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Background
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Vision-centric 3D Perception Tasks:

• Inputs: Multi-view camera images

• Outputs: 3D bounding boxes (3D object detection), 3D semantic occupancy, map segmentation

• Advantages: cost-effectiveness, general object representation, suitable for unified models

Multi-view images

3D semantic occupancy prediction 3D object detection Map segmenation



Challenges

Challenges of Scaling up Vision-centric Perception Models:

• Lack of large-scale 3D annotations;

• Time-consuming and high-load to train models with large parameters;
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How to solve? Pre-training is an effective method to rescue.

Pre-training 

in AD

Contrastive

MAE

Rendering-based

Inferior performance and not suitable for

multi-view AD data.

Time-consuming and all heavily rely on

explicit depth supervision from LiDAR.



Motivation

Could we design an efficient self-supervised pre-training paradigm solely rely 

on vision inputs?
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• First introduce a more efficient anchor-based 3DGS

representation in vision-centric perception models ;

• Propose a photometric consistency module to

impose geometric information into the volume feature

without utilizing the LiDAR sensors;

• The self-supervised volume velocity estimation

module further enhance the motion cues.



VisionPAD

Framework
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• Any vision-centric perception models build the volumetric features;

• An efficient anchor-based 3DGS representation built upon the volume feature by shallow MLPs;

• Photometric consistency loss and self-supervised velocity estimation modules ensure the pre-

training performances;



3D Gaussian Splatting Representation
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VisionPAD

Volume features Voxels as Anchors Anchor-based 3DGS
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VisionPAD

3D Gaussian Splatting Decoder

• Each voxel center severs as an anchor point from which the attributes of multiple Gaussian

primitives are predicted;

• The MLPs are utilized to predict these 3DGS attributes;

• To reduce computational overhead during pre-training, we filter low-confidence Gaussians

based on their predicted opacity after a tanh activation function that less than 0.



Self-supervised Voxel Velocity Estimation
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Purposes: Enriches the volume representation and facilitates understanding of the dynamic scene.

VisionPAD

The warped features are utilized in 3DGS decoder with

adjacent frame RGB supervision.



Photometric Consistency
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VisionPAD

Without rely on any depth ground truth from 

LiDAR sensors, we project the rendered depth into 

adjacent multiple views and re-sampling the RGB 

value for self-supervision.
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VisionPAD

Pre-training Loss

Current frame RGB reconstruction

L1 loss for reconstructed RGB images from warped voxel features

Photometric consistency loss



Experiments
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Metrics

Datasets and Tasks

• nuScenes: 3D object detection, map segmentation

• nuScenes-Occ3D: 3D semantic occupancy prediction

• 3D object detection: nuScenes Detection Score (NDS) and mean Average Precision (mAP)

• 3D occupancy prediction: mean Intersection-over-Union (mIoU);

• Map segmentation: Intersection-over-Union (IoU)

Finetune Settings

• We strictly follow the official training configurations during fine-tuning without any

modifications.



Results

3D object detection results on nuScenes validation set

12



Results

3D semantic occupancy prediction results on nuScenes-Occ3D validation set
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Results

Map segmentation results on nuScenes validation set
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Results

Data efficiency analysis with limited data
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Ablation

Ablation Study on main designs
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Ablation

Ablation Study on various learning objectives for predicting 

Gaussian primitives
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Speed analysis of our method with the UniPAD.



Visualization

UniPAD
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Ours



Visualization
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Visualization
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Rendered Results
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Conclusion

VisionPAD: A Vision-Centric Pre-training Paradigm for Autonomous Driving:

• We propose the first vision-centric pre-training method which relies solely on images as pre-

trained supervision;

• The introduced 3DGS representation and proposed photometric consistency and self-supervised

velocity estimation module for multi-frame and multi-view image reconstruction, greatly

boosting the performance of camera-based algorithms on three tasks;

• The proposed VisionPAD pre-training paradigm achieves impressive performance on the

Occ3D and nuScenes benchmarks for three perception tasks.
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VisionPAD: A Vision-Centric Pre-training Paradigm for 

Autonomous Driving

Thanks for watching!
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