PROBLEMS

1. Modern Probabilistic Topic Models (PTM)

theory is too complicated to make a model
fast, robust, sparse, online, hierarchical, semi-
supervised, multilingual, etc. all at once.

2. Dirichlet prior in Latent Dirichlet Allocation
(LDA) is mathematically convenient but
poorly motivated linguistically.

3. Sparsity vs. smoothness contradiction.

CONTRIBUTIONS

1. We modify the learning algorithm, rather
than the underlying generative model, to
combine robustness, smoothing, sampling,
sparsing, and online semi-supervised learning.

2. We show that LDA improves estimates for
rare and new terms (which are useless for
topics), rather than prevents overfitting.

3. We show that robustness and sparsity are
more effective than Dirichlet smoothing.

EM-ALGORITHM

1: repeat

2: E-step:
estimate distribution over topics for all
(d, w) using Bayes’ theorem:
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3: M-step:
count terms belonging to topics:
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count documents belonging to topics:
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4: until ®, © converge.

RESULTS

RO

FORMULATION

Given:

D — a set of documents,

W — a vocabulary of terms,

n4w — frequency data for all (d,w) € DxW,
n — collection size in terms.

Find:

p(w|d) — a topic model depending on:

dwt = p(w |t) — terms for each topic t € T,

0:q = p(t|d) — topics for each document d € D.

Likelihood maximization:

Z(0,0) = >: >: Nagw INp(w | d) — max
deD wed oF

Hypotheses:

1. bag of terms, bag of documents

2. conditional independence: p(w |t,d) = p(w | t)
3. distributions p(w |t), p(t|d) are sparse

4. not all terms in a document are topical

SMOOTHING

Dirichlet prior leads to smoothed frequency
estimations for conditional probabilities:
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SAMPLING

Stochastic EM-algorithm:
generate topics tgwi, ¢=1,...,s randomly
from p(t|d,w), then use empirical distribution

pt|d,w) =2 > |tawi=t| instead of p(t|d, w).
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Gibbs sampling is a special case at s = ngy,.

Fixing s = 3..5 works faster and gives sparse
p(t|d,w) without significant loss of quality:.

SPARSING

Forced sparsing: set the smallest 5% of

probabilities 04, ¢+ to zero at the end of each
(10 4+ 2k)-th iteration, k =1, 2, ...
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MODELS

Generative probabilistic topic model:

o ] 2 [
\
[[IF

Wy, ...,Wnd:
Pa3pa6OTaH Cl_leKTpaﬂbHO'aHaﬂMTMLleCKMl‘;l noaxoa K BbIABJTIEHUIO Pa3MbITbIX MPOTAXEHHbLIX MOBTOPOB

B reHOMHbIX NnocnenoBaTelbHOCTAX. MeTo4 OCHOBaH Apa3HomaCLUTa6H0M OLeHMBaHMN CXOACTBA
HYKI1EeOTUAHbIX NoCneaoBaTe/IbHOCTEN B NPOCTPaHCTBE KOIPPUUMEHTOB pa3noXeHnsa pparMeHToB
KpuBbiX GC- n GA-cogep>XaHnd No KnacCu4YeCckMM OpTOroHasibHbIM 6asmncamM. HangeHol ycnosus
onTMManbHOW annpokcumaummn, obecneymBarome aBToMaTMYyeCcKoe pacrno3HaBaHUeE NMOBTOPOB
pasinyHbIX BNAOB (MPSMbIX 1 MHBEPTUPOBAHHbIX, @ TaKXe TaHAEMHbIX) Ha CNEeKTpasbHON MaTpuue
cxoAacTtBa. MeToa oAMHAKOBO XOpowo paboTaeT Ha pa3HbiX MacwTabax AaHHbIX. OH no3BonsieT
BbISIB/IATb CNlefibl CErMEHTHbIX AYyN/IMKALUUM N MeracaTes/lyInTHble Y4acTKuU B FreHOMe, panOHbl CUHTEHUM
Npu CpaBHEHMU Napbl FEHOMOB. Ero MOXXHO MCNoONb30BaTh AN A€TaslbHOro n3yyeHuns parMeHToB
XPOMOCOM (MOMUCKA pa3MbITbIX YH4ACTKOB C YMEPEHHOW ASIMHOM NOBTOPSIOLLEroCs NaTrepHa).

p(WI[t):  |0.023 gk 0.014 Gauc 0.018 pacrnosHasaHue
0.016 reHom 0.009 cnekTp 0.013 cxoactBo
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PLSA (Probabilistic Latent Semantic Analysis):

p(w|d) =" Guibia

Robust PLSA: noise 74, and background m;,
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p(w|d) =

ITERATION STEPS REORDERING

1. Rational EM-algorithm:
M-step is a pass through the collection D.
E-step is performed inside the M-step.

2. Generalized EM-algorithm:
Updating ¢+, 0:q more trequently than after
each pass through D accelerates convergence.

3. Online EM-algorithm:
E-step and 6;; updates are combined together
to form per-document iterations.

M-step updates ¢,,; atter each pass through D.
(The analog is Online-LDA in Vowpal Wabbit)

SEMI-SUPERVISED LEARNING

Labeled data:
po(w |t) — terms labeled by topics;
po(t|d) — documents labeled by topics;
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Data set: |D| = 2000 Russian-language synopses of theses (n = 8.7-10°%, |IW| = 3-10* terms). Graphs below show the hold-out perplexity by iteration.

Perplexity = exp (— %02”(@, <I>)) .

Smoothing (Dirichlet prior) reduces perplexity

only if there are new terms in a test set.
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Robustness reduces the hold-out perplexity
more effectively than Dirichlet smoothing does.

Sampling accelerates convergence.

2100 1
2000 1
1900
1800
1700 -
1600 { ©
1500 -
1400 :
1300
1200% T — ¢ o ———=

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
—PLSA —D -=-o-SD —R —©o-SR —DR -o— SDR
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FUTURE DIRECTIONS

Forced sparsing of small probabilities ¢, 0:4
gives about 95% of zeros without loss of quality.
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Explanation: sparsing may improve perplexity
due to the sparse nature of data itself.

Developing a well-interpretable, semi-supervised, hierarchical, fine-grained, multilingual, temporal
topic model and a fast, online, parallelized, distributed learning algorithm for it.

Developing a search engine for academic publications.



