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Motivation Model: FlowSUM Ablation Studies
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BART 41.57/16.72/36.94 84.65 13.26 136.10
VEDSUM 44.21/19.20/39.32 85.07 12.76 138.70
FlowSUM 44.55/19.50/39.59 85.16 12.59 138.09

where ¢ is the probability density function for z.
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