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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 similarity networks.
F Filtering of weighted networks.
F Entropic filtering of concepts.
F Results with “Special Effects”.
• Take home messages
• Questions
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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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The data: 2013 Physics arXiv

cond-mat

23.90%

astro-ph

23.48%

hep

18.22%

physics

13.96%

quant-ph

7.61%

gr-qc

4.28%
nucl

3.57% math-ph
3.34%

nlin1.65%
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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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The data: 2013 Physics arXiv
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Edge pruning/sparsification methods
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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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Relevant concepts
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Relevant concepts

Key features

• # of papers a concept appears in

dfc → document frequency

• average # of times a concept appears inside a paper

〈tfc〉 → average term frequency
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Bidimensional tessellation
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Bidimensional tessellation

Slide 11/17 — A. Cardillo — 27/04/17



KUKUAEWmark

Section 3

Entropic Filtering



KUKUAEWmark

E P F L L A U S A N N E

Maximum entropy
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Maximum entropy

∑
n
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Maximum entropy
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Topological properties

Original network
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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Topological properties
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What is a “generic concept”?
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Community detection

Link
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Community detection
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Summing up . . .

Take home messages
• We have used the maximum entropy principle to build a

method to filter networks of similarity between documents.

• The method allows to identify collection dependent “rele-
vant concepts” without requiring user validation.

• 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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Summing up . . .
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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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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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Climate dataset
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Climate dataset

Slide 22/17 — A. Cardillo — 27/04/17



KUKUAEWmark

E P F L L A U S A N N E

Optimal filtering
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