:
« LIiDAR semantic segmentation » Accurate depth sensing
« LIDAR panoptic segmentation » Robust at low-light conditions
« 3D object detection « 3D positional information
« 4D panoptic segmentation .

M. Aygun, et al. “4D panoptic LiDAR segmentation,” CVPR, 2021.



)
Q.
(o« b]
()
- &
D
Q.
=
N

2D Perception vs

//zod.zenseact.com

. https:

Source



https://zod.zenseact.com/

2D Perception vs. 3D Perception

64 @
Ground Truth
Pedestrian
e
Ground Truth
Car
1
A
channel Predictions

Hahner, et al. Snow. [CVPR 2022]



Robust 3D Perception
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L. Kong, et al. "Robo3D: Towards robust and reliable 3D perception against corruptions,” ICCV, 2023.



TL;DR

« We introduce Robo3D, the first systematically-
designed robustness evaluation suite for LIDAR-based
3D perception under corruptions and sensor failure

« We benchmark 34 perception models for LIDAR-based
semantic segmentation and object detection tasks,
on their robustness against corruptions.

« Based on our observations, we draw in-depth
discussions on the receipt of designing robust and
reliable 3D perception models.



Point Cloud Segmentation
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Dai, et al. ScanNet V2. [CVPR 2017] Behley, et al. SemanticKITTI. [ICCV 2019]



Point Cloud Segmentation

Main Features

Autonomous driving perception

« Larger in scale (>120k points per scan)

« Sparser, more diverse

« Rich semantic categories

« Different sensor configurations (32, 64, 128)

e Real-world distribution

« Standard benchmarks: nuScenes,
SemanticKITTl, Waymo Open, etc.

Behley, et al. SemanticKITTI. [ICCV 2019]



Point Cloud Representation

A Representation:
y A
—> . « 2D: range view, bird’s eye view
— « 3D: cubic voxel, cylinder voxel
—
Cartesian Polar Cylinder
Coordinates Coordinates Coordinates

B N N
! L] ! Operator:
H
& H u « 3D: Conv3d, SparseConv, etc.
N ersl T .
N | B ' « 2D: Conv2d, Linear, etc.
N < W 5 < W >
3D 2D 1D « 1D: Conv1d, Linear, etc.
Voxels Projection Bag-of-Points

M. Uecker, et al. "Analyzing deep learning representations of point clouds for real-time in-vehicle LiDAR perception,” arXiv, 2022.



Segmentation Model
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Milioto, et al. RangeNet++. [IROS 2019]
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Zhang, et al. PolarNet. [CVPR 2020]
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Zhu, et al. Cylinder3D. [CVPR 2021]

RGB Image

Perspective Projection Projected Point Cloud Two-stream Network Segmentation Results Perceptual Confidence

| I Camera-stream I LiDAR-stream Fusion Modules |

Zhang, et al. PMF. [ICCV 2021]
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MMDetection3D

0 MDeiecﬁon3D is an open-source toolbox based on PyTorch, towards the next-
generation platform for general 3D detection and [NEW] 3D Semantic Segmentation.

3D Object Monocular 3D Object Multi-modal 3D 3D Semantic
Detection Detection Object Detection Segmentation
e OQutdoor e Outdoor e Outdoor e Outdoor
e SECOND ¢ ImVoxelNet e MVXNet ¢ MinkUNet
(Sensor'2018) (WACV'2022) (ICRA'2019) (CVPR'2019)
 PointPillars » SMOKE — e SPVCNN
(CVPR'2019) (CVPRW'2020) (ECCV'2020)
e ImVoteNet '
(ECCV'2020) (ICCVW'2021) (CVPR'2021)
e 3DSSD e PGD (CoRL'2021)
(CVPR'2020) * Indgor
* MonoFlex e PointNet++
(CVPR'2020)
! e Indoor e PAConv
’ I:g\‘/”;ig;:‘g)  ImVoxelNet (CVPR'2021)
(WACV'2022) * DGCNN
e Part-A2 (TOG'2019)

(TPAMI'2020)

The MMDetection3D Codebase: https://github.com/open-mmlab/mmdetection3d



MMDetection3Dv1l.1.1

MinkUNet
SPVCNN Semantic KITTI
R
CyllnderBD \ /- M}E; NuScenes Lidarseg
TPVFormer MMDetection3D Waymo Lidarseg (coming soon)

Local Visualizer

PolarMix \ SegMetric
W&/ A TR -<
LaserMix SRS R

TTA segmentor

The MMDetection3D Codebase: https://github.com/open-mmlab/mmdetection3d



MMDetection3Dv1l.1.1
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Zhu, et al. Cylinder3D. [CVPR 2021]
Spars T
o a8 Voxelize ' ‘ Confl)(t)]lrufion D_II . Devoxelize o o°
© - . N -y, ¢
. | 2 B Area 1
. = T P1=,I(Pf)2+@f)2 Area 2
) Sparse Voxel-Based Branch Fus
Identity ‘ e z Area 3
¢, = arctan(p—l)
e NGiliEagEe  eresms s A S P1 b Area 4
— B PP TP PEPETE Perceptron ~ treteessesseesssessineiiii, >0, < o
IO o 0w 01 1 0 L 0 L T S .0 Kongl et al. LaserMiX. [CVPR 2023]

Point-Based Branch

Tang, et al. SPVCNN. [ECCV 2020]

The MMDetection3D Codebase: https://github.com/open-mmlab/mmdetection3d



MMDetection3Dv1l.1.1

mloU m Cylinder3D mMinkUNet mSPVCNN
(%0) 70.3
70.0
68.7
68-0 67.0
66.0
64.0 63.1  63.1
620 61.8
I

Original Reporting MMDetection3D

The MMDetection3D Codebase: https://github.com/open-mmlab/mmdetection3d



MMDetection3Dv1l.1.1

Lr Laser- Mem Training Time Maior Features
Method Backend schd Amp Polar Mix (GB) (hours) FPS mioU  Download J
MinkUNet18-W16 torchsparse 15  +/ X 3.4 : -~ 603 m?::' | * Supports different
sparse convolution
MinkUNet18-W20  torchsparse 1Be % 37 - - 61.6 mf::' | backends
MinkUNet18-W32 torchsparse 15e v X 4.9 - - 63.1 mT::' | ° SU ppo rts most
- ol recent 3D
) minkowski mode .
MinkUNet34-W32 engine 3x X v 1.5 6.5 12.2 69.2 log aug m.e ntation
" techniques
MinkUNet34-W32 spconv 3x v v 6.7 2 14.6* 68.3 m<|30: |
miodal | « Achieves SoTA
MinkUNet34-W32 spconv 3x X v 10.5 6 14.5 69.3 65 3D semantic
' —— segmentation
MinkUNet34-W32 torchsparse 3x v V4 6.6 3 128 693 - pe rformance
MinkUNet34-W32 torchsparse 3x X v 11.8 b.5 15.9 68.7 mcl):lgel |
Wik bekaer torchsparse 3x v v 8.9 - - 70.3 Ll
W32 log

The MMDetection3D Codebase: https://github.com/open-mmlab/mmdetection3d
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Segment Anything

valid mask

model
y TN
@ ® cat with
® black ears

segmentation prompt

image

(a) Task: promptable segmentation

valid mask
lightweight mask decoder
A T
image
encoder

prompt
encoder

prompt image

(b) Model: Segment Anything Model (SAM)

« Training Set: SA-1B, over 1B masks on 11M images

« Model: ViT-H SAM model

« Demo: https.//segment-anything.com/demo

A. Kirillov, et al. "Segment Anything,” arXiv, 2023.

,—> annotate —l

model data
T— train 4—,

Segment Anything 1B (SA-1B):

* 1+ billion masks
* 11 million images &
* privacy respecting |
* licensed images

(c) Data: data engine (top) & dataset (bottom)


https://segment-anything.com/demo

Segment Anything

7 =D
V /= .

ANy \J
N 4 /
‘\_' ) \5'.‘ J p
ol A y
| |8 :

=3

A. Kirillov, et al. "Segment Anything,” arXiv, 2023.




f-Decoder

‘A street in the old town.’
N['Flower bunch.'] 8

A%
['white vase.']
\

termelon on the left.'
’ assiipenguin

[ The left peach.']
b i A S5 ) | y
The front white rlrwrr ] * i '. ‘ + +

Referring Segmentation Open-Vocabulary Panoptic Segmentation

Open-Vocabulary Semantic Segmentation Open-Vocabulary Instance Segmentation
Referrlng Captioning Refernng Image Editing

grass: ‘a green meadow on a hot summer day’ Change table tO a plate

X. Zou, et al. "Generalized decoding for pixel, image, and language,” CVPR, 2023.



Panoptic Instance  Semantic Point Box Scribble

Cross Style

Text+Visual

Person in blue.

gt/

| NoPrompt & . Visual Prompts @

X. Zou, et al. "Segment everything everywhere all at once,” arXiv, 2023.
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40ms/img

-
FastSAM
\
'
SAM
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©:

2099ms/img

(a)

BSDS500 R50 Evaluation vs FPS Speed

o
'

(m]

SAM
ViT-H E(16%16) (852ms/img)

o
N

Recall at 50% precision (%)

©
o

FastSAM (TRT)
YOLOvSx (12ms/img)

FastSAM
YOLOvSx (40ms/img)

Real-time

10°

10!

10?

Frames per Second (img/s)

X. Zhao. "Fast segment anything,” arXiv, 2023.

(b)

- 0COCO Box AR@1000 Evaluation vs FPS Speed

Box Average Recall@ 1000 (%)

wn
=
=}

SAM .
ViT-H E(64%64) (6972ms/img)
FastSAM (TRT
50 X Faster \'()[s,()\ 8x (Il(llls"inl*g)
- [\ A
A= FastSAM .
SAM* YOLOv8x (40ms/img)
ViT-H E(32x32) (2099ms/img)
SAM :
ViT-B E(32%32) (1383ms/img) Real-time
10° 10! 10?

Frames per Second (img/s)

(©)



Faster Segment Anything

Finetuning (optional)

ViT-H prompt-guided

image encoder T mask decoder "T’ Mmask
(632M) ; i
distillation {copy ;
s L
TinyViT prompt-guided
i --1-» mask
image encoder mask decoder |
image (5.78M) i

X. Zhao. "Faster segment anything: Towards lightweight SAM for mobile applications,” arXiv, 2023.



Semantic-SAM

(a) Open-set
Segmentation

{Semantic } IPanoptic}

(b) Multi-level
Semantics

iy s o

Truck: Head

(c) Multi-level
Editing

P .

der—Mani

F. Li. “Semantic-SAM: Segment and recognize anything at any granularity,” arXiv, 2023.



DINO D2

M. Oquab, et al. "DINOv2: Learning robust visual features without supervision,” arXiv, 2023.



Segment Any RGB-D

; 3D Space Projection
[person, bottle, chair, table, wall, floor ...] Semantic Mask P J

|

Open-Vocabulary
Semantic
Segmentation Model
(OvSeg)

Segment Anything
Model (SAM)

Depth Map [H,W, 3] SM Mask SAM Mask wnth Classes

RGB Input: [H, W, 3] OVSeg Mask (One color refers to one class)

Perceptually Uniform Sequential colormaps
vrids [
plasma

inferno

moomo

cividis

h
Depth Map: [H, W]

Depth Rendering

J. Cen, et al. "SAD: Segment any RGBD," arXiv, 2023.



3D Scene SAM3D SAM3D (ensembled) Ground-truth

Y. Yang, et al. "SAM3D: Segment anything in 3D scenes,” arXiv, 2023.



CNS: Cross-Modality Noisy Supervision

dI'1D

~ .
Label free 2D scene understandmgg 2D ground truth
: E E ¥

:,Label-free 3D scene understanding':, 3D ground truth

______________________________________________________________

R. Chen, et al. "Towards label-free scene understanding by vision foundation models,” arXiv, 2023.
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Seal

segment any
point cloud

TL;DR

« Seal is a versatile self-supervised learning framework
capable of segmenting any automotive point clouds.

 Seal leverages off-the-shelf knowledge from vision
foundation models (VFMs) and encouraging spatial
and temporal consistency from such knowledge
during the representation learning stage.

« Seal enables knowledge transfer in an off-the-shelf
manner to downstream tasks involving diverse point
clouds, including those from real/synthetic, low/high-
resolution, large/small-scale, and clean/corrupted
datasets.



Seal: Challenge & Motivation

2D-3D Correspondence Sensor Data Challenge

« Camera views # LIDAR views

« Automotive point clouds have unique label
mappings

« LIDAR and cameras are not perfectly synchronized

Pose A= . *
O u /‘Qﬁ,ﬁ\ S We hope to have a framework that ...
\ « Conducts self-supervised learning on automotive
K point clouds
\ Q = « Enforces spatial and temporal consistency during
| //%\?ﬁw representation learning

« (Can be generalizable to diverse downstream tasks



Superpixel

What is Superpixel

« Grouped pixels of perceptually
meaningful atomic regions, which
can be used to replace the rigid
structure of the pixel grid.

Key Features of Superpixel

« Captures image redundancy;

« Provides a convenient primitive from
which to compute image features;

« Greatly reduces the complexity of

subsequent image processing tasks. Fig. 1: Images segmented using SLIC into superpixels of size 64, 256,
and 1024 pixels (approximately).

R. Achanta, et al. "SLIC superpixels compared to state-of-the-art superpixel methods,” TPAMI, 2012,



SLidR: Superpi®el-Driven LiDAR Representation

—
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e

Lidar scans with 3D network 3D feature map
back-projected superpixels

.
=
" N
Images with superpixels 2D network 2D feature map

Pooled Superpixel-driven
e contrastive
eatures distillation

@R Frozen weights

C. Sautier, et al. "Image-to-LiDAR self-supervised distillation for autonomous driving data,” CVPR, 2022.



SLidR: Superpi®el-Driven LiDAR Representation
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C. Sautier, et al . "Image -to-LiDAR self-supervised distillation for autonomous driv ing data, " CVPR, 2022 :




Semantic Superpixel

Superpixel Semantic Superixel
(SLIC) (SAM)

Semantic Superpixel Semantic Superpixel Semantic Superpixel
(X-Decoder) (OpenSeeD) (SEEM)




Superpixkel to Superpoint

Superpixel Semantic Superpixel
(SLIC) (SAM)
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Superpixkel to Superpoint
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Seal: Vision Foundation Models

2D-3D Correspondence Sensor Data
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Seal: Framework

| Time —{ Sensor Data }—{Super Pixel & Point }




Seal: Framework

| Time —{ Sensor Data }—{Super Pixel & Point }

LiDAR

Frame t

= ,\‘

Camera

Frame
t+n

LiDAR




Seal: Semantic Superpoint

.

A,
-

Raw Point Cloud Semantic Superpoint Ground-Truth



Seal: Semantic Superpixel

Method | Front Left Front Front Right Back Left Back Back Right
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Seal: Framework

| Super Pixel & Point |—{ 2D & 3D Net }—{ Grouping }—»{ Contrastive Objective |
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Seal: Spatial & Temporal Consistency

Spatial Consistency

Cross-modality contrastive learning:
e({qi ki) /)
Zj;éz' e({aik;)/7) 1 e({qi ki)/T)

L™ = £(Q,K) =

Temporal Consistency

Superpoint temporal consistency:
e((E5.577)/7)
S LEEET)/T) 4 (AT /)

Point-to-segment reqularization:

e({E-eh) /)
)/7) 4 ((Eet)/m)

2 i el

Figure 3: The positive feature corre-
spondences in the contrastive learning
objective in our contrastive learning
framework. The circles and triangles
represent the instance-level and the
point-level features, respectively.



Seal: EXperiments

Datasets nuScenes SemanticKITTI Waymo Open ScribbleKITTI
« Pretrained on nuScenes. ) n:..f 57
« Linear probing with frozen backbone. ATy

« 20 downstream tasks on 11 point

cloud datasets. DAPS-3D

Backbones

« 2D: ResNet-50, pretrained with

MoCoV?2
SynLiDAR Synth4D

« 3D: MinkUNet with cylinder voxels of
size 0.1m as the input

« 2x A100 GPUs.




Seal: Comparative Study

Table 1: Comparisons of different pretraining methods pretrained on nuScenes [26] and fine-tuned on
nuScenes [ /], SemanticKITTI [3], Waymo Open [$8], and Synth4D [32]. LP denotes linear probing
with frozen backbones. Symbol | denotes fine-tuning with the LaserMix augmentation [55]. Symbol
T denotes fine-tuning with semi-supervised learning. All mIoU scores are given in percentage (%).

nuScenes KITTI | Waymo | Synth4D
Slethod e hear' | p 1% 5%  10%  25%  Full | 1% 1% 1%
Random 8.10 30.30 47.84 56.15 65.48 74.66 39.50 39.41 20.22
PointContrast [ECCV’20] [103] 21.90 a2.90 - - - - 41.10 - -
DepthContrast [ICCV'21] [116] 22.10 1. 70 - - - - 41.50 - -
PPKT [arXiv'21] [65] | 35.90 37.80 53.74 60.25 67.14 7452 44.00 47.60 61.10
SLidR [CVPR’22] [85] | 38.80 38.30 52.49 59.84 66.91 74.79 44.60 47,32 63.10
ST-SLidR [CVPR’23] [66] | 40.48 40.75 54.69 60.75 67.70 75.14 44.72 44.93 -
Seal (Ours) | 44.95 45.84 5564 6297 6841 75.60 46.63 49.34 64.50
Seal T (Ours) - 48.41 57.84 65.52 70.80 713 - - -
Seal ¥ (Ours) - 49.53 58.64 66.78 72.31 78.28 - - -




Seal: Linear Probing

Prediction Error Map

() bicycle (@ bus () sidewalk [ Jmanmade (@ vegetation (] construction_vehicle (] terrain j

() barrier [ motorcycle (O] trailer (@ pedestrian (@ driveable_surface (@ flat_other [] car



Seal: Downstream Generalization

Table 2: Comparisons of different pretraining methods pretrained on nuScenes [26] and fine-tuned on
different downstream point cloud datasets. All mIoU scores are given in percentage (%).

Method ScribbleKITTI RELLIS-3D SemanticPOSS SemanticSTF SynLiDAR DAPS-3D
1% 10% 1% 10 % Half Full Half Full 1% 10% Half Full
Random | 23.81 47.60 38.46 53.60 46.26 54.12 48.03 48.15 19.890 44.74 74.32 79.38
PPKT [65] | 36.50 51.67 49.71 54.33 50.18 56.00 50.92 54.69 37.57  46.48 78.90 84.00
SLidR [£5] | 39.60 50.45 49.75 54.57 51.56 55.36 52.01 24.35 42.05 47.84 81.00 85.40
Seal (Ours) | 40.64 52.77 | 51.09 55.03 53.26 56.89 | 53.46 55.36 43.58 49.26 | 81.88 85.90
ScribbleKITTI RELLIS-3D SemanticPOSS SemanticSTF DAPS-3D SynLiDAR Synth4D




Seal: Robustness Probing

Table 3: Robustness evaluations under eight out-of-distribution corruptions in the nuScenes-C dataset
from the Robo3D benchmark [53]. All mCE, mRR, and mIoU scores are given in percentage (%).

Initial | Backbone | mCE | | mRR 1 | Fog Wet Snow Move Beam Cross Echo Sensor
PPKT [65] | MinkUNet | 183.44 | 78.15 | 30.65 35.42 28.12 29.21 32.82 19.52 28.01 20.71
5 SLidR [85] | MinkUNet | 179.38 | 77.18 | 34.88 38.09 32.64 2644 33.73 20.81 3154 21.44
Seal (Ours) | MinkUNet | 166.18 75.38 | 37.33 42.77 2993 37.73 4032 2031 37.73 2494
Random | PolarNet 11509 | 76.34 | 58.23 6991 64.82 4460 6191 40.77 53.64 42.01
Random CENet 112.79 | 76.04 | 67.01 69.87 61.64 5831 4997 60.89 53.31 24.78
Random | Wafflelron | 106.73 | 72.78 | 56.07 73.93 49.59 59.46 65.19 33.12 61.51 44.01
_ Random | Cylinder3D | 105.56 | 78.08 | 61.42 71.02 58.40 56.02 64.15 45.36 59.97 43.03
= Random | SPVCNN | 106.65 | 74.70 | 59.01 72.46 41.08 58.36 65.36 36.83 62.29 49.21
= Random | MinkUNet | 112.20 72.57 | 62.96 70.65 5548 51.71 62.01 31.56 59.64 39.41
PPKT [65] | MinkUNet | 105.64 | 76.06 | 64.01 72.18 59.08 57.17 63.88 36.34 60.59  39.57
SLidR [85] | MinkUNet | 106.08 | 75.99 | 65.41 7231 56.01 56.07 62.87 41.94 61.16 38.90
Seal (Ours) | MinkUNet | 92.63 83.08 | 72.66 74.31 66.22 66.14 6596 5744 59.87 39.85

L. Kong, et al. "Robo3D: Towards robust and reliable 3D perception under corruptions,” arXiv, 2023.
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Seal: Ablation Study

Table 4: Ablation study on pretraining frameworks (ours vs. SLidR [$5]) and the knowledge transfer
effects from different vision foundation models. All mloU scores are given in percentage (%).

; nuScenes KITTI | Waymo | Synth4D
Method | Superpixel LP 1% 5% 0%  25% Full 1% 1% 1%
Rande x 810 3030  47.84  56.15 6548  74.66 | 3950 3941 | 20.22
SLIC [1] 3880 3830 5249  59.84  66.91 7479 | 44.60 4712 | 63.10
SAM [50] 4149 4367 5597 6174 6885 7540 | 4335 | 4864 | 63.15

SLidR | X-Decoder [ 122 41.71 43.02 54.24 61.32 67.35 (11 45.70 48.73 63.21
OpenSeeD [111] 42.61 43.82 54.17 61.03 67.30 74.85 45.88 48.64 63.31
SEEM [123] 43.00 44.02 53.03 60.84 67.38 9.21 45.72 48.75 63.13

SLIC [1] 40.89 39.77 53.33 61.58 67.78 75.32 45.75 47.74 63.37
SAM [50] 43.94 45.09 56.95 62.35 69.08 75.92 46.53 49.00 63.76
Seal X-Decoder [ 122 42.64 44 .31 55.18 62.03 68.24 75.56 46.02 49.11 64.21
OpenSeeD [111] 44.67 44.74 55.13 62.36 69.00 75.64 46.13 48.98 64.29

SEEM [123] 44.95 45.84 55.64 62.97 68.41 75.60 46.63 49.34 64.50




Seal: Ablation Study
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Figure 10: The convergence rate comparison between SLidR [£5] and the proposed Seal framework.



Seal: Ablation Study

Table 5: Ablation study of each component pretrained on nuScenes [26] and fine-tuned on nuScenes
[26], SemanticKITTI [3], and Waymo Open [88]. C2L: Camera-to-LiDAR distillation. VFM: Vision
foundation models. STC: Superpoint temporal consistency. P2S: Point-to-segment regularization.

nuScenes KITTI | Waymo

o CZE RIS SlS  $ES LP 1% 5% 10% 25% Full 1% 1%

(1) v 38.80 38.30 52.49 59.84 66.91 74.79 44.60 47.12
(2) v 40.45 41.62 54.67 60.48 67.61 75.30 45.38 48.08
b3) v v 43.00 44.02 53.03 60.84 67.38 75.21 45.72 48.75
4) v v 44.01 44.78 55.36 61.99 67.70 75.00 46.49 49.15
S) v v v 43.35 44.25 53.69 61.11 67.42 75.44 46.07 48.82
(6) v v v 44.95 45.84 55.64 62.97 68.41 75.60 46.63 49.34
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