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What is a “topic” in a text collection

@ Topic is a specific terminology of a particular domain area.

@ Topic is a set of coherent terms (words or phrases)
that often co-occur in documents.

More formally,

@ topic is a probability distribution over terms:
p(w|t) is (unknown) frequency of word w in topic t.
@ document profile is a probability distribution over topics:
p(t|d) is (unknown) frequency of topic t in document d.
When writing term w in document d author thought of topic t.

Topic model tries to uncover latent topics in a text collection.
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Probabilistic Topic Model (PTM) is generating a text collection

PTM explains how terms w appear in documents d from topics t:
p(wld) =3 p(wlt)p(t|d)

OoOOOo0Oo0OO00OoO
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ptld) ———
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pwlt): o023 BHK 0.014 6aauc 0.018 pacnosHasaHme
0.016 reHom 0.009 cnextp 0.013 cxoacTeo

0.009 Hykneotng 0.006 oproroHansHblii 0.011 natTep

Wi, ooy Wiyt /

Pa3paboTaH crnekTpasbHO-aHaNMTUYECKUI NOAXOA K BbIIBIEHUIO PasMbITbIX MPOTSHKEHHBIX [TOBTOPOB
B reHOMHbIX MoesfiejoBaTeIbHOCTsIX. MeToA OCHOBaH Haj pa3HoMacLTabHOM OLeHMBaHWM CXOACTBA
HYKNEOTUAHbIX NOC/e0BaTENbHOCTEN B NPOCTPaHCTBE KOS(PMULMEHTOB pa3noXeHust hparMeHToB
kpuBbix GC- n GA-coaepaHus No KNacCMYecKnM opToroHanbHbiM 6asucam. HaaeHbl ycnosus
onTUMasnbHO annpokcuMauuu, obecneumsaioline aBToMaTUYeCKoe pacrno3HaBaH1e NnosTopoB
pasfiMyHbIX BUAOB (MPSAMbIX U MHBEPTUPOBAHHBIX, @ TaKXXe TaHAEMHbIX) Ha CNeKTpanbHOW MaTpule
cxoacTBa. MeToa 0AMHaKoOBO XOpoLWo paboTaeT Ha pasHbix MacwTabax AaHHbIX. OH No3sBonser
BbIABNATL ClieAbl CErMEHTHbIX ,Clyﬂ}'II/IKaLlVIﬁ W MeracaTeNIMTHble y4acCTKn B reHoMe, paﬁOHbl CUHTEHUN
npu cpaBHEHWM Napbl rEHOMOB. Ero MOXHO MCNONb30BaTh ANSt AETaNIbHOr0 U3y4YeHus dhparMeHToB
XPOMOCOM (NOMUCKa PasMbITbIX YH4aCTKOB C YMEPEHHOW AZIMHON NOBTOPAIOLLErOCs NaTTepHa).
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Inverse problem: text collection — PTM

Given: D is a set (collection) of documents
W is a set (vocabulary) of terms
Ngw = how many times term w appears in document d

Find: parameters ¢+ =p(w|t), O:g=p(t|d) of the topic model
p(w|d) = utbea.
t
under nonnegativity and normalization constraints

¢Wt > Oa Z ¢Wt — 17 th > 0) Z th = 1
weW teT

This is an ill-posed problem of matrix factorization:

®O = (¢S)(5710) = v’
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PLSA — Probabilistic Latent Semantic Analysis [Hofmann, 1999]

Constrained maximization of the log-likelihood:

Z($,0) = w wit
(¢,0) %nd nZthtd%rgfg(

EM-algorithm is a simple iteration method for the nonlinear system
E-step: Ptaw = p(t|d,w) = nt%rp (¢Wt9td)

M-step: Pwt = norm< Z ndwptdw>
weW deD

Org = nOfm( > ndwptdw>

teT

wed
_ max{x:,0} . -
where norm x; = ~——-r ~or is vector normalization.
teT EZ_rmax{x57 }
s
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LDA — Latent Dirichlet Allocation [Blei, Ng, Jordan, 2003]

Maximum a posteriori probability (MAP) with Dirichlet prior:

dZ”dw'”Z@wtetd +t2:/3w|n0wt+;at|n9td — fg?ex
w W )

log-likelihood .Z(®,0) regularization criterion R($,0)

EM-algorithm is a simple iteration method for the system
-step: = norm 0
E-step:  ( praw = norm (puwtbta)

M-step: dwt = norm( Z Ndw Ptdw —+ BW)
weWw deD

Org = norm( Z Ndw Ptdw + Oct)
teT wed
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ARTM — Additive Regularization of Topic Model [Vorontsov, 2014]

Maximum log-likelihood with regularization criterion R:

D awln D buelea + R(®,0) — max

d,w t

EM-algorithm is a simple iteration method for the system

E-step: [ Ptaw = norm (¢u:bsq)
teT
M-St6p: ¢Wf = norm( Z Ndw Ptdw + §/)wt ddR >
weW deD Pwt
Oy = norm( n + 0 a—R)
td = norm er:d dw Ptdw + Ord 75
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Combining topic models by adding their regularizers

Maximum log-likelihood with additive combination of regularizers:

)

n
danWInZ¢Wt9td+Z;T;R,-(¢,@) — rgag,

where 7; are regularization coefficients.

EM-algorithm is a simple iteration method for the system

(
] . = norm 0
E-step: Ptdw o (¢wt td)
S OR;
M-step: Pwt = norm( Z NdwPtdw + Pwt Z Urw >
weW \ jeb i= "
~ _OR,
Otg = norm( Z Ndw Ptdw —+ Otd Z Ti agt;)
L teT \ yed i=1
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical profiles p(t|d), p(t|w),
p(t|author), p(t|time), p(t|category), p(t|tag), p(t|link),
p(t|object-on-image), p(t|advertising-banner), p(t|users), etc.
and binds all these modalities into a single topic model.
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Multimodal extension of ARTM [Vorontsov, 2015]

W™ is a vocabulary of tokens of m-th modality, m € M
W = W?LU--- WM is a joint vocabulary of all modalities

Maximum multimodal log-likelihood with regularization:

Yo, > ndwln2¢wt9td+R(¢ ©) — max

meM deD wewm
EM-algorithm is a simple iteration method for the system
E-step: = norm 0
p Ptdw pafl (¢Wf td)

M-step: Pwt = Vggm(ng )\m(w Ndw Ptdw + ¢Wf GBI t)

Org = norm< > Am(w) Ndw Prdw + ‘9td39 )
teT \ ed
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BigARTM project: open source for topic modeling

BigARTM features:
o Parallel + online + multimodal + regularized Topic Modeling
@ Out-of-core one-pass processing of Big Data

@ Built-in library of regularizers and quality measures

BigARTM community:

@ Open-source https://github.com/bigartm
(discussion group, issue tracker, pull requests) CD@
@ Documentation http://bigartm.org yART

BigARTM license and programming environment:
@ Freely available for commercial usage (BSD 3-Clause license)
@ Cross-platform — Windows, Linux, Mac OS X (32 bit, 64 bit)
@ Programming APIs: command-line, C++, and Python
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BigARTM simplifies and unifies topic modeling for applications

Stages

Requirements analysis:
Model formalization:

Model inference:

Model implementation:

Model evaluation:

Deployment:

Bayesian Inference for PTMs

ARTM

Requirements analysis

Requirements analysis

Generative model design

predefined user-defined
criteria criteria

Bayesian inference for the
generative model (VI, GS, EP)

One regularized EM-algorithm
for any combination of criteria

Researchers coding (Matlab,

Production code (C++)

Python, R)
Researchers coding (Matlab, predefined user-defined
Python, R) measures measures
Deployment Deployment
conventions: ‘ i1t not unified stages ::: H ::: unified stages :::

Bayesian models require maths and coding at each stage.
Therefore practitioners rarely go beyond a basic LDA model.
ARTM breaks this barrier by unifying the modeling process.
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Benchmarking BigARTM vs. Gensim and Vowpal Wabbit

@ 3.7M articles from Wikipedia, 100K unique words

procs train inference perplexity
BigARTM 1 35 min 72 sec 4000
Gensim.LdaModel 1 369 min 395 sec 4161
VowpalWabbit.LDA 1 73 min 120 sec 4108
BigARTM 4 9 min 20 sec 4061
Gensim.LdaMulticore 4 60 min 222 sec 4111
BigARTM 8 4.5 min 14 sec 4304
Gensim.LdaMulticore 8 57 min 224 sec 4455

@ procs = number of parallel threads
@ inference = time to infer 6,4 for 100K held-out documents
@ perplexity is calculated on held-out documents.

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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The set of useful properties that topic models would have

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

@ For any property X from the list one can easily find the
extensive literature on “X Topic Model”

@ For combinations of two properties “X Y Topic Model”
the volume of literature is modest

@ Publications on combinations of three and more properties
are exceptional

Why?

Literature on Topic Modeling is basically Bayesian.
In Bayesian approach, compound models are very hard to construct.

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Smoothing, sparsing and decorrelation of topics

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

Smoothing background topics t € B C T makes the model robust:
R(¢,0) = Z Z Bt In Py + Z Zatd In6;y — max.
teBweW deD teB
Sparsing subject topics t € S = T\B makes it more interpretable:
R(®,0) = —Z Z Buwe In e — Z Zatdlné?td — max.
teS weW deD teS
Decorrelation make subject topics as different as possible:

R(®) = 7% S ) buwtdus — max.

t,seSweW
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Semi-supervised learning for topic correction

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

Idea is the same as smoothing, except for the role of S, aisg
parameters. Assessors forms “black” and “white” lists of documents
and terms to train each topic in the model individually:

R(®,0) = Z Z Bt In Py + Z Zatd Inf;y — max.

teT weW deD teT

® Butr = [w € W], W, is a white list of terms for topic t
® ayy = [d € D], Dy is a white list of docs for topic t

® Bur =—[we W], W;is a black list of terms for topic t
® (g = — [d € Dt_], D; is a black list of docs for topic t
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Semi-supervised learning for finding relevant topics

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal
short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

Motivation: we want to find all topics about diseases / disasters /
terrorism / inter-ethnic relations / a country / a company /
a product / a politician etc. in social media.

We smooth all topics from Tg C T with a set of “seed words” Wj:

R(®)=r1 Z Z In gyt — max.

te To we W()

Paul, M.J., Dredze, M. Discovering health topics in social media using topic
models. 2014.
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Biterm topic model (BTM) for short texts

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

Short-text topic models are motivated by social media analysis.

We revisit Biterm Topic Model as a regularizer in ARTM:

R(®)=r Z Ny In Z Nt Purdur — Max

u,weW teT

where ny, is a number of co-occurrences of word pair (u, w)
in a short context (sentence or 10-words window).

Xiaohui Yan, Jiafeng Guo, Yanyan Lan, Xueqi Cheng. A Biterm Topic Model
for Short Texts // WWW 2013.
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Word network topic model (WNTM) for short texts

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

Short-text topic models are motivated by social media analysis.
We revisit Word Network Topic Model as a regularizer in ARTM:
R($,0) = Z Nuw Iogz Gutby, — mz(g/(

u,weW teT
where n,,, has the same sense as in Biterm topic model.

Yuan Zuo, Jichang Zhao, Ke Xu. Word Network Topic Model: a simple but
general solution for short and imbalanced texts. 2014.

Berlin Chen. Word Topic Models for spoken document retrieval and
transcription // ACM Trans., 20009.
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The power of multiple modalities

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification  semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

All these properties are special cases of modalities.
Example: regularization for building a level of a topical hierarchy:
R((D, W) = Z Naw In 2 ¢wt"/’ta — rgii(

a,w

where 11, = p(t|a) links a subtopic t with parent topics a.
Then, parent level a € A can be processed as “pseudodocuments”.

N. A. Chirkova, K. V. Vorontsov. Additively Regularized Multimodal Topic
Hierarchies. JMLDA. 2016 (to appear)
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The power of BigARTM

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

BigARTM provides many useful properties out-of-the-box.

Properties to be implemented in the near future:

@ Extendable Topic Model will create new topics and new
vocabulary entries “on-the-fly” (motivated by news flows).

o Distributed computing for huge text collections (motivated by
Exploratory Search in huge collections of scientific papers).

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Topic model for Exploratory Search

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal
short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization
fast online extendable parallel distributed

The main problem of mixing regularizers:
how to determine regularization coefficients 7;

@ greedy coordinate-wide optimization
o fully automatic multicriteria optimization via reinforcement
learning (future work)

A. O. lanina, K. V. Vorontsov Multimodal topic modeling for exploratory search
in collective blog. JMLDA. 2016 (to appear)

Additive Regularization of Topic Models
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Mining ethnical discourse in social media

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

The goal of the ongoing research project:
monitoring the inter-ethnic relations from social media data.

The objectives of Topic Modeling in this project:
© Semi-supervised topic learning: identify ethnic topics form
a list of seed words (ethnonyms)
© Spatio-temporal patterns of the ethnic discourse: event-topics,
location-topics

© Spatio-temporal sentiment analysis of the ethnic discourse

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Example ethnonyms for semi-supervised topic modeling

OCMaHCKUi pycu4
BOCTOYHOEBPONEeNnCcKuii CcMHranypeuy,
3BEHK nepyaHCcKui
LBeLapckas CJIOBEHCKNA
anaHcknia BENCCKUA
caamckui Hurrep
natbiw ageiru
nnToseLl, comanmet|
LblraHKa abxas
XaHTbI-MaHCUACKIA TEMHOKOX W
KapayaeBCKuiA HUurepuet,
KybuHka NATYLWATHUK
raraysckuii kambomxuel,
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Regularization for finding ethnic topics

@ smoothing ethnonyms in ethnic topics
@ sparsing ethnonyms in common topics
°

B - ethnonyms Il - sparsing
[ - smoothing

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Regularization for finding ethnic topics

smoothing ethnonyms in ethnic topics
sparsing ethnonyms in common topics

°
°
@ smoothing non-ethnonyms for common topics
°
°

I - ethnonyms Bl - sparsing
[ - smoothing
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Regularization for finding ethnic topics

smoothing ethnonyms in ethnic topics

sparsing ethnonyms in common topics

°
°
@ smoothing non-ethnonyms in common topics
@ decorrelating ethnic topics

°

B - ethnonyms Il - sparsing
[ - smoothing

D - decorrelation
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Regularization for finding ethnic topics

@ smoothing ethnonyms in ethnic topics

@ sparsing ethnonyms in common topics

@ smoothing non-ethnonyms in common topics

@ decorrelating ethnic topics

@ adding ethnonyms modality and decorrelating their topics

DD

e
= X@

DDDDD
[ - ethnonyms Bl - sparsing
- ethnonyms as modality O - smoothing

D - decorrelation
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Experiment

@ LiveJournal collection: 1.58M of documents
@ 860K of words in the raw vocabulary after lemmatization

@ 90K of words after filtering out

@ short words with length < 2,
@ rare words with n,, < 20 including:
@ non-Russian words, abbreviations, misprints, mangled words,

jargon

@ 250 ethnonyms

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Semi-supervised ARTM for ethnic topic modeling

The number of ethnic topics found by the model:

topic model | ethnic |S| | common |B| || ++ | +— | —+ || total
PLSA 300 9 11 | 18 38
PLSA 400 12 15 17 44
ARTM-6 200 100 18 | 33 | 20 71
ARTM-6 250 150 21 | 27 | 20 68
ARTM-7 300 100 28 | 23 | 23 74
ARTM-7 250 150 22 | 25 | 33 80
ARTM-7 250 150 38 | 42 | 30 104

@ ARTM-6 with 6 regularizers:
@ ethnic topics: sparsing and decorrelating, ethnonyms smoothing
@ common topics: smoothing, ethnonyms sparsing

© ARTM-7 with 7 regularizers:
@ ARTM-6 + ethnonyms as modality

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Ethnic topics examples

(pycckue): pycckmii, KHsI3b, POCCUsl, TaTapuH, BENUKNIA, LapuTb, Lapb, NBaH,
MMNepaTop, NMNepus, rpo3nTh, rocyaapb, BEK, MOCKOBCKasi, eKaTepnHa, MOCKBaA,
(pycckume): akums, OpraHn3auusi, MUTUHT, LBIKEHNE, aKTUBHbIA, MEPONpPUsTME,
COBET, PYCCKMiA, YH4aCTHWK, MOCKBA, OMMO3NLMSA, POCCUS, MNKET, NPOTECT, NPOBeAEHME,
HaLMOHANNCT, NOAAEPXKKA, OOLECTBEHHbIA, NPOBOANTL, yHacTue,

(cnaBsive, BM3aHTMIALLbI): CNABAHCKUN, CBSITOCNAB, XPeL, APEBHUE, NUCbMEHHOCTb,
plOpUK, NeTONNCh, BU3aHTKs, MeddOAMNiA, Xa3apCcKuii, pycckuii, asbyka,

(cvpwiiubl): cnpuiicknii, acag, 60eBuUK, pPaiioH, TEPPOPUCT, YHUHTOXKATL, FPYNNNPOBKA,
AAaMack, Opy>Xue, anecrno, onnosnuuns, onepauns, ceneHune, clua, Hycpa, Typuus,
(Typkm): Typums, Typeukunii, Kypackuii, apaoraH, ctambyn, cTpaHa, KaBkas, rOpuH,
nonnums, NPpeMbep-MNuHUCTP, PErvoH, KYPAWCTaH, aTaTiopK, NapTus,

(MpaHubl): npaH, npaHcKuii, Clia, poccus, aaepHbIli, NPe3naeHT, TerepaH, CUpusi, OOH,
n3paunb, neperosopbl, obamMa, caHKLMs, NCNAMCKNIA,

(nanecTuHubI): TEPPOPUCT, U3pannb, TEPATh, NANECTUHCKAN, NAaNeCTUHEL,
TeppopPNCTNHECKNiA, NanecTnHa, B3PbIB, TEPPUTOPUS, CTPaHa, roCyAapcTeo,
6e3onacHoCTb, apabckuii, OpraHn3auns, NepycannMm, BOEHHbIA, NoAMLMs, ras,
(nuBaHub): NUBaHCKNiA, 6OEBUK, PaiiOH, NMBaH, apMIs, TEPPOPUCT, ani, BOEHHBII,
xu3banna, paHeHblii, yHU4TOXKaTb, CUPUsI, MOAPA3LAENEHNE, KBAPTas, apMeicknii,
(nuBniiybl): NMBaH, AeMOKpaTus, CTpaHa, NMMBUICKNIA, Kagaadu, rocyfapcTeo,
anxkunp, BOiHA, NPaBMTENLCTBO, Clia, apabckuii, anu, myammap, cupus,

(eBpen): nspannb, N3pannbCKNiA, CTpaHa, N3pans, BOHA, HETAHbSXY, TENb-aBUB,
BPeMsi, CLua, CUPUsi, €runeT, Cayyaii, CamMoneT, eBPeicKuii, BOeHHbIN, BavxHuii,

Konstantin Vorontsov (voron®forecsys e Regularization of
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Ethnic topics examples

(ameprqubl): aMepuKaHCKINIA, aMepunKaHKa, BOliHa, pOCCUSl, BOEHHbI, CTpaHa,
BaLUMHITOH, aMepPMKa, apMusi, KOHrPecc, CUPWsi, COK3HbINA, poccuiickunii, obama,
BOIiCKa, PYCCKWii, opy>Kue, onepauus,

(Hemubl): apmusi, BOliHA, BOICKa, COBETCKWIA, BOEHHbIN, ANBU3USA, HeMeL, OPOHT,
HemeuKuii, reHepan, bopT, onepaunsi, 0bopoHa, pycckuii, bor, nobeaa,

(Hemubl): repmaHuii, Hemel, repMaHCcKuii, cccp, HeMeLKuiA, BOliHa, cTapoe,
COBETCKMIA, poccusi, bepesa, pycckuii, NpaBUTENbCTBO, TEPPUTOPUS, NONHbIN,
LOKYMEHT, BONPOC, COPT, AOrOBOP, OTHOLIEHMe, ddopaHLuus,

(eBpeu, HeMU,bI)Z eBpeii, eBpeliCKNiA, XONOAHbIA, repMaHnii, aHTUCEMNTIU3M, reTpa,
Hemel, CMHarora, Cla, W3pauib, MaMHOBCKOro, KOMUCCUS, Haubon, AOKYMEHT,
BoliHa, eBpelika, MUJINOH, yKpauHa,

(ykpauvHubl, HEMLLbI): YKPaUHCKIWiA, YNC, OYH, HEMEL,, HEMELKITi, KOBAaNbKOB, XOXON,
BOJIbIHCKMIA, BaHaepa, opraHn3auunsi, POCCUSIHAH, COBETCKNI, PYCCKWIA, NONLCKMIA,
apMus, LWyxeBuU4a, POBEHCKIIA,

(Tap>xukm, y36ekn): MUrpaHT, CTpaHa, POCCUs, MITPALNsI, a3Us, HENEerasbHBbIii,
MUrpPaLNOHHbIA, TagXKUKNCTaH, ractapbaiiTep, rpaxkaaHka, TpyaoBoii, pabounii, dmc,
KOPEHEBO, CpefHee, y36eknCTaH, TagXXunk, npobnema, pycckuii, HaceneHue,
(kaHapubl): KOMaHAa, Urpa, Urpok, KaHaACKMN, CE30H, XOKKeid, cbopHas, urpats,
b6onenbwmk, nobena, Kybok, cyer, 3abMpaTh, XOKKEAHbIA, BbINTPLIBATH, XOKKENCT,
yemnuoHaT, waiiba,

(ANOHLbI): SINOHCKNIA, SINOHNSA, KOPEesi, KUTalCKNii, Xnanwa, asapusi, dykycumy,
LuyHamu, coobwaTb, OKeaH, CTaHLWsl, XaTUKO, PAiioH, NPaBMTENIbCTBO, aTOMHbIIA,
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Ethnic topics examples

(HopBexubt): AnTsA, pebeHoK, PoaNTLCs, [ETCKMI, CEMbsi, BOCMMTAHHbIA, NpaBo,
BO3pacT, OTeL, BOCMNTAHNE, HOPBEXCKNIA, POANTENbCKNT, POANTL, ManbYylk,
B3pPOC/bIii, Oneka, CbiH,

(Benecyanbubi): kKyba, KacTpo, BeHeCysna, 4aBec, Npe3naeHT, yro, Magypo, bonusus,
dbugens, rnasa, NaTUHCKW, BEHECY3NbCKUY, nuaep, 6onMBapnaHCKoii,
nNpe3snAeHTCKNA, anbeHae, resapy,

(kuTaiiubl): KUTaliCKNiA, poccusi, NpON3BOACTBO, KUTall, NpOAYKUNs, CTpaHa,
npeanpusATie, KOMMAHWsA, TEXHONOINS, BOEHHbI, PermoH, Npon3BoANTb,
NPON3BOACTBEHHbIVi, MPOMbBILUNEHHOCTb, POCCUACKNT, IKOHOMMNYECKNT, KHP,
(a3epbaiipxaHubi): pyccknii, asepbaiigxaH, asepbaiigxaHel, poccus,
asepbaiigyKaHCKniA, TaKCMCT, AMacnopa, aHana, Hapoh, MOCKBA, CTPaHa, apMSIHUH,
CJIOBO, PbIHOK,

(rpy3uHbi): rpy3nHCKUli, CNeUHas, BOEHHbIA, aBrycT, 6aTaluesa, poCCUACKI,
crieuHa30BeL, MPOTBOPEL, onepaunsi, pymbiH, bpuraga, mupoTsop4yeckuii, abxasusi,
rpynna, Bolicka, PyCCKWii, LxuHsane,

(oce'rvmbl): KOHCTUTYL NS, OCETUSA, aMNHAT, PYCCKNT, OCETUHCKNIA, FOXKHbIA, CEBEPHbII,
poccusi, BoliHa, pecnybsimka, BOMPOC, anaxaii, POCCMIACKMIA, HaceneHne, KOHMIINKT,
(ubirane): HapkOTUMK, LbIFaH, LbIFaHKa, XOpoLwnii, MECTO, CTpaHa, AeHbra, BpemMs,
paboTaTb, XKU3Hb, XUTb, PyKa, AOM, LibIFAHCKWV, HAPKOMaHKa,
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News flow control for media planning

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification ~ semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

The goals of the ongoing research project are:

© develop a well-interpretable hierarchical temporal extendable
topic model of the news flow

© develop a solution for filtering and evaluating
topic-and-sentiment structure of the news flow

© incorporate the solution in existing media planning software

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Scenario analysis of call center records

interpretable sparse robust decorrelated multigram
multimodal multilingual hierarchical temporal spacio-temporal

short-text sentence segmentation relational sentiment
supervised classification  semi-supervised  auto-labeled summarization

fast online extendable parallel distributed

The goal of the ongoing research project:

©Q determine typical scenarios of call-center dialogues between
operators and customers

@ elaborate the quantitative measure of how well operator works

© provide online tips for help operator handle customer’s
objections

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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Brief summary

@ ARTM theory opens a way to the “topic modeling alchemy”,
when you simply specify a set of regularizers and obtain
a model with desired properties

@ BigARTM is an open source project for topic modeling. Join!

@ The number of topic modeling applications is growing rapidly,
from expert search and scientific papers mining to media
planning and processing call-center records

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models
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