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Exploratory Search The paradigm of exploratory search
g 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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Gary Marchionini. Exploratory Search: from finding to understanding. Communications of the ACM.
2006, 49(4), p. 41-46.
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Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Iterative “query-browse-refine” search vs Exploratory Search

Iterative Search Exploratory Search

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 The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

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:
© 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 paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Color topic bar is a starting GUI element for exploratory search
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The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory Search

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 paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Topics of the query document

=0 | =C1 - |

Topics in «BigARTM» [English] [Russian]

Probability theory

Likelihood maximization
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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

Similar documents and objects ranked by relevance

=0 | =C1 - |

BigARTM

Welcome to BIgARTM's documentation! — BIgARTM.

docs bigartm org

BIgARTM: The Aigoritm Under The Hood. Messages. .. BigARTMv07.1 Release notes
Publcatons. Legacy documenaton pages.

© bigartm/bigartm - GitHub
github com > bigartmbigartm

topic modeling plation. Contribus 1 bigartm development by reating an

Welcome to BIgARTM's documentation! — BIGARTM.

BIGARTM from other programming languages (vt Python)? How o retieve Theta
m BIGARTM. BIGARTM Developer's Gude.
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ipu > BIGARTM
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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 roadmap: clustering of relevant documents
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E.R.Gansner, Y.Hu, S.North. Visualizing Streaming Text Data with Dynamic Maps. 2012.
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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
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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 paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Topic river: evolution of the domain area
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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 paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Topic bar: segmentation of the query document

unng o"or 3 }:

Gretarsson B., O'Donovan J., Bostandjiev S. et al. 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 paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Exploratory search: the prototype of graphical user interface

Summarization of the query document
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HANPABAEHWI CTATMCTMNECKOTO GHANW3A TEKCTOB, aKTUBHO

pasausaioiieecs nocnepme 10-15 ner. Tematuueckve Mosenu

BbIABNAOT NATEHTHbIE TEMbI B KONIEKUMAX TEKCTOBbIX ZIOKYMEHTOB

W MCIIONIB3YIOTCH AV CO3AGHMR CCTEM CEMHTANECKOTO NIONCKS,
Texcros.

OcHOBHbIE TPEBOBAHMR K TEMATUNECKHM MOAENAM: OHM AOMKHLI
6biTb XOPOLWIO WHTEPMPETUPYEMbIMH (ABTOMATHHCCKY CTPOUTL
TeMbl, NOHATHbIE KOHEUHbIM MO/Ib0BATENAM),
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BPEMEHH), MePADXMICCKAMM (ABTOMATHHECKM PAI/LCTATH TeMbI Ha
NOATEMBI), MY/IbTHTDEMMHBIMA (MCIO/IbIOBATS HE TOBKO
OTACALIbIE CNOB3, HO U KMIONCOBIE HPadhi), U T.4. BuBAMOTENKa ¢
OTKpBITHIM KOZtoM BIgARTM npejHasHadena A nocTpoeHmn
per mopeneii

6ONbLIMX TEKCTOBBIX KOMNEKLUEA
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Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

http:/ /textvis.Inu.se

A visual survey of 220 text visualization techniques
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Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

The elements of Exploratory Search technology

Q Webcrawling ... ready-made solutions
Q@ Content filtering ... o ready-made solutions
© Topic modeling . ... ongoing research
Q Building the inverted index ............... ... ... ... ready-made solutions
O Ranking ... .o ready-made solutions
Q Visualization ......... .. ... ready-made solutions
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Exploratory Search The paradigm of exploratory search
The prototype GUI for exploratory search
The keystone of exploratory search

Topic Model used for Exploratory Search must be...

o

00 000 ©0O0OC

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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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

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 thought of topic t.
Topic model tries to uncover latent topics from observable terms in a text collection.
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Probabilistic Topic Model (PTM) generating a text collection

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

e = GEFRRO00000000000000

\\
D i \
pWIt): 0023 mc 0.014 asuc 0.018 pacnoaHasaHme
0.016 reHom 0.009 cnextp 0.013 cxoncTeo

0.009 Hykneotua 0006 oproroansii 0.011 narrepn

Wi, ey Wiyt /

Pa3pa60TaH CI'IeKTpanbHO-aHal‘IVITMHeCKVII‘;i NoAXOA K BbIABNEHUIO PAa3MbITbIX NPOTAXEHHbBIX TOBTOPOB
B FEHOMHbIX NOE/ef0BaTENbHOCTAX. MeToA OCHOBaH Ha pa3HOMaCcLITabHOM OLIeHMBAHWUW CXOACTBA
HYKIEOTWUAHbIX NOCNEA0BATENbHOCTEN B NPOCTPAHCTBE KO3(PDULMEHTOB pas3noxeHus pparMeHTos
KpuBbIX GC- 1 GA-cofep>aHus No KnacCM4YecKuM opToroHanbHbIM 6a3ucam. HailaeHsl ycnosus
onTUManbHon annpokcumauum, OﬁeCI'IeHMBaloLLlVIe aBTOMaTU4yecKoe pacno3HaBaHue NOBTOPOB
pasNNYHbIX BUAOB (NPSMBIX U MHBEPTUPOBAHHBIX, @ TaK)Ke TaHAEMHbIX) Ha CMEKTPanbHOM MaTpuLe
cxoACcTBa. MeToA 0AMHaKOBO XOpOoLIO paboTaeT Ha pasHbiX MaclwTabax AaHHbIX. OH No3BonseT
BbISAB/NATL Ce/lbl CErMEHTHbIX AYNINKaLMUiA N MeracaTeIMTHbIE YHacTKN B FeHOME, paiioHbl CUHTEHUN
npu CpaBHEHUM Napbl reHoMoB. Ero MoXHO MCMo/b30BaTh ANs AETaNbHOMO U3yyYeHus pparMeHToB
XPOMOCOM (MOWCKa PasMbITbIX yHaCTKOB C YMEPEHHOI ASIMHOI NOBTOPSIOWIErocs naTrepHa).

opic Models




ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

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), 0:g=p(t|d) of the topic model
p(wld) = putbia.
t
under nonnegativity and normalization constraints

Gwe =0, Y dur=1; Oig >0, > Oyg=1.
weWw teT

The ill-posed problem of matrix factorization has infinitely many solutions:
®O = (¢S)(5710) = v’

for any T x T-matrix S such that ®’,©’ are stochastic.
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
g Experiments

PLSA — Probabilistic Latent Semantic Analysis [Hofmann, 1999]

Constrained maximization of the log-likelihood:

f(d)’@) = % Ngw In zt:qbwtetd — r;laé(

EM-algorithm is a simple iteration method for the nonlinear system of equations

E-step: = norm 0
p Ptdw e T ((ﬁwt td)
M—step: ¢Wt = norm( Z ndwptdw)
weW \ 4epD
Org = norm< n )
ed = nOrn er:d dw Ptdw
_ max{x,0} . e _
where nt%rp Xy = 7S§Tma><{xs70} is vector normalization, p:q, = p(t|d, w).
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
g Experiments

LDA — Latent Dirichlet Allocation [Blei, Ng, Jordan, 2003]

Maximum a posteriori (MAP) with Dirichlet prior:
danwlnEtjaswtetd +t§jswln@m +;atlnetd — max
W W El

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

EM-algorithm is a simple iteration method for the system of equations
E-step: = norm 0
Step Ptdw L (¢wt td)

M—step: ¢Wt = norm( Z Ngw Ptdw + ﬁw)
we deD

Org = norm( > NdwPtdw + CYt)
teT wed
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
g Experiments

ARTM — Additive Regularization of Topic Model [Vorontsov, 2014]

Maximum log-likelihood with additive regularization criterion R:

anwlnz¢wt9td+ R(CD e) - r(rgaé(

d,w
EM-algorithm is a simple iteration method for the system of equations

E'Step: Ptdw = nt%r_lm (¢Wt0td)

AR
- : = norm n + —)
M-step Owt e < ng dw Ptdw + O OPwr

0 :norm( n + 0 )
td = norn WZg:d dwPecw + Otd F
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Many Bayesian PTMs can be reinterpreted as regularizers in ARTM

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

@ 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.

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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on for topic modeling
Topic Modeling BigARTM open source project
Experiments

Examples of regularization. Joint use of sparse and smoothed topics

S C T: topics of domain-specific terminology, with sparse and distinct p(w|t)

B C T: background topics of common lexis words, with dense p(w|t)

dwt termsxtopics 0:4 topicsxdocuments
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Example 1. Regularizer for topic smoothing (rethinking LDA)

The high-density assumption for background topics t € B:
distributions ¢, 0:4 are similar to given distributions 3, a;.

Minimize the sum of KL-divergences KL(5||¢¢) and KL(«||04):

R(¢7@) :BOZ Z 5w|n¢wr+aoZZatln0td — max.

teBweW deD teB

The regularized M-step gives a non-Bayesian interpretation of LDA:

gbwt X Nyt + 505W: th X Nyg + oy,
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Topic Modeling BigARTM open source project
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Example 2. Regularizer for topic sparsing (further rethinking LDA)

The sparsity assumption for domain-specific topics t € S:
distributions ¢, 0:4 contain many zero probabilities.

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

R(¢7@) = _502 Z 5w|n¢wt—aoZZatln9td — max.

teS weW deD teS

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

Pwt X (nwt - 505w>+7 Otq < (”td - O/OCYt>+-

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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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Example 3. Regularizer for topics decorrelation

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

Maximize covariances between all pairs of column vectors ¢;, ¢s:

R(®) = —% S Y buedus — max.

t,seS weW

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

Gwt X (nwt — TOwt Z ¢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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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Example 4. Regularizer for topic selection

Assumption: insignificant topics are not well-interpretable.

Maximize KL(‘—ill.| | (t)) to make distribution over topics p(t) = > p(d)0:q sparse:
d

:—TZInZ d)0:g — max.

teS deD

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

ng
th X (ntd — T—th) .
ne +

Effect: if n, is small then all values 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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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project

Experiments

Combining topic models by adding their regularizers

Maximum log-likelihood with additive combination of regularizers:

dz:ndw|nzt:¢wt9td+;ﬂf\’,‘(¢,@) — rg%x,
W i=

where 7; are regularization coefficients.

EM-algorithm is a simple iteration method for the system of equations

E-step; Ptdw = ntoer7m (¢Wt9td)

n
OR;

M—step: ¢Wt = norm( Z Ndw Ptdw + (;Swt Z Ti ﬁ@wt)

weW \ geb i=1

n
OR;
01y = norm( > NdwPtdw + bed D Tigg d)
teT \ ocy i=1 "
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Topic Modeling BigARTM open source project
Experiments

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
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Multimodal Probabilistic Topic Modeling

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

time p(yt),
Metadata: — Topics of documents
Authors Text documents e
Data Time E doct: [ [N I
el IRl ———=L
URL ™| | doc3: [N [
ete T | docs: [ I I ]
s
Topic o
Modeling
T
o
P
1
[
S
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Multimodal Probabilistic Topic Modeling

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

Metadata: — Topics of documents
Text documents —

Authors o
Data Time ° doct: [ [N I
Conference c doc2: NI ' HE
Organization rl:‘
URL ™| | doca: N[
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Multimodal Probabilistic Topic Modeling

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

Metadata: — Topics of documents
Text documents —
Authors o
Data Time ° doct: [ [N I
Conference c doc2: NI ' HE
Organization rl:‘
URL ™| | doca: N[
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Multimodal Probabilistic Topic Modeling

Multimodal Topic Model finds topical distribution for terms p(w|t), authors p(a|t),
time p(y|t), objects on images p(o|t), linked documents p(d’|t), banner ads p(b|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(a|t),
time p(y|t), objects on images p(o|t), linked documents p(d’|t), banner ads p(b|t),
users p(ult),

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(a|t),
time p(y|t), objects on images p(o|t), linked documents p(d’|t), banner ads p(b|t),
users p(ult), and binds all these modalities into a single topic model.
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project

Experiments

Multimodal extension of ARTM [Vorontsov, 2015]

W™ is a vocabulary of tokens of m-th modality, m € M
W = W!U---UWMis a joint vocabulary of all modalities

Maximum multimodal log-likelihood with regularization:

S>> ndWInZ(bWtQtd—i—R(CD,@) — max

meM deD weWwm

EM-algorithm is a simple iteration method for the system of equations
E- : = norm 0
step Ptdw pall (¢Wt td)
- : = norm A n ﬂ)
M-step: Pwt WEW’"(ng m(w) Ndw Ptdw + Pwt Db

Oig = norm( > Am(w) Ndw Prdw + 9tdagd)
teT \ yed
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ARTM: additive regularization for topic modeling
BigARTM open source project

Topic Modeling
g Experiments

Out-of-bag-of-words extension of ARTM [Potapenko, 2015]

Each document d is a sequence of ny tokens: wy, ws,

ceey Wy
Maximum log-likelihood with positional regularizers Ry;

d

Z Ndw In Z (bwtetd + Z Z Rd/ Pidw; > -

.,pTdW,.) + R($,0) — max
deD =1

)

EM-algorithm is a simple iteration method for the system of equations

E-step:

M-step:

y
P = norm (25 0 :
tdw 2 ( wt td)

5., — DPrdw ORgi IRy
Ptdw = ntdw ) Z (1 + OPtdw Z Psdw OPsdw
I wi=w seT
= OR
= norm( Ndw Prdw + t—)
qbw we W d%:D w Ptdw gbw bt
= OR
Ora = norm( >~ NdwPrdw + etdw)
teT wed td

);
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

BigARTM project

BigARTM features:
@ 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) @@
@ Documentation http://bigartm.org _?QAQT

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

The BigARTM project: parallel architecture

Processor threads: Queue

ProcessBatch( Dy, ) it { Tt}

T
Db d)wt

| |

Merger thread:
| —Syncrohize()» Accumulate 77,

Recalculate ¢

@ Concurrent processing of batches D = Dy LI--- 1l 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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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Experiment 1: Running BigARTM on large collections

collection |W|, 103 |D|, 10° n, 100 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 *~ —

nytimes

pubmed

6 wiki
4
o mm |
1 2 4 6 8 10 12 14

Amazon EC2 cc2.8xlarge instance: 16 cores 4 hyperthreading, Intel® Xeon® CPU E5-2670 2.6GHz.

15 Processors
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Topic Modeling BigARTM open source project
Experiments

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 38 57 min 224 sec 4455

@ procs = number of parallel threads
@ inference = time to infer 84 for 100K held-out documents
@ perplexity is calculated on held-out documents
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ARTM: additive regularization for topic modeling

BigARTM open source project
Experiments

Experiment 3: Running BigARTM with multiple regularizers

ARTM combines regularizers to

Train perplexity

10000

9000

8000

7000

6000

5000

Regularized model
Non-regularized model|

Outer iteration

14 16 18 20

Phi sparsity, %

—6— Regularized model
—&— Non-regularized model

5 8

Theta sparsity, %
8

in Vorontsov (voron@yandex-team.ru)

improve sparsity without a loss of the perplexity

—6— Regularized model
—e— Non-regularized model
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project

Experiments

Experiment 4: Hierarchical topic model for MMPR-IIP conferences

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

BigARTM:
7 regularizers,
3-level hierarchy

http://explore-mmro.ru

@ (OIG]E)
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ARTM: additive regularization for topic modeling
BigARTM open source project

Experiments

Experiment 5: The interpretability of n-gram models

MMPR-IIP collection, |D| = 865, in Russian.

Two modalities: unigrams & bigrams

pattern recognition in bioinformatics

optimization and computational complexity

unigrams bigrams unigrams bigrams

obbekT 3a4a4a pacnosHaBaHus 3apaqa pasaensiTb MHOXECTBa
3apaqa MHOXKECTBO MOTNBOB MHOXECTBO KOHEYHOE MHOXKECTBO
MHOXKECTBO cmcTtema mMacok NOAMHOXECTBO ycnoBne 3agaqn

MOTMNB BTOPMYHAS CTPYKTYypa ycnosue 3a4a4a O NOKpPbLITAN
paspewnmMocTb cTpykTypa benka Knacc MOKPLITNE MHOXXECTBA
BbIbOpKa pacrnosHaBaHne BTOPUYHON pelueHne CUJIbHBIA CMbBICA

Macka cocTosiHne obbekTa KOHEYHbII pasgensilownii KomuTeT
pacnosHaBaHue obyuqatowasi Beibopka 4ncno MUHNManNbHbI adpdNHHbIA
MHOPMATNBHOCTb oueHKa MHPOPMATNBHOCTY adbPrHHBIN adbprHHBIA KOMUTET
COCTOsiHUE MHOXECTBO OOBEKTOB cnyyaii acpbuHHbIA pasgenstownii
33aKOHOMEPHOCTb pa3peLunMocTb 3agayn nokpbITNE obuiee nonoxxexmne
cuctema KpuTepuii paspewnmmMocTm obwynii MHOXXECTBO TOYeEK
CTPYKTYypa MHEOPMATMBHOCTL MOTUBA NMPOCTPAHCTBO cnyyaii 3apaqn

3Ha4eHne nepBM4YHasA CTPYKTypa cxema obwuii cayyaii
perynsipHoCcTb TYNNKOBOE MHOXECTBO KOMUTET 3agayqa MASC
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itive Regularization of T
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Topic Modeling BigARTM open source project
Experiments

Experiment 6. Temporal topic model

1. Sparsing p(tly) = E 0:4p(d) distributions for each time instance y € Y:

Ri(©) = —7 Z Z Inp(tly) — max.

yYeY teT

where D, C D — all documents labeled by y.

2. Penalizing noisy variations of p(y|t), a probability time series for a topic:

Ra( :—TQZZ‘[) y[t) = p(y—1|t)| = max.

yeY teT
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

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 orogram
million student
food T I education
humanitarian iraq africa university
relief 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 :z‘lj'eor‘;amn
egypt
sotiety moscow
religious gey
free rpi‘uflalr\
zg])"lbl'a" bogdanov
cuba sphere
iran o
iranian synan
sanction opposition
regime :
suspend 2004 2005 2006 2007 2008 L 2009 | 2010 2011 2012 | pead
pressure -5--
tehran year | P
impose regime
oil

e Regularization of



ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

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
0.02 piano pepfar educational i
football gender youth
jefferson health award
downer mother fulbright
music hiv/aids education
0.015- rumsfeld treatment alumnus 7
= chappell award study
>
5% ’\A
‘ 4
|
|
|

LAY

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012#

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Models



ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Experiment 6. Temporal topic model of political press-releases

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

0.2
0.18f sudan syrian russian —
darfur syria russia
0.16 sudanese opposition federation i
' khartoum annan lavrov
0.14F rebel assad sergey i
' kozak league moscow
cpa kofi mfa
0.121- frazer sri bogdanov A
= bashir damascus sphere
> 0.1 garang lanka putin i
= abuja brahimi mass
0.08| kiir sar interaction i
0.06 - B
0.04 B
0.02- A B
OAAAgJ‘_"J“J e L e S \A‘L |

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
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ARTM: additive regularization for topic modeling
Topic Modeling BigARTM open source project
Experiments

Brief summary

@ 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

D
i ART,
http://bigartm.org e Join BigARTM community!
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Electrocardiography
Informational analysis of ECG signals

Multi-disease ECG diagnostics

Symbolic Dynamics for Medical Diagnostics

Electrocardiography

P PR QRS ST iy
ot Compex segent wave

U
vove  seqne =

Interval A A

1872 — first record of the electrical activity of the heart
1911 — an early commercial ECG device (photo)
1924 — Nobel Prize in Medicine for the description of the ECG features of a number

of cardiovascular disorders (Willem Einthoven)
Additive Regularization of Topic Models
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Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Theory of Information Function of the Heart (Uspenskiy, 2008)

Assumptions:
@ ECG signal carries information about the functioning of not only the heart,
but all the systems of the body
@ Each disease exhibits a specific modulation of the amplitudes and intervals of
cardiac cycles
@ This modulation can be detected at any stage of the disease including latent and
preclinical stages
Bold idea: early diagnosis of many diseases from one ECG

V. Uspenskiy. Information Function of the Heart. Clinical Medicine, vol. 86, no.5 (2008), pp.4-13.

V. Uspenskiy. Diagnostic System Based on the Information Analysis of Electrocardiogram. MECO 2012.
Advances and Challenges in Embedded Computing (Bar, Montenegro, June 19-21, 2012), pp.74-76.
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Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Multidisease Diagnostic System «Skrinfaks»

more than 30 years of research (from 1978)

more than 15 years of experimental exploitation
more than 20000 cases (ECG record + diagnosis)
more than 40 internal diseases can be detected

e © ¢ ¢

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Models



Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Preprocessing step 1: Variability of R-amplitudes and RR-intervals

Input: a detailed raw ECG signal (3Mb file)

Output: a sequence of increment signs (225b, 10* times compression!)
amplitude dR, = R,11 — R,
interval dTn=Thy1— Th
angle dap, = apy1 — apn, where «a, = arctg '.f-—:

U
500
450
400
350
300
250 R,
200
150
100
50
0
50
-100 Anty
-150 Tn T
-200 n+1
-250

Rn+1

70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 1, cex.
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Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Variability of increments dR,, and dT, for ill and healthy persons

healthy:

peptic ulcer:

hypertension:

cancer:




Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Preprocessing step 2: Discretization and symbolic representation

Input: intervals and amplitudes (71, R1),...,(Tn, Rn)
Output: codogram x = (si,...,Sn—1)
is a sequence of symbols from the alphabet A = {A,B,C,D,E,F}

if Ry <Rpi1i, Th<Tpr1, ap<apiy then s, =A
if Rp>=Rps1, Th> Tphr1, ap<apr1 then s, =B
if Ry <Rp+1, Th>= Tphr1, ap<apr1 then s, =C
if Rp>Rpt1, Th< Tpr1, «@p = apr1 then s, =D
if Ry <Rp+1, Th< Tpr1, «ap = apr1 then s, =E
if Rn>Rpi1, Th> Thp1, o> app1 then s, =F
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Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Preprocessing step 3: Vectorization

Input: a codogram x = (s1,...,Sy_1) as a text string

DBEERCFDAAFBABDDAADF ARF FEACF ERCFBAEFFAABFFAAFF AR T ARFF AREBFAEBFEARFCARFFARD
FCAFFARDF CADF CCDF DACF FACDF AEFF ACE FEADFCAFBCADFF ECFF ARFFAAFFAEFFCACF CAEFFCAD
DAADBF ARFF AEBFARBFACDF F AAF BARDF AADF DARF CECE CEDF CEEF CAEF BECBBBARDBAACFFARFA
CFFCECFDARBDAEF FARFF CEDBF ARFFAEFF AEFBACE BAEDF EARFFCAFF DAAFFAEBDAADBEADF DAFF
£ABFCCAFDEEBDECFFACFF AABF ARDFBARE F ACFFF AEFF ACFFACFF CECFBARFFFARFFFAAFFAADFB
AABFACDF DAEF F ARDBAREF FEAF BCECF DECCF BARFF ARDFDACDF ARFFARDFCARDF AEF BAAF FCADFE
AFFCECFCECF FAAFFABCDAAAFFADBF CAEFF ARBF ACBF ANEBFAEBF CAFFBARFFARF FDACF DANBFS
CAFFAECFFACFFACDF CADF DARBF AREDDABBF CACDBAAF FARFFCADFARDFDACF FAEDF CACF CAEBCE

Output: triplet frequency fj(x) — how many times the triplet j appears in the
codogram x, j=1,...,n, n=6% =216

1. FFA - 42 17. EFF - 10 33. CEC - 6 49. EAC - 3
2. FAR - 33 18. DAR - 10 3. ADB - 5 50. DDA - 3
3. AFF - 32 19. ECF - 9 35. FFE - 5 91. CAC - 3
4. AAF - 30 20. FFC -9 36. EBF - 5 92. EDF - 3
5. ADF - 18 21. FER -9 37. CFD - 5 93. EFB -3
6. FCA - 18 22. DFC - 8 38. AFB - & Oh. DBA - 3
1. ACF - 17 23. ABF - 8 39. ARE - & 99. FCC - 2
8. ARD - 15 2. AAB - 8 40. CFC - & 96. AFC - 2
9. CFF - 14 25. FCE - 8 41. CAE - & 57. EAR - 2
10. AEF - 13 26. AEB - 7 42. DAC - & 98. CED - 2
11. FDA - 13 21. DFD - 7 43. DBF - & 59. CAR - 2
12. FAE - 12 28. ACD - 6 4. BFC - & 60. BCA - 2
13. FAC - 12 29. CDF - 6 45. CFB - & 61. BBA - 2
14. FBA - 11 30. DFA - 6 46. AED - 3 62. DFF - 2
15. BFA - 11 31. CAF - 6 &7, FFF - 3 63. BDA - 2
16. BAR - 11 32. CAD - 6 48. FBC - 3 64. DAE - 2

ve Regularization of T



Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

Machine learning step: why Topic Modeling?

Multimodal Topic Model for document classification:
@ document <> codogram extracted from the ECG record
@ modality #1: word <> triplet from {AAA, AAB, ... FFF}
@ modality #2: class <+ disease
@ topic <> diagnostic pattern of the class

Healthy:

topic 1: AED, BCE, CED, DBD, DDC, EDF, EFC, FCA, FCE

topic 2: BCE, CAD, DBD, DDC, EDB, EDF, FCA, FCE
topic 3: AED, CED, DBD, DFC, EDB, EFC, FCE

Disease (diabetes):
topic 1: AFC, CAF, AFA, FAE, AFB, BAF, BAD, EFC, EFA, CFC
topic 2: AFC, CAF, AFA, FAB, ABB, BAF, BCD, EFF
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Cross-validation experiments

Electrocardiography
Informational analysis of ECG signals
Multi-disease ECG diagnostics

Training set — for learning model parameters w;, j =1,...,216
Testing set — for evaluating sensitivity, specificity and AUC
40x 10-fold cross-validation to build 95% confidence intervals

disease cases AUC, % spec, % (sens=95%)
femoral head necrosis 327 | 99.19 £ 0.10 96.6 +£1.76
cholelithiasis 277 | 98.98 £0.23 94.4 +£1.54
coronary heart disease 1262 | 97.98 +0.14 91.1+1.86
gastritis 321 | 97.76 +0.11 88.3+2.64
hypertensive disease 1891 | 96.76 + 0.09 84.7 +£1.99
diabetes 868 | 96.75 4+ 0.19 85.3+2.18
benign prostatic hyperplasia 257 | 96.49 +£0.13 80.1 +3.19
cancer 525 | 96.49 + 0.28 82.2+2.38
nodular goiter thyroid 750 | 95.57 +£0.16 73.5+3.41
chronic cholecystitis 336 | 95.35+0.12 74.8 £2.46
biliary dyskinesia 714 | 94.99 +£0.16 70.3 + 4.67
urolithiasis 649 | 94.99 £0.11 69.3 +2.14
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CardioQVARK project http://cardioqvark.ru

| L L f

«| e
.

10 1008

20 uapra 2014 [EREZEL
* Yrpow, seien: loene 3aATPaKA W wACoROR NparyMi. CamewBCTaMe.

ath

Konstantin Vorontsov (voron@yandex-team.ru) Additive Regularization of Topic Models



Electrocardiography
Informational analysis of ECG signals
Symbolic Dynamics for Medical Diagnostics Multi-disease ECG diagnostics

A first toy experiment with CardioQVARK data

Data from CardioQVARK database
2611 cases of two classes:

@ 26% smoke

@ 74% don't smoke

Cross-validation AUC, %:

HRV | 2T | 4RT | 6RTA | HRV + 6RTA
86.4 | 81.8 | 87.1 | 87.8 91.6

HRV: standard features from Heart Rate Variability analysis

2T: 2-symbol encoding of intervals

4RT: 4-symbol encoding of intervals and amplitudes

6RTA: 6-symbol encoding of intervals, amplitudes, and their ratios
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Brief summary

@ The high-accuracy diagnostics of multiple internal diseases via a single ECG record
is possible!

@ A wide spread of portable devices leads to the accumulation of BigData
of biomedical signals that can be used for remote health care services

@ Symbolic Dynamics and Topic Modeling can be used for mining diagnostic
patterns from biomedical signals

Contacts:
Konstantin Vorontsov: voron@yandex-team.ru
Wiki www.MachineLearning.ru e User:Vokov (in Russian)
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