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OpaunHanbHble AaHHblE

Y10 3707

OpavHanbHble faHHble AatoT OMHAPHBITE OTBET Ha CpPaBHEHWE PACCTOSIHMIA.
[Mpumepbl opaVHANBHBIX AAHHBIX:

e d(A,B) < d(C, D) - paccrositne mexgy A n B menbe, qem mexgy C un D;

e (d(A,B) < d(B,C))A(d(A, B) < d(A,(C)) - C saeasietcs Boibpocom B
Tpoiike (A,B,C);

@ k-NN.

Opp,leaanble AadHHbIE ABNAKTCA €CTECTBEHHBIMU A1 HEKOTOPbIX ﬂpl/lflO)KeHI/II7IZ
@ KpaygcopcuHr;
@ [NownckoBsbie cucremsi;

o CHuXeHns BAnAHNSA oWNBOK B N3MEPEHUsIX.
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OpaunHanbHble AaHHblE

MocTanoeka 3agaun Luxburg

Lens depth function and k-relative neighborhood graph: versatile tools for

ordinal analysis.

[Ons Tpoiikn 0bbekToB (A, B, C) nmeeT hopMannsoBaHHOe CpaBHEHNE BUAA:

(d(A, B) < d(B, C)) A (d(A, C) < d(B, C))

«ObbekT A siBnsieTcsi cambim LeHTpanbHbiM cpeau Tpoiikn (A,B,C) »
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OpaunHanbHble gaHHble

AJ'II'OpVITMbI Ha OpAnHAaIbHbIX OAaHHbIX
Takoe npeacTaBfieHne OpAMHANbHBIX AaHHbIX MO3BOJSET pPelaTh HEKOTOpbIe
3agaqn:

© TlMouck memonaa;
@ lMonck BLIGPOCOB;
© Knaccndmkauus;

@ Knacrepuzauyus.
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OpaunHanbHble AaHHblE

Mouck megonga

Mepoug - Hanbonee «LeHTPaNbHLIA» 37eMeHT Ans Habopa HabawogeHwii D.

Anroputm

Input: a collection S of statements of the kind (*) from some data set D
Output: as estimate of a medoid of D

© For every object O in D compute

n§ - number of statements comprising O as most central object, no -
number of statements comprising O. If np zero, set LD(O) = 0;

@ Retrun an object O for which LD(O) is maximal.




OpaunHanbHble gaHHble

Mprmep nowncka Bbibpoca
Monck BEIOPOCOB - MPOTMBOMOJIOKHAS

100 "regular points and 3 outliers

3afadva 4Na noucka megounga.
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OpaunHanbHble AaHHblE

Knaccudpukauus

Anroputm

Input: a collection S of statements of the kind (*) from some data set D
somprising a set L of labeled objects and a set U of unlabeled objects; there are K
classes

Output: an inferred class label for every unlabeled object in U

@ For every object O in D and i € {1,..., K} compute
N¢,(O) - number of statements comprising O and two labeled objects from
Class; with O as most central
D¢, (O) - number of statements comprising O and two labeled objects from
Class;

Nc.(O
LDc(0) = (o}

@ train an arbitrarry classifier with training data:
{(LD¢,(0), ..., LD¢,(0)) : O C L} € RXK,
where the label of {(LD¢,(O), ..., LD¢,(0))} equals the label of O;

© predict class label of every unlabeled object O, € U by the classifier.
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OpaunHanbHble gaHHble

Mpumep knaccudbmkauun
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Figure 16: Classification — 300 labeled and 500 unlabeled USPS digits with Eu-
clidean metric. k-NN classifier on top of Algorithm@ 0-1 loss @ for Algorithm@
(in blue) and for Algorithm [4] (in pink) as a function of the number of provided statements
of the kind (). The set of all possible statements contains (sgu) ~ 8.5 - 107 statements
corresponding to the rightmost measurement.
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OpaunHanbHble AaHHblE

Knactepusauyus

Anropntm

Input: a collection S of statements of the kind (*) from some data set D; k - the
size of the neighborhood; | - number of clusters; o - for weighted version
Output: a clustering Gy, ..., G, C D

© For every pair (0j, O;) of objects in D compute:
N(O;, O;) - number of statements comprising both O; and O; and another
object as most central;
D(0;j, O;) - number of statements comprising both O; and O;

V(0:,0) = B30y

D(0;,0;)’
Q Let W = (w);; be a (n x n) matrix with:
_ V(9i,9)) .
Wy = e 2 if V(O,', OJ) < ‘D|k_2
0 else

© Apply spectral clustering to W with | as input parameter for the number of
clusters;

@ return clusters Gy, ..., G

4




OpaunHanbHble gaHHble

Mpumep knacrtepusayun
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Figure 17: Clustering — 100 points from a 2-dim uniform distribution on two

equally sized moons with Euclidean metric. Purity @ for Algorithmi.n its weighted
(in blue) and unweighted version (in pink) and for an embedding approach using GNMDS (in
black) or SOE (in green) as a function of the number of provided statements of the kind (x).

The set of all possible statements contains ('3") = 161700 statements corresponding to the
rightmost measurement.
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Lens Depth Function

Onpepenexne
Onpegenvm nnusy:

Lens(xj, x;) = {x € X : max{d(x,x;),d(x,x;)} < d(xi,x;)}
Onpegennm Lens Depth Function:
LD(x; D) = Prob(x € Lens(x;, x;))

3ameTum, 4to LD(O) us anropntma ouenmsaer LD(x; D).
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Lens Depth Function

Mpnmep, korga ato He paboTtaeT

OueBnaHble BbIOPOCHI MOTYT ObITh BOCMPUHATHI KaK MELOUA,.

200 "regular" points and 4 outliers
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Lens Depth Function

Mpnmep, korga ato He paboTtaeT

Lens Depth Function He nmeeT Makcumyma B LEHTPE CUMMETPUYHOMO
pacnpegenerus (ceoiictea Depth Functions).
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Local Lens Depth Function

Onpepenexne

Mpobnema Lens Function B Tom, 4TO OHa HE y4UTLIBAET SIOKaJIbHbIE CBOCTBA
pacnpegenerus!

Beoaum Local Lens Depth Function, koTopas y4uTBaeT He TOJIbKO TPOIiKM
CPaBHEHWiA, HO 1 PaCcCTOsiHME MeXAY obbekTamu:

LDjoear(x; T, P) = Prob(x € Lens(X,Y)ANd(X,Y) < 1)



Local Lens Depth Function

Mogenb rpadoHa

Ons ouenkn Local Lens Function mbl npeanaraem ncnonb3oBaTe MOAESb
rpacpora. 115t 3TOro npegnoaoXnm, 4To Mbl UMEEM faHHble Buga «banskn in
0bbekTbl X n Y». [lycTb 4enoBek oTBEYaeT Ha 3TOT BOMNPOC B COOTBETCTBUM CO
CnefyoWwnm anropuTMoM:

@ PaccuutbiBaem paccrositue d(X, Y);

@ Msnnupyem ato paccrosiHue B [0; 1] ¢ nomoLbto HeKOTOpPOIi dyHKLMM
g(.) - g(d(X,Y))
@ T[MogbpacbiBaeT MOHeTKY C BeposITHOCTbIO opia, pasHoii g( X, Y).
Mo maccuy paHHbIX Buaa «6amsku nm obbekTsl X 1 Y» MOXHO OLEHUTH
yHkumio g(.), YTO NO3BOANT YHECTL JIOKasibHble CBOCTBA pacnpefeneHnst
NCXOAHBIX OaHHbIX.

SaMeTVIM, YTO HaM HE€ HY)XXHO KaK-TO 3aaBaTb 7, TAaK KaK OH aBTOMAaTU4Y€E€CKN
PaCCHNTbLIBAETCA HYE/IOBEKOM.



Local Lens Depth Function

Mogenb rpadoHa

Mogens rpadhoHa COOTEBCTYeT HeNapaMeTprUHECKOl Perpeccun C HEM3BECTHbLIM
AunzaliHoMm:

@ Mol He 3Haem 3HaueHune paccrositus d(X, Y) (nateHTHas nepemenHas), He
3Haem dyHkumio f(.) = g(d(X, Y));

@ Mbl nbiTaemcst BoccTaHoBuTb dyHuumo f(.) no Habntogennsam suga «b6auskn
nn obbekTbl X 1 Y>»;

@ Takum obpasom, 3agaqa oueHkn rpacpora f(.) ceopuTtes
HenapaMeTpUYeCcKoli perpeccumn C HEM3BECTHbIM AN3aliHOM.

Mpu nokanbHo koHCTaHTHOM npubamxernn (Stochastic Block Model) mbl Moxem
BOCCTaHOBUTbL rpacpoH f(.).



	 
	 ?

	 
	  Luxburg

	 
	   

	 
	 

	 
	  

	 
	

	 
	 

	 
	

	 
	 

	Lens Depth Function
	

	Lens Depth Function
	,    

	Lens Depth Function
	,    

	Local Lens Depth Function
	

	Local Lens Depth Function
	 

	Local Lens Depth Function
	 


