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Problem Statement: Step 1
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Problem Statement: Step 2
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Data

Scaled Rigid Registration




2,145 individuals

Age [years] BMI [kg/m?] First SUGIBS axes

-0.005 0.015

SEX AGE BMI
68% female, [5 - 80] [11.87 - 62.11] 25 SUGIBS scores [1]
32% male X =27,x=21 X = 25.03, X =23.74

[1] J. Li et al. - Robust genome-wide ancestry inference for heterogeneous datasets: illustrated using the 1,000 genome project with 3D facial images



Step 1: Metric Learning — Triplet loss

X F(X)
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TripletLoss = maz (|| f(A) — f(P)|5 — | f(A) — F(N)]5 + ,0)



Step 1: Metric Learning — Triplet loss
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Step 1: Spiral convolutions
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[2] Vincent Dumoulin, Francesco Visin - A guide to convolution arithmetic for deep learning



Step 1: Mesh sampling




Step 1: Geometric Metric Learner

SConv1q SConvy
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Step 1: Geometric Metric Learner
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Step 2: Fusion-Net




Step 2: Fusion-Net
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Step 2: Fusion-Net
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Step 2: Fusion-Net

Fusion-Net
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Results

true positive fraction
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---: Principal component analysis + support vector machines + Naive Bayes score fuser
—: Geometric Metric Learner + Fusion-Net
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