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KAQCTEP-AQHAAM3 — BTO MPOBEAEHME KAOCCUAOUMKALIMM MO
MLLE AQHHbBIX B YCAOBMAX, KOTAQ HEMOHATHO, YTO
eTCA TAOBHbIM MPU3HAKOM 150 x 4

Upnuc TabAnL,a AQHHDbIX
# wl w2 w3 w4

5.13.514 03
443213 0.2
443.01.3 0.2
5.03.51.6 0.6
5.13.81.6 0.2
4.93.11.5 0.2
5.03.21.2 0.2
4.6 3.21.4 0.2
5.03.314 0.2

®» COMbIM MONYAIPHbIM MPpUMepP: TabAnua 150x4
= Tpu TCI;Q%)HCI no 50 3k3. useTka Mpuc

VO NOOMPAWN=—

Iris Setosa

Iris Virginica Ins Versicolor

\ R 1”5.0 6.53.25.1 2.0



BCe KAQCCHI Cpa3y
[TCXOAOTUA: TUMbl TEMNEPAMEHTOB

» B. A. HeGbiAmLbIH (1930-72): TunoB OOAbLLE, HO 3TU YeTbIpe MOryT ObITb
onpeAeAeHbl CUAOU U CKOPOCTbIO HEPBHbIX NPOLLECCOB:

» CkopocTb +, CuAaQ - CaHrBMmHMK
= CKOpocCTb +, CuAa + XOoNnepmkK
» CkKopocTb -, Cuaa + cbnermaTuK

» CKopocTb -, CUAQ - MeNnaHXOJIMK
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Camein NOMYASPHBIM METOA KAGCTEp-
aHaAusa K-cpeaHux (K-Means)

X
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Kputepuu:

MUHUMUIUPOBATb CYMMY
PACCTOSAHMU MEXAY
TOYKaOMMK/06BbEKTAOMU U
LLEHTPAMU UX KAacTepos D(S,c)

S - KJ1acTepbl
C — neHTpHI (3BE3T0YKH)

D(S,c) - cymmapHoe paccrosinue



K-Means criterion:

X

Mirkin_Least_Squares

Find partition S and centers ¢
to minimize:

D(S,¢c) = Z Z d(i,cy)

=1 1€Sy,

Criterion: Sum of distances between
entities and centers of their clusters
Distance d(.,.) (squared Euclidean):
X=[1, 2, 2]
Y=[1, -1, 1]
X'Y=[1'19 2'('1)9 '2'('1)]=[03 39 '1]
dX,Y)=<X-Y, X - Y>=02+32+(-1)’=10



Generative modeling:

Data = Model-Derived Data + Residual
Parameters of the model are adjusted to minimize
Residuals

»“A generative model 1s a machine learning model designed to
credte new data that 1s similar to 1ts training data.”
hifps://www.ibm.com/think/topics/generative-model#

“The purpose of such models 1s to generate new samples
from what was already 1n the training data.”
https://toloka.ai/blog/history-of-generative-ai/

BMirkin2025



https://www.ibm.com/think/topics/generative-model
https://www.ibm.com/think/topics/generative-model
https://www.ibm.com/think/topics/generative-model
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/
https://toloka.ai/blog/history-of-generative-ai/

A generatfive model for K-means:
eans criterion

D(S,¢) = ZK‘ > imv ~C)?

k=1ieS; v=1
S, Is cluster, v - feature, y,, — v-th coordinate of object i, c,=(c,,) = S,' center

Is the least-squares criterion for model

Vio.=c¢., +e, forieS K k=12.,K
or

Viv = 2k=1ZikCrv + €iv (*)

where z, =1 forie S, and z, =0 forig S,

BMirkin2025




OTO MOAEAb MATPMYHOM COAKTOPM3ALLUNM

Y~ZCT
Y=IC'+E, | |E| |2 = min

»Y - NxV data matrix (observed, pre-processed)
» 7 - NxK cluster incidence binary matrix to find
» C - VxK cluster center matrix to find

OAOOHASA TAKMM XKE MOAEAIM AAS

» PCA Principal Component Analysis
»7: factor scores, C: feature loadings
= mutual orthogonality, maximum contribution

» Hierarchical clustering (z - triple divergence
base)...



ToU NPUAOXKEHUS

»]. CermeHTALWMUA AQHHbIX

2. KOHCEeHCYyC KAQCTEePUHr

» 3. OnpeaeAeHue CTPYKTYPHOU CAOXHOCTHU
TAOAULLLI AGHHBIX (HO ocHoBe 1. U 2.)
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CermeHTAaLUA AQHHbIX
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AOMOAHUTEABHbBIN KPUTEPUM
AAS HOMMEHbBLLIMX KBAAPATOB OCTATKOB

D(S.c)=).2.2 (Vy-cy)' =

k= IIESkVI

= 2,2,2, (P =2Y0 +Cy )=

k=l ie§;, v= 1

N TV
- Zzyiv _ZNk <c,c,>=T-F(S,c)
i=1 v=1 k=1
» T = F(S.c) + D(S.c)
»(Pa30poc AOGHHbLIX» T = “AONOAHUTEABHbIN KPUTEPMM
F(S.c) +"'Kpurepumn k-cpearmx” D(S,c)
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AOMNOAHUTEABHbIU KPUTEPUN

» OKBUBAAHTHASA 30A040: MAOKCUMMU3UPOBATD
AOMOAHUTEAbHBIU KPUTEPUU

F(S,¢) = YF_{ Ny < cp, cp >

AOMOAHUTEABHBIN KPUTEPUM AASI OAHOTO KAACTEPA S

F(S,c) =Ns<cg,cq >
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CermeHTaUUS NO AONMOAHUTEABHOMY KPUTEPUIO
F(S,c) =Ng<c,c>
- | HayHu c Nnpon3BoNbHOrO 06BbEKTa KaK LieHTpa C Kaactepa

- Utepupymn, noKa He conperca:
- OTHecu K Knacrepy Te 06veKTbl, KoTopble banKe K c, yuem K 0

- [epeHecu UeHTP C B LLEHTP TAXKECTU Knactepa
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Segmentation works well, especially
starting from the most anomalous

» Offshore upwelling patterns (S. Nascimento et al.
2015, 2017, 2023)

» [endencies in data analysis research (Frolov et
al. 2020, Mirkin et al. 2025)
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Consensus clustering with Projective
distance between partitions

[Mirkin, B., & Muchnik, I. (1981). Geometric interpretation of

|rk|n B. G., & Parinov, A. A. (2024). Agglomerate consensus
cluster anaIyS|s with automatic selection of the number of
clusters. Avtomatika i telemehanika/Automation and Remote

Control, (3), 6-22.]
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Projective distance between partitions, 1

» Given partitions R={R;,....Rc}, S={5;,....5,} of I, define binary
NxK and NxL incidence matrices X=(x;) and Y=(y;):

o, _ (L ifi€R, (k=12 K)
=10, otherwise

1, ifieS (1=12,..,L)

0, otherwise

» Define orthogonal projector P,=X(X"X)-'XT.

In Py : (i,j)-th entry is 0, except for the case af which both
I,]eR, for some k —in this case thatis /N, where N,= #R,.

BMirkin2025



Projective distance between partitions,2

iven partitions R={R,,....Ry}, $={S;,....5,} of |, define binary NxK
and NxL incidence matrices X=(x;) and Y=(y;):

1, ifies;, (I1=1,2,..,L)
=Y = 0 otherwise

» Define mean(Y)=(p,.....p,). vector of relative frequencies

Define Y'=Y —mean(Y) (subtracting mean(Y) from every row of Y)

efine orthogonal projector P,=X(X'X)-1XT.

Projective distance: the summary squared difference between Y’
and P, Y":

Pd(R,S)=|[Y'-P,Y'|]?
» \Meaning: How suitable is span(X) for reproducing Y' ¢
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Projective distance consensus

Pd consensus: Given partitions R!, R%,..., R™, of I,
find S={§,,...,5,} to minimize Y%, Pd(S, R").

Theorem 1. Pd consensus satisties the generative
clustering model with data of the incidence maitrix of
clustfer ensemble.

Theorem 2. Pd consensus S maximizes the summary
verage criterion
1

G(S) = Zlk{=1ﬁzi,1'65k Aij

|||||||||||



Dataset Complexity [joint work with A.
Rubchinski, F. Aleskerov, and F. Carvalho]

» MRAC method

®»Segmentation of the dataset
®» Consensus partition over the segments
»Data Complexity =

Relative average distance between
Segments and Consensus Parfition
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Dataset of Zero complexity

A

A
O3 B Yes 10
o4 B Yes 10
o5 B Yes 10
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Characteristics of datasets from UC Irvine Machine
rning Repository.

Table 1. Characteristics of datasets from UC Irvine Machine Learning Repository.

# features  # objects  # clusters Complexity, %
s 4 150 3 36.93
. Wine 13 178 3 61.53
8 1484 10 76.03

Segmentation 19 210 / 81.17*

(Image)

9 214 7 94.69
7 336 8 96.81
64 5620 10 98.26**
. 1oo 17 101 7 98.92
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Conclusion

®»The generative model is of interest both
theoretically and practically

»The subject of Data complexity deserves further
exploration
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