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Physical AI
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Physical AI for Autonomous Driving
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https://www.youtube.com/watch?v=QgzHTPheRO4&t=89s



Autonomous Driving Problem 

⚫



Autonomous Driving Challenges
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Scaling law 

⚫

⚫

⚫

A. Naumann “Data Scaling Laws for End-to-End Autonomous Driving” CVPR 2025 Workshop



Autonomous Driving Foundation Models
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End-to-End (E2E) Autonomy
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Vision-Language-Action (VLA) Models
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NVIDIA 에서 공개한 Alpamayo-R1 프레임워크



Data Flywheel 

⚫

⚫



Closed-loop Evaluation
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Closed-loop Simulations
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Safety-Critical Scenario Generation
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EAD: Korean E2E Foundation Model
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EAD Architecture



EAD Performance

Method Venue PDMS NC DAC EP TTC C

DiffusionDrive CVPR 2025 88.1 98.2 96.2 82.2 94.7 100.0

WoTE ICCV 2025 88.3 98.5 96.8 81.9 94.9 99.9

SeerDrive NeurIPS 2025 88.9 98.4 97.0 83.2 94.9 99.9

DriveSuprim AAAI 2026 89.9 97.8 97.3 86.7 93.6 100.0

SafeDrive CVPR 2026 91.6 99.5 99.0 84.3 97.2 100.0

SparseDriveV2 ECCV 2026 92.0 98.5 98.4 88.6 95.0 99.9

EAD v1.0 Ours 89.4 98.9 97.1 83.1 95.9 100.0

EAD v1.1 Ours 92.5 99.0 98.2 89.2 95.6 100.0



EAD Computation Latency

RTX 3090 PyTorch FP32

EAD v1.0 80.1 86.2 36 202.4 ms

EAD v1.1 60 60.9 26.3 147.2 ms

Jetson AGX Thor Nota optimised

EAD v1.0 23.3 73.1 16.9 113.3 ms

EAD v1.1 1 21.4 16.8 6 45 ms

Pre-process Encoder Perception Planning

Encoder

3090

80.1 → 60.0 1.3×

Thor · Nota

23.3 → 21.4 1.08 ×

Perception

3090

86.2 → 60.9 1.4×

Thor · Nota

73.1 → 16.8 4.35×

Planning

3090

36.0 → 26.3 1.4×

Thor · Nota

16.9 → 6 1.87×

Total

3090

202.4 → 147.2 1.4×

Thor · Nota

113.3 → 45 2.5×



Closed-loop Evaluation of EAD
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Closed-loop Evaluation of EAD

⚫



Conclusions
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