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Hirata et al., Structural changes during glass formation extracted by
computational homology with machine learning, 2020
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Hofer et al., Deep Learning with Topological Signatures, 2017
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1
”x — EZyEEYH =T

—————

(a) Ordinary UMAP embedding. (b) Top. optimized embedding. (c) Top. regularized embedding.
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PHIEBEHDBIDIGH : 74 V2 —3F

SFEICHWATDAD 7 4 WX —TCHRBLELDEZFEE T 5
BVINISTEB®RAZZLN 74 L —3 3 IZBd 30KPDCHEET AR2E
BH 5 5ENDODLRBERHOEZ &)

oy = 5 Zremmt 400l . Dol 1))
l Zyi—zd(Do(Ii;f) Do(l-'f))
eRBEIT S, RBLRIERTDI VX LT+ L X N TODMEBEITTDOR

l " c— Dataset || Baseline || Before After Difference Dataset || Baseline || Before After Difference
- - . vs01 100.0 613 990  +37.6 vs26 99.7 98.8 982 -0.6

/

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 99.4 99.1 -0.3
vsl6 997 89.0 973 +8.3 vs36 99.7 99.3 99.3 -0.1
vsl9 99.6 84.8 98.0 +13.2 vs37 98.9 94.9 97.5 +2.6
vs24 99.4 98.7 98.7 0.0 vs57 99,1 90.5 972 +6.7
ve25 99.4 80.6 97.2 +16.6 vs79 99.1 85.3 96.9 +11.5

S

vs02 99.4 98.8 97.2 -1.6 vs28 99.1 96.8 96.8 0.0
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Hofer et al., Graph Filtration Learning, 2020
B7 42 —F¥%eT/FY—TV FICEE
RES LRI/ 7 705 MEET 74 VML —2a 2525

C C C
! 5
1 i @ @ @

1 2 3 4

MER EOBEM%EI 77 2a—Z)xy F7—2 (GNN) &£ LTEIRLT
TNZ2XR7II L TEREIHE5
B/ >ve GNNGG,IW), LV >R/ — FDXKIR
BEBRTIEENEARTDL-GINZRBWT, #AII2BOMLPE{HE->TW3
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Hofer et al., Graph Filtration Learning, 2020
B7 A VE2—B#zT Y- FICEE
lHjEEJ:b\otPD@/\ﬁ MILEIE R EEICAHL LS
B rRlgeEIc LY, PDOBRZEACEREBE DI ETHREILTE S

Method REDDIT-BINARY REDDIT-MULTI-5K IMDB-BINARY IMDB-MULTI
Initial node features: uninformative Initial node features: [(v) = deg(v)
PH-only 90.342.6 D0.T42.1 68.9+3 5 46. 1442
1-GIN (GFL) 90.245 5 99.T42.9 T4.5446 497495 9
1-GIN (SUM) (Xu et al., 2019) 81.245 4 01.0422 73.043.8 00.342.6
1-GIN (SP) (Zhang et al., 2018a) 76.843.6 48.541.8 73.014.0 50.549.1
Baseline (Zaheer et al., 2017) T7.544.9 45.741.4 T2.7T+4.6 499440
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) (Xuetal., 2019) 88.9 54.0 74.0 18.8
Sparse Dense
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Topological Graph Layer

Horn et al., Topological Graph Neural Networks, 2022
B RO —HEREZEDTERLORS FLEETBRT BELZIRSE
B ()L =23 vFEERT MIVEEEZMAITONAT 74>

Node attributes k views Diagrams Aggregation Output )

2 ‘ i 3
1 2 = ﬂ(l':)} %)

%) ¢ R4 ) > | ] Y @ [ o V) erd
lzllzam s

k .
S |£ il |

BO: RESRE 7 4L hL—2 a3 vF2BEAITS (& ZIE2EDNN)
BY:PDORY bLfL (Fz& Z | i\DeepSets, rational hat function, PersLay7s &)

BGNNICRIEICHAIAL Z & A AEE
BEMAGNNTIIXBI TEAWS 7 72 XBIR]EEICTE 5

Figures from B. Rieck, Topology-Based Graph
Representation Learning 44/51
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EEEDT74IPL—3 %8 (1/2)

Nishikawa et al., Adaptive Topological Feature via Persistent
Homology: Filtration Learning for Point Clouds, 2023

BOER RIS CEBED 74V L—2a v 55T

B R OBROBIIEAE ST L 122
B SR TR LS £ 1R

Persistence diagram

A—YHRNT74ILbL— 3%

SPTSINE
2N BREDRE
DistMatrixNet Rips DTM Ours

@ - ..

65.0 = 12.0 799+£30 780x16 819=x21
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B Rx DIRDERDFEIBRZ & mEEX & Ex%)\j]é:’é‘%
SA—TAFY PT O X, 0)TEDD H |

B, (X, x)D 7= S~

1. AOIEFICOVTRE R (O R
2. RHEEXOHEELERxDHEEOWMA = K Ik
3. ERAREETM . f,(TX,Tx) = fo(X,x) (T: ERZ#H)
- " Exl ; lie-ep_SetsI IDeepSets
.EEEIIE §IJ & Deepsets % \' A T . il Distance Matrix
NS DEEEBT LS ICHERR D(X)
BPersLay TR 7 P IVLL THEEICHER | | seo —
E'fZIS%QX? ICEhEBTEE h(X) g1 (z1)

l Fully-connected network

fo(X, x1) 46/51
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CDINATTAVIZEWTIZ2DODEEBELH 5
1. SEICHTAPDZE T 27-0DFTE=
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RipsNet: NNIZ & 2PDDO#E

de Surrel et al., RipsNet, ICLR Workshop on Geometrical and
Topological Representation Learning 2022

(cf. Zhou et al., 2022; 32kt E T — %, Kaji, 2019; Som et al,,
F—4%, Yanetal, 2022; 7' 75 —%&)
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RipsNet: #&&

=

MPD~R Y FILLFEEPV:X = D(X) » PV(X) ZETE (£

BEEEX = (1, .., xy) C REA SPVEZHES BRN :

RN: X & ¢2 (Op({¢1 (x)}xEX))

$1:R% > R4, i R4 > R%2 MLP, opld
BPDOAR Y P UL & L2IEKTEE

(PHIZFE T — &£

=D A U{EFR)

B ERDORN aﬁ’x‘ij/x\ﬁ’\] [PV % HETE

P [
/
) [
\ /
==y
J N/
\ & '
e, FoN
\'\ |
i
o ' '
¢ \ /
C N b
e
B \
{ i //_\‘\
\ . '
# Do )

STEIFE D LE B

IZPI&PL)

BRANELIEAR
> minimize Y,||RN(X;) — PV(X))||?

RN

Data Gudhi (s) GudhiP™ (s) RN (s)
LS 06.3 = 1.5 155.9 = 8.1 0.3 +0.0
PI 69.5 £+ 3.1 173.7 £ 133 0.4+0.0
P b3+ 14 447+ 6.6 0.2+0.0
UMD 8.0+14 05.7 £ 3.6 0.24+0.0

A=2% | 118.44+4.7 178.5 + 8.1 0.2+0.0
A=5% | 1178445 180.0+£9.2  0.24+0.0

|
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BOERRZICHWLTLEE

WP PL: /A XH ) DFER

RATLT—%X

HBRZ2AD

BN =600,1=1/3
mP| % 7= (ZRipsNet + XGBoost

mE#EDeepSets Z {5 Fik & b L

BRipsNetH’ '/ 4 XH V) DIRRATIIMFEICHE - 7-

QKT —% (/A XL -HY)

hNo

/
o \ [ \ 5%
R |

‘ LN
W i

Synth. Data C]éﬁ;}i C]égélin'[wl Clﬁ%B DS; DS>
PL 99.9 + 0.1 99.9 + 0.1 80.7+3.0 | 66.4+23 66.0+t24
PI 1000+ 0.0 100.0+0.1 81.6+5.3 - -
PL 66.7 + 0.0 66.7 + 0.0 76.3+23 | 66.8+1.0 66.6+ 2.3
PI 33.3+0.0 65.0+1.3 T77.4+44 - -
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