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Example. Multilingual topi model of Wikipedia

216 175 of Russian�English parallel not-aligned artiles.

Top 10 words and their probabilities p(w |t) in %:

topi #68 topi #79

researh 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

tehnology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56

engineering 2.63 ïðîãðàììà 3.17 lub 3.76 ñáîðíàÿ 4.51

institute 2.37 ó÷åáíûé 2.75 season 3.49 �ê 3.25

siene 1.97 òåõíè÷åñêèé 2.70 sored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 up 2.57 êëóá 3.14

eduation 1.44 íàó÷íûé 1.76 goal 2.48 �óòáîëèñò 2.67

ampus 1.43 èññëåäîâàíèå 1.67 apps 1.74 ãîë 2.65

management 1.38 íàóêà 1.64 debut 1.69 çàáèâàòü 2.53

programs 1.36 îáðàçîâàíèå 1.47 math 1.67 êîìàíäà 2.14

Assessors evaluated 396 topis from 400 as paired and interpretable.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.
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Example. Multilingual topi model of Wikipedia

216 175 of Russian�English parallel not-aligned artiles.

Top 10 words and their probabilities p(w |t) in %:

topi #88 topi #251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05

ondutor 1.69 îïåðíûé 3.13 mirosoft 4.03 mirosoft 3.76

orhestra 1.14 äèðèæåð 2.82 server 2.93 âåðñèÿ 1.86

wagner 0.97 ïåâåö 1.65 software 1.38 ïðèëîæåíèå 1.86

soprano 0.78 ïåâèöà 1.51 user 1.03 ñåðâåð 1.63

performane 0.78 òåàòð 1.14 seurity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mithell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 orale 0.82 ïîëüçîâàòåëü 1.04

singing 0.69 âàãíåð 0.90 enterprise 0.78 îáåñïå÷åíèå 1.02

operas 0.68 îðêåñòð 0.82 users 0.78 ñèñòåìà 0.96

Assessors evaluated 396 topis from 400 as paired and interpretable.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.
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What is a �topi� in a text olletion

Intuitively,

Topi is a spei� terminology of a partiular domain area

Topi is a set of terms that often o-our in douments

More formally,

topi is a probability distribution over terms (words, tokens):

p(w |t) is the frequeny of term w in topi t

doument pro�le is a probability distribution over topis:

p(t|d) is the frequeny of topi t in doument d

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

Topi model unovers the set T of latent topis in a text olletion.
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Problem setup

Given: a set of terms W , a set of douments D,

ndw = how many times term w appears in doument d

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

p(w |d) =
∑

t∈T

φwtθtd =
∑

t∈T

p(w |t)p(t|d).

subjet to φwt > 0,
∑

w φwt = 1, θtd > 0,
∑

t θtd = 1.

This is a problem of nonnegative matrix fatorization:
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Well-posed and ill-posed problems in the sense of Hadamard (1923)

The problem is well-posed if

a solution exists,

the solution is unique,

the solution is stable

w.r.t. initial onditions.

Jaques Hadamard

(1865�1963)

Matrix fatorization is an ill-posed inverse problem.

If (Φ,Θ) is a solution, then (Φ′,Θ′) is also the solution:

Φ′Θ′ = (ΦS)(S−1Θ), where rank S = |T |

L (Φ′,Θ′) = L (Φ,Θ)

L (Φ′,Θ′) 6 L (Φ,Θ) + ε for approximate solutions

Additional regularizing riteria should narrow the set of solutions.

Konstantin Vorontsov (voron�foresys.ru) Fast and modular regularized topi modeling 8 / 25



Theory

Implementation

Appliations

Probabilisti topi modeling

The additive regularization framework

The bag-of-regularizers

ARTM � Additive Regularization of Topi Model

Maximum log-likelihood with additive ombination of regularizers:

∑

d,w

ndw ln
∑

t

φwtθtd+R(Φ,Θ) → max
Φ,Θ

, R(Φ,Θ) =
n

∑

i=1

τiRi (Φ,Θ)

where τi are regularization oe�ients.

EM-algorithm is a simple iteration method for solving 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

)

where norm
t∈T

xt =
max{xt ,0}∑

s∈T

max{xs ,0}
is vetor normalization.
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Multimodal Probabilisti Topi Modeling

Multimodal Topi Model �nds topi distributions of terms p(w |t)
and other modalities: p(author|t), p(time|t), p(ategory|t),
p(tag|t), p(link|t), p(objet-on-image|t), p(user|t), et.

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

Wm
is a voabulary of tokens of m-th modality, m ∈ M.

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

)

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova, A.Ianina. Non-Bayesian

additive regularization for multimodal topi modeling of large olletions. 2015.
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Regularizers for the interpretability of topis

background
Smoothing bakground topis B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse
Sparsing subjet domain topis S = T \ B :

R(Φ,Θ) = −β0
∑

t∈S

∑

w

βw lnφwt − α0

∑

d

∑

t∈S

αt ln θtd

decorrelated
Making topis as di�erent as possible:

R(Φ) = −
τ

2

∑

t,s

∑

w

φwtφws

interpretable

Making topis more interpretable

by ombining the above regularizers
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Many Bayesian PTMs an be reinterpreted as regularizers in ARTM

hierarchy
Hierarhial links between topis t and subtopis s:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst .

temporal
Topis dynamis over the modality of time intervals i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣

∣φit − φi−1,t

∣

∣.

regression Linear preditive model ŷd = 〈v , θd 〉 for douments:

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2
.

n of topics
Sparsing p(t) for topi seletion:

R(Θ) = −τ
∑

t∈T

1

|T |
ln p(t), p(t) =

∑

d

p(d)θtd .
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Speial ases of the multimodal topi modeling

supervised

The modalities of lasses or ategories

for text lassi�ation and ategorization.

multilanguage The modalities of languages with translation ditionary

πuwt = p(u|w , t) for the k → ℓ language pair:

R(Φ,Π) = τ
∑

u∈W k

∑

t∈T

nut ln
∑

w∈W ℓ

πuwtφwt

graph
The modality of graph verties v with do sets Dv :

R(Φ) = −
τ

2

∑

(u,v)∈E

Suv
∑

t∈T

n2t

( φvt

|Dv |
−
φut

|Du|

)2
.

geospatial
The modality of geoloations g with proximity Sgg ′

:

R(Φ) = −
τ

2

∑

g ,g ′∈G

Sgg ′

∑

t∈T

n2t

(φgt

ng
−
φg ′t

ng ′

)2
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Beyond the �bag-of-words� restritive hypothesis

n-gram

The modalities of n-grams, olloations, named entities

syntax

The modality of n-grams after SyntaxNet preproessing

coherence
Modeling o-ourrene data nuv for biterms (u, v):

R(Φ) = τ
∑

u,v

nuv ln
∑

t

ntφutφvt

segmentation

E-step regularization a�eting p(t|d ,w) distributions for
segmentation and sentene topi models
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BigARTM: open soure for fast modular topi modeling

BigARTM features:

Parallel + online + multimodal + regularized Topi Modeling

Out-of-ore one-pass proessing of large text olletions

Built-in library of regularizers and quality measures

BigARTM ommunity:

Open-soure https://github.om/bigartm

(disussion group, issue traker, pull requests)

Doumentation http://bigartm.org

BigARTM liense and programming environment:

Freely available for ommerial usage (BSD 3-Clause liense)

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

Programming APIs: ommand-line, C++, and Python
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Why BigARTM simpli�es topi modeling for appliations

Bayesian modeling requires maths and oding at eah stage.

ARTM introdues the modular LEGO-style tehnology, paking

eah our requirement into a ready-to-use uni�ed building blok.
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Benhmarking BigARTM vs. Gensim and Vowpal Wabbit

3.7M artiles from Wikipedia, 100K unique words

T = 50 T = 200

pros time, m perplexity time, m perplexity

BigARTM 1 42 5117 83 3347

BigARTM asyn 1 25 5131 53 3362

VowpalWabbit 1 50 5413 154 3960

Gensim 1 142 4945 637 3241

BigARTM 4 12 5216 26 3520

BigARTM asyn 4 7 5353 16 3634

Gensim 4 88 5311 315 3583

BigARTM 8 8 5648 15 3929

BigARTM asyn 8 5 6220 10 4309

Gensim 8 88 6344 288 4263

D.Kohedykov, M.Apishev, L.Golitsyn, K.Vorontsov Fast and Modular

Regularized Topi Modelling. FRUCT ISMW, 2017.
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Mining ethnial disourse in soial media

Goal: �nd topis about inter-ethni relations

using 300 ethnonyms as seed words or modality

The bag-of-regularizers:

L

(

PLSA
)

+ R

(

interpretable
)

+ R

(

multimodal
)

+ R

(

temporal
)

+ R

(

geospatial
)

+ R

(

sentiment
)

→ max

Result: the number of ethnially relevant topis augmented

from 45 for baseline model (LDA) to 83 for ARTM.

Apishev, Koltov, Koltsova, Nikolenko, Vorontsov. Additive regularization for

topi modeling in soiologial studies of user-generated text ontent. 2016.
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Exploratory searh in teh news

Goal: exploratory searh by long text queries

in digital libraries and teh news.

The bag-of-regularizers:

L

(

PLSA
)

+ R

(

interpretable
)

+ R

(

multimodal
)

+ R

(

n-gram
)

→ max

Results:

Preision and Reall augmented +8% on Habrahabr.ru and

TehCrunh.om teh news olletions.

Preision and Reall are omparable with assessors' quality.

The topi-based searh engine instantly performs the work

that people typially omplete in about 30 minutes.

A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh

in teh news. AINL, 2017.
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Preision and Reall: omparison against baselines

TehCrunh.om text olletion, 760K douments

Preision and Reall at top k searh result positions

5 10 15 20
k

0.6

0.7

0.8

0.9

1.0
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ec
isi
on

@
k

ARTM
Assessors
TF-IDF
LDA
PLSA

5 10 15 20
k
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0.8

0.9
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ARTM
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Assessors
LDA
PLSA

A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh

in teh news. AINL, 2017.
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Topi detetion and traking in news for media planning

Goal: the development of an interpretable

hierarhial temporal dynami topi model

of the news �ow.

The bag-of-regularizers:

L

(

PLSA
)

+ R

(

interpretable
)

+ R

(

hierarchy
)

+ R

(

temporal
)

+R

(

multimodal
)

+R

(

n-gram
)

+ R

(

multilanguage
)

+R

(

sentiment
)

→ max

Results: ... (ongoing projet)
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Senario analysis of all enter reords

Goals:

determine typial senarios of dialogues

between operators and ustomers

elaborate the quantitative measure of how well operator works

provide online tips for help operator handle ustomer's objetions

The bag-of-regularizers:

L

(

PLSA
)

+ R

(

interpretable
)

+ R

(

segmentation
)

+ R

(

n-gram
)

+ R

(

syntax
)

+ R

(

sentence
)

+ R

(

dialog
)

→ max

Result: the quality of segmentation augmented

from 40% for baselines to 75% for ARTM
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Brief summary

ARTM is a non-Bayesian regularization framework for PTM

ARTM gives the easy way to formalize and ombine PTMs

ARTM makes it easier to understand and explain PTMs

ARTM originates the modular �LEGO-style� PTM tehnology

BigARTM: open soure implementation of ARTM

Ongoing projets: news, all-enter dialogs, bank transations.

http://bigartm.org

Welome to use and make ontributions!
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