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Sparse stochastic matrix factorization under KL-loss

Given a matrix Z = ||zjj||nxm, (i,j) € Q C{l..n} x {1.m}
Find matrices X = ||Xjt||nxk and Y = ||ysj||kxm such that
Z- XY, = ( o xi ) i
H HQ,d Z d ZJth:XtytJ - )”g'{)
(iy)eq
Variants of the problem:

e quadratic loss: d(z,2) = (z — 2)?
e Kullback-Leibler loss: d(z,2) = zIn(z/2) —z+ 2

nonnegative matrix factorization: xj; >0, y; >0
stochastic matrix factorization: xjz >0, y; >0, > xp=1, > yj=1
i t

e sparse input data: |Q| < nm
sparse output factorization X, Y
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Probabilistic Topic Model (PTM) generating a text collection

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

plwld) = 2. p(wlt)p(td)

[,
ptld) ———

OoOOOo0Oo0OO00OoO

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).
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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), 0:g=p(t|d) of the topic model

p(w|d) = utbea.
t

The problem of log-likelihood maximization under constraints:
g(d)’ @) = dz:ndw In zt: ¢Wf0td — Q;an’

dwt = 0, Z Owr = 1; Otg = 0, Z@tdzl.
weWw teT

Hofmann T. Probabilistic Latent Semantic Indexing. ACM SIGIR, 1999.
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EM-algorithm for likelihood maximization [Hofmann, 1999]

From KKT conditions for the constrained maximization problem

Maximum of .Z(®, ©) satisfies the system of equations with model
parameters ¢, 0y and auxiliary variables pigw, Nwe, Nid:

E-step:

M-step:

Ptdw =

¢Wt =

Org =

m? Nig = Z Ndw Ptdw

¢Wt0td .
> PwrrOvd’
Nyt
- 5 Dwt = Z Ndw Ptdw
Zw’ Ny’ deD
Ntd

wed

EM-algorithm alternates E-step and M-step until convergence.
EM-algorithm is equivalent to a simple iteration method.
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LDA — Latent Dirichlet Allocation [Blei, 2003]

Assumption. Column vectors ¢¢ = (dwt)wew and 04 = (0ta)teT
are generated from Dirichlet distributions, a € RITI, g e RIWI:

_T(Bo)

Dlr(¢t|/8) Hr(ﬁw)

T2t Bo=3Bu, B: =0

. Mo o
Dlr(9d|a) H( (0)) Ha ;o la Qg = ;O‘t, o = 0;
t
Example:
Dir(8|«) ! :
IT|=3
0,a € R3 \\/”/

ar=ay=a3=0.1 ag=as=az=1 a; =az=a3=10
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The main difference between LDA and PLSA

The estimates of conditionals ¢, = p(w|t), 0:g = p(t|d):

@ in PLSA — unbiased maximum likelihood estimates:

Nwt Ntd
dwt = —, Org = —
ne ng
@ in LDA — smoothed Bayesian estimates:
¢ _nWtJF/BW d_nthrat
= td = — [ -
" n: + Bo ' ng + o

The difference is significant for small ny;, nyy only.
Robust LDA and robust PLSA produce almost identical models.

Asuncion A., Welling M., Smyth P., Teh Y. W. On smoothing and inference for
topic models. Int’'l Conf. on Uncertainty in Artificial Intelligence, 2009.

Potapenko A. A., Vorontsov K. V. Robust PLSA Performs Better Than LDA.
ECIR-2013, Moscow, Russia, 24-27 March 2013. LNCS, Springer. Pp. 784-787.
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Topic Modeling as an ill-posed inverse problem

The nonuniqueness and instability of matrix factorization:
PO = (9S)(S71O) = 'O’ for all S such that &', ©’ are stochastic.

Experiment: recovering known ®,© on synthetic dataset,
|D| =500, |W|= 1000, |T|= 30.

Result: product O is always recovered well, however
matrix ® and matrix © are recovered if being highly sparse only:
PLSA LDA PLSA

% 01 62 03 04 05 05 07 08 05 1 00 oo o5 or ov ge o7 o5 o9 1 o 02 04 0s 08 1 12 14 16 18 Gz 0% o 03 1 1z 14 1o 19
f.a=001 4 a2l a,pzol a.p=o1

nonzeros in ¢ nonzeros in nonzeros in © nonzeros in ©

Conclusions: Dirichlet prior is too weak as a regularizer;
stronger regularization is needed to ensure a stable solution.
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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

Y Y
gLookup g{ Learn )X Investigat )}
/\j

NS
=~ — "

Fact retrieval Knowledge acquisition Accre!{ion
Known item search Comprehension/Interpretation Analysrs .
Navigation Comparison Exclu5|oln/Negat|on
Transaction Aggregation/Integration Synthesls
Verification Socialize Evaluation

Discovery

Question answering 5 .
Planning/Forecasting

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

-y BigARTM
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Exploratory search: the prototype of graphical user interface
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Probabilistic Topic Modeling

Exploratory search: the prototype of graphical user interface

Topics of the query document
~oEN S—
[English] [Russian]

Topicsin «BigARTM»
i

o, BigARTM x \*
= = | o Natural language process
Statistical text analysi

o Probability theory
Likelihood maximization

ization
gative Matrix Factorization
pic Modeling

* Matrix Fac
Non

Multicriteria Regularization for PTMs
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Exploratory search: the prototype of graphical user interface

Similar documents and objects ranked by relevance

_— | - oW
IgARTM x \* -
BIGARTM - MachineLearning.ru

‘Wi machineleaming ruvikiindex php

€ machinelessming

BigARTM — ompuTan
N — = x A MOR@NNPOBaKHA GONLUMX KONNEXI4HH TEKCTOBMX AOKyMeNTO. Mapannenian
L ) BIGARTM
Welcome to BigARTM's documentation! — BigARTM 1.0
bigarm readtedocs org/ ~ Mepenect sty cTpanmiy
BigART FAQ  Can | use BigARTM from other programming languages (o
Python)? How to retieve Theta matix rom BIGARTM - BIghRTM Dove
Tutorial — BigARTM 1.0 documentation
i eadinedocsaryenestorai i - epecrry crpoy
Ploas rofor to Bask. BgARTM ttorial o < Bask BigART i
for Lince and Mac O5-X upes dapersing onyour opersting yste.
BIgARTM FAQ — BIigARTM 1.0 documentation
bigartmreadihedocs orglentatesufaq i < Mepesec ary CTpasly
| uso BIgARTM from othor programming languages (vt Python)? - The
folowing igute shows how 10 cal BigARTM methods irecty on arm  (Windows)
bigartm/bigartm - GitHub
hipS/igHhub Com/bigartmbigartm ~ Miepeseci ary cTpar
Conirbute 10 bigartm Gevelopment by <roang an account on G
txt at master - bi i GitHub
g | e ips uforiatx.. - T crpanayy
— Contribute o bigartm development by reating an account on Gitub
Releases - bigartm/bigartm - GitHub
hilpS./gihub com/bigartm/bigartmreieases  fepesecT ary CTpasAly
Contrute 10 bigartm dovelopment by creaing n account on
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Exploratory search: the prototype of graphical user interface

Topic roadmap: clustering of relevant documents

—oEN
», BigARTM +

€ machinelesming s "0 & » =
L Y BIgARTM
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Topic hierarchy: topical structure of the domain area

- oEm
oy BigARTM x \*

0 & » =

(] (]
7

\\“‘ 11/} %2

1l
\1 I Iy

A\

&N
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Exploratory search: the prototype of graphical user interface

Topic river: evolution of the domain area

—oEm - oEN
», BigARTM + -
< e "G $ »| = Jan29 Jan30 Jan3l FebOl Feb02 Feb03 Feb04 Feb 05

L Y BIgARTM
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Exploratory search: the prototype of graphical user interface

Topic bar: segmentation of the query document

- BigARTM

*oooan,
T,
%
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Exploratory search: the prototype of graphical user interface

Summarization of the query document

e x ~
€ machindlesming na 6 3 » .
- m Cymmapusayms «BigARTM»
BIGARTM P — OO W3 OB
HaNPaBEHWT CTATACTUMECKOTO aHA/M3A TEKCTOR, AKTUBHO

pasausaioiieeca nocneaume 10-15 ner. Tematuueckvie Monenu

BbIABNAIOT NATEHTHbIE TEMbI B KONIEKUMAX TEKCTOBbIX FIOKYMEHTOB

W UCTIOI3YIOTCH AR CO3AAHMA CHCTEM CEMAHTAYECKOIO TIONCKa,
Texcros

(GCHOBHbE TREGOBAHMA K TEMATIIECKHAW MOAENAM: OHM AOTHHb
6biTb XOPOLIO MHTEPIPETHPYEMbIMH (aBTOMATHICCKH CTPONTS
TewMbi, NIOHATHBIE KOHEUHBIM NOb30BATEAAM),

(yanruigary
BOKYMCHTOB), AMHAMMNCCKAMM (BLIADNATL AWHAMAKY TEM B0
BPEMEHM), UePAPXUULCKUMM (ABTOMATUUECKN PAILCNATH TEMbI HA
TIOATEMbI), MYIbTAIPAMMHbIMM (MCTIOAb30BATS HE TONbKO
oTACAbHbIE 10D, HO U KNIYCDsIC pa3), 1 T.a. BuBAMOTeNa ¢
oTkpBITHIM KOAOM BIgARTM NpeHasHateHa 41A NoCTpOHHA
moaeneit

6ONbWIMX TEKCTOBBIX KOMNEKUMA
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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 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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Probabilistic Topic Modeling Approximate stochastic matrix factorization
Basic topic models PLSA and LDA
The paradigm of Exploratory Search

Exploratory Search requires that the Topic Model was...

© Interpretable: each topic should be well interpretable
by humans and labeled automatically
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Exploratory Search requires that the Topic Model was...

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

© Multigram: keyphrases should be extracted automatically
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Exploratory Search requires that the Topic Model was...

© 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
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Exploratory Search requires that the Topic Model was...

© 060

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
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Exploratory Search requires that the Topic Model was...

© 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

© © 060

Temporal: topic dynamics over time should be identified
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Exploratory Search requires that the Topic Model was...

©0 © 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
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Exploratory Search requires that the Topic Model was...

006 ©6 o0

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 (BoW) model
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Exploratory Search requires that the Topic Model was...

© 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 (BoW) model

© 0600 © o0

Semi-supervised: the corrections from experts should be used
to improve the model
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

Additive Regularization for Topic Modeling (ARTM)

Additional regularization criteria R;j(®,©) — max, i=1,...,n.

The problem of regularized log-likelihood maximization under
non-negativeness and normalization constraints:

n
D nawIn D duibig + ZTIRI'((Dv Sl = e
d,w teT =S
log-likelihood .Z(®,0) R(®,0)
Swe 20, D dwe =1, Oig =20, > Og=1
weW teT

where 7; > 0 are regularization coefficients.
PLSA: R(¢,0)=0
LDA:  R(®,0)=> BuwlIndu: + > arInby
t,w d,t
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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 ]
s

Topic o

Modeling

T
0
p
1
c
s
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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 —

Authors o
Data Time P doct: [ [N I
Conference c doc2: NI 1 IE
Organization u
URL M| | docs: [N [
ete. || docs: [EE [N ]

s

Topic
Modeling

T

o

p

1

c

S

Konstantin Vorontsov (voron®forecsys.ru) Multicriteria Regularization for PTMs 27 / 65
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ARTM: Additive Regularization of Topic Models Regularization examples

ARTM open source project

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),

Metadata: — Topics of documents
Text documents —

Authors o
Data Time P doct: [ [N I
Conference c doc2: NI 1 IE
Organization u
URL M| | docs: [N [
ete. || docs: [EE [N ]

s

Topic o
Modeling

T

o

p

1

c

S

Images
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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
Data Time P doct: [ [N I
Conference c doc2: NI 1 IE
Organization u
URL M| | docs: [N [
ete. || docs: [EE [N ]

s
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Modeling

T
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ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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
Text documents —

Authors o
Data Time P doct: [ [N I
Conference c doc2: NI 1 IE
Organization u
URL M| | docs: [N [
ete. || docs: [EE [N ]

s
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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 —
Authors o
Data Time P doct: [ [N I
Conference c doc2: NI 1 IE
Organization u
U M| | docs: [N [
T | docs: [ I I ]
s
Topic TR
Modeling Words and keyphrases of topics
T ] ==
o - -
p [
i ]
c —
s |

Ads Images  Links
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BigARTM open source project

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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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

Multimodal ARTM: combining multimodality and regularization

M is the set of modalities
W™ is a vocabulary of tokens of m-th modality, m € M
W = WU---U WM is a joint vocabulary of all modalities

The problem of multimodal regularized log-likelihood
maximization under non-negativeness and normalization constraints:

Z )‘ Z Z ndwlnz¢wt9td +ZT, Hrgaé(’

)

meM deD wewm teT
modality log-likelihood .Z»(®,0) R(®,0)
duwt = 0, Zﬁbwt:l,meM; 0:g >0, Zetdzl-
weWwm teT

where \,, > 0, 7; > 0 are regularization coefficients.
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Regularization examples
nent BigARTM open source project

ARTM: Additive Regularization of Topic Models

EM-algorithm for multimodal ARTM

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

Theorem. The local maximum (&, ©) satisfies the following
system of equations with auxiliary variables py4, = p(t|d, w):

Ptdw = ntoerp (¢m9td);

OR
wt = NO w wt =~ | wt — A ;
¢ t VDE ar/nm <n t + ¢ t ()Owt> Nyt ; m(w) Ndw Ptdw

OR
th = ntoerp <ntd = etd Gﬁtd>; Nig = Z )\m(w)ndwptdw;

wed
_ __max{x,0} | L
where norm Xt = S~ maxix0T 'S nonnegative normalization;
teT EZ_rmax{xs7 }
S

m(w) is the modality of the term w, so that w € W™(W).
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

TM vs. Graphical Models and Bayesian Inference

In Bayesian approach, a lot of calculus to be done for each model
to go from the problem statement to the solution algorithm:

WZ Wl 8) = p(W|Z, B)p(Zle)

pwW1Z.8) = [ o1z @ )p(@18)00

ko) :“" pp—
““/17/.1‘-[\1‘:\‘“ ol
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ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

ARTM vs. Graphical Models and Bayesian Inference

In Bayesian approach, Graphical Models are used to make model
representation clear:

M Parse trees

) grouped into M

(1) ’ | Y
@@ © R Eere|| ., o,
SR & documents [ ul ])v S
00! /< T [

3w ‘ BG? i}?u ”\m §
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

ARTM vs. Graphical Models and Bayesian Inference

In ARTM, a general system of equations holds for all the models,
each model represented by its own regularizer R(®, ©):

( Ptdw = nO{m ((bwtetd)

OR
¢Wt = norm (Z Naw Ptdw + Pwt = >

dc?wt
OR
\ Org = norm <ZW: Ndw Ptdw + Otd 39td>
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ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

ARTM vs. Graphical Models and Bayesian Inference

In ARTM, we can combine models, simply making a weighted sum
of their regularizers 71 Ry + - - - + 7« Ry:

( Ptdw = no:m ((bwtetd)

‘ OR;
¢M = no‘;m <Z Naw Ptdw + Owt Ti—l>

o i 8®Wt
OR;
0tg = norm <ZW: Naw Ptdw + Otd Z 7i (‘)Qtd>
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ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

Assumptions: what topics would be well-interpretable?

Topics S C T contain domain-specific terms
p(wlt), t € S are sparse and different (weakly correlated)

Topics B C T contain background terms
p(w(t), t € B are dense and contain common lexis words

q)WXT eT><D
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Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

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.

Z KLw (Bw||Pwt) — mqln; Z KLe(vt]|0ta) — m@in.

teB deD

We minimize the sum of these KL-divergences to get a regularizer:

R(®,0) :ﬁoz Z ﬁwln¢wt+aoZZatln9td — max.

teB weW deD teB

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

which is new non-Bayesian interpretation of LDA [Blei 2003].
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Sparsing regularizer (further rethinking LDA)

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

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

R(®.0)=—F0> > Bulndw—ag Y > arlnfy — max.

teS weW deD teS

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

Put X (nwt - sﬁoﬁw)_p Org o (”td - (10(¥t)+-

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 of Topic Models on examples
i M open source project

Regularization for topics decorrelation

The dissimilarity assumption for domain-specific topics t € S:
if topics are interpretable then they must differ significantly.

We maximize covariances between column vectors ¢;:

R(®) = 7% Y3 Y buedus - max.

teS seS\t weW

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

Pwt X (nwt — TOwt Z ®W5>+-

seS\t

Tan Y., Ou Z. Topic-weak-correlated latent Dirichlet allocation // 7th Int’|
Symp. Chinese Spoken Language Processing (ISCSLP), 2010. — Pp.224-228.
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ARTM: Additive Regularization of Topic Models Regularization examples

BigARTM open source project

ARTM: available regularizers

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

topic smoothing (< Latent Dirichlet Allocation)
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
etc.

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topic Models.
Machine Learning Journal. Springer, 2014.
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ARTM: Additive Regularization of Topic Models Regularization examples

BigARTM open source project

BigARTM project

BigARTM features:
o 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)

@ Documentation http://bigartm.org Jg?ch%

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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ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

The BigARTM project: parallel architecture

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

¢ 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

Konstantin Vorontsov (voron®forecsys.ru) Multicriteria Regularization for PTMs



Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
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Fast online EM-algorithm for regularized multimodal PTMs

Input: collection D split into batches Dy, b=1,...,B;
Output: matrix ©;

1 initialize ¢y for allw e W, t € T;

2 Nyt =0, Aye:=0forallwe W, teT;
3 for all batches Dy, b=1,...,B
4

iterate each document d € D, at a constant matrix ®:
(fiwe) == (fiwt) + ProcessBatch (Dp, ®);

5 if (synchronize) then
6 Nt = Nyt + fgy forallwe W, te T;
OR
7 wt ‘= No w wtro—) forall we W™, meM, te T,
o vf‘)e;‘r/nm(” t+ @ ta¢wt) rall w m
8 fige :=0forallwe W, te T;
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BigARTM open source project

Fast online EM-algorithm for Multi-ARTM

ProcessBatch iterates documents d € Dy at a constant matrix .

matrix (fi,:) := ProcessBatch (set of documents Dj,, matrix ¢)

1 Ay :=0forallwe W, te T;
2 for all d € Dy
3 initialize Oy := ﬁ forallt e T;
4 repeat
5 Prdw ‘= nor7r_n ((bwtﬁtd) forallwed, teT;
te
6 Nid = D Am(w)NdwPrdw for all t € T;
wed
._ ORrR .
7 Otg = nto€r7r_n(ntd + Otq Bth) forallte T;
until 84 converges;
9 | fiwe = fiwe + Am(w) Ndw Prdw forallwed, te T;

Konstantin Vorontsov (voron®forecsys.ru) Multicriteria Regularization for PTMs



Additive regularization and modalities
ARTM: Additive Regularization of Topic Models Regularization examples
BigARTM open source project

Summary of ARTM approach

EM-algorithm is computationally effective:
@ It has linear time complexity O(n-|T]| - nlter)
@ lIts online version makes only one pass through big collection

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

ARTM reduces barriers to entry into PTM research field:
@ General EM-algorithm for many models and their combinations
@ PLSA, LDA, and 100s of PTMs are covered by ARTM
@ Combining multiple modalities and regularizers is easy

@ No complicated Bayesian inference and graphical models

Open problem / Under development:

@ Adaptive optimization of regularization coefficients 7;, A\,

Konstantin Vorontsov (voron®forecsys.ru) Multicriteria Regularization for PTMs
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Initialization
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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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Experiments

Running BigARTM in parallel

@ 3.7M articles from Wikipedia, 100K unique words

wl LT ] 6 T T T T T T
—~ 1!
12+
& "
%10’ 3 J
- y ©
8L 18
S T T M- 1 5.
) 4 S O O N 1§
= 1F
2 i i
L L L L L L 0 L L L L L L
5 10 15 20 25 30 5 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

Konstantin Vorontsov (voron®forecsys.ru)
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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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Running BigARTM with multiple regularizers

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

10000 %

—— Regularized model
—6— Non-regularized model

R a0
5000 =
2
En
>
2 oo o o Reguiarzed model
8 2 —o— Non-reguiarized model
s €
5 s
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< ®
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5 )
so00) g
& 2|
24 6 & 10 12 14 6 1 2 o B s £

10
Outer iteration Outer iteration

w
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Arora’s algorithm based on anchor words recovery

Def. The word w is an anchor word of the topic t if p(w|t) = 1.

Arora’s algorithm finds ® with the identity submatrix of anchors

@ The fastest algorithm for Topic Modeling

@ Theoretical guarantees for polynomial time and global optimum
© The hypothesis that ¥t the anchor word exists is restrictive

© The algorithm is not so fast for big vocabularies |W/|

Sanjeev Arora et al. A Practical Algorithm for Topic Modeling with Provable
Guarantees. ICML 2013.

Konstantin Vorontsov (voron®forecsys.ru) Multicriteria Regularization for PTMs



Time and memory performance
Initialization

Experiments Choosing the number of topics

Arora’s algorithm for EM-algorithms initialization

ALS, HALS, MU — methods for nonnegative matrix factorization
NIPS collection: |D| = 1500, |W| = 12419, |T| = 25.
Perplexity = exp(—if(fb, 9))

perplexity =

-
*\‘ ".".a"" e - ALS
s ®
ity 5 e - HALS
\ 0 ee
20| 1 Yy e MU
: : e -e PLSA
2000] & s
' h
) .
w
17500 % e
: bR B LT R
.
\

1500

1250]

% o » iterations

solid lines — initialization by Arora’s algorithm
dotted lines — random initialization
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Arora’s algorithm for EM-algorithms initialization

ALS, HALS, MU — methods for nonnegative matrix factorization

Daily Kos collection: |D| = 3430, |W/| = 6906, | T| = 25.
Perplexity = exp(*%f(‘ba @))
perplexity = P  r

2250

2000

1750

1500

5 ; o o 2 o » iterations

solid lines — initialization by Arora’s algorithm
dotted lines — random initialization
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Conclusions about Arora’s initialization

@ Arora’s initialization greatly improves PLSA
(PLSA — Probabilistic Latent Semantic Analysis is equivalent
to ARTM without regularization)

@ Arora’s initialization does not improve quadratic loss
minimizers
@ PLSA is capable of improving the Arora’s initialization,

perhaps, because of restrictive assumptions of Arora’s
algorithm do not hold in the real data
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Regularization for topic selection

Let us maximize KL-divergence: KL(% | p(t)) — max
to make distribution over topics p(t) sparse:

R(©) = —Tnz m In d%:D p(d)ftg — max.
—_——

p(t)

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

n
9 p— (1 - — ) .
= T (”td T e[ T| )

The row sparsing effect:
if ny < Tl—f;-‘ then all values in the t-th row turn into zeros.
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The experiments with topic selection

Real dataset: NIPS (Neural Information Processing System)
@ |D| = 1566 preprocessed papers from NIPS conference;
@ vocabulary: |W/| =~ 1.3 - 10%; hold-out set: |D’| = 174.

Synthetic dataset:
@ 500 EM iterations for PLSA with | To| = 50 topics on NIPS
@ generate synthetic dataset (n9, ) using obtained ® and ©:

0
Ngw = Nd Z PwtOtd
teT
Parametric family of semi-real datesets:
o (ng,) is a mixture of synthetic (n3,,) and real (ng,) datasets:

ng, = ang, + (1 — a)n?,w
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Number of topics determination

Number of topics
3
i
|
|

n
(6]
1

0- ' ' ' '
0.00 0.25 0.50 0.75 1.00
Regularization coefficient, 1

@ For synthetic dataset ARTM reliably finds the truth: | T| = 50.
@ The range of 7 values leading to the correct number is wide.
@ For real data the number of topics is not clear.
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Comparison to HDP topic model

HDP (Hierarchical Dirichlet Process, Tech et. al, 2006)
is the state-of-art approach for a number of topics optimization.

750 -

(%)

9o

o

2 500-

©

o

8 250-

£

=}

Z .
01 T T — 1
0.0 0.5 1.0 1.5

Concentration coefficient, y

@ The choice of the concentration coefficient v of Dirichlet
process may lead to nearly any number of topics.
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Stability of ARTM vs HDP

Starting ARTM and HDP many times from different initializations:

ARTM HDP
150- 100+
1] 1]
Q9 Q
Q 125- Q 75-
2 ] Y WW S VA ey
- - AP
© 100- S 50 VN\/V,V-VVV
3 g 7
g 75- E 25-
> >
z =z
50-1 , . | | 0+ | | | |
0 50 100 150 200 0 50 100 150 200
EM iterations HDP iterations

© HDP is less stable in two ways:
© The number of topics fluctuates from iteration to iteration
@ The results for several random starts significantly differ
© The “recommended” parameters v for HDP and 7 for ARTM
give the similar number of topics ~ 60
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Running time of ARTM vs HDP

Comparing the running time per iteration (sec) of ARTM vs HDP
(one iteration = one pass through the collection)

ARTM HDP
o Q
] ]

100-

c 20 c
2 1s- i £ 75 )r{/%!‘
© § © 1
& 10- | g 50 | Jﬂ/mf‘ T
= =13 = ._H!] i1
5 05 5 25 o
a 2
g o 100 200 300 400 500 g 0 100 200 300
= =

Number of topics Number of topics

@ Our method is 100 times faster!
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Elimination of linearly dependent topics and nested subtopics

@ Add 50 linear combinations of topics in synthetic dataset.

@ Add 50 nested subtopics in synthetic dataset.

100

100 . —Basi
— Basic %) asic
8 — Linear combinations & ] ?g{g}ed
8— 75- — Total 8 75
G S
o 50 > 50
) o}
o] o
E 25- € o5-
35 =}
z P4
0- . . ] 0-
0 100 200 300 0 100 200 300
EM iterations EM iterations

@ Our regularizer effectively eliminates both linearly dependent
topics and nested subtopics from the model

@ More diverse topics of the original model remain.
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Conclusions about number of topics

@ It seems that the “true number of topics” does not exist
in real text collections.

@ ARTM has a special regularizer for topic selection, which
eliminates small, linearly dependent, and nested topics.

o It is faster and more stable than state-of-the-art HDP.
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Conclusions

@ Topic Modeling is an applied area of optimization and matrix
factorization in text analysis

@ ARTM (Additive Regularization) is a semi-probabilistic
non-Bayesian multicriteria view on Topic Modeling

@ BigARTM is open source project for parallel online multimodal
regularized Topic Modeling of large collections

Contacts:
Konstantin Vorontsov: voron@forecsys.ru
Wiki www.MachineLearning.ru User:Vokov (in Russian)
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