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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 terms that often 
o-o

ur in do
uments

More formally,

topi
 is a probability distribution over terms:

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

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

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

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

Topi
 model un
overs the set T of latent topi
s in a text 
olle
tion.
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Problem setup

Given: a set of terms W , a set of do
uments D,

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∈T

φwtθtd .

subje
t to φwt > 0,
∑

w φwt = 1, θtd > 0,
∑

t θtd = 1.

This is a problem of nonnegative matrix fa
torization:
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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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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.

Ja
ques Hadamard

(1865�1963)

Matrix fa
torization 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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A variety of data, parameters and requirements in Topi
 Modeling

More Data:

meta-data

linked data

transa
tional data

usage data

multilanguage data


o-o

urren
e data

(semi-)supervised data

linguisti
 data:

syntax, ontology et
.

Requirements:

topi
 interpretability

topi
 sparsity

topi
 diversity

topi
 sele
tion

short texts

Te
h. requirements:

huge data

online pro
essing

parallel pro
essing

More Parameters:

temporal

hierar
hi
al

multimodal

relational/graph

topi
 
orrelation


lassi�
ation

regression

segmentation

n-gram
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Bayesian approa
h in Topi
 Modeling

The generative pro
ess en
apsulates all our knowledge about

the hidden spa
e stru
ture, prior distributions, and requirements

Konstantin Vorontsov (voron�fore
sys.ru) Additive Regularization for Topi
 Modeling 9 / 30



Theory

Implementation

Appli
ations

Probabilisti
 topi
 modeling

The additive regularization framework

The bag-of-regularizers

The limitations of Bayesian approa
h for Topi
 Modeling

The arti�
ial 
ompli
ation of the task:

Generative pro
ess en
apsulates all we know about the problem

Be
ause of this, estimation of posteriors is a di�
ult task

Nevertheless, posteriors are used only for point estimations

Bayesians solve a more di�
ult task than it is ne
essary for PTM!

From this, many limitations stem:

The solution requires a lot of math and 
oding for ea
h model

There is no way to unify models in a LEGO-style te
hnology

There is no easy way to 
ombine topi
 models

There is no way to impose non-probabilisti
 
onstraints

There is no way to spe
ify optimization 
riteria for the model
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The 
lassi
al non-Bayesian regularization for Topi
 Modeling

A simple generative pro
ess des
ribes the hidden spa
e

Regularizers des
ribe most of the requirements and assumptions

Regularizers 
an be additively mixed and inter
hanged
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LDA � Latent Diri
hlet Allo
ation [Blei, Ng, Jordan, 2003℄

Maximum a posteriori probability (MAP) with Diri
hlet 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 of Topi
 Model

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 
olle
tions. 2014.
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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 +
n∑

i=1
τiφwt

∂Ri

∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw +
n∑

i=1

τiθtd
∂Ri

∂θtd

)
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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(obje
t-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 vo
abulary 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 
olle
tions. 2015.

Konstantin Vorontsov (voron�fore
sys.ru) Additive Regularization for Topi
 Modeling 16 / 30



Theory

Implementation

Appli
ations

Probabilisti
 topi
 modeling

The additive regularization framework

The bag-of-regularizers

Regularizers for the interpretability of topi
s

background
Smoothing ba
kground topi
s B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse
Sparsing subje
t domain topi
s S = T \ B :

R(Φ,Θ) = −β0
∑

t∈S

∑

w

βw lnφwt − α0

∑

d

∑

t∈S

αt ln θtd

decorrelated
Making topi
s as di�erent as possible:

R(Φ) = −
τ

2

∑

t,s

∑

w

φwtφws

interpretable

Making topi
s more interpretable

by 
ombining the above regularizers

Konstantin Vorontsov (voron�fore
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Many Bayesian PTMs 
an be reinterpreted as regularizers in ARTM

hierarchy
Hierar
hi
al links between topi
s t and subtopi
s s:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst .

temporal
Topi
s dynami
s over the modality of time intervals i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣
∣φit − φi−1,t

∣
∣.

regression Linear predi
tive model ŷd = 〈v , θd 〉 for do
uments:

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2
.

n of topics
Sparsing p(t) for topi
 sele
tion:

R(Θ) = −τ
∑

t∈T

1

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

∑

d

p(d)θtd .
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Spe
ial 
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 di
tionary

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 verti
es 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 geolo
ations 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� restri
tive hypothesis

n-gram

The modalities of n-grams, 
ollo
ations, named entities

syntax

The modality of n-grams after SyntaxNet prepro
essing

coherence
Modeling 
o-o

urren
e data nuv for biterms (u, v):

R(Φ) = τ
∑

u,v

nuv ln
∑

t

ntφutφvt

segmentation

E-step regularization a�e
ting p(t|d ,w) distributions for
segmentation and senten
e topi
 models
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E-step regularization for bypassing the �bag-of-words� hypothesis

Maximum log-likelihood with regularizers R è R̃:
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd + R(Π(Φ,Θ)) + R̃(Φ,Θ) → max
Φ,Θ

,

where Π =
(
ptdw

)

T×D×W
is a matrix of 
onditionals ptdw = p(t|d ,w).

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
φwtθtd

)

p̃tdw = ptdw

(

1 + 1
ndw

(
∂R(Π)
∂ptdw

−
∑

z∈T

pzdw
∂R(Π)
∂pzdw

))

φwt = norm
w∈W

(
∑

d∈D

ndw p̃tdw + φwt
∂R̃
∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndw p̃tdw + θtd
∂R̃
∂θtd

)
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hnology for LEGO-style topi
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Ben
hmarking

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

Konstantin Vorontsov (voron�fore
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Ben
hmarking

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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Topi
 dete
tion and tra
king in news

Dialog segmentation

Mining ethni
al dis
ourse in so
ial media

Goal: �nding all ethni
al topi
s for monitoring inter-ethni
 relations.

We have used 300 ethnonyms as seed words and modality.

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
interpretable

)

+ R

(
multimodal

)

+ R

(
temporal

)

+ R

(
geospatial

)

+ R

(
sentiment

)

→ max

Result: the number of relevant topi
s augmented

from 45 for LDA to 83 for ARTM.

M.Apishev, S.Kolt
ov, O.Koltsova, S.Nikolenko, K.Vorontsov. Additive

regularization for topi
 modeling in so
iologi
al studies of user-generated text


ontent. MICAI, 2016.
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tion and tra
king in news
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Exploratory sear
h in te
h news

Goal: exploratory sear
h by long text queries.

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
interpretable

)

+ R

(
multimodal

)

+ R

(
n-gram

)

→ max

Results:

Pre
ision and Re
all augmented

from (65%, 73%) for LDA to (85%, 92%) for ARTM
on Habrahabr.ru and Te
hCrun
h.
om te
h news 
olle
tions.

Pre
ision and Re
all is 
omparable with assessors' quality.

The topi
-based sear
h instantly performs the work that

people typi
ally 
omplete in about 30 minutes.

A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in

te
h news. AINL, 2017.
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Exploratory sear
h

Topi
 dete
tion and tra
king in news

Dialog segmentation

Topi
 dete
tion and tra
king in news for media planning

Goal: the development of an interpretable hierar
hi
al 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 proje
t)
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Exploratory sear
h

Topi
 dete
tion and tra
king in news

Dialog segmentation

S
enario analysis of 
all 
enter re
ords

Goals:

determine typi
al s
enarios of 
all-
enter dialogues between

operators and 
ustomers

elaborate the quantitative measure of how well operator works

provide online tips for help operator handle 
ustomer's obje
tions

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 te
hnology

BigARTM: open sour
e implementation of ARTM sin
e 2014

Now we are using ARTM for mining transa
tion data of any

nature: 
ommuni
ations, banking, e-learning.

http://bigartm.org

Wel
ome to use and make 
ontributions!
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