Compositional Data analysis (CoDA) is a subfield of statistics analysing data on a simplex; clr-PCA is a standard CoDA tool for principal component analysis
e improve on clr-PCA from three standpoints: (i) Information Geometry (loss), (ii) Optimisation and (iii) Representation (deeper architectures)

Result of independent interest: scaled Bregman Theorem (SBT) with remainder (Bregman divergence if generator convex) T
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Better Information Geometry / Optimisation
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CoDA-PCA (Better metric characterisation) Use SBT with remainder for CoDA-PCA: obtain a surrogate loss simple to optimise
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Both further simplify to unconstrained bi-convex optimisation, ex for CoDA-PCA: (i) find arg ming g [lg eXp(Y)lm — trace (XTY)}, (ii) get (V, A) = f(B, U)by QR decomposition
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If Experiment — 20 arms from the center to the vertices of the simplex in R | (iii) Use an autoencoder to fit A

PCA t-SNE CLR-PCA ] ] CLR.AE ]
04471 622 ” 0.08 27.23 CoDA-PEA 16.81 >CoDA-PCA 146.0 22.72 CoDAAE } i L- linear ¢
“~ M] ‘ ' 1 NL:non linear i
i W
2 2 NS 2 8 8 3 8 : X A Y i C
S S S g g g g ')
I SIS FH= O O O O ' ‘. . b B
- \ \ - * * * i 1 (NL:1hidden layer : R B
. . (qV)
/ ¢ 1 w/ ELU units) +
F 04320 62,9 493 : : : .
Sy Zcompl aras oo compl 605 o i compl 2076 ~26.64 7 p— 1489 pr— — T2+ p— T T i compl Jags | | eeresserssssssssssessn TETTITICPITEPPPTRePSY ECPTTEPITEPPTEPPIEONY i %
. Experiment — (HIT)Chip Atlas dataset Lahti et al., Nat. Comm. '14 ' clr-PCA S . =
: 2 . : : {4 P}
: 90 - L2 -clr JSD SPKL Riemannian { | EEEEEEEEEEEEEEEEENEEEEEEEEEEEEEEEEEN GL)
130 genus-level taxonomic groups 0 . 1800 . . 2
fthe h intesti 1% 0.35 - _ _ : : ~
of the human intestine 18 “\ 010 - 1600 0.9 CODA'PCA E N L : L GL)
Losses: 16 - TV 1400 - O A N T [ U R SR el
0.30 - g
14 - '\"w. 0.08 7 1200 A QU
L2-clr: e (@) — e (@)} Vy-v 1000 - 0.7 - sCoDA-PCA N L 8
12 - 0.25 - : ‘
JSD: Jensen-Shannon divergence 0.06 ool YN X eianess | b s s Rl -

10 0.6 1

TV: Total variation divergence
SPKL: symmetric perspective KL 8 7

0.20 - 600

0.04 -
0.5 -

—@204 1027 400 -

coba-aE i NL @ NL

!
b
()
£
O
)
o0
Y
g_ . _— L 61, . . . 0.15 1+ .
! Riemannian: geodesic distance 1 #PCs 10
v on the probability simplex

—— rPCA —W— CoDA-PCA —@— SCoDAPCA  —H— cI-AE CoDA-AE

Code, datasets & more, available at: https://bitbucket.org/RichardNock/coda/



