KnowMoformer: Knowledge-Conditioned Motion Transformer for

Controllable Traffic Scenario Simulation
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Simulation is of crucial importance for development and testing of autonomous ve-

hicles. To minimize sim-to-real gap, the simulator should generate realistic scenarios. N o around Tra I O eround Truch
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The learning objective of driving simulator is:
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Given a route as conditional input, diverse but route-aligned behaviors can be sam- Ours 0.682 0.103 0.126 0.0117/ 0.382
other terms are regression terms for different heads. pled from the learned distribution, demonstrating the effectiveness of intention-

route attention.
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