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What do we need?

There is an inherent problem to giving you information that you
weren’t actively searching for. It has to be relevant – so that
we are not wasting your time – but not too relevant,
because you already know about those articles.

Anurag Acharya
Google Scholar co-creator
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What do we need?

There is an inherent problem to giving you information that you
weren’t actively searching for. It has to be relevant – so that
we are not wasting your time – but not too relevant,
because you already know about those articles.

Anurag Acharya
Google Scholar co-creator

Semantic Scholar offers a few innovative features, including
picking out the most important keywords and phrases
from the text without relying on an author or publisher to key
them in. “It’s surprisingly difficult for a system to do
this,”

Oren Etzioni
CEO of AI2 (Semantic Scholar)
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What do we need?

http://sciencewise.info
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Outline

• Introduction on topic modeling & LDA.
F Filtering of concepts.
F Entropic filtering of concepts.
F Results with “Special Effects”.
• Take home messages
• Questions
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Topic Modeling & LDA in a nutshell

• D.M. Blei et al. “Latent dirichlet allocation”. Journal of Machine learning Research 3 993 (2003).

• C.D. Manning et al. “Introduction to Information Retrieval”. Cambridge University Press, (2008)
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Topic Modeling & LDA in a nutshell

• A. Lancichinetti et al. “High-Reproducibility and High-Accuracy Method for Automated Topic Classification”. Phys.

Rev. X 5 011007 (2015)
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Topic Modeling & LDA in a nutshell

Problem

Not all the words/concepts are equally relevant
to determine the topic of a document!
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Topic Modeling & LDA in a nutshell
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Relevant concepts
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Relevant concepts

Key features

• # of documents a concept appears in

dfc → document frequency

• average # of times a concept appears inside a document

〈tfc〉 → average term frequency

• D. Jurafsky and J. Martin “Speech and language processing: an introduction to natural language processing,

computational linguistics, and speech recognition” Prentice Hall (2000).
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Bidimensional tessellation
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Bidimensional tessellation
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Bidimensional tessellation
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• F. Font-Clos et al. “A scaling law beyond Zipf’s law and its relation to Heaps’ law”. New J. Phys. 15 093033 (2013).

• M. Gerlach et al. “Scaling laws and fluctuations in the statistics of . . .”. New J. Phys. 16 113010 (2014).
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Maximum entropy
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• A. Berger et al. “A Maximum Entropy Approach to Natural Language . . .”. Computational Linguistics 22 39 (1996).
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Maximum entropy

∑
n

pn = 1∑
n

pn n = 〈n〉∑
n

pn ln n = 〈ln n〉

ln pn + λn + µ ln n = 0

pn =
1
Z

e−λnn−µ

• M. Gerlach et al. “Scaling laws and fluctuations in the statistics of . . .”. New J. Phys. 16 113010 (2014)

• R. Ferrer i Cancho et al. “Least effort and the origins of scaling in . . .”. Proc. Nat. Acad. Sci. USA 100 788 (2003).
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Maximum entropy

∑
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• M. Gerlach et al. “Scaling laws and fluctuations in the statistics of . . .”. New J. Phys. 16 113010 (2014)

• R. Ferrer i Cancho et al. “Least effort and the origins of scaling in . . .”. Proc. Nat. Acad. Sci. USA 100 788 (2003).
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Maximum entropy

Residual Entropy

Sd(c) = Smax(c)−Sc(c)
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Data

Documents collections

Ncon Na T T ∗ 〈Na〉T∗ 〈Ncon〉T∗

arXiv Physics
2013

13173 52979 10 10 5298 4212

arXiv Physics
2009 – 2012

15040 189759 10 10 18976 6185

arXiv Mixed 19843 50408 14 12 4155 3994

Climate change
webdocs

822545 18770 201 22 432 26004
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Data

astro-ph
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cond-mat

23.90%

hep

19.54%
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11.30%
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7.39%

gr-qc

4.31%
nucl

3.66% math-ph
3.57% nlin1.60%

2009-2012
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What is a “generic concept”?
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Effects of pruning concepts

Link
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Effects of pruning concepts

Slide 12/15 — A. Cardillo — 01/11/18



KUKUAEWmark

U N I V E R S I T Y O F B R I S T O L

Optimal filtering

F (p) =
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Summing up . . .

We have used the maximum entropy principle to build a
method to prune out (filter) concepts used to extract topics.
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Summing up . . .

The method allows to identify collection dependent “relevant
concepts” without requiring user validation.
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Summing up . . .

The removal of common concepts allows to retrieve a more
refined organization of documents into topics.
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Summing up . . .

What’s next? Open questions
• Study the evolution in time of “generality”.
• Study the relation between concepts.
• Use the method to build ontologies.
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Networks of documents
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TF-IDF and similarity

TF -IDFαc = uαc = tfαc

TF

log
(

1
dfc

)
IDF

= tfαc log
(

N
Nc

)
.
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TF-IDF and similarity

Edge weight

wαβ =
~uα · ~uβ∥∥ ~uα

∥∥∥∥ ~uβ

∥∥ ,
wαβ ∈ [0,1] ,
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TF-IDF and similarity

Edge weight

wαβ =
~uα · ~uβ∥∥ ~uα

∥∥∥∥ ~uβ

∥∥ ,
wαβ ∈ [0,1] ,

wαβ =
(13× 2) + (43× 5)

55.02× 34.28
=

=
241

1886.09
' 0.13 .
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arXiv Collections
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arXiv Collections
phys

43.54%

cs
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19.72%
math
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The data: 2013 Physics arXiv
Network properties

Nc Na 〈k〉 kmax 〈C〉 d 〈L〉 M T
10661 52979 19333.522 46504 0.557 3 1.635 1 6
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The data: 2013 Physics arXiv

ρ =
K

Kmax
' 36%
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Edge pruning/sparsification methods

Slide 20/15 — A. Cardillo — 01/11/18



KUKUAEWmark

U N I V E R S I T Y O F B R I S T O L

Edge pruning/sparsification methods

• Serrano M.A., et al. Extracting the multiscale backbone of complex weighted networks. Proc. Natl. Acad. Sci.

(USA) 106 6483 (2009).
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Edge pruning/sparsification methods

• Radicchi, F., et al. Information filtering in complex weighted networks. Physical Review E, 83 046101. (2011).
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Maximum entropy – why power law?
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Maximum entropy – why power law?
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Maximum entropy – TF density
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Maximum entropy – TF density
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Why not df?
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Why not df?

Jaccard Score

J =
|A ∩ B|
|A ∪ B|

.
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Climate dataset
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Climate dataset

Slide 24/15 — A. Cardillo — 01/11/18


	Presentation
	Topic modeling
	Filtering
	Entropic Filtering
	Results


