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TemaTudeckasi mogens knaccucpmkaummn
Knaccudbukauus gokymeHTos

TemaTtunyeckas mogens knaccucukaumm

Mogenb nossonsieT pewaTb 3afjady Kaaccugukauum JOKYMEHTOB
no knaccam ¢ € C, umes obyyvatoLyto nHdopmMaLmio o
NMPUHAANEXHOCTN JOKYMEHTA Kaccy.

OcHoBHas cTaTbs:

Rubin T. N., Chambers A., Smyth P., Steyvers M. Statistical topic
models for multi-label document classification // Machine
Learning, 2012, no. 1-2.

"A drawback of discriminative modeling techniques such as support
vector machines is that performance rapidly drops off as the total
number of labels and the number of labels per document increase".

BuiBoapbi:

TemaTtuyeckast mogens knaccudpukaymu paboTaeT ny4diie MHOTUX
APYrux ajropuTMoB, ocobeHHO B 3afa4ax ¢ HecbanaHCUPOBaHHbLIMY
Knaccamu.
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MeTtoa B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apava TEMATUHECKOro MOAENMPOBAHMUS

MNHdopMaumnoHHbIii aHann3 31eKTPOKapANOCUTHANOB

Teopusi undopmauymoHHoii cpyHkumn cepaua B.M.Ycnenckoro:
amnanTtyasl R, n nntepanbl T, KapauoLMKIOB HECYT
nHpOPMaLMIO O MHOIMX 3a60/1€BaHNSIX BHYTPEHHUX OPraHoB.
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MeTtoa B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apava TEMATUHECKOro MOAENMPOBAHMUS

AwnarHoctnyeckas cuctema «CkpuHgake» (2-e nokonexue)

@ bonee 10 net skcnnyatauum (Havano mnccneposanii: 1978)
@ bosee 20 Thics4 npeueneHToB (Kapanorpamma + 4MarHos)

@ 6onee 40 3abonesaHuii

Anppeii LLanynux TemaTuyeckne mogenn knaccudbmkaymm

5/16



MeTtoa B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apava TEMATUHECKOro MOAENMPOBAHMUS

Ouckpetusauunsa IKI-curnana

Bxoa;: nocnegoeatensHocTs uxtepeanoce u amnantyg (T, Ry)N_;

NpaBuna kognpoBaHus:

ecmm R, < Rpy1, Th<Thy1, an<apry TO S, =A
ecm Ry, 2 Rpp1, Th2>Thr1, an<apry 10 s, =B
ecm Ry < Rpy1, Th2 Thy1, an<apry 10 s,=C
ecm Ry, 2 Rpp1, Th< Thy1, apn>2apry 1O s, =D
ecm R, < Rpp1, Th<Thy1, ap=2apy1r 1O s, =E
ecm Ry, 2 Rpp1, Th2Thy1, an>2apry 10 s, =F

Bbixoa: kogorpamma x = (sn)y 11 — nocnepoBaTeNbHOCTb

cumeonos andasuta A = {A,B,C,D,E,F}:

DBFEACFDARFBABDDAADF ARFFEACFEACFBAEFFAABFFAAFFAAFFARFFAREBFAEBFEARFCAAFFARD
FCAFFARDFCADFCCDFDACFFACDFAEFFACFFERDFCAFBCADFFECFFARFFARFFAEFFCACFCAEFFCAD
DAADBFARFFAEBFAABFACDFFARFBARDFARDF DARF CECF CEDF CEEF CAEFBECBBBARDBAACKFAAFFA
CFFCECFDARBDAEFFAAFFCEDBFARF FAEF FAEFBACFBAEDFEAAFFCAFFDARFFAEBDARDBBADFDAFF
EﬂBFCCHFDEEBDECFFRCFFRRBFRRDFBRRFFHCFFFREFFRCFFRCFFCECFBRRFFFRRFFFRRFFRRDFB
AABFACDFDAEFFA FAEFBAAFFCADFE
RFFCECFCECFFRHFFRBC Dﬂ FRDBFCREFF RBFRCBFHR BF EBFCQFFBﬂRFFﬂRFFDRCFDﬂﬂBFB
CAFFAECFFACFFACDFCADFDARBFAAREDDABBF CACDBAAFFAAFFCADFAADFDACFFAEDFCACFCAEBCE
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MeTtoa B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apava TEMATUHECKOro MOAENMPOBAHMUS

Bektopusauus kogorpammsl IKI-curtana

Bxop: kogorpamma x = (si,...,Sy—_1) Kak TEKCTOBasi CTpPOKa

ACFDARFBABDDAADF AAFFEACFEARCFBAEFFAABFFAAFFAAFFARFFAREBFAEBFEAAFCAAFFAAD
FCAFFARDFCADFCCDFDACFFACDFAEFFACFFERDFCAFBCADFFECFFARFFARFFAEFFCACFCAEFFCAD
DAADBFARFFAEBFAABFACDFFARFBARDFARDF DARF CECF CEDF CEEF CAEFBECBBBARDBAACKFAAFFA
CFFCECFDARBDAEFFAAFFCEDBFAAFFAEFFAEFBACFBAEDFEAAF FCAFFDAAFFREBDARDBBADFDAFF
EABFCCAFDEEBDECFFACFFAABFARDFBAAFFACFFFREFFACFFACFFCECFBAARFFFARFFFARFFAADFB
ARBFACDFDAEFFARDBAREF FEAFBCECFDECCFBARFFARDFDACDFARFFARDFCARDFAEFBAAFFCADFE
AFFCECFCECFFAAFFABCFDAAAFFADBF CAEFFAABFACBFAREBFAEBFCAFFBAAFFAAFFDACFDAABFB
CAFFAECFFACFFACDFCADFDARBFAAREDDABBF CACDBAAFFAAFFCADFAADFDACFFAEDFCACFCAEBCE

Bbixoa: 4acTtoTel Tpurpamm ﬂ(x) — CKOJIbKO pa3 Tpurpamma j
nosiBMnacb B Kogorpamme x, j=1,...,n, n= 63 = 216

1. FFA - 42 17. EFF - 10 33. CEC - 6 49. EAC - 3
2. FAA - 33 18. DAA - 10 34. ADB - 5 50. DDA - 3
3. AFF - 32 19. ECF - 9 35. FFE - 5 51. CAC - 3
4. AAF - 30 20. FFC - 9 36. EBF - 5 52. EDF - 3
9. ADF - 18 21. FEA - 9 37. CFD - 5 53. EFB - 3
6. FCA - 18 22. DFC - 8 38. AFB - & 5. DBA - 3
7. ACF - 17 23. ABF - 8 39. AAE - & 55. FCC - 2
8. AAD - 15 24. AAB - 8 40. CFC - & 56. AFC - 2
9. CFF - 14 25. FCE - 8 41. CRAE - & 57. EAA - 2
10. REF - 13 26. AEB - 7 42. DAC - & 58. CED - 2
11. FDA - 13 27. DFD - 7 43. DBF - & 59. CAR - 2
12. FAE - 12 28. ACD - 6 4h. BFC - & 60. BCA - 2
13. FAC - 12 29. CDF - 6 45. CFB - & 61. BBA - 2
16. FBA - 11 30. DFA - 6 46. AED - 3 62. DFF - 2
15. BFA - 11 31. CAF - 6 47. FFF - 3 63. BDA - 2
16. BAR - 11 32. CAD - 6 48. FBC - 3 64. DAE - 2
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

JInHrBucTNYECKUiA aHaNN3 3J1IEKTPOKAPAUNOCUTHANOB

OaHo:
20 Tbicay kogorpamm IKI (cTpokm B 6-bykBeHHOM andpasuTe),
Kaxk[asi OTHeCeHa K HekoTopbim 13 40 3abonesanuii,
Ba>KHO y4eCTb C/lyHaun codeTaHnsi 3abonesaHuii.
Haiitu:
@ TeMbl KNAcCOB (AMarHocTuyeckmne 3TanoHbl 3abonesaHuii)

@ anroputm knaccudukaumm (AnarHocTnk 3abonesaHnii)

PerynsipusaTopobl:
@ paspexuBaHue, CraaXxnBaHne, aHTUKOPPENNPOBAHME
@ npuBsi3Ka JOKYMEHTOB K Kjlaccam (KaTeropusauusi)
© y4éT pasninynii B CTENEHN [OBEPUS [MArHO3aM

® y4éT HecbaNaHCMPOBAHHOCT KNACCOB
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

Perynapusatop gns knaccudmkaumm 4OKYyMeEHTOB

Mycte C — mHoxecTBO Kknaccos (ans IKI — 3abonesanus,
AN15t TEKCTOB — KaTeropuu, aBTOPbIl, CCbUIKW, FOAbl, YnTaTenu)

MnoTesa:
KJ'IaCCI/ICbI/IKaLJ,VIﬂ AOKYMEHTA d O6'b$|CHF|eTC$| ero TemMmamMmnu:.

plcld) = plclt)p(t|d) =) tetbra.
teT teT

MuHuMu3npyem ameepreHumio mexay mogensto p(c|d)
N «3MAMPUYECKONA Y4aCTOTO» KIACCOB B AOKYMEHTAX Myc:

RW,0)=7> "> mgIn> thetbleg — max.

deD ceC teT
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

Mpouecc oby4veHnsi 1 KOHTpoAs

Sran obyuenns p(clt) = VI, p(tld) = 077, p(wle) = piE”

DTan KoHTpons:
Vckomoe pacnpegeneHue:

P(C’d)test — Z p(c|t)tram (t’d test Zwtram test'

teT teT
naBHble BOMpPOCbI:

o Kak BblbrpaTb HavanbHoe npubnnxenne 8 EM-anropntme?

o Kak be3 perynsipnzaTopa knaccudukaumum CTpouTb
pacnpegenenne 0157

@ Kakum BbIOpaTh YNCNO AMArHOCTUHECKUX STaNOHOB (TeM) 1
CKOJIbKO TEM OTHECTU K hoHy?
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

Tekyuwine akcnepumMeHTbl

Knaccuyeckne anropntmbl MalWMHHONO 00y4veHus:
@ Naive Bayes
e SVM
e nTA.

TouHocTb guartoctuku 6onee 90%!

TemaTtudeckoli Mofenu Kaccucpukaumm noka He ygaercst nobuts
Naive Bayes.

OcHoBHas naes:
Ncnonbzosate nHdopmauuto nonydernHyto Naive Bayes B
nHuuanmsnuymm matpuy ¢, V.
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

Tekyuwine akcnepumMeHTbl

KayecTBo knaccmukaymm oLeHNBAETCs NPy MOMOLLM CESYHOWMNX
nokasaTene:

[onst 6oAbHbLIX C BEPHBIM MONOXKNTENbHLIM ANArHO30M:!
4yBCTBUTEJ/IbHOCTb! %Zi:yizl[a(x,-) =1]

[ons 300poBbIX C BEPHLIM OTPULATENBHBLIM LUATHO30M:
.1 D —
cneundpnanocTe: 1> ofa(xi) = 0]
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

I'pacbukn no nrepaumsam EM-anroputma
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Nudpopmaymnontbiii ananns IKIM-curnanos

Meton B.M.Vcnenckoro
3afadva TEMaTU4ECKOro MOAEVPOBaHNS

I'pacbukn no nrepaumsam EM-anroputma

Nwemnyeckas bonesHb cepaua
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Meton B.M.Vcnenckoro
3afadva TEMaTU4ECKOro MOAEVPOBaHNS

Nudpopmaymnontbiii ananns IKIM-curnanos

I'pacbukn no nrepaumsam EM-anroputma

pachbuk pasperxeHHOCTU MaTpuL, U NEPRAEKCUN MOAENN
93BeHHas bonesHb

Phi, Theta sparsity and perplexity
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Meton B.M.Vcnenckoro
Nudpopmaymnontbiii ananns IKIM-curnanos 3apaya TEMaTUHECKOro MOAENMPOBaHMNS

Cnacubo 33 BHUMaHMe!
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