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collect diverse trajectories, enabling multimodal evaluation protocol. ground-truth trajectories Y g, into noisy inputs X, using Gaussian noise z impact of Branched Decoder
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Driving Dataset ! ! Multimodal Paths ) Our Collecisd Milfimodal Cround-Truth Branched GMM Head decodes scene-aware features P into p#r and 7,
y———— - —— L with each branch m corresponding to a navigation command and predicting Qualitative Results
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+ We leverage a rendering-based photorealistic, reactive human-in-the- Loss Functions: N .

loop simulation with collision feedback, enabling scalable collection of
diverse and realistic multimodal trajectories.
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« Our simulated trajectories not only achieve high diversity but also »  Lp1an 1 diffusion reconstruction loss
closely match real-world logs (3s L2 = 0.79 m), compared to a digital « LnLL :negative log-likelihood over GMM parameters
twin (0.93 m), without the overhead of manual scene construction. « Lconstraints : COllision, boundary, and directional safety constraints
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