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Function-on-Function Regression (FFR) Scalable Implementation Experimental Results
e Outcome: Stoch. process Y (t) over T C R, realizations y € L*(T) » Representation: Given time points s,,r € |R|, approximate the Computational Complexity
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with functional bias b(t), weight surfaces wj(s,t), activ. function 7.
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e Challenge: Ensure interpretability of A™ in the presence of A P €25(0))iein-q1jel)
Hip Adduction Hip Flexion Knee Subtalar o Ankle = Hip Flexion ¢ Subtalar
This Paper — W W < | | y
75 | —_— ||y S| Sy s -~ Hip Adduction —+ Knee
50 1 8
e Embed FFR in neural networks — in a scalable manner e 2
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