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Persistence Diagrams (PDs)

e TOUKUBR XR U {00}

* YCTONYMBOCTb (persistence) = paccTtosiHne o
anaroHanm

Destruction

* TOYHKWN MOTYT NnepeKpbliBATbCA

e MECTO Noj guMaroHasiblo He UCMNOJIb3yeTCs :)

Creation y
* [JlaBHbIV BOMPOC: KakK 1MCMNosib30BaTb B aHaInM3e?

Kak “nopgasaTtb Ha BXon,~ anroputmy
Knaccundpunkaumm, Hanpmumep?



Persistence Diagrams (PDs)

Bottleneck-paccTosiHne mexay asyma guarpammamn 4 n 9.

W (2,9') := inf sup|lx—n)ll
ND—->D ey

ronen . D — D' - buekuua mexay Todkamm < n S’ (ecnn HepaBHOMOLLHbI —
PACCTOsIHME 00 AnaroHann)

“‘cMsaryeHmne” — paccrtossHne BacceplitTenHa:




Persistence Diagrams (PDs)

[uarpammbl yCTONYMBOCTN YCTONUUBDI K LLIYMY:
. Kak B bottleneck-metpuke!: W __ (@f, ) I/ — 2ll
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Persistence Diagrams (PDs)

e OpHako, ANsi BblMNCNEHUSA PACCTOAHUA — HY>KHO pellaTb 3aaadvy
ONTMManbHOro TpaHcnopTa’

 BnpoyeMm, ecTb apdPeKTNBHbIE aJ'II'OpVITMbI4, BTY r|p|/|6n|/|>|<eH|/|;|/3|3p|/|c:T|/||<|/|5

* /1 nns mHornx 3apgad “cpaBHeHnsa PDs” atoro moXxeT ObiTb 4OCTATOYHO
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NUHTepnioavsa: aaepHblie meToabl

e HamH-Be X dyHkuma k : X X I — R HasbiBaeTcs aapom, ecnv cylL,
1) runebepToBo Np.-BO # (NOSHOE METPUY. NP.-BO CO CKasl. MPOU3B.) 1
2) otobpaxeHne ® : X — #

Takue, yto:  k(x,y) = (P(x), D(y))y Vx,yeE XL

B aHanunie gaHHbIX / MalLMHHOM OOYYEHUN 3TO HY>KHO 3aTeEM, YTOObI BbIYNCIATL
“ONN30CTb/MOXOXXECTb” OOLEKTOB, HE BbIYMCAASA SBHO PACCTOSAHNA MeXXay HUMN!



Anpa ana PDs:

o o %
Persistence diagram oc=0.1 o=0.5
¢ I'IepBoe FIpG,EI,J'IO)KeHHOe6 A0POo Ond gnarpamMmm yCTOVIqMBOCTMZ
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PED ,qED
o= — ¥ exp (=47 lx = plI2) — exp (=471 lx - pIP)
47r6p€9

* MPOCTO CyMMa, HE HY>XHO pellaTtb 3agady OT (!)
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Anpa ana PDs:

 ECTb 1 gpyrmne npenioXkeHmsl, ocHoBaHHbIe Ha: sliced Wasserstein distance7,

AOEPHbIX BJ'IO)KeHI/IFIXS, Naedx ma3 PumaHoBoU I'eOMeTpI/IVI9

NMpunoxxeHus:
» kernel PCA — ona susyannsauynm / CHUXKEHNA pa3sMepPHOCTK / reHepaumm npnu3Hakos

» kernel SVM/SVR - ona knaccudpunkauum / perpeccun
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9) T. Le and M. Yamada, ‘Persistence Fisher Kernel: A Riemannian Manifold Kernel for Persistence Diagrams’,
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N. Cesa-Bianchi and R. Garnett, vol. 31, Curran Associates, Inc., 2018, pp. 10007-10018



Betti curves (sequences):
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* MPOCTO KYCOYHO-NMOCTOAHHAA MYyHKUna A : R — N

10) Yuhei Umeda. Time series classification via topological data analysis. Information and Media
Technologies, 12:228-239, 2017.



Betti curves (sequences):

e Jlerko NoCcTpouTb, KYyCOYHO-MOCTOSIHHbIE (PYHKL NI
e XOTA €CTb BOMPOCHI MO YCTOUYNBOCTU

e MO>XHO roBOpPUTb O NIMHEMHbIX onepaLuusX: CIoOXeHne, ycpeaHeHne

+ MoxHo BBecTm' ! a0po0:

1
p

k, (2,9) = - (JR | By(x) = By(0) | dx>

11) B. Rieck, F. Sadlo and H. Leitte, ‘Topological Machine Learning with Persistence Indicator Functions’,
Topological Methods in Data Analysis and Visualization V, ed. by H. Carr, |. Fujishiro, F. Sadlo and S. Takahashi,
Cham, Switzerland: Springer, 2020, pp. 87-101, arXiv: 1907.13496 [math.AT]



Betti curves (sequences):
Sphere,d = 1 Torus,d = 1
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* MOXXHO 3aHMMAaTbCHA CTAaTUCTUKOWN, BTY. TectTnpoaHmMem rmnoTea

11) B. Rieck, F. Sadlo and H. Leitte, ‘Topological Machine Learning with Persistence Indicator Functions’,
Topological Methods in Data Analysis and Visualization V, ed. by H. Carr, |. Fujishiro, F. Sadlo and S. Takahashi,
Cham, Switzerland: Springer, 2020, pp. 87-101, arXiv: 1907.13496 [math.AT




Persistence landscapes:
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e “Nepapxmyeckoe” npegcraBneHne

12) P. Bubenik, ‘Statistical Topological Data Analysis Using Persistence Landscapes’, Journal of Machine
Learning Research 16, 2015, pp. 7/7-102



Persistence landscapes:

 B3anMHO ogHO3Ha4YHOEe KogunpoBaHue (6e3 noTepun MHopmaul i)
e YcTOonumBocCTb Kak ansa PDs, “nepapxusa’”

e MO>XHO “XpaHunTb” He camMun PYHKUMKX, a “cCemMnampoBaTb’ X 3HAYEHUSA C
KakKMM-TO LWarom — 1 nony4vaTb “BEKTOP” -MNPU3HaK MUKC. AJINHbI

» TMOTOMY MOXHO MOAABaTh Ha BXO[, HEMPOCET (MCNonb3oBaTh “Kak croit”)

13) K. Kim, J. Kim, M. Zaheer, J. Kim, F. Chazal and L. Wasserman, ‘PLLay: Efficient Topological Layer based on
Persistent Landscapes’, Advances in Neural Information Processing Systems, ed. by H. Larochelle, M. Ranzato,
R. Hadsell, M. F. Balcan and H. Lin, vol. 33, Curran Associates, Inc., 2020, pp. 15965-15977



Persistence Images:

. OyHkums!'* P 1 R? > R guarpammsl P(z) = Ex,ye@ w(x,y) D(x,y,z), roe

w( - ) — PL-dbyHkuna “BecoB”, a D( - ) — HeKas NNOTHOCTb BEep-TN (HACTO N3OTPON.
HOpMaJibHOE)

o JlnckpeTnayertca B KapTUHKY v X r (r for resolution)

14) H. Adams et al., ‘Persistence Images: A Stable Vector Representation of Persistent Homology’, Journal of
Machine Learning Research 18.8, 2017, pp. 1-35



Persistence Images:

* YCTONYMBOCTb

* CBOEro poaa sigepHas oueHka nnaotHocTu (KDE)

* 7 HAQOO SMMUPUYECKN BbIOBMpaThb
* He-pa3pexXeHHoe (non-sparse) npeacraBrieHne

* HO MOXXHO MCMOJIb30BaTb METOAbI, XOPOLLO paboTatoLye Ha KapTrUHKax
(M BNONIHE yCcneLwHo NCNOoNb3YOT HA TECTOBbLIX AaTtaceTax)

14) H. Adams et al., ‘Persistence Images: A Stable Vector Representation of Persistent Homology’, Journal of
Machine Learning Research 18.8, 2017, pp. 1-35



Hopmbl PDs:
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e ON4 time-varying gaHHbIX MO>XXHO CMOTPETb Ha HOpMY PD OT BpeMeHU;

1/
| Dl == max pers”(x,y) wmm [|D]],:=( ) pers’(x,y)) "
X,yED YD



Pe3iome: Kakonn meToa ucnosnb3oBaTb?

Persistence landscapes
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