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© Probabilistic Topic Modeling for Question Answering



Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering

Combining Generative and Discriminative Approaches

Demotivation. Can a model be smarter than an 8th grader?

The goal of Aristo project is to demonstrate the ability of Al
to consistently understand and correctly answer general questions
about the world.

But Al2-Kaggle QA Challenge is a toy problem:

@ Dataset is not true test for general human knowledge
because the 4-answers-test ignores important aspects
of Human Intelligence

@ Working methods are not true Artificial Intelligence
because BigData, computation and simple information
retrieval heuristics are sufficient

@ Your implementation will not true Question Answering system
because real-life QA systems retrieve information from the web
and rank thousands potential answers
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Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering
Combining Generative and Discriminative Approaches

Basic statistical approach

© Download external collections: wiki, textbooks, etc.

© Preprocess texts and generate vocabulary

© Split each text into (approximately equal) segments s
Q (Optionally) expand questions g by synonyms

O Rel(q|s): the relevance of a question g to a segment s
O Rel(a|s): the relevance of an answer a to a segment s

@ The relevance of an answer to a question:

Rel(a|q) = ZReI als) Rel(qls)

© Use several relevance measures as features of (q, a) pairs

© Learn a classifier on a training set of (g, a) pairs
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Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering
Combining Generative and Discriminative Approaches

Options and variants

Step 2: Preprocess texts and generate vocabulary
@ use stemming

use stop-word filtration

use TF-IDF word filtration

use Named Entity Recognition or Term Extraction

use all n-grams extracted from questions (n = 2, 3)

Step 3: Split each text into (approximately equal) segments s
@ segment is one or more paragraphs, length from n; to n, words
@ segment is a sequence of sentences, length from ny to n, words

@ use half-overlapping segments
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Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering
Combining Generative and Discriminative Approaches

Options and variants

Step 4: Question expansion
@ use synonyms from WordNet and other linguistic resources
@ use coherent words

@ use topic model, word2vec or other word embedding technique

Step 5, 6: Relevance Rel(x|s) of a text x to a segment s
@ compare x and s as bag of words (or terms)
@ compare x and s as distributions over vocabulary

@ compare x and s as averaged word vector representations
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Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering
Combining Generative and Discriminative Approaches

Relevance Rel(x|s) of a text x to a segment s (the bigger the better)

@ Jaccard similarity compares x and s as subsets of vocabulary:

Ix N s
Rel(x|s) = m

@ Kl-divergence similarity compares x and s as distributions over W:

Rel(x|s) = e L) Ki(x||s) = ) x(w) log 2249

s(w)

w

@ JS-divergence similarity compares x and s as distributions over W:
Rel(x|s) = e_’YJS(X,S)7 JS(x,s) = KL(XHXT‘FS) + KL(SHXT—i—s)

o Cosine similarity compares x and s as vectors over W:

2w X(w)s(w)
Rel(x|s) = W
s V2w X2(w)\/ 3., $2(w)
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Question Answering The Allen Al Science Challenge
Statistical Approach to Question Answering
Combining Generative and Discriminative Approaches

Using relevance measures as features of a/q pairs

Combination of options & variants produces > 360 features:
@ 6 or more preprocessing options
@ 3 or more document split variants
@ 5 or more question expansion variants

@ 4 or more similarity measures

Many machine learning techniques to learn a classifier:
@ SVM — support vector machine
@ GBM — gradient boosting machine

@ ANN — artificial neural network, etc.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

What is “topic”?

Topic is a specific terminology of a particular domain area
Topic is a set of coherent terms that often co-occur in documents.

Topic model uncovers latent semantic structure of a text collection:
@ topic t is a probability distribution p(w|t) over terms w
@ document d is a probability distribution p(t|d) over topics t

Motivations to use Probabilistic Topic Models (PTM) for QA:
@ semantic similarity is more powerful than the lexical one
@ topics gather synonyms automatically

@ regularization enables to learn PTM with desired properties
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

PTM is a generative model of a text collection

Topic model explains terms w in documents d by topics t:
p(wld) =3 p(wlt)p(t|d)

OoOOOo0Oo0OO00OoO

[,
ptld) ———

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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

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

P(W‘d) = Z Gwtbtq-
t

under nonnegativity and normalization constraints

dwt = 0, Z ¢wt:1; 9td>07 Zﬁtdzl.
wewWw teT

The ill-posed problem of matrix factorization:
0 = (¢S)(S7'O) = d'e’

for all S such that ', ©' are stochastic.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

PLSA — Probabilistic Latent Semantic Analysis [Hofmann, 1999]

Constrained maximization of the log-likelihood:

Z($,0) = w wit
(¢,0) %nd nZthtd%rgfg(

EM-algorithm is a simple iteration method for the nonlinear system
E-step: Ptaw = p(t|d,w) = nt%rp (¢Wt9td)

M-step: Pwt = norm< Z ndwptdw>
weW deD

Org = nOfm( > ndwptdw>

teT

wed
_ max{x:,0} . -
where norm x; = ~——-r ~or is vector normalization.
teT EZ_rmax{x57 }
s
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

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

Maximum a posteriori (MAP) with Dirichlet prior:

dZ”dw'”Z@wtetd +t2:/3w|n0wt+;at|n9td — fg?ex
w W )

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

EM-algorithm is a simple iteration method for the system
E-step: = norm 0
step:  ( Praw = norm (puwtbta)

M-step: dwt = norm( Z Ndw Ptdw —+ BW)
weWw deD

Org = norm( Z Ndw Ptdw + Oct)
teT wed
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

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

Maximum log-likelihood with additive regularization criterion R:

D awln D buelea + R(®,0) — max

d,w t

EM-algorithm is a simple iteration method for the system

E-step: [ Ptaw = norm (¢u:bsq)
teT
M-St6p: ¢Wf = norm( Z Ndw Ptdw + §/)wt ddR >
weW deD Pwt
Oy = norm( n + 0 a—R)
td = norm er:d dw Ptdw + Ord 75

Konstantin Vorontsov (voron®forecsys.ru) Regularization of Topic Models for Q&A



Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Many Bayesian PTMs can be reinterpreted as regularizers in ARTM

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

topic coherence maximization

supervised learning for classification and regression
semi-supervised learning

using document citations and links

determining number of topics via entropy sparsing
modeling topical hierarchies

modeling temporal topic dynamics

using vocabularies in multilingual topic models
etc.

© © ¢ 6 ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topic Models //
Machine Learning. Volume 101, Issue 1 (2015), Pp. 303-323.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Assumptions: what topics would be well-interpretable?

Specific topics S contain domain-specific terms,
p(w|t) are sparse and decorrelated, p(t|d) are sparse.

Background topics B contain common lexis words,
p(w|t) and p(t|d) are dense.

dwe termsxtopics ;4 topicsxdocuments
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Smoothing (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.

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

R(d)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:
Swe = norm (e + BoBw),  Org = norm(neg + agore),

which is new non-Bayesian interpretation of LDA [Blei 2003].

David M. Blei. Probabilistic topic models // Communications of the ACM,
2012. Vol. 55, No. 4., Pp. 77-84.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Sparsing (further rethinking LDA)

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

Maximize the sum of KL-divergences KL(53||¢:) and KL(«||04):

R(®,0)=—F>_ > Bulndue—ag y_ > arlnfy — max.

teS weW deD teS

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

— apya — _
Owr = norm (n,,,,t — Jodw)ju Org = norm (ntd ()zo(yt)+.

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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Decorrelation

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

Maximize covariances between column vectors ¢;:

R(®) = 7% 3" S Guedus — max.

t,seSweW

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

Pwt = nOVEm (nwt — TPwt 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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Topic selection

Assumption: infrequent topics are not well-interpretable.

Maximize KL-divergence KL(% H p(t)) to make distribution over
topics p(t) = >, p(d)bsg sparse:
—TZ In Z d)0ig — max.
teS  deD

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

ng
0tg = norm (”td — T—th) .
t n¢ +

Effect: if n; is small then in the t-th row may turn into zeros.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topic
models for topic selection and sparse factorization // SLDS 2015, Royal
Holloway, University of London, UK. pp.193-202.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Combining topic models

Maximum log-likelihood with additive combination of regularizers:

)

n
danWInZ¢Wt9td+Z;T;R,-(¢,@) — rgag,

where 7; are regularization coefficients.

EM-algorithm is a simple iteration method for the system

(
] . = norm 0
E-step: Ptdw o (¢wt td)
S OR;
M-step: Pwt = norm( Z NdwPtdw + Pwt Z Urw >
weW \ jeb i= "
~ _OR,
Otg = norm( Z Ndw Ptdw —+ Otd Z Ti agt;)
L teT \ yed i=1

Konstantin Vorontsov (voron®forecsys.ru) Regularization of Topic Models for Q&A



Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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),

Metadata: — Topics of documents
Text documents —

Authors o
Data Time P doct: [ [N I
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URL M| | docs: [N [
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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),
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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),
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Basic topic models PLSA and LDA

Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling

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 D
Data Time D doct: [ ] [ I
Conference c doc2: NN |
Organization u
U M| | docs: [N [
ote || oo OB
S
Topic o
Users Modeling
4 7]
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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.

Metadata: — Topics of documents
Text documents
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Multimodal extension of ARTM

W™ is a vocabulary of tokens of m-th modality, m € M
W = W?LU--- WM is a joint vocabulary of all modalities

Maximum multimodal log-likelihood with regularization:

Yo, > ndwln2¢wt9td+R(¢ ©) — max

meM deD wewm
EM-algorithm is a simple iteration method for the system
E-step: = norm 0
p Ptdw pafl (¢Wf td)

M-step: Pwt = Vggm(ng )\m(w Ndw Ptdw + ¢Wf GBI t)

Org = norm< > Am(w) Ndw Prdw + ‘9td39 )
teT \ ed
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling

ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Bayesian learning is overcomplicated for PTMs

1
o = [l ‘_‘i“ 00 3
il
o - [1es= 11 ¢ i
T i
([ a1t ")
i 1 :
> 1F, i
®
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling

BigARTM open source project

ARTM: easy way to design, understand, and combine PTMs
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

BigARTM project

BigARTM features:
o Parallel + Online + Multimodal + Regularized Topic Modeling
@ Out-of-core one-pass processing of Big Data

@ Built-in library of regularizers and quality measures

BigARTM community:

@ Open-source https://github.com/bigartm
(discussion group, issue tracker, pull requests) CD@
@ Documentation http://bigartm.org yART

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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

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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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
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 aetd) forallte T;
until 84 converges;
9 | fiwe = fiwe + Am(w) Ndw Prdw forallwed, te T;
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Brief summary

ARTM...
reduces barriers to entry into PTMs for practitioners
allows them to concentrate on the task, rather than maths

: : . OR OR
has very simple inference: 75, 5~

°
°

°

@ uses the same general EM-algorithm for all models

@ covers PLSA, LDA, and 100s of known Bayesian PTMs
o allows to combine modalities and regularizers easily

@ has linear time complexity O(n - |T| - iterations)

@ has online EM algorithm, which runs the entire collection once
°

is implemented in BigARTM open source project
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

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 6,4 for 100K held-out documents
@ perplexity is calculated on held-out documents.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Experiment 2: Running BigARTM with multiple regularizers

ARTM combines regularizers to improve sparsity and
the number of topical words without a loss of the perplexity.
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Basic topic models PLSA and LDA
Probabilistic Topic Modeling ARTM — Additive Regularization for Topic Modeling
BigARTM open source project

Experiment 3: The interpretability of n-gram models

Two modalities — unigrams & bigrams
MMPR-IIP conferences collection, |D| = 865, in Russian

pattern recognition in bioinformatics optimization and computational complexity
unigrams bigrams unigrams bigrams
0bbekT 3aja4a pacnosHaBaHusi 3agaya pasfensite MHOXECTBa
3apaqa MHOXECTBO MOTNBOB MHOXECTBO KOHEYHOE MHOXECTBO
MHO>XeCTBO cmcTemMa Macok MOAMHOXECTBO YC/IOBME 3aAaqn
MOTUNB BTOPMYHAS CTPYKTypa ycnosue 3aja4a O MOKPLITUM
paspewnmocTs cTpykTypa benka Knacc MOKPbITNE MHOXECTBA
BbIbOpka pacnosHaBaHume BTOPUYHOII | pelueHne CUNBHBIA CMBICT
Macka cocTosiHne 0bbekTa KOHEYHbI pa3aensowmii KOMMTeT
pacnosHaBaHue obyuqatowas Beibopka 4yucno MUHUManNbHbIN addhUHHbINA
NHOPMATNBHOCTL OLIeHKa MHADOPMATUBHOCTY | adbdUHHbIT adbpUHHBIA KOMUTET
cocTosiHue MHOXECTBO 06beKTOB cnyyaii acbchuHHbIA pasgensownii
32KOHOMEPHOCTb  Pa3pellnMoCTb 3aAaqn NoKpbITNE obuee nonoxeHme
cuctemMa KpuTepuii paspewmmMocTun | obwnii MHOXXEeCTBO TO4YeK
CTPYKTYypa NHPOPMATMBHOCTL MOTMBA | MPOCTPAHCTBO CNyYaid 3aaaqn
3Ha4eHne nepBnYHas CTPyKTypa cxema obwunii cnyyaii
perynsipHoCcTb TYMNMNKOBOE MHOXECTBO KOMUNTET 3agaya MASC
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Probabilistic Topic Modeling for Question Answering

ARTM for Question Answering: regularization ideas

)

Use modalities for 2- and 3-grams extracted from questions

Use background topics for separate common words from
specific topics

Decorrelate @ for specific topics
Smooth & for background topics
Smooth © for background topics

Sparse ® for specific topics (optional)

e ¢ ¢ ¢ ¢

Sparse © for specific topics (optional)
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Probabilistic Topic Modeling for Question Answering

Topic model based similarities

@ Average JS-divergence simiIarity between topics:

Reli(x|s) Ze 745 (xe,5t)
teT

where x; = norm <p(w|t)[w € x]) is the normalized projection
w

of ¢ut = p(w|t) distribution on the subset of terms x
@ JS-divergence similarity between #-vectors of documents:

Rely(x|s) = e™7/5(0x.05)
@ The aggregated similarity:
Rel(x|s) = Reli(x|s) Rela(x|s)

Celikyilmaz A., Hakkani-Tur D., Tur G. LDA Based Similarity Modeling for
Question Answering. NAACL HLT Workshop on Semantic Search. 2010.
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Probabilistic Topic Modeling for Question Answering

Alternative idea

@ Each question corresponds to a topic, g < t.
The predefined interpretation of topics has the advantage that
you can verify manually how PTM performs Question Expansion

@ Smooth each column of ® matrix by S+ = p(w]t), a known
distribution of terms in the question g corresponding to t:

R((D):TZ Z Bwt In e — max

teT weW
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