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What is a �topi
� in a text 
olle
tion

Topi
 is a spe
i�
 terminology of a parti
ular domain area.

Topi
 is a set of 
oherent terms (words or phrases)

that often 
o-o

ur in do
uments.

More formally,

topi
 is a probability distribution over terms:

p(w |t) is (unknown) frequen
y of word w in topi
 t.

do
ument pro�le is a probability distribution over topi
s:

p(t|d) is (unknown) frequen
y of topi
 t in do
ument d .

When writing term w in do
ument d author thought of topi
 t.

Topi
 model tries to un
over latent topi
s in a text 
olle
tion.
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Probabilisti
 Topi
 Model (PTM) is generating a text 
olle
tion

PTM explains how terms w appear in do
uments d from topi
s t:

p(w |d) =
∑

t

p(w |t)p(t|d)
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Inverse problem: text 
olle
tion → PTM

Given: D is a set (
olle
tion) of do
uments

W is a set (vo
abulary) of terms

ndw = how many times term w appears in do
ument d

Find: parameters φwt=p(w |t), θtd =p(t|d) of the topi
 model

p(w |d) =
∑

t

φwtθtd .

under nonnegativity and normalization 
onstraints

φwt > 0,
∑

w∈W

φwt = 1; θtd > 0,
∑

t∈T

θtd = 1.

This is an ill-posed problem of matrix fa
torization:

ΦΘ = (ΦS)(S−1Θ) = Φ′Θ′

Konstantin Vorontsov (voron�fore
sys.ru) Additive Regularization of Topi
 Models 5 / 38



The theory of Topi
 Modeling

The al
hemy of Topi
 Modeling

Appli
ations of Topi
 Modeling

Probabilisti
 topi
 modeling

Additive regularization for topi
 modeling

BigARTM open sour
e proje
t

PLSA � Probabilisti
 Latent Semanti
 Analysis [Hofmann, 1999℄

Constrained maximization of the log-likelihood:

L (Φ,Θ) =
∑

d,w

ndw ln
∑

t

φwtθtd → max
Φ,Θ

EM-algorithm is a simple iteration method for the nonlinear system

E-step:

M-step:







ptdw ≡ p(t|d ,w) = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw

)

where norm
t∈T

xt =
max{xt ,0}∑

s∈T

max{xs ,0}
is ve
tor normalization.
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LDA � Latent Diri
hlet Allo
ation [Blei, Ng, Jordan, 2003℄

Maximum a posteriori probability (MAP) with Diri
hlet prior:

∑

d,w

ndw ln
∑

t

φwtθtd

︸ ︷︷ ︸

log-likelihood L (Φ,Θ)

+
∑

t,w

βw lnφwt +
∑

d,t

αt ln θtd

︸ ︷︷ ︸

regularization 
riterion R(Φ,Θ)

→ max
Φ,Θ

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + βw

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + αt

)
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ARTM � Additive Regularization of Topi
 Model [Vorontsov, 2014℄

Maximum log-likelihood with regularization 
riterion R :

∑

d,w

ndw ln
∑

t

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)
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Combining topi
 models by adding their regularizers

Maximum log-likelihood with additive 
ombination of regularizers:

∑

d,w

ndw ln
∑

t

φwtθtd +

n∑

i=1

τiRi(Φ,Θ) → max
Φ,Θ

,

where τi are regularization 
oe�
ients.

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + φwt
n∑

i=1
τi

∂Ri

∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + θtd
n∑

i=1

τi
∂Ri

∂θtd

)
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Multimodal Probabilisti
 Topi
 Modeling

Multimodal Topi
 Model �nds topi
al pro�les p(t|d), p(t|w),
p(t|author), p(t|time), p(t|
ategory), p(t|tag), p(t|link),
p(t|obje
t-on-image), p(t|advertising-banner), p(t|users), et
.
and binds all these modalities into a single topi
 model.

Topics of documents

Words and keyphrases of topics

doc1:

doc2:

doc3:

doc4:

...

Text documents

Topic
Modeling

D
o
c
u
m
e
n
t
s

T
o
p
i
c
s

Metadata:

Authors
Data Time
Conference
Organization
URL
etc.

Ads Images Links

Users
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Multimodal extension of ARTM [Vorontsov, 2015℄

Wm
is a vo
abulary of tokens of m-th modality, m ∈ M

W = W 1 ⊔ · · · ⊔WM
is a joint vo
abulary of all modalities

Maximum multimodal log-likelihood with regularization:

∑

m∈M

λm
∑

d∈D

∑

w∈Wm

ndw ln
∑

t

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈Wm

(
∑

d∈D

λm(w)ndwptdw + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

λm(w)ndwptdw + θtd
∂R
∂θtd

)
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BigARTM proje
t: open sour
e for topi
 modeling

BigARTM features:

Parallel + online + multimodal + regularized Topi
 Modeling

Out-of-
ore one-pass pro
essing of Big Data

Built-in library of regularizers and quality measures

BigARTM 
ommunity:

Open-sour
e https://github.
om/bigartm

(dis
ussion group, issue tra
ker, pull requests)

Do
umentation http://bigartm.org

BigARTM li
ense and programming environment:

Freely available for 
ommer
ial usage (BSD 3-Clause li
ense)

Cross-platform � Windows, Linux, Ma
 OS X (32 bit, 64 bit)

Programming APIs: 
ommand-line, C++, and Python
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BigARTM simpli�es and uni�es topi
 modeling for appli
ations

Bayesian models require maths and 
oding at ea
h stage.

Therefore pra
titioners rarely go beyond a basi
 LDA model.

ARTM breaks this barrier by unifying the modeling pro
ess.
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Ben
hmarking BigARTM vs. Gensim and Vowpal Wabbit

3.7M arti
les from Wikipedia, 100K unique words

pro
s train inferen
e perplexity

BigARTM 1 35 min 72 se
 4000

Gensim.LdaModel 1 369 min 395 se
 4161

VowpalWabbit.LDA 1 73 min 120 se
 4108

BigARTM 4 9 min 20 se
 4061

Gensim.LdaMulti
ore 4 60 min 222 se
 4111

BigARTM 8 4.5 min 14 se
 4304

Gensim.LdaMulti
ore 8 57 min 224 se
 4455

pro
s = number of parallel threads

inferen
e = time to infer θd for 100K held-out do
uments

perplexity is 
al
ulated on held-out do
uments.
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The set of useful properties that topi
 models would have

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

For any property X from the list one 
an easily �nd the

extensive literature on �X Topi
 Model�

For 
ombinations of two properties �X Y Topi
 Model�

the volume of literature is modest

Publi
ations on 
ombinations of three and more properties

are ex
eptional

Why?

Literature on Topi
 Modeling is basi
ally Bayesian.

In Bayesian approa
h, 
ompound models are very hard to 
onstru
t.
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Smoothing, sparsing and de
orrelation of topi
s

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

Smoothing ba
kground topi
s t ∈ B ⊂ T makes the model robust:

R(Φ,Θ) =
∑

t∈B

∑

w∈W

βwt lnφwt +
∑

d∈D

∑

t∈B

αtd ln θtd → max .

Sparsing subje
t topi
s t ∈ S = T\B makes it more interpretable:

R(Φ,Θ) = −
∑

t∈S

∑

w∈W

βwt lnφwt −
∑

d∈D

∑

t∈S

αtd ln θtd → max .

De
orrelation make subje
t topi
s as di�erent as possible:

R(Φ) = −
τ

2

∑

t,s∈S

∑

w∈W

φwtφws → max .
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Semi-supervised learning for topi
 
orre
tion

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

Idea is the same as smoothing, ex
ept for the role of βwt , αtd

parameters. Assessors forms �bla
k� and �white� lists of do
uments

and terms to train ea
h topi
 in the model individually:

R(Φ,Θ) =
∑

t∈T

∑

w∈W

βwt lnφwt +
∑

d∈D

∑

t∈T

αtd ln θtd → max .

βwt =
[
w ∈ W+

t

]
, Wt is a white list of terms for topi
 t

αtd =
[
d ∈ D+

t

]
, Dt is a white list of do
s for topi
 t

βwt = −
[
w ∈ W−

t

]
, Wt is a bla
k list of terms for topi
 t

αtd = −
[
d ∈ D−

t

]
, Dt is a bla
k list of do
s for topi
 t
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Semi-supervised learning for �nding relevant topi
s

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

Motivation: we want to �nd all topi
s about diseases / disasters /

terrorism / inter-ethni
 relations / a 
ountry / a 
ompany /

a produ
t / a politi
ian et
. in so
ial media.

We smooth all topi
s from T0 ⊂ T with a set of �seed words� W0:

R(Φ) = τ
∑

t∈T0

∑

w∈W0

lnφwt → max .

Paul, M.J., Dredze, M. Dis
overing health topi
s in so
ial media using topi


models. 2014.
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Biterm topi
 model (BTM) for short texts

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

Short-text topi
 models are motivated by so
ial media analysis.

We revisit Biterm Topi
 Model as a regularizer in ARTM:

R(Φ) = τ
∑

u,w∈W

nuw ln
∑

t∈T

ntφutφwt → max

where nuw is a number of 
o-o

urren
es of word pair (u,w)
in a short 
ontext (senten
e or 10-words window).

Xiaohui Yan, Jiafeng Guo, Yanyan Lan, Xueqi Cheng. A Biterm Topi
 Model

for Short Texts // WWW 2013.
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Word network topi
 model (WNTM) for short texts

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

Short-text topi
 models are motivated by so
ial media analysis.

We revisit Word Network Topi
 Model as a regularizer in ARTM:

R(Φ,Θ′) =
∑

u,w∈W

nuw log
∑

t∈T

φutθ
′
tw → max

Φ,Θ′

where nuw has the same sense as in Biterm topi
 model.

Yuan Zuo, Ji
hang Zhao, Ke Xu. Word Network Topi
 Model: a simple but

general solution for short and imbalan
ed texts. 2014.

Berlin Chen. Word Topi
 Models for spoken do
ument retrieval and

trans
ription // ACM Trans., 2009.
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The power of multiple modalities

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

All these properties are spe
ial 
ases of modalities.

Example: regularization for building a level of a topi
al hierar
hy:

R(Φ,Ψ) =
∑

a,w

naw ln
∑

t

φwtψta → max
Φ,Ψ

where ψta = p(t|a) links a subtopi
 t with parent topi
s a.

Then, parent level a ∈ A 
an be pro
essed as �pseudodo
uments�.

N. A. Chirkova, K. V. Vorontsov. Additively Regularized Multimodal Topi


Hierar
hies. JMLDA. 2016 (to appear)
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The power of BigARTM

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation 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 Topi
 Model will 
reate new topi
s and new

vo
abulary entries �on-the-�y� (motivated by news �ows).

Distributed 
omputing for huge text 
olle
tions (motivated by

Exploratory Sear
h in huge 
olle
tions of s
ienti�
 papers).
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Topi
 model for Exploratory Sear
h

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

The main problem of mixing regularizers:

how to determine regularization 
oe�
ients τi

greedy 
oordinate-wide optimization

fully automati
 multi
riteria optimization via reinfor
ement

learning (future work)

A. O. Ianina, K. V. Vorontsov Multimodal topi
 modeling for exploratory sear
h

in 
olle
tive blog. JMLDA. 2016 (to appear)
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The theory of Topi
 Modeling

The al
hemy of Topi
 Modeling

Appli
ations of Topi
 Modeling

Mining ethni
al dis
ourse in so
ial media

News �ow 
ontrol for media planning

S
enario analysis of 
all 
enter re
ords

Mining ethni
al dis
ourse in so
ial media

interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

The goal of the ongoing resear
h proje
t:

monitoring the inter-ethni
 relations from so
ial media data.

The obje
tives of Topi
 Modeling in this proje
t:

1

Semi-supervised topi
 learning: identify ethni
 topi
s form

a list of seed words (ethnonyms)

2

Spatio-temporal patterns of the ethni
 dis
ourse: event-topi
s,

lo
ation-topi
s

3

Spatio-temporal sentiment analysis of the ethni
 dis
ourse
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Example ethnonyms for semi-supervised topi
 modeling

îñìàíñêèé ðóñè÷

âîñòî÷íîåâðîïåéñêèé ñèíãàïóðåö

ýâåíê ïåðóàíñêèé

øâåéöàðñêàÿ ñëîâåíñêèé

àëàíñêèé âåïññêèé

ñààìñêèé íèããåð

ëàòûø àäûãè

ëèòîâåö ñîìàëèåö

öûãàíêà àáõàç

õàíòû-ìàíñèéñêèé òåìíîêîæèé

êàðà÷àåâñêèé íèãåðèåö

êóáèíêà ëÿãóøàòíèê

ãàãàóçñêèé êàìáîäæèåö
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Regularization for �nding ethni
 topi
s

smoothing ethnonyms in ethni
 topi
s

sparsing ethnonyms in 
ommon topi
s

smoothing non-ethnonyms in 
ommon topi
s

de
orrelating ethni
 topi
s

adding ethnonyms modality and de
orrelating their topi
s
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Experiment

LiveJournal 
olle
tion: 1.58M of do
uments

860K of words in the raw vo
abulary after lemmatization

90K of words after �ltering out

short words with length 6 2,
rare words with nw < 20 in
luding:

non-Russian words, abbreviations, misprints, mangled words,

jargon

250 ethnonyms
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Semi-supervised ARTM for ethni
 topi
 modeling

The number of ethni
 topi
s found by the model:

topi
 model ethni
 |S | 
ommon |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:

ethni
 topi
s: sparsing and de
orrelating, ethnonyms smoothing


ommon topi
s: smoothing, ethnonyms sparsing

ARTM-7 with 7 regularizers:

ARTM-6 + ethnonyms as modality
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s examples

(ðóññêèå): ðóññêèé, êíÿçü, ðîññèÿ, òàòàðèí, âåëèêèé, öàðèòü, öàðü, èâàí,

èìïåðàòîð, èìïåðèÿ, ãðîçèòü, ãîñóäàðü, âåê, ìîñêîâñêàÿ, åêàòåðèíà, ìîñêâà,

(ðóññêèå): àêöèÿ, îðãàíèçàöèÿ, ìèòèíã, äâèæåíèå, àêòèâíûé, ìåðîïðèÿòèå,

ñîâåò, ðóññêèé, ó÷àñòíèê, ìîñêâà, îïïîçèöèÿ, ðîññèÿ, ïèêåò, ïðîòåñò, ïðîâåäåíèå,

íàöèîíàëèñò, ïîääåðæêà, îáùåñòâåííûé, ïðîâîäèòü, ó÷àñòèå,

(ñëàâÿíå, âèçàíòèéöû): ñëàâÿíñêèé, ñâÿòîñëàâ, æðåö, äðåâíèå, ïèñüìåííîñòü,

ðþðèê, ëåòîïèñü, âèçàíòèÿ, ìå�îäèé, õàçàðñêèé, ðóññêèé, àçáóêà,

(ñèðèéöû): ñèðèéñêèé, àñàä, áîåâèê, ðàéîí, òåððîðèñò, óíè÷òîæàòü, ãðóïïèðîâêà,

äàìàñê, îðóæèå, àëåñèî, îïïîçèöèÿ, îïåðàöèÿ, ñåëåíèå, ñøà, íóñðà, òóðöèÿ,

(òóðêè): òóðöèÿ, òóðåöêèé, êóðäñêèé, ýðäîãàí, ñòàìáóë, ñòðàíà, êàâêàç, ãîðèí,

ïîëèöèÿ, ïðåìüåð-ìèíèñòð, ðåãèîí, êóðäèñòàí, àòàòþðê, ïàðòèÿ,

(èðàíöû): èðàí, èðàíñêèé, ñøà, ðîññèÿ, ÿäåðíûé, ïðåçèäåíò, òåãåðàí, ñèðèÿ, îîí,

èçðàèëü, ïåðåãîâîðû, îáàìà, ñàíêöèÿ, èñëàìñêèé,

(ïàëåñòèíöû): òåððîðèñò, èçðàèëü, òåðÿòü, ïàëåñòèíñêèé, ïàëåñòèíåö,

òåððîðèñòè÷åñêèé, ïàëåñòèíà, âçðûâ, òåððèòîðèÿ, ñòðàíà, ãîñóäàðñòâî,

áåçîïàñíîñòü, àðàáñêèé, îðãàíèçàöèÿ, èåðóñàëèì, âîåííûé, ïîëèöèÿ, ãàç,

(ëèâàíöû): ëèâàíñêèé, áîåâèê, ðàéîí, ëèâàí, àðìèÿ, òåððîðèñò, àëè, âîåííûé,

õèçáàëëà, ðàíåíûé, óíè÷òîæàòü, ñèðèÿ, ïîäðàçäåëåíèå, êâàðòàë, àðìåéñêèé,

(ëèâèéöû): ëèâàí, äåìîêðàòèÿ, ñòðàíà, ëèâèéñêèé, êàääà�è, ãîñóäàðñòâî,

àëæèð, âîéíà, ïðàâèòåëüñòâî, ñøà, àðàáñêèé, àëè, ìóàììàð, ñèðèÿ,

(åâðåè): èçðàèëü, èçðàèëüñêèé, ñòðàíà, èçðàèë, âîéíà, íåòàíüÿõó, òåëü-àâèâ,

âðåìÿ, ñøà, ñèðèÿ, åãèïåò, ñëó÷àé, ñàìîëåò, åâðåéñêèé, âîåííûé, áëèæíèé,
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(àìåðèêàíöû): àìåðèêàíñêèé, àìåðèêàíêà, âîéíà, ðîññèÿ, âîåííûé, ñòðàíà,

âàøèíãòîí, àìåðèêà, àðìèÿ, êîíãðåññ, ñèðèÿ, ñîþçíûé, ðîññèéñêèé, îáàìà,

âîéñêà, ðóññêèé, îðóæèå, îïåðàöèÿ,

(íåìöû): àðìèÿ, âîéíà, âîéñêà, ñîâåòñêèé, âîåííûé, äèâèçèÿ, íåìåö, �ðîíò,

íåìåöêèé, ãåíåðàë, áîðò, îïåðàöèÿ, îáîðîíà, ðóññêèé, áîã, ïîáåäà,

(íåìöû): ãåðìàíèé, íåìåö, ãåðìàíñêèé, ñññð, íåìåöêèé, âîéíà, ñòàðîå,

ñîâåòñêèé, ðîññèÿ, áåðåçà, ðóññêèé, ïðàâèòåëüñòâî, òåððèòîðèÿ, ïîëíûé,

äîêóìåíò, âîïðîñ, ñîðò, äîãîâîð, îòíîøåíèå, �ðàíöèÿ,

(åâðåè, íåìöû): åâðåé, åâðåéñêèé, õîëîäíûé, ãåðìàíèé, àíòèñåìèòèçì, ãåòðà,

íåìåö, ñèíàãîãà, ñøà, èçðàèëü, ìàëèíîâñêîãî, êîìèññèÿ, íàöáîë, äîêóìåíò,

âîéíà, åâðåéêà, ìèëëèîí, óêðàèíà,

(óêðàèíöû, íåìöû): óêðàèíñêèé, óïñ, îóí, íåìåö, íåìåöêèé, êîâàëüêîâ, õîõîë,

âîëûíñêèé, áàíäåðà, îðãàíèçàöèÿ, ðîññèÿíèí, ñîâåòñêèé, ðóññêèé, ïîëüñêèé,

àðìèÿ, øóõåâè÷à, ðîâåíñêèé,

(òàäæèêè, óçáåêè): ìèãðàíò, ñòðàíà, ðîññèÿ, ìèãðàöèÿ, àçèÿ, íåëåãàëüíûé,

ìèãðàöèîííûé, òàäæèêèñòàí, ãàñòàðáàéòåð, ãðàæäàíêà, òðóäîâîé, ðàáî÷èé, �ìñ,

êîðåíåâî, ñðåäíåå, óçáåêèñòàí, òàäæèê, ïðîáëåìà, ðóññêèé, íàñåëåíèå,

(êàíàäöû): êîìàíäà, èãðà, èãðîê, êàíàäñêèé, ñåçîí, õîêêåé, ñáîðíàÿ, èãðàòü,

áîëåëüùèê, ïîáåäà, êóáîê, ñ÷åò, çàáèðàòü, õîêêåéíûé, âûèãðûâàòü, õîêêåèñò,

÷åìïèîíàò, øàéáà,

(ÿïîíöû): ÿïîíñêèé, ÿïîíèÿ, êîðåÿ, êèòàéñêèé, æèëèùà, àâàðèÿ, �óêóñèìó,

öóíàìè, ñîîáùàòü, îêåàí, ñòàíöèÿ, õàòèêî, ðàéîí, ïðàâèòåëüñòâî, àòîìíûé,
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(íîðâåæöû): äèòÿ, ðåáåíîê, ðîäèòüñÿ, äåòñêèé, ñåìüÿ, âîñïèòàííûé, ïðàâî,

âîçðàñò, îòåö, âîñïèòàíèå, íîðâåæñêèé, ðîäèòåëüñêèé, ðîäèòü, ìàëü÷èê,

âçðîñëûé, îïåêà, ñûí,

(âåíåñóýëüöû): êóáà, êàñòðî, âåíåñóýëà, ÷àâåñ, ïðåçèäåíò, óãî, ìàäóðî, áîëèâèÿ,

�èäåëü, ãëàâà, ëàòèíñêèé, âåíåñóýëüñêèé, ëèäåð, áîëèâàðèàíñêîé,

ïðåçèäåíòñêèé, àëüåíäå, ãåâàðó,

(êèòàéöû): êèòàéñêèé, ðîññèÿ, ïðîèçâîäñòâî, êèòàé, ïðîäóêöèÿ, ñòðàíà,

ïðåäïðèÿòèå, êîìïàíèÿ, òåõíîëîãèÿ, âîåííûé, ðåãèîí, ïðîèçâîäèòü,

ïðîèçâîäñòâåííûé, ïðîìûøëåííîñòü, ðîññèéñêèé, ýêîíîìè÷åñêèé, êíð,

(àçåðáàéäæàíöû): ðóññêèé, àçåðáàéäæàí, àçåðáàéäæàíåö, ðîññèÿ,

àçåðáàéäæàíñêèé, òàêñèñò, äèàñïîðà, àíàïà, íàðîä, ìîñêâà, ñòðàíà, àðìÿíèí,

ñëîâî, ðûíîê,

(ãðóçèíû): ãðóçèíñêèé, ñïåöíàç, âîåííûé, àâãóñò, áàòàøåâà, ðîññèéñêèé,

ñïåöíàçîâåö, ìèðîòâîðåö, îïåðàöèÿ, ðóìûí, áðèãàäà, ìèðîòâîð÷åñêèé, àáõàçèÿ,

ãðóïïà, âîéñêà, ðóññêèé, öõèíâàëå,

(îñåòèíû): êîíñòèòóöèÿ, îñåòèÿ, àìèíàò, ðóññêèé, îñåòèíñêèé, þæíûé, ñåâåðíûé,

ðîññèÿ, âîéíà, ðåñïóáëèêà, âîïðîñ, àëàõàé, ðîññèéñêèé, íàñåëåíèå, êîí�ëèêò,

(öûãàíå): íàðêîòèê, öûãàí, öûãàíêà, õîðîøèé, ìåñòî, ñòðàíà, äåíüãà, âðåìÿ,

ðàáîòàòü, æèçíü, æèòü, ðóêà, äîì, öûãàíñêèé, íàðêîìàíêà,
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interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

The goals of the ongoing resear
h proje
t are:

1

develop a well-interpretable hierar
hi
al temporal extendable

topi
 model of the news �ow

2

develop a solution for �ltering and evaluating

topi
-and-sentiment stru
ture of the news �ow

3

in
orporate the solution in existing media planning software
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interpretable sparse robust de
orrelated multigram

multimodal multilingual hierar
hi
al temporal spa
io-temporal

short-text senten
e segmentation relational sentiment

supervised 
lassi�
ation semi-supervised auto-labeled summarization

fast online extendable parallel distributed

The goal of the ongoing resear
h proje
t:

1

determine typi
al s
enarios of 
all-
enter dialogues between

operators and 
ustomers

2

elaborate the quantitative measure of how well operator works

3

provide online tips for help operator handle 
ustomer's

obje
tions
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Brief summary

ARTM theory opens a way to the �topi
 modeling al
hemy�,

when you simply spe
ify a set of regularizers and obtain

a model with desired properties

BigARTM is an open sour
e proje
t for topi
 modeling. Join!

The number of topi
 modeling appli
ations is growing rapidly,

from expert sear
h and s
ienti�
 papers mining to media

planning and pro
essing 
all-
enter re
ords
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