
The goal
Building a system to extract keywords based on semantic traits and by studying the correlations 
between the title and the body of  the documents.
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Semantic Preprocessing

Each document is disambiguated by using Babelfy and converted into two set of  concepts, one for the title and one for the body. 

Google co-founder Larry 
Page is known for his 
vision, passion and 
intelligence. Yet there 
is a fair amount of 
concern that Page’s 
other known traits…

Google founder hopes…

Document
T = {y1, y2, . . . , yL}

B = {x1, x2, . . . , xM}

Disambiguate concepts in the title 

Disambiguate concepts in the body 

Keywords Extraction

The centrality c of  each body concept x in the body is computed as a function of  their semantic relatedness to the concepts y 
in the title. Finally, the keywords are ranked with respect to their centrality score.
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provided with a weight, computed through the metrics of lexical specificity [19].
In the following we will denote the concept identifier by y or x, and the corre-
sponding vector by #»y or #»x .

The semantic relatedness between a concept x 2 B and the concept y 2 T is
computed by considering ⇢

#»y
x , that is the rank of x in the vector representation

for y. More specifically, given two arbitrary elements x and yi, we compute their
relatedness as
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The rationale underlying this formula is that x is more relevant to concept yi
if x has smaller rank (and heavier weight), that is it is found among the first
concepts associated to yi in

#»yi. For example, if we inspect2 the NASARI vector
for the concept door, we find –in decreasing relevance order– that the third term
associated to door is window, the tenth wall, the twelfth is lock, and around the
hundredth position interior door: the above formula emphasizes the contribution
of heavier features, having lower rank.

The centrality of the concept x with respect to each concept yi 2 T can be
determined as

semrel(x, yi) =
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1� ⇢

#»yi
x

length( #»yi)

⌘
otherwise.

Specifically, in case the concept x is found to have rank 1 for the concept yi its
relevance is supposed to be maximal to the meaning of yi (it is likely the same
term or a close term which is part of the same synset); conversely, in case it is
not found in the vector associated to y (thus obtaining ⇢

#»yi
x = 0), the relatedness

(x, yi) will not contribute anything to the overall centrality of x to the concepts
in T .

Using NASARI Embed vectors to compute semantic relatedness We
also explored the NASARI Embed version (NASARIE in the following), that
contains embedded vector representations of 300 dimensions; the computation
of the centrality can be computed in this case by resorting to standard cosine
similarity, thus

semrel(x, yi) = cosSim( #»x , #»yi).

Using UCI coherence measure to compute semantic relatedness More-
over, we propose two metrics, the UCI measure [23] and the UMass measure [24]
that –originally designed for evaluating LDA [25]–, have been used in the auto-
mated semantic evaluation of di↵erent latent topic models [26].3

2 For the sake of clarity in this example we consider the lexical rather than the unified
vector, i.e. having terms in place of conceptual IDs that are actually used by the
system.

3 In order to compute such measures we used the Palmetto library [27].
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NASARI

semrel(x, yi) = log
p(w1, w2, ✏)

p(w1)p(w2)
UCI

UMass semrel(x, yi) = log
D(w1, w2) + ✏

D(w2)
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Concept representation and similarity computation with the ttcsE Let D be
the set of N dimensions. Such dimensions are relations that report common-
sense information like, e.g., IsA, AtLocation, UsedFor, PartOf, MadeOf,
HasA, CapableOf, etc.. Each concept ci in the linguistic resource is defined
as a vector #»c i = [si1, .., s

i
N ], where each sih constitutes the set of concepts filling

a dimension. Each s can contain an arbitrary number of values, or be empty.
The ttcsE can be used to compute the conceptual similarity between concept
pairs: specifically, the Symmetrical Tversky’s Ratio Model (STRM) [29] has been
adopted to compute conceptual similarity [30].

The similarity computed through the ttcsE is quite di↵erent from popu-
lar semantic distance measures, that either employ distances between WordNet
nodes (such as in [31,32]), or rely on information content measures (such as [33]).
One main assumption underlying this approach is that two concepts are similar
insofar as they share values on the same dimension, such as when they are both
used for the same ends, they share the same components, etc.: in this view, e.g.,
pencil is deemed more similar to pen than to eraser in that both of them are
usedFor writing or drawing.

In the present setting, the ttcsE is employed to compute the conceptual sim-
ilarity between concepts in the title and those in the documents body according
to the formula

semrel(x, yi) = STRM( #»x , #»yi),

where #»x and #»yi represent the ttcsE vectors for the concepts x 2 B and yi 2 T ,
respectively.

4 Evaluation

In the last few years several sets of keywords-annotated documents have been
collected, annotated and made available, that allow assessing algorithms and
their underlying assumptions on scientific articles [34], news documents [35],
Broadcast News [36] and Tweets [37].

Dataset. We experimented on the Crowd500 dataset [35], which has been ex-
tensively used for testing. The dataset contains overall 500 documents (450 for
training and 50 for testing purposes), arranged into 10 classes: Art and Cul-
ture, Business, Crime, Fashion, Health, US politics, World politics, Science,
Sport, Technology. Documents herein have been annotated by several annota-
tors recruited through the Amazon’s Mechanical Turk service. Each keyphrase
is provided with a score equal to the number of annotators who selected it as a
keyphrase.

Participants. In the following, for the sake of self-containedness, we report the
experimental results obtained by [38], where the authors performed a systematic
assessment of an array of keyword extractors and online semantic annotators.
In particular, we report the results obtained by 2 keyword extractors that par-
ticipated in the “SemEval-2010 Task 5: Automatic Keyphrase Extraction from

TTCSE

Results
The experimentation has been performed upon the 
Crowd500 (1) dataset.

(1) Supervised Topical Key Phrase Extraction of  News Stories using Crowdsourcing, Light Filtering and Co-reference Normalization, Marujo et al., 2012.


