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Probabilisti Topi Modeling (PTM): the problem setup

Given: a set of terms (words) W , a set of douments D,

ndw = how many times term w appears in doument d

Find: parameters ϕwt=p(w |t), θtd =p(t|d) of the topi model

p(w |d) =
∑

t∈T

ϕwtθtd =
∑

t∈T

p(w |t)p(t|d).

subjet to ϕwt > 0,
∑

w ϕwt = 1, θtd > 0,
∑

t θtd = 1.

This is a problem of nonnegative matrix fatorization:
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Probabilisti Latent Semanti Analysis (PLSA)

Constrained maximization of the log-likelihood:

∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

ϕwtθtd → max
Φ,Θ

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw ≡ p(t|d ,w) = norm
t∈T

(
ϕwtθtd

)

ϕwt = norm
w∈W

(
∑

d∈D

ndwptdw

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw

)

where norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
is vetor normalization.

Hofmann T. Probabilisti Latent Semanti Indexing. ACM SIGIR, 1999.
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Well-posed and ill-posed problems

The problem is well-posed in the sense

of Hadamard (1923) if the solution

exists,

is unique,

is stable w.r.t. initial onditions.

Jaques Hadamard

(1865�1963)

Matrix fatorization is an ill-posed inverse problem.

If (Φ,Θ) is a solution, then (Φ′,Θ′) is also the solution:

Φ′Θ′ = (ΦS)(S−1Θ), rankS = |T |

L(Φ′,Θ′) ≈ L(Φ,Θ)

Adding regularization riterion is used

to obtain an appropriate solution.

Andrey N. Tikhonov

(1906�1993)
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Latent Dirihlet Alloation (LDA)

Maximize a posteriori probability (MAP) with Dirihlet prior:

∑

d,w

ndw ln
∑

t

ϕwtθtd

︸ ︷︷ ︸

log-likelihood L (Φ,Θ)

+
∑

t,w

βw lnϕwt +
∑

d,t

αt ln θtd

︸ ︷︷ ︸

log-prior regularizer

→ max
Φ,Θ

EM-algorithm is a simple iteration method for the system

E-step:

M-step:







ptdw = norm
t∈T

(
ϕwtθtd

)

ϕwt = norm
w∈W

(
∑

d∈D

ndwptdw + βw

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + αt

)

D.Blei, A.Ng, M.Jordan. Latent Dirihlet Alloation. 2001, 2003.
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Additive Regularization for Topi Modeling (ARTM)

Maximize log-likelihood with regularization riteria Ri(Φ,Θ):
∑

d,w

ndw ln
∑

t∈T

ϕwtθtd +R(Φ,Θ) → max
Φ,Θ

; R(Φ,Θ) =
∑

i

τiRi (Φ,Θ)

EM-algorithm is a simple iteration method for the system

of equations with auxiliary variables ptdw = p(t|d ,w):

E-step:

M-step:







ptdw = norm
t∈T

(
ϕwtθtd

)

ϕwt = norm
w∈W

(
∑

d∈D

ndwptdw + ϕwt
∂R
∂ϕwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)

K.Vorontsov. Additive regularization for topi models of text olletions. 2014.
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Bayesian vs lassial (non-Bayesian, additive) regularization

Bayesian inferene of posterior distribution p(Ω|X ) being usually

umbersome and approximate is used only for Ω point estimate:

Posterior(Ω|X , γ) ∝ p(X |Ω)Prior(Ω|γ)

Ω := argmax
Ω

Posterior(Ω|X , γ)

Maximum a posteriori estimation (MAP) gives

a point estimate Ω diretly without posterior inferene:

Ω := argmax
Ω

(
ln p(X |Ω) + lnPrior(Ω|γ)

)

Multiriteria additive regularization (ARTM) generalizes MAP

to non-probabilisti regularizers as well as the weighted sum of

regularizers, without violating the onvergene properties:

Ω := argmax
Ω

(
ln p(X |Ω) +

∑

i=1

τiRi (Ω)
)
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Bayesian learning is overompliated for PTM
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ARTM: easy way to design, to understand, and to ombine PTMs
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Constrained maximization of a funtion on unit simplies

Let Ω = (ωj)j∈J be a set of non-negative normalized vetors ωj

having dimensions |Ij | respetively, ωj = (ωij)i∈Ij :

Ω =

















Problem: maximize the funtion f (Ω) on unit simplies:







f (Ω) → max
Ω

;
∑

i∈Ij

ωij = 1, j ∈ J;

ωij > 0, i ∈ Ij , j ∈ J.
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Neessary extremum onditions and the simple-iteration method

norm
i∈I

(xi ) =
max(xi ,0)∑

k

max(xk ,0)
is a projetion of x vetor on unit simplex

Lemma. Let f (Ω) be ontinuously di�erentiable funtion on Ω.
If ωj is the loal maximum of f (Ω) and ωij

∂f
∂ωij

> 0 for some i ∈ Ij ,

then ωj satis�es the system of equations

ωij = norm
i∈Ij

(

ωij
∂f

∂ωij

)

.

For numerial solution, the simple-iteration method an be used

Vetors ωj = 0 are disarded as degenerate solutions

Iterations are similar to gradient maximization of f (Ω):

ωij := ωij + η
∂f

∂ωij

,

di�ering in �norm� projetion and absene of η parameter
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Proof of the Lemma on Maximization on unit simplies

Problem: f (Ω) → max
Ω

;
∑

i∈Ij

ωij = 1, ωij > 0, i ∈ Ij , j ∈ J.

The Lagrangian of the optimization problem:

L (Ω;µ, λ) = f (Ω) +
∑

j∈J

λj

(
∑

i∈Ij

ωij − 1
)

−
∑

j∈J

∑

i∈Ij

µijωij .

The Karush�Kuhn�Tuker onditions for the vetor ωj :

∂f (Ω)
∂ωij

= λj − µij , µijωij = 0, µij > 0.

Multiply both sides of the equation by ωij :

Aij ≡ ωij
∂f (Ω)
∂ωij

= ωijλj .

By the ondition of the Lemma, ∃i : Aij > 0. Then λj > 0.

If

∂f (Ω)
∂ωij

< 0 for some i , then µij > 0 ⇒ ωij = 0.

Thus, ωijλj = (Aij)+; λj =
∑

i

(Aij)+ ⇒ ωij = norm
i

(Aij).
�
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Proof of ARTM equations (by Lemma)

Apply the Lemma to the regularized log-likelihood:

f (Φ,Θ) =
∑

d,w

ndw ln
∑

t∈T

ϕwtθtd + R(Φ,Θ) → max
Φ,Θ

ϕwt = norm
w∈W

(

ϕwt
∂f

∂ϕwt

)

= norm
w∈W

(

ϕwt

∑

d∈D

ndw
θtd

p(w |d)
+ ϕwt

∂R

∂ϕwt

)

=

= norm
w∈W

(
∑

d∈D

ndwptdw + ϕwt
∂R

∂ϕwt

)

;

θtd = norm
t∈T

(

θtd
∂f

∂θtd

)

= norm
t∈T

(

θtd
∑

w∈W

ndw
ϕwt

p(w |d)
+ θtd

∂R

∂θtd

)

=

= norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R

∂θtd

)

.

�
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Regularizers for making topis more interpretable

background

LDA: Smoothing bakground topis B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnϕwt + α0
∑

d

∑

t∈B

αt ln θtd

sparse

�Anti-LDA�: Sparsing subjet domain topis S = T\B :
R(Φ,Θ) = −β0

∑

t∈S

∑

w

βw lnϕwt − α0
∑

d

∑

t∈S

αt ln θtd
seed words

Smoothing relevant topis with seed words

voabulary or query douments

decorrelated

Making topis as di�erent as possible:

R(Φ) = −
τ

2

∑

t,s

∑

w

ϕwtϕws

interpretable

Making topis more interpretable by ombining

regularizers: Deorrelation + Smoothing + Sparsing
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Many Bayesian PTMs an be restated as ARTM regularizers

regression

Linear preditive model ŷd = 〈v , θd 〉 for douments:

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2

Using word o-ourrene data nuv :

R(Φ) = τ
∑

u∈W

∑

v∈W

nuv ln
∑

t∈T

ntϕutϕvt

relational

Using doument links or itations data ndc :

R(Θ) = τ
∑

d,c∈D

ndc
∑

t∈T

θtdθtc

hierarchy

Hierarhial links between topis t and subtopis s:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

ϕwsψst
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Regularizers for multimodal topi modeling

supervised

The modalities of lasses or ategories

for text lassi�ation or ategorization

multilanguage
The modalities of languages with translation ditionary

πuwt = p(u|w , t) for the k → ℓ language pair:

R(Φ,Π) = τ
∑

u∈W k

∑

t∈T

nut ln
∑

w∈W ℓ

πuwtϕwt

temporal

Topis dynamis over the modality of time intervals i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣
∣ϕit − ϕi−1,t

∣
∣

geospatial

The modality of geoloations g with proximity Sgg ′
:

R(Φ) = −
τ

2

∑

g ,g ′∈G

Sgg ′

∑

t∈T

n2t

(ϕgt

ng
−
ϕg ′t

ng ′

)2
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Example 1. Multilingual topi model of Wikipedia

Dataset: 216 175 pairs of parallel Russian�English artiles.

Top 10 words and their probabilities p(w |t) in %:

topi #68 topi #79

researh 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

tehnology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56

engineering 2.63 ïðîãðàììà 3.17 lub 3.76 ñáîðíàÿ 4.51

institute 2.37 ó÷åáíûé 2.75 season 3.49 �ê 3.25

siene 1.97 òåõíè÷åñêèé 2.70 sored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 up 2.57 êëóá 3.14

eduation 1.44 íàó÷íûé 1.76 goal 2.48 �óòáîëèñò 2.67

ampus 1.43 èññëåäîâàíèå 1.67 apps 1.74 ãîë 2.65

management 1.38 íàóêà 1.64 debut 1.69 çàáèâàòü 2.53

programs 1.36 îáðàçîâàíèå 1.47 math 1.67 êîìàíäà 2.14

Assessors evaluated 396 topis from 400 as paired and interpretable

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: open soure

library for regularized multimodal topi modeling of large olletions. 2015.
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Example 1. Multilingual topi model of Wikipedia

Dataset: 216 175 pairs of parallel Russian�English artiles.

Top 10 words and their probabilities p(w |t) in %:

topi #88 topi #251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05

ondutor 1.69 îïåðíûé 3.13 mirosoft 4.03 mirosoft 3.76

orhestra 1.14 äèðèæåð 2.82 server 2.93 âåðñèÿ 1.86

wagner 0.97 ïåâåö 1.65 software 1.38 ïðèëîæåíèå 1.86

soprano 0.78 ïåâèöà 1.51 user 1.03 ñåðâåð 1.63

performane 0.78 òåàòð 1.14 seurity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mithell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 orale 0.82 ïîëüçîâàòåëü 1.04

singing 0.69 âàãíåð 0.90 enterprise 0.78 îáåñïå÷åíèå 1.02

operas 0.68 îðêåñòð 0.82 users 0.78 ñèñòåìà 0.96

Assessors evaluated 396 topis from 400 as paired and interpretable

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: open soure

library for regularized multimodal topi modeling of large olletions. 2015.
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Example 2. Combining temporal model with n-gram modality

Colletion of USA weekly presidential speehes

Shoaib Jameel, Wai Lam. An N-gram topi model for time-stamped douments. 2013.
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Example 2. Combining temporal model with n-gram modality

Colletion of USA weekly presidential speehes

Shoaib Jameel, Wai Lam. An N-gram topi model for time-stamped douments. 2013.
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Some of the Topi Modeling appliations

exploratory searh searh and reommendation topi detetion and

in digital libraries in topial ommunities traking in news �ows

multimodal searh mining patterns of dialog management in

for texts and images ustomer behavior hatbot intelligene
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Topi Model for Digital Humanities appliations must be...

1

Interpretable so that eah topi ould tell about itself

2

Hierarhial to subdivide topis into subtopis reursively

3

Temporal for topi detetion and traking

4

Multimodal with authors, ategories, tags, links, users, et.

5

Multigram with n-grams being domain onepts

6

Multilingual for ross-lingual information retrieval

7

Segmented for thematially strutured douments

8

Supervised for proessing expert markups and user logs

9

Determining number of topis automatially

10

Creating and labeling topis automatially

11

Online for fast one-pass data proessing

12

Parallel, distributed for big data proessing
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ARTM uni�es and simpli�es topi modeling for appliations

Bayesian modeling fores new alulus and oding for eah model

ARTM introdues the modular �LEGO-style� modeling tehnology,

paking eah requirement into a regularization plug-in
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BigARTM: open soure for fast and modular topi modeling

BigARTM features:

Parallelism + modalities + regularizers + hypergraph

Out-of-ore one-pass proessing of large text olletions

Built-in library of regularizers and quality measures

BigARTM ommunity sine 2014:

Open-soure https://github.om/bigartm

(disussion group, issue traker, pull requests)

Doumentation http://bigartm.org

BigARTM liense and programming environment:

Freely available for ommerial usage (BSD 3-Clause liense)

Cross-platform � Windows, Linux, Ma OS X (32 bit, 64 bit)

Programming APIs: ommand-line, C++, and Python
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The ornerstone features of the BigARTM and TopiNet libraries

BigARTM:

additive regularization

multimodal data

topial hierarhy

intratext regularization

hypergraph data

TopiNet:

automated regularization strategies for model seletion

logging experimental onditions and results

olleting a �topi bank� from multiple modeling runs

visualization of topi modeling results

V.Bulatov, E.Egorov, E.Veselova,D.Polyudova,V.Alekseev, A.Gonharov, K.Vorontsov.

TopiNet: making additive regularisation for topi modelling aessible. LREC-2020
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Benhmarking BigARTM vs. Gensim and Vowpal Wabbit

3.7M wiki artiles, 100K unique words, time (perplexity)

pro. |T | Gensim Vowpal BigARTM BigARTM

Wabbit asyn

1 50 142m (4945) 50m (5413) 42m (5117) 25m (5131)

1 100 287m (3969) 91m (4592) 52m (4093) 32m (4133)

1 200 637m (3241) 154m (3960) 83m (3347) 53m (3362)

2 50 89m (5056) 22m (5092) 13m (5160)

2 100 143m (4012) 29m (4107) 19m (4144)

2 200 325m (3297) 47m (3347) 28m (3380)

4 50 88m (5311) 12m (5216) 7m (5353)

4 100 104m (4338) 16m (4233) 10m (4357)

4 200 315m (3583) 26m (3520) 16m (3634)

8 50 88m (6344) 8m (5648) 5m (6220)

8 100 107m (5380) 10m (4660) 6m (5119)

8 200 288m (4263) 15m (3929) 10m (4309)

D.Kohedykov, M.Apishev, L.Golitsyn, K.Vorontsov.

Fast and Modular Regularized Topi Modelling. FRUCT ISMW, 2017.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Palette of regularizers in ARTM (the list is open)

Matrix fatorization strutures:

PLSA

Regularizers to onstrain the model or use additional data:

sparse background decorrelated interpretable multimodal multilanguage pseudo docs seed words

sentence sentiment dialog n-gram syntax

tree hierarchy graph hypergraph word network relational

regression supervised temporal segmentation n of topics geospatial
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Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Deorrelation, sparsing and smoothing of topis

Goal: to �nd a ombination

of regularizers that improves

the interpretability of topis

by a set of riteria.

The bag-of-regularizers:
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L

(
PLSA

)

+ R

(
decorrelated

)

+ R

(
sparse

)

+ R

(
background

)

→ max

Results:

topi sparsity 0 → 95%, topi oherene 0.25 → 0.96,
topi purity 0.14 → 0.89, topi ontrast 0.43 → 0.52,

without notieable damage to perplexity: 1920 → 2020

suessive regularization strategies have been developed

K.Vorontsov, A.Potapenko. Additive regularization of topi models. Mah. Learn., 2015.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Exploratory searh in teh news #1

Goal: do-by-do exploratory searh

� Habr.ru (175K dos)

� TehCrunh.om (760K dos)

The bag-of-regularizers:
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(
PLSA

)

+ R

(
interpretable

)

+ R

(
multimodal

)

+ R

(
n-gram

)

→ max

Results:

Preision and Reall 88% bypass both assessors and baselines

(tf-idf, word2ve, PLSA, LDA).

The topi-based searh engine instantly performs the work

that people typially omplete in about 5�65 minutes.

A.Ianina, L.Golitsyn, K.Vorontsov. Multi-objetive topi modeling for exploratory

searh in teh news. AINL, 2017.
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The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Exploratory searh in teh news #2

Goal: improving preision and reall

of do-by-do exploratory searh

using hierarhial ARTM and

utting o� irrelevant topis.

The bag-of-regularizers:
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+R
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+R

(
interpretable

)

+R

(
multimodal

)

+R

(
n-gram

)

→ max

Results:

Preision and Reall 93% bypass both assessors and baselines

(tf-idf, BM25, word2ve, PLSA, LDA, ARTM).

The optimal dimension of vetors has inreased:

200 → 1400 (Habr.ru), 475 → 2800 (TehCrunh.om).

A.Ianina, K.Vorontsov. Regularized multimodal hierarhial topi model for

doument-by-doument exploratory searh. FRUCT�ISMW, 2019.
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The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Multilingual searh and ategorization of sienti� papers

Goal: multilingual ARTM for

100 languages using multiple

library lassi�ation systems

UDC (ÓÄÊ), ��ÍÒÈ, ÎÝÑ�, ÂÀÊ

The bag-of-regularizers:

L

(
PLSA

)

+R

(
interpretable

)

+R

(
multimodal

)

+R

(
multilanguage

)

+R

(
supervised

)

→ max

Results:

the auray of multilingual searh is 94%

voabulary redution to 11K tokens per language (using BPE)

results in the model redution 128GB → 4.8GB.

Ï.Ïîòàïîâà, À.�ðàáîâîé, Î.Áàõòååâ, Å.Åãîðîâ, Þ.×åõîâè÷, Ê.Âîðîíöîâ è äð.

Ìóëüòèÿçûêîâàÿ àâòîìàòè÷åñêàÿ ðóáðèêàöèÿ íàó÷íûõ äîêóìåíòîâ. 2023 (to appear)
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The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Mining ethnial disourse in soial media

Goal: deteting as many topis as

possible about nationalities and

inter-ethni relations

(using 300 ethnonyms as seed words).

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
seed words

)

+ R

(
interpretable

)

+ R

(
multimodal

)

+ R

(
temporal

)

+ R

(
geospatial

)

+ R

(
sentiment

)

→ max

Results: the number of relevant topis 45 (LDA) → 83 (ARTM).

M.Apishev, S.Koltov, O.Koltsova, S.Nikolenko, K.Vorontsov. Additive regularization

for topi modeling in soiologial studies of user-generated text ontent. MICAI, 2016.

Mining ethni ontent online with additively regularized topi models. 2016.
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Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Topi modeling of short texts and probabilisti word embeddings

Goal: sparse interpretable embeddings

p(t|w) based on distributional semantis

similar to word2ve and WNTM.

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
co-occurence

)

+ R

(
interpretable

)

+ R

(
multimodal

)

→ max

Results:

Auray on doument similarity tasks: 0.8 → 0.9

Performane on word similarity tasks: 0.53→0.58, 0.38→0.61

Coherene of topis: 0.08 → 0.33

Modalities improve performane on word similarity tasks

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings: bridging

the gap between topi models and neural networks. AINL, 2017.
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Theory of additive regularization (ARTM)

BigARTM projet and appliations

Topi detetion and traking (TD&T) in news �ows

Goal: TD&T in the olletion of

press releases of the Ministries of

Foreign A�airs of 4 ountries.

The bag-of-regularizers:
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PLSA
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+ R

(
interpretable
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+ R

(
temporal

)

+ R

(
multimodal

)

+ R

(
n-gram

)

+ R

(
multilanguage

)

→ max

Results:

lassi�ation of topis into permanent and events

oherene of topis: 5.5 → 6.5

Í.Äîéêîâ. Àäàïòèâíàÿ ðåãóëÿðèçàöèÿ âåðîÿòíîñòíûõ òåìàòè÷åñêèõ ìîäåëåé.

ÂÊ� áàêàëàâðà, ÂÌÊ Ì�Ó, 2015.
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The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Unsupervised detetion of polarized opinions in politial news

Goal: �nd linguisti-based ues

for lustering event topis into

polarized opinions

The bag-of-regularizers:

L

(
PLSA

)

+R

(
interpretable

)

+R

(
multimodal

)

+R

(
n-gram

)

+R

(
syntax

)

→ max

Results:

detetion of opinions within topis: F1-measure = 0.86%

as a result of the joint use of three modalities: fats as

subjet�prediate�objet (SPO) triplets, semanti roles

of words from Fillmore's theory, named entity sentiments.

D.Feldman, T.Sadekova, K.Vorontsov. Combining fats, semanti roles and sentiment

lexion in a generative model for opinion mining. Dialogue 2020.
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Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Sienti� trend detetion in big olletion of sienti� papers

Goal: early detetion of trending topis

with initial exponential growth in AI/ML

researh area, 2009�2021.

The bag-of-regularizers:

L

(
PLSA

)

+R

(
interpretable

)

+R

(
dynamic

)

+R

(
multimodal

)

+R

(
n-gram

)

→ max

Results:

automati detetion of 90 from 91 trends in AI/ML area

63% of topis are deteted in a year, 79% in two years

N.Gerasimenko, A.Chernyavskiy, M.Nikiforova, M.Nikitin, K.Vorontsov. Inremental

topi modeling for sienti� trend detetion Doklady RAS, 2022.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Topi modeling of bank transation data

Goal: reveal patterns of onsumer behavior

from purhase transation data;

doument = onsumer,

word = MCC (Merhant Category Codes).

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
interpretable

)

+ R

(
multimodal

)

+ R

(
supervised

)

→ max

Results:

topis are interpretable patterns of onsumer behavior

onsumer topial behavior pro�le p(t|d) an be used

for prediting gender, age, wealth, interests, et

E.Egorov, F.Nikitin, A.Gonharov, V.Alekseev, K.Vorontsov. Topi modelling for

extrating behavioral patterns from transations data. 2019.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Automati learning of regularization oe�ients

Goal: AutoARTM is automati

optimization (AutoML) of hyperparameters

suh as regularization oe�ients,

number of iterations, number of topis

aording to the topi oherene riterion.

The bag-of-regularizers:

L

(
PLSA

)

+ R

(
decorrelated

)

+ R

(
sparse

)

+ R

(
background

)

→ max

Results:

Signi�ant improvement in topi oherene aross 5 datasets

Geneti algorithm showed the best results

M.Khodorhenko, S.Teryoshkin, T.Sokhin, N.Butakov. Optimization of learning

strategies for ARTM-based topi models. LNCS, 2020.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

The problem setup and appliations

Theory of additive regularization (ARTM)

BigARTM projet and appliations

Probabilisti Topi Modeling: onlusions

100s of models over 20 years of advanes in PTM have been

elaborated within overompliated Bayesian framework.

All the while, a high potential of the lassial non-Bayesian

regularization went almost untested and unnotied.

ARTM transforms PTM into ¾a theory of single Lemma¿.

Perhaps, if the ommunity knew about this Lemma, the theory

of PTM would not develop within Bayesian framework.

The Lemma is appliable for learning Neural Topi Models as

networks with normalized non-negative vetor parameters.

Could this be a way towards interpretable neural networks?

K.V.Vorontsov. Rethinking probabilisti topi modeling from the point of view of

lassial non-Bayesian regularization. 2023.

http://www.mahinelearning.ru/wiki/images/7/76/Voron23rethinking.pdf

Rob Churhill, Lisa Singh. The Evolution of Topi Modeling. November, 2022.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Exploratory Searh for learning, knowledge aquisition and disovery

the user may not know exatly whih keywords to use

the user may not looking for a single answer

Gary Marhionini. Exploratory Searh: from �nding to understanding. 2006.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

The idea of Knowledge Fatory

�An immense and ever-inreasing wealth of knowledge is

sattered about the world today; knowledge that would probably

su�e to solve all the mighty di�ulties of our age, but it is

dispersed and unorganized. We need a sort of mental learing

house for the mind: a depot where knowledge and ideas are

reeived, sorted, summarized, digested, lari�ed and ompared�

� Herbert Wells, 1940

The Big Searh do not worry about

what the user will do with searh results.

Knowledge Fatory is about to guide the user through further

steps of automated knowledge proessing and understanding:

searh for olleting

ollet for analyzing

analyze for understanding

understand for applying and teahing
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Doument olletion as a prinipal user's workspae

The doument olletion is a long-term searh interest of the user

Searh and reommendation funtions:

searhing douments thematially similar to the olletion

deteting new douments relevant to the olletion

generating ontextual �see also� reommendations

Analytial funtions

mahine aided human summarization of the olletion

lustering trends, methods, ideas, opinions in the olletion

reommending the reading order of douments in the olletion

Communiative funtions:

shared reating, reading and disussing of the olletion

shared visualization and analysis of the olletion
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Strategies of vetor-based doument-by-doument searh

Searhing by enter vetor of the olletion (inadequate strategy):

Searhing by doument from the olletion or by doument luster:

Searhing by all luster vetors of the olletion:
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Strategies of vetor-based doument-by-doument searh

Searhing by segment vetors of douments:

Searhing by topis adjaent to a part of the olletion:

Searhing by topis adjaent to a whole olletion:
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Mahine Aided Human Summarization of sienti� douments

1

The MAHS system reommends the summarization sript

as an ordered list of douments to be mentioned

2

The user orrets the sript, bringing it in line with its goals

and reative intention

3

In the yle by all ordered douments in the sript:

the user asks one of the aspet prompters:

� the main idea of the doument,

� how other authors ite this doument,

� method, � bene�t, � �aw, � result, � onlusion et.

the MAHS prompter generates a ranked list of phrases

the user selets a phrase from the ranked list, inserts it into

the summary and adjusts it in aordane with his intention

A.Vlasov. Mahine aided multi-doument summarization of sienti� papers. MIPT, 2020.

C.Êðûæàíîâñêàÿ. Òåõíîëîãèÿ ïîëóàâòîìàòè÷åñêîé ñóììàðèçàöèè òåìàòè÷åñêèõ

ïîäáîðîê íàó÷íûõ ñòàòåé. 2022. ÂÌÊ Ì�Ó.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Mahine Aided Human Summarization of sienti� douments

A.Vlasov. Mahine aided multi-doument summarization of sienti� papers. MIPT, 2020.

C.Êðûæàíîâñêàÿ. Òåõíîëîãèÿ ïîëóàâòîìàòè÷åñêîé ñóììàðèçàöèè òåìàòè÷åñêèõ

ïîäáîðîê íàó÷íûõ ñòàòåé. 2022. ÂÌÊ Ì�Ó.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Mahine Aided Human Summarization of sienti� douments

Mahine Learning problems for MAHS:

1

The training sample generation: paper → (refs, survey)

2

Douments ranking for the summarization sript

3

Seletion of relevant phrases for the prompter

4

Ranking of seleted relevant phrases for eah prompter

5

Seleting a text fragment relevant ontext around the link:

M.Yasunaga et al. SisummNet: A large annotated orpus and ontent-impat models

for sienti� paper summarization with itation networks. 2019.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

An example of a domain map (hand made)

Open problem is to build suh maps with topis, trends, authors,

links for any given domain area (Y-axis) and time interval (X-axis)

http://www.theoryulturesoiety.org/brian-astellani-on-the-omplexity-sienes
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

A soure of inspiration: http://textvis.lnu.se

A visual survey of 440 text visualization tehniques

Shixia Liu, Weiwei Cui, Yingai Wu, Menghen Liu. A survey on information

visualization: reent advanes and hallenges. 2014.

Àéñèíà �. Ì. Îáçîð ñðåäñòâ âèçóàëèçàöèè òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé

òåêñòîâûõ äîêóìåíòîâ // JMLDA, 2015.
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Projet 1. Knowledge Fatory

Projet 2. News Collider

From Exploratory Searh to Knowledge Fatory

Mahine aided human summarization (MAHS)

Visualizing topis, maps, trends, strutures

Knowledge Fatory: onlusions

We build the Exploratory Searh appliations upon text

vetorization tehniques suh as automati term extration,

topi modeling, and transformer deep neural networks

Mahine Aided Human Summarization of sienti� douments

is a way of non-linear reading, understand big volumes of

ontent, and authoring summaries bringing in line with the

user's goals and reative intention

For sienti� Exploratory Searh, we develop (jointly with

Sber AI team) ruSiBERT, a BERT pre-trained on a olletion

of Russian sienti� papers.

Near future, we plan to start with a projet on multilingual

patent searh (Russian, English, Chinese, Frenh, Spanish et.)
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

The idea of News Collider

Physiists ollide streams of

partiles for learn more about

the struture of matter

We ollide news �ows for learn

more about post-truth and

protet soiety from destrutive

impats and information wars
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

Fake News Detetion as aademi researh area

1. Deeption Detetion

2. Automated Fat-Cheking

3. Stane Detetion

4. Controversy Detetion

5. Polarization Detetion

6. Clikbait Detetion

7. Credibility Sores

There are datasets, ontests, models... But something is missing

Fakes is not the only instrument of post-truth politis

Propaganda uses also juggling of fats, silening, emotives

InfoWar attaks the ultural ode: ideas, values, attitudes

E.Saquete et al. Fighting post-truth using natural language proessing: a review and

open hallenges. Expert Systems With Appliations, Elsevier. 2020.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

Destrution detetion: towards a fuller typology of NLP tasks

Manipulations are ommon in interpersonal ommuniations

Fakes is not the only instrument of post-truth politis

Propaganda uses also juggling of fats, silening, emotives et.

InfoWar attaks the ultural ode: ideas, values, attitudes
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

Tehnially, there are four main types of NLP tasks

1

Classi�ation of a text

deeption detetion, fat-heking, text redibility

2

Classi�ation of a pair of texts

stane, ontroversy, polarization, likbait detetion

identi�ation of disagreements, silening, understatement

3

Seletion and lassi�ation of a text fragment

extration of linguisti-based ues from the text

detetion of manipulation tehniques

detetion of worldview onstruts, ideologems, mythologems

detetion of reader's emotions and target audienes

4

Clustering or topi modeling of a text olletion

detetion of politially polarized opinions

detetion of attitudes towards soio-ultural values
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

Uni�ation of text fragments markup made by experts

The uni�ed markup struture is ommon for most lassial NLP

tasks (NER, SentAn, SemRL, SyntPars, et.) and for many

ompliated NLU tasks suh as detetion of semanti errors in

aademi essays, and known destrution detetion tasks.

READ//ABLE teh ontest (http://ai.upgreat.one). Tehnial Regulations. 2019�2022.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

The task of READ//ABLE teh ontest

Task: detetion of semanti errors in shoolhildren essays for USE

in Russian, Literature, Soial siene, History and English.

Contest period: De 2019 � De 2022

Prize fund:

� 100mln RUB (Russian)

� 100mln RUB (English)

152 error types:

(R:70 L:16 S:23 H:20 E:23)

236 error subtypes:

(R:112 L:19 S:29 H:26 E:50)

Not only detet the error but also

provide an explanation for it.

READ//ABLE teh ontest (http://ai.upgreat.one). Tehnial Regulations. 2019�2022.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

The task of Propaganda/Manipulation/Persuasion Detetion

Simple markup: ¾fragment, lass label¿

Simpli�ed markup: ¾short text, lass label¿

Advaned markup: ¾persuasion-fragment, target-fragment, label¿

SemEval-2023 task 3. Deteting the genre, the framing, and the persuasion tehniques

in online news in a multi-lingual setup.

https://propaganda.math.unipd.it/semeval2023task3

G.Martino, P.Nakov et al. A survey on omputational propaganda detetion. 2020.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

Uni�ation of evaluation tehniques

Ñonsist(A,B) is onsisteny between markups A and B

based on the optimal mathing of their elements

ACAM (Average Consisteny of Algorithmi Markup)

is de�ned by averaging Ñonsist(A,E ) between model A and

expert E markups

ACEM (Average Consisteny of Expert Markup) is de�ned by

averaging Ñonsist(E1,E2) between expert markups E1 and E2

RCAM (Relative Consisteny of Algorithmi Markup)

is de�ned as the ratio ACAM / ACEM; if it is greater than

100%, then the algorithm outperforms experts

In READ//ABLE teh ontest, exeeding the tehnologial barrier

RCAM > 100% was a ondition for �nishing the ompetition.

READ//ABLE teh ontest (http://ai.upgreat.one). Tehnial Regulations. 2019�2022.
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Probabilisti Topi Modeling

Projet 1. Knowledge Fatory

Projet 2. News Collider

From fake news to information warfare

Text markup: digitalizing humanitarian knowledge

Model evaluation with inonsistent assessors

News Collider: onlusions

Confronting destrutive ideologial pressure and imats of

information warfare is a mission and hallenge for AI&DH

interdisiplinary sienti� ommunity

Last years, Large-sale Pre-trained Language Models

demonstrate the impressive ability to solve inreasingly di�ult

NLU tasks suh as deteting destrution and other threats in

the media information spae

The markup of text fragments is a mainstream way towards

formalization of humanitarian knowledge in psyholinguistis,

history, politial siene and other areas

We are moving towards standardization of a pipeline

¾markup → modeling → evaluation¿ for di�ult NLU tasks
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