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Exploratory Search for learning and investigation

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

@ what if the user isn't looking for a single answer?
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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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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
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Exploratory search: the prototype of graphical user interface

Click on the color topic bar is a topic query

- BigARTM
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Exploratory search: the prototype of graphical user interface

Topics of the query document

&0 BGARTM x i
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o Statist

o Probability theory

o Natural language processing

stic topic modeling

o Likelihood maximization
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Exploratory search: the prototype of graphical user interface

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

Topic roadmap: clustering of relevant documents
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Exploratory search: the prototype of graphical user interface

Topic hierarchy: topical structure of the domain area
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Exploratory search: the prototype of graphical user interface

Topic river: evolution of the domain area
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Exploratory search: the prototype of graphical user interface

Topic bar: segmentation of the query document
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Exploratory search: the prototype of graphical user interface

Summarization of the query document
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Topic roadmap: clustering of relevant documents

@ Points represent documents
@ Clusters represent groups of similar documents

@ The most convenient shape of a cloud may be adjusted

Tuan M. V. Le, Hady W. Lauw Probabilistic Latent Document Network
Embedding. IEEE International Conference ICDM. 2014,
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Topic roadmap: clustering of relevant documents
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M.Zinsmaier, U.Brandes, O.Deussen, H.Strobelt. Interactive level-of-detail

rendering of large graphs. IEEE Trans. Vis. Comput. Graph. 2012.
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Topic roadmap: clustering of relevant documents

A map metaphor visualization (left) seems more appealing than
a plain graph layout (right), and clusters seem easier to identify.

E.R.Gansner, Y.Hu, S.North. Visualizing Streaming Text Data with Dynamic
Maps. 2012.
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Topic hierarchy: topical structure of the domain area

TERRORIST
TERRORISM

passports
terrorists
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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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Topic river: evolution of the domain area
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Evolving hierarchical topics in the Prism dataset (2013/06/03 — 2014/02/09).

@ An expert chooses the cut of the tree hierarchy,
@ marks events interactively,

@ then generates a report.

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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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

Topic sources: common topics and source-specific topics
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Oelke D., Strobelt H., Rohrdantz C., Gurevych I., Deussen O. Comparative
exploration of document collections: a visual analytics approach. EuroVis. 2014.
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Topic sources: common topics and source-specific topics
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Shixia Liu, Xiting Wang, Jianfei Chen, Jun Zhu, Baining Guo. TopicPanorama:

a full picture of relevant topics. IEEE Symp. on Visual Analytics Science and
Technology. 2014.
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http://textvis.Inu.se

A visual survey of 170 text visualization techniques
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The elements of Exploratory Search

o
2]
o
o
o
o

Web crawling

Content filtering

Topic modeling

Building the inverted index
Ranking

Visualization
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The elements of Exploratory Search

O Webcrawling .......................... ready-made solutions
© Content filtering
© Topic modeling
© Building the inverted index ............. ready-made solutions
© Ranking ... ready-made solutions
© Visualization ......... .. ... . ... ... ... ready-made solutions
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The elements of Exploratory Search

O Webcrawling .......................... ready-made solutions
© Content filtering ....................... in this presentation
© Topic modeling ........................ in this presentation
© Building the inverted index ............. ready-made solutions
© Ranking ... ready-made solutions
© Visualization ......... .. ... . ... ... ... ready-made solutions
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Requirements for topic modeling
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)

Topic model explains terms w in documents d by topics t:

p(w|d) = Zt)p(W!t)p(t!d)

UoOOOo00Oo0OO00OoO

pwlt): 002 BHK 0.014 6asuc 0.018 pacnosHagatme
0.016 reHom 0.009 cnexTp 0.013 cxoncTso

0.009 HykneoTua 0.006 opToroHanbHblit 0.011 naTTepH

W1, ooy Wyt /

Pa3p560T3H CI'IeKTpafIbHO-aHaJ'IVITVI‘-leCKVII‘/’I noaxo4 K BbISSBNEHUIO PA3MbITbIX MPOTSAXEHHbIX TOBTOPOB
B M€HOMHbIX NOcnenoBaTebHOCTAX. MeToa OCHOBaH H. pa3HOMaCLUT36HOM OueHnBaHMM cxoacTea
HYKNEOTUAHBIX NOCNeA0BaTeNbHOCTEN B NPOCTPAHCTBE KOIPDULMEHTOB pasnoxeHus dhparMeHToB
kpuBbIX GC- 1 GA-cofep>XaHusi Mo KNacCUYeckuM OpPTOroHasbHbIM 6asncaMm. HaliaeHbl ycnosus
OnNTUMasbHOM anmnpoKkcuMaLmn, obecrneynBaroLLe aBTOMaTUYECKOe pacrno3HaBaHye NoBTOPOB
pa3nnyYHbIX BUAOB (NMPSIMbIX U MHBEPTUMPOBAHHbIX, @ TakXke TaHAEMHbIX) Ha CMeKTpasbHO MaTpuLe
cxofcTBa. MeTo/ 0MHaKOBO XOPOLIO paboTaeT Ha pa3HbIX MaclTabax AaHHbIX. OH No3BonseT
BbISIBNISITb C/IeAbl CEFMEHTHbIX AYMINKaLMWi U MeracaTe/IUTHbIE Y4acTKu B reHOMe, paiioHbl CUHTEHWUM
NpV CpaBHEHUM Mapbl FeHOMOB. Ero MOXHO MCMosb30BaTh AN AETanbHOMO U3y4YeHWst hparMeHToB
XPOMOCOM (MOMUCKa PasMbITbIX YHACTKOB C YMEPEHHOW [JIMHOM MOBTOPSIOLLErocs naTrepHa).
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Probabilistic topic modeling: milestones and mainstream

© PLSA — Probabilistic Latent Semantic Analysis (1999)
© LDA — Latent Dirichlet Allocation (2003)
© 100s of PTMs based on Graphical Models & Bayesian Inference
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David Blei. Probabilistic topic models // Communications of the ACM, 2012.
Vol.55. No. 4. Pp. 77-84.
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Topic model for exploratory search should be...

© Interpretable: each topic should be well interpretable
by humans and labeled
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Topic model for exploratory search should be...

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

© Multigram: keyphrases should be extracted automatically
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Topic model for exploratory search should be...

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

© Multigram: keyphrases should be extracted automatically

© Multilingual: cross-language and multi-language search
should be supported
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Topic model for exploratory search should be...

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

Multigram: keyphrases should be extracted automatically

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

© 00

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

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

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
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Temporal: topic dynamics over time should be identified
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Topic model for exploratory search should be...

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

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
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Hierarchical: granularity of topics should be user-adjustable
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Topic model for exploratory search should be...

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

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
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Segmented: the topical text segmentation should be
supported beyond the bag-of-words (BoW) model
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Topic model for exploratory search should be...

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

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 (BoW) model

© 0600 ©6 0O

Semi-supervised: the corrections from experts should be used
to improve the model
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What prevents usage of topic modeling for exploratory search?

© Lack of techniques for combining topic models

How are we going to solve these problems:

O ARTM — Additive Regularization for Topic Modeling
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What prevents usage of topic modeling for exploratory search?

© Lack of techniques for combining topic models
© Lack of interpretability

How are we going to solve these problems:

O ARTM — Additive Regularization for Topic Modeling

© e Automatic multigram term extraction
e Using external linguistic resources (thesaurus, ontologies)
e Automatic revealing of topic lexical kernels
(via sparsity, diversity and coherence maximization)
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Exploratory Search Fingertip knowledge and exploratory search
The elements of exploratory search
Requirements for topic modeling

What prevents usage of topic modeling for exploratory search?

© Lack of techniques for combining topic models
© Lack of interpretability
© Lack of linguistic validity

How are we going to solve these problems:

O ARTM — Additive Regularization for Topic Modeling

© e Automatic multigram term extraction
e Using external linguistic resources (thesaurus, ontologies)
e Automatic revealing of topic lexical kernels
(via sparsity, diversity and coherence maximization)

© Linguistic regularization of topic models
(sentence TM, syntactic TM, segmentation TM, etc.)

Konstantin Vorontsov (voron@forecsys.ru) Automatic Content Filtering and Topic Modeling 29 /48



Theory
Topic Modeling Implementation
Experiments

ARTM: Additive Regularization for Topic Modeling

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

Find: parameters ¢+ =p(w|t), O:g=p(t|d) of the topic model
The problem is to maximize the regularized log-likelihood:

D awn Y duebea + R(®,0) — max,
t ’

d,w

Swt 20, Y duwr=1; Otg >0, > g =1
wew teT

Vorontsov K. V., Potapenko A. A. Tutorial on probabilistic topic modeling:
additive regularization for stochastic matrix factorization // AIST'2014.
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Theory
Topic Modeling Implementation
Experiments

Solution: the regularized EM algorithm

Input: collection D: each d = {w; ... w,,} also as BoW ||ng,|;
Output: matrices ¢y = p(w|t), 0w = p(t|d);

1 initialize ¢we, Org;

2 repeat

3 estimate topic distribution for each term w in each document d:
p(t|d, w) = norme (Suelea);

4 count the frequency of each term w in each topic t:
Nwt = Zd ndwp(t’dv W);

5 count the frequency of each topic t in each document d:
Neg = >, Ndwp(t|d, w);

6 apply regularization and normalize conditional probabilities:

Pwe = normy, (N + th%);
IR \.
01y = nOI’mt(ntd + thﬁdeﬁ)’

7 until convergence;
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ARTM: available regularizers

]
*]
*]
]
]
*]
*]
]
]
*]
*]

topic smoothing (equivalent to LDA)

topic sparsing

topic decorrelation

topic selection via entropy sparsing

topic coherence maximization

supervised learning for classification and regression
semi-supervised learning

using documents citation and links

modeling temporal topic dynamics

using vocabularies in multilingual topic models
and many others

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topic Models //
Machine Learning. Special Issue “Data Analysis and Intelligent Optimization
with Applications”’. Springer, 2014.
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Summary of ARTM approach

EM-algorithm is computationally effecient:
@ It has linear time complexity O(n - |T]| - nlter)
@ lts online version passes only once through a big collection

@ Parallelism is possible for both multi-core CPUs and clusters

ARTM reduces barriers to entry into PTM research field:
@ PLSA, LDA, and 100s of PTMs are covered by ARTM
@ Combining multiple regularizers is easy
@ No complicated Bayesian inference and graphical models

@ Fast parallel online implementation BigARTM (bigartm.org)
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Next step: making topic models more linguistic

]
]
]
*]
*]

Syntactic topic models

Sentence and discourse topic models
Text segmentation topic models
Automatic multigram term extraction

ARTM: post-processing of topic—term matrix p(t|d, w)

J.Boyd-Graber. Linguistic extensions of topic models. PhD thesis. 2010.

N.Aletras. Interpreting document collections with topic models. PhD thesis. 2014.
M.Yang, T.Cui, W.Tu. Ordering-sensitive and semantic-aware topic modeling. 2015.
M.Riedl, C.Biemann. How text segmentation algorithms gain from topic

models. 2012.

S.Remus, C.Biemann Three knowledge-free methods for automatic lexical chain
extraction. 2013.

A.Lazaridou, I. Titov, C.Sporleder. A Bayesian model for joint unsupervised
induction of sentiment, aspect and discourse representations. 2013.
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BigARTM project

BigARTM features:
@ Parallel + Online + Multimodal + Regularized topic modeling
@ Out-of-core processing of Big Data

@ Built-in library of regularizers and quality measures

Konstantin Vorontsov (voron@forecsys.ru) Automatic Content Filtering and Topic Modeling 35 /48



Theory
Topic Modeling Implementation
Experiments

BigARTM project

BigARTM features:
@ Parallel + Online + Multimodal + Regularized topic modeling
@ Out-of-core 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) CDC'_')
@ Documentation http://bigartm.org 279 ART,
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BigARTM project

BigARTM features:
@ Parallel + Online + Multimodal + Regularized topic modeling
@ Out-of-core 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) CDC'—')

@ Documentation http://bigartm.org EQART
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 APls: command-line, C++, and Python

Konstantin Vorontsov (voron@forecsys.ru)
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The BigARTM project: parallel architecture

5 ,
D Processor threads: ~
" ProcessBatch(Dy, ¢ Tt
D,

{ At}

(l)w[
| |

Merger thread:
F—Syncrohize( ) Accumulate 7,
Recalculate ¢

@ Concurrent processing of batches

@ 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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Experiment 1. 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 64 for 100K held-out documents

o perplexity is calculated on held-out documents.
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Experiment 1. Running BigARTM in parallel

Topic Modeling

@ 3.7M articles from Wikipedia, 100K unique words

Y 2 T s
_ -
12 - cvieeneend LRI m O e
] "
S 10f- e o
- y ©
] 48 S s SR SR E
G B L 2
abo A 5
=
] 4 S R S
L L L L L L L L L L
10 15 20 25 30 10 15 20 25 30

Number of Parallel Threads Number of Parallel Threads

@ Amazon EC2 c3.8xlarge (16 physical cores + hyperthreading)
@ No extra memory cost for adding more threads
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Experiment 2. Running BigARTM on large collections

collection | |W|, 103  |D|,10° n, 10°  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 cc2.8xlarge instance:
16 cores + hyperthreading, Intel® Xeon® CPU E5-2670 2.6GHz.
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Experiment 3. Additive regularization

ARTM combines regularizers to improve multiple criteria (sparsity,

number of unique words) without a loss of the perplexity.

10000,

Train perplexity

—6— Rogularized model
—6— Non-reguiarized model

Phi sparsity, %

4 s 8 10 12z 14 15 18 2
Outer iteration

. [—e— Reguiarized model
—0— Non-regularized model

et

or®

10 15 20
Outer iteration
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Experiment 4. Interpretability of Multilingual ARTM

We consider languages as modalities in Multimodal ARTM.

Collection of 216 175 Russian—English Wikipedia articles pairs.
Top 10 words with p(w|t) probabilities (in %):

Topic 68 Topic 79
research 4.56 | uHCTUTYT 6.03 || goals 4.48 | maTy 6.02
technology  3.14 | ynueepcuter  3.35 || league 3.99 | urpok 5.56
engineering  2.63 | nporpamma 3.17 || club  3.76 | cbopHas 451
institute 2.37 | y4ebHbiii 2.75 || season 3.49 | bk 3.25
science 1.97 | texHnyecknin  2.70 || scored 2.72 | npotus 3.20
program 1.60 | texnonorust  2.30 || cup 2.57 | knyb 3.14
education 1.44 | Hay4HbIii 1.76 || goal  2.48 | pyTbonucT 2.67
campus 1.43 | nccneposaHue 1.67 [apps 1.74|ron 2.65
management 1.38 | Hayka 1.64 || debut 1.69 |3abusate  2.53
programs 1.36 | obpasosarve 1.47 || match 1.67 | komaHga 2.14
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Experiment 4. Interpretability of Multilingual ARTM

Collection of 216 175 Russian—English Wikipedia articles pairs.
Top 10 words with p(w|t) probabilities (in %):

Topic 88 Topic 251
opera 7.36 | onepa 7.82 || windows 8.00 | windows 6.05
conductor  1.69 | onepHbiii 3.13 || microsoft 4.03 | microsoft 3.76
orchestra 1.14 | pupwxep 2.82 || server 2.93 | Bepcus 1.86
wagner 0.97 | nesey, 1.65 || software  1.38 | npunoxenne  1.86
soprano 0.78 | neBuua  1.51 || user 1.03 | cepBep 1.63
performance 0.78 | TeaTp 1.14 || security  0.92 | server 1.54
mozart 0.74 | naptuss ~ 1.05 || mitchell  0.82 | nporpammubiii 1.08
sang 0.70 | conpano 0.97 || oracle 0.82 | nonb3oBatens 1.04
singing 0.69 | Barnep  0.90 || enterprise 0.78 | obecneyenne 1.02
operas 0.68 | opkectp 0.82 || users 0.78 | cucrema 0.96

All | T| = 400 topics were reviewed by an independent assessor,
and he successfully interpreted 396 topics.
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Experiment 5. Interpretability of Multigram ARTM

We consider n-grams as modalities in Multimodal ARTM.

Collection: 1000 articles from Russian conference www.mmro.ru

pacnosHaBaHue obpa3oB B buionHgopmaTuke Teopursi BbIHNCINTENBHON COXKHOCTU
unigrams bigrams unigrams bigrams
obbekT 3afadva pacnosHaBaHus 3agaqa pasfensiTb MHOXECTBA
3apaqa MHOXECTBO MOTNBOB MHOX€ECTBO KOHEYHOE MHOXECTBO
MHOXXeCTBO cmcTemMa Macok NOLMHOXECTBO YC/IOBME 3adaqn
MOTUNB BTOPMYHaA CTPYKTypa ycnosue 3aja4a O MOKPbLITAN
paspewmnmMocTb cTpyKTypa beska Knacc NOKPbITME MHOXECTBA
BblbOpKa pacrnosHaBaHNe BTOPUYHON | pelleHmne CUABHBIA CMbICA
Macka cocTosiHne obbekTa KOHeYHbI pasfensiownii KOMUTET
pacnosHaBaHune obyuatowasi Bbibopka yncno MUHUMabHbIT addUHHBIN
NHOPMaATUBHOCTL OLEeHKa MHPOPMATUBHOCTY | adbcprHHbIN acppuHHBIA KOMUTET
cocTosiHue MHOXXeCTBO OBbEKTOB cny4aii adbpurHHbI pasgensiowmii
3aKOHOMEPHOCTb  Pa3peLIMOCTb 3a4a4qn NoKpbITHE obLee nonoxeHune
cucrema KpUTEpUiA paspewnMocTu | obwuii MHOXECTBO TOYEK
CTPYKTypa NHPOPMATUBHOCTL MOTIMBA | MPOCTPAHCTBO CAyYaii 3agauqn
3Ha4eHue nepBMYHasi CTPYKTypa cxema obwuii cnyyaii
perynasipHoCTb TYNNKOBOE MHOXECTBO KoMunTeT 3agayva MASC
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Active learning
Topic modeling for genre classification
Content Filtering Results

Learning the Content Filter

© the principles of filtering are communicated to the experts

@ experts label the training set as «good» and «bad»
documents

© the learned classifier is used for uncertainty sampling

extract classifier for
new features content filtering
labeled training set . . P
document learning misclassification
) of document " .
collection classifier analysis
feature vectors
label new
report

documents

The problem of unbalanced classes: 1 : 50 in our collection
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Topic modeling for scientific genre classification

Collection:
850K documents from 2000 sites of Russian universities,
no more than 2% of them are «good» i.e. scientific.

Labeled: 3K documents, 40% of them are «good».

Expert instructions:

@ «good» document is a primary source of scientific information
that carries scientific knowledge

@ «bad» documents: commercial and organizational content,
home pages, courses, annotations, bibliographies, etc.

Topic model for semi-supervised classification
learns positive and negative words for text genre classification
from a small labeled training set.
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Content Filtering

Examples of topics

Active learning
Topic modeling for genre classification

Results

< less scientific more scientific —
0.000 0.099 0.203 0.755 1.000
obpasoBaHue KOTOpbI cTpaHa npsimasi npouecc
CTyfeHT psig, Poccus 6bITb pesynbTat
coumanbHbIi OLeHKa NPOU3BOACTBO  TOYKa mMopaens
y4ebHbIi Henosek 3KOHOMMKA 3Ha4eHne cpepa
COBpEMEHHbIT napamertp KOTOPbIi MHOXECTBO 3aBUCMOCTb
YHUBEPCUTET NCTOYHUK rog ABU>KEHMNE pa3J'II/I‘-|HbII7I
poccuiickuii cucrema opraH CoCTOsiHMe CTPyKTypa
Hay4HbI NoMOolLLb rocynapcTso cnctema Nno3BoJIsiThb
dopmMmpoBaHmne CBs3b npobnema BpeMsi ABAATHCS
BYy3 3TOT passuTune puc NOBEPXHOCTb
KOHpepeHL s KOMMJIeKC nepuog, KoabprumeHT  pacyeT
opraHusauusi Hanu4me denepanbHbil  TOrga TEXHNYECKMii
npoekT N3MeHeHMne 3aKOH nccnegosanne  obpaboTka
ncropusi TPYA XO351ACTBO CBOIiCTBO Ka4ecTBo
MecCTOo Mup TaKkol rpaHunua OaHHbIA

BY3 3HaHue BJIACTb BEKTOP MOAeNnpoBaHue
kadpenpa BbICOKW A CTOMMOCTb ypOBeHb curHan
JINHHOCTb BEIMYUNHA BeChb KOS(PprLMEHT  creayoLmnii
cybbekT 4ncno ycnosue BEPOSITHOCTb ocHoBa
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Active learning
Topic modeling for genre classification
Content Filtering [REET)

Content filtering results

F1, Recall, Precision (in %) for balanced and unbalanced data:

features F1 Recall Prec F1 Recall Prec
Al 76.57 62.08 99.90 | 77.40 71.48 84.39
Al T 93.27 91.54 95.07 | 77.38 72.35 83.13
Al A2 93.18 90.63 95.87 | 81.86 83.33 80.06
Al A2 T 92.62 90.13 95.24 | 81.95 80.21 83.76
Al A2 T8 95.12 0552 90472 | 82.24 78.54 86.31
Al A2 B 96.24 9592 96.57 | 90.37 91.00 89.75
ALA2BT 96.50 96.22 96.78 | 90.51 03.21 87.95
Al A2B T8 | 97.33 97.47 97.20 | 90.85 03.42 88.41

Groups of features:
A1l Greek letters, math symbols, document length
A2 digits, short text indicator, grant phrase words
B bibliography lines, references
T 25 topics
T8 8 topics selected manually from several runs
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Conclusions

@ Topic modeling & content filtering
are key technologies for exploratory search

@ ARTM (Additive Regularization for Topic Modeling)
is a general framework, which makes topic models
easy to design, to infer, to explain, and to combine.

@ BigARTM is an open source project ready for parallel online
multimodal topic modeling of large text collections.

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