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« A Spatio-Temporal Graph Convolutional Network (ST-GCN) fine-tuned to classify motion < 4 SUPUV;SE—;? Ext‘:md Quantitative analysis of the ground-truth dataset confirms that aging signals are preserved
clips into Young, Mid-Age, and Elderly groups, achieving 64.6% validation accuracy — 31.6 = q E\\&b e end-to-end through the conversion pipeline: walking speed decreases from 1.22 to 1.10 m/s,
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z-age that encodes biomechanical gait signatures. g ahent veeter Figure: A single 16-dim latent embedding vector z_age, age from Young to Elderly. Crltlcqll.y, the LqRA-adapted generative model mea'nl.ngfully reflects
extract from skeleton motion, visualized as 4x4 grid. these differences — Elderly-conditioned clips reproduce measurably reduced joint angular
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generate text-driven, age-conditioned motion. Evaluation of 9,000 generated clips shows the Age-Conditioned Motion Generation Model consistency remains unresolved: generated stride variability uniformly overshoots clinical
model successfully reproduces spatial kinematic constraints. The diffusion model follows the Human Motion Diffusion Model (MDM) reference values (16-19% vs. 8..9—1 5% CV), revealing that.diffusion. stochasticity currently
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