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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.

Konstantin Vorontsov (voron�foresys.ru) Topi Modeling of Large Text Colletions 4 / 35



Theory

Implementation

Appliations

Probabilisti topi modeling

ARTM: Additive Regularization for Topi Modeling

Multimodal ARTM

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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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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PLSA � Probabilisti Latent Semanti Analysis [T.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 vetor normalization.
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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.
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LDA � Latent Dirihlet Alloation [D.Blei, A.Ng, M.Jordan, 2003℄

Maximum a posteriori probability (MAP) with Dirihlet prior.

The prior an be reinterpreted as ross-entropy minimization:

∑

d,w

ndw ln
∑

t

φwtθtd

︸ ︷︷ ︸

log-likelihood L (Φ,Θ)

+
∑

t,w

βw lnφwt +
∑

d,t

αt ln θtd

︸ ︷︷ ︸

ross-entropy regularization

→ 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 for Topi Modeling

Maximum log-likelihood with regularization riterion R(Φ,Θ):

∑

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

)

K.Vorontsov. Additive regularization for topi models of text olletions. 2014.
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Combining topi models via additive regularization

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 +
n∑

i=1
τiφwt

∂Ri

∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw +
n∑

i=1

τiθtd
∂Ri

∂θtd

)

K.Vorontsov, A.Potapenko. Additive regularization of topi models. Mahine Learning, 2015.
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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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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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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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Regularizers for the interpretability of topis

background
LDA: Smoothing bakground topis B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse
�Anti-LDA�: 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 .

Konstantin Vorontsov (voron�foresys.ru) Topi Modeling of Large Text Colletions 18 / 35



Theory

Implementation

Appliations

BigARTM projet

The regularizers zoo

Benhmarking

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� (too restritive) hypothesis

n-gram

The modalities of n-grams, olloations, named entities

syntax

The modality of n-grams after SyntaxNet preproessing

segmentation
E-step regularization a�eting p(t|d ,w) distributions for
segmentation and sentene topi models

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

R(Φ) = τ
∑

u,v

nuv ln
∑

t

ntφutφvt
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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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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, L.Golitsyn, 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

Pr
ec
isi
on

@
k

ARTM
Assessors
TF-IDF
LDA
PLSA

5 10 15 20
k

0.6

0.7

0.8

0.9

1.0

Re
ca
ll@

k

ARTM
TF-IDF
Assessors
LDA
PLSA

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

in teh news. AINL, 2017.
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Sparse topially interpretable probabilisti word embeddings

Goal: build additively regularizable

probabilisti word embeddings p(t|w) with
sparse interpretable topial oordinates and

semanti properties similar to word2ve.

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
co-occurence

)

+ R

(
sparse

)

+ R

(
multimodal

)

→ max

Results:

Word vetor oordinates are sparse and interpretable

Performane on word similarity tasks is omparable

Performane on doument similarity tasks is better

Modalities improve word similarity performane

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL, 2017.
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WNTM: Word Network Topi Model

Idea: let us model loal ontexts of words instead of douments.

du � pseudo-doument that ollets all ontexts of the word u.

nuw � the number of o-ourrenes of words w and u.

The ontext is a short message / sentene / window of ±h words.

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

general solution for short and imbalaned texts. 2014.
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Examples of vetor operations in word similarity tasks

Take the best of the two approahes:

ARTM: sparse interpretable vetor omponents

word2ve: interpretable vetor addition and subtration

vetor operation ARTM result word2ve result

king � boy + girl

queen, priness,

lord, prine

queen, priness,

regnant, kings

mosow � russia + spain

madrid, barelona,

aires, buenos

madrid, barelona,

valladolid, malaga

india � russia + ruble

rupee, birbhum,

pradesh, madhaya

rupee, rupiah,

devalued, debased

ars � ar + omputer

omputers, software,

servers,

implementations

omputers, software,

hardware,

miroomputers

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Quantitative estimation on word similarity tasks

Wikipedia 2016-01-13 dump, |W | = 100K, sparsity 93%.

Baselines: LDA, SVD-PPMI, SGNS (word2ve).

ARTM-based PWE (probabilisti word embeddings):

o�ine, online, online with sparsing.

WordSim

similarity

WordSim

relatedness

WordSim

joint

Bruni et

al. MEN

Radinsky

m.turk

LDA 0.530 0.455 0.474 0.583 0.483

SVD-PPMI 0.711 0.648 0.672 0.236 0.616

SGNS 0.752 0.632 0.666 0.745 0.661

ARTM o� 0.701 0.615 0.647 0.707 0.613

ARTM on 0.718 0.673 0.685 0.669 0.639

ARTM on sp 0.728 0.672 0.680 0.675 0.635

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Qualitative estimation of the interpretability (some examples)

No interpretability for SGNS (word2ve):

1

avg hearth so protetor deomposition whip stohasti sewer splinter aessory

howie thief thermodynami boltzmann equilibrium kingship unonsious

2

rainy mioene snowy horner fb triassi eleventh amadeus dams tenth mesozoi

fourteenth thirteenth ninth diaries bight demographis seventh almana eoene

3

gnis usda bloomberg usgs regulator nhk gerd magnetism apaitor fed lassi�es

apaitane stadt bipolar multilateral trpod kunst reiproal smiths potassium

Good interpretability for PWE (probabilisti word embeddings):

1

sottish sotland edinburgh glasgow mps oxford eduated ambridge ollege

aberdeen dundee royal uk sots fellows �fe orpus kingdom thistle eton angus

2

game games video gameplay multiplayer puzzle mario nintendo player gaming

pok playable mortal super kombat adventure rpg ds puzzles online smash zelda

3

eletion party eleted eletions parliament assembly seats members minister

legislative eletoral liberal ounil representatives parliamentary demorati

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Quantitative estimation of the interpretability via oherene

Coherene shows how often the most probable words of the topi t

(in the t-th embedding oordinate) o-our in texts:

PMIt =
2

k(k − 1)

k−1∑

i=1

k∑

j=i+1

PMI(wi ,wj )

PMI(u, v) is pointwise mutual information of word pair u, v .

all models trained on Wikipedia

two options for SGNS

LDA is a baseline topi model

ARTM-PWE outperforms both
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Quantitative estimation on doument similarity tasks

ArXiv triplets dataset of 20K triplets of papers:

〈 paper A, similar paper B, dissimilar paper C 〉

trained on 1M ArXiv plain texts

tested on the ArXiv triplets

DBOW is a well-known paragraph2ve

arhiteture [Dai et. al, 2015℄

ARTM-PWE outperforms DBOW (distributed bag-of-words) model.

Andrew Dai, Cristopher Olah, Quo Le. Doument Embedding with Paragraph

Vetors, CoRR, 2015

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Multimodal news orpus Lenta.ru

← ategory 1

← ategory 2

← time stamp

← title

← text

← author/soure
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Quantitative estimation of multimodal word embedding

Trained on 100K news, tested on word similarity testsets

We used the testsets translated to Russian:

http://russe.nlpub.ru/downloads

http://www.leviants.om/ira.leviant/MultilingualVSMdata.html

WordSim

similarity

WordSim

relatedness

WordSim

+RG+MC

SimLex

SGNS 0.630 0.530 0.567 0.24

ARTM-PWE 0.649 0.565 0.604 0.12

Multi-ARTM-PWE 0.682 0.580 0.611 0.14

ARTM-PWE outperforms SGNS on most of the datasets

Additional modalities improve similarities between words

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Senario analysis of all enter reords (on-going researh)

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

(
seed words

)

+ R

(
interpretable

)

+ R

(
segmentation

)

+ R

(
n-gram

)

+ R

(
syntax

)

+ R

(
dialog

)

→ max

Result: the quality of the topial segmentation augmented

from 40% for baselines to 75% for ARTM
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Conlusion

ARTM � Additive Regularization for Topi Modeling:

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

ARTM is implemented in the open soure projet BigARTM

PWE � Probabilisti (Topial) Word Embeddings:

PWE are sparse and interpretable like PTMs

PWE solve word similarity tasks like SGNS

PWE solve doument similarity tasks like SGNS

PWE an use regularization and modalities like ARTM

http://bigartm.org
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