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computational homology with machine learning, 2020
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Carriére, Chazal, I. Lacombe, Royer, Umeda, PersLay, 2020
7 ’\7FJVWﬁ”thPD%]QU
BRI E LT

T HEER & [FISF

BHiiloxy b7 —
MES FOBRIZTIT 2777727 0D

MPDM ﬁib—@“ (HfF) mImD

PersLay

=]

1

29919

DI5RE & 7=

Dataset SVl RetGK*? FGSD?® GCNN? GIN°® PERSLAY
Mean Max
REDDITSK 56.1 47.8 52.9 57.0 959.6 956.5
REDDIT12K — 48.7 — 46.6 — 47.7 49.1
COLLAB — 81.0 80.0 79.6 80.1 76.4 78.0
IMDB-B 72.9 71.9 73.6 73.1 74.3 71.2 72.6
IMDB-M 50.3 47.7 52.4 50.3 52.1 48.8  52.2
cox2* 78.4 80.1 — — — 80.9 81.6
DHFR™ 78.4 81.5 — — — 80.3 80.9
MUTAG* 8K.3 90.3 92.1 86.7 89.0 89.8 91.5
PROTEINS* | 72.6 75.8 73.4 76.3 75.9 74.8 75.9
NCI1™ 71.6 84.5 79.8 78.4 82.7 73.5 74.0
NCI109* 70.5 78.8 69.5 70.1
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mCarriére, Chazal, Glisse, |., Kannan, and Umeda,
Optimizing persistent homology based functions, 2021
BV 7 ZAOPHRYIBAREEIC D W THESEN S QL& TFiED
IFEAEHEEREICIRT A2 & ZatAAL 72
B (JLbL—2 3 >hdefinable TIEEABEHDRBETY 7> v Vg n0K
cf. Davis et al., Stochastic subgradient method converges on tame functions, 2020

31/40



PHRIREHE&ELZ7 177 ) DE(E

HEREOWIEEEA (RAMELFE) HPHREEHORE
7477 z=FRk

Gradient Descent (Ir=0.256) N Continuation (Ir=1.024) N Big Step (Ir=0.064) . \) \ % \) \ % ‘173_/%/\\‘ i —a—
o..t K 1: :..t K o ::\. K . .
2 T 2 T 2 . B ORERRINARETE
R I B S I T - DU DR 7 Tk B B3

.’ [ ] ..’ [ ] (] ..’ [ ]
N TW g 10 O IW g 10 O TW2 g
—1.5 -1.51

https://github.com/git-
westriver/benchmark ph optimization

..............
00000000000000000000000000000

32/40


https://github.com/git-westriver/benchmark_ph_optimization
https://github.com/git-westriver/benchmark_ph_optimization

A% (1/2) : BROSHUES

BEREZH L CEAZDOE-FEZIHFEEN LA XHIFRL 720

WIEREAME L TL(D) =Y pep, ez ERWTHECEZERY % &,
AR RS T LD @%¢%®ﬁ@®£7 AN
BT CIILENONLICHR S LIS

L= ) lpl}+ Zmax{|xl| 1- i)

p€EDy (1)

ZHAWS EERITAEDOEBRD L S I2H S
TEEHR L, DR L, DRER

33/40



ISEE (2/2) : 1B&HAHDPH

EI,‘JI ‘)L%u

Vandaele et al., Topologically Regularized Data Embeddings,
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(a) Ordinary PCA embedding. (b) Top. optimized embedding. (c) Top. regularized embedding.
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(a) Ordinary UMAP embedding. (b) Top. optimized embedding. (c) Top. regularized embedding.
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B4 5, mEfLEI&ETD (RFICL D) HFEBEIZTOX

%

¥

, » — 5

l " c— : - Dataset || Baseline || Before After Difference Dataset || Baseline || Before After Difference
c - . . vs01 100.0 613  99.0 +37.6 vs26 99.7 98.8  98.2 -0.6
y - o | . ’ - vs02 99.4 98.8 97.2 -1.6 vs28 99.1 96.8  96.8 0.0
e v e b S vs06 99.4 87.3  98.2 +10.9 vs29 99.1 91.6  98.6 +7.0

vs09 99.4 86.8  98.3 +11.5 vs34 99.8 994  99.1 0.3

R \ T . vsl6 99.7 89.0 973 +8.3 vs36 99.7 99.3 993 5.1

l’ ) " . : vsl9 99.6 848  98.0 +13.2 vs37 98.9 949 975 +2.6
n : : vs24 99.4 98.7  98.7 0.0 vs57 99.7 90.5 972 +6.7
| vs25 99.4 80.6  97.2 +16.6 vs79 99.1 853  96.9 +11.5
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Hofer et al., Graph Filtration Learning, 2020
B7 4R —B@R%ERX2RI T —
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~f&EF

Method

REDDIT-BINARY REDDIT-MULTI-5K IMDB-BINARY IMDB-MULTI

Initial node features: uninformative Initial node features: [(v) = deg(v)
PH-only 90.312.6 59.T42.1 68.9135 46. 1442
1-GIN (GFL) 90.249.5 95.7142.9 T4.5446 197429
1-GIN (SUM) (Xu et al., 2019) 81.245.4 51.012.2 73.515.5 50.345.6
1-GIN (SP) (Zhang et al., 2018a) 76.843.6 48.541 8 73.044.0 50.542.1
Baseline (Zaheer et al., 2017) T7.544.2 45.T41.4 727146 1499440
State-of-the-Art (NN)
DCNN (Wang et al., 2018) n/a n/a 49.1 33.5
PatchySAN (Niepert et al., 2016) 86.3 49.1 71.0 45.2
DGCNN (Zhang et al., 2018a) n/a n/a 70.0 47.8
1-2-3-GNN (Morris et al., 2019) n/a n/a 74.2 49.5
5-GIN (SUM) (Xu et al., 2019) 88.9 54.0 74.0 18.8

Sparse Dense

74l =3

vaFREB LI-AHFE

EHhXSEX55850H5
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Nishikawa, Il., and Yamanishi, Adaptive Topological Feature via
Persistent Homology: Filtration Learning for Point Clouds, 2023
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