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Motivation: Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory Search for learning, knowledge acquisition and discovery

@ what if the user doesn’t know which keywords to use?
@ what if the user isn’t looking for a single answer?

Exploratory Search
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Transformation

Gary Marchionini. Exploratory Search: from finding to understanding.
Communications of the ACM. 2006, 49(4), p.41-46.
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Iterative “query-browse-refine” search vs Exploratory Search

Iterative Search Exploratory Search

1
.

A Search target D Information space

Q Result sets (larger = more results, intersection = overlap, # = iteration)

R.W.White, R.A.Roth. Exploratory Search: beyond the Query-Response
paradigm. San Rafael, CA: Morgan and Claypool, 2009.
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Exploratory search scenario

Search query:

@ a document of any length or even a set of documents

Search intents:
@ what topics does it contain?
@ what else is known on these topics?
@ what is the structure of this domain area?

@ what is most important, useful, popular, recent here?

Search scenario:
O given a text (of any length) at hand (in any application)
@ identify topics and sub-topics it contains

© show textual and graphical representations of these topics
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Exploratory search: the prototype of graphical user interface

Color topic bar is a starting GUI element for exploratory search

0 BARTM x ok
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Exploratory search: the prototype of graphical user interface

Click on the color topic bar is a topic query
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Exploratory search: the prototype of graphical user interface

Topics of the query document
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Exploratory search: the prototype of graphical user interface

Similar documents and objects ranked by relevance
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Exploratory search: the prototype of graphical user interface

Topic roadmap: clustering of relevant documents

—oEN

=, BigaRTM n

E.R.Gansner, Y.Hu, S.North. Visualizing Streaming Text Data with Dynamic
Maps. 2012.

Konstantin Vorontsov (voron®forecsys.ru) Additive Regularization of Topic Models



Motivation: Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Topic hierarchy: topical structure of the domain area

—oEN

Smith A., Hawes T., Myers M.. Hiérarchie: interactive visualization for
hierarchical topic models. Workshop on Interactive Language Learning,
Visualization, and Interfaces, ACL, 2014.
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Exploratory search: the prototype of graphical user interface

Topic river: evolution of the domain area

—oEN - oEN
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Weiwei Cui, Shixia Liu, Zhuofeng Wu, Hao Wei. How hierarchical topics evolve
in large text corpora. IEEE Trans. Vis. Comput. Graph. 2014.
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Exploratory search: the prototype of graphical user interface

Topic bar: segmentation of the query document
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Gretarsson B., O'Donovan J., Bostandjiev S., Hollerer T., Asuncion A.,
Newman D., Smyth P. TopicNets: visual analysis of large text corpora with
topic modeling. ACM Trans. on Intelligent Systems and Technology. 2012.
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Exploratory search: the prototype of graphical user interface

Summarization of the query document
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http://textvis.Inu.se

A visual survey of 220 text visualization techniques
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The elements of Exploratory Search technology

Q Webcrawling ........... ... ... . ..., ready-made solutions
Q Content filtering ....................... ready-made solutions
© Topic modeling ............... ..., ongoing research
©Q Building the inverted index ............. ready-made solutions
© Ranking ......... ... ready-made solutions
@ Visualization .......... . ... .. .. ... .... ready-made solutions
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Topic Model used for Exploratory Search must be...

o

©06 0600 © o060

Interpretable: each topic should be well interpretable
by humans and labeled automatically

Multigram: keyphrases should be extracted automatically

Multilingual: cross-language and multi-language search
should be supported

Multimodal: authors, categories, sources, links, tags,
named entities, users, etc. should be involved in the model

Temporal: topic dynamics over time should be identified
Hierarchical: granularity of topics should be user-adjustable

Segmented: the topical text segmentation should be
supported beyond the bag-of-words model

Semi-supervised: labeling should be used to improve the model
Online, parallel, distributed: big data should be processed
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What is “topic”?

@ Topic is a specific terminology of a particular domain area.

@ Topic is a set of coherent terms (words or phrases)
that often co-occur in documents.

More formally,

@ topic is a probability distribution over terms:
p(w|t) is (unknown) frequency of word w in topic t.

@ document profile is a probability distribution over topics:
p(t|d) is (unknown) frequency of topic t in document d.

When writing term w in document d author thinks of topic t.
Topic model tries to uncover latent topics in a text collection

Konstantin Vorontsov (voron®forecsys.ru)
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Probabilistic Topic Model (PTM) generating a text collection

Topic model explains terms w in documents d by topics t:
p(wld) =3 p(wlt)p(t|d)

OoOOOo0Oo0OO00OoO

[,
ptld) ———

D . \
pwlt): o023 BHK 0.014 6aauc 0.018 pacnosHasaHme
0.016 reHom 0.009 cnextp 0.013 cxoacTeo

0.009 Hykneotng 0.006 oproroHansHblii 0.011 natTep

Wi, ooy Wiyt /

Pa3paboTaH crnekTpasbHO-aHaNMTUYECKUI NOAXOA K BbIIBIEHUIO PasMbITbIX MPOTSHKEHHBIX [TOBTOPOB
B reHOMHbIX MoesfiejoBaTeIbHOCTsIX. MeToA OCHOBaH Haj pa3HoMacLTabHOM OLeHMBaHWM CXOACTBA
HYKNEOTUAHbIX NOC/e0BaTENbHOCTEN B NPOCTPaHCTBE KOS(PMULMEHTOB pa3noXeHust hparMeHToB
kpuBbix GC- n GA-coaepaHus No KNacCMYecKnM opToroHanbHbiM 6asucam. HaaeHbl ycnosus
onTUMasnbHO annpokcuMauuu, obecneumsaioline aBToMaTUYeCKoe pacrno3HaBaH1e NnosTopoB
pasfiMyHbIX BUAOB (MPSAMbIX U MHBEPTUPOBAHHBIX, @ TaKXXe TaHAEMHbIX) Ha CNeKTpanbHOW MaTpule
cxoacTBa. MeToa 0AMHaKoOBO XOpoLWo paboTaeT Ha pasHbix MacwTabax AaHHbIX. OH No3sBonser
BbIABNATL ClieAbl CErMEHTHbIX ,Clyﬂ}'II/IKaLlVIﬁ W MeracaTeNIMTHble y4acCTKn B reHoMe, paﬁOHbl CUHTEHUN
npu cpaBHEHWM Napbl rEHOMOB. Ero MOXHO MCNONb30BaTh ANSt AETaNIbHOr0 U3y4YeHus dhparMeHToB
XPOMOCOM (NOMUCKa PasMbITbIX YH4aCTKOB C YMEPEHHOW AZIMHON NOBTOPAIOLLErOCs NaTTepHa).

Konstantin Vo



Baseline topic models PLSA and LDA
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Inverse problem: text collection — PTM

Given: D is a set (collection) of documents
W is a set (vocabulary) of terms
Ngw = how many times term w appears in document d

Find: parameters ¢+ =p(w|t), O:g=p(t|d) of the topic model

P(W‘d) = Z Gwtbtq-
t

under nonnegativity and normalization constraints

dwt = 0, Z ¢wt:1; 9td>07 Zﬁtdzl.
wewWw teT

The ill-posed problem of matrix factorization:
0 = (¢S)(S7'O) = d'e’

for all S such that ', ©' are stochastic.
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PLSA — Probabilistic Latent Semantic Analysis [Hofmann, 1999]

Constrained maximization of the log-likelihood:

Z($,0) = w wit
(¢,0) %nd nZthtd%rgfg(

EM-algorithm is a simple iteration method for the nonlinear system
E-step: Ptaw = p(t|d,w) = nt%rp (¢Wt9td)

M-step: Pwt = norm< Z ndwptdw>
weW deD

Org = nOfm( > ndwptdw>

teT

wed
_ max{x:,0} . -
where norm x; = ~——-r ~or is vector normalization.
teT EZ_rmax{x57 }
s
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LDA — Latent Dirichlet Allocation [Blei, Ng, Jordan, 2003]

Maximum a posteriori (MAP) with Dirichlet prior:

dZ”dw'”Z@wtetd +t2:/3w|n0wt+;at|n9td — fg?ex
w W )

log-likelihood .Z(®,0) regularization criterion R($,0)

EM-algorithm is a simple iteration method for the system
-step: = norm 0
E-step:  ( praw = norm (puwtbta)

M-step: dwt = norm( Z Ndw Ptdw —+ BW)
weWw deD

Org = norm( Z Ndw Ptdw + Oct)
teT wed
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ARTM — Additive Regularization of Topic Model [Vorontsov, 2014]

Maximum log-likelihood with additive regularization criterion R:

D awn Y duidea + R(®,0) — max

d,w t

EM-algorithm is a simple iteration method for the system
E-step:  ( Prgw = norm (pwtbea)

- _ R
M-step: Pwt = Dv%rW ( ng NdwPtdw + Pwt 3(th>

OR
Ota = nOfm( >~ NdwPedw + etdg;T)
teT wed td
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Many Bayesian PTMs can be reinterpreted as regularizers in ARTM

smoothing (LDA) for background and stop-words topics
sparsing (anti-LDA) for domain-specific topics
topic decorrelation

topic coherence maximization

supervised learning for classification and regression
semi-supervised learning

using document citations and links

determining number of topics via entropy sparsing
modeling topical hierarchies

modeling temporal topic dynamics

using vocabularies in multilingual topic models
etc.

© © ¢ 6 ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topic Models //
Machine Learning. Volume 101, Issue 1 (2015), Pp. 303-323.
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Assumptions: what topics would be well-interpretable?

Specific topics S contain domain-specific terms
p(w|t) are sparse and different (weakly correlated)

Background topics B contain common lexis words
p(w|t) are not sparse

dwe termsxtopics ;4 topicsxdocuments
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Smoothing regularization (rethinking LDA)

The non-sparsity assumption for background topics t € B:
dwe are similar to a given distribution 3,;
O:q are similar to a given distribution a.

Minimize the sum of KL-divergences KL(3||¢:) and KL(«||04):

R(¢7@) :/BOZ Z 5w|n¢wt+a022atln6m — max.

teB weW deD teB

The regularized M-step applied for all t € B coincides with LDA:
Gwt X Nyt + Bobw, Otg X Ntg + o,

which is new non-Bayesian interpretation of LDA [Blei 2003].

David M. Blei. Probabilistic topic models // Communications 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-specific topics t € S:
distributions ¢, 0y contain many zero probabilities.

Maximize the sum of KL-divergences KL(53||¢:) and KL(«||04):

R(®,0)=—F>_ > Bulndue—ag y_ > arlnfy — max.

teS weW deD teS

The regularized M-step gives “anti-LDA”, for all t € S:

Puwe X (Nt — ;30“3w)+> Org o (neg — <¥0(Jét)+-

Varadarajan J., Emonet R., Odobez J.-M. A sparsity constraint for topic
models — application to temporal activity mining // NIPS-2010 Workshop on
Practical Applications of Sparse Modeling: Open Issues and New Directions.
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Regularization for topics decorrelation

The dissimilarity assumption:
domain-specific topics t € S must be as distant as possible.

Maximize covariances between column vectors ¢;:

R(®) = 7% 3" S Guedus — max.

t,seSweW

The regularized M-step makes columns of ® more distant:

Pwt X (nwt — TQwt Z G/)ws)+-

seS\t

Tan Y., Ou Z. Topic-weak-correlated latent Dirichlet allocation // 7th Int’l
Symp. Chinese Spoken Language Processing (ISCSLP), 2010. — Pp.224-228.
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Regularization for topic selection

Assumption: infrequent topics are not well-interpretable.

Maximize KL-divergence KL(% H p(t)) to make distribution over
topics p(t) = >, p(d)bsg sparse:
—TZ In Z d)0ig — max.
teS  deD

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

nyg
etd X (ntd — T—etd> .
n +

t

Effect: if n; is small then in the t-th row may turn into zeros.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topic
models for topic selection and sparse factorization // SLDS 2015, Royal
Holloway, University of London, UK. pp.193-202.
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Combining topic models by adding their regularizers

Maximum log-likelihood with additive combination of regularizers:

)

n
danWInZ¢Wt9td+Z;T;R,-(¢,@) — rgag,

where 7; are regularization coefficients.

EM-algorithm is a simple iteration method for the system

(
] . = norm 0
E-step: Ptdw o (¢wt td)
S OR;
M-step: Pwt = norm( Z NdwPtdw + Pwt Z Urw >
weW \ jeb i= "
~ _OR,
Otg = norm( Z Ndw Ptdw —+ Otd Z Ti agt;)
L teT \ yed i=1
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Multimodal Probabilistic Topic Modeling

Given a text document collection Probabilistic Topic Model finds:
p(t|d) — topic distribution for each document d,
p(w|t) — term distribution for each topic t.

Topics of documents
Text documents

D[ | coct: I
|| doc2: NN [N (|
M| | docs: [N [
|| docs: [EE [N ]
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Topic o
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0
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Multimodal ARTM

Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t),

Metadata: — Topics of documents
Text documents —
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Data Time P doct: [ [N I
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t), objects on images p(o|t),
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Text documents —
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t), objects on images p(o|t),
linked documents p(d’|t),

Metadata: — Topics of documents
Text documents —

Authors o
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t), objects on images p(o|t),
linked documents p(d’|t), advertising banners p(b|t),

Metadata: — Topics of documents
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t), objects on images p(o|t),
linked documents p(d’|t), advertising banners p(b|t), users p(u|t),

Metadata: — Topics of documents
Text documents —
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t),
authors p(alt), time p(y|t), objects on images p(o|t),

linked documents p(d’|t), advertising banners p(b|t), users p(u|t),
and binds all these modalities into a single topic model.
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Baseline topic models PLSA and LDA
Theory: Topic Modeling ARTM — Additive Regularization for Topic Modeling
Multimodal ARTM

Multimodal extension of ARTM [Vorontsov, 2015]

W™ is a vocabulary of tokens of m-th modality, m € M
W = W?LU--- WM is a joint vocabulary of all modalities

Maximum multimodal log-likelihood with regularization:

PRI ndwln2¢>wt9td+R(¢,e) - max

meM deD weWwm

EM-algorithm is a simple iteration method for the system

= : = NO W@
E-step: [ Paw nterp(¢ t0¢d)
M-step: Pwt = ng((ng )‘m(w Ndw Ptdw + ¢Wf 96 t)
Ord = nOfm< > Am(w) Ndw Ptdw + O1d 2 )
teT wed
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Baseline topic models PLSA and LDA
Theory: Topic Modeling

ARTM — Additive Regularization for Topic Modeling
Multimodal ARTM

Bayesian learning is a too complicated theory for PTM

1
P L st i r
il
a1 11 1 i
[nzomote
fiff el ‘ ;
1 2! L
% 1/
. ‘ el 4
1 - P s
~ln

Konstantin Vorontsov (voron®forecsys.ru)

Additive Regularization of Topic Models



Baseline topic models PLSA and LDA
Theory: Topic Modeling ARTM — Additive Regularization for Topic Modeling

Multimodal ARTM

ARTM provides easier understanding and combining of PTMs
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments peniments

BigARTM project

BigARTM features:
o Parallel + Online + Multimodal + Regularized Topic Modeling
@ Out-of-core one-pass processing of Big Data

@ Built-in library of regularizers and quality measures

BigARTM community:

@ Open-source https://github.com/bigartm
(discussion group, issue tracker, pull requests) CD@
@ Documentation http://bigartm.org yART

BigARTM license and programming environment:
@ Freely available for commercial usage (BSD 3-Clause license)
@ Cross-platform — Windows, Linux, Mac OS X (32 bit, 64 bit)
@ Programming APIs: command-line, C++, and Python
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BigARTM open source project
Experiments

Practice: Implementation and Experiments

The BigARTM project: parallel architecture

D Processor threads:
"] ProcessBatch(Dy, )
Dy

(l)wt
| |

Merger thread:
F—Syncrohize () Accumulate Tt
Recalculate ¢,

A

@ Concurrent processing of batches D = D; LI --- L Dg

@ Simple single-threaded code for ProcessBatch

@ User controls when to update the model in online algorithm
@ Deterministic (reproducible) results from run to run
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 1: Running BigARTM on large collections

collection | |W/|, 103 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
12
Speedup 10 M enron
nytimes

pubmed

6 wiki

4

2 I
0

15 Processors

Amazon EC2 cc2.8x|arge instance:
16 cores + hyperthreading, Intel® Xeon® CPU E5-2670 2.6GHz.
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 2: BigARTM vs Gensim vs Vowpal Wabbit

@ 3.7M articles from Wikipedia, 100K unique words

procs train inference perplexity
BigARTM 1 35 min 72 sec 4000
Gensim.LdaModel 1 369 min 395 sec 4161
VowpalWabbit.LDA 1 73 min 120 sec 4108
BigARTM 4 9 min 20 sec 4061
Gensim.LdaMulticore 4 60 min 222 sec 4111
BigARTM 8 4.5 min 14 sec 4304
Gensim.LdaMulticore 8 57 min 224 sec 4455

@ procs = number of parallel threads
@ inference = time to infer 6,4 for 100K held-out documents
@ perplexity is calculated on held-out documents.
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 3: Running BigARTM with multiple regularizers

ARTM combines regularizers to improve sparsity and
the number of topical words without a loss of the perplexity.

10000 o
o Regiaried model
—o— Nonreguirzed model 2o
a0 =
2
£
>
g s < g —o— Regulrized model
£ 7y =@ Non-regularized model|
= €
5 g
g o )
c H
s 3 40|
6000} €
5
=
5000 5
§ )
N I s s m 5 )
Outer iteration Outer iteration
w0 70
0 : ol
w0 .- [—o= Requarzed modet
—e— Non-regularized mode < %)
E s =
2 B 40| —6— Regularized model
Z g
7, 5 —6— Non-reguirzed model
g #
% %%
= g
g g
F )
0 ~ ~
i M *
P
o s » s 2 2

10 0
Outer iteration Outer iteration
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 4: Hierarchical topic model for MMPR-IIP conferences

|D| = 865, = 42000 n-grams, in Russian
BigARTM is used with 7 regularizers to build 3-level hierarchy.

\

P :..JII%“‘
V»‘

http://explore-mmro.ru
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 5: The interpretability of n-gram models

Two modalities — unigrams & bigrams
MMPR-IIP conferences collection, |D| = 865, in Russian

pattern recognition in bioinformatics optimization and computational complexity
unigrams bigrams unigrams bigrams
0bbekT 3aja4a pacnosHaBaHusi 3agaya pasfensite MHOXECTBa
3apaqa MHOXECTBO MOTNBOB MHOXECTBO KOHEYHOE MHOXECTBO
MHO>XeCTBO cmcTemMa Macok MOAMHOXECTBO YC/IOBME 3aAaqn
MOTUNB BTOPMYHAS CTPYKTypa ycnosue 3aja4a O MOKPLITUM
paspewnmocTs cTpykTypa benka Knacc MOKPbITNE MHOXECTBA
BbIbOpka pacnosHaBaHume BTOPUYHOII | pelueHne CUNBHBIA CMBICT
Macka cocTosiHne 0bbekTa KOHEYHbI pa3aensowmii KOMMTeT
pacnosHaBaHue obyuqatowas Beibopka 4yucno MUHUManNbHbIN addhUHHbINA
NHOPMATNBHOCTL OLIeHKa MHADOPMATUBHOCTY | adbdUHHbIT adbpUHHBIA KOMUTET
cocTosiHue MHOXECTBO 06beKTOB cnyyaii acbchuHHbIA pasgensownii
32KOHOMEPHOCTb  Pa3pellnMoCTb 3aAaqn NoKpbITNE obuee nonoxeHme
cuctemMa KpuTepuii paspewmmMocTun | obwnii MHOXXEeCTBO TO4YeK
CTPYKTYypa NHPOPMATMBHOCTL MOTMBA | MPOCTPAHCTBO CNyYaid 3aaaqn
3Ha4eHne nepBnYHas CTPyKTypa cxema obwunii cnyyaii
perynsipHoCcTb TYMNMNKOBOE MHOXECTBO KOMUNTET 3agaya MASC
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 6. Temporal topic model of political press-releases

20000 press-releases from 2003 to 2013, 180Mb.
Examples of most valuable topics

assistance Topics in time rogram
million student
food T I education
humanitarian iraq africa university
relie iraqi african cultural
aid baghdad entrepreneurship school
disaster sunni corporate educational
emergency saddam tanzania youth
provide hussein ghana study
fund shia agoa award
maliki hunger
coalition entrepreneur
democracy sectarian continent russia
freedom russian
democratic federation
egypt lavrov
soclety moscow
religious sergey
free
egyptian
ivil
cuba
sanction
regime
enrichment 1
Suspend 2004 2005 2006 2007 2008 | 2009 | 2010 2011 2012
tehran year l
impose
oil regime
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. . . Experiments
Practice: Implementation and Experiments P

Experiment 6. Temporal topic model of political press-releases

20000 press-releases from 2003 to 2013, 180Mb.
Examples of permanent topics

0.025 T T T T
rice woman student
condoleezza girl cultural
stanford hiv university
0.021 piano pepfar educational i
football gender youth
jefferson health award
downer mother fulbright
music hiv/aids education
0.0151 rumsfeld treatment alumnus 7
= chappell award study
b (
a \
0.01 B

0.005

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Konstantin Vorontsov (voron®forecsys.ru) itive Regularization of Topic Models



BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Experiment 6. Temporal topic model of political press-releases

20000 press-releases from 2003 to 2013, 180Mb.
Examples of event topics

0.2
0.18 sudan syrian russian B
darfur syria russia
0.16 sudanese opposition federation i
khartoum annan lavrov
rebel assad sergey
0.14f kozak league moscow 7
cpa kofi mfa
0.12- frazer sri bogdanov B
= bashir damascus sphere
> 01} garang lanka putin 4
\5_/ abuja brahimi mass
0.08 kiir sar interaction

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
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BigARTM open source project

. . . Experiments
Practice: Implementation and Experiments P

Brief summary

o Exploratory Search: a paradigm of Information Retrieval for
professionals, researchers, students, and inquisitive persons

@ Multi-criteria Topic Modeling: a way to meet multiple
requirements coming from Exploratory Search

@ ARTM: a novel non-Bayesian approach for multi-criteria
optimization and combining Topic Models

@ BigARTM: open source project for parallel online multimodal
Additively Regularized Topic Modeling of large collections

3T ART.
http://bigartm.org e Join BigARTM community!
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