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3ap,aqa npeacka3saHnsa KOHTeKCTa no ciosy

antartica | | has | | little | | rainfall | | with | | the |

m n E |continental | | desert |




ApxuTekTypa HeipoHHo#i ceTn word2vec

Input layer Hidden layer Output layer
x; [0 o],
X2 1O O|¥2
X3 1O O| Y3
Xk 10 O|Y;
Ay 1O O|Yy

Mikolov et al. — Distributed Representations of Words and Phrases and their
Compositionality, 2013.



Word2vec (Skip-gram model)

BepositHocTh npefckasath cnoeo «O» no ciosy «I»:

O )
PO =57 el w0))

DyHKLMS NOTEPL aSAUTUBHA MO dJEMEHTaM BblIbOpKU:

Zlogp (Onlln) — m|n

SddekTuBHble cnocobbl nogcyera softmax:
» Hierarchical softmax

» Negative sampling



Yem nonesHbl obyyeHHble BekTopbl (word embeddings):

> MNNIOTHblE BEKTOPLI HeBONbLLOA Pa3MEPHOCTN

» 6/IM30CTb BEKTOPOB COOTBETCBYET BIM30CTU CNOB:

Country and Capital Vectors Projected by PCA

China
“Beiing
15 Russia«
Japan«
i Moscow
Tokyo
Turkey Ankara
05
Poland«
0 Germany«
Francg’ Warsaw
5 Berlin
05 Halye Paris
s Athens.
Greecer
a b et Rome
15 | Portugal pasMad
2
2 15 1 05 0 05 1 15 2

@ Bag of Words Meets Bags of Popcorn
" Tue 9 Dec 2014 - Tue 30 Jun 2015 (3 months ago



BepOﬂTHOCTHaﬂ TemMmaTun4deckass mogesnb

daHo:
D — xopnyc pokymentos; W — mHoxecTBo cioB (cnoBaps);
Ngw — CKOMbKO pa3 TepMuH w € W scTpetuncs B fokymente d € D

Haiitu:
» o = p(w|t) — pacnpegenexue cnos B Temax te T;

» Oig = p(t|d) — pacnpepenenune Tem B gokymenTax d € D.

BeposaTHOCTHas Mmogenb NOPOXXAEHUSA OOKYMEHTA:

p(w|d) = > p(w[t) p(tld) = > Puwt Ot
teT teT

3agava MakcMmMmnsauum npasgonoaobus:

Z anw log Z Owtltg — max,

deD wed teT



Moxoxun nn mogenn PLSA n word2vec?



Moxoxun nn mogenn PLSA n word2vec?

» Onpenenum «nceBao-AOKYMEHTbI»: NYCTb AOKYMEHT d,
MOPOXJEHHbIV C/IOBOM W COLEPXXWUT BCE C/I0BA,
BCTpeYaloLmecst B oKHax wupunbl k = 10 kaxgoro
BXOXJEHWSI CJIOBAa W B KOJIIEKLUIO.

» Torpa obe mogenn 3afaloTcs MakCMMU3aL el
npasgononobus:

L= ZZ”C’W log p(w|d) — max
d w
» Ho B PLSA: p(w|d) = > p(w]t)p(t|d),
t

a B word2vec: p(w|d) = %



Mogenb GloVe

ObosHauum p; = p(w;|w;).

» word2vec MakCMMN3NpyeT KPOCC-3HTPOMNMIO:
Zznulogpu— Zn,Zpulogpu—Zm (hi. pi)
i=1 j=1 i=

» GloVe makcumusmpyet Ly Hopmy:

E= an,J Wi, w > log n;)?,

rae f(njj) nonnxaeT Beca ans yacTeix cios. Subsampling B
10-5

word2vec: oTbpocuTh CNOBO C BEPOATHOCTbIO 1 — -
1

Jeffrey Pennington, Richard Socher, and Christopher D. Manning — GloVe:
Global Vectors for Word Representation, 2014.



SGNS: Skip-gram Negative Sampling

Bynem npepckasbiBaTh, BCTpedaeTca m napa wj, w; B Koprnyce:

p=o((wi, ) = 1
1+ exp <— <W,-, W{>>

J

XoTuM npefckasbiBaTh DOMbLIYIO BEPOSTHOCTL AJisA
MONOXXUTENbHBLIX MPUMEPOB U MaJIEHbKYIO 4151 OTPULLATENbHbIX:

L= njloga((wi,w))) + kEp(w,)logo(— (wi, wy)),
i

rae p(wk) = % unn p>/*(wy).



SGNS kak pasnoxenue shifted PMI-maTpuubl

3aBucUMOCTb dhyHKLMOHaNa OT OAHOW napel wj, w;:
n:
| = njjlog cr(<W,-7 Wf>) + k niNJ log o(— <Wi7 Wf>) — max

MaKCI/IMyM OOCTUraeTCda npu:

n,-jN

<W,-7 Wj> = log nin; — log k

T.e. SGNS packnagbiaet shifted PMI-matpuuy.

» SVD-paznoxenue gns PMI-maTtpuubl, SGNS, GloVe gatot
MNOXOXKME Pe3yNbTaThl NpY MPaBUIILHOM Nogbope napameTpos.

Levy et al. — Neural Word Embedding as Implicit Matrix Factorization, 2014;
Improving Distributional Similarity with Lessons Learned from Word
Embeddings, 2015.



HanpaeneHnus pabotbi:

» [locTpoeHue TemaTnyeckoii Mogenn Ha
((I'ICGB,EI,O—,EI,OKyMeHTaX)):

» Kak BygyT oT/im4aTtbcst Tembl OT 0BbIYHOR Mogenn?
» BepostHocTHas untepnpetayus matpuust W/,

» HyxxHa nu perynsipusaums ans Takoid 3agaqn?

» Hyxna nu perynsipusauns 8 mogenu SGNS?

» BkJtoveHune B Mogenb ABYX TUNOB AOKYMEHTOB aHaNOMMYHO
MYAbTUMOZANIbHOM TeMaTU4eCKoli Mogenn.

> DKCNEPUMEHTBI Ha KOPOTKUX AOKYMEHTaX: BblAENEHNE
STHO-Harpy>eHHbIX TeM Mo coobuieHnsim BroHTakTe.

» Bknwouenune pPMI-uncbopmaunn B Buge perynspusatopa
KOTrepeHTHOCTU, 3chpbekTuBHas peanusaums Ha E-ware.



3apaya nocTpoeHus TeMaTUYeCcKoi mMoaenun — 3To 3ajaya
MaTPUYHOIO Pa3JIOXKEHNS:

D T

p(wid)

Q
S
x
©)

w w

Mpobnema: maTpuyHoe pa3fioKeHne HEEANHCTBEHHO:

®0 = (¢S)(57'0) = v’

Moaxon aaAuTUBHOWN perynsapusaumnn: y4ecTb SOMNOJHUTENbHbIE
TpeboBaHuA K 3ajaye B BUAE afaUTUBHBLIX Claraembix.



HanpaeneHnus pabotbi:

» [locTpoeHue TemaTnyeckoii Mogenn Ha
((I'ICGB,EI,O—,EI,OKyMeHTaX)):

» Kak BygyT oT/im4aTtbcst Tembl OT 0BbIYHOR Mogenn?
» BepostHocTHas untepnpetayus matpuust W/,

» HyxxHa nu perynsipusaums ans Takoi 3agaqn?

» Hyxna nu perynsipusauns 8 mogenu SGNS?

» BkJitoueHune B Mogenb ABYX TUMNOB AOKYMEHTOB aHaNOMMYHO
MYJIbTUMOAANbHON TEMATUYECKON MOZenu.

> DKCNEPUMEHTBI Ha KOPOTKUX AOKYMEHTaX: BblAENEHNE
STHO-Harpy>eHHbIX TeM Mo coobuieHnsim BroHTakTe.

» Bknwouenune pPMI-uncbopmaunn B Buge perynspusatopa
KorepeHTHocTu, 3dbdbekTuBHasA peanusauus Ha E-ware.



MyﬂbTMMOAaﬂbHaﬂ TemMaTunydeckas Mmogenb

MynbTumMoganeHas TeMaTn4eckas Mogesb BAsi KaXKAON TeMbi
HAXOAMT pacnpefeneHne Ha cnosax p(w|t),
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MyﬂbTMMO,qaﬂbHaﬂ TemMaTunydeckas Mmogenb
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MyﬂbTMMO,qaﬂbHaﬂ TemMaTunydeckas Mmogenb

MynbTumogansHasi TeMaTu4eckas Mogesb Ansi KaXKAOl Tembi
HaxoQuUT pacnpefeneHue Ha cnosax p(w|t), aBTopax p(alt),
BpeMeHHbIx MeTkax p(y|t), obbekTax Ha nsobpaxenusx p(o|t),
cebinkax p(d’[t), peknamubix bantepax p(b|t),

Metadata:

Authors
Data Time
Conference
Organization
URL

efc.

Text documents

Ads Images

Topic
Modeling

Links

. m~303ca00 |

Topics of documents

doct: [ |

doc2: I I [N [/ I
doc3: 1IN

doct: N[ ||

Pwo-—vo- |




MyﬂbTMMOAaﬂbHaﬂ TemMaTunydeckas Mmogenb

MynbTumogansHasi TeMaTu4eckas Mogesb Ansi KaXKAOl Tembi
HAXOAMT pacnpefeneHne Ha cnosax p(w|t), aBTopax p(alt),
BpeMeHHbIx MeTkax p(y|t), obbekTax Ha nsobpaxenusx p(o|t),
cebinkax p(d’|t), banHepax p(b|t), nonszosatensx p(ult),

Metadata: — Topics of documents

Authors
Data Time
Conference
Organization

Text documents

doct: [ |

doc2: I I [N [/ I
doc3: 1IN

doct: N[ ||

. m~303ca00 |

Topic
Modeling

Pwo-—vo- |

Ads Images Links



MyﬂbTMMO,qaﬂbHaﬂ TemMaTunydeckas Mmogenb

MynbTumogansHasi TeMaTu4eckas Mogesb Ansi KaXKAOl Tembi
HaxoQuUT pacnpefeneHue Ha cnosax p(w|t), aBTopax p(alt),
BpeMeHHbIx MeTkax p(y|t), obbekTax Ha nsobpaxenusx p(o|t),
cebinkax p(d’|t), 6banHepax p(b|t), nons3osatensix p(ult).

Metadata:

Authors
Data Time
Conference

Organization

Text documents

Ads Images

1 i

Topic
Modeling

Links

1

. m~303ca00 |

N

—< wo-To - |

Topics of documents

doct: [ |

doc2: I I [N [/ I
doc3: 1IN

doct: N[ ||

Words and keyphrases of topics

—
]
.
]
=
-




MyﬂbTMMO,D,aﬂbHail TemMaTunydeckas Mmogenb

Z Am Z Z ndwangothtd + ZT,R((D 0) —>max

meM deD weW,, teT

rae Am > 0, 77 > 0 — KoadbhuLUMeHTBI perynsapusaumm.

O

de LLLTETTTLTTT

Wi

© D

W3 7




HanpaeneHnus pabotbi:

» [locTpoeHue TemaTnyeckoii Mogenn Ha
((I'ICGB,EI,O—,EI,OKyMeHTaX)):

» Kak BygyT oT/im4aTtbcst Tembl OT 0BbIYHOR Mogenn?
» BepostHocTHas untepnpetayus matpuust W/,

» HyxxHa nu perynsipusaums ans Takoi 3agaqn?

» Hyxna nu perynsipusauns 8 mogenu SGNS?

» BkJtoveHune B Mogenb ABYX TUNOB AOKYMEHTOB aHaNOMMYHO
MYAbTUMOZANIbHOM TeMaTU4eCKoli Mogenn.

> DKCNEPUMEHTBI Ha KOPOTKUX AOKYMEHTaX: BblAeNeHNe
STHO-Harpy>eHHbIX TeM Mo coobuieHnsim BrkoHTakTe.

» Bknwouenune PMI-undopmauun B Buge perynsapusaTtopa
KorepeHTHocTu, 3dbdbekTuBHasA peanusauus Ha E-ware.



3THO—Hal'py)KeHHble TeMbl

(pycckue): pycckuii, KHsI3b, poccusi, TaTapuH, BENUKWA, LapuTb, Lapb, WBaH,
MMMepaTop, NMMepusi, rPO3nNTh, rocyAapb, BEK, MOCKOBCKAsl, EKaTepuHa, MOCKBA,
(pycckue): akuusi, opraHmsauusi, MUTUHT, ABUKEHNE, aKTUBHbIN, MeponpusTue,
COBET, PyCCKuii, yH4aCTHMK, MOCKBa, ONMO3MLMNs, POCCUS, MNKET, NPOTECT, NPOBEAEHNE,
HaLMOHANINCT, NMOAAEPIKKA, OBLLECTBEHHbIN, NPOBOANTL, y4acTue,

(cupwiiub): cupuiickuli, acag, 60eBuK, paiioH, TEPPOPUCT, YHUHTOXKATb, FPYNNNpPOBKa,
AaMack, opy>Kue, anecno, onmnosnumnsi, onepauusi, cejeHune, cla, Hycpa, Typuus,
(amepukaHubl): ameprKaHcKuli, aMepuKaHka, BOiHa, pOcCcusl, BOEHHbIN, CTpaHa,
BalLUNHITOH, aMepNKa, apMusi, KOHIPecc, CUPUsi, COLO3HbIN, poccuiickuii, obama,
BOliCKa, PYCCKUii, opy>kne, onepauus,

(kuTaiupl): kuTalickuii, poccusi, NPON3BOACTBO, KNTali, NPOAYKLMs, CTPaHa,
npegnpuaTne, KOMMNaHusi, TEXHOMOMNS, BOEHHbIA, PErMOH, NPON3BOAUTD,
NPON3BOACTBEHHbIA, MPOMbILLUIEHHOCTb, POCCURCKNI, SKOHOMUYECKUIA, KHP,
(HopBeXLUbl): ANTS, pebeHOK, POANTLCS, [ETCKUIA, CEMbsi, BOCMMTAHHbIN, NPaBo,
BO3pPacT, OTeL, BOCMUTAHNE, HOPBEXCKUNA, POANTENLCKNI, POAUTL, Manb4yuK,
B3POC/bIlA, oneka, CbiH,

(kaHapubl): KOMaHAa, Urpa, UrpoK, KaHAACKMIA, CE30H, XOKKell, cbopHas, urpaTs,
bonenblmk, nobesa, Kybok, cyeT, 3abUpaTh, XOKKENHbIN, BbIMMPLIBATH, XOKKEUCT,
yemnunoHaT, wainba,

(HemMubl): apmus, BoliHa, BOVCKa, COBETCKMNIA, BOEHHbIN, ANBU3US, HeMel, OPOHT,
HemeLKuii, reHepas, bopT, onepauusi, obopoHa, pycckuii, bor, nobega



TemaTtnyeckas Modenb AN KOPOTKUX TeKCTOoB

» Kaxpgoe cnoBo npeacraensietcs BekTopom us PMI-oueHok.
CocTaBnsiercss MaTpnua U3 KOCUHYCHbLIX PACCTOSIHNIA MeXay
TaKUMU BEKTOPaAMM.

» [pon3BOANTCA CUMMETPUYHOE HEOTPULIATENILHOE MAaTPUYHOE
paznoxerne (SNMF) metogom ALS.

» [logbupaercs maTpuLa onucaHms JOKYMEHTOB,
COOTBETCBYIOLLAsA HalileHHOl MaTpuue OnNuCaHus CJoB.

- [0] «
=@ <

Xiaohui Yan et al. — Learning Topics in Short Texts by Non-negative Matrix
Factorization on Term Correlation Matrix, 2015.



HanpaeneHnus pabotbi:

» [locTpoeHue TemaTnyeckoii Mogenn Ha
((I'ICGB,EI,O—,EI,OKyMeHTaX)):

» Kak BygyT oT/im4aTtbcst Tembl OT 0BbIYHOR Mogenn?
» BepostHocTHas untepnpetayus matpuust W/,

» HyxxHa nu perynsipusaums ans Takoi 3agaqn?

» Hyxna nu perynsipusauns 8 mogenu SGNS?

» BkJtoveHune B Mogenb ABYX TUNOB AOKYMEHTOB aHaNOMMYHO
MYAbTUMOZANIbHOM TeMaTU4eCKoli Mogenn.

> DKCNEPUMEHTBI Ha KOPOTKUX AOKYMEHTaX: BblAENEHNE
STHO-Harpy>eHHbIX TeM Mo coobuieHnsim BroHTakTe.

» Bknatouenune PMI-undopmauuu B Buge perynsapusaTtopa
KorepeHTHocTU, adbhekTUBHAS peanusauuns Ha E-ware.



KOFepeHTHOCTb TeMbl: TeéMa XOopoLwlasd, eCnm €€ CsoBa
CTAaTUCTNHECKN HaCTO BCTPEHAKOTCA LKPASOM>».

. -
TCPMI = ZZI n,Jnj

j=2 i=1

roe CyMMUpoBaHME BELETCA No BCeM napaM B Ton-10 cnoB Tembl.

Perynﬂpmsau,ml JIOKAJIbHOIO KOHTEKCTA:

ORg; ORy;
ptdw - ptdw Z[W/ - W]( d - Z psdwd)
eT

dw s 8psdw

Na

1
p(tiw, D)

KOHTEeKCT



AkcnepumeHT: mogens PLSA Ha konnekuun npecc-pennsos

President and Secretary Honor Ambassador Karen Hughes at Swearing-In Ceremony

people attack terrorist u american state war world life terrorism intelligence united
innocent country one

democracy woman freedom human right world nation must today year citizen
democratic liberty country free

-
million assistance u refugee united state humanitarian international support

contribution relief information program food organization



TemaTuyeckas cermeHTauus nocnegosBaTenbHoro Tekcra no p(t|d, w)

» PLSA npegnonaraet, 4To TeMa BCTPEYHAETCS PAaBHOMEPHO MO
XOAY AOKyMeHTa. HeBo3MOXHO 0BHapyXuUTb CMeHbI TEM.

» Obuwias fekcuka OTHOCUTCS K Hambosiee BEPOATHLIM TeMaMm
akoymenTa. [oaTomy K/to4eBasi TEPMUHONOMUS 3aLUyMASIETCS.

‘Air Canada's planes assisted in the evacuation. [srac| sent tents and mineral water and medical supplies. Italy has sent beds and sheets and blankets and
inflatable rafts to help with rescue efforts. Kuwait has pledged $400 million in il and a hundred million dollars in humanitarian aid. Qatar and the UAE has

pledged 5100 million each. Sti Lanka, 6ne of the world's most impoverished nations that is struggling to overcome the effects of the tsunami, has sent a
donation of $25,000. In all, more than a hundred countries have stepped forward with offers of assistance, and additional pledges of support are Coming in
every day. To every nation in every province and every local community across the globe that is standing with the American people, and with those who
furt on the Gulf Goast, our entire nation thanks you for your support. Four years ago, the American people saw a similar outpouring of sympathy and
support when another tragedy struck our n , the terrorist attacks of September the 11th, 2001. This Sunday, Americans ill mark the fourth anniversary
of that terrible day when nearly 3,000 innocent people were murdered. The attacks took place on American Soil, yet they left grieving families on virtually
every continent. Citizens from dozens of nations were killed on September the 11th. Innocent men and women and children of every race and every

religion. And in the four years since the September the 11th attacks, the terrorists have continued to kill -- in Madrid and Istanbul and Jakarta and



Vnyqu.leHme cermMeHtTauunm perynﬂpm3au,|/|e|71 JIOKAJIbHOITO KOHTEKCTAa

» Ocnabnenue BansiHus © — TemaTuyeckoro npoduns
BOKyMeHTa (Hanpumep, CrnaknBaHuem).

» llcnonb3oBaHne NOKaNbHbLIX KOHTEKCTOB, YTODbI
HacTpouTb p(t|d, w) u dunsTpaums cnos, He
BMNUCBIBAIOLUXCA B KOHTEKCT, B (DOHOBbIE TEMBI.

Air Canada’s planes assisted in the evacuation. Israel sent tents and mineral water and medical supplies. Italy has sent beds and sheets and blankets and
inflatable rafts to help with rescue efforts. Kuwait has pledged $400 million in oil and a hundred million dollars in humanitarian aid. Qatar and the UAE has
pledged $100 million each. Sri Lanka, one of the world's most impoverished nations that is struggling to overcome the effects of the tsunami, has sent a
donation of $25,000. In all, more than a hundred countries have stepped forward with offers of assistance, and additional pledges of support are coming in
every day. To every nation in every province and every local community across the globe that is standing with the American people, and with those who
hurt on the Gulf Coast, our entire nation thanks you for your support. Fout years ago, the American people saw a similar outpouring of sympathy and
support when another tragedy struck our nation, the terrorist attacks of September the 11th, 2001. This Sunday, Americans vill mark the fourth anniversary
of that terrible day when nearly 3,000 innocent people were murdered. The attacks took place on American soil, yet they left grieving families on virtually
every Citizens from dozens of nations were killed on September the 11th. Innocent men and women and children of gvery race and every
religion. And in the four years since the September the 11th attacks, the terrorists have continued to kill -- in Madrid and Istanbul and Jakarta and



CpasHeHune LDA n moaenn nokanbHbIX KOHTEKCTOB
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Gaussian LDA: gpyroii cnocob kombunuposanusi LDA n word2vec

» Tema — MHOrOMepHOe HOpMaJibHOE pacnpeaeseHne Hag
BEKTOPHbLIMUN MPEACTABAEHNSIMU CJIOB.

> D'OKyMeHT — MYJNbTUHOMWANbHOE pacnpeneneHne Hag TeMamMun.
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Rajarshi Das, Manzil Zaheer, Chris Dyer — Gaussian LDA for Topic Models
with Word Embeddings, 2015.



