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Matrix Factorization

Given a matrix Z = ||zjj||nxm, (i,j) € Q2 C {1..n} x {1.m}

Find matrices X = ||Xjt||nxkx and Y = ||ysj||kxm such that

|1Z=XY]gg= Y d(z X xavs) — min
(i)eQ ‘ ’
Variety of problems:

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

@ nonnegative matrix factorization: x;; > 0, yi = 0

@ stochastic matrix factorization: Y xip =1, >y =1
' t

1

@ sparse input data: |Q] < nm

@ sparse output factorization X, Y
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Example applications of Matrix Factorization

© Separation of a mixture of chemical substances in
High Performance Liquid Chromatography

Zt\ = E XtiYix
i

given: z;, — output of a scanning ultraviolet detector;
find: x; — chromatogram of i-th substance, t — time;
yix — spectrum of i-th substance, A\ — wavelength.
© The measurement of the expression levels of genes
in DNA microarray with cross-hybridization

Zpk = E :apgcgk
g

given: z,, — intensity of probe p on microarray k;
find: a,; — binding affinity of probe p for gene g;
Cgk — concentration of gene g on microarray k.
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Example applications of Matrix Factorization

© Revealing latent interests in recommender system
(collaborative filtering)

Zjy = Z Pitqtu
t

given: z;, — item / rating by user u;
find: p; — interests profile of item 7;
g, — interests profile of a user /.
© Revealing latent topics in text collection
(topic modeling)

Zwd = Z ¢Wt9td
t

given: z,q = p(w|d) — word probabilities for document d;
find: ¢, = p(w|t) — word probabilities for topic t,
04 = p(t|d) — topic probabilities for document d.
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Matrix Factorization and Topic Modeling research areas

Google Scholar citation counts
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Goals and applications of topic modeling

Goals:
@ Uncover a hidden thematic structure of the text collection
@ Find a highly compressed representation of each document
by a set of its topics
Applications:
@ Information retrieval for long-text queries
o Categorization, classification, summarization, segmentation
of texts, images, video, signals
@ Semantic search in large scientific documents collections
@ Revealing research trends and research fronts
@ Expert search
@ News aggregation
@ Recommender systems
@ etc...
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Probabilistic Topic Model (PTM)

W — vocabulary of terms (words or phrases)
D — collection of text documents d = (Wl, R W,,d)

Assumptions:

each term in each document refers to some latent topic t € T
D x W x T — discrete probability space, |T| < |D|,|W]|

(di, wi, ti)"_y ~ p(d,w, t) — text collection as an i.i.d. sample
d;, w; are observable, topics t; are hidden

p(w|d, t) = p(w|t) — conditional independence assumption

(]

e 6 ¢ ¢

Generative topic model for a text collection:

p(wld) = 3. p(wlt) p(t|d)
te TN~~~
Pwt Ord
® ¢t = p(w|t) — distribution over terms for topic t;
@ 0ig = p(t|d) — distribution over topics for document d;
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Direct problem: PTM — document collection

Document d = (wx, ..., wp,) is generated from p(w|d) = > dutbig
teT

1 bng
p(tld) ——

CHOCOEODOOOO0OOn

D . \
pwlt): 0023 IHK 0.014 6aanc 0.018 pacnosHasaHve
0.016 reHom 0.009 cnektp 0.013 cxopcTBO
0.009 Hykneoua 0.006 opToroHanbHbIi 0.011 natTepH

Wi, oy Wiyt /

PaspaboTaH creKkTpasibHO-aHaNIUTUYECKUI1 NMOAXOA K BhISIBNEHUIO Pa3MbITbIX MPOTSKEHHBIX TOBTOPOB
B FeHOMHbIX MnocfiefoBaTeIbHOCTSAX. MeTo 0CHOBaH Ha pa3HoMacluTabHOM OLLeHUBaHUM CXOACTBa
HYK/1€OTUAHBIX NOCNeA0BaTENbHOCTEN B MPOCTPaHCTBE KO3 PULMEHTOB pasfioxXeHns dparMeHToB
kpuBbIX GC- 1 GA-cozepXaHus Mo KiacCMYeckuM OpTOroHanbHbIM 6a3ncaM. HaliaeHbl ycnosus
onTUManbHOW annpokcumaumm, obecneynsarLlne aBToMaTUYECKoe pacrno3HaBaHWe NoBTOPOB
pasnnYHbIX BUAOB (MPSAMbIX U MHBEPTUPOBAHHbIX, @ TakXXe TaHAEMHbIX) Ha CNeKTpasbHON MaTpuLe
cxoacTBa. MeToa 0AMHAKOBO XOpOoLWo paboTaeT Ha pa3HbiX MacwTabax AaHHbIX. OH nNo3sonseT
BbISIBNSATb CNeAbl CErMEHTHbIX AYMNNKALUMUA 1 MeracaTe/sIMTHbIE y4acTKU B FeHOMe, paiioHbl CUHTEHUN
npv cCpaBHEHUW Mapbl FeHOMOB. Ero MOXHO MCMoMb30BaTb ANSt AETalbHOrO U3yYeHus pparMeHToB
XPOMOCOM (MOMCKa pa3MbITbIX YHaCTKOB C YMEPEHHOM ASIMHON MOBTOPSAIOLLErocst naTrepHa).
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Inverse problem: document collection — PTM

Given a document collection:
Ngw — how many times term w appears in document d
p(w|d) =S¢« — conditional term frequency

Find stochastic matrix factorization

p(wld) ~ 3 dutbg
teT

or in matrix notation

WxD WxT TxD

z Hﬁ(w\d)”ww — known frequency matrix,
¢ = “¢Wf|‘er — term—topic matrix, ¢ =p(w|t),
e = Hﬂth”D — topic—document matrix, 0;q = p(t|d).
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PLSA — Probabilistic Latent Semantic Analysis [Hofmann 1999]

Likelihood maximization: In [] p(d, w)" — max
dow 6,0

The problem of log-likelihood maximization:
g(d)’ @) = Z anw In Z ¢Wt0td — rg,aé(a
deD wed teT

under non-negativeness and normalization restrictions

dwt 20, D e =1, O1g >0; > 0g=1
weWw teT

<= minimize a weighted sum of KL-divergences:

> ng > ﬁ(w|d)InM — min,

deD  wed p(wl|d) .0

KL(pllp)
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EM-algorithm for likelihood maximization

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

E-step Ptdw = 7%40“1 ;
- 5 tdw — '
Zt’ ¢wt’0t’d
Nyt
M-step: Ot =—=——1 Dut= Z Ndw Ptdw
D ow Mt deD
Nid
Ord = =———: Nid = D NdwPrdw;
Zt’ Ngd wed

EM-algorithm alternates E-step and M-step until convergence.

It is a simple iteration method for solving this system of equations
[Hofmann 1999], [Asuncion 2009].
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Probabilistic interpretation of E-step and M-step

E-step is equivalent to Bayes’' formula:

o p(watld) _ p(wlp(tld) b
pPraw = P(1d- W) = 2 T = " pwld) S Guslea

seT

Nawt = Ngwp(t|d, w) counts the number of triples (d, w, t) in D

M-step is a frequency estimation of conditional probabilities:

Z Ndwt Z Ndwt

¢ Nwt _ deD ) Md _  wed
wt — T = T ~— td — — = T —= ~—
ne D > Ndwe Ng > > Ndwt
deD wed weW teT
Short notation via proportionality sign o:
Gwt X Ny; Otd X Ned;
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The efficient implementation of EM-algorithm

The idea is to incorporate E-step into M-step. No 3D-arrays!

Input: collection D, num. of topics | T|, num. of iterations imax;
Output: matrices ¢ and ©;

1 initialize ¢y, Oy foralld e D, we W, te T;

2 for all iterations i = 1,.. ., imax

3 Nut, Ned, Ne,ng =0 forallde D, we W, te T,
4 for all documents d € D and terms w € d

(bwtetd

5 = M7 {orall t € T;

Prdw Zs wasasd

6 Nwt, Ned, Nty Nd += Naw Peaw for all t € T;

Owt = nye/n forallwe W, te T;
Otg := ng/ng forallde D, teT,;

Usually imax = 20..50 iterations are sufficient. Time is O(n| T |imax)-
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LDA — Latent Dirichlet Allocation [Blei 2003]

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

Dlr(¢t’/8) Hr(I(BO) ) H(bﬁw_l? /80 = ;5W7 /Bt =0

w

o
Dir(04]0) = H(F(O) 057, a0=Yac >0
t
Example:
Dir(8|«) REiN = Y
T =3 e N
0, cR3 Ja - N\ -t

ar=ay=a3=0.1 ap=ay=az=1 ar=ay=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 Ned
Puwt = —, Org = —
ne nyg
@ in LDA — smoothed Bayesian estimates:

¢ _ nWt+/‘8W 0., — Nig + Ot
wt ny I /30 ) td ng + a0 .
The difference is only significant for small ny;:, nsg.

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 = (¢S)(S71O) = ®'O’ for all S such that ¢’ @’ are stochastic.

Experiment: recovering known ®,© on model dataset,
|D| =500, |W|=1000, |T|=30, ng € [100,600].

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

PLSA LDA PLSA

00
o7 o2 03 07 0% oe o7 03 o8 1 00g ooz o o o i 1z i 7o % T o7 o5 o8 1 12 14 15 s
% o1 02 03 0§ 05 96 o7 o8 a8 1
o001 o250t plod @phod

nonzeros in ¢ nonzeros in ¢ nonzeros in © nonzeros in ©

Conclusion: regularization is needed to ensure uniqueness!
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Additive Regularization of Topic Model

Suppose that along with the likelihood we want to maximize n
more criteria Ri(®,0), i =1,...,n called regularizers.

Scalarization is a standard technique for multi-criteria optimization.

The problem of regularized Iog—likelihood maximization:

Z anw In Z Gwtltad + Z TiR _> rgaexy

deD wed teT ’

log-likelihood .Z(®,0) R(®,0)

under non-negativeness and normalization restrictions

dwt =20, D dwe =1, Oig =>0; > Og=1
wew teT

where 7; > 0 are regularization coefficients.
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ARTM: EM-algorithm with regularized M-step

Additive Regularization for Topic Modeling

The maximum of .Z(®,©) + R(®P, O) satisfies the system of
equations with auxiliary variables psgw, Nwe, Nid

E-step: Prdw = ¢Wt0td .
= o T - = A
2 " Zt/ ¢wt’0t’d
M'Step: ¢Wt X (nwt + th%) v Ny = Z Ndw Ptdw
+ deD
0 9 OR . — .
td X \Med + Orazg ) o NMid >~ NdwPtdw:
\ + wed

where (x)4+ = max(x,0) is a positive cutoff.

PLSA: R(®,0)=0

LDA:  R(®,0)=> Buwindur + > arlnby
t,w d,t
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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(wlt), t € B are not sparse and contain common lexis words

¢W><T @TXD
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Smoothing regularization (rethinking LDA)

The non-sparsity assumption for background topics t € B:
odwe are similar to a given distribution (,;
0:q are similar to a given distribution .

Z KLy (Bw | pwt) — mqln; Z KL¢(at]|0tg) — mein.

teB deD

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

R(¢7@) :/BOZ Z 5w|n¢wt+aoZZatln6’td — max.

teB weW deD teB

The regularized M-step applied for all t € B coincides with LDA:
dwt X Nt + BoBw, Otg < Neg + ot

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 ¢,;, 8;y contain many zero probabilities.

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

R(®,0)=—50> > Bulndw—aoy > arlnfy — max.

teS weW deD teS

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

Pwt X (nwt - sﬁoﬁw)_p Otq (”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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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% S5 Y buedus — max.

teS seS\t weW

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

Pwt X (nwt — TQwt 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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Regularization for topic selection

Assumption: infrequent topics can not be well-interpretable.

We maximize KL-divergence KL(|—%‘ H p(t)) to make distribution
over topics p(t) = >, p(d)b:g sparse:
= —TZ In Z d)0:g — max.
teS deD

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

Ng
gtd X (ntd - T_gfd) .
n +

t

Effect:
if n; is small then all values in the t-th row could turn into zeros.
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Regularization for topic coherence maximization

Assumption: if topic is well-interpretable then its top words
are coherent i.e. frequently appear nearby in the documents.
Cow = p(w|u) = ’X;’UW — coherence of a word pair u,w € W,
Ny, N, are document frequency of word w and word pair u, w.

Bring together ¢+ and its coherent words estimate p(w/|t):
p(wlt) = 32, B(wlu)p(ult) = 2- 32, Cuwnue;

R(®,©)=7 > n >, p(w|t)Inpu: — max.
teT  wew

The regularized M-step gives a kind of smoothing:

Pwt X Nyt + T Z Cuwnut'
ueW\w

Mimno D., Wallach H. M., Talley E., Leenders M., McCallum A. Optimizing
semantic coherence in topic models // Empirical Methods in Natural Language
Processing, EMNLP-2011. — Pp. 262-272.
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Regularization for semi-supervised learning

Assumption: experts have provided us with topic labeling data:
e each document d € Dy C D belongs to a subset of topics Ty C T;
e each topic t € Top C T contains a subset of words W; C W.

O - — uniform distribution over subset of terms W;
69, — uniform distribution over subset of topics T4
We minimize the sum of KL-divergences KL(¢?|¢;) and KL(69|6;):

R(®,0)=F60> > ¢oilndue+ a0 Y 60%1In6y — max.

teTog we W deDy te Td

The regularized M-step results in LDA-like smoothing:

, 0 0
Gwt X Nyt + BoPuys Otg X Ng + by

Nigam K., McCallum A., Thrun S., Mitchell T. Text classification from labeled
and unlabeled documents using EM // Machine Learning, 2000, no.2-3.
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Experiment with additive combinations of regularizers

The goal of the experiment:
Can we improve interpretability without a loss of the likelihood?
The set of regularizers:

@ smoothing background topics — ® columns, © rows

@ sparsing domain-specific topics — ® columns, © rows

@ decorrelation of domain-specific topics — ¢ columns

@ topic selection — © rows

Dataset: NIPS (Neural Information Processing System)
@ |D| = 1566 papers from NIPS conference;
o collection length n ~ 2.3 - 106,
@ vocabulary size |W|~ 1.3 -10%.

@ testing collection length: |D’| = 174.
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Topic model quality measures

Multi-criteria optimization requires multiple quality measures.
o Hold-out perplexity: P = exp(—1.%)
@ Sparsity — the number of zero elements in ® and ©

@ Interpretability measures for each topic t:
o topic coherence [Newman, 2010]

o topic kernel size: |W;|, kernel w, & {W p(t|lw) > 0.25}
o topic purity: Z p(w|t)

tde T p(tw)

WG W,

@ Model degeneracy:

@ number of non-zero topics: | T|

o the fraction of background words: 1 >~ 3~ 3™ p(t|d, w)
deD wed teB
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ing + Smoothing + Decorrelation

Quality measures as functions of the iteration step
(grey lines — PLSA, black lines — ARTM)
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ing + Smoothing + Decorrelation 4+ Topic Selection

Quality measures as functions of the iteration step
(grey lines — PLSA, black lines — ARTM)
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Conclusions from experiments

ARTM provides a multi-objective model improvement:
@ sparsity augments from 0 to 95%—-98%

coherence augments from 0.1 to 0.3

purity augments from 0.15 to 0.8

contrast augments from 0.4 to 0.6

kernel size augments from 0 to 150 terms

e © ¢ ¢ ¢

almost without any loss of the perplexity

Recommendations for choosing regularization path:

@ turn sparsing on gradually after first 10-20 iterations
turn topic selection on after turning on sparsing
turn sparsing off as soon as kernel size begins to decrease
turn background smoothing on from the beginning
turn decorrelation on as much as possible from the beginning
make topic selection and decorrelation at different iterations

e © ¢ ¢ ¢
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Variety of regularizers for ARTM

Understood and implemented:
© smoothing
© sparsing
© topic decorrelation
© topic selection
Understood but not implemented yet:
© semi-supervised learning
@ coherence maximization
using links or cites between documents
using document categories or classes

using time-stamped data

6000
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Graphical Models and Bayesian Inference
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Topic Modeling Bibliography: http://mimno.infosci.cornell.edu/topics.html

Ali Daud, Juanzi Li, Lizhu Zhou, Fagir Muhammad.

Knowledge discovery through directed probabilistic topic models: a survey.
Frontiers of Computer Science in China, Vol. 4, No. 2., 2010, Pp. 280-301.
(pycckuin nepesog Ha www.MachineLearning.ru)
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ARTM vs. Bayesian Inference

Bayesian Inference for Topic Modeling
© Fully probabilistic generative model of data
© Dirichlet distribution plays a central role in the theory
© Complicated maths for combined and multi-objective models

© High barrier to entry into PTMs research field

Additive Regularization for Topic Modeling
© Semi-probabilistic approach
© No Dirichlet prior, no integration, no graphical models
© Simple maths for combined and multi-objective models

@ Very short way from an idea to the algorithm

Konstantin Vorontsov (voron@forecsys.ru) Regularization for Topic Modeling
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Conclusions on ARTM approach

ARTM advantages:
@ ARTM is much simpler that Bayesian Inference
@ ARTM focuses on formalizing task-specific requirements
@ ARTM simplifies the multi-objective PTMs learning
@ ARTM reduces barriers to entry into PTMs research field
@ ARTM encourages the development of regularization library
ARTM restrictions:

@ Choosing a regularization path is a new open issue for PTMs

Further research work:
@ More linguistically motivated regularizations

@ BigARTM — open source project for Large-Scale Parallel
Distributed Multi-Objective Topic Modeling
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LDA. lMNMpuHuun makcmmyma anocTepuopHoii BEpOSITHOCTU

In TT I p(d,w)"™ ][ Dir(¢s; 8) J[ Dir(0y; ) — max

deD wed teT deD ©

3apaya MakcuMu3auun perynsipu3oBaHHOro NPaBAoONoAobus:

ZL'(,0)= 3 > nawln X duebig +

deD wed teT

+ Z Z (/BW o 1) [@Wt>o] |n¢wt +
teT weW

+ > > (ar—1)[0:g>0]In0:g — max,
deD teT ®,0

npn OrpaHNYEeHNAX HEOTPULATENIBHOCTN N HOPMUNPOBKN

dwt =20, D dwe =1, Oig =0, > Oy=1
wew teT
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EM-anropntm gna makcumusaumm anocTEpUOPHOV BEPOSATHOCTU

Makcumym £'(®, ©) ynosneTsopsieT cucteme ypasHeHuii
CO BCMOMOTaTENbHbIMU NEPEMEHHBIMU Pidy/, Nwt, Nid,

. ¢W 0 d
E-war: Ptdw = ﬁ;
t! Pwt’'Vt/
e L)
M-wwar: Bt = (e + B + ooy = Ndw Ptdw ;
e ZW/ (nW/t + By — 1)+ e ng ‘
(ntd O ay — 1)+
Otg = IS New Ptdw
\ i Zt’(nt’d + oy — 1)+ ’ Ed witaw

rae (x)+ = max(x,0) — onepauyusi NONOKNTENLHON CPE3KM.

EM-anroputm — 370 yepegosarne E- n M-wara go cxogumocTn.
OTo MEeTOoA NMPOCTbIX UTEPALMIA ANS1 PELLEHNS] CUCTEMbI YPaBHEHWIA.

Regularization for Topic Modeling

Konstantin Vorontsov (voron@forecsys.ru)



More regularizers
ARTM vs. Bayesian Inference
Discussion Conclusions

HokasatenbctBo Teopembl o perynsipusaumm M-wara

1. Vcnosua KKT gnsa ¢

Z dW W|d) + 8(wat* )\t - )\Wt’ )‘Wt 2 0, )\thbwt g 0

2. YMHOXUM 0be 4acTu paBeHCTBA Ha Py N BLIAETNM Py’

PwtAr = Z ndw (pmetd + ¢Wt 8(25 = Nwt + ¢Wt%'
3. VuTém orpaHuyeHue ¢, = 0 n npegnonoxeHue Ay > 0:
PwtAt = (nwt + ¢wt%>+
4. Cymmupyem obe yactn paseHcTtBa no w € W:

Ae= 3 <”Wt+¢"vt%>+

weW

5. MNoacTtasum A; u3 (4) B (3), nonyuum tpebyemoe. M
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VYcnosusa Kapywa—KyHa—Takkepa

33,5,3‘43 MAaTEMATUYECKOIo NpOorpaMMmnpoBaHnA:
f(x) — mXin;
gi(x) <0, i=1,...,m;
hi(x)=0, j=1,..., k

Heobxogumele ycnoeus. Ecnm x — Touka n0KasbHOro MUHUMYMa,
TO CyWeCTBYIOT MHOXUTeNM L, 1 =1,....m, A;, j=1,... k:

(0% m k
e~ 0 Ll A) =10+ _Zluigi(X) + ZlAjgj(X);
1= J:

gi(x) <0; hj(x) =0; (ncxopHble orpaHnyeHus)

wi = 0; (BBOWCTBEHHbIE OrpaHNYeHNs )

| 1igi(x) = 0; (ycnoeue pononHsitoweli HeXKECTKOCTH)
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Oueeprevuyns Kynsbaka—Jlenbnepa

DyHKUMs paccTosiHus Mexay pacnpegenedusmn P = (pi); n Q = (qi);
KL(P(Q) = KLi(pillai) = Zp: ln
1. KL(P|Q) > 0; KL(P|Q)=0 & P=Q;

2. Munumuszauusi KL skBuBaneHTHa Makcummsaumm npasgonogobus:

L(P||Q(« Zp, In : —>m|n = Zp,-ln gi(a) — max.

i=1

3. Ecnn KL(P||Q) < KL(Q||P), To P cunbhee BnoxeHo B Q, 4em Q B P:

0.04 0.020 4 0.020 |
] PV a ] P Q

0.03 0.015 3 0.015 3

0.02 0.010 0.010

N ] ]

0.01 0.005 ] 0.005 ]

0 0 ] 0 ]

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

KL(P||Q) = 0.442 KL(P||Q) = 0.444 KL(P||Q) = 2.969
KL(Q|P) = 2.966 KL(Q|P) = 0.444 KL(Q||P) = 2.969
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Mpobnema In0 B auseprerHuun Kynovbaka—JSleiibnepa

MNoyemy B perynsipnsatope paspexuBaHusi
R(®) =80 > BulIndur — max
teS weW

He BO3HMKaeT npobsiem c In oy npu ¢ye — 07

MopnpaBum perynsipusaTop, npu CKOJIb YTOAHO MasoM €:
R(®) = —ﬁoz Z Bw In(pwe + £) — max
teS weW

MoacTasue B hopmyny M-wara, noayunm gnst Bcex t € S:

Pwt X <nwt — BoBw @ftwig)_i_

Ecnn ¢, = 0, TO pa3spexunBaHus He BYAET, 1 OHO yXKE He HYXKHO.
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Perynsipusatop gns yyéra cBsizeit Mexay AOKYMeHTamu

FvnoTtesa: yem bonblie nyge — YNCIO CCbUIOK U3 d Ha C,
TeM bosiee BAN3KM TEMATUKM AOKYMeHTOB d 1 C.

MuHVMN3Npyem KoBapuaummnm Mexay BEKTOP-CTONOLaMN CBSI3aHHbIX
JoKymeHTOB Oy, 0.:

R(¢,0) =71 Z ngccov(0y,0.) — max,
d,ceD

MNMogcTaBnsiem, noslyvaem ewe ogquH BapuaHT CrAaXKUBaHUs:

Otg X Ntg + TOg § NdcOtc.
ceD

Dietz L., Bickel S., Scheffer T. Unsupervised prediction of citation influences //
ICML 2007. — Pp. 233-240.
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Perynapusatop gnsa knaccudumkaumm 4OKYMEHTOB

Mycte C — MHOXECTBO KJ1aCCOB JOKYMEHTOB
(kaTeropuu, aBTOPbI, CCbIJIKW, FOAbI, MOJAbL30BATENMN,. . . )

vmnoTes3a:
knaccudpmkaumst JOKyMeHTa d ObbsICHSIETCS ero TeMaMu:

pleld) = 3 plclt)p(tld) = 3 vebia.
teT teT

MuHumnsnpyem aneepreHuymnio mexay mogensto p(c|d)
N «3MMMPUHECKON 4aCTOTON» KIacCOB B AOKYMEHTaX Myec:

R(V,0) =7 Z Z Mgec In Z%% — max.

deD ceC teT

Rubin T. N., Chambers A., Smyth P., Steyvers M. Statistical topic models for
multi-label document classification // Machine Learning, 2012, no.1-2.
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Perynapusatop gns knaccudmkaums 4OKYMEHTOB

EM-anroputm [OMNONHSETCS OLEHWBAHWEM MAPaMeTPOB Yct.

E-war. [lo dopmyne Baiieca:

Pwtbrd Yetbtd
t|d, w) = —27t t|d, c) = —<9
p( | ?W) Z QSWSHSC[ p( ‘ /C) Z ¢C505d
seT seT

M-war. Makcumusauus peryasipusoBaHHOro npasgonognobus:

Gwt X Nyt Nt = Z nawp(t|d, w)
deD

Otg X Neg + TMyy Ny = Z nawp(tld,w) my = Z mgcp(t|d, c)
weWw ceC

Yer X Met Mg = Z mdcp(t\d, C)
deD
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Perynsipusatop gnsi kateropusaunum gOKYMEHTOB

CHoBa perynsipusatop gis knaccudmkaumn:
R(V,©)=r Z Z Mye In Z Yerbig — max
deD ceC teT

HepocTaTok: AN «3MNUpUYECKOl HacTOTbl KJ1acCOBY
NPUXOANTCS HEODOCHOBAHHO DpaTb PaBHOMEPHOE paCrpefesieHue:

Myc = ndﬁ[c c Cd]

KoBapuaunoHHsbiii perynsipusaTtop:

R(V,0) =1 E E M E Yetbrg — max
deD ceC teT
NPUBOAUT K ECTECTBEHHOMY aHAINTUYECKOMY PELLEHUIO

Ve = [c=c"(8)], c'(¢) = argmax > Myt
deD
AddekT: Kaxxgan kaTeropusi ¢ pacnafaetcst Ha CBOU TeMbl.

Konstantin Vorontsov (voron@forecsys.ru) Regularization for Topic Modeling



More regularizers
ARTM vs. Bayesian Inference
Discussion Conclusions

PerynsipusaTtopbl 418 AMHaMUYECKO TeMaTu4eckon Moaenu

Y — MomeHTbI BpeMeHun (Hampumep, roabl nybankauwii),
y(d) — meTka BpemeHu pokymeHTa d,
D, C D — Bce aoKyMeHTbI, OTHOCALLNECS K MOMEHTY y € Y.

Mwnotesa 1: pacnpegenenne p(tly) = > 0:yp(d) paspexeto:
deD,

Ri(©) = -7 Z Z Inp(tly) — max.

yYeY teT
DdbcbekT — paspexunsarue Tem t ¢ mansim p(t|y(d)):

0:qp(d
01g X (ntd - Tl#%d%)L

MwnoTesa 2: p(t|y) meHsitoTC NNaBHO, C PeAKUMU CKA4KaMm:

R(©) = =72 3 7 |p(tly) — pltly—1)| — max.

yeY teT
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