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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

Multi-view images

3D semantic occupancy prediction 3D object detection Map segmenation



Background
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Existing Vision-centric 3D Perception Paradigms:

Paradigms

Dense BEV/Volume-
centric

Sparse query-
centric
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Dense BEV/Occ. Features
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Multi-view Images
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Sparse4D, SparseBEV, SparseOcc, OPUS, etc. 

Multi-view Images



Challenges

Pre-training is an effective method to enhance model performance. 

However:

• All existing pre-training approaches for AD operate on dense BEV or Occupancy
representations (UniPAD, GaussianPretrain, VisionPAD, etc.);

• The queries in Sparse Perception Models (SPMs) for different tasks play various
roles, causing difficult to find a unified pre-training paradigm for them;
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Pre-training 
in AD

Contrastive-based

MAE-based

Rendering-based



Motivation

Could we design a unified self-supervised pre-training paradigm to enhance 
different SPMs?
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• The proposed SQS (Sparse Query-based Splatting) can be integrated into any sparse query-based
perception model, accepting Gaussian queries for pre-training and utilizing them for prediction;

• We demonstrate the effectiveness of SQS on query-based 3D semantic occupancy prediction (Occ.)
and 3D object detection (Det.) tasks.



SQS
Framework
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• A sparse query-based 3D Gaussian Splatting pre-training paradigm with RGB image and depth
as supervision;

• A query interaction module to fully exploit the knowledge encapsulated in the pre-trained queries;

• The light-weight pre-training paradigm can be plugged into any sparse query-based downstream
tasks to enhance their performance.



Gaussian Transformer Decoder and Gaussian Queries
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SQS
Pre-training Loss

L1 loss for reconstructed RGB images
L1 loss for predicted depth maps

 GT depth is obtained from LiDAR projected points with considering valid 
LiDAR measurements only;

 After pre-training, the image encoder has been enhanced, and the learned 
queries knowledge can be transferred to downstream models.
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SQS
Query Interaction for Fine-tuning

• The queries in different SPMs play various roles, so it’s hard to share the queries in the pre-
training stage;

• Therefore, we propose a plug-in framework based on Query Interaction operation;



Experiments
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Metrics

Datasets and Tasks
• nuScenes: 3D object detection task
• Dense occupancy annotations from SurroundOcc: 3D semantic occupancy prediction task

• 3D object detection: nuScenes Detection Score (NDS) and mean Average Precision (mAP)
• 3D occupancy prediction: mean Intersection-over-Union (mIoU), Intersection-over-Union

(IoU);

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

modifications.



Results
3D semantic occupancy prediction results on SurroundOcc validation set
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Results
3D object detection 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 main designs
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Visualization

SparseBEV
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Ours

3D Object Detection



Visualization
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3D Occupancy Prediction



Visualization
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Rendered Results
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Conclusion

SQS: Enhancing Sparse Perception Models via Query-based Splatting in 
Autonomous Driving:

• We propose SQS, the first query-based splatting pre-training technique specifically designed
to advance Sparse Perception Models (SPMs);

• We introduce plug-and-play Gaussian queries, which learns fine-grained features in a self-
supervised manner during pre-training, and further enhances downstream tasks via interactive
feature fusion during fine-tuning;

• SQS significantly enhances performance in both occupancy prediction and 3D object
detection, surpassing previous state-of-the-art results on multiple autonomous driving
benchmarks.
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Thanks for watching!
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