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Model Architecture of MDN
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primitives (centroids of clusters in the 3D pose space).

Scene and Social Context: We use the transformer architecture to easily
fuse in additional context, i.e., as keys and values in the z-transformer.

Dense Urban Navigation Benchmark: Prior datasets (e.g., Human3.6M,

AMASS, and HumanML3D) are limited to static indoor settings. We
introduce DenseCity, a simulation benchmark with dense pedestrians. We
also use YouTube, which helps further address the current gap between
simulated, generated, and realistic 3D human motion.
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Diversified latent codes (z, € RMz) are decoded into highly diverse motion

samples (Y, € RTr*Nr) using the pre-trained decoder (9p):
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