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Motivation: Exploratory Searh

Theory: Topi Modeling

Pratie: Implementation and Experiments

The paradigm of exploratory searh

The prototype GUI for exploratory searh

The keystone of exploratory searh

Exploratory Searh for learning, knowledge aquisition and disovery

what if the user doesn't know whih keywords to use?

what if the user isn't looking for a single answer?

Gary Marhionini. Exploratory Searh: from �nding to understanding.

Communiations of the ACM. 2006, 49(4), p. 41�46.
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Iterative �query-browse-re�ne� searh vs Exploratory Searh

R.W.White, R.A.Roth. Exploratory Searh: beyond the Query-Response

paradigm. San Rafael, CA: Morgan and Claypool, 2009.
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The paradigm of exploratory searh

The prototype GUI for exploratory searh

The keystone of exploratory searh

Exploratory searh senario

Searh query:

a doument of any length or even a set of douments

Searh intents:

what topis does it ontain?

what else is known on these topis?

what is the struture of this domain area?

what is most important, useful, popular, reent here?

Searh senario:

1

given a text (of any length) at hand (in any appliation)

2

identify topis and sub-topis it ontains

3

show textual and graphial representations of these topis
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Exploratory searh: the prototype of graphial user interfae

Color topi bar is a starting GUI element for exploratory searh
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The keystone of exploratory searh

Exploratory searh: the prototype of graphial user interfae

Topi roadmap: lustering of relevant douments

E.R.Gansner, Y.Hu, S.North. Visualizing Streaming Text Data with Dynami

Maps. 2012.

Konstantin Vorontsov (voron�foresys.ru) Additive Regularization of Topi Models 10 / 52



Motivation: Exploratory Searh

Theory: Topi Modeling

Pratie: Implementation and Experiments

The paradigm of exploratory searh

The prototype GUI for exploratory searh
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Exploratory searh: the prototype of graphial user interfae

Topi hierarhy: topial struture of the domain area

Smith A., Hawes T., Myers M.. Hi�erarhie: interative visualization for

hierarhial topi models. Workshop on Interative Language Learning,

Visualization, and Interfaes, ACL, 2014.
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Exploratory searh: the prototype of graphial user interfae

Topi river: evolution of the domain area

Weiwei Cui, Shixia Liu, Zhuofeng Wu, Hao Wei. How hierarhial topis evolve

in large text orpora. IEEE Trans. Vis. Comput. Graph. 2014.
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Topi bar: segmentation of the query doument

Gretarsson B., O'Donovan J., Bostandjiev S., Hollerer T., Asunion A.,

Newman D., Smyth P. TopiNets: visual analysis of large text orpora with

topi modeling. ACM Trans. on Intelligent Systems and Tehnology. 2012.
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http://textvis.lnu.se

A visual survey of 220 text visualization tehniques
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The paradigm of exploratory searh

The prototype GUI for exploratory searh

The keystone of exploratory searh

The elements of Exploratory Searh tehnology

1

Web rawling . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

2

Content �ltering . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

3

Topi modeling . . . . . . . . . . . . . . . . . . . . . . . . . . ongoing researh

4

Building the inverted index . . . . . . . . . . . . . ready-made solutions

5

Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions

6

Visualization . . . . . . . . . . . . . . . . . . . . . . . . . . ready-made solutions
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The paradigm of exploratory searh

The prototype GUI for exploratory searh

The keystone of exploratory searh

Topi Model used for Exploratory Searh must be...

1

Interpretable: eah topi should be well interpretable

by humans and labeled automatially

2

Multigram: keyphrases should be extrated automatially

3

Multilingual: ross-language and multi-language searh

should be supported

4

Multimodal: authors, ategories, soures, links, tags,

named entities, users, et. should be involved in the model

5

Temporal: topi dynamis over time should be identi�ed

6

Hierarhial: granularity of topis should be user-adjustable

7

Segmented: the topial text segmentation should be

supported beyond the bag-of-words model

8

Semi-supervised: labeling should be used to improve the model

9

Online, parallel, distributed: big data should be proessed
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Baseline topi models PLSA and LDA

ARTM � Additive Regularization for Topi Modeling

Multimodal ARTM

What is �topi�?

Topi is a spei� terminology of a partiular domain area.

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

that often o-our in douments.

More formally,

topi is a probability distribution over terms:

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

doument pro�le is a probability distribution over topis:

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

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

Topi model tries to unover latent topis in a text olletion.
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Probabilisti Topi Model (PTM) generating a text olletion

Topi model explains terms w in douments d by topis t:

p(w |d) =
∑

t

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

 

 

 

 

 

 

Разработан спектрально-аналитический подход к выявлению размытых протяженных повторов 

в геномных последовательностях. Метод основан на разномасштабном оценивании сходства 

нуклеотидных последовательностей в пространстве коэффициентов разложения фрагментов 

кривых GC- и GA-содержания по классическим ортогональным базисам. Найдены условия 

оптимальной аппроксимации, обеспечивающие автоматическое распознавание повторов 

различных видов (прямых и инвертированных, а также тандемных) на спектральной матрице 

сходства. Метод одинаково хорошо работает на разных масштабах данных. Он позволяет 

выявлять следы сегментных дупликаций и мегасателлитные участки в геноме, районы синтении 

при сравнении пары геномов. Его можно использовать для детального изучения фрагментов 

хромосом (поиска размытых участков с умеренной длиной повторяющегося паттерна).  
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ARTM � Additive Regularization for Topi Modeling

Multimodal ARTM

Inverse problem: text olletion → PTM

Given: D is a set (olletion) of douments

W is a set (voabulary) of terms

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

φwtθtd .

under nonnegativity and normalization onstraints

φwt > 0,
∑

w∈W

φwt = 1; θtd > 0,
∑

t∈T

θtd = 1.

The ill-posed problem of matrix fatorization:

ΦΘ = (ΦS)(S−1Θ) = Φ′Θ′

for all S suh that Φ′,Θ′
are stohasti.
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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 vetor normalization.
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Multimodal ARTM

LDA � Latent Dirihlet Alloation [Blei, Ng, Jordan, 2003℄

Maximum a posteriori (MAP) with Dirihlet 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 additive 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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Many Bayesian PTMs an be reinterpreted as regularizers in ARTM

smoothing (LDA) for bakground and stop-words topis

sparsing (anti-LDA) for domain-spei� topis

topi deorrelation

topi oherene maximization

supervised learning for lassi�ation and regression

semi-supervised learning

using doument itations and links

determining number of topis via entropy sparsing

modeling topial hierarhies

modeling temporal topi dynamis

using voabularies in multilingual topi models

et.

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topi Models //

Mahine Learning. Volume 101, Issue 1 (2015), Pp. 303-323.
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Multimodal ARTM

Assumptions: what topis would be well-interpretable?

Spei� topis S ontain domain-spei� terms

p(w |t) are sparse and di�erent (weakly orrelated)

Bakground topis B ontain ommon lexis words

p(w |t) are not sparse

φwt terms×topis θtd topis×douments
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Smoothing regularization (rethinking LDA)

The non-sparsity assumption for bakground topis t ∈ B :

φwt are similar to a given distribution βw ;

θtd are similar to a given distribution αt .

Minimize the sum of KL-divergenes KL(β‖φt) and KL(α‖θd ):

R(Φ,Θ) = β0
∑

t∈B

∑

w∈W

βw lnφwt + α0

∑

d∈D

∑

t∈B

αt ln θtd → max .

The regularized M-step applied for all t ∈ B oinides with LDA:

φwt ∝ nwt + β0βw , θtd ∝ ntd + α0αt ,

whih is new non-Bayesian interpretation of LDA [Blei 2003℄.

David M. Blei. Probabilisti topi models // Communiations of the ACM,

2012. Vol. 55, No. 4., Pp. 77�84.
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Sparsing regularizer (further rethinking LDA)

The sparsity assumption for domain-spei� topis t ∈ S :

distributions φwt , θtd ontain many zero probabilities.

Maximize the sum of KL-divergenes KL(β‖φt) and KL(α‖θd ):

R(Φ,Θ) = −β0
∑

t∈S

∑

w∈W

βw lnφwt − α0

∑

d∈D

∑

t∈S

αt ln θtd → max .

The regularized M-step gives �anti-LDA�, for all t ∈ S :

φwt ∝
(
nwt − β0βw

)

+
, θtd ∝

(
ntd − α0αt

)

+
.

Varadarajan J., Emonet R., Odobez J.-M. A sparsity onstraint for topi

models � appliation to temporal ativity mining // NIPS-2010 Workshop on

Pratial Appliations of Sparse Modeling: Open Issues and New Diretions.
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Regularization for topis deorrelation

The dissimilarity assumption:

domain-spei� topis t ∈ S must be as distant as possible.

Maximize ovarianes between olumn vetors φt :

R(Φ) = −
τ

2

∑

t,s∈S

∑

w∈W

φwtφws → max .

The regularized M-step makes olumns of Φ more distant:

φwt ∝
(

nwt − τφwt

∑

s∈S\t

φws

)

+
.

Tan Y., Ou Z. Topi-weak-orrelated latent Dirihlet alloation // 7th Int'l

Symp. Chinese Spoken Language Proessing (ISCSLP), 2010. � Pp. 224�228.
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Regularization for topi seletion

Assumption: infrequent topis are not well-interpretable.

Maximize KL-divergene KL
(

1
|T |

∥
∥ p(t)

)
to make distribution over

topis p(t) =
∑

d
p(d)θtd sparse:

R(Θ) = −τ
∑

t∈S

ln
∑

d∈D

p(d)θtd → max .

The regularized M-step formula results in Θ rows sparsing:

θtd ∝
(

ntd − τ
nd

nt
θtd

)

+
.

E�et: if nt is small then in the t-th row may turn into zeros.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topi

models for topi seletion and sparse fatorization // SLDS 2015, Royal

Holloway, University of London, UK. pp. 193�202.
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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

Given a text doument olletion Probabilisti Topi Model �nds:

p(t|d) � topi distribution for eah doument d ,

p(w |t) � term distribution for eah topi t.

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
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Multimodal Probabilisti Topi Modeling

Multimodal Topi Model �nds topial distribution for terms p(w |t),
authors p(a|t), time p(y |t),

Topics of documents

Words and keyphrases of topics

doc1:

doc2:

doc3:

doc4:

...

Text documents

Topic
Modeling

D
o
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m
e
n
t
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o
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Multimodal Probabilisti Topi Modeling

Multimodal Topi Model �nds topial distribution for terms p(w |t),
authors p(a|t), time p(y |t), objets on images p(o|t),

Topics of documents

Words and keyphrases of topics
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authors p(a|t), time p(y |t), objets on images p(o|t),
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Baseline topi models PLSA and LDA

ARTM � Additive Regularization for Topi Modeling

Multimodal ARTM

Multimodal extension of ARTM [Vorontsov, 2015℄

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

W = W 1 ⊔ · · · ⊔WM
is a joint voabulary 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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Motivation: Exploratory Searh

Theory: Topi Modeling

Pratie: Implementation and Experiments

Baseline topi models PLSA and LDA

ARTM � Additive Regularization for Topi Modeling

Multimodal ARTM

Bayesian learning is a too ompliated theory for PTM
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Motivation: Exploratory Searh

Theory: Topi Modeling

Pratie: Implementation and Experiments

Baseline topi models PLSA and LDA

ARTM � Additive Regularization for Topi Modeling

Multimodal ARTM

ARTM provides easier understanding and ombining of PTMs
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Experiments

BigARTM projet

BigARTM features:

Parallel + Online + Multimodal + Regularized Topi Modeling

Out-of-ore one-pass proessing of Big Data

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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Experiments

The BigARTM projet: parallel arhiteture

Conurrent proessing of bathes D = D1 ⊔ · · · ⊔ DB

Simple single-threaded ode for ProessBath

User ontrols when to update the model in online algorithm

Deterministi (reproduible) results from run to run
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Experiments

Experiment 1: Running BigARTM on large olletions

olletion |W |, 103 |D|, 106 n, 106 size, GB

enron 28 0.04 6.4 0.07

nytimes 103 0.3 100 0.13

pubmed 141 8.2 738 1.0

wiki 100 3.7 1009 1.2

speedup

proessors

Amazon EC2 2.8xlarge instane:

16 ores + hyperthreading, Intel

r
Xeon

r
CPU E5-2670 2.6GHz.
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Experiment 2: BigARTM vs Gensim vs Vowpal Wabbit

3.7M artiles from Wikipedia, 100K unique words

pros train inferene 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.LdaMultiore 4 60 min 222 se 4111

BigARTM 8 4.5 min 14 se 4304

Gensim.LdaMultiore 8 57 min 224 se 4455

pros = number of parallel threads

inferene = time to infer θd for 100K held-out douments

perplexity is alulated on held-out douments.
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Experiments

Experiment 3: Running BigARTM with multiple regularizers

ARTM ombines regularizers to improve sparsity and

the number of topial words without a loss of the perplexity.
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Experiment 4: Hierarhial topi model for MMPR-IIP onferenes

|D| = 865, |W | = 42000 n-grams, in Russian

BigARTM is used with 7 regularizers to build 3-level hierarhy.

http://explore-mmro.ru
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Experiment 5: The interpretability of n-gram models

Two modalities � unigrams & bigrams

MMPR-IIP onferenes olletion, |D| = 865, in Russian

pattern reognition in bioinformatis optimization and omputational omplexity

unigrams bigrams unigrams bigrams

îáúåêò çàäà÷à ðàñïîçíàâàíèÿ çàäà÷à ðàçäåëÿòü ìíîæåñòâà

çàäà÷à ìíîæåñòâî ìîòèâîâ ìíîæåñòâî êîíå÷íîå ìíîæåñòâî

ìíîæåñòâî ñèñòåìà ìàñîê ïîäìíîæåñòâî óñëîâèå çàäà÷è

ìîòèâ âòîðè÷íàÿ ñòðóêòóðà óñëîâèå çàäà÷à î ïîêðûòèè

ðàçðåøèìîñòü ñòðóêòóðà áåëêà êëàññ ïîêðûòèå ìíîæåñòâà

âûáîðêà ðàñïîçíàâàíèå âòîðè÷íîé ðåøåíèå ñèëüíûé ñìûñë

ìàñêà ñîñòîÿíèå îáúåêòà êîíå÷íûé ðàçäåëÿþùèé êîìèòåò

ðàñïîçíàâàíèå îáó÷àþùàÿ âûáîðêà ÷èñëî ìèíèìàëüíûé à��èííûé

èí�îðìàòèâíîñòü îöåíêà èí�îðìàòèâíîñòè à��èííûé à��èííûé êîìèòåò

ñîñòîÿíèå ìíîæåñòâî îáúåêòîâ ñëó÷àé à��èííûé ðàçäåëÿþùèé

çàêîíîìåðíîñòü ðàçðåøèìîñòü çàäà÷è ïîêðûòèå îáùåå ïîëîæåíèå

ñèñòåìà êðèòåðèé ðàçðåøèìîñòè îáùèé ìíîæåñòâî òî÷åê

ñòðóêòóðà èí�îðìàòèâíîñòü ìîòèâà ïðîñòðàíñòâî ñëó÷àé çàäà÷è

çíà÷åíèå ïåðâè÷íàÿ ñòðóêòóðà ñõåìà îáùèé ñëó÷àé

ðåãóëÿðíîñòü òóïèêîâîå ìíîæåñòâî êîìèòåò çàäà÷à MASC
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Experiment 6. Temporal topi model of politial press-releases

20 000 press-releases from 2003 to 2013, 180Mb.

Examples of most valuable topis

2004 2005 2006 2007 2008 2009 2010 2011 2012

year

Topics in time
iraq
iraqi
baghdad
sunni
saddam
hussein
shia
maliki
coalition
sectarian

assistance
million
food
humanitarian
relief
aid
disaster
emergency
provide
fund

democracy
freedom
democratic
egypt
society
religious
free
egyptian
civil
cuba

iran
iranian
sanction
regime
enrichment
suspend
pressure
tehran
impose
oil

program
student
education
university
cultural
school
educational
youth
study
award

russia
russian
federation
lavrov
moscow
sergey
putin
mfa
bogdanov
sphere

syria
syrian
opposition
annan
sri
assad
lanka
league
geneva
regime

africa
african
entrepreneurship
corporate
tanzania
ghana
agoa
hunger
entrepreneur
continent
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Experiment 6. Temporal topi model of politial press-releases

20 000 press-releases from 2003 to 2013, 180Mb.

Examples of permanent topis

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
0

0.005

0.01

0.015

0.02

0.025

p(
y|

t)

student   
cultural   
university   
educational   
youth   
award   
fulbright   
education   
alumnus   
study

woman   
girl   
hiv   
pepfar   
gender   
health   
mother   
hiv/aids   
treatment   
award

rice   
condoleezza   
stanford   
piano   
football   
jefferson   
downer   
music   
rumsfeld   
chappell
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Experiment 6. Temporal topi model of politial press-releases

20 000 press-releases from 2003 to 2013, 180Mb.

Examples of event topis

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2

p(
y|

t)

syrian   
syria   
opposition   
annan   
assad   
league   
kofi   
sri   
damascus   
lanka   
brahimi   
sar

sudan   
darfur   
sudanese   
khartoum   
rebel   
kozak   
cpa   
frazer   
bashir   
garang   
abuja   
kiir

russian   
russia   
federation   
lavrov   
sergey   
moscow   
mfa   
bogdanov   
sphere   
putin   
mass   
interaction
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Brief summary

Exploratory Searh: a paradigm of Information Retrieval for

professionals, researhers, students, and inquisitive persons

Multi-riteria Topi Modeling: a way to meet multiple

requirements oming from Exploratory Searh

ARTM: a novel non-Bayesian approah for multi-riteria

optimization and ombining Topi Models

BigARTM: open soure projet for parallel online multimodal

Additively Regularized Topi Modeling of large olletions

http://bigartm.org • Join BigARTM ommunity!
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